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ABSTRACT

This thesis presents a large-scale, context-aware approach for predicting moral foun-
dations in European Union (EU) law documents using pretrained Transformer-based
language models. Prior research has found that a lack of moral diversity in the EU’s
laws and communications may impact its perceived legitimacy, and therefore effec-
tiveness. Existing analyses have been limited in scale and only employed traditional
dictionary-based methods. We address this gap by finetuning a pretrained Transformer
encoder for moral foundation prediction. To transfer moral foundation knowledge
from labeled social media and news datasets to the unlabeled EU documents, we ap-
ply domain-adversarial training, which encourages the learning of domain-invariant
features. For evaluation purposes, we introduce a manually annotated dataset of 111
EU law documents labeled for moral foundations.

In developing our model, we address two central challenges: 1) the prevalent class
imbalance between positive and negative samples, and 2) the considerable length of
EU documents. For the first, we demonstrate that class weights, focal loss, and train-
ing with an increased batch size substantially improve model performance, especially
when evaluating on cross-domain data. For the second, we propose two solutions: ag-
gregating the predictions on shorter chunks of the documents and using Longformer
for full-context modeling. Our results show that label aggregation achieves better per-
formance and outperforms dictionary- and frequency-based baselines on long docu-
ments.

Applying our trained models, we confirm prior hypotheses that EU law overrepre-
sents individualizing moral foundations (Care, Fairness) compared to binding ones
(Loyalty, Authority, Purity). Our work contributes a novel dataset, a pipeline for moral
foundation classification of EU documents, and an analysis of techniques for handling
document length and class imbalance. This advances the field of moral foundation pre-
diction and provides tools for future research at the intersection of natural language
processing (NLP), political science, and psychology.
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INTRODUCTION

The perceived legitimacy of supranational organizations like the European Union (EU)
is a key influence on their stability and effectiveness. Specifically, the resources (man-
dates, participation, and financial resources), the policy output, and the rule compli-
ance within the institutions depend on the public’s acceptance of their authority (Som-
merer and Agné, 2018).

According to the Eurobarometer (Spring 2025)" only 52% of EU citizens tend to trust
the EU. Furthermore, eurosceptic parties have established themselves as a permanent
part of European and national politics in the last decade (Treib, 2021). At the same
time, the need for public legitimacy grows with the required effectiveness of the EU in
responding to recent transnational problems such as the COVID-19 pandemic, climate
change, intensified immigration issues, and a changing geopolitical landscape with a
possibly decreased reliance on the United States.

Several studies have shown that the perceived legitimacy of an authority is linked
to the belief in the moral rightness of its actions and laws (Bottoms and Tankebe, 2012;
Jackson, Bradford, et al., 2012; Jackson, Hough, et al., 2015; Tyler and Jackson, 2013).
Based on this, Grosfeld et al. (2024) suggest that the EU’s public legitimacy problem is
partly rooted in a lack of moral diversity in its communications and laws. To analyze
the morality of the EU, they employ Moral Foundations Theory (MFT) (Graham, Haidt,
Koleva, et al., 2013; Haidt and Joseph, 2004). This theory suggests that human moral-
ity is rooted in several innate psychological systems, which have developed in humans
because of evolutionary advantages, mostly in creating a functioning society. The orig-
inal five foundations are Care, Fairness, Loyalty, Authority and Purity. According to
MFT, these five cognitive moral learning modules are present at birth, but individual
experiences (upbringing, education, culture, ...) determine which moral foundations
become more important to people.

To support their hypothesis of the EU’s lacking moral diversity, Grosfeld et al. (2024)
conduct several studies and explore moral reframing of EU law. One of these stud-
ies is a relatively small-scale text analysis of State of the Union speeches using a
dictionary-based word frequency analysis. The results of this study show that there
is a significantly higher probability that moral words in the speeches were related
to individualizing moral foundations (care & fairness) than being related to binding
moral foundations (loyalty, authority & purity).

1 https://europa.eu/eurobarometer/surveys/detail/3372
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This study is fundamentally relevant and its results substantial. However, it leaves
potential for a much larger-scale analysis of EU law texts. State of the Union speeches
are limited to the position of the Commission President and the amount of analyzable
text is relatively small. Furthermore, dictionary-based methods such as the one used
in the study are relatively simple and cannot take the context a word is used in into
account. A single word can also have multiple, completely different meanings, and
especially EU documents tend to use words outside their everyday context. For exam-
ple, regulations that discuss the trade of “oilseed rape” may be detected as extremely
moral, because the term “rape” is used a lot even though the document has no moral
content at all.

Furthermore, Moral Foundation Dictionaries are commonly developed by groups of
experts (Graham, Haidt, and Nosek, 2009) or generated based on annotations of moral
documents such as news texts (Hopp et al., 2021). These approaches cannot take every
type of document into account and therefore do not necessarily generalize well to EU
law documents.

For a larger-scale analysis, we require a context-aware approach that is specifically
developed to determine the moral foundations expressed by EU law documents. Mod-
ern natural language processing (NLP) techniques, especially pretrained Transformer-
based language models (Devlin et al., 2019; Vaswani et al., 2017) can address these
technical challenges. In this thesis, we finetune such a model for moral foundation
prediction in EU law documents by transferring the knowledge learned from labeled
social media and news texts to unlabeled EU documents.

Applying Transformer models to the task of moral foundation prediction is not a
new idea (Kobbe et al., 2020; Roy and Goldwasser, 2021; Trager et al., 2022; Zangari
et al., 2025). These previous works are limited to few available labeled datasets that
contain textual content from social media (Beir6 et al., 2023; Hoover et al., 2020; John-
son and Goldwasser, 2018; Trager et al., 2022) or news texts (Hopp et al., 2021; Weber
et al., 2021). Models that are trained on a specific data domain (e.g. social media or
news) may not work well when applied to a substantially different domain such as
EU law texts. Liscio et al. (2022) observe this effect even when transferring knowledge
between various Twitter corpora that cover different topics.

