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Abstract
The market for sustainable investments has developed from being a small
niche to a more sophisticated market. As a consequence, investors evalu-
ate the performance of investments in light of multiple preferences that go
beyond the classical financial perspective. The purpose of this thesis is to
highlight the development in the sustainable investment market by quanti-
fying the cost and impact of choosing a sustainable portfolio. Moreover, by
applying both the classical mean-variance and the mean-variance stochastic
goal programming framework, this thesis looks beyond the classical financial
perspective.

This thesis acknowledges that the preferences for sustainability among in-
vestors varies, and therefore, introduces three different investor types: The
traditional-, the value driven- and the responsible profit seeking investors.
The two latter types are characterised as sustainable investors. The frame-
works are used to optimise portfolios based on yearly ESG screens combined
with the individual assets included in the S&P 500 index. As a result, three
different frontiers are created for the different investor types each year in the
period from 2013 to 2016. The optimal portfolio is selected based on the lo-
cation of the tangency portfolio on these frontiers, and a three-year buy-and-
hold strategy are applied to evaluate the performance of these portfolios.

Although the findings showed that the traditional portfolios outperformed
the sustainable portfolios in terms of risk and return, the risk-adjusted perfor-
mance relative to the benchmark suggested otherwise. Choosing the sustain-
able portfolios involved paying a premium relative to the traditional port-
folio in 2013 and 2014. However, in 2015 and 2016, sustainable portfolios
no longer involved a cost. On the contrary, the findings suggested that the
sustainable portfolios rather came at a discount relative to the traditional
investors and that the most sustainable portfolio performed closest to the
benchmark. Moreover, the sustainable portfolios indeed showed to have an
impact towards meeting the UN Sustainable Development Goals and exhib-
ited the same development as the performance of the portfolios.
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Chapter 1

Introduction

The market for Sustainable Investment is growing at a fast pace. The global
Social Responsible Investment market is worth almost $23 trillion, with around
half of all assets managed in Europe and more than a third in the US (JPMor-
gan.com, 2019). Sustainable Investments, often referred to as Social Respon-
sible Investments (SRI), are ethical strategies that prioritise Environmental,
Social and Governance (ESG) factors. These ethical strategies can again be
separated into several investment strategies. Common for the broad uni-
verse of these investment strategies is that they screen companies to align
with their values or mandates.

The widely held belief and criticism of ESG investing is that sustainable
investments include a sacrifice of potential returns. Exclusions impose re-
strictions on the investor’s diversification and narrow down the investment
universe (Humphrey and Tan, 2014). This is also in line with the views of
Markowitz and Sharpe, the pioneers of Modern Portfolio Theory (Markowitz
1952; Sharpe 1964). Empirical evidence, however, suggests otherwise. A
comparable study of 2200 individual studies by Friede, Busch, and Bassen
(2015), concluded that on a company level, there is a positive relationship be-
tween financial performance and ESG criteria. Although on a portfolio level,
the study reported neutral or mixed effects (Friede, Busch, and Bassen, 2015).
Nonetheless, it is debated on whether this can be attributed to sustainability
or if it simply reflects that large businesses tend to have good corporate gov-
ernance which often is associated with lower agency costs (Romano, 2005).

Most empirical studies investigate how ESG factors affect the risk and return
trade-off. Common for these is that there is no difference between screened-
and unscreened investments (Leite and Cortez 2014; Bauer, Koedijk, and Ot-
ten 2005; Kreander et al. 2005; Mallin, Saadouni, and Briston 1995). Screened
investments often include exclusions of companies in pre-defined industries,
for example in the industries oil and gas, tobacco and weapons. Most con-
spicuously, even though oil and gas often are excluded in exclusion strate-
gies, ConocoPhillips reports that they have received top ESG ratings across
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different rating agencies. MSCI rates ConocoPhillips at the AA level, the
Environmental and Social Quality Score rated the firm at the top level, and
the company is named to the Dow Jones Sustainable Index for 2018 in the
twelfth consecutive year (ConocoPhillips.com, 2019). Despite the fact that
the company produces oil and natural gas, which obviously is not good for
the environment, it has among other things, good governance and labour
practices. This makes it natural to ask the questions: What are the practices
for ESG Rating? What is the actual impact of sustainable investments? Lastly
and most interestingly, what is the cost of choosing a sustainable portfolio?

1.1 Research Question

The purpose of this thesis is to gain insight into sustainable investments by
challenging the view of neutral sacrifices when introducing limitations on
risk diversification. The thesis will challenge Markowitz (1952) fundamental
theory, by allowing investors to include ESG criteria as an investor preference
along with risk and return. Moreover, the thesis will investigate the portfolio
performance relative to a benchmark to quantify the potential sacrifice. This
leads to the following research question:

• What is the cost and impact of choosing a Sustainable Portfolio?

In order to answer the research question, the following sub-questions are
asked:

• What is the optimal portfolios when using the Mean-Variance and the
Mean-Variance Stochastic Goal Programming framework?

• How do the optimal portfolios perform compared to a benchmark over
time?

• How are the optimal portfolios composed and what are the character-
istics of these portfolios?



Chapter 1. Introduction 3

According to the research question, the main objective is to quantify the cost
of choosing a sustainable portfolio relative to a benchmark and to examine
whether sustainable investments have an impact towards a more sustainable
future. In order to answer the research question, several sub-questions are
required.

The first sub-question uses the mean-variance and the mean-variance stochas-
tic goal programming framework to find optimal portfolios for different in-
vestment types. The mean-variance stochastic goal programming framework
challenges the foundation of modern portfolio theory by accounting for sev-
eral investment preferences, for example, ESG Scores. The thesis will investi-
gate optimal portfolios for three different investors, the traditional investors,
the responsible profit seeking investors (RPIs) and the value driven investors
(VDIs). Additionally, the second sub-question is asked in order to give in-
sight into how the optimal portfolio performs relative to a benchmark. In
order to do so, the optimal portfolio found in the first sub-question is then
located based on a selected investment strategy. Thereafter, the performance
of the different portfolios will be compared to a benchmark using the infor-
mation ratio. Lastly, the third sub-question contribute to assessing the im-
pact of the portfolios towards a more sustainable future and the implications
of filtering the investment universe.

1.2 Delimitations and Assumptions

Firstly, this thesis is not intended to bring clearness or give consensus among
the different understandings of the definition of "Sustainable Investments".
Secondly, the thesis will use existing theory within the field of financial eco-
nomics, without any purpose to invent or add modifications to these. Thirdly,
we will only focus on the impact of sustainable investments at the portfolio
level, that is, the thesis will not evaluate the performance at the company
level.

As this thesis is focused on modern portfolio theory, several theories are left
out due to the scope of this thesis. A strength of the multi-criteria decision
making (MCDM) methodology is that it allows for taking several different
criteria into account simultaneously. This thesis will only focus on one of
these models, the mean-variance stochastic goal Programming framework,
as it is in accordance with modern portfolio theory. Other MCDM models,
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such as models including fuzzy mathematics will, therefore, be left out. This
also applies to multi-factor models used to explain a portfolio of assets.

The selected framework takes the different investors attitude toward risk into
account, namely their risk aversion and their absolute risk aversion (ARA)
coefficients. However, the nature of these coefficients requires expert knowl-
edge and network, so in order to predict these coefficients, existing research
will be applied. Estimation of ARA coefficients is accordingly out of the
scope of this thesis.

The theoretical models will throughout this thesis assume that short sales
are not allowed. This restriction is applied due to several reasons. Firstly,
shorting assets that are classified as sustainable would mean betting against
a sustainable asset. Allowing short-sales will, therefore, complicate the anal-
ysis and make the different investor types incomparable. Secondly, when
prohibiting short sales, solutions with extreme assets holdings are excluded.
This further limits the effect on the portfolio of unusual past performance,
and particularly, of unusually poor past performance (Board and Sutcliffe,
1994). The theoretical models will in addition to prohibiting short sales ex-
clude transaction costs. In other words, trading costs are assumed to be non-
existing. Due to the scope of this thesis, the transaction costs are excluded for
simplicity and lack of information. However, not including transaction cost
may impose an upward bias on the performance of the portfolios.

This thesis will evaluate portfolios consisting of companies listed on the S&P
500 and thereby be concentrated around the US market. Furthermore, select-
ing companies on the S&P 500 index involves choosing companies that are
large-cap only. Medium- and small-cap companies are therefore excluded
from this thesis. This exclusion may have implications for the results. How-
ever, due to computational power including more companies would take up
a disproportionate amount of time. There will not be imposed restrictions for
the data to cover special types of market, such as emerging markets.

Another delimitation of this thesis is the time horizon. The time horizon is
chosen due to the scope of the thesis. Choosing a longer time horizon would
mean the removal of a significant amount of companies from the data set
which would further have created a bigger survivorship bias.
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Lastly, although this thesis highlights the issues of the ESG indexes and rat-
ing practices, we will not try to change or modify these indexes. Drawing at-
tention to the impact and development in ESG rating will further be limited
to the Thomas Reuters (TR) Eikon Database and not necessarily be applicable
for development in other ESG indexes.

1.3 Structure
The first chapters, Chapter 2, 3, 4 namely serves as an introduction to the sub-
ject of the thesis and introduces relevant literature and frameworks. Chapter
2, Literature Overview, discuss previous empirical studies within the field of
sustainable investments. The chapter also describes the different definitions
of sustainable investments. Thereafter, Chapter 3, Aspects of ESG, follows
with a presentation of theory and previous findings regarding the reduction
of the investment universe and consequences of maximising ESG in a portfo-
lio. In addition, the concept of greenwashing is presented. Moreover, Chap-
ter 4, Theoretical framework, introduce and describes relevant theories for
this thesis, including both portfolio theory and portfolio choice. The chapter
also includes a discussion of the limitations and advantages of using different
theories.

The next chapters, Chapter 5, 6, contains a presentation of the data used and
presents the empirical results. In chapter 5, Data, the datasets used for this
thesis is presented. In addition, the chapter describes the different variables,
selection criteria and limitations of the data sets. Lastly, Chapter 6, Empirical
Results, presents how the theory is used and the empirical results of this the-
sis. The chapter is divided into three parts. In the first part, the efficient fron-
tier and sub-optimal frontiers are constructed for different investor types. In
the second part, the optimal portfolio is located based on a selected invest-
ment strategy. The performance of the selected portfolios is compared using
information ratio with the S&P 500 as a benchmark. Thereafter, the third part
assesses the composition of the different portfolios by assessing the diversi-
fication ratio and the industry - and asset concentration.

The last to chapters, Chapter 7 and 8, contains a discussion and the final con-
clusion. Chapter 7, Discussion, consider the main findings found in Chapter
6 and ultimately answers the research question. Lastly, Chapter 8 consists of
a conclusion of the thesis and a suggestion for future research.
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Chapter 2

Literature Overview

Sustainable investments, as defined in our thesis, are ethical strategies that
prioritise environmental, social and governance factors. However, as high-
lighted in Eurosif (2018), there is no clear consensus regarding the principles
and definition of sustainable investments. The different strategies are often
combined as they are complementary in nature (Eurosif, 2018). As a result,
an overview of the different definitions as well as the behaviour of different
investors will be highlighted in the following.

Participants of financial markets have since the beginning of the 1970s imple-
mented sustainability and social responsibility as a part of their investment
decision-making process. Together with the rise in popularity, the empiri-
cal literature on sustainable investments has developed to include different
methodologies. These studies try to explain whether there is a difference in
performance when investing in sustainability relative to traditional invest-
ments. The second part of this chapter will, therefore, give an overview of
empirical evidence and the development in the methods used.

2.1 Definition of Sustainable Investments

The "Frankfurt-Hohenheimer Guidelines" is a fundamental analysis of sus-
tainable investments that was developed by two german universities in 1997.
The research covered 850 individual criteria within three areas, cultural-,
environmental-, and social sustainability. As a result of this research, indus-
try experts developed the "Darmstadt Definition of Sustainable Investments,"
which covered three levels of sustainability for investments: economic, en-
vironmental, social and cultural (“Risk and Return” 2015). The individual
points of the Darmstadt Definition illustrate in which areas investors can pro-
vide concrete contributions toward a more sustainable future (Busch, Bauer,
and Orlitzky, 2016).
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Given the increasing influence of sustainable investments, the definition varies
widely. However, sustainable investments are often described using over-
lapping and complementary terms, such as social, ethical and responsible
investments (Cadman, 2011). Furthermore, the practices among different in-
stitutional investors vary; for example, some choose to exclude companies
based on ESG related screens, whereas others integrate this ESG information
in the overall investment decision-making process (Busch, Bauer, and Orl-
itzky, 2016).

2.1.1 Sustainable Investment Strategies

The European SRI Study 2018 highlights the issue of defining sustainable in-
vestments. The European Sustainable Invest Forum (Eurosif) seeks to bring
some consensus among the various definitions and strategies of sustainable
investments (Eurosif, 2018). However, as stated in the report, the market
aggregates the different investments strategies, which makes the individual
policies increasingly difficult to separate. Table 2.1 summaries Eurosif’s dif-
ferent investment strategies regarding sustainable investments.

TABLE 2.1: Different types of Sustainable Investment Strategies

Sustainable Investment Strategies

Strategies Description

Thematic funds Specific sustainability themed investment
Best in class Only the best performing firms within each industry
Norm-based screening Addressing specific aspects
ESG Integration Integration of ESG aspects into traditional financial analysis
Engagement and voting Active ownership
Exclusion Exclusionary screening from investment universe
Impact Investing Impact comes first (for financial considerations)

Source: Eurosif (2018), p 12.

As one can see from Figure 2.1, ESG integration is the fastest growing strat-
egy in 2017, with a compounded annual growth rate (CAGR) of 27%. The
report further implies that institutional investors claim to be more active and
shows their engagement through the ownership rights and that exclusions,
such as not investing in nuclear, tobacco and weapons, are decreasing with
3% (Eurosif, 2018).
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FIGURE 2.1: SRI Funds in Europe

*CAGR = Compounded Annual Growth Rate
Illustration based on Eurosif (2018), p 16.

Exclusions, Active Ownership and ESG Integration
Exclusions represent the oldest SRI strategy which originated in the 18th cen-
tury when religious groups started to align their investment decisions with
their moral codes (Eurosif, 2018). This strategy systematically screens compa-
nies and exclude sectors, industries or geographic areas based on pre-defined
selection criteria. These selection criteria often concern activities regarding
weapons, tobacco and animal testing. As addressed in Eurosif (2018), exclu-
sions are applicable at both fund and mandate level, as well as at asset man-
ager level, across the entire product range of assets. For example, the world’s
largest sovereign wealth fund, the Government Pension Fund of Norway
have implemented guidelines for observation and exclusion of companies.
The fund excludes companies that for example violate individual’s rights in
situations of war or conflict, production of coal or coal-based energy, viola-
tions of human rights, corruption and weapons (Nimb.no, 2019).
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When investors take active steps towards excluding companies, they often
commit through engagement and voting. Active ownership enables the in-
vestor to demonstrate their willingness to have a positive impact (Eurosif,
2018). Active ownership is the second most popular strategy after exclusions,
with growth in CAGR of 14% during the last eight years (Eurosif, 2018). Ac-
tive management does not only allow investors to choose the preferred stocks
in a portfolio, but it requires investors to monitor the companies it invests in
and take an active stake in following their management (Eurosif, 2018).

The strategies, active ownership and exclusion, are recognised as forerunners
to ESG integration. After the Paris Climate Agreement (COP21), ESG inte-
gration has gained traction among investors, policymakers and academics
(Walker, Kibsey, and Crichton, 2018). For the world to move towards sus-
tainability, address climate change, reverse environmental degradation, and
improve human well-being, the financial system has to be aligned the sus-
tainable development goals (Walker, Kibsey, and Crichton, 2018). United
Nations Sustainable Development Goals are the blueprint for achieving a bet-
ter and more sustainable future and addressing the challenges faced. These
goals include the following topics: climate, equality, environmental degrada-
tion, propensity, poverty, and peace and justice (Un.org, 2019). As a guide-
line to a more sustainable world, the ESG factors can be used to evaluating
opportunities and be a tool for decision making. ESG stands for Environ-
mental, Social and Governance (Walker, Kibsey, and Crichton, 2018). Ac-
cording to Msci.com (2019), the environmental factor describes the climate
impact, natural resources, pollution and waste, and opportunities. The so-
cial aspect represents ethical considerations regarding human capital, prod-
uct capital, shareholder opposition, social opportunities, and the governance
factor corresponds to the firm’s corporate behaviour and corporate gover-
nance (Msci.com, 2019).

2.2 Empirical Evidence of Performance

In previous ESG literature, the majority of the empirical studies has typi-
cally focused on the business case for ESG investing (i.e., performance on a
firm level). A study by, Friede, Busch, and Bassen (2015) combined the find-
ings of 2200 individual studies to give an overview of all the previous aca-
demic research on the topic. Only about 150 out of 2200 studies covered ESG
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research at a portfolio level, which was found to exhibit, on average, neu-
tral or mixed relationship between ESG and financial performance (Friede,
Busch, and Bassen, 2015). The complexity and non-transparency of the rat-
ings, along with differences in methodological approaches makes it difficult
to draw a definitive conclusion of the performance for ESG funds. Com-
parison of the studies is difficult due to different sample periods, sizes and
benchmarks.

The Performance of SRI funds
The first studies that investigated the performance of SRI portfolios focused
on portfolios that held companies with operations in South Africa versus
portfolios with companies located elsewhere. Rudd (1979) and Grossman
and Sharpe (1986) compared the performance of portfolios containing South
Africa-free companies with the performance of index portfolios. Rudd (1979)
found that exclusion of companies with operations in South Africa gave an
expected annual return only 0.0037% lower than the return on the S&P 500
index. On the contrary, Grossman and Sharpe (1986) found that a South
Africa-free portfolio outperformed the NYSE portfolio by 0.187% per year
(Rudd, 1979; Grossman and Sharpe, 1986).

The studies by Rudd (1979) and Grossman and Sharpe (1986) left open ques-
tions regarding the performance of portfolios that embraced other exclusions
criteria and how these performed relative to conventional funds. The first
studies on the matter used a single-factor model approach to investigate the
difference in performance. Hamilton, Jo, and Statman (1993) compared the
difference in excess return between US Socially responsible funds and US
conventional funds during the period 1981-1990. The authors concluded that
the performance of SRI funds was not significantly different from the perfor-
mance of conventional funds. The findings of Hamilton, Jo, and Statman
(1993) were later confirmed by Mallin, Saadouni, and Briston (1995) and Kre-
ander et al. (2005). However, other studies using the same single-factor ap-
proach suggests that SRI funds have lower returns and similar risk compared
to conventional funds (Chang, Nelson, and Doug Witte, 2012).

More recent studies have applied multi-factor models to investigate the re-
lationship between financial performance and SRI funds. This methodology
allows controlling for risk factors such as size, book-to-market value, and
momentum. Bauer, Koedijk, and Otten (2005) was one of the first to ap-
ply the Charhart Multi-Factor Model, using 103 German, UK and US SRI
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funds. After controlling for investment style, they concluded that there were
no significant differences in risk-adjusted return between SRI funds and con-
ventional funds (Bauer, Koedijk, and Otten, 2005). Renneboog, Horst, and
Zhang (2008) used the same four-factor model approach as Bauer, Koedijk,
and Otten (2005), but included all SRI funds across the world in the period
1991-2003. Their conclusion supported Bauer, Koedijk, and Otten (2005) find-
ings of no statistically significant evidence of underperformance of SRI funds
compared to their conventional counterparts when adjusted for relevant risk
(Renneboog, Horst, and Zhang, 2008). In contrast, Lean, Ang, and Smyth
(2015) found that SRI funds outperformed the market benchmark. Their
study employed both the Fama-French Model and the Carhart Model on SRI
funds in Europa and North America in the period from January 2001 to De-
cember 2011 (Lean, Ang, and Smyth, 2015).

ESG Integration in Portfolio Selection
Most of the empirical evidence regarding sustainable investments concerns
features of conventional investors and socially responsible investors. How-
ever, in more recent studies, researchers have included multiple investor
preferences using a multi-criteria decision making methodology. Trenado
et al. (2014) formulated a model that combined goal programming with the
multi-criteria decision making methodology. Their study was based on the
framework of Markowitz (1952) but included investor preferences by max-
imising the sustainability index of the portfolio and accounting for the dis-
satisfaction of investors. Minimising the maximum "regret" as the return re-
ceived and the maximum possible return expresses the sacrifice of return. The
authors found evidence suggesting that the inclusion of the sustainability
goals modified the structure of the portfolio slightly. Moreover, their results
implied that the incorporation of sustainability goals had a barely negative
effect on the financial performance along with a minor improvement in the
achievement of the sustainability goals.

Another framework for portfolio selection for ethically concerned investors
was introduced by Ballestero et al. (2011). The framework was based on the
multi-criteria decision making methodology but included absolute risk aver-
sion coefficients and targets depending on the investor type and preferences.
The authors applied this methodology on a dataset consisting of 80 assets
of which 20 of them were considered environmental, i.e., green investments.
By isolating the environmental factor, the empirical evidence suggested that
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portfolios consisting of strong green investments, i.e., portfolios with weights
in green investments in the range of 75% to 81%, involved more financial risk
than weak green investments, i.e., portfolios with weights in green invest-
ments in the range of 25% to 27%, other things being equal. Their results
are in accordance with the view of Rudd (1981), who stated that the impo-
sition of social responsible criteria may bias portfolio and cause an increase
in investment risk. Moreover, Escrig-Olmedo et al. (2017) developed a fuzzy
multi-criteria methodological approach to integrate investors’ ESG prefer-
ences applied to clothing-sector data. Their findings suggested that by using
a multidimensional information approach, they could overcome problems of
information loss and account for the different investors’ sensibilities which
could reduce the extra risk (Escrig-Olmedo et al., 2017).

Overall, the empirical evidence suggests that there are neutral effects of fi-
nancial performance when investing in sustainable portfolios compared to
conventional portfolios. However, more recent research using the multi-
criteria decision making methodology suggests that sustainable portfolios
include a higher financial risk.
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Chapter 3

Aspects of ESG

Investor preferences for selecting preferred assets from an investment uni-
verse has implications which are essential to highlight prior to choosing the
optimal portfolio. In this chapter, the different aspects of ESG are identi-
fied and discussed. The first part considers how sustainable investments im-
pose restrictions on the investment universe. Thereafter, a comparison of the
different investors’ attitude towards risk is outlined. Lastly, the concept of
greenwashing is introduced as a potential threat to the impact of sustainable
investments.

