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ABSTRACT

This thesis examines the performance of traditional machine learning (ML) methods and large
language models (LLMs), specifically GPT-4, within the context of predicting Environmental,
Social and Governance (ESG) scores.

Leveraging on a dataset based on information by leading companies in the realm of
environmental indicators and ESG rating, respectively Urgentem and Moody’s, this study
evaluates the models under three distinct scenarios: high-dimensional noisy data, lower-
dimensional imbalanced data, and datasets with scarce information. Traditional ML methods,
including Decision Trees (DT), K-Nearest Neighbors (KNN), and Support Vector Machines
(SVM), are compared against GPT-4's capabilities in handling these conditions to explore
strengths and weaknesses of both approaches across different aspects of the analytical chain,
from data pre-processing to interpretation.

Results indicate that traditional ML models, particularly ensembles of DT, KNN, and SVM, excel
in handling high-dimensional and noisy. In contrast, GPT-4 demonstrates superior
performance with simpler, well-defined use-cases. Both approaches reveal specific
advantages and limitations, highlighting the importance of model selection based on dataset
characteristics and specific application needs.

The thesis underscores the importance of balancing automated approaches with expert
control. The findings suggest a complementary application of traditional ML methods and
LLMs, leveraging their respective strengths for more robust and comprehensive ESG scoring
frameworks tailored to the practitioners’ need.
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1 INTRODUCTION

The advent and widespread democratization of generative Artificial Intelligence (Al),
particularly models like GPT-4, is transforming the way we operate, think, and tackle
challenges. Its advanced text-generation capabilities, coupled with extensive topical breadth,
present a significant opportunity for industries across various sectors. Of particular interest is
the application of such technology to the field of sustainability, where the current
environmental and social crises stand out as crucial issues requiring innovative and
multifaceted solutions.

As awareness of environmental and social issues grows rapidly, so do the regulatory initiatives
aimed at promoting long-term sustainable development by encouraging industries to adopt
more responsible practices. These mandates compel companies to disclose more detailed
non-financial information, supporting the new concept of sustainable finance and the
incorporation of Environmental, Social, and Governance (ESG) metrics into scoring
mechanisms.

This shift is driven by the growing pressure from climate change and the increased social
awareness, leading to broader discussions on the impact of ESG practices on a firm’s financial
performance. ESG scores are used to assess a company's commitment to sustainable and
ethical practices, which in turn influences their access to funding and investment
opportunities. Environmental considerations include issues like climate change mitigation and
adaptation, the safeguard of biodiversity, prevention of pollution also in view of a more
circular economy. Social aspects refer to the spectrum of inequality, diversity, inclusiveness,
working conditions, as well as human rights issues. The governance component examines
aspects like management structure, executive remuneration, board diversity and structure, as
well as political lobbying, corruption, and bribery, which all play a fundamental role in ensuring
the inclusion of social and environmental considerations in the decision-making process.

This collective endeavor has taken further shape in the European Union (EU) policy context
through a set of key initiatives, to embed ESG considerations into decision-making and
sustainable finance, also in view of reaching the target set by the European Green Deal, aiming
to make Europe the first climate-neutral continent by 2050. Among the most crucial programs
mandating the disclosure of ESG information at the EU level, the following are the major ones.
The EU Taxonomy Regulation provides clear criteria for identifying environmentally
sustainable activities, enhancing transparency and consistency in ESG investments. The
Sustainable Finance Disclosure Regulation (SFDR) mandates financial market participants to
disclose how they integrate ESG risks into their processes, promoting greater transparency.
The Corporate Sustainability Reporting Directive (CSRD), an update to the Non-Financial
Reporting Directive (NFRD), requires companies to provide detailed ESG reports, extending
reporting obligations to more firms with stricter standards.
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However, integration of ESG metrics into financial decision-making does not come without
any costs and is challenging due to several factors. Firstly, the recent surge in interest to
disclose ESG information has resulted in a vast amount of data, where quality and consistency
can vary significantly among industries and sectors. This issue is driven on the one hand by the
relatively recent introduction of regulatory initiatives and on the other hand by the diverse
nature of non-financial disclosures, which further complicate the comparability of ESG scores.
Additionally, the high cost of collecting and accessing comprehensive ESG data constitutes a
barrier for many practitioners and researchers.

In this scattered and complex scenario, a crucial role is played by institutions and rating
agencies combining this information into transparent and comparable indicators and scores.
ESG rating agencies act as independent third parties, evaluating the sustainability profile of
companies and financial instruments through various methodologies. They measure exposure
to sustainability risks and assess the impact on society and the environment. ESG scores are
divided into three pillars - environmental, social, and governance - each weighted according
to its significance for the specific industry group.

With the increasing volume of data and associated challenges, the evolving landscape of
Machine Learning (ML) and Al offers potential solutions. Advanced techniques can address
the bottlenecks in the analytical process, unlocking new avenues for methodology and topical
research. While ML and LLMs have been used independently in the financial sector, there is
limited research comparing their effectiveness in prediction tasks, especially in novel
applications like ESG scoring. Specifically, by leveraging the capabilities of generative Al, the
study seeks to understand how traditional machine learning methods measure up against
LLMs, identifying strengths and weaknesses of each approach and providing insights into how
these advanced technologies can support and enhance the assessment of ESG factors. This
exploration is not only timely but also essential as companies and investors increasingly
prioritize sustainability in their strategies. Furthermore, the findings from this study will
contribute to the broader discourse on the role of generative Al in prediction tasks and
analysis of quantitative data, providing insights for financial institutions looking to incorporate
sustainability metrics into their assessments and Al practitioners deciding between machine
learning approaches.

Aiming to explore whether the advent of Al can assist practitioners in navigating the
challenges associated with ESG data and producing sound predictions of ESG scores, the
analysis is framed around four main research questions (RQ):

RQ 1 - How do traditional methods and GPT-4 compare when predicting the environmental
score in a noisy and high-dimensional space?

This question investigates the performance and robustness of traditional ML methods and
GPT-4 in handling complex, high-dimensional, and incomplete datasets often encountered in
ESG data.
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RQ 2 - How do traditional methods and GPT-4 compare when predicting ESG score
components in a lower-dimensional space also presenting class imbalance?

This question focuses on the effectiveness of both approaches in a simplified scenario where
the data has been reduced in dimensionality and may exhibit class imbalance, a common
challenge in ESG scoring.

RQ 3 - How do traditional methods and GPT-4 compare when predicting ESG scores with
scarce information?

This question addresses the capability of traditional ML and GPT-4 in making accurate
predictions when only limited ESG data is available, reflecting real-world situations where data
may be incomplete as well as scarce, due to unavailability or high costs.

RQ 4 — How do they compare in terms of interpretability, accessibility, and other qualitative
indicators?

Beyond predictive performance, this question evaluates the qualitative aspects of traditional
ML methods and GPT-4, including how understandable and accessible their outputs and
methods are to practitioners.

To address these questions, the thesis is structured as follows. The Introduction establishes
the context, importance, and objectives of the research. The Literature Review provides an
overview of existing studies on traditional ML methods applied to credit risk assessment and
ESG scoring, and advancements in LLMs. The Methodology details the research design, data
collection, pre-processing, implementation, and analysis methods used to compare traditional
ML methods and GPT-4. The Results section presents the findings of the research, including
comparative analyses of predictive performance and qualitative assessments. The Discussion
interprets the results, highlighting the implications for ESG assessments and financial decision-
making. Finally, the Conclusion summarizes the key findings, contributions to the field, and
potential directions for future research.

13



2 LITERATURE REVIEW

The evolving landscape of ML and Al has significantly impacted various domains, gaining
increasing attention in the financial landscape. In parallel, the growing interest towards
sustainability and responsible lending has led to the integration of ESG metrics into
companies’ ratings and creditworthiness considerations.

As financial institutions increasingly leverage advanced technologies to enhance their
decision-making processes, a diverse range of methodologies has emerged within the field of
ML for corporate scoring. This literature review aims to provide a comprehensive overview of
the current state of research, focusing on the application of traditional ML methods and LLMs
for assessing companies’ ratings.

A systematic approach has been employed to gather and analyze research spanning from 2015
to 2023, reflecting the recent interest and expansion of these topics and focusing on the most
current developments in the field. The exploration encompassed the following details:

- Electronic databases: Scopus, Science Direct, ResearchGate and Google Scholar.

- Search string: “Al” OR “GPT” OR “Large Language Models” AND “Machine Learning”
OR “Traditional Methods” AND “Credit Scoring” OR “Rating” OR “ESG”.

- Inclusion criteria: studies that specifically addressed the application of ML and Al in
credit scoring and those incorporating ESG metrics.

- Exclusion criteria: papers outside the period under analysis or with limited practical
application.

This review reveals a rising interest in innovative approaches to assess a company's
creditworthiness. Although traditional ML methods have undergone thorough analysis in the
realm of credit scoring and, in a lower degree, of ESG rating, there exists a dearth of research
on the application of LLMs to such use cases. Additionally, no studies have been identified as
directly comparing the efficacy of these methodologies within this domain. While the lack of
comprehensive comparative analyses highlights a research gap, the emerging relevance of
sustainability metrics in credit scoring stresses the relevance of conducting new analysis in
this field.

The outcome of the analysis delineates three major research trajectories. Firstly, a thorough
investigation into the application of traditional ML in the broader field of credit scoring
emerges as a central research pillar. Secondly, there is a discernible, yet minor, cluster of
papers delving into the application of ML within the domain of ESG scoring, reflecting the
recent but growing interest in embedding sustainability metrics into companies’ assessments.
Lastly, a smaller category involves the integration of Natural Language Processing (NLP) and
LLM in the broader context of finance and analysis of ESG reports and news.
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These three distinct groups not only serve as organizational pillars for the literature review
but also underscore the multifaceted nature of contemporary research in the field of credit
assessment and financial modelling.

2.1 TRADITIONAL MACHINE LEARNING IN CREDIT SCORING

The application of ML in credit scoring represents a substantial and cohesive area of study
within the broader field of credit scoring. The latter involves the use of analytical methods to
elaborate rating that signal creditworthiness, inform, and determine credit access and limits,
as well as loan rates. Central to this body of work is the exploration, enhancement, and
integration of various ML techniques aimed at improving the accuracy and efficacy of credit
scoring models.

In this context, a vast variety of techniques has been extensively analyzed and compared.
Simple linear classification models represent a widespread choice among credit institutions,
largely due to their accuracy, straightforward implementation, and high interpretability
(Lessmann et al., 2015).

Noteworthy is also the successful application of a broad range of ML techniques, with Decision
Trees (DT), Artificial Neural Networks (ANN), K-Nearest Neighbors (KNN), and Support Vector
Machines (SVM) being the most prominent. In this scenario, DT models emerge as favorable
performers in credit rating prediction, showcasing their superior accuracy compared to ANN
and SVM (Golbayani et al., 2020).

Novel approaches in the context of supervised learning have also gained a growing interest,
integrating elements of decision trees and logistic regression to create hybrid models designed
to improve predictive performance and maintain interpretability. For example, the application
of Penalized Logistic Tree Regression (PLTR) stands out for its ability to capture non-linear
effects while maintaining transparency and interpretability (Dumitrescu et al., 2022).

Beyond traditional supervised learning techniques, unsupervised learning has introduced new
dimensions to credit scoring methodologies. These applications demonstrate the potential of
unsupervised techniques to uncover hidden patterns in credit data, allowing for a deeper
understanding of the inherent relationships among data points, potentially revealing insights
that might be challenging to identify through traditional supervised techniques alone (Bao et
al., 2019). Next to that, ensemble models show significant performance in credit risk modelling
thanks to their ability to produce more robust classifiers. These ensemble methods combine
the predictions from all considered models, thereby enhancing overall predictive performance
(Feng et al., 2018).

The evolving landscape of credit scoring continues to highlight the importance of balancing
model accuracy and interpretability, a crucial factor in real-world financial decision-making
(Florez-Lopez et al., 2015). Overall, the popularity of logistic regression is attributed to its
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simplicity and transparency, while more complex ML models, including ensembles, offer
enhanced performance but often at the cost of reduced interpretability. Notably, recent
research underscores the potential of deep learning models in credit scoring, although their
application remains relatively limited (Dastile et al., 2020). This signals a need for further
exploration and application of advanced ML techniques, particularly within the realm of deep
learning, to refine and enhance credit scoring models.

2.2 MACHINE LEARNING IN ESG CREDIT SCORING

The recent surge in incorporating ESG metrics into corporate risk assessment and scoring has
sparked significant academic interest, with researchers increasingly exploring how ML
techniques, traditionally used for financial credit rating, can be applied to non-financial
factors. The industry interest progresses at the same pace as the availability of ESG scores
from major rating agencies, including Bloomberg, Fitch, MSCI, S&P and Moody’s. However,
differences in methodology and proprietary models often make these scores opaque and
difficult to interpret (Henriksson et al., 2019).