To the best of our knowledge, there is currently no dataset of EU documents that
is labeled for moral foundations. Therefore, we adopt the unlabeled domain transfer
approach developed by Guo et al. (2023) and Preniqi et al. (2024) to transfer the knowl-
edge learned from a labeled source domain (social media, news) to an unlabeled target
domain (EU documents). Additionally, we create a small labeled dataset of 111 EU law
documents that we use to evaluate the trained document.

Guo et al. (2023) introduce the idea of weighting the loss function of a Transformer to
balance the different classes and between positive and negative data samples. We con-
sider the class imbalance as a fundamental challenge in moral foundation prediction,
especially in the cross-domain setting. To address this challenge, we suggest training



with a larger batch size and exchanging the typically used cross-entropy loss function
with focal loss (T.-Y. Lin et al., 2017, which is an extension of the former that was
developed to address the extreme class imbalance observed in dense object detection.

Finally, we address the challenge that EU documents tend to be extremely long. In
Section 3.2, we see that only 11.3% of the considered EU documents t into the 512
token context window of commonly used Transformer encoders like BERT (Devlin et
al., 2019 and RoBERTa (Y. Liu et al.,2019. To the best of our knowledge, no previous
work has addressed this limitation in moral foundation prediction. We propose and
compare two solutions for determining the moral foundations expressed in long docu-
ments. For standard BERT models, we split the documents into smaller chunks that t
into the respective context window and then aggregate the model outputs to retrieve
predictions for the whole document. As a second approach, we use Longformer (Belt-
agy et al., 2020, which uses local windowed attention to process longer sequences
ef ciently.

In the following, we summarize our four main contributions:

1. We conduct a large-scale study of the moral foundations expressed by EU law
documents. For that, we train a Transformer model using a domain transfer ap-
proach to transfer the knowledge learned on labeled datasets to the unlabeled
EU documents.

2. We provide a small dataset of 111 EU law documents labeled with the expressed
moral foundations.

3. We evaluate three solutions to the inherent class imbalance in moral foundation
prediction.

4. To the best of our knowledge, we are the rst to address the task of moral foun-
dation prediction in long documents ( > 512 tokens). We propose two fundamen-
tally different approaches for long documents and discuss the implications of
their results for moral foundations theory in general.



BACKGROUND

2.1 moral foundations theory

Moral Foundations Theory (MFT) is a social psychological model of human moral-
ity primarily developed by Haidt and Joseph ( 2004). It uni es several previous the-
ories (Fiske, 1991, Schwartz and Bilsky, 1990 Shweder, 1987 in an effort to explain
similarities in morality across populations despite substantial differences between cul-
tures. MFT suggests that human morality is rooted in several innate psychological sys-
tems, which have developed in humans because of evolutionary advantages, mostly
in creating a functioning society. The differences across cultures are explained by cul-
tures building their virtues, institutions, and religions on differing distributions of
these foundations. On an individual level, MFT argues that the moral foundations are
present in the brain at birth but then develop based on the individual environment
such as upbringing, education and own experiences.

There are four main claims that summarize MFT as outlined by Graham, Haidt,
Koleva, et al. (2013:

1. Nativism: There is a “ rst draft” of the moral mind.

2. Cultural learning: The rst draft gets edited during development within a partic-
ular culture.

3. Intuitionism: Intuitions come rst, strategic reasoning second.

4. Pluralism: There are many recurrent social challenges, so there are many moral
foundations.

Nativism and cultural learning are essentially explained above. Intuitionism refers to
the Social Intuitionist Model (Haidt, 2001), which proposed that most moral evalua-
tions happen rapidly and automatically (i.e. System 1 thinking following Kahneman
(2011)), while deliberative, logical thinking (System 2) is more often initiated to explain,
defend, or justify intuitive moral reactions. Finally, pluralism refers to the development
of moral foundations through evolution as solutions to social challenges.

At its core, MFT makes no claim about speci ¢ foundations or even the number of
foundations. However, ve foundations were published along with the theory that had
the best evidence according to the authors (Graham, Haidt, Koleva, et al., 2013. Each
foundation consists of virtues and vices, which are each summarized in a single word



that best represents the support (virtue) or violation (vice) of the respective foundation.
The original ve moral foundations are the following:

The Care/harm foundation is the connection between perceptions of suffering
and the motivation to care, nurture and protect. The related evolutionary advan-

tage is in caring for ones own children, but in an established society the effect
goes clearly far beyond that.

The Fairness/cheating foundation is the sensitivity to evidence of cheating and
cooperation usually in opportunities for mutually bene cial cooperation. Having
an intuitive understanding of fairness is an advantage when trying to benet
from cooperation without being exploited.

The Loyalty/betrayal foundation refers to the ability to form and maintain coali-
tions, especially in identifying team-players and traitors. Effective tribalism has
been an (evolutionary) advantage when faced with challenges and attacks from
rival groups. A modern example for this foundation are sports fandom and
brand loyalty.

The Authority/subversion foundation  refers to the ability to perceive and react
appropriately to a hierarchical order. This is two-fold, as one can be either the
superior or subordinate in each situation. This foundation faces the social chal-
lenge of forging bene cial relationships in hierarchies, which have been observed

in human tribes and early civilizations.

The Sanctity/degradation foundation in essence describes the sense of disgust.
It includes the “behavioral immune system”, which increases wariness towards
symbolic objects and threats. This foundation most likely evolved to avoid pathogens
and parasites in food or waste.