3.1 Investment Universe and Diversification

The widely used saying: "Do not put all your eggs in one basket," was known
long before Markowitz’s development of the modern portfolio theory.
Markowitz (1952) study suggested that the majority of risk could be explained
by the covariance rather than the variances when combining assets in a port-
folio. That is, in order to maximise the expected return of the portfolio by
spreading risk, an efficient portfolio should consist of diversified and non-
correlated stocks (Abidin and Gan, 2017). The evolution of modern portfolio
theory led investors to be more concerned about systematic risk than the
idiosyncratic risk which had been the main concerns in previous empirical
studies regarding investment analysis.

Figure 3.1 illustrates the total risk of the portfolio; the systematic and the id-
iosyncratic risk. The Variance describes the average variance and Covariance
the average covariance of the portfolio. The systematic risk is the risk related
to the market which cannot be diversified regardless of the construction of
the portfolio. This type of risk could, for example, be interest rates and other
macro components such as economic cycles. The idiosyncratic risk, i.e., the
firm-specific risks, on the other hand, can be diversified by simply adding
more stocks into the portfolio. As shown in Figure 3.1, when the portfolio is
diversified, the only component of risk that is left is the systematic risk.
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FIGURE 3.1: Systematic- and Idiosyncratic Risk

Illustration based on the theory outlined in Markowitz (1952)

As mentioned in Chapter 2, Rudd (1981) inescapable conclusion, about how
ESG integration in portfolio selection must worsen portfolio diversification,
has been an accepted view in finance for almost forty years (Hoepner, 2010).
The restrictions imposed on the investment universe are as explained by
Bertrand and Lapointe (2015), caused by minimising the available invest-
ment universe to a subset of preferred assets. A perfect diversified port-
folio consists of several stocks with low correlation and when minimising
the available investment universe by pre-defined selection criteria, which
are the case for sustainable investments, it might results in excluding in-
dustries or sectors that otherwise could be good for diversification purposes
(Markowitz, 1952). For this reason, Bertrand and Lapointe (2015) argues
that sustainable investments funds should not outperform traditional funds.
Thus, sustainable investment mean-variance portfolios have frontiers which
at best are identical to the total universe mean-variance frontiers, and other-
wise, the frontiers are being sub-optimal (Bertrand and Lapointe, 2015).

The investors’ investment focus might explain the selection criteria and the
use of different strategies that result in a minimisation of the investment uni-
verse. As highlighted in Derwall, Koedijk, and Ter Horst (2011), sustain-
able investors can be separated into two types, mainly "Value-Driven In-
vestors" (VDI) and "Responsible Profit Seekers" (RPI). VDIs overall focus is
on the non-financial utility they can derive from the sustainable investment,
without any restrictions regarding industry or geographic preferences (Auer
and Schuhmacher, 2016). By contrast, RPIs aims to meet the requirements
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of sustainability, but not at the cost of profit, i.e., they restrict their invest-
ments in cases where sustainability does not provide financial profit (Der-
wall, Koedijk, and Ter Horst, 2011). The traditional investor in this thesis can
be explained by the classical Markowitz (1952) model, as a mean-variance
optimiser that selects the optimal portfolio being risk averse. Figure 3.2 sum-
marises the definition of different investor types.

FIGURE 3.2: Definitions of the different investor types

Illustration based on the theory outlined in Derwall, Koedijk, and Ter Horst (2011)

3.1.1 Risk Aversion

The desirable level of risk, i.e., the risk aversion, separates the different in-
vestor types. Investor’s risk aversion is determined by their psychological
attitude which stems from their particular psychology, culture, needs, wealth
and motivations (Ballestero, Pérez-Gladish, and Garcia-Bernabeu, 2015).
Markowitz (1952) define risk aversion in terms of returns of investments
where investors’ concerns are possible random changes in the portfolio re-
turns. However, risk aversion is often explained in terms of wealth from clas-
sical utility theory under uncertainty depending on investors’ wealth (Balles-
tero, Pérez-Gladish, and Garcia-Bernabeu, 2015).

The desirable risk levels of investors are different from one investor to an-
other. In the following, we divide the investors risk attitude into three types:
the risk neutral, the risk-averse and the risk seeker. For the risk-averse in-
vestor, the utility function takes the form as displayed in Figure 3.3. The
following logic can describe utility theory: A individual that in the first place
has low utility will experience a more substantial increase in their utility
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when an additional money unit wealth increases than a wealthier individual
with higher utility in the first place. By transferring this logic to a real-world
example, one can think of the value of one dollar that would get an individ-
ual out of poverty contra one dollar that only would make the individual
more wealthy. Obviously, for the poor individual, one dollar is worth more
than for a wealthy individual. That is, a risk-averse individual will have a
concave utility function with a negative second derivative utility function.

FIGURE 3.3: Utility Function of a Risk-Averse Investor

Illustration based on the theory outlined
in Ballestero, Pérez-Gladish, and Garcia-Bernabeu (2015).

Figure 3.3 explains this property of the risk-averse utility function: when
wealth increases, the utility function decreases. As a consequence, a risk-
averse individual will require higher returns when putting on higher risk. A
risk seeker, on the other hand, is more concerned about gaining an additional
money unit wealth. That is, risk seekers practice active management in order
to pursue their risky investment operations (Ballestero, Pérez-Gladish, and
Garcia-Bernabeu, 2015). While risk averts and risk seekers can be seen as
opposites, the risk-neutral investor has a risk profile between the two other
types.

The natural question to ask now is which implications this has for sustainable
investors. The sustainable investors are filtering the investment universe by
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choosing an investment universe consisting of preferred sustainable assets.
In Figure 3.4 this is illustrated. The blue and orange dots reflects the tradi-
tional investors’ investment universe, where the optimal portfolio is, accord-
ing to theory, perfectly diversified. The extremely sustainable investors are
selecting their portfolio from a subset of the opportunity set, the orange dots
only, and their frontier is correspondingly sub-optimal. Moreover, Figure 3.4
also illustrate which portfolios different type of investors would choose. In-
vestors with lower risk-aversion will choose the efficient set of the portfolio
to the right while investors with high risk-aversion will select the optimal
portfolio to the left. In order for the investors to reach their preferred balance
between risk and return, they will try out different combinations until their
subjective preferences, the indifference curve, tangent the efficient frontier
(Lindblom, Mavruk, and Sjögren, 2017).

FIGURE 3.4: Different Investments Universes
and Risk-Aversion

Illustration based on Lindblom, Mavruk, and Sjögren (2017), p. 21.
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By their characteristics, the two types of sustainable investors have a differ-
ent attitude towards risk. VDIs are more concerned about the sustainability
they derive to their utility than the eventual consequences this has for their
financial return. This behaviour and corresponding risk profile are closer to
the risk seeker profile. That is, their indifference curve will lie close to the
"Low Risk-Aversion" illustrated in Figure 3.4. RPIs, on the other hand, have
risk profiles that are between the traditional investors and the VDIs. The
characteristics of RPIs is that they would like to invest in sustainability but
at a much lower scale since they are not willing to invest in sustainability at
any cost. RPIs risk profile, therefore, puts on more risk than the traditional
investor but less than the value driven investor. We will in the following
chapters more in detail describe how the risk aversion for these two profiles
can be theoretically derived and quantified. As a consequence, the different
risk profiles results in a reduction in the diversification of the portfolios due
to investor’s different behaviour.

3.2 Greenwashing: Talk without the Walk

Until now we have illustrated the technical consequences of implementing
ESG in the investment process. The next crucial aspect to take into account is
that the growth in the sustainable investments market also has increased the
appearance of "Greenwashing." That is, companies are aware of the fact that
some sustainable investors are willing to pay a premium for shares in compa-
nies that either have sustainable products or services. As a result, companies
are taking an active role to implement sustainability into their businesses.
However, some companies are dealing with this more strategically, for exam-
ple with "greenwashing," which is a strategy that companies adapt to engage
in symbolic communications of environmental issues without substantially
addressing them in action (Walker and Wan, 2012).

As we will describe in detail in Chapter 5, the major drawback of ESG data is
the lack of transparency, that is, not only are the data reported by the compa-
nies themselves, but also there is no existence of standardisation regarding
the validation of the data reported. This lack of standardisation makes it ex-
tremely difficult to identify whether a company is implementing the stated
sustainability strategy or not, i.e., whether the company actually walk the
walk or just talk without the walk. The problem of greenwashing in the in-
vestment process was one of the reasons as to why the European Commission
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on the 7th of March 2019 released the news of an agreement by the European
Parliament and EU member states of new rules on disclosure requirements
related to sustainable investments and sustainability risk. The new regula-
tion aims to eliminate greenwashing and increase market awareness on sus-
tainability matters (European Commission, 2019). Undoubtedly, investors
and other market participants highly welcome this initiative as a step in the
right direction for a more transparent and standardised market, and hope-
fully, other countries will follow the European Union and implement similar
regulations.

In Chapter 1 we questioned how one of the largest oil companies in the
world, ConocoPhillips, could receive top ratings across several rating agen-
cies even though they produce oil and gas. According to Sullivan (2017),
oil companies can receive a high environmental score if they pursue emis-
sion initiatives and other initiatives that are in line with the UN Sustainable
Development Goals. For the US to meet the UN Sustainable Development
Goals and the Paris Climate Agreement, which they agreed too, they need to
leave out two-thirds of the world’s coal, oil and gas in the ground and foster
climate-friendly, mate-friendly and resilient investment (Brauch, 2018). The
question is, however, how does the oil companies incorporate these sustain-
able changes into their core businesses and are there evidence of greenwash-
ing in the oil sector today? This subject has been questioned and debated
in media for the last decade. Cherry and Sneirson (2011) performed a case
study of Chevron, another large oil company, to investigate whether the com-
pany put their words into action when they claimed to care genuinely about
the environment and implemented this into their operations. By analysing
a specific campaign of Chevron, the authors found that promises of sustain-
ability were overblown blandishments and so-called "faux CSR" which are
misleading social responsibility claims (Cherry and Sneirson, 2011). As a re-
sult, when assessing sustainable investments one crucial matter to be aware
of is the appearance of greenwashing.

The recent regulations with the ambition to eliminate greenwashing will hope-
fully make ESG scores more reliable, but what does this mean for the impact
it has towards a more sustainable future? That is, what impact does sustain-
able investment have towards meeting the Paris Climate Agreement and UN
Sustainable Development Goals and how do ESG indexes make it easier for
investors to make an impact towards a more sustainable world? In Chapter 2,
a description of the development of sustainable investments was introduced.
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Sustainable investments shifted from being a niche market focusing on the
bad guys, i.e., by performing negative screening, to being a more sophis-
ticated market offering several investment products that are more specific
with a focus on integrating ESG into the investment process and meeting the
UN Sustainable Development Goals.

According to the United Nations Finance Initiative, $5-7 trillion a year is
needed to realise the UN Sustainable Development Goals worldwide, in-
cluding investment into infrastructure, clean energy, water and agriculture
(UNEP Finance Initiative, 2019). Furthermore, Finance UNEP Initiative (2017)
highlighted how a greater part of the necessary financing and investment
will need to stem from private finance and how this is often hindered by
unattractive risk and return profiles. Moreover, the report emphasises that
positive impact business and finance should be understood to deliver a pos-
itive impact on one or more of the three pillars of sustainable development;
economic, environmental and social (Finance UNEP Initiative, 2017). Hence,
this implies that the ESG indexes and sustainable investments indeed are
connected to reaching the UN Sustainable Development Goals.

The ESG Global survey by BNP Paribas summarises the barriers to ESG in-
tegration as shown in Figure 3.4. The top barriers include data, costs of tech-
nology, the risk of greenwashing and advanced analytic skills. Additionally,
as Figure 3.4 shows, inconsistent data across asset classes, conflicting ESG
ratings and ineffective data for scenario analysis is the biggest challenges in
transforming data into insight.

FIGURE 3.5: Challenges for ESG integration

Illustration based on BNP Paribas, 2019, p. 9.
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The recent EU regulations and the increasing focus on ESG integration, have
given sustainable investments the opportunity to gain a tremendous impact
on the UN Sustainable Development Goals and the commitments in the Paris
Climate Agreement. However, as shown in Figure 3.4, similar regulations
need to be formulated worldwide to decrease the risks of greenwashing,
make the indexes more aligned and ensure more available data for the rating
agencies.
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Chapter 4

Theoretical Framework

This chapter introduces the theoretical framework which is the foundation of
this thesis. The first part serves as an introduction of modern portfolio the-
ory and the basic preliminaries. This part also introduces the mean-variance
stochastic goal programming approach. Thereafter the next part consists of
a presentation of the theoretical framework used to find and select an invest-
ment strategy and to evaluate the chosen portfolio’s performance follows.

4.1 Portfolio Theory

In 1952, Harry M. Markowitz established the foundation for Modern Port-
folio Theory. The paper, in which he later received the Nobel Price in Eco-
nomics for, formulated a quadratic optimisation problem that minimised risk
subject to a given level of return (Markowitz, 1952). Although the frame-
work of Markowitz is commonly used in finance, it is criticised for over-
look investor preferences and not incorporating more criteria in the selec-
tion process (Ballestero, Pérez-Gladish, and Garcia-Bernabeu, 2015). Xidonas
et al. (2012) argue that a multi-criteria approach will be suited to address
the problem of portfolio construction and selection, because it enables the
decision maker to analyse a series of possible alternatives, hereby taking
into account different criteria simultaneously (Ballestero, Pérez-Gladish, and
Garcia-Bernabeu, 2015). In this subsection, we will first describe the ba-
sic preliminaries and the mean-variance framework. Thereafter we will in-
troduce the multi-criteria decision making tool, namely the mean-variance
stochastic goal programming model, in order to implement sustainability
into the traditional portfolio theory.
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4.1.1 The Mean-Variance Analysis

The mean-variance analysis was, as mentioned, first developed by Markowitz
(1952). Markowitz divided the portfolio selection process into two parts. The
first part concerned the historical observations and how these historical ob-
servations could be used to estimate and predict future returns on the avail-
able securities in the investment universe. The second part, which was the
primary concern of his paper, dealt with the relevant beliefs of future perfor-
mance and the portfolio choice (Markowitz, 1952). As discussed in Chapter
3, Markowitz’s motivation for writing the paper was to establish a defini-
tion of diversification between assets within a portfolio by focusing on the
covariance between the assets. As a result, the main focus of this optimi-
sation process is based on the assumption that the investor is rational and
risk-averse. That an investor is risk-averse means that for the investor to be
willing to put on additional risk, it would require additional return (Read,
2011). The selection process involves maximising the portfolio return rela-
tive to the portfolio risk. In the following, we will define the calculations and
concepts for the mean-variance framework.

Risk & Return
The main assumption of mean-variance analysis is that the investor is a mean-
variance optimiser, that is, the investor considers only the expectation and
the variance of the expected return on the portfolios over a fixed, future pe-
riod (Munk, 2017). Before we start with the mean-variance analysis we will
discuss the derivation of some essential preliminaries:

We will in the following assume that an investor can invest in N risky as-
sets and no risk-free asset. R̄ represent the vector of expected return and V
represents the covariance matrix. xi denotes the fraction of the total port-
folio weight which is invested in asset i, and hence a portfolio vector X =

(x1, x2, . . . , xN).

Return
The realised net return (ri,t) of a single security i held over a time period t
can be expressed as (Lindblom, Mavruk, and Sjögren, 2017):

ri,t =
Pi,t − Pi,t−1

Pi,t−1
(4.1)
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Realised returns are based on historical performance, that is; they are com-
puted ex-post when all risk has materialised (Lindblom, Mavruk, and Sjögren,
2017). Predictions and estimates of future returns and risks are, on the other
hand, calculated ex-ante (Lindblom, Mavruk, and Sjögren, 2017). The first as-
sumption in Markowitz’s mean-variance framework is that the returns dis-
play a normal distribution over time. That is, the historical performance of an
asset i over some time T can be found using the historical mean of i’s actual
return. Equation 4.2 shows the historical mean measured as an arithmetic
average return:

r̄ = ∑T
t=1 r̃i,t

T
(4.2)

Given a normal distribution, Equation 4.2 shows the net return an investor
should expect to earn during any period of the investigated time horizon
(Lindblom, Mavruk, and Sjögren, 2017). For a portfolio, the expected return
(R̄p) with N-assets are calculated as follows:

R̄p =
N

∑
i=1

xiR̄i (4.3)

with the corresponding variance:

σ2
p = X×VX =

n

∑
i=1

n

∑
j=1

xixj ∑
ij

(4.4)

and standard deviation:

σp =
√

X×VX =

(
n

∑
i=1

n

∑
j=1

xixj ∑
ij

)1/2

(4.5)

The Efficient Frontier
The first step in asset selection is to determine the risk-return opportunities
available for the investor (Bodie, Kane, and Alan, 2010). The best combina-
tion of the opportunity set of all assets form the efficient frontier, or equiva-
lently, the mean-variance frontier, which takes the shape of a hyperbola. An
efficient portfolio is defined by Francis and Kim (2013), as a portfolio that ei-
ther i) has more return than any other portfolio in its risk class or ii) less risk
than any other asset with the same return.
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Figure 4.1 illustrates the efficient frontier. The opportunity set consists of n
risky assets. The portfolios on the efficient frontier are all equally efficient,
and the efficient frontier dominates all other portfolios in the opportunity set
(Francis and Kim, 2013). The dotted line on the efficient frontier in Figure 4.1
represents non-efficient portfolios since other portfolios with the same level
of risk yield a higher expected return.

FIGURE 4.1: The Efficient Frontier

Illustration based on the theory outlined in Markowitz (1952)

To calculate the efficient frontiers our objective is to minimise risk given a
required level of expected return. In our case, we restrict short selling, bor-
rowing and does not allow for riskiness lending. This yields the following
objective function (Elton et al., 2009):

min
x

σ2 = min XVXT (4.6)

subject to

∑N
i=1 = 1

∑N
i=1 XiR̄i = R̄p

Xi ≥ 0, (i = 1, . . . , N)

(4.7)

Here, the covariance matrix for all assets is denoted V. By varying the return
(R̄p) of the minimum variance portfolio one can trace out the efficient set. The
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optimisation problem is a quadratic programming problem that easily can be
solved using software such as MATLAB. In the following, we will describe
the deviation of the four most used investment strategies for selecting the
optimal portfolio.

The Global Minimum-Variance Portfolio
The global minimum variance portfolio holds the lowest possible variance
among all portfolios (Munk, 2017). The weights of the global minimum vari-
ance portfolio are given by:

XMinVar =
1

1VT1
×VT1 (4.8)

where

• 1 is the one-vector

• VT is the transposed covariance matrix

with the expected return of

R̄MinVar =
1VT − R̄i

1VT1
(4.9)

where

• R̄ equals the vector of expected returns

and standard deviation of

σMinVar =
1√

1VT1
(4.10)

Figure 4.2 portrays the minimum variance portfolio. As one can see, it is lo-
cated at the point with the lowest possible variance. The minimum variance
portfolio is expected to be constructed with relatively large weights in assets
with low standard deviation. However, the correlation structure of assets
also has implications. That is, the minimum variance portfolio might have
substantial weights in assets with relatively large standard deviation if these
assets have a low correlation with low-variance assets and therefore is useful
for diversification purposes (Munk, 2017).
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FIGURE 4.2: Minimum Variance Portfolio

Illustration based on Bodie, Kane, and Alan (2010), p.217.

The Tangency Portfolio
The mean-variance framework consists of finding the right balance between
risk and return. The capital allocation line describes the expected return cor-
responding to any level of risk including borrowing and lending of a risk-
free asset (Bodie, Kane, and Alan, 2010). As one can infer from the name,
the tangency portfolio is at the point where the efficient frontier and capital
allocation line tangents as illustrated in Figure 4.3.

The tangency portfolio is the portfolio that maximises the Sharpe Ratio, which
is the slope of the capital allocation line, to create a portfolio with the best his-
torical risk-adjusted performance. That is, where the reward to volatility ra-
tio is maximised, i.e., where the excess portfolio return is maximised relative
to its standard deviation (Bodie, Kane, and Alan, 2010).
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FIGURE 4.3: Tangency Portfolio

Illustration based on Bodie, Kane, and Alan (2010), p. 217.

The Sharpe Ratio is defined as follow:

Sharpe Ratio =
R̄tan − r f

σtan
(4.11)

The weights of the tangency portfolio are given by

XTangency =
VT(R̄− r f 1)

1×VT(R̄− r f 1)
(4.12)

where:

• 1 is the one-vector

• VT is the transposed covariance matrix

• rf equals the risk-free rate

• R̄ equals the vector of expected returns

with the expected return:

R̄Tangency =
R̄×VT(R̄− r f 1)
1×VT(R̄− r f 1)

(4.13)
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and standard deviation:

σTangency =
(R̄− r f 1)×VT(R̄− r f 1)∣∣1×VT(R̄− r f 1)

∣∣ (4.14)

The tangency portfolio has the property that the portfolio weights are se-
lected in a way that satisfies that all assets have the same ratio of expected
excess return on each asset to the covariance of the asset with the tangency
portfolio (Munk, 2017). The property is defined as follows:

R̄i − r f

Cov[ri, rtan]
=

R̄tan − r f

Var[rtan]
(4.15)

for all i=1,2, . . . , N

That is, the marginal risk and return tradeoff is the same for all assets. If,

for example, one asset had a higher
R̄i−r f

Cov[ri,rtan]
ratio than other assets, then we

should have invested a higher amount of wealth in that specific asset (Munk,
2017).

The weights of the tangency portfolio are expected to be largest for assets
with large Sharpe Ratios. However, as with the minimum-variance portfo-
lio, the correlation structure also has implications for the tangency portfolio.
That is, assets with low Sharpe Ratio might be given substantial weight in the
portfolio if it has a relatively low correlation to assets having a large Sharpe
Ratio (Munk, 2017).

