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Abstract

Factor models, fundamental in statistical modeling, provide a versatile framework for
understanding intricate relationships among variables, particularly valuable in finance where
variables exhibit strong interconnections. This thesis explores the applications of factor
models in finance. Chapter 1 relies on factor models for their ability to detect market
inefficiencies through estimate of idiosyncratic volatility and explores the effectiveness of
ESG ratings in predicting it. It reveals a negative relationship between ESG ratings and
volatility. Results emphasize the need to cross-check information from multiple providers
before ESG integration as divergence leads to lower informative power of ESG ratings in
predicting risk. Chapter 2 delves into calibration techniques for correlation matrices.
Unrestricted and restricted factor models, where some betas are set to zero, thus leading to
specific region or sectoral factors, are considered. Results highlight the superiority of
restricted latent factor models. We address latent factors using maximum likelihood through
the Expectation-Maximization algorithm and least squares approaches, implemented with the
Spectral Projection Gradient algorithm. Chapter 3 introduces an innovative approach based on
meta-factors to perform stress tests on portfolios, using either historical or hypothetical
economic scenarios. An application is conducted on actively managed equity portfolios.
Results offer a better fit than widely used models. The research contributes to the
understanding of factor model applications in finance, providing empirical insights,
theoretical developments, and practical methodologies. The findings have implications for
investors and researchers, guiding ESG integration, correlation estimation, and stress testing
in financial decision-making. The thesis shows that factor models remain pivotal tools in

addressing key challenges in finance.



ABSTRACT

Les modeéles a facteurs, fondamentaux en modélisation statistique, offrent un cadre polyvalent
pour comprendre les relations complexes entre plusieurs variables, caractéristique
particulierement préecieuse en finance ou les interconnexions sont fortes. Cette these présente
différentes applications des modeles a facteurs en finance. Le chapitre 1 s’appuie sur les
modeles & facteurs pour leur capacité a capter les inefficiences de marché, notamment au
travers de 1’estimation de la volatilité idiosyncratique. Le contenu informationnel des
notations ESG dans la prédiction de cette volatilité est testé. Les résultats soulignent la
nécessité de Vvérifier la qualité de la notation auprés de plusieurs fournisseurs de données
avant d’intégrer I’ESG au processus d’investissement. En effet, la divergence de notation ESG
pour un méme titre est associé a un contenu informationnel plus faible dans la prédiction du
risque. Le chapitre 2 se penche sur les techniques de calibration des matrices de corrélations
générées par des modeles a facteurs. Les modéles a facteurs non restreints et restreints, ou
certains bétas (sensibilités) sont fixés a zéro, et conduisant ainsi a des facteurs régionaux ou
sectoriels spécifiques, sont considéres. Les résultats mettent en évidence la supériorité des
modeles & facteurs latents restreints. Nous abordons les facteurs latents en utilisant la méthode
du maximum de vraisemblance a travers I'algorithme Expectation-Maximization et 1’approche
des moindres carrés au travers de 1’algorithme Spectral Projection Gradient. Le chapitre 3
présente une approche novatrice basée sur des "méta-facteurs” (facteurs de facteurs) pour
réaliser des stress tests de scénarios économiques passés ou hypothétiques. Une application
est réalisée sur des portefeuilles d’actions. Les résultats révélent un comportement des actifs
stressés plus proche de la réalité que certains modeles, largement utilisés dans 1’industrie,
peuvent suggérer. Cette thése contribue au développement des modéles a facteurs en finance
en apportant des éléments empiriques, des développements théoriques et des méthodologies
pratiques. Les résultats ont des implications pour les investisseurs et les chercheurs, guidant
I'intégration ESG, l'estimation des corrélations et la conduite de stress tests dans la prise de
décision financiére. La thése démontre que les modéles a facteurs restent encore aujourd’hui

des outils essentiels pour I’industrie financiére.
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General Introduction

Factor models in finance

Factor models are a fundamental concept in statistical modeling. They provide a framework
for understanding the complex relationships among variables. These models are particularly

useful in finance where variables are strongly interrelated.

One of the key applications of factor models in finance is the extensively use in asset pricing.
The Capital Asset Pricing Model — CAPM of William Sharpe (1964) and John Litner (1965)
is considered as a simple form of factor model, where the returns of an asset are explained by
a market factor (returns of a representative portfolio of stocks, called the market portfolio).
The model witnesses the emergence of factor models in finance and remains widely used
nowadays. The power of the CAPM, and factor models in general, lies in their simplicity,
robustness, and ability to predict relationships (between risk and expected returns in the case
of the CAPM). Extensions of this model include multi-factor models, such as the Fama-
French three-factor model (Fama, 1993), which introduces additional factors like size (market
capitalizations) and value (market valuations) to better capture the complexities of stock

returns.

In econometrics, factor models are employed to discern underlying economic trends. For
instance, a macroeconomic factor model may include variables like inflation, interest rates,
and GDP growth to explain the fluctuations observed in various economic indicators. Beyond
finance and economics, factor models are also widely used in other fields that exploit large
and complex datasets. In psychology, for example, a factor model might be applied to
understand the underlying factors influencing scores on various psychological tests. Besides,

we will rely on the psychometric literature in the second chapter of this thesis.
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We distinguish three major types of factor models in finance (Connor, 1995):
macroeconomic, statistical, and fundamental. Macroeconomic factor models use observable
economic time series as measures of pervasive factors influencing a financial variable with
the assumption that this variable is assumed to respond linearly to macroeconomic or financial
shocks. Statistical factor models use several statistical techniques to estimate the parameters
of factor models. Principal Component Analysis — PCA (Jolliffe, 2002; Stock et al., 2002) is a
common method used to identify the underlying factors by capturing the directions of
maximum variance in the data. Maximum Likelihood Estimation (MLE) and Bayesian
methods are also employed (Watson and Engle, 1983). Finally, fundamental factor models
rely on financial assets’ attributes to explain their dynamics (for instance, dividend yield,
book-to-market ratio, and industry classification can explain a substantial proportion of

common returns between several stocks or bonds returns).

Beyond asset pricing, factor models have numerous applications in finance. In portfolio
management, factor models help to optimize asset allocations by finding sources of
diversification (Meucci, 2009). In risk management, these models are crucial to quantify and
manage various sources of risk. For instance, they help institutions understand the impact of
different factors on portfolio value-at-risk (VaR) and expected shortfall (Jorion, 2007). In
credit risk modelling and fixed income analysis, factor models can be used to assess the
creditworthiness of borrowers. They help in identifying common factors that influence the
credit risk of individual loans (or bonds) and can be used in modeling interest rate risk
(Altman, 1968; Litterman and Scheinkman, 1991). Factor models find many other
applications, for instance, in option pricing (Black and Scholes, 1973) or in performance
attribution (Brinson, 1986). These applications demonstrate the versatility of factor models in
addressing key challenges and providing valuable insights for the research in finance.