While these are the original ve foundations, the authors of MFT (mainly Haidt
and Joseph Q004 and Graham, Haidt, Koleva, et al. (2013) stress several times that
they do not believe that these are the only moral foundations. For example, Haidt
(2012 considers adding Liberty/Oppression as a sixth foundation to better capture
the moral concerns of libertarians. Graham, Haidt, Koleva, et al. (2013 also mention
Ef ciency/waste, Ownership/theft and Honesty/deception as good candidates for
new moral foundations and outline four criteria that foundations should ful ll. Re-
cently, Atari et al. (2023 suggested splitting the fairness foundation into equality and
proportionality. Since this is an ongoing debate in the eld of psychology and most
follow-up work to MFT focuses on the original ve foundations, this thesis will also
be limited to those. Speci cally, we determine whether a text supports or violates each
of these foundations, i.e. we distinguish between virtues and vices.

Graham, Haidt, Koleva, et al. (2013 argue for the pragmatic validity of MFT by pre-
senting ndings enabled by MFT, covering political ideology, relations between moral



foundations and other psychological constructs, cross-cultural differences, intergroup
relations, and implicit processes in moral cognition. Four main methods have been
used to measure the MFT: 1) self-report surveys (Graham and Haidt, 2012 Graham,
Nosek, et al., 2011, 2) implicit measures (Graham, 2010, 3) psychophysiological and
neuroscience methods (Cannon et al., 2011 Graham, 2010, and 4) text analysis (Gra-
ham, Haidt, and Nosek, 2009 see Sectiorn2.2). For this thesis, the most relevant aspects
are text analysis and the connection between moral foundations and political orienta-
tion.

While MFT was not developed for political psychology, Haidt and Graham (2007
suggest that it may be used to explain differences in political orientation. They make
the prediction that liberals more heavily rely on the Care and Fairness foundations
(“individualizing” foundations) than conservatives, who would rather rely on the Loy-
alty, Authority and Sanctity foundations (“binding” foundations). Several subsequent
studies nd support for this prediction. Graham, Haidt, and Nosek (2009 consistently
observe this pattern across four different methods ( 3 self-report questionnaires and 1
text analysis of church sermons), Graham, Nosek, et al. 2011) con rm this nding us-
ing responses to the Moral Foundations Questionnaire (MFQ) * from 11 different world
regions and McAdams et al. (2008 nd “strong support” for MFT in life narrative in-
terviews with highly religious and political-engaged adults.

2.2 related work

traditional text analysis in mft Text analysis has been a common method in
researching MFT since its original conception. As mentioned in Section 2.1, Graham,
Haidt, and Nosek (2009 analyzed church sermons to con rm the connection between
moral foundations and political orientation. For this text analysis, they developed the
rst Moral Foundations Dictionary (MFD) consisting of 324 words and word stems
that are assigned to one or more moral foundation if they express the support or
violation (virtue/vice) of that foundation. The MFD was developed by a group of
experts by generating words related to the base foundation words (e.g. care, harm,
etc.). Several works use this dictionary to analyze the morality of texts (Dehghani et
al., 2014 Lewis, 2019 Takikawa and Sakamoto, 2017).

the extended moral foundations dictionary The MFD has been expanded
by various works with different techniques (Araque et al., 202Q Frimer et al., 2019.
Recently, the “extended Moral Foundations Dictionary” (eMFD; Hopp et al., 202J)
has been introduced that addresses several limitations of previous works. Over 800
annotators were provided with news articles that were published between November

2016and January 2017 by different US news outlets. The annotators were then asked

1 https://www.yourmorals.org/



to highlight parts of the text that re ect their assigned moral foundation. Hopp et
al. (2021 use these annotations to compute the probabilities that a certain term is
annotated for each moral foundation. This results in continuous vectors for more than
3,000terms.

In addition to the eMFD itself, Hopp et al. ( 2021) provide a document scoring
method, which computes a document score by averaging the probabilities of all words
in a document. While this method could be used to score EU law documents, dictionary-
based methods have several limitations that our approach addresses. For our work, the
most relevant limitation of dictionaries is their inability to take context into account.
Since dictionary entries are single words, every method based on these entries can
only use the presence of words in a document, but their position and the context they
are used in cannot be taken into account. We address this challenge by employing
Transformer-based models, which are capable of capturing contextual relationships
between words by considering their positions and dependencies within a sequence
(Vaswani et al., 2017).

analyzing legislature Since Graham, Haidt, and Nosek (2009 identi ed the con-
nection of MFT with political orientation, research also started using MFT to analyze
the legislative process. However, instead of examining law texts directly, previous
works rather use related documents such as legislative speeches (Mucciaroni, 2011),
letters to the editor (Burlone and Richmond, 2018, or voter guides (Wendell and Tat-
alovich, 2021). Furthermore, research in this area has mostly focused on the United
States. Notable exceptions are Harper and Hogue (2019, who analyze campaign news
and speeches surrounding the Brexit referendum, and Grosfeld et al. (2024, who apply
the eMFD to State of the Union speeches to explore the presence/lack of moral diver-
sity in the EU. To the best of our knowledge, all previous analyses have either inspected
documents manually or used dictionary-based methods like the ones described above.
Therefore, we contribute by analyzing law texts directly, further expanding the eld be-
yond the US, and employing context-aware Transformer models instead of traditional
methods.

transformers for moral foundation prediction The rst work to apply pre-
trained Transformer models to moral foundation prediction was done by Kobbe et
al. (2020, who compare their lexicon-based approaches to a BERT model (Devlin
et al., 2019 netuned for multi-label classi cation of the ve original moral foun-
dations. They nd that the BERT model outperforms all other tested approaches on
the ArgQuality Corpus of Wachsmuth et al. ( 2017 and the Moral Foundations Twitter
Corpus (MFTC; Hoover et al., 202Q see Section3.1.2) . Also using the MFTC, Bulla
et al. (2022 con rm the outperformance of the same BERT-based method compared
to an LSTM-based approach for 10 dimensional moral foundation prediction, i.e. with
the added aspect of virtues and vices (care/harm, fairness/cheating, etc.).