The Maximum Diversification and the Equally Weighted Portfolio
The maximum diversification portfolio is derived in the mean-variance frame-
work by maximising the diversification ratio. The diversification ratio is de-
fined as (Choueifaty and Coignard, 2008):

Diversification Ratio =
σxi

σp
(4.16)

That is, the ratio of the weighted average of volatilises dived by the portfolio
volatility.

The equally weighted portfolio is often referred to as the 1/N portfolio. This
portfolio is the portfolio that maximises the Herfindahl Index (Theron and
Van Vuuren, 2018):

H = 1− x′x 0 ≤ H ≤ 1
n

(4.17)
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H represents the weight in an asset relative to the weight of all assets. This
implies that the properties of the equally weighted portfolio are such that
in cases where H = 0 the portfolio is maximally concentrated and when
H = 1/N the portfolio is fully diversified (Theron and Van Vuuren, 2018).

4.1.2 Mean-Variance Stochastic Goal Programming (MV-SGP)

Portfolio selection combining sustainability and financial objectives includes
investor preferences beyond Markowitz’s mean-variance framework. This
problem can be solved using a multi-criteria decision making (MCDM) method-
ology since it allows the investor to integrate multiple objectives to the port-
folio optimisation. The framework analyses, for example by rating, classi-
fying and choosing, a series of possible alternatives simultaneously (Balles-
tero, Pérez-Gladish, and Garcia-Bernabeu, 2015). In Figure 4.4 the differences
between the mean-variance framework and multi-criteria decision making
models are illustrated.

FIGURE 4.4: Summary of the Theoretical Framework

Illustration based on the theory of Ballestero et al. (2011) and Markowitz (1952)
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Goal Programming is a sub-field of MCDM, with the idea of searching for
a satisfying set of actions in a framework of multiple objectives (Ballestero,
Pérez-Gladish, and Garcia-Bernabeu, 2015). The objective function tries to
satisfy the achievement of a set of goals rather than attempting to optimise
each goal. Goal programming serves as a satisfying trade-off between the
goals and provides an alternative representation that often is more effective
in capturing the nature of a real-world problem, by including investors’ tar-
gets and absolute risk aversion (ARA) coefficients (Ballestero, Pérez-Gladish,
and Garcia-Bernabeu, 2015). The framework is illustrated in Figure 4.4 where
the optimal portfolio is constructed by balancing the two goals.

In Chapter 3, summarised in Figure 3.2, we presented the three different
types of investors; the traditional investor, the responsible profit seeking in-
vestors (RPIs) and the value driven investors (VDIs). As mentioned, goal
programming is based on finding the optimal portfolio by balancing a set of
goals rather than optimising each goal. This framework enables us to take
into account two different investor preferences: the financial aspect and the
sustainability aspect. Practically, these two goals represent the two extremes
of the optimisation problem. Since neither of the sustainable investors can
be said to never invest in non-sustainable assets, the fourth type of investor
is presented. These investors are defined as extremely sustainable investors
with the characteristics of only investing in sustainable assets without con-
cerns about the potential increased risk or lower return.

Figure 4.7 illustrates the role of the different investor types in the MV-SGP
framework. The traditional investors are only concerned about Goal 1. This
goal represents the financial aspect of the optimisation problem and follows
the logic of Markowitz (1952). The extremely sustainable investors are, on
the other hand, only concerned about Goal 2. The two investor types in be-
tween of the traditional investor and the extremely sustainable investors, the
sustainable investors (VDIs and RPIs), will optimise their portfolio based on
a satisfying trade-off between the two goals.
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FIGURE 4.5: Overview of the Goals

Illustration based on the theory of Ballestero et al. (2011)

Thus, Figure 4.7 represents the derivation of the model in terms of the in-
vestor types. In order to find the find optimal portfolios for the VDIs and
RPIs which balances the two goals, their optimisation problem is derived
based on the MV-SGP framework used in Ballestero et al. (2011). The first
step is to divide the opportunity set S of m assets into:

• a subset of S∗ of h sustainable assets. Both the sustainability and finan-
cial criteria characterise these assets.

• a subset of S∗∗ of the m-h remaining assets. These assets are charac-
terised by the financial criteria only.

where the notation Fi(i = 1, 2, . . . h) denotes subset S∗ and Fi(i = h + 1, h +

2, . . . m) denotes the subset S∗∗.
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FIGURE 4.6: Overview of how the opportunity set are divided

Own illustration based on the theory of Ballestero et al. (2011)

Figure 4.6 illustrates how the MV-SGP framework imposes restrictions on the
investment universe by filtering the available assets into two groups: non-
sustainable- and sustainable assets.

Specifying the Goals
The model uses the goal determined by the classical utility theory under un-
certainty developed by Neumann and Morgenstern (1947). Although the
model is based on utility theory, the specification of the model does not re-
quire a particular utility function, except for the inclusion of absolute risk
aversion (ARA) coefficients.

In utility theory, R̃ denotes random return and Eu(R̃) denotes the expected
utility of these returns. The interpretation of classical utility theory is that
the higher the expected utility, the better the investment. The two goals are
defined as follows (Ballestero et al., 2011):
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Goal 1: Represents the financial aspect of the optimisation problem. This
goal follows the classical logic of Markowitz (1952), namely the Eu(R̂) objec-
tive of traditional investors. Goal 1 is defined as follow:

Eu1(R̂1)→ u1(R1)

R1 ≥ g0

R̂1 = ∑m
i=1 f̂ixi

∑m
i=1 xi = 1

(4.18)

Goal 2: Represents the sustainability aspect of the optimisation problem. The
Eu(R̂) objective now represents an extremely sustainable investor. This type
of investor would never invest in the subset of S∗∗. In Equation 4.19 this is
reflected by assign variable ϕ a zero value. Goal 2 is defined as follow:

Eu2(R̂2)→ u2(R2)

R2 ≥ e0

R̂2 = ∑h
i=1 f̂ixi + ∑m

i=h+1 ϕ̂i fixi

∑m
i=1 xi = 1

(4.19)

both goals has the non-negativity conditions xi ≥ 0 for all i where:

• u1 and u2 are investor’s utility from goals 1 and 2, respectively

• Eu1 and Eu2 are expected utility for u1 and u2, respectively

• R̂1 and R̂2 are random returns, R1 and R2 are expected returns.

• g0 and e0 are investor’s targets or aspiration levels.

• f̂i is monthly return on the ith asset, xi is the ith portfolio weight

• ϕ̂ is assumed to be equal to zero for Fi(i = h + 1, h + 2, . . . m). This
ϕ-based statement is mathematically more suitable than the alternative
of removing the "non-sustainable" set from Goal 2. The ϕ represents a
fictional return of zero since the extremely sustainable investor never
would have invested in this opportunity set.

• Symbol → means that the expected utility (left hand side) should ap-
proximate its respective upper limit (right handside) as close as possi-
ble.
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Specifying the Model from the two Goals
The systems described in Equation 4.18 and 4.19 deterministic equivalent,
i.e., the two-stage stage stochastic linear program can be modelled as one
parametric quadratic programming model:

min XVXT (4.20)

where

• x is the row vector (x1, x2, . . . , xm)

• XT is the transposed vector of X.

• V is a m × m matrix.

The minimisation problem defined in Equation 4.20 is subject to the follow-
ing goal equations:

R1 =
m

∑
i=1

f̄ixi ≥ g0 (4.21)

R2 =
h

∑
i=1

f̄ixi ≥ e0 (4.22)

where

• R1 and R2 are the sum expected returns.

• f̄i is expected return of the ith asset.

• g0 and e0 are investor’s targets or aspiration levels.

Furthermore, the portfolio weights are restricted to sum to one, namely:

m

∑
i=1

xi = 1 (4.23)

with the non-negativity conditions that restrict short-sale.

To incorporate the two goals and the different investor profiles risk aversion,
namely their ARA coefficients, matrix V is stated as follow:

V = r1V1 + r2V2 (4.24)

where

• r1 and r2 denotes the ARA coefficients for each goal; and

• V1 and V2 denotes the covariance matrices for each goal.
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Model Targets
The next step is to define the intensity of the sustainability goal:

e0 = λ f̄emax (4.25)

where

• f̄emax = max f̄i (i = 1, 2, . . . , h), represents the maximum of mean expected
returns for the subset of h sustainable assets.

• λ describes the aspiration level for the sustainability goal and takes a
value between 0 and 1. λ→ 1 when the aspiration level for the sustain-
ability goal increases.

As usual in E-V models, target g0 is treated as a parameter moving on a fea-
sible interval.

Estimating ARA Coefficients
As explained in Chapter 3, risk aversion describes the investor’s perception
of putting on risk. In this model, we estimate the ARA coefficient based on a
comparison of r1 and r2 (the ARA coefficients for each goal) in the framework
of utility theory. To understand how utility theory is implemented into our
model, we can think of a single that faces several investments or goals. The
utility equation then becomes

rj = (−1)u
′′
j (Rj)/u

′
j(Rj); Rj ≥ 0 (4.26)

where

• The first derivative u
′
j ≥ 0 and the second derivative u

′′
j < 0

• In the case of risk neutrality, u
′′
j = 0 so that rj = 0

• Rj describes the random return instead of R̂j

• j = 1, 2 for goals 1 and 2, respectively.

• Both derivatives are specified by making return Rj = R̄j

• Coefficient rj increases with the increase of R̄j

Previous empirical studies have proven that quadratic utility is the only usual
utility form in which complies with the above-stated properties of Equation
4.26 (Kallberg and Ziemba, 1983). This quadratic utility is defined as follow:

uj = 2bjRj − cjR2
j ; bj, cj > 0; j = 1, 2 (4.27)

Substituting Equation 4.26 into Equation 4.27 yields:
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rj =
1

(bj/cj)− R̄j
; j = 1, 2 (4.28)

Then maximising the utility in Equation 4.27 yields the return that maximise
the quadratic utility, R∗j :

bj − cjRj = 0⇒ R∗j = bj/cj (4.29)

Combining Equation 4.28 and 4.29, we then get the ARA coefficient:

rj =
1

R∗j − R̄j
; j = 1, 2 (4.30)

Interpretation of the properties of the ARA Coefficients
The traditional investor, j = 1, reach a satiation point when the utility is max-
imised. That is, the traditional investor achieve a return so high that even
higher levels of return does not increase the investor’s utility. From this
we know that R∗1 is much greater than R1. Moreover, we already know that
R̄1 ≥ R̄2 such that R∗1 is also much greater than R∗2 . Hence, ratios R1/R∗1 and
R2/R∗2 are close to zero.

As mentioned above, the ARA coefficients are estimated based on a com-
parison of r1 and r2. In order to compare the investor risk aversion of these
two ARA coefficients, the analyst should perform a test where the investors
disclose their risk aversion for each goal.

The first step in order to estimate the ARA coefficient is to formulate the test.
For Goal 1, the test can be formulated in the following way (Ballestero et al.,
2011):: The test starts with an investment, selected from an opportunity set
without any sustainable assets. The investment, H1, has zero mean value and
σ standard deviation. For Goal 2, the investment is selected from an opportu-
nity set of sustainable assets. The investment, H2, also has zero mean value
and σ standard deviation. Therefore, both investments have equal volatility.
However, the difference between investment H1 and H2 is the risk aversion.
Implementing the investments into Equation 4.30 yields:

rj =
1

R∗j − RHj
=

1
R∗j

; j = 1, 2 (4.31)

where

• rHj denotes the ARA coefficient for both investments since they have
zero mean value Hj
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When the test are conducted and the ratio rH1
rH2

Equation 4.31 becomes:

r1R∗1 =
1

1− (R̄1/R∗2)
(4.32)

r2R∗1 =
1

(rH1/rH2)− R̄2/R∗2)
(4.33)

we now have from Equation 4.30 and 4.31:

r1/r2
∼= rH1/rH2 (4.34)

where ratio rH1/rH2 > 1. Thus, the ARA coefficients are elicited in an ap-
proximate way.

Meaning of the Model in Terms of Risk and Risk Aversion
To highlight the meaning of the model in terms of risk, we first have to notice
that the two goals lead to the following Pratt’s relationship:

max[Euj(R̃j)]norm ∼= [uj(R̄j)]norm − (1/2)rjσ2
j (R̃j); j = 1, 2 (4.35)

where

• subscript norm denotes that Equation 4.35 is normalised by the first
derivative of the utility uj

• σ2R̃j = XjVjXT
j : i.e., the portfolio variance, which includes the risk for

both goals, the financial goal j = 1 and the sustainability goal j = 2.

• Xj represents the vector of the portfolio weights

The portfolio weights Xj is the solution to the following model:

min XjVjXT
j (4.36)

subject to

R̄j ≥
{

g0 if j = 1
e0 if j = 2

}
(4.37)

together with the non-negativity conditions. As the objective function (port-
folio variance) is a measure of risk, both goals involve constrained risk min-
imisation for the traditional (purely financial) investor and the extremely sus-
tainable investor, respectively.
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As mentioned, goal programming serves as a satisfying trade-off between
the two goals rather than optimising every goal (Ballestero et al., 2011). We
know that the extremely sustainable investor would never have invested in
subset S∗∗. However, the sustainable investor, who is an investor between
the traditional investor and the extremely sustainable investor balance the
optimisation of both goals given their risk aversion and their sustainability
target. That is, vector X is the solution to the model:

min X(r1V1 + r2V2)XT = r1XV1XT + r2XV2XT (4.38)

The objective function, Equation 4.38, is a composite index of variability in-
stead of portfolio variance. The sustainable investor would bear a risk given
by the following:

var XV1XT (4.39)

Equation 4.30 will be valid for any sustainability intensity of the portfolio.
The reason can be found in the covariance matrix V1. Since this covariance
matrix covers the covariances of all assets, sustainable or not, the matrix is
a financial matrix. V2, on the other hand, covers only the sustainable assets
and does not describe the financial risk of the portfolio.
We therefore have:

XjV1XT 6= XjVjXT
j (j = 1) (4.40)

because solution X is generally different from solution Xj = 1 (Ballestero et
al., 2011).

The above Pratt’s relationship (Equation 4.35) also highlights risk aversion.
The higher the negative term, the smaller the expected utility on the left-hand
side, other things being equal, that is if portfolio expected returns and the
utility function are kept equal. This term is the product of two factors: The
portfolio variance and the rj risk aversion coefficient. The investors’ utility is
affected by the joint impact of both factors.
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The Model for the Sustainable Investors
For the sustainable investor the model is therefore stated as follow:

v = min X(r1V1 + r2V2)XT (4.41)

Minimisation is subject to the constraints in equation (4.21 and) (4.22), namely:

E1 =
m

∑
i=1

f̄ixi ≥ g0 (i = 1, 2, . . . , m) (4.42)

E2 =
m

∑
i=1

f̄ixi ≥ e0 (i = 1, 2, . . . , h) (4.43)

Target g0 takes parametric values to obtain efficient frontiers.

To close the model, non-negativity conditions are added.

m

∑
i=1

x1 ≥ 0 (4.44)

4.2 Portfolio Choice

This section will present the different investment strategies. That is, assessing
the minimum variance-, the tangency-, the maximum diversification-, and
the equally weighted portfolio. Thereafter, the buy-and-hold strategy will be
presented.

4.2.1 Investment Strategies

In Section 4.1 the relevant investment strategies for selecting the optimal
portfolio was derived. In the following, we will discuss the different prop-
erties of these strategies and select the optimal investment strategy for this
thesis.

Theron and Van Vuuren (2018) performed an analysis of the four mentioned
investment strategies by evaluating the cumulative returns of each portfolio
for ten years. The study included the financial crisis in 2007 and the different
portfolio’s performance varied considerably. The tangency portfolio, how-
ever, outperformed the other portfolios in terms of cumulative returns for
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most of the period. Their results also provided evidence that the minimum-
variance portfolio performed poorly relative to the Sharpe Ratio, with nega-
tive cumulative returns for the entire period (Theron and Van Vuuren, 2018).
Interestingly, the authors found evidence suggesting that in the early stages
of the financial crisis, the maximum diversification portfolio exhibited the
highest Sharpe Ratio and stable cumulative returns around 0%. Theron and
Van Vuuren (2018) argued that this could indicate that the maximum diver-
sification portfolio can negate many of the exogenous shocks which impact
the market during financial recessions.

Although the studies of Theron and Van Vuuren (2018) suggest that the tan-
gency portfolio is the asset allocation strategy that yields the highest cumu-
lative returns this is highly argued. The advocates for the minimum vari-
ance portfolio highlights the out-of-sample performance and the sample er-
rors that arise from the estimation of the assets returns, mean and covariance
matrices.

Candelon, Hurlin, and Tokpavi (2012) divided these sampling errors into two
types of uncertainty, where the first one stemmed from the estimation of as-
sets returns mean and the second one stemmed from the estimation of covari-
ance matrices. Haugen and Baker (1991) found evidence suggesting that the
minimum variance portfolio outperformed the equally weighted portfolio
out-of-sample. Although the minimum variance portfolio relies exclusively
on estimates of the covariance and does not capture the sample errors from
estimating the asset returns mean, it still suffers the errors stemming from
the estimation of the covariance matrix.

However, studies by Demiguel and Nogales (2009) and Jagannathan and Ma
(2003), demonstrated that the minimum variance portfolio outperformed the
tangency portfolio when constraints of short-sale were included. Kolusheva
(2015) performed a study on the S&P 500 Sector portfolios between 1989 and
2007. The result suggested that sample-based mean-variance portfolios are
volatile and perform poorly out of sample in terms of Sharpe Ratios, equiv-
alent certainty returns, and turnover. Moreover, she argued that minimum
variance portfolios are supposed to be less susceptible to that estimation er-
rors. Kan and Zhou (2007) showed that with parameter uncertainty, holding
the sample tangency portfolio was never optimal. However, Theron and Van
Vuuren (2018) argues that the minimum variance portfolio typically suffers
from high levels of concentration and is exposed to considerable estimation
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error leading to high turnover and sometimes substantially different solu-
tions when the estimation window is moved even a single step forward if
left unconstrained.

Concluding Remarks
The different investment strategies presented in this section have different
properties, and investors select the optimal portfolio based on their own
preferences. In this thesis, we will present our results in the light of the tan-
gency portfolio, since this portfolio empirically has shown to outperform the
other strategies. Moreover, a survey conducted by Goltz and Schröder (2010)
showed that more than 67% of hedge funds managers construct their portfo-
lio based on the Sharpe optimisation, even though the many shortcomings of
using this strategy. The implications of choosing the tangency portfolio as the
optimal portfolio, could, however, imply poor out-of-sample performance.

4.2.2 "Buy-and-Hold" Strategy

The "Buy-and-Hold strategy" is a common trading strategy based on the ob-
jective to maximise profit for the investor (Hui and Yam, 2014). The strategy
is based on buying a stock and hold it for a longer period and then realise the
returns. This strategy are based on the efficient market hypothesis (EMH)
(Hui and Yam, 2014; Cohen and Cabiri, 2015). EMH was first theoretically
formulated by Samuelson (1965). He argued that the market is efficient un-
der the condition of perfect competition, meaning that all market participants
have access to the same information which are reflected in the stock prices
(Alajbeg, Bubaš, and Šonje, 2012).

As a result, if the efficient market hypothesis holds, the assets should be fairly
priced at all time, and it should be impossible to achieve above average re-
turns on a risk-adjusted basis. The buy and hold strategy has several advan-
tages compared to a passive investment strategy. First, the strategy is easy
to implement and does not require monitoring which implies lower trans-
actions costs, since the number of transactions is lowered. Moreover, the
buy-and-hold strategy also makes the timing of the investment irrelevant,
since the investor will invest in the portfolio regardless of the fluctuations
in the market. In other words, it has no implications whether the market is
bull or bear. However, the drawbacks of this strategy are that the investor
has an unlimited downside. That is, since the investor holds the assets de-
spite downturns in the market, it requires patience and tolerance for risk, if
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not, the investor might end up buying high and selling low. Therefore, pro-
ponents of the efficient market hypothesis, which also are one of the main
assumptions under the mean-variance framework, believes that active man-
agement is wasted effort and unlikely to justify the expenses of monitoring
(Bodie, Kane, and Alan, 2010). Consequently, we will in this thesis use the
buy and hold strategy. That is, we are assuming that investor buys and hold
assets for a three-year time horizon.

4.3 Performance Evaluation

In this section, the steps to evaluate the performance of the selected portfo-
lios will be presented. Performance evaluation typically starts with an exam-
ination of the overall portfolio risk-return trade-off during a specific period
(Haight and Morrell, 2015). In the following, we will present the information
ratio and why this ratio is a suited framework for performance evaluation.

Information Ratio
The information ratio, developed in 1973 by Treynor and Black, is charac-
terised as one of the most important performance measures in investment
management (Schneider, 2010).The ratio shows how much additional return
that has been generated per unit of additional risk and is able to answer the
question of how much a manager is rewarded in relation to the risks taken
when deviating from the benchmark. Unlike for example the Jensen’s Alpha,
the information ratio incorporates the tracking error the unique portfolio has
towards the benchmark (Bodie, Kane, and Alan, 2010).

The interpretation of the ratio is that the higher the ratio, the better. A general
consensus among the investment professionals is that an information ratio of
0.2 or 0.3 is superior (Kidd, 2011). Grinold and Kahn (1995) have in their
work rated an information ratio of 1 as "exceptional", 0.75 as "very good" and
0.5 as "good".

The information ratio can be expressed as

Information Ratio =
rp − rm

σp
=

α

ω
(4.45)

where rp is the rate of return of the portfolio, rm is the return of the benchmark
and ω is the volatility of the excess return, that is the standard deviation of
the α.
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The disadvantages of using information ratio are the possible upward bi-
ases that can arise from ignoring transaction costs. Grinold and Kahn (2000)
found that the information ratio decreased with approximately 0.2 after the
introduction of costs. Furthermore, Kidd (2011) points out that the choice of
a benchmark index is likely to have a significant effect on the ratio as small
changes in the benchmark can yield a notably different result. The impor-
tance of choosing an appropriate benchmark is also highlighted by Goodwin
(1998), who suggested that any information ratio that uses an inappropriate
benchmark should be discounted. Lastly, it is important to remember that
the information ratio can be manipulated and that a high information ratio
in the past not is a guarantee a high information ratio in the future (Goodwin,
1998).