In this respect, many studies have tested the application of a broad range of statistical and ML
methods to predict ESG ratings. While linear regression is an intuitive and easily interpretable
method, research demonstrates that this approach might fall short in terms of performance
due to the complex nature of ESG data, presenting significant gaps in terms of coverage and
high noise especially in the case of smaller entities, less regulated industries, and emerging
markets (Licari et al., 2023). On the other hand, further research highlights that simple models
like Lasso and Ridge regularization can provide accuracy comparable to more complex models
such as ANN and Random Forest (RF), despite the complexity of ESG datasets, which are often
characterized by granular attributes, missing information, and variable redundancy (Del Vitto
et al.,, 2023). Nevertheless, these linear methods are subject to overfitting in highly
dimensional spaces, which may pose an issue when dealing with large datasets.

Advanced ML techniques have also been explored in this area, though to a lesser extent
compared to the research conducted on corporate rating models. Techniques such as DT, RF,
ANN, SVM, eXtreme Gradient Boosting (XGBoost), and Extreme Learning Machines (ELM) have
demonstrated to uncover complex patterns and hidden relationships that may be difficult to
identify using linear analysis methods.

Given the difficulty in accessing ESG data, an interesting research trajectory within this realm
involves predicting ESG scores through ML techniques primarily by leveraging financial
features. Among all, the RF algorithm registers a high prediction performance with respect to
the classical regression approaches based on Generalized Linear Models (GLM), showcasing
the ability to grasp the non-linear pattern of the predictors (D’Amato et al., 2021). Further
results have been achieved in the application of various supervised learning techniques such
as ELM, XGBoost, and SVM, which exhibit excellent performance and high accuracy when
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prediction ESG ratings (Lin et al., 2023). Significant results have been also registered through
the application of ensemble models constructed using Catboost, XGBoost and a feedforward
neural network (Krappel et al., 2021), resulting in outperforming previous approaches.

In essence, these collective endeavors within ML in ESG scoring delineate a trajectory towards
more sophisticated and comprehensive assessments integrating sustainability metrics. By
harnessing advanced algorithms and adopting novel methodologies, these studies underscore
the evolving trends within financial research, offering a glimpse into the potential of ML in the
context of ESG scoring.

2.3 NATURAL LANGUAGE PROCESSING AND LARGE LANGUAGE IMODELS IN FINANCE

Research on the application of NLP has primarily focused on extracting insights into ESG from
textual information. However, to the best of our knowledge, no studies have utilized these
methods to predict ESG scores employing non-textual ESG data.

One notable trend in this field involves using transformer-based language models to analyze
ESG-related news data (Guo et al., 2020). Efforts towards this have seen the application of
NLP, such as Bidirectional Encoder Representations from Transformers (BERT), to extract
useful information from unstructured text data in social media and enhance ESG rating
predictions. Despite these advancements, the precision and recall of such methods showed to
be around 60%, indicating room for improvement in accurately capturing and interpreting
ESG-related data from diverse text sources (Sokolov et al., 2021). Another significant study
focuses on integrating NLP to address challenges such as discontinuity, imprecision, and time
lag in original ratings. This research develops a multi-factor model to extract keywords from
financial reports and counting their corresponding frequencies to construct percentage ESG
ratings. The resulting model surpasses traditional ones in return rates, demonstrating the
effectiveness of innovative methods in rating predictions and emphasizing the interpretability
and predictive power of NLP models (Dong, 2023).

In the exploration of LLMs and Al within the broader financial domain, recent research has
shed light on both their capabilities and limitations. One study engages with GPT-3 in a
dialogue on climate finance, showcasing the model's eloquence but also highlighting its
tendency for factual inaccuracies, a phenomenon known as hallucination, indicating instances
where responses may lack grounding in facts (Leippold, 2023). This underscores the need for
improved accuracy and reliability in LLMs. Additionally, research on financial reasoning in
LLMs examined their proficiency in contributing to financial thinking and decision-making.
With focus on various aspects, including task formulation, synthetic data generation,
prompting methods, and evaluation capabilities, it emerged that coherent financial reasoning
improves with better instruction or larger datasets (Son et al., 2023).

These studies underscore the promise of LLMs in contributing to financial discourse, whether
in addressing climate finance matters or engaging in sophisticated financial analysis. However,
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they also delineate the inherent limitations of these models, particularly the risk of
hallucination and the need for continued refinement.

Overall, the dichotomy between traditional ML methods and LLMs unveils distinct strengths
and weaknesses shaping their applicability in financial contexts. Traditional ML methods,
including logistic regression and decision trees, boast simplicity, interpretability, and
transparency as key strengths, providing a clear understanding of the factors influencing
scoring decisions. However, simpler traditional methods exhibit limitations, as they may
struggle to capture complex, non-linear relationships within data, hindering their ability to
model more subtle patterns. In addition to that the risk of overfitting and the sensitivity to
imbalanced datasets represent other weaknesses, as these methods might produce biased
models in such scenarios.

On the other hand, LLMs unlock new opportunities, enabling the analysis of textual
information in financial reports, news, and other complex narrative information, of relevance
in the ESG field. This proficiency provides a more comprehensive understanding of
creditworthiness. Yet, LLMs come with their set of disadvantages, as their black-box nature
raises concerns about interpretability, making it challenging to understand the decision-
making process within these models and, consequently, posing questions about accountability
and transparency. Additionally, the risk of hallucination in LLMs is a notable concern,
emphasizing the need for caution in relying solely on their outputs for critical financial
decisions.

The current literature review highlights a notable interest in the intellectual community in
measuring and comparing various algorithms aimed at enhancing decision-making processes
in the field of ESG and credit scoring. Researchers demonstrated a keen focus on evaluating
the efficacy and applicability of different algorithms to improve the accuracy and reliability of
models used in financial assessments.

The present research aims to align with this trajectory of evaluating and comparing various
algorithms for decision-making in ESG rating. However, it seeks to address a research gap that
remains despite substantial progress in the exploration of traditional ML and LLM in this
domain. While the existing literature highlighted the strengths and limitations of traditional
ML and, to a smaller extent, of LLMs, it falls short in providing a comprehensive analysis of
how they measure up against each other in terms of interpretability, effectiveness, and their
prediction power.

Furthermore, no research has been found regarding the ability of LLMs to analyze quantitative
data. Therefore, this thesis seeks to contribute to the current research landscape, by
evaluating and comparing the performance of traditional ML and LLMs in the context of
sustainability, thereby bridging the existing gap and offering practical insights for practitioner
and researchers.
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3 METHODOLOGY

This chapter delineates a comprehensive overview of the quantitative methodology employed
to compare traditional ML methods with LLMs, namely GPT-4, in the context of ESG scoring.
All RQs aim to compare the performance of traditional ML with the one of Generative Al. The
sections that follow outline the RQs, present the data utilized, provide a detailed explanation
of the study design, and cover the theoretical foundations supporting this study, as well as
aspects of data processing and implementation.

3.1 THEORETICAL BACKGROUND — ALGORITHM AND LLM SELECTION

To determine which approach offers superior accuracy, reliability, and interpretability in
evaluating ESG score, this study leverages on previous research demonstrating the improved
performance of ensemble strategies over single ML credit scoring models. Therefore, this
research evaluates the strengths, limitations, and performance benchmarks of combined ML
methods vis-a-vis LLMs, rather than directly comparing LLM methods against individual
traditional ML methods.

Ensemble learning, by combining multiple ML models, allows to produce enhanced predictive
performance compared to a single model. This method does not only notably improve
accuracy and robustness to avoid overfitting and mitigating bias and variance, but also takes
advantage of complementary model features. The underlying idea is that different models
may capture diverse patterns or biases in the data, and by aggregating their predictions, the
ensemble model can compensate for individual model weaknesses and produce better overall
performance. Furthermore, ensembles are proved to generalize better to unseen data.

Voting is the ensemble technique employed in the current study. As shown in Figure 1, this
method aggregates the predictions from multiple models to reach a final estimate. Soft voting,
also known as weighted voting, was deemed as suitable for the current study as it observes
the probability scores of each base model for each class and combines the predictions by
calculating the weighted average of these probabilities and then selecting the model with the
highest weighted probability.

Class 1:10% |
Class 2: 80%
/,’ Class 3: 10%
p ./ Class 1: 1% We,mgei
training set J/—{ classifier 2 | Class 2:85% |, Soft C:BSS :_12%:'0 ———{final prediction: Class 2
. Class 3: 14% Voting Class 2:76.7%
Class 3: 11.3%
Class 1: 25%
classifier 3 Class 2: 65%
Class 3: 10%

Figure 1 - Ensemble Soft Voting Prediction.

19



This technique has been selected as it offers several advantages, including increased
robustness, improved generalization, as well as simple implementation and computation
efficiency (Géron, 2019).

3.2 SuUPPORT VECTOR MACHINE

Support Vector Machine is a supervised machine learning algorithm employed for both linear
and non-linear classification tasks. Figure 2 illustrates the functioning of the SVM algorithm,
which classifies data by delineating an optimal line or hyperplane that maximizes the distance
between each class in a given space. The number of features used as input determines if the
hyperplane is a line in a 2-D space or a plane in a n-dimensional space. The objective of the
algorithm is to find a hyperplane that separates data points of one class from those of another
class with the largest margin between the two classes, which represents the maximal width
of the slab parallel to the hyperplane that has no interior data points. As SVM is a non-
probabilistic model, it does not provide probabilities, whereas it outputs the distance from
the hyperplane, which can be used as a measure of confidence in the prediction, and this can
be transformed into a probability score using the logistic function.

X2
margin support vectors

decision _ e,
boundary | —— .

(@
hyperplane /. hyperplane for
for ﬂrst/ O /second class
class @ ° :

X1

Figure 2 - Support Vector Machine Algorithm.

Overall, SVM have been selected for the study as they represent a powerful tool for
predictions in contexts where the target variable and the input features unveil complex
relationships (Abdullah et al., 2021).

3.3 DECISION TREES

Decision Trees are a non-parametric supervised learning method used also for classification
tasks. The algorithm is based on a recursive partitioning of the data into smaller subsets on
the basis of the feature that is deemed as most informative. This process typically results in a
tree-like structure, where each internal node of the tree represents a decision based on the
value of a feature, and each leaf node represents a class label or a continuous value. In Figure
3, the process is depicted, showcasing DT hierarchical structure for making decisions. The
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splitting is based on a set of splitting rules built on the classification feature and it usually
works top-down, by choosing the variable that best splits the observations at each step. The
partition criteria observe the feature that maximizes the information gain or minimizes the
impurity, which is translated into a homogenous node and is calculated using measures such
as entropy or Gini impurity.
condition
@ Y
Decision node

< 4

pran ch alternatives 5y, o

N F h

Decision node Decision node
\ 4 < 4

‘ Leaf \ Leaf | Leaf | Leaf |

Figure 3 - Decision Tree Algorithm.

Decision trees have been selected due to their high interpretability, their capability of treating
both numerical and categorical features in high dimensional spaces, their robustness against
collinearity, their non-parametric nature, resulting in no need of assumptions about the shape
of the underlying data distribution. However, it is important to note that they may be subject
to overfitting, especially in cases in which the tree is too complex (Kotsiantis, 2013).

3.4 K-NEAREST NEIGHBORS

K-Nearest Neighbors is a non-parametric supervised learning algorithm also employed for
classification problems. This method relies on a distance metric and is based on the primary
assumption that similar points can be found close one another. As presented in Figure 4, it
assigns a class label on the basis of the one that is most frequently represented around the k
nearest neighbors of a data point. The k value is an hyperparameter and defines how many
neighbors will be checked to determine the classification. This value is dependent on the
nature of the variables, therefore input data with more outliers or noise is usually associated
to higher values of k, which though can also lead to over-smoothing and poorer performance
on test data. On the other hand, a smaller value of k can capture local structure better but
may be sensitive to noise and outliers. Different distance metrics can be selected to run the
algorithm, with the Euclidean distance being the most common method employed.
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Figure 4 - K-Nearest Neighbors Algorithm. (Lanza, 2024)

As the other ML models outlined in the present chapter, the KNN has been selected for its
simplicity and high interpretability. Additionally, being it a so-called lazy learning algorithm, it
does not require an explicit training phase. Nevertheless, KNN may exhibit computational
inefficiency with large datasets, as it needs to calculate the distance between a new data point
and the entire training set, it can become slow as the size of the training data grows (Deng,
2016).

3.4.1 LARGE LANGUAGE MODEL VIA API (GPT-4)

LLMs are deep learning algorithms that use the transformer-based architecture, which
converts text into numerical representations, also known as tokens, which are then converted
into vectors. Through a multi-head attention mechanism, at each layer, tokens are
contextualized within the scope of their context window, allowing the signal for key tokens to
be amplified and less important tokens to be diminished. In other words, the transformer
encompasses multiple layers of self-attention mechanisms, which enables the model to weigh
the significance of each token in the input sequence concerning others, thereby capturing
intricate linguistic patterns and semantic relationships. The model generates text by
maximizing the likelihood of predicting the correct next token in each sequence (maximum
likelihood estimation - MLE), following the probability distribution learned from the data it is
trained on. This structure is exemplified in Figure 5 and lays the ground to the family of NLP
tasks, which enables computer programs to understand and generate natural language
autonomously (Haleem et al., 2022).
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Figure 5 - GPT Model Architecture.

