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Motivations

3

“Environmental, social, and governance (ESG) rating providers have become influential 

institutions” [Berg et al. 2022].

▪ A total of 5,372 investors, representing more than USD 121.3 trillion in AUM have committed to 

integrating ESG information into their investment decisions [PRI, 2023].

▪ The main strand of the literature studies has fueled over years the debate on the relationship between 

ESG ratings and financial performance [Friede et al. 2015, Cesarone et al. 2022].

▪ However, ESG ratings from different data providers differ substantially [Billio et al. 2021, Gibson et al. 

2021, Chatterji et al. 2016] and often produce disagreement on the evaluation of the same company.

▪ Indeed, disagreement over ESG ratings could generate conflicting information for investors, potentially 

underestimating or overestimating market opportunities for sustainable investments.
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Aims of the work
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1. to introduce a new general method to manage the ESG ratings disagreement in portfolio selection.

2. to include in the Mean-Variance framework a new objective that takes into account the ESG ratings 

provided by multiple data providers.

3. to formulate the resulting multi-objective nonlinear portfolio optimization problem as a convex quadratic 

programming, by exploiting the k-sum optimization strategy [Puerto et al. 2017, Ponce et al. 2018].

4. to provide out-of-sample evaluation of the proposed approach on some real-world data sets.
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On the disagreement of ESG scores
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▪ ESG rating agencies produce scores based on proprietary methodologies and metrics, which generally 

result in different information and interpretations [Gibson et al. 2021]:

▪ This implies that the scores assigned to the same asset by two different agencies may be different.

▪ To ensure that ESG scores from different data providers receive the same weight and give the same 

information, we perform the feature scaling of ESG.
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www.eca2024.org 6

Consider an investment universe of n assets and m different rating agencies. Let 𝒆𝒊𝒋 be ESG score that

agency i, i = 1, . . . , m assigns to the asset j, j = 1, . . . , n.

▪ We first map the ESG scores onto a new scale according to the min-max normalization: 

ҧ𝑒𝑖𝑗 =
𝑒𝑖𝑗 − 𝑒𝑗

𝑚𝑖𝑛

𝑒𝑗
𝑚𝑎𝑥 − 𝑒𝑗

𝑚𝑖𝑛
, 𝑤ℎ𝑒𝑟𝑒 𝑒𝑖

𝑚𝑖𝑛 = min
1≤𝑗≤𝑛

𝑒𝑖𝑗 , 𝑒𝑖
𝑚𝑎𝑥= m𝑎𝑥

1≤𝑗≤𝑛
𝑒𝑖𝑗 , 𝑎𝑛𝑑 𝑤𝑖𝑡ℎ ҧ𝑒𝑖𝑗 ∈ 0,1 .

▪ We then define the Non-ESG score as the complement of the ESG score, namely 𝑠𝑖𝑗 = 1 − ҧ𝑒𝑖𝑗

       where 𝑠𝑖𝑗 ∈ 0,1 .

▪ Clearly, the lower the 𝑠𝑖𝑗, the greener the asset j, according to the rating of agency i. 

ECA 2024
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On the disagreement of ESG scores
▪ For each asset we compute the pairwise Euclidean distances between ESG scores assigned by the four 

data providers, on NASDAQ100 (n = 83 asset constituents):
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On the disagreement of ESG scores
▪ For each asset we compute the pairwise Euclidean distances between ESG scores assigned by the four 

data providers, on EUROSTOXX50 (n = 44 asset constituents):
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On the disagreement of ESG scores

▪ To understand whether there are valuation differences in NASDAQ100 and EUROSTOXX50 stock markets, 

we also compute the average distances of the ESG scores over all assets and data providers, using several 

distance metrics: 

▪ The rating providers selected seem to agree more among themselves when assigning ESG ratings in the 

US market than in the European market. 

▪ We expect that our k−sum optimization approach should be more effective in the case of markets 

characterized by more intense disagreement among rating providers. 
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Theoretical Framework (1)
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▪ We denote by 𝑠𝑖  the column vector of the Non-ESG scores assigned to the 𝑛 assets by

       agency 𝑖, 𝑖 = 1,… ,𝑚.

▪ The global Non-ESG score of a portfolio according to agency 𝑖 is the defined as:

𝑠𝑖 𝑥 = (𝑠𝑖)𝑇𝑥

       Where 𝑥 is the vector of portfolio weights with σ𝑗=1
𝑛 𝑥𝑗 = 1 and 𝑥𝑗 ≥ 0, 𝑗 = 1,… , 𝑛.

