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Abstract: We propose a multi-objective approach for portfolio selection, which allows investors
to consider not only return and downside risk criteria but also to include environmental, social
and governance (ESG) scores in the investment decision-making process. Owing to the uncertain
environment of portfolio selection, the return and ESG score of each asset are considered as independent
L-R power fuzzy variables. To make the model more realistic, we take budget, floor ceiling and
cardinality constraints into account. In order to select the optimal portfolio along the efficient frontier,
we apply the Sortino ratio in a credibilistic environment. The subsequent empirical application
uses a data set from Bloomberg’s ESG Data in combination with US Dow Jones Industrial Average
data. The experimental results show that the proposed model offers promising results for socially
responsible investors seeking ethical and sustainability goals beyond the return-risk trade-off and its
ability to beat the benchmark.

Keywords: sustainable investment; portfolio selection; ESG rating score; downside risk; L-R
fuzzy numbers

1. Introduction

Multiple criteria decision making is a method which pursues making choices in the presence of
multiple criteria, goals or objectives [1]. It has been applied in several areas [2–4] and in investment
decisions are not an exception [5–8].

In the last decades, financial, social and environmental crises have led to considerable growth of
social responsibility (SR) consciousness in society and amongst investors [9–11]. Socially responsible
investment (SRI), also known as ethical, green, impact, responsible or sustainable investing, is defined
as an investment decision-making process that considers not only financial performance but also
environmental, social and governance (ESG) criteria [12,13]. In other words, socially responsible
investors (SRIs) consider non-financial criteria (e.g., social responsibility performance) in their
investment decisions in addition to conventional criteria such as return, risk or liquidity [14,15].

Nowadays, the main investment instrument of SRIs are socially responsible mutual funds [16].
The first modern SR mutual fund, the Pax World Fund, was created in 1971 in the United States and
appealed to investors objecting to the Vietnam War [17]. Since then, the SRI industry has expanded by
drawing attention of academics and professionals in various cultural contexts and industries around
the world [18–27].
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Over the last decades, several studies have focused on comparing financial performances between
SR funds (or SR indexes) and non-SR funds (or non-SR indexes). The main conclusions of these studies
can be summarized as follows: (i) the financial performance of SR funds/indexes is larger than that of
non-SR funds/indexes [28–32]; (ii) the financial performance of SR funds/indexes is lower than that
of non-SR funds/indexes [33–37]; and (iii) there are no statistical differences in financial performance
between both forms of funds/indexes [38–42]. Noted that the results of above studies are inconclusive
and even somewhat contradictories. This discrepancy is mainly due to the methodological choices
made by researchers in the different studies [43]. Furthermore, it could reflect the complex relationship
between SRI and financial performance, which is based on both company corporate social responsibility
(CSR) performance and market characteristics (e.g., portfolio management and influence of investors).

Another strand of SRI literature is concerned with analysing the relationship between CSR activity
and firm financial performance. McWilliams and Siegel [44] for example, argue that there is an ideal
level of CSR which can be determined by manager via cost-benefit analysis and that there is a neutral
relationship between CSR and financial performance. Goss and Roberts [45] find that firms with SR
concerns pay higher financing rates than firms that are more responsible, due to lenders are more
sensitive to CSR concerns in the absence of security. Ghoul et al. [45] suggest that firms with better CSR
scores exhibit cheaper equity financing and hence, have higher valuation and lower risk. Attig et al. [46]
found that credit rating agencies tend to award relatively high ratings to firms with good social
performance, as CSR performance conveys important non-financial information that is likely to be
used in the evaluation of a firm’s creditworthiness. Finally, Cheng et al. [47] argue that CSR strategies
reduce agency costs and informational asymmetry, which lead to firms have a better access to finance.

The portfolio selection problem is frequently approached by an application of quantitative methods.
The aim is to select an optimal portfolio that maximises investors’ goals with regards to several criteria
such as return and risk. Markowitz [48] established the first mathematical formulation of this problem
and proposed the relationship between the mean and the variance of the assets as selection criteria.
A rich literature seeks to include non-financial criteria for integrating ESG concerns into the portfolio
selection problem. Hallerbach et al. [49], for example, proposed a framework for managing an SR
portfolio based on firm-level SR data. Steuer et al. [50] extended the classical risk-return approach to
add further objectives such as liquidity, dividends, portfolio size, social responsibility and so forth.
Bilbao-Terol et al. [51] proposed a fuzzy decision making process for selecting portfolios that take
financial, social, environmental and ethical criteria into account. Utz et al. [52] seek to maximise the
portfolio’s ESG as the third criterion and to apply the proposed model to SR mutual funds. Calvo
et al. [53] propose a model for selecting portfolios taking a fuzzy secondary non-financial goal into
account. Finally, Li et al. [54] studied the ESG portfolio return and risk based on the list of the “100 Best
CSR companies in the world” published by the Reputation Institute.