Factor models offer several advantages that make them still widely used. Dimension
reduction, where factor models excel, is maybe the most important advantage. Indeed, factor
models help in reducing the dimensionality of data by capturing commonalities (Fan and
Liao, 2014). Reducing the dimensionality also leads to improving the interpretability of latent
structures that drive the observed patterns or confirm the influence of observable factors. This

feature makes factor models still very useful today despite the emergence of machine learning
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based models. Indeed, the identified factors often have economic or theoretical meanings,
making it easier to understand and explain, while some machine learning models, especially
complex ones like deep neural networks, are often considered "black boxes”. Factor models
also tend to be more data-efficient, even when dealing with high-dimensional data (Bai and
Li, 2012). They can effectively capture and summarize the essential information using a
smaller set of factors while machine learning models may require massive amounts of data to

perform well thus being costly for financial institutions.

Factor models come with several limitations, however. Most of these models assume linear
relationships between observed variables and factors. This assumption might not hold in all
cases, especially when dealing with complex, non-linear relationships in the data. The lack of
robustness of some factor models is also a limitation. The performance of factor models can
be sensitive to the choice of factors and model specifications. Selecting an inappropriate
number of factors or using an inadequate estimation method can lead to biased results and
misinterpretations. Finally, two strong limitations should be considered when dealing with
factor models: the assumption that variables follow a Gaussian distribution and the
assumption of homoscedasticity. Some factor models assume that the underlying factors and
idiosyncratic components follow a Gaussian distribution. This assumption may not hold in all
cases, particularly when dealing with financial data, where extreme events or outliers can
significantly impact the results (Murray, 2013). Factor models also often assume
homoscedasticity, meaning that the variance of the idiosyncratic components is constant
across all observations. In real-world scenarios, this assumption may not hold, particularly
during periods of high instability and ultimately leads to the inability to capture structural

breaks.

In this thesis, we will use factor models to estimate: (i) idiosyncratic volatility, (ii)

correlations, and (iii) market stress.
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Estimating idiosyncratic volatility through factor models

Understanding and quantifying idiosyncratic volatility is crucial in various fields, from
finance to economics. Idiosyncratic volatility refers to the portion of an asset's total volatility
that is specific to that asset and not explained by common factors. Factor models offer a
robust framework for estimating and decomposing this idiosyncratic volatility, providing
insights into the unique risk associated with individual assets. In the first chapter of this thesis,
we aim to measure the informative content of a variable in explaining the idiosyncratic
volatility of stocks. Before doing so, we need a framework to quantify the idiosyncratic
volatility. Two widely employed factor models for this purpose are the CAPM and the Fama-
French factor model mentioned above. According to the joint hypothesis (Fama, 1991), if
markets are efficient, the systematic risk should be the only risk for which investors require
compensation. Hence, the presence of idiosyncratic volatility could indicate the existence of

factors not captured by the model.

To estimate idiosyncratic volatility using factor models, we typically follow a two-step
process. First, we estimate the factor loadings using historical return data and relevant factors
(such as market returns, size, and value factors). Second, the estimated factor loadings are
used to compute the systematic risk component, which is then subtracted from the total
observed volatility to obtain the idiosyncratic volatility.

One key advantage of using factor models for estimating idiosyncratic volatility is their ability
to capture the dynamic nature of relationships among assets. Traditional methods often
struggle with changing market conditions, but factor models can adapt by incorporating new

factors or modifying existing ones.

Several studies have explored the effectiveness of factor models in estimating idiosyncratic
volatility. The research by Ang, Hodrick, Xing, and Zhang (2006) provides insights into the
application of the Fama-French three-factor model in estimating idiosyncratic volatility in the
stock market. They find that incorporating size and value factors significantly improves the

model's explanatory power, enhancing the accuracy of idiosyncratic volatility estimates.
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Moreover, the work of Bali and Cakici (2008) delves into the role of macroeconomic factors
in explaining idiosyncratic volatility. They extend traditional factor models by including
macroeconomic variables, demonstrating that these factors contribute significantly to the

estimation of idiosyncratic volatility.

Factor models provide a versatile and powerful framework for estimating idiosyncratic
volatility, allowing researchers and practitioners to disentangle the unique risk associated with

individual assets from the broader market movements.

Estimating correlations through factor models

Factor models can be specifically designed to uncover underlying structures in multivariate
datasets. These models acknowledge that observed correlations between variables can be
influenced by common factors, offering a more nuanced perspective on the interconnections

within the data.
The general form of a factor model for correlation matrices can be expressed as:
QO=pp" +€&

where Q is the observed correlation matrix, B represents the matrix of common factors and &€

is a diagonal matrix capturing the idiosyncratic components.

Not only factor models are convenient to estimate correlation matrices, but they are also
recommended by the Basel Committee on Banking Supervision (BCBS) to be used by
financial institutions. Indeed, banks must deal with a large amount of very complex data. In
dealing with large cross-sectional dimensions, factor models offer a parsimonious approach?,

especially relevant for managing corporate counterparties.

. . . . . . . -1
1 'When using raw pairwise correlations in modelling for n assets, we need to estimate: nn-1)

correlations. It would only be 2n factor loadings if using 2-factor modelling. Hence, for a banking
book of 500 names, a financial institution would need to estimate only 1000 parameters instead of 124
750 correlations.
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But the Basel 3 requirements involve using a correlation matrix associated with a probabilistic
factor representation, with at least “two types of systematic risk factors”. It is stated that
“default correlations must be based on credit spreads or on listed equity prices”. While this
points to latent factor models that are being dealt with by central bankers and academics,
linear regression onto observable factors, typically portfolio returns, are often used to build

correlation matrices compliant with regulatory requirements.

Ultimately, banks use the factor loadings (of latent factors) generating the closet correlation
matrix to the historical correlation matrix to model the creditworthiness of individual names
in their portfolios. Based on this modelling, banks capitalize a default risk charge. These
requirements lead to practical implications of the two-factor models and correlation

calibration constraints (Laurent et al., 2016).

Estimating market stress through factor models

Stress testing is a critical tool in assessing the robustness of financial systems and institutions
under adverse conditions. Factor models play a key role in stress testing by providing a
structured framework to evaluate how various factors impact the performance and stability of
financial assets. These models help simulate extreme scenarios, enabling financial institutions

to gauge potential vulnerabilities and develop strategies to mitigate risks.

In stress testing, a factor model typically incorporates a set of macroeconomic, market, and
financial variables that are likely to be sources of stress. The model aims to understand how
changes in these factors can affect the overall portfolio and individual assets. The factors can
include variables such as interest rates, economic growth rates, exchange rates, and other

relevant indicators.

Identifying the key factors that are relevant to the assets under consideration is of foremost
importance. These factors should capture the major sources of risk. The factor model is then
used to assess the impact of the stress scenarios on the portfolio. This assessment includes
evaluating changes in asset prices, market liquidity, credit risk, or other relevant metrics.
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Regulatory bodies mandate banks to undergo stress tests to ensure their ability to withstand
adverse economic conditions (as mentioned above). The insights gained from stress testing
with factor models help financial institutions develop effective risk mitigation strategies
(Jokivuolle, 2015). Stress-testing through factor models can also help to adjust portfolio

holdings according to potential market shocks.

