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The impact of the ESG factor on
Industrial performance

An analysis using machine learning techniques

Abstract

In recent years, the transition towards a more sustainable economic model has become increas-
ingly important for both financial market participants and supervisory and regulatory authorities. In a con-
text in which regulations are constantly evolving and the information ecosystem is progressively being re-
fined, empirical analyses on ESG issues increasingly make use of artificial intelligence techniques. The aim
of this study is to show how machine learning methods can contribute to understanding the relationship
between ESG performance and corporate earnings performance. The study is based on data from over 850
European and US companies over the period 2007-2021. Its aim is to analyse the link between the ESG
score (used as indicator of the company's sustainability profile) and EBIT (used as indicator of the earnings
profile). The hypothesis tested in this study is that the three pillars E, S and G have a different impact on
company earnings performance. The results indicate that the environmental score (pillar E) is more strongly
associated with earnings performance than those relative to the other two pillars (S and G). Additionally,
the work reveals differences in the results for European versus US companies, which may be ascribed to the
different reqgulatory frameworks in the two jurisdictions. The research contributes to the literature on the
use of machine learning techniques for the analysis of sustainable finance issues, showing how such meth-
ods can enhance research activity on these topics. However, the use of machine learning techniques cannot
fully address the critical issues related to the quality of ESG metrics currently available. The ongoing defi-
nition of sustainability standards and metrics will facilitate the collection and analysis of structured data.
Furthermore, the evolution of ESG rating regulations will increase transparency about the underlying meth-
odologies.

Keywords: ESG, firm's profitability, machine learning, interpretability tools, sustainable finance regulation.
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1 Introduction

The relevance of issues related to sustainable economic development is pro-
gressively growing among citizens and institutions. Indeed, the international commu-
nity has acknowledged, through a series of initiatives over time, the need to pursue a
balanced approach to sustainability, encompassing environmental, social, and eco-
nomic considerations’.

The transition towards a more sustainable economic model requires a frame-
work of rules allowing the development of forms of financing useful for channelling
resources towards business projects that align with this growth model. In this context,
it is important the European Union's commitment to defining a requlatory framework
that can encourage the flow of finance towards economic activities able to contribute
to sustainability goals.

The acronym ESG (environmental, social and governance)z, used particularly
in the finance, usually refers to the framework used to assess the environmental, social
and governance aspects of a company or an investment. This is a distinct concept from
the broader concept of sustainability, which instead incorporates economic consider-
ations in addition to ESG factors.

ESG profiles have become increasingly important in the financial markets,
where an increase in both demand and supply of sustainable products has been ob-
served for several years. Available estimates indicate that, globally, the assets under
management (AuM) of sustainable mutual funds have grown from USD 1,400 billion in
2018 to approximately USD 3,400 billion at the end of 2023. Over 80% of the AUM of
sustainable mutual funds can be attributed to European funds®. In Europe, the issuance
of ESG bond increased from less than EUR 100 billion in 2018 to over EUR 600 billion
in 2023% According to survey data, the vast majority of institutional investors indicate
an increase in demand for ESG-related investment opportunities in 2023. Additionally,

1 The 1987 Report of the World Commission on Environment and Development (Brundtland Report) was followed by
numerous initiatives, culminating in 2015 in the endorsement of the United Nations 2030 Agenda for Sustainable
Development and its 17 Sustainable Development Goals (SDGs), articulated in 169 Targets to be achieved by 2030. In
December of the same year, the Paris Climate Conference (COP21) saw 195 countries sign up to the first universal and
legally binding agreement on a global plan of action, with the goal of preventing 'dangerous climate change' and
keeping global warming below 2°C compared to pre-industrial levels. COP21 was then followed by further global and
regional agreements (Linciano et al. 2021).

2 The term ESG has been used since the 2000s. In 2004, it was mentioned by the UN Global Compact in the report 'Who
Cares Wins', in which a number of leading financial institutions made suggestions to better integrate environmental,
social and governance issues in the fields of analysis, asset management and securities brokerage services, in order to
increase the focus on these factors in the financial sphere. It is also mentioned in the 2006 UN report entitled 'Princi-
ples for Responsible Investment' , which calls for environmental, social and governance indicators to be considered as
parameters in the financial assessment of a company. At the European level, the acronym is used in the European
Commission's definition of sustainable finance (https://finance.ec.europa.eu/sustainable-finance/overview-sustaina-
ble-finance_en): "Sustainable finance refers to the process of taking environmental, social and governance (ESG) con-
siderations into account when making investment decisions in the financial sector, leading to more long-term invest-
ments in sustainable economic activities and projects." In connection with the soon-to-be-implemented European
legislation on corporate sustainability reporting (Corporate Sustainability Reporting Directive or CSRD), European re-
porting standards require reporting to refer to the three themes of environmental, socialand governance.

3 See Morgan Stanley (2024).
4 See AFME (2023).
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ESG considerations are becoming increasingly prominent in investors' mandates to
managers®. Survey data from retail investors also reveal a clear preference for invest-
ment alternatives with a lower environmental impact®.

This paper focuses on the ESG profiles of companies, building on existing eco-
nomic literature that investigates the relationship between profiles related to the three
ESG dimensions (i.e. environmental, social and governance) and earnings performance.
The research draws upon previous studies (e.g., D'Amato et al. 2023) and broadens the
scope of analysis both in terms of focus and geographical coverage. The work is based
on data from more than 850 European and US companies over the period 2007- 2021.
It employs machine learning models (hereafter also ML) to analyse the relationship
between the ESG score (which summarises the company's sustainability profile) and
EBIT (which summarises the earnings profile). The hypothesis investigated in this work
is that the three pillars E, S and G have a different impact on earnings performance of
companies. The results show that the score referring to environmental sustainability
(pillar E) is positively associated with earnings performance, exhibiting a more pro-
nounced relationship compared to the other pillars. Additionally, the analysis highlights
notable differences in the performance of European and US companies, likely due to
the different requlatory framework within the two jurisdictions.