While providing baselines for their Moral Foundations Reddit Corpus (MFRC; see
Section3.1.3), Trager et al. (2022 introduce the idea of training one binary classi er for
each label to create an ensemble of single-label classi ers. They nd that this approach
outperforms the previously used multi-label method. This nding is later con rmed
by Nguyen et al. (2024 and Preniqi et al. (2024.

domain adaptation Both Trager et al. (2022 and Liscio et al. (2022 examine the
domain transfer challenge in moral foundation prediction by netuning a BERT model
on data from a source domain and evaluating it on data from a target domain. Trager et
al. (2022 use Tweets and Reddit posts as two different domains and employ the single-
label ensemble approach as described above. Liscio et al. 2022 apply the earlier multi-
label method and consider the seven corpora within the MFTC as different domains.
While both works nd that cross-domain classi cation is fundamentally possible, they
also observe substantial performance impacts compared to in-domain classi cation.
Depending on the setting and label, the average F1 score drops by approximately 10%
for Liscio et al. (2022 and up to 52% for Trager et al. (2022.

To address this challenge Guo et al. 2023 propose a Domain Adapting Moral Foun-
dation inference model (DAMF), which uses domain adversarial training (Ganin et al.,
2016 to learn domain-invariant features. A domain adversarial neural network con-
sists of a feature extractor that feeds into a label classi er and an adversary domain
classi er, which are each trained to identify the labels or domain of a data sample,
respectively. The feature extractor is trained to optimize label classi cation while com-
promising the domain classi cation, which results in domain-invariant features for
label classi cation. DAMF uses this setup with BERT as a feature extractor, a label
classi cation head for multi-label moral foundation prediction and a domain classi -
cation head to distinguish source domain from target domain. Furthermore, Guo et al.
(2023 suggest adding three more components: a domain-invariant transformation, a
reconstruction module and a weighted loss function that accounts for class imbalance.
We describe this architecture in more detail in Section 4.4. DAMF achieves substantially
better results in the domain transfer setting compared to a standard BERT model that
is netuned on the source domain. Additionally, Guo et al. ( 2023 observe that a large
part of the improvement is achieved by accounting for class imbalance through the
weighted loss function. DAMF improves the F 1 score by 31.6% on average over the
standard BERT method, but without the weighted loss function the improvement is
only 9.8% on average.

Prenigi et al. (20249 extend the work of Guo et al. (2023 by applying the DAMF
architecture to the idea of using an ensemble of single-label models as we described
above. Since we adopt the DAMF architecture and compare the multi-label and single-
label ensemble approaches, the works of Guo et al. 023 and Prenigi et al. (2024 are
the most relevant to our research. Both also distinguish between virtues and vices, i.e.
predict 10labels. We apply these approaches to the gap of moral foundation prediction



in EU law documents as described above. Furthermore, we contribute to the eld of
moral foundation prediction in two more ways. First, we pick up the idea of Guo
et al. (2023 to account for class imbalance in moral foundations, which we consider
as a fundamental challenge. In addition to class weights, we suggest employing focal
loss (T.-Y. Lin et al., 2017 instead of the standard cross-entropy loss and training with
a higher batch size to counteract the invalid sampling problem. Second, we address
moral foundation prediction in long documents ( > 512 tokens) by proposing two
fundamentally different approaches.



DATA

In this section, we introduce the different datasets used in this work. First, we de-
scribe existing labeled datasets: the Moral Foundations News Corpus (MFNC; Section
3.1.1), which we generate from the annotation effort by Hopp et al. ( 2021), the Moral
Foundations Twitter Corpus (MFTC; Section 3.1.2), and the Moral Foundations Reddit
Corpus (MFRC; Section 3.1.3). Then, in Section 3.2.1 we explain which EU documents
we extracted from the EU's data repository to build a corpus of EU documents for our
analysis. In Sections3.2.2, 3.2.3, and 3.2.4, we describe our annotation effort, which re-
sults in 111labeled documents. Finally, we summarize all presented datasets in Section
3.3 and conduct some exploratory analysis.

3.1 labeled moral foundations data

3.1.1 Annotations from extended Moral Foundations Dictionary

To construct the eMFD (see Section2.2), Hopp et al. (2021) asked over 800 annotators
to highlight parts of news articles that re ect a certain moral foundation. We use these
annotations to construct two datasets.

The annotations are supposed to generally re ect the respective moral foundation,
which is independent from whether the text is supporting or violating the foundation.

To compute a continuous valence score Hopp et al. (2021 used the Valence Aware Dic-
tionary and sEntiment Reasoner (VADER; Hutto and Gilbert, 2014). Using this score,
the virtue/vice aspect can be added to the ve annotated classes, i.e. documents with a
positive sentiment score are assigned the respective virtue, while a negative sentiment
leads to the vice label. Like this, we obtain the desired 10-dimensional labels for each
annotation.

Each annotation only has a single label, but some of them overlap, and we are
also interested in texts that contain several sentences. So, by considering all annota-
tions in a certain document or paragraph of a document, we can determine all moral
foundations re ected by the respective text. While most of these longer texts contain
annotations, not all of them do, leading to no assigned label. However, this is actually
desired since a model should capture the case that a certain text does not concern any
moral foundations.