4.4 The Level of Diversification

As discussed in Chapter 3, the level of diversification is one of the major
critics of sustainable investments. The diversification ratio was introduced
in Equation 4.16 in Section 4.1.1. In this section the diversification ratio will
be introduced again, but not with the purpose of an investment strategy but
as a measure of how well a portfolio is diversified.

Choueifaty and Coignard (2008) defined the diversification as the ratio of the
weighted average of volatilities divided by the portfolio volatility. In Equa-
tion 4.16, the denominator captures the combined risks of the assets whereas
the numerator captures the risk of each asset in terms of its portfolio weights,
provided that the assets are not fully correlated, this means that the denom-
inator should be lower than the numerator. This implies that the diversifica-
tion ratio always will be higher than 1 for a portfolio consisting of more than
two stocks (Mackenzie Investments, 2011).

Since the ratio measures the level of diversification, it can be used to com-
pare different portfolios. The interpretation of the ratio is that the higher the
ratio, the better the diversification (Mackenzie Investments, 2011). The ratio
emphasises properties of diversification that captures the difference between
holding a large number of assets and holding enough assets with low corre-
lation. That is, holding a large number of assets does not necessarily increase
the diversification ratio (Mackenzie Investments, 2011).
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Chapter 5

Data

This chapter is separated into three parts: Firstly, the data used in this thesis
and the construction of the data is introduced. Secondly, the data selection
process is described. Thirdly, limitations of the dataset are identified and
discussed.

5.1 Dataset

The selected investment universe of this thesis is the companies included in
the S&P 500 index. We have collected the corresponding ESG information of
these companies from the Thomson Reuters Eikon Database. In the follow-
ing, we will describe the dataset and the construction of the dataset.

5.1.1 ESG data

ESG ratings are qualitative data reported by the companies’ themselves. There
are no standardised legal requirements for ESG disclosure nor auditing pro-
cesses to verify the reported data (American Council for Capital Formation,
2018). There are several providers of ESG data, for example, MSCI, Sustaina-
lytics, Bloomberg L.P., and Dow Jones Sustainable Index. The problem with
ESG indexes is the lack of transparency between them, that is, without any
standardised requirements, one firm can have a variety of ratings across dif-
ferent index providers due to differences in methodology, subjective interpre-
tation and for example, agencies own agendas (American Council for Capi-
tal Formation, 2018). In this thesis, we will use Thomson Reuters (TR) Eikon
Database which will be described in the following.

Thomson Reuters EIKON ESG Scores

The Thomson Reuters ESG Scores covers nearly 70% of the global market
capitalisation and over 400 metrics (Refinitiv.com, 2019). A subset of 178
fields is selected out of the 400 company-level ESG measures to make an over-
all company assessment. The selection of a subset ensures comparability, in-
dustry relevance and data availability. The Thomson Reuters Eikon Database
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is an enhancement and replacement of the well used and known ASSET4
database. The new database, Eikon, differs from ASSET4 in mainly four as-
pects (Thomson Reuters, 2018): First, Eikon includes the controversy ESG
score. Second, the percentile rank score methodology replaces the equally
weighted rating methodology in ASSET4. Third, adjustments for industry
and country benchmarks are added to facilitate comparative analysis within
peer groups. Fourth, data-driven category weights are introduced to reflect
the data available within each category. The database has a history going
back from 2002 and has gradually evolved from including all S&P 500 com-
panies to a process of adding all the Russel 3000 Index companies into their
coverage (Thomson Reuters, 2018).

FIGURE 5.1: Thomson Reuters ESG Score

Illustration based on Thomson Reuters (2018), p.3.

The figure above illustrates how the TR Eikon data are constructed. First,
over 150 ESG analysts collect ESG data for companies through company re-
ports, CSR reports, news sources, stock exchange, and NGO websites (Thom-
son Reuters, 2018). Thereafter over 400 company level ESG measures are cal-
culated together with the subset of the standardised 178 critical ESG mea-
sures which covers the main three categories: Environmental, Social and
Governance that again consists of ten ESG themes. The description of each
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of these ten ESG themes can be found in Appendix A in Table A.1. The com-
bination of these ten themes are then weighted proportionally to the three
pillar scores and then a percentile weighted methodology, that will be de-
scribed later, is applied to calculate the Overall ESG Score.

To account for any scandals or controversies, the company involved in such
circumstances are penalised for this in the ESG Controversies Category. The
controversy score is by default always zero and covers 23 different contro-
versy topics. A description of these 23 controversy topics can be found in
Appendix A in Table A.2. A low controversy score reflects that the company
has experienced controversies. That is, if the benchmark consists of six com-
panies of which four has the value of zero and two have the value of one,
then the formula for the companies with no controversies, (value of 0), will
be (2+4/2)/6 = 67% and for the companies with one controversy, (value of 1),
the controversy category will amount to (0+2/2)/6 = 17% (Thomson Reuters,
2018). The last step is then the ESG Combined score which is the weighted
average of the overall ESG score and the ESG controversies category. Ac-
cordingly, when companies are not involved in ESG controversies, the ESG
Combined Score is equal to the ESG Score.

As discussed, the TR Eikon database has compared to its predecessor a dif-
ferent score calculation methodology going from a weighted score method-
ology to a percentile rank scoring methodology based on three main factors
(Thomson Reuters, 2018):

• How many companies are worse than the current one?

• How many companies have the same value?

• How many companies have a value at all?

Using this methodology, one overcome the sensitivity of outliers which make
the distribution of the scores almost flat. The implications of this are that
average, and standard deviation measures of the scores are not very useful.
The score is calculated based on this formula:

Score =
#Companies with a worst value + #Companies with the same value

2
# Companies with a value
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Each category score is the equally weighted sum of all relevant indicators for
each industry used to create it (Thomson Reuters, 2018). By using this per-
centile methodology one overcome differences in sectors and industries, for
example, one industry can have on average a higher ESG Score. To overcome
problems with varying governance structure across countries, the Thomson
Reuters ESG Score is built upon country benchmarks. The weighting of each
ESG factor is done by accounting for the number of measures constituting
them, i.e., account for their importance.

TABLE 5.1: Overview of Scores

Score Range Grade

0.000000 ≤ score ≤0.083333 D -
0.083333 < score ≤ 0.166666 D
0.166666 < score ≤ 0.250000 D +
0.250000 < score ≤ 0.333333 C -
0.333333 < score ≤ 0.416666 C
0.416666 < score ≤ 0.500000 C +
0.500000 < score ≤ 0.583333 B -
0.583333 < score ≤ 0.666666 B
0.666666 < score ≤0.750000 B +
0.750000 < score ≤ 0.833333 A -
0.833333 < score ≤ 0.916666 A
0.916666 < score ≤ 1.000000 A +

Source: Thomson Reuters (2018)

As one can see from Table 5.1, the scores are assigned to a letter ranging from
the best-rated companies A+ to worst rated companies D-.

TABLE 5.2: Descriptive Statistics ESG Data for 2013

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

Overall Score 474 59.313 16.014 11.938 48.608 71.557 90.512
Resource Use Score 474 64.092 27.037 4.902 45.604 87.770 99.766
Emissions Score 474 62.486 26.375 0.249 42.371 85.012 99.645
Environmental Innovation Score 474 54.678 27.279 0.459 31.410 80.315 99.751
Workforce Score 474 57.203 26.389 2.459 35.360 79.120 99.638
Human Rights Score 474 57.182 26.332 14.737 32.479 82.885 99.576
Community Score 474 75.419 18.399 12.637 63.570 90.164 99.638
Product Responsibility Score 474 59.594 24.411 3.968 40.659 79.602 99.645
Management Score 474 53.380 27.332 0.963 31.535 76.317 99.949
Shareholders Score 474 54.049 27.957 0.456 30.552 77.913 99.645
CSR Strategy Score 474 63.133 26.371 6.731 50.861 84.802 99.493
ESG Combined Score 474 44.976 15.921 11.707 33.990 54.747 90.512
ESG Controversies Score 474 32.807 26.009 0.156 8.264 60.395 76.923
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In Table 5.2 and Appendix A.2 the descriptive statistics of the dataset used in
this thesis can be found. As one can see in Table 5.2 the overall ESG score has
increased from being maximum 90.512 in 2013 to, as described in Table A.3
in Appendix A.2, reach a score of 93.205 in 2016. The ESG Combined score
has risen from being 90.512 to 91.809 in 2016.

5.1.2 S&P 500 Price Data

The S&P 500 index measures the value of the stocks of the 500 largest com-
panies measured by market capitalisation, listed on the New York Stock Ex-
change or Nasdaq Composite. The index is a float-adjusted market capitali-
sation weighted index. That is, it is calculated by taking the sum of the ad-
justed market capitalisation of all stocks within the index and then dividing it
with an index divisor, which is a proprietary figure developed by Standard &
Poor’s. In order to compare the selected optimal portfolio relative to the S&P
500 index, the historical weights of the 50 largest companies were retrieved
from Silbis Research Database.

FIGURE 5.2: Price Development and Normalised Returns for
S&P 500

Illustration based on data retrieved from Thomson Reuters Eikon Database.

In Figure 5.2 the development in price data and normalised returns are illus-
trated. We have collected monthly price data from Thomson Reuters Eikon
Database on all companies included in the S&P 500 from the 1st of January
2008 to 1st of January 2019.
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5.1.3 Risk-Free Rate

To calculate the Sharpe Ratio, as explained in Chapter 4, we need an estimate
of the risk-free interest rate. The risk-free interest rate is the theoretical rate
of return that can be earned when there is no risk in the position (Thomsett,
2018). The rate is theoretical because it is not possible to obtain in the real-
world since all types of investments have some type of risk involved. As a
result, we have to use a proxy for the risk-free interest rate.

TABLE 5.3: Overview of the estimated risk-free rates

Risk Free rate r f

2013 0.0702%
2014 0.2930%
2015 0.2417%
2016 0.2479%

Figures based on data retrieved from Datastream.

Analysts and academics often use the US Treasury Bill as a proxy for the
interest rate, which also is the case for this thesis. We argue that this is an ap-
propriate estimate considering that the companies included in the selected
portfolios are, as mentioned previously, listed on the New York Stock Ex-
change or Nasdaq Composite. To match the selected monthly data for the
S&P 500 stocks, the one-month US Treasury Bill Rate’s are used which is sim-
ilar to what is used in other studies for example (Campbell and Yogo, 2006).
The risk-free monthly rates are presented in Figure 5.3.

The risk-free rates are retrieved from Datastream, a Thomson Reuters soft-
ware. We selected the two-star quality rated US treasury bill, US DOLLAR
1M DEPOSIT (FT/TR) - MIDDLE RATE. This rate is quoted in yearly terms
which means that we have to transfer this reported interest rate ry to monthly
basis rm:

rm = (1 + ry)1/12 − 1 (5.1)
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5.1.4 Dataset Construction

FIGURE 5.3: Overview of the Dataset Construction

The dataset is constructed by using yearly ESG ratings provided by Thomson
Reuters from 2013 to 2016 together with monthly price data for each individ-
ual company included in the S&P 500 index. In order to find the optimal
portfolio, described in the theory outlined in Chapter 4, historical price data
are required. Accordingly, five years of historical monthly price data were
selected for the years with ESG data (2013-2016, see Figure 5.3.). That is, in
2013 we collected historical price data from the 1st of January 2008 to the 1st
of January 2013. In 2016, the period of data from the 1st of January 2009 to
the 1st of January 2014 was retrieved and so forth.

In order to evaluate the performance of the portfolio using a buy-and-hold
strategy, as discussed in Chapter 4, historical monthly price data were col-
lected in a plus three-year horizon. That is, in 2013, monthly price data from
the 31st of December 2013 to the 31st of December 2016 was retrieved.

Then, our final dataset was constructed combining the data needed in order
to find the optimal portfolio and to evaluate the performance of these port-
folios. We removed companies that i) was delisted or of other reasons had
incomplete data; or ii) had incomplete ESG data. For a company to not be
removed from the dataset thereby required companies to have ESG data for
the considered year and in total eight years of historical price data.
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5.2 Data Selection

As described in Chapter 4, using the Mean-Variance Stochastic Goal Pro-
gramming framework require a definition of sustainable assets. There are
various ways to classify whether an asset is sustainable or not. For example,
one can conduct a screening of the assets or one can use ESG indexes. In this
thesis we have defined sustainable assets by using the Thomson Reuters ESG
Scores. In Figure 5.4 this is illustrated, the subset h contains all sustainable
assets in our dataset and is selected based on the overall ESG score. We have
chosen to use an overall ESG score of A- or higher to determine sustainability,
i.e., the asset is sustainable if it has an ESG score of 0.75 or higher.

FIGURE 5.4: Overview of the Data Selection Process

Table 5.4 presents an overview of the size of the datasets after removing the
incomplete data and selecting the sustainable assets. The table shows that
roughly 25 assets were removed from the dataset each year and that the num-
ber of sustainable assets increased from being 78 in 2013 to being 125 in 2016.

TABLE 5.4: Overview of the Number of Assets in
Dataset m and h

Year of
ESG Screening

Number of Assets
m h

2013 475 78
2014 473 73
2015 476 98
2016 476 125
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5.3 Limitations of the Dataset

As discussed, our dataset covers all the individual companies included in
the S&P 500 for a given year between 2013 and 2016 including historical price
data from 2008 to 2018. However, one of the limitations of using an index like
the S&P 500 is that when a firm die, i.e., either go private or bankrupt, they
are removed from the dataset. This creates a bias called "Survivorship Bias."
As addressed in Brown, Goetzmann, and Ross (1995), the empirical evidence
in finance relies on the condition of a company’s survival to be included in
the sample. Vanguard Asset Management, Limited (2015) states in their re-
port that survivorship bias describes one of the most common flaws in data
analysis and that it matters because it tends to make the results seems better
than they actually are. That is, by omitting variables we create an upwards
bias.

Moreover, the choice of using a dataset consisting of large-cap companies
exclusively can create another bias, namely large-cap bias. According to
a report by American Council for Capital Formation (2018), an analysis of
over 4,000 ESG ratings provided by Sustainlytics showed that larger com-
panies tend to obtain better ESG Scores. The reason for this large-cap bias
might be because larger companies have the ability to prepare and disclose
ESG information while small-cap businesses have more limited resources to
pursue ESG standards (American Council for Capital Formation, 2018). The
report concludes that instead of having transparent ESG ratings, these rat-
ings are not only subjective but can leave investors in the dark about the real
strength of a company’s ESG practices (American Council for Capital Forma-
tion, 2018).

5.3.1 Windolph’s Six Generic Problems with ESG Ratings

Windolph (2011) systematise the challenges that corporate sustainability rat-
ings face. The first challenge is the lack of standardisation. Although the
different rating agencies address ESG issues, the methodology used varies,
and the data collection across various agencies varies a lot (Windolph, 2011).

The second challenge is the lack of credibility of the information. This chal-
lenge is due to the significant lack of data available. That is, analysts from the
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different agencies rely on companies own disclosed information. The credi-
bility of this disclosed information can be questioned due to managers own
incentives.

Thirdly, biases arise due to the composition of these ESG indexes, that is,
rating agencies overemphasise one of the three dimensions of ESG as well
as the type of companies that are being rated, i.e., rating agencies focus on
large companies which might cause sustainable leaders not to be identified
(Windolph, 2011).

The fourth challenge is trading off problems which means that by having a
single ESG score, one dimension can compensate for unsatisfactory partial
results (Windolph, 2011).

Fifth, the lack of transparency plays a significant role in the criticism of ESG
indexes. Not only do the agencies have different approaches to collect the
data, but also the methodology, assumptions, weightings, and the threshold
values can vary significantly across agencies.

Lastly, the sixth challenge is the lack of independence across rating agencies.
That is, the relationship between raters and companies established to gather
information raises the question of whether the ratings are independent or
not. Obviously, as the data rely on rating agencies networks, this means that
raters are increasingly dependent on personal interaction.
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Chapter 6

Empirical Results

This chapter builds upon the theory discussed in Chapter 3 and 4 applied
to the dataset presented in Chapter 5. This chapter is structured into three
parts, and each part serves to answer a research sub-question. Part 1 con-
sists of finding the optimal portfolios using the mean-variance and mean-
variance stochastic goal programming framework. That is, estimating the
efficient frontiers and corresponding sub-optimal frontiers. Thereafter, Part 2
compares the performance of the portfolios with a three year holding period
to our benchmark, the S&P 500 index. Lastly, Part 3 investigates the value
drivers in the optimal portfolios, including the implications of filtering the
investment universe for the level of diversification and how these drivers
can be used to assess the impact of the sustainable portfolios.

Different Investment Universes
Before we start this chapter, we need to describe the link between the discus-
sion of putting on restrictions to the investment universe in Chapter 3, with
the theoretical framework in Chapter 4 and the data selection process de-
scribed in Chapter 5. Figure 6.1 gives an overview of the connection between
the different chapters. First, we selected the opportunity set S of m assets.
This opportunity set represents the investment universe for this thesis, i.e.,
the individual companies included in the S&P 500 Index.

FIGURE 6.1: The connection between the Dataset and the The-
oretical Framework

Definitions: f̄emax represents the maximum of the mean expected returns for the subset of h sustainable assets.
g0 represents the required level of expected return (i.e., goal 1)



Chapter 6. Empirical Results 56

The MV-SGP framework balances the two goals represented by the two ex-
treme investor profiles. First, Goal 1 portrays the traditional investors who
optimise their portfolio based on the traditional mean-variance framework.
Second, Goal 2, mirrors the extremely sustainable investor who only cares
about the sustainability level of their optimal portfolio. In Chapter 5, sus-
tainable assets were defined as an asset with an ESG score equal to or greater
than 0.75. These sustainable assets then constituted the subset S∗ of h as-
sets. As discussed in Chapter 4, sustainable investors optimise their portfo-
lio based on a balance between Goal 1 (e0) and Goal 2 (g0). Goal 1 is deter-
mined by the financial perspective and follows the classical mean-variance
framework, where the portfolio variance is minimised subject to a required
expected return go. Goal 2, on the other hand, incorporates the investors’
aspiration level for the sustainability goal, λ-value. Lastly, as discussed in
both Chapter 3 and Chapter 4, the different investors have different attitudes
towards risk. The traditional investors are risk-averse following the mean-
variance framework, while sustainable investors incorporate their absolute
risk aversion to the optimisation problem.

6.1 Part 1: Finding the Optimal Portfolios

In this section, the theory outlined in Chapter 4 is used to find the optimal
portfolios. That is, this part will focus on answering the first sub-research
question: What is the optimal portfolios when using the Mean-Variance and
the Mean-Variance Stochastic Goal Programming framework? The main ob-
jective is to optimise portfolios based on three types of investors, the tradi-
tional mean-variance optimiser, and the two types of sustainable investors:
the value driven investor and the responsible profit seeking investor.

6.1.1 Solving the Model

The first step in this analysis is to specify the appropriate goals and investor
targets. As previously discussed, the goals account for both the financial-
and sustainability perspective. First the appropriate λ-values need to be de-
fined for the sustainable investors, i.e. the aspiration level of the sustainabil-
ity goal for each investor type. Ballestero et al. (2011) illustrates that only
extremely ethical investors, such as "quakers" would have a λ-value of 1
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since the "quaker" would never invest in the subset of S∗∗ assets (the non-
sustainable assets). This type of investor is described in Figure 4.6 as an ex-
tremely sustainable investor. In this thesis, a broad term of sustainability is
applied since the purpose is to reflect investor profiles that combine the tra-
ditional mean-variance framework with sustainability and not solely focus
on sustainability alone. This implies that although a value driven investor is
highly concerned about the sustainability of the investment, this is not at any
cost. Thus, following Ballestero et al. (2011), we argue that a λ value of 0.75
will reflect the aspiration level of the sustainable goal in a suitable way. For
the responsible profit seeking investor, the investor has a lower aspiration
for the goal and are more concerned about the financial perspective than the
value driven investor, such that a λ value of 0.25 seems acceptable.

In the following 2013 will be used as an example. First, the λ-values and f̄emax

are implemented into the sustainable investor target in Equation 4.25:

e0VDI = 0.75× f̄emax = 0.75× 0.03720 = 0.0279 (6.1)

and

e0RPI = 0.25× f̄emax = 0.25× 0.03720 = 0.0093 (6.2)

where the value f̄emax is the maximum mean returns for sustainable assets
and can be found in Table 6.1. The e0-values and f̄emax-values for the other
years can be found in Appendix B.1.

In order to optimise the portfolios, we need to calculate the covariance matri-
ces and the returns. For goal 1, the covariance matrix is simply the covariance
of opportunity set S, i.e., dataset m. For Goal 2, the covariance matrices are
calculated based on the subset S*, i.e., dataset h of sustainable assets. For
2013, subset h consists of 78 assets (See Figure 5.4). Due to the size of these
matrices, Table 6.1 shows a fragment of V1 and V2 where V1 represents all as-
sets and V2 represents the sustainable assets. In Appendix B.1 the fragments
of V1 and V2 for each year can be found. Due to the size of the dataset, these
covariance matrices and returns are calculated using the statistical software
R. The code can be found in Appendix B.3.
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TABLE 6.1: Fragment of Covariance Matrices and Vector Returns for
2013

1 2 .. 78 .. 475
V1

0.004209 0.000764 .. 0.004821 .. 0.005995
0.000764 0.002471 .. 0.000854 .. 0.000472
0.002213 0.001335 .. 0.004335 .. 0.004352
0.004081 0.001044 .. 0.006610 .. 0.011880
0.005673 0.002639 .. 0.009059 .. 0.013316
0.005093 0.001998 .. 0.007244 .. 0.009565

.. .. .. .. .. ..
0.005995 0.000472 .. 0.014573 .. 0.02927

V2
0.004209 0.001185 .. 0.004821 .. 0
0.000764 0.001582 .. 0.000854 .. 0
0.002213 0.000147 .. 0.004335 .. 0
0.004081 0.001359 .. 0.006610 .. 0
0.005673 0.002039 .. 0.009059 .. 0
0.005093 0.001657 .. 0.007244 .. 0

.. .. .. .. .. ..
0 0 .. 0 .. 0

Vector of Expected Returns
0.004688 0.003845 .. -0.00064 .. 0.015791

femax = 0.03720

To incorporate the investors’ psychological attitude towards risk into the
portfolio optimisation, the absolute risk aversion coefficients (ARA Coeffi-
cients) has to be defined. As described in Chapter 4, a test has to be formu-
lated that yields qualitative information on the investors ARA coefficients.
That is, investors are asked to compare their risk aversion for sustainable in-
vestment, H1 to traditional investment, H2. However, expert knowledge and
network are required to calculate the ARA coefficients. Therefore, the same
definitions as applied in Ballestero et al. (2011) are used to quantify the qual-
itative information. Following the logic of investor targets, the value driven
investor will have relatively low risk-aversion for investment H2 compared
to the traditional investment H1, namely twice as high (Ballestero et al., 2011).
For the responsible profit seeking investor, the risk aversion for investment
H2, would only be slightly higher than for investment H1, namely 4

3 .

