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Abstract: The sustainable development goals (SDGs) have been widely embraced by organizations
as a sign of their commitment to sustainability. In this study, we develop a novel SDG-related
bidirectional encoder representations from transformers (BERT) model, using the neural network
methodology, to determine the thematic evolution of European banks’ sustainability reports. We train
this model on the OSDG-CD corpus, which we extend by labeling approximately 10,000 sentences
based on SDGs content. The classification capabilities of this model appear to be very effective.
Analysts who use our methodology can make faster decisions about the sustainability claims of
financial institutions. Our methodology can be extended to non-financial entities. By analyzing the
sustainability reports of 98 listed banks covering the accounting periods ranging from 2010 to 2022,
we can identify the temporal emphasis of the SDGs. By 2022, climate action had emerged as the most
important focus theme. We further validate our classification methodology by establishing a strong
correlation between the evolution of SDG prevalence and relevant macroeconomic indicators. We
also reveal a difference in focus between various European regions. Finally, we use word counts
and k-means cluster analysis to document changes in the objectives of banks by investigating their
discussion content.

Keywords: sustainability reporting; SDGs; textual analysis; natural language processing; BERT

JEL Classification: C61; G21

1. Introduction

This study aims to provide a tool to analyze how European banks’ sustainability
reports disclose their commitment to addressing the Sustainable Development Goals (SDGs)
established by the United Nations (UN) in 2015 [1]. For the reader’s convenience, Table A1
provides in its first two columns the objective of each SDG and its number. Sustainability
per se is a broadly defined term (see [2]), and focusing on the SDGs provides guidelines on
how to structure our research. In this research, we focus on a panel of European banks for
various reasons. It is well known that European banks play a different role in economic
growth than American banks since European non-financial companies rely mostly on banks
for financing. In the U.S., in contrast, firms tend to rely on competitive stock markets
for financing [3]. Since banks can orient non-financial firms’ projects, they can also play
a directing role in guiding firms toward adopting sustainability-enhancing projects in
addition to what the regulatory framework may impose. They can also direct households in
their investment decisions and help authorities develop new projects. Since banks play such
an important role, understanding their stance on SDGs is therefore a systemically relevant
question. By focusing on a subset of possible countries, we also generate homogeneity in
the reports. As shown in [4], the countries’ legal origin strongly affects the firms’ interest in
CSR and, by extension, in the sustainable development goals.

Analysts who seek to rapidly compare reports from different companies are confronted
with a large volume of information, which slows their decision-making. Our research,
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which is methodological in nature, aims to develop a solution for analysts and researchers
in general to automate this task. Our methodology also applies to firms at large.

We contribute not only to the field at the methodological level but also to the field at
the economic level. A survey paper [5] on banking reporting on sustainability asked how
the introduction of Directive 2022/2464 in Europe, which requires mandatory sustainability
disclosure, could affect the disclosure of banks. In 2022, the United Kingdom enacted two
mandatory climate-related financial disclosure laws. Interestingly, in our research, we cover
the period from 2010 to 2022, which saw the enactment of Directive 2014/95/EU in 2017 to
introduce mandatory non-financial disclosure. Therefore, with our methodology, we can
begin to grasp the possible consequences of the introduction of new regulations. Our
findings suggest that more banks will produce specific sustainability reports. Those banks
that already have nonmandatory financial disclosure on sustainability will report more. We
do not anticipate, however, a change in terms of what will be disclosed. Understanding the
urgency of climate-related action may, however, change the emphasis of the discussions and
the policies of banks. We will not only be able to classify the various sentences according to
their SDG-related content but also analyze the texts in depth to gain a better understanding
of what is said.

The most closely related research to ours is [6]. These authors gathered various finan-
cial statements, such as management reports from annual reports, standalone documents,
integrated reports, and other reports, for the 2017 accounting period from BankFocus. They
obtained textual content for 262 banks that they analyzed manually, i.e., without the help of
content analysis software. In a painstaking effort, they gathered information on the SDGs
discussed and other bank-specific variables. The authors justified the necessity of manual
classification by arguing that statements can be introduced by one of the 17 SDG icons
rather than text. As a consequence, they claimed that their document represents the only
methodological reference for combining sustainability disclosure with the SDGs. We seek
to improve upon this claim by introducing a state-of-the-art text-analysis system that over-
comes the challenge of automatically classifying sentences according to their SDG-related
wording. This new methodology, its validation, and its first application are summarized in
the next sections. By applying our methodology to sustainability reports, we can discuss
additional dimensions such as changes over time regarding the emphasis of certain SDGs.
To demonstrate that our methodology confirms and simplifies their approach, it should
be mentioned that, by comparing the rankings of SDG popularity for our reports and for
the accounting period 2017 with theirs, we obtained a highly significant correlation of
0.55. The correlation with findings from the consultancy industry is somewhat different
regarding issues such as workplace, gender, and responsible consumption [7,8]. We explain
this difference by the fact that the consultancy industry considers all industrial sectors and
not specifically the banking sector, as we do here.

Furthermore, our ranking is in line with SDG ratings of firms in general and with
ratings of banks [9]. Note that, in this latter paper, sustainability-related text is also
classified manually.

In this contribution, we introduce an advanced text analysis method that is also used
by Internet search engines. Before discussing its function, it is useful to briefly retrace the
history of text analysis. This is not a new method; however, it has experienced explosive
development in recent years due to the availability of digitized text, faster computers,
and theoretical development on how to estimate neural networks (NNs), which currently
provide the most powerful approach. The textbook by [10] provides a good idea of how
text analysis has evolved over the years. In the early days, sentences were decomposed
into their words, and those words were then counted, leading to summary statistics. In
addition, thematic dictionaries with predefined wordings capturing certain themes were
developed (initially, mostly in sociology). Many of the earlier applications focused on the
question of whether a sentence or a text were expressed in a positive or negative tone. It
became possible to construct scores to measure the relevance of certain themes. Methods for
querying texts to find themes in the text were also developed. The term frequency-inverse
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document frequency (tf-idf) approach introduced by [11] allowed us to down-weigh overall
frequent words but over-weigh words that appear in a given text. For a modern discussion,
see [12,13]. Such weighted wordings are found to provide simple ways to query a text.
These early approaches, also called bag-of-words methods, have several limitations. The
understanding of text is very limited because the order in which words are treated is as
if they were thrown in a bag unrelated to their position in a sentence. Additionally, they
cannot capture groups of words such as New York. Furthermore, they cannot understand
more general concepts since the order of the words does not play a role.

Modern natural language processing (NLP) techniques, notably the bidirectional
encoder representations from transformers (BERT) model [14], eventually emerged. After
training a model on a specific dataset, such techniques allow for the classification of
sentences with great precision according to their content. The idea of those methods is
to expose NNs to sentences where words are missing and to train the NN to learn the
probability of missing words. In this paper, we train an existing BERT-type NN on a dataset
filled with classified SDG-related topics. These training sentences are either open-source or
hand-classified by us. This approach results in a cutting-edge classifier based on BERT to
enhance the semantic mapping of wording within the SDG context. Our novel BERT model
proves to be a valuable tool for classifying SDG-related texts in the banking sector, with
an overall F1 score of 0.93. Once we have obtained a satisfactory classifier, we apply the
methodology to bank sustainability reports covering the period from 2010 to 2022. This
allows us to make statements about the prominence of certain SDG topics over time and
over geographic regions. By investigating the content of the sentences according to the SDG
classification, we can glean some understanding of how banks approach the various SDGs.

The structure of this paper is as follows. In the following section, we discuss both the
relevant literature on sustainability research and the related state-of-the-art text analysis.
In Section 3, we discuss the data that we use to train BERT and the data that we use to
analyze our classifications. In Section 4, we discuss how we train the neural network. In
Section 5, we demonstrate that our network is well trained. We then discuss which SDGs
banks emphasize over time across countries, and we demonstrate that the topics discussed
are related to macroeconomic variables. In Section 6, we investigate the themes that are
actually discussed in the various SDGs. This further validates our methodology. Finally,
we conclude in Section 7. A technical appendix contains tables of descriptive statistics. The
Supplementary Materials contains detailed figures with more details related to the main
tables of this paper.

2. Related Literature

This paper connects sustainability with state-of-the-art text analysis. In this section,
we discuss the relevant literature. We first discuss SDG reporting and then our text
classification methodology.

2.1. Sustainable Development Goal Reporting and Relevant Research

“Transforming our world: the 2030 Agenda for Sustainable Development” is a United
Nations policy adopted in 2015 that aimed to tackle social, economic, and environmen-
tal challenges globally by 2030 [1]. The resulting 17 SDGs, accompanied by 169 targets,
emphasize areas such as poverty, well-being, climate change, and equality, among others.
The SDGs present a noticeable departure from previous leading paradigms of sustainable
development, such as the Millennium Development Goals (MDGs) and the “Washington
Consensus” [15]. The United Nations member states are expected to adopt the SDG frame-
work into their strategic blueprints and to keep track of their progress toward achieving
their goals during the designated time span of 15 years [16].

