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Abstract

In recent years socially responsible investing has become an increasingly more
popular subject with both private and institutional investors. At the same time, a
number of scientific papers have been published on socially responsible investments
(SRIs), covering a broad range of topics, from what actually defines SRIs to the
financial performance of SRI funds in contrast to non-SRI funds. In this paper, we
revisit Markowitz’ Portfolio Selection Theory and propose a modification allowing
to incorporate not only asset-specific return and risk but also a social responsibility
measure into the investment decision making process. Together with a risk-free asset,
this results in a three-dimensional capital allocation plane that allows investors to
custom-tailor their asset allocations and incorporate all personal preferences regarding
return, risk and social responsibility. We apply the model to a set of over 6,231
international stocks and find that investors opting to maximize the social impact
of their investments do indeed face a statistically significant decrease in expected
returns. However, the social responsibility /risk-optimal portfolio yields a statistically
significant higher social responsibility rating than the return/risk-optimal portfolio.

Keywords: Socially Responsible Investments, Portfolio Optimization, International
Financial Markets

JEL classification: G11, G15, A13

*This paper was peer reviewed and accepted for presentation at the 27th Australasian Finance and
Banking Conference. We thank Otto Randl for valuable feedback and suggestions. Any remaining errors
are the responsibility of the authors.

*WU (Vienna University of Economics and Business), Department of Finance, Accounting and Statis-
tics, Welthandelsplatz 1, 1020 Vienna, Austria; email: stephan.gasserQwu.ac.at

fwu (Vienna University of Economics and Business), Department of Finance, Accounting and Statis-
tics, Welthandelsplatz 1, 1020 Vienna, Austria; email: thomas.kremser@wu.ac.at

fMODUL University, Department of International Management, Am Kahlenberg 1, 1190 Vienna, Aus-
tria; email: margarethe.rammerstorfer@modul.ac.at

Swu (Vienna University of Economics and Business), Department of Finance, Accounting and Statis-
tics, Welthandelsplatz 1, 1020 Vienna, Austria; email: karl.weinmayer@wu.ac.at



1 Introduction

This paper provides new insights into the area of portfolio optimization by introduc-
ing a third criterion to the classical portfolio selection parameters of return and risk,
in order to be able to build portfolios that are socially responsible (i.e. by using so-
cially responsible investments or SRIs). Motivated by the increasing popularity of SRIs
(see e.g. Sparkes and Cowton| (2004)), we revisit Markowitz’ Portfolio Selection Theory
(Markowitz, [1952) and propose a tri-criterion model that also incorporates a social respon-
sibility measure into the investment decision making process. Together with a risk-free
asset, this results in a non-dominated three-dimensional capital allocation plane (CAP)
allowing investors to custom-tailor their asset-allocations and incorporate all personal
preferences regarding risk, return as well as social responsibility. We apply this frame-
work to an investment universe of 6,231 international publicly traded companies to obtain
all feasible combinations of both a return/risk and a social responsibility /risk-optimal
portfolio as well as a risk-free asset, thereby creating a CAP in a three-dimensional
return/risk /social responsibility space. Hence, we provide a multiple criteria decision
model to investors interested in generating a certain social impact with their investment
decisions.

Utilizing a simulation approach to optimize both 20,000 return/risk and 20,000 social
responsibility /risk-optimal portfolios, we find that investors opting to maximize the social
responsibility of their investments do indeed face a statistically significant decrease in
expected daily returns (0.1613% vs. 0.0357%). However, the social responsibility /risk-
optimal portfolio also yields a significantly higher social responsibility rating (0.9435, with
1 being the maximum attainable level) than the return/risk-optimal portfolio (0.0855),
while at the same time exhibiting a lower risk exposure (0.5381% vs. 0.7540%). In

addition, the Sharpe Ratios are significantly lower for the social responsibility /risk-optimal



portfolio (0.2139 vs. 0.0663). The CAP yields a graphical representation of all feasible
portfolio combinations attainable for investors. We demonstrate the application of this
approach for a number of different investor types and show, for example, how much return
needs to be sacrificed and by how much the risk exposure decreases for increases of a
portfolio’s social responsibility rating. The results are robust for multiple simulation runs
based on our model framework.

On the basis of our computations and the resulting CAP, investors can easily decide
on their optimal portfolio given their respective preference parameters for return, risk and
social responsibility. The proposed model framework is thus a moderately complex mod-
ification of Markowitz’ Portfolio Selection Theory, allowing practitioners and academics
to implement a social responsibility factor into their asset allocation strategies. Concern-
ing the findings of our empirical analysis, it is interesting to note that investors caring
about the social responsibility of their investments face a statistically significant decrease
in both expected returns and risk exposure, with the Sharpe Ratios being also significantly
lower than those of a return/risk-optimal portfolio. However, investors may attain optimal
portfolios exhibiting a modest social responsibility rating, by accepting only a very limited
decrease of the resulting portfolio’s Sharpe Ratio.

There are already a number of papers attempting to implement a variety of other cri-
teria (be it financial or non-financial) into Markowitz’ Portfolio Selection Theory (see e.g.
Ehrgott et all 2004; [Steuer et al.| [2005; [Hirschberger et all [2013). [Bilbao-Terol et al.
(2012) for example, introduce a goal programming model for SRI portfolio selection that
tries to enable investors to match their ethical and financial preferences. With a data set
of UK mutual funds, the authors show that investors’ risk attitudes impact the loss of re-
turn triggered by choosing SRIs. Ballestero et al.| (2012]) also focus their study on socially
responsible investments. They propose a “financial-ethical bi-criteria model” on the basis

of two opportunity subsets consisting of 20 ethical (i.e. “green”) funds and 60 other assets,



respectively. Their results indicate that ethical investments are accompanied by risk expo-
sure increases. In a 2013 study, [Bilbao-Terol et allimplement a two-stage multi-objective
framework for the selection of SRI portfolios by applying a “Hedonic Price Method”. On
the basis of a data set of 160 SRI and conventional funds, their empirical results suggest
that the financial penalties associated with SRIs are relatively minor for highly risk-averse
investors. Finally, Utz et al.| (2014) extend Markowitz’ Portfolio Selection Theory by in-
troducing a social responsibility measure (i.e. ESG scores, see Section ) Their model
is then applied to a data set of conventional and socially responsible mutual funds. They
find no support for lower financial performance or risk exposure increases of SRI funds.
Interestingly, they also conclude that SRI funds do not exhibit higher social responsibility
scores compared to their conventional counterparts.