Thesis outline

In this thesis, organized in three chapters, we exploit factor models to answer current issues in
the financial industry. We touch upon various fields in the financial research: ESG, risk
management, portfolio management and banking regulation. The three research articles
outlined thereafter introduce innovative methods that aim to resolve the following

problematics:

(1) Could we use ESG metrics to forecast idiosyncratic risk?

(i)  What are the most efficient calibration techniques to derive correlation

matrices associated with factor models?

(i) Could we propose a simple but appropriate framework to perform stress tests

on equity portfolios?

In the Chapter 1, we rely on factor models for their ability to detect market inefficiencies
through estimate of idiosyncratic volatility and explores the effectiveness of ESG ratings in
predicting it. More precisely, we formulate a backtesting procedure to assess the effectiveness
of ESG ratings in predicting a company's idiosyncratic risk. This involves extending the
conditional predictive ability test proposed by Giacomini and White (2006) to a panel data
context. Our approach is applied to forecast stock returns' idiosyncratic volatility, comparing
two ESG rating systems — Sustainalytics and Asset4 — across three investment regions

(Europe, North America, and the Asia-Pacific region).
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While this first chapter provides an empirical methodology, Chapter 2 lies at the intersection
of theoretical developments and empirical applications. It presents an overview of diverse
specification and calibration techniques for deriving correlation matrices in factor models. We
focus on both unrestricted and restricted models, where specific betas (factor loadings) are set
to zero, leading to region or sectoral factors. We address latent factors through maximum
likelihood using the Expectation-Maximization (EM) algorithm and least squares approaches
with the Spectral Projection Gradient algorithm (SPG). Using a dataset of equity returns from
major US and European credit indices, we conduct a benchmarking exercise by varying the
number of factors. We evaluate fitting performance, parameter parsimony, ease of
interpretation, and the ability to handle large pairwise correlations. Finally, Chapter 3 provides
a robust methodology for practitioners. It introduces an innovative approach using “meta-
factors” for conducting stress tests on portfolios through either historical or hypothetical
economic scenarios. Stress testing in finance assesses a portfolio's resilience to adverse
conditions, serving as a valuable supplement to conventional risk measures like volatility,
VaR, and expected shortfall. Unlike summary statistics, stress testing provides estimates
linked to specific events, adding meaningful insights. While traditional stress tests often rely
on historical scenarios by reproducing past events on current holdings, they lack a forward-
looking perspective. Our approach, relies in few parameters, maintains high flexibility, is easy
to implement, and enhances the understanding of portfolio sensitivities to systematic factors.

We illustrate the application with actively managed equity portfolios.

Chapter 1 “Are ESG ratings informative to forecast idiosyncratic risk?” 2 shows a negative
relationship between ESG ratings and idiosyncratic risk, with higher ratings predicting lower
levels of idiosyncratic volatility. Furthermore, the predictive accuracy gains are generally
higher when assessing the environmental dimension of the ratings. Importantly, applying the
test only to firms over which there is a high degree of consensus between the ESG rating
agencies leads to higher predictive accuracy gains for all three universes. Beyond providing
insights into the accuracy of each of the ESG rating systems, this last result suggests that
information gathered from several ESG rating providers should be cross-checked before ESG

is integrated into investment processes.

2 This article is under revision in Finance.



GENERAL INTRODUCTION

The results have important implications for investors and researchers. For investors, our
backtest procedure provides a useful and practical framework for considering ESG rating
providers before integrating the ratings into the investment process. Our results suggest
prudence about the information content of ESG ratings when they diverge. For researchers in
asset pricing, it is crucial to check properly the quality of ESG ratings before using them,
especially when the ratings are divergent. Moreover, the link between ESG ratings and
idiosyncratic volatility when the ratings are convergent suggests that ESG investing is not just
an issue of the preferences of investors, but that ESG ratings can also provide information
about future fundamentals and risks. Chapter 2 “Correlation matrices with factor structure for
credit risk exposures™ finds that besides the fitting performance, parameter parsimony, ease
of interpretation and ability to deal with large pairwise correlations, restricted latent factor
models supersede competitors in estimating correlation matrices. We find that when dealing
with the naive PCA approach, the final transformation to recover correlation matrix must be
chosen carefully and restricted versions of optimization-based approaches behave better when
dealing with intra-classes. It is well known that factor-model tend to smooth the correlation
matrix, leading to large error for high correlations. Numerical experiments indicate that
restricted calibration performed better in that aspect too. By restricting the information onto a
class of issuers that should (a priori) behaves the same way, the restricted version of SPG
algorithm allows a smaller error on these high empirical correlations than other methods.
Chapter 3 “Stress-testing: A meta-factor approach™ shows that meta-factors help to translate
an economic scenario into market shocks as they exert a significant influence on multiple
individual factors within the financial system (style or systematic factors in our framework).
Despite its simplicity, our methodology offers a better fit than other widely use models from
well-known financial data providers. Beyond the risk management aspects of stress-testing,
our framework offers the possibility to quickly implement forward or hypothetical stress

scenarios helping managers to adjust their active portfolios in consequences.

3 This article is under further work before submission.
* The methodology detailed in this article is implemented as an investment tool for a European asset
manager.



1 Are ESG ratings informative to forecast

idiosyncratic risk>?

We develop a backtesting procedure that evaluates how well ESG ratings help in predicting a
company's idiosyncratic risk. Technically, the inference is based on extending the conditional
predictive ability test of Giacomini and White (2006) to a panel data setting. We apply our
methodology to the forecasting of stock returns idiosyncratic volatility and compare two ESG
rating systems from Sustainalytics and Asset4 across three investment universes (Europe,

North America, and the Asia-Pacific region).

The results show that the null hypothesis of no informational content in ESG ratings is
strongly rejected for firms located in Europe, whereas results appear mixed in the other
regions. In most configurations, we find a negative relationship between ESG ratings and
idiosyncratic risk, with higher ratings predicting lower levels of idiosyncratic volatility.
Furthermore, the predictive accuracy gains are generally higher when assessing the
environmental dimension of the ratings. Importantly, applying the test only to firms over
which there is a high degree of consensus between the ESG rating agencies leads to higher

predictive accuracy gains for all three universes.

Beyond providing insights into the accuracy of each of the ESG rating systems, this last result
suggests that information gathered from several ESG rating providers should be cross-
checked before ESG is integrated into investment processes.

® Co-authors: Christophe Boucher, EconomiX, CNRS, University Paris Nanterre ; Wassim Le Lann,
University of Orléans, LEO, Orléans, France ; Sessi Tokpavi, University of Orléans, LEO, Orléans,
France.
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CHAPTER 1. ARE ESG RATINGS INFORMATIVE TO FORECAST IDIOSYNCRATIC RISK?