Sustainability reports and integrated reports are the primary sources that companies
may use to highlight alignment with Agenda 2030 by reporting on the SDGs. The United
Nations Global Compact (UNGC) and Global Reporting Initiative (GRI) have jointly estab-
lished a platform named “Business Reporting on the SDGs” to empower organizations to
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integrate SDG reporting and their business processes [17,18]. Additionally, innovations in
accounting practices and technologies have been suggested for the successful implemen-
tation of the SDGs [19]. However, [20] suggests that a mere 30–35% of companies have
referenced SDGs in public disclosures. Similarly, [21] finds that only 16% of companies
have incorporated SDGs into their reports, highlighting that firms are not keen on SDG
reporting. Similar figures are reported in studies from consultancy industries [7,8].

As [22] mention, ESG issues tend to be increasingly important, and even the high-
est levels of management now address them. Ref. [23] discusses different approaches
to addressing sustainability within the banking sector and why banks may engage in
SDG activities.

The phenomenon of SDG reporting has been extensively interpreted by institutional
theory, as firms need to conform to existing norms. Legitimacy theory is also favored since
organizations aim to cultivate a positive public perception [21]. These differences can be
attributed to the intrinsic characteristics of the banking industry, which focus on addressing
issues that have a direct impact on business risk [24].

The SDGs can also guide research related to sustainability accounting and reporting,
as they provide a widely accepted interpretation of sustainable development. Although the
relationship between nonfinancial reporting and financial performance remains indetermi-
nate, considering the prevalent practices of impression management and greenwashing
among firms, a higher degree of SDG reporting does not inherently equate to a greater align-
ment with sustainable development [25]. Moreover, [26] claim that financial performance
is negatively correlated with SDG adoption and reporting. Organizations with higher
profitability have more resources at their disposal, which may enable them to demonstrate
more commitment toward sustainability issues such as the SDGs.

Moreover, studies concerning SDG reporting have been undertaken within the banking
sector. Ref. [27] employ the well-established framework of the GRI performance indicators
for a comparative assessment of the non-financial performance disclosed in annual sus-
tainability reports and find an overall low contribution to SDGs. Ref. [28] find that certain
SDGs are more relevant to businesses than are others. Ref. [6] develop a compound index
to evaluate the contribution provided by European banks and find that SDG 8 and SDG
13 are high-impact goals for the banking sector. Furthermore, Ref. [29] provides insights
into the impact of sustainability on financial performance within the banking sector. The
first paper documents a non-linear relation between ESG expenditures and bank value for
banks in emerging countries. The channel for this appears to be a lower cost of equity.

Finally, it appears useful to mention the survey paper by [30]. The authors rank past
research activities related to the 17 SDGs. Our research is not focused on any particular
SDG; we ask more general questions: which SDGs are relevant for the banking industry,
and what are banks saying when they discuss themes related to certain SDGs?

2.2. Overview of Existing Methods for SDG Classification

With the advent of ESG reporting standards, an increasing number of companies are
starting to release sustainability reports. For the analysis of those reports, it is therefore
essential to develop a method to accurately and reliably assign text to individual SDGs.
This step is crucial, as it serves as a necessary precondition for carrying out any in-depth
analysis of actions undertaken toward commitment to the SDGs. Ref. [31] propose a
defined typology and characterization approach to understanding interactions between
the SDGs. Furthermore, AI technology could be utilized to upgrade the semantic analysis
of SDGs [32]. The initial state-of-the-art AI tool was developed by the Organization for
Economic Co-operation and Development (OECD), in which [33] implemented a tree-based
decision algorithm to link project-based flows to the SDGs. Moreover, [34] introduce the
Open Source SDG (OSDG) project and tool, which was designed to effectively assign
various forms of text, such as scientific research, research projects, technology outputs,
or documents, to specific SDGs. Ref. [35] employed a gradient boosting decision tree to
binarily classify SDG-related tweets on Twitter into an information class or an action class.
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Ref. [36] proposed using a naive Bayes classifier to divide news articles into related SDGs,
and [37] used the FastText algorithm to identify whether and how firms communicate
about the SDGs on social media to investigate whether they are trying to increase their
legitimacy or they are linked to the firm’s core business. However, research is ongoing with
the emergence of new language processing models, such as transformers and BERT [14].
Ref. [38] proposed a Japanese BERT model for semantic mapping of SDG-related practices
and issues, for visualizing SDG connections based on goal co-occurrence, and for matching
local challenges and potential solutions. Ref. [39] proposed a fine-tuned SDG-related BERT
model to quantify the degree of correspondence of a text to an SDG.

2.3. BERT

Transformer models can process all the input data in parallel and focus on the re-
lationships between all the elements in the sequence [40]. The architecture of BERT is a
multilayer bidirectional transformer encoder [14]. Each of these encoders is composed of
two sublayers: a multihead self-attention mechanism and a positionwise fully connected
feedforward network. Upon adding special tokens to mark the beginning ([CLS]) and
separation ([SEP]) of input sentences, the BERT model tokenizes input using WordPiece [41]
as its word embedding [42]. Embedding is a convenient lower-dimensional vector repre-
sentation of a word, among other words. BERT has two main tasks: the masked language
model (MLM) and next-sentence prediction (NSP). The MLM is a process in which 15% of
the words in each sentence are masked randomly, and the model is trained to predict these
masked words based on the context of unmasked words, enabling the model’s bidirectional
nature. NSP involves training the model to comprehend the relationship between sentences
by predicting whether the second sentence in a pair of sentences is likely to follow the first
sentence. Compared to the bag-of-word [13] and tf-idf [12] methods, BERT outperforms
traditional NLP approaches [43]. Moreover, the performance of BERT on various standard
datasets has demonstrated its superiority over that of previously published models. On the
GLUE dataset (General Understanding Evaluation), BERT achieved average improvements
of 4.5% and 7% for standard and large neural networks, respectively. On the SQuAD dataset
(Stanford Question Answering Dataset), BERT achieved an F1 score of 83.1 compared to
the previous best of 78.0, approaching human-level performance at 89.5. Additionally, in
the SWAG test (The Situations With Adversarial Generations), BERT’s accuracy reached
86.3, outperforming human expert performance at 85.0 [14].

BERT epitomizes the application of transfer learning [44] in enhancing task-specific
performance in NLP. This process involves leveraging the model pretrained on a large-
scale corpus from the English Wikipedia and the Toronto BookCorpus and introducing an
additional output layer designed for specific NLP tasks, which is fine-tuned with a smaller,
task-specific dataset. BERT processes input sentences and produces token representations,
which are subsequently directed to the additional output layers for various tasks, such
as sequence tagging, question answering, and classification. Remarkably, the fine-tuning
process of BERT is efficient, requiring only approximately one hour on a Cloud TPU or
a few hours on a GPU [14]. An extension of BERT is the RoBERTa model [45]. The main
difference between the two models is that BERT was trained on 16 GB of the Wikipedia
corpus, whereas RoBERTa was trained on a more diverse corpus consisting of 160 GB of
uncompressed text. This 10-fold increase explains why RoBERTa understands sentences
even better than BERT does. A technical issue is that RoBERTa adopts a batch size of
8000 instead of 256, contributing to an enhancement of learning efficiency. Ref. [46] trained
BERT on finance corpora and fine-tuned it for sentiment classification, which showed
improvements compared to the original BERT. The authors in Ref. [47] trained BERT
on biomedical corpora and found that BioBERT largely outperformed BERT on various
biomedical text-mining tasks. The authors in Ref. [48] further trained the BERT model with
ESG domain corpora, which can be further fine-tuned for downstream tasks. Fine-tuning
BERT models on in-domain data can improve their effectiveness on downstream tasks.
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3. Data
3.1. Sustainability Reports of European Banks

The sustainability reports for all European banks under investigation were collected
from their official websites. The sample comprises 98 listed banks (which are presumably
the most influential ones), with 816 reports covering the period from 2010 to 2022. In our
analysis, we focus purely on banks and not on financial intermediaries in general. This, and
our choice of studying listed banks, could explain why the sample of banks is smaller than
in [6] who analyze 262 European banks. Table 1 provides descriptive statistics of all the
reports utilized in this study. Notably, as the top panel shows, the volume of reports released
by banks significantly increased from 60 to more than 80 in 2017, which can be explained by
the fact that non-financial reporting by firms in general and for banks specifically became
mandatory in 2017 following Directive 2014/95/EU. Possible encouragement of the Task
Force on Climate-related Financial Disclosures (TCFD) may also have contributed to this
increase in reporting. In the lower panel, we categorize banks into four geographical
groups: Central and Eastern Europe, Western Europe, Northern Europe, and Southern
Europe, which allows for further nuanced geographical analyses. This regional grouping
adheres to the classification system employed by the Publications Office of the European
Union. We note that, despite the lower number of banks present in Northern Europe
than in Central and Eastern Europe, the volume of sustainability reports originating from
Northern European banks exceeds that from Central and Eastern European banks over
the span of 13 years. This discrepancy could indicate a more advanced integration of
sustainability principles within the Northern European banking sector, thereby leading
to more extensive disclosure of corporate transparency in this region. All the reports are
provided in the Portable Document Format (PDF) and are converted to text files using
the “pdftotext” package in Python 3.11. Each text file was encoded in UTF-8 format and
meticulously verified to verify successful conversion.