Besides these papers published in research areas close to our own, a fairly large set
of studies focusing on the broad topic SRIs exists. The first strand of literature fo-
cuses on companies’ corporate social responsibility (CSR) schemesﬂ and tries to evaluate
the impact of CSR activity on financial performance. |Alexander and Buchholz (1978),
Aupperle et al.| (1985)) and [McWilliams and Siegel| (2001)) apply a variety of different ap-
proaches but fail to find any statistically significant relationship between a company’s level
of CSR activity and its financial performance. |Cochran and Wood (1984), however, man-
age to establish “weak support” for a non-negative connection between CSR and financial
performance. Following [Sen et al.| (2006) and |Du et al. (2011)), the diverging results of
these studies might be attributed to stakeholder awareness issues, since any positive ef-
fects of CSR efforts on financial performance critically depend on stakeholder awareness.

Finally, Sparkes and Cowton| (2004) state that both SRIs and the practice of CSR can no

In this context, CSR activity may be seen as the prerequisite for the market availability of SRIs.
The term CSR traces back to [Bowen (1953 and covers the socially-responsible actions of corporations
extending their maximization problems from a one-dimensional profit-oriented one, to a two-dimensional
profit-and-social-welfare-oriented problem. [Loew et al.| (2004]) ascribe 3 important merits to CSR activity:
sustainability, corporate citizenship and corporate governance.



longer be considered niche products but are becoming “mainstream” with increasing SRI
adoption by institutional investors.

Another strand of research compares the financial performance of SRIs and conven-
tional investments (CIs). Hamilton et al.| (1993]) show that socially responsible mutual
funds do not earn excess returns that are statistically significantly different from conven-
tional mutual funds. This is supported by Sauer| (1997), who states that socially respon-
sible investments do not cause investors to forgo financial performance. [Schroder; (2007)
agrees in his comparison of the performance characteristics of SRI equity indices and
conventional benchmark indices; however, he also notes that many SRI indices experi-
ence higher levels of risk relative to their benchmarks. |[Renneboog et al.|(2008]) analyze
the performance difference between SRI funds and conventional benchmark funds on a
country-by-country basis and find no statistically significant results for the U.S. and the
U.K., while e.g. in France, Japan and Sweden SRI investors experience sub-par financial
performance. |Gil-Bazo et al.| (2010)) find the performance of socially responsible funds -
before fees and managed by SRI-specialized management companies - to outperform con-
ventional benchmarks, while SRI funds run by generalist fund managers underperform
conventional funds.

Besides performance comparison analyses, Benson and Humphrey| (2008)) conduct a
study on the determinants of fund flows for SRI and CI funds. They find that SRI fund
flows are less sensitive to historic fund performance than the fund flows of conventional
funds and argue that the investment strategy of socially responsible investors is more
persistent, i.e. that they are more likely to invest in a fund they already own. Finally,
Kempft and Osthoff| (2008)) test the frequently made claim that the social and environmen-
tal standards of SRI funds are quite similar to those of conventional funds, and find SRI

funds to have a significantly higher ethical ranking compared to conventional funds.



The contribution of this paper is threefold. First, in contrast to previous studies
optimizing socially responsible portfolios, we focus our analysis on individual assets instead
of funds, and employ an unbiased and independently provided measure to gauge their level
of social responsibility (i.e. the ESG score). Second, we propose a modification of the
Markowitz model allowing investors to incorporate not only asset-specific return and risk,
but also ESG scores into the investment decision making process. Thus, instead of merely
building a return/risk-optimal portfolio, a dual-step optimization is applied here and we
compute a second ESG /risk-optimal portfolio. Together with a risk-free asset, this yields
a three-dimensional CAP illustrating all feasible portfolio combinations. Investors are
thus able to custom-tailor their asset-allocations and incorporate all personal preferences
regarding risk, return and social responsibility. Third, using a simulation approach, we
apply this model to a unique data set of 6,231 international stocks (including the complete
universe of ESG-rated companies) in order to empirically examine the relationship between
return, risk and social responsibility.

The structure of this paper is as follows. In Section we present additional back-
ground information on Markowitz’ Portfolio Selection Theory before elaborating on our
empirical data and the benefits of ESG scores. Section introduces our Markowitz’
model modification, while Section describes the empirical methodology applied. Sec-

tion contains the results of our analysis, while Section @ concludes.

2 Background and Data

In 1952, Harry [Markowitzl introduced what has since become known as the Markowitz
Portfolio Selection Theory. In this paper, Markowitz stipulates that - under certain con-
ditions - any investor can build an optimal risky portfolio by considering asset-specific

return (u) and risk (o, i.e. standard deviation or volatility) as the two essential factors.



However, the resulting portfolio’s expected return and risk are not merely the sum of these
variables, as the riskiness of the portfolio is not only dependent on the riskiness of the
individual assets it is composed of, but also depends on the correlation of these assets.
As a result, it is possible to combine assets in such a way that the resulting portfolio is
characterized by a higher return to risk ratio than provided by every single asset by itself,
an effect known as diversification. Numerous extensions and modifications to Markowitz’
Theory have been published, all building and contributing to today’s Modern Portfolio
Theory, most notably Tobin| (1958) and [Sharpe| (1966). Despite criticism mainly focus-
ing on the model oversimplifying reality through some of its assumptions (e.g. normally
distributed returns, efficient markets), the model is still being taught in business schools
worldwide, is spawning new areas of research each year (e.g. the inclusion of additional
criteria into the optimization selection process) and is widely being used as the tool of
choice (albeit often featuring modifications) by practitioners. In this paper, we revisit
Markowitz’ Portfolio Selection Theory and propose a modification allowing to incorporate
not only asset-specific return and risk but also a social responsibility measure into the
investment decision making process.