In this context, Generative Pre-trained Transformer 4 (GPT-4) is a large multimodal model
created by OpenAl, accepting both text and image data as input. Before being released the
model undergoes a pre-training phase, conducted by the provider, on massive sets of text,
using both publicly available data and data licensed from third-party providers. After the
deployment, the model is fine-tuned via reinforcement learning from human feedback and
prompts. Specifically, GPTs can be refined on specific tasks, such as ESG rating prediction in
this study, adjusting its parameters to optimize performance on the target task.

3.5 DATA

The dataset employed in this study is sourced from two primary providers: Urgentem, an
independent entity specializing in carbon emission data and climate risk analytics for the
finance sector, and Moody's, a leading global rating agency that provides in-depth insights
into company-level ESG risks. Together, these sources contribute to a dataset that includes
detailed information on more than 1,400 entities, covering over 200 specific ESG indicators.
These indicators cover a wide array of critical areas, including corporate governance, diversity
and inclusion, carbon emissions and intensity, impact metrics, and ethical standards.

The ESG ratings are taken from Moody’s, which supplies both overall scores aggregating all
components and individual issuer profile scores for each ESG category. These scores are
utilized as the output variables in the study’s model. The input features of the dataset are
categorized into two types: granular and aggregated. The granular data, procured from the
Urgentem database, encompass detailed measurements of carbon emissions, tracking of
carbon intensity, and specific metrics evaluating environmental impacts. This level of detail
allows for an exhaustive analysis of each entity's environmental performance and its overall
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contribution to climate risk. Additionally, Moody’s provides issuer category scores for the E,
S, and G dimensions, which enrich the analysis by offering a detailed view of performance in
these specific areas.

The structure and composition of the dataset are depicted in Figure 6, which illustrates the
depth and breadth of the information gathered, outlining how both the granular and
aggregated data come together to form a comprehensive dataset. This structured approach
to data collection is essential for analyzing the complex interplay of ESG factors and for
assessing how different data layers impact the performance of financial models in real-world
scenarios. The full list of variables used in the study can be consulted in the Appendix A.

URGENTEM MOODY'S MOODY'S
COMPONENTS GRANULAR DATA ISSUER CATEGORY SCORES ISSUER PROFILE RATINGS
expressed on 5-point scale expressed on 5-point scale
maximum emissions intensity physical climate risks
E intensity average carbon transition
i\ maximum emissions intensity ! water management
Environmental reported emissions intensity natural capital
i absolute average waste and pollution

maximum emissions average
customer relations

S : : human capital
demographic and societal trends S Issuer Profile Score

Socia : ' health an

responsible production

G : : financial strategy and risk management
' : management credibility
Governance . H boar icture and policy G Issuer Profile Score

organiz onal structure
compliance and reporting

Figure 6 - Dataset composition.

3.6 RESEARCH QUESTIONS

The models presented in the previous section have been tested on the basis of three main
research questions. Each RQ outlined in the following paragraph is designed to test how the
models handle common challenges and complexities inherent to the data. Specifically, as
shown in Figure 6, they delineate a number of classification problems in the realm of ESG
rating under diverse conditions, such as varying levels of dimensionality, granularity, and
noise, in order to investigate the behavior and performance of traditional ML approaches vis-
a-vis LLMs under distinct conditions.
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Figure 7 - Visualization of Study Design Research Questions.

3.6.1 RQ 1 - HOw DO TRADITIONAL METHODS AND GPT-4 COMPARE WHEN PREDICTING THE
ENVIRONMENTAL SCORE IN A NOISY AND HIGH DIMENSIONAL SPACE?

- Aim: the objective of this RQ is the prediction of the environmental score, namely the
environmental component of the ESG rating.

- Data: in this RQ, a highly complex dataset with substantial dimensionality, granularity,
and noise is employed. The dataset's complexity is further emphasized by its diverse
units of measurement, as well as the presence of numerous missing values, requiring
advanced data pre-processing techniques.

Key variables related to carbon emissions include:

- Intensity average: the ratio of total greenhouse gas emissions (in CO2
equivalents) to economic output, standardizing emissions data across
companies.

- Maximum emissions intensity: the highest recorded emissions intensity over a
specific period.

- Reported emissions intensity: emissions intensity as reported by companies
based on their activities.

- Absolute average: the average of absolute emissions values reported over a
period.

- Maximum emissions average: the highest average of absolute emissions
recorded over a specific timeframe.

These variables provide a comprehensive view of environmental performance across
different scopes, including Scope 1, 2, and 3 emissions?.

! Scope 1 emissions refer to direct greenhouse gas (GHG) emissions from sources owned or controlled by
the company, such as fuel combustion in company vehicles. Scope 2 emissions are indirect GHG emissions from
the generation of purchased electricity, steam, heating, and cooling consumed by the company. Scope 3
emissions include all other indirect GHG emissions that occur in the value chain of the company, such as those
from business travel, waste disposal, and product use.
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3.6.2 RQ 2 — HOw DO TRADITIONAL METHODS AND GPT-4 COMPARE WHEN PREDICTING ESG
SCORE COMPONENTS IN A LOWER DIMENSIONAL SPACE ALSO PRESENTING CLASS IMBALANCE?
- Aim: the objective of this RQis to predict Environmental (E), Social (S), and Governance
(G) scores separately, as well as the overall ESG rating.
- Data: this RQ tests the models using a dataset with lower dimensionality and
aggregated data. The target variables here are predicted using intermediate indicators
(issuer profile scores) scored by Moody’s, whose values range from 1 to 5, as
exemplified by Figure 6. In this scenario, the data reveals class imbalance, particularly
in the governance score, which exhibit the highest level of disproportion.

The indicators cover a wide range of dimensions, including:

- Environmental: physical climate risks, carbon transition, water
management, natural capital, waste, and pollution.

- Social: customer relations, human capital, demographic and societal
trends, health and safety, responsible production.

- Governance: financial strategy and risk management, management
credibility, board structure, organizational structure, compliance, and
reporting.

3.6.3 RQ 3 — HOw DO TRADITIONAL METHODS AND GPT-4 COMPARE WHEN PREDICTING ESG
SCORE WITH SCARCE INFORMATION?
- Aim: the objective of this task is to predict the overall ESG rating using partial E, S, G
scores
- Data: in the final RQ, the target variable is estimated using intermediate E, S, and G
scores, instead of direct indicators. Specifically, the overall ESG score is predicted using
just three data points: the E, S, and G scores provided by Moody’s.
Each RQaims at providing insights into how each approach manages the complexities inherent
in ESG data.

3.7 STUDY DESIGN
The analysis was structured in the following four main phases, represented in the diagram in
Figure 8:

1. Phase | — Data collection and preparation
2. Phase Il — Modelling
3. Phase lll — Validation
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4. Phase IV — Comparative Analysis and Evaluation

These phases were adapted from the Design Science Research (DSR) methodology, which
typically outlines a structured approach to developing and evaluating innovative solutions to
practical problems. In this adaptation, the steps were tailored to fit the specific objectives and
context of the research, while DSR traditionally includes six steps.

Furthermore, the research methodology employed in this study followed a dual approach.

- Manual application: this refers to the execution of the analysis using traditional
methods and tools, primarily using the Python programming language. In this
approach, the entire analytical process, from data preparation to model development
and evaluation, was performed manually.

- Automated analysis via GPT: parallel to the manual approach, the same analysis was
carried out by prompting GPT-4. This involved interacting with the GPT-4 model,
guiding it through the same stages of analysis as the manual application, and using its
responses to perform the necessary tasks. Being the testing conducted from March to
July 2024, GPT-4, launched by OpenAl on March 13, was used.

Dataset

Splitting
(Test, Training,
Validation Set)

Dafa
Data Collection Pre-Processing

Phase | - Data Preparation

Ensemble Large
Tradidional ML Language
Methods Madel

Phase Il - Modelling

Study Design

K-fold cross
validation

Phase Il - Validation

y

Comparafive
analysis and

Evaluation

Phase |V - Evaluation

Figure 8 - Study design.
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These phases are explained in the following sections. While the manual approach is described
in detail, outlining the framework and specific steps taken, for the process involving GPT-4,
only a brief overview is provided. Although the initial prompts adhere to the same
methodological framework, the subsequent iterative steps - such as how GPT-4 handled pre-
processing and modeling - are considered part of the implementation due to the flexibility
given to the model.

3.7.1 PHASE | — DATA COLLECTION AND PREPARATION

Data Dataset Splitting

Data Collection

Pre-Processing (Test, Training,
Validation Set)

Figure 9 - Phase |, Data Collection and Preparation.

The data collection step is described in detail in Paragraph 3.5.

3.7.1.1 MANUAL DATA PRE-PROCESSING
Given the complex and high-dimensional nature of the dataset presented in RQ 1, it required
a meticulous approach to data preprocessing and dimensionality reduction.

A critical aspect of preprocessing involved addressing zero and missing values. Columns with
a high proportion of zero values were evaluated; those exceeding a predefined threshold (i.e.,
30%) were discarded as they likely lacked informative value. For other columns, zero values
were replaced with missing values (NaNs) to prepare for imputation. This approach
acknowledges that zeros in certain contexts may represent missing information rather than
actual measurements.

Missing numerical values were imputed using the K-Nearest Neighbors Imputer. This method
fills in missing data points by averaging the values of the nearest neighbors in the dataset. This
technique preserves the inherent relationships and structure of the data, offering a more
robust alternative to simpler imputation methods like mean or median imputation. Numerical
features were standardized using the Standard Scaler, which transforms the data to have a
mean of zero and a standard deviation of one. Standardization is essential to ensure that all
features contribute equally to the analysis, especially in distance-based algorithms, which are
sensitive to the scale of input features.

Categorical variables were transformed into binary vectors through one-hot encoding. This
step converts categorical data into a numerical format that can be effectively utilized by most
machine learning algorithms, ensuring that categorical differences are accurately represented
in the analysis. Given the high dimensionality of the dataset, Principal Component Analysis
(PCA) was employed to reduce the number of features while retaining 95% of the variance in
the data. PCA transforms the data into a new set of orthogonal components, simplifying the
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dataset without significantly compromising the informational content. This reduction
mitigates the curse of dimensionality and enhances computational efficiency, making the
subsequent analysis more manageable and interpretable. An overview of these key variables
can be found in Appendix A, providing insight into the specific attributes pivotal for the ESG
scoring model.

3.7.1.2 GPT-4 DATA PRE-PROCESSING

In this study, GPT-4's ability to handle data pre-processing tasks was evaluated with a high
degree of flexibility. The model was provided with a raw dataset in CSV format from Urgentem,
along with an additional dataset containing the full descriptive names of the columns. This
supplementary dataset was necessary as the primary dataset used coded column names.
Furthermore, a brief indication regarding the content of the dataset has been provided to
guide the model in further understanding the data and generating relevant responses.

Task Description: the dataset | provided you as input is focused on ESG. Refer to the
attached file "Urgentem Variable names and codes (Emissions dataset)" for a detailed
description of all variables.

Details on GPT-4 performance can be found under the section named GPT-4 Pre-processing.

3.7.2 PHASE Il — MODELLING

Ensemble
Tradidional ML

Large

Language

Methods Model

Figure 10 - Phase Il, Modelling.

As depicted in Figure 10, Phase Il involves the modelling techniques applied to the datasets
Following the literature review results, two different combinations of traditional ML models
have been compared to the application of a LLM via API.

3.7.2.1 ENSEMBLE MODELLING

1. Decision Trees and K-Nearest Neighbors (DT-KNN): the first ensemble model adopts
Decision Trees and K-Nearest Neighbors as base learners. As presented above, DT and
KNN were selected as base learners due to their simplicity, interpretability, and
complementary characteristics. In this respect, the DT well capture non-linear
relationships among features, while the KNN is effective in extrapolating local patterns
and outliers. This combination aims to strike a balance between bias and variance,
potentially leading to more stable predictions.

2. Decision Trees, K-Nearest Neighbors, and Support Vector Machines (DT-KNN-SVM): the
second ensemble model includes SVM as an additional base learner alongside DT and
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KNN, to incorporate a powerful model capable of capturing complex relationships in the
data. SVMs excel in handling high-dimensional data and non-linear decision boundaries,
complementing the capabilities of DT and KNN and potentially improving its overall
generalization abilities. The training and prediction steps were similar to the DT-KNN
approach, but this time, the ensemble included predictions from SVM as well. The Meta
Model LR was used to combine the predictions of the base models, learning the optimal
weights to assign to each base model's prediction to create a final ensemble prediction.

3.7.2.2 LARGE LANGUAGE MODEL VIA API (GPT-4)

For the LLM, a distinct approach was pursued. To further enhance GPT-4's capabilities for
predicting ESG ratings, the model was asked to execute a task based on the dataset given as
input.

The model was prompted to execute a task based on a provided dataset with the following
instructions:

Task Description: the dataset | provided you as input is focused on ESG ratings, and |
need your assistance in developing a predictive model to classify the environmental
score’. Here is how you should proceed:

First, divide the dataset into three subsets: training, validation, and testing set. Ensure
that the data is randomized before splitting to prevent any potential bias. Select the
variables you deem more appropriate for the task.

