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Abstract

:

Over the last few decades, growing attention to the topic of social responsibility has affected financial markets and institutional authorities. Indeed, recent environmental, social, and financial crises have inevitably led regulators and investors to take into account the sustainable investing issue; however, the question of how Environmental, Social, and Governance (ESG) criteria impact financial portfolio performances is still open. In this work, we examine a multi-objective optimization model for portfolio selection, where we add to the classical Mean-Variance analysis a third non-financial goal represented by the ESG scores. The resulting optimization problem, formulated as a convex quadratic programming, consists of minimizing the portfolio variance with parametric lower bounds on the levels of the portfolio expected return and ESG. We provide here an extensive empirical analysis on five datasets involving real-world capital market indexes from major stock markets. Our empirical findings typically reveal the presence of two behavioral patterns for the 16 Mean-Variance-ESG portfolios analyzed. Indeed, over the last fifteen years we can distinguish two non-overlapping time windows on which the inclusion of portfolio ESG targets leads to different regimes in terms of portfolio profitability. Furthermore, on the most recent time window, we observe that, for the US markets, imposing a high ESG target tends to select portfolios that show better financial performances than other strategies, whereas for the European markets the ESG constraint does not seem to improve the portfolio profitability.
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1. Introduction


Socially Responsible Investment (SRI), also called “ethical investment” or “sustainable investment”, is typically defined as a decision-making approach that integrates environmental, social, and ethical features into the investment process (Sandberg et al. [1] and Martini [2]).



Over the past decades, the popularity and significance of SRI have considerably and rapidly grown (see, e.g., Sparkes and Cowton [3]). As reported by the Global Sustainable Investment Alliance (GSIA) in the yearly Global Sustainable Investment Review [4], “sustainable investment is a major force shaping global capital markets, and, in turn, is influencing companies and others seeking to raise capital in those global markets”. Furthermore, sustainable investment in the leading world markets (e.g., United States, Canada, Japan, Australasia, and Europe) has reached USD 35.3 trillion in assets under management, having grown by 15% in two years.



The SRI development finds its origins in several historical events such as financial crises, natural disasters, increasing attention to the defense of human rights and changes in climatic conditions, which have led policy-makers and financial operators to address the socially responsible investing issue. Its three main pillars are Environmental, Social, and corporate Governance (ESG). These factors, suitably combined, can be used to build a score that is able to assess companies and investments in terms of sustainability. Indeed, as described by Widyawati [5] through a detailed literature review on SRI, ESG metrics can play a central role in empirical studies since they are used as a proxy of sustainability performance (see also Billio et al. [6], Chatterji et al. [7], Berg et al. [8], Li et al. [9], and Oliver [10]).



The aim of this study is to investigate the in-sample and out-of-sample effects of the ESG rating on the portfolio selection process and to analyze its impact in terms of portfolio profitability and risk, giving a look at the SRI regulatory framework developments over years. For this purpose, we consider a multi-objective portfolio optimization model, where we add to the classical Mean-Variance analysis a third non-financial goal represented by the ESG score. The resulting tri-objective optimization problem is formulated as a convex Quadratic Programming (QP), and consists of minimizing the portfolio variance with parametric lower bounds on the levels of the portfolio expected return and the portfolio ESG. We then provide an extensive empirical analysis over the period 2006–2020 using five real-world datasets from the major stock markets. To better examine the ESG impact on portfolio performance and to capture possible effects of SRI regulatory developments over the past 15 years, we conducted the out-of-sample performance analysis using both the full length of data available and two non-overlapping subperiods.



Our empirical findings typically reveal the presence of two behavioral patterns for the 16 Mean-Variance-ESG efficient portfolios analyzed. Over the last fifteen years we can distinguish two non-overlapping time windows on which the inclusion of portfolio ESG targets leads to different regimes in terms of portfolio profitability. Some similar evidence can be found in Bermejo et al. [11], where the authors show that the ESG disclosure is positively related to the portfolio excess return and contributes to its stability over time. They also observe a regime change around 2015, when the so-called Paris Agreement [12] was signed (for more details, see Section 2). On the most recent time window we observe that, for the US markets, imposing a high ESG target tends to select portfolios that show better financial performances than the other strategies. Furthermore, we can note that the sustainability-focused strategies continue to show positive effects on the financial markets even during the recent COVID-19 pandemic crisis. Indeed, as also highlighted by Nofsinger and Varma [13], the positive socially responsible actions of companies could make them more profitable even in times of crisis. On the other hand, in European markets, in particular, in the Euro Stoxx 50, the portfolio performances do not seem to be affected by imposing ESG constraints, as also pointed out by La Torre et al. [14]. Contributions similar to this study can be also found in the works of Amon et al. [15,16], where the authors examine the impact of the ESG-based investment strategies on the portfolio performance, analyzing and comparing European and US markets.



The rest of the paper is organized as follows. In Section 2, we give a brief review of the literature relevant to this study. Section 3 introduces the Mean-Variance-ESG model and shows the main properties of the corresponding Pareto-optimal portfolios in terms of gain, risk, and ESG tradeoff. Section 4 provides a detailed out-of-sample performance analysis on five real-world datasets. Finally, in Section 5 we draw some concluding remarks, highlighting the main contributions of our work to the literature.




2. Literature Overview


ESG was mentioned for the first time in “Who Cares Wins 2005 Conference Report” [17], where institutional investors and regulators emphasized the importance of ESG factors in asset management and in financial research. Since then, the ESG metrics evolved and many countries around the world started coordinating to promote the development of a common framework for sustainable finance (see [18]). Following that global trend, several scholars attempted to examine the impact of ESG factors on portfolio selection process for achieving better sustainability goals. For instance, Van Duuren et al. [19] studied how fund managers across several countries in the world deal with the ESG integration in the investment management process. Their findings show significant differences in terms of perception of SRI investment among US, UK, and European fund managers. Bermejo et al. [11] found a direct relation between the level of ESG disclosure and corporate performances, focusing on the European market; however, an extensive literature has fueled over years the debate on the relationship between ESG rating and financial performance, which is still open (see, e.g., Brunet [20], Derwall et al. [21], and Nofsinger and Varma [13]). Friede et al. [22] provided a comprehensive overview of more than 2000 empirical academic studies on ESG investing, showing that in almost 90% there is a positive and stable relationship over time between ESG and corporate financial performance. More recent works confirmed these findings (see, e.g., Brooks and Oikonomou [23], Starks et al. [24]), also highlighting that ESG features positively impact on the mitigation of tail risks (Giese and Lee [25]).



Since the ESG concept was formally proposed in the early 2000s, many countries and institutions have subsequently proposed actions to promote the development of the ESG factors. As highlighted by Martini [2], the above mentioned SRI market growth could be justified by two main reasons. On one hand, the global financial crisis of 2007–2008 has inevitably highlighted the central role of corporate social responsibility on financial markets and, therefore, on the world economy in general. On the other hand, the desired challenges on issues such as climate change, pollution, and the waste of natural resources, have led to a major attention to global sustainability topics and, in turn, to the need for their regulations at global level. A clear example is one of the most significant environmental treaties ever negotiated, the 1997 Kyoto Protocol of the United Nations Framework Convention on Climate Change (UNFCCC, [26]), which only came into force in February 2005. Its aim was to promote the reduction in greenhouse emissions by means of specific measures on mitigation and producing periodic reports. The Kyoto Protocol has been originally structured on a commitment period ranging from 2005 to 2012 and then revised with the Doha Amendment [27], that establishes a further commitment period from 2013 to 2020. In 2006 the United Nations started a process to develop the Principles for Responsible Investment (PRI), an investor’s network whose aim was to support sustainable investments through the ESG factors. More recently, for the 2015 UNFCCC held in Paris (COP21), 196 countries agreed to adopt a universal and legally binding global climate agreement, defining a joint action plan to limit further harmful climate change, the so-called Paris Agreement [12].



Since we aim to investigate the ESG impact on portfolio performance and to capture possible effects of SRI regulatory developments over the past 15 years, we conducted the out-of-sample performance analysis using both the full length of data available and two non-overlapping subperiods that approximately cover the two commitment periods in which the Kyoto Protocol was structured with the Doha Amendment.




3. The Mean-Variance-ESG Model


In this section we describe the multi-objective portfolio selection model that we use to examine the impact of the ESG score on the portfolio risk and profitability. The resulting optimization problem is formulated as a parametric convex QP.