▪ For a given portfolio we sort in a non-increasing order the 𝑚 global Non-ESG scores assigned by the 𝑚 

agencies:

𝑠ഥ𝜋1 𝑥 𝑥 ≥ 𝑠ഥ𝜋2 𝑥 𝑥 ≥ ⋯ ≥ 𝑠ഥ𝜋𝑚 𝑥 𝑥    where         ത𝜋 𝑥 = (ത𝜋1 𝑥 , ത𝜋2 𝑥 , ത𝜋𝑖 𝑥 ,… , ത𝜋𝑚 𝑥 ).

ECA 2024
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Theoretical Framework (2)
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▪ We define the q-Worst Non-ESG score of a portfolio as the sum of the 𝑞 worst largest scores in the above 

ranking 1 ≤ 𝑞 ≤ 𝑚:

𝑠𝑞
ഥ𝜋 𝑥

𝑥 = σ𝑖=1
𝑞

𝑠ഥ𝜋𝑖(𝑥) 𝑥 = max
𝜋1 𝑥 ,…,𝜋𝑚 (𝑥)

σ𝑖=1
𝑞

𝑠𝜋𝑖 𝑥 𝑥      

▪ For a given 𝑞, our investment sustainability objective is to find a portfolio that minimizes 𝑠𝑞
ഥ𝜋 𝑥

𝑥 :

i. If 𝒒 = 𝒎, we minimize the sum of all scores (i.e., the permutation does not apply).

ii. If 𝒒 = 𝟏, we minimize the worst portfolio score among those assigned by the 𝑚 agencies.

iii. If 𝟏 < 𝒒 < 𝒎, we have an intermediate worst-case approach.

ECA 2024
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Theoretical Framework (3)
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▪ We are interested in solving the following three-objective portfolio optimization problem

Where Σ and 𝜇 represent the covariance matrix of the asset returns and the vector of expected returns.

▪ The feasible domain is defined as: 

Ω = 𝑥 ∈ ℝ𝑛:෍

𝑖=1

𝑛

𝑥𝑗 = 1, 𝑥𝑗≥ 0, 𝑗 = 1,… , 𝑛
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Theoretical Framework (4)
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▪ Since 𝜎𝑃
2, 𝜇𝑃, 𝑠𝑞

ഥ𝜋 𝑥
(𝑥) are convex functions, the three-objective optimization problem (1) can be solved by 

applying a weighted sum scalarization. Thus, we obtain:

min
𝑥∈Ω

𝜆1 𝑥𝑇Σ𝑥 − 𝜆2 𝜇𝑇𝑥 + 𝜆3 max
𝜋1 𝑥 ,…,𝜋𝑚 𝑥

෍

𝑖=1

𝑞

𝑠𝜋𝑖 𝑥 𝑥 (2)

Where 𝜆𝑖 ≥ 0, 𝑖 = 1, 2, 3, are scalars.

ECA 2024
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Theoretical Framework (5)
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▪ Following the approach in [Ponce et al. 2018, Puerto et al. 2017], the inner maximization problem in (1) 

can be re-written, for any given 𝑥, by introducing 𝑚 new binary variables 𝑧𝑖 , 𝑖 = 1, … ,𝑚

max
𝜋1 𝑥 ,…,𝜋𝑚 𝑥

෍

𝑖=1

𝑞

𝑠𝜋𝑖 𝑥 𝑥 =max
𝑧

෍

𝑖=1

𝑚

𝑠𝑖 𝑥 𝑧𝑖: ෍

𝑖=1

𝑚

𝑧𝑖 = 𝑞 𝑧𝑖 ∈ 0,1 , 𝑖 = 1, … ,𝑚

       

       

       For a given x, the above problem finds the sum of the q worst (largest) Non-ESG scores.

▪ The constraint matrix is TU, hence the integrality constraints on the variables 𝑧𝑖 , 𝑖 = 1, … ,𝑚 can be 

relaxed to 0 ≤ 𝑧𝑖 ≤ 1, 𝑖 = 1,… ,𝑚.

▪ Therefore, we obtain a linear equivalent program and exploit its exact dual formulation.