The research also contributes to the existing literature on the use of ML tech-
niques for the analysis of sustainable finance issues by showing that advanced meth-
odological approaches can represent a significant added value for research activities in
this field. Artificial intelligence (Al) techniques can be characterised by their ability to
improve themselves by identifying new relationships among variables from different
datasets. This enables the full exploitation of the informative potential of data in the
study of complex and heterogeneous phenomena such as sustainability profiles. In the
ESG field shared metrics have not yet been identified and, therefore, it may be chal-
lenging to explore these issues using less dynamic and flexible traditional analysis
models.

It is important to note, in this regard, that the regulatory framework for sus-
tainable finance is not yet formally defined. As previously mentioned, at the European
level, the legislator is working to develop a sustainable information ecosystem (which
includes data, information, metrics and analysis models suitable for measuring and
representing the ESG characteristics of economic and financial activities) that enables
economic agents to use the necessary information to make their own decisions’. In the

5 See RBC Capital Market (2024).
6  See Natixis Investment Managers (2022).

7 The following regulatory interventions (already approved or under consideration), among others, point in this direction
Regulation (EU) 2020/852 (Taxonomy Regulation), which defines what is to be understood by environmentally sus-
tainable activities; Regulation (EU) 2019/2088 (Sustainable Finance Disclosure Regulation - SFDR), which dictates spe-
cific disclosure requirements for producers and distributors of financial instruments, intermediaries and advisors, with
the aim of making clear information available to end investors about the ESG characteristics of investments; the
Sustainability Reporting Directive (EU) 2022/2464 (Corporate Sustainability Reporting Directive - CSRD) on sustaina-
bility reporting and related reporting standards, introduced by Delegated Regulation (EU) 2023/2772 (European Sus-
tainability Reporting Standards - ESRS) published in December 2023; the proposed ESG rating regulation. In addition,
standardisation of information can be pursued at product level through the introduction of a European ecolabel and
a standard for green bonds. In this regard, Regulation (EU) 2023/2631 (Green Bond Regulation - EuGBR) was adopted



context of such an evolving ecosystem and of markets that are not yet fully equipped
to price the risks and opportunities related to ESG issues, the use of methodologies
such as ML may be particularly appropriate. However, ML methods have some draw-
backs, the most relevant of which is the limited interpretability. To overcome this crit-
icality, this study, in addition to ML techniques, also employs some models that are so-
called agnostic because they are independent of the ML method employed. These mod-
els can be used to concretely improve the analyst's ability to interpret the results, by
identifying the extent to which the variables used contribute to the results provided by
the model.

The study is organised as follows. Section 2 presents a review of the economic
literature on the use of artificial intelligence techniques for the analysis of ESG data;
Section 3 outlines the methodological approach employed in the study; Section 4 de-
scribes the data and the preparation of the dataset; Section 5 shows the results and
Section 6 discusses their interpretation; Section 7 concludes.

2 Economic literature

The use of machine learning techniques is becoming increasingly widespread
across numerous fields of economic and financial research in general, and in sustain-
able finance in particular®.

In this regard, Allen et al. (2017) examine the possible practical applications
of machine learning techniques in the analysis of ESG data®, pointing out that currently
the use of such tools is particularly useful in this field due to the absence of shared
and standardised metrics. They suggest that as greater standardisation of metrics and
forms of reporting on sustainability profiles is achieved, it will be possible to develop
ML models with even better performance.

Some of the studies that employ artificial intelligence techniques to investi-
gate the impact of ESG factors on corporate performance focus on the risk-return pro-
file of equities (Guo et al, 2020; Yu et al. 2022). Other works instead investigate the
effectiveness of ML techniques in predicting future stock returns based on ESG metrics
(Strube et al, 2023; Assael et al. 2023). Other studies show the good predictive capa-
bilities of such models in relation to earnings performance and the existence of a re-
lationship between ESG performance and profitability (De Lucia et al, 2020; Sharma et
al, 2021: D'Amato et al, 2023). A further strand of literature focuses instead on the in-

in 2023, which introduces uniform rules for bond issuers who wish to use the designation 'European green bond'or
'EuGB' when marketing their bonds. The Regulation, with limited exceptions, will apply as of 21 December 2024.

8  The use of innovative methodologies and technology (referring, more generally, to artificial intelligence methods or
the implementation of DLT) is also promoted for regulatory and supervisory purposes, as indicated in the United Na-
tions' 'Financing for Sustainable Development Report 2021', according to which applications of SupTech and RegTech
(i.e. technological innovations applied to supervision and compliance activities) can strengthen supervision and in-
crease efficiency with regard to sustainable finance issues (United Nations, 2022).

9  For example, tools such as natural language or image processing can be used to extract relevant information about
ESG profiles for which no data is available. Deep learning models, on the other hand, can be used, among other things,
to predict the performance of an investment.
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depth exploration of the use of artificial intelligence tools in the construction of effi-
cient portfolios, showing how such models can be used to integrate ESG profiles into
the analysis thereby ensuring better performance (Lanza et al. 2020; Margot et al.
2021).

Guo et al (2020), using natural language processing techniques to extract
news on ESG profiles related to European and US listed companies and applying a deep
learning model, show that news flow related to ESG profiles is a relevant factor in
anticipating the volatility of share prices.

In contrast, Strube et al. (2023) apply machine learning techniques and find
no evidence that the inclusion of ESG ratings in the analysis improves the predictive
performance of the model on the performance of equities in terms of excess returns.
The study uses MSClI sustainability ratings and is based on data from 72 European listed
companies included in the Euro Stoxx50, Euro Stoxx50 ESG and Euro Stoxx ESG Lead-
ers50 indices from 2018 to 2022.

Similarly, Assael et al. (2023) employ machine learning techniques to investi-
gate the relationship between stock price returns and ESG scores in a sample of 2,429
European companies. The study shows that ESG scores contain additional information
that may better explain stock returns than market fundamentals alone as identified in
Fama and French's (1993) three-factor model, i.e. firm size, book-to-market value and
excess return. The results of the study show that, despite the limited historical depth
of ESG scores, the use of machine learning tools enables to demonstrate their influence
on annual stock price returns. The most significant relationship found in the study re-
lates to corporate litigations. Moreover, the impact of ESG scores on stock returns
seems to be more pronounced for mid- to small-capitalisation companies.