However, all of the aforementioned studies of SR portfolio selection focus on funds instead on
individual assets. The literature reviewed so far indicates that there are only a few studies of SR
portfolios optimisation models that are based on individual assets [55–57]. In fact, for investors and
portfolio managers it is important that these kinds of studies exist that help them pick the most reliable
approach to make SR portfolio investment-related decisions. Due to the above consideration, this
paper extends current knowledge by employing the Bloomberg ESG Disclosure Score in order to
measure the level of social responsibility of each asset. To our knowledge, this approach is one of the
first uses of Bloomberg’s ESG score in an academic study on SR portfolio investment.

There are currently numerous specialised rating institutions, which rate and analyse the
environmental, social and governance-related business practices of companies throughout the world.
Some of the most important ESG rating scores include the Bloomberg ESG Disclosure Score, the Thomson
Reuters ESG Score, the MSCI ESG Score and the Vigeo-Eiris ESG Score. In practice, each rating agency
has its own measurement methodologies and uses its own social performance criteria, which are beset
by uncertainty, vagueness and/or imprecision [9]. As a result researchers have applied the fuzzy set
theory [58] to characterise the fuzziness associated with SR portfolio [53,59,60].
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In order to gauge a fuzzy event, Zadeh [58] proposed a non-self-dual possibility measure. However,
since the self-dual property is intuitive and important both in theory and practice, Liu and Liu [61]
developed a self-dual credibility measure. Different researchers have used credibility distributions to
approximate the uncertainty on returns [62–68]. Nevertheless, to the best of our knowledge, there is no
SR portfolio selection model using a credibility-based approach to deal with fuzzy events. Hence, this
paper seeks to make a contribution to the SR portfolio selection model approach by assuming that both
the return and ESG performance of each asset are an L-R power fuzzy variable whose moments are
assessed employing their credibility distributions.

Most previous studies use the variance to measure portfolio risk despite its undesirable
properties such as the lack of coherence [48]. However, in real-life decisions investors are more
sensitive to downside losses than upside gains but variance does not reflect investors’ concern about
underperformance [69]. In order to solve this limitation, several downside risk measures have been
proposed. The mean-absolute semi-deviation (MASD) is a popular downside risk measure originally
introduced by Speranza [70] and it is used in mean-absolute semi-deviation portfolio selection models.
MASD was introduced as a downside risk measure in stochastic environments. However, it has only
been used in a single study in a credibilistic context [64].

Modern portfolio theory assumes that investors are rational and always try to minimize risk
while striving for the highest return possible [48]. Nowadays, the so-called Sortino ratio introduced
by Sortino and Van Der Meer [71] is a well-known measure to evaluate portfolio performance. It is
a modification of the Sharpe ratio, using downside measure rather than dispersion measure as the
measure of risk. Therefore, to select the optimal portfolio along the efficient frontier, this paper defines
for the first time the credibilistic Sortino ratio as the ratio between the credibilistic risk premium and
the credibilistic mean-absolute semi-deviation.

On the basis of the SRI literature review, the aim and contribution of this paper is two-fold: First,
we present a multi-objective approach for the portfolio selection model, which allows investors to
consider not only return and downside risk criteria but also ESG performance as part of the investment
decision-making process. The return and the ESG score of each asset are quantified by the credibilistic
mean values of return and the ESG score, respectively; the downside risk is determined by the
credibilistic mean-absolute semi-deviation of return. The return and the ESG score are considered as
L-R power fuzzy numbers. In order to make this model more applicable to reality, we consider budget,
floor-ceiling and cardinality constraints. To solve the constrained portfolio optimisation problem,
we apply the Non-dominated Sorting Genetic Algorithm II (NSGA-II). Second, we present a real-world
empirical application using a data set from Bloomberg’s ESG Data in combination with US Dow Jones
Industrial Average data for the period from February 2014 to December 2017.

The experimental results show that the proposed model offers promising results for socially
responsible investors seeking ethical and sustainability goals beyond the return-risk trade-off and its
ability to beat the benchmark.

Furthermore, in Section 2, the fundamental concepts relevant to the proposed study are introduced.
Thereafter, Section 3 describes the mean-downside risk-socially responsibility model. The solution
methodology to solve the above model is presented in Section 4, followed by an empirical study
in Section 5, which illustrates the usefulness of the proposed model. The paper closes with the
key conclusions.

2. L-R Fuzzy Numbers and Credibility Theory

This section briefly presents the key definitions of fuzzy set theory essential for the
subsequent sections.