Table 1. Descriptive Statistics of European Banks’ Sustainability Reports. In total, there are 816 reports
for 98 banks between 2010 and 2022. Those reports ventilate across years as in Panel a and across
geographic regions as in Panel b. #banks is the number of banks in each country. Cent. and East. EU
means Central and Eastern Europe.

(a) Number of Sustainability Reports per Year

EU Region 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Western EU 13 13 16 17 17 19 25 35 37 38 37 36 34
Southern EU 11 11 10 12 12 13 14 19 20 20 21 21 19
Northern EU 3 5 5 8 10 11 13 14 16 16 17 17 16

Central and Eastern EU 4 4 7 6 6 8 8 14 13 16 15 13 10

Total 31 33 38 43 45 51 60 82 86 90 90 87 79

(b) Distribution of Banks across EU Regions

Western EU #banks Southern EU #banks Northern EU #banks Cent. and East. EU #banks

Austria 3 Cyprus 3 Denmark 8 Czech Republic 2
Belgium 1 Greece 4 Finland 3 Estonia 1
France 5 Italy 9 Norway 3 Hungary 2

Germany 11 Spain 6 Sweden 3 Poland 3
Ireland 2 Russia 2

Netherlands 3 Slovenia 2
Switzerland 9 Turkey 6

United Kingdom 6 Romania 1

Total 40 Total 22 Total 17 Total 19
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3.2. Input Dataset for the Fine-Tuned BERT Model

To fine-tune the RoBERTa model to enhance comprehension of SDG-related word-
ing in the banking sector, we use labeled data from both UN-related sources and banks’
sustainability reports. The UN-related dataset, comprising both the OSDG Community
Dataset (OSDG-CD) and manually annotated texts from UN reports, is utilized to train
our novel BERT model with the specific linguistic patterns associated with the SDGs. We
also include texts from banks’ sustainability reports, which allows the model to capture the
linguistic nuances within the banking sector when addressing SDGs, thereby improving
its performance in banking-specific contexts. Table A1 in the Appendix A shows a sample
of labeled sentences classified into 17 SDG categories and an unrelated category with the
number 0. This last category includes sentences that are unrelated to any of the other
SDGs. The inclusion of this category is necessary to allow the neural network to detect
non-SDG sentences.

The OSDG-CD database contains labels for determining the quality of the classifica-
tion and information on the number of reviewers. We filter this dataset by requiring a
consistency rate of 100%, and we take only those sentences that have been reviewed by
at least five OSDG volunteers. This choice should guarantee that the data are as reliable
as possible. Additionally, we manually labeled 9736 sentences from banks’ sustainability
reports. This effort required more than 240 h of work. At this stage, we randomly selected
7576 sentences from the 9736 sentences that we combined with the UN-related dataset. In
total, 19,617 sentences are used as inputs for fine-tuning the pretrained RoBERTa model to
learn how to determine the probability that a given input sentence refers to a certain SDG
topic. If a sentence refers to more than one SDG, we retain the one to which the RoBERTa
model associates the highest probability.

We split these aggregated data into training and validation sets with a splitting ratio
of 80:20. The remaining 2160 sentences of Bank reports are set aside as unseen data to
test the performance of our novel RoBERTa model. We test our RoBERTa model on actual
bank reports rather than on some of the OSDG-CD sentences since this is the focus of
our research.

Table 2 presents the statistics of the input dataset used for model fine-tuning. We
obtain a correlation between the OSDG-CD sentences and our classified sentences of
0.44, which indicates that banks’ reports are similar to the OSDG-CD dataset but not
identical. We believe that this complementarity is useful for training the RoBERTa model.
As this table shows, SDGs 16 (governance), 5 (gender equality), and 4 (education) are
particularly prominent among the OSDG-CD dataset, and SDGs 4 (education), 3 (health),
and 12 (responsible consumption) are particularly prominent in our sentences.

Since the training dataset is imbalanced, this could skew the performance of our model.
We address this imbalance by recalculating the class weight, emphasizing classes with
fewer labeled texts. Further details regarding this procedure can be found in Section 4.1.1.

Table 2. Descriptive statistics of input dataset for model fine-tuning. In this table, we present for each
SDG the number of sentences used as inputs from our two data sources. UN-related refers to the
OSDG-CD dataset and Banks’ Reports are our hand-classified sustainability reports, as discussed in
Table 1.

SDG 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 Total

UN-related 1315 490 315 802 1158 1183 376 920 388 562 436 438 282 495 412 535 1641 293 12,041
Banks’ Reports 619 339 327 866 885 557 390 638 614 584 257 568 679 627 312 574 546 354 9736

Total 1934 829 642 1668 2043 1740 766 1558 1002 1146 693 1006 961 1122 724 1109 2187 647 21,777

3.3. Government, Macroeconomic, Healthcare, and Climate-Related Factors

To validate our classification method, we decided to correlate the prevalence of the
various SDGs with macroeconomic indicators via regression analysis. For this purpose,
Table A2 enumerates each factor’s name and corresponding sources. The chosen factors
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include government expenditures, macroeconomic indicators, healthcare statistics, and
climate-related parameters. This dataset is specific to each European country and is annu-
alized. For the reader interested in the details of those variables, we aggregated the data
across the European regions. These metrics are collected from global institutions such as
the World Bank (WB), the International Monetary Fund (IMF), and the United Nations
Economic Commission for Europe (UNECE).

4. Methodology
4.1. Novel BERT Model

Our goal is to match sentences to the 17 SDGs or to indicate that there is no match.
For this purpose, we obtained the BERT and RoBERTa frameworks, which we trained on
several question-and-answer datasets. This allowed us to confirm that RoBERTa indeed
does a better job of classifying sentences. For this reason, we retained the RoBERTa
model. At this stage, we trained our RoBERTa model on a labeled dataset from the
OSDG-CD and performed further training on manually annotated texts derived from the
bank’s sustainability reports. This approach is inspired by [49], who propose conducting
supplementary fine-tuning on a larger, intermediate dataset (OSDG-CD) before fine-tuning
on a few-sample dataset (here, the manually annotated dataset). Their study showed
that transferring models that were fine-tuned on Multi-Genre Natural Language Inference
(MNLI) [50] can lead to significant improvement in downstream tasks.

4.1.1. Data Preprocessing

We begin by transforming our raw input dataset into a format processable by the
RoBERTa model. The original tabular dataset is loaded into a pandas DataFrame. Subse-
quently, we employ the “batch_encode_plus()” function of “RobertaTokenizerFast” from
the Hugging Face transformers library to convert our textual data into a numerical form
that the RoBERTa model can process, called embedding. Each sentence is tokenized with
a maximum sequence length of 512 tokens. Next, we package the tokenized data with
corresponding labels into PyTorch tensors and pass them to “DataLoader” with a specific
“Sampler.” For the training data, we employ a “RandomSampler” to shuffle the data. For
the validation data, we employ a “SequentialSampler” to feed in the data in the original
order. Finally, to address the issue of the imbalanced training dataset, we use the “com-
pute_class_weight” function from the sklearn library to recalculate the class weights. By
setting the “class_weight” parameter to “balanced,” the function adjusts weights inversely
proportional to the class frequencies to assign higher importance to the minority classes
during the training. The adjusted class weights are then converted to a PyTorch tensor
and pushed to the graphics processing unit (GPU), ensuring that they are available in the
subsequent training. We use the Python language and associated packages.

4.1.2. Fine-Tuning RoBERTa

We utilize the benefits of pretrained weights of the RoBERTa model on a large English
language corpus. To help the pretrained RoBERTa model comprehend domain-specific
vocabulary, we fine-tune it on the SDG corpus to help the model study the nuance of
SDG-related content.

We start by loading the pretrained RoBERTa model, wherein we freeze the original
12 encoders to preserve its knowledge. Next, in transfer learning, we add a novel architec-
ture on top of the RoBERTa model, which is trained to adapt the model to the characteristics
of SDG-related content. This new architecture comprises a five-layer neural network, in-
cluding a fully connected layer increasing the dimension from 768 to 1024, a dropout layer
to prevent overfitting [51], a hyperbolic tangent (tanh) activation function, another fully
connected layer reducing the dimension to 18, and a LogSoftmax layer.

Upon defining the above architecture, we employ the AdamW optimizer and a learn-
ing rate scheduler from the transformer library. Weight decay is a common regularization
technique used in training machine learning models to prevent overfitting [52]. AdamW,
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an improved version of the popular Adam algorithm, was introduced by researchers at
OpenAI [53]. This is also the company behind ChatGPT. AdamW enhances the efficiency
of weight decay by applying it directly to the weights instead of through the optimization
step, making the effect of weight decay independent of the learning rate. Moreover, the
learning rate scheduler dynamically adjusts the learning rate through a warmup phase
throughout the training process. We use the “get_linear_schedule_with_warmup” function
from the transformer library, which is particularly effective when training a transformer
model such as BERT [40].