Let us first introduce some notations and concepts. We consider an investment universe of n assets, whose linear returns are represented by the random variables    R 1  ,  R 2  , … ,  R n   , and ESG scores by   E S  G 1  , E S  G 2  , … , E S  G n   . We assume that the random variables representing the linear returns and the ESG scores are defined on a discrete probability space   { Ω , F , P }  , where   Ω = {  ω 1  , ⋯ ,  ω T  }  ,  F  a  σ -field and   P  (  ω t  )  =  p t   . In this work, we adopt a look-back approach, where the possible realizations of the discrete random variables are obtained from historical data. Furthermore, the investment decision is made assuming T equally likely historical scenarios, as it is common in portfolio optimization (see, e.g., Carleo et al. [28], and references therein). In the case of long-only portfolios, we identify with the vector   x ∈ Δ =  x ∈  R n  :  ∑  k = 1  n    x k   =  1 ,   x k  ≥ 0 ,  k = 1 , ⋯ , n    a feasible portfolio satisfying the budget constraint, where   x k   is the fraction of capital invested in asset k. The portfolio linear return is therefore defined as    R P   ( x )  =  Σ  k = 1  n   x k   R k   . For each   k ∈ { 1 , ⋯ , n }   and   t ∈ { 1 , ⋯ , T }  , we denote by   p  k , t    the realized price of asset k at time t, and for   t ≥ 1  , we denote by    r  k t   =    p  k , t   −  p  k , t − 1     p  k , t − 1      the realized (linear) return of asset k for the period ending at t. Thus, we indicate by    R  P t    ( x )  =  ∑  k = 1  n   x k   r  k t     the portfolio return at time t.



We recall here the classical Mean-Variance portfolio optimization model [29,30], whose aims are to determine the vector of portfolio weights   x =   x 1  ,  x 2  , ⋯ ,  x n     minimizing the portfolio variance    σ  P  2   ( x )  =  ∑  k = 1  n   ∑  j = 1  n   x k    x j    σ  k j    , while the portfolio expected return    μ P   ( x )  =  ∑  k = 1  n    μ k    x k    is constrained to attain a specified target level  η , where    μ k  =  1 T   ∑  t = 1  T   r  k t     denotes the expected return of asset k, and    σ  k j   =  1 T   ∑  t = 1  T   (  r  k t   −  μ k  )   (  r  j t   −  μ j  )    indicates the covariance between assets k and j; therefore, the classical Mean-Variance model reads


    min     ∑  k = 1  n   ∑  j = 1  n   x k    x j    σ  k j          s . t .               ∑  k = 1  n    μ k    x k   ≥  η            ∑  k = 1  n   x k  = 1            x k  ≥ 0     k = 1 , … , n     



(1)




where the last two constraints represent the budget and the no-short sellings constraints, respectively. This is a convex quadratic programming problem that can be solved by a number of efficient algorithms, ensuring a controlled computational effort (see, e.g., Cesarone et al. [31]).



Our aim is to include to the Mean-Variance model the maximization of the portfolio expected ESG, that is defined as   E S  G P   ( x )  =  ∑  k = 1  n   E S  G k    x k   , where   E S  G k    denotes the expected ESG score assigned to asset k (see Utz et al. [32]); therefore, for the Mean-Variance-ESG approach, a portfolio x is preferred to a portfolio y if and only if    μ P   ( x )  ≥  μ P   ( y )   ,    σ  P  2   ( x )  ≤  σ  P  2   ( y )    and   E S  G P   ( x )  ≥ E S  G P   ( y )   , with at least one strict inequality. It follows that the efficient surface of the Mean-Variance-ESG model can be obtained by finding the non-dominated portfolios, which are the Pareto-optimal solutions of the following tri-objective optimization problem


    min    −  μ P   ( x )  ,   σ  P  2   ( x )  ,  − E S  G P   ( x )         s . t .              x ∈ Δ =  x ∈  R n  :  ∑  k = 1  n    x k   =  1 ,   x k  ≥ 0 ,  k = 1 , ⋯ , n   .     



(2)







We apply the standard  ϵ -constraint method (see Ehrgott [33]) to reformulate Problem (2) into a single-objective optimization problem, as follows


     min x      ∑  k = 1  n   ∑  j = 1  n   x k    x j    σ  k j          s . t .               ∑  k = 1  n    μ k    x k   ≥  η            ∑  k = 1  n   E S  G k    x k   ≥  λ            ∑  k = 1  n   x k  = 1            x k  ≥ 0     k = 1 , … , n     



(3)




where  η  and  λ  are the required target levels of the portfolio expected return and ESG indicator, respectively. Hence, the resulting optimization problem is still a convex QP, and consists in minimizing the portfolio variance with parametric lower bounds on the levels of the portfolio expected return and ESG.



The Mean-Variance-ESG Pareto-optimal portfolios can be obtained as solutions of Problem (3) by appropriately varying the target level of the portfolio expected return  η  and the target level of the portfolio expected ESG  λ , as described in the next section.



3.1. Properties of the M-V-ESG Portfolios


In this section we show how to practically find the efficient surface of the Mean-Variance-ESG model by solving Problem (3) following a procedure similar to Roman et al. [34] and Cesarone et al. [35]. As mentioned above, we minimize the portfolio variance imposing parametric constraints on the the target level of the portfolio expected return  η  and the target level of the portfolio expected ESG  λ . Then, from (3) we can obtain all the non-dominated portfolios by a suitable varying of  η  and  λ . For this purpose, we first set an appropriate interval   [  η  m i n   ,  η  m a x   ]   for  η , where    η  m i n   =  μ P   (  x  m i n V   )   , with    x  m i n V   =   arg  min   x ∈ Δ    σ  P  2   ( x )    and    η  m a x   =  μ P   (  x  m a x   )    with    x  m a x   =   arg  max   x ∈ Δ    μ P   ( x )   . Then, for a fixed level of   η ∈ [  η  m i n   ,  η  m a x   ]  , we determine the suitable interval   [  λ min   ( η )  ,  λ max   ( η )  ]   for the target level of the portfolio expected ESG  λ . Here,    λ min   ( η )  = E S  G P   (  x  m i n V    ( η )  )   , where    x  m i n V    ( η )    is the minimum variance portfolio with a fixed lower bound  η  for the portfolio expected return, namely it is the optimal solution of the following problem


    min     σ  P  2   ( x )         s . t .               μ P   ( x )  ≥ η          x ∈ Δ .     



(4)







On the other side,    λ max   ( η )  = E S  G P   (  x  m a x E S G    ( η )  )   , where    x  m a x E S G    ( η )    is the portfolio that maximizes the ESG indicator with a lower bound  η  for the portfolio expected return, namely


    max    E S  G P   ( x )         s . t .               μ P   ( x )  ≥ η          x ∈ Δ .     



(5)







In Figure 1 we provide an example of Mean-Variance-ESG efficient portfolios, represented in the variance-ESG plane for several fixed levels of the portfolio expected return  η .



Note that by solving Problem (3) with   η ∈ [  η min  ,  η max  ]   and with   λ =  λ min   ( η )   , we obtain the Mean-Variance efficient frontier (see the bold black dashed line). More specifically, when   η =  η  m i n     and   λ =  λ min   (  η min  )   , we have the Global Minimum Variance (GMinV) portfolio (see the bold x in Figure 1), whereas for   η =  η max    the efficient frontier degenerates into one point, namely the portfolio composed of the asset with highest expected return. On the other hand, if we solve Problem (3) with   η ∈ [  η min  ,   η max  ]   and with   λ =  λ max   ( η )   , we obtain the ESG-mean efficient frontier (see the red dashed line).



From Figure 1 it is interesting to observe that when the target portfolio return  η  increases, the in-sample variance of the corresponding efficient portfolios increases, whereas their ESG values decrease. Indeed, when the required target return level is low, say   η =  η min   , the set of feasible portfolios is large and therefore diversification is high. This allows for the selection of Pareto-optimal portfolios with high sustainability (but with gradually increasing risk), or portfolios with low risk (but with gradually decreasing ESG). As the level of  η  increases the set of feasible solutions of Problem (3) becomes smaller, such as the interval   [  λ min   ( η )  ,  λ max   ( η )  ]   and the range of the optimal portfolio risk values. This is also confirmed in Section 4.1.1 by means of Figure 5, showing that when requiring high levels of ESG or of portfolio return, the number of selected assets in the Pareto-optimal solutions tends to decrease.



In Figure 2 we provide another example of the Mean-Variance-ESG efficient portfolios, represented in the variance-expected return plane for several fixed levels of the portfolio expected ESG  λ . Note that if we solve Problem (3) by varying   λ ∈ [  λ  m i n   ,  λ  m a x   ]   with   η =  η min   ( λ )   , we obtain the ESG-variance efficient frontier (see the red dashed line). More specifically, when   λ =  λ min    and   η =  η min   (  λ min  )   , we obtain the Global Minimum Variance (GMinV) portfolio (see the bold x in Figure 2), whereas for the highest level of portfolio sustainability   λ =  λ max   , the efficient frontier collapses in a single portfolio, the one composed by the asset with the highest expected ESG. On the other hand, when solving Problem (3) for different values of   λ ∈ [  λ min  ,  λ max  ]   with   η =  η max   ( λ )   , we have the mean-ESG efficient frontier (see the bold black dashed line). As expected, for fixed levels of portfolio sustainability, when requiring higher levels of the portfolio expected return, the corresponding efficient portfolios are riskier.