2.1. L-R Power Fuzzy Numbers

The reference functions Lπ(.), Rρ(.): [0, 1]→[0, 1] of a L-R fuzzy number are strictly decreasing
and upper semi continuous functions such that [72]:
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Lπ(x), Rρ(x) =
{

0 If x = 1
1 If x = 0

The membership function of L-R fuzzy number Ã [i.e. Ã = (a, b, c, d)LπRρ ] has the following form:

µÃ(x)=


Lπ

(
b−x
b−a

)
, If a ≤ x < b

1, If b ≤ x ≤ c
Rρ

(
x−c
d−c

)
, If c < x ≤ d

0, Otherwise,

where (b−a) and (d−c) represent the left and right spreads of Ã, respectively. Following Jalota et al. [67],
this research considers the reference functions of the power family of positive parameters π and ρ,
where Lπ(x)= 1− xπ and Rρ(x)= 1− xρ, respectively. All over this study, L-R power fuzzy numbers
will be defined as Ã = (a, b, c, d)π,ρ.

2.2. Credibility Theory

The credibility theory was founded by Liu [73] in 2004 and refined by Liu [74] in 2007. It has been
fairly well applied to the study of the behaviour of fuzzy phenomena.

Definition 1. Credibility measure [61]. Let ξ be a fuzzy variable with membership function µ and x a real
number. The credibility measure of a fuzzy event, characterised by ξ ≤ x, is defined by Equation (1).

Cr{ξ ≤ x} =
1
2

sup
y≤x
µ(y)+1−sup

y>x
µ(y)

,∀x ∈ R (1)

The credibility measure of L-R power fuzzy numbers is expressed as:

Cr{ξ ≤ x} =



0, If x ≤ a
1
2

(
1−

(
b−x
b−a

)π)
, If a < x < b

1
2 , If b ≤ x ≤ c

If c < x < d
1, If d ≤ x

Cr{ξ > x} =



1, If x ≤ a
1
2

(
1 +

(
b−x
b−a

)π)
, If a < x < b

1
2 , If b ≤ x ≤ c

If c < x < d
0, If d ≤ x

Definition 2. Expected value [61]. Let ξ be a fuzzy variable. Then the expected value of ξ is defined by Equation
(2) provided that at least one of the two integrals is finite.

E(ξ) =
∫ +∞

0
Cr{ξ ≥ x}dx−

∫ 0

−∞

Cr{ξ ≤ x}dx (2)

The crisp equivalent expression for the credibilistic expected value of an L-R power fuzzy number is formulated
by Equation (3) [67].

E(ξ) =
1
2

[
b + c+

ρ(d− c)
ρ+ 1

−
π(b− a)
π+ 1

]
(3)

Definition 3. Mean-absolute semi-deviation [64]. Let ξ be a fuzzy variable with finite expected value e = E[ξ].
Its below-mean absolute semi-deviation is defined by Equation (4).

MASD[ξ]= E[([ξ− e]−)
2
] (4)

where,

[ξ− e]− =

{
ξ− e, Síξ ≤ e

0, Síξ > e
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Finally, following Vercher and Bermúdez [64], the crisp equivalent expression for the credibility-measure-based
MASD of an L-R power fuzzy number is expressed as:

MASD[ξ] =


1
2 (e− a) − 1

2
b−a
π+1

(
1−

(
b−e
b−a

)π+1
)

Sia ≤ e ≤ b
1
2

(
1
2

(
c− b + (b− a) π

π+1 + (d− c) ρ
ρ+1

))
Sib ≤ e ≤ c

1
2 (d− e) − 1

2
d−c
ρ+1

(
1−

(
e−c
d−c

)ρ+1
)

Sic ≤ e ≤ d

(5)

3. The Mean-Downside Risk-Socially Responsible Portfolio Selection Model

This section formulates the mathematical model of the socially responsible portfolio investment.
The portfolio selection model considers three criteria: risk, return and social responsibility (RRS). The
parameters and variables used in this study to formulate this model are:

ξri : L-R fuzzy return of the i-th asset, that is, ξri =
(
ari , bri , cri , dri

)
πri , ρri

,

ξESGi : L-R fuzzy ESG score of the i-th, that is, ξESGi =
(
aESGi , bESGi , cESGi , dESGi

)
πESGi

,ρESGi

,

ξrp : L-R fuzzy return of the portfolio, that is, ξrp =
(
arp , brp , crp , drp

)
πrp ,ρrp

,

e : expected return of the portfolio,
ui: upper bound of the proportion invested in the i-th asset,
li: lower bound of the proportion invested in the i-th asset,
k: the number of assets held in the portfolio,
ωi: the proportion of wealth invested in the i-th asset,
yi: a binary variable indicating whether the i-th asset is contained in the portfolio. It takes value 1, if
the i-th asset is included in the portfolio, otherwise it takes value 0.