As already mentioned, most of the existing literature on socially responsible portfolio
optimization focuses on funds instead of specific assets. This can be attributed to the
limited availability of accessible and unbiased social responsibility ratings on individual
companies. As a result, researchers often relied on pre-screened SRI funds in order to
avoid having to ascertain the social responsibility level of specific assets by themselves.
However, there are serious repercussions to this approach. The composition of investment
funds underlies unpredictable changes due to either market developments or managerial
requirements, and in addition other factors like differences between fund companies’ social
responsibility screening processes or the fee structure of actively managed funds can also

heavily influence the analysis of SRI fund performance. In this regard, Utz et al.| (2014)



for example find that there is no statistically significant difference between the allocation
of assets in conventional and socially responsible funds and that socially responsible funds
do not exhibit a higher social responsibility rating compared to their conventional coun-
terparts. Some researchers are trying to circumvent this issue by creating their own social
responsibility measures, but the problems associated with their approaches are obvious.
Such measures often only manage to partly capture real world effects (e.g. the case with
dichotomous social responsibility variables), lack reproducibility by externals, and result
in studies not comparable to each other.

To avoid these problems, we rely on an unbiased and independent external measure
of the social responsibility of individual companies. Thomson Reuters ASSET4 provides
access to so-called ESG (i.e. environmental, social, governance) data on more than 4,300
international companies, dating back to 2001. Their “overall ESG score” measures the
social responsibility of companies on a scale between 0 and 10(E|, is comparable across all
companies and markets, and allows for straightforward, reproducible quantitative analysis
of SRI]

A representative data set of global stocks is required for the empirical analysis in this
paper. In order to build such a data set of both conventional and socially responsible
investments, we use two data sources. First, the constituents list of the Thomson Reuters
Equity Global Index, a broad and international index containing a total of 9,253 stocks,
both of conventional as well as socially responsible companies. Second, the constituents
list of the Thomson Reuters ASSET4 database mentioned above, in order to add all ESG-

rated companies to the data set. Stocks included in both constituent lists are just added

2The best-rated company in the ASSET4 company universe features an ESG score of 100, while the
worst-rated company has an ESG score of 0 (Thomson Reuters| 2012). For the purpose of this paper we
divide ESG scores by 100, resulting in ESG scores ranging between 0 and 1.

3Besides of the “overall ESG scores” mentioned above, Thomson Reuters ASSET4 also provides ESG
ratings on a large variety ESG sub criteria.



once to the final data set, all stocks not rated in the ASSET4 ESG database are assigned
an ESG score of 0.

We retrieve daily stock prices and ESG score time series data for all stocks included
in the data set via Thomson Reuters Datastream. The number of observations is thereby
limited by the historic availability of ESG scores in the ASSET4 database, thus our data
set ranges from 2001 to 2012, with a maximum of 3,111 observations of daily stock prices
per stock. Following this, we compute daily stock returns (u) as a financial performance
measure and the standard deviation (o) of said returns as a measure of financial risk. ESG
scores () are used as social responsibility indicators. We exclude all stocks in both data
sets, which do not provide daily stock prices for the full observation period. The total
number of stocks included in our sample is 6,231. 2,924 companies exhibit a positive ESG
score (i.e. SRIs), while 3,307 firms do not provide ESG scores (i.e. Cls).

Table classifies all stocks included in the data set by industry sector (industrial,
utilities, transportation, banks and loan, insurance, other financials) and ESG score avail-
ability, and provides descriptive statistics (numbers of stocks, sample shares, mean returns,

mean standard deviations, mean ESG scores).



Total number of stocks: 6,231

Total number of stocks with a positive ESG score (SRIs): 2,924 (46.93%)
Total number of stocks with no ESG score (Cls): 3,307 (53.07%)
Industry Sector No. of Stocks  Share I o 0
Industrial 4,809 77.18%

— SRIs 2,115 43.98% 0.0621% 2.6083% 0.4888
— ClIs 2,694 56.02%  0.0747%  2.9740% -
Utilities 295 4.74%

— SRIs 201 68.14%  0.0306% 2.6083% 0.5910
— Cls 94 31.86%  0.0505% 2.9740% -
Transportation 199 3.19%

— SRIs 99 49.75%  0.0459% 2.3275% 0.4519
— Cls 100 50.25%  0.0608% 2.6206% -
Banks, Savings and Loans 375 6.02%

— SRIs 208 55.47%  0.0372% 2.3344% 0.4577
- CIs 167 44.53%  0.0425% 2.3391% -
Insurance 161 2.58%

— SRIs 101 62.73% 0.0331% 2.4711% 0.5072
- CIs 60 37.27% 0.0675% 2.3585% -
Other Financial 382 6.13%

— SRIs 200 52.36%  0.0492% 2.4369% 0.3450
- ClIs 182 47.64%  0.0679%  3.0052% -
Unclassified 10 0.16%

- ClIs 10 100.00% 0.0985% 3.3313% -

Table 1: Data Set Descriptive Statistics - Industry Sectors

More than 77% of all companies included in the sample belong to the industrial sector,
with about 44% of these having a positive ESG score. Average ESG scores vary between
0.3450 (other financials) and 0.5910 (utilities). The mean daily returns of ESG-rated
companies are lower than the mean daily returns of non-ESG companies, with the same
being true for the standard deviation of daily stock returns (the exception being Insurance).