The characteristics of sustainable investors can be described in the following
way: The value driven investors are willing to invest in the sustainable port-
folio, even though the consequences are undesirable levels of risk. Hence,
the value driven investor has a low ratio of

rH2
rH1

and a high sustainability
target e0. The responsible profit seeking investor, on the other hand, has a
lower sustainability target since the risk aversion,

rH2
rH1

increases. Lastly, the
traditional investor is characterised to be risk-averse and follows the classical
Markowitz (1952) framework.
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To implement the ARA coefficients into the portfolio optimisation, we insert
the values for r1 and r2 into the equation combing the covariances for all
assets V1 and the subset of the sustainable assets V2, namely Equation 4.24.

For the value driven investor equation 4.24 becomes:

V =
2
3

V1 +
1
3

V2 (6.3)

and for the responsible profit seeking investor the equation becomes:

V =
4
7

V1 +
3
7

V2 (6.4)

We have now calculated the monthly returns, mean values and covariance
matrices. For VDIs and RPIs this yield the following objective function from
Equation 4.41:

vVDI = min X(
2
3

V1 +
1
3

V2)XT (6.5)

and
vRPI = min X(

4
7

V1 +
3
7

V2)XT (6.6)

Subject to the following constraints from equation (4.42) and (4.43):

E1 = 0.004688x1 + 0.003845x2 + · · ·+ 0.015791475 ≥ g0

E1 = 0.004688x1 + 0.003845x2 + · · ·+ (−0.00064)x78 ≥ e0

Target g0 takes parametic values to obtain efficient frontiers. From equation
6.1 and 6.2 the targets are e0VDI = 0.0279 and e0RPI = 0.0.0093.

To close the model, non-negativity conditions in Equation 4.44 are added
together with the weights summing to one.

78

∑
i=1

x1 ≥ 0 (6.7)

To solve the model, we have used the mathematical computing software,
MATLAB developed by MathWorks. The code for the optimisation problem
can be found in Appendix C.
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For the traditional investors, the optimal portfolio is calculated using the
mean-variance framework. From Equation 4.6 we see that the objective func-
tion is the same as that of sustainable investors. However, assuming that the
traditional investor is a mean-variance optimiser means that we do not incor-
porate ARA coefficients into the covariance matrices. That is, in Equation 4.6
V = V1. We then minimise the objective function subject to the constraints in
Equation 4.7. We solved this problem using MATLAB, and the code can be
found in Appendix B.3.

6.1.2 The Optimal Portfolios

This subsection displays the results from the portfolio optimisation. First,
the results for 2013 are presented and thereafter the consecutive years. The
efficient frontier profiles for 2014-2016 can be found in Appendix B.2 in Table
B.5 - B.7. Table 6.2 presents the results from the portfolio optimisation for
2013 and shows the comparison of the efficient portfolios of the three investor
types.

TABLE 6.2: Efficient Frontier Profiles for 2013

RPI VDI Traditional

g0 v var
78

∑
i=1

g0 v var
78

∑
i=1

g0 var
78

∑
i=1

0.0058 0.0003 73.23%
0.0093 0.0007 0.0007 98.64% 0.0093 0.0003 60.25%
0.0100 0.0007 0.0008 97.05% 0.0100 0.0003 56.19%
0.0160 0.0009 0.0010 74.11% 0.0160 0.0005 43.94%
0.0220 0.0013 0.0017 56.17% 0.0220 0.0009 19.87%
0.0279 0.0021 0.0029 39.87% 0.0279 0.0145 0.0145 100.00% 0.0279 0.0016 0.00%
0.0300 0.0025 0.0035 38.00% 0.0300 0.0167 0.0169 95.69% 0.0300 0.0020 0.07%
0.0320 0.0030 0.0043 36.95% 0.0320 0.0196 0.0196 91.59% 0.0320 0.0026 0.43%
0.0340 0.0036 0.0053 35.62% 0.0340 0.0220 0.0226 87.48% 0.0340 0.0033 0.69%
0.0360 0.0045 0.0066 33.45% 0.0360 0.0251 0.0261 83.38% 0.0360 0.0043 0.64%
0.0380 0.0055 0.0081 30.82% 0.0380 0.0287 0.0299 79.27% 0.0380 0.0055 0.47%
0.0400 0.0068 0.0100 28.19% 0.0400 0.0326 0.0342 75.16% 0.0400 0.0071 1.41%
0.0420 0.0083 0.0122 26.07% 0.0420 0.0093 1.31%
0.0440 0.0103 0.0155 25.00% 0.0440 0.0122 0.68%

0.0487 0.0269 0.00%

Definitions: g0 represents the level of the required expected return, v = minXVXT ,
var = XV1XT , and ∑78

i=1 represents the level of sustainable assets in the portfolio

Table 6.2 shows that traditional investors have the opportunity to reach an
optimal portfolio with an expected return of g0 = 0.0487. This represents
the highest possible return among all investor types. The RPIs can reach a
feasible portfolio almost as high at g0 = 0.0440. In contrast, the value driven
investor can only reach a portfolio of g0 = 0.0400. This is relatively close to
the highest feasible g0 for traditional investors and responsible profit seeking
investors.
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Although both the RPIs and VDIs can reach almost the same level of expected
return as the traditional investors, their risk profile differs. Under the column
var, the different variances of the efficient portfolios are calculated and rep-
resent the level of risk. Most conspicuously, Table 6.2 shows that the level of
risk for the value driven investors is significantly higher than the risk for the
traditional investor. For VDIs the highest possible expected return is given
by g0 = 0.0040 with a corresponding variance of var = 0.0342, 0.0220 higher
than the variance for traditional investors at the same level of expected re-
turn. Other things being equal, we now can infer that traditional investors
outperform VDIs in terms of the risk-return trade-off. The same also ap-
plies to RPIs, although the differences in terms of risk and return trade-off
are smaller. RPIs can at maximum reach a portfolio with an expected return
of g0 = 0.0440 with the corresponding variance of var = 0.0155 this is 0.0033
higher than the variance of the traditional investor at the same level of ex-
pected return.

Moreover, the results in Table 6.2 also shows that the weights in sustainable
assets affect the expected return of the portfolio. For example, for VDIs the
highest feasible portfolio has an expected return of g0 = 0.0400 and holds a
weight of 75.16% in sustainable assets. For the portfolio with 100% invested
in sustainable assets, the expected return decreases with 0.0121 compared to
the portfolio with 75.16% invested in sustainable assets. This implies that
the higher the invested amount in sustainable assets, the lower the expected
return. Table 6.2 shows that this also applies to the RPIs.

The RPIs obtain the highest possible expected return when investing 25% in
sustainable assets. Since the difference between the minimum weight, i.e.,
25%, and maximum weight, i.e., 98.64%, invested in sustainable assets are
greater, the decrease in expected return when investing 98.64% in the sus-
tainable assets are also higher, with a drop in expected return of 0.0347 com-
paring the two portfolios.
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TABLE 6.3: Portfolio Weights for 2013

Type Weights in Sustainable Assets

RPI 25.00% ≤
78

∑
i=1
≤ 98.64%

VDI 75.16% ≤
78

∑
i=1
≤ 100.00%

Traditional 0.00% ≤
78

∑
i=1
≤ 73.23%

Table 6.3 presents the weight in sustainable assets for the different investor
profiles. The traditional investor does not have any restrictions towards in-
vesting in sustainable assets and can select assets from the whole investment
universe. However, among the optimal portfolios of the traditional investor,
the maximum invested in sustainable assets are 73.23%. As discussed in
Chapter 3, this might be explained by diversification purposes, i.e., including
sustainable assets diversify the overall risk of the portfolio.

Figure 6.2 displays the efficient frontiers and illustrates the information found
in Table B.5 - B.7 in Appendix B.2. As expected and discussed in Chap-
ter 3, the frontiers for sustainable investors are sub-optimal relative to the
traditional investors as a consequence of filtering the investment universe.
For 2014, the optimal portfolios for the different investor profiles reach both
higher and lower feasible levels of the expected return g0. VDIs now reach
optimal portfolios with expected return of g0 = 0.0575 at maximum with
75.00% invested in sustainable assets and g0 = 0.0420 at minimum with 100.00%
invested in sustainable assets. This finding implies that, as for 2013, the
greater position invested in sustainable assets, the lower expected return.
The highest achievable expected return portfolio for RPIs has an expected
return of g0 = 0.0600 when 25% are invested in sustainable assets. The tra-
ditional investor reaches a g0 slightly higher, of 0.0621. However, when both
investor types, i.e., the traditional and RPI receive g0 = 0.06, the traditional
investors’ optimal portfolio has a lower variance than RPIs, namely 0.0021.
Figure 6.2 display this finding since the portfolio of RPIs are located closer to
the portfolio of traditional investors in 2014 than in 2013.
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FIGURE 6.2: Efficient and Sub-Optimal frontiers
& Monthly Figures

The figure illustrates the efficient frontiers for the three investor types. The development
shows that the difference in terms of risk and return between the different investor types

becomes smaller over the four years.

Figure 6.2 illustrates that 2015 follows the same development seem in the pre-
vious years. However, as shown in Table B.6 the maximum levels of g0 are
slightly lower. Most evident in these findings are that the optimal portfolios
of RPIs are even closer to the optimal portfolios of the traditional investor.
For example, the portfolio with the minimum achievable level of expected
return for RPIs, g0 = 0.132, yields a corresponding variance of var = 0.003
only 0.001 higher than the risk of the portfolio with the same level of ex-
pected return for the traditional investors. Their composition might explain
the difference in risk between these portfolios since RPIs has 70.34% invested
in sustainable assets while traditional investors only have 40.59% invested in
sustainable assets of this portfolio.
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In 2016, as illustrated in Figure 6.2, both the VDIs and RPIs have optimal
portfolios that are significantly closer to the optimal portfolios of the tradi-
tional investors compared to the previous years. As shown in Table B.5, both
RPIs and the traditional investors exhibit the same risk profile for the portfo-
lio with an expected return g0 = 0.0113, namely var = 0.0002 which represent
a remarkable shift compared to the portfolios of these investor types in 2013.

The VDIs experience the greatest improvement in terms of the risk and return
trade-off, evident in Figure 6.2, where the major gap between the traditional
investors’ efficient frontier and the VDIs frontiers are significantly reduced.
That is, when comparing the variance of the portfolio with the lowest ex-
pected return for VDIs to the portfolio with the same level of the expected
return of the traditional investor, the difference in variance in 2013 are 0.0129
compared to only 0.003 in 2016. Translating this variance into standard devi-
ations, the difference between the two investor types decreases from 11.22%
in 2013 to 1.23% in 2016. This is reflected in Figure 6.2 when looking at the
gap between the two investor types at the lowest point of VDIs frontier in
2013 to the lowest point on VDIs efficient frontier in 2016. Moreover, the op-
timal portfolios of VDIs have developed from being approximately linear to
take the hyperbolic shape that is typical for efficient frontiers.

As discussed in Chapter 4, all points on the efficient frontier are optimal port-
folios, and different investors would select their optimal portfolio on the ef-
ficient frontier depending on their risk aversion and investment strategy. In
the next section, we will discuss and select the optimal portfolio based on the
selected investment strategy for this thesis.
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6.2 Part 2: Comparison of Portfolio Performance

This part applies the theory about investment strategies introduced in Chap-
ter 4 to select and evaluate the optimal portfolio. This part covers the second
sub-question: How do the optimal portfolios perform compared to a bench-
mark over time? In order to answer the question, this section is separated
into two parts. The first part involves selecting an investment strategy for
portfolio selection. Thereafter, the second part compares the selected portfo-
lios to the benchmark portfolio, the S&P 500 index.

6.2.1 Selecting the Tangency Portfolio

The efficient and sub-optional frontiers obtained in Part 1 of this chapter
shows all the different optimal portfolios. In order to select a portfolio for the
different types of investors, an investment strategy needs to be selected. As
discussed in Subsection 4.2.1 in Chapter 4, the different investment strategies
presented have different properties, and investors select the optimal portfo-
lio based on their own preferences. The results in this thesis are, therefore,
based on the discussion in Chapter 4, presented in the light of the tangency
portfolio.

The tangency portfolio can be found by maximising the Sharpe Ratio in Equa-
tion 4.11 defined in Chapter 4. The risk-free rate presented in Chapter 5 is
used as the risk-free rate to calculate the Sharpe Ratio. The maximisation
problem is solved using a solver in MATLAB. Figure 6.3 shows the location
of tangency portfolios obtained for the different investors each year.
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FIGURE 6.3: Tangency Portfolios (Max Sharpe)

The figure illustrates the efficient frontiers for the three investor types. The dots displays
were the tangency portfolio for each investor type is located.

Figure 6.3 shows that the tangency portfolio for the VDIs is both in 2013
and 2014 is located at the lowest point on the sub-optimal frontier, i.e., the
portfolio with the lowest possible variance given the minimum level for the
sustainability goal. That is, in 2013 and 2014 the tangency portfolio and the
minimum variance portfolio are located at the same point, i.e., the same port-
folio. In contrast, in 2015 and 2016 the VDIs tangency portfolio is located at
a point right to the portfolio with the lowest possible variance on the fron-
tier. Furthermore, the RPIs tangency portfolio for all years is located right to
the traditional investors’ tangency portfolio but at a decreasing distance as a
result of more similar risk profiles as discussed in Part 1.
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TABLE 6.4: Tangency’s Sharpe Ratios

Tangency Portfolio:
Sharpe Ratio

Traditional VDI RPI
2013 0.978 0.226 0.516
2014 1.079 0.435 0.848
2015 1.020 0.567 0.924
2016 1.055 0.794 1.033

Table 6.4 shows the Sharpe Ratios for the tangency portfolios for each type
of investor from 2013-2016. For the traditional investors, the Sharpe Ratio
varies each year, which one would expect considering that the traditional
investor has no restrictions imposed on the investment universe. Anyhow,
both the VDIs and the RPIs experience a growth in the Sharpe Ratio from
2013 to 2016, by 0.57 and 0.52 respectively. As Table 6.4 shows, the VDIs’
Sharpe Ratio increased the most from 2015 to 2016 (by 0.23), while the RPIs’
Sharpe Ratio increased the most from 2013 to 2014 (by 0.21).

Part 1 provided a discussion of how much each of the equally optimal port-
folios had in sustainable assets. Thus, it is interesting to consider the com-
position of the selected tangency portfolios, and this is presented in Table
6.5.

TABLE 6.5: Weight in Sustainable Assets

Tangency Portfolio:
Weights in Sustainable Assets

Traditional VDI RPI
2013 0.00% 100.00% 53.45%
2014 0.00% 98.99% 47.37%
2015 3.55% 96.51% 44.65%
2016 31.00% 96.51% 60.81%

For the traditional investors, the weight in sustainable assets increases from
0% in 2013 to 31.00% in 2016. This is noteworthy as the weight in sustainable
assets was 0%, 0% and 3.55% respectively in the previous years. However, as
Figure 6.3 shows, the traditional investors and the RPIs tangency portfolios
are located significantly closer in 2016 compared to the previous years. Table
6.5 displays that this is also the case for the tangency portfolios of RPIs which
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increases its positions in sustainable assets from 53.45% in 2013 to 60.81% in
2016. On the contrary, the weight in sustainable assets for the VDIs decreases
from 100% in 2013 to 96.61% in 2016. This finding might suggest that expand-
ing the total assets available in the filtered investment universe, i.e., sustain-
able assets, results in more sustainable assets to choose from and these might
be more correlated and less diversified. Consequently, VDIs might need to
add non-sustainable assets into their portfolio for diversification purposes.
The opposite might be the case for RPIs and traditional investors’ who ini-
tially held a greater position in non-sustainable assets and now have more
sustainable assets to choose from.

The optimal portfolios are now selected and located on the efficient frontier
for each investor profiles. This enables us to proceed to the comparison of
the different investor types of optimal portfolios performance.

6.2.2 Performance Evaluation

The information ratio can, as discussed in Chapter 4, be used to evaluate
the performance of portfolios compared to a benchmark portfolio. Chapter
4 highlighted the importance of using an appropriate benchmark. We argue
that using the S&P 500 as a benchmark is appropriate since the companies
included in this thesis consists of companies listed on the S&P 500 index.

As discussed in Chapter 4, this thesis follows the passive buy-and-hold in-
vestment strategy with a three-year holding period. For 2013, the investment
period will, therefore, correspond to an investment period from the 1st of Jan-
uary 2013 to the 31st of December 2015. For 2014, the investment period will
correspond to an investment period from the 1st of January 2014 to the 31st
of December 2018, and so forth. The return is calculated at the end of every
month to show how the return develops over the three years. The return is
calculated using realised net return, for the buy-and-hold strategy Equation
4.1 can be written as:

Holding Period Return =
(End of Period Value− Initial value)

Initial Value
(6.8)

The realised net return is calculated for the S&P 500 benchmark and the tan-
gency portfolio in order to find the excess return that later will be used to
calculate the information ratio. As explained in Chapter 4, the information
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ratio allows for tracking the portfolio performance relative to a benchmark
while adjusting for the additional risk taken when deviating from the bench-
mark.

The first step to estimate the information ratio is to calculate the excess re-
turns. The excess return is simply the portfolio return less the return of the
benchmark, the S&P 500.

TABLE 6.6: Excess Return Overview

Traditional VDI RPI

End of Y1 End of 2 End of 3 End of Y1 End of Y2 End of Y3 End of Y1 End of Y2 End of Y3
2013 28.41% 60.66% 104.81% -6.89% -2.64% -32.72% 9.64% 21.89% 51.02%
2014 14.06% 61.21% 31.22% -1.34% 37.09% 10.24% 6.71% 26.44% -0.24%
2015 5.94% -11.41% -20.33% 6.55% -8.44% -4.53% 5.34% -11.37% -17.42%
2016 13.64% 17.54% 0.96% -14.43% -8.67% -0.14% -8.91% -12.18% -12.12%

Table 6.6 gives an overview of the different portfolios excess return and il-
lustrates the development after holding the portfolio for one year, two years
and three years. The traditional investors’ and RPIs’ 2013 tangency port-
folio exhibit positive excess returns throughout the holding period whereas
VDIs exhibit negative excess returns which means it underperformed rela-
tive to the S&P 500 benchmark. The 2014 tangency portfolio exhibit more
volatile excess returns over the holding period, especially for the tangency
portfolio of RPIs who, after holding the portfolio for two years, has a posi-
tive excess return of 26.44 and reveals a negative excess returns after holding
the portfolio for three years. For the 2015 tangency portfolio, this negative
trend continues, and after holding the portfolio for three years, all three in-
vestor types experience negative excess returns. VDIs, however, experience
the least negative excess returns of the investor types with an excess return of
−4.3%. This also applies for the sustainable investor types for the 2016 tan-
gency portfolios, except for the traditional investors who again outperforms
the benchmark. Figures over the portfolios’ monthly development in terms
of excess return can be found in Appendix C.2.

The next step is to calculate the standard deviations of the excess returns.
These are calculated using STDEV.S in Excel and can be found in Appendix
C.3. Finally, the information ratio can be calculated using Equation 4.45. An
overview of the information ratios can be found in Table 6.7 which shows the
development in information ratio over the holding period. Based on a three
year holding period, the most interesting information ratio can be found in
the column "End of Year 3" in Table 6.7
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TABLE 6.7: Overview of the Information Ratios

End of Year 1 End of Year 2 End of Year 3

Investment Year
(Tangency Portfolio) Traditional VDI RPI Traditional VDI RPI Traditional VDI RPI

2013 0.89 -0.58 0.59 1.91 -0.22 1.33 3.29 -2.74 3.11
2014 0.73 -0.08 0.68 3.19 2.24 2.69 1.62 0.62 -0.02
2015 0.67 1.19 0.69 -1.29 -1.54 -1.46 -2.30 -0.83 -2.24
2016 -0.82 -3.34 -1.12 -1.32 -2.01 -1.54 -1.74 -0.03 -1.53

The 2013 tangency portfolio for the traditional investors exhibited the highest
information ratio, with an information ratio of 3.29. The RPIs 2013 tangency
portfolio closely follows this with an information ratio equal to 3.11. Not
surprisingly, considering the previous findings, the information ratio for the
RPIs are close to that of the traditional investors for all portfolios (2013 to
2016). The tangency portfolios of VDIs are least volatile after holding the
portfolio for three years. For the VDI the information ratio for the 2014, 2015
and 2016 tangency portfolios are 0.62, −0.83 and −0.03 respectively, mean-
ing that after holding the VDIs tangency portfolio for three years exhibit the
performance closest to the market, namely the S&P 500 benchmark. Table 6.7
also displays that the traditional investors’ portfolios performance varies the
most, performing the worst and best compared to the benchmark, with an
information ratio of 3.29 in 2013, and −2.3 in 2015.

FIGURE 6.4: Comparison of Information Ratios for 2013 and
2016
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Figure 6.4 shows the development in the information ratio of the tangency
portfolios in 2013 and 2016 for the different investor types. Most conspicu-
ously, although the tangency portfolio of VDIs had the worst risk-adjusted
performance in 2013, it performed significantly better than both the tradi-
tional investors and the RPIs in 2016 and only slightly worse than the bench-
mark. Moreover, from Figure 6.4 it is also evident that the RPIs performance
follows the traditional investors’ performance closely for both the 2013 and
2016 tangency portfolios.