3.1. Objective Functions

3.1.1. Return

Stock returns are beset with ambiguity and vagueness. For the above reasons, this research
assumes that an investor allocates his/her total wealth among n US risky assets which offer L-R fuzzy
returns. Following Vercher and Bermúdez [64,75,76] we build the membership function of the L-R
fuzzy return by using the empirical percentiles of their historical returns. Concretely, the support
and core of ξri =

(
ari , bri , cri , dri

)
πri ,ρri

are represented by intervals [q3, q97] and [q45, q55], respectively.

The shape parameters are obtained in such a way that the fuzzy and empirical quartiles coincide,

that is, πri = Ln0.5
lns , where s =

bri−25thpercentile
bri−ari

and ρri
= Ln0.5

lnh , where h =
75thpercentile−cri

dri−cri
. Then, the

maximisation of the expected return of the portfolio can be expressed as:

MaxRp= F1(ωi) =
n∑

i=1


1

2

bri+cri +

(
dri−cri

)
ρri

ρri
+1

−

(
bri−ari

)
πri

πri+1


ωi

 (6)

3.1.2. ESG score

In recent years, portfolio managers are incorporating ESG criteria during portfolio creation. In this
study, the ESG score of each asset is defined by the Bloomberg ESG Disclosure Score. Bloomberg
provides insight on ESG data for over 9500 companies across over 83 countries. This is collected
from company’s public filings such as CSR reports, annual reports and websites and a proprietary
Bloomberg survey that requests corporate data directly. The ESG score measures the SR performance
of a company on a scale from 0 to 100, with 100 being the best-rated ESG score possible and 0 being



Sustainability 2019, 11, 2496 6 of 14

lowest ESG score possible. In this work, we divide Bloomberg ESG scores by 100, resulting in ESG
scores, which vary within a range from 0 to 1.

As already mentioned, social performance criteria used to measure social responsibility of
companies are by their very nature ambiguous, uncertain and imprecise. Therefore, this research
assumes that the ESG score of each asset is a L-R fuzzy number. The parameters of the L-R power fuzzy
numbers are obtained from the empirical percentiles of the historical ESG score data, as previously
explained. Then, the maximisation of the expected ESG score of the portfolio can be expressed as:

MaxESGp= F2(ωi) =
n∑

i=1


1

2

bESGi+cESGi +

(
dESGi−cESGi

)
ρESGi

ρESGi
+1

−

(
bESGi−aESGi

)
πESGi

πESGi+1


ωi

 (7)

3.1.3. Risk

Mean-absolute semi-deviation of returns is a more appropriate risk measure than variance of
returns, since it is focuses exclusively on adverse deviations. By taking the above into account, portfolio
risk is calculated using expected value based MASD measure. Therefore, the minimisation of MASD
of the portfolio can be expressed as:

MinMASDP = F3(ωi) =



1
2

(
e− ari

)
−

1
2

bri−ari
πri+1

(
1−

(
bri−e

bri−ari

)πri++1
)

Siari ≤ e ≤ bri

1
2

(
1
2

(
cri − bri +

(
bri − ari

) πri
πri+1 +

(
dri − cri

) ρri
ρri

+1

) )
Sibri ≤ e ≤ cri

1
2

(
dri − e

)
−

1
2

dri−cri
ρri

+1

(
1−

(
e−cri

dri−cri

)ρri
+1

)
Sicri ≤ e ≤ dri

(8)

3.2. Real-World Constraints

Portfolio managers incorporate different types of restrictions, which consider investor preferences
and market conditions. Based on the above statement, our proposed model includes the following five
real-world constraints:

(i) Capital budget constraint on the assets is defined as

n∑
i=1

ωi= 1 (9)

(ii) Maximum number of assets held in the portfolio is defined as

n∑
i=1

yi= k,

yi ∈ {0, 1}, i = 1, 2, . . . , n
(10)

(iii) Maximal proportion of the capital that can be invested in a single asset is defined as

ωi ≤ uiyi, i = 1, 2, . . . , n (11)

(iv) Minimal proportion of the capital that can be invested in a single asset is defined as

ωi ≥ liyi, i = 1, 2, . . . , n (12)

(v) No short selling of assets is defined as

ωi ≥ 0, i = 1, 2, . . . , n (13)
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On the basis of the aforementioned assumptions, the RRS portfolio selection model is formulated as:

MaxRp= F1(ωi) MaxESGp= F2(ωi) MinMASDp= F1(ωi)

Subjectto



n∑
i=1
ωi= 1, i = 1, 2, . . . , n

n∑
i=1

yi= k

yi ∈ {0, 1}, i = 1, 2, . . . , n
ωi ≤ uiyi, i = 1, 2, . . . , n
ωi ≥ liyi, i = 1, 2, . . . , n
ωi ≥ 0, i = 1, 2, . . . , n

Here, an admissible portfolio Pe is said to be Pareto-efficient if there is no other admissible portfolio Po

such that Po
F1(ωi)

≥ Pe
F1(ωi)

, Po
F2(ωi)

≥ Pe
F2(ωi)

, Po
F3(ωi)

≤ Pe
F3(ωi)

, and, with at least one strict inequality [76].

