


Research Report meinung

What makes us human? One answer is eth-
ics and morality. The TUMJA project mein-
ung analyses moral stances in text. It builds
upon an existing mapping of words to their
moral meanings, and combines this with the
large language model BERT. As such, mein-
ung improves existing methods of measur-
ing morality by extending the scope of ap-
plicable words, i.e. moral vectors can now
be calculated for almost any word — which
also improves performance for short texts.
Additionally, the approach of meinung al-
lows differentiating identical words in differ-

ent contexts and thus different meanings.
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Preface by the Supervisors

Prof. Dr. Claudia Klippelberg und Prof. Dr. Martin Werner

Information provided by newspaper texts expresses and influences
moral perceptions of our society. Our team "meinung" had the am-
bition to understand possible changes in moral perceptions over the
years and chose environmental news as one prominent example.
When natural disasters like floods, heatwaves, earthquakes, and
hurricanes strike, the media report immediately. Moreover, ques-
tions are raised about responsibility and blame. Could the disaster
have been prevented, was the response of government and disas-
ters services adequate? This way, often, a natural disaster leads to
moral questions and to discussions about climate change, includ-
ing accusations of neglect of sustainability issues by politicians.

The team members drew on different scientific methods to study
word connotations by building a metric based on counts of neg-
ative and positive words. Acknowledging the complexity of the
problem of assessing moral perceptions within society, our team
used five different base criteria: authority, care, fairness, loyalty
and sanctity. Their study also incorporated considerations of con-
text awareness as well as non-explicit context. The fact that lan-
guage changes naturally over time is also taken into account. An
algorithm has been designed to implement these issues for ana-
lyzing moral connotations in texts and compared favorably to the
extended Moral Foundations Dictionary.

The team succeeded in a demanding project of interdisciplinary re-
search at the intersection of sociological, philological and comput-
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er science contributing to the discussion of the ethical foundations
of our democracy.

Beyond the technical achievements, what stood out most was the
spirit of cooperation and the shared vision within the team. Despite
different backgrounds and skills, they were united by a common
goal, which led to valuable project results.

As supervisors, we had the privilege of observing a team of young
students developing from highly motivated singletons in different
study programs into a joint research team, whose interdisciplinary
members brought in their diverse personalities and disciplinary
strengths to successfully conclude a unique and socially important
project within the given deadline. Each member brought unique
perspectives and expertise to address the challenges of com-
plex text- searches in answering questions about how our society
changes moral perceptions.

One of the best TUMJA moments was the invitation of team mem-
bers to the BR Forum "Al for Media: Science meets Journalism"
organized by Bavarian Public Broadcasting Service (see photo). In
this meetup, they presented their initial results and got into discus-
sion with practitioners from the press.

As supervisors of the team, we are proud of you and all your
achievements. Working with you has always been a pleasure. H
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Can We Measure Morality?

The TUMJA research project meinung wants to enhance the cur-
rent methods of morally analyzing text. But why is moral analy-
sis a very relevant topic — if not crucial for democracy? Can we
really push moral analysis beyond the theoretical analysis of dry
text? Yes, we can. Because text is not just a form of expressing
thoughts. Especially with newspapers, text actually becomes a
mirror of society.

Floods, heatwaves, earthquakes, and hurricanes — natural disas-
ters seem to be occurring with increasing frequency and severity.
When disasters like these strike, the media responds swiftly, often
becoming the lens through which the public experiences the chaos
and aftermath. Headlines flash across news channels, websites,
and social media, capturing not only the scale of the destruction
but also the stories of those affected. While images of flooded
streets, submerged homes, and displaced families dominate the
front pages, there’s often another narrative at play — one that ex-
tends beyond the immediate devastation. This narrative is about
morality, responsibility, and blame: Who is at fault for the disaster’s
impact? Could it have been prevented? And what do these events
reveal about our societies, our governments, and the way we treat
our planet?

The ways these questions are framed in the media can shape
public perception dramatically. In the United States, for instance,
the response to Katrina was as much about the failure of federal
relief efforts as it was about the hurricane itself. Even questions
of race, class, and inequality surfaced, turning a natural disaster
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into a moral and political reckoning. Meanwhile, in Europe, cover-
age of extreme weather events often shifts quickly to debates over
climate change, sustainability, and the collective responsibility of
humanity for the increasingly volatile environment.