The performance of the tangency portfolios is now evaluated compared to
the benchmark. However, in order to explain the findings, we will in the
next part identify the implications of filtering the investment universe by
assessing the portfolio composition and potential value drivers.
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6.3 Part 3: Portfolio Composition

In this section, the theory outlined in Chapter 3 and Chapter 4 is used to ad-
dress the third sub-question: How are the optimal portfolios composed and
what are the characteristics of these portfolios? In order to answer this ques-
tion, Part 3 is separated into three. First, the level of diversification for the se-
lected optimal portfolio of the three different investor types will be assessed.
Next, an analysis of the industry concentration of the selected portfolios will
be presented. Lastly, the potential value drivers are identified to assess the
implications of ESG scores on the investment universe.

6.3.1 Diversification Ratio

Chapter 4.4 introduced the diversification ratio as a measure to compare the
level of diversification among the different portfolios. The diversification
ratio are calculated as follow: First, the standard deviation of each of the m
assets in the opportunity set S was calculated using the returns calculated in
Section 6.1.1. After that these standard deviations was weighted with their
corresponding weights in the selected optimal portfolio, i.e., the tangency
portfolio. The sum of these weighted standard deviations then resulted in a
measure of the risk of each asset in terms of its portfolio weight, namely σxi

from Equation 4.16. Thereafter this number was divided with the standard
deviations of the portfolio, σP from Equation 4.16. The standard deviation
of the portfolio, as well as the weighted average standard deviation, can be
found in Appendix D in Table D.1 and D.2. This yielded the following results:

TABLE 6.8: Overview of the Development in
the Diversification Ratio

Diversification Ratio

Traditional VDI RPI

2013 3.09 1.31 2.18
2014 2.85 1.14 2.25
2015 2.78 1.58 2.51
2016 3.02 1.98 2.89

Interestingly, the results in Table 6.6 provide evidence suggesting that the
views of Rudd (1981), as we discussed in Chapter 3, holds. That is, the port-
folio diversification is worse for the portfolios that are constrained by the
sustainability goal, i.e. when assets are selected from a filtered investment
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universe. The ratio further implies that the more aspiration level the investor
has for the sustainability goal, the worse is the diversification. Recall that
the implications of the aspiration level are such that a higher aspiration level
for the sustainability goal leads to a more narrow investment universe from
which an investor can select assets. Table 6.8 illustrates this finding were the
difference between the tangency portfolios of the RPIs and the traditional in-
vestors in terms of diversification ratio are significantly lower compared to
the difference between the VDIs and the traditional investors.

Most conspicuously are the development of the diversification ratio over the
period. Both sustainable investor types have since 2014 increased their diver-
sification ratio, which means that the portfolios of these types have become
more diversified. Especially, as illustrated in Figure 6.5, from 2015 to 2016,
VDIs experienced an increase in the diversification ratio of 25.32%. RPIs, on
the other hand, experienced a slightly lower growth of 15.14%, although it
has a higher ratio in absolute terms.

FIGURE 6.5: Diversification Ratio Development

Table 6.4 in Part 2, presented the calculations of the Sharpe Ratios for the
different investor types. The results showed that VDIs experienced the high-
est growth in the Sharpe Ratio from 2015 to 2016. As discussed in Chapter
3, increased diversification leads to lower risk because the idiosyncratic risk
is diversified away. Consequently, the increased diversification of the VDIs
tangency portfolio contributes to a lower overall risk of the portfolio. Table
D.2 in Appendix D shows that the volatility of the VDIs tangency portfolio
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in 2016 was only 2.83% compared to 4.51% in 2015. The properties of the
Sharpe Ratio takes into account the volatility of the portfolio, as defined in
the denominator of Equation 4.11. In other words, lower risk results in higher
Sharpe Ratio. Hence, these results suggest that the reason for the increase in
the Sharpe ratio are the higher level of diversification of the VDIs tangency
portfolio.

For the tangency portfolio of the RPIs, Table 6.4 also showed that the Sharpe
Ratio increased all years throughout the sample period. Interestingly, in 2016
the difference between the Sharpe Ratio for the traditional investor and the
RPIs was only 0.022. These results can be explained by the diversification of
RPIs optimal portfolio that are most diversified in 2016 with a ratio that is
only 0.13 lower than that of the traditional investor.

This can be inferred in many ways. However, the aspiration level for the sus-
tainability goal has remained the same, which might suggest that the focus
of ESG integration among companies affects the diversification. Recall that
the subset S∗ of h sustainable assets, has increased from consisting of only 73
assets in 2014 to consisting of 125 assets in 2016 (See Table 5.4). The theory
of diversification, as outlined in Chapter 3, implies that the number of assets
has an implication on the level of diversification. However, as discussed in
Section 4.4, this is only the case if the assets added into the portfolio have a
low correlation with the rest of the assets. That is, one cannot increase the di-
versification ratio by adding a considerable amount of assets with the same
correlation which often is the case when one invests in assets from the same
industry.

In order to highlight this issue, the next subsection will analyse the industry
concentration of the different portfolios.

6.3.2 Industry Concentration Analysis

In the following, an analysis of how the different optimal portfolios have dis-
tributed their weights into different industries are presented. The ESG data
retrieved from Thomson Reuters Eikon Database also included information
about the industry of which each company operates within, called"Industry
Group". This industry information is also the same used as a benchmark
in the calculation of the "Overall ESG Score" (See chapter 5.1.1). In order
to extract the industry concentration, the weights of the optimal portfolio
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are used, i.e., the tangency portfolio found in Section 6.2. Thereafter these
weights were ordered with the corresponding company- and industry data.

From the diversification ratio calculated in Subchapter 6.3.1, the results sug-
gested that the sustainable investors’ optimal portfolio became more diversi-
fied over the period. It is therefore interesting to see whether this also means
that they have spread their investments in an increasing number of industries
as the time has passed by. In the following, an assessment of the industry
concentration of each investor type will be presented.

FIGURE 6.6: Development in Industry Concentration:
Value Driven Investor

Figure 6.6 presents the industry concentration of the tangency portfolio for
the VDIs, who experienced the most substantial growth in the diversifica-
tion ratio. As illustrated, there has clearly been an increase in the number of
industries, as well as a decline in the total weight invested in a specific indus-
try. For example, in 2015 and 2016 the total weight in a specific industry was
roughly 30% in contrast to over 80% and over 40% in 2014 and 2013 respec-
tively. In 2014 VDIs exhibited the lowest diversification ratio, which can be
explained by the extreme weight in Hotels & Entertainment Services of 82.15%,
represented by the orange bar. Taking a closer look at this industry we see
that VDIs are only investing in one particular company and not surprisingly
this will affect the diversification ratio (recall the concept of "Do not put all
your eggs in one basket").
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The diversification ratio of the VDIs reached its highest value in 2016, rep-
resented by the blue bar. Moreover, as one can see, 2016 are the year with
investments in most different industries, namely eight different industries
accompanied by 2015, represented by the red bar, with seven different in-
dustries. We can not infer any special patterns of weight distribution to par-
ticular industries; however, what we can infer is that Pharamaceuticals are an
attractive industry throughout all years except 2014. Moreover, Speciality re-
tailers and Biotechnology & Medical Research are gaining more traction in 2015
and 2016.

Figure 6.7 illustrates the industry concentration analysis for the RPIs tan-
gency portfolios. The RPIs optimal portfolios over the period resulted in an
increased diversification ratio. Moreover, Figure 6.7 shows that the RPIs are
exposed to a higher number of industries compared to VDIs.

FIGURE 6.7: Development in Industry Concentration:
Responsible Profit Seeking Investor

As illustrated in Figure 6.7, none of the years has weights in industries ex-
ceeding 35%. Moreover, we can infer a development in the distribution of
the number of industries. From 2013 to 2015, the RPIs concentrated their
portfolio into a few specific industries whereas in 2016 the weights are spread



Chapter 6. Empirical Results 77

between a larger amount of industries and none of the industries has weights
larger than 18.41%. For 2016 and 2015, the RPIs held assets in 16 different in-
dustries compared to only 9 and 11 in 2014 and 2013 respectively. Although
the RPIs, as opposed to the VDIs, experienced a growth in the diversifica-
tion ratio from 2013 to 2014 of 3.21%. This growth might be explained by the
fact that the optimal portfolio allocated roughly 65% of the total weight in
two industries, Pharamaceuticals and Software & IT Services. In contrast to the
portfolio of VDIs, RPIs are invested in industries that often are not associated
with sustainability such as Oil & Gas, Machinery [...], Trains & Ships and Met-
als & Mining. Generally, this can be explained by the aspiration level for the
sustainability goal, i.e., the RPIs λ value.

In line with theory, the optimal portfolios of the traditional investor exhib-
ited the largest diversification ratio over the sample period. However, this
can not be said to be explained by the composition of industry distributions
alone. Figure 6.8 shows that the traditional investors spread the weights in
the tangency portfolio across 21 industries while the RPIs spreads the weight
between 30 industries. This might be surprising since traditional investors
have no restrictions regarding their investment universe.

FIGURE 6.8: Development in Industry Concentration:
Traditional Investor
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Figure 6.8 shows that the traditional investors, as the other two investor
types, invest in a wider range of industries in 2015 and 2016. That is, in
2016 and 2015 the optimal portfolio consisted of fifteen and eighteen differ-
ent industries respectively. The same development can be inferred from the
largest amount invested in a specific industry. For example, Pharmaceuticals
had over 30% of the portfolio weights in both 2013 and 2014 while in 2015
and 2016 the largest weight was around 15% and 25%, in Multiline Utilities.

Although these results in some way can help to understand the diversifi-
cation ratio and its development, one also need to keep in mind that these
results are affected by fluctuations within different industries including the
macroeconomic aspects and performance. In order to clarify this further, the
next paragraphs will look at the development per year by comparing the in-
vestor types.

FIGURE 6.9: Industry Concentration by Investor Type 2013

Figure 6.9 presents the industry concentration by investor type for 2013. This
graph, in line with what we discussed previously, shows that the traditional
investors’ and the RPIs’ optimal portfolios are distributed among a greater
variety of industries compared to the portfolio held by VDIs. The graph also
illustrates that all three investor profiles have large weights in Pharmaceuti-
cals and that RPI invests in almost the same industries as VDIs except for



Chapter 6. Empirical Results 79

Automobiles & Auto Parts. Additionally, RPIs invests in almost every industry
that the traditional investors held assets in, except for Biotechnology & Medical
Research and Speciality Retailers.

In Appendix D.2 the industry concentration by investor type can be found.
Figure D.2 show that in 2014, as in 2013, RPIs invest in the same industries
as the traditional investor. Figure D.1 in Appendix D.2, indicate that in 2015
there is a tendency that the investor types choose to invest in a broader vari-
ety of industries and not necessarily invest in the same industries.

Figure 6.10 shows that the same is applicable for 2016 as it was for 2015. The
tangency portfolios cover a broader variety of industries and might explain
the improvement in the diversification ratio for the different investor types.
All three investor profiles held assets in a larger amount of industries. More-
over, the traditional investors are exposed to all the same industries as the
sustainable investors.

FIGURE 6.10: Industry Concentration by Investor Type 2016

Part 2 in this chapter showed that the traditional investor increased the hold-
ings of sustainable assets in the optimal portfolio over the period. Moreover,
Table 6.5 showed that the traditional investors invested 31.00% in sustainable
assets in 2016, representing a remarkable development from holding 0.00%
in both 2013 and 2014 and only 3.55% in 2015. This might be explained by
Figure 6.10, which illustrates that the traditional investors invest in the same
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industries as the sustainable investors. However, this does not necessarily
mean that the traditional investors hold sustainable assets in these indus-
tries. Therefore, to investigate whether the increased weights in sustainable
assets can be explained by the increased focus on sustainability and ESG or
whether this can be attributed to the fact that the subset S∗ of h sustainable
assets was more extensive in 2016.

TABLE 6.9: Industry Concentration by Sustainable and Non-
Sustainable Assets in 2016 (For the Traditional Investor)

Industry Weight Number of
Companies Industry Weights Number of

Companies

Sustainable Assets Non Sustainable Assets

Multiline Utilities 25.58% 2 Beverages 13.49% 7
Pharmaceuticals 3.02% 5 Food & Tobacco 9.95% 14
Healthcare Providers & Services 2.40% 7 Hotels & Entertainment Services 8.83% 8
Others 0.00% 111 Specialty Retailers 8.83% 14

Automobiles & Auto Parts 4.91% 7
Pharmaceuticals 4.14% 8
Media & Publishing 3.70% 13
Healthcare Providers & Services 3.52% 7
Biotechnology & Medical Research 3.32% 2
Healthcare Equipment & Supplies 3.17% 17
Textiles & Apparel 2.84% 5
Software & IT Services 0.61% 18
Diversified Retail 1.68% 6
Others 0.00% 225

Total Weight in Sustainable Assets 31.00% 125 Total weight in Non-Sustainable Assets 69.00% 351

Table 6.9 shows that the increased amount invested in sustainable assets for
the traditional investor can be explained by the large investments in two
companies within the Multiline Utilities industry. Moreover, the other roughly
5% stems from Pharmaceuticals and Healthcare Providers & Services, recall that
from Figure 6.10, sustainable investors preferred these industries. These re-
sults might suggest that the traditional investor has invested in these sustain-
able assets for diversification purposes. However, to investigate this further,
we will in the following perform an analysis of the potential value drivers
that might affect these results to see how ESG scores affect the investment
universe.

6.3.3 Concentration of the Individual Assets

From analysing the level of diversification for each investor type optimal
portfolios over the sample period, the evidence suggests that when subset S∗

increases in terms of the number of h assets, the diversification in the sustain-
able portfolios correspondingly increases. As a result, the risk profiles of the
portfolios, depending on their aspiration level, are located closer to the tra-
ditional investors’ portfolios. Nonetheless, Part 2 evaluated the performance
of the optimal portfolios relative to the benchmark and provided evidence
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suggesting that after holding the portfolio for three years VDIs performed
almost as good as the benchmark. This section is therefore structured in the
following way: First, we examine how the optimal portfolios are composed
and whether there is a relationship between which individual assets the dif-
ferent investor types invest in. Next, we analyse whether our results suffer
from large-cap biases, as we discussed in Chapter 5, by comparing them with
the weights of the 50 largest companies included in the S&P 500 index.

Table 6.10 provides an overview of the five largest companies ordered by
weight for the different investor types for 2013. The results show that surpris-
ingly, among the 475 available assets, five of these assets constitutes 92.38%
of the total weight for the VDIs, while for the traditional and the RPIs these
five assets amounts to roughly 40% to 45%.

TABLE 6.10: Asset Concentration of 2013

Name Industry Overall ESG Score Type Weight
RPI

GENERAL MILLS Food & Tobacco 84.56 Sustainable 19.72%
ALEXION Pharmaceuticals 50.56 Non-sustainable 14.02%
TERADATA Software & IT Services 82.88 Sustainable 12.41%
BIOGEN Pharmaceuticals 79.04 Sustainable 10.46%
MONSTER BEVERAGE Beverages 20.35 Non-sustainable 8.92%
Total 65.53%

VDI

BIOGEN Pharmaceuticals 79.04 Sustainable 24.39%
CUMMINS Automobiles & Auto Parts 80.72 Sustainable 0.62%
STARBUCKS Hotels & Entertainment Services 83.04 Sustainable 5.39%
TENET HEALTHCARE Healthcare Providers & Services 82.24 Sustainable 42.31%
TERADATA Software & IT Services 82.88 Sustainable 27.29%
Total 100.00%

Traditional

ALEXION Pharmaceuticals 50.56 Non-sustainable 20.07%
DOLLAR TREE Diversified Retail 42.42 Non-sustainable 18.53%
O REILLY AUTOMOTIVE Specialty Retailers 40.40 Non-sustainable 12.20%
CABOT OIL & GAS Oil & Gas 32.32 Non-sustainable 10.43%
NETFLIX Software & IT Services 11.94 Non-sustainable 7.48%
Total 68.71%

Furthermore, the results show that there is little, but some consistency be-
tween the preferred assets of the different investor types. For example, the
RPIs invests in Biogen and Alexion which also are to find among the top five
assets for VDIs and the traditional investors. Moreover, Table 6.10 displays
that there is a clear difference between the VDIs and the traditional investors
regarding their sustainability preferences considering that all of the VDIs top
five assets are sustainable, whereas all of the traditional investors top five are
non-sustainable.
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In Appendix D.3 the overview of the top five individual assets in the portfolio
for 2015 and 2014 can be found. Table D.4 shows that the tendency from
2013 continues in 2014. The RPIs invest in Starbucks Corp as the VDIs do and
in Allergan Plc as the traditional investors do. In 2015, displayed in Table
D.3, the RPIs and the VDIs both select Intuit Inc and the traditional investor
and RPIs both invest in Allergan Plc. The most interesting development is
however that the five largest assets, ordered by weight, now only constitutes
92.38% of the portfolio for VDIs compared to 100.00% in both 2013 and 2014.

Recall that in 2016 the optimal portfolio of the RPIs and the traditional in-
vestor had roughly the same expected return and level of risk. This might
imply that the composition of these two portfolios is almost the same. Table
6.11 shows the top five assets for each investor type in 2016.

TABLE 6.11: Asset Concentration of 2016

Name Industry Overall ESG Score Type Weight
RPI

NISOURCE Multiline Utilities 78.11 Sustainable 18.41%
CONSTELLATION BRANDS A Beverages 48.36 Non-Sustainable 10.57%
TYSON FOODS Food & Tobacco 55.12 Non-Sustainable 9.45%
EXPEDIA GROUP Hotels & Entertainment Services 28.52 Non-Sustainable 7.93%
ULTA BEAUTY Specialty Retailers 54.40 Non-Sustainable 6.18%
Total 52.54%

VDI

VISA Software & IT Services 77.22 Sustainable 31.09%
NISOURCE Multiline Utilities 78.11 Sustainable 23.16%
GILEAD SCIENCES Biotechnology & Medical Research 79.71 Sustainable 15.81%
CIGNA Healthcare Providers & Services 78.15 Sustainable 11.82%
EQUINIX REIT Residential & Commercial REITs 77.09 Sustainable 6.07%
Total 87.95%

Traditional

NISOURCE Multiline Utilities 78.11 Sustainable 25.58%
CONSTELLATION BRANDS A Beverages 48.36 Non-Sustainable 11.66%
TYSON FOODS Food & Tobacco 55.12 Non-Sustainable 9.95%
EXPEDIA GROUP Hotels & Entertainment Services 28.52 Non-Sustainable 8.83%
ULTA BEAUTY Specialty Retailers 54.40 Non-Sustainable 5.70%
Total 61.73%

Table 6.13 illustrates that the five largest assets were invested in the same
companies although the traditional investors invested 61.73% in the five largest
assets compared to 52.54% of the RPIs. As expected considering the VDIs im-
provement in the diversification ratio in 2016, the total weight of the top five
assets has decreased even more from 2015 to 2016.

In order to evaluate the performance of the different portfolios the S&P 500
index was used as a benchmark, as discussed in Chapter 5, this is a mar-
ket capitalisation weighted index. In order to interpret the results, it is in-
teresting to look at how the tangency portfolio is constructed compared to
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the benchmark. When the portfolios are performing equal or better than the
benchmark, how do the weights correspond to their market cap and what
does this say about large-cap biases?

Chapter 5, Limitations of the Dataset, provided a discussion of how selecting
S&P 500 as an investment universe can create large-cap bias because of the
tendency that large capitalised companies often have a higher ESG score than
mid- and small-cap companies. In order to investigate how the tangency
portfolios are constructed and if there exist large-cap biases in the ESG index
a comparison with the weights of the 50 largest companies listed on S&P 500
will be presented.

TABLE 6.12: 50 Largest Companies included in
the S&P 500 Index

50 Largest Companies Included in the S&P 500 index

2016 2015 2014 2013

% of Total Weights 45.48% 44.78% 42.20% 42.30%
Weights in Sustainable Assets 27.67% 21.88% 14.15% 25.43%
# Sustainable Assets 29 25 17 27
Average ESG Score 76.95 72.93 70.73 76.73

Table 6.12 displays the descriptive statistics of the historical weight distribu-
tion of the 50 largest companies on the S&P 500 Index. As presented in Chap-
ter 5, these data are matched with the corresponding ESG Scores in the final
dataset. Most interestingly, out of 500 individual companies, the 50 largest
constitute over 40% of the total weights. Moreover, out of these 50 compa-
nies, the weights in sustainable assets are above 20% for all years except for
2014. As shown in Chapter 5.2, 2014 was the year with the lowest number
of sustainable assets and correspondingly lowest diversification ratio for the
VDIs.

The overall ESG Scores, using TR ESG Rating on the 50 largest companies,
shows that the average ESG score varies from A- in 2016 to B+ in 2014. The
high scores of the 50 largest companies suggest that there exists some large-
cap bias, however, without comparing these findings to small-cap and mid-
cap we can only infer that the largest companies on S&P 500, have high ESG
ratings and that the amount for more than forty per cent of the total distribu-
tion of assets.
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In Subsection 6.2.2 provided evidence suggesting that relative to the bench-
mark the 2016 tangency portfolio for the VDIs slightly underperformed with
0.03 in terms of information ratio, assuming a buy-and-hold strategy for three
years. These results might imply that the weights distributions of these two
portfolios are similar or that the combination of different assets yields the
same expected return. To investigate this further, we looked at the 50 largest
companies included in the S&P 500 index and compared these weights to the
weights of the portfolios for the different investor types.

TABLE 6.13: Total weights in the 50 largest assets in the bench-
mark compared to the weights in selected optimal portfolios for

2016

Weights in the 50 largest companies

Traditional VDI RPI S&P 500
0.00% 31.09% 4.97% 42.36%

Table 6.13 shows that the VDIs exhibit the largest weight in the 50 largest
companies in terms of weight on the S&P 500 index. The traditional in-
vestor held marginal weights in the 50 largest companies, rounded up to
0.00% while the RPIs hold 4.97% of the weight in the 50 largest companies.
This might be an explanation as to why the VDIs 2016 tangency portfolio
performs almost as good as the benchmark and why the 2016 tangency port-
folios for the traditional investors and RPIs deviate from the benchmark, as
illustrated in Figure 6.4. However, the VDIs has roughly 11% lower weight in
the 50 largest companies compared to the S&P 500. This might be explained
by the fact that of these 42.36% only 27.67% of them are sustainable.