Table classifies all stocks in the data set by continent and ESG score availability.
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Continent No. of Stocks  Share I o

North America 1,456 23.37%

— SRIs 995 68.34% 0.0607% 2.6026% 0.4961
- ClIs 461 31.66% 0.0803% 3.1420% -
Europe 1,093 17.54%

— SRIs 735 67.25% 0.0351% 2.3616% 0.6130
- ClIs 358 32.75% 0.0674% 2.7074% -
Asia 3,179 51.02%

— SRIs 816 25.67% 0.0560% 2.4381% 0.3582
— ClIs 2,363 74.33% 0.0702% 2.9135% -
South America 118 1.89%

— SRIs 64 54.24% 0.0851% 2.4164% 0.5010
- Cls 54 45.76% 0.0869% 2.6915% -
Australia 217 3.48%

— SRIs 198 91.24% 0.0751% 3.1458% 0.4093
- ClIs 19 8.76% 0.0456% 1.8045% -
Africa 147 2.36%

— SRIs 103 70.07% 0.0905% 2.2960% 0.5783
— Cls 44 29.93% 0.0782% 2.7306% -
Unclassified 21 0.34%

— SRIs 13 61.90% 0.1026% 4.0973% 0.2736
- Cls 8 38.10% 0.0837% 3.0269% -

Table 2: Data Set Descriptives Statistics - Geographic Overview

Approximately 51% of all companies in the sample are located in Asia, 23% in North
America, and 18% in Europe. The remaining 8% are spread over South America, Aus-
tralia and Africa (no country codes are provided for 0.34% of all companies). While only
25.67% of all Asian companies exhibit a positive ESG score, more than 90% of Australian
companies also do so. For all remaining continents, the shares of positively ESG-rated
companies are higher than 54%. The highest mean ESG score can be found in Europe
(0.6130), with Asia once again bringing up the rear (0.3582). Mean daily returns of ESG-
rated companies are once again lower than the mean daily returns of non-ESG companies

(the exception being Africa and Australia), with the same being true for the standard

deviation of daily stock returns (exception: Australia).

Table groups all companies included in the data set by ESG score levels (in steps of

20%) and highlights mean daily returns, mean standard deviations and mean ESG scores.
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Here, companies with the highest mean ESG score (0.8830) exhibit the lowest mean return
(0.0387%) and the lowest standard deviation of returns (2.1719%), while companies with
the lowest positive mean ESG score (0.1085) exhibit mean returns similar to companies

with no ESG Score (0.0720% vs 0.0716%), but lower standard deviation (2.80580% vs

2.9109%).
0 No. of Stocks I o 0
81-100 492 0.0387% 2.1719% 0.8830
61-80 626 0.0474% 2.3577% 0.7027
41-60 575 0.0565% 2.5389% 0.4979
21-40 627 0.0610% 2.6851% 0.2976
1-20 604 0.0720% 2.8050% 0.1085
0 3,307 0.0716% 2.9109%  0.0000

Table 3: Data Set Descriptive Statistics - ESG Score Levels

In the following, we refer to this data set as Total Pool. For our empirical analysis,
however, we also create a subset containing only stocks with positive ESG scores, i.e. a
subset with socially responsible assets. We refer to this subset as SRI POOIEI

Finally, we introduce a risk-free asset with an assumed daily return p of 0 and an ESG

score 6 of 0.

3 Theoretical Model

In theory, investors interested in Cls and investors interested in SRIs are clearly separated
and, thus, the performance of the different types of investments are analyzed utilizing dif-
ferent methods and theories. However, in reality, investors can usually not be clearly sep-
arated into ”socially responsible investors” and ”socially irresponsible investors”. Hence,

in the following, we shed light on the universe of feasible investment opportunities for

4The Total Pool thus constitutes the superset of the SRI Pool subset. Also note that while it is
technically conceivable to also create a CI Pool subset containing only conventional assets with an ESG
score of 0, we disregard this option. There is no incentive for risk-averse, u/o-optimizing investors to limit
themselves to utilizing only assets that are not deemed socially responsible.

12



investors deciding on the basis of their preferences for not only return and risk but also
social responsibility.

Let n denote the number of risky securities(i = 1,...,n). In this group we further
distinguish two subsets, SRIs and CIs denoted by n;g,, and n;.,, respectively.

In a traditional mean-variance portfolio selection, risk-averse investors maximize ex-

pected return (x) and minimize return risk (o) as given by Equation

max apu — Bo, (1)

with « representing the return preference parameter and S indicating the risk prefer-

ence parameter measuring the level of risk aversion.

For our analysis we expand Equation [I|in order to allow investors to incorporate three

preferences parameters:

max au + v0 — Bo, (2)

i.e. we enhance the well-known Markowitz (1952) approach by a third dimension,
namely the social responsibility of risky assets. 6 denotes that social responsibility rat-
ingﬂ while v indicates the social responsibility preference parameter of an investor. All
preference parameters are expected to be > 0, since for a rational investor negative pref-
erence parameters would not make sense. The overall social responsibility of any portfolio

(PF) of risky assets is thus given by Opp = > | O;w;.

The decision variables for investors are thus given by Equations [3] to

The social responsibility rating § = 0 of all unrated ClIs is 0.

13



n
max upgp = Z i Wj (3)

i=1
n o n
minapp = ZZUinwiwjpij (4)
i=1 j=1
n
max OPF = Zﬁzwl (5)
=1

Equations [3] and [4] are standard equations from Markowitz’ Portfolio Selection Model.
Equation [5| assumes in line with Drut| (2010 that social responsibility ratings are ad-
ditive. This is also very often assumed by practitioners and rating agencies (see also
Barracchini| (2004) and |Scholtens (2009) for an in-depth discussion). In addition, social
responsibility ratings are expected to be time-independent from expected returns, i.e. a
better social responsibility rating does not necessarily cause higher or lower returns. In
line with several empirical studies (e.g. Basso and Funari| (2014)), we assume the possi-
bility that investors may be willing to give up a certain amount of return in order to reach
the intended level of social responsibility (i.e. a — 0).