1.1 Introduction

Sustainable investing is growing fast, and investors are increasingly integrating
environmental, social, and governance (ESG) criteria. According to Bloomberg, ESG assets
are on track to exceed $53 trillion by 2025, representing more than a third of projected total
assets under management in North America, Europe, and Asia-Pacific capital markets®. To
integrate extra-financial information into investment processes, investors typically rely on
ESG ratings provided by rating agencies, which are scores designed to capture companies'
ESG performance. However, ESG ratings are derived using heterogeneous methodologies and
can be quite divergent across rating agencies (Berg et al., 2022b; Dimson et al., 2020). This
issue has raised important concerns regarding the relevance of ESG ratings for guiding
investment decisions’. Is there any informational content in the various existing ESG rating
systems? Is this informational content related to companies’ risk exposure? This article aims
to provide a statistical methodology to answer these questions by developing a backtesting
procedure allowing to assess the informational content of ESG ratings in forecasting a
company's risk-related outcome. Our test evaluates the effectiveness of extra-financial metrics
in predicting a company's risk exposure beyond the information conveyed by traditional

financial variables.

The global craze for responsible investment has by now led to an abundant and rich literature
that has tried, with mixed results, to evaluate how sustainable investment impacts market
variables, and asset prices. Some studies have found that ESG has a positive impact on asset
prices (Mozaffar et al., 2016; Amel-Zadeh and Serafeim, 2018; Dycket al., 2019; Hartzmark
and Sussman, 2019), for instance present evidence that firms doing well on ESG issues
outperform firms doing poorly on these issues. Amel-Zadeh and Serafeim (2018) reaffirm that
ESG ratings have a material impact on asset prices and more specifically on the cost of
capital, as investors expect higher return on equity for companies with strong ESG

performance.

®https://www.bloomberg.com/professional/blog/esg-assets-may-hit-53-trillion-by-2025-a-third-of-
global-aum

" See for example recent SEC discussions on ESG ratings: https://www.sec.gov/news/speech/speech-
peirce-061819.
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Other contributions highlight that socially responsible investors can substantially reduce the
cost of capital of responsible companies by tilting their portfolio allocation towards these
firms Gollier and Pouget, 2022; Zerbib, 2022. Dyck et al. (2019) also demonstrate that
engagement by investors has a positive impact on ESG performance and ultimately on
financial returns, especially in countries where ESG issues are important. A study of US
mutual funds flows confirms that investors find value in sustainability as a positive predictor

of future returns (Hartzmark and Sussman, 2019).

Arguing the other side though are some works (Riedl and Smeets, 2017; Pastor et al., 2021;
Pedersen et al., 2020) based on the impact of investor preferences on the dynamics of asset
prices (Fama and French, 2007), which report that ESG practices have either a negative or a
positive impact on asset prices. Considering investor preferences for ESG, Riedl and Smeets
(2017) notice that investors are willing to accept lower expected returns and higher
management fees for holding companies with strong ESG performance. Pastor et al. (2021)
model investor preferences for ESG in a mean-variance framework and show that in
equilibrium, assets considered green generally have lower expected returns but provide
greater utility and offer the ability to hedge against climate risk. They also introduce an ESG-
factor that reacts to unexpected change in ESG, then conclude that green assets outperform
when a positive shock hits this factor. Pedersen et al. (2020) extend the mean-variance-ESG
framework by adding a third type of investor who is unaware of the ESG performance of
firms. How the ESG ratings affect expected returns then depends on the wealth of this third

investor.

Although this literature provides useful information on the link between extra-financial
performance and asset price dynamics, it does not provide a formal methodology to assess
whether the available rating systems are effective in measuring a company's exposure to
financially material sustainability risks. This gap in the literature is even more worrying as the

correlations between the ratings of the various available providers are weak.
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Indeed, the divergence of ESG ratings has been widely documented (Chatterji et al., 2009;
Semenova and Hassel, 2015; Chatterji et al., 2016; Berg et al., 2022b; Dimson et al., 2020),
and Berg et al. (2022b) find, for instance, that correlations between the ESG ratings of
providers are on 54% for a set of six different ESG providers, whereas the credit ratings from
the main agencies exhibit, on average, a correlation of 99%. They further explore the source
of this divergence by splitting it into three components and looking at scope, or the selection
of ESG categories to be measured; measurement, or how the ESG categories are assessed; and
weight, or the importance given to each category. They observed that measurement explains
more than 50% of the total divergence®. The divergence of ESG rating systems has important
implications for sustainable investing. ESG ratings disagreement can lead to completely
opposite opinions on one and the same company, dispersing ESG preferences of investors
(Billio et al., 2019). It also makes it difficult to empirically assess the impact of ESG
performance on stock returns (Berg et al., 2022a) and can result in risk premiums for

companies with high rating disagreement (Gibson Brandon et al., 2021).

Against this background, our paper introduces a statistical inferential procedure that allows
testing the informational content of a given ESG rating system in forecasting a company's
risk-related outcomes. Our backtest is based on a risk management approach, if informative
ESG ratings should have significant power in predicting a company's specific risk exposure
beyond the information conveyed by financial variables. Our procedure evaluates ESG ratings
by comparing the forecasting abilities of two nested models that differ solely in the inclusion
or exclusion of ESG ratings within the set of predictor variables. In this setting, our null
hypothesis of a lack of informational content in ESG ratings is defined as the equality in
forecast accuracy between the two nested models, implying that integrating ESG ratings
among predictor variables does not help to forecast the specified target variable. Technically,
our inferential procedure extends the conditional predictive ability test of Giacomini and
White (2006) to a panel setting. We derive the Gaussian asymptotic distribution of the test

statistic under weak assumptions.

8 Unlike credit ratings, ESG ratings are most often created mainly from non-standardized information
and are not regulated. Methodologies can be opaque and proprietary, leading to substantial rating
divergence.
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A notable advantage of our procedure is the robustness of the distribution of our test statistic
under the null hypothesis to possible misspecifications of the econometric model used to
measure the relationship between ESG ratings and the outcome variables. Monte Carlo
simulations, performed under different types of model misspecification, demonstrate that our
test has good small sample properties, with a good size and increasing power as the number of

firms and sample length increase.

Previous research on the relationship between ESG ratings and firm-level risk outcomes has
focused on different types of outcome variables. A first strand of the literature has
concentrated on examining the link between ESG ratings and ESG controversies captured
through news media screening. This type of outcome variable has been typically used as a
proxy for corporate misbehavior or as an ex-post indicator for ESG risk materialization.
Research findings in this area have been marked with mixed results. Champagne et al. (2022)
constructed a controversy variable using articles published in the Wall Street Journal and
found that ESG performance, as measured by MSCI KLD ratings, is negatively related to the
likelihood of ESG controversies. On the other hand, Yang (2022) found that MSCI ratings do
not help forecast future ESG controversies derived from the RepRisk database. Additionally,
Bams and van der Kroft (2022) used Asset4 (Refinitiv) ESG controversies to build a measure
of realized sustainable performance and found that ESG scores from leading rating agencies

are often inversely related to their measure of sustainability performance.