Among the works that have investigated the links between ESG profiles and
the economic performance of companies, De Lucia et al. (2020), employ both machine
learning and traditional econometric techniques on a sample of 1,038 European listed
companies. They show a positive relationship between ESG scores and profitability in-
dicators given by ROA (return on assets) and ROE (return on equity). They also show
that the dynamics of ESG scores allow for predictions of the trend of these indicators
with a high degree of accuracy. In addition, the relationship between ESG scores and
profitability performance indicators appears to be more pronounced for companies that
invest more in innovations aimed at protecting the environment or increasing labour
productivity as well as in policies aimed at safeguarding diversity and respecting equal
opportunities.

D'Amato et al. (2023) also use machine learning tools to ascertain the exist-
ence of a link between non-financial information and profitability. The results indicate
that, for a sample of approximately 400 European companies belonging to the Euro
Stoxx600 index over the period 2011-2020, there is a positive relationship between
the ESG score developed by Refinitiv and the profitability reflected by the EBIT (earn-
ings before interests and taxes) indicator.



The link between ESG indicators and earnings performance is also investi-
gated with machine learning techniques by Sharma et al. (2021), who analyse the rel-
evance of data on ESG profiles in investment decisions. The work is based on a sample
of more than 1,400 listed companies and considers various ESG scores developed by
Sustainalytics. The results show that ESG scores are informative for investment deci-
sions as suggested by the positive relationship between sustainability performance and
profitability as summarised by ROE and ROA indicators.

Lanza et al. (2020) propose an innovative approach based on the use of ML
techniques aimed at identifying ESG indicators that best contribute to the construction
of efficient portfolios. Through the use of a wide range of ESG metrics, the study shows
that the indicators selected by the machine learning methodology are mostly environ-
mental in nature and to a large extent relate to exposure to climate change risks or
the ability to manage transition risk. Of these, only one is an ESG score developed by a
data provider, while the majority concerns data reported by companies.

Margot et al. (2021) show that in constructing a portfolio of securities, arti-
ficial intelligence tools, which are also able to take into account non-linear relation-
ships between variables, can outperform classical stock selection strategies such as, for
example, the best-in-class strategy. The study, based on a sample of 1,500 companies
included in the MSCI World Index, shows how machine learning tools are particularly
useful in studying the relationship between ESG profiles and earnings performance.
Indeed, such relationship is typically non-linear in nature and is influenced by multiple
factors including business sector, country of origin and other specific company char-
acteristics.

Overall, most of the literature agree that the use of artificial intelligence tech-
niques for the analysis of issues related to ESG profiles can represent an added value
in empirical research, allowing for more accurate results than those deriving from the
application of traditional analysis tools. However, the use of these methodologies only
partially overcomes the critical issues related to the quality of ESG metrics currently
available. Some of the studies reviewed are based on ESG indicators, developed and
distributed by data providers, which are typically characterised by a high degree of
heterogeneity. However, the ESG profile rating methodologies of the main data pro-
viders, although presenting elements of connection, are characterised by peculiarities
both in the quantity and type of data underlying the calculation and in the data ag-
gregation methodology necessary for the construction of the summary indicators'®
(Berg et al. 2022). Consequently, the results of empirical studies that delve into ESG
issues are more influenced by the choice of indicator than those that focus exclusively
on economic-financial aspects.

10 The ESG indicators developed by data providers are numerous and are all based on the identification of relevant issues
(or attributes) for each of the three pillars as well as on the definition of specific metrics for measuring performance
in relation to each issue, to which weights are then associated according to relative importance. Berg et al. (2022)
identify three distinct sources of divergence between ESG ratings: (i) 'scope divergence', which refers to the situation
where ratings are based on different sets of attributes; (i) 'measurement divergence', which refers to the situation
where rating providers measure the same attribute using different indicators; (iii) 'weight divergence', which emerges
when different relative importance is assigned to the attributes considered.
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Indeed, part of the literature using artificial intelligence techniques is aimed
at investigating the application of such tools in order to identify useful systems for
classifying companies according to their ESG profiles or for the purpose of predicting
corporate performance on specific environmental sustainability metrics. This is also
aimed at identifying tools to overcome the excessive reliance on ESG ratings developed
by data providers based on heterogeneous methodologies (Lee et al. 2022; Yin and Hsu,
2023). For instance, Lee et al. (2022) propose a novel approach to analysing ESG data
which combines machine learning and deep learning techniques with traditional econ-
ometric analysis tools. The study, which aims to show the efficacy of advanced tech-
niques for analysing ESG profiles, proposes a series of experiments showing, among
other things, a positive relationship between ESG profiles and annual returns of invest-
ment funds, the ability to identify anomalies in ESG data using ML techniques or the
capacity to rank companies according to their sustainability scores. Yin and Hsu (2023)
also propose analyses along these lines, comparing the performance of some machine
learning models in predicting the ESG scores of non-financial firms, while Nguyen et
al. (2021) use machine learning techniques to predict firms' carbon emissions.

The present study, as mentioned, builds on previous research, with reference
to the work of D'Amato et al. (2023), and extends the scope of the analysis in two
ways. First, it seeks to verify not only the existence of a link between ESG factors and
profitability, but also whether the three distinct ESG pillars contribute differently to
this relationship. Second, the work extends the analysis to US companies to ascertain
whether the aforementioned link can be influenced by the distinct requlatory frame-
works on ESG issues in the EU and the US.

3 The methodological approach

3.1 The methods of analysis

In general, ML methodologies can be distinguished into 'supervised' and 'un-
supervised' learning models'". In the former, learning is based on data previously 'la-
belled" as input and output variables, thus allowing the model to 'learn' from such
classification; in the latter the algorithm autonomously attempts to make sense of the
available information by identifying relationships and common features. The present
work uses supervised ML models'? that allow the identification of relationships be-
tween variables that are often difficult to identify with classical econometric models
(Athey and Imbens, 2019). The study also proposes a comparison with the application
of a traditional linear regression model.