The efficient solutions set is the Pareto optimal set in the decision space and each of their three objective
function values constitute the Pareto optimal frontier in the criterion space. The solutions of the Pareto
optimal frontier are non-dominated.

4. Solution Methodology

Incorporating real-world constraints into the portfolio optimisation problem converts it into
a constrained portfolio optimisation problem (CPOP) that is NP-hard. In order to overcome this
drawback, various multi-objective evolutionary algorithms (MOEAs) have been proposed in the
literature. Among them, the Non-dominated Sorting Genetic Algorithm II (NSGA-II) is the most
commonly used MOEA for solving CPOPs [77]. In this study, we propose a methodology based on the
algorithm NSGA-II introduced by Deb [78] in 2001. The main objective of this algorithm is to find a set
of solutions ordered by fronts under the concept of Pareto dominance. Procedural steps of algorithm
NSGA-II are those described by Deb et al. [79] in 2002.

The experimental parameter configuration for testing this algorithm is: population size (400),
distribution index for crossover (10); probability of crossover (0.9); distribution index for mutation (50);
probability of mutation (0.01); and the maximum number of generations (500). Figure 1 shows the
overall structure of the MDRSR modelling approach.
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Figure 1. Overall structure of the risk, return and social responsibility (RRS) modelling approach.
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5. Experimental Results

In this section, we illustrate the usefulness of the MDRSR model with a real-world empirical study
using a data set from Bloomberg’s ESG Data in combination with data from companies included in the
Dow Jones Industrial Average (DJIA). The data corresponds to weekly closing adjusted prices and
ESG scores, observed in t = 203 periods from 10 February 2014 until 25 December 2017. In this study,
we only consider 29 companies (n = 29), as one company was not included in the Bloomberg ESG
Disclosure Score throughout the period under consideration.

The asset returns sample (rit) is obtained as rit =
(
pit−pit−1

)
/
(
pit−1

)
, i = 1, 2, . . . , 29; t = 1, 2,

. . . , 203, where pit is the closing price of the i-th asset on Friday of week t. Then, the membership
function of the L-R fuzzy return (ξri) and the L-R fuzzy ESG score (ξESGi

) are obtained from the sample
percentiles of their historical returns and ESG score, respectively, as explained in Section 3.

In order to analyse the performance of our procedure, this study assumes as diversification
parameters: li= 0.05 and ui= 0.3 for every i = 1, 2, . . . , 29. Following Gupta et al. [80], it is not
recommended to have either very few or a very large number of assets in the portfolio so as to
achieve diversification. Overall, portfolio diversification by investors lies in the narrow range of
3–10 assets. Furthermore, Skolpadungket et al. [81] state that by limiting the number of assets included
in the portfolio, transaction costs are reduced significantly due to the reduction of brokerage fees and
taxes. By following the above recommendations, this paper considers setting k = 10 assets for an
admissible portfolio.

Figure 2 shows a three-dimensional representation of the approximated Pareto front (or efficient
front) generated by NSGA-II for the RRS model. The set of points represents the set of non-dominated
(or efficient) portfolios for which none of the three objectives (i.e., return, downside risk or ESG score)
can be improved without sacrificing any others. As can be observed, NSGA-II provides efficient
portfolios, which are widely distributed along the efficient front.
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The influence of the inclusion of the ESG score criterion into the Markowitz base model is examined
in Figure 2: non-dominated portfolios with the highest expected return and downside risk achieved
the lowest expected ESG score. Furthermore, non-dominated portfolios with the highest expected ESG
score obtain both a medium expected return and downside risk. As previously mentioned, the table
reveals that there is no portfolio that dominates all others in terms of achieving both a high-expected
return and ESG score and low risk simultaneously.
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In addition, we applied the Spearman’s rank partial correlation to analyse the relationship between
the three selected criteria (i.e., return, ESG score and downside risk). Thanks to this measure, we can
check the coherence of the relationship between return and downside risk, removing the influence
of the ESG score on both variables. It was not possible to identify the relationship of both variables
with the ESG score. As shown in Table 1, there is a positive correlation between return and downside
risk, which means that more profitable portfolios are riskier. The relationship between ESG Scores
and downside risk could be accounted for by the fact that stocks of companies with a high ESG scores
are traded more often than firms with low ESG scores and hence are subject to more volatility, hence
increasing their risk. Finally, the relationship between ESG Scores and return suggest that stocks of
companies with high ESG scores are not as profitable as their peers with low ESG scores.