As we can see, news media bear a great responsibility in society,
forming opinions and ultimately having an effect on political de-
cisions. One thing which mainly influences how the news is per-
ceived in the media is which words have been used — and we need
to consider not only the words themselves, but also the contexts
into which they are placed as well as their target audience. Unfortu-
nately, many newspapers create captivating headlines to attract a
large audience — at the cost of neutrality. So, it is essential to meas-
ure how words have been used in a newspaper article to increase
transparency, which is quite important for a working democracy.

Word Connotations: There is a big difference in using words and
phrases with similar meanings but different connotations. Speak-
ing of environmental topics, you could describe agricultural farm-
ing as ”a cultivation of nature to maximize the growing of food” —
or, by contrast, “the occupation of natural space to satisfy human
greed.” When analyzing such varying connotations, and whether
a news article expresses a positive or a negative viewpoint, one
could easily assign each word a number on a scale from posi-
tive (e.g., 1) to negative (e.g., -1), and sum the values up. For ex-
ample, in the positive example above, we have “cultivation” and
“maximize” — two positive words, i.e., score +2. The negative ex-
ample contains “occupation” and “greed” — two negative words,



i.e., score -2. However, a balanced sentence or article would yield
a number near zero, like “Agriculture is a cultivation of nature to
maximize the growing of food. However, in the context of rainfor-
ests it may seem less negative to say it is rather an occupation of
natural space to satisfy human greed” - yielding a score of 0. By
using this metric now, one could not only classify news articles
into positive or negative, but also observe the newspapers’ orien-
tation over time. In fact, there already exists such a score, called
the extended Moral Foundation Dictionary. As measuring morality
and word connotations is quite complex, it does not have just one
dimension as in the examples above (i.e., negative to positive), but
actually five different dimensions: authority, care, fairness, loyalty,
and sanctity.

Context Awareness: One downside of the above-described meth-
od is that it is unaware of any context. For example, the expres-
sion “love”, as related to parents, has quite a different meaning
than “love” as related to ice cream — even though it is the same
word. That’s where natural language processing comes into play:
It translates all words into a mathematical construct called vec-
tors — you can think of them as virtual words. So, in very simplified
form, a sentence like “I love ice cream” is turned into “I love-as-
in-like ice cream” and “I love my parents” is turned into “| love-as-
in-relations my parents.” Now, you can compare the words again,
because “love-as-in-like” is a different word than “love-as-in-re-
lations.” In fact, natural language processing doesn’t compare
words like we humans do, but rather using the aforementioned
vectors and numbers.

meinung

Non-explicit Context: However, context alone is not sufficient ei-
ther. Even expressions “l like trees” or “l love my parents” have
very different meanings across cultures. For example, in Eastern
countries, parents enjoy a much greater authority beyond a child’s
legal age than in Western countries. People in the mid-latitudes
have a very different understanding of the robustness of trees than
in African countries. For example, a robust tree in Germany is as-
sociated with an oak, whereas in Africa it is mainly associated with
robustness against drought.

Time-Factor: Even if you account for all aforementioned factors
during the analysis of the connotations in news articles — language
still changes over time. The German word “geil” (colloquial for
awesome) had a very different meaning a few decades ago: horny.
And language now seems to change faster than before. For analyz-
ing moral connotations in texts, it is thus almost essential to find an
automated algorithm, so that the analysis can be conducted faster,
more efficiently, and — most importantly — neutrally.

This is in essence what the TUMJA research project meinung is
about: Enhancing methods of moral analysis in text. In this, we aim
to contribute to existing research at the intersection of sociological
and philological research as well as computer science. Moreover,
measuring morality facilitates the assessment of opinionating ar-
ticles and thus serves as a factor of transparency — ultimately an
important prerequisite for democracy. |
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Enhancing the extended Moral Foundation Dictionary with BERT
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Introduction

Moral values, as a product of human civilization and communal
living, continually evolve and adapt along with changes in the spirit
of the times. Most research examining moral content in text has
been based on the practical application of moral foundations the-
ory [1]. This suggests that individuals across different cultures and
societies share five innate and universal moral foundations, each
with their positive/negative poles as virtue and vice: care/harm
(incl. sympathy, compassion, and nurturance), fairness/cheating,
loyalty/betrayal, authority/subversion (involves concerns about
traditions and maintaining social order), and sanctity/degradation
(involves moral disgust and spiritual concerns related to the body).
Using moral foundations theory as a framework, dictionary-based
approaches have been developed to analyze moral content. The
methods used therein focus on identifying the frequency at which
keywords related to moral foundations appear in a text [2].