11 Added to those in the text is 'reinforcement learning', in which through interaction with the environment and identi-
fication of a goal, software operations that aim to achieve it receive a reward (reinforcement), while those that deviate
from the goal are ignored.

12 The development of these models has gone hand in hand with the increase in the amount of data and information
available (big data), as machine learning and non-linear processing techniques are able to process large volumes of
data, even unstructured data.
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ML methodologies differ from traditional econometric models primarily in
their fundamental assumptions. In linear regression models, for instance, it is assumed
that the data come from a process:

Y =XB+ ¢ (1

where Y represents the target variable, X = X; + X, + -+~ + X, is the vector
of explanatory (input) variables, 8 is a vector of parameters to be estimated by least
squares, maximum likelihood or iterative methods, and € the error term (residual). The
relationship between the dependent variable Y and the explanatory variables X is sum-
marised by the generic function f such that:

Y=fX)+ e (2)

The validity of the estimation results depends on compliance with the as-
sumptions about the characteristics of the function f. In particular, linear regression
models require that the assumptions about linearity and the relationships linking the
explanatory variables to each other and to the residual (independence and homo-
schedasticity among the others) hold. The relative accuracy of estimation results is
measured through goodness-of-fit tests and residual analysis.

ML models are not based on a theoretical model; rather, they derive infor-
mation and knowledge directly from the data using algorithms and statistical models
(James et al. 2022). Therefore, in ML algorithms, no assumptions are made about the
distribution that generated the data; their goal is to find the estimated f of the func-
tion f to obtain the predictive value as a result Y.

The accuracy of ¥ as a predictor for Y depends on two quantities: reducible
error (the only one that could be minimised) and irreducible error. The function f will
therefore be found among those that minimise the reducible error. In particular, the
predictive error can be expressed in terms of mean square error using the following
formula:

E(Y = 7)? = E[f(X) + e~ f (X)]? 3)
= E[f(X) = f (X)]* + Var(e)

where the first part of the formula, E[f(X) — f (X)]?, represents the reduc-
ible error and the second, Var(e), the irreducible error. The objective of ML algorithms
is to minimise the reducible error (mean square error or MSE) by estimating a suitable
function f. The MSE can in turn be decomposed into:
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E[f(X) = f (X)]* = [bias(f X)]* + Var(f (X)) (4)

The first term, called bias, is the expected value of the reducible error, i.e. the
difference between the average prediction of the model and the actual value being
predicted. It is an indicator of the model's accuracy and can be affected by incorrect
assumptions. The second term is the variance and refers to the sensitivity of the model
to variations in the training dataset (i.e. the dataset used to train the model). The
smaller the bias and variance, the smaller the MSE will be. However, there is a trade-
off between these components. As the complexity of a model increases, the bias will
tend to decrease, providing a more accurate result, but the variance will tend to in-
crease, making it more sensitive to variations in the available data.

Among machine learning methods, ensemble methods involve the simultane-
ous training of several models for the same problem. These models are then 'combined’
with each other to obtain the final result. The present study uses the random forest
and gradient boosting methods.

The random forest is a machine learning algorithm, widely used for classifi-
cation and regression problems, which combines several models to improve overall per-
formance. The algorithm consists of the creation of a number of decision trees, each of
which is trained on a random subset of the available data. In the construction of each
tree, only a random subset of the data characteristics is considered for each node di-
vision, thus increasing the variability and diversity of the trees. The final result of the
algorithm is determined through a 'majority vote', where the class or value that gets
the most votes from all trees becomes the final prediction of the model. Compared to
other ML models, random forest performs particularly well due to its capacity to reduce
the risk of overfitting,'® thereby improving the degree of generalisation of the model
and providing robust predictions, especially in complex situations with a multitude of
data and features.

Gradient boosting is another machine learning algorithm, also belonging to
the category of ensemble learning like random forest. The main difference between the
two approaches lies in the way the basic models (usually decision trees) are combined:
after constructing a single basic model, often a simple decision tree, the residual errors
are calculated, i.e. the differences between the predictions of the initial model and the
actual values in the training data set. A second model is then built, which attempts to
correct the residual errors made by the previous model. This process is repeated itera-
tively many times in order to build additional models to correct the residual errors of
the previous models. The final prediction is obtained by summing the predictions of all
the models, each weighted according to its ability to correct errors'*. Gradient boosting

13 Overfitting is a phenomenon that occurs when a statistical model or algorithm overfits the training data to the point
that it captures even mere random fluctuations in the data instead of the true underlying distribution, losing generality
and performing poorly on new data.

14 The term 'gradient’ refers to the fact that the model tries to move along the 'gradient’ of errors to progressively
improve estimates.
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is particularly effective in handling complex data and producing highly accurate mod-
els, although compared to random forest it is more sensitive to the risk of overfitting.

3.2 Agnostic models

One of the challenges associated with machine learning (ML) models is their
interpretation. In the machine learning approach, the estimated function f does not
have properties predetermined by the analyst and, in general, is not known as it is
processed internally by the model. Such characteristic leads to the classification of ML
methods as 'black boxes', due to limited interpretability of their functioning.

Nevertheless, there are certain methods, called agnostic due to their inde-
pendence from the ML model used, which facilitate the interpretation of the relation-
ships identified by the model. This work employs the partial dependence plot (PDP),
individual conditional expectation (ICE) and Shapley values.

The PDP, also known as the partial dependency graph, illustrates the marginal
effect of an input variable (feature) on the value estimated by an ML model on the
output variable. This effect can be expressed as the influence of a particular feature on
the prediction. The graph is therefore able to highlight the type of relationship (linear,
monotonic, etc.) between the input variable and the output variable (Friedman, 2001).

The ICE, also known as the 'individual conditional expectation', illustrates how
the forecast changes when an input variable changes through a graphical representa-
tion that is the equivalent of the PDP referring to individual data observations (Gold-
stein et al. 2015). In other words, the PDP represents the average effect of an input
variable on the forecast, while the ICE shows the dependency trajectories constructed
on individual observations between the output variable and the input variable. This
enables the identification of heterogeneous relationships between the two variables
for individual observations. In the ICE graphs it may not be straightforward to identify
the average effect of the input on the forecast. For this reason ICE graphs are typically
presented together with the PDP graphs.