Following this, develop a model, by choosing any algorithm(s) you find suitable and
provide a justification for your choice. After developing the model, validate it using the
validation set. This step includes tuning hyperparameters and evaluating the model's
performance on the validation subset. Throughout the process, at every significant
step, provide a Python (.py) file containing the detailed operations performed.

Details on how GPT-4 handled the task can be found under the section named GPT-4 Model
modelling.

3.7.3 PHASE lll = VALIDATION
In Phase lll, the predictive performance of the selected machine learning models was
validated.

3.7.3.1 ENSEMBLE MODELLING VALIDATION
The ensemble models underwent validation using a robust and widely embraced technique
known as K-fold cross-validation (CV). This method ensures a thorough evaluation of the

2 This prompt has been used for the RQ 1. The same structure has been used for the other RQs, but it has
been tailored based on the output variable.
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models' performance while mitigating potential biases. K-Fold CV was chosen for its numerous
advantages, including its robustness in providing a more accurate model performance
estimate, its efficient use of data, its ability to avoid overfitting, and its facilitation of
hyperparameter tuning.

To commence the validation process, the dataset underwent a shuffling procedure aimed at
reducing any inherent biases. Subsequently, the dataset was partitioned into K subsets or
"folds" with each one rotating as the validation set while the remaining ones served as the
training data. This process iterated K times, ensuring each subset could serve as both training
and validation data.

During each iteration of the K-fold CV process, a suite of performance metrics, including
accuracy, precision, recall, F1-score, and ROC-AUC, were calculated to gain comprehensive
insights into the models' predictive ability across various evaluation criteria. Upon completion
of all K iterations, the performance metrics obtained from each fold were aggregated and
averaged. This combination allowed for the estimation of the ensemble models' expected
performance on unseen data, providing a robust indication of their predictive efficacy and
generalization capability.

In view of optimizing the model performance, hyperparameter have been tuned as it follows.
Hyperparameters are external to the model and cannot be learned from the training data.
Instead, they must be set before training begins. Properly tuning these parameters can
significantly improve model accuracy and generalization. The hyperparameters for DT, KNN,
and SVM models were carefully chosen for this study to explore a wide range of combinations
and ensure optimal performance.

Decision Tree

The Decision Tree algorithm has several hyperparameters that influence its performance. The
following parameters shown in Table 1 were selected for tuning:

- max_depth: controls the maximum depth of the tree, effectively limiting how many
splits can be made. This parameter helps in balancing model complexity and
overfitting.

- min_samples_split: specifies the minimum number of samples required to split an
internal node. This prevents the model from making splits based on a very small
number of samples, thus reducing overfitting.

Table 1 - DT Hyperparameters Selection

Parameter Values Description
max_dept None, 10, 20 None: no limit; 10, 20: restrict the tree depth.
min_samples_split 2,5,10 Minimum samples needed to split a node.
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k-Nearest Neighbors

KNN's primary hyperparameter is the number of neighbors (n_neighbors). This determines
how many nearest neighbors are considered when classifying a data point. The parameters
selected for the hyperparameter tuning for the KNN algorithm are displayed in Table 2.

Table 2 - KNN Hyperparameters Selection

Parameter Values Description

n_neighbors 3,5,7 Number of neighbors to use for classification.

Support Vector Machine

SVM models have several important hyperparameters that affect their performance. The
parameters chosen for tuning are shown in Table 3 and include:

- C: the regularization parameter. It controls the trade-off between achieving a low
training error and a low testing error.
- gamma: defines the influence range of a single training example. It impacts the
decision boundary shape in the model.
Table 3 - SVM Hyperparameter Selection

Parameter Values Description
C 0.1,1,10 Regularization parameter: lower values prioritize simpler models.
gamma scale, auto scale: Uses 1 / (humber of features * variance of features);

auto: Uses 1 / number of features.

The parameters were selected to provide a comprehensive exploration of each model's
potential configurations, ensuring that both simple and complex models were considered:

- Decision Tree: the max_depth and min_samples_split parameters help control the
tree's complexity. Limiting tree depth and requiring more samples for splits can
prevent overfitting, thus improving generalization.

- k-Nearest Neighbors: the choice of neighbors affects the model's sensitivity to local
variations. Fewer neighbors can capture detailed patterns but may overfit, while more
neighbors can generalize better but might miss finer details.

- Support Vector Machine: the C parameter balances the trade-off between model
complexity and error minimization. The gamma parameter influences how the model
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interprets the data's complexity, with lower values allowing for a more global view and
higher values focusing on local structures.
The selection balances the risk of overfitting with the need for accurate and generalized
predictions. The tables above summarize the specific values explored during the tuning
process.

3.7.3.2 LLM VALIDATION

Since it is a pre-trained LLM, GPT-4 underwent extensive validation during its training process
by OpenAl. However, when the LLM is fine-tuned for a specific task, such as predicting ESG
ratings, additional validation steps are necessary to ensure the effectiveness of the model
employed in the context of the new task. Details on how GPT-4 handled this task can be found
under the section called GPT-4 Model modelling.

3.7.4 PHASE IV — COMPARATIVE ANALYSIS AND EVALUATION
Once the model was validated, a comprehensive comparative analysis and evaluation of the
models' performance were conducted, employing a range of standardized metrics and criteria.

3.74.1 QUANTITATIVE INDICATORS
Several key performance metrics were utilized to assess the models' predictive capabilities.
These metrics offered insights into various aspects of models’ performance.

Accuracy: it measures the proportion of correctly classified instances to all instances,
providing an overall assessment of predictive correctness.

True Positive + True Negative (1)

Accuracy =
Y Total Instances

Recall: also known as sensitivity, it evaluates the models’ ability to correctly identify positive
samples, crucial for tasks where identifying all positive instances is imperative.

True Positive (2)

Recall =
eca True Positive + False Negative

Precision: it quantifies the proportion of instances classified as positive that are truly positive,
offering insights into the model's precision in positive predictions.

True Positive (3)

Precision =
True Positive + False Positive
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Fl-score: representing the harmonic mean of precision and recall, the F1-score captures the
trade-off between these two metrics, offering a balanced assessment of models’
performance.

Precision * Recall (4)

F1-S = 2
core * Precision + Recall

ROC-AUC: the Receiver Operating Characteristic-Area Under the Curve (ROC-AUC) assesses
the models’ ability to differentiate between classes by plotting the true positive rate against
the false positive rate across different threshold values, with a higher AUC indicating superior
performance.

ROC — AUC = Area Under ROC Curve (5)

3.7.4.2 QUALITATIVE INDICATORS
Next to quantitative metrics, a list of qualitative indicators was utilized to assess other
important features an optimal model should have.

- Interpretability: it refers to the ability of a model to explain its predictions or decisions
in @ human-understandable way. Interpretability can help in building trust with
stakeholders, providing insights into how the model works, and identifying potential
biases or errors.

- Scalability: it measures how the performance of a model changes as the size of the
data or the complexity of the task increases. It is important for a model to be able to
handle large datasets and complex tasks efficiently. This can involve considerations
such as processing time, memory usage, and computational resources required.

- Usability: it focuses on how easy it is to use and deploy the model. For instance, a
model that requires extensive pre-processing or complex feature engineering might
be less usable than one that can handle raw data more effectively. Usability also
involves considerations about how user-friendly the model is, both for developers
implementing the model and for end-users who interact with it.

- Robustness: it refers to a model’s ability to maintain its performance under different
conditions, such as noisy or adversarial inputs, or changes in the underlying
distribution of the data. It's important for a model to be robust to ensure reliable
performance in real-world scenarios.
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3.8 DATA PRE-PROCESSING

3.8.1

MANUAL PREPROCESSING

As described in the methodology chapter, in the manual analysis the data preprocessing

involved the following key steps.

3.8.2

Treatment of missing values: given the high noise within the dataset, NAs have been
addressed by applying the KNN Imputer. This method averaged the values of the
nearest neighbors to impute missing data points, preserving the inherent relationships
in the dataset.

Standardization: numerical features were standardized using the Standard Scaler,
ensuring that all variables had a mean of zero and a standard deviation of one, which
is crucial for the performance of distance-based algorithms.

One-Hot encoding: categorical variables were transformed into binary vectors through
one-hot encoding, making them suitable for use in machine learning models.
Dimensionality reduction: PCA was employed to reduce the number of features while
retaining 95% of the data’s variance, mitigating the high dimensionality and enhancing
computational efficiency.

GPT-4 PRE-PROCESSING

As GPT-4 had a high degree of autonomy in deciding the steps to take due to the flexible

prompting approach, the preprocessing techniques it employed varied slightly between

different runs. Nevertheless, the results presented in this section represent the most common

approach selected for completing the task.

Treatment of missing values: after loading the raw dataset and examining variable
descriptions, GPT-4 initially applied mean imputation for numerical features and mode
imputation for categorical features. While simple, this approach led to high
approximations in columns with numerous missing values, introducing risks such as
bias and distortion in the data due to artificial homogeneity, which not only increases
the risk of overfitting, but also the risk of missing the true complexity and variance of
the underlying data. To refine this approach, the model was prompted to reconsider
its initial imputation strategy. When asked for confirmation, GPT-4 was guided to use
K-Nearest Neighbors imputation, thereby reducing the likelihood of introducing
theoretical issues and ensuring comparability of results across traditional methods,
where KNN was adopted for handling missing values.

Feature selection: in terms of feature selection, GPT-4 displayed varied behaviors
across different iterations. Often, it chose to use the entire set of variables without
performing any dimensionality reduction techniques. In fact, by applying the Random
Forest algorithm, as explained in more details in the next paragraph, GPT-4 allowed
the model to inherently rank features based on their importance by measuring the
reduction in impurity each feature provided across the trees. The random feature
selection process within each tree helped to mitigate the effects of high dimensionality
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and reduced the likelihood of irrelevant features dominating the model. When guided
to apply its domain knowledge, GPT-4 sometimes selected a subset of features based
on their correlation matrix and their expected contribution to the prediction of the
rating. When selecting the variables for the computation of E, S and G score
respectively, under RQ 2, GPT-4 autonomously selected the variables for each
prediction by initially assessing their correlations and identifying those most relevant
to the component based on their names.

3.9 IMPLEMENTATION - MODEL SELECTION, TRAINING, AND EVALUATION

3.9.1 MANUAL MODELLING
In the manual approach, traditional machine learning models were trained and evaluated as
follows.

- Model selection: based on the field research conducted beforehand, the study
employed SVM, DT and KNN as the base models. Additionally, ensemble learning
techniques were applied to combine these models using soft voting.

- Hyperparameter tuning: hyperparameters for each model were tuned using grid
search methods to optimize performance. In view of optimizing the model
performance, hyperparameter have been tuned following the configurations
presented in Table 1, Table 2 and Table 3.

- Validation: K-fold CV was used to validate the models. Performance metrics such as
accuracy, precision, recall, F1-score, and ROC-AUC were computed for drawing the
final insights on the performance.

3.9.2 GPT-4 MODELLING

As for the data processing phase, GPT-4 had a high degree of autonomy in deciding which
model to adopt for the prediction in each RQ, the preprocessing techniques it employed varied
slightly between different runs. Nevertheless, the results presented in this section represent
the most common approach selected for completing the task.

- Model selection: GPT-4 proposed using a classification model, suggesting options like
Random Forest, Gradient Boosting, and XGBoost. However, it frequently
recommended the Random Forest model for this task. Consequently, this model was
chosen to evaluate GPT-4's performance. As the models selected for the manual
analysis, the RF is a well-known ensemble learning technique, that constructs multiple
decision trees during training and outputs the average or majority vote of their
predictions for classification. Random Forest uses bagging, where each tree in the
forest is trained on a random subset of the training data. This means each tree sees a
different portion of the data, which helps reduce overfitting. The reasoning provided
by GPT-4 for this choice revolves around the fact that Random Forest is known for its
robustness and versatility, performing well across a wide range of tasks. It effectively
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handles both categorical and numerical features once they are encoded, making it
adaptable to various types of data. Additionally, compared to more complex models
like neural networks, RF is relatively easy to train and tune. It also provides strong
performance with minimal initial tuning, which is beneficial for early evaluations. Given
these strengths, Random Forest often serves as a reliable baseline and is frequently
the final model selection for many predictive tasks.

Hyperparameter tuning: GPT-4 initially defined a parameter grid for the RF model,
which included the following hyperparameters and their respective values:

Hyperparameter  Values Description
n_estimators [100, 200, 300] Number of trees in the forest.
max_depth [10, 20, None] Maximum depth of each tree. None means nodes

are expanded until all leaves are pure.

min_samples_split [2, 5, 10] Minimum number of samples required to split an

internal node.

min_samples_leaf [1, 2, 4] Minimum number of samples required to be at a
leaf node.
bootstrap [True, False] Whether bootstrap samples are used when

building trees.