An alternative reformulation of Problem (2) can be obtained by maximizing the portfolio expected return with parametric lower bounds  λ  on the levels of the portfolio sustainability and with parametric upper bounds  ω  on the levels of the portfolio risk, as follows:


     max x      ∑  k = 1  n    μ k    x k         s . t .               ∑  k = 1  n   ∑  j = 1  n   x k    x j    σ  k j    ≤  ω            ∑  k = 1  n   E S  G k    x k   ≥  λ            ∑  k = 1  n   x k  = 1            x k  ≥ 0     k = 1 , … , n     



(6)







In Figure 3 we provide a third example of the Mean-Variance-ESG efficient surface, represented in the expected return-ESG plane for several levels of the portfolio variance  ω .



We can observe that, for a fixed level of   ω ∈ [  ω  m i n   ,  ω max  ]  , if we require higher levels of the portfolio expected ESG, we have efficient portfolios with lower expected return, while if we impose higher levels of the portfolio expected return, we obtain Pareto-optimal portfolios with lower sustainability. Note that if we solve Problem (6) by varying   ω ∈ [  ω  m i n   ,  ω  m a x   ]   with   λ =  λ min   ( ω )   , we obtain the Mean-Variance efficient frontier (see the bold black dashed line in Figure 3). When   ω =  ω min   , we obtain the Global Minimum Variance (GMinV) portfolio (see the bold x in Figure 3). On the other hand, when solving Problem (6) for several values of   ω ∈ [  ω min  ,  ω max  ]   with   λ =  λ max   ( ω )   , we obtain the ESG-variance efficient frontier (see the red dashed line in Figure 3).



Summing up, these in-sample results highlight a trade-off relationship between portfolio profitability, risk, and sustainability. In the next section, we examine the out-of-sample effects of the ESG rating on the portfolio selection process, looking for possible links with the different actions proposed by many countries and institutions over the years to promote the development of SRI.





4. Empirical Analysis


We provide here a detailed empirical analysis performed on five real-world datasets. More precisely, in Section 4.1 we describe the tested datasets, the methodology adopted for the experimental setup, and the portfolio strategies that we analyze, including the performance measures used for the out-of-sample performance evaluation. Section 4.1.1 reports the computational results examining the composition and diversification of the 16 Mean-Variance-ESG efficient portfolios examined. In Section 4.2 we report and discuss the out-of-sample performance results.



All the procedures have been implemented in MATLAB R2019b and have been executed on a laptop with an Intel(R) Core(TM) i7-8565U CPU @ 1.80 GHz processor and 8 GB of RAM.



4.1. Description of the Datasets and Methodologies


In this section, we provide some details about the five real-world datasets that are summarized in Table 1 and are publicly available on the website https://host.uniroma3.it/docenti/cesarone/DataSets.htm (accessed on 10 February 2022). These datasets consist of daily prices, adjusted for dividends and stock splits, and of daily ESG scores obtained from Refinitiv [36].



We have included stocks with at least ten years of observations, omitting the year 2021, due to a partial lack of data on ESG scores. Furthermore, to better examine the ESG impact on portfolio performance and to capture possible effects of SRI regulatory developments over the past 15 years, we use two different experimental setups, named Setup Entire and Setup Split. For Setup Entire, we consider the entire length of data available (October 2006–December 2020) to perform out-of-sample performance analysis. For Setup Split, we divide the full length of the time series into two equal time windows, i.e., October 2006–December 2013 and January 2014–December 2020. We point out that these two time windows have been chosen to focus on the two commitment periods, in which the Kyoto Protocol was structured with the Doha Amendment, and therefore to highlight possible different regimes in terms of profitability–sustainability.



For the two different experimental setups, we present the out-of-sample analysis of 16 Pareto-optimal portfolios obtained from Problem (3) by appropriately varying the target levels of the portfolio expected return  η  and of the portfolio expected ESG  λ  (see Section 3.1). Figure 4 shows, in the variance-ESG plane, an example of the 16 portfolio strategies, which are characterized by several investor goals, for the DowJones dataset. More precisely, we consider four different levels of target return    η α  =  η min  + α  (  η max  −  η min  )    with   α = 0 , 1 / 4 , 1 / 2 , 3 / 4  , and, for each level   η α  , four different target ESG levels    λ β   (  η α  )  =  λ min   (  η α  )  + β  (  λ max   (  η α  )  −  λ min   (  η α  )  )    with   β = 0 , 1 / 3 , 2 / 3 , 1  . We point out that, when   β = 0  , we obtain Mean-Variance optimal portfolios (see the bold black dashed line in Figure 1 and related remarks), whereas when   β = 1  , we select ESG-mean optimal portfolios (see the red dashed line in Figure 1 and related remarks).



For the out-of-sample performance analysis, we adopt a rolling time window scheme of evaluation, namely we allow for the possibility of rebalancing the portfolio composition during the holding period at fixed intervals. In this study, we set 2 years (500 observations) for the in-sample window and 1 month (20 observations) both for the rebalancing interval and the holding period.



The out-of-sample performance of the 16 Mean-Variance-ESG efficient portfolios described above is evaluated using several performance measures typically adopted in the literature (see, e.g., Cesarone and Colucci [37], Bruni et al. [38], and references therein): mean, volatility, Sharpe ratio [39,40], Max Drawdown (see, e.g., Chekhlov et al. [41]), Ulcer index [42], Turnover (see, e.g., Han [43]), and Rachev ratio with confidence level of   5 %   [44]. We also compute the so-called Return On Investment (ROI), namely the time-by-time return generated by each portfolio strategy over a specified time horizon   Δ τ  . More precisely, ROI is defined as follows


  R O  I  P , τ   =    W  P , τ   −  W  P , τ − Δ τ     W  P , τ − Δ τ     τ = Δ τ + 1 , ⋯ , T  



(7)




where   W  P , τ − Δ τ    is the amount of capital invested at the beginning of the time horizon,    W  P , τ   =  W  P , τ − Δ τ    ∏  t = τ − Δ τ + 1  τ   ( 1 +  R  P , t   o u t   )    is the portfolio wealth, and T is the number of historical scenarios.



4.1.1. Composition of the Mean-Variance-ESG Efficient Portfolios


To obtain an insight of the composition and diversification of the 16 Pareto-optimal portfolios analyzed, in Figure 5 we show the box plots of the number of the selected assets for the DowJones dataset, adopting Setup Entire and the RTW scheme.



Then, each box provides the distribution of the number of the assets selected by the 16 portfolio strategies for all the in-sample windows tested. The central mark represents the median, and the bottom and top edges of the box are the 25th and the 75th percentiles, while the outliers are plotted individually. We observe that, for a fixed level of the portfolio target return  η , e.g.,   η  m i n   , when the portfolio sustainability  λ  increases the number of assets typically tends to decrease. Indeed, the Mean-Variance optimal portfolios, namely the Mean-Variance-ESG portfolios with   λ =  λ 0   , generally have more assets in their composition than the ESG-mean portfolios, namely those with   λ =  λ 1   .





4.2. Out-of-Sample Performance Analysis


In this section, we discuss the main results of the out-of-sample performance analysis for all the previously introduced 16 portfolio selection strategies. More precisely, in Section 4.2.1 and Section 4.2.2 we report the computational results obtained for the DowJones dataset with Setup Entire and Setup Split, respectively. Section 4.2.3 and Section 4.2.4 show the results obtained for the EuroStoxx50 dataset with Setup Entire and Setup Split, respectively. Finally, for the sake of completeness, in Appendix A we report the remaining out-of-sample performance results, obtained from the other datasets listed in Table 1.



In the tables of the following sections, for each investment universe we show with different colors the rank of the performance results of the proposed portfolio strategies. More in detail, for each row (performance measure) the colors span from deep-green to deep-red, where deep-green represents the best performance, while deep-red the worst one. This style of visualization could allow for easier detection of possible persistent behavioral patterns of a portfolio strategy (corresponding to a column).



4.2.1. Computational Results for DowJones with Setup Entire


Table 2 reports the out-of-sample performance evaluated by Mean, Volatility, Sharpe ratio, Max Drawdown (MaxDD), Ulcer index, Turnover, and Rachev 5% ratio (see Section 4.1).



We observe that by requiring high levels of portfolio sustainability, the out-of-sample performances of the Mean-Variance-ESG portfolios typically tend to improve for each target level of the portfolio return  η . This behavior is most evident when low levels of the target expected return  η  are chosen, i.e., when portfolio diversification tends to be higher. Indeed, when   η =  η  m i n    , the Pareto-optimal portfolios with high levels of  λ  (namely   λ  2 / 3    and   λ 1  ) achieve the best results in terms of almost all performance measures. This performance behavior can also be observed from the trend of the cumulative out-of-sample portfolio returns, reported in Figure 6. The portfolio strategies with the highest portfolio sustainability show the best performance, especially in recent years. This is most significant for low levels of the required portfolio return  η  (namely   η  m i n    and   η  1 / 4   ), where the sustainable strategies (i.e., those with   λ =  λ 1   ) can reach cumulative returns almost four times higher than those of other efficient portfolios.