Table 1. Spearman’s rank partial correlation matrix.

Return Risk ESG Score

Return 1.000

Risk 0.957 ** 1.000

ESG
score −0.614 ** 0.449 ** 1.000

Note: ** Correlation is significant at the 0.01 level.

This paper has proposed a fuzzy multi-objective approach that optimises the expected return,
the expected ESG score and the downside risk of a given portfolio, taking budget, floor-ceiling and
cardinality constraints into consideration. Each portfolio on the efficient frontier (Figure 2) offers
the maximum possible expected return and expected ESG score for a given level of downside risk.
However, investors and portfolio managers want to select the optimal portfolio along the efficient
frontier that meets their preferences and expectations.

Modern portfolio theory assumes that investors are rational and always try to minimise risk while
striving for the highest return possible [48]. The so-called Sortino ratio introduced by Sortino and Van
Der Meer [71] in 1991 is a well-known measure to evaluate portfolio performance. It is a modification
of the Sharpe ratio [82], using a downside measure rather than a dispersion measure to quantify risk.
To select the optimal portfolio along the efficient frontier, we will define the credibilistic Sortino ratio
as the ratio between the credibilistic risk premium and the credibilistic mean-absolute semi-deviation.

According to Sharpe [82], an optimal portfolio is one that seeks to maximise expected risk-adjusted
returns. In order to select the SR optimal portfolio, we maximise the credibilistic Sortino ratio; it gauges
the risk-adjusted return of an asset or portfolio in a downside risk framework. The Sortino ratio is
expressed as:

Sortinoratio =
E(ξP)−E(ξRf)

MASD(ξp)
(14)

where, E
(
ξp

)
is the expected fuzzy return of the portfolio, MASD(ξp) is the fuzzy downside risk of

the portfolio and E(ξRf) is the target or required rate of return (i.e., US 1-Year Treasury Constant
Maturity Rate).

Finally, we compare the performance of the SR optimal portfolio selected using the proposed
Sortino ratio with a similar investment alternative in the financial markets. Table 2 compares the SR
optimal portfolio with its benchmark, the SPDR Dow Jones Industrial Average ETF (DIA), which
replicates the performance of DJIA Index, during the period from January 2018 to December 2018.
Note that the selected SR portfolio beats the benchmark regarding return, value at risk and ESG score
by an average of 1.007, 729 y 25 bps, respectively. On the basis of the above knowledge, it can be
concluded that the applied model in this research offers promising results for SR-investors seeking
ethical and sustainability goals beyond the return-risk trade-off.
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Table 2. ETF Dow Jones versus social responsibility (SR) optimal portfolio selected.

VaR Return ESG Score

SPDR Dow Jones ETF (DIA) 0.0157 0.0426 0.6381

SR Optimal Portfolio 0.0182 0.1433 0.7110

6. Conclusions

This paper contributes to the SRI literature by proposing a novel fuzzy multi-objective approach
that optimises the expected return, the expected ESG score and the downside risk of a given portfolio,
subject to real-world constraints such as budget, floor-ceiling and cardinality. Owing to the uncertain
environment of portfolio selection, we considered the return and the ESG score of each as L-R power
fuzzy numbers, where all their parameters were obtained from the sample percentiles of the historical
data set of the returns and ESG score, respectively. Furthermore, in order to quantify the return
and ESG score of the portfolio we used the credibilistic mean and to quantify the downside risk of
the portfolio we used credibilistic mean-absolute semi-deviation. A real-world empirical study was
presented using a data set from Bloomberg’s ESG Data in combination with Dow Jones Industrial
Average (DJIA). Additionally, by maximising the expected risk-adjusted returns (via credibilistic
Sortino ratio), we selected the SR optimal portfolio and evaluated its performance in relation to another
similar investment alternative in financial markets. The results of the numerical experiment establish
that the proposed model offers promising results for socially responsible investors seeking ethical and
sustainability goals beyond the return-risk trade-off.

Our proposed approach has several advantages over previous work on SR portfolio selection as
we use, for the first time: i) the credibilistic fuzzy framework to deal with uncertainty, vagueness and
imprecision environment of the SR portfolio selection; ii) the credibilistic mean-absolute semi-deviation
of returns to gauge the portfolio risk; iii) the Bloomberg ESG Disclosure Score to measure the level of
social responsibility of each asset; iv) the credibilistic Sortino ratio as the ratio between the credibilistic
risk premium and the credibilistic mean-absolute semi-deviation to select the optimal portfolio along
efficient frontier.