History of Moral Measuring

Graham et al. [3] created the first dictionary based on moral foun-
dations theory. This dictionary was constructed through the man-
ual selection of words from thesauruses and conversations with
colleagues, which were chosen to represent the upholding or viola-
tion of specific moral foundations. After some research, the Moral
Foundations Dictionary (MFD) [4] was first implemented to study
differences in moral language, for example in religious texts [3]. In
essence, the MFD maps words with moral values to one or more
moral foundations, but most often only one.

While the MFD provides a straightforward, word-count-based
method for extracting moral content from text, several concerns
[5-7] have been raised regarding its theoretical validity, practical
utility, and scope. Hopp et al. [8] summarized these concerns into
three categories:

Validity and Generalizability. The MFD is constructed using lists of
moral words, which were deliberately selected by a small group of
experts [3]. This approach raises concerns about the dictionary’s
ability to accurately capture intuitive moral processes in the gener-
al population, and thus invites criticism of its validity.



Categorization Limitations. The MFD and similar tools rely on a bi-
nary approach, where each word is assigned fully to a moral foun-
dation — but this clearly does not allow for any scalar differentiation
(e.g. slightly fair). This rigid classification constrains the dictionary’s
ability to reflect the natural variation in moral information and its
contextual meanings across diverse situations.

Simplified Representation. The methods used for the MFD con-
ceptualize text as so-called “bags of words” [9], which significantly
limits their ability to capture the relational structure of moral acts,
such as identifying the actors involved, the nature of the actions,
and the underlying reasons for their occurrence.

To address these limitations, Hopp et al. [8] developed the extend-
ed moral foundations dictionary (€MFD). In contrast to previous
approaches, the creation of the eMFD involved a web-based,
hybrid content annotation platform, known as the Moral Narra-
tive Analyzer (MoNA). Annotators were instructed to identify five
predefined moral foundations within news articles, which were
sourced from major media outlets. Prior to annotation, the texts
were preprocessed through tokenization, stop-word removal, and
part-of-speech tagging, which is a form of tagging words with their
grammatical function (e.g. nouns, verbs, ...).

A total of 2995 articles were annotated, and words or phrases
were assigned probabilities for each moral foundation based on
annotation frequency. So, words were not only assigned to one or
more moral foundations, but also had different degrees of intensity
in each moral foundation. This intensity is measured on continu-
ous scales between -1 and +1, e.g. +1 for care, -1 for harm, 0.6
for rather care, and so on. To ensure reliability, lexical items were
filtered and retained only if they occurred multiple times across
different annotators and contexts. Additionally, sentiment analysis
using VADER (Valence Aware Dictionary and sEntiment Reasoner)
was employed to classify words into “virtue” or “vice” categories,
thereby capturing their moral valence.

Besides creating the dictionary, Hopp et al. also validated it on
a newspaper articles dataset. The accompanied Python library

meinung

eMFDScore enables moral analysis through bag-of-words and
syntactic dependency parsing methods. The eMFD was validated
through statistical tests, comparing it to previous dictionaries (like
MFD 2.0). With a total of 3270 words, the eMFD provides a robust
tool for analyzing moral connotations in text and serves as a base
for further research.

Research Questions

One flaw with static word lists is that any change of meaning due
to different contexts is normally not reflected in the measures for
each moral foundation. For example, the word “love” in “I love ice
cream” has a different meaning than in “l love my parents.” Despite
the eMFD’s attempt to include contextuality in calculating moral
connotations of words, the moral values are combined into a single
moral vector for each word. This lack of differentiation also applies
to the eMFD. Thus, we investigate how the eMFD can be improved
to account for different meanings of the same words in different
contexts (RQ1).