Finally, Shapley's values permit the identification of which input variables
contribute most to the prediction (Lundberg and Lee, 2017; Molnar, 2022). This tech-
nique of interpreting the results is based on the principles of game theory, in which
rewards to players (represented by the input variables) are allocated proportionally to
the contribution each of them makes to the coalition, i.e. to the explanation of the
prediction. The Shapley value thus represents the weight, or marginal contribution, as-
signed to each input variable. However, the calculation of Shapley values is extremely
computationally expensive.
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4 The description and preparation of data

4.1 Description

The study is based on data from a sample of over 850 European and US large-
and mid-capitalisation companies belonging to the Stoxx Europe 600 and SE&P 500
indices'®, with data referring to the period 2007-2021. The variables have an annual
frequency and cover ESG scores, profitability indicators and indicators related to both
geographic area and business sector.

ESG scores

To study the relationship between a company's sustainability performance
and its earnings performance, metrics for measuring the impact of companies' business
activities on ESG-related issues play a central role. In this context, several data provid-
ers have developed databases dedicated to the aforementioned issues in recent years,
reporting the most relevant information, data and metrics as well as developing specific
proprietary indicators (scores) that assess the environmental, social and governance
performance of companies'®. In this study, the ESG score developed by Refinitiv'” was
employed, both at an overall level and in relation to each of the three pillars (or di-
mensions) associated with sustainability: environmental, social and governance (E, S
and G).

The Refinitiv score is an impact indicator that provides an assessment of a
company's performance, commitment, and effectiveness with regard to the three ESG
pillars. The calculation of the score is based on 186 ESG performance variables'®, ex-
tracted from publicly available and verifiable information. These measures are grouped,
depending on the reference topic, into ten categories, which are in turn associated with
one of the three ESG pillars. The scores represent the relative performance of the com-
pany within its business sector and country. Missing information is treated as a null
value and, therefore, leads to a lowering of the overall score assigned to the company.
This methodological aspect therefore means that companies with limited reporting of
sustainability profiles are assigned a relatively lower score.

15 The Stoxx Europe 600 is an equity index representing the performance of 600 companies from 17 European countries;
the companies represent approximately 90% of the European stock market capitalisation. The Standard&Poor 500
index is the main US equity index, comprising the largest listed companies in the United States. The calculation meth-
odology of the two indices is based on a cap-weighted logic, where the weighting of individual companies depends
on their market capitalisation and, therefore, larger companies have a greater impact on the value of the index.

16 The scores and ratings developed by rating providersor data providers are calculated on the basis of different infor-
mation, principles and methodologies. In the absence of a shared approach, the ratings that are made available are
difficult to compare and characterised by a low level of correlation. In this regard, Berg et al. (2022) found that 50 per
cent of the rating discrepancies attributable to five major players in the sector can be explained by the ESG indicators
considered, their measurement and the weight given to them.

17 For a detailed description of the methodology updated to December 2023, please refer to the document published by
the company and available at the following link: https://www.refinitiv.com/content/dam/marketing/en_us/docu-
ments/methodology/refinitiv-esg-scores-methodology.pdf.

18 The calculation approach is bottom-up. In the December 2023 methodology, the calculation is based on more than
630 ESG measures surveyed at the level of the individual company; from these, 186 are selected, which represent the
most comparable and relevant measures for the overall assessment of the company and the corresponding score
attribution.
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Fig. 1 illustrates the 10 categories associated with the three pillars. For each
category, several metrics are considered, the number of which varies depending on the
phenomenon they refer to and the availability of information.

Fig. 1 - Structure of the ESG score processed by Refinitiv
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Source: LSEG Refinitiv.

For each metric j, company iis assigned a score that reflects its position within
the industry sector (pillars E and S) or country (pillar G) to which it belongs. This score
is calculated by applying the following formula:

sij=+y)/z (5)

where sjjis the score given to company i for metric j, xis the number of com-
panies with a worse value of the metric than company J, y is half the number of com-
panies with the same value as company i, and z is the total number of companies for
which the metric is available. This method of calculation, by construction, is not sen-
sitive to the presence of outliers.

The scores for the individual metrics are aggregated to obtain a single value
for each company. This value is then represented by the percentile value of the sum
within the industry sector (pillars E and S) or country (pillar G) to which it belongs. The
scores calculated in this way are then aggregated by assigning weights to the individ-
ual categories to obtain the score for each pillar (pillar score). The overall ESG score is
calculated from the weighted sum of these three pillar scores. The weights employed
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in the aggregation phase derive from the application of a materiality matrix that varies
by industry sector.

Fig. 2 - Dynamics of the ESG score and the three pillar scores for the companies included in the analysis
(average values)
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At Fig. 2 shows the development of the ESG score and its components since
2007.

The Refinitiv scores are updated periodically. This is because new metrics are
added to the underlying methodology and because companies provide more sustaina-
bility disclosures. In addition, the inclusion of new companies may change the scores
of existing companies, as the methodology compares companies relative to each other.

Other data included in the analysis

With reference to profitability indicators, the variables employed are EBIT
(earnings before interest and taxes), ROE (return on equity, which measures the return
on equity) and revenue from operations (hereafter, revenue). The source of all data used
is Refinitiv.

Specifically, the first indicator, i.e. EBIT, is used as a dependent variable be-
cause it is constructed in such a way as to summarise the earnings performance of a
non-financial company regardless of the taxation system to which it is subjected and
the level of debt. This makes EBIT very useful for cross-countries and cross-sectors
analyses as it allows the income result to be stripped of factors typically related to the
company's country and business sector. For these reasons, the use of EBIT seems par-
ticularly appropriate in the study of the impact of ESG factors on company profitability
in the context of an analysis involving companies belonging to different countries and
operating in heterogeneous economic sectors.
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The inclusion in the analysis of the other two income variables, namely ROE
and revenue, is instead done to improve the performance of machine learning models
by providing them with further information about the characteristics of the company.
Indeed, as will be discussed below, multicollinearity (i.e. the use of interrelated explan-
atory variables) can represent an added value in these models, while in traditional
econometric models this is a factor that can distort the results of the analysis.

