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ABSTRACT

Together with the general evolution of the field of natural language processing (NLP),
financial information extraction has undergone significant changes in recent years. With
increasing access to data, the potential for informed decision making in financial invest-
ment processes has similarly risen. However, modern investors increasingly prioritize
not only financial returns but also the ethical and societal impact of the companies. In
particular, corporate sustainability has emerged as a key concern for both institutional
and individual investors.

One significant challenge to sustainable investing is the lack of reliable, high-quality
sustainability-related data. Traditional ESG (Environmental, Social, Governance) rat-
ings have been widely used to quantify corporate sustainability practices. However,
these ratings face growing criticism due to inconsistency across providers, lack of trans-
parency, and concerns about greenwashing. As a result, there is an increasing interest
in more transparent, flexible, and data-driven approaches to sustainability assessment.

This dissertation explores the use of NLP to extract sustainability-relevant infor-
mation from alternative data sources such as financial news articles. Mirroring the
recent development in NLP in general, we investigate different model architectures,
including encoder-based representation models and decoder-based generative models,
to extract relevant ESG-related content from unstructured text. Our goal is to support
more nuanced, transparent, and adaptable sustainability assessments.

With the rising use of data-driven insights for financial decision-making, incorpo-
rating investor sentiment therein has also gained significant attention in academia and
industry. Studies consistently demonstrate that sentiment can improve portfolio per-
formance, and in response, major financial index providers have introduced sentiment-
based indices. However, academic research on their construction remains limited. As a
first step toward integrating ESG-related sentiment into investment processes, we start
by creating a general sentiment-based version of the DAX-40 index, a stock market
index that represents the 40 largest companies in Germany.

Building on this foundation, we then investigate how sentiment specifically related
to sustainability topics can be integrated in portfolio optimization. Recognizing that
the financial relevance of different ESG aspects may shift over time, we propose dynamic
strategies that adjust to the evolving materiality of these factors. This line of research
addresses a gap in the literature at the intersection of sustainable finance and sentiment
analysis.
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ZUSAMMENFASSUNG

Zusammen mit der allgemeinen Entwicklung im Bereich der Verarbeitung natiirlicher
Sprache (Natural Language Processing, NLP) hat sich auch die Extraktion finanzieller
Informationen in den letzten Jahren stark verdndert. Mit dem zunehmenden Zugang
zu Daten ist auch das Potenzial fiir fundierte Entscheidungen in Investitionsprozessen
gestiegen. Moderne Investoren legen jedoch zunehmend nicht nur Wert auf finanzielle
Renditen, sondern auch auf die ethischen und gesellschaftlichen Auswirkungen von Un-
ternehmen. Nachhaltigkeit generell ist zu einem zentralen Anliegen fiir institutionelle
wie auch private Investoren geworden.

Ein wesentliches Hindernis fiir nachhaltiges Investieren liegt in der Verfiigharkeit
und Qualitét nachhaltigkeitsbezogener Daten. Traditionelle ESG-Ratings (Environ-
mental, Social, Governance) werden héufig zur Quantifizierung von Nachhaltigkeit-
spraktiken in Unternehmen verwendet. Diese Ratings stehen jedoch zunehmend in der
Kritik - insbesondere aufgrund von Inkonsistenzen zwischen verschiedenen Anbietern,
mangelnder Transparenz und Bedenken hinsichtlich Greenwashing. Daher wéchst das
Interesse an transparenteren und datengetriebenen Ansétzen zur Bewertung von Nach-
haltigkeit.

Diese Dissertation untersucht den Einsatz von NLP zur Extraktion nachhaltigkeit-
srelevanter Informationen aus alternativen Datenquellen wie Finanznachrichten. Ana-
log zur allgemeinen Entwicklung im Bereich NLP analysieren wir verschiedene Model-
larchitekturen, darunter encoder-basierte Reprasentationsmodelle und decoder-basierte
generative Modelle, um relevante ESG-bezogene Inhalte aus unstrukturierten Texten
zu extrahieren. Unser Ziel ist es, differenzierte, besser nachvollziehbare und flexiblere
Nachhaltigkeitsbewertungen zu erméglichen.

Mit der zunehmenden Nutzung datengetriebener Erkenntnisse fiir finanzielle Entschei-
dungen hat auch die Einbeziehung von Investorensentiment in diesen Prozess erhe-
blich an Bedeutung gewonnen — sowohl in der Wissenschaft als auch in der Praxis.
Studien zeigen konsistent, dass Sentiment die Portfolio-Performance verbessern kann.
Infolgedessen haben grofe Finanzindexanbieter stimmungsbasierte Indizes eingefiihrt.
Die wissenschaftliche Forschung zu deren Konstruktion bislang jedoch begrenzt. Als
ersten Schritt zur Integration ESG-bezogener Stimmungen in Investitionsprozesse en-
twickeln wir zunéchst ein stimmungsbasiertes Pendant zum DAX-40-Index, einem Ak-
tienindex welcher die 40 grofiten deutschen Firmen beinhaltet.

Aufbauend auf dieser Grundlage untersuchen wir anschliefend, wie Stimmungen zu
Nachhaltigkeitsthemen gezielt in die Portfolio-Optimierung eingebunden werden kon-
nen. Da sich die finanzielle Relevanz einzelner ESG-Aspekte im Zeitverlauf verdndern
kann, schlagen wir einen dynamischen Ansatz vor, der sich an die sich wandelnde Mate-
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rialitdt dieser Faktoren anpassen kann. Diese Arbeit schlieftt eine Liicke in der Literatur
an der Schnittstelle zwischen nachhaltigen Finanzanlagen und Sentimentanalyse.
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INTRODUCTION

During the work on this thesis over the last few years, the field of natural language
processing (NLP) has been fundamentally transformed by the rise of large, generative
language models (GLMs). Since the release of GPT-3.5 in late 2022 [105], working with
text using these models has become incredibly straightforward - even for non-experts.
Tasks that once required carefully engineered pipelines and domain-specific resources
can now often be solved by prompting a general-purpose language model [50, 79]. This
recent shift in paradigm raises an important question: Is it still necessary to create
specialized models or can single, large language models simply solve problems across
different tasks and domains? What is the correct approach for extracting relevant
information from textual data?

A glance at the Hugging Face model hub!, a central platform for sharing machine
learning models, reveals the scale of ongoing specialization. At the point of writing
this thesis, more than 1.8 million models have been uploaded, many of which are tai-
lored for specific tasks, domains, or datasets. This diversity illustrates a crucial point:
while generalist models are powerful, they might not always be the best tool for every
problem. Practitioners continue to train and fine-tune models that are purpose-built,
whether to solve niche tasks or operate effectively within a specific domain.

The field of Information Extraction (IE), which focuses on identifying and extract-
ing structured information from unstructured text, has been profoundly reshaped by
the capabilities of GLMs. Traditionally, IE relied on rule-based systems or task-specific
models trained to extract entities, relations, or events, often requiring extensive labeled
datasets and domain expertise [128, 82|. GLMs, however, have introduced a paradigm
shift by enabling flexible, prompt-based extraction that can adapt to diverse tasks with-
out the need for task-specific training. Models such as GPT-4 [106] or LLaMA [150]
have introduced a complementary approach, enabling flexible, prompt-based extraction
that can adapt to diverse IE tasks without extensive retraining [167]. GLMs can per-
form diverse IE tasks through carefully crafted prompts, often achieving performance

"https://huggingface.co/models
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comparable to that of specialized systems. However, GLMs face challenges, includ-
ing inconsistent structured outputs and potential hallucinations, particularly in niche
domains where fine-tuned models benefit from tailored training [29, 67]. Conversely,
fine-tuning requires high-quality labeled data and computational resources, which may
limit accessibility. The case of IE thus highlights a critical trade-off: while LLMs offer
versatility and ease of use, fine-tuned models provide precision and reliability in specific
contexts.

In this thesis, we investigate the use of both types of language models on differ-
ent Information Extraction tasks within the financial domain. The following chapters
trace an arc in recent NLP developments: from training compact, supervised models
to leveraging generative, larger language models with emerging techniques aimed at
reducing costs - both computational and monetary - while retaining or improving per-
formance. At the same time, parts of this thesis are application-oriented, aiming to
develop tools or products that can be utilized in practical settings.

1.1 The Financial Domain

The stock market represents one of the largest and most dynamic social experiments
ever created. Every day, millions of investors express their views, deliberately or un-
consciously, on the value of assets by buying and selling them. These decisions reflect
a diverse range of influences: from geopolitical shifts such as the war in Ukraine? to
smaller developments like dying cacao trees that send commodity prices soaring?.

Financial decisions are deeply tied to opinion and interpretation, making finance a
natural application area for NLP. Markets are driven by a multitude of signals - some
structured, but many unstructured and deeply contextual. By analyzing the textual
data generated daily across news outlets, financial filings, and social media, we can
gain insights into investor sentiment, emerging risks, and market-moving events.

At the same time, finance, like NLP, has undergone a paradigm shift. The intro-
duction of large, general-purpose language models has significantly simplified the pro-
cessing of vast amounts of unstructured financial text. This advancement has sparked
renewed interest in quantitative finance, where data-driven decision-making has become
increasingly prevalent |80, 163, 171, 170].

Another important trend shaping modern finance is the growing emphasis on sus-
tainability. Particularly in Europe, sustainable finance has gained substantial momen-
tum, with more and more capital flowing into companies perceived as socially and
environmentally responsible, although a few distractions have stalled this trend some-
what recently [97|. For many investors, financial performance is no longer the only
concern - ethical considerations and personal values also guide their decisions. But
this raises new challenges: how can we evaluate whether a company is genuinely sus-
tainable? What data should we rely on? How can we measure alignment between a
company’s actions and its stated values?

In this dissertation, we address both of these threads. We explore how textual data,
such as news articles, can inform general investment strategies, and we investigate how
NLP techniques can help assess the sustainability practices of companies. Together,

’https://en.wikipedia.org/wiki/Russian_invasion_of_Ukraine
3https://unctad.org/news/chocolate-price-hikes-bittersweet-reason-care-about-climate-change


https://en.wikipedia.org/wiki/Russian_invasion_of_Ukraine
https://unctad.org/news/chocolate-price-hikes-bittersweet-reason-care-about-climate-change

1.2. CONTRIBUTIONS 3

these studies showcase the recent evolution of the field of financial NLP and the re-
sulting broader changes in how financial decisions are made in the age of language
models.

1.2 Contributions

This thesis consists of several works which contribute to the field of financial NLP.
Most of these works extract relevant information from news articles. To achieve this,
we investigate both smaller, modular models using supervised learning, as well as larger,
more general models without further training. At the same time, we also leverage the
extracted information in order to investigate how to make more informed investment
decisions.

In the following, we briefly list the most significant academic studies:

e First and foremost, in order to be able to work with textual data, it needs to be
accessible. In chapter 3, we create a tool which enables practitioners to work with
company reports in the SEC’s EDGAR database. To make it easier to analyze
the reports, we not only provide a crawler but also clean the data and export it
into a better structured file.

e In chapter 4, we investigate leveraging modular learning approaches to extract
different properties of textual data via supervised learning. We experiment with
various setups, using mainly bottleneck adapters in order to handle multilingual
datasets and enrich representations through knowledge composition.

e To advance research on corporate sustainability event detection, we construct a
dataset in chapter 5 by analyzing news articles and identifying various properties
pertinent to ESG decision-making, such as ESG-sentiment, ESG-aspects and
ESG-based summaries of the articles. As opposed to the previous studies using
supervised learning, we approach the problem using zero-shot extraction with an
LLM in this work and evaluate a subset of the results with the help of human
annotators. The constructed dataset presents one of the first open datasets with
a time-series of ESG-sentiment as well as -aspect data.

e In section 6.1, we investigate how sentiments mined from news articles can be
used to construct a sentiment-driven financial index. A product like this adjusts
its weight based on the investor opinion of different companies, as opposed to
weighting them based on their size.

e Finally, we use the previously constructed ESG-dataset in section 6.2 in order to
detect points in time at which certain ESG-aspects are particularly likely to be
relevant for different companies and explore how this information could be used
for an ESG-based investment approach.

1.3 Thesis Structure

We start by briefly introducing several techniques from the field of Artificial Intelli-
gence (Al) in chapter 2. In chapter 3, we present edgar-crawler, an open source
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library which can download information from the United States Securities and Ex-
change Commission’s (SEC) EDGAR (Electronic Data Gathering, Analysis, and Re-
trieval) database. In addition, edgar-crawler also cleans and extracts the relevant
information from the reports into a convenient . json format.

Next, we introduce several methods for identifying relevant information within news
articles and other types of textual data.

In chapter 4, we explore using modular learning approaches for extracting infor-
mation from textual data. Here, we follow a supervised learning approach, where we
experiment with various ways to use annotated datasets in order to train a model for
three different use cases. Since all datasets are multilingual, a modular approach is
beneficial for capturing knowledge in each language separately, combining it where it
suits.

In contrast, in chapter 5, we investigate a different approach using generative Large
Language Models (LLMs) to extract information from news data without relying on
annotated data. Here, we focus on the field of corporate sustainability, also called ESG
(for Environmental, Social, Governance). As we validate our results by conducting
an evaluation of the extracted data, this study also provides more clarity about the
suitability of LLMs as annotators.

Following that, we apply the previous learnings to build two different approaches
for portfolio optimization in chapter 6. Our findings demonstrate that the extracted
investor sentiments can improve financial performance, serving as reliable predictors of
stock prices for the companies analyzed.

Finally, we conclude the thesis with chapter 7, where we draw our conclusions and
provide an outlook for future research directions.



FINANCIAL INFORMATION EXTRACTION

Information Extraction (IE) in Natural Language Processing is the automated process
of identifying and extracting specific pieces of factual information from unstructured
or semi-structured text [128]. This involves pinpointing and retrieving key elements
such as named entities (e.g., people, organizations, locations), their attributes, the
relationships between them, and the events in which they participate [55]. The over-
arching goal of IE is to transform the vast amounts of text available into a structured,
organized, and machine-readable format [172].

The majority of the papers that make up this thesis apply IE in one way or another.
Most of them aim to extract different opinions towards corporate entities from text.
This sub-domain of IE is called Aspect-Based Sentiment Analysis (ABSA). However,
we are not only interested in the sentiments expressed toward specific entities but also
in understanding the sentiment related to a predefined topic.

One example of this is the sentiment toward corporate entities concerning sustain-
ability. There are instances where actions may benefit a company’s financial prospects
but reflect poor sustainability practices, such as workforce layoffs'.

In this chapter we will first separate the approaches for extracting information into
two distinct fields: using encoder-like Language Models which create rich embeddings
and using generative, decoder-like Language Models. We explore the advantages and
disadvantages of both model types and summarize recent research developments.

Next, we introduce Parameter-Efficient Fine-Tuning (PEFT), a technique which
we apply in several works in later chapters. PEFT allows for selective tuning of a
model’s weights in order to align it with a specific target task. We specifically focus on
bottleneck adapters, a modular solution that allows the tuned parameters to be easily
added to or removed from a base model as needed.

Finally, we summarize the general state of Financial NLP, first diving into Financial
Sentiment Analysis (FSA) and breaking down recent research directions. We continue

1Several cases of exactly this could be observed in the last few years: many big technology compa-
nies laid off significant parts of their workforce before their stock price rallied.

5
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by exploring FSA applications, where sentiments are used as inputs for investment
decisions. Finally, we give a general overview of the field of corporate sustainability.

2.1 Generative or Representational Language Mod-
els?

Since Vaswani et al. [154] introduced the transformer architecture in 2017, the majority
of models building upon this technology have leveraged one of its two components in
order to try to solve IE tasks?. The encoder component of the transformer creates rich,
contextual vector representations of an input, which can then be used to train further
models depending on the desired output. In contrast, the decoder component takes an
input and generates further text from it. In this section we provide a general overview
of the advantages and disadvantages of the components.

2.1.1 Representational Language Models

Language Models which leverage the encoder part of the transformer are mostly based
on the work of Devlin et al. [31] which introduced a model called BERT (Bidirectional
Encoder Representations from Transformers). As indicated by the name, they use a
bidirectional attention mechanism which looks at the whole input at once and thus can
judge the context of each word while considering both preceding and succeeding words.

BERT-based models use Masked Language Modelling (MLM) as a pre-training
method. Here, a certain percentage of tokens are “masked” (usually around 15%),
meaning they are replaced by a special [MASK] token. Following that, the model is
trained by attempting to predict the original token using a version of the cross-entropy
loss-function [45, 92]. A secondary pre-training method is the Next-Sentence Prediction
task, which aims to predict if two sentences were originally next to one another or not.

Following this first pre-training, the model can then be fine-tuned on the desired
downstream task (e.g. Named Entity Recognition, Sentiment Analysis, ...) using
supervised learning. This second step is significantly less training-intensive than the
pre-training stage, so it is relatively simple to adapt the base model to a specific task.

Since BERT’s release in 2018, significant improvements have been made to the base
method, leading to enhanced performance across various tasks. Models like RoOBERTa
[83] and DistilBERT [127] have made changes to the base model to enhance its ca-
pabilities and efficiency. Recently, ModernBERT [161] has taken a significant leap
by utilizing rotary positional embeddings (RoPE) [142] to extend the context length
from 512 tokens to 8192 tokens among other improvements. However, in general the
paradigm in encoder-only models has not changed drastically from the first implemen-
tation [31].

2.1.2 Generative Language Models

Decoder-only Language Models can be traced back to the first GPT (Generative Pre-
Trained Transformer) model, which was introduced by Radford et al. [119] in 2018. As

2For completion we would like to mention that models like T5 [121] leverage both components, but
we will not explore them further in this thesis.
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BERT, GPT was designed to be trained in two stages: an unsupervised pre-training
stage followed by a supervised fine-tuning stage. However, unlike BERT, GPT uses a
unidirectional attention mechanism as it aims to solve tasks by generating new tokens.
For this, GPT was trained using Causal Language Modelling (CLM), which basically
aims to predict the next token in a sequence by trying to minimize its Log-Likelihood
in the loss function [45]. As with BERT, GPT can then be adapted to specific tasks
by fine-tuning on a labeled dataset.

Similar to encoder-only models, the GPT series of models has been developed ex-
tensively over the recent years. But where BERT-like models primarily improved on
the first iteration in smaller steps, occasionally making bigger jumps when a new tech-
nical improvement was found, GPT-like models have changed drastically since their
initial inception.

During the development of GPT-2 [120] and GPT-3 [16], the authors gradually
tested replacing the fine-tuning stage with a simple few-shot learning paradigm, in
which the weights of the model are not updated anymore. By supplying a few samples
to the model prior to asking for the answer of a sample, the model can adapt to differ-
ent tasks. This shift to essentially an all purpose model that can be used for any task
continued with InstructGPT [108], which leverages a technique called “Reinforcement
Learning from Human Feedback” (RLHF'). As the name suggests, RLHF further refines
a model by applying Reinforcement Learning (RL) to teach the model to prefer gener-
ating answers which are more helpful, based on a human-annotated dataset. This trend
continued with ChatGPT [105] and subsequent models like GPT-4 [106] and GPT-4.5
[107], which also added multimodality to their capabilities. At the same time, a large
number of open source models were released as well, for example the Llama family of
models [150, 151, 147] and the Qwen family [12, 169, 118, 148|. These models mostly
scale by being larger and being trained on more high-quality data with more compute
[68, 54].

2.1.3 Adapting to New Domains

Both of the approaches discussed above come with their own up- and downsides, es-
pecially when they are applied in particular domains (such as finance) or languages
not included in their pretraining. First, we will look at the representational models
discussed in subsection 2.1.1.

Here, the fine-tuning part, which uses supervised learning, can present unique chal-
lenges [35, 22]. Annotated data in these areas is often sparse and difficult to obtain due
to the need for domain expertise and the complexity of financial texts. To overcome
those challenges, financial experts are needed to obtain high-quality annotations, which
is expensive and time-intensive.

If the domain-specific task is multilingual at the same time, the problem is com-
plicated further. Since it can be challenging to obtain domain-specific annotated data
in a single language, doing so for multiple different languages is even more difficult.
However, several approaches have focused on facilitating the knowledge transfer of fine-
tuned models between the different languages. We will expand on these approaches in
section 2.2.

There are several advantages of using representational models. Firstly, due to the
bi-directional training, their contextual knowledge is richer which can result in higher
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performances depending on the task |79, 44, 103]. Secondly, compared to modern gen-
erative models, they are more efficient and require less computational resources.

On the other side, generative models have the added issue that they can struggle
with hallucinations [41, 64], especially in domains insufficiently represented in the pre-
training dataset |78, 29]. Another problem of generative models is their dependency
on the prompt used to perform a certain task. Although researchers have investigated
(and made progress on) how to optimize prompts for performance, the best way to do
this is still not clear [179, 156, 123, 81|. This means that it can be very costly (both
in time and money) to optimize a prompt for a certain task.

However, modern generative models are very easy to use and to adapt to new tasks.
Since they implicitly have some slight reasoning capabilities (which can be enhanced
through clever prompting) [162, 177], it is often possible to achieve good performances
even in a zero shot setting |79, 167].

At the same time, emerging research has found ways to mitigate hallucinations. If
an underlying knowledge base is available, Retrieval Augmented Generation (RAG)
[77] can provide documents there to the model so that it focuses on the information
there instead of making up new information [136, 17]. This technique has also been
found to reduce (but not completely solve) hallucination in specific domains, such as
the medical [71], legal [89] and financial [129, 67, 78] domain.

Another approach for mitigating hallucinations is through the improvements of the
prompt, such as using chain-of-thought prompting [162, 159], for the medical [71]| and le-
gal [74] domains and few-shot prompting for the financial domain [67, 78|. An approach
which proved to be less performant for medical tasks [71]|, but effective for reducing

hallucinations for financial tasks is fine-tuning [108] the base-model on domain-specific
knowledge [125, 78|.

2.2 Parameter-Efficient Finetuning

As mentioned in the previous section, it is possible to leverage pre-trained language
models (LMs) which have learned general information during unsupervised training
on large corpi by training them further on specific tasks. However, this comes with
different challenges:

e As pre-trained LMs become larger, further finetuning becomes more computation
heavy

e Continuous training of the same parameters can cause catastrophic forgetting, es-
sentially leading the model to forget previously learned information when trained
on new tasks [46]

To alleviate these points, parameter-efficient finetuning (PEFT) only adjusts a small
set of parameters, either new or existing, while keeping the majority of them frozen
[174]. Not only is this computationally more effective while achieving the same perfor-
mances as full finetuning [168], but it also avoids catastrophic forgetting as the previous
knowledge encoded in the LM is left mostly unchanged [57, 174].

A variety of different PEFT approaches have been studied [168, 174], however, in
this thesis we will focus on bottleneck adapters [57|, which are small neural network
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Figure 2.1: (a) Configuration options for bottleneck adapters. Dashed lines represent
the different options for new weights (both up- & down-projections and LayerNorms)
and residual connections. New weights are illustrated within pink boxes. Schema from
[113]. (b) Transfer of knowledge learned in NER task in language EN to a different
language (shown by the dashed lines). Schema from [114].