In the fine-tuning phase, we implement training and validation loops. The model
iterates over batches of data from the training data loader. Each batch is pushed to the
GPU and split into data (sentence ID and attention masks) and labels. We proceed by
performing a forward pass of the model to obtain the predictions. Next, we perform
backpropagation to compute the gradients of the model parameters and apply gradient
clipping to avoid exploding gradients. Afterward, we update the model parameters with
the optimizer’s step function. Upon completing each epoch, we compute the average
loss and concatenate the predictions from all batches. We incorporate the aforementioned
adjusted weights into the negative log-likelihood loss function (NLLLoss). This ensures a
balanced consideration of all classes, thereby leading to more robust and unbiased model
performance. In the validation phase, we track the model’s performance on unseen data
and record the validation loss. Additionally, we adjust the learning rate scheduler to ensure
that the learning rate evolves with the model’s training progress. Eventually, we retain the
best-generalized model that yields the highest validation accuracy, thereby allowing us to
ready reliable future predictions on unseen data.

4.2. Utilizing the Novel RoBERTa Model for Report Classification

We employ the retained RoBERTa model for classifying texts in banks’ reports into
SDG topics. The classification involves two main steps: encoding sentences and predicting
the topic.

After breaking down each report into sentences, the RoBERTa tokenizer encodes
the sentences to the sentence ID and attention masks, which are the inputs for the BERT
model. All the encoded sentences are matched in size with the model’s architecture through
padding or truncation to a maximum length of 512 tokens (that is, words such as “paper”
or groups of words with a specific meaning such as “New York”.) Subsequently, we feed
the encoded sentences into our novel RoBERTa model, which runs in the evaluation mode
to generate predicted labels without calculating gradients. The output from the model is a
set of logits that are subsequently passed to a softmax function to generate the probabilities
corresponding to the various SDGs. The SDG with the highest probability is identified
as the predicted SDG for the sentence. This process repeats for each report, resulting in a
collection of CSV files, each containing all the sentences in the report and their predicted
topic with the associated probability. At this stage, the collection of CSV files can be further
analyzed in terms of their economic content.

5. Results
5.1. Performance of Our Novel RoBERTa Model

The performance of the classification task on each SDG was evaluated using precision,
recall, and the F1 score. Precision measures the number of true positives relative to the total
number of predicted positives. Recall measures the number of true positives in the total
number of true positives. F1 is the harmonic mean between precision and recall scaled in
such a manner that this statistic ranges from 0 to 1. A higher score corresponds to a better
classification. Accuracy measures the number of correct predictions out of the total number
of predictions. The macroaverage is the average accuracy across all possible classes. As
shown in Table 3, the accuracy (accu.), and the macro average (m.avg.) all reached 0.93,
demonstrating that our model can differentiate texts across various SDGs effectively.
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Table 3. Result of model evaluation on test dataset.

SDG 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 accu. m.avg

precision 0.95 0.92 0.98 0.92 0.91 0.93 0.93 0.93 0.89 0.96 0.88 0.92 0.97 0.92 1.00 0.91 0.89 0.91 0.93
recall 0.98 0.97 0.93 0.97 0.96 0.94 0.99 0.95 0.97 0.95 0.75 0.93 0.91 1.00 0.87 0.95 0.93 0.73 0.93

F1-score 0.97 0.95 0.96 0.95 0.93 0.93 0.96 0.94 0.93 0.95 0.81 0.93 0.94 0.96 0.93 0.93 0.91 0.81 0.93 0.93

The best F1 score is obtained for SDGs 2, 6, and 13, followed by marginally lower
scores for SDGs 1, 3, and 9. Overall, the classification is very satisfactory for all SDGs. The
worst performer is SDG 10, with a score of 0.81, which is still respectable. We verified that
the quality of the prediction was unrelated to the training sample.

5.2. Evolution of SDG Prevalence over Time

To gain insights into the prevalence and evolution of each SDG, for each report, we
sum the total number of words for all sentences classified under a given SDG. This provides
a score of the degree to which each SDG is discussed. For a given report, all the SDGs are
then ranked according to this score. This ranking serves as an indicator of the incidence of
each SDG, with a ranking of 1 denoting the most prevalent topic.

The first exercise is to investigate how often a given SDG has been discussed over time.
To do so, we consider the matrix indicating for each report the ranks for all SDGs over time.
We then obtain the median of all the reports for a given year. We focus here on the median,
which is a robust measure. In the Supplementary Materials, we provide box plots for each
SDG and its temporal evolution. This allows for a more detailed analysis of the minimum,
maximum, and interquartile frequency of each SDG across reports.

Table 4 shows how the 17 SDGs evolved from 2010 to 2022. The most discussed
SDGs are displayed in red, and the least discussed ones are in green. There are several
striking features. We notice very homogenous patterns over time for a few of the SDGs and
structural changes around the fiscal years 2019 and 2020 for others. As mentioned in the
literature, for 2017, the hierarchy of relevance was significantly correlated with the results
found in the literature [6]. Here, we are able to extend those results to the entire time period
of 2010–2022.

If we focus first on 2010, the most frequently discussed SDGs are 8 (work), 12 (respon-
sible consumption), 17 (partnerships), 9 (industry), and 16 (peace, justice). However, by
2022, the most discussed SDGs were 13 (climate action), 12, 7 (clean energy), 17, and 16,
which reveals, as expected, the relevance of environmental issues. The consistently high
ranking of SDG 17 aligns with the insights provided by [23]. They suggest that shareholder
and lender engagement, which are often encapsulated within the framework of SDG 17,
play a crucial role in steering industries toward a more sustainable trajectory. The least
frequently mentioned SDGs in 2010 were 10 (inequalities), 14 (life below water), 1 (poverty),
6 (clean water), and 2 (hunger). Interestingly, in 2022, according to our methodology, those
SDGs remain the least mentioned ones.

We can now focus on possible structural changes over time. We notice that the ranking
(and therefore also the colors) changes very little for the fiscal year 2017 when the EU
Directive 2017/95 became mandatory. Since we are investigating the sustainability reports
of listed banks, we interpret those findings to mean that banks produced more reports from
that year on; see Table 2. The content reported, however, remained homogeneous. Banks
that started producing reports likely found inspiration in content from their peers. An
investigation of the shape of the entire distribution of ranks for a given SDG is provided in
Supplementary Materials, confirming our findings. In particular, the standard deviation
of ranks did not change over time, demonstrating that banks did not report in a more
homogenous manner.

Our prediction concerning the mandatory sustainability disclosure Directive 2022/2464 is
that banks will produce more reports, possibly longer ones, but that the content of the
discussion will not necessarily be affected.
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As shown in Table 4, between 2018 and 2019, there was a jump in the ranking of
SDG 13 related to climate change. Between 2019 and 2022, this topic became even more
discussed. This increase in discussion of SDG 13 coincides with the publication by the
EU of a supplement to the 2017 guidelines on nonfinancial reporting on climate-related
information. This applies to financial institutions with more than 500 employees, which is
the case for our listed banks.

We also note that, since 2019, with the unprecedented health crisis due to the COVID-19
pandemic, structural changes have occurred among several SDGs. As the rank of some
of the SDGs improved, in parallel, the rank of others decreased. The SDGs gaining in
popularity are 3 (health), 7 (energy), 13 (climate), and 15 (life on land), whereas SDGs
4 (education), 8 (work), 9 (industry), and 17 (partnership) dropped in ranking. These
findings show that not only the relevance of climate- and energy-related issues increased
but also health concerns as individuals shifted to working from home to adapting to
the new situation. These findings are consistent with the studies by [6,54]. They also
match [55–57], who suggest that the unprecedented health crisis due to the COVID-19
pandemic and its economic effects necessitate a reevaluation of banks’ priorities concerning
the SDGs in response to urgent health needs (SDG 3) and economic disruptions (SDGs 8 and
9). Ref. [55] address the impact of the COVID-19 pandemic on GDP, income, and exports,
pointing out the critical role of banks in supporting healthcare and economic recovery.

Table 4. Prevalence of SDGs. Red corresponds to the most frequently discussed SDGs and green to
the least discussed ones.

Year SDG 1 SDG 2 SDG 3 SDG 4 SDG 5 SDG 6 SDG 7 SDG 8 SDG 9 SDG 10 SDG 11 SDG 12 SDG 13 SDG 14 SDG 15 SDG 16 SDG 17
2010 15 16 8 8 10 15 6 1 5 13 9 3 10 13 12 5 3
2011 14 16 7 8 10 15 7 2 4 14 10 3 10 14 12 5 2
2012 15 15 7 7 10 14 8 2 4 14 10 3 10 14 11 5 2
2013 15 16 8 7 10 14 7 2 3 13 9 4 9 14 12 5 2
2014 15 16 7 8 9 14 8 2 3 13 10 5 10 14 12 5 2
2015 16 15 8 8 9 15 8 3 4 13 9 4 9 14 11 5 3
2016 16 15 7 8 8 14 8 3 3 12 10 4 9 14 12 6 2
2017 15 15 8 7 8 15 8 3 4 12 9 5 10 13 12 4 2
2018 15 15 7 8 8 15 8 3 3 13 9 4 10 13 12 4 2
2019 16 15 7 9 8 15 8 3 4 13 10 5 7 13 12 5 2
2020 16 16 3 10 8 15 6 7 6 14 10 3 6 12 11 6 3
2021 17 16 5 11 8 15 5 7 7 14 11 4 3 12 10 6 4
2022 16 16 7 11 9 15 4 7 7 14 11 3 2 12 10 6 4

To strengthen the validity of these arguments, we carry out regression analysis to
explore the relationships between the prevalence of SDGs and various indicators.