Tab. 1 - Breakdown of companies included in the analysis by industrial sector

sector number of companies share of total
financials 139 16.2%
industrials 136 15.9%
consumer cyclicals 121 14.1%
technology 103 12.0%
healthcare 79 9.2%
consumer non-cyclicals 76 8.9%
basic materials 70 8.2%
utilities 53 6.2%
real estate 43 5.0%
energy 36 4.2%

Source: elaborations on LSEG Refinitiv data.

The classification adopted by Refinitiv and referring to the company's main
line of business was used to define the companies' business sector. Tab. 1 shows the
breakdown of the companies in the sample by industrial sector.

4.2 Preparation

In machine learning models, the outcome depends on the available infor-
mation. Consequently, data preparation plays an important role, as it ensures that the
estimation phase, which occurs after algorithm training, produces unbiased results
(Han et al. 2012). Data preparation was carried out through three distinct stages.

The first phase involved the cleaning of the dataset, with particular attention
to the treatment of missing values. The cleaning process entailed the exclusion of com-
panies for which an ESG score was not available for at least 11 of the 15 years consid-
ered. This operation led to a reduction in the number of companies included in the
analysis from 1,100 to 856, of which 431 (out of 600) belong to the Stoxx Europe 600
and 425 (out of 503) to the SE&P 500.
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The second stage involved the normalisation of the quantitative variables,
with the aim of preventing heterogeneity in the order of magnitude of the variables
from influencing the estimation process. In the present analysis, in particular, the nor-
malisation method known as min-max'® was applied, which made it possible to express
all the quantitative variables used with values in the range [0; 1].

The third step involved the division of the dataset into two subsets, one for
training the model (training dataset, comprising 80% of the observations) and the
other for testing the predictive ability of the trained model (test dataset), consisting of
the remaining 20% of the observations with data other than those used in the training
phase?®. The division of the observations between the two datasets was carried out
randomly.

Once the dataset had been prepared, a statistical analysis was conducted, and
the results are presented in the following section.

4.3 Correlation

A preliminary statistical analysis of the dataset indicates a positive and sig-
nificant correlation between all the main variables under study. This analysis initially
considered the overall ESG score and then each of the three pillar scores. Fig. 3 illus-
trates the correlation coefficients between the earnings indicators and the ESG scores
as well as their significance.

All correlograms show a positive correlation between selected profitability
indicators (EBIT and revenue) and all ESG scores considered, namely the overall score
and those referring to each of the three pillars E, S and G. Instead no clear positive
correlation emerges between ROE and the ESG scores included in the analysis, with
correlation coefficients close to zero and in some cases not significant.

The calculation of the correlogram for the individual pillars of the ESG score
indicates that pillar E has a higher correlation with EBIT than the other pillars.

Furthermore, all ESG scores are positively correlated with the variable identi-
fying the reference year also due to the progressive improvement of ESG scores over
time, as mentioned earlier. This dynamic already emerged when describing the data
and is illustrated in Fig. 2.

19 The min-max method rescales each observation linearly, transforming it into a value within the range [0,1] by applying

x—minx

the following formula: : x" = . This method can be particularly useful in machine learning models that use

max x—minx
algorithms sensitive to scale differences between features.

20 As a rule, the prediction capability of the model applied to the training data is better than that obtained by applying
the same model to the test data. In the model selection process, however, it is necessary to avoid both underfitting
and overfitting of the model to the data.
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Fig. 3 - Correlation analysis between the variables used in the study
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Source: elaborations on LSEG Refinitiv data. The asterisks **, ** and * indicate a significance level of 99%, 95% and 90% respectively.

The relationships that emerged from the aforementioned statistical analysis
were then further investigated in the estimation phase, which will be the subject of
the following section.

5 Model estimation

The basic relationships among the variables considered in the analysis are
two. In both cases, the output variable (i.e. the dependent variable according to tradi-
tional models of analysis) is EBIT. However, the two relationships differ for some input
variables (also known as features) taken into consideration. Specifically, the first rela-
tionship, which we will call ‘aggregated’, includes the overall indicator of corporate
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sustainability performance (ESG score), while the second relationship, which we will
call 'disaggregated’, includes the scores referring to each of the three ESG pillars among
the features to analyse the impact of each of them. The two relationships can be ap-
proximated, respectively, with the following notations:

EBIT ~ year + ESG score + revenue + ROE + sector
+ geographic area

(6)

EBIT ~ year + E score + S score + G score + revenue
+ ROE + sector + geographic area

The features used in the model also include the other profitability indicators,
i.e. ROE and revenue, since multicollinearity in machine learning models is not neces-
sarily an issue to be dealt with. On the contrary, including correlated variables in a
machine learning model can sometimes help the understanding of the data, that is
provide information on the structure of the data and their intrinsic relationships.

Two ML methods (random forest and gradient boosting) and the linear regres-
sion method were employed to estimate the 'aggregate’ relationship. The performances
of the methods were compared on the basis of the root mean square error of the esti-
mate (RMSE) and the mean absolute error (MAE). The results are shown in Tab. 2 dis-
tinguishing those obtained on the training dataset from those referring to the test
dataset.

Tab. 2 - Comparison of models in terms of error measures

dataset error random forest gradient boosting linear regression
RMSE 0.01659 0.00856 0.02408
training set
MAE 0.00620 0.00476 0.01026
RMSE 0.01287 0.01482 0.02250
test set
MAE 0.00564 0.00680 0.00980

Source: elaborations on LSEG Refinitiv data. RMSE stands for root mean square errorand MAE stands for mean absolute error.
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From Tab. 2 it can be observed that gradient boosting is the model with the
lowest RMSE and MAE when using training data, even though it is less accurate using
test data (a rather frequent occurrence in ML models). With reference to the latter, in
fact, random forest is the model that minimises both errors. The linear regression model
performs worst on both datasets.
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Tab. 3 - Comparison of models in terms of measures of variance

indicator random forest gradient boosting linear regression
g 0.01287 0.01482 0.02249
R2 83.13% 77.65% 48.47%

Source: elaborations on LSEG Refinitiv data.