In Table 3 we show some statistics of ROI based on a 3-years time horizon (i.e., in Expression (7) we fix   Δ τ   equal to 750 days) for all the portfolio strategies analyzed. Again, we can observe that the most sustainable portfolio strategies provide the best performances in terms of mean, 25%, 75%, and 95% percentile of ROI, for levels of portfolio expected return   η =  η  m i n   ,  η  1 / 4   ,  η  1 / 2    .




4.2.2. Computational Results for DowJones with Setup Split


In Table 4, we show the out-of-sample performance results obtained by the 16 Mean-Variance-ESG efficient portfolios, using Setup Split, that is dividing the entire length of the time series into two non-overlapping subperiods (see Section 4.1).



More precisely, in the first table (2006–2013) we report the out-of-sample performance results obtained considering the time window ranging from October 2006 to December 2013, while in the second table (2014–2020) we present Mean, Volatility, Sharpe ratio, Max Drawdown (MaxDD), Ulcer index, Turnover, and Rachev 5% ratio evaluated on the time window spanning from January 2014 to December 2020. In the third table (Rel Diff) we provide the relative changes of the out-of-sample performance results obtained in the two subperiods considered, highlighting in bold the values that have increased or decreased by more than 50%.



Moving from 2006–2013 to 2014–2020, we can observe remarkable improvements in the performances of the efficient portfolios requiring high target levels of the portfolio ESG. More specifically, focusing on the first subperiod, it seems that the Mean-Variance-ESG optimal portfolios do not show a clear behavioral pattern, while, in the second time window, portfolios with high levels of  λ , namely   λ  2 / 3    and   λ 1  , typically generate better performances for every target level of the portfolio expected return  η . These findings are also confirmed by looking at the time evolution of the cumulative out-of-sample portfolio returns, shown in Figure 7, where we note a significantly distinct trend between the two time windows. Indeed, in the second subperiod, the most sustainable portfolio strategies clearly dominate the other optimal portfolios in terms of cumulative returns.



In Table 5 we report some summary statistics of ROI based on a 3-years time horizon for all the portfolio strategies analyzed. Again, these results seem to confirm what was previously highlighted, namely that the Pareto-optimal portfolios with the highest ESG target levels show a significant improvement in terms of profitability in the second subperiod.



From these empirical findings we can highlight two main remarks. On the one hand, as also discussed in Bermejo et al. [11], the ESG impact on the portfolio selection process typically leads to favorable and stable financial performances. This is particularly evident in the past seven years. In fact, it seems that there is a regime change in terms of profitability–sustainability around 2015, when the second commitment period of the Kyoto Protocol started and when the Paris COP21 agreement was signed. Before 2014, portfolio performances seem to show no benefits from sustainability-focused strategies, while after 2014, the ESG impact on profitability is evident. On the other hand, we can note that the sustainability-focused strategies continue to show positive effects on the financial markets even during the recent COVID-19 pandemic crisis. As also highlighted by Nofsinger and Varma [13], the positive socially responsible actions of companies could make them more profitable even in times of crisis.




4.2.3. Computational Results for EuroStoxx50 with Setup Entire


In Table 6, we provide the out-of-sample performance results obtained by the 16 analyzed portfolio strategies for EuroStoxx50, with Setup Entire.



In this case, we can note that requiring high levels of the portfolio ESG generally worsens the portfolio performances for each target level of the portfolio expected return  η . This behavior can be also observed from the time evolution of the cumulative out-of-sample portfolio returns, reported in Figure 8, where the Mean-Variance portfolios (i.e., the Mean-Variance-ESG portfolios with   λ =  λ 0   ) typically show better performance than the other strategies, particularly for low values of  η .



In Table 7 we also provide some summary statistics of ROI based on a 3-years time horizon for all the portfolio strategies analyzed. Again, we can observe that the least sustainable portfolio strategies provide the best performances, for all the levels of target portfolio return  η .




4.2.4. Computational Results for EuroStoxx50 with Setup Split


In Table 8, we report the out-of-sample performance results obtained by the 16 Mean-Variance-ESG efficient portfolios, dividing the entire length of the time series into two non-overlapping subperiods. More precisely, the first table (2006–2013) show the results obtained on the time window ranging from October 2006 to December 2013, while the second table (2014–2020) presents the out-of-sample portfolio performances evaluated on the time window spanning from January 2014 to December 2020. The third table (Rel Diff) provides the relative changes of the results obtained in the two different subperiods.



Here, we can observe that the behavioral pattern of the Mean-Variance-ESG optimal portfolios is quite similar between the two time windows analyzed. It seems that adopting high sustainable portfolio strategies generally leads to worse financial performances. Moreover, the relative differences in performance values between the two subperiods show that the optimal portfolios with low levels of ESG targets (namely with   λ =  λ 0  ,  λ  1 / 3    ) are the only ones that allow achieving positive changes, especially for high target return levels  η . This behavior can also be observed from the trend of the cumulative out-of-sample portfolio returns, reported in Figure 9.



In Table 9 we show some summary statistics of ROI based on a 3-years time horizon for all the portfolio strategies analyzed.



Although all portfolio strategies reach poor performances in the 2014–2020 subperiod, we observe that the optimal portfolios with low levels of ESG target perform better than the other approaches.



To provide an overall view of the performance of the Mean-Variance-ESG efficient portfolios, in Table 10 we report aggregate results for all the five datasets listed in Table 1. For each dataset, both using Setup Entire and Setup Split we show in green the periods where the most sustainable strategies appear to be preferable, while in blue we mark the periods where generally the least sustainable portfolios are those that provide better performance. We can observe that the US markets generally show a regime change between the two time windows analyzed. More precisely, it seems that the optimal portfolios with low ESG values generally achieve better performances in the first subperiod (2006–2013), while portfolios with high ESG target typically lead to reach better results in the second subperiod (2014–2020). On the other hand, in European markets, in particular, in the Euro Stoxx 50, the portfolio performances do not seem to be affected by imposing ESG constraints, as also pointed out by La Torre et al. [14].






5. Conclusions


We presented an extensive empirical analysis on five real-world datasets involving major equity markets, in which we investigated the in-sample and out-of-sample effects of ESG rating on the portfolio selection process. More precisely, we provided the performance of the 16 Mean-Variance-ESG efficient portfolios, obtained by solving a tri-objective portfolio optimization model, where the portfolio risk is minimized, while the portfolio expected return and the portfolio sustainability are maximized. Furthermore, to better examine the ESG impact on portfolio performance and to capture possible effects of SRI regulatory developments over the past 15 years, we conducted the out-of-sample performance analysis using both the full length of data available and the two non-overlapping subperiods of it.



When analyzing the entire period, from 2006 to 2020, we observed that only in the S&P500 and Dow Jones datasets the most sustainable portfolio strategies show better financial performances. Then, there does not appear to be a link between SRI regulatory developments and the ESG impact on portfolio profitability; however, when we separately considered the two subperiods, namely 2006–2013 and 2014–2020, we noted different regimes in terms of profitability–sustainability. Before 2014 the least sustainable portfolios provided better results on four out of five datasets. After 2014, when the second commitment period of the Kyoto Protocol started and when the Paris COP21 agreement was signed, the ESG impact on portfolio profitability became significant on four out of five datasets.
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Appendix A. Additional Out-of-Sample Performance Results


For the sake of completeness, we report here the out-of-sample performance results, obtained from the remaining datasets listed in Table 1. More precisely, in Table A1, Table A2, Table A3 and Table A4 and in Figure A1 and Figure A2, we present the computational results for the FTSE100 dataset. In Table A5, Table A6, Table A7 and Table A8 and in Figure A3 and Figure A4, we provide the computational results for the NASDAQ100 dataset. Finally, in Table A9, Table A10, Table A11 and Table A12 and in Figure A5 and Figure A6, we show the computational results for the S&P500 dataset.
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Table A1. Out-of-sample performance results for FTSE100.






Table A1. Out-of-sample performance results for FTSE100.