5.3. Regression Analysis

Encouraged by these reasonable findings, we propose that one could attempt to further
validate our methodology by relating the changes in SDG levels that indeed change over
time with some macroeconomic variables. Since some of the SDGs, such as SDG 6, remain
constant, it appears futile to try to explain them by some variables. For this purpose, we
decided to carry out regression analysis to explore the relationship between the prevalence
of SDGs and various indicators. In those OLS regressions, the incidence of an SDG is the
dependent variable, and variables such as health status and climate-related indicators are
the left-hand variables. Note that we do not imply causal direction in our regressions. We
view those regressions more like correlations with statistical significance.

To enable the reader to perform an easier comparison of the impact of a unit change in
an explanatory variable, we studentize the dependent variable by subtracting the mean
and dividing it by the standard deviation.

The results are presented in Table 5. Current health expenditure has a significant direct
correlation with the prevalence of SDG 3, aligning with the increasing focus on SDG 3 to
support public health during the pandemic. In Table 5, a positive coefficient indicates that
an increase in a right-hand-side variable leads to a greater prevalence of the SDG, i.e., a
better rank (1 being the best).
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The next regression relates SDG 7 (energy) to the energy intensity level, which is a
measure of how much energy is required to produce a unit of output (measured by GDP).
As Table A4 from the Appendix A demonstrates, due to energy-improving technology, this
measure decreased between 2010 and 2020. Another opportunity for banks to contribute to
green industries is through supporting large-scale renewable energy projects addressed by
SDG 7 [58]. This also corresponds to a rising emphasis on renewable energy, as shown in
Table A4, which indicates that the growth rate for the renewable energy share in the total
final energy consumption has more than doubled in 2020. The parameter estimator of the
second regression in Table 5 confirms that banks also talked much more about this topic.

Next, in this table, we find the regression concerning SDG 8 (work and growth).
SDG 8 fell from being top-ranked in 2010 to being 7th-ranked in 2022. For these SDGs,
we were able to find three potential explanatory variables: a measure of CO2 emissions,
one on employment, and one on low carbon technology. Since CO2 emissions fell and
unemployment decreased during the period of 2010–2020, the prevalence of SDG8 also
decreased. For instance, as Table A5 reveals, unemployment at the European level fell from
8.9% to 5.7% by 2020. We are also able to corroborate the evolution of SDG 8 by finding
that an increase in the trade of low-carbon technology products leads to a decrease in the
focus on SDG 8.

In Columns 6 and 7 of Table 5, we relate SDG 9 (industry), a decreasingly popular SDG,
with expenditures on economic affairs and expenditures on housing and community ameni-
ties. SDG 9 is negatively influenced by expenditures on economic affairs but positively
influenced by expenditures on housing and community amenities. The outbreak of the
pandemic led banks and governments to prioritize economic affairs to address immediate
financial crises. Conversely, funds allocated for housing and community amenities were
redirected to urgent pandemic-related needs.

In the last column, we find the relation between SDG 13 (climate action) and green-
house gas emissions. SDG 13 represents the strategic effort of banks to mitigate climate-
related financial risks [23]. Table 5 shows that a reduction in GHG emissions is accompanied
by a heightened focus on SDG 13.

Table 5. Results of regression analysis.

SDG 3 SDG 7 SDG 8 SDG 9 SDG 13

exp_health energy_inten co2_gdp unemploy lct_GDP exp_ea exp_amen ghg_emiss

0.3143 *** 0.2550 ** 0.3701 *** 0.3356 *** −0.3463 *** −0.3469 *** 0.5285 *** −0.6865 ***
(0.114) (0.118) (0.110) (0.109) (0.099) (0.099) (0.098) (0.142)

Standard errors are given in parentheses. Estimated by OLS. ** p-value < 0.05, *** p-value < 0.01.

Overall, the high statistical significance of the parameters appears to validate our
classification methodology.

5.4. Regional Differences

To delve into sustainable progress within the European Union, it is crucial to highlight
regional disparities. To provide a more comprehensive understanding of the significant
shifts in key SDGs over time, we further segmented all the reports into four geographic
groups: western, northern, southern, and central and eastern Europe. In Table 6, we follow
the same color code as in Table 4, with red (green) being the most (least) mentioned SDG. As
we immediately notice, within some of the categories, there exist different regional nuances.
Western, southern, and central and eastern Europe witnessed a remarkable surge in the
ranking of SDG 3 (health). This increase suggests that heightened attention should be given
to healthcare concerns during the outbreak of the COVID-19 pandemic in 2020. However,
northern Europe displayed a conservative increase. This observation aligns with the level of
healthcare services across European regions, as evidenced by the data presented in Table A3.
Northern European countries have demonstrated extensive public health coverage. Such
well-established healthcare conditions likely mitigated the potentially disruptive effects
of the outbreak of the COVID-19 pandemic at the start of 2020, thereby maintaining the
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relative stability of the focus on SDG 3 in Northern Europe. SDG 13 (climate) demonstrated
a continuous upward trend from 2019 onward. The most substantial increase was observed
in Central and Eastern Europe. This increase can be related to the changes in greenhouse gas
(GHG) emissions shown in Table A6. Over the period from 2017 to 2021, GHG emissions
decreased by 22% for Northern European countries which had already a low level of GHG
emissions. For western and southern Europe, the corresponding variations are −11% and
−13%. Unfortunately, for central and eastern countries, the change is +9%. Also, this is
starting from the highest level in Europe. The year 2021 marked a distinct divergence in
government expenditures on environmental protection within the EU. While other EU
regions cut back on their environmental spending, central and eastern Europe was the only
region in which spending was bolstered, denoting an enhanced commitment to climate
action within this region. This coincides with a sharp increase in the prevalence of SDG 13
for those countries.

Table 6. Prevalence of SDGs across EU regions. Red corresponds to the most frequently discussed
SDGs and green to the least discussed ones.

Year
SDG 1 SDG 2 SDG 3 SDG 4 SDG 5 SDG 6 SDG 7 SDG 8 SDG 9 SDG 10 SDG 11 SDG 12 SDG 13 SDG 14 SDG 15 SDG 15 SDG 17

W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E W N S E
2010 14 16 15 15 16 16 16 16 8 8 8 8 6 8 9 8 10 10 9 14 16 15 14 12 6 7 7 6 2 1 1 2 6 4 4 4 12 14 14 12 8 12 9 5 2 4 4 4 10 6 11 14 14 10 16 13 12 14 12 14 6 5 5 5 3 2 3 2
2011 13 16 14 12 14 16 16 16 7 8 7 8 6 9 8 7 9 11 10 11 16 14 14 15 6 7 8 7 1 1 2 2 5 4 4 2 13 12 14 13 10 10 9 6 3 2 4 6 9 8 11 14 14 12 15 14 13 11 12 12 5 6 5 6 2 3 2 2
2012 15 17 15 15 14 15 16 15 8 7 7 6 8 7 6 2 10 10 10 11 16 12 14 14 6 9 8 9 2 2 2 4 4 2 4 2 13 12 16 16 10 12 9 7 2 5 4 7 8 8 12 13 14 10 14 10 12 15 9 12 5 6 6 5 2 3 2 3
2013 15 15 16 14 15 16 16 17 8 8 8 6 8 8 7 6 11 10 8 12 15 14 14 15 6 8 8 7 2 2 2 4 4 2 3 1 13 12 14 16 10 11 9 8 2 4 5 8 8 8 11 13 14 11 15 11 13 15 10 10 6 4 4 6 2 2 2 3
2014 15 15 16 13 16 16 15 13 8 7 7 6 9 10 8 5 10 8 8 10 16 14 14 15 8 10 8 8 2 2 2 1 4 3 3 1 12 14 14 17 11 12 10 8 4 5 4 7 8 8 10 16 14 11 15 15 14 13 10 11 4 5 4 6 1 2 3 4
2015 16 14 16 12 15 14 15 15 9 9 8 8 8 8 6 6 9 8 8 10 15 13 14 16 7 8 9 6 3 3 2 2 5 4 4 1 13 12 13 13 9 11 8 8 3 4 5 7 7 8 10 14 14 10 15 15 13 13 11 11 6 5 5 4 2 2 3 3
2016 16 15 16 15 15 13 15 14 8 8 7 8 9 8 8 7 9 8 6 12 14 13 14 16 7 10 8 6 3 3 3 2 4 3 3 2 12 11 14 14 10 11 10 6 3 6 5 8 8 8 11 12 15 10 14 15 13 14 10 8 5 5 6 6 2 2 2 2
2017 15 16 16 15 15 15 15 14 8 8 8 7 9 6 7 6 8 8 7 8 15 14 15 16 8 10 8 9 3 3 3 1 4 4 4 3 12 12 14 14 10 9 10 9 3 6 4 6 7 11 11 15 13 11 13 12 13 13 10 11 4 4 4 4 2 2 2 3
2018 16 15 16 15 15 14 16 14 8 8 7 5 9 8 8 7 8 8 7 10 15 14 14 16 8 8 8 9 3 2 2 2 4 4 3 2 12 12 14 14 10 10 10 7 4 4 5 6 7 8 10 14 14 12 14 14 13 13 12 10 5 4 4 5 3 2 2 2
2019 16 15 16 15 15 15 16 15 8 8 6 5 10 10 8 7 8 8 8 10 15 15 14 15 8 8 7 9 3 2 2 3 4 5 3 2 12 12 14 15 11 10 10 8 4 4 6 5 6 5 10 12 14 11 13 14 13 14 12 11 4 4 6 5 3 2 2 2
2020 16 16 17 16 16 15 16 16 4 7 2 1 10 12 10 9 8 6 6 10 15 14 15 15 7 5 5 7 6 7 6 7 5 7 6 4 12 15 14 14 11 10 11 10 4 3 3 3 3 4 7 11 12 11 13 13 12 12 9 10 5 8 6 4 3 3 4 3
2021 16 16 17 16 16 16 15 16 6 8 3 2 11 12 11 8 8 6 8 10 15 15 14 14 6 3 4 8 8 8 6 6 7 8 7 5 13 14 14 15 10 11 11 10 3 4 5 4 3 3 4 6 12 11 12 12 11 10 9 10 5 5 8 5 4 2 4 4
2022 16 15 16 16 16 16 16 16 7 9 6 5 11 12 11 10 8 9 7 9 15 15 15 15 4 2 6 6 6 8 6 5 7 8 7 4 14 14 14 14 11 11 10 11 3 3 4 5 2 2 2 5 12 8 13 12 10 10 10 10 6 6 7 6 4 4 4 4