(NN) modules inserted within the layers of pre-trained transformer-based models. In
order to improve the efficiency, the hidden states of the layer are first projected into a
lower dimension using a matrix Wy, where a non-linearity f is applied. Finally, the
states are projected back into the original dimension of the hidden layer with a second
matrix W, and combined with a residual connection r:

h < Wy - fWaown - h) + 17

The adapters can be introduced at different locations within the transformer block,
as shown in Figure 2.1a. Since the adapter-weights are fully separate from the original
weights, they are modular and as such can be combined in interesting ways. An example
for this is presented by Pfeiffer et al. [114], where the authors use both language-
adapters created by training adapters in a specific language using the fill-mask task as
well as other adapters. As illustrated by the schema in Figure 2.1b for the example of
English and Quechua, combining a language adapter with a task adapter trained on
data in language A (English in the example) allows for a transfer of the knowledge to
a second language B (Quechua in this case), for which a training dataset might not
exist.
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Knowledge Composition with Adapters

The avoidance of catastrophic forgetting through adapters is a big advantage. However,
combining the knowledge trained into the separate modules is not possible through the
standard setup. In practice, the downstream task which uses the adapters is only able
to employ one adapter at a time.

To enable the composition of modular knowledge present in the different adapters,
Pfeiffer et al. [112] introduce AdapterFusion. Having trained the different adapters,
AdapterFusion employs a secondary stage of training to learn how to apply combina-
tions of the different adapters for a specific task. This is done by introducing a third
set of parameters, W, in addition to the parameters of the different adapters ® as well
as the base model parameters ©. Then, the AdapterFusion parameters for a task m are
determined by minimizing the loss function L,, when training on the task-data D,,:

U, <= argmin L,,(D,,; 0, Py, ..., Py, V)
v

This means that the training dataset of m is used two times: one time for training the
task adapters, and a second time for training the AdapterFusion.

In order to teach the new parameters how to compose the outputs from the different
adapters, the original authors [112] define Key (K)), Value (V;) and Query (Q);) matrices
as parts of ¥ at each layer [. For the key and value transformations, the output z;; of
each adapter is used at each time-step t. For the query, the output of the feed-forward
sub-layer is used. Finally, the activation of each adapter n based on the context is
learned using

T T
s1¢ = softmax(h; ,Q; ® 2, ,, K;)
/ _ T
Zl,t,n - Zl,t,n‘/l
Z, =
Lt — [Zl,t,0> s Zl,t,N]

T 1
Ot = Sl,tZl,t

The final output o;; is then essentially the sum of the transformed adapter outputs
weighted by the attention scores calculated with the softmax function.

Using AdapterFusion to apply learned knowledge from different tasks helps to im-
prove results especially for tasks with little training data, as the model can leverage
the knowledge gained from tasks with more training data [112]. However, AdapterFu-
sion is a very versatile technique, and as we will see in chapter 4, using it to compose
knowledge learned from the same task in different languages can be quite beneficial as
well.

2.3 Financial NLP

In this section we will outline the current state of financial NLP as well as key opportu-
nities and challenges. We will then focus on financial sentiment analysis in particular,
investigate how it is used for concrete investment decisions and finish with the topic of
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corporate sustainability.

The role of NLP for the financial sector has rapidly increased over recent years.
Chen et al. [22] note the rise in Google Trends for “FinTech” prior to 2020, along
with the growing number of finance-related workshops collocated with NLP-related
top-tier venues. This trend has only continued since then, as Du et al. [35] observe in
the consistent growth of the number of NLP-related publications for different financial
research topics. While topics such as “Risk management”, “Question Answering” and
“Financial Sentiment Analysis” lead in the number of publications, others, such as “ESG
and sustainable finance”, are comparatively under-researched but increasingly drawing
attention.

Du et al. [35] separate Financial Textual data into three different fields: “Corpo-
rate Data” such as annual reports and other corporate disclosures, “Public News and
Announcement”, which contains financial news and analyst reports, and finally “Social
Media Data” from sources such as X (formerly Twitter), StockTwits and more.

While chapter 3 concerns itself mainly with the first type of data, the other chapters
will overwhelmingly focus on the second source, public news.

2.3.1 Financial Sentiment Analysis

Financial Sentiment Analysis (FSA) is, as mentioned above, one of the topics in the
Financial NLP domain which has garnered the most attention (and most publications)
in recent years [35]. In general terms, FSA is concerned with determining investor
sentiment (which contains beliefs about future investment risks) and textual sentiment
(which considers how positive or negative a text is) [69]. Du et al. [34] divide FSA
into two principal research tasks: Technique-driven FSA investigates determining the
sentiment of financial texts, while application-driven FSA leverages the sentiments and
studies how to use them in order to make informed investment decisions. We will start
by expanding on the first research task and then follow up on the second one in the
next subsection.

Predicting the sentiment of financial texts can be approached in different ways
and has changed along with the entire field of NLP over the years. Earlier works
attempted to use lexicon-based methods, which assign polarities to single words or
phrases [49, 152, 144, 87, 104]. Those polarities can then be combined in different
ways in a secondary step for interpretation [149|, for example by counting positive or
negative words in the text [60].

Following that, a more sophisticated way to determine the sentiment is to first ex-
tract numerical features from a text, and then train a machine learning (ML) model
for sentiment prediction [122]. Feature extraction can happen through different meth-
ods which extract semantic information from the text, for example by using the above
mentioned lexica. Other approaches extract n-grams [30], verbs or named entities [65].
Notably, a very popular technique for extracting features is Word2Vec, which is able to
create dense and continuous vectors from text [95]. Word2Vec models can be trained
in an unsupervised manner and capture the semantic information of words efficiently
[96]. Once the Word2Vec model is available, the text can then be transformed to vec-
tors, and a secondary model can be trained to predict the sentiment from these vector
representations [135].
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More modern approaches leverage the pre-trained language models we discussed in
section 2.1. Models like BERT [31] can be directly fine-tuned on a financial dataset to
extract the sentiments [85]. Other approaches have continued pre-training BERT on
financial data in order to increase performance on financial tasks. Araci et al. [10] for
example have created a model they call FinBERT by pre-training further on the TRC-2
corpus by Thomson Reuters [25]. Seemingly simultaneously, Liu et al. [85] developed
a different model using the same name, FinBERT. However, in this case the model is
pre-trained from scratch on different datasets. Both models report an outperformance
compared to simply fine-tuning a BERT-model on a financial task.

Finally, recent research [79] has conducted experiments on the performance of gener-
ative language models compared to the previously mentioned pre-trained, BERT-based
language models. When using these generative models, the samples are simply fed to
the model with an appropriate prompt. As we discussed above, prompting is not triv-
ial and can make a huge difference in the final performance. By, for example, feeding
examples to the model (this is called few-shot prompting [16]), the performance is gen-
erally improved [79].

It is noteworthy that although there is a lot of research on FSA - as discussed in
this section - most of it builds upon three core datasets: The financial phrasebank
dataset by Malo et al. [91] contains around 4840 sentences from financial news in the
English language, which are categorized into negative, neutral or positive polarities.
The SemEval-2017 Task 5 dataset [26] consists of several tracks which concern them-
selves with messages from microblogs such as StockTwits (1847 messages) and Twitter
(1591 messages), as well as sentences from news headlines and texts (1780 sentences).
Here, the samples are annotated with scores between —1 (very negative/bearish) to
+1 (very positive/bullish). The Financial Opinion Mining and Question Answering
(FiQA) dataset [90], and specifically the first task, takes a similar approach as the pre-
vious dataset but expands it to an Aspect-based Sentiment Analysis (ABSA) problem
of 529 news headlines and 774 microblog messages.

A takeaway from this is that openly available, annotated data for FSA is still rather
sparse. We will investigate solutions for improving the accessibility of financial data
and even contribute with our own dataset over the course of this thesis.

2.3.2 FSA for Investment Decisions

Once the sentiments have been determined, using them in order to improve investment
decisions is an obvious second step. The requirement for this to work is that there is
a correlation between sentiments and future returns in the first place. We will first
expand upon this in the first part of this subsection. If there is a correlation, the next
logical step would be to try and predict the future prices. Finally, in reality, investors
do not only buy into the single stock with the highest predicted performance, but
they buy multiple stocks which are expected to perform well in the future - we will
investigate using FSA for portfolio management in the last part of this subsection.

Causality

Several works have investigated the interdependency between news sentiments and
stock prices. Wang et al. [158| identify relevant words that carry sentiment in financial
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reports of US companies and finds a correlation between the occurrence of these words
and future stock price volatility. Cosley et al. [27] instead focus on the platforms
StockTwits (more of a social media platform) and Seeking Alpha (contains expert
opinions) - they find that while content from Seeking Alpha correlates more with the
stock performance than StockTwits, this correlation is small. However, by applying
well defined filters to extract higher quality content, they could increase this correlation
significantly. On the other hand, Hwang et al. [60] collect articles about North Korean
stocks and Tesla and comes to the conclusion that stock prices influence the sentiment
more than the inverse case. However, they only investigate data over a short time-
frame - three months. Ranco et al. [122] investigate detecting sentiment “events” on
Twitter and finds that the aggregate sentiment during events implies the direction of
the future market evolution. They note that the data has to be carefully selected to
observe this correlation. More recently, Wan et al. [157] similarly detect events with
large changes in sentiment and finds that they not only induce abnormal return and
volatility movements for the target company, but also for related companies from the
same sector or group.

Direct Prediction

Stock price prediction has been studied extensively, mostly through using historical
stock price data along with technical indicators and other economic variables [110].
However, with the increasing knowledge about the correlation between investor senti-
ment and the stock market, researchers started to include sentiment information into
their features [34]. Ding et al. [33] train a Convolutional Neural Network (CNN) [131]
in order to detect short-term and long-term influences of events detected in financial
news titles. Sidogi et al. [137] train multiple LSTM models [53] in order to predict
the stock price and find that using sentiments extracted with the FinBERT model [10]
can best predict the future price of the US company Amazon. Ho et al. [52] train
a CNN to predict the trend of the stock price development of five different US-based
technology stocks over different time-frames and found that combining the sentiment
with the price data performed best. Ruan et al. [126] incorporate sentiments mined
from certain forums on Reddit? into an LSTM architecture in order to predict the stock
price in periods of anomalous returns. Kaeley et al. [66] develop a Transformer-based
model and leverage both technical and sentiment data in order to predict the price
development over different time periods. They find that their approach outperforms
an LSTM baseline for long-term dependencies between sentiment and price.

Portfolio Management

Transforming stock price predictions to an optimal portfolio composition adds another
layer of complexity to the previous step and has been addressed in different ways.
Historically, modern portfolio theory (MPT) started with Harry Markowitz in 1952
[93], where he introduced the idea that a portfolio can be optimized based on two
objectives: risk and expected return. Put briefly (more details can be found in Palomar
et al. [109]), what Markowitz described is a bi-objective optimization problem where
the expected return and the risk (via the volatility or variance) of the portfolio are the

3https://www.reddit.com/
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two objectives. With the expected return being the weighted sum of expected returns
of the singular portfolio constituents w?y and the risk being expressed through the
variance w? ®w, the optimization problem can be formulated as a weighted sum:

A
max w’ y — §wT®w, (2.1)

where ® is the covariance matrix of the singular returns and A is a factor which expresses
how risk-averse the portfolio aims to be. At the same time, a set of constraints can
be introduced, as is often the case in reality. An example for this is the “5-10-40-rule”
of managed funds in Germany, which says that stocks with weights above 5% must
not surpass 40% in sum, all while a single stock should not have a weight above 10%*.
Depending on the legal framework the investor has to work with, different kinds of
constraints need to be adhered to while optimizing for returns.

Different studies have used the above mentioned mean-variance approach in order
to build on top of their price-predictions. Muthivhi et al. [100] first predict the prices
with an LSTM, before doing exactly this. They find that including sentiments in
the LSTM prediction yields a superior performance compared to different sentiment-
unaware strategies.

With the rise of bigger and more complicated models, the field of portfolio opti-
mization has transformed as well. Modern approaches, for example by Koratamaddi
et al. [72], increasingly leverage reinforcement learning (RL) [143] to train a model
to choose optimal allocation based on different input features. Notably, recent stud-
ies have investigated using the financial sentiment as one of those features. The above
mentioned work (|72]) find that the sentiment-aware RL-agent effectively maximizes re-
turn and minimizes risk and outperforms other sentiment-unaware baselines, including
a Mean-Variance baseline. Other publications such as Liu et al. [84] include modern ar-
chitectures such as the transformer into an RL-framework in order to combine market-,
macro- and sentiment-features for portfolio optimization. Their ablation study shows
that combining all features outperforms other variants with missing features. In par-
ticular, while the experiment excluding the sentiment achieve an only slightly lower
performance, a sharp decline in sharpe ratio [134] shows that the investor sentiment
plays a significant role in stabilizing the portfolio.

2.3.3 Corporate Sustainability

Corporate sustainability (CS), often framed through Environmental, Social, and Gover-
nance (ESG) criteria, is a framework that evaluates how businesses operate responsibly
in relation to the environment, society, and their internal governance. ESG assesses a
company’s impact on areas like climate change, employee welfare, and ethical leader-
ship. The Environmental aspect focuses on reducing ecological harm, such as lowering
carbon emissions or managing waste. The Social component examines how a company
treats its employees, customers, and communities, emphasizing fairness, diversity, and
human rights. Governance covers leadership practices, including transparency, anti-
corruption measures, and ethical decision-making. Together, these elements guide
companies toward sustainable practices that balance profit with positive societal im-
pact.

‘https://www.gesetze-im-internet.de/kagb/__206.html
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ESG is important because it aligns business strategies with long-term societal and
environmental goals, benefiting both companies and their stakeholders. For companies,
adopting ESG practices can have monetary motivations. Research shows that strong
ESG performance often correlates with better financial outcomes, such as higher prof-
itability and lower risk [21]. For example, companies with robust ESG practices may
attract more investors, reduce operational costs through energy efficiency, and build
stronger customer loyalty by aligning with public values like sustainability. A 2015
meta-analysis of over 2,000 studies found that ESG-focused companies often achieve
higher equity returns and reduced financial risks, proving that doing good can also
be good for business [42]. Additionally, ESG helps companies maintain their “social
license” to operate, earning trust from communities and regulators, which can lead to
easier market access and growth opportunities [94].

In order to quantify the ESG practices of companies, stakeholders often rely on
ESG-ratings provided by rating agencies. Those agencies analyze large amounts of
both company-provided and public information in order to identify how sustainable a
company is. One blog post [39] counts more than 600 different rating agencies near the
end of 2023. However, most consumers rely on a small few agencies such as MSCI?,
Sustainalytics® or LSEGT - all with slightly different approaches [37].

Despite its benefits, the current popular approach of ESG ratings faces several chal-
lenges. One major issue is the inconsistency of the ratings, as different rating agencies
use varied methodologies, leading to discrepancies in how companies are evaluated
[13]. For example, a firm might score highly on one agency’s environmental metrics
but poorly on another’s due to differing criteria. This lack of standardization confuses
investors and undermines trust. Additionally, skepticism about ESG persists, with
critics arguing that some companies engage in green-washing, using ESG as a market-
ing tool without meaningful action [101]. Others question whether ESG truly delivers
financial returns or if it distracts from core business goals [117], although novel research
in this area suggests the opposite [21].

The advances in NLP described in the previous sections have also started to impact
and accelerate research in the ESG domain. Using novel models and tools, it is possible
to analyze vast amounts of textual data, such as corporate reports and news articles,
to assess companies’ sustainability performance [102, 35]. They can help to identify
patterns in how companies disclose ESG-related information, detect greenwashing (ex-
aggerating environmental claims), and evaluate stakeholder sentiment independently
from ESG-rating agencies. This would provide more transparency in the sector and
thus shed light on much of the ESG-related skepticism described.

Shttps://www.msci.com/data-and-analytics/sustainability-solutions/esg-ratings
Shttps://www.sustainalytics.com/
"https://www.lseg.com/en/data-analytics/sustainable-finance/esg-scores
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FINANCIAL REPORT EXTRACTION

As we mentioned in subsection 2.3.1, data in financial NLP is sparse. For this reason,
enabling access for more financial data plays an important role in advancing the field of
financial NLP [34]. A popular data source which is publicly available but not used to
its full potential due to several limiting factors is the EDGAR database of the United
States Securities and Exchange Commission (SEC)!. Here, American companies are
required by law to upload different kinds of reports - the most important ones being
yearly reports (10-Ks), quarterly reports (10-Qs) and current reports (8-Ks). These
reports present a very valuable resource for financial NLP, but different issues make
working with them in their raw state challenging:

1. In order to download reports, users have to visit the different company sites in
EDGAR and find the reports they are interested in.

2. Reports are often very lengthy and contain numerous artifacts that make them
difficult to process.

3. Over the years, the format of the reports has changed, making a unified tool for
processing the reports more complex.

The company reports available on the EDGAR database are important for different
reasons.

10-K (yearly) reports The 10-K is an annual report required by the SEC for pub-
licly traded companies. It is filed within 60 to 90 days after the fiscal year-end and
includes audited financial statements, management’s discussion and analysis (MD&A)
as well as disclosures about business operations, legal proceedings and executive com-
pensation.

10-Ks are an important resource both for investors and for researchers as they
provide key information for evaluating a company’s long-term viability. For investors,

"https://www.sec.gov/edgar/search/

17


https://www.sec.gov/edgar/search/

18 3. FINANCIAL REPORT EXTRACTION

the reports are a tool for informed decision-making while for researchers, they represent
a rich dataset for empirical analysis, offering insights into corporate behavior, financial
trends, and industry dynamics.

10-Q (quarterly) reports 10-Q reports are filed within 40 to 45 days after the
end of each of the first three fiscal quarters (the 10-K being filed after the last one).
They provide an update on financial performance and operations, including unaudited
financial statements, MD&A, and disclosures about material changes since the last
10-K or 10-Q.

The 10-Q’s frequency and focus on recent performance make it essential for tracking
ongoing developments. They fill the gaps between the more sparse yearly reports and
can thus provide early warning signals, seasonal context and information on short-term
trends.

8-K (current) reports 8-K reports are filed typically within four business days of
a significant event that shareholders should know about. They can cover for example
mergers, bankruptcies, lawsuits or executive changes. These reports are ideal for event
studies as they provide precise timestamps for significant corporate actions.

Notably, the financial reports are also important regarding ESG practices, as they
often contain information about the sustainability-related strategy of the companies.
Ignatov et al. [61] for example finds that the ESG-related tone in 10-K reports corre-
lates with the stock market returns of companies.

In order to provide the public with easier access to this free resource, we developed
an open source tool which not only crawls the reports a user wants to download, but
also extracts the different parts of the report in a readable . json format convenient to
work with.
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The reports are downloaded in three steps: First, the user defines which reports for
what companies they want to download for which years. Afterwards, the corresponding
reports are crawled and downloaded. The challenging task of cleaning and extracting
the data is performed in the third step. Since the reports consist of different Parts
and Items (as defined by EDGAR?), we can identify where the different sections start
and end, and extract this information. This is valuable because both investors and
researchers are often interested in specific sections as opposed to the whole report
[18, 59, 9, 133]. Finally, this information is returned as a .json file - a convenient
format to parse and work with.

edgar-crawler has already seen a wide adoption in the field of financial NLP,
gathering over 450 stars on Github?, and being used to support a variety of different
research projects, such as Crane et al. [28] and Xie et al. [166].

’https://www.sec.gov/submit-filings/forms-index
3https://github.com/lefterisloukas/edgar-crawler, as of 10.12.2025
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Abstract

Acquiring data for resource-limited domains like financial NLP
presents numerous challenges. One rich web resource of textual
financial data is EDGAR, the Electronic Data Gathering, Analysis,
and Retrieval system, where U.S. legislation requires publicly traded
companies to upload economic reports for investor transparency.
However, automating the process of downloading EDGAR filings is
not enough. These long-form documents, often exceeding 100 pages
each, include noisy text, images, and tables, requiring significant
manual preprocessing. Moreover, researchers often require only
specific sections of these lengthy documents to solve specific NLP
tasks, further complicating the use of these filings. To address these
challenges, we present EDGAR-CRAWLER, the first Open-Source
Software (OSS) for automatically downloading and preprocessing
EDGAR filings. Equipped with a variety of document mining op-
tions, EDGAR-CRAWLER can convert lengthy raw financial docu-
ments into clean and section-specific JSON files, which can be inte-
grated seamlessly into NLP workflows. Supporting multiple filing
types and offering extensive filtering options, EDGAR-CRAWLER
facilitates the creation of structured large-scale datasets for financial
research. Serving as a free alternative to premium web service data
providers, EDGAR-CRAWLER has been widely adopted by both
practitioners and academic researchers. Our software is available
at https://github.com/lefterisloukas/edgar-crawler.
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and archives; » Computing methodologies — Natural language
processing,.

Keywords
Data Resource, Open-Source Software, EDGAR, Web Archive, NLP

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

WWW Companion 25, April 28-May 2, 2025, Sydney, NSW, Australia

© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-1331-6/2025/04

https://doi.org/10.1145/3701716.3715289

Diisseldorf, Germany

Athens, Greece

Ion Androutsopoulos

Department of Informatics, Athens
University of Economics and Business

Archimedes/Athena RC, Greece
Athens, Greece

ACM Reference Format:

Lefteris Loukas, Fabian Billert, Manos Fergadiotis, Prodromos Malakasio-
tis, and Ion Androutsopoulos. 2025. EDGAR-CRAWLER: From Raw Web
Documents to Structured Financial NLP Datasets. In Companion Proceed-
ings of the ACM Web Conference 2025 (WWW Companion °25), April 28-
May 2, 2025, Sydney, NSW, Australia. ACM, New York, NY, USA, 4 pages.
https://doi.org/10.1145/3701716.3715289

1 Introduction

Natural Language Processing (NLP) for economics and finance in
particular is a rapidly developing research area, as shown by the
new numerous related conferences and workshops [1, 7], as well as
the recent creation of a special interest group.! Extracting valuable
information from financial data is crucial, and while numerical
data is often reported in tables, textual data also holds significant
insights. One free rich web resource of such textual data is the Elec-
tronic Data Gathering, Analysis, and Retrieval system (EDGAR)
from the US Securities and Exchange (SEC) website, where publicly
traded companies upload various reports describing their financial
status and important events regularly, in order to maintain trans-
parency in the open market [14, 18]. EDGAR’s development began
in 1993, and it is one of the most comprehensive and influential web
archives of financial information globally for investors, analysts,
and researchers, with 3,000 filings being uploaded there daily.?

Financial documents from EDGAR are useful in numerous ma-
chine learning (ML) and NLP applications. These include many
tasks such as stock price prediction [15], risk analysis [14], and
bankruptcy prediction [9]. Researchers using EDGAR documents
often narrow their focus to specific years or company reports to tai-
lor their experiments. Among the various types of EDGAR filings,
the most widely used are:

o the (10-K) annual reports [10, 14, 17, 18, 20, 21], which pro-
vide a comprehensive overview of a company’s financial
performance, including audited statements, risk factors, man-
agement analysis, and operational details.

o the (10-Q) quarterly reports [3, 10, 16], which include finan-
cial data and updates on a company’s financial condition
and operations over the past three months.

!https://sigfintech.github.io/

Zhttps://en.wikipedia.org/wiki/EDGAR
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e and the (8-K) important event reports [5, 15], which are
event-driven reports disclosing significant corporate events,
such as mergers, leadership changes, stock dilutions, or asset
sales.