Other studies have investigated the link between ESG ratings and market-based measures of
firm risk, such as the idiosyncratic volatility of stock returns (IVOL) (Boutin-Dufresne and
Savaria, 2004; Lee and Fa, 2009; Jo and Na, 2012; Mishra and Modi, 2013; Bouslah et al.,
2013). IVOL has often been interpreted as a proxy capturing the stock market reaction to the
arrival of company-specific information (Becchetti et al., 2015), or as a proxy for innovations
in a missing risk factor (Chen and Petkova, 2012). Under both interpretations, ESG ratings
might be linked to IVOL: Serafeim and Yoon (2022a) find that ESG ratings moderate the
stock market reaction to the arrival of firm specific ESG news, while Pastor et al. (2022) show

that asset prices react to global ESG news.
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Multiple studies have indeed reported a link between ESG ratings and IVOL. Jo and Na
(2012) find a negative link between ESG ratings and idiosyncratic risk. Mishra and Modi
(2013) find that this negative relation is moderated by financial leverage, while Bouslah et al.
(2013) find that different components of social performance have different effects on
idiosyncratic risk. Other studies have also investigated the relationship between ESG ratings
and other market-based outcomes, such as firm beta (Sodjahnin et al., 2017; Albuquerque et
al., 2019), or downside risk (Diemont et al., 2016).

In this chapter, we apply our procedure to evaluate ESG ratings for forecasting a company's
specific risk, as measured by the idiosyncratic volatility of its stock price. While, in practice,
our testing procedure can be applied to any target variable, we choose a market-based
measure of firm risk due to the numerous limitations associated with forecasting ESG
controversies. First, ESG controversies are typically constructed using natural language
processing methods on media sources to identify corporate adverse events. Variations in the
media sources used to compute controversies and differences in the extraction methods
employed can lead to significant variations among existing controversy variables, which has
important implications for results replicability®. Second, ESG controversies built on news
media screening suffer from substantial reporting bias. Barkemeyer et al. (2023) find that the
location of a company's headquarters significantly influences its media coverage, with firms
based in the United Kingdom and the United States being five times more likely to receive
press coverage as controversies. This issue implies that ESG controversies are an inadequate
proxy for corporate misbehavior. Third, ESG controversies are also a poor proxy for ESG
risks, or financial risks related to ESG events, as they only capture firm-specific events.
Recent findings indeed show that global events leading to a reevaluation of ESG concerns can
have a significant impact on asset prices (Ardia et al., 2022; Pastor et al., 2022). These types
of global events, such as a sudden risk of an increase in carbon prices that may significantly
affect the valuation of carbon-intensive companies, cannot be captured through ESG

controversies.

% For example, we find that the rank correlations between ESG incidents from Sustainalytics and
Asset4 in our datasets are weak: 43% for Europe, 43% for North America, and 34% for the Asia-
Pacific region.
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A second rationale for forecasting a market-based measure of financial risks rather than ESG
controversies is related to what ESG ratings aim to capture and the reason why investors use
ESG ratings in the first place. Evidence from investor surveys shows that investors primarily
use ESG ratings for motives related to investment performance (Amel-Zadeh and Serafeim,
2018). Consequently, as acknowledged by the Global Reporting Initiative, most existing ESG
rating systems are assessed from a financial materiality perspective, meaning that rating
agencies seek to capture companies' financial exposure to ESG-related issues (GRI, 2022). On
the other hand, while ESG incidents can impact stock prices, they are not necessarily followed
by asset price movements (Serafeim and Yoon, 2022b). Hence, forecasting a market-based

risk measure seems to be a more direct way to evaluate ESG ratings.

We conduct empirical applications to illustrate our methodology, using two leading ESG
rating systems, Sustainalytics and Asset4, for Europe, North America, and the Asia-Pacific
region. Our results show that the null hypothesis of no informational content in ESG ratings is
strongly rejected for firms located in Europe, whereas results appear mixed in the other
regions. Hence, companies headquarter location appears to be a critical moderator for the
integration of ESG factors into asset prices. In most configurations, we find a negative
relationship between ESG ratings and idiosyncratic risk, with higher ratings predicting lower
levels of idiosyncratic volatility. Furthermore, we find that the forecasting power of ESG
ratings is generally higher when assessing the environmental dimension of ESG ratings.
Lastly, and importantly, we find that the predictive accuracy gains derived from ESG ratings
increase with the level of consensus between rating agencies for all three universes. This final
finding can be linked to that highlighted by Serafeim and Yoon (2022a), who find that the
market reaction to ESG news is moderated by the consensus rating. From a practical
standpoint, our results provide crucial information for portfolio managers who integrates ESG
rating to assess companies' risk profile, as we show that it is necessary to cross-check the
information gathered from multiple ESG rating providers before integrating ESG into the

management process.
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Our contribution is related to previous works investigating the link between ESG ratings and
idiosyncratic risk but differs in several aspects. First, past studies do not provide a formal test
to check the informational content of ESG ratings in forecasting firm risks, which is the
purpose of this article. In contrast to analyses based on an in-sample setting, we test the
informational content of ESG ratings using a dynamic forward-looking approach in an out-of-
sample environment. This configuration integrates the possibility that the estimated
relationship between ESG ratings and firm risk might not be generalizable to a future period,
while recent research suggests that the integration of ESG factors into asset prices varies over
time (Ardia et al., 2022; Pastor et al., 2022). Second, our approach accounts for possible
misspecification of the econometric model used to measure the relationship between ESG
ratings and the outcome variable. This differs from the previous literature, where the
correctness of the econometric model is critical to establishing the existence of this link.
Third, while previous studies identify significant correlations between ESG ratings and firm
risks, they fail to quantify the improvement in model fit resulting from incorporating extra-
financial information. Our method compares the predictive ability of nested models

containing financial and extra-financial information, allowing for such quantification.

The rest of the chapter is organized as follows. Section 1.2 describes our backtesting
procedure for ESG ratings, focusing on the formulation of the null hypothesis, the
construction of the test statistic and the analysis of its asymptotic distribution. Section 1.3
simulates the small sample properties of the test statistic under various settings, and empirical
applications are considered in Section 1.4. The last section concludes the paper.

1.2 The backtesting procedure

This section gives a description of the backtesting procedure for evaluating statistically the
informational content in ESG ratings. In the first part, we fix the notations and clearly define
the null hypothesis of interest, while in the second part we provide the test statistic and its
asymptotic distribution for inference.
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1.2.1 Notations and the null hypothesis

To formulate the null hypothesis of our test, we consider an investment universe with n traded
firms and let y; . denote the value at month ¢ of a target variable that is intended to measure
firm-specific risks. For instance, a socially motivated investor seeking to manage the
environmental and social impact of their asset portfolio can use a variable y; ., that measures
ESG incidents, such as the ones provided by well-known providers (Sustainalytics, Asset4,
TrueValue Labs, etc.), to test whether ESG ratings help predict future corporate misconduct.
On the other hand, investors who are interested in the materiality of ESG information on
investment performance can use a target variable that measures a firm's specific exposure to
financial risks, such as idiosyncratic volatility. Therefore, our framework is general, as it
enables users to choose a target variable relevant to their investment objectives.

Let x; . be a vector of length p in which the elements are innovations on p financial variables
that measure the financial strength of firm i for the month t. Examples of such variables are
dividend yield, sales over assets, debt over assets, or the quick ratio. They measure different
facets of a firm's solvency including its size, returns, risk, liquidity, debt, and leverage.
Innovations can be obtained through autoregressive filtering on raw financial variables, or
simply as deviations from the long-term average. Finally, the value of an ESG rating is
available for each firm i at month ¢ and we denote it as w; € R. This can be a global ESG
rating measuring environmental, social and governance issues, or only one of these three

components.