Following |Dorfleitner and Utz| (2012)), we expect that investors do not care much about
a change in the level of a companies social responsibility rating after they have already
decided to invest in that company. This means that we are able to neglect the risk of
changes of social responsibility ratingsﬁ

The portfolio optimization as given by Equation [2] considering the constraint that the
sum of portfolio weights equals one can easily be derived via maximizing the Lagrange

function given by:

This is also in line with [Dorfleitner et al| (2012) and [Basso and Funari (2014).

14



n

maxA:a,u—i—’yH—,Ba—l—L(l—Zwi) (6)
=1

We derive the necessary first order conditions for this optimization and simplify the
separate terms as follows.

Define apu as a:
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The variances and covariances are given as a doubled covariance matrix C"

Finally, this leads to:

p2C11  B2C12 B2C1y,
BQCgl BQCQQ 6202n
5201 B2Chn
1 1 1 1
cla+Ccty=w

1
1

(10)
1
0

(11)

Based on the model derived above, we can now distinguish between different types of

efficiency as summarized by Table (). A fictitious risky asset A is strictly preferred to

asset B, if one of the rules depicted in Table is true. The rules in the first column

are the well-known basis of most u/o-portfolio optimization approaches. A similar line of

reasoning can be applied to /0 optimizations (second column), where social responsibil-

ity ratings take the place of asset returns. The third column indicates efficiency rules for

investors optimizing their portfolios on the basis of their preferences of return, risk and

social responsibility.

u/o Efficiency

0/o Efficiency

p/0/c Efficiency

A>B uAZ/LB&UA<UB 9A=93&0A<UB
pa>pup & oa=o0p 60a4>0p & os=o0p
,UA>MB&UA<UB 9A>HB&UA<UB

HA
KA
HA
HnaA
HnA
2\

>MB&0A:9B&UA:UB
:;LB&GA>93&O'A:0'B
:MB&QAZQB&UA<UB
>HB&9A>QB&UA:UB
:/LB&QA>HB&UA<O‘B
>;LB&9A>QB&O'A<O'B

Table 4: Portfolio Efficiencies
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4 Methodology

As outlined in Section , our model requires us to set up a covariance matrix (see
Equations and to compute the weights of optimized portfolios given specific sets
of preference parameters. However, not all assets in our data sets were available over
the entire observation period, which raises an issue since the shortest data availability
of a single asset determines the length of the observation period for all assets included
in the covariance matrix. Since we want to ensure the empirical validity of our results
(i.e. included all assets with the maximal number of observations), we therefore choose
to deviate from this model approach. For the empirical analysis in Section , we thus
implement the theoretical model introduced in Section (3) via a dual-step optimization
process detailed in the following.

A simulation approach is applied to be able to handle the large data set (6,231 stock,
12 years of daily returns data) outlined in Section . Firstly, a set of 50 stocks i is
picked out of the Total Pool superset using a random-draw procedureﬂ The probability
of a stock being drawn is thereby uniformly distributed. Once this set has been chosen,
the portfolio weights of the global minimum-variance-portfolio (MVP) consisting of these

50 stocks are calculated as given by Equation :

n
minUpF,s.t.Zwi =1, (12)
i=1

which implies a =0, =1 and v = 0.

Secondly, we run the dual-step optimization referred to above, with the MVP being
the starting point for the construction of two different efficient frontiers, one return/risk-

efficient (uu/0) frontier and one social responsibility /risk-efficient (6/0) frontier. In the first

"Following [Statman| (1987), we choose a set size of 50 stocks as basis for our optimization.
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step, individual average stock returns and the covariance matrix of the set of 50 stocks
are used as input variables for the optimization process. Using the MVP as the lower
boundary and the maximum return portfoli(ﬁ (MRP) as the upper boundary, we build
100 additional portfolios in between, in order to create the efficient frontier. This efficient
frontier is thus composed of ;1/-optimal portfolios PF),, with stepwise increasing returns.
After the efficient frontier has been generated, a risk-free asset rf (u = 0,0 = 0,0 = 0) is
introduced to the set of feasible assets and Sharpe Ratios S (see Equation following
(Sharpel, [1966))) are calculated for all portfolios on the efficient frontier, to find the single-

best risky portfolio PFg___ exhibiting the maximum Sharpe Ratio.

max

Upr — Hrf
oPF

max S = (13)

In the second step, individual average ESG scores and the same covariance matrix
as in the first optimization are used as input variables for the optimization process (see
Section ) Using the MVP again as the lower boundary and the maximum ESG port-
foli(ﬂ (MEP) as the upper boundary, we now build 100 additional portfolios to create the
0 /o-efficient frontier. The portfolios PFy, on this efficient frontier thus feature stepwise
increasing ESG scores, while the risk of every portfolio is again minimized. Following this,
we calculate the Delta Ratio ¢ (an efficiency ratio that relates social responsibility and risk

in a way similar to how the Sharpe Ratio relates return and risk; see Equation ((14))) for

each portfolio on the efficient frontier, to find the single risky portfolio PFj,  exhibiting
the maximum Delta ratio.
0
max § = —+- (14)
opPF

8In this paper, we limit the MRP by the highest average return of a single stock in the set of 50
stocks. While still allowing for some short-selling, this setup prevents the weights of individual stocks from
reaching extreme values.

9 Analogous to the MRP, we limit the MEP by the highest average ESG score of a single stock in the
set of 50 stocks.
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Thirdly, we simulate this dual-step optimization 20,000 times with varying 50-stocks-
sets, in order to be able to obtain results that are representative of an optimization involv-
ing all stocks included in the chosen data set. This yields 20,000 Sharp Ratio-maximized
portfolios PFg

and 20,000 Delta Ratio-maximized portfolios PFEj that can be plot-

max mazx

ted as portfolio clouds in a three-dimensional return/risk/social responsibility space.
Fourthly, we repeat all this with the SRI Pool subset.