6. Content Analysis of the Various SDGs

Thus far, we have investigated the overall prevalence of the various SDGs. In this
section, we aim to further analyze which themes these SDGs are related to. Banks can be
interested in improving their own behavior, or they can do so by their actions toward their
lenders, depositors, or investors. For this purpose, in this section, we rely on word counts
and a more sophisticated algorithm that finds clusters among sentences of similar meaning.
Let us briefly discuss these two approaches.

6.1. Word Counts and k-Means

As a first analysis of the evolving trends of particular words within each SDG, we
take the total set of sentences for a given year, for all banks, and for a predetermined
SDG. We retain the most frequent words and place them in a figure for each year; see
Figure A1. Next, we implement the k-means algorithm, which consists of grouping the
sentences into baskets. For further details on this algorithm and its implementation in the
context of textual analysis, please refer to Appendix B. Since a graphical representation of
the resulting clusters of sentences is challenging, we considered clusters of sentences and
manually matched the words previously retained by associating colors with the different
clusters. We also provided intuitive labels for the clusters, which can be found at the bottom
of Figure A1. Whenever words appear systematically over several years, we join those
words with lines to graphically highlight trends.

Note that the k-means classification determines the number of required clusters to
encompass all the information in the data to a reasonable degree. Since the algorithm used
detects the optimal number of clusters, the number of themes detected changes over time.
For instance, we obtain only four clusters for SDG 4 (education) but seven clusters for many
other SDGs, such as SDG 13.

Since we both work with the word counts and with the clustering of sentences, some
of the content of the clustered sentences will be incorporated in the discussion of the
word counts.

6.2. Trends in the Wording within SDGs

Figure A1 shows the 17 plots with the temporal evolution of wording. Even though
we also present the evolution of less mentioned SDGs, namely 1, 2, 6, 10, 11, and 15, we
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will focus our discussion on SDGs where there has also been a noticeable structural change
since 2019. These are SDGs 3, 7, 8, 9, and 13.

6.2.1. SDG 3

SDG 3 focuses primarily on partnerships with healthcare organizations and on em-
ployee well-being, both of which involved adapting to the outbreak of COVID-19 but
returning to general healthcare issues later, mirroring the decline of its ranking to the
pre-pandemic level from 2020 to 2022, as presented in Table 4.

Financial partnerships have consistently gained significant attention, albeit with nu-
anced shifts in specific focuses over time. In earlier years, philanthropic endeavors were
prominent, especially those targeting children. The collaborations also concerned national
health programs, upgrading healthcare infrastructure, health insurance, medical research,
and accessibility of medical services. Subsequently, the discussion expanded to include
early detection and prevention, emphasizing regular health check-ups, vaccinations, and
awareness campaigns. The outbreak of COVID-19 in 2020 pivoted attention to combating
the virus, including donating medical equipment and supporting related research. In
2021, the focus extended to personalized care and community outreach with the rise of
telemedicine, virtual care, and new diagnostic centers. By 2022, attention had returned to
improving medical systems.

In addition, employee well-being was another priority and gained particular attention
during the pandemic. Initially, the emphasis was on health and safety guidelines at the
workplace. With the outbreak of COVID-19 in 2020, the emphasis moved to flexible working
hours and remote work options to combat the virus. In response to updated guidelines from
health authorities, banks imposed travel restrictions, quarantine measures, and physical
workspace rearrangements.

6.2.2. SDG 7

SDG 7 encapsulates adaptive investments and funding mechanisms in response to
changing energy and environmental challenges. In the early years, the focus was on the
development and capacity of renewable energy resources, from wind and hydroelectric
power to a broader spectrum of renewable sources, such as solar photovoltaic systems,
energy from waste, and biomass technologies. From 2015 onward, financial support for
energy efficiency, especially in operations and infrastructure, took center stage, including
initiatives to optimize heating, ventilation, and air conditioning (HVAC) systems, lighting,
and machinery. Concurrently, banks introduced green loans and other tailored financial
products to support renewable and energy-efficiency projects.

Furthermore, since 2020, there has been a shift to a detailed breakdown of energy
consumption and emissions. Banks categorized their energy and emissions according
to their energy consumption patterns (heating, power generation, vehicle, etc.), types
of emissions (Scope 1, 2, and 3), sources of emissions (fuel, propane gas, natural gas,
diesel, electricity, etc.), measurements of emissions (energy intensity), and efforts to reduce
emissions (LED lighting, equipment upgrades, use of electric vehicles, etc.).

6.2.3. SDG 8

In regard to SDG 8, the focus shifted toward a holistic view of employment, adapting
to evolving societal norms, technological advancements, and the global work landscape.
Initially, the discussions were rooted in basic concerns, such as turnover rates, work ar-
rangements, absenteeism, and workforce demographics. Later, the discussion became more
structured, emphasizing career development, work–life balance, and ethical considerations,
such as flexible work arrangements, internal mobility, training, inclusivity, and compliance
with labor standards. Since 2019, the discussion has expanded to address employee mental
health, employer reputation, and ensuring a sense of belonging within the workplace. In
response to the digital revolution, skill development pivoted toward digital competencies.
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From 2020 onward, discussions began to highlight employment statistics, the retention and
attraction of skilled professionals, and the importance of job creation.

6.2.4. SDG 9

Moving on to SDG 9, banking operations have been adapting to technological advance-
ments and becoming more user-friendly and efficient; as stated by [59], while banks are not
major polluters, there is a need for them to digitize internal processes for cost efficiency and
to develop new products and services. Initially, the focus was on Internet access, wireless
connectivity, and IP telephony, laying the groundwork for online features such as e-banking,
virtual trading, and e-commerce. As the years progressed, banks leaned more toward mo-
bile banking and digital marketing, introducing advanced features such as NFC payments,
electronic signatures, and voice biometrics, as well as adopting strategies such as search
engine optimization (SEO), affiliation marketing, and programmatic advertising. Starting
in 2017, digital transformation became pivotal, which involved embracing technologies
such as blockchain, big data, machine learning, cloud computing, application programming
interfaces (APIs), the Internet of Things (IoT), and AI-powered voice bots. Concurrently,
the focus was on data protection and cybersecurity, incorporating features such as secure
mobile payments, mobile authorizations, blockchain for tracking trade transactions, and
fingerprint authentication. Furthermore, a customer-centric approach has always been
essential in banking. Data collected from customer relationship management (CRM) solu-
tions helped to anticipate customer demands and offer tailored solutions for clients. There
has also been growing recognition of the potential impacts of quantum computing.

In addition, banks have been continually providing financial support to both well-
established companies and innovative start-ups across sectors such as automation, robotics,
life sciences, neuroscience, and MedTech. Moreover, banks have entered strategic partnerships
with tech giants such as Amazon, Google, Microsoft, and SAP. Since 2017, their collaborations
have expanded to include FinTech firms, research centers, and global incubators.

6.2.5. SDG 13

For SDG 13, the central emphasis was on climate change. In the early years, there was
an urgency to address climate change, leading to the creation of related committees and
steering groups. Concurrently, collaborative endeavors among banks, non-governmental
organizations (NGOs), and governmental agencies were evident. Subsequently, the em-
phasis moved toward disclosure and transparency, with the Carbon Disclosure Project
(CDP) and GHG Protocol playing an instrumental role. Since 2015, the introduction of
the Task Force on Climate-related Financial Disclosures (TCFD) has helped such reporting
become more standardized. Banks also reacted actively to mitigate climate impacts. For
instance, banks provided philanthropic support for climate-related research and adopted
lending policies that prevented financial support to companies that evolved from signifi-
cant environmental risks. The term "carbon footprint" was employed strategically, with
banks starting to manage their emissions impact and create financial instruments or funds
specifically aimed at climate-friendly projects. Since 2015, many banks have signed global
commitments, such as the Global Investor Statement on Climate Change and the Paris
Pledge for Action. Using 2 °C and 4 °C climate scenarios as references for the global
temperature increase targets set in the Paris Agreement, banks evaluated the potential
impact of climate change on their portfolios.