	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     






	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
0.0391%

	
0.0313%

	
0.0261%

	
0.0374%

	
0.0504%

	
0.0438%

	
0.0398%

	
0.0359%

	
0.0548%

	
0.0485%

	
0.0423%

	
0.0559%

	
0.0592%

	
0.0565%

	
0.0583%

	
0.0748%




	
Volatility

	
0.0092

	
0.0093

	
0.0098

	
0.0158

	
0.0096

	
0.0097

	
0.0103

	
0.0163

	
0.0112

	
0.0114

	
0.0123

	
0.0182

	
0.0151

	
0.0155

	
0.0163

	
0.0207




	
Sharpe

	
0.0427

	
0.0337

	
0.0267

	
0.0237

	
0.0527

	
0.0451

	
0.0388

	
0.0220

	
0.0488

	
0.0426

	
0.0345

	
0.0307

	
0.0391

	
0.0366

	
0.0358

	
0.0361




	
MaxDD

	
−0.2903

	
−0.2970

	
−0.2980

	
−0.3443

	
−0.2794

	
−0.2753

	
−0.2548

	
−0.4014

	
−0.3484

	
−0.3422

	
−0.3852

	
−0.4655

	
−0.4790

	
−0.4596

	
−0.4482

	
−0.5451




	
Ulcer

	
0.0632

	
0.0654

	
0.0701

	
0.1520

	
0.0622

	
0.0639

	
0.0635

	
0.1430

	
0.0985

	
0.1027

	
0.1342

	
0.1327

	
0.1853

	
0.1716

	
0.1534

	
0.1441




	
Turnover

	
0.2031

	
0.2139

	
0.2131

	
0.3783

	
0.3369

	
0.3624

	
0.3998

	
0.5588

	
0.4924

	
0.5161

	
0.5637

	
0.7290

	
0.6087

	
0.6278

	
0.6415

	
0.7136




	
Rachev

	
0.9675

	
0.9609

	
0.9820

	
1.0125

	
0.9623

	
0.9439

	
0.9741

	
0.9757

	
0.9395

	
0.9437

	
0.9464

	
1.0005

	
0.9319

	
0.9297

	
0.9627

	
1.0313
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Table A2. Summary statistics of ROI based on a 3-years time horizon for FTSE100.
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    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     






	
Approach

	
Index

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
11%

	
33%

	
27%

	
23%

	
20%

	
49%

	
44%

	
42%

	
21%

	
65%

	
60%

	
52%

	
52%

	
78%

	
74%

	
76%

	
89%




	
Vol

	
14%

	
22%

	
18%

	
15%

	
22%

	
20%

	
18%

	
17%

	
22%

	
23%

	
29%

	
30%

	
34%

	
38%

	
45%

	
53%

	
62%




	
5perc

	
−18%

	
−7%

	
−11%

	
−10%

	
−11%

	
6%

	
1%

	
2%

	
−11%

	
18%

	
5%

	
4%

	
5%

	
22%

	
14%

	
6%

	
12%




	
25perc

	
5%

	
20%

	
17%

	
16%

	
5%

	
39%

	
37%

	
34%

	
5%

	
50%

	
42%

	
32%

	
25%

	
52%

	
44%

	
42%

	
42%




	
75perc

	
18%

	
45%

	
37%

	
32%

	
33%

	
62%

	
57%

	
53%

	
36%

	
83%

	
79%

	
76%

	
78%

	
106%

	
108%

	
113%

	
131%




	
95perc

	
31%

	
74%

	
57%

	
47%

	
65%

	
75%

	
66%

	
65%

	
62%

	
97%

	
106%

	
103%

	
114%

	
145%

	
154%

	
170%

	
213%
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Figure A1. Cumulative out-of-sample portfolio returns using different levels of  η  for FTSE100. 
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Table A3. Out-of-sample performance results over two non-overlapping subperiods for FTSE100.
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    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	




	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   






	
Mean

	
0.0601%

	
0.0513%

	
0.0426%

	
0.0338%

	
0.0592%

	
0.0528%

	
0.0471%

	
0.0345%

	
0.0492%

	
0.0501%

	
0.0445%

	
0.0660%

	
0.0488%

	
0.0587%

	
0.0714%

	
0.0984%

	
2006–2013




	
Volatility

	
0.0097

	
0.0100

	
0.0107

	
0.0175

	
0.0103

	
0.0106

	
0.0115

	
0.0189

	
0.0125

	
0.0128

	
0.0141

	
0.0221

	
0.0176

	
0.0180

	
0.0192

	
0.0249




	
Sharpe

	
0.0620

	
0.0515

	
0.0398

	
0.0193

	
0.0575

	
0.0497

	
0.0409

	
0.0182

	
0.0394

	
0.0391

	
0.0316

	
0.0299

	
0.0278

	
0.0325

	
0.0373

	
0.0395




	
MaxDD

	
−0.2292

	
−0.2321

	
−0.2375

	
−0.3443

	
−0.2597

	
−0.2600

	
−0.2548

	
−0.4014

	
−0.3484

	
−0.3422

	
−0.3852

	
−0.4655

	
−0.4790

	
−0.4596

	
−0.4482

	
−0.5451




	
Ulcer

	
0.0449

	
0.0459

	
0.0557

	
0.1696

	
0.0637

	
0.0680

	
0.0731

	
0.1705

	
0.1309

	
0.1362

	
0.1843

	
0.1632

	
0.2623

	
0.2376

	
0.2001

	
0.1758




	
Turnover

	
0.1602

	
0.1831

	
0.2064

	
0.4468

	
0.3771

	
0.4155

	
0.4470

	
0.5359

	
0.5840

	
0.5853

	
0.6208

	
0.7107

	
0.7382

	
0.7356

	
0.7006

	
0.6879




	
Rachev

	
0.9733

	
0.9955

	
1.0250

	
0.9701

	
0.9658

	
0.9523

	
0.9631

	
0.9310

	
0.9448

	
0.9572

	
0.9551

	
0.9663

	
0.9371

	
0.9240

	
0.9502

	
1.0215




	

	
   η min   

	
   η  1 / 4    

	
   η  1 / 2    

	
   η  3 / 4    

	




	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
0.0100%

	
0.0023%

	
0.0016%

	
0.0466%

	
0.0303%

	
0.0267%

	
0.0212%

	
0.0618%

	
0.0457%

	
0.0338%

	
0.0239%

	
0.0431%

	
0.0553%

	
0.0463%

	
0.0425%

	
0.0543%

	
2014–2020




	
Volatility

	
0.0090

	
0.0090

	
0.0093

	
0.0150

	
0.0094

	
0.0093

	
0.0094

	
0.0147

	
0.0106

	
0.0105

	
0.0111

	
0.0154

	
0.0136

	
0.0136

	
0.0141

	
0.0167




	
Sharpe

	
0.0111

	
0.0025

	
0.0017

	
0.0311

	
0.0323

	
0.0288

	
0.0224

	
0.0421

	
0.0430

	
0.0322

	
0.0216

	
0.0280

	
0.0408

	
0.0340

	
0.0302

	
0.0326




	
MaxDD

	
−0.3141

	
−0.3311

	
−0.3295

	
−0.2249

	
−0.3275

	
−0.3091

	
−0.2805

	
−0.2249

	
−0.3343

	
−0.3139

	
−0.2991

	
−0.3949

	
−0.3877

	
−0.3771

	
−0.3578

	
−0.4283




	
Ulcer

	
0.0936

	
0.1026

	
0.1059

	
0.0733

	
0.0823

	
0.0790

	
0.0779

	
0.0679

	
0.0873

	
0.0857

	
0.0938

	
0.1501

	
0.1179

	
0.1160

	
0.1082

	
0.1419




	
Turnover

	
0.2473

	
0.2391

	
0.2124

	
0.3147

	
0.3178

	
0.3302

	
0.3811

	
0.4038

	
0.4440

	
0.4890

	
0.5461

	
0.6344

	
0.4790

	
0.5128

	
0.5371

	
0.6062




	
Rachev

	
0.9045

	
0.8703

	
0.8818

	
1.0507

	
0.8993

	
0.8887

	
0.9319

	
1.1117

	
0.8773

	
0.8467

	
0.8790

	
1.0012

	
0.8583

	
0.8727

	
0.8968

	
0.9978




	

	
   η min   

	
   η  1 / 4    

	
   η  1 / 2    

	
   η  3 / 4    

	




	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
−83%

	
−96%

	
−96%

	
38%

	
−49%

	
−49%

	
−55%

	
79%

	
−7%

	
−33%

	
−46%

	
−35%

	
13%

	
−21%

	
−40%

	
−45%

	
Rel Diff




	
Volatility

	
−7%

	
−10%

	
−13%

	
−14%

	
−9%

	
−13%

	
−18%

	
−22%

	
−15%

	
−18%

	
−21%

	
−30%

	
−23%

	
−24%

	
−27%

	
−33%




	
Sharpe

	
−82%

	
−95%

	
−96%

	
61%

	
−44%

	
−42%

	
−45%

	
131%

	
9%

	
−18%

	
−32%

	
−6%

	
47%

	
5%

	
−19%

	
−18%




	
MaxDD

	
37%

	
43%

	
39%

	
−35%

	
26%

	
19%

	
10%

	
−44%

	
−4%

	
−8%

	
−22%

	
−15%

	
−19%

	
−18%

	
−20%

	
−21%




	
Ulcer

	
109%

	
124%

	
90%

	
−57%

	
29%

	
16%

	
7%

	
−60%

	
−33%

	
−37%

	
−49%

	
−8%

	
−55%

	
−51%

	
−46%

	
−19%




	
Turnover

	
54%

	
31%

	
3%

	
−30%

	
−16%

	
−21%

	
−15%

	
−25%

	
−24%

	
−16%

	
−12%

	
−11%

	
−35%

	
−30%

	
−23%

	
−12%




	
Rachev

	
−7%

	
−13%

	
−14%

	
8%

	
−7%

	
−7%

	
−3%

	
19%

	
−7%

	
−12%

	
−8%

	
4%

	
−8%

	
−6%

	
−6%

	
−2%
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Table A4. Summary statistics of ROI based on a 3-years time horizon over two non-overlapping subperiods for FTSE100.
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    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	