From Figure 6.11 we can infer that although VDIs has roughly the same total
allocation of the weights in the 50 largest companies as the S&P 500 index,
this can be explained by one value driver, namely VISA with 31.09% of the
weight. The S&P 500 index, on the other hand, has only 0, 76% invested
in VISA. This indicates that the reason why these portfolios are performing
roughly the same cannot be explained by the weight distribution of the 50
largest companies included in the index. Moreover, the allocation of 4.97%
in the 50 largest companies of RPIs is also explained by investments in VISA.
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FIGURE 6.11: Distributions of individual Weights in assets in
2016

The graph illustrates that although the VDIs performance was close to the benchmark, this
cannot be explained by weights in the largest companies even though VDIs only has 11.00%
lower investments in the 50 largest companies than the benchmark. The graph shows that
this is caused by the large weight in VISA.

To sum up these findings, this section provides evidence suggesting that the
different investor types are investing in more of the same companies as the
time has passed. Moreover, the improvement in the diversification ratio for
the VDIs are reflected in the total allocation of weight in the top five individ-
ual assets as the sum of these top assets has decreased over time. Nonethe-
less, the findings suggest that the 50 largest companies included in the S&P
500 index have good ESG ratings. However, due to the information avail-
able, we cannot conclude that large-cap biases exist in the ESG ratings, but
the tendency that large-cap companies receive high ESG scores can be con-
firmed. Lastly, the performance of the 2016 tangency portfolio for the VDIs
cannot be said to be explained by the weight allocation in the 50 largest com-
panies included in the benchmark.
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Chapter 7

Discussion
This chapter consists of a discussion of the empirical results and answers the
research question for this thesis. The chapter is structured in the following
way: The first part uses the findings in Chapter 6 to quantify the cost of
choosing a sustainable portfolio. The second part evaluates the impact of
choosing a sustainable portfolio. The last part acknowledges the limitations
of the study.

7.1 Discussion of Empirical Results

The ultimate goal is to find out if choosing a sustainable portfolio includes
a sacrifice that involves a potential cost and whether choosing a sustainable
portfolio contributes to a more sustainable future. In this thesis, there are
essentially three different aspects related to the cost of choosing a sustainable
portfolio. In order to investigate whether there is a sacrifice, the two aspects
"Risk" and "Return" clearly has great influence. However, as this thesis has
shown, it is important to account for the sustainability requirement of the
different investor types. In the following, we will use the three different sub-
questions in order to discuss and ultimately answer the research question.

The first sub-question found the optimal portfolios of the different investor
types using the mean-variance and the mean-variance stochastic goal pro-
gramming framework. The results were in line with the theory discussed in
Chapter 4, where the frontiers of the sustainable investors were found to be
sub-optimal compared to the frontiers for the traditional investors. In other
words, the traditional investor exhibited optimal portfolios with a lower risk
for the same level of expected return compared to the sustainable investors,
RPIs and VDIs. The efficient frontier profiles suggested that filtering the in-
vestment universe had a clear impact on the risk profiles of the investors.
Nonetheless, the most surprising finding was the development of the fron-
tiers for sustainable investors over the period. The results showed an im-
pressive improvement in terms of risk and return and that the gap between
the optimal portfolios for sustainable investors compared to the traditional
investors had decreased remarkably from 2013 to 2016.
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Under the second sub-question, we evaluated how the different tangency
portfolios performed relative to a benchmark over a three year holding pe-
riod. Assuredly, one of the most interesting findings was that VDIs outper-
formed the RPIs and the traditional investors’ tangency portfolios in both
2015 and 2016 relative to the risk-adjusted benchmark (i.e., information ra-
tio). On the contrary, this was not the case for 2013. In 2013 both the tra-
ditional investors and the RPIs outperformed the benchmark whereas the
VDIs underperformed with a negative information ratio. Despite this, the
tangency portfolios for the VDIs from 2014 to 2016 exhibited the lowest fluc-
tuations in the information ratio among the three investor types. Another
interesting finding is that even though the RPIs takes sustainability into ac-
count, it follows the traditional investors’ performance and deviate from the
benchmark.

The third sub-question studies the composition and characteristics of the tan-
gency portfolios. The results confirmed the views of Rudd (1981) since the
traditional investor had the highest diversification ratio among all investor
types. In similarity with the previous sub-questions, studying the character-
istics of the portfolios showed an improvement in the diversification ratio
over the period for sustainable investors. The results indicated that the im-
provement in the diversification ratio was a result of investments in a greater
amount and a broader variety of industries and companies for sustainable
investors. Moreover, the findings showed that during the time period, the
different investor types invested in more of the same companies. The results
implied that the 50 largest companies included in the S&P 500 index on av-
erage exhibited high ESG scores; however, most of these companies was not
included in the tangency portfolios.

The results from these three sub-questions enable us to proceed to answer
the research question: What is the cost and impact of choosing a sustainable
portfolio? As the nature of the research question concerns both the cost and
impact, we will in the following discussion these aspects separately.
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7.1.1 The Cost of choosing a Sustainable Portfolio

In this thesis, two types of sustainable investors have been defined: the value
driven investors and the profit seeking investors. The cost of choosing a
sustainable portfolio, therefore, rely on two answers. The main finding of
this thesis showed that filtering the investment universe corresponded to a
sacrifice in terms of risk and return for the sustainable investors, although the
sacrifice was shown to be smaller for the RPIs than for the VDIs. However,
when evaluating the risk-adjusted performance of the tangency portfolios
after a three year holding period to the benchmark, the results implied that
sustainable portfolios not necessarily involved a sacrifice of return.

In order to quantify if choosing a sustainable portfolio includes a sacrifice
that involves a potential cost, we compare how the sustainable portfolios
performs in terms of their information ratio relative to the information ratio
of the traditional investors, as illustrated in Figure 7.1

FIGURE 7.1: Premium/Discount relative to the Traditional In-
vestor
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Figure 7.1 describes "premium" as the case when the sustainable portfolio in-
volves paying an additional premium for the same risk-adjusted return. This
is the case when the information ratio for the sustainable investors relative to
the traditional investor is located below zero on the y-axis. Conversely, "dis-
count" describes the case when it is cheaper to buy the sustainable portfolio
than the traditional portfolio in terms of risk-adjusted return relative to the
benchmark, i.e., a location above zero on the y-axis.

In 2013 and 2014 both the sustainable portfolios involves a premium relative
to the portfolio of the traditional investors. The cost of choosing a sustain-
able portfolio for RPIs can, therefore, be said to be equal to a −0.18 lower
information ratio than for the traditional investors in 2013 and −1.65 lower
in 2014. For VDIs, the premium paid for the sustainable portfolio is substan-
tially higher in 2013, namely −6.04 lower information ratio than the tradi-
tional investors but only −1.01 in 2014.

After 2014, the situation is the other way around. As illustrated in Figure 7.1,
the sustainable portfolios in 2015 and 2016 now come at a risk-adjusted dis-
count relative to the benchmark compared to the traditional investors. The
VDIs information ratio was 1.47 and 1.71 higher the traditional investors’ in-
formation ratio in 2015 and 2016 respectively. The RPIs performed slightly
better than the traditional investor with a discount corresponding to an in-
formation ratio of 0.06 and 0.21 higher than the traditional investors in 2015
and 2016 respectively.

These findings reflect the development described in the first part of this chap-
ter. Moreover, the results might provide evidence of the development in the
sustainable investments market. Not only has the market developed from
being a niche to a more sophisticated market, but also more investors and
business seems to integrate ESG factors into their decision-making process.
As a result, investments in sustainable portfolios do not longer necessarily
involves a sacrifice and thereby no cost compared to the traditional portfo-
lios.
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7.1.2 The Impact of choosing a Sustainable Portfolio

The first part of the research question was answered in the previous section.
The results illustrated the development in the sustainable investment market
and provided evidence suggesting that sustainable portfolios do not neces-
sarily include a cost. In Chapter 3, we discussed the possible impact that
sustainable investments can have towards meeting the requirements of the
Paris Climate Agreement as well as the UN Sustainable Development Goals.
In addition, we addressed the challenges with integrating ESG into the in-
vestment process, including data availability, greenwashing, cost of technol-
ogy and analytically skills required to process the ESG data. This part is
going to answer the second part of the research question, namely the impact
of choosing a sustainable portfolio.

As discussed in Chapter 3, in order to meet the Sustainable Development
Goals, $5-7 trillion are needed to be invested every year, especially in infras-
tructure, clean energy, water and agriculture. To illustrate how industries
that not necessarily are associated with sustainability, we assessed how com-
panies in the oil industry could receive both high ESG ratings and high en-
vironmental scores. We also saw that one of the oil companies, according to
Cherry and Sneirson, 2011, committed to greenwashing which also was seen
to be a major barrier for investors to integrate ESG in the investment process.
The interesting question to ask is therefore: Do the sustainable portfolios in
our sample have an actual impact and can we observe similar development
for the impact perspective as we did for the increased profitability of sustain-
able investments?

In Chapter 6, Part 3, we investigated the industry concentration and the dif-
ferent value drivers of the optimal portfolios for our three investor types. The
findings portrayed a development in which industries that were attractive for
the different investor types during our sample period. Most conspicuously,
the traditional investor had in the 2013 portfolio 10.43% invested in the Oil
& Gas industry. Although this investor type can choose among all the assets
and industries within the dataset, it did not invest in this industry in 2016.
On the contrary, we observe a development from being a none-sustainable
portfolio in 2013 and 2014 to have over 25% invested in the industry multiline
utilities in a sustainable company in 2016. Not only can we see that sustain-
able assets are more attractive for the non-sustainable investor, but also this
industry include infrastructure, clean energy and water which is a preferred
industry to achieve the requirements from the Paris Climate Agreement.
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For sustainable investors, we observe the same development as for tradi-
tional investors. That is, the portfolios for VDIs and RPIs in 2016 consists
of 23.16% and 18.41% respectively invested in multiline utilities consisting of
only sustainable assets. What we can infer from this is that it is a step in the
right direction and that this industry facilitates the ambition outlined in the
Paris Climate Agreement. We also see that the RPIs does not hold positions
in Oil & Gas after 2013. We argue that the reason for this development is the
increased focus on sustainable investments at both investor- and company
level which makes companies with ESG implemented in their core strategy
more attractive from both an ethical and return perspective.

To conclude, the composition of the optimal sustainable portfolios definitely
suggest having an impact towards UN Sustainable development goals and
the Paris Climate Agreement and the impact seems to have increased over
the sample period. Due to the scope of this thesis and the capacity available,
we do not by first glance find any evidence of greenwashing in our sam-
ple portfolios. However, as shown in our example, this might be the case.
Nonetheless, new regulations provided by the European Union will hope-
fully make other countries engage actively to prevent greenwashing from
being one of the major concerns for sustainable investments.

7.2 Limitations of the study

This section acknowledges the limitations of this study including character-
istics of methodology, applied assumptions and simplifications.

The selected methodology of mean-variance stochastic goal programming
for portfolio optimisation is assumed to be a satisfying approach to com-
bine financial and sustainability preferences (Ballestero, Pérez-Gladish, and
Garcia-Bernabeu, 2015). However, this methodology involves estimation of
ARA coefficients and aspiration levels for the sustainability goals and in-
vestor targets. This thesis has simplified the estimation of these ARA coef-
ficients due to limited network and available expert knowledge. Optimally,
the study should have been conducted based on a large data-sample of dif-
ferent investors risk aversion in order to elicit the ARA coefficients properly.
However, Ballestero et al. (2011) proved that changing the ARA coefficients
and investor targets had little or no impact on the results.



Chapter 7. Discussion 92

The choice of investment strategy also has an implication on the results. In
this thesis, we applied a passive buy-and-hold strategy over three years to-
gether with selecting the tangency portfolio as an optimal investment strat-
egy. We argued that this strategy was the best choice since it empirically
has shown to outperform other investment strategies. However, as shown
in Chapter 2, Figure 2.1, the second most used investment strategy for in-
vestors focusing on sustainability are voting and engagement. This makes it
natural to evaluate whether sustainable portfolio optimisation should have
included not only a passive investment strategy, such as buy-and-hold but
also an active investment strategy, such as reshuffling to better monitor the
sustainability goal of the investors. Although empirical evidence suggests
that the tangency outperform the different investment strategies, the major
drawback of choosing this strategy is the poor out-of-sample performance of
this strategy. That is, the evidence provided in this thesis might suffer from
poor out-of-sample performance and might not apply to other cases.

This study is conducted on the individual companies included in the S&P
500 index with corresponding ESG data. The study was performed over a
four year time period to prevent excluding too many of the companies due
to changes in the index, including delistings, mergers and of other reasons
removed companies. We could not overcome the problem of survivorship
bias, and the results might suffer from upward biases. Moreover, the evi-
dence found in Subchapter 6.3.3 might indicate that our selected investment
universe suffers from large-cap biases.

Moreover, the quality of the research depends on the quality of the ESG in-
dex. In this thesis, we had limited access to different ESG ratings such that
our results rely on one index. As discussed, the major drawback of ESG in-
dexes is their lack of transparency and standardisation, meaning that they
vary substantially across different agencies. Optimally, we would have com-
pared our findings across different ESG index to ensure the validity of the
results. As a consequence, our results might not be applicable for longer
time horizons and other ESG indexes.
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Chapter 8

Concluding Remarks
The purpose of this thesis was to find the cost and impact of choosing to
invest in a sustainable portfolio using the mean-variance and mean-variance
stochastic goal programming framework. Chapter 7 provided a discussion of
the three sub-questions and finally answered each part of the research ques-
tion. This chapter provides a conclusion of the thesis. Afterwards, the next
section includes suggestions for future research.

8.1 Conclusion
This thesis analysed the optimal portfolios for three different investors types:
The traditional investors, the responsible profit seeking investors (RPIs) and
the value driven investors (VDIs). The dataset included historical price data
and ESG scores for the individual companies listed on the S&P 500 index.
The research covered four years of ESG screening that resulted in optimal
portfolios for the different investor types from 2013 to 2016 derived using
the Mean-Variance and Mean-Variance Stochastic Goal Programming frame-
work. Then, the tangency portfolio was found and a three year holding pe-
riod was applied according to the buy-and-hold strategy to evaluate the per-
formance of the portfolios compared to a benchmark. Thereafter, in order to
evaluate if filtering the investment universe had any implications for the risk
profile of the different investor types, an assessment of the diversification
ratio, industry concentration and the portfolio composition was provided.
Ultimately, all of the sub-questions were discussed to quantify the cost and
impact of choosing a sustainable portfolio relative to the traditional portfolio.

The analysis provided evidence, in line with previous literature, suggesting
that imposing restrictions on the investment universe leads to sub-optimal
frontiers. In other words, the traditional investor outperformed sustainable
investors in terms of risk and return. However, most interestingly, the find-
ings showed that the gap between the frontiers for sustainable investors and
the traditional investors decreased substantially over the period.
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In Chapter 7.1.1, the cost of choosing a sustainable portfolio, we found that
although the traditional investors outperformed the sustainable investors in
terms of expected return and risk, sustainable portfolios did not necessar-
ily involve a cost. The cost was quantified comparing the information ratios
of the sustainable investors to the traditional investors. The cost thereby ac-
counted for the risk-adjusted excess returns for sustainable portfolios relative
to that of the traditional investors. This definition of cost enabled us to define
whether the sustainable portfolio included a premium or was at a discount.
The results were the same for both sustainable investor types: In 2013 and
2014 the sustainable portfolios included a premium. For RPIs the cost was an
information ratio of 0.18 and 1.65 lower than the traditional investor in 2013
and 2014 respectively. For VDIs the cost was an information ratio of 6.04 and
1.01 lower than the traditional investor in 2013 and 2014 respectively. Sur-
prisingly, In 2015 and 2016 the sustainable portfolios were at a discount. For
VDIs this discount was equal to an information ratio 1.47 and 1.71 higher the
traditional investors’ information ratio in 2015 and 2016 respectively. For the
RPIs the discount was smaller, corresponding to an information ratio of 0.06
and 0.21 higher than the traditional investors in 2015 and 2016 respectively.

In Chapter 7.1.2, the impact of choosing a sustainable portfolio found evi-
dence suggesting that the sustainable portfolios of this thesis had an actual
impact towards the UN Sustainable Development Goals. In order to achieve
these goals, it was highlighted that investments, especially in the industries
infrastructure, clean energy, water and agriculture, was necessary. Most con-
spicuously, the composition of the sustainable portfolios reflected the devel-
opment in the sustainable investments market. Especially, the sustainable
portfolios increased its holdings in industries that are seen to be necessary to
achieve the UN Sustainable Development Goals. In 2013 the RPIs portfolio
consisted of investment in industries such as oil & gas whereas in 2014 none of
the sustainable investors held a position in this industry. Nonetheless, from
not investing in multiline utilities in 2013 the sustainable investors developed
to invest 23.16% and 18.41% in this industry in 2016. However, as we ad-
dressed, these results might be influenced by greenwashing although this is
not evident at first glance. New regulations provided by the European Union
with a focus on preventing greenwashing and create more standardised dis-
closure of ESG information will hopefully contribute to eliminating this as a
barrier to invest in sustainability. However, this requires other countries to
follow the European Unions regulation.
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8.2 Suggestions for Future Research

Throughout the investigation of the cost of choosing a sustainable portfolio,
we believe we have determined the development in the ESG rating, the effect
of investing in different investment universe and how sustainable portfolios
perform over time. Nevertheless, due to the delimitations presented in sec-
tion 1.2 and the limitation of the study presented in 7.3 we were not able
to cover every aspect, and we will in this section discuss our thoughts for
further research.

A drawback in our research is as mentioned the quality of the ESG index.
Due to the limited excess to different ESG ratings our research consist of only
one index. It would have been interesting to compare out our findings across
different ESG index to see if the results applied to other indexes and thereby
validating the results.

Furthermore, other models and frameworks could have been applied to ver-
ify the results. On the one hand, other MCDM, such as the one mentioned
in Ballestero, Pérez-Gladish, and Garcia-Bernabeu (2015), could have been
applied to calculate the efficient and sub-optimal frontier. Moreover, differ-
ent optimal portfolios strategies, such as the maximum diversification ratio
portfolio and the global minimum variance portfolio mentioned in chapter 4
could have been used as the optimal portfolio to verify the research and see
if the same trends found here still would be applicable. Furthermore, as this
thesis only compare the portfolios using a passive investment strategy, "Buy-
and-hold" over three years, it would have been interesting to see how the
portfolios performed both over a longer "Buy-and-hold" period and when
choosing an active investment strategy. Especially, as mentioned in section
7.3, an active investment strategy such as reshuffling considering that the
most used investment strategy, as pointed out in chapter 2, is voting and
engagement.
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Appendix A

A.1 Description of Thomson Reuters Eikon ESG

Database

In the table below the definition of each ESG themes are described together
with the 23 different controversy topics (Thomson Reuters, 2018):

TABLE A.1: Category Scores

Definition

Environmental

Resource use
Reflects a company’s performance and capacity to reduce the use of materials,
energy or water and to find more eco-sufficient solutions by improving supply
chain management

Emissions Measures a company’s commitment and effectiveness towards reducing
environmental emission in the production and operational process

Innovation
Reflects a company’s capacity to reduce the environmental costs and
burdens for its costumers, thereby creating new market opportunities
through new environmental technologies and processes or eco-designed products

Social

Workforce
Measures a company’s effectiveness towards job satisfaction, a healthy and
safety workplace, maintaining diversity and equal opportunities, and
development opportunities for its workforce

Human Rights Reflects a company’s effectiveness towards resepcting the fundamental
human rights conventions.

Community Measures the company’s commitment towards being a good citizen, protecting
public health and respecting public ethics.

Product
Responsibility

Reflects a company’s capacity to produce quality goods and services
integrating and data privacy

Governance

Management Measures a company’s commitment and effectiveness towards following
best practice corporate governance

Shareholders Reflects a company’s effectiveness towards equal treatment of shareholders
and the use of anti-takeover devices

CSR Strategy
Measures a company’s practices to communicate that it integrates the
economic (financial), social and environmental dimensions into its
day-to-day decision making process.