To use such financial data from EDGAR in their research, NLP
practitioners often rely on (paid) curated-dataset providers. Ex-
amples include Wharton Research Data Services (WRDS)? and
NASDAQ Premium Data Publishers*, which require costly insti-
tutional licenses of thousands of dollars, or more affordable (but
still paywall-blocked) options like AWS Marketplace®. These costs
are often prohibitive for budget-limited organizations, especially
small research groups. Free alternatives exist, but are limited to
simply downloading the raw web documents from EDGAR with-
out curating them (filtering or structuring them), which presents a
significant challenge.

The raw financial documents on EDGAR can have different for-
mats depending on the date of origin (.txt or .html), and are complex
and lengthy, making them difficult to process. For instance, the 10-K
reports average 55,000 words or 110 pages®, divided into 23 main
item sections (Table 1) [6]. Quarterly reports (10-Q) and impor-
tant event reports (8-K) contain 11 and 32 sections, respectively.
Moreover, in practice, researchers typically focus on only a few
specific sections relevant to their experiments (Table 1).” For ex-
ample, Katsafados et al. [13] combine just Item 7 and Item 1A to
detect Initial Public Offering underpricing. Thus, the lack of free
and curated financial data forces researchers to manually extract
relevant item sections from raw documents found in the EDGAR
web repository, a time-consuming and inefficient process that needs
to be automated.

In this paper, we release EDGAR-CRAWLER, the first open-
source toolkit that both downloads and cleans raw, unstructured
documents from financial reports hosted on the EDGAR web repos-
itory from the the US SEC. Our financial data mining toolkit con-
verts each raw web document into a user-friendly JSON format,
where all sections and subsections (called ‘items’) are segmented
(Fig. 3). By automating the (until now) manual steps of data pre-
processing and curation, EDGAR-CRAWLER not only acceler-
ates the work of financial NLP practitioners, but also enables non-
NLP-experts to start their research without relying on costly web
data service providers. EDGAR-CRAWLER supports the quick cre-
ation of financial data resources and offers many configuration
options, such as generating large text datasets for specific years
or companies. Our software is free and open-sourced at GitHub:
https://github.com/lefterisloukas/edgar-crawler

2 Related Libraries and Web Services

User-wise, there are three main requested functionalities when
using data from EDGAR: (a) batch crawling documents (multiple
years or companies), (b) crawling documents with specific filters
such as stock tickers or CIKs (Central Index Key, the EDGAR com-
pany identifier), and most importantly (c) mining and extracting
clean text from these lengthy and unstructured documents. The last

Shttps://wrds-www.wharton.upenn.edu/pages/about/data-vendors/
*https://data.nasdaq.com/publishers
Shttps://aws.amazon.com/marketplace/pp/prodview-k65p313pdyqfwioffers

A document of that size cannot fit in the context of most large language models.
"www.investopedia.com/articles/basics/10/efficiently-read-annual-report.asp
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Table 1: The 23 different items of a financial annual report
(10-K document), as uploaded by publicly traded companies
in EDGAR’s web repository. These items often cover hun-
dreds of pages and contain noisy text. Researchers and prac-
titioners are mostly interested in few, very specific item sec-
tions depending on their task. EDGAR-CRAWLER currently
supports mining (downloading and text cleaning) of annual,
quarterly, and important event reports.

Item ‘ Section Name

Part I Item 1 Business

Item 1A | Risk Factors

Item 1B | Unresolved Staff Comments
Item 1C | Cybersecurity

Item 2 Properties

Item 3 Legal Proceedings
Ttem 4 Mine Safety Disclosures
Part IT Ttem 5 Market
Ttem 6 Consolidated Financial Data
Item 7 Management’s Discussion and Analysis
Item 7A | Quantitative and Qualitative Disclosures about Market Risks
Item 8 Financial Statements
Item 9 Changes in and Disagreements With Accountants

Item 9A | Controls and Procedures

Item 9B | Other Information

Item 9C | Disclosure Regarding Foreign Jurisdictions that Prevent Inspections
PartIII | Item 10 Directors, Executive Officers and Corporate Governance

Item 11 | Executive Compensation

Item 12 Security Ownership of Certain Beneficial Owners

Item 13 Certain Relationships and Related Transactions

Item 14 Principal Accounting Fees and Services

PartIV | Item 15 Exhibits and Financial Statement Schedules Signatures

Item 16 | Form 10-K Summary

point is critical since, in practice, researchers are only interested in
a few pages out of hundreds from the unstructured documents.

Several open-source toolkits (Table 2) have been developed to
download financial filings from SEC’s EDGAR, with varying de-
grees of success. However, none of them supports the standardiza-
tion and preprocessing of the downloaded web documents (splitting
them into specific item sections), as EDGAR-CRAWLER does. We
briefly discuss them below.

sec-edgar-downloader allows users to crawl data based on the
company’s stock ticker and its CIK. However, it cannot clean or
extract any data from the documents, making it less useful for NLP.

sec-edgar, as well as edgartools, allow users to crawl data from
EDGAR in batches and support filtering. However, they do not
support item section extraction, and users must write their own
extraction code to integrate the data into their NLP pipelines.

py-edgar allows users to crawl data based on CIKs and does not
support the search of companies via stock tickers. It also lacks the
ability to parse and extract any data from the documents.

sec-api is a closed-source paid service offering batch and filtered
crawling. It also recently introduced the ability to parse the doc-
uments and produce clean data, like EDGAR-CRAWLER (ours).
However, as a paid service, it limits its usability by small business
entities or research groups with limited budgets.

All the above libraries and services have limitations (functional-
ity or cost-wise) when it comes to crawling and parsing data from
EDGAR. Our library, EDGAR-CRAWLER, stands apart with its
ability to (a) crawl in batch, (b) crawl with filters (stock tickers
and CIKs), and (c) extract clean text data in a standardized and
easy-to-use JSON format, without any cost.
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Table 2: EDGAR-related mining OSS libraries and (closed-source) paid web services, along with their functionalities and costs.

Name Batch Crawling  Filtered Crawling  Extract Sections  Pricing
sec-edgar-downloader X v X Free

sec-edgar v 44 X Free

edgartools v 4 X Free

py-edgar X 4 X Free

sec-api.io (Paid web service) v v v Subscription Paywall
EDGAR-CRAWLER (ours) v v v Free

3 EDGAR-CRAWLER Architecture

Lengthy &
Unstructured
Documents

Crawling
Module

8-K
oo Extraction

Clean & Standardized JSON Output

Figure 1: EDGAR-CRAWLER’s architecture. First, the user
specifies (Configuration) what data they want (companies,
years, filing types) and the software downloads them. Then,
the item extraction pipeline extracts the item-specific sec-
tions and converts them to a standardized JSON format.

Configuration

10-Q
Extraction

10-K
Extraction

EDGAR-CRAWLER consists of two Python modules:

download_filings.py is responsible for crawling and download-
ing financial reports for publicly-traded companies. It supports
multiple input arguments provided by the user, such as the start
and end year, quarters, filing types, and a list of company identi-
fiers to download reports for. We utilize BeautifulSoup4 for the
crawling and we set a maximum rate of 10 HTTP GET requests
per second, as per EDGAR’s website policy.

extract_items.py cleans and extracts the text of all or particular
items from downloaded documents, regardless of file format (e.g.,
older .txt or modern .html filings). Users can select which sections to
extract and optionally remove numerical tables. Special characters,
extra spaces/newlines, HTML tags etc. are automatically removed
to obtain the clean text data. The extracted data is saved as JSON
files, with each item’s text stored as a separate key-value pair (Fig.
3), for easy integration in NLP pipelines.?

The extraction mechanism uses a comprehensive collection of
regular expressions to identify unique and subsequent item headers
(e.g., Item 9A - Controls and Procedures)in the text of the tar-
get reports.” We then assign the matched content located between
the specified item headers as the item sections. Since a specific item
can also be mentioned inside paragraphs of other items (not as a

8 Multi-threaded extraction is powered by the pathos library for efficiency.
9These regular expressions were meticulously created over many iterations of manually
analyzing company filings over various years, starting from 1993.

header), we take several precautions to ensure that we do not cut
an item section short or detect an item header in the wrong place.
For example:
e We require each item header to be preceded explicitly by a
newline character (\n).
e We first conduct a case-sensitive search and employ a lower-
case search only as a fallback scenario.
o In the rare case where we identify multiple possible matches,
we keep the longest one.

Also, since 10-Q filings (quarterly reports) are separated into two
parts whose items can have the same names, we follow the above
approach, but hierarchically: we first identify the two parts, and
then search each part separately for its item sections.'

4 Example usage of EDGAR-CRAWLER
4.1 Configuration

Before running any module, one needs to configure the toolkit via
the config. json file. Followingly (Fig. 2), we provide one example
scenario of how to use EDGAR-CRAWLER. More examples are
available on GitHub.

{"download_filings": {
"start_year": 2014,
"end_year": 2020,
"quarters": [1, 2, 3, 41,
"filing_types": ["10-K"],
"cik_tickers": ["MSFT"],
"user_agent": "your_name@mail.com",
"raw_filings_folder": "RAW_FILINGS",
"indices_folder": "INDICES",
"filings_metadata_file": "FILINGS_METADATA.csv",
"skip_present_indices": true},

"extract_items": {
"raw_filings_folder": "RAW_FILINGS",
"extracted_filings_folder": "EXTRACTED_FILINGS",
"filings_metadata_file": "FILINGS_METADATA.csv",
"items_to_extract": ["1", "1A", "1B", "7", "7A", "8"],
"remove_tables": true,

"skip_extracted_filings": true}}

Figure 2: Example Configuration showing how to download
10-K filings for MSFT (Microsoft ticker) from 2014 to 2020
and how to extract items 1, 1A, 1B, 7, 7A, 8.

4.2 JSON Output

After running the toolkit, there will be multiple item-segmented
JSON files, one for each filing, containing the clean text data. An
example of the JSON output is shown in Figure 3.

5 Contribution to other NLP and AI work
EDGAR-CRAWLER, currently has 300+ stars on Github. Apart
from its adoption by practitioners, it is also worth noting that it

1More details of our data extraction pipeline are available on our GitHub.
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16_10K_2004.html",

Item 7. Management's Discussion and Ana
"Item 7A. Quantitative and Qualitative ure:

tem 15. Exhibits and Financial Statement Schedules:
tem 16. Form 10-K Summary: ..."

Figure 3: Example of a financial filing downloaded and ex-
tracted to a JSON format by EDGAR-CRAWLER. Multiple
filing types are supported.

has been used in multiple NLP and, more generally, AI studies.
For example, the U.S. National Bureau of Economic Research used
EDGAR-CRAWLER to research customer capital [11], while the
U.S. Federal Reserve Board tracked specific 8-K item sections to
predict layoffs [8]. Researchers from Goldman Sachs performed
business XML tagging by leveraging custom BERT models [18] pre-
trained on data generated by our software [20]. Moreover, EDGAR-
CRAWLER has enabled the creation of several financial datasets,
including the largest financial NLP corpus [17]!! and datasets for
specific tasks like fraud detection [21].

In addition, EDGAR-CRAWLER has contributed in advancing
NLP research benchmarks. For instance, Cao et al. [4] benchmarked
LLMs from OpenAlI and Anthropic on long-form document sum-
marization using data from EDGAR-CRAWLER, while Hillebrand
et al. [12] utilized Word2vec embeddings [19] trained on data gen-
erated by our toolkit to perform relation extraction. Finally, Ahn
et al. [2] developed a network graph-based investing method using
EDGAR-CRAWLER data, outperforming the S&P 500 Index!2.

6 Conclusions

We introduced EDGAR-CRAWLER, the first open-source software
(0sS) library for extracting item-segmented raw documents from
EDGAR, the official repository of publicly traded companies in
the US. EDGAR-CRAWLER efficiently downloads financial filings,
segments them by item, and exports structured text sections in
JSON format, enabling seamless integration into data processing
pipelines. EDGAR-CRAWLER serves as a free and open-source
alternative to paying proprietary web services for financial data.
As a result, EDGAR-CRAWLER has gained mass adoption both
from practitioners in Github, as well as the academic community.
The software is available at https://github.com/lefterisloukas/edgar-
crawler.!3
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MODULAR LEARNING FOR FINANCIAL
IR

In this chapter, we explore using a modular learning approach in order to train bottle-
neck adapters on top of representational encoder-only LMs and extract key information
from textual data this way. As we described in section 2.2, adapters present a cost-
effective solution to adjusting a pre-trained model for a specific target task. But the
modular approach holds significant other advantages over simple fine-tuning. In the fol-
lowing few sections we present our case for using multiple different bottleneck adapters
in combination for knowledge composition when various models need to be trained.
We show that by using Adapter Fusion (introduced in the second half of section 2.2)
in order to be able to combine the knowledge of the different models at runtime, we
can nearly always achieve a better performance compared to simply using a singular
model.

After having introduced a tool for working with financial reports in chapter 3, we
move on to the main type of textual data we will work with for the remainder of
the thesis: news articles. We first look at determining the type of news article - can
we detect if an article is satire, or if it represents the opinion of a singular reporter?
Next, we will delve further into the field of corporate sustainability, as we attempt to
extract different ESG-aspects from text. Does an article concern environmental, social
or governance related ESG-issues? Finally, we will build on this and further extract
the type of ESG-impact an article represents. In all three works, we present different
architectures of adapters for extracting the desired information. We find that by being
creative with the presented challenge and combining the adapters in different ways, we
can generally outperform an uninspired baseline which directly trains on the different
classes.

Whereas all three works concern simple classification tasks, every one of them is
multilingual, which both complicates the tasks, but also offers an opportunity, as gen-
erally, more data is available. We find that applying Adapter Fusion across the different
languages can enhance the results compared to using just a monolingual adapter.
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4.1 News Genre Classification

Paper: Fabian Billert and Stefan Conrad. 2023. HHU at SemEval-2023 Task 3: An
Adapter-based Approach for News Genre Classification. In Proceedings of the 17th
International Workshop on Semantic Evaluation (SemFEval-2023), pages 1166-1171,
Toronto, Canada. Association for Computational Linguistics.

Personal Contribution: The presented method was developed and implemented
by Fabian Billert. All parts of the paper were written by Fabian Billert under the
supervision of Stefan Conrad

Status: Published

Fake news and propaganda in online media have been a much discussed topic in recent
years. From 2009 to 2023, the number of active fact-checking initiatives rose from 17
to 457 [141], but has started to decline slightly in 2024, down to 439. Together with
the news that big companies such as Meta have stopped employing fact-checkers on
their website!, the nature of validating online content seems to be changing. Another
approach in handling fake news is to enable users to report posts which are not accurate,
a feature called “Community Notes” by the popular social media platform X (formerly
Twitter). While research suggests that such crowdsourced initiatives are effective [115],
they have also been criticized by others as detecting fake news at an early stage (before
mass distribution) is not possible and they rely on the users to possess the knowledge
necessary to refute the false post in the first place [58]. In addition, as Slaughter et
al. [138| find, although the notes do seem to reduce the amount of engagement with
the marked posts as well as the number of likes they get, the number of views they get
is not affected as much. A majority of research on fake news focuses on social media
platforms, but even in more conventional media sources, misleading content can be
found. Interestingly, Horne et al. [56] find that fake news articles found there are more
similar to satire than to real news containing true information.

To tackle the above mentioned problems among others, employing modern NLP
approaches to analyze news articles has garnered increasing attention in recent years
[58, 175, 180, 178|. In the following paper, we expand on previous research by training
a system to identify if a news article represents objective reporting, an opinion piece,
or is satire. Although this problem is a fairly straightforward classification task, the
main challenge in this case is caused by the multilingual nature of the data: we work
with six different languages in the training dataset, as well as two unseen “surprise”
languages designated to test zero-shot performance of the developed system.

We show that for tasks like this, where the data is fragmented but regards the same
task, using knowledge composition through adapter fusion [111], which we introduced
in section 2.2, is very suitable. In addition, as shown by Pfeiffer et al. [114], by using
a combination of language- and task-adapters, it is possible to transfer knowledge
for similar tasks between different languages, which is obviously helpful for zero-shot
prediction in new languages.

By developing models which can separate objective reporting from opinion pieces

"https://www.nytimes.com/1ive/2025/01/07 /business/meta-fact-checking
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and satire, we hope to advance research on combating issues such as fake news. In
addition, this could also be helpful in a financial context. Araci et al. [11], for example
find that while negative fake news does drive stock prices down (meaning, investors
believe the fake news and act accordingly), positive fake news does not contribute
positively to the stock price of companies. As a result, identifying false financial news
could be beneficial for a sentiment-based portfolio approach.
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HHU at SemEval-2023 Task 3: An Adapter-based Approach for News
Genre Classification

Fabian Billert and Stefan Conrad
Heinrich-Heine University of Diisseldorf
{fabian.billert, stefan.conrad}@hhu.de

Abstract

This paper describes our approach for Subtask
1 of Task 3 at SemEval-2023. In this subtask,
task participants were asked to classify multi-
lingual news articles for one of three classes:
Reporting, Opinion Piece or Satire. By training
an AdapterFusion layer composing the task-
adapters from different languages, we success-
fully combine the language-exclusive knowl-
edge and show that this improves the results in
nearly all cases, including in zero-shot scenar-
i0s.

1 Introduction

In SemEval-2023 Task-3 (Piskorski et al., 2023),
the authors intend to find out what makes a news
article persuasive. To this end, they designed three
subtasks: News Genre Categorisation, Framing De-
tection and Persuasion Techniques Detection. In
this paper, we present our results for the first sub-
task, which aims to classify the genre of a news
article into one of three classes; reporting, opinion
piece or satire. The news articles are available in
different languages, meaning this is a multilingual
problem. Furthermore there are a few languages
without training data in order to test the perfor-
mance of the models in a zero-shot scenario. The
results for the different languages were evaluated
separately while taking the F1-macro score as the
evaluation metric.

In the following, we present our approach for En-
glish, Italian, German and Russian, as well as
the zero-shot languages Spanish and Greek. We
use an adapter-based setup (Pfeiffer et al., 2020b),
which enhances BERT-type architectures (Devlin
et al., 2018) with modular weights. We train a
task-adapter for each of the languages before using
AdapterFusion (Pfeiffer et al., 2020a) to combine
what the language-specific task adapters learned.
We show that using AdapterFusion largely im-
proves the performances of the single-language
task-adapters, which is a behavior that has already

been observed for low-resource tasks. With an Fq-
macro score of 0.5942, we achieved 4th place out
of 27 teams for the English dataset. In addition,
for the zero-shot language Greek, we came in third
place out of 15 teams with an F;-macro score of
0.7504. For the other languages, we ranked near
10th place, meaning that our approach still shows
some instabilities.

2 Background

The trainig data for subtask-1 consists of whole
texts in six different languages: English, Italian,
German, French, Polish and Russian. As we noted
above, we only submitted results for English, Ital-
ian, German and Russian. We will elaborate on the
reason for this in subsection 3.4. However, we still
used the French and Polish datasets to augment our
data, as we explain in the next section.

The main challenge of this subtask is presented
by the limited availability, as well as the imbal-
ance of the training data. Here, the opinion label
is over-represented (76% of the labels) while the
satire label is the clear minority class (5.8% of the
labels). On top of that, the texts are often longer
than the 512 token-limit BERT-type systems can
handle. Consequently, utilizing all of the available
data requires preprocessing the training data to ad-
dress these issues.

Since the dataset for each language is fairly small
but we have data for multiple languages, it makes
sense to try and combine the distributed knowl-
edge that can be extracted from the training data.
To fully exploit the information contained in all
languages, we use AdapterFusion (Pfeiffer et al.,
2020a), which combines task-specific representa-
tions using a task-composition layer. We will elab-
orate more on adapters and AdapterFusion in the
next section.

Proceedings of the The 17th International Workshop on Semantic Evaluation (SemEval-2023), pages 1166-1171
July 13-14, 2023 ©2023 Association for Computational Linguistics
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Figure 1: Approaches for zero-shot predictions with a pre-trained task-adapter and for combining task adapters for
AdapterFusion. Note that these are schemata, the adapters are actually located within the XLM-R model, behind the
feed-forward network (see (Pfeiffer et al., 2020a)) (a) Top: The task-adapter is trained using German data. Bottom:
To do a zero-shot prediction for a different language (in this case, Spanish), the language-adapter is exchanged with
the one from the zero-shot-language. (b) Several task adapters can be combined in parallel to train an AdapterFusion
layer which learns to assign different weights to the task adapters depending on the input it is trying to predict.

3 System Overview

As mentioned, we use an adapter-based model to
classify the news data. Adapter-based frameworks
have shown to be very useful in dealing with multi-
lingual problems, as their modular structure makes
it possible to adapt task-specific representations to
different languages (Pfeiffer et al., 2020c). Before
we get into the details of our experimental setup,
we want to elaborate on different measures we took
in order to augment our data, as well as introduce
the concepts of adapters and adapter fusion.

3.1 Data Augmentation

As a first step to augment our data, we decided to
translate the training data from each language to all
the languages we aim to build a model for. For this,
we used the OPUS-MT models published in (Tiede-
mann and Thottingal, 2020) from the huggingface-
hub!. We translated each sentence separately, using
nltk’s sentence-tokenizer to split the texts into sen-
tences (Bird et al.). For some language pairs, no
translation models were available. In these cases,
we did not translate the data. For English, we
translated the data from all other languages. For
German, we were missing the Russian translation
model, for Italian in addition to the Russian, we
were missing the model for translation to Polish.
Finally, for Russian, the only translation models
available on the huggingface-hub are the ones to

"https://huggingface.co/Helsinki-NLP

English and French.

Since the average text of the training data is longer
than the 512 tokens BERT-type models can work
with, we further augmented our data by dividing
each text into multiple subtexts, depending on the
length of the text. Each of these subtexts was then
used as a new row with the same label as the origi-
nal text in our training data.

3.2 Adapters

Adapters offer a modular and parameter-efficient
solution for fine-tuning a base-model for specific
tasks (Houlsby et al., 2019) or transfer task-specific
knowledge to different languages (Pfeiffer et al.,
2020c). Since subtask-1 consists of training data
in multiple different languages, but the amount of
data for a single language is rather small, we ap-
proached this problem with the plan to use adapters
as a vehicle to combine the knowledge available in
each language.

Adapter modules are added into the layers of pre-
trained models and aim to learn one specific task
without changing the weights of the pre-trained
model (Pfeiffer et al., 2020b). Similarly to training
adapters for tasks, it is possible to train language-
specific adapters by adding an adapter to a multi-
lingual base model and subsequently training the
adapter using MLM (Pfeiffer et al., 2020c). When
training a task-adapter with a multilingual base
model, it is useful to also use a fixed language-
adapter as it captures language-specific knowl-
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edge, thus improving the final performance (Pfeif-
fer et al., 2020c). Transferring the knowledge from
the trained task adapter to a different language is
quite straight-forward: One simply needs to ex-
change the language-adapter with the language-
adapter of the target language. We will use this
setup for the zero-shot languages. A schema for
this approach is displayed in Figure 1a.

3.3 Adapter Fusion

As explained in the previous subsection, adapters
are modular and can be used in tandem with one
another. But stacking them, as we are doing with
language- and task-adapters, is only one display
of this. A different way of combining adapters is
called AdapterFusion. In AdapterFusion, differ-
ent adapters are used in parallel in order to com-
bine their task-specific knowledge (Pfeiffer et al.,
2020a). AdapterFusion has been shown to be es-
pecially beneficial for tasks with small datasets, as
it can rely more on the tasks that were trained on
the larger datasets. However, our augmented data-
sizes are fairly similar for most of the languages.
Consequently, it is not clear if AdapterFusion will
lead to performance gains or not.