In conclusion, we generate two datasets from the eMFD annotations: The 990 full
documents with all corresponding annotations and the 20,427 paragraphs in these doc-
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Figure 1. Length distributions of the MFNC—documents and MFNC—paragraphs datasets. Text
length is measured in tokens.

uments with the annotations concerning the speci ¢ paragraph. The main differences
are 1) the number of samples and 2) the length of the texts. While most of the para-
graphs tinthe 512token context window of BERT (Devlin etal., 2019, the documents
do not and can therefore be considered “long documents” (Alva Principe et al., 2025.
The length distributions of both datasets can be seen in Figure 1.

In our work, we will refer to the two datasets as “MFNC—paragraphs” and “MFNC-
documents”. The term MFNC (Moral Foundations News Corpus) was rst used by
Mokhberian et al. (2022 to refer to the eMFD annotations as a dataset, but our way of
processing the annotations is more similar to the work of Nguyen et al. ( 2024, who
split the documents into sentences.

3.1.2 Moral Foundations Twitter Corpus (MFTC)

The MFTC (Hoover et al., 2020 consists of over 30,000tweets about 7 different morally
relevant topics. Each tweet was annotated by at least 3 annotators, who could choose
between one or multiple of the original ve moral foundations (virtues, e.g. care, fair-
ness), their violations (vices, e.g. harm, cheating) and the content being nonmoral. The
MFTC therefore already ful lls all desired properties for this work.

Generally, terms of use of X (formerly Twitter) forbid publishing the text of tweets. 1!
Only the corpus from Davidson et al. ( 2017 is available online, including the tweet
texts. For the other corpora we scraped the tweets that are still available. Tweets in the
MFTC that were deleted by the user or removed for other reasons can no longer be

1 https://x.com/en/tos
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Corpus Number of Number of tweets in
P available tweets  the original dataset
All Lives Matter 2,328 (52.6%) 4,424
Black Lives Matter 2,874 (54.7%) 5,257
Baltimore protests 2,763 (49.4%) 5,593
Hate speech & offensive language
(Davidson et al., 2017 4,873(100%) 4873
2016US presidential election 3,069 (57.3%) 5,358
Hurricane Sandy 2,712 (59.1%) 4,591
#MeToo 0 (0.00%) 4,891
Total 18,619 (53.2%) 34,987

Table 1: Size of each corpus in the MFTC and how many of theses tweets we were able to
scrape.

retrieved, which results in a reduced dataset size. In Table 1, we show for each corpus
how many tweets are available for this work in comparison to the original amount.
Since the corpora slightly overlap, we end up with 17,990 unique tweets.

We were not able to retrieve any tweets from the #MeToo corpus, which may be sur-
prising as the percentage of retrieved tweets is relatively stable for the other corpora.
However, according to Hoover et al. ( 2020, the #MeToo corpus was sampled by select-
ing 200users that were involved in the #MeToo movement, while the selection in other
corpora is usually more broad, i.e. all followers of speci c politicians or all tweets con-
taining a speci ¢ hashtag. Therefore, we assume that the number of unique users in
the other corpora is much higher. We conclude that all 200users in the #MeToo corpus
must have deleted their accounts/tweets or had their tweets removed for different rea-
sons. At such a low number of users, this is not as improbable as initially suspected.
The recent work of Prenigi et al. (2024 also excludes the #MeToo corpus, most likely
due to the same issue.

3.1.3 Moral Foundations Reddit Corpus (MFRC)

The MFRC (Trager et al., 2022 is a collection of 17,886 English Reddit comments from
11 different subreddits. 2 Its primary aim is to contribute a dataset from a social media
platform other than Twitter. Trager et al. ( 2022 argue that different social media plat-
forms differ in moral language and behavior because of different linguistic, social, and
technical (e.g. character limits) environments.

The annotation process of the MFRC differs in two aspects from the MFTC. First,
it does not account for the polarity of moral foundations, i.e. there is no difference

The number of posts and subreddits is determined based on the published dataset. In their paper, Trager
et al. (2022 give different numbers: 16,123 posts from 12 subReddits.
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between virtue and vice. Second, Trager et al. (2022 follow the recent revision of MFT
by Atari et al. (2023 in splitting the fairness foundation into the equality and the
proportionality foundations.

Since we are only interested in the original ve foundations, we recombine the equal-
ity and proportionality foundations into the fairness foundation. To address the miss-
ing polarity annotations, we use the Valence Aware Dictionary and sEntiment Rea-
soner (VADER; Hutto and Gilbert, 2014 as it was also done by Hopp et al. (202]) in
creating the eMFD. We compute the compound sentiment scores for all documents
and assign the corresponding vice labels to documents with negative scores; other-
wise, the virtue labels are assigned. For example, a document that receives a negative
sentiment score and is labeled with “care” and “loyalty” according to the MFRC, will
be labeled “harm” and “betrayal” by us. However, if the sentiment score is positive,
the virtue labels will remain.

The main drawback of this approach is that it is impossible for a document to be
labeled with a virtue and a vice at the same time (e.g. harm & authority), which
does happen in the other datasets 9.08% of MFNC—paragraphs, 19.66% of the MFTC).
The MFNC datasets do not have this issue, since VADER is applied to the individ-
ual annotations, which are combined to obtain the document/paragraph labels. Each
document/paragraph can contain annotations with different sentiments according to
VADER.