	
Approach

	
Index

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    






	
Mean

	
21%

	
55%

	
45%

	
38%

	
10%

	
57%

	
50%

	
45%

	
16%

	
58%

	
57%

	
57%

	
37%

	
70%

	
80%

	
87%

	
80%

	
2006–2013




	
Vol

	
12%

	
17%

	
12%

	
11%

	
12%

	
13%

	
9%

	
10%

	
11%

	
17%

	
21%

	
25%

	
32%

	
44%

	
47%

	
55%

	
54%




	
5perc

	
8%

	
35%

	
30%

	
25%

	
−5%

	
39%

	
39%

	
27%

	
−2%

	
30%

	
23%

	
16%

	
3%

	
12%

	
15%

	
22%

	
19%




	
25perc

	
12%

	
40%

	
34%

	
30%

	
2%

	
47%

	
44%

	
40%

	
11%

	
49%

	
47%

	
44%

	
11%

	
39%

	
47%

	
43%

	
37%




	
75perc

	
28%

	
70%

	
54%

	
42%

	
15%

	
69%

	
56%

	
52%

	
22%

	
68%

	
77%

	
80%

	
68%

	
115%

	
130%

	
147%

	
137%




	
95perc

	
47%

	
83%

	
67%

	
62%

	
36%

	
80%

	
68%

	
61%

	
34%

	
85%

	
88%

	
94%

	
94%

	
141%

	
155%

	
178%

	
174%




	

	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	




	
Approach

	
Index

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    




	
Mean

	
−1%

	
0%

	
−1%

	
3%

	
48%

	
18%

	
18%

	
17%

	
65%

	
35%

	
23%

	
13%

	
42%

	
47%

	
36%

	
33%

	
54%

	
2014–2020




	
Vol

	
15%

	
12%

	
14%

	
17%

	
15%

	
15%

	
17%

	
19%

	
13%

	
20%

	
19%

	
18%

	
42%

	
24%

	
23%

	
26%

	
49%




	
5perc

	
−23%

	
−20%

	
−23%

	
−21%

	
28%

	
−8%

	
−8%

	
−11%

	
46%

	
4%

	
−7%

	
−15%

	
−10%

	
9%

	
−1%

	
−8%

	
−11%




	
25perc

	
−17%

	
−10%

	
−16%

	
−16%

	
36%

	
2%

	
−1%

	
−5%

	
57%

	
12%

	
1%

	
−6%

	
8%

	
22%

	
14%

	
8%

	
6%




	
75perc

	
12%

	
10%

	
10%

	
17%

	
57%

	
30%

	
31%

	
34%

	
73%

	
50%

	
40%

	
30%

	
84%

	
64%

	
51%

	
55%

	
104%




	
95perc

	
19%

	
17%

	
17%

	
23%

	
75%

	
37%

	
38%

	
42%

	
89%

	
58%

	
46%

	
37%

	
115%

	
80%

	
69%

	
71%

	
125%




	

	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	




	
Approach

	
Index

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    




	
Mean

	
−104%

	
−100%

	
−102%

	
−91%

	
364%

	
−69%

	
−65%

	
−63%

	
297%

	
−40%

	
−60%

	
−77%

	
14%

	
−34%

	
−55%

	
−62%

	
−32%

	
Rel Diff




	
Vol

	
26%

	
−30%

	
14%

	
57%

	
21%

	
16%

	
84%

	
97%

	
15%

	
16%

	
−8%

	
−28%

	
30%

	
−46%

	
−52%

	
−52%

	
−10%




	
5perc

	
−399%

	
−158%

	
−177%

	
−182%

	
619%

	
−120%

	
−121%

	
−141%

	
2033%

	
−87%

	
−131%

	
−192%

	
−455%

	
−25%

	
−108%

	
−137%

	
−157%




	
25perc

	
−242%

	
−126%

	
−147%

	
−154%

	
1730%

	
−95%

	
−102%

	
−112%

	
442%

	
−75%

	
−98%

	
−113%

	
−32%

	
−43%

	
−70%

	
−81%

	
−85%




	
75perc

	
−57%

	
−86%

	
−82%

	
−60%

	
283%

	
−56%

	
−44%

	
−34%

	
226%

	
−27%

	
−48%

	
−63%

	
23%

	
−44%

	
−61%

	
−62%

	
−24%




	
95perc

	
−60%

	
−80%

	
−75%

	
−63%

	
110%

	
−54%

	
−45%

	
−31%

	
159%

	
−32%

	
−47%

	
−61%

	
22%

	
−43%

	
−56%

	
−60%

	
−28%
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Figure A2. Cumulative out-of-sample portfolio returns using different levels of  η  over two non-overlapping subperiods for FTSE100. 






Figure A2. Cumulative out-of-sample portfolio returns using different levels of  η  over two non-overlapping subperiods for FTSE100.
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Table A5. Out-of-sample performance results for NASDAQ100.






Table A5. Out-of-sample performance results for NASDAQ100.





	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     






	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
0.0430%

	
0.0419%

	
0.0443%

	
0.0770%

	
0.0574%

	
0.0607%

	
0.0666%

	
0.0829%

	
0.0822%

	
0.0839%

	
0.0904%

	
0.1147%

	
0.1120%

	
0.1169%

	
0.1192%

	
0.1264%




	
Volatility

	
0.0101

	
0.0103

	
0.0111

	
0.0178

	
0.0112

	
0.0115

	
0.0127

	
0.0175

	
0.0141

	
0.0146

	
0.0157

	
0.0193

	
0.0187

	
0.0191

	
0.0199

	
0.0226




	
Sharpe

	
0.0424

	
0.0405

	
0.0398

	
0.0432

	
0.0513

	
0.0529

	
0.0524

	
0.0475

	
0.0583

	
0.0574

	
0.0576

	
0.0594

	
0.0600

	
0.0614

	
0.0598

	
0.0559




	
MaxDD

	
−0.3250

	
−0.3365

	
−0.3828

	
−0.4849

	
−0.3716

	
−0.3871

	
−0.4467

	
−0.5764

	
−0.3891

	
−0.4432

	
−0.5160

	
−0.6053

	
−0.4108

	
−0.4566

	
−0.5229

	
−0.6367




	
Ulcer

	
0.0757

	
0.0792

	
0.0899

	
0.1320

	
0.1034

	
0.0980

	
0.1076

	
0.1546

	
0.1149

	
0.1223

	
0.1432

	
0.1614

	
0.1311

	
0.1383

	
0.1611

	
0.1899




	
Turnover

	
0.1339

	
0.1522

	
0.1771

	
0.1786

	
0.3462

	
0.3560

	
0.3676

	
0.3478

	
0.4716

	
0.4937

	
0.4688

	
0.3871

	
0.5006

	
0.5168

	
0.5197

	
0.5171




	
Rachev

	
0.9270

	
0.9274

	
0.9264

	
1.0222

	
0.9240

	
0.9268

	
0.9371

	
0.9831

	
0.9514

	
0.9450

	
0.9507

	
0.9876

	
0.9866

	
0.9902

	
0.9872

	
0.9974
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Table A6. Summary statistics of ROI based on a 3-years time horizon for NASDAQ100.






Table A6. Summary statistics of ROI based on a 3-years time horizon for NASDAQ100.





	

	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     






	
Approach

	
Index

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
61%

	
42%

	
40%

	
43%

	
73%

	
65%

	
66%

	
71%

	
91%

	
95%

	
97%

	
109%

	
146%

	
125%

	
134%

	
144%

	
154%




	
Vol

	
16%

	
11%

	
11%

	
11%

	
47%

	
18%

	
17%

	
21%

	
56%

	
27%

	
30%

	
39%

	
62%

	
33%

	
38%

	
47%

	
71%




	
5perc

	
39%

	
21%

	
24%

	
21%

	
6%

	
38%

	
38%

	
38%

	
13%

	
52%

	
46%

	
44%

	
54%

	
70%

	
70%

	
72%

	
66%




	
25perc

	
49%

	
36%

	
34%

	
37%

	
39%

	
53%

	
54%

	
55%

	
46%

	
73%

	
74%

	
83%

	
108%

	
105%

	
112%

	
115%

	
103%




	
75perc

	
70%

	
49%

	
48%

	
50%

	
108%

	
73%

	
76%

	
88%

	
145%

	
116%

	
120%

	
134%

	
180%

	
146%

	
158%

	
168%

	
185%




	
95perc

	
91%

	
59%

	
57%

	
58%

	
158%

	
99%

	
94%

	
105%

	
181%

	
138%

	
143%

	
180%

	
261%

	
177%

	
200%

	
236%

	
314%
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Figure A3. Cumulative out-of-sample portfolio returns using different levels of  η  for NASDAQ100. 
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Table A7. Out-of-sample performance results over two non-overlapping subperiods for NASDAQ100.