Our approach for training AdapterFusion is to first
train a task-adapter for the data in each language as
explained in the previous subsection. Afterwards,
we train AdapterFusion by stacking all the task-
adapters in parallel on top of a language-adapter,
as shown in Figure 1b.

3.4 Experimental Setup

To build the structure of our model, we used the
AdapterHub introduced in (Pfeiffer et al., 2020b).
This hub offers a wide range of pre-trained adapters,
as well as a library to create new adapters and train
them. Importantly, one can find many language-
adapters in the AdapterHub. As our base-model,
we use XLM-RoBERTa, which has shown good
performances among other multilingual models
(Conneau et al., 2019).

For each language, we then train a task-adapter
by first stacking a language-adapter on top of the
XLM-R model, before stacking a task-adapter on
top of the language-adapter (this setup is explained
with more details in (Pfeiffer et al., 2020c)). Be-
cause the AdapterHub does not have language-
adapters with the XLLM-R architecture for French
or Polish, we only trained adapters for the other
four languages.

As a baseline to the multilingual approach, we also

trained several task-adapters which used monolin-
gual models as their base. This baseline should
yield similar results to simply fine-tuning the base-
model itself, although it doesn’t permit us to use a
language-adapter for predictions on the zero-shot
languages. We used the following base models:
For English we used RoBERTa-base (Liu et al.,
2019), for Russian we used ruBERT (Kuratov and
Arkhipov, 2019) and for Italian? and German® we
used models from the huggingface-hub.

We trained each task adapter using a learning rate
between 5 - 107° and 104, with a batch size of 8.
We used a weighted cross-entropy loss function to
account for the imbalanced data.

After training a task-adapter for each language,
we trained AdapterFusion by stacking all the task-
adapters in parallel on top of a language adapter
(see Figure 1b). We trained an AdapterFusion
layer for each language, because to train a single
AdapterFusion for all languages, one would have
to change the model configuration by switching out
the language-adapters during training, which is not
straightforward. For the training of AdapterFusion,
we applied a learning rate of 5 - 102, a batch size
of 8 and again used a weighted loss function.

4 Results

In Table 1 we show the results of the various model-
configurations on the evaluation- and test-set and
highlight the results we submitted to the task orga-
nizers with a dagger-symbol. In addition to the ap-
proaches with a multilingual base-model we show
the results of the baseline which uses a monolingual
base-model and fine-tunes a task-adapter stacked
on top of it.

In order to be as clear as possible, we divide this
section into two parts - the first describes results
submitted before the task-deadline while the sec-
ond describes results achieved after the deadline.

4.1 Pre-Deadline Results

The results of the models for the evaluation-set are
mixed: For English and Russian, the configura-
tion using AdapterFusion achieves the best perfor-
mance by far. However, for Italian and German,
the AdapterFusion approach is worse than the ap-
proach which uses simply the task-adapter. The

https://huggingface.co/dbmdz/
bert-base-italian-cased

Shttps://huggingface.co/
bert-base-german-cased
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Configuration EN IT DE RU ES GR Average
Evaluation-Set

XLM-ADTask 0.3615 | 0.6101 | 0.7333 | 0.4895 0.5486
XLM-ADFusion 0.4769 | 0.5595 | 0.6530 | 0.5551 0.5611
Ro/BERT/a-ADTask || 0.4189 | 0.4221 | 0.6889 | 0.4762 0.5015
Test-Set

XLM-ADTask 0.4436 | 0.4552" | 0.6109" | 0.3561 | 0.3267" | 0.7504" | 0.4905
XLM-ADFusion 0.59427 | 0.4375 | 0.6996 | 0.4257F || 0.5795 | 0.7502 | 0.5811
Ro/BERT/a-ADTask || 0.5767 | 0.4112 | 0.6374 | 0.3738 0.4998
Final Rank 4 10 11 11 10 3 8

Table 1: Fy-macro scores of our different model configurations on the evaluation (top) and test-set (bottom). Scores
marked by a dagger-symbol were submitted before the task-deadline and represent our scores on the leaderboard.

baseline approach generally achieved similar per-
formances to the task-adapter, although it is much
worse for the Italian language.

We always used the model that achieved the best
performance on the evaluation-set, marked in bold
in Table 1, to predict on the test-set. Comparing
the results between evaluation- and test-set, the ab-
solute value of the F;-macro score changes a lot
for all languages. For English, it is more than 10
percentage-points higher while it is significantly
lower for all other languages, with up to 16 points
for Italian. This suggests that the evaluation and
test data are composed differently, however, since
we do not have access to the test labels, we cannot
investigate this further.

Overall, the German task-adapter achieved the
highest F1-macro score on the evaluation set, so we
also used this adapter for the zero-shot languages.
We applied the standard approach from (Pfeiffer
et al., 2020c), replacing the German language-
adapter with the zero-shot language-adapter and
then predicting. The results of the zero-shot lan-
guages for the test-set were varied, with a high F;-
macro score for Greek, but a low value for Spanish.
We didn’t predict for Georgian, as, again, there
is no language-adapter with the correct configura-
tion (XLM-R) available for this language on the
adapter-hub.

4.2 Post-Deadline Results

Since the F;-macro-scores for the test-dataset were
only released after the deadline, we did some
more tests to see how different configurations per-
formed. The AdapterFusion setup of the zero-shot
languages displayed in Table 1 uses the German
AdapterFusion as its base while only replacing the
language-adapter. We can see that in the case of

German, the configuration that performed the best
on the evaluation set actually performs worse on
the test set. The same can be observed when using
the German task-adapter to predict for the zero-
shot language Spanish, as the AdapterFusion ap-
proach shows a better result. Overall, the setup
using AdapterFusion performs best on the test set
in four out of six cases, although the performance
in the Greek case is fairly similar for both con-
figurations. In the last column of the table, we
calculated the average score for all languages with
values. We can see that for both the evaluation, as
well as the test-set, AdapterFusion has the highest
average score.

5 Performance Analysis

5.1 Performance in Zero-Shot scenario

We did a series of experiments to test the zero-shot
predictions when transferring knowledge from dif-
ferent languages and show the results in Table 2.
For each language, we transferred once using sim-
ply the task-adapter, and once using the AdapterFu-
sion setup. In addition, we calculated the average
values of all results from the task-adapters and the
AdapterFusions and show them in the last column.
For almost all results, using AdapterFusion im-
proves the results in the zero-shot language. There
are only two cases where this is not the case: For
Greek, when transferring from German and when
transferring from Italian, although it is very close
in the first case.

In general, one would expect the performances of
the different AdapterFusions to be similar, since
they all consist of the same task-adapters. The only
difference between them should be the language
of the training data with which they were trained.
In Table 2, we can see that the AdapterFusion re-
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Zero-Shot EN DE IT RU Average
Language Task  Fusion| Task  Fusion| Task  Fusion| Task  Fusion|| Task  Fusion
ES 0.4066 0.4325| 0.3267 0.5795| 0.3353 0.5045| 0.4318 0.4832| 0.3751 0.4999
GR 0.3573 0.6079| 0.7504 0.7502| 0.6807 0.6521| 0.3258 0.6110| 0.5286 0.6553

Table 2: Comparison of the F;-macro scores when transferring knowledge to the zero-shot languages (rows) from

different origin-languages (columns).

sults for a zero-shot language are in a similar range:
For Spanish, they vary between 0.4325 and 0.5795
and for Greek, the values lie between 0.6079 and
0.7502. However, considering they use the same
task-adapters in their configuration, this is still a
rather large difference. Because of this, we decided
to take a closer look at the AdapterFusion attentions
with regards to the different task adapters.

5.2 AdapterFusion Attentions

The AdapterFusion layer attends over the different
task-adapters when an input is passed through it
and activates them accordingly. By investigating
these attentions, we can find out how exactly the
Fusion layer creates its predictions depending on
the input data.

First, we look at the AdapterFusion activations
when predicting for the test-data. In Figure 2, we
have depicted the mean attentions over the first
eleven XLM-R layers for the test-data. We ex-
cluded the last layer, since (Pfeiffer et al., 2020a)
found that its attentions show some unpredictable
behavior because they are located right before the
prediction head and not, like the other layers, be-
tween the frozen pretrained layers of XLM-R.
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Figure 2: AdapterFusion attentions for the test-data.

We can see that generally, the AdapterFusion
tends to activate the adapter of the language it is cur-
rently training with. However, especially for Italian,
the fusion layer nearly doesn’t activate any other
task-adapters at all. It appears that the adapters of
the other tasks are detrimental in this case - this

is supported by the results in Table 1, where the
task-adapter for Italian achieves better results than
its AdapterFusion.
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Figure 3: AdapterFusion attentions when transferring
to greek.

In addition to the activations for the test-set, we
take a closer look at the AdapterFusion attentions
while predicting for one of the zero-shot languages,
Greek, in Figure 3. We see a similar effect as in
Figure 2, meaning the AdapterFusion attends most
to the task-adapter of the language it was trained
with, which explains the discrepancy between the
AdapterFusion-results in Table 2. However, those
attentions are generally lower than when predicting
for its own language on the test-set. In contrast, the
activations of the non-diagonal task-adapters are
now much higher, indicating that the fusion now
combines the different task-adapters more effec-
tively.

6 Conclusion

We successfully investigate multiple approaches to
determine the genre of news articles. We find that
using a configuration which utilizes AdapterFusion
to combine the knowledge learned from datasets
in various languages delivers the best results for
most languages. By comparing the attentions of
the AdapterFusion between a zero-shot language
and a trained language, we see that it effectively
composes the learned knowledge when used to pre-
dict for an unseen language.

Further work could try to improve the setup of the
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AdapterFusion, in order to make it possible to train
it with multilingual data at once. In addition, in-
cluding more languages (for example French and
Polish, after training language-adapters for them),
might improve the results, as more knowledge
would be available.
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We introduced the term ESG, short for Environmental, Social and Governance in sub-
section 2.3.3. Those three aspects are the key pillars of most ESG-frameworks used in
the industry in order to classify pieces of information. The reason for looking at differ-
ent aspects rather than corporate sustainability as a whole is rooted in the concept of
materiality: the significance of specific ESG issues varies considerably across industries
due to their unique operational characteristics, risk exposures, and stakeholder land-
scapes |70, 88]. This means that for companies belonging to certain industries, specific
ESG-events or factors are far more impactful than others.

For example, a bank will probably not pollute the environment with harmful sub-
stances directly from its operations. Its environmental impact is often indirect, pri-
marily through its financing activities, and can exhibit non-linear relationships with
market value. At the same time, a bank might make sustainable investments which,
as Ersoy et al. [36] show, could increase the value of the company. Another exam-
ple is shown by Wang et al. [160], who find that for heavily polluting industries in
China, there is a significant correlation between ESG scores and the amount and qual-
ity of published patents. This implies that these companies are driven by their ESG
commitments to foster an environment that encourages innovation, leading to the de-
velopment of new technologies and processes. This can be attributed to factors such
as reduced agency problems, enhanced information disclosure, and improved internal
corporate governance, which collectively spur the creation of patents related to cleaner
operations, sustainable materials, or improved efficiencies.

To summarize, not every aspect of sustainability has the same importance for a
company. For this reason, different frameworks attempt to further categorize ESG
in various sub-aspects. One popular framework is the MSCI ESG-rating methodology,
which judges companies based on more than thirty key issues?. In order to determine an
ESG rating for a company, different weights are assigned to these key issues depending
on the company’s industry (accounting for the fact that some ESG-related news are
more impactful for a company than others).

In this paper, we examine ESG-events and attempt to determine which of the 35
key-issues they belong to. As in the previous section, we use an adapter-based setup
and explore different approaches. Again, the problem consists of a multilingual dataset
and in addition, the ESG-issues build an interesting tree-type structure with multiple

2At the time of the writing of this paper, MSCI defined 35 key issues, however, issues might be
added or removed according to changes in MSCI’s methodology.
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levels (first, the coarse E/S or G aspects and then the more fine-grained sub-issues).
This allows for the development of creative prediction systems.
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Team HHU at the FinNLP-2023 ML-ESG Task: A Multi-Model Approach
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Abstract

In this paper, we discuss our submission to the
Multi-Lingual ESG Issue Identification (ML-
ESG) 2023, where we classify news articles
into different ESG key-issues defined by MSCI.
We use an adapter-based approach and evaluate
different approaches and configurations, finally
showing that it is advantageous to use multiple
models in order to first classify articles into
E/S/G classes before determining the final sub-
issues.

1 Introduction

The surge in Environmental, Social, and Gover-
nance (ESG) research over the past few years is a
testament to the growing importance of these issues
in the corporate world (Zumente and Bistrova,
2021). Companies are increasingly recognizing
that ESG-related matters can pose significant
risks if not addressed properly (Aue et al., 2022).
Beyond risk management, ESG topics are also
crucial for a company’s reputation, as they often
reflect the company’s values and commitment to
sustainable practices (Schramm-Klein et al., 2016),
(Islam et al., 2021).

Investors, too, are becoming more attentive to
the ESG behaviors of companies. One common
method of evaluating a company’s ESG practices
is through the human-curated scores provided by
major rating agencies like MSCI' or Sustainalyt-
ics>. These agencies assess whether a company
adheres to good ESG practices and assign a
numerical value to represent the company’s ESG
performance. MSCI does this by considering 35
key-issues which they combine in different ways
depending on the specific industry a company
operates in (Nagy et al.). The final weight of a

1https://www.sustainalytics.com/
esg-data

2https://www.msci.com/ourfsolutions/
esg-investing/esg-ratings

stefan.conrad}@hhu.de

key-issues in the ESG score calculation is deter-
mined by quantitatively assessing each industry
and consulting with investment practitioners.
Upon closer scrutiny of the evaluation metrics
employed by the different ESG rating agencies, it
becomes evident that these metrics do not com-
pletely incorporate sustainability principles into
their process of assessing corporate sustainability
(Escrig-Olmedo et al., 2019). In addition, (Crona,
2021) raises several concerns with the traditional
rating agencies. One point of critique mentioned
by them is that companies might self report data
on positive environmental initiatives that are
not connected to their negative environmental
impact, but are similarly considered by the rating
agencies. On the other hand, scoring mechanisms
like the one used by MSCI are problematic in the
sense that the weighting mechanism might not
consider key ESG issues, depending on how the
weights were created. These uncertainties in the
evaluation process underscore the need for more
comprehensive and nuanced methods of assessing
ESG practices.

In order to create independent analyses, machine
learning techniques, particularly those in Natural
Language Processing (NLP), can be used. Over
the past few years, NLP research has seen a
significant uptick, with advancements in this field
offering promising solutions for more in-depth
ESG analysis (Min et al., 2021), (Chen et al.,
2022), (Fischbach et al., 2022). By leveraging
NLP, investors can conduct their own research to
determine the sustainability of potential investment
companies.

The Machine Learning for ESG (ML-ESG)
task (Chen et al.) aims to motivate research in
this direction and has annotated news articles in
English, French, and Chinese based on the 35
key-issues used by MSCI. The task challenges par-
ticipants to develop a system capable of classifying

Proceedings of the Joint Workshop of the 5th Financial Technology and Natural Language Processing (FinNLP) and
2nd Multimodal Al For Financial Forecasting (Muffin), Macao, August 20, 2023.
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Figure 1: Occurrences of the different labels in the training- and test-data of the task. The top row represents the
English data, the bottom row the French data. Each column represents one out of E/S/G as written above the figure.
Training data is shown in red, test data in blue. Note: The test data was released after the task deadline and was not

used during training unless mentioned.

articles in these languages into the appropriate
ESG issues. This represents a significant stride
towards more nuanced and comprehensive ESG
analysis, ultimately enabling more informed and
sustainable investment decisions.

In this paper, we present our solution for the ML-
ESG task for the English and French datasets. We
train a set of adapters for each language and try out
different approaches to classify the news articles,
ultimately showing that it is preferable to first clas-
sify a news article into one of the three main classes
(Environmental, Social or Governance), before fur-
ther classifying into the key-issues belonging to
each category. Our approach achieves third place
for the French language and nineteenth for the En-
glish language.

2 Task Description and Dataset

The dataset contains 1200 French and 1199 En-
glish news articles. Each article has the following
properties: "URL", "news_title", "news_content",
"ESG_label" (Chen et al.). The "ESG_label" is one
of the 35 key-issues described in the ESG Indus-
try Materiality Map of MSCI®. Each key-issue is
attributed to one of the three top ESG components,
"environmental", "social" and "governance". In

*https://www.nmsci.com/
our-solutions/esg-investing/
esg-industry-materiality-map

Figure 1, different histograms for each ESG com-
ponent show the occurrence of all the key-issues
per language. Most news articles are classified as
one of the environmental key-issues while the least
articles belong to governance key-issues.

3 Experimental Approach

3.1 Adapters

Adapters are an efficient and flexible method for
fine-tuning a foundational model for unique tasks
(Houlsby et al., 2019) or transferring task-specific
knowledge across different languages (Pfeiffer
et al., 2020b). These tools are particularly useful
when dealing with a dataset composed of multiple
languages.

Adapter modules, which are incorporated into the
layers of pre-existing models, are designed to mas-
ter a particular task without altering the weights
of the original model (Pfeiffer et al., 2020a). They
are more parameter efficient than fine-tuning the
full model while achieving nearly the same perfor-
mance (Houlsby et al., 2019). Much like adapters
that are trained for specific tasks, we can also train
language-specific adapters. This is achieved by
adding an adapter to a multilingual base model and
then training it using Masked Language Modeling
(MLM) (Pfeiffer et al., 2020b). If a task adapter is
being trained with a multilingual base model, it is
beneficial to also utilize a fixed language adapter
because it captures and applies language-specific
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Figure 2: Schematic description of method 3. We first train a model to determine if a news article describes
environmental, social or governance thematics. A second model then classifies the article with regards to the
different key-issues belonging to that component. Each model in this case is constituted by a base-model, a
language-adapter and a task-adapter as explained in subsection 3.1.

knowledge, which can enhance the final perfor-
mance (Pfeiffer et al., 2020Db).

3.2 Title or Content?

Classific. Target Title Content
Key-issues 0.63 0.41
Components 0.88 0.80

Table 1: Comparison of the F;-macro scores when using
the title vs using the content of the news articles for the
French dataset. The first row shows results when di-
rectly classifying for the 35 key-issues while the second
row classifies only for the rough E/S/G components.

We performed several experiments in order to
determine if it is better to use the title or the content
in order to classify the news articles. In Table 1, we
show the F;-macro scores when classifying the 35
key-issues directly in the first row, and the results
for classifying the rough compontents (E/S/G) in
the second row for the French dataset. In both
cases, we achieve the best result when simply using
the title to train the adapter. Since we observed a
similar result for the English dataset, we decided
to continue working without the "news_content"
element.

3.3 Data Augmentation

Classific. Target EN FR
No Augmentation 0.58 0.69
Augmentation 0.68 0.67

Table 2: Comparison of the F;-macro scores when aug-
menting the data by translating from the dataset in the
other language and training on classifying the 35 key-
issues directly. The top row shows the results without
augmentation, the bottom row with augmentation.

Since we have data in two languages, we tried
augmenting the data of each language by translat-
ing the data of the other language. For this, we use
the OPUS-MT models published by (Tiedemann
and Thottingal, 2020) from the huggingface-hub*.
In Table 2, we show results on the key-issue clas-
sification for French and English. The results are
conflicting, as we can see an improvement for the
English dataset, while the French dataset performs
slightly worse with the augmentation.

3.4 Configurations

We designed three different configurations:

* Method 1: Train an adapter on the 35 key-
issues directly.

* Method 2: Augment the data by translating
from the other language, then train on the 35
key-issues.

* Method 3: First train an adapter to classify an
article into the ESG component, then train a
set of three adapters, one for each ESG com-
ponent, in order to classify the key-issues.

A rough schema for the third approach is shown
in Figure 2. Since we achieved a better perfor-
mance when translating for the English dataset (see
Table 2), we decided to augment the data for the
third approach for this language.

For all configurations, we evaluate the approach on
10% of the original training dataset. This is without
augmentation, meaning the size of the eval dataset
is only 5% the size of the total dataset for method
2.

As a base model, we use mBERT (Devlin et al.,

*https://huggingface.co/Helsinki-NLP
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Pre-Deadline

Post-Deadline

Language || Method 1 Method 2

Method 3 || Method 1 Method 3

EN 0.56 0.35
FR 0.75 0.73

0.57 0.61 0.61
0.77 0.78 0.80

Table 3: Weighted F;-scores of the trained adapters for the test-set. On the left side, the official results. On the right
side, the post-deadline results in which we evaluate on the test set during training.

2018). We then stack a pre-trained language
adapter with fixed weights (from the AdapterHub
3, (Pfeiffer et al., 2020a)) on top of it followed by
a task adapter (this setup is explained with more
detail in (Pfeiffer et al., 2020b)). For training, we
used a learning rate of 5 - 10~° and a simple cross-
entropy loss-function.

4 Results

The submitted results of the three approaches are
displayed on the left side of Table 3. Note that we
display the weighted F;-score here as opposed to
F1-macro we used in the previous section. For both
languages method 3 shows the best performance,
followed by method 1. However, while we placed
third for French, the final placement for English
was much worse. Our first guess at a reason for this
was the imbalance of the training dataset, which we
did not consider during the training. However, as
we can see in Figure 1 in blue, the test data (which
was released after the task-deadline) is similarly
distributed as the training data.

4.1 Augmenting Key-Issues

Classific. Target EN FR

No Augmentation 0.60 | 0.77
Aug. Key-issue Model || 0.58 | 0.78
Aug. Rough Model 0.59 | 0.77
Augmentation Both 0.57 | 0.77

Table 4: Comparison of weighted F;-scores of the test-
set when augmenting different parts of the data for
method 3 (Figure 2). The first row shows the results
without augmentation, the second row when augment-
ing only during training of the models classifying into
the key-issues, the third row when augmenting only the
first (rough) model and the fourth row when augmenting
for all models.

In Table 3 we can see that the approach augment-
ing the data with the dataset of the other language
(method 2) performs the worst for both languages.

*https://adapterhub.ml/

But since we augmented the English data for the
method 3 and still measure good results (compared
to method 1), we are unsure of the impact of the
augmentation here. For that reason, we performed
several tests where we train a model using aug-
mented data at different stages. The results are
shown in Table 4. We can see that the results are
very similar among each language, especially for
the French dataset where the configuration which
augments the second models (classifying the key-
issues) performs slightly better than the rest of the
configurations. For the English dataset, the config-
uration without augmentation shows the best per-
formance, while augmenting both models performs
worst.

4.2 Evaluation on Test-Set

In order to determine the best performance possible
with our setup, we train adapters on the whole train-
ing set, using the labelled test set to evaluate. The
results are displayed in the right part of Table 3. Be-
cause method 2 performed the worst before, we do
not include it here anymore. In addition, we do not
augment the English approach for method 3 since
we saw a better performance not augmenting in Ta-
ble 4. We observe that the results improve slightly,
but don’t account for the difference in Fi-scores
between the two languages.