Finally, we define two representative portfolios PFg and PAF(;mM. These portfolios

are characterized by expected daily returns, standard deviations and ESG scores equal to
the means of the respective 20,000 Sharpe Ratio and the 20,000 Delta Ratio-optimized
portfolios. Following Tobin! (1958), we introduce the risk-free asset and proceed to set up

a three-dimensional capital allocation plane (CAP) indicating all feasible combinations of

the risk-free asset rf and the risky portfolios PFg,  and PFs .

5 Results

In this Section, we first examine the results of the two 20,000 portfolio optimization sim-
ulations. As already mentioned, we run the simulations twice, once for all stocks in the
Total Pool superset, and once for the subset of socially responsible investments (SRI Pool).
Second, we build the capital allocation plane (CAP), spanning the representative /o and
8 /o-optimized portfolios (PFg, .. and PFs ) as well as the risk-free asset rf. Third,
we shed light on the different possibilities investors have on choosing an optimal portfolio
on the basis of the CAP.

Table illustrates the mean results of the 20,000 Total Pool and the 20,000 SRI Pool

simulations for the respective Sharpe Ratio-maximized portfolios PFg and the Delta

mazx?

Ratio-maximized portfolios PF(;MIH

0Histograms depicting Total Pool and SRI Pool results in more detail are presented in the appendix,
see Figures |4(a)|to|8(b)[and |9(a)| to [13(b)| respectively.
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Total Pool SRI Pool
pPFrs,.. PF,, PFs,,, PF;s

Mean Expected Daily Return 7 0.1613% 0.0346% 0.1755% 0.0357%
Mean Expected SD of Returns @ 0.7540% 0.6445% 0.8311% 0.5381%

max

Mean Expected ESG Score 6 0.0855 0.9230 0.3531 0.9435
Mean Expected Sharpe Ratio S 0.2139 0.0537 0.2111 0.0663
Mean Expected Delta Ratio & 0.1134 1.4321 0.4249 1.7534

Table 5: Simulation Results: Means of Risky Portfolios PFs, _ and PF;s

max

In both the Total Pool as well as the SRI Pool, the mean daily returns of the Sharpe
Ratio-optimized portfolios PFg, . (0.1613% and 0.1755%) are statistically significantly

higher than those of the Delta Ratio-optimized portfolios PFjs_.  (0.0346% and 0.0357%).

mazx

Interestingly, at the same time, the returns of the PFyg are not significantly different

max

between pools, i.e. the stock screening process and limitation to SRIs (SRI Pool) does
not seem to negatively affect expected returns for p/o-optimized portfolios. This finding
is in line with Renneboog et al. (2008), who show that funds investing exclusively in SRIs
(but still determining fund composition via a u/ J—optimization)E] do not exhibit returns
significantly different from conventional funds.

The mean standard deviation is the lowest in the two PFj} with 0.6445% and

mazx?

0.5381%, as compared to the PFs, . (0.7540% and 0.8311%). ESG scores also vary
greatly, from a mean of only 0.0855 (Total Pool: PFyg, . ) to a mean of 0.9435 (SRI Pool:

PFjs . Similar to before, the ESG Scores of the PF; are not significantly different

max ) max

from each other. Despite the PFg, . of the SRI Pool illustrating slightly higher returns,

the higher mean Sharpe Ratio of the Total Pool: PFg, . (0.2139 vs. 0.2111), which is

statistically significant, is caused by the decrease in risk as compared to the SRI Pool.

Finally, Delta Ratios are also significantly different between pools, with the Total Pool

PFj, .. exhibiting a ratio of 1.4321 and the SRI Pool PFj, = featuring a ratio of 1.7534.

Utz et al|(2014) emphasize that while SRI fund managers pre-screen assets for their social responsi-
bility before adding them to asset pool of an SRI fund, they focus on financial performance (i.e. the are
p/c-optimizers) for determining the SRI fund’s final composition.
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On the basis of these results, it becomes clear that the choice between the Total Pool
and the SRI Pool makes a more subtle difference, but the choice between the Sharpe Ratio-
maximization and the Delta Ratio-maximization approach heavily impacts the expected
return, risk and social responsibility of the respective optimal portfolio. One the one hand,
with a view to the mean Sharpe Ratios, it is feasible to assume that investors aiming to
maximize return would choose the Total Pool Sharpe Ratio-maximized Portfolio PFg,, .
On the other hand, on the basis of the mean Delta Ratios, investors aiming to maximize
social responsibility would choose the SRI Pool Delta Ratio-maximized portfolio PFj, .

For the setting up of the capital allocation plane, we thus define the first representa-
tive portfolio PFg, . as the mean of the Total Pool Sharpe Ratio-maximized portfolios

PFg (see the black portfolio cloud in Figure (1)) and the second representative port-

folio PFs, .. as the mean of the SRI Pool Delta Ratio-maximized portfolios PFj,, . (see
the grey portfolio cloud in Figure ) Table @ summarizes the properties of the two

representative portfolios.