ECA 2024
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Theoretical Framework (6)
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▪ Our original three-objective portfolio selection problem (1) can now be formulated as a Convex Quadratic

Program 

ECA 2024
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Theoretical Framework (7)
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▪ To obtain a single-objective formulation of our Problem, we apply the ε−constraint method (see Theorem

4.6 in [Ehrgott 2005]):

ECA 2024

(4)



www.eca2024.org

Finding the three-objective efficient surface (2)
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▪ The Pareto-optimal solutions of problem (4) are obtained by appropriately varying the target level of the 

portfolio expected return ҧ𝜇 and the target level of the portfolio Non-ESG score ҧ𝛾

ECA 2024
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Experimental setup
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▪ Our empirical analysis is based on 4 Pareto-optimal portfolios obtained from Problem (4): 

ECA 2024
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Mean-Variance-ESG (Cesarone et al. 2022)
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▪ For comparison purposes, we consider the three-objective Mean-Variance-ESG optimization model in 

[Cesarone et al. 2022], where they include in the Mean-Variance framework, the maximization of the 

portfolio expected ESG

With, where 𝐸𝑆𝐺𝑃 𝑥 = σ𝑘=1
𝑛 𝐸𝑆𝐺𝑘𝑥𝑘, where 𝐸𝑆𝐺𝑘 denotes the expected ESG score assigned to asset 𝑘                      

by a single ratings provider. 
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Mean-Variance-ESG (Cesarone et al. 2022)
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Similarly, we select several Mean-Variance-ESG Pareto-optimal portfolios by appropriately varying the target 

level of the portfolio expected return 𝜂 and the target level of the portfolio expected ESG 𝜆:
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Datasets and ratings providers
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We investigate the behaviour of the optimal portfolios by considering:

▪ four rating providers:

▪ two real-world datasets with daily frequency
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Summary of portfolio strategies analyzed
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Rolling time windows evaluation scheme
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The empirical analysis is based on a rolling time windows approach:

▪ We consider in-sample time windows of 2 year.

▪ We assess the portfolio performance in the

       following 1 month, called out-of-sample window. 

▪ The out-of-sample performance of each portfolio

       strategy is evaluated using the Market Index

       (Index) as a benchmark.

ECA 2024
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Performance measures
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To evaluate the out-of-sample of the optimal portfolios, we consider the following performance measures:

▪ Mean (ExpRet), volatility (Vol), Sharpe ratio (Sharpe) [Sharpe 1966, 1994]; 

▪ Maximum drawdown (MDD) [Chekhlov et al. 2005], ulcer index (Ulcer) [MacCann, 1989], Rachev ratio (with a 

confidence level equal to 0.10, named Rachev10) [Rachev et al. 2004], turnover (Turn) [DeMiguel et al. 2009]; 

▪ Jensen’s Alpha (AlphaJ) [Jensen, 1968], Information ratio (InfoR) [Treynor and Black, 1973], Value-at-Risk (with a 

confidence level equal to 0.05, named VaR5), Omega ratio (Omega) [Harlow and Rao, 1989], the average 

number of selected assets (ave#)

▪ Return On Investment (ROI). 

ECA 2024
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Out-of-sample performance results (EuroStoxx 50)
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Out-of-sample ROI (EuroStoxx 50)

26ECA 2024



www.eca2024.org

Out-of-sample performance results (NASDAQ100)
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Out-of-sample ROI (NASDAQ100)
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On the ESG ratings divergence

29

▪ For each market index, we calculate the average divergence of ESG ratings assigned by the data providers 

to all assets, using several distance metrics:

▪ The different data providers seem to agree more among themselves in assigning ESG ratings in the US 

market (i.e. the NASDAQ100) than in the European market (i.e. the EuroStoxx 50). 

▪ This might justify the greater contribution of our k−sum optimization approach in the case of markets 

characterised by more intense disagreement between rating providers.

ECA 2024
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Conclusion (1)
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▪ We have introduced a new general method to manage the ESG ratings disagreement between providers 

for portfolio selection purposes.

▪ We have included in the Mean-Variance framework a third objective represented by the q−Worst Non-

ESG score. Such a goal has been treated by using the k-sum operator. 

▪ The resulting Mean-Variance-(Robust)ESG has been reformulated as a convex quadratic programming 

problem. 

ECA 2024
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Conclusion (2)
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▪ The empirical analysis based on EuroStoxx 50 and NASDAQ100 datasets confirms that requiring higher 

sustainability to the selected portfolios improves their performance.

▪ Comparing the MVESG and MVqW-ESG portfolios, the latter show better results. This means that the 

portfolio sustainability seems to be better represented by the k-sum operator which considers all 

providers’ information, with respect to the ESG evaluated by a single provider. 

▪ Furthermore, it seems that the greater the disagreement between the rating providers, the more 

effective the use of the proposed q−Worst Non-ESG score.

ECA 2024
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