5 Conclusion

We successfully trained several configurations ca-
pable of classifying news articles into the 35 key-
issues defined by MSCI, showing that using the
title instead of the content of the news article is
more performant. We also tried to augment the
datasets by translating from the other language but
saw that this has little impact, even decreasing the
performance in some cases. Out of the three differ-
ent approaches, we observe that it is generally best
to first classify the news articles into their rough
ESG components (environmental, social & gov-
ernance) before using a second model in order to
determine the final key-issue.
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4.3 ESG Impact Determination
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Having determined which ESG-aspect an event is relevant for, an obvious follow-up
question is whether the event represents a risk or an opportunity for companies with
regards to sustainability. Established ESG-rating agencies have their own methods to
do this. However, a common part of their approach consists of human sustainability
experts and their analysis [86]. As we discussed in subsection 2.3.3 citing previous
research such as Berg et al. [13], ESG-ratings of established agencies have some defi-
ciencies, so one of the main goals of this work is to advance independent systems which
allow the public to create their own impressions of a company’s sustainability practices
without relying on human analysts.

Our approach for this problem follows the previous two sections and uses bottleneck
adapters. However, we take advantage of one of the benefits of building systems with
modular models and leverage the adapters trained in section 4.2 in order to include
aspect-specific knowledge in the prediction of the impact-type.
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Exploring Knowledge Composition for ESG Impact Type Determination

Fabian Billert'? and Stefan Conrad'
'Heinrich-Heine University of Diisseldorf
2GET Capital AG

{fabian.billert,

Abstract

In this paper, we discuss our (Team HHU’s)
submission to the Multi-Lingual ESG Impact
Type Identification task (ML-ESG-2). The goal
of this task is to determine if an ESG-related
news article represents an opportunity or a risk.
We use an adapter-based framework in order
to train multiple adapter modules which cap-
ture different parts of the knowledge present in
the training data. Experimenting with various
Adapter Fusion setups, we focus both on com-
bining the ESG-aspect-specific knowledge, and
on combining the language-specific-knowledge.
Our results show that in both cases, it is pos-
sible to effectively compose the knowledge in
order to improve the impact type determination.

1 Introduction

The substantial rise in Environmental, Social, and
Governance (ESG) research over the past few
years underscores the growing significance of
sustainability in the corporate world (Zumente and
Bistrova, 2021). Both investors and companies
have a growing interest in ESG issues, as it
becomes clearer that they are vital for a company’s
brand and, consequently, also value (Schramm-
Klein et al., 2016), (Islam et al., 2021). Studies
show that investor interest in a company’s stock
depends significantly on whether an estimation of
their ESG-practices is available or not (Zumente
and Lace, 2021).

Different agencies have developed a variety of
ESG-scoring mechanisms in order to quantify
the sustainability practices of companies which
offers investors an easier way to determine the
ESG-related risk a company represents in their
portfolio. Popular examples of this are MSCI'
and Sustainalyticsz. However, inconsistencies in

1https://www.msci.com/ourfsolutions/
esg-investing/esg-ratings

2https://www.sustainalytics.com/
esg-data

stefan.conrad}@hhu.de

the scoring practices and discrepancies between
different score-providers cast doubt on the
available ESG-scores (Berg et al., 2019), (Clément
et al., 2023). This doubt could be alleviated by
providing a more detailed overview of the various
aspects of sustainability a company is involved in.
Researchers in the field of natural language
processing (NLP) have recently made efforts to
enhance conventional ESG scoring methodologies
by incorporating alternative data sources, aimed at
offering a clearer understanding of a company’s
sustainability practices. (Nicolas et al., 2023)
underscores the impact of ESG-risk events found in
social media data, illustrating how they can result
in adverse financial returns. Meanwhile, (Aue
et al., 2022) focuses on analyzing news articles to
construct a predictive model for determining ESG
scores.

The ML-ESG series of shared tasks aims to
advance research in this area of using natural
language processing to provide more transparency
in ESG topics. ML-ESG-1 focused on determining
the ESG-aspects of news articles (Chen et al.,
2023b). In the next step of the ML-ESG series,
ML-ESG-2 aims to find the impact type of the
information in news articles, meaning detecting if
they represent opportunities or risks (Chen et al.,
2023a).

In this paper, we present our submission for the
French and English part of the ML-ESG-2 shared
task. We train adapters on different parts of the
dataset and experiment with several approaches in
order to combine their knowledge using Adapter
Fusion. We show that this knowledge composi-
tion yields a significant improvement of the perfor-
mance compared to simply finetuning an adapter
for the whole dataset. Our submitted approaches
achieve fourth place for French and fifteenth place
for English, however we investigated additional ap-
proaches after the task deadline which improve on

Proceedings of the Sixth Workshop on Financial Technology and Natural Language Processing, pages 79-83
November 1, 2023. ©2023 Association for Computational Linguistics
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those results.

2 Task Description and Dataset
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Figure 1: Occurrences of the different labels in the
training- and test-data of the task. The top row repre-
sents the English data, the bottom row the French data.
Training data is shown in red, test data in blue. Note:
The test data was released after the task deadline and
was not used during training.

ML-ESG-2 presents data in four different lan-

guages: English, French, Japanese and Chinese.
Because the Japanese and Chinese labels are
slightly different than the English and French ones,
we chose to only participate in the latter languages.
We display information about the training dataset
in Figure 1 in red. For English, the training dataset
contains 808 news articles while there are 818 news
articles for French. Each news article has a news
title, a news content and an associated impact type
label. Different samples can have the same news
title but a different news content and a different
impact type, which happens a total of 100 times in
the two datasets. For this reason, we didn’t use the
news title in our approaches.
The impact type is labelled as either "Opportunity"
or "Risk". While the data is quite imbalanced for
English, with the "Opportunity" label being the ma-
jority class, it is approximately even for French.
The average length of the news content is 412 char-
acters for English and 565 characters for French,
which should fit well within the maximum length
of 512 tokens of BERT-based models. Otherwise,
the samples are truncated.

2.1 ESG-Aspect Dataset

The previous ML-ESG shared task focused on de-
termining one out of 35 key issues defined by
MSCI?, where each key issue belongs to one ESG-
aspect (E/S or G) (Chen et al., 2023b). The dataset
‘https://www.msci.com/

our-solutions/esg-investing/
esg-industry-materiality-map

= Training

shared there consists of 1200 news articles in En-
glish and French each, some of which overlap
with the news articles used in the dataset we work
on here. We present some approaches of using
the knowledge available in the ML-ESG-1 dataset
to improve the determination of "Opportunity" or
"Risk" of the current task in subsection 3.3.

3 Experimental Approach

The basis of our approach consists of mBERT
(Devlin et al., 2018), a multilingual BERT-based
model. For fine-tuning, we use bottleneck-adapter-
modules (Houlsby et al., 2019), which are a small
set of weights inserted into the layers of the base-
model. In order to account for the specific lan-
guage we are training in, we implement an ap-
proach described in (Pfeiffer et al., 2020b), where
a pre-trained language adapter is inserted before
the adapter that is being fine-tuned (known as the
task-adapter). We use the language adapters from
the adapterhub (Pfeiffer et al., 2020a), which are
available for all task-languages for the mBERT ar-
chitecture. Adapter-modules allow us to be more
flexible in training our model, as we will describe
in subsection 3.2.

To train the adapters, we split the dataset and use
10% as the evaluation set. We use a learning rate of
5e — 5. Finally, to account for the label imbalance
in the training data we can observe in Figure 1, we
use a weighted loss function.

3.1 Data Augmentation

To augment the data available in the two different
languages, we translate both of them to the other
language respectively. Since translating the whole
text at once sometimes produced artifacts, we split
the news content into sentences using nltk’s sen-
tence tokenizer (Bird et al., 2009) and translate a
single sentence at a time. In order to translate, we
use the OPUS-MT models (Tiedemann and Thot-
tingal, 2020) from the huggingface-hub®.

3.2 Adapter Fusion

In section 3, we explain our adapter-based ap-
proach, where we use a base model, a pre-trained
language adapter and finally a task-adapter for fine-
tuning. In this configuration, the different com-
ponents are aligned in series. Adapters can also
be used in parallel, which allows for the combina-
tion of the task-specific knowledge of each adapter.

*https://huggingface.co/Helsinki-NLP
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(a) Schema of Method 2.

(b) Schema of Method 3.

Figure 2: Schemata for Methods 2 and 3. The Aspect Model is obtained using data from ML-ESG-1 (Chen et al.,
2023b). The E/S/G-Models in Method 3 are the same ones we train in Method 2.

This is known as Adapter-Fusion. Adapter-Fusion
demonstrates particular advantages in scenarios in-
volving limited datasets, as it can place greater
emphasis on the knowledge obtained from the task-
adapters trained on larger datasets (Pfeiffer et al.,
2021). In addition, Adapter-Fusion has shown to
lead to performance-improvements in multilingual-
scenarios as it can use knowledge from training in
other languages (Billert and Conrad, 2023).

Since the concept of "Opportunity” and "Risk"
can mean different things depending on the con-
text, we aim to use the learnings from ML-ESG-1
(Chen et al., 2023b) in order to train aspect-specific
adapters. These adapters will learn more specifi-
cally to determine "Opportunity" and "Risk" in the
environmental, social and governance context. In
practice this means that we will first train a model
to determine the rough ESG-aspect of a news-
article (environmental, social, governance), be-
fore training three different aspect-specific adapters
to determine the ESG impact type for articles of
each aspect. We achieve an F;j-Macro score of
around 0.86 for English and 0.79 for French for
the adapters classifying the ESG-aspect, meaning
that there is still the possibility of misclassifying
the aspect in the first place, which might be detri-
mental for the downstream adapters predicting the
impact type.

After training the three aspect-specific adapters, it
is then possible to train an Adapter Fusion layer to
make a final prediction for the ESG impact type.

3.3 Configurations

In order to test the premise that the ESG impact
type depends on the aspect (as we describe in the
previous subsection), we designed three different
configurations.

* Method 1: Train an adapter on the two impact
type labels directly.

* Method 2: Determine the ESG-aspect first,
then train an adapter for the news articles be-
longing to each aspect separately in order to
determine the impact type.

* Method 3: Use the same approach as in
Method 2, but use Adapter-Fusion in order
to combine the knowledge of the three sepa-
rate adapters.

Method 2 and method 3 are depicted in Figure 2.
Note that for the governance aspect-adapters, we
augment the evaluation data with the governance-
evaluation data from the other language respec-
tively, because the evaluation sets have a very small
amount of samples.

4 Results

The test data is shown in Figure 1 in blue. For
English, the label imbalance in the training set is
also present in the test set. For French, while there
is still no clear imbalance, the "Risk" label now
occurs more often as opposed to the "Opportunity"
label in the training set.

In Table 1, we show the F;-Macro scores of the var-
ious approaches. The three methods we submitted
can be seen on the left side of the table. For En-
glish, method 1 and method 3 have the same score,
with method 2 being much worse than both of them.
For French, method 1 shows the best performance,
with method 3 being slightly worse. Again, method
2 trails far behind.

Interestingly, method 2 shows a big discrepancy to
method 3, even though the same adapters are used,
the only difference being the Adapter-Fusion layer.
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Pre-Deadline Results AD-Fusion Experiments
Language Method 1 Method 2 Method 3 || w/o gov Lang-Fusion
EN 0.8098 0.4225 0.8098 0.8771 0.8557
FR 0.7548 0.6169 0.7457 0.7726 0.8084

Table 1: Fy-Macro scores of the trained adapters for the test-set. On the left side, the submitted results. On the right
side, there are additional experiments that were done after the deadline. Bold values represent the best achieved
score, while underlined values represent the best submitted score for each language.

4.1 Aspect-Fusion

Since there was not a lot of training data for the
governance adapter in methods 2 and 3, we suspect
that it is detrimental to the adapter fusion perfor-
mance. We do several experiments without the
governance adapter, using only the environmental
and social adapters for the Adapter Fusion. The
results are depicted on the right side of Table 1.
We can see that the performance surpasses both the
previous score of method 3 as well as the score of
method 1, which confirms our previous suspicions
about the governance adapter.

For English, we note an improvement of almost 7
points while for French, we see an increase slightly
lower than 2 points. In both cases, the performance
is significantly higher than the previous highest re-
sult, demonstrating that the concept of ESG impact
type depends on the ESG aspect and that the trained
Adapter Fusion layer successfully composes the
knowledge learned by our aspect-specific adapters.

4.2 Language-Fusion

Aspect-Model

Model-EN Model-FR

AD-Fusion

Opportunity @

Figure 3: Adapter Fusion on the different language
adapters from Method 1.

As mentioned in subsection 3.2, it is also pos-
sible to use Adapter Fusion to combine informa-

tion learned from tasks in different languages. To
test if this also holds true in our case, we train an
Adapter Fusion layer consisting of both language-
specific adapters of method 1. The setup is dis-
played schematically in Figure 3. This is a similar
approach as was used in (Billert and Conrad, 2023),
although we only work with two languages in this
case.

In the rightmost column of Table 1, we can see that
this configuration achieves an outperformance of
about 5 points over just using the language-specific
adapters of method 1. Compared to using the
aspect-fusion approach described in subsection 4.1,
the results are conflicting. For English, the aspect-
fusion shows better results, but for French, using
the language-fusion seems superior.

5 Conclusion

In this work, we present multiple approaches us-
ing adapters to determine the ESG impact type of
news articles. We show that it is possible to gain
significant performance increases by using Adapter
Fusion, which allows us to combine the knowledge
present in the separate adapter modules, by experi-
menting with implementing Adapter Fusion in two
different ways: Firstly, using the prior knowledge
about ESG aspects, we train an adapter for each
aspect and fuse them to determine the ESG impact
type. Secondly, we fuse the adapters trained on the
different languages in order to combine the knowl-
edge learned from the different language datasets.
Further studies could focus on how to combine the
two Adapter Fusions, which we did not attempt in
this work due to time constraints. In addition, it
might be interesting to use the Japanese and Chi-
nese datasets to try to improve the language-fusion
approach even further. Finally, putting more focus
on augmenting the training data, e.g. by using para-
phrases, could bridge the gap between this study
and the top-placed systems.
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In chapter 4, we presented several methods of training representational language models
in order to extract different types of information from textual data. We now want to
investigate a different approach: Instead of annotating a dataset in order to train a
specialized LM, can we simply use a generative LM and ask it to extract the information
of a specific text for us? This would hold several advantages. First of all, annotating
samples is very costly. The price of either deploying and using LLMs, or using a closed
source LLM has decreased continuously over the past few years, so if the resulting
quality of annotations is comparable, it might be reasonable to start with an LLM,
and train a smaller, more specialized LM once enough data has been gathered.

Secondly, the context length of LLMs has continued to increase. The most recent
models of google’s Gemini family [146] have a context length of 1 million tokens. Com-
pared to that, representational LMs still lag far behind - the original models based
on BERT [31] had a token limit of 512. This has increased over the year of 2024, as
architectures such as mGTE [176], BGE [23| and ModernBERT [161| can handle up to
8192 tokens. While being much larger than the original amount, this is still too small
for many news articles, which means it would be necessary to truncate the article and
lose potentially valuable information or working with chunks of the article which might
also lose context.

Of course, this approach hinges on the question if the quality of the extracted
information is comparable of using more specialized LMs in the first place. This ques-
tion has been researched extensively ever since ChatGPT was first released more than
two years ago [105]. Whereas preliminary works found that GPT 3.5 created sub-par
annotations [32], more recent research is suggesting that modern generative language
models have similar, or even better annotation qualities compared to an average hu-
man annotator [50], although they still perform worse than human experts. Even in
the financial domain specifically, GPT-4 outperforms non-expert crowd workers [8].
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Analyzing News Articles to identify Corporate Sus-
tainability Practices

Paper: Fabian Billert and Stefan Conrad. Nano-ESG: Extracting Corporate Sustain-
ability Information from News Articles. In Advances in Information Retrieval, 47th
Furopean Conference on Information Retrieval, ECIR 2025, pages 324-338 Lucca,
Italy, April 6-10, 2025, Proceedings, Part IV
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paper were developed solely by Fabian Billert. The evaluation guidelines were defined
by Fabian Billert, who also prepared the datasets for annotation and set up the an-
notation pipeline. The paper was written by Fabian Billert under the supervision of
Stefan Conrad.

Status: Published

In section 4.2 and section 4.3, we created two separate systems to extract different
sustainability-related properties from textual data, more specifically, snippets from
news articles. In the following, we explore a unified approach for sustainability-related
information extraction using generative LMs. As explained above, a major advantage
is the context length - in reality, we are not investigating snippets of text, but complete
news articles which are much longer. On the other hand, a downside of these modern
systems is that the most performant models (at the time of conducting this research)
are often closed-source, meaning each token within a sample costs money'. Therefore,
a major focus of the paper is to reduce the number of articles by applying various
filtering methods. For now, we concentrate on German companies listed in the DAX-
40 financial index? as of April 2024, as well as a few companies which have recently
dropped out. In addition, we only work with English and German web media sources.
Lowering processing costs would enable us to include more companies and media in
more languages in future analyses.

Although generative LMs have higher initial costs, a multi-task approach signif-
icantly reduces expenses, as extracting additional tasks beyond the first incurs only
marginal costs, with the primary expense stemming from the news article provided to
the LM. For this reason, it makes sense to extract as much information as possible in
one pass - if the performance does not degrade so much as to outweigh this benefit.
Recent research has investigated if this “single-prompt, multi-task” (SPMT) informa-
tion extraction leads to decreased performance compared to single-task IE. Gozzi et al.
[48] evaluates this with multiple open source LMs and finds mixed results, but no clear
winner. Tao et al. [145] on the other hand finds that the SPMT approach achieves
a higher accuracy on different questions concerning scientific papers in the medical
domain, compared to providing questions to the model separately. They hypothesize
that this might be because having access to all the questions at the same time might
resemble chain-of-thought prompting [162|. In conclusion, although this might vary on

!The pricing of OpenAI’s models is available here: https://platform.openai.com/docs/pricing
2The components can be seen here: https://de.wikipedia.org/wiki/DAX#Zusammensetzung
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a case-by-case basis, there is no clear argument against using an SPMT approach.
We want to note that the inherent cost-per-token of closed-source models decreased
significantly during the work on this project - at the start, the most powerful available
model (GPT-4) had a cost-per-token of 30$ (60$) per 1 million input (output) tokens.
In the end, by using a newer model (gpt-40-2024-05-13) along with OpenATI’s batch-
API, this cost went down to 2.5$ (7.5%) per 1 million input (output) tokens. So while
the focus on cost reduction was certainly necessary at the start of this project, cheaper
pricing for new models might allow us to scale up the following research in the future.
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Nano-ESG: Extracting Corporate Sustainability
Information from News Articles

Fabian Billert[0009—0005-0811-2176] ;1 4 Stefan Conrad[0000—0003—2788—3854]

Heinrich-Heine University of Diisseldorf, Diisseldorf, Germany
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Abstract. Determining the sustainability impact of companies is a highly
complex subject which has garnered more and more attention over the
past few years. Today, investors largely rely on sustainability-ratings
from established rating-providers in order to analyze how responsibly
a company acts. However, those ratings have recently been criticized for
being hard to understand and nearly impossible to reproduce.

An independent way to find out about the sustainability practices of
companies lies in the rich landscape of news article data. In this paper,
we explore a different approach to identify key opportunities and chal-
lenges of companies in the sustainability domain. We present a novel
dataset of German and English news articles which were gathered for
major German companies between January 2023 and September 2024.
By applying a mixture of Natural Language Processing techniques, we
first identify relevant articles, before summarizing them and extracting
their sustainability-related sentiment and aspect using Large Language
Models (LLMs). Furthermore, we conduct an evaluation of the obtained
data and determine that the LLM-produced answers are accurate. We
release both datasets at https://github.com/Bailefan/Nano-ESG.

Keywords: Sustainability - Dataset - News Articles - ESG Extraction -
Financial NLP.

1 Introduction

With the growing fear of climate change related issues in the recent past, sustain-
ability has become an important topic not only for the general public, but also in
the corporate world [33], where it is coined as “ESG”, standing for Environmen-
tal, Social and Governance topics. Those involved in the corporate world, both
on the investor and on the company side, desire clarity about how sustainable a
company is [14,34].

Third party rating agencies offer products which aim to represent the sus-
tainability of a company in a single value, an “ESG-score”. While convenient for
investors, recent criticism has pointed out several problems with this approach.
For one, different rating agencies can arrive at a variety of scores for the same
company, which confuses users and raises concerns about the derived scores [1].
In addition, the various complex steps involved in determining a single value for
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a company make it hard for the end user to truly understand why a company
has a certain ESG-rating [6].

With the recent advancements in the field of Natural Language Processing
(NLP) and the rise of Large Language Models (LLMs), analyzing vast amounts
of data has become more feasible [20,19,27,28]. One textual data source which
offers important insights for corporate sustainability practices are news articles.
They provide a real-time, unfiltered source of information that reflects public
perception and current events related to corporate sustainability practices. Un-
like formal reports or company disclosures, which may be delayed or subject to
selective reporting, news coverage can capture immediate reactions to a com-
pany’s actions, controversies, or initiatives [23,8]. Leveraging NLP techniques in
order to extract the ESG-information available in this public data source can en-
able different stakeholders to track corporate sustainability more transparently,
without relying solely on ratings that may obscure the complexity of ESG per-
formance [18]. Furthermore, it is possible to trace a sentiment back to a concrete
source and thus evaluate each ESG event on its own if desired. Finally, this ap-
proach also enables continuous monitoring, capturing shifts in perception that
would otherwise go unnoticed between formal ESG score updates.

To further research in this direction, we analyze a large number of online news
articles in order to extract information relevant to a company’s ESG practices in
this work. By leveraging multiple modern Machine Learning (ML) models to fil-
ter out as much noise as possible, we can process a small amount of news articles
with a powerful, but expensive LLM to create a rich dataset we call Nano-ESG
- named for the level of detail each company can be investigated with. This
dataset currently contains companies in the German DAX 40 financial index,
as well as a few companies that recently dropped out of it. After determining
if a news article is relevant for a given company in the context of sustainabil-
ity, we summarize it and determine the sentiment as well as which ESG-aspect
(meaning Environmental, Social or Governance) it belongs to. To maximize the
quality of the final responses, we use GPT-40' to extract them.

Nano-ESG contains news articles from both German and English media sources
from January 2023 until September 2024. By further leveraging LLMs, the
dataset contains summaries in both German and English. While we cannot re-
lease the original news articles themselves for copyright reasons, we release the
URLs of each news article along with the concerned company, the discussed
summaries, the determined ESG-sentiment and the ESG-aspect. As a result this
dataset can be used to train smaller, ESG-specific models in the future. Since
the publication date of each article is also included, this is, as far as we know, the
first open source dataset containing a time-series of ESG-sentiments and ESG-
aspects of companies, which can help practitioners to analyze the correlation of
the here detected ESG-events with other data sources and thus enable work on
a variety of downstream applications.

For example, multiple works such as [22] and [17] have previously focused
on analyzing sustainability reports from companies. These reports are often self-

! https://openai.com/index/hello-gpt-4o/
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published by the companies themselves, which raises the question of whether the
content is accurately reported. By using a secondary source of information to
verify the reported findings, it might be possible to detect companies which do
not report their sustainability practices to satisfaction.

Another indicator for the state of a company is its stock price. Some previous
research has analyzed the interdependency of ESG events and price movement
(e.g. [8] and [24]). However, the underlying data is typically not publicly avail-
able. In addition, the correlation between specific ESG-aspects and the stock
price has been mostly neglected until now. Nano-ESG offers the possibility for
more clarity in this research domain.