Finally, there are several future research possibilities for overcoming the limitations of our study.
First, this study considers a specific period of time of 47 months. However, stock prices are sensitive to
news to changes in macroeconomic and financial conditions. Therefore, a future interesting research
would be to consider a wider time window in order to observe and identify stock market behaviour
(i.e., bear and bull markets). On the other hand, this research uses a data set from Bloomberg’s ESG
Data in combination with US Dow Jones Industrial Average. Nevertheless, a future research objective
would be to consider other ESG rating scores, such as the Thomson Reuters ESG Score, the MSCI ESG
Score and the Vigeo-Eiris ESG Score, and compare their results with the proposed model. Additionally,
this study considers the below-mean absolute semi-deviation as a measure of portfolio risk. However,
in the literature has been proposed other coherent risk measures such as expected shortfall, conditional
value at risk and lower partial moment. Therefore, it would be interesting to consider some of these
risk measures in order to quantify portfolio risk. Moreover, in this research, we consider five real-world
constraints. Nevertheless, it is still far from reflecting the real-world trading scenarios. Thus, a future
research opportunity would be to extend the proposed model and incorporate other realistic constraints,
such as transaction costs, class, trading and turnover and so forth.
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39. Brzeszczyński, J.; McIntosh, G. Performance of Portfolios Composed of British SRI Stocks. J. Bus. Ethics 2014,
120, 335–362. [CrossRef]

40. Goldreyer, E.F.; Diltz, J.D. The performance of socially responsible mutual funds: Incorporating sociopolitical
information in portfolio selection. Manag. Financ. 1999, 25, 5. [CrossRef]

41. Hamilton, S.; Jo, H.; Statman, M. Doing Well While Doing Good? The Investment Performance of Socially
Responsible Mutual Funds. Financ. Anal. J. 1993, 49, 62–66. [CrossRef]

42. Kreander, N.; Gray, R.H.; Power, D.M.; Sinclair, C.D. The Financial Performance of European Ethical Funds
1996-1998. J. Account. Financ. 2002, 1, 3–22.

43. Revelli, C.; Viviani, J.-L. Financial performance of socially responsible investing (SRI): What have we learned?
A meta-analysis. Bus. Ethics A Eur. Rev. 2015, 24, 158–185. [CrossRef]

44. McWilliams, A.; Siegel, D. Corporate Social Responsibility: a Theory of the Firm Perspective. Acad. Manag.
Rev. 2001, 26, 117–127. [CrossRef]

45. Ghoul, S.E.; Guedhami, O.; Kwok, C.C.Y.; Mishra, D.R. Does Corporate Social Responsibility Affect the Cost
of Capital? J. Bank. Financ. 2011, 35, 2388–2406. [CrossRef]

46. Attig, N.; El Ghoul, S.; Guedhami, O.; Suh, J. Corporate Social Responsibility and Credit Ratings. J. Bus.
Ethics 2013, 117, 679–694. [CrossRef]

47. Cheng, B.; Ioannou, I.; Serafeim, G. Corporate social responsibility and access to finance. Strateg. Manag. J.
2014, 35, 1–23. [CrossRef]

48. Markowitz, H. Portfolio Selection. J. Financ. 1952, 7, 77–91.

http://dx.doi.org/10.1007/s10551-008-9949-z
http://dx.doi.org/10.9770/jesi.2019.6.3(17)
https://www.researchgate.net/publication/332448888_The_Role_of_Mutual_Funds_in_Corporate_Social_Responsibility/download
https://www.researchgate.net/publication/332448888_The_Role_of_Mutual_Funds_in_Corporate_Social_Responsibility/download
http://dx.doi.org/10.1111/j.1468-5957.2008.02119.x
http://dx.doi.org/10.1007/s10551-009-0260-4
http://dx.doi.org/10.1007/s10551-013-1873-1
http://dx.doi.org/10.1002/mde.2772
http://dx.doi.org/10.1108/19355181201000001
http://dx.doi.org/10.1007/s10551-008-9959-x
https://repository.upenn.edu/cgi/viewcontent.cgi?article=1444&context=fnce_papers
http://dx.doi.org/10.1007/s10551-007-9412-6
http://dx.doi.org/10.1016/j.jbankfin.2007.12.039
http://dx.doi.org/10.1016/j.jbankfin.2004.06.035
http://dx.doi.org/10.1007/s10551-012-1541-x
http://dx.doi.org/10.1108/03074359910765830
http://dx.doi.org/10.2469/faj.v49.n6.62
http://dx.doi.org/10.1111/beer.12076
http://dx.doi.org/10.5465/amr.2001.4011987
http://dx.doi.org/10.1016/j.jbankfin.2011.02.007
http://dx.doi.org/10.1007/s10551-013-1714-2
http://dx.doi.org/10.1002/smj.2131