Since 2019, “climate risk” has gained prominence and been integrated into core busi-
ness and risk management frameworks. Many banks utilize recommendations from the
UN Environment Program Finance Initiative (UNEP FI), Financial Stability Board, and
TCFD to refine methodologies for assessing climate risks, scenario modeling, and stress
tests in evaluating the potential impact of climate change on portfolios and strategies. In
addition, governance mechanisms were set to define principles for engagement, set risk
appetites, and oversee implementation. Both current exposures to climate-related risks
and forward-looking assessments of potential impacts were utilized for scenario-based
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approaches. The Network for Greening the Financial System (NGFS) offered a standard
framework for scenario pathways that highlights both transition and physical risks. Special-
ists in hydrology, meteorology, and probabilistic modeling work on assessing physical risks.
Renowned transition plan assessment techniques, such as the Transition Pathway Initiative
(TPI), CDP, Assessing Low Carbon Transition (ACT), Climate Action 100+, and TCFD, were
integrated into risk assessment procedures. Furthermore, banks actively participated in
the European Central Bank’s climate risk stress tests. The United Nations Climate Change
Conference (COP27) in 2022 emphasized the need for immediate climate action, marking
the EU’s commitment to climate neutrality despite energy crises.

7. Conclusions

In this study, we examine the European banks’ commitment to the SDGs as presented
in their sustainability reports. We leverage a state-of-the-art BERT model to classify the
content of 816 bank sustainability reports into 17 SDGs. Our novel BERT-based classifier,
which achieved an overall F1 score of 0.93, proves to be a reliable tool for our research.

After classifying each sentence of each bank sustainability report over the 2010–2022
accounting period, we first investigate the temporal evolution of the prevalence of the
17 SDGs. The first step is to confirm the ranking of SDG prevalence previously generated
in the literature [6] who examine, however, only a single year of reports and use manual
classification. We find that banks mention certain SDGs relatively infrequently; see SDG
1 (poverty), 2 (hunger), 6 (water), 10 (inequality), 14 (life below water), and 15 (life on
land). The consequence of neglecting those factors has already been discussed [23]. Some
of the SDGs are often mentioned throughout the period; see SDG 8 (work), 9 (industry),
12 (responsible consumption), 16 (strong institutions), and 17 (partnership for the goals).
We also notice the emergence of certain themes, particularly those related to the individual,
the environment, and the climate. We find that SDG 3 (health) experienced a notable
increase in rank in 2020 and then returned to its prepandemic level by 2022, indicating
a significant but transient impact of the pandemic on banks’ attention on health issues.
Additionally, we note that SDG 7 (clean energy) and 13 (climate action) experienced a jump
in 2019.

Then, by using regression analysis, we confirm for those SDGs that experienced
temporal evolution that macroeconomic indicators are correlated with this evolution. Next,
we consider again the classification of the SDGs, but in addition, we introduce a regional
distinction. This new dimension reveals that, for climate action, southern as well as
central and eastern European countries lagged behind western and northern Europe.
However, since 2019, these countries have undergone remarkable advances in this SDG.
This coincided with particular financial campaigns at the EU level.

To glean an understanding of the topics that banks discuss within each SDG category,
we apply word counts and a clustering algorithm to the bank reports year after year. The
cluster analysis (k-means) provides the grouping of themes that we further flesh out with
the word counts. Focusing on those SDGs with the strongest temporal evolution, we can ob-
serve thematic changes within each SDG. For SDG 3, the COVID-19 pandemic temporarily
intensified the emphasis on financial partnerships and employee well-being for combating
the virus. However, as the pandemic’s impact diminished, banks’ attention shifted back
to prepandemic patterns, indicating the resilience and adaptability of banks in the face of
external challenges. SDG 7 has shown banks’ increasing support for sustainable projects.
Notably, banks have integrated detailed energy consumption and emissions reporting,
reflecting a trend toward transparency and accountability in addressing environmental
challenges. In terms of SDG 8, discussions evolved from basic employment metrics to a
more comprehensive view, such as work-life balance, employer reputation, and a sense
of belonging. Upskilling and reskilling in the digital domain have also gained attention.
Starting in 2020, however, the focus shifted toward job creation and unemployment along
with the impact of the COVID-19 pandemic on the labor market. With respect to SDG 9,
technological developments have transitioned banking operations from traditional meth-
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ods to digital solutions and from foundational online features to advanced technologies
such as blockchain and AI. Such technological advancements have accelerated data gener-
ation and improved customer experience. For SDG 13, banks progressed from the early
recognition of climate change and collaborative efforts to integrating climate risk into core
business operations. These shifts indicate that global events, technological advancements,
and societal values influence discussions of SDGs.

These findings have timely implications. We believe our study provides a strong
starting point for further exploration of the textual analysis of sustainability-related issues.
Our automated tool simplifies the often tedious job of accessing lengthy reports from
various companies. This innovation holds promise for transforming practices for both
analysts and industry professionals alike.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/su16020809/s1. This supplement contains detailed figures of box
plots of SDG ranks over time for various banks.
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Appendix A

Table A1. Sample of input dataset for model fine-tuning. In this table, we present for each SDG an
illustrative sentence.

SDG Label Example Sentence

No poverty 1 Its mission is to improve the quality of life of children, families, and communities in poor countries
and regions through comprehensive development projects and awareness-raising activities that lead
to structural changes which help eradicate poverty.

Zero hunger 2 In the United States, Bank of the West increased its lending by close to 15% in 2012, becoming one of
the leading banks giving loans to the US farming sector.

Good health and well-being 3 Within the scope of our health management, MLP offers a range of measures such as flu shots,
ergonomic workplace advice, employee and management consulting, information on the topic
of psychological disposition, as well as crisis counseling in the event of an emergency, which is
provided by the psychotherapy outpatient clinic.

Quality education 4 Coaching in BBVA is an element of development that has demonstrated its value as a technique
that allows the professional to grow and strengthen all of his or her abilities through an individual
learning process with the support and supervision of a certified coach.

Gender equality 5 The approach used to calculate the gender pay gap takes into account population clusters that
enable assessment based on the concept of equal pay for equal work, while also evaluating the
organizational complexity of the roles and the uniformity of the professional skills.

Clean water and sanitation 6 Extended for three years until December 2019, the program continues to protect five of the world’s
most important river basins, and to date has provided 1.65 million people with clean water and
2.5 million people with sanitation in six countries across two continents.

https://www.mdpi.com/article/10.3390/su16020809/s1
https://www.mdpi.com/article/10.3390/su16020809/s1
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Table A1. Cont.

SDG Label Example Sentence

Affordable and clean energy 7 Achieving energy and climate goals will require continued policy support and a massive mobiliza-
tion of public and private capital for clean and renewable energy, especially in developing countries.

Decent work and
economic growth

8 Through talent acquisition, we aim to achieve a broad and diverse representation of society in
our workforce, reflecting our clients and ensuring employees can reach their full potential at all
career stages.

Industry, innovation,
and infrastructure

9 The digital transformation of the financial industry is boosting efficiency through automation of
internal processes, with the use of new technologies to remain relevant in the new environment,
such as blockchain and the cloud; data exploitation; and new business models (platforms).

Reduced inequalities 10 Our diversity and inclusion policy makes clear the responsibility of treating colleagues with dignity
and respect, and to create an inclusive culture free from discrimination, bullying, harassment, and
victimization, irrespective of age, color, disability, ethnic, national origin, gender, gender expression,
gender identity, marital status, pregnancy, race, religion or belief, or sexual orientation.

Sustainable cities
and communities

11 A stand-out development last year was the launch of the Foundation’s Red Points Platform, a
channel through which the general public can report black spots on roads and in cities, which the
Foundation undertakes to refer to the competent authority for remedial action.

Responsible consumption
and production

12 Particular attention is focused on the disposal of office equipment in Italy: before becoming waste,
this equipment is subject to a careful recycling analysis. During the COVID-19 emergency, the
group’s branches’ and buildings’ attention was also focused on the disposal of personal protective
equipment (masks, gloves, etc.)

Climate action 13 Natixis is pursuing two goals with this innovative initiative; first, to ramp up its commitment to
green financing by encouraging the funding of more sustainable activities, including by helping
clients active in carbon-intensive sectors adopt more sustainable practices, and second, to incorporate
climate risk more systematically in its assessment of financing opportunities.

Life below water 14 BNP Paribas is taking numerous steps to protect the ocean and its resources in areas such as shipping,
fishing and aquaculture, undersea mining, maritime-based renewable energy, or land-based mining
with strong impacts on oceans.

Life on Land 15 To promote good forestry and agribusiness practices and to discourage net forest conversion, our
policies also include restrictions on financing activities related to high conservation value forests as
well as provisions for the particular scrutiny of peatland operations and the prohibition of financial
services for operations in protected areas such as UNESCO World Heritage sites.