While we do not investigate the above mentioned use cases further, we do
present a first approach for a deeper analysis through topic detection in section 6.
Moreover, in order to be able to judge the reliability of our dataset and the
quality of the final responses, we conduct a rigorous evaluation of a subset of
the generated data in section 5. Finally, we analyze unsatisfactory responses,
examine why they were generated and discuss our findings in section 7.

2 Related Work

Large Language Models for Data Annotation In the last few years the
capabilities of both closed and open source LLMs have skyrocketed, with novel
LLMs being capable of complex reasoning tasks [27,28,19,26]. As a result, LLMs
have become popular as tools to process textual data and extract desired prop-
erties in an automatic way [25]. [7] study different approaches in which a GPT-3-
based model, text-davinci-003, is used to annotate various datasets. The au-
thors come to the conclusion that GPT-3, although still lacking behind human
annotators, shows potential in performance while being significantly cheaper.
[16] investigates the performance of the improved GPT-4 in annotating low-
resource languages and finds impressing results of the LLM, breaking even or
outperforming human annotators in many cases. [12] compares GPT-4 with an
elaborate Amazon Mechanical Turk (MTurk) setup to annotate a subset of the
CODA-19 dataset [13] and finds that GPT-4 achieves a higher performance. [29]
comes to a similar conclusion when analyzing annotations of political twitter
messages from [30] between GPT-4, MTurk workers and Experts.

Datasets for ESG-Research Datasets in the ESG domain are scarce, but
have been gaining interest recently. The FinNLP series of workshops? has pub-
lished multiple ESG-centric datasets and organized shared tasks for researchers.
They have focused on identifying ESG-aspects [2], ESG-sentiments [3] and ESG
impact duration [4] and training specialized models for these tasks. However,
these datasets are usually fairly small and do not focus on specific companies,
making them unsuitable for further analysis of company sustainability practices.

A more extensive dataset was created by [9]. Here, the authors gathered more
than 450000 headlines from the twitter account of The Guardian®, checked the

2 https://aclanthology.org/venues/finnlp/

3 https://www.theguardian.com/
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tags for ESG-relation and mapped relevant headlines to ESG-aspects manu-
ally. They then trained models to classify the Relevancy, ESG-aspect and ESG-
sentiment of the headlines. While being a fairly big dataset, the downsides here
are that it is constrained to one source and only analyzes the headlines.

[21] improves upon this by creating a corpus of nearly 4000 news articles
about 10 companies in the FTSE financial index with ESG-relevance as well as
ESG-aspects labels. This work uses the whole article content for their classifica-
tion approaches, but is not as extensive as the previous approach.

Notably, both of the two former datasets do not include timestamps, making
it impossible to analyze the therein detected ESG-events in context with other
external factors. For this reason, we believe that Nano-ESG can help to further
sustainability research in a variety of directions.

3 Data Processing Pipeline
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Fig. 1. Processing-pipeline (left) used for the creation of the dataset and how much
each step reduces the amount of data relative to the starting point (middle) and relative
to the previous step (right).

In this section, we describe the pipeline used to obtain the final information
contained in the Nano-ESG dataset. To reduce the cost of processing the articles
with the more expensive LLM in the last step as much as possible, we apply
different techniques to filter out articles unlikely to be relevant before then. A
schema of our workflow along with how much of the initial data is filtered out
(compared to the total at the start as well as each previous step) is displayed in
Figure 1. As the data processing pipeline for 2024 differs slightly from the one
for 2023, we display them separated in two colors in the graph.
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3.1 Raw Data

The original data is obtained by crawling the top 100 English and German online
media websites (meaning 200 in total). Social media sources such as Twitter and
Facebook are not considered. As this dataset is currently constrained to German
companies, we defined a list of keywords* for each company in the German DAX
40 financial index and search for articles which contain any of these keywords.
After this, we are left with around 850, 000 articles for the considered timeframe
from January 2023 until the 16th of September 2024. Some of the crawled articles
were in other languages - we decided to proceed with only English and German
articles for simplicity and lower costs.

3.2 Paragraph Deduplication

During the initial data exploration we noticed that online sources often publish
similar articles for a specific event. In order to condense the displayed informa-
tion, we employ an embedding model to find similar articles in a set timeframe.
We use a bilingual embedding model which was trained on English and German
data [15], jina-embeddings-v2-base-de® to embed the paragraphs of the ar-
ticles which contain any one of the company-specific keywords. We then group
together articles published within a week of each other for which we calculate
a cosine-similarity of 0.8 or more. We decided on this value after experimenting
with different cutoffs for various groups of articles. Once we find articles similar
to one another, we keep the first article in the dataset and discard the following
articles. This step allows us to reduce the amount of articles by around 50%.

3.3 Entity-based Filtering

Some companies have associated keywords which can also refer to unrelated
information. To deal with these cases, we use a multilingual zero-shot named
entity recognition model called GLINER, more specifically gliner_multi-v2.1
[32]. To filter out articles which do not refer to any of the companies we are
interested in (for example where “Allianz” refers to a pact between entities rather
than the German company), we apply this model to the sentences in which we
detected a keyword. We discard the article if none of the keywords refer to an
organization or company.

3.4 Filter Language Model

As depicted in Figure 1 in the middle plot, the previously described techniques
can reduce the amount of data by around two thirds. However, in order to
reduce costs further, we decided to first use a relatively cheap language model
to filter out irrelevant articles with regards to either the target company or
ESG thematics. We chose to use OpenAl’s gpt-3.5-turbo-0125 for its ease of
use and competitive pricing. While we were working on processing the data, a

4 See company_info.py in our Github repository for the full list

® https://huggingface.co/jinaai/jina-embeddings-v2-base-de
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more performant and cheaper model, gpt-40-mini-2024-07-18 was released,
so we switched to this model instead. The result is that for this step, data from
2023 was processed with GPT-3.5-turbo, and data from 2024 was processed with
GPT-40-mini.

The prompt we use is included in the supplementary material. In an attempt
to force the model to reflect about its answer similar to a chain-of-thought ap-
proach [31], we ask it to first generate a first answer for the relevancy of the
article. We then prompt it to explain its answer as well as generate a summary
for the article, which we will use in a later step. We noticed that the model often
inferred a relevance for ESG issues from loosely related topics (e.g. reasoning
that a change of the stock price can have effects on the governance of the com-
pany), so we also ask the model to determine if ESG issues are being directly
addressed in the article. After this, we let the model determine the relevancy
again and refer it to its own answers for the explanation, summary and the
direct ESG connection. Finally, we continue with all articles which directly ad-
dress ESG issues and were judged to be relevant. This step manages to reduce
the amount of data the most - by 60% when using GPT-3.5-turbo in 2023 and
by more than 75% with GPT-40-mini in 2024. Although the underlying data
is different for the two models, it seems that the latter LLM is more adept at
determining relevant articles.

3.5 Summary Deduplication

At this point, we still have some articles in our dataset which are quite similar
to one another. To further reduce the cost of the final determination of each
article’s properties, we use the summary generated in the previous step in order
to remove similar articles with the same approach as in subsection 3.2. Again,
we can observe a significant difference as to how much data is filtered out by this
step - for 2024 nearly 20% more articles are removed here compared to 2023. A
reason for this could be the worse relevancy-detection in the previous step by
the older model, allowing more irrelevant articles of varying topics to still be in
our dataset at this point.

3.6 Final Determination Model

In the final step we decide to use a more powerful language model to create
high quality data which can potentially be used in order to train small, but
specialized models in the future. We chose the model based on the chatbot
arena [5], which evaluates Large Language Models based on human preference.
When we were working on this step, the highest performing model there was the
GPT-40 model from OpenAl, more specifically gpt-40-2024-05-13 - all final
responses are generated with this model. At the time of writing this, a few other
models perform better, but the version of GPT-40 we used still places in the top
ten.

In this step we again ask the model to summarize the article regarding ESG-
topics about the target company as well as determine if the article is relevant
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or not. If it is, we also ask for the ESG-sentiment, meaning the sentiment of the
ESG-information for the target company, and the ESG-aspect. Again, the full
prompt used in this step is included in the supplementary material. Although we
instruct the model to reply in German, we decided to formulate the prompt in
English since this results in less tokens and OpenAl uses a pay-per-token pricing
model. To the best of our knowledge, this does not degrade the performance.
Finally, in order to make sure the generated summaries do not violate German
copyright law, we shorten and rephrase them.

This step is the most expensive step of our pipeline, so our goal was to have as
few irrelevant articles remaining as possible. As shown on the right in Figure 1,
the newer GPT-40-mini left significantly less irrelevant articles in the dataset
compared to the older model - only around 13% of the articles processed by
GPT-40 were deemed to be irrelevant.
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Fig. 2. Number of articles with different ESG-aspects per company. Top: total number.
Bottom: Ratio of each aspect per company.

After analyzing roughly 850,000 articles, the remaining dataset consists of
51,087 relevant articles with ESG-information. Each article has a timestamp of
publication, a URL as well as the fields mentioned in subsection 3.6. In addition,
we also asked the model to score the relevancy of the article and determine a list
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Table 1. Top row: The total amount of articles for each sentiment and ESG-aspect.
Bottom row: The ratio of articles per sentiment and ESG-aspect averaged for all com-
panies.

Negative Neutral Positive ||E S G
Total 17668 6115 27304 24546 15086 11455
Avg. Perc. per Company 0.3274 0.1290 0.5436 ||0.3574 0.3430 0.2995

of keywords it deems important for each article. We will investigate these fields
in section 6. Finally, we also provide an English version of the summary which
was created by translating with gpt-40-mini-2024-07-18.

Each article is associated with one company. An article can appear multiple
times in the final dataset, but the summary differs as it is always composed
with regards to a single target company. Table 1 shows the total number of
articles categorized by sentiment and ESG-aspect, along with the distribution
of these categories averaged over all companies. While the distribution of ESG-
aspects per company is approximately similar, the amount of neutral articles is
significantly lower than negative and positive articles. At the same time, as is
shown in the top part of Figure 2, it is worth noting that the total amount of
articles between companies varies significantly. The fewest ESG-relevant articles
we find for a company is 77 articles for Hannover Re, while for the company with
the most articles (Volkswagen) we find 7233 relevant articles. In the bottom part
of the figure we display the ratio of articles for each company which belong to
each aspect. As can be suspected from the bottom row of Table 1, the companies
with the most articles in general all have significantly more environmental articles
than articles for other ESG-aspects.

5 Data Evaluation

In order to assess the quality of the generated results, we evaluated a subset
of the data manually. We asked five sustainability experts to annotate the data
and used Argilla as our annotation-interface®. The results are evaluated in two
steps: First, we check if the summaries were correctly created by GPT 4-o. In
a second, separate task, we evaluate the sentiment and aspect determined by
the LLM. The instructions for the the two annotation tasks are included in the
supplementary material.

5.1 Evaluation Dataset

To create a dataset to evaluate the summarization task, we randomly picked one
article for each (company, sentiment) group, ending up with 123 summaries. 38
of these samples, roughly one per company, were assigned to all annotators.
For the more complex second task we decided to evaluate more samples. In
order to pick diverse summaries, we applied k-means clustering (with n = 3)

% https://docs.argilla.io/latest /



58

5. LLMS FOR FINANCIAL IR

to each (company, sentiment) subgroup using their embeddings and chose the
nearest article from each cluster center. In total, 367 samples were evaluated.
Of these, 82 articles (two per company, with approximately the same number of
articles for all sentiments) were shown to all annotators.

5.2 Summary Evaluation

We first analyze the samples all annotators evaluated. For 35 of the 38 samples,
all annotators agreed on the correctness of the summary. In the other three cases,
only one annotator disagreed. After consulting with the annotators, it became
clear that the problem for the three cases lies in the article not containing any
relevant ESG-information for the target company in the first place. Looking at
all samples, in 95.9% of the cases all annotators determined the summary to be
correct. We conclude that the LLM generally is able to correctly summarize
the article according to the instructions, but can struggle to assess its relevancy.
We investigate this further in the second evaluation task.

5.3 Classification Evaluation

We discuss the different fields that were labeled separately:

Relevancy: Of the articles evaluated by all five sustainability experts, 68.7%
are deemed as relevant by all annotators. For 83.1% of the samples, a majority
of 3/5 annotators decided the sample was relevant. Finally, 98.8% of the samples
were determined as relevant by at least one annotator.

Sentiment: Evaluating the sentiment raised some problems. Some anno-
tators marked all sentiments appearing in parts of the summary while others
simply marked the most relevant sentiment. We decided to simplify the senti-
ments according to the following rules: If an annotator selected neutral along
with either positive or negative, we assign the non-neutral value. If an anno-
tator selected both positive and negative, we set the sentiment to neutral,
which we also do if they were not sure. We then measure Fleiss’ kappa [10] for
all samples all annotators deemed relevant to be x = 0.818. From these findings
it seems that the task of determining the ESG-sentiment for a summary is not
straight-forward, but the annotators had a generally reasonable agreement as to
the sentiment of a sample. The final sentiment was determined by taking the
value picked by most annotators or following a similar approach as above if the
values are tied. We then measure an accuracy of 79.9% of the LLM annotations
compared to the the user annotations.

Aspects: We further investigate the aspect evaluations. We again calculate
Fleiss’ kappa by taking all samples all annotators found relevant and arrive at a
value of k = 0.427. Annotators evidently found this task more difficult to judge
than the sentiment. To determine the aspect the annotators most agree about
for a sample, we first look at the aspect most selected among all annotators. If
there is a draw, we look at the aspect the annotators deemed the most relevant
individually and select the most selected aspect from there. From this, we cal-
culate an accuracy of 78.5% for the aspect determined by the LLM compared to
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the one determined by the annotators. Notably, the most disagreement appeared
between samples the LLM determined as social while the annotators selected
governance.

6 Results
6.1 Development of the ESG-Aspects
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Fig. 3. Left: Weekly number of articles in total and for each ESG-aspect. Right: 30-day
moving average of the sentiment per ESG-aspect.

Over the 21-month period investigated in this work, the total number of
ESG-relevant news articles we detect for the observed companies generally de-
creases. As we can see in Figure 3 on the left, which shows the weekly number
of news articles for each ESG-aspect, this decrease can mostly be attributed to
the environmental and governance aspects while the number of social articles
remains approximately stable.

In the right figure of Figure 3, we first calculate the daily mean sentiment
and then apply a 30-day moving-average for each ESG-aspect. We find that
the environmental aspect is generally the most positive with a mean sentiment
of 0.41. Articles with a social ESG-aspect are only slightly positive at a mean
sentiment of 0.16. Overall, governance is the only consistently negative aspect
during our observed timeframe, with a mean sentiment of —0.25.

6.2 Can LLMs Judge Degrees of Relevance?

Since we also prompted the LLM to provide a relevance-score between 1 and 10
for each article, we investigate here whether the returned score is a meaningful
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Table 2. Top: Amount of articles for each relevance score in the full dataset. Bottom
(two rows): Articles deemed irrelevant by at least one annotator per Relevance Score
as judged by the LLM (irrelevant/total articles and associated ratio).

Relevance Score |2 3 4 5 6 7 8 9 10
All Data 2 122 983 1380 10465 18219 17113 2780 23
Eval - Total - - 3/6 3/8 33/63 19/101 7/141 1/50 -
Eval - Ratio - - 0.50 0.38 0.52 0.19 0.05 0.02 -

measure of relevancy. The top row in Table 2 displays the total amount of articles
for each relevance score as assigned by GPT-40. Most of its responses are centered
around the score of 7 - the overall mean relevance score is 7.12. The model only
rarely responds with low scores - values of 1 are never assigned, and there are
just two cases of 2. Similarly, the highest score of 10 is only given to 23 articles.

The bottom two rows of Table 2 show the annotation results in the evaluation
set. In the middle row we show how often at least one annotator deems an
article irrelevant out of the total number of articles present in the evaluation set.
The corresponding ratio in the bottom row indicates that articles with a lower
relevance scores are more likely to be determined as irrelevant. At the same time,
higher relevance scores are rarely determined as irrelevant - for a score of 9, there
is only one out of 50 annotated articles with this label. We conclude from these
findings that the LLM is generally able to determine to which degree an article
is relevant in the here investigated context of ESG topics.

6.3 Detecting Relevant Topics

f Topic - [Forced Labor, Xinjiang, Human Rights] \
$ 10 ® Environmental VW audit
5 = Social finds no issues q
E 5 ® Governance
3 o — p— —
< — I .= |
e L1 | Ly 01
g —
S -10
& New Forced Labor Reports
g 15 regarding VW partners in China [
=i
C Jan 2023 Mar 2023 May 2023 Jul 2023 Sep 2023 Nov 2023 Jan 2024 Mar 2024 May 2024
Time

Fig. 4. Amount of positive and negative articles regarding the “Forced Labor” topic of
Volkswagen over time for the different detected aspects.

We use Bertopic, a popular library for topic modeling, to identify relevant
topics for each company [11]. Bertopic identifies topics through the following
steps: First, the dimensionality of the embeddings of the underlying documents
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is reduced before their clusters are detected. To determine good representations
for the identified clusters, the default algorithm applies a bag-of-words approach
for each cluster and then uses a modified TF-IDF technique to create a set of
representing words per cluster.

In order to encourage the detection of sustainability-specific topics, we de-
cided to augment the article summaries with the keywords the LLM determined
in subsection 3.6 while removing mentions of the companies which are sometimes
included in them. We simply append the keywords to the end of the summaries
and use the same embedding model as in subsection 3.2 to embed the resulting
text.

In the previous subsection, we identified the relevance score as a meaningful
measure for the degree of relevancy of the articles. By calculating the mean
relevance score of each topic cluster, we can thus determine relevant topics for the
companies, as well as check if a topic is more likely to represent an opportunity
or a risk through the mean sentiment. In addition, by looking at the amount
of detected news articles for topics over time, it is possible to identify when
critical events take place and how companies attempt to address them. Taking
Volkswagen as an example, one of its most relevant topics we detected concerns
reports of forced labor in China’s Xinjiang province taking place in plants of
the company. As shown in Figure 4, this is a generally negative topic for the
company in 2023. In the end of 2023, an audit is conducted in its plants and
finds no problems. However, shortly afterwards, in February 2024, new reports
emerge, showing that the problem persists with Chinese partners of Volkswagen.

In this way, it is possible to explore different topics of the covered companies
and even contextualize them with other real world events”.

7 Limitations & Error Analysis

During our evaluation, we identified several limitations in our current approach.
One significant issue is the inability to differentiate conflicting sentiments within
a single news article. Currently, we only capture an overarching sentiment, mean-
ing that if multiple perspectives exist, we may only capture one, thus omitting
valuable nuance.

Additionally, the LLM sometimes struggles to isolate ESG sentiment per-
taining specifically to the target company, confusing it with the overall tone of
the article. This is particularly problematic for reinsurance companies impacted
by increased natural disasters. Such articles might be classified as (negative, en-
vironmental), which does not necessarily reflect the sentiment relevant to the
reinsurance firm itself.

Another challenge is handling articles about multiple related companies. For
instance, news about both Siemens and its subsidiary Siemens Energy may
be marked as relevant to both companies, even when the article predominantly

7 A notebook in the supplementary material allows users to analyze the different topics
of our covered companies further on their own.
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concerns one. Despite attempts to address this by including related companies
in the prompt, this approach has had limited success.

8 Conclusion & Future Work

We present Nano-ESG, a novel dataset containing corporate sustainability in-
formation extracted from news articles. By determining an ESG-sentiment and
ESG-aspect for each relevant article, we are able to provide an alternative way
to investigate corporate sustainability events - we present one approach for this
through the detection of relevant topics in subsection 6.3. Our pipeline for infor-
mation extraction is described in detail in this work and can be applied to other
domains.

We will continue to extend the work on this project by regularly adding
more data to monitor the state of German corporate sustainability practices.
In the future, we will aim to build an interactive application to allow users
to conveniently access up-to-date information in this domain. In addition, we
would like to extend the covered companies to more countries beyond Germany.
To make this second goal feasible, it might be necessary to train more specialized
models for the different data extraction steps, which should be possible due to
the high-quality data gathered in this work. This would allow us to reduce costs
further and thus increase the amount of data we can continuously monitor.

Acknowledgments. We want to thank GET Capital AG for the support in infras-
tructure they provided.
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FROM SENTIMENTS TO ASSET
REPRESENTATIONS

In the previous two chapters, we showed different approaches for extracting financial
information from news articles. In subsection 2.3.1 we investigated if the consumer
sentiment found in news articles can be used as an indicator for future financial returns.
Various studies [122, 157] find that there is a significant correlation in many cases so
that including the sentiment for investment predictions can yield better returns in
portfolios compared to relying on other indicators alone [72, 84]. In the following
works, we build on this research and rely on the sentiment alone to steer a universe
of single assets without taking other variables (such as previous price development or
macro-economic factors) into account.

We briefly want to introduce some of the different types of “asset representations”
that we will talk about in the following sections.

Index-Based Representations Indices generally are non-investible constructs that
track the performance of a specific group of assets. A group of assets could be the
biggest german companies (DAX-40), the biggest german technological companies (Tec-
DAX) or the biggest companies in the world (MSCI-World). The assets within the
index are weighted based on the methodology of the index. Examples for weighting
schemata are market capitalization-based (e.g. DAX-40, S&P500), price-based (Nikkei
225, Dow Jones Industrial Average) or simply equal-weight versions where every stock
has the same weight [14].

Passive Funds (ETFs) Passive funds such as ETFs generally build on top of Indices
and try to replicate their performance in an investible vehicle [43]. The weights of the
single stocks in the universe are changed according to the changes within the tracked
index, without any active decisions to optimize performance.
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Actively Managed Funds (Portfolios) As opposed to ETFs, actively managed
portfolios try to outperform a specific benchmark, which could simply be an index, by
optimizing the weights of the constituents based on the investment decisions of a fund
manager. Contrary to expectations, research suggests that actively managed funds
often do not outperform passive ETFs [38]. According to S&P’s last SPIVA report at
the end of 2024, 65% of active large-cap U.S. equity funds underperformed the S&P500
in that year [62]. Over the 15 prior years, 90% of active managers performed worse
than the S&P500.

In the following sections we will investigate various approaches for asset allocations
based on different signals.
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6.1 Building a BERT-based Sentiment Performance
Index

Paper: Fabian Billert and Stefan Conrad. A Framework for the Construction of
a Sentiment-Driven Performance Index: The Case of DAX40. In Proceedings of the
AAAI-2023 Workshop on Multimodal Al for Financial Forecasting, Washington DC,
USA.

Remark: The paper was presented at the Workshop, but the Workshop
did not publish the proceedings until now. For this reason, the camera-
ready version of the paper was uploaded to ArXiV instead.

Personal Contribution: The research idea was developed solely by Fabian Billert.
All written parts of the paper were authored by Fabian Billert with the supervision of
Stefan Conrad.

Status: Published

We first elaborate on index-based representations and attempt to construct a novel
type of index based on the DAX-40 universe of stocks in this section. The general
idea here is that instead of weighting the constituents by their market capitalization
(which is the normal method the DAX-40 follows), we weigh them by their consumer
sentiment.