Total Pool SRI Pool

PFg, .. PFs,
Expected Daily Return p 0.1613%  0.0357%
Expected Daily SD of Returns ¢ 0.7540%  0.5381%
Expected ESG Score 6 0.0855 0.9435
Expected Sharpe Ratio S 0.2139 0.0663
Expected Delta Ratio § 0.1134 1.7534

Table 6: Simulation Results: Properties of Representative Risky Portfolios PF Spnan a0 PFs

max

Based on these two representative portfolios and a risk-free asset (u =0, 0 =0, 8 =0),

we are now able to span the capital allocation plane (see Figure H

12We assume the correlation coefficient of returns between PAFSWM and PFj to be 0.3. A slightly
positive correlation coefficient seems the most likely choice, with the SRI Pool being a subset of the Total
Pool superset. A lower correlation coefficient would decrease the set of feasible portfolio combinations,
while a higher correlation coefficient would increase the set of feasible portfolio combinations.

max
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Figure 1: The black portfolio cloud represents the 20,000 Sharp Ratio-maximized portfolios

PFg, ., calculated on the basis of the Total Pool. The gray portfolio cloud represents the 20,000
Delta Ratio-maximized portfolios PFj5,_ _, computed on the basis of the SRI Pool. Figure

depicts a 3D view of the results, while Figures [1(b)| and focus on 2D views of the return/risk
and return/ESG axis respectively.
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Figure 2: Point A designates the representative Sharpe Ratio-maximized portfolio PFg, _, while
Point B designates the representative Delta Ratio-maximized portfolio PF Sman- P0iNt C designates
a risk-free asset (u = 0, 0 = 0, § = 0). The gray capital allocation plane spanning points A, B
and C represents the resulting set of feasible portfolio choices. Figure depicts a 3D view of
the results, while Figures and show 2D views of the return/risk and return/ESG axis
respectively. The plane is constructed under the constraint of no short-selling.
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Point A designates the representative Sharpe Ratio-maximized portfolio PF Siman» While

Point B designates the representative Delta Ratio-maximized portfolio PF Point C

designates a risk-free asset (u = 0, 0 = 0, § = 0). The gray capital allocation plane
spanning points A, B and C represents the resulting set of feasible portfolio choices for
investors. Figure depicts a 3D view of the results, while Figures and show
2D views of the return/risk and return/ESG axis respectively. The plane is constructed
under the constraint of no short-selling.

On the basis of the CAP, investors can easily decide on their optimal portfolio given
their respective preference parameters «, 3, and 7. u/o-optimizing investors (the “Con-
ventional Investors”), not caring about the social responsibility of their investments, will
therefore choose a portfolio on the line between points C (the risk-free asset r f) and A (the
representative Sharpe Ratio-maximized portfolio), their choice solely depending on how
much of their budget they want to invest in the risk-free asset and in the risky portfolio,
respectively. 0/o-optimizing investors (the “Socially responsible Investors”), disregarding
the return of their risky portfolio, will choose a portfolio on the line between the risk-free
asset rf (point C) and the representative Delta Ratio-maximized portfolio (point B), their
choice depending of how much of their budget they want to invest in the risk-free asset
and in the risky portfolio, respectively. Apart from these two types of investors, the cap-
ital allocation plane provides the means for all types of investors to choose their optimal
combination of both risky portfolios and the risk-free asset. Thus, by using the CAP, it
becomes easy for investors to determine for example how much expected return has to be

“sacrificed” in order to achieve a certain ESG score or how high the ESG score would be

for a specific expected return and a given level of riskE

13Please note that even though the CAP depicted in Figure [2] is explicitly constructed under a no-
short selling constraint, it is of course possible for all types of investors to short-sell either one of the
risky portfolios PF5,,,. or PFg or the risk-free asset in order to reach even more beneficial portfolio
combinations (again, given the investors’ individual preference parameters) on an extended CAP.

max
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There are two ways that investors might use to select their optimal portfolio on the
basis of the CAP.

After setting up the CAP, investors could simply determine the level of one of the
three output parameters (i.e. return, risk, social responsibility). This results in a limited
set of feasible portfolios that are all exhibiting the same level of that one fixed parameter,
but that are at the same time different from each other in terms of the two non-fixed
parameters. Figure demonstrates this graphically for three exemplary cases. Line I
indicates all feasible portfolios with a fixed expected return of 0.1%. Line II indicates all
feasible portfolios with a fixed expected standard deviation of 0.25 and line III indicates
all feasible portfolios with a fixed expected ESG score of 0.3

Furthermore, given that investors have knowledge about their individual preference
parameters, it would of course also be possible that investors insert their specific preference
parameters into Equation @ This would also yield an optimal portfolio situated on the

CAP.

14The fixed values used for the output parameters in this example were picked at random.
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Figure 3: Point A designates the representative Sharpe Ratio-maximized portfolio PFg, , while
Point B designates the representative Delta Ratio-maximized portfolio PFs, . Point C designates
a risk-free asset (u = 0, 0 = 0, § = 0). The gray capital allocation plane spanning points A, B
and C represents the resulting set of feasible portfolio choices. I indicates all feasible portfolios
exhibiting a fixed expected return of 0.1%. II indicates all feasible portfolios exhibiting a fixed
expected standard deviation of 0.25. III indicates all feasible portfolios exhibiting a fixed expected
ESG score of 0.3.
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6 Conclusion

In this paper, we revisit Markowitz’ Portfolio Selection Theory and propose a modification
allowing to incorporate not only asset-specific return and risk expectations but also a social
responsibility measure (i.e. Datastream’s ESG scores) into the investment decision making
process.

We apply a two-step simulation approach to calculate a representative Sharpe Ratio-
optimal portfolio and a representative Delta Ratio-optimal (i.e. ESG /risk-optimal) portfo-
lio. Together with a risk-free asset, we are thus able to create a capital allocation plane in
a three-dimensional return/risk/social responsibility space. This capital allocation plane
allows investors to custom-tailor their asset-allocations and incorporate all personal pref-
erences regarding risk, return and social responsibility into their portfolio choice.

In our empirical analysis on the basis of a data set with 6,231 publicly traded compa-
nies, we find that that investors caring about the social responsibility of their investments
do face a statistically significant decrease in both expected returns and risk exposure,
with the Sharpe Ratios being also significantly lower than those of a return/risk-optimal
portfolio. However, it is interesting to note that investors may attain optimal portfolios
exhibiting a modest social responsibility rating by accepting only a very limited decrease

of the resulting portfolio’s Sharpe Ratio.

27



References

Alexander, G. J. and Buchholz, R. A. (1978). Corporate social responsibility and stock

market performance. Academy of Management Journal, 21(3):479-486.