Source: (Thomson Reuters, 2018)
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A.2 Descriptive Statistics ESG

TABLE A.3: Descriptive Statistics ESG Data for 2016

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

Overall Score 476 64.972 14.415 23.779 56.613 75.240 93.205
Resource Use Score 476 72.304 24.406 4.545 59.413 91.544 99.699
Emissions Score 476 68.955 24.429 0.296 54.715 89.103 99.814
Environmental Innovation Score 476 58.137 27.134 0.311 35.849 84.699 99.724
Workforce Score 476 63.010 24.888 3.977 44.737 84.878 99.789
Human Rights Score 476 62.642 26.393 9.274 33.962 85.152 99.495
Community Score 476 78.239 18.437 8.152 68.283 92.893 99.789
Product Responsibility Score 476 62.161 23.718 1.838 43.796 82.726 99.206
Management Score 476 62.029 24.636 3.621 42.980 82.793 99.979
Shareholders Score 476 52.481 26.429 0.233 30.847 75.011 99.343
CSR Strategy Score 476 75.092 24.012 13.542 49.040 92.846 99.767
ESG Combined Score 476 52.805 16.737 18.297 39.136 66.784 91.809
ESG Controversies Score 476 37.728 25.121 0.186 8.682 57.552 67.647

TABLE A.4: Descriptive Statistics ESG Data for 2015

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

Overall Score 476 62.920 14.373 20.317 53.356 73.065 93.179
Resource Use Score 476 70.211 25.176 4.630 55.845 90.996 99.765
Emissions Score 476 66.942 24.828 0.968 51.302 87.232 99.765
Environmental Innovation Score 476 56.457 27.410 0.309 34.840 82.991 99.702
Workforce Score 476 61.883 25.181 0.802 43.577 83.870 99.837
Human Rights Score 476 59.483 26.498 10.345 34.475 84.820 99.492
Community Score 476 78.096 18.726 3.209 67.611 92.587 99.765
Product Responsibility Score 476 60.973 23.600 1.515 42.922 82.154 99.296
Management Score 476 57.939 25.158 3.231 36.944 79.031 99.496
Shareholders Score 476 52.215 26.764 0.089 28.705 74.496 99.674
CSR Strategy Score 476 71.022 25.324 11.538 51.744 93.302 99.704
ESG Combined Score 476 53.253 17.053 13.727 38.602 67.286 93.179
ESG Controversies Score 476 40.768 23.995 0.114 10.280 57.420 68.421

TABLE A.5: Descriptive Statistics ESG Data for 2014

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

Overall Score 473 59.524 15.342 16.382 49.087 70.833 91.694
Resource Use Score 473 65.545 26.659 4.808 48.013 88.542 99.653
Emissions Score 473 62.625 26.325 0.397 43.274 84.583 99.832
Environmental Innovation Score 473 54.525 27.403 0.439 32.298 81.818 99.755
Workforce Score 473 56.635 25.566 2.174 36.250 78.302 99.755
Human Rights Score 473 57.564 26.593 13.402 32.063 82.414 99.669
Community Score 473 75.967 18.498 13.725 65.094 91.000 99.603
Product Responsibility Score 473 59.244 23.912 2.206 40.746 77.972 99.669
Management Score 473 54.313 27.271 1.149 30.919 77.672 99.750
Shareholders Score 473 53.439 28.117 0.450 29.421 78.971 99.650
CSR Strategy Score 473 63.653 26.693 0.050 50.799 85.664 99.550
ESG Combined Score 473 45.759 15.315 11.872 34.561 56.568 91.167
ESG Controversies Score 473 34.507 26.321 0.149 8.462 61.000 73.077
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Appendix B

B.1 Fragments of Covariance Matrices

In this section we present fragments of each years covariance matrices and
vector of expected returns as well as the calculation of the investor targets e0

TABLE B.1: Fragment of Covariance Matrices and Vector Returns for
2016

1 2 .. 125 .. 477
V1

0.002017 0.000632 .. 0.000349 .. 0.000764
0.000632 0.001946 .. -0.000314 .. 0.000655
0.001012 0.000548 .. 0.000464 .. 0.001363
0.001471 0.000768 .. 0.000464 .. 0.00134
0.000332 0.000406 .. -0.000020 .. -0.00018
0.001278 0.000676 .. 0.000674 .. 0.000866

.. .. .. .. .. ..
0.000764 0.000655 .. 0.000111 .. 0.004356

V2
0.002017 0.000632 .. 0.000349 .. 0
0.000632 0.001946 .. -0.000314 .. 0
0.001012 0.000548 .. 0.000464 .. 0
0.001471 0.000768 .. 0.000464 .. 0
0.000332 0.000406 .. -0.000020 .. 0
0.001278 0.000676 .. 0.000674 .. 0

.. .. .. .. .. ..
0 0 .. 0 .. 0

Vector of Expected Returns
0.013472 -0.00179 .. 0.015179 .. 0.024076

f̄emax = 0.03137

Calculation of Investor Targets:

e0VDI = 0.75× f̄emax = 0.75× 0.03137 = 0.0235 (B.1)

and

e0RPI = 0.25× f̄emax = 0.25× 0.03137 = 0.0078 (B.2)
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TABLE B.2: Fragment of Covariance Matrices and Vector Returns for
2015

1 2 .. 98 .. 476
V1

0.002476 0.001092 .. 0.001648 .. 0.000864
0.001092 0.001786 .. 0.000923 .. 0.000962
0.001820 0.001085 .. 0.002174 .. 0.000463
0.001443 0.000908 .. 0.001723 .. 0.000783
0.001549 0.000101 .. 0.001494 .. 0.000223
0.002166 0.001256 .. 0.001647 .. 0.000491

.. .. .. .. .. ..
0.000864 0.000962 .. 0.000451 .. 0.001922

V2
0.002476 0.001092 .. 0.001648 .. 0
0.001092 0.001786 .. 0.000923 .. 0
0.001820 0.001085 .. 0.002174 .. 0
0.001443 0.000908 .. 0.001723 .. 0
0.001549 0.000101 .. 0.001494 .. 0
0.002166 0.001256 .. 0.001647 .. 0

.. .. .. .. .. ..
0 0 .. 0 .. 0

Vector of Expected Returns
0.034311 0.010672 .. 0.017919 .. 0.01736

f̄emax = 0.03517

Calculation of Investor Targets:

e0VDI = 0.75× f̄emax = 0.75× 0.03517 = 0.0264 (B.3)

and

e0RPI = 0.25× f̄emax = 0.25× 0.03517 = 0.0088 (B.4)

TABLE B.3: Fragment of Covariance Matrices and Vector Returns for
2014

1 2 .. 73 .. 473
V1

0.003665 0.002222 .. 0.004817 .. 0.006406
0.002222 0.004459 .. 0.003212 .. 0.005251
0.003189 0.001732 .. 0.004368 .. 0.010139
0.004483 0.004005 .. 0.006259 .. 0.010818
0.003294 0.002007 .. 0.004155 .. 0.008171
0.003098 0.001793 .. 0.004748 .. 0.007962

.. .. .. .. .. ..
0.006406 0.005251 .. 0.011780 .. 0.030029

V2
0.003665 0.002222 .. 0.004817 .. 0
0.002222 0.004459 .. 0.003212 .. 0
0.003189 0.001732 .. 0.004368 .. 0
0.004483 0.004005 .. 0.006259 .. 0
0.003294 0.002007 .. 0.004155 .. 0
0.003098 0.001793 .. 0.004748 .. 0

0 0 .. 0 .. 0
Vector of Expected Returns

0.018182 0.018543 .. 0.015907 .. 0.046718

f̄emax = 0.05600
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Calculation of Investor Targets:

e0VDI = 0.75× f̄emax = 0.75× 0.05600 = 0.0420 (B.5)

and

e0RPI = 0.25× f̄emax = 0.25× 0.05600 = 0.0140 (B.6)

B.2 Efficient Frontier Profiles

In this section we present the results of the efficient frontier profiles discussed
in Chapter 7.

TABLE B.4: Efficient Frontier Profiles for 2016

RPI VDI Traditional

g0 v var
125

∑
i=1

g0 v var
125

∑
i=1

g0 var
125

∑
i=1

0.0096 0.0002 61.40%
0.0113 0.0002 0.0002 60.31% 0.0113 0.0002 65.62%
0.0150 0.0002 0.0002 54.55% 0.0150 0.0002 58.53%
0.0190 0.0002 0.0003 48.38% 0.0190 0.0003 42.90%
0.0230 0.0003 0.0004 42.60% 0.0230 0.0004 34.89%
0.0236 0.0003 0.0004 42.20% 0.0236 0.0007 0.0007 99.66% 0.0236 0.0004 34.08%
0.0250 0.0003 0.0005 41.04% 0.0250 0.0008 0.0008 95.79% 0.0250 0.0005 32.76%
0.0270 0.0004 0.0006 38.48% 0.0270 0.0009 0.0010 92.36% 0.0270 0.0005 28.19%
0.0290 0.0004 0.0007 36.32% 0.0290 0.0012 0.0013 88.43% 0.0290 0.0007 23.73%
0.0310 0.0005 0.0009 34.89% 0.0310 0.0014 0.0016 84.53% 0.0310 0.0008 15.95%
0.0330 0.0007 0.0012 33.28% 0.0330 0.0018 0.0022 81.85% 0.0330 0.0011 8.47%
0.0350 0.0009 0.0015 31.35% 0.0350 0.0027 0.0032 79.16% 0.0350 0.0014 1.53%
0.0370 0.0012 0.0019 29.28% 0.0370 0.0042 0.0050 75.60% 0.0370 0.0017 0.00%
0.0373 0.0012 0.0020 28.93% 0.0373 0.0049 0.0058 75.05% 0.0373 0.0018 0.00%
0.0410 0.0019 0.0032 27.72% 0.0410 0.0027 0.00%
0.0450 0.0033 0.0057 25.85% 0.0450 0.0043 0.00%
0.0490 0.0062 0.0107 25.33% 0.0490 0.0069 0.00%

0.0552 0.0164 0.00%
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TABLE B.5: Efficient Frontier Profiles for 2015

RPI VDI Traditional

g0 v var
98

∑
i=1

g0 v var
98

∑
i=1

g0 var
98

∑
i=1

0.0108 0.0002 44.71%
0.0132 0.0003 0.0003 70.34% 0.0132 0.0002 40.59%
0.0170 0.0003 0.0003 61.38% 0.0170 0.0003 21.78%
0.0210 0.0003 0.0004 49.47% 0.0210 0.0004 5.07%
0.0250 0.0004 0.0006 45.22% 0.0250 0.0005 3.55%
0.0264 0.0005 0.0007 44.33% 0.0264 0.0018 0.0018 100.00% 0.0264 0.0006 3.59%
0.0280 0.0005 0.0008 43.16% 0.0280 0.0020 0.0020 96.71% 0.0280 0.0006 2.83%
0.0300 0.0006 0.0010 41.31% 0.0300 0.0023 0.0024 92.83% 0.0300 0.0008 0.55%
0.0320 0.0320 0.0012 38.61% 0.0320 0.0029 0.0029 89.07% 0.0320 0.0010 0.00%
0.0340 0.0009 0.0015 35.62% 0.0340 0.0032 0.0034 82.38% 0.0340 0.0012 0.00%
0.0360 0.0011 0.0018 32.50% 0.0360 0.0037 0.0041 82.38% 0.0360 0.0014 0.00%
0.0380 0.0014 0.0022 29.66% 0.0380 0.0045 0.0049 78.78% 0.0380 0.0017 0.00%
0.0400 0.0017 0.0027 27.48% 0.0400 0.0053 0.0059 75.18% 0.0400 0.0021 0.00%
0.0402 0.0017 0.0027 27.31% 0.0402 0.0054 0.0060 75.00% 0.0402 0.0022 0.00%
0.0440 0.0025 0.0040 25.00% 0.0440 0.0034 0.00%
0.0480 0.0038 0.0063 25.00% 0.0480 0.0054 0.00%
0.0500 0.0049 0.0082 25.00% 0.0500 0.0068 0.00%

0.0553 0.0246 0.00%

TABLE B.6: Efficient Frontier Profiles for 2014

RPI VDI Traditional

g0 v var
73

∑
i=1

g0 v var
73

∑
i=1

g0 var
73

∑
i=1

0.0132 0.0003 51.62%
0.0162 0.0005 0.0005 87.41% 0.0162 0.0003 41.63%
0.0220 0.0006 0.0007 71.95% 0.0220 0.0004 21.28%
0.0280 0.0007 0.0009 58.05% 0.0280 0.0005 6.43%
0.0340 0.0010 0.0014 45.16% 0.0340 0.0009 0.00%
0.0400 0.0015 0.0022 40.08% 0.0400 0.0015 0.00%
0.0420 0.0018 0.0026 38.73% 0.0420 0.008078 0.0081 100.00% 0.0420 0.0018 0.00%
0.0440 0.0020 0.0030 37.39% 0.0440 0.008968 0.0090 96.65% 0.0440 0.0021 0.00%
0.0460 0.0024 0.0036 36.03% 0.0460 0.010306 0.0104 93.29% 0.0460 0.0026 0.00%
0.0480 0.0028 0.0042 34.13% 0.0480 0.012086 0.0123 89.92% 0.0480 0.0031 0.00%
0.0500 0.0032 0.0050 33.07% 0.0500 0.014292 0.0146 86.51% 0.0500 0.0037 0.00%
0.0520 0.0038 0.0059 32.32% 0.0520 0.01692 0.0173 83.10% 0.0520 0.0045 0.00%
0.0540 0.0838 0.0070 30.68% 0.0540 0.019972 0.0205 79.69% 0.0540 0.0054 0.00%
0.0560 0.0056 0.0084 27.47% 0.0560 0.023448 0.0241 76.29% 0.0560 0.0066 0.00%
0.0570 0.0063 0.0092 25.85% 0.0570 0.163343 0.0267 75.00% 0.0570 0.0073 0.00%
0.0575 0.0067 0.0097 25.01% 0.0575 0.034805 0.0403 75.00% 0.0575 0.0078 0.00%
0.0600 0.0178 0.0292 25.00% 0.0600 0.0157 0.00%

0.0621 0.1613 0.00%
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B.3 R Code

In this section the code used for calculating returns and covariance matrices
are presented.

#Import dataset
prices.data.ALL <- All
prices.data.ESG <- ESG
#Pricedata$RIC <- as.Date(Pricedata$RIC, "%Y-%m-%d")
#Creating time series object
prices.data.ALL <- xts(prices.data.ALL[,2:476], order.by = prices.data.ALL$Date)
prices.data.ALL <- zoo(prices.data.ALL)

prices.data.ESG <- xts(prices.data.ESG[,2:79], order.by = prices.data.ESG$Date)
prices.data.ESG <- zoo(prices.data.ESG)

#Calculate returns
returns.data.ALL <- sapply(prices.data.ALL, CalculateReturns)
returns.data.ALL <- na.omit(returns.data.ALL)

returns.data.ESG <- sapply(prices.data.ESG, CalculateReturns)
returns.data.ESG <- na.omit(returns.data.ESG)

# Save mean return vector and sample covariance matrix
#meanReturns.ALL <- colMeans(returns.data.ALL)
covMat.ALL <- cov(returns.data.ALL)

#meanReturns.ESG <- colMeans(returns.data.ESG)
covMat.ESG <- cov(returns.data.ESG)

write.csv(covMat.ESG, "Covmat.ESG.csv")
write.csv(covMat.ALL, "Covmat.ALL.csv")
write.csv(returns.data.ALL, "ReturnV1.csv")
write.csv(returns.data.ESG, "ReturnV2.csv")

B.4 MATLAB Code: Mean-Variance Optimisation

for the Traditional Investor

In this section the code used for the optimisation problem are presented.

%Load Data
T = readtable('Price Data 2013 Transposed.xlsx')
symbol = T.Properties.VariableNames(2:end)'
dailyReturns = tick2ret(T{:,2:end})
p = Portfolio('Assetlist', symbol, 'RiskFreeRate', 0.000702)
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p = estimateAssetMoments(p, dailyReturns)
p = setDefaultConstraints(p)
w1 = estimateMaxSharpeRatio(p)
[risk1, ret1] = estimatePortMoments(p,w1)

%Data Visualization
f = figure;
tabgp = uitabgroup(f); % Define tab group
tab1 = uitab(tabgp,'Title','Efficient Frontier Plot'); % Create tab
ax = axes('Parent', tab1);
% Extract asset moments from portfolio and store in m and cov
[m, cov] = getAssetMoments(p);
scatter(ax,sqrt(diag(cov)), m,'oc','filled'); % Plot mean and s.d.
xlabel('Risk')
ylabel('Expected Return')
text(sqrt(diag(cov))+0.0003,m,symbol,'FontSize',7); % Label ticker names@

hold on;
[risk2, ret2] = plotFrontier(p,500);
plot(risk1,ret1,'p','markers',15,'MarkerEdgeColor','k',...

'MarkerFaceColor','y');
hold off

pwgt = estimateFrontier(p,1)

B.5 MATLAB Code: Mean-Variance Optimisation

for the Value Driven Investor

C = readtable('V Strong.xlsx')
Covariance = table2array(C)
M = readtable('m.xlsx')
Mean_return = table2array(M)
M1 = readtable('h.xlsx')
Mean_return_h = table2array(M1)
nAsset = numel(Mean_return); r = 0.0426

e_0 = 0.04200026

%Optimization Problem
portprob = optimproblem;
x = optimvar('x',nAsset,'LowerBound',0,'UpperBound',1);
objective = x'*Covariance*x;
portprob.Objective = objective;
sumcons = sum(x) == 1;
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portprob.Constraints.sumcons = sumcons;
averagereturn = dot(Mean_return, x) >= r;
portprob.Constraints.averagereturn = averagereturn;
averagereturn2 = dot(Mean_return_h, x) >= e_0;
portprob.Constraints.averagereturn2 = averagereturn2;

%Run Optimization Problem
options = optimoptions('quadprog','Display','iter','TolFun',1e-10);

tic
[x1,fval1] = solve(portprob,'Options',options);
toc

C2 = readtable('V1.xlsx')
Covariance2 = table2array(C2) %Covariance Matrix All Assets
value = getfield(x1,'x')
ReturnStrong = value'*Mean_return
VarStrong = value'*Covariance2*value
RiskStrong = sqrt(VarStrong)

xlswrite('WeightsStrong2014.csv',value)

B.6 MATLAB Code: Mean-Variance Optimisation

for the Responsible Profit Seeking Investor

C = readtable('V Weak.xlsx')
Covariance = table2array(C)
M = readtable('m.xlsx')
Mean_return = table2array(M)
M1 = readtable('h.xlsx')
Mean_return_h = table2array(M1)
nAsset = numel(Mean_return); r = 0.032500015%Max value with solution 4.5%
e_0 = 0.014000087

%Optimization Problem
portprob = optimproblem;
x = optimvar('x',nAsset,'LowerBound',0,'UpperBound',1);
objective = x'*Covariance*x;
portprob.Objective = objective;
sumcons = sum(x) == 1;
portprob.Constraints.sumcons = sumcons;
averagereturn = dot(Mean_return, x) >= r;
portprob.Constraints.averagereturn = averagereturn;
averagereturn2 = dot(Mean_return_h, x) >= e_0;
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portprob.Constraints.averagereturn2 = averagereturn2;

%Run Optimization Problem
options = optimoptions('quadprog','Display','iter','TolFun',1e-10);

tic
[x1,fval1] = solve(portprob,'Options',options);
toc

C2 = readtable('v1.xlsx')
Covariance2 = table2array(C2) %Covariance Matrix All Assets
value = getfield(x1,'x')
ReturnWeek = value'*Mean_return
VarWeek = value'*Covariance2*value
RiskWeek = sqrt(VarWeek)

xlswrite('WeightsWeak2015.csv',value)
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Appendix C

C.1 Information Ratio

FIGURE C.1: Information Ratio 2015

FIGURE C.2: Information Ratio 2014

C.2 Excess Return

FIGURE C.3: Excess Returns 2016
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FIGURE C.4: Excess Returns 2015

FIGURE C.5: Excess Returns 2014

FIGURE C.6: Excess Returns 2013
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C.3 Standard Deviation of Excess Returns

TABLE C.1: Standard Deviation of Excess Returns

2013 2014 2015 2016

Traditional 0,318 0,192 0,089 0,097
VDI 0,119 0,166 0,055 0,043
RPI 0,164 0,098 0,078 0,079
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Appendix D

D.1 Overview of Portfolio Volatility

TABLE D.1: Overview of the Weighted Average of Volatilities

Weighted Average of Volatilities: σxi

Traditional VDI RPI

2013 9.76% 15.71% 9.41%
2014 7.21% 10.44% 7.85%
2015 6.17% 7.13% 6.41%
2016 6.73% 5.60% 6.68%

TABLE D.2: Overview of the Portfolio Volatility

Portfolio Volatility: σp

Traditional VDI RPI

2013 3.16% 12.03% 4.32%
2014 2.53% 9.11% 3.49%
2015 2.22% 4.51% 2.55%
2016 2.23% 2.83% 2.31%



Appendix D. 111

D.2 Industry Concentration by Investor Type
In this section we presents the results of the industry concentration analysis
in Chapter 6.

FIGURE D.1: Industry Concentration by Investor Type 2015

FIGURE D.2: Industry Concentration by Investor Type 2014
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D.3 Overview of Portfolio Value Drivers

In this section we present the five companies of each portfolio per year that
constitutes the largest weight.

TABLE D.3: Asset Concentration of 2015

Name Industry Overall ESG Score Type Weight
RPI

WEC ENERGY GROUP Electric Utilities & IPPs 79.26 Sustainable 13.10%
INTUIT INC Software & IT Services 87.57 Sustainable 8.58%
ALLERGAN Pharmaceuticals 45.74 Non-sustainable 6.69%
CIGNA Healthcare Providers & Services 78.23 Sustainable 6.27%
PERRIGO Pharmaceuticals 69.70 Non-sustainable 5.37%
Total 40.01%

VDI

BIOGEN Pharmaceuticals 78.06 Sustainable 30.00%
HOME DEPOT Specialty Retailers 79.88 Sustainable 20.60%
STARBUCKS Hotels & Entertainment Services 78.11 Sustainable 16.88%
INTUIT INC Software & IT Services 87.57 Sustainable 13.11%
GILEAD SCIENCES Biotechnology & Medical Research 78.44 Sustainable 11.79%
Total 92.38%

Traditional

NISOURCE Multiline Utilities 70.90 Non-sustainable 15.24%
STERICYCLE Professional & Commercial Services 52.32 Non-sustainable 8.92%
VERISK ANALYTICS Software & IT Services 66.78 Non-sustainable 8.52%
KEURIG DR PEPPER Beverages 65.95 Non-sustainable 6.46%
ALLERGAN Pharmaceuticals 45.74 Non-sustainable 5.94%
Total 45.07%

TABLE D.4: Asset Concentration of 2014

Name Industry Overall ESG Score Type Weight
RPI

STARBUCKS CORP Hotels & Entertainment Services 90.16 Sustainable 18.09%
INTUIT INC Software & IT Services 82.92 Sustainable 14.27%
ALLERGAN PLC Pharmaceuticals 40.59 Non-Sustainable 9.12%
VISA Software & IT Services 52.20 Non-Sustainable 7.91%
PERRIGO Pharmaceuticals 65.21 Non-Sustainable 6.71%
Total 56.10%

VDI

STARBUCKS CORP Hotels & Entertainment Services 90.16 Sustainable 82.16%
TENET HEALTHCARE Healthcare Providers & Services 76.93 Sustainable 16.84%
NETFLIX INC Software & IT Services 19.70 Non-Sustainable 1.01%
CBRE GROUP CLASS A Real Estate Operations 76.45 Sustainable 0.00%
CUMMINS Automobiles & Auto Parts 82.11 Sustainable 0.00%
Total 100.00%

Traditional

HORMEL FOODS CORP Food & Tobacco 57.28 Non-Sustainable 16.68%
TJX Diversified Retail 70.33 Non-Sustainable 9.63%
ALLERGAN Pharmaceuticals 40.59 Non-Sustainable 9.26%
PERRIGO Pharmaceuticals 65.21 Non-Sustainable 8.59%
STERICYCLE Professional & Commercial Services 50.59 Non-Sustainable 8.28%
Total 45.07%
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