Since the MFTC contains explicit labels for the virtues and vices, we can validate
the usage of VADER by comparing its predictions to the MFTC labels. For that, we
rst reduce the MFTC labels to ve dimensions by grouping each virtue and vice
together. Then, we expand to 10 dimensions using VADER in the same procedure as
for the MFRC. The original MFTC labels are used as ground-truth to evaluate the
predicted labels by VADER. The results of this validation can be seen in Table 2. From
this we conclude that the chosen approach is reasonable, especially considering the
lack of better alternatives. However, it should be noted that the quality of the labels is
substantially degraded by using sentiment as a proxy for distinguishing virtues and
vices.

Other than the reduced set of labels, the MFRC follows the MFTC in allowing mul-
tiple labels for each text and also annotating for nonmoral content.

3.2 eu documents

3.2.1 Document selection

To extract relevant EU documents, we use a slightly modi ed version of the EU Regu-
lation Corpus Compiler developed by Seppéla ( 2019.3 The EU publishes all its docu-

3 https://github.com/JakobLindscheid/eu_corpus_compiler
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Precision Recall Fl-score Support

Care 0.766 Q759 Q762 3127
Harm 0.892 Q737 Q807 3734
Fairness 0.729 0683 Q705 2591
Cheating 0.852 Q708 Q774 3100
Loyalty 0.821 Q774 Q797 2811
Betrayal 0.721 Q0669 0694 1869
Authority 0.739 0639 0686 2409
Subversion 0.685 Q593 0636 2096
Purity 0.733 0803 Q767 1307
Degradation 0.841 Q703 Q766 1429
Macro average 0.778 Q707 Q739 24473

Table 2: Classi cation metrics for the validation of using sentiment as a proxy for distinguish-
ing virtues and vices. The 10 dimensional MFTC labels are rst reduced to 5 dimen-
sions by grouping each vice to its corresponding virtue. Then, VADER (Hutto and
Gilbert, 2014 sentiment scores are used to reintroduce the distinction. The resulting
labels (predictions) are compared to the original MFTC labels (ground-truth)

ments in “Cellar”, the common data repository of the Publications Of ce of the EU. 4
Behind Cellar there is an extensive data model providing structure, metadata and links
between publications. We use this structure to lter the tens of millions of available
documents to those we are interested in for this work. The EU publishes every docu-
ment in all of cial languages of the EU (currently 24). We limit this work to English
documents, as the other datasets we use are also in English. While the availability of
this amount of multi-lingual documents presents an interesting opportunity, we leave
its exploration to future work.

The two other elds we use to lter the documents before extraction are the doc-
ument type and the Eurovoc concept. In both cases, we use expert judgments by a
Professor of European Law to decide which documents are relevant for analyzing
moral foundations. We identify 64 different document types of which we are extract-
ing treaties, regulations, implementing regulations, decisions, implementing decisions,
international agreements, and preparatory acts.

Eurovoc® is a thesaurus managed by the Publications Of ce of the European Union.
The thesaurus contains keywords that cover the activities of the EU and are organized
in 21 domains and 127 subdomains. Each subdomain contains multiple “Eurovoc con-
cepts”. To lIter the documents, we selected 12 subdomains that we consider to be

4 https://op.europa.eu/en/web/cellar/home
5 https://op.europa.eu/en/web/eu-vocabularies



Document Type Moral Nonmoral Overlap Total
Preparatory Act 13,820 7547 3352 | 24,719
International Agreement 1,375 963 409| 2,747
Decision 3,991 1978 775| 6,744
Implementing Decision 484 231 199 914
Regulation 2,062 3188 508 | 5,758
Implementing Regulation 521 537 185| 1,243
Treaty 3 7 0 10
Total 22,256 14451 5428 | 42135

Table 3: Number of retrieved EU documents for each document type and domain type. Each
document can have multiple assigned subjects, which we divided into moral and
nonmoral subjects i.e. two domains. The overlap is created, because documents can
have subjects from both domains. The ratio between documents in the moral domain
and those in the nonmoral domain roughly matches the ratio between the respective
numbers of subdomains (12/ 8).

especially moral and 8 subdomains that we consider to be nonmoral. In the following,
we list all 20 subdomains:

Moral subdomains: Nonmoral subdomains:
criminal law political framework
rights and freedoms political party
family monetary economics
migration accounting
demography and population maritime and inland waterway transport
social framework technology and technical regulations
social affairs chemistry
culture and religion mechanical engineering
social protection
health

organization of work and working conditions
environmental policy

In Cellar, each document is assigned to at least one concept from EuroVoc. Since a
document can be assigned to multiple concepts, there can also be an overlap between
the subdomains, and therefore some documents will both be considered moral and
nonmoral by our categorization.

Cellar also contains documents from the organizations preceding the EU, which was
formerly established 1 November 1993 Therefore, we limit the extraction process to
documents that are not older than 1994 The remaining amount of extracted documents
is 42,135 (extracted on May 12 2025.

15
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Figure 2: Distribution of EU documents lengths measured in tokens. Each dot represents a
range of 5 tokens. It is visible that most documents far exceed the 512token context
window of BERT.

In Table 3 we summarize the distribution of the retrieved documents over document
types and the moral/nonmoral domains. It is notable that there are relatively many
preparatory actompared to the other documents. The reason for this is that each
passed law goes through several iterations, each of which corresponds to a preparatory
act. This category also includes staff working documents. We include these documents
because we assume that they generally express morality more directly compared to
the passed law documents, as these are usually compromises between many different
actors.

The low number of treaty documents is not surprising, as there are only four treaties
currently in force: &

Treaty on European Union

Treaty on the Functioning of the European Union

Treaty establishing the European Atomic Energy Community
Charter of Fundamental Rights of the European Union

The 10retrieved treaty documents all amend the Treaty on European Union.