Sentiment-based indices have gained popularity in recent years, as many index
providers have created suites of sentiment-related products. MSCI, for example, launched
a sentiment index in April 2025 using an “analyst sentiment score” which is based on
different analyst forecasts for stocks, such as how much of them predict an upward
trend vs a downward trend, or a revision of the targeted price of the stocks [98, 99|.
S&P instead relies on Ravenpack! as their data provider and leverages news articles in
order to determine the index composition [140, 139] - S&P manages this index since
March 2024.

In contrast to the abundance of available products, studies on sentiment-based in-
dices remain scarce. While many works focus on individual components, the construc-
tion of sentiment-based performance indices is virtually unexplored. In the following
paper, we aim to bridge this gap and present our approach for building such an index.

https://www.ravenpack.com/
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Abstract

We extract the sentiment from german and english news ar-
ticles on companies in the DAX40 stock market index and
use it to create a sentiment-powered pendant. Comparing it
to existing products which adjust their weights at pre-defined
dates once per month, we show that our index is able to re-
act more swiftly to sentiment information mined from online
news. Over the nearly 6 years we considered, the sentiment
index manages to create an annualized return of 7.51% com-
pared to the 2.13% of the DAX40, while taking transaction
costs into account. In this work, we present the framework
we employed to develop this sentiment index.

Introduction

Advances in natural language processing in the last few
years have led to an increasing amount of research on
extracting information from news, social media and other
sources (Min et al. 2021). This allowed researchers to start
explaining existing phenomena from a new point of view. In
a financial context, one of the most promising and now more
easily available features has been the investor sentiment,
which expresses the opinion of investors towards different
financial instruments (Ferreira, Gandomi, and Cardoso
2021), (Li et al. 02.2018). Recent work has found that the
sentiment is an important factor for predicting the future
market development ((Wan et al. 2021), (Sidogi, Mbuvha,
and Marwala 2021), (Ranco et al. 2015), (Koratamaddi
et al. 2021), (Allen, McAleer, and Singh 2019), (Feng et al.
2021)), although the extent of its impact is not clear. As a
result, researchers are still investigating how to optimally
use this new information.

Some works use the sentiment as a feature along with other,
more conventional features such as historical returns and
volatility to improve the prediction of the return of a stock
on a specific day. This is often done by using complex
neural networks in a time-series prediction approach ((Ko
and Chang 2021), (Sai and Rida 2020), (Sidogi, Mbuvha,
and Marwala 2021), (Sen and Mehtab 2021)).

Another branch of works uses the sentiment of different
instruments in a portfolio optimization approach to find
the best allocation (Ferreira, Gandomi, and Cardoso 2021).

© 2023, Copyright for this paper by its authors. Use permitted un-
der Creative Commons License Attribution 4.0 International (CC
BY 4.0).

Here, approaches often use reinforcement learning in a
combination with neural networks to determine the optimal
allocation for each day. Koratamaddi et al. use an adaptive
deep deterministic policy gradient approach and combine
it with sentiment information, showing that the result
outperforms the baseline without sentiment (Koratamaddi
et al. 2021). Malandri et al. use the sentiment in combina-
tion with an LSTM for five different portfolios and show
that the sentiment information consistently improves the
performance (Malandri et al. 2018).

In this work, we use a new approach to create a sentiment-

powered performance index, using the universe of the ger-
man DAX40 as our proof-of-concept. This creates the pos-
sibility for investors to include the public opinion in their
investment decisions in a convenient way.
The paper is organized as follows: First, we take a look at
existing sentiment indices and explain their approach. We
continue by giving a rough overview of the workflow in this
report, from the raw text to the calculation of the sentiment
index. Here, we introduce the data we used and expand upon
each of the different steps in the workflow. Finally, we show
the results for our sentiment index and compare it with the
performance of the DAX40.

Existing Products

In recent years, the sentiment information has been used
more and more to create products which take the mood
of investors into account. A few companies have created
automatic solutions in the form of sentiment indices, which
have related ETFs or other vehicles the public can invest
nto.

At the end of 2021, S&P Dow Jones Indices, in collab-
oration with Twitter, launched a set of sentiment indices
based on the S&P 500 which mine the sentiment of Tweets
concerning the companies in the original index and use it
to optimize the constituent’s weights. The S&P 500 Twitter
Sentiment Index gathers daily sentiments and picks the 200
companies with the best sentiment once a month, weighting
them by their market cap (S&P 2021a). Their second index,
the S&P 500 Twitter Sentiment Select Equal Weight Index,
instead selects only the best 50 companies and weights them
equally (S&P 2021b). The indices have performed well thus
far - creating a slow but steady outperformance of the S&P
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500, although their track record is not very long.

A different example of an existing sentiment index is the
BUZZ NextGen AI US Sentiment Leaders Index, which
takes into account all large cap companies based in the
US (BUZZ 2021b). This Index has a longer track-record,
back to the end of 2015, although the related ETF has only
been incepted in 2021. According to the ETF provider, the
sentiment is determined using content ’from online sources
including social media, news articles, blog posts and other
alternative datasets” (BUZZ 2021a). The 75 companies
with the highest sentiment are included in the index and
weighted according to their sentiment, with a maximum
weight of 3%. This index is also adjusted once a month.

The downside of these products is that they are rebalanced
only on a monthly basis, so the strategies cannot react to sen-
timent signals immediatly. Big, impactful events are usually
absorbed by the markets much faster, on the timescale of
days or even hours (Wan et al. 2021). This means that the ex-
isting strategies miss out on most of the sentiment signals. In
the next chapters, we investigate a different approach and try
to create an improved product which is able to adapt more
swiftly to opinionated events.

Workflow

In this section we expand on the different steps in our work-
flow. Starting with the news articles, we first preprocess
them, before determining the sentiment. Since we usually
have multiple articles for a single company on a given day,
we then aggregate the sentiment to get a single value per
company. From there, we calculate a weight value for each
company using only the acquired sentiment value.

Data

The news article data we use consists of more than 2.85 mil-
lion articles for the forty companies in the german DAX40
as of May 2022. The data spans the time from 01.01.2017 to
04.09.2022 and was scraped from german and english media
websites. We received this data in a batch. To get the relevant
articles for each company, we searched for articles which use
the company name in their headline. For some companies,
we adjust the search filter to exclude results that do not refer
to the company, but a different entity. An example for this is
the german sports clothing company Puma, where we found
a lot of articles referring to the animal puma. For other com-
panies, such as the automotive companies like BMW, we ex-
cluded entries reporting cases of theft or singular accidents,
since small-scale events like this are unlikely to influence the
stock price in any way but emit a strong sentiment. Those ar-
ticles were removed by checking for the relevant keywords
(like ”zoo” for puma) in the headline and body of the article.
After those filters, we are left with a total of around 630k
documents.

Preprocessing

Before preprocessing the data, we remove a subset of arti-
cles which we deemed counterproductive to a potential fore-
cast. A few websites regularly publish an article summariz-
ing the previous trading day, adressing the top performers

in its headline. The sentiment contained in those articles
obviously refers to the performance of the past, which we
deemed detrimental to determining an indication for the fu-
ture performance. These articles were removed by scanning
the text for key phrases such as “dieser artikel wurde au-
tomatisch erstellt” - meaning “this article was created auto-
matically”.

We further remove duplicate articles, as well as articles with
a headline longer than 1000 tokens. Finally, we move for-
ward using only the headlines of the articles, which are
transformed to lowercase.

Sentiment Classification

To extract the sentiments from the headlines, we use a
BERT-based model architecture. The model is based on
the distilbert model in (Sanh et al. 2019) and was fine-
tuned first with the Financial Phrasebank dataset from (Malo
et al. 2014) and then again with manually annotated finan-
cial news headlines. Since the model was trained on english
data, but a large number of our news articles are in german,
we had to find a solution to include the german-language
articles. Rather than using two separate models or retrain-
ing the model as a multilanguage model, we translated the
german articles to english before classifying their sentiment.
For this, we use the de-to-en translation model from (Ng
et al. 2019). To confirm that the translation does not lead to
a steep decline in accuracy regarding the sentiment classifi-
cation, we tested the model on around 1500 manually anno-
tated headlines of our dataset (for both languages). We found
that for the english articles, we achieve a balanced accuracy
of 67%, while for the german-to-english translated articles
we still achieve 65%.

The model returns probabilities for three classes, negative,
neutral and positive. Instead of simply taking the determined
class, we use the probability and multiply it with —1 for the
negative class and 0O for the neutral class. This yields a value
in the interval [—1, 1] for each news article.

Sentiment Aggregation

The news articles are published at different times throughout
the day. Since the german stock exchanges close at 5:30 pm
local time, we can not consider articles published later in the
day. To make sure we do not include any forward bias, we
push all articles published after 5 pm to the next day. Follow-
ing that, we calculate a single sentiment score for each day
by taking the mean of all sentiment values. On days where
no articles for a company are available, we set its sentiment
to zero.

To stabilize the sentiment on days where a low amount of
articles exhibits a very strong sentiment, we further apply a
scaling to the sentiment values. More specifically, for a sin-
gle company, we look at the amount of different sources that
publish an article on a given day and multiply the sentiment
with an adjustment factor that we calculate like so:

¢
Uy, . —
< if ul < mean(u) ') (1)

0, -1
mean(u, )
adjf =1 else, (2)

adj; =
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Figure 1: Left axis: Performance of the Sentiment index and the DAX40. Right axis: Number of transactions.

where u; is the number of unique sources on day ¢ for com-
pany %. This means that the sentiment of a company is scaled
towards 0 if the number of unique sources writing about this
company is lower than the previous mean.

Weight Determination

Using the daily sentiments for the different companies, we
want to determine the individual weights that maximize the
total sentiment of the universe in the next step. Obviously,
this can be achieved by simply picking the company with
the highest sentiment and setting its weight to one. However,
due to different constraints, this is unrealistic. Firstly, dif-
ferent market regulations prohibit such instruments in many
countries. Secondly, this would rack up huge transaction
costs since 100% of the index has to be churned on most
days.

We try to solve this problem with a convex optimization ap-
proach using the python library cvxpy (Agrawal et al. 2018),
(Diamond and Boyd 2016). This library allows the user to
maximize an objective function under a set of constraints.
The objective function maximized in our approach is as fol-
lows:

S = wa:ﬁ — Slwit —w 3)

where w! and s! are the weight and sentiment of instrument
1 at time t respectively. J is a penalty factor which reflects
the transaction costs necessary to change the weights of an
instrument. In classical approaches where an expected return
is optimized, this factor would be equal to the transaction
costs. In our case, the factor has the scale of the sentiment
that needs to change for the transaction to be worth it. In
order to trade only for signigifant sentiment changes, we set
the penalty factor to 1, which is one polarity.

As for constraints, we decide to limit the total investment in
a single company to 10%. In addition, we require the sum of
weights to be equal to one, so it is not possible to be invested
in cash!.

'In reality, the optimizer cannot fulfill such a stringent con-
straint, since the weights of the single stocks change every day. We
instead require the sum of weights to be between 99% and 99.9%

Sentiment Index

Having determined a way to calculate the weights for the
different companies in the index, it is straightforward to de-
termine the returns of the index:

Thpa =Y wi-rl —TCY, @

where TC;5 are the transaction costs, and rf is the return of
stock ¢ on day ¢, which we calculate as follows:

Pt _ Pt—l
rt = pi—1 ®)
with P! being the end-of-day price on day t. We set the
trading costs to 0.05% of the price of the stock, which is
multiplied with the amount of stocks traded to get the total
cost of a transaction. Consequently, this part of the equation
is zero for a stock if we do not trade it.

Results

In Figure 1, we show the performance of the sentiment index
(in blue) and compare it to the DAX40 (in red). On the sec-
ond y-axis, the number of trades is depicted. We can see that
the sentiment index shows a similar performance in 2017
and 2018, but manages to outpace the DAX in the following
three years. In the current year, the index lags slightly behind
again. Especially just before and shortly after the corona-
crisis, the index pulls well ahead of the DAX. In total, the
index was able to generate an annualized return of 7.51%
compared to the 2.13% of the DAX over the more than 5
years presented here.

In that time, the sentiment index performs 309 trades, 153 of
which are single trades. Single trades are usually performed
when an instrument goes above the upper bound of 10% we
set for the optimization. Other than that, on 128 days the
index trades twice and on 18 days it trades 3 times. Disre-
garding the initial investment, there are never more than 3
transactions in a single day. In conclusion, this approach of
a sentiment index performs trades more frequently, but only
for cases with very strong sentiments.
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Conclusion

In this work, we present a framework for determining sen-
timent values from news headlines and transforming them
into weights for a performance sentiment index, achieving a
significant outperformance compared to the benchmark in-
dex over the five year time span we observed. We compare
our approach to existing products, which have pre-defined
re-balancing dates in contrast to our more flexible approach
which is able to change the constituent weights at any point
in time without amassing large amounts of transaction costs.
We apply the framework to the german stock market, the
DAX40, as an example. However, it is straightforward to
apply it to any other universe of stocks.

In future works, we would like to adapt this framework for
portfolios, where it is possible to reduce the investment ratio
and hold cash. This opens a new dimension as the general
market sentiment is important, as opposed to just the sen-
timent of the constituents. In addition, we plan on continu-
ally improving different areas of the framework and compare
new results to the here presented baseline approach.

One such area is the sentiment model, which could be re-
fined further, for example by using a larger amount of anno-
tated data to finetune it. In addition, the use of the penalty
factor can be investigated and refined further, for example
by using different values for different market situations.
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6.2 ESG-Investing through Aspect Regimes with
Dynamic Time Warping

Paper: F. Billert and S. Conrad. Identifying Aspect-Regimes for Enhanced ESG-
Investing Through News Data. In 2025 IEEE Symposium on Computational Intelli-
gence for Financial Engineering and Economics (CiFer), Trondheim, Norway, 2025,

pp. 1-7
Personal Contribution: Fabian Billert developed the research idea and implemented

it, including optimizing the hyperparameters and creating the different simulations.
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Contrary to the previous section, in this paper, we pursue a portfolio-approach
based on the dataset we created in section 5. As we discussed in subsection 2.3.3,
positive ESG-practices of companies can be beneficial for their value [21|. However,
how can ESG-information be included in portfolio optimization processes?

Henriksson et al. [51] argue that including only ESG-information relevant to a
company’s industry is preferable to simply using all available ESG-information. In
addition, they develop a new variable they call “Good Minus Bad (GMB)” factor in
order to deal with data sparsity that occurs when firms do not sufficiently disclose
their ESG-data. Xidonas et al. [164] use ESG data from Sustainalytics and follow
a minimax-based optimization-model in order to maximize the different ESG metrics
in the portfolio. They find that their approach achieves higher returns with lower
volatility.

As we noted previously, conventional ESG-ratings have various downsides. Several
other works pursue a news-based approach and extract ESG-related sentiment them-
selves. Feng et al. [40] collect online news articles concerning companies in the S&P500
and STOXX600 and extract different types of sentiment (including ESG-specific sen-
timent) using a lexicon of tonal words. They then explore different approaches for
portfolio optimization while taking this sentiment into account. Goutte et al. [47]
follow a similar approach but use news data from the Global Database of Events, Lan-
guages, and Tone (GDELT) project? and find that ESG-related indicators improve the
performance of the designed portfolios.

In the following, we attempt to use the previously mined ESG-sentiments in order
to optimize portfolio allocation. Following what Henriksson et al. [51] find, we take
into account that different ESG-aspects have varying degrees of importance for different
companies. For this reason, we apply the Dynamic Time Warping (DTW) algorithm
to identify “aspect-regimes” where sentiments for certain ESG-aspects seem to be more
important than others.

’https://wuw.gdeltproject.org/data.html
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Abstract—ESG (Environmental, Social, Governance)-thematics
play an important role for investing as they can represent
additional risk for a company and subsequently its stock price.
These ESG-thematics can be extracted from alternative data
sources such as news data. However, the extend to which an
ESG-event influences a company can vary greatly depending on
the ESG-aspect of the event and the current expectations of the
affected company.

In this paper, we present an approach where we leverage
Dynamic Time Warping (DTW) in order to identify periods in
which certain ESG-aspects are closely aligned with the stock-
price movement of a company. We demonstrate this approach
using more than 50,000 news articles mined for 42 german com-
panies between January 2023 and September 2024, (i) answering
the question of which aspects are important for a company in
what time-frames and (ii) showing that this approach increases
the performance of an ESG-sensitive portfolio by a large amount.

Index Terms—ESG-investing, portfolio optimization, dynamic
time warping, financial news, alternative data

I. INTRODUCTION

Environmental, social and governance (ESG) thematics have
become an important factor for investors and companies alike
in the last few years [1], [2]. The ESG-impact of a company is
often quantified by a so-called ESG-score which is calculated
by established rating agencies and aims to summarize the
sustainability practices of the company gathered from many
sources in a single value [3]. However, these ratings have
recently been criticized as different raters determine different
scores for the same company [4], and it is not always clear how
the final value is calculated [5]. For this reason, researchers
have made efforts to extract corporate sustainability behavior
from alternative data sources - such as news articles [6] and
company reports [7].

Advances in natural language processing (NLP) capabilities
in the last few years have enhanced the quality of information
extracted from such alternative data sources massively as well
as enabled researchers of different fields to access this data
[8]-[11]. [12] for example has rallied NLP researchers to
develop models to determine ESG aspects of news articles
while [13] encouraged novel ESG-sentiment classification
models. Using this ESG-information for investing has become
an increasingly interesting topic, as bad sustainability practices

2" Stefan Conrad
Institute for Informatics
Heinrich-Heine University of Diisseldorf
Diisseldorf, Germany
stefan.conrad @uni-duesseldorf.de

and associated events pose an additional risk for investors
which can be detected and accounted for [14].

However, it is not always clear which ESG-events are
relevant for a company and which are expected for their
industry and thus do not present a new risk. [15] for example
finds that ESG-risks mainly influence returns of S&P 500
companies if they are driven by the Social and Governance
ESG-aspects while Environmental events are mostly ignored.
In general, though, not a lot of research has assessed the
influence of different ESG-aspects on companies.

In this work, we investigate this correlation between specific
ESG-aspects and associated stock returns further. We present
an approach which applies the dynamic time warping (DTW)
algorithm to ESG-sentiment data extracted from news articles
in order to identify aspect regimes in which news of one
specific ESG-aspect (e.g. E, S or G), or any combination
of ESG-aspects are predicting future price movement. At the
same time, by applying this technique in a realistic portfolio
optimization approach, we show that it can improve the
portfolio performance compared to simply using all ESG-data.
The underlying news articles stem from [6], which extracts
ESG-information for german companies in the financial DAX-
40 index. This dataset contains ESG-sentiments as well as
aspects for over 50,000 news articles from the start of 2023
until September 2024.

We share parts of our code on GitHub!. The repository
contains a notebook which processes the ESG-data and applies
the DTW algorithm to determine which sentiments to use as
predictors at what times. Note that the repository uses prices
from yfinance?, while we use prices from a different source
in this paper (which we are not allowed to share). For this
reason, the results might vary slightly. At the same time,
we unfortunately are not permitted to share the code which
performs the portfolio optimization.

II. RELATED WORK
A. Impact of ESG-Events on Stock Prices
Recent works have found evidence to support the point

that ESG-related events have an impact on the stock price.

Uhttps://github.com/Bailefan/ESG-Investing
2https://github.com/ranaroussi/yfinance

Authorized licensed use limited to: Univ Landesbibliothek Duesseldorf. Downloaded on April 30,2025 at 10:20:41 UTC from IEEE Xplore. Restrictions apply.



76

6. FROM SENTIMENTS TO ASSET REPRESENTATIONS

[16] extracts sentiments from ESG-related news articles and
creates ESG-sentiment indices for each constituent of the Dow
Jones Industrial Average index. They find that the constituent’s
returns are generally affected by the ESG-sentiments, but
note that the relation between the two can differ greatly
between different kinds of companies. [17] investigates the
interdependence of ESG ratings, ESG-news and the stock
performance of more than 3000 companies and comes to the
conclusion that while certain ESG news do correlate with the
future market performance of stocks, this correlation drops in
cases of high disagreement between different rating agencies
for the ESG-rating of a company. [18] describes similar
findings, but notes that the historical ESG-record of a company
affects the influence of the news sentiments as companies with
an overall better ESG-record are more resilient with regards
to negative ESG-news while companies with a poor ESG-
record have a more pronounced reaction to positive ESG-news.
[19] investigates if news-based ESG-sentiment influences the
crash-risk of stock-prices of Chinese companies. They find a
negative correlation between the two, meaning an increased
ESG-sentiment leads to a lower crash-risk of stock-prices.

B. Investing with Alternative Data

There have been many different approaches of including
alternative data into investment decisions. [20] constructs an
investor sentiment index from different macroeconomic factors
and uses it to optimize a portfolio of major stock indices which
outperforms all benchmarks. [21] uses a Long Short Term
Memory (LSTM) based model to optimize a portfolio while
taking sentiment information from news articles and twitter
data into account. They find that their approach outperforms
traditional portfolio optimization methods but is more unstable
in general. [22], too, use an LSTM model to include sentiment
information into portfolio optimization for different universes -
in all cases, the approaches including the sentiment outperform
a baseline without this information. [23] uses Reinforcement-
Learning (RL) to train an automated trader which acts based
on both historical stock price data and sentiment data from
twitter and google news. The authors show that adding the
sentiment data to the trading agent improves the portfolio
optimization results. [24] constructs a sentiment index based
on news articles of german companies and shows that this
index achieves an outperformance compared to its benchmark.

Using specifically ESG-sentiment data in order to improve
portfolio optimization has also been approached by several
research works. [25] use a Multi Criteria Decision-Making
(MCDM) model named TODIM to construct portfolios which
take the ESG scores of equities into account and find that this
increases the performance significantly compared to an ESG-
blind baseline. [26] introduces an adjusted Mean-Variance
approach which manages to increase ESG-scores in portfolios
while still achieving performance gains - although at reduced
Sharpe-ratios.

C. DTW for Portfolio-Optimization

Dynamic time warping (DTW) has emerged as a widely
used technique in finance and, more specifically, portfolio
optimization approaches. Originally mainly used for audio
processing [27], [28], it has become a popular tool to work
with time-series data of all kinds - such as genomic signals
[29] and gait data [30]. [31] uses a clustering technique called
DTW Baycenter Averaging (DBA) in order to increase portfo-
lio diversification and investigated the resulting performance
during the 2008 global financial crisis, in 2018 and during the
2020 Covid-19 crisis, showing that their approach increased
the performance compared to popular portfolio optimization
benchmarks. [32] proposes improvements to the Anticor al-
gorithm by including the DTW distance as an improved
similarity measure and achieves performance gains in all
investigated markets. [33] use DTW in order to distinguish
leading and lagging time series out of more than 700 assets
and show that using the trend of the leading companies to trade
with the lagging companies results in performance gains.

III. NANO-ESG DATASET

Nano-ESG [6] contains ESG-information for 51,067 news
articles concerning 42 german companies which either are
current constituents of the DAX-40 or were only recently
removed from the financial index. The information is extracted
from german and english news articles by leveraging Large
Language Models (LLMs). All articles were published be-
tween 2023-01-01 and 2024-09-17. In the end, the dataset
contains short summaries, ESG-sentiments (negative, neutral,
positive), ESG-aspects (environmental, social, governance) as
well as the timestamp of each article.