(0

iere = E(Viesr|Xi,c) be the unknown expected value of y;  for firm i at time ¢ + 7,

Now let m
conditional on its financial strength as measured by innovations x;, in financial variables,

with T as a given forecast horizon. We can use a given predictive model, whether parametric,
(0

i,t+t

P

. The forecast we denote 7% (ﬁtf—?-)bt)

semi-parametric or non-parametric, to forecast m P tr

is based on the information set available at time ¢ for all firms, so Tt(o) = {xi,s, s=t—b; +

(0)

t+p, collects all

1,..,ti=1, n} where b, refers to the size of the estimation sample and ,[?

the estimated parameters.
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In a parametric model like a linear regression, 3523, is the vector of the estimates of the

unknown parameters. Otherwise, it corresponds to whatever semi-parametric or non-
(0)

parametric estimators are used to forecast m; ., ..

1

Let m; . but with the conditional set extended to

Wi, SO Tt(l) ={xis w5 s=t—b,+1,..,t,i =1,..,n}. In other words, mﬁlr

= E(yirc|2ie i) be defined as m(?,

is the
expected value of y; .. for firm i at time t + 7, conditional on its financial states as given by
x; ¢ and on its ESG rating as given by w; ;. We denote mfltlt(ﬁt(i)bt) as the forecast value at

timet + 1.

(0

Suppose that we produce T, out-of-sample forecasts of both the expected values m; . and
m{ . for each firm, so (%, (B, ) and (P, (B, ), i = 1, ..n,t = 1,..., T,. With a loss

function at hand that we denote L(.), we can evaluate the predictive performance of each
model, generating two panels of losses as L%, = £{0,;(Vicro My re (Bey,)) and L, =

l(lt)ﬂ(yl t+o M Afﬂ,(ﬁt(i)bt)), where again y; . is the value of y; for firm i at time ¢ + .

From these panels, let AL; ., = £ —£©

itrr — Litao Dethe panel of loss differentials, i = 1,...n

t=1,..,To and (B, BL,,) the expected value of the loss differentials for firm i.

Hence, our null hypothesis of overall equal predictive ability of the two forecasting models

can be stated as:
Ho = ABisy, Birp,) = 0 (L)
with the alternative hypothesis being:
L= 2B, B,) < 0(12)
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Where Z(3, , B+, is defined as:

n
A A 1 A A
—cp0) 51 y _ § o 5@
H(lgt+bt':8t+bt) _E Ui(ﬁmbt'ﬁ”bt) (1-3)
i=1

This null hypothesis calls for several remarks. First, when it holds, it means that overall (for

all i and t) including the ESG rating w; . in the information set does not help for forecasting

Yit

In consequence, we should conclude that the ESG rating system investigated is void of
information about y;.. Under the alternative hypothesis, considering the ESG rating in

forecasting y; ., overall, gives real benefit across all firms and times.

Second, in contrast to the traditional framework for comparing predictive ability in Diebold
and Mariano (1995) and West (1996), we can observe that the null hypothesis involves

wi (B, B,,), which depends on A%, and B, which are the estimated values of the

parameters instead of their population values. As discussed by Giacomini and White (2006) in
a pure time series context, this helps preserve the finite sample behaviour of the estimators in
the evaluation procedure, hence reflecting the effect of estimation uncertainty on the relative
performance of the forecasts. This estimation uncertainty allows the comparison of nested
forecasting models contrary to previous tests of predictive ability. However, they underline
that adopting such a framework means remembering that the null hypothesis does not check
the equal predictive ability of the competing models, but rather of the forecasting methods,
where these methods include the models as well as the estimation procedures and the possible

choices of estimation window.

This last remark means that some care is required in applying our test procedure to check for
the validity of the null hypothesis in (1.1). First, the size of the estimation window should be
kept fixed in the rolling window procedure b, = b ensure that parameter uncertainty does not

vanish asymptotically.
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This naturally rules out an expanding window forecasting scheme but allows for iterated or

fixed schemes. Second, we should retain the same forecasting model and scheme and the

same estimation window length to generate the forecasts (o, (B{sy,) and (. (BLH,,).

This is an important requirement, as it guarantees that the two forecasts diverge only by the
set of information used, Tt(o) or Tt(l), the first of which excludes data on the ESG ratings for

all firms.

1.2.2 Test statistic and asymptotic distribution

In this section, we provide the test statistic to check for the null hypothesis of a lack of
informational content in an ESG rating system as expressed in (1.1). To do this we use the
literature on comparing predictive ability in panel data settings (Davies and Lahiri, 1995;
Timmermann and Zhu, 2019; Akgun et al., 2020). This literature considers extending the
traditional predictive accuracy test for time series to a panel framework and it provides a test
for overall equal predictive ability, meaning for all cross-sectional and time units as specified

in (1.1) and tests for joint equal predictive ability across cross-sectional units or time clusters.

Specifically, we draw on the framework of Akgun et al. (2020) who extend the test of Diebold
and Mariano (1995) to a panel data setting, considering the following test statistic based on

the sample mean of loss differentials over time and units, so

n To
inty, = T) Y Y ALy (14)

i=1t+7=1
and is given by

Mn,To

On,T, /1Ty

(1.5)

Tn,TO =

where
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n

Gz, =1 Y ol (16)

i=1
and afTO = var(/Tofi; 1, ) is the long run variance of the ith time series of loss differentials.

As our null hypothesis is an extension to a panel setting of the unconditional predictive ability
test of Giacomini and White (2006), rather than the one of Diebold and Mariano (1995), we
need here assumptions that differ from those of Akgun et al. (2020), to establish the
asymptotic distribution of the test statistic in (1.5)

Assumption 1 For a given forecast horizon T > 1 and estimation window size b < oo,
suppose that (i) {(yi,t!x’i,t'wi,t)’;t =1,..,T,} for a given i is mixing with @ of size —r/
(2r—2),r = 2,0r a of size —r/(r — 2), 7 > 2; (i) E|4L; 14+ |2r < o forall t and a given

i; (iii) ofy, = var( Toui([?t(ﬁ)bt, At(i)bt)) > 0 for all T, sufficiently large and a given i.

Assumption 2 ; r, = Ty 1 Zf‘er:lALiIHT,i = 1, ...n are independent, and

_ (248
Elgir, |7 <C<oo,(1.7)
for some § > 0 for all i. 6%, 7, =n~' XL, afy, > &' > 0 for all n sufficiently large.

Assumption 1 includes regularity conditions for the validity of Theorem 4 in Giacomini and
White (2006). These conditions ensure that the test statistic for the unconditional predictive
ability applied to a fixed cross-sectional unit converges to a standard Gaussian distribution,

with

i,

7 = N(0,1) (1.8)

D=
To— 00
oi1, /v To 0™
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Assumption 2 assumes the independence between the n random variables f;r,,i, ..., n,
meaning the average values over time of the loss differentials for each firm. This assumption
allows the Central Limit Theory (CLT) applied to independent and heterogeneous random
variables (White, 2001, Theorem 5.10) to hold. Note that this assumption is not a strong one
within our framework, as opposed to macroeconomic forecasting. Indeed, our focus is on
target variables that are related to firm-specific risk, which is by its nature a specific measure
for each firm and hence primarily driven by firm characteristics rather than common factors.