Aupperle, K. E., Carroll, A. B., and Hatfield, J. D. (1985). An empirical examination of
the relationship between corporate social responsibility and profitability. Academy of

management Journal, 28(2):446-463.

Ballestero, E., Bravo, M., Pérez-Gladish, B., Arenas-Parra, M., and Pla-Santamaria, D.
(2012). Socially responsible investment: A multicriteria approach to portfolio selection

combining ethical and financial objectives. Furopean Journal of Operational Research,

216(2):487 — 494.

Barracchini, C. (2004). An ethical investments evaluation for portfolio selection. EJBO,

9(1).

Basso, A. and Funari, S. (2014). Constant and variable returns to scale dea models

for socially responsible investment funds. FEuropean Journal of Operational Research,

235(3):775-783.

Benson, K. L. and Humphrey, J. E. (2008). Socially responsible investment funds: Investor

reaction to current and past returns. Journal of Banking & Finance, 32(9):1850-1859.

Bilbao-Terol, A., Arenas-Parra, M., and Canal-Ferndndez, V. (2012). Selection of so-
cially responsible portfolios using goal programming and fuzzy technology. Information

Sciences, 189:110-125.

Bilbao-Terol, A., Arenas-Parra, M., Canal-Ferndndez, V., and Bilbao-Terol, C. (2013).
Selection of socially responsible portfolios using hedonic prices. Journal of business

ethics, 115(3):515-529.

Bowen, H. R. (1953). Social responsibilities of the businessman;. Harper, New York.

28



Cochran, P. L. and Wood, R. A. (1984). Corporate social responsibility and financial

performance. Academy of management Journal, 27(1):42-56.

Dorfleitner, G., Leidl, M., and Reeder, J. (2012). Theory of social returns in portfolio

choice with application to microfinance. Journal of Asset Management, 13(6):384—-400.

Dorfleitner, G. and Utz, S. (2012). Safety first portfolio choice based on financial and

sustainability returns. European Journal of Operational Research, 221(1):155-164.

Drut, B. (2010). Social responsibility and mean-variance portfolio selection. Working

papers CEB, 10.

Du, S., Bhattacharya, C., and Sen, S. (2011). Corporate social responsibility and compet-

itive advantage: Overcoming the trust barrier. Management Science, 57(9):1528-1545.

Ehrgott, M., Klamroth, K., and Schwehm, C. (2004). An mcdm approach to portfolio

optimization. European Journal of Operational Research, 155(3):752-770.

Gil-Bazo, J., Ruiz-Verdd, P., and Santos, A. (2010). The performance of socially respon-
sible mutual funds: the role of fees and management companies. Journal of Business

Ethics, 94(2):243-263

Hamilton, S., Jo, H., and Statman, M. (1993). Doing well while doing good? the in-
vestment performance of socially responsible mutual funds. Financial Analysts Journal,

pages 62-66.

Hirschberger, M., Steuer, R. E., Utz, S., Wimmer, M., and Qi, Y. (2013). Comput-
ing the nondominated surface in tri-criterion portfolio selection. Operations Research,

61(1):169-183.

Kempf, A. and Osthoff, P. (2008). Sri funds: nomen est omen. Journal of Business

Finance & Accounting, 35(910):1276-1294.

29



Loew, T., Ankele, K., Braun, S., and Clausen, J. (2004). Bedeutung der internationalen
CSR-Diskussion fiir Nachhaltigkeit und die sich daraus ergebenden Anforderungen an

Unternehmen mit Fokus Berichterstattung. Future e. V.-verantwortung unternehmen.
Markowitz, H. (1952). Portfolio selection®. The Journal of Finance, 7(1):77-91.

McWilliams, A. and Siegel, D. (2001). Corporate social responsibility: A theory of the

firm perspective. Academy of management review, 26(1):117-127.

Renneboog, L., Ter Horst, J., and Zhang, C. (2008). The price of ethics and stakeholder
governance: The performance of socially responsible mutual funds. Journal of Corporate

Finance, 14(3):302-322.

Sauer, D. A. (1997). The impact of social-responsibility screens on investment perfor-
mance: Evidence from the domini 400 social index and domini equity mutual fund.

Review of Financial Economics, 6(2):137-149.

Scholtens, B. (2009). Measuring sustainability performance of investments: The case of

dutch bond funds. PRI Academic Conference.

Schroder, M. (2007). Is there a difference? the performance characteristics of sri equity

indices. Journal of Business Finance € Accounting, 34(12):331-348.

Sen, S., Bhattacharya, C. B., and Korschun, D. (2006). The role of corporate social
responsibility in strengthening multiple stakeholder relationships: a field experiment.

Journal of the Academy of Marketing science, 34(2):158-166.
Sharpe, W. F. (1966). Mutual fund performance. Journal of business, pages 119-138.

Sparkes, R. and Cowton, C. J. (2004). The maturing of socially responsible investment: A
review of the developing link with corporate social responsibility. Journal of Business

FEthics, 52(1):45-57.

Statman, M. (1987). How many stocks make a diversified portfolio? Journal of Financial

and Quantitative Analysis, 22(03):353-363.

30



Steuer, R. E., Qi, Y., and Hirschberger, M. (2005). Multiple objectives in portfolio selec-

tion. Journal of Financial Decision Making, 1(1):5-20.

Thomson Reuters (2012). Asset4 environmental, social and corporate governance data.

http://short.wu.ac.at/5t4m. Last Accessed on Sep. 10, 2014.

Tobin, J. (1958). Liquidity preference as behavior towards risk. The review of economic

studies, pages 65—86.

Utz, S., Wimmer, M., Hirschberger, M., and Steuer, R. E. (2014). Tri-criterion inverse
portfolio optimization with application to socially responsible mutual funds. Furopean

Journal of Operational Research, 234(2):491 — 498.

31



7 Appendix
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Figure 4: Distribution of Return of Total Pool Simulation
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Figure 5: Distribution of Standard Deviation of Total Pool Simulation
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