Sustainability 2019, 11, 2496 13 of 14

49. Hallerbach, W.; Ning, H.; Soppe, A.; Spronk, J. A framework for managing a portfolio of socially responsible
investments. Eur. J. Oper. Res. 2004, 153, 517–529. [CrossRef]

50. Steuer, R.E.; Qi, Y.; Hirschberger, M. Suitable-portfolio investors, nondominated frontier sensitivity and the
effect of multiple objectives on standard portfolio selection. Ann. Oper. Res. 2007, 152, 297–317. [CrossRef]

51. Bilbao-Terol, A.; Arenas-Parra, M.; Cañal-Fernández, V. A fuzzy multi-objective approach for sustainable
investments. Expert Syst. Appl. 2012, 39, 10904–10915. [CrossRef]

52. Utz, S.; Wimmer, M.; Hirschberger, M.; Steuer, R.E. Tri-criterion inverse portfolio optimization with application
to socially responsible mutual funds. Eur. J. Oper. Res. 2014, 234, 491–498. [CrossRef]

53. Calvo, C.; Ivorra, C.; Liern, V. Fuzzy portfolio selection with non-financial goals: exploring the efficient
frontier. Ann. Oper. Res. 2016, 245, 31–46. [CrossRef]

54. Li, Z.F.; Minor, D.; Wang, J.; Yu, C. A Learning Curve of the Market: Chasing Alpha of Socially Responsible
Firms. SSRN Electron. J. 2018. [CrossRef]

55. Bilbao-Terol, A.; Arenas-Parra, M.; Cañal-Fernández, V.; Obam-Eyang, P.N. Multi-criteria analysis of the
GRI sustainability reports: an application to Socially Responsible Investment. J. Oper. Res. Soc. 2018, 69,
1576–1598. [CrossRef]

56. Bilbao-Terol, A.; Jiménez-López, M.; Arenas-Parra, M.; Rodríguez-Uría, M.V. Fuzzy Multi-criteria Support
for Sustainable and Social Responsible Investments: The Case of Investors with Loss Aversion. In The
Mathematics of the Uncertain. Studies in Systems, Decision and Control; Gil, E., Gil, E., Gil, J., Gil, M., Eds.;
Springer: Berlin, Germany, 2018; Volume 142, pp. 555–564.

57. Gasser, S.M.; Rammerstorfer, M.; Weinmayer, K. Markowitz revisited: Social portfolio engineering. Eur. J.
Oper. Res. 2017, 258, 1181–1190. [CrossRef]

58. Zadeh, L.A. Fuzzy sets. Inf. Control 1965, 8, 338–353. [CrossRef]
59. Gupta, P.; Mehlawat, M.K.; Saxena, A. Hybrid optimization models of portfolio selection involving financial

and ethical considerations. Knowl.-Based Syst. 2013, 37, 318–337. [CrossRef]
60. Pérez-Gladish, B.M.; del Arenas-Parra, M.; Bilbao-Terol, C.; Rodríguez-Uría, M.V. Socially Responsible

Investment: Mutual Funds Portfolio Selection Using Fuzzy Multiobjective Pro-Gramming; FUNCAS: Madrid,
Spain, 2007; Volume 350.

61. Liu, B.; Liu, Y.K. Expected value of fuzzy variable and fuzzy expected value models. IEEE Trans. Fuzzy Syst.
2002, 10, 445–450.

62. Barak, S.; Abessi, M.; Modarres, M. Fuzzy turnover rate chance constraints portfolio model. Eur. J. Oper. Res.
2013, 228, 141–147. [CrossRef]

63. Huang, X. Fuzzy chance-constrained portfolio selection. Appl. Math. Comput. 2006, 177, 500–507. [CrossRef]
64. Vercher, E.; Bermúdez, J.D. Portfolio optimization using a credibility mean-absolute semi-deviation model.

Expert Syst. Appl. 2015, 42, 7121–7131. [CrossRef]
65. Gupta, P.; Mittal, G.; Mehlawat, M.K. Expected value multiobjective portfolio rebalancing model with fuzzy

parameters. Insur. Math. Econ. 2013, 52, 190–203. [CrossRef]
66. Mohebbi, N.; Najafi, A.A. Credibilistic multi-period portfolio optimization based on scenario tree. Phys. A

Stat. Mech. its Appl. 2018, 492, 1302–1316. [CrossRef]
67. Jalota, H.; Thakur, M.; Mittal, G. Modelling and constructing membership function for uncertain portfolio

parameters: A credibilistic framework. Expert Syst. Appl. 2017, 71, 40–56. [CrossRef]
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