The following proposition provides the asymptotic distribution of the test statistic in (1.5).

Proposition 1 Under the null hypothesis of a lack of informational content in ESG ratings as

stated in (1.1), and if Assumptions 1-2 hold, we have that

S N(0,1) (1.9)
On,, [/ Ty Tom™®

n,TO

Thus, we reject the null hypothesis when T3, . < Z,, with Z, the quantile of order 7 of the

standard Gaussian distribution, and n the nominal significance level. The proof of Proposition

1 is straightforward following Akgun et al. (2020), as we may note that under 7,

n
1 ]
JToting, == > \Tofir, »(1.10)
i=1

with  fi; 7, as defined in Assumption 2. For a fixed i, if Assumption 1 holds, \/Toﬁi,To

—— 1p; with Y;~N(0,07; ) and oy, = var( Tori (B, B))). See Theorem 4 in

Ton—o0 t+b
Giacomini and White (2006). Hence the rest of the proof proceeds by noting that under
Assumption 2 the CLT for heterogeneous but independent variables (White, 2001, Theorem

5.10) holds and 1/4/n Y™, ¢; — N(0,G%,r,) where again 6%,z =n 'YL, o/ .
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Note that to compute our test statistic 7;, , we need a consistent estimate Eﬁ%of G nr, -
Under the assumption of cross-sectional independence of loss differentials, it follows that
Opr, = n~' NI, 677, where 677 is a suitable HAC estimator of the long-run variance o/, of

the ith time series of loss dlfferentlals, with

pTo

lTo = TO Z A£1t+‘r+ 2 TO ZWTOJ Z Ath+‘L’ALl t+7—j (1 11)

t+7=1 t+t=14j

and {pT,} is a sequence of integers such that pT, - was T, = o, pT, = o(T,), and
{wr,jiTo=12,..;j=1,..,pTo} is a triangular array such that |wg ;| <oo, T, =

1,2,.;j=1,..,pTo,wr,; > 1as T, - o, T, foreach j = 1, ..., pT, (Andrews, 1991).

1.3 Small sample properties

In this section we use a realistic simulation framework to analyse the small sample properties
of the test. We begin by describing the simulation setup and then provide results for the sizes
and the powers of the test under different forms of misspecification for the forecasting method
retained.

1.3.1 Simulation setup

Our simulation setup proceeds by first simulating a vector x;, of length p =10 of
innovations in financial variables that measure the financial strength of firm i at time ¢, with
t=1,..,Tand T € {120,180,240} as the sample size corresponding to 12, 15 and 20 years
of monthly data. To have a realistic setup, these p variables are generated from a multivariate

Gaussian distribution with mean vector x and covariance matrix € calibrated using real data
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(see Appendix 1 for details about the calibration). With the vector x;, of length p ready at

hand, we generate the logarithmic value of the target variable y; , for firm i, as*’:

10g(3’i,t+1) = ¢ + X B + VWit + Uirsr, (1.12)

with u; .4, following a standard Gaussian distribution, c; as the constant term and ;" as a
vector of parameters of length p. Note that we allow for heterogeneity across firms with

specific values for the parameters for each firm. The values of c¢; are generated as follows:

* *

i c
¢, =c"+U(—

— 1.1
=l 5] 113)

|
110

with U(a; b) as a uniform random variable over the set [a, b]. The same perturbation principle

is used to generate each component of the vector g/, with:

Bil.
10|’

b
10

Bij =B +U(- ,(1.14)

j=1,..,p =1. The reference values c* and g* of the parameters are calibrated using real

data (see Appendix 1 for details).

In equation (1.12), w;; is the ESG rating, which for firm i and at each date ¢ is generated
from a uniform distribution over the set [0,1], and ¥ € R_ is a parameter!. Note that our null
hypothesis holds for y = 0, since the ESG rating does not have any predictive content for y; ,.
With y diverging from zero, the null hypothesis does not hold, because high lagged values of

the ESG rating decrease the values of y; ..

10 We use the logarithm, as most of possible candidate variables for y; . are positive, including ESG
incident variables.

' Note that we also considered a setup in which the ESG ratings w; ; are generated using a persistent
AR(1) process to match the stylized fact of infrequent changes in ESG ratings. Simulations results
available from the authors upon request show similar small sample properties of our inferential
procedure.
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Based on our design and for each Monte Carlo replication, with n and T fixed, the above
simulation design is run for the n firms, with n € {100,250,500}. This leads to a pure
heterogeneous panel for y;, the p = 10 innovations in financial variables x;, and the ESG

rating w;,, withi =1,..,nandt =1, ..., T.

1.3.2 Sizes and powers under a medium level of misspecification

For each Monte Carlo replication, we use the generated variables y;;, x;;, and w;,, i =

0 _

1,..,nt=1..,T and a fixed forecasting method to generate the forecast of m; ., =

1 ~ (0 5 (0 ~ (1 5(1 -
E(yits1|xic) and mgtll = E(yits1|xie @ic), SO mi(,t)+1(ﬁtg,b)) and mi(’tll(,b’t(,b)) with b the

estimation sample that we set to b = [0.75T] and [a] the integer part of a. This means that we
use the first 75% of the T observations for each firm as the estimation sample and generate T,
forecasts corresponding to the last 25% of the observations, meaning T, = [0.25T] and T =
Ty + b.

The forecasts for both models are obtained using pooled OLS regression models. This means
that both forecasting models are misspecified because the true panel structure of the data is
heterogeneous across units. Besides, there is another form of misspecification that arises
because the true data generating process uses a linear form for the logarithm of y; . (see Eq.
1.12), while the pooled OLS regression models are fitted for the raw values of the same
variable. Our goal is to evaluate how robust our inferential procedure is to these two levels of
misspecification, which we call medium in comparison to another more severe form of
misspecification that we will consider next. It may be recalled that the asymptotic behaviour
of our test statistic under the null hypothesis suggests that with y € R_ in (1.12) diverging
from zero, the null hypothesis is more likely to be rejected for T,,n — oo, or equivalently,

T,n > oo.

Figure 1.1 displays the rejection frequencies of the null hypothesis with respect to the
parameter y for a given couple (n,T) with the nominal significance level set to 5%. The

rejection frequencies are computed over 1,000 simulations.
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Overall, the test exhibits very good small sample properties, and we observe that the rejection
frequencies for all couples (n,T) are close to 5% for ¥y and increase monotonically as y

diverges from 0.