Validation: this grid covers a broad range of potential configurations, from less
complex models (fewer trees, shallow depths) to more complex ones (more trees,
deeper depths). A 3-fold cross-validation was adopted, splitting the dataset into three
parts and the model was trained and validated three times, each time using a different
part of the data for validation and the remaining parts for training.
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4 RESULTS

This section provides a comprehensive overview of the main outcomes of applying two
different approaches, traditional ML methods versus LLM (GPT-4), for the prediction of ESG
scores under the conditions presented in the RQs, illustrating the results obtained for each
B Accuracy M Precision MRecall BF1Score BROCAUC
0.92 0.92 0.92 0.91

RQ.
09 0.98
0.9
0.83 0.83 0.83 0.82
IIIII IIII| 078077077076|

DT + KNN DT + KNN + SVM LLM (Random Forest)

4.1 QUANTITATIVE PERFORMANCE COMPARISON
4.1.1 RQ1 - PREDICTION OF ENVIRONMENTAL SCORE

RQ 1 - Models performance

Figure 111 - Visualization of Models’ Performance, RQ1.

The performance of different models for RQ1 is compared in Figure 11. When predicting the
environmental score under the first RQ, the DT + KNN ensemble achieves consistent results
across various metrics, each approximating 83%. This model demonstrates good
generalization capabilities, although it encounters some difficulties in balancing true positives
against false positives, as reflected by an F1 score of 82%. The integration of SVM substantially
enhances performance, achieving 92% in accuracy, precision, and recall, alongside a 91% F1
score, indicative of effective noise management and robustness. Both ensemble models
exhibit high ROC AUC values, exceeding 97%, which underscores their proficiency in handling
the dataset. The LLM (RF), on the other hand, exhibits lower performance, with 78% accuracy
and 77% in both precision and recall. The F1 score is similarly inferior at 76%. Nevertheless, a
robust ROC AUC score of 90% indicates compelling capabilities in class distinction across
various thresholds.
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Table 4 - Models Results, Q1

Model Accuracy  Precision Recall F1 Score ROC AUC
DT + KNN 0.83 0.83 0.83 0.82 0.97
DT + KNN + SVM 0.92 0.92 0.92 0.91 0.98
LLM (RF) 0.78 0.77 0.77 0.76 0.90

4.1.2 RQ2 - OVERVIEW OF PREDICTIONS

RQ 2 - Models performance

B Accuracy M Precision MRecall ®F1Score mROCAUC

0.98
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DT + KNN DT + KNN + SVM LLM (Random Forest)

Figure 122 - Visualization of Average Models’ Performance, RQ2.

Figure 12 illustrates the comparative performance of models for RQ2. Under the second RQ,
DT + KNN model, while showing solid precision at 96%, has the lowest recall and accuracy
among the three. The DT + KNN + SVM model presents higher values of the analyzed metrics,
especially in precision and recall, respectively at 97% and 93% and a high value of ROC AUC at
98%, indicating enhanced class distinction capability. The LLM (RF) model demonstrates the
highest overall performance with an average accuracy of 95% and robust balance across all
metrics.
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Table 5 — Average of Models Results, Q2

Model Accuracy  Precision Recall F1 Score ROC AUC
DT + KNN 0.91 0.96 0.90 0.91 0.95
DT + KNN + SVM 0.94 0.97 0.93 0.95 0.98
LLM (RF) 0.95 0.95 0.94 0.94 0.97

4.1.2.1 RQ 2 - PREDICTION OF ENVIRONMENTAL SCORE

As it can be noted from Table 6, in the prediction of the environmental score, both the
traditional machine learning approaches (DT + KNN and DT + KNN + SVM) and the LLM (RF)
model demonstrate excellent performance. The DT + KNN model achieves high metrics across
the board, achieving higher results when embedding the SVM. This increase suggests that
adding SVM enhances the model's ability to generalize and effectively manage noise within
the data. Meanwhile, the LLM (RF) model equals the performance of the DT + KNN + SVM

model with identical scores.

Table 6 - Models Results, Q2 - environmental score

Model Accuracy  Precision Recall F1 Score ROC AUC
DT + KNN 0.97 0.98 0.96 0.97 0.97
DT + KNN + SVM 0.99 0.99 0.99 0.99 0.99
LLM (RF) 0.99 0.99 0.99 0.99 0.99
4.1.2.2 RQ 2 - PREDICTION OF SOCIAL SCORE
Table 7 - Models Results, Q2 - social score
Model Accuracy  Precision Recall F1 Score ROC AUC
DT + KNN 0.96 0.98 0.89 0.90 0.95
DT + KNN + SVM 0.98 0.99 0.96 0.97 0.99
LLM (RF) 0.98 0.98 0.98 0.98 0.99
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As shown in Table 7, for predicting the social score, the performance of traditional machine
learning models, especially the DT + KNN + SVM, and the LLM (Random Forest) is comparable.
The DT + KNN model, while demonstrating high accuracy of 96% and precision of 98%, falls
short in recall (89%) compared to its precision, indicating that it misses some true positive
instances, which results in a lower F1 score of 90%. The addition of SVM to the DT + KNN
significantly enhances the recall to 96%, better aligning it with its precision and yielding a more
balanced and higher F1 score of 97%. The LLM (RF) model shows also high value across the
metrics, with accuracy, precision, recall, and F1 score all at 98%, showcasing its robustness in
efficiently predicting the social score.

4.1.2.3 RQ 2 - PREDICTION OF GOVERNANCE SCORE
Table 8 - Models Results, Q2 - governance score

Model Accuracy Precision Recall F1 Score ROC AUC
DT + KNN 0.91 0.99 0.90 0.92 0.97
DT + KNN + SVM 0.94 0.96 0.92 0.94 0.99
LLM (RF) 0.93 0.93 0.89 0.91 0.95

Table 8 shows that in predicting the governance score, the DT + KNN model, despite its high
precision of 99%, displays a lower recall of 90%, which results in an F1 score of 92%. Adding
SVM to the model improves the overall balance, with both recall and F1 score rising slightly to
92% and 94%, respectively, demonstrating a more consistent performance across metrics. The
LLM (RF) model, while still performing well, has a precision of 93% and an F1 score of 91%, but
a slightly lower recall of 89% compared to the DT + KNN + SVM approach. This suggests that
for the governance score, the LLM model may slightly underperform compared to a traditional
model enhanced with SVM.

4.1.2.4 RQ 2 - PREDICTION OF ESG SCORE
Table 9 - Models Results, Q2 - ESG score

Model Accuracy Precision Recall F1 Score ROC AUC
DT + KNN 0.80 0.90 0.83 0.86 0.92
DT + KNN + SVM 0.83 0.91 0.85 0.88 0.93
LLM (RF) 0.90 0.91 0.91 0.90 0.95

For predicting the overall ESG score, the LLM (RF) model demonstrates superior performance
compared to traditional methods, as demonstrated by the results in Table 9. It achieves an
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accuracy of 90%, outperforming both the DT + KNN model, which scores 80%, and the DT +
KNN + SVM model at 83%. The Random Forest-based LLM maintains balanced and high
precision and recall, both at 91%, leading to a strong F1 score of 90%. The model's ROC AUC
of 95% also indicates its ability to effectively distinguish between different classes.

4.1.3 RQ 3 - PREDICTION OF ESG SCORE

RQ 2 - Models performance

B Accuracy M Precision MRecall BF1Score BROCAUC
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Figure 13 - Visualization of Models’ Performance, RQ3.

The results of model performance for RQ3 are visualized in Figure 13. In predicting the ESG
score using a simplified dataset, the LLM (Random Forest) model shows the highest
performance among the compared models. It achieves an accuracy of 87%, slightly higher than
both the DT + KNN and DT + KNN + SVM models, each of which have an accuracy of 85%. The
LLM’s precision of 89% is notably higher than that of the traditional ensemble models,
indicating fewer false positives and greater confidence in its predictions. Nevertheless, the DT
+ KNN model presents the highest recall of 87%, followed by the LLM at 84% and the DT + KNN
+SVM ensemble at This results in an F1 score of 77. The LLM's ROC AUC score of 98% is slightly
higher than the ensemble models’ ones.

Model Accuracy  Precision Recall F1 Score ROC AUC
DT + KNN 0.85 0.76 0.87 0.80 0.91
DT + KNN + SVM 0.85 0.73 0.77 0.75 0.94
LLM (RF) 0.87 0.89 0.84 0.87 0.95
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5 DISCUSSION

The section that follows is structured along the entire analytical chain, from processing to
evaluating, and aims at providing a detailed overview of the main quantitative and qualitative
insights, shedding light on the challenges presented along the way, the main implication of
the findings, together with the limitations encountered, laying the ground for final remarks
and considerations.

5.1 DATA PREPROCESSING CHALLENGES AND INSIGHTS

Under the first RQ, the data preprocessing step represented one of complex task to be
performed. In this context, the manual pre-processing resulted in an iterative task, which
started from the inspection of the dataset along with the interpretation of the variables in
more details. Given the high number of features, this activity was not only particularly time-
consuming, but also required the application of more sophisticated methods to underpin the
issues stemming from the data and address them. On the other hand, the use of GPT-4
significantly reduced the manual workload and time needed to screen the dataset. Although
GPT-4 tended to prefer rather simplistic approaches, it quickly detected the main issues in the
dataset and, when asked to apply more robust techniques, it proficiently handled the task as
prompted, highlighting the benefits of the revised approach. Both the manual and the
automated approach handled categorical and numerical values successfully, scaling them and
encoding them where needed.

Features selection and dimensionality reduction through PCA, while not needed for the RQ 2
and 3, demonstrated to positively impact the predictions of the model under the first RQ. In
this context, GPT-4 adopted a straightforward approach by analyzing the dataset's content
and examining the correlation between the output variable and input features. However, a
thorough analysis of the most important parameters selected by GPT-4 revealed that in the
beginning also numerical IDs (e.g., Moody’s organization ID) were found to be correlated and
were therefore used for the classification. This element demonstrates that despite generative
models being very useful in reducing the time required for highly time-intensive tasks and
claiming to work with highly correlated variables, they need to be thoroughly supervised to
ensure the methodology remains sound and reasonable. These risks are mitigated by the fact
GPT-4 consistently sought user confirmation at each step, allowing users to refine the
approach as desired and experiment with more complex techniques if desired.

In cases where the dataset was less noisy, such as in RQ 2 and 3, had fewer dimensions, and
included variables with clearly specified names and uniformly scaled values, pre-processing
resulted in a simpler task. In these RQs, GPT-4 did not exhibit any major issues and successfully
discriminated among the features, identifying the most suitable ones for predicting each
output.
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5.2 DATA MODELLING AND VALIDATION CHALLENGES AND INSIGHTS

The modelling process via traditional approaches resulted in an extensive and iterative
processes, aimed at refining the models and enhance their performances. This task was
particularly complex for RQ1 and RQ3, which involved scenarios with the most and the fewest
data, respectively. On the other hand, GPT-4's automated approach to modelling and
validation significantly reduced the time and effort typically required for these tasks. It
showed proficiency in grasping the specificities of the problem, correctly identifying it as a
classification issue. The manually selected models were based on extensive research and a
deep understanding of both the algorithms and the topic at hand. In contrast, GPT-4, through
its inspection of the dataset and comprehension of the study’s objectives, consistently
proposed the use of the Random Forest algorithm. This choice underscored the strengths of
ensemble learning techniques. By prompting questions on the reasons why the model was
selected, GPT-4 provided sound explanations grounded in theory and based on the nature of
the data. These explanations highlighted the model's potential to effectively understand and
process numerical data.

Throughout this phase, GPT-4 sought user confirmation at each step, allowing the exploration
of alternative algorithms such as XGBoost. Although XGBoost was not the primary focus of the
analysis, testing it highlighted the challenges GPT-4 faces with computationally intensive tasks,
which can significantly impact its performance and occasionally cause session interruptions.
Nevertheless, GPT-4 consistently provided the .py codes, allowing to run the tasks locally. This
capability proved to be very useful for double-checking the execution of tasks and
troubleshooting in instances where the sessions experienced resource errors.

GPT-4 employed structured approaches for tuning and validation, closely paralleling manual
methods. It used GridSearchCV to systematically explore and evaluate different
hyperparameter configurations, covering a broad range from simple to complex models and
implemented 3-fold cross-validation, splitting the dataset into three parts and validating the
model’s performance across each fold.

Regarding the metrics used for evaluating the models, to ensure maximum comparability,
these metrics were explicitly requested as input. Both approaches handled this final phase
without encountering any major issues.
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5.3 INTERPRETATION OF QUANTITATIVE FINDINGS

best performance

low high
dimensionality
RQ1 granularity DT+KNN+SVM
noise
dimensionality DT+KNN+SVM
RQ 2 granularity LLM (RF)
noise
dimensionality
RQ 3 LLM (RF)

granularity
noise

Figure 14 - Best Models Across RQs.

Figure 14 provides a comparative overview of the results across different research questions,
which are further detailed in the following section.

RQ 1 - How do traditional methods and GPT-4 compare when predicting the environmental
score in a noisy and high dimensional space?