In Tab. 3, instead, values of the standard deviation o and of the R2 which
indicates the variance explained by the model, are included. With respect to these in-
dicators, the random forest model performs the best, while the regression model per-
forms the worst, managing to capture less satisfactorily the (presumably non-linear)
relationship existing between the variables under analysis.

Fig. 4 - ML model estimation results for the most relevant features

random forest gradient boosting
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ESG score ESG score
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year technology
financial year
USA UE
UE energy
energy USA
consumer non-cyclical consumer cyclical
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Source: elaborations on LSEG Refinitiv data. The measures on the x-axis represent the relative importance of each feature within each of
the models.
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Fig. 4 shows the results of the random forest (left-hand graph) and gradient
boosting (right-hand graph) estimates for the most relevant features. Both models con-
firm that the ESG score is an important factor in predicting EBIT, albeit to a lesser
extent than the other two profitability variables (i.e. revenue and ROE). This evidence
enhances the indications that had already emerged in the correlogram analysis, with
the exception of the result referring to ROE, which had not emerged there.

The results of the regression model estimation, on the other hand, merely
corroborate the findings of the correlogram analysis, offering no additional insights
(Tab. 4).

Tab. 4 - Results of the linear regression model

explanatory variables estimated coefficient standard error t-value

intercept 3.271E-01 1.844E-02 17.736
year -2.645E-03** 8.988E-04 -2.943
ESG score 1.465E-02"** 1.397E-03 10.487
revenue 3.118E-01™* 4.362E-03 71.482
ROE 6.162E-02* 2.880E-02 2.140
consumer cyclicals -1.327E-03 1.098E-03 -1.208
consumer non-cyclicals -7.221E-04 1.227E-03 -0.589
energy -1.307E-03 1.502E-03 -0.871
financials 7.540E-03"* 1.064E-03 7.090
healthcare 4.505E-03"* 1.199E-03 3.756
industrials -2.563E-04 1.076E-03 -0.238
real estate 4.161E-05 1.408E-03 0.030
technology 1.024E-02** 1.138E-03 9.003
utilities 1.287E-03 1.330E-03 0.968
EU -4.093E-03"* 5.178E-04 -7.904

R XK
i

Source: elaborations on LSEG Refinitiv data. The asterisks and * indicate a significance level of 99%, 95% and 90% respectively.

A better fit to the data of ML models than the classical linear regression model
is also noted from a graphical point of view.
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Fig. 5 - Comparison of the density functions estimated by the models and the actual EBIT distribution
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Source: elaborations on LSEG Refinitiv data. In the graph, N indicates the number of selected observations and bandwidth represents the

parameter according to which the data density smoothing was performed.

Fig. 5 shows the density functions estimated using the different algorithms
compared with the distribution of actual EBIT values. It can be noted that the density
functions estimated using ML models are almost overlapped on the density function of
the observed data, unlike the density function estimated using the traditional linear
regression model.

6 Interpretation of the results

Having established that the random forest model exhibits a better perfor-
mance compared to the other methodologies employed, the estimation results were
further investigated using the agnostic models previously mentioned, in order to
achieve a more comprehensive interpretation.

Fig. 6 shows three PDPs referring to the most relevant variables that emerged
from the analysis of the aggregate relationship, i.e. revenue, ESG score and ROE, allow-
ing further details on the relationships between these variables and the output variable,
i.e. EBIT.

23

The impact of the ESG factor
on industrial performance

An analysis using machine learning techniques



Fig. 6 - Partial dependence plot (PDP) of the relationship between EBIT and the most relevant variables
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Source: elaborations on LSEG Refinitiv data. The 'yhat' measure on the y-axis represents the average estimate of the target variable EBIT
for the feature considered, holding the other features fixed at their average value.
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The PDP shows that the relationship between ESG score and EBIT has an al-
most parabolic pattern, whereby companies with a low or high ESG score are associated
with a higher EBIT value than companies with an intermediate ESG score. This result
might suggest that initial efforts of the companies to achieve better sustainability per-
formance imply an increase in costs in the short term, which results in a worsening of
EBIT. However, in the long run, the improvement of the company's sustainability profile
would also lead to an increase in earnings performance, identified by a higher EBIT.

The relationship between EBIT and the ESG score was examined in depth both
through the ICE graph and through the calculation of Shapley values for two observa-
tions (Fig. 7). The ICE graph shows the relationship between the EBIT and ESG score for
each individual observation in the dataset, holding the values of all other input char-
acteristics constant. The yellow line in the graph represents the PDP already com-
mented on, that is the average of the dependency trajectories, even though represented
on a wider scale of values resulting extremely flat than the curve showed above?'. The
dots in the ICE graph represent the observed values of the input variable and the esti-
mated value of the output. In the graph on the left of Fig. 7 it can be observed that
lower ESG scores correspond to lower variability of EBIT estimates. Higher ESG scores,
on the other hand, show more heterogeneous dynamics.

In order to analyse the Shapley values, two observations were selected: one
with a high ESG score and one with a medium ESG score. As can be seen in Fig. 7, in
the first case the contribution of the ESG score to the EBIT forecast is positive, whereas
in the second case it is almost zero. Therefore, the results confirm the findings of pre-
vious analyses, including the parabolic trend observed in Fig. 6.

21 The yellow part of the right-hand graph in Fig. 7 and the left-hand graph in Fig. 6 represent the same values. The
difference between the two is due to the different scale widths.
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Fig. 7 - Individual conditional expectation (ICE) and Shapley values
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Source: elaborations on LSEG Refinitiv data. In the left-hand graph 'partial yhat' represents the yhat estimates of the target variable EBIT
for each feature observation considered, keeping the other features fixed at their average value. In the right-hand graphs 'Average predic-
tion' represents the model's average prediction based on all observations, 'Actual prediction’ refers to the model's prediction for a specific
observation in the dataset and 'phi' represents the contribution of each observation to the difference between the actual and average

prediction estimate.