The distribution of document lengths is visualized in Figure 2. Almost all documents
(88.7%) exceed the BERT context window of 512 tokens (Devlin et al., 2019, and 208
documents are longer than 100000tokens. EU documents can therefore be considered
as extremely long documents, making them interesting to study in many contexts
including moral foundation prediction.

6 https://eur-lex.europa.eu/collection/eu-law/treaties/treaties-force.html



3.2.2 Annotation corpus

The goal of this work is to develop a model that can extract the moral foundations of
EU documents without the access to a dataset of EU documents with moral foundation
labels. To the best of our knowledge, such a dataset does not exist currently. To train
the model, we therefore use an unsupervised domain transfer technique as presented
in Section 4.4.

However, we still need to evaluate the performance of the model on EU documents
in addition to the labeled data used for training. For this reason, we create a small
corpus of 114 EU documents that are hand annotated for the virtues and vices of the
ve original moral foundations, i.e. 10 possible labels in total.

When selecting documents for annotation, we have two goals. First, the annotation
task has to be practical. If the task is too dif cult, the quality of the annotations will
suffer and the amount of completed annotations in a limited time will be lower. Second,
we need to account for the class imbalance in moral foundations (see Section3.3). Some
moral foundations are more prevalent than others, and positive samples are generally
rare.

To make the annotation task practical, we need to limit the lengths of the documents
the annotators have to read, since EU documents tend to be extremely long, as we have
seen in the previous section. Therefore, we cut off the documents at the next end of a
sentence after1,024 tokens. We use the statistical sentence segmentet from the spaCy
python package (Honnibal et al., 2020 to determine sentence endings.

Cutting off the documents removes potentially relevant context and signals of moral-
ity late in the document. However, we assume that EU documents tend to be long be-
cause they cover a lot of details about one subject and not because they cover a lot of
different subjects. Our experiences with the annotation work con rm this assumption.
Usually, one can get a good idea of what the document is about by reading the title
and the rst few paragraphs.

Some documents are so long that this procedure cuts them off before the end of
the table of contents. Since there would be no content in these cases, we remove all
documents that contain a table of contents. These documents would be dif cult to
grasp for annotators based on the rst few paragraphs, as they usually contain many
chapters.

Next, we remove documents that are shorter than 512 tokens. Most of these shorter
documents are corrigenda, summaries, or amendments. In each case, we are more
interested in the original documents. Furthermore, EU documents contain a lot of rep-
etitions and long names/descriptions, which lengthen the document without adding
more content. Therefore, these documents only have a few sentences that are actually
relevant for the annotation task.

7 en_core_web_smmodel (version 3.8.0)
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At this point, 35,330documents are left to select a subset for annotation. To further
narrow down, we compute the pairwise similarities of the documents using spaCy
(Honnibal et al., 2020. The document similarity is calculated as the cosine similarity
between the averaged word vectors® in each document. We remove documents that
have a similarity of 0.99 or higher to another document in the corpus. These high
similarities occur because some laws consist of multiple documents or go through
several stages, each of which is published. By keeping only one of these documents,
we ensure that the nal annotation corpus does not contain multiple documents that
are almost the same.

We are aiming for a relatively balanced dataset and also want to annotate docu-
ments that have a high likelihood of expressing morality. We use the document scoring
method of the eMFD (Hopp et al., 2021, see Section2.2) as an estimator for the proba-
bility that a document is expressing a certain moral foundation. The eMFD consists of
3,270 words, and for each word the probabilities that it expresses each moral founda-
tion. To compute a document score, the probabilities of all words in a document are
averaged. This is by far not a perfect measure since a dictionary does not take context
into account, and the eMFD was generated using news texts which are very differ-
ent from EU documents. However, we do not rely on the eMFD scores being correct.
We just need a rough measure for moral foundations as a preselection for annotation,
which will then lead to more accurate labels.

The eMFD gives probabilities for the ve original moral foundations, not distinguish-
ing virtues and vices. For each foundation, we rank the documents by the respective
probability. From the ranking, we select the top k documents for each of the ve moral
foundations and add them to the annotation corpus. During the annotation process, k
was gradually increased according to available resources. The nal value was k = 35,
yielding 114documents as there is some overlap between the rankings of the different
foundations. Furthermore, we selected the top two documents from each foundation
as a set of 10 xed documents that were mandatory for all annotators. The rest of the
documents were each annotated by one annotator.

3.2.3 Annotation process

The annotators were provided with a short explanation of moral foundations theory
and brief descriptions of each label (virtues and vices of each foundation), including
some general examples. Each annotator could choose from all10 labels. We informed
the annotators that documents can express any amount of labels, including no labels
at all or contrary ones (i.e. care and harm).

In the instructions, we explained that the documents are cut off at some point. So
annotators were aware that they usually did not see the full document. We also asked

8 We use the vectors from the en_core_web_Ig model (version 3.8.0).



Figure 3: Screenshot of the annotation interface.

them to use as little context knowledge as possible. In Appendix A, we provide the
full instructions that were shown to the annotators.

To make the annotation task easier, we provided the publishing date, the document
type, and the EuroVoc subjects of each displayed document. Furthermore, we high-
lighted words that have a score greater than one standard deviation over the mean
in any foundation according to the eMFD. Annotators were informed about the high-
lighting process and its potential weaknesses.

The rst 10 documents were the same for each annotator, but their order was ran-
domized to avoid capturing learning effects of the annotators. After nishing the rst
10 documents, the annotators were shown random previously unlabeled documents.
We asked annotators to complete at least20 documents (10 xed, 10 new).