RQ 1 explored predicting the environmental component of ESG scores using a highly complex
and noisy dataset. In this context, the manual application of ensemble, in particular the
combination of DT + KNN + SVM, demonstrated superior performance. These models
benefited significantly from PCA for feature selection, which reduced the dataset's
dimensionality and emphasized its most critical features. Each algorithm contributed to
enhance and balance the prediction of the scores in different ways. Decision Trees leveraged
on their ability to delineate decision paths efficiently also when datasets present several and
noisy features, by breaking down the decision-making process into simpler steps and
navigating the data's complexity effectively. K-Nearest Neighbors played a crucial role by
averaging the outcomes from the nearest data points, providing a smoothing effect that
mitigated the impact of noise and overfitting. This allowed the ensemble to generalize better
across the noisy data. Support Vector Machine further enhanced the model’s capability to
handle complex and noisy datasets, maximizing the margin between classes, which is vital in
high-dimensional spaces. This was reflected in the ensemble’s strong performance, achieving
a significantly high result for ROC AUC of 98%, showcasing its ability to capture non-linear
relationships within the data.
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In contrast, the RF model selected by GPT-4, though generally robust, underperformed in this
RQ. Random Forests typically excel in high-dimensional settings through effective feature
selection and averaging over many trees. However, in this case, the absence of dimensionality
reduction techniques like PCA may have impacted the model due to the high noise, missing
values, and unit diversity. This limitation likely constrained its performance, leading to lower
scores (78% across most metrics and 90% in ROC AUC). This scenario suggests the importance
of a careful and considerate pre-preprocessing phase, especially when managing highly
complex and noisy datasets.

RQ 2 - How do traditional methods and GPT-4 compare when predicting ESG score
components in a lower dimensional space also presenting class imbalance?

The results from RQ 2 underscore the generally enhanced performance of models when
dealing with simpler datasets, characterized by low noise and highly relevant features. In this
RQ, both the DT + KNN + SVM ensemble and the RF models demonstrated high performance.
The DT + KNN + SVM model slightly outperformed in precision and ROC AUC, whereas the RF
model reached higher results in terms of accuracy and recall. The F1 scores for both models
were very close, reflecting a balanced approach between precision and recall. In this context,
class imbalances, particularly in the governance score, significantly impact the model
performance. In this case, the imbalance impacts recall, with the DT + KNN model achieving
high precision but lower recall and F1 score. This suggests the model may miss minority class
instances, however adding SVM improves the balance between precision and recall,
demonstrating better overall performance in handling such issue. The LLM (RF) results
indicate possible sensitivity to class imbalance. This indicates that imbalance impacts model
performance, which is mitigated by integrating SVM and addressing class imbalances through
preprocessing techniques.

Overall, looking at the average results achieved under this scenario, the differences between
these models are minor, and selection can be based on the most relevant criteria for the
research problem at hand. These results suggests that GPT-4's performance improves when
the complexity inherent in the data is mitigated either by thorough pre-processing and
advanced techniques to enhance the dataset's informative power (RQ 1) or by simpler and
clearer input data.

RQ 3 - How do traditional methods and GPT-4 compare when predicting ESG score with
scarce information?

RQ 3 underscores the strength of GPT-4 when working with datasets that are simplified yet
contain informative features. The LLM’s superior performance in this RQ suggests that it
benefits from clean, relevant input data where complex preprocessing is less critical. This
finding highlights the potential of GPT-4 and similar models to excel in environments where
data is limited but well-defined, leveraging its advanced capabilities to make accurate
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predictions even with minimal input complexity. This can be particularly valuable in practical
applications dealing with scarce input.

Overall, the manual approach provided a more controlled and consistent analysis, particularly
beneficial for understanding and tuning complex models. GPT-4’s automation, on the other
hand, proved highly effective in rapidly analyzing large datasets, highlighting the main
challenges, and executing standard procedures with minimal manual intervention. The
combination of both approaches could offer a powerful framework for future research,
leveraging GPT-4's efficiency for routine tasks while reserving manual methods and judgement
for more complex data processing, model tuning, and validation.

In summary, the evaluation across these RQs highlights several key insights.

- Traditional models like DT + KNN and DT + KNN + SVM excel in handling highly complex
and high-dimensional datasets when paired with thorough preprocessing techniques.
This is evident in RQ 1, where these models effectively managed the high
dimensionality and noise of the dataset under analysis.

- In scenarios where data complexity is reduced through aggregation or lower
dimensionality (asin RQ 2 and RQ 3), LLMs demonstrate superior or equal performance
compared to traditional methods.

- Class imbalance significantly impacts model performance and must be carefully
considered during modelling and preprocessing stages. This is particularly evident in
RQ 2, where incorporating SVM led to better performance. Notably, LLMs did not
explicitly address class imbalance, which may have limited their performance in more
imbalanced datasets.

5.4 INTERPRETATION OF QUALITATIVE FINDINGS

Beyond the evaluation of numerical metrics, this research explored the broader implications
and practical aspects of using different modelling approaches. This comprehensive evaluation
provided a richer perspective on the suitability and application of each method. The study
highlights that each approach brings unique strengths and challenges suitable for different
RQs. To facilitate a detailed comparison, the findings are organized into the following key
areas for the (i) manual application of ensemble ML techniques and the (ii) usage of LLM via
API like GPT-4.

Knowledge and skills requirements
Performance and adaptability
Transparency and interpretability
Application flexibility
Confidentiality and security

o Uk WwWwN e

Model evolution and stability
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5.4.1 KNOWLEDGE AND SKILLS REQUIREMENTS

(i) These require substantial expertise in programming and machine learning theory.

Practitioners must have a deep understanding of the model's architecture and the ability

to finely control and tune every aspect, from data pre-processing to feature engineering

and model training. These models, under the expert’s control, are usually based on robust

statistical theories, providing a transparent view of their workings.

(ii)

These models are designed for accessibility to users with varying levels of technical

expertise. Their accessibility makes them particularly effective for less-technical users,

despite a good knowledge of the theoretical aspects as well as topical knowledge is

needed. While a solid grasp of theoretical principles and domain knowledge enhances

their use, they generally do not require specialized coding skills, making them highly

effective for non-technical users. This accessibility can reduce the barrier to entry for

complex tasks.

Table 10 —Traditional ML vs GPT-4: Knowledge and Skills Requirements

Aspect

Traditional ML

GPT-4

Knowledge of coding

Requires proficiency in
programming and software

engineering

Accessible to non-technical users,
can be used without any coding
coding
expertise may help assessing the

knowledge. However

quality of the responses

ML techniques and
theory

Demands understanding of
complex ML concepts and
methods

Users need to master effective
prompting, as well as have a goof
level of understanding of the
models and techniques used to
critically assess the responses

Expert judgment

Essential for model selection,

feature engineering, and

tuning

Crucial for interpreting responses,
critically assessing outputs and
guiding conversation to achieve
accurate results

Data pre-processing

Often needs extensive data

cleaning and feature

engineering

Data pre-processing is simpler,
but expert judgment is crucial to
ensure accurate data handling
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5.4.2

(i)

(ii)

PERFORMANCE AND ADAPTABILITY

Known for their high customizability, these models allow precise tuning and
optimization for specific problems. However, they require manual re-training and
validation to adapt to new data, which can be labor-intensive. Despite this, they offer
stable performance with detailed control over updates and changes, ensuring
consistency in their outputs and reproducibility.

These models are highly adaptable, rapidly adjusting to new inputs and evolving
contexts. They benefit from ongoing updates and fine-tuning, providing continuous
performance enhancements without the need for manual adjustments. However, the
non-deterministic nature of LLMs can lead to variability in outputs, meaning different
sessions within GPT-4 can result in varied approaches to handling the same task, even
with identical prompts. This variability highlights the model's ability to generate
diverse solutions but also poses challenges for reproducibility. Despite this, repeated
runs indicate that GPT-4 performs tasks with a high degree of consistency overall,
suggesting reliable core functionality across iterations.

Table 11 - Traditional ML vs GPT-4: Performance and Adaptability

Aspect

Traditional ML

GPT-4

Time-Consuming

Building and training models
can be very time-intensive

Produces fast results but may
require careful prompting for
accuracy

Performance Tuning

detailed
performance optimization for

Allows for

specific use cases

with
new updates and fine-tuning

Automatically improves

Reproducibility

Models and results can be
consistently reproduced under
the same conditions

Less consistent due to evolving
models. It may produce varied
outputs in different iterations
and sessions

Scalability Can be optimized for large- Can handle multiple languages
scale data processing and and extensive datasets with
analysis ease

Adaptability Adapts slowly as changes Rapidly adapts to new inputs
require re-training and and contexts, making it highly
validation responsive to evolving needs
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5.4.3 TRANSPARENCY AND INTERPRETABILITY

(i) They are built following sound methodologies and ensure full transparency of their
workings. However, interpretability can become challenging when complex pre-
processing or ensemble techniques are employed.

(ii) Although potentially less transparent, their interpretability can be improved by
prompting the model to explain its reasoning and choices.

Table 12 - Traditional ML vs GPT-4: Transparency and Interpretability

Aspect Traditional ML GPT-4
Transparency Model can be thoroughly Less transparent decision-
understood and visualized making, though explanations

can be requested

Interpretability Can be very complex, especially Although complex, it offers
with advanced models explanations of outputs and
reasoning if prompted

5.4.4 APPLICATION FLEXIBILITY

(i) These offer extensive flexibility and can finely tuned for specific tasks. Practitioners
have control over applying various algorithms and techniques suited to the problem's
needs, allowing for a tailored approach to model development and application.

(ii) Providing a broad range of capabilities, they accommodate various types of input files
and can generate outputs that go beyond text and numerical results, including
graphical representations and visualizations. This versatility allows for comprehensive
analysis and presentation, catering to a wide array of data and output formats.
Furthermore, their general-purpose nature makes them versatile for numerous
applications, accommodating a wide array of problem types without requiring
significant modifications.
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Table 13 - Traditional ML vs GPT-4: Application Flexibility

Aspect Traditional ML GPT-4

Customizability Can be tailored to specific Provides a wide range of pre-
problems with fine-tuned trained models and different ML
parameters algorithms

Range of algorithms Supports various algorithmic Offers diverse algorithms and
approaches like regression, supports the usage of text
clustering, etc.

5.4.5 CONFIDENTIALITY AND SECURITY

(i) Typically trained and maintained locally, these models ensure secure handling of
sensitive data, which is crucial to make sure that sensitive information remains
protected and managed within secure environments.

(ii) Operating in environments where data is often processed externally, these models
raise concerns about data security and privacy. The reliance on external processing can
introduce risks that need to be carefully managed to protect data confidentiality.

Table 14 - Traditional ML vs GPT-4: Confidentiality and Security

Aspect Traditional ML GPT-4

Confidentiality Models are trained locally, Could be an issue when dealing
reducing issues with with confidential data if notin a
confidential data safe environment

5.4.6 IMODEL EVOLUTION AND STABILITY

(i) These models maintain stable performance through detailed control over updates and
changes. As they evolve through manual re-training and adjustment, they ensure
consistent outputs, although can require substantial manual work to be adapted and
modified. Nevertheless, this stability is beneficial for applications where reliability and
predictability are paramount.

(ii) As they are continuously updated, these models often exhibit variability in outputs
across different versions, with older versions being slowly deprecated when new
versions are released. While this evolution keeps the models current, it can also lead
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to inconsistencies and challenges for researchers, especially when the analysis is

performed in periods of transitions from one model to the other.

Table 15 - Traditional ML vs GPT-4: Model Evolution and Stability

Aspect

Traditional ML

GPT-4

Model Evolution

Models are static once

Models continuously evolve,

deployed unless manually which can affect consistency
updated and stability
Stability Generally stable and May produce varied outputs in

predictable in outputs once
trained

different iterations (different
chats)

5.4.7 RELIANCE ON EXPERT OVERSIGHT

(i) Depend heavily on expert oversight for model tuning, feature selection, and validation.
Experts ensure the model's alignment with theoretical principles and sound data
handling practices. This oversight is essential for maintaining the integrity and
effectiveness of the models, especially in complex or high-stakes applications.

(ii) Require careful supervision and prompting to avoid simplistic or erroneous outputs.
These models can produce "hallucinations", meaning responses that are incorrect or
biased. Expert guidance is pivotal to navigate complex tasks and ensure that the
model's decisions are accurate and reliable. While the automation provided by GPT-4
streamlines many aspects of the coding process, human oversight remains essential to
ensure that all task requirements are met and that the outputs are trustworthy.

Table 16 - Traditional ML vs GPT-4: Reliance on Expert Oversight

Aspect

Traditional ML

GPT-4

Expert judgement and Depend on expert oversight for

oversight

model tuning, feature

selection, and validation.
Experts ensure alignment with
theoretical principles and data

handling practices

Require careful supervision and
prompting to avoid simplistic or
erroneous  outputs;  expert
guidance is pivotal to ensure
accuracy and reliability and to
double check the soundness of

the steps undertaken.
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5.5 RECOMMENDATIONS FOR PRACTITIONERS

As outlined in previous sections, generative Al tools, such as GPT-4, offer significant
capabilities for automating and enhancing the modelling process. To maximize their potential
and ensure robust outcomes, practitioners should consider the following recommendations.

- Repeat the task in multiple sessions to progressively refine prompts and responses.
This iterative process helps in understanding the behavior of the model and honing the
instructions to optimize its performance for the given task and explore various
approaches, ultimately leading to more robust and accurate solutions.