Table A7. Out-of-sample performance results over two non-overlapping subperiods for NASDAQ100.





	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	






	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	




	
Mean

	
0.0376%

	
0.0347%

	
0.0287%

	
0.0343%

	
0.0517%

	
0.0527%

	
0.0488%

	
0.0534%

	
0.0706%

	
0.0697%

	
0.0674%

	
0.0950%

	
0.0856%

	
0.0901%

	
0.0867%

	
0.0936%

	
2006–2013




	
Volatility

	
0.0106

	
0.0107

	
0.0117

	
0.0194

	
0.0114

	
0.0116

	
0.0129

	
0.0186

	
0.0137

	
0.0142

	
0.0154

	
0.0204

	
0.0175

	
0.0178

	
0.0189

	
0.0225




	
Sharpe

	
0.0354

	
0.0323

	
0.0245

	
0.0177

	
0.0454

	
0.0453

	
0.0377

	
0.0287

	
0.0515

	
0.0492

	
0.0437

	
0.0465

	
0.0490

	
0.0505

	
0.0460

	
0.0416




	
MaxDD

	
−0.3145

	
−0.3365

	
−0.3828

	
−0.4849

	
−0.3716

	
−0.3871

	
−0.4467

	
−0.5764

	
−0.3891

	
−0.4432

	
−0.5160

	
−0.6053

	
−0.4108

	
−0.4566

	
−0.5229

	
−0.6367




	
Ulcer

	
0.0988

	
0.1078

	
0.1274

	
0.1875

	
0.1465

	
0.1401

	
0.1560

	
0.2162

	
0.1589

	
0.1694

	
0.2020

	
0.2235

	
0.1626

	
0.1759

	
0.2130

	
0.2496




	
Turnover

	
0.1156

	
0.1568

	
0.2626

	
0.4035

	
0.2855

	
0.3448

	
0.4185

	
0.5193

	
0.4237

	
0.4938

	
0.5428

	
0.4719

	
0.5360

	
0.5850

	
0.6305

	
0.6541




	
Rachev

	
0.9329

	
0.9286

	
0.9170

	
1.0052

	
0.9275

	
0.9149

	
0.9072

	
0.9983

	
0.9811

	
0.9564

	
0.9307

	
1.0008

	
1.0053

	
0.9840

	
0.9462

	
0.9586




	

	
   η min   

	
   η  1 / 4    

	
   η  1 / 2    

	
   η  3 / 4    

	




	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	




	
Mean

	
0.0382%

	
0.0373%

	
0.0509%

	
0.1201%

	
0.0570%

	
0.0694%

	
0.0871%

	
0.1319%

	
0.0918%

	
0.1044%

	
0.1268%

	
0.1486%

	
0.1467%

	
0.1551%

	
0.1653%

	
0.1749%

	
2014–2020




	
Volatility

	
0.0105

	
0.0107

	
0.0113

	
0.0172

	
0.0118

	
0.0121

	
0.0135

	
0.0173

	
0.0154

	
0.0161

	
0.0174

	
0.0191

	
0.0209

	
0.0215

	
0.0224

	
0.0240




	
Sharpe

	
0.0363

	
0.0349

	
0.0451

	
0.0700

	
0.0484

	
0.0575

	
0.0644

	
0.0761

	
0.0594

	
0.0649

	
0.0730

	
0.0779

	
0.0701

	
0.0720

	
0.0739

	
0.0728




	
MaxDD

	
−0.3337

	
−0.3011

	
−0.2753

	
−0.2824

	
−0.2928

	
−0.2720

	
−0.2845

	
−0.2823

	
−0.2883

	
−0.2980

	
−0.3206

	
−0.2969

	
−0.3609

	
−0.3798

	
−0.3770

	
−0.3402




	
Ulcer

	
0.0673

	
0.0603

	
0.0485

	
0.0558

	
0.0687

	
0.0537

	
0.0499

	
0.0549

	
0.0803

	
0.0776

	
0.0744

	
0.0753

	
0.1085

	
0.1158

	
0.1157

	
0.1111




	
Turnover

	
0.1538

	
0.1630

	
0.1270

	
0.0044

	
0.4068

	
0.3635

	
0.3092

	
0.0832

	
0.5495

	
0.5068

	
0.4152

	
0.2670

	
0.5164

	
0.4867

	
0.4348

	
0.4383




	
Rachev

	
0.8559

	
0.8653

	
0.9105

	
1.0272

	
0.9061

	
0.9311

	
0.9700

	
1.0014

	
0.9313

	
0.9538

	
0.9793

	
0.9706

	
0.9886

	
1.0142

	
1.0329

	
1.0437




	

	
   η min   

	
   η  1 / 4    

	
   η  1 / 2    

	
   η  3 / 4    

	




	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	




	
Mean

	
2%

	
7%

	
77%

	
250%

	
10%

	
32%

	
79%

	
147%

	
30%

	
50%

	
88%

	
56%

	
71%

	
72%

	
91%

	
87%

	
Rel Diff




	
Volatility

	
−1%

	
0%

	
−4%

	
−11%

	
3%

	
4%

	
5%

	
−7%

	
13%

	
14%

	
12%

	
−7%

	
20%

	
21%

	
19%

	
7%




	
Sharpe

	
3%

	
8%

	
84%

	
295%

	
7%

	
27%

	
71%

	
165%

	
15%

	
32%

	
67%

	
68%

	
43%

	
43%

	
61%

	
75%




	
MaxDD

	
6%

	
−11%

	
−28%

	
−42%

	
−21%

	
−30%

	
−36%

	
−51%

	
−26%

	
−33%

	
−38%

	
−51%

	
−12%

	
−17%

	
−28%

	
−47%




	
Ulcer

	
−32%

	
−44%

	
−62%

	
−70%

	
−53%

	
−62%

	
−68%

	
−75%

	
−49%

	
−54%

	
−63%

	
−66%

	
−33%

	
−34%

	
−46%

	
−55%




	
Turnover

	
33%

	
4%

	
−52%

	
−99%

	
42%

	
5%

	
−26%

	
−84%

	
30%

	
3%

	
−24%

	
−43%

	
−4%

	
−17%

	
−31%

	
−33%




	
Rachev

	
−8%

	
−7%

	
−1%

	
2%

	
−2%

	
2%

	
7%

	
0%

	
−5%

	
0%

	
5%

	
−3%

	
−2%

	
3%

	
9%

	
9%
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Table A8. Summary statistics of ROI based on a 3-years time horizon over two non-overlapping subperiods for NASDAQ100.
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    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	




	
Approach

	
Index

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    






	
Mean

	
65%

	
47%

	
44%

	
32%

	
31%

	
83%

	
79%

	
71%

	
92%

	
113%

	
108%

	
109%

	
167%

	
118%

	
129%

	
131%

	
139%

	
2006–2013




	
Vol

	
21%

	
12%

	
11%

	
12%

	
24%

	
18%

	
17%

	
20%

	
41%

	
25%

	
24%

	
27%

	
50%

	
28%

	
28%

	
32%

	
44%




	
5perc

	
38%

	
33%

	
32%

	
15%

	
−5%

	
57%

	
54%

	
48%

	
45%

	
71%

	
67%

	
62%

	
103%

	
73%

	
84%

	
82%

	
69%




	
25perc

	
50%

	
38%

	
37%

	
25%

	
11%

	
71%

	
70%

	
59%

	
60%

	
103%

	
98%

	
99%

	
135%

	
101%

	
114%

	
115%

	
111%




	
75perc

	
79%

	
56%

	
51%

	
39%

	
44%

	
97%

	
90%

	
81%

	
120%

	
132%

	
124%

	
126%

	
202%

	
135%

	
144%

	
150%

	
170%




	
95perc

	
103%

	
64%

	
60%

	
52%

	
74%

	
104%

	
103%

	
104%

	
167%

	
141%

	
139%

	
149%

	
259%

	
162%

	
176%

	
186%

	
216%




	