Figure 3 is a screenshot of the annotation interface that was used by all annotators.
We developed the interface from scratch and publish its code on GitHub. °

3.2.4 Annotation results

There were 6 annotators who annotated 111 documents in total. Three documents
from the corpus presented above were skipped by the annotators since they were
not readable due to extraction errors. In Table 4 we show annotation statistics of the
10 xed documents that were annotated by all participants. Previous works like the

MFTC (Section 3.1.2; Hoover et al., 2020 and the MFRC (Section 3.1.3; Trager et al.,

9 https://github.com/JakobLindscheid/eu-morality-annotator
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Krippendorff's aloha Number of documents Number of
PP P (50% agreement) annotations

virtues grouped virtues grouped virtues grouped

& vices foundations | & vices foundations | & vices foundations
Care 0.312 0502 5 6 25 30
Harm 0.292 2 10
Fairness 0.359 0476 4 5 26 30
Cheating 0.205 1 7
Loyalty -0.035 0.099 0 0 3 5
Betrayal -0.017 0 2
Authority 0.028 0.001 3 3 16 18
Subversion 0.052 0 4
Purity 0.103 0.262 0 5 3 8
Degradation 0.126 0 6
Overall 0.311 0406 - - 102 91

Table 4: Summary of annotations on the 10 xed documents that were annotated by all 6 anno-
tators. We provide additional statistics for the case where the virtues and vices of each
foundation are considered as the same label. The statistics include Krippendorff's al-
pha as a measure for inter-rater agreement, the number of documents where at least
half of the annotators agree with a certain label and the total number of annotations
for each label.

2022 use Fleiss's kappa (Fleiss,1971) and prevalence- and bias-adjusted Fleiss's kappa
(PABAK; Sim and Wright, 20095 to compute the inter-rater agreement. These measures
work under the condition that the annotators for each item are randomly sampled
from a larger group. Since this is not the case for us, we report Krippendorff's alpha
(Krippendorff, 2018, which additionally works for multi-label classi cation tasks, such

as ours.

When considering all labels together as a multi-label task, we observe an inter-rater
agreement of 0.311, which is considered fair (Landis and Koch, 1977. This is in line
with the observations of previous works (Beir0 et al., 2023 Hoover et al., 202Q Trager
et al., 2022, who report similar agreement and conclude that detecting moral founda-
tions in text is relatively dif cult, also for human annotators.

In Table 4 we also show the total number of annotations for each foundation and the
number of assigned document labels based on a50% agreement between annotators.
Additionally, we group the virtues and vices for each moral foundation into a single
label and recalculate the shown statistics. This is done to observe whether annotators
disagree over the foundations themselves or rather between the virtue and vice of a
foundation. For example, given the sentence



21

Moral Nonmoral Overlap Total

Care 30 0 3 33
Harm 25 0 5 30
Fairness 37 2 3 42
Cheating 12 0 0 12
Loyalty 5 0 0 5
Betrayal 3 0 1

Authority 19 2 3 24
Subversion 8 0 2 10
Purity 3 0 0

Degradation 6 0 1 7
No assigned label 14 16 3 33
gggl;fernc;fs 81 19 11| 11

Table 5: Frequencies of EU documents per foundation and domain based on assigned labels
by annotators. For documents that were annotated by more than one annotator we
only used labels that were assigned by  50% of annotators. Moral foundations were
we observed no or almost no inter-rater agreement are shaded in gray.

“We condemn the Kkilling of the homeless woman.”

annotators may disagree whether to choose care or harm, but it is relatively clear that
one of the two ts this sentence. In fact, we observe a slightly higher agreement when
grouping the moral foundations as visible in Table 4.

In general, there is a fair agreement for the care/harm and fairness/cheating foun-
dations, which also correspond to the most annotations. In contrast to that, there is
almost no agreement for the authority/subversion foundation, while there are the
third-most annotations for that foundation.

In Table 5 we show the number of documents for each foundation and domain
(moral/nonmoral subjects) based on the annotation results from all 111 annotated
documents. As before, we use a majority vote ( 50% of annotators) to determine
the labels of the 10 xed documents that were annotated by all annotators. All other
documents were annotated by one annotator. Again, it is visible that the care/harm
and fairness/cheating foundations are the most prevalent labels. The authority/sub-
version foundation is also detected in a substantial number of documents, while the
loyalty/betrayal and purity/degradation foundations are quite rare.

Additionally, we can see that the distinction of moral and nonmoral domains has
the expected results. Almost all documents from nonmoral subjects were not labeled
with any foundation as visible in the second to last row in Table 5.



t—SNE visualization of EU documents, MFTC, MFRC, and MFNC datasets
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Figure 4: t-SNE visualization of document vectors from the different datasets. The visible sep-
aration between datasets, especially EU documents, motivates the use of a domain
transfer technigue.

3.3 summary and exploratory analysis

Figure 4 shows 2—dimensional visualizations of the document vectors from the dif-
ferent datasets using t-Distributed Stochastic Neighbor Embeddings (t-SNE; Van der
Maaten and Hinton, 2008. The document vectors are generated by averaging the re-
spective token vectors from the en_core_web_Ig model (version 3.8.0) in the spaCy
python package (Honnibal et al., 2020.

While there is some overlap between the datasets, it is visible that they are generally
located in different parts of the embedding space. Especially, the EU documents are
separated quite clearly. As expected, the MFNC—documents are located in the same
region as the MFNC—paragraphs. In the MFTC there is some additional separation
visible, which may be attributed to the different corpora in that dataset.

Generally, the separation of the different datasets motivates the use of a domain
transfer technique. Figure 4 shows that we cannot expect a model trained on one of
the datasets to perform well on a different datasets without accounting for that domain
transfer.

In Table 6 we show the number of positive samples for each class in addition to the
number of documents without any label and the total number of documents for each
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