A. Dataset bias

Nano-ESG exhibits some bias with regards to both senti-
ments and aspects. Regarding aspects, there are significantly
more articles with the environmental aspect - nearly twice as
many as for the other two aspects. However, this seems to
be mainly focused on a few companies with many articles as,
for each company, the average ratio of articles per aspect is
approximately similar for the three aspects. Looking at the
polarity, the positive sentiment outweighs the other two sen-
timents by a large amount. On average, 54% of a company’s
news articles are positive, 33% are negative and 13% are
neutral.

B. Relevancy

The dataset also includes a measure for how relevant an
article is with regards to the sentiment for the target company.
This relevance score was obtained by prompting the LLM
for its assessment of the relevancy of an article on a scale
from 1 to 10. [6] investigates if the relevance scores the LLM
determines are meaningful or not by manually evaluating a
subset of the articles. They find that the percentage of articles
that were deemed irrelevant by at least one of the annotators
is generally higher for articles where the LLM assigns a low
relevance score. We conclude from this that the relevance score

Authorized licensed use limited to: Univ Landesbibliothek Duesseldorf. Downloaded on April 30,2025 at 10:20:41 UTC from IEEE Xplore. Restrictions apply.
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Fig. 1: Approach to determine which aspect is currently relevant for the company Daimler as an example. Each aspect is used
together with the price to calculate the warping paths. Finally, depending on the (D)istance and (L)ag one aspect is identified

as the current aspect regime.

determined by the LLM is a valuable metric which indicates
which articles are less likely to contain relevant information
for the target company and thus provide additional noise with
regards to the company’s current ESG-sentiment-state.

IV. ESG-INVESTING WITH DTW

In this section, we first explain how we transform the article-
level sentiment information to a sentiment graph for each
company. By using dynamic time warping to find similarities
between the different ESG-sentiments and the stock prices,
we can then identify live aspect-regimes without using future
information. Finally, we explain how we use the identified
aspect regimes to simulate an active portfolio.

A. ESG-Sentiment Preprocessing

In this subsection we describe the pipeline we use to
determine continuous ESG-sentiment graphs from the Nano-
ESG dataset, which we can compare with the prices of the
companies. First of all, to avoid overfitting, we shift all articles
which were published between the last 30 minutes before the
stock exchange closes and the end of the day to the next day.
Articles published after the trading day ends cannot influence
the price, and we leave an additional 30 minutes window so
that it is realistic to act on the new information. To process
the data, we start by converting the sentiments to numerical
values, meaning a negative sentiment is set to —1, a neutral
sentiment to 0 and a positive sentiment to 1. Next, we calculate
the mean sentiment of all articles of every trading day. Here,
we include the relevance score of each news article:
Relevance-Scaling - As we discuss in Subsection III-B, the
relevance score is related to the likelihood of an article being
relevant for the company or not. In order to account for this,

we weight each article by its own relevance score. Afterwards
we divide by the maximum relevance score of the articles so
that the sentiment is constrained to lie between —1 and 1. We
end up with the following formula for the sentiment on day ¢
for one company:

mean; (st - Rel(st))
max;(Rel(st))

where s! is the sentiment of a single article 7 and Rel(st)
is its Relevance Score. This allows us to enhance sentiments
of high relevance articles while not completely losing out on
information from low relevance articles in cases where the
overall relevancy is low. On days where we have no sentiment
information for a company, we set its sentiment to 0. Finally,
we calculate the cumulative sum of the daily ESG-sentiments.
In this step, we also consider the different aspects:
Aspect-Data - By filtering the original articles with regards
to different ESG-aspects, we can create time-series for all
possible combinations, for example environmental, or environ-
mental and social (E-S). This means we can define a total of
seven distinct aspect combinations. Certain aspects might be
more or less important for a company depending on different
internal and external factors. Because of this, we explore an
approach based on DTW in the next subsection in order to find
out which ESG-aspects are important for a company at what
times. Examples for three different aspect-sentiment graphs
are displayed in the middle row of Fig. 1 for the company
Daimler.

St =

ey

B. Dynamic Time Warping

Dynamic Time Warping (DTW) is a technique for mea-
suring similarity between two time-series which may vary in

Authorized licensed use limited to: Univ Landesbibliothek Duesseldorf. Downloaded on April 30,2025 at 10:20:41 UTC from IEEE Xplore. Restrictions apply.



78

6. FROM SENTIMENTS TO ASSET REPRESENTATIONS

Daimler - Aspect-Regimes

Aspect

Normalized Price/Sentiment

]

> P P Q@

>
NI S N
A AR M. R S
VA A A S AR A
O S S S

Date

(a) Price, composed ESG-sentiment and detected aspect-regimes
of Daimler. We focus on the Social-Regime marked in green in
plot (b).
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(b) Warping paths for the Social-Regime marked in green in
plot (a). The 70 days before the regime starts correspond to the
data_window used to identify the regime.

Fig. 2: An example of all detected aspect regimes of Daimler. Each aspect regime was detected at runtime. The ESG-sentiments
in (a) are composed, meaning they always show the sentiments for the relevant aspect.

speed or duration. It aims to find an optimal alignment between
the two sequences while allowing for non-linear "warping” of
the time axis. In order to determine how similar the price
is to the different aspects, we use the DTW implementation
from [34] called dtaidistance. We calculate the warping
paths between the two time-series, which allows us to find
the minimum distance as well as the best alignment. All time-
series are z-score normalized before using the DTW algorithm.
Since we are most interested in the current correlation (at time
t) of the two time series, we aim to focus on the alignment of
the more recent data. Because of this, we only provide a subset
of the data t — data_window until ¢ instead of the whole time
series to the algorithm. Another important parameter is the
dtw_window, which determines how far apart points of the
two time-series can be and still be matched with one another. A
third parameter, the ¢)-relaxation parameter, is set to the same
value as the dtw_window value. 1 indicates how far ahead
one time series is allowed to be of the other time series at their
edges - by default (¢v = 0) all data points are forcibly mapped
between the two graphs. Setting v to a non-zero values allows
us to observe which time series lags behind at time ¢, and
which one is ahead and thus acts as a predictor for the other
time series.

C. Identifying Live ESG-Aspect Regimes

On every day ¢ we apply the DTW algorithm for every price-
aspect combination. A schema which describes this process is
depicted in Fig. 1. The distance returned by the algorithm
indicates how similar the aspect-sentiment is to the price. By
iterating over all aspects, we can find the combination with the
lowest distance. At the same time, we calculate the current
lag through the best identified path. We then ignore cases
where the sentiment does not act as a predictor for the price

- independent of the distance. We use the sentiment of the
aspect we find as an estimator in our simulation for time ¢. If
we cannot find any aspects which predict the price, we simply
set the estimator for that day and company to 0.

Fig. 2a shows an example of the price, ESG-sentiment
and regime for the automotive company Daimler (also called
Mercedes-Benz Group). Here, the ESG-sentiment graph is a
composed graph containing the sentiment data of the deter-
mined aspect regime at any point. The aspect regime marked
in green is shown in more detail in Fig. 2b along with the
warping paths in yellow. Note that while the green part in
this plot corresponds to the same identified aspect regime, the
entirety of the displayed data from ¢ = 0 to ¢ = 70 (days) is
used to apply DTW and identify this regime starting at t = 71.

D. Simulation Setup

We create a portfolio with all companies we have senti-
ments for and aim to optimize the estimators identified in
Subsection IV-C on each day. For this, we use a convex
optimization approach via the python library cvxpy [35], [36].
In this library, it is possible to define an objective function
which will be maximized while taking a set of constraints
into account. Our approach is similar to [24] and we use a
variation of the objective function used there which maximizes
the overall sentiment S at time ¢:

St =" "wish - olw ™t —wll, 2)
i

where w! represents the weight of stock i and § is a penalty
factor which reflects the transaction costs necessary to adjust
the weight of the stock. Since we aim to optimize sentiments,
6 should be a value on a similar scale. We choose to set
6 = 1, which corresponds to a step of one polarity of the
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Fig. 3: Optimization of the parameters Data Window (x-axis)
and DTW Window (y-axis) between January 2023 and the end
of February 2024. Darker colors indicate a higher performance
in this time-range.

sentiment. Finally, ¢

; is the ESG-sentiment of the aspect
with the smallest DTW distance and positive lag as discussed
in Subsection IV-B. At the same time, we necessitate some
constraints to make the simulation more realistic: every stock
has an upper bound of 10%. In addition, we decided to focus
on an approach without cash for now, so we require the sum
of all weights to add up to 1. If the weights of a stock have
to be changed, the change has to be bigger than 0.5%. Lastly,
we also apply a transaction cost of 0.05% to every change of

weights.

E. Hyperparameter Optimization

The two main hyperparameters (HP) which can influence
the simulations are the dtw_window, which determines how
far apart two points from two time series can be and still be
matched, and the data_window we use to select how much
of each time series we want to apply DTW to at each step. In
order to find stable values for these two parameters, we first
do a grid search for one part of the data, where we simulate
for each combination of parameters and then look for clusters
where the performance of the simulation stays relatively stable
when the hyperparameters vary. Since the amount of available
sentiment information we have is constrained to a relatively
small time-range, we have to be careful with the selection
of the data used for HP-optimization. In our experiments we
found that using too little data to validate leads to instable
hyperparameters. In the end, we decided to use roughly two
thirds of the data, or from January 2023 until the end of
February 2024 to optimize our hyperparameters.

The results for this are displayed in Fig. 3. We can identify
two maxima in performance - one at (x=40, y=4) and one at
(x=70, y=5). In order to determine which maximum shows

TABLE I: Final Performance and Sharpe Ratio of our Simu-
lation and Baselines.

DAX-40
0.269
105.6

ESG-Sentiments
0.032
103.6

Aspect Regimes
0.902
113.7

Sharpe Ratio
Performance

more stability, we look at the mean performance and Sharpe
ratios of the (5x5) square surrounding it. We find that the
HPs around the (70, 5) maximum have a higher average
Sharpe ratio and a higher average performance, both with
lower standard deviations. As a result, we select the parameters
dtw_window = 5 and data_window = 70 as the optimal
hyperparameters.

F. Baselines

We compare our simulation to two different baselines in
order to judge how effective our approach is. The first baseline
is the german stock index DAX-40, which consists of mostly
the same company included in the Nano-ESG dataset. Two
companies are missing: Merck as well as Porsche Automobil
Holding, while the dataset includes the recently departed
companies Delivery Hero, Hellofresh, Puma and Fresenius
Medical Care. The weight of the missing companies in the
DAX-40 is lower than 3%, so the DAX should still be a
reasonable comparison to our approach. The second baseline
is created by simply using all available sentiments from the
Nano-ESG dataset without applying DTW and identifying
relevant aspects.

V. RESULTS

We present our simulation for the validation-time-range in
2024 in graph Fig. 4, along with the three baselines described
above. We can see that over the depicted time-range, the
approach investing via aspect regimes achieves the highest
performance. At the same time, using only the ESG-sentiments
without processing them using DTW performs the worst. The
DAX shows a slightly higher performance than this baseline
but is also outperformed by our presented approach.

In Table I we list the final performances and the Sharpe
ratios of the simulation and different baselines. We used a
risk-free rate of 3.7%, which is the average of the euribor-
Im? in the relevant time range. Although the Sharpe Ratio
of the aspect regimes approach is slightly below one, it is
still significantly higher than the values we measure for the
other two baselines. In order to confirm the stability of the
hyperparameters, we assess the performance and Sharpe-ratios
near our selected HPs as above. We find an average Sharpe
ratio of 0.6577 4 0.2737 and an average final performance of
110.49 £ 3.16, significantly higher than both of the baselines
we compare our approach to.

Finally, we analyze the aspect regimes we detect using the
presented approach more in detail. In Table II we compare
statistics of all detected aspect regimes with various subsets of
companies which represent different industries. The top row

3https://www.euribor-rates.eu/en/
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Fig. 4: Performance of our strategy using DTW to identify aspect-regimes (blue), in comparison to simply using all ESG-
sentiments (red), using all ESG-sentiments but filtering by lag (green) and the DAX-40 (purple).

shows the percentage of regimes we found for each aspect-
combination. Below that, we display how much higher or
lower this percentage is for different company groups. The au-
tomobile industry (BMW, VW, Daimler, Porsche) interestingly
exhibits less regimes for environmentally-adjacent aspects in
favor of more social regimes. Important social topics for car
manufacturers are for example human rights in the supply
chain and suspected forced-labor plants in other countries.
Electronic vehicles are also an important topic but don’t seem
to correlate with the price as much - maybe because these
companies are lagging behind expectations.

Looking at financial companies (Deutsche Bank, Com-
merzbank and Deutsche Borse) we can see the opposite
picture: environmental issues seem to be more important here.
Major topics here are carbon-neutral portfolios and monetary
support for sustainable projects. We also investigated the
chemical sector (BASF, Bayer, Covestro, Brenntag) but found
no significant diversion from the amount of typically detected
regimes.

VI. CONCLUSION AND FUTURE WORK

In this study, we presented a novel approach to identify
live ESG-aspect regimes using dynamic time warping and
showed that using aspect-specific ESG-sentiments achieves
an outperformance in portfolio simulations compared to an
aspect-blind baseline. Although the resulting simulation only
covers a fairly short amount of time, we attempted to increase

TABLE II: Ratios of detected Regimes for different aspects
for all companies (top), and diversion from these values for
company-subsets of different industries (below).

All in (%) E E-S S S-G G G-E
Overall 12.8 11.2 20.0 18.8 21.9 15.3
Automobile -7.8 -4.9 +15.7 +74 -0.6 -9,8
Finance +11.8 -85 -0.1 -4.8 -14.4 +8.4
Chemicals +2.3 -1.6 -1.1 -0.2 -2.6 +3.1

the confidence of our results by testing a wide area of
values around our determined hyperparameters, showing that
they exhibit similar results. However, once more ESG-data is
available, we aim to further test our presented approach.

In addition, we analyzed the regime-differences of various
industries and showed two cases which exhibit interesting
outliers with regards to aspects. Future works could investigate
this point in more detail, for example by examining the under-
lying news articles of different aspect regimes and identifying
which specific topics resulted in correlated price movements.

VII. LIMITATIONS

In addition to the previously discussed limitation related to
data volume, which led to a relatively short simulation time-
frame, there are a few other potential challenges to consider.
Firstly, some companies within the Nano-ESG dataset have
limited underlying ESG-sentiment data. While in those cases
not a lot of aspect regimes will be detected in the first place,
the regimes that are identified for such companies may be
less reliable compared to those with more comprehensive data
coverage. Secondly, the source dataset only includes one type
of media - news articles. This presents another consideration.
If an ESG-related event is disseminated through channels
not covered by the dataset (e.g., social media) and impacts
stock prices before being reported in news articles, it may go
undetected by the approach used in this study.
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CONCLUSION

In this thesis, we presented our contributions to the research field of financial infor-
mation extraction, both in general and for the case of financial sustainability. In the
following, we will summarize our findings, put them into context and outline further
research directions.

7.1 Summary

In this thesis, we investigated several different approaches of extracting financial infor-
mation from textual data, with a heavy focus on news articles specifically.

In chapter 2, we introduce several foundational topics that underpin the work pre-
sented in this thesis. We begin by summarizing the key model paradigms that have
transformed the field of natural language processing (NLP) over the four years during
which this thesis was developed. In particular, we discuss the strengths and limita-
tions of encoder-based representational models and decoder-based generative models.
We then delve into modular variants of transformer-based architectures, with a focus
on bottleneck adapters, which are employed in several of the subsequent chapters. Fi-
nally, we turn to the field of financial NLP, first reviewing prominent work in financial
sentiment analysis, and then examining how sentiment signals can inform financial
decision-making.

One of the realizations of this last section in particular was that financial datasets
are still quite sparse, as most models rely on just a few popular datasets. To work on
improving this, we introduced a novel library for financial data acquisition in chapter 3
called edgar-crawler, which is able to download and parse important financial reports
from the SEC’s EDGAR database |7].

In chapter 4 we explored the representational model approach and applied the mod-
ular bottleneck adapter architecture introduced in section 2.2 to train several adapters
which can extract different kinds of financial information from news articles 3, 4, 2|.
Using Adapter Fusion [112|, we showed that we can efficiently compose the adapter-
specific knowledge for better predictions.
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We continued by exploring the second model paradigm we discussed in chapter 5
using generative Large Language Models (LLMs) to extract sustainability related fi-
nancial data from news articles. We create a complex dataset called Nano-ESG with
more than 50.000 data points containing time-dependent ESG-information for more
than 40 German companies [6].

In the last chapter, we leveraged the learnings of the previous sections and used
the extracted sentiment information for concrete investment decisions. First, we inves-
tigated creating a sentiment-pendant to the market-capitalization weighted DAX-40
using general sentiments mined from news article headlines [1]. Afterwards, we built
upon the Nano-ESG dataset introduced in section 5 and created a portfolio approach
which detects ESG-aspect-regimes in order to optimize the stock allocation [5].

The works presented in this thesis contribute to various areas within the field of
financial NLP. Reflecting the broader evolution of NLP paradigms - from representa-
tional to generative models - we systematically explored and evaluated these approaches
for financial information extraction. Finally, we bridge the gap between academic re-
search and real-world application by building financial instruments that leverage the
results of our work.

7.2 Applicability Beyond the Financial Domain

Although the presented works focus entirely on finance-related textual data, as we have
touched upon in section 7.2, the different techniques we utilized can be transferred to
other domains.

Pre-trained Representational Models In section 2.3, we introduced two models
pre-trained on the financial domain, both called FinBERT. Researchers have simi-
larly pre-trained representational models in order to adapt them to specific domains.
Chalkidis et al. [20] for example conduct a thorough study of how to adapt BERT to
the legal domain and releases several adapted models. In the Biomedical domain, Lee
et al. [76] train BioBERT, which is based on BERT but further pre-trained on biomed-
ical corpora. Similarly to models used in the financial domain, these domain-specific
models can be fine-tuned for specific downstream tasks.

Adapters in different Domains We presented different approaches to employing
specifically bottleneck adapters on problems in the financial domain. However, adapters
themselves are domain-agnostic. Several works have successfully used them in other
domains. Xie et al. [165] for example successfully infuse knowledge represented in the
PICO (Population, Intervention, Comparison and Outcome) framework into knowledge
adapters and then apply Adapter Fusion to improve results on extractive summariza-
tion. They find that this approach generally outperforms simply finetuning the base
model. Lai et al. [75] more generally train different adapters in the biomedical domain
and combine them through Adapter Fusion, showing that this improves the overall
performance. Chalkidis et al. [19] create a multilingual dataset in the legal domain
and test it on different fine-tuning strategies. Similar to our findings in chapter 4, they
find that adapters provide superior results when transferring knowledge to different
languages, and also perform best when trained on all available languages at once. Fi-
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nally, adapters and Adapter Fusion have been applied in different works, for example
reducing bias [63, 73| and improving fact-checking [155].

Generative Models in Zero-Shot Scenarios In chapter 5, we used generative
Language Models in order extract information from text in a zero-shot manner. Re-
cently, LLMs have increasingly been used as annotators, and their annotation capabil-
ities have been evaluated in different domains, as we did for the subject of corporate
sustainability. Previous works found that such models can already outperform human
crowd workers in many scenarios [153, 79, 50|. In the financial domain in general, Li et
al. [79] study different tasks and finds that zero-shot GPT-4 exceeds fine-tuned models
in several of them.

In other domains the results are not as convincing: Savelka et al. [130] investigate
the zero-shot performance of GPT-based models on different tasks in the legal domain
and finds that GPT-4 especially shows promising results, although it still lags behind
fine-tuned models in some of the cases. At the same time, in the biomedical domain,
Chen et al. [24] find that LLMs like GPT-4 are still outperformed by fine-tuned BERT-
based models in most tasks. However, both of these studies were conducted in 2023
and thus only include results from somewhat outdated models. More recently, Brodeur
et al. [15] found that for medical tasks, both GPT-40 as well as the more recent ol
reasoning model® outperform humans. Yu et al. [173] similarly observe improved per-
formance of reasoning models on legal tasks, although they still struggle on several
tasks. In the chemical domain, Sharlin et al. [132] find that while GPT-4o0 struggles
on Nuclear Magnetic Resonance (NMR) structure determination tasks, reasoning mod-
els (and specifically ol) outperform top-performing undergraduate organic chemistry
students.

7.3 Future Work

With the general advancement of the field of NLP, new possibilities for the different
areas of financial NLP specifically emerge continuously.

In chapter 3, we introduced edgar-crawler, which enables users to download and
preprocess financial reports from the EDGAR database. A logical next step would be
to advance the tool and include a way to automatically answer questions users have
for a given report. As LLMs still struggle with processing long documents, this poses
a substantial challenge. Specifically, for the SEC reports we work with here, Reddy
et al. [124] find that financial QA over the typically long 10-K reports is difficult for
LLMs even when first retrieving the portions of the report important for the question.
Investigating effective ways to improve financial QA would thus be a first necessary
step for the proposed application.

At the time of writing the works in chapter 4, most representational models were
still based on BERT [31] or RoBERTa [83]. However, as we discussed in subsec-
tion 2.1.1, newer models such as ModernBERT [161] were published recently, with
general improvements compared to the older base models. As the popular Adapters
library [113, 116] now also supports ModernBERT (as of May 2025), it might be possi-
ble to improve upon our reported performances by implementing the more novel base
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model.

In addition, while the older models were limited to 512 tokens, models such as
ModernBERT can handle up to 8192 tokens. At the time, the sentiment-based index
we constructed in section 6.1 did not include the complete content of the news articles
and solely relied on the headlines because of this limitation. After we created the
Nano-ESG dataset, we counted how often a company is mentioned in the headline in
all articles deemed relevant for it. Surprisingly, in merely 20% of the articles, this was
the case. While Nano-ESG concerns only sustainability-related topics where the main
information might not be mentioned in the headline directly, it is safe to assume that
our work in [1] can be improved if more relevant articles are considered by also scanning
the article content for sentiment information. Here, another possibility would be to use
a similar approach as we did in chapter 5 and use generative models to extract general
sentiment information of companies.

Other research directions could investigate how different GLMs perform when ex-
tracting general, or sustainability-specific information from news articles - in [6], we
only investigated models in the GPT-family. With more powerful models published
after we conducted our work, it might be interesting to study the variance in sentiment-
determination between them.

More specifically, we were interested by the Relevance-Score extracted by GPT-4o.
In the paper we note that for articles with a lower score, the evaluators thought they
were irrelevant more frequently than for articles with a higher score. What we did not
include in our paper because of the limitations of space, is that GPT-40-mini assigned
scores in a much more narrow segment compared to the more powerful GPT-40. The
smaller model only determined scores between 6 and 9, while the bigger model’s scores
were more diverse. At the same time, the oldest model we used - GPT-3.5-turbo -
only assigned scores of 7 or 8, continuing the trend. Besides experimenting with more
different models, in future approaches, it might be interesting to study how GLMs
determine these more subjective properties in other domains.

We mentioned one of the major motivations for creating the Nano-ESG dataset in
subsection 2.3.3 - determining ESG-impact from news articles is much more transpar-
ent than traditional ESG-scores. In order to provide the general public with continued,
transparent ESG-data, a web-service which displays up-to-date information would be
an interesting application to build in the future. It would even be possible to include
the topic-detection approach we showcase in Billert et al. [6] so that the most relevant
topics are accessible at a glance.

In conclusion, the possibilities for future research are very open. One of the biggest
advantages of the modern world of Artificial Intelligence is that it is easier than ever be-
fore to explore creative ideas, experiment with novel approaches, and develop impactful
solutions.
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