	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	




	
Approach

	
Index

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    




	
Mean

	
66%

	
31%

	
29%

	
46%

	
139%

	
58%

	
66%

	
82%

	
150%

	
93%

	
102%

	
127%

	
155%

	
133%

	
136%

	
151%

	
152%

	
2014–2020




	
Vol

	
13%

	
12%

	
9%

	
8%

	
25%

	
19%

	
17%

	
14%

	
19%

	
29%

	
31%

	
32%

	
25%

	
29%

	
36%

	
41%

	
43%




	
5perc

	
46%

	
11%

	
14%

	
33%

	
95%

	
28%

	
39%

	
59%

	
123%

	
45%

	
53%

	
80%

	
109%

	
89%

	
86%

	
98%

	
74%




	
25perc

	
57%

	
19%

	
22%

	
39%

	
128%

	
36%

	
46%

	
71%

	
135%

	
62%

	
69%

	
98%

	
141%

	
109%

	
104%

	
115%

	
124%




	
75perc

	
74%

	
41%

	
36%

	
52%

	
154%

	
73%

	
79%

	
93%

	
163%

	
118%

	
128%

	
154%

	
174%

	
161%

	
167%

	
184%

	
188%




	
95perc

	
88%

	
46%

	
42%

	
57%

	
183%

	
80%

	
87%

	
105%

	
186%

	
128%

	
144%

	
174%

	
194%

	
176%

	
193%

	
222%

	
222%




	

	

	
    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     

	




	
Approach

	
Index

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    

	
    λ 0    

	
    λ  1 / 3     

	
    λ  2 / 3     

	
    λ 1    




	
Mean

	
2%

	
−34%

	
−35%

	
43%

	
353%

	
−30%

	
−17%

	
16%

	
64%

	
−18%

	
−6%

	
16%

	
−7%

	
14%

	
6%

	
15%

	
10%

	
Rel Diff




	
Vol

	
−39%

	
4%

	
−20%

	
−34%

	
5%

	
4%

	
−1%

	
−27%

	
−53%

	
19%

	
31%

	
18%

	
−49%

	
4%

	
28%

	
29%

	
−2%




	
5perc

	
22%

	
−68%

	
−57%

	
122%

	
1945%

	
−51%

	
−27%

	
23%

	
173%

	
−36%

	
−20%

	
29%

	
6%

	
22%

	
3%

	
20%

	
7%




	
25perc

	
15%

	
−49%

	
−40%

	
58%

	
1109%

	
−50%

	
−34%

	
19%

	
123%

	
−40%

	
−29%

	
−1%

	
4%

	
8%

	
−9%

	
0%

	
13%




	
75perc

	
−6%

	
−26%

	
−30%

	
34%

	
248%

	
−25%

	
−12%

	
15%

	
35%

	
−11%

	
3%

	
22%

	
−14%

	
20%

	
16%

	
23%

	
10%




	
95perc

	
−15%

	
−28%

	
−31%

	
11%

	
148%

	
−24%

	
−15%

	
1%

	
12%

	
−9%

	
4%

	
17%

	
−25%

	
8%

	
10%

	
19%

	
3%
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Figure A4. Cumulative out-of-sample portfolio returns using different levels of  η  over two non-overlapping subperiods for NASDAQ100. 






Figure A4. Cumulative out-of-sample portfolio returns using different levels of  η  over two non-overlapping subperiods for NASDAQ100.
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Table A9. Out-of-sample performance results for S&P500.
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    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     






	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
0.0301%

	
0.0294%

	
0.0312%

	
0.0812%

	
0.0388%

	
0.0405%

	
0.0437%

	
0.0727%

	
0.0599%

	
0.0650%

	
0.0713%

	
0.0776%

	
0.0877%

	
0.0914%

	
0.0964%

	
0.1041%




	
Volatility

	
0.0093

	
0.0093

	
0.0095

	
0.0166

	
0.0101

	
0.0101

	
0.0107

	
0.0174

	
0.0136

	
0.0140

	
0.0151

	
0.0220

	
0.0197

	
0.0202

	
0.0214

	
0.0256




	
Sharpe

	
0.0325

	
0.0316

	
0.0326

	
0.0490

	
0.0385

	
0.0399

	
0.0410

	
0.0418

	
0.0440

	
0.0466

	
0.0474

	
0.0352

	
0.0445

	
0.0451

	
0.0451

	
0.0407




	
MaxDD

	
−0.3721

	
−0.3488

	
−0.3441

	
−0.3235

	
−0.4479

	
−0.4198

	
−0.3866

	
−0.4506

	
−0.4812

	
−0.4693

	
−0.4697

	
−0.6152

	
−0.6370

	
−0.6410

	
−0.6457

	
−0.6890




	
Ulcer

	
0.0896

	
0.0845

	
0.0883

	
0.1054

	
0.1465

	
0.1302

	
0.1207

	
0.1256

	
0.1451

	
0.1348

	
0.1445

	
0.1998

	
0.1805

	
0.1840

	
0.1838

	
0.2162




	
Turnover

	
0.2548

	
0.2570

	
0.2251

	
0.1766

	
0.4716

	
0.4924

	
0.4658

	
0.3996

	
0.6002

	
0.6274

	
0.5992

	
0.5633

	
0.6153

	
0.6161

	
0.6161

	
0.6201




	
Rachev

	
0.8992

	
0.9079

	
0.9043

	
1.0569

	
0.8960

	
0.9081

	
0.9247

	
0.9959

	
0.9259

	
0.9232

	
0.9129

	
0.9400

	
0.9439

	
0.9471

	
0.9509

	
0.9467
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Table A10. Summary statistics of ROI based on a 3-years time horizon for S&P500.
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    η min    

	
    η  1 / 4     

	
    η  1 / 2     
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Figure A5. Cumulative out-of-sample portfolio returns using different levels of  η  for S&P500. 
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Table A11. Out-of-sample performance results over two non-overlapping subperiods for S&P500.
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Table A12. Summary statistics of ROI based on a 3-years time horizon over two non-overlapping subperiods for S&P500.
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Figure A6. Cumulative out-of-sample portfolio returns using different levels of  η  over two non-overlapping subperiods for S&P500. 
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Figure 1. Example of the Mean-Variance-ESG Pareto-optimal portfolios for several target levels of the portfolio Expected Return  η  in the Variance-ESG plane. 
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Figure 2. Example of the Mean-Variance-ESG Pareto-optimal portfolios for several target levels of the portfolio ESG  λ  in the Variance-Expected Return plane. 
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Figure 3. Example of the Mean-Variance-ESG Pareto-optimal portfolios for several target levels of portfolio Variance  ω  in the Expected Return-ESG plane. 
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Figure 4. Example of the 16 Mean-Variance-ESG efficient portfolios selected for the out-of-sample performance analysis. 
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Figure 5. Number of assets selected by each Mean-Variance-ESG efficient portfolio for DowJones. 
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Figure 6. Cumulative out-of-sample portfolio returns using different levels of  η  for DowJones. 
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Figure 7. Cumulative out-of-sample portfolio returns using different levels of  η  over two non-overlapping subperiods for DowJones. 
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Figure 8. Cumulative out-of-sample portfolio returns using different levels of  η  for EuroStoxx50. 
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Figure 9. Cumulative out-of-sample portfolio returns using different levels of  η  over two non-overlapping subperiods for EuroStoxx50. 
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Table 1. List of the daily datasets analyzed.
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	Index
	#Assets
	Country
	Time Interval





	Dow Jones Industrial
	28
	USA
	October 2006–December 2020



	Euro Stoxx 50
	45
	EU
	October 2006–December 2020



	FTSE100
	80
	UK
	October 2006–December 2020



	NASDAQ100
	54
	USA
	October 2006–December 2020



	S&P500
	336
	USA
	October 2006–December 2020
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Table 2. Out-of-sample performance results for DowJones.
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    η min    

	
    η  1 / 4     

	
    η  1 / 2     

	
    η  3 / 4     






	

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   

	
   λ 0   

	
   λ  1 / 3    

	
   λ  2 / 3    

	
   λ 1   




	
Mean

	
0.0301%

	
0.0335%

	
0.0351%

	
0.0761%

	
0.0331%

	
0.0359%

	
0.0379%

	
0.0730%

	
0.0427%

	
0.0415%

	
0.0428%

	
0.0670%

	
0.0549%

	
0.0518%

	
0.0499%

	
0.0586%




	
Volatility

	
0.0097

	
0.0097

	
0.0105

	
0.0162

	
0.0099

	
0.0100

	
0.0108

	
0.0156

	
0.0111

	
0.0112

	
0.0120

	
0.0156

	
0.0136

	
0.0137

	
0.0142

	
0.0164




	
Sharpe

	
0.0311

	
0.0346

	
0.0335

	
0.0470

	
0.0334

	
0.0359

	
0.0351

	
0.0466

	
0.0384

	
0.0369

	
0.0358

	
0.0431

	
0.0403

	
0.0378

	
0.0352

	
0.0358




	
MaxDD

	
−0.3287

	
−0.3081

	
−0.3078

	
−0.2935

	
−0.3431

	
−0.3250

	
−0.3154

	
−0.3082

	
−0.3624

	
−0.3539

	
−0.3420

	
−0.3345

	
−0.4082

	
−0.4096

	
−0.4097

	
−0.4039
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