- Leverage the model's ability to learn from previous interactions. Each iteration
provides an opportunity to incorporate learnings and adjust the approach, which is
particularly useful for complex tasks.

- Break down larger tasks into smaller, manageable components. This stepwise
approach simplifies the process, making it easier to monitor progress, troubleshoot
issues, and refine each step. Furthermore, it also allows to execute each phase in a
different session which might improve the model performance in case of particularly
elaborated and complex tasks.

- Ensure the prompt contains a request for the codes (e.g., Python) that can be used to
execute locally. This allows to validate the results at each step before proceeding and
to thoroughly monitor the behavior of the model and, where needed, correct it.

- Allow the model some freedom to explore alternative methods and test multiple
approaches quickly, potentially uncovering innovative solutions. At the same time,
establish clear guidelines to ensure the model adheres to sound methodology.
Challenge the model’s choices and validate them against established principles and
best practices. This balance ensures that while the model explores, the solutions
remain grounded in rigorous analytical frameworks.

- Ensure that all variables used in the model are well-defined and contextually
explained. This clarity helps in understanding the meaning of each variable and
prevents misinterpretation. In parallel, closely monitor the variables being used.
Furthermore, identify and exclude any that are irrelevant, redundant, or potentially
problematic (e.g., identifiers like IDs that may not be meaningful in the modelling
context) or pre-emptively guide the model to disregard such variables to maintain the
integrity and relevance of the analysis.

5.6 LIMITS OF THE STUDY
The empirical results reported herein should be considered in the light of some limitations.
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Limited access to data: due to the high costs related to retrieving ESG data, this study
focused on a narrow portion of the available data at granular level. Specifically, in the
predictions at the highest level of granularity, only variables related to the
environmental component of the rating were considered. Consequently, the
prediction of the full ESG score at the highest level of granularity was not possible due
to the lack of data on the social and governance component. This limitation restricts
the comprehensiveness of the predictions and prevents from understanding how
these models performs in scenarios characterized by high data volume and variety of
information on all components, which presents a recurrent use case for rating agencies
and institutions having broad access to data.

Scope of the study: the study's focus on specific research questions and datasets limits
generalizability across different contexts. Therefore, replication of the tasks across
multiple datasets is needed to test the significance of the results. Consequently, the
findings may not be applicable to broader contexts or different industries, reducing
the external validity of the study.

Lack of prior research studies on the topic: there is a limited amount of prior research
in this specific area, which may affect the robustness and comparability of the findings.
This aspect represents a bottleneck, making it challenging to benchmark the results,
potentially affecting the study’s confidence in its conclusions.
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6 CONCLUSIONS

6.1 SUMMARY OF KEY FINDINGS

The current research aimed to compare the performance of traditional ensemble methods,
applied manually, with that of large language models when running a classification algorithm
for predicting ESG scores. Given the inherent challenges often associated with this type of
data, both methods have been tested under various scenarios to evaluate their performance.

The main findings are divided by RQ as it follows.

RQ 1 - How do traditional methods and GPT-4 compare when predicting the environmental
score in a noisy and high dimensional space?

The analysis highlighted that in addressing the high-dimensional, noisy data of RQ 1, manual
ensemble models combining DT, K-NN, and SVM outperformed GPT-4's Random Forest
approach. The standard approach allowed to proficiently manage the high dimensionality and
noise through more sophisticated pre-processing techniques like PCA and ensemble
strategies. In contrast, GPT-4, while robust, struggled with the high noise and complex feature
space due to its simplistic initial pre-processing approach. While capable of handling the data
with minimal user intervention, its performance lagged the manual models, highlighting the
need for more guided and nuanced data handling in such scenarios.

RQ 2 - How do traditional methods and GPT-4 compare when predicting ESG score
components in a lower dimensional space also presenting class imbalance?

For RQ 2, which involved lower dimensionality, aggregated data and class imbalance, the
manual ensembles performed strongly, particularly the DT + KNN + SVM combination. GPT-4
performance, on the other hand, closely matched or exceed the performance of the
traditional ensemble models, with exclusion for the case characterized by high class
imbalance. This underscores GPT-4's robustness when dealing with cleaner and aggregated
data, although its effectiveness is reduced in more imbalanced scenarios.

RQ 3 — How do traditional methods and GPT-4 compare when predicting ESG score with
scarce information?

In the context of simplified ESG score prediction for RQ 3, the traditional models maintained
high performance but showed diminishing benefits compared to GPT-4. Despite the scarce
information and the simplicity of the data, which required minimal processing, GPT-4 excelled
in this scenario. The low complexity of the data allowed GPT-4 to leverage its pre-trained
capabilities effectively, providing robust and consistent predictions with minimal input
features.
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RQ 4 - How do traditional methods and GPT-4 compare in terms of interpretability,
scalability, usability, and robustness?

The comparison between traditional ML techniques and GPT-4 reveals that each approach has
unique strengths and challenges. Traditional methods excel in terms of interpretability,
control, and robustness, making them suitable for tasks requiring deep understanding and
stable performance. However, they require significant expertise, resources, and time. GPT-4,
on the other hand, offers scalability, usability, and adaptability, making accessible and efficient
for a wide range of applications, though it requires careful management, especially in terms
of data pre-processing, and supervision to handle its variability and ensure reliability. The
choice between these approaches should be guided by the specific needs of the research
guestion and the context of the application.

6.2 SIGNIFICANCE OF FINDINGS

The research advances ESG scoring models and machine learning by demonstrating that both
traditional ML models and LLMs are viable for predicting ESG scores, each excelling in different
scenarios, providing valuable insights for practitioners in selecting the appropriate model
based on the data complexity and specific ESG components. GPT-4's adaptability and
efficiency make it suitable for organizations with limited resources or minimal access to data,
as it can make accurate predictions even with scarce information. This is particularly relevant
also for those seeking to implement efficient, scalable solutions with limited computational
resources or technical expertise. Furthermore, the research highlights that combining
traditional ML models and LLMs could leverage their complementary strengths, leading to
more robust solutions.

The findings in this thesis align with previous studies in several respects. Previous studies
highlighted the high performance of DT, SVM, and KNN in credit scoring and ESG ratings.
Furthermore, other studies stressed the robustness of ensemble methods combining these
algorithms, similar to how the ensemble of DT, KNN, and SVM performed exceptionally well
in high-dimensional and noisy data scenarios in this thesis. Additionally, the use of RF for
predicting ESG scores aligns with findings by D’Amato et al. (2021) and Krappel et al. (2021),
where RF showed high prediction performance due to its ability to handle non-linear patterns
and its robustness against overfitting. In accordance with Leippold (2023), this thesis confirms
that LLMs can hallucinate and that their responses may lack grounding in facts. Additionally,
consistent with Son (2023), this thesis finds that better instruction tuning positively impacts
results. However, it also highlights that larger datasets do not necessarily make the model
perform better if these datasets are very noisy and complex. This contrasts with earlier studies
that primarily focused on NLP tasks rather than quantitative predictions.

Overall, this thesis contributes to the ongoing discourse on the application of machine learning
in ESG scoring and beyond, providing a framework for understanding the strengths and
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limitations of different modeling approaches. It paves the way for future research and
practical applications that integrate traditional ensemble techniques with cutting-edge Al to
tackle diverse data challenges.

6.3 FUTURE RESEARCH RECOMMENDATIONS

Building on the findings and limitations presented, several avenues for future research are
recommended. These suggestions focus on enhancing the study’s methodology, as well as
exploring new areas of investigation.

Future research should aim to utilize more comprehensive datasets including all ESG
components at granular level to provide a more holistic analysis. Additionally, exploring
further datasets, including the granular data directly utilized by rating agencies to score
companies, could enhance the generalizability of the findings, and allow to highlight the
strengths and weaknesses of these methods in various ESG data scenarios. Conducting cross-
rating agency studies could also offer a more comprehensive understanding of ESG scoring
models across different rating methodologies.

Exploring time-series models that not only predict current ESG scores but also forecast future
trends based on historical data is another promising area of research. This approach could
provide predictive insights into potential changes in a company's ESG performance.

Furthermore, given the rapid evolution of artificial intelligence, testing the scenarios using
other LLMs, like future GPT versions, BERT or LLaMa could reveal strengths and limitations
specific to each model. Fully exploring multimodal capabilities presents another research
venue, leveraging LLMs to integrate both text and numerical data. This could involve using
textual ESG reports and news about companies’ practices and performance alongside
structured numerical data, providing a richer context and improve model predictions.

These recommendations aim to provide a pathway for future research to build on the
foundation established in this thesis, exploring new areas relevant to ESG scoring and beyond.
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6.4 FINAL CONSIDERATIONS

In conclusion, this thesis demonstrates that GPT-4 results in a valid addition to the toolbox of
practitioners interested in incorporating environmental, social and governance data in their
predictions, and more generally to support different classification tasks. This method is, in
most cases, comparable in accuracy to the classical ML models currently making up the bulk
of the ESG prediction toolbox. The analysis ultimately underscores the importance of
balancing automated approaches with expert control. Accordingly, this new methodology
should be seen as a complement to, rather than a substitute for, existing techniques.
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APPENDIX A

Variable name Source
Primary Issuer ISIN Urgentem
LEl — Legal Entity Identifier Urgentem
Company (Short) Name Urgentem
ISIN — International Securities Identification Number Urgentem
Disclosure Category Urgentem
Primary Data Source Urgentem
Number of Scope 3 Categories Disclosed Urgentem
Emissions Year Urgentem
Country Urgentem
Region Urgentem
NACE Level 1 Urgentem
NACE Level 2 Urgentem
NACE Level 3 Urgentem
NACE Level 4 Urgentem
Intensity Average Inference Scope 1, 2 & 3 Total (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 1 & 2 Total (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 1 & 2 Total (tCO2e/Sm Revenue) - Source  Urgentem
Intensity Average Inference Scope 3 Total (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 3 Total (tCO2e/Sm Revenue) - Source Urgentem
Intensity Average Inference Scope 1 (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 1 (tCO2e/Sm Revenue) - Source Urgentem
Intensity Average Inference Scope 2 Location Based (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 2 Location Based (tCO2e/Sm Revenue) - Urgentem
Source

Intensity Average Inference Scope 2 Market Based (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 2 Market Based (tCO2e/Sm Revenue) - Urgentem
Source

Intensity Average Inference Scope 3 Purchased Goods and Services Urgentem
(tCO2e/Sm Revenue)

Intensity Average Inference Scope 3 Purchased Goods and Services Urgentem
(tCO2e/Sm Revenue) - Source

Intensity Average Inference Scope 3 Capital Goods (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 3 Capital Goods (tCO2e/Sm Revenue) - Urgentem
Source

Intensity Average Inference Scope 3 Fuel and Energy Related Activities Urgentem
(tCO2e/Sm Revenue)

Intensity Average Inference Scope 3 Fuel and Energy Related Activities Urgentem
(tCO2e/Sm Revenue) - Source

Intensity Average Inference Scope 3 Upstream Transport and Distribution Urgentem
(tCO2e/Sm Revenue)

Intensity Average Inference Scope 3 Upstream Transport and Distribution Urgentem
(tCO2e/Sm Revenue) - Source

Intensity Average Inference Scope 3 Waste Generated (tCO2e/Sm Revenue)  Urgentem
Intensity Average Inference Scope 3 Waste Generated (tCO2e/Sm Revenue)  Urgentem
- Source

Intensity Average Inference Scope 3 Business Travel (tCO2e/Sm Revenue) Urgentem
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Intensity Average Inference Scope 3 Business Travel (tCO2e/Sm Revenue) - Urgentem
Source

Intensity Average Inference Scope 3 Employee Commuting (tCO2e/Sm Urgentem
Revenue)

Intensity Average Inference Scope 3 Employee Commuting (tCO2e/Sm Urgentem
Revenue) - Source

Intensity Average Inference Scope 3 Upstream Leased Assets (tCO2e/Sm Urgentem
Revenue)

Intensity Average Inference Scope 3 Upstream Leased Assets (tCO2e/Sm Urgentem
Revenue) - Source

Intensity Average Inference Scope 3 Downstream Transport Distribution Urgentem
(tCO2e/Sm Revenue)

Intensity Average Inference Scope 3 Downstream Transport Distribution Urgentem
(tCO2e/Sm Revenue) - Source

Intensity Average Inference Scope 3 Processing of Sold Products (tCO2e/Sm  Urgentem
Revenue)

Intensity Average Inference Scope 3 Processing of Sold Products (tCO2e/Sm  Urgentem
Revenue) - Source

Intensity Average Inference Scope 3 Use of Sold Products (tCO2e/Sm Urgentem
Revenue)

Intensity Average Inference Scope 3 Use of Sold Products (tCO2e/Sm Urgentem
Revenue) - Source

Intensity Average Inference Scope 3 End of Life Treatment of Sold Products Urgentem
(tCO2e/Sm Revenue)

Intensity Average Inference Scope 3 End of Life Treatment of Sold Products Urgentem
(tCO2e/Sm Revenue) - Source