In order to gain a more comprehensive understanding of the relationship be-
tween sustainability performance and earnings performance, the two agnostic models
were also applied to the disaggregated model, which, as mentioned, includes among
its features the scores referring to the three ESG pillars taken separately.

The results show a positive relationship between pillar E and EBIT, whereby
an increase in environmental sustainability performance is associated with a higher
EBIT (Fig. 8). In contrast, the relationship between social and governance scores and
EBIT exhibits a positive parabolic shape with low and high values of the S and G scores
associated with higher EBIT. This outcome suggests, as previously shown in relation to
the overall ESG score, that as the social sustainability and governance performance
improves, there is initially a decline in operational results (EBIT), likely due to an in-
crease in costs in the short term, and then, over time, a gradual enhancement in the
earnings performance of the company. The disaggregated result also indicates that the
negative impact on EBIT resulting from an initial improvement in the sustainability
performance of the company, observed for the overall ESG score, does not concern the
environmental component. Therefore, the commitment of companies to greater sus-
tainability in this area could be associated with an increase in their earnings perfor-
mance even in the short term.
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Fig. 8 - Partial dependence plot (PDP) of the relationship between EBIT and the three pillar scores
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Source: elaborations on LSEG Refinitiv data. The 'yhat' measure on the y-axis represents the average estimate of the target variable EBIT
for the feature considered, holding the other features fixed at their average value.

Finally, the relationship between ESG score and EBIT was further investigated
through a geographical comparison. This was achieved by estimating the same model
separately on the data of companies belonging to the STOXX Europe600 stock index
(Fig. 9) and those belonging to the S&P500 index (Fig. 10).

Fig. 9 - Pdrtial dependence plot (PDP) of the relationship between EBIT and the three pillar scores for European
companies
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Source: elaborations on LSEG Refinitiv data. The 'yhat' measure on the y-axis represents the average estimate of the target variable EBIT
for the feature considered, holding the other features fixed at their average value.
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The results indicate that in the two geographic areas the relationship between
EBIT and the scores referring to the three pillars is different. As for pillar E, the PDP for
European companies (Fig. 9), shows a more pronounced upward trend than that ob-

served for US companies, for which the PDP displays a more erratic dynamic.

Fig. 10 - Partial dependence plot (PDP) of the relationship between EBIT and the three pillar scores for US

companies
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Source: elaborations on LSEG Refinitiv data. The 'yhat' measure on the y-axis represents the average estimate of the target variable EBIT

for the feature considered, holding the other features fixed at their average value.

This discrepancy might suggest that the relationship between financial and

sustainability performance is influenced by the regulatory framework. In the EU, where
there is a strong legislative commitment to environmental sustainability, greater at-
tention to this issue by companies is associated with improved profitability. In the US,
on the other hand, where the regulatory regime on sustainability appears less homo-

geneous, this evidence is less clear.
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7 Conclusions

The ecosystem of information is still improving and the markets, as a conse-
quence, are not yet able to fully price the risks and opportunities related to ESG issues.
Therefore, the use of methodologies of analysis based on machine learning techniques
that are not strictly bound to theoretical models typically used in economic or financial
research, can offer a greater flexibility allowing for the identification of relationships
that are difficult to detect through the classic econometric approach.

The objective of this study is to illustrate how these methods of analysis can
assist in understanding the relationship between ESG performance and the earnings
performance of companies. This is a topic of significant interest not only to the market
but also to institutions. A comprehensive understanding of these dynamics can in fact
facilitate regulators to better direct their actions. In this context, the European Union
has assumed a leading role at the international level by establishing a broad regulatory
framework more and more articulated, that it is designed to foster, also through the
improvement of a sustainable information ecosystem, the flow of financial resources
towards economic activities that can contribute to the achievement of sustainability
objectives.

This paper presents an application of some ML techniques to the study of the
relationship between earnings performance and sustainability performance of the larg-
est listed companies in Europe and the USA and illustrates an example of how these
techniques can be used for analysis in this area. In order to overcome one of the main
weaknesses of machine learning methods, namely the limited possibility of interpreting
results, the study uses certain models that are called agnostic because they are inde-
pendent of the ML method employed. The latter are typically used to facilitate the
analyst's ability to interpret the results in practice, enabling to ascertain the extent to
which the input variables contribute to the model's estimates.

The study is based on data from more than 850 European and US largest cap-
italisation companies over a 15-year period and analyses the relationship between fi-
nancial and sustainability performance. The results show that the three pillars E, S and
G which constitute the indicator, contribute to this link in distinct ways. The environ-
mental sustainability score (pillar E) seems, in fact, more strongly associated with earn-
ings performance. The findings of this study, which have also been confirmed in other
research, indicate that the attention paid by companies to sustainability issues can also
contribute to enhanced profitability and operational efficiency. The research also iden-
tifies relevant differences in the results for European versus US companies, which are
presumed to be related to the different requlatory framework in the two jurisdictions.

Nevertheless, the use of machine learning techniques only partially over-
comes the critical issues pertaining to the quality of ESG metrics currently available.
This study, in accordance with a portion of existing literature on the subject, employs
ESG indicators that have been developed and distributed by a single data provider.
Given that the entire ecosystem of ESG information is still evolving, the metrics devel-
oped by data providers are characterised by low stability (as they are subject to con-
stant refinement, also driven by ongoing regulatory developments) and high level of
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heterogeneity (as they are based on proprietary methodologies, which often differ sig-
nificantly from one another).

The definition of sustainability standards and metrics will facilitate the col-
lection and analysis of structured data. Furthermore, requlatory developments will in-
crease transparency in the sustainable investment market. With regard to ESG ratings,
the measures currently under consideration to increase disclosure on methodologies
employed by ESG rating providers will ensure that diverse analytical approaches to
sustainability issues continue to be available in the market, while increasing the infor-
mation about the attributes of the rating in question.
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