Peace, justice, and
strong institutions

16 The movement is already represented in over 100 countries and has produced some successes, such
as the creation of international anti-corruption conventions, the persecution of corrupt heads of
state, and the impounding of their illegal assets.

Partnerships for the goals 17 Enhance the Global Partnership for Sustainable Development, complemented by multi-stakeholder
partnerships that mobilize and share knowledge, expertise, technology, and financial resources,
to support the achievement of the Sustainable Development Goals in all countries, in particular
developing countries.

None 0 This means applying a model according to which we assign the smallest possible credit limit, which
is then increased gradually over time for borrowers with good internal credit history, supported by
estimates of credit history bureaus, and that have shown their creditworthiness over time.

Table A2. List of government expenditures, macroeconomic indicators, healthcare statistics, and
climate-related indicators.

Abbreviation Indicator Name Source

exp_health Current health expenditure (% of GDP) IMF Database
energy_inten Energy intensity level of primary energy (MJ/constant 2017 PPP GDP) World Bank Database
co2_gdp Carbon dioxide emissions per unit of GDP UNECE Statistical Database
unemploy Unemployment, total (% of total labor force) (modeled ILO estimate) World Bank Database
lct_gdp Total trade in low carbon technology products as percent of GDP IMF Climate Change Indicators Dashboard
exp_ea Expenditure on economic affairs (% of GDP) * IMF Database
exp_amen Expenditure on housing and community amenities (% of GDP) IMF Database
ghg_emiss Total greenhouse gas (GHG) emissions (Million metric tons of CO2 equivalent) IMF Climate Change Indicators Dashboard

* Expenditure on economic affairs includes agriculture, fishing, forestry, hunting, mining, manufacturing, con-
struction, transport, communication, fuel, and energy.
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Table A3. Comparison of healthcare services across European regions (in 2019).

Region
Mean

(a) (b) (c)

Northern Europe 85.25 44.55 156.49
Western Europe 85.13 38.20 134.48
Southern Europe 81.50 39.39 48.20

Central and Eastern Europe 75.57 36.98 82.70
(a) Universal health coverage (UHC) service coverage, Index; (b) Density of medical doctors, per 10,000 population;
(c) Density of nursing and midwifery personnel, per 10,000 population.

Table A4. Energy-related Indicators.

(a) Energy Intensity Level of Primary Energy (MJ/Constant 2017 PPP GDP).
This Is an Indicator of How Much Energy is Required to Produce One Unit of Output (GDP).

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Northern Europe 4.63 4.18 4.25 4.28 4.05 3.85 3.83 3.80 3.78 3.60 3.53
Western Europe 3.44 3.20 3.18 3.15 2.95 2.91 2.88 2.80 2.69 2.63 2.58
Southern Europe 3.10 3.05 3.13 2.93 2.90 2.90 2.83 2.85 2.75 2.63 2.68

Central and Eastern Europe 5.16 4.96 4.76 4.66 4.46 4.30 4.44 4.35 4.25 3.98 3.99

Europe 4.15 3.93 3.88 3.80 3.63 3.53 3.55 3.49 3.40 3.24 3.22

Growth Rate of Europe (%) −5.52 −1.27 −1.83 −4.60 −2.76 0.47 −1.53 −2.63 −4.78 −0.51

(b) Renewable Energy Share in the Total Final Energy Consumption

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Northern Europe 39.00 40.25 42.90 42.53 44.10 46.23 45.90 47.70 47.55 49.10 51.73
Western Europe 11.74 12.21 13.24 13.69 14.38 14.88 14.79 15.41 16.06 16.74 18.50
Southern Europe 11.28 11.40 13.25 14.88 15.08 15.20 14.88 14.73 15.98 16.13 18.30

Central and Eastern Europe 15.11 14.83 15.39 16.25 16.18 16.51 16.33 15.69 16.33 17.26 18.98

Europe 17.33 17.62 18.90 19.55 20.05 20.70 20.50 20.77 21.38 22.20 24.16

Growth Rate of Europe (%) 1.68 7.26 3.42 2.56 3.26 −0.97 1.32 2.95 3.84 8.82

Table A5. Unemployment, total (% of total labor force) (modeled ILO estimate).

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Northern Europe 7.07 6.64 6.65 6.76 6.76 6.85 6.62 6.34 5.66 5.56 6.53 6.44 5.38
Western Europe 7.63 7.39 7.60 7.77 7.45 7.01 6.52 5.80 5.19 4.73 5.19 5.52 4.56
Southern Europe 11.80 13.87 17.92 20.40 19.93 18.44 16.96 15.24 13.38 12.11 12.15 11.61 10.06
Central and Eastern Europe 9.63 8.80 8.41 8.44 7.71 7.17 6.55 5.66 5.03 4.97 5.70 5.43 4.84

Europe 8.90 8.81 9.43 9.93 9.50 8.94 8.28 7.42 6.58 6.18 6.74 6.66 5.74

Growth Rate of Europe (%) −0.95 7.03 5.23 −4.29 −5.91 −7.34 −10.46 −11.30 −6.10 9.15 −1.23 −13.77

Table A6. Climate-related Indicators.

(a) Total Greenhouse Gas (GHG) Emissions (Million Metric Tons of CO2 Equivalent)

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Northern Europe 42.40 37.27 33.92 36.02 34.11 34.58 36.26 35.75 38.38 33.13 27.02 27.76
Western Europe 303.95 287.69 288.46 289.43 274.25 275.44 273.58 271.53 263.39 254.30 231.22 242.00
Southern Europe 217.22 215.96 212.84 192.66 186.86 190.00 186.70 194.55 187.26 177.64 159.25 170.09

Central and
Eastern Europe 277.91 294.20 294.54 289.58 285.69 295.65 297.60 309.81 320.74 320.87 310.79 338.31

Europe 237.23 236.17 235.46 231.12 223.48 227.79 227.55 232.16 232.32 226.85 211.71 226.41

Growth rate
of Europe (%) −0.44 −0.30 −1.84 −3.31 1.93 −0.11 2.03 0.07 −2.35 −6.67 6.94
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Table A6. Cont.

(b) Expenditure on Environment Protection (% of GDP)

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Northern Europe 0.49 0.47 0.47 0.50 0.50 0.49 0.50 0.49 0.49 0.50 0.56 0.53
Western Europe 0.94 0.92 0.91 0.88 0.85 0.80 0.78 0.77 0.77 0.78 0.84 0.80
Southern Europe 0.74 0.74 0.79 0.93 0.88 0.90 0.87 0.85 0.84 0.85 0.98 0.88

Central and
Eastern Europe 0.48 0.58 0.68 0.64 0.71 0.75 0.49 0.51 0.56 0.57 0.59 0.63

Europe 0.68 0.70 0.74 0.75 0.75 0.75 0.65 0.65 0.67 0.68 0.73 0.71

Growth Rate
of Europe (%) 3.75 5.59 0.71 0.35 −0.21 −13.06 −0.36 2.94 1.17 8.83 −3.05

Appendix B

In this appendix, we want to provide some technical details on the k-means algorithm
and how we used it in our context. Technically, we employ the Universal Sentence Encoder
(USE) [60] and k-means clustering [61] to effectively capture the thematic evolution of
each key SDG over time. The sentences classified by our trained RoBERTa model are
embedded using the USE from the TensorFlow Hub. Such embeddings can be compared
using Euclidean distance, which fits well with k-means clustering. USE converts textual
data into vectors of numbers, thereby encapsulating the semantic meaning of texts into a
format that can be understood by algorithms operating on numbers.

K-means, an unsupervised machine learning technique, segments datasets into clusters
by partitioning the data into k distinct clusters, where each data point is grouped with
others that are closest in the embedding space.

We use the scikit-learn library in Python to perform k-means clustering. To determine
the optimal number of clusters, we adopt the gap statistic method [62]. For each potential
number of clusters, the gap statistic computes the difference between the observed intra-
cluster variation and the expected intra-cluster variation from a reference dataset, which is
generated by randomly shuffling the data. Subsequent to the clustering process, clusters are
ranked based on the word count of each SDG, offering insights into the relative prominence
of clusters within the SDGs annually.
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SDG 1: No poverty

SDG 2: Zero hunger

Figure A1. Cont.
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SDG 3: Good health and well-being

SDG 4: Quality education

Figure A1. Cont.
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SDG 5: Gender equality

SDG 6: Clean water and sanitation

Figure A1. Cont.
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SDG 7: Affordable and clean energy

SDG 8: Decent work and economic growth

Figure A1. Cont.
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SDG 9: Industry, innovation, and infrastructure

SDG 10: Reduced inequalities

Figure A1. Cont.



Sustainability 2024, 16, 809 26 of 31

SDG 11: Sustainable cities and communities

SDG 12: Responsible consumption and production

Figure A1. Cont.
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SDG 13: Climate action

SDG 14: Life below water

Figure A1. Cont.
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SDG 15: Life on land

SDG 16: Peace, justice, and strong institutions

Figure A1. Cont.
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SDG 17: Partnerships for the goals

Figure A1. Transition of words for all SDGs over time.
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