We also observe that for a fixed n and y < 0 the powers increase with T. Indeed, for n =
100 and y = —0.25 the rejection frequencies for T of 120, 180 and 240 are 39.10%, 53.30%
and 61.00% respectively. The same behaviour is observed for a fixed T and y < 0 with the
powers increasing with n. For instance, with T =120 and y = —0.25 the rejection
frequencies for n = 100,250 and 500 are respectively 39.10%, 71.50% and 91.30%. Hence
our inferential procedure exhibits very good small sample properties. Figure A2.1 in
Appendix 2 displays the rejection frequencies for the same simulation setup using the absolute
error loss function. We can observe similar small sample properties, offering proof that our

test is robust to the loss function.
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Figure 1.1 Rejection frequencies under a medium level of misspecification with the squared
error loss function

1.3.3 Sizes and powers under a high level of misspecification
We now consider a configuration that will help us evaluate the properties of the test with

respect to the choice of financial variables.

27



CHAPTER 1. ARE ESG RATINGS INFORMATIVE TO FORECAST IDIOSYNCRATIC RISK?

In the last subsection we assumed that the user of the test includes in the forecast models all
the p = 10 innovations in the financial variables that enter the specification of the true model,
but we make here the assumption that only some of these variables are retained. In each

Monte Carlo replication, the following two pooled OLS models are estimated to compute out-

0 0 ~ (1 1 0 1
of-sample forecasts ml(t)+1 B( %) and mﬁt)ﬂ ﬁ( Dy of ml(t)+1 E(yit41|xic) and ml(t)+1 =

E(Viers|%ie wir):
= © (115
Yitr1 = €+ X8+ v, (1.15)

1
yl t+1 = € + xl tﬁ + wl 4 + vl(t?l-l’ (1'16)

(1)

and vl t+1

with v as the error terms and x;, as a vector with p = 2 randomly chosen

i, t+1

financial variables from the p = 10 relevant ones as its elements, and B9 = (¢,8")', BS) =

(¢,B",7) . Assessing the small sample properties of the test with this additional form of
misspecification is of great interest because such misspecification could probably arise in
empirical applications where users are very likely to be wrong in their choice of the financial
variables that matter.

Figure 1.2 displays the rejection frequencies over 1,000 simulations. We observe that the
proposed test is robust to this form of misspecification. Indeed, the rejection frequencies are
like those displayed in Figure 1.1, suggesting that making a mistake in the choice of financial
variables is not harmful. Results available from the authors upon request show that the
robustness holds even when the misspecification is more pronounced as only a quarter of the
financial variables of interest are chosen. The robustness to the choice of the loss function can

be seen in Figure A2.2 in Appendix 2.
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Figure 1.2 Rejection frequencies under a high level of misspecification with the squared error
loss function

1.4 Empirical applications

This section illustrates our backtesting procedure using real datasets. We apply our
methodology to two popular providers of ESG ratings, Sustainalytics and Asset4, over three
universes from North America, Europe, and the Asia-Pacific region. We first describe our
datasets and the related variables, and then conduct inferences to evaluate the informational

content of each of the rating systems.

1.4.1 Description of the datasets and variables

The dataset for each of the three universes contains information for n firms at a monthly
frequency over a period ranging from January 2010 to October 2018, giving a total of T=106
months. Note that we restrict our investigations to this period, as Sustainalytics has made a
major change in the methodology for constructing its ratings in December 2018, with an
inconsistency in the chaining of the ratings before and after this date. Precisely, before (after)
this date, the ratings are performance (risk) measures, with higher (lower) ratings

corresponding to best practices for environmental, social and governance issues.
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Obviously, one solution would be to transform the risk-ratings into performance-ratings, but
such a transformation would be arbitrary, and would not guarantee consistency in the scales of
values. The North America, Europe and Asia-Pacific datasets gather information on
respectively n=326, n=238 and n=217 firms. This deep panel structure ensures a high power
for our backtesting methodology (see Monte Carlo simulations), with a total of 34,556, 25,228

and 23,002 pooled observations for the North America, Europe, and Asia-Pacific universes.

Table 1.1 displays pooled descriptive statistics of the ESG ratings for the two providers over
the three universes. We may note that for both providers, higher values of the ESG ratings
indicate higher ESG performance.

Table 1.1 Pooled descriptive statistics of the ESG ratings

Min. Max. Mean  Median Std.

Europe
Sustainalytics 36.0000 89.6900 66.5310 67.3000 9.6449
Assetd 54700  94.1500 64.4389 66.1300 15.7645

North America
Sustainalytics 33.0000 88.0000 59.0831 59.0000 8.6864
Assetd 24700  94.7700 54.4304 56.5200 18.8691
Asia-Pacific
Sustainalytics  32.0000 90.0900 58.5848 59.0000  8.3848
Assetd 2.3500  90.2700 53.3590 56.1900 18.2707

Notes: The table displays pooled deseriptive statistics of the ESG ratings for
the two providers (Sustainalytics and Assetd) over the three universes. The
datasets contain monthly observations over the period from January 2010 to
October 2018, giving a total of 106 months. The North America, Europe and
Asia-Pacific datasets contain information on respectively n = 326, n = 238
and n = 217 firms. Min, refers to minimum, Max. to maximum, and std. to

standard deviations.

The average values of the ESG ratings for the Europe universe are 66.53 for Sustainalytics
and 64.43 for Asset4. This means the central statistics are similar for both providers, as is
confirmed by the values of the median of 67.30 for Sustainalytics and 66.13 for Asset4 for the
Europe universe. This stylised fact holds for the other two universes. However, the Asset4
ESG ratings have more variability across time and firms as given by the values of the standard
deviations and ranges. The standard deviations of the Asset4 ESG ratings for instance are

approximately twice as high as those for Sustainalytics.
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Figure 1.3 displays the evolution over time of the cross-sectional averages of the ESG ratings
for the two providers in the three universes. We observe growth over time in the cross-
sectional averages, which suggests a tendency towards upward revisions of the ESG ratings
for firms. Assuming that ESG ratings accurately reflect ESG performance, this shows an
overall improvement trend over time in the corporate behaviour of firms across the three

universes regarding environmental, social, and governance best practices.

Figure 1.3 Dynamics of the cross-sectional means of the ESG ratings
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Source: The figure displays the scatter plot that shows the graphical relation between the ESG
ratings for the two providers considered (Sustainalytics and Asset4). The dataset contains
monthly observations for n=238 firms from January 2010 to October 2018, giving a total of
106 months.

To evaluate the link between the two rating systems, Figure 1.4 displays the scatter plot of the
pooled ESG ratings from the two providers for the Europe universe. The figure also displays
the fitted least square regression line, along with the adjusted R-squared, which is equal to
40.88%. Hence the link across firms and time between the two ESG ratings is weak, though it
is positive. As already underlined, this has been highlighted many times in the literature and
constitutes the main motivation of our paper, which proposes, in a context of limited
convergence, a formal backtesting procedure for evaluating the informational content of ESG
rating systems. The phenomenon is not only European and is also highlighted for the other
two universes as shown by Figures A2.3 and A2.4 in Appendix 2. The trend is of the same
order for the North America universe with an R-squared of 46.46%, but we observe a more

pronounced divergence in the Asia-Pacific universe with an R-squared of only 32.65%.
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Figure 1.4 Relation between the Sustainalytics and Asset4 ESG ratings: Europe
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