Intensity Average Inference Scope 3 Downstream Leased Assets (tCO2e/Sm Urgentem
Revenue)

Intensity Average Inference Scope 3 Downstream Leased Assets (tCO2e/Sm Urgentem
Revenue) - Source

Intensity Average Inference Scope 3 Franchises (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 3 Franchises (tCO2e/Sm Revenue) - Urgentem
Source

Intensity Average Inference Scope 3 Investments (tCO2e/Sm Revenue) Urgentem
Intensity Average Inference Scope 3 Investments (tCO2e/Sm Revenue) - Urgentem
Source

Maximum Emissions Intensity Scope 1, 2 & 3 Total (tCO2e/Sm Revenue) Urgentem
Maximum Emissions Intensity Scope 1 & 2 Total (tCO2e/Sm Revenue) Urgentem
Maximum Emissions Intensity Scope 1 & 2 Total (tCO2e/Sm Revenue) - Urgentem
Source

Maximum Emissions Intensity Scope 3 Total (tCO2e/Sm Revenue) Urgentem
Maximum Emissions Intensity Scope 3 Total (tCO2e/Sm Revenue) - Source Urgentem
Maximum Emissions Intensity Scope 1 (tCO2e/Sm Revenue) Urgentem
Maximum Emissions Intensity Scope 1 (tCO2e/Sm Revenue) - Source Urgentem
Maximum Emissions Intensity Scope 2 Location Based (tCO2e/Sm Revenue)  Urgentem
Maximum Emissions Intensity Scope 2 Location Based (tCO2e/Sm Revenue) - Urgentem
Source

Maximum Emissions Intensity Scope 2 Market Based (tCO2e/Sm Revenue) Urgentem
Maximum Emissions Intensity Scope 2 Market Based (tCO2e/Sm Revenue) -  Urgentem

Source
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Maximum Emissions Intensity Scope 3 Purchased Goods and Services Urgentem
(tCO2e/Sm Revenue)

Maximum Emissions Intensity Scope 3 Purchased Goods and Services Urgentem
(tCO2e/Sm Revenue) - Source

Maximum Emissions Intensity Scope 3 Capital Goods (tCO2e/Sm Revenue) Urgentem
Maximum Emissions Intensity Scope 3 Capital Goods (tCO2e/Sm Revenue) -  Urgentem
Source

Maximum Emissions Intensity Scope 3 Fuel and Energy Related Activities Urgentem
(tCO2e/Sm Revenue)

Maximum Emissions Intensity Scope 3 Fuel and Energy Related Activities Urgentem
(tCO2e/Sm Revenue) - Source

Maximum Emissions Intensity Scope 3 Upstream Transport and Distribution ~ Urgentem
(tCO2e/Sm Revenue)

Maximum Emissions Intensity Scope 3 Upstream Transport and Distribution ~ Urgentem
(tCO2e/Sm Revenue) - Source

Maximum Emissions Intensity Scope 3 Waste Generated (tCO2e/Sm Urgentem
Revenue)

Maximum Emissions Intensity Scope 3 Waste Generated (tCO2e/Sm Urgentem
Revenue) - Source

Maximum Emissions Intensity Scope 3 Business Travel (tCO2e/Sm Revenue)  Urgentem
Maximum Emissions Intensity Scope 3 Business Travel (tCO2e/Sm Revenue)  Urgentem
- Source

Maximum Emissions Intensity Scope 3 Employee Commuting (tCO2e/Sm Urgentem
Revenue)

Maximum Emissions Intensity Scope 3 Employee Commuting (tCO2e/Sm Urgentem
Revenue) - Source

Maximum Emissions Intensity Scope 3 Upstream Leased Assets (tCO2e/Sm Urgentem
Revenue)

Maximum Emissions Intensity Scope 3 Upstream Leased Assets (tCO2e/Sm Urgentem
Revenue) - Source

Maximum Emissions Intensity Scope 3 Downstream Transport Distribution Urgentem
(tCO2e/Sm Revenue)

Maximum Emissions Intensity Scope 3 Downstream Transport Distribution Urgentem
(tCO2e/Sm Revenue) - Source

Maximum Emissions Intensity Scope 3 Processing of Sold Products Urgentem
(tCO2e/Sm Revenue)

Maximum Emissions Intensity Scope 3 Processing of Sold Products Urgentem
(tCO2e/Sm Revenue) - Source

Maximum Emissions Intensity Scope 3 Use of Sold Products (tCO2e/Sm Urgentem
Revenue)

Maximum Emissions Intensity Scope 3 Use of Sold Products (tCO2e/Sm Urgentem
Revenue) - Source

Maximum Emissions Intensity Scope 3 End of Life Treatment of Sold Urgentem
Products (tCO2e/Sm Revenue)

Maximum Emissions Intensity Scope 3 End of Life Treatment of Sold Urgentem
Products (tCO2e/Sm Revenue) - Source

Maximum Emissions Intensity Scope 3 Downstream Leased Assets Urgentem
(tCO2e/Sm Revenue)

Maximum Emissions Intensity Scope 3 Downstream Leased Assets Urgentem
(tCO2e/Sm Revenue) - Source

Maximum Emissions Intensity Scope 3 Franchises (tCO2e/Sm Revenue) Urgentem
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Maximum Emissions Intensity Scope 3 Franchises (tCO2e/Sm Revenue) - Urgentem
Source

Maximum Emissions Intensity Scope 3 Investments (tCO2e/Sm Revenue) Urgentem
Maximum Emissions Intensity Scope 3 Investments (tCO2e/Sm Revenue) - Urgentem
Source

Reported Emissions Intensity Scope 1 & 2 (tCO2e/Sm Revenue) Urgentem
Reported Emissions Intensity Scope 1 Gross (tCO2e/Sm Revenue) Urgentem
Reported Emissions Intensity Scope 2 Location based (tCO2e/Sm Revenue) Urgentem
Reported Emissions Intensity Scope 2 Market based (tCO2e/Sm Revenue) Urgentem
Reported Emissions Intensity Scope 3 (tCO2e/Sm Revenue) Urgentem
Reported Emissions Intensity Scope 3 1. Purchased Goods and Services Urgentem
(tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 2. Capital Goods (tCO2e/Sm Revenue) Urgentem
Reported Emissions Intensity Scope 3 3. Fuel and Energy Related Activities Urgentem
(tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 4. Upstream Transportation Urgentem
(tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 5. Waste Generated in Operations Urgentem
(tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 6. Business Travel (tCO2e/Sm Urgentem
Revenue)

Reported Emissions Intensity Scope 3 7. Employee Commuting (tCO2e/Sm Urgentem
Revenue)

Reported Emissions Intensity Scope 3 8. Upstream Leased Assets (tCO2e/Sm  Urgentem
Revenue)

Reported Emissions Intensity Scope 3 9. Downstream Transportation Urgentem
(tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 10. Processing of Sold Products Urgentem
(tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 11. Use of Sold Products (tCO2e/Sm Urgentem
Revenue)

Reported Emissions Intensity Scope 3 12. End of Life Treatment of Sold Urgentem
Products (tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 13. Downstream Leased Assets Urgentem
(tCO2e/Sm Revenue)

Reported Emissions Intensity Scope 3 14. Franchises (tCO2e/Sm Revenue) Urgentem
Reported Emissions Intensity Scope 3 15. Investments (tCO2e/Sm Revenue)  Urgentem
Reported Emissions Intensity Scope 3 Other Total (tCO2e/Sm Revenue) Urgentem
Reported Emissions Total Scope 1 & 2 (tCO2e) Urgentem
Reported Emissions Total Scope 3 (tCO2e) Urgentem
Reported Emissions Scope 1 Gross (tCO2e) Urgentem
Reported Emissions Scope 2 Location based (tCO2e) Urgentem
Reported Emissions Scope 2 Market based (tCO2e) Urgentem
Reported Emissions Scope 3 1. Purchased Goods and Services (tCO2e) Urgentem
Reported Emissions Scope 3 2. Capital Goods (tCO2e) Urgentem
Reported Emissions Scope 3 3. Fuel and Energy Related Activities (tCO2e) Urgentem
Reported Emissions Scope 3 4. Upstream Transportation (tCO2e) Urgentem
Reported Emissions Scope 3 5. Waste Generated in Operations (tCO2e) Urgentem
Reported Emissions Scope 3 6. Business Travel (tCO2e) Urgentem
Reported Emissions Scope 3 7. Employee Commuting (tCO2e) Urgentem
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Reported Emissions Scope 3 8. Upstream Leased Assets (tCO2e) Urgentem
Reported Emissions Scope 3 9. Downstream Transportation (tCO2e) Urgentem
Reported Emissions Scope 3 10. Processing of Sold Products (tCO2e) Urgentem
Reported Emissions Scope 3 11. Use of Sold Products (tCO2e) Urgentem
Reported Emissions Scope 3 12. End of Life Treatment of Sold Products Urgentem
(tCO2e)

Reported Emissions Scope 3 13. Downstream Leased Assets (tCO2e) Urgentem
Reported Emissions Scope 3 14. Franchises (tCO2e) Urgentem
Reported Emissions Scope 3 15. Investments (tCO2e) Urgentem
Reported Emissions Scope 3 Other Total (tCO2e) Urgentem
Absolute - Average Inference Scope 1, 2 & 3 Total (tCO2e) Urgentem
Absolute - Average Inference Scope 1 & 2 Total (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Total (tCO2e) Urgentem
Absolute - Average Inference Scope 1 (tCO2e) Urgentem
Absolute - Average Inference Scope 2 Location Based (tCO2e) Urgentem
Absolute - Average Inference Scope 2 Market Based (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Purchased Goods and Services (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Capital Goods (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Fuel and Energy Related Activities Urgentem
(tCO2e)

Absolute - Average Inference Scope 3 Upstream Transport and Distribution Urgentem
(tCO2e)

Absolute - Average Inference Scope 3 Waste Generated (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Business Travel (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Employee Commuting (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Upstream Leased Assets (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Downstream Transport Distribution Urgentem
(tCO2e)

Absolute - Average Inference Scope 3 Processing of Sold Products (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Use of Sold Products (tCO2e) Urgentem
Absolute - Average Inference Scope 3 End of Life Treatment of Sold Products Urgentem
(tCO2e)

Absolute - Average Inference Scope 3 Downstream Leased Assets (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Franchises (tCO2e) Urgentem
Absolute - Average Inference Scope 3 Investments (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 1, 2 & 3 (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 1 & 2 (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 3 Total (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 1 (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 2 Location Based (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 2 Market Based (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 3 Purchased Goods and Services Urgentem
(tCO2e)

Maximum Emissions Absolute - Scope 3 Capital Goods (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 3 Fuel and Energy Related Activities Urgentem
(tCO2e)

Maximum Emissions Absolute - Scope 3 Upstream Transport and Urgentem
Distribution (tCO2e)

Maximum Emissions Absolute - Scope 3 Waste Generated (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 3 Business Travel (tCO2e) Urgentem
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Maximum Emissions Absolute - Scope 3 Employee Commuting (tCO2e) Urgentem

Maximum Emissions Absolute - Scope 3 Upstream Leased Assets (tCO2e) Urgentem

Maximum Emissions Absolute - Scope 3 Downstream Transport Distribution  Urgentem
(tCO2e)

Maximum Emissions Absolute - Scope 3 Processing of Sold Products (tCO2e) Urgentem

Maximum Emissions Absolute - Scope 3 Use of Sold Products (tCO2e) Urgentem

Maximum Emissions Absolute - Scope 3 End of Life Treatment of Sold Urgentem
Products (tCO2e)

Maximum Emissions Absolute - Scope 3 Downstream Leased Assets (tCO2e)  Urgentem

Maximum Emissions Absolute - Scope 3 Franchises (tCO2e) Urgentem
Maximum Emissions Absolute - Scope 3 Investments (tCO2e) Urgentem
Rating Methodology Moody's
Long Term Rating Moody's
Long Term Rating Description Moody's
Last Long Term Rating Action Moody's
Long Term Rating Action Date Moody's
Bank Long Term Rating Moody's
Outlook Moody's
CIS - Credit Impact Score Moody's
IPS-E - Issuer Profile Score - Environmental Moody's
Physical Climate Risks Moody's
Carbon Transition Moody's
Water Management Moody's
Natural Capital Moody's
Waste and Pollution Moody's
IPS-S - Issuer Profile Score - Social Moody's
Customer Relations Moody's
Human Capital Moody's
Demographic and Societal Trends Moody's
Health and Safety Moody's
Responsible Production Moody's
Demographics Moody's
Labor and Income Moody's
Education Moody's
Housing Moody's
Health and Safety Moody's
Access to Basic Services Moody's
IPS-G - Issuer Profile Score - Governance Moody's
Financial Strategy and Risk Management Moody's
Management Credibility and Track Record Moody's
Board Structure, Policies and Procedures Moody's
Organizational Structure Moody's
Compliance and Reporting Moody's
Institutional Structure Moody's
Policy Credibility & Effectiveness Moody's
Budget Management Moody's

Transparency and Disclosure Moody's




CTI - Carbon Transition Indicator

Moody's

CTI Date

Moody's
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