Second, as the moral foundation dictionary was created statically,

and language is constantly changing, a static version of the eMFD

might not reflect all words with a moral connotation. Thus, we in-

vestigate how the eMFD can be extended to measure moral con-

notations of words which are currently not within the eMFD (RQ2).

This enables moral measurement of words beyond its limits. Sum-

marizing the above, our research questions are as follows:

B RQ1: How can the eMFD be improved to also account for differ-
ent meanings of words resulting from different contexts?

B RQ2: How can the eMFD be extended to measure moral conno-
tations of words currently not within the eMFD?

To answer these questions, we combine the eMFD with a large-lan-
guage model, which models a superset of the words in the eMFD.
In this way we can generalize moral dimensions to other words
which are not mapped to a moral vector yet.

Our moral language model allows to capture differences in seman-
tic meanings of words by taking their context into account. This is
crucial for accurate moral and semantic analysis. Additionally, our
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approach is not based on a static dictionary but effectively allows
for modularly extending the eMFD based on the used large-lan-
guage model. And lastly, we validated our model by using differ-
ence-in-difference comparisons with the eMFD. Validation was
conducted with regard to alignment with the eMFD, generaliza-
bility to words not contained in the eMFD and whether our model
performs better with short texts, like those that prevail on social
media. As such, we contribute an important milestone to con-
text-aware moral measuring, which is relevant in various fields of
science such as fake-news detection or neutrality analysis of text.

Related Work
There is a range of existing research related to our work. In the
following, we provide a brief overview of such research.

Applications

Sagi et al. [10] performed a moral analysis on tweets connected
to the U.S. government shutdown in 2013. Their main focus were
the differences in moral stances between intra-community and in-
ter-community retweets on that topic. The research also took into
account how much users interacted with the actual content — be-
sides the moral logic. Interestingly, there was a significant effect:
Content was emphasized more than moral rhetoric.

Similarly, Roy et al. [11] analyzed moral sentiment in U.S. politi-
cians’ tweets about two controversial topics. The research shows
a significant difference between political parties.

From both research projects, we can see that differences in moral
stances can indeed be measured between groups. This is a pre-
requisite for verifying our research.

MFD Extensions

Rezapour et al. [12] extended the MFD [4] with a manual process
involving humans. Besides that, they also applied their enhanced
MFD on natural language processing tasks to test its usefulness
for measuring social effects. While validating the enhanced MFD
with language models, they were not used in the extension pro-
cess itself. So, in contrast to our research, they do not account for
different meanings of the same words in different contexts.

Due to language limitations, Cao et al. [13] created their own moral
foundation dictionary by adapting moral foundation theory to the
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Chinese language domain. Besides manual semantic annotation,
they complemented their approach with large-language models to
extend their dictionary. However, their results are limited to Chi-
nese comments on Weibo. We expect different results for English
large-language models which include more versatile input sources
than short-text comments.

Egorov et al. [14] proposed an orthogonal dimension to the mor-
al foundation theory. They extended the existing five foundations
each with four different sensitivities: victim sensitivity, observer
sensitivity, beneficiary sensitivity, and perpetrator sensitivity. These
should give a better differentiation for each moral foundation, be-
cause the perception of morality depends on each perspective.

Sagi et al. [7] use a keyword-based approach to apply the eMFD
to any kind of text of a specific topic domain. This enables filtering
out moral values of different topics contained in the same text.
Before that, this had added additional noise to moral measure-
ments. However, they still use the static dictionary approach of
the eMFD - so while their approach discards off-topic statements,
they still do not include contextuality into their measurements.

More akin to our research, Nguyen et al. [15] fine-tuned a large-lan-
guage model for analyzing moral stances in newspaper articles.
This model, called Mformer, was found to outperform existing ap-
proaches of moral measurement. While their language model is
applicable to several text domains, they estimate moral connota-
tions directly via the model - instead of focusing on extending the
eMFD. Thus, we also use different approaches for validation than
the ones used by Nguyen et al.

Unfortunately, many approaches involve manual human annota-
tions. This doesn’t scale to analyzing large text corpora. Another
limitation of human-annotated moral models is noise introduced
by the annotations [16]. We therefore focus on an approach which
does not involve human annotation.

Methods

One of the most widely used methods to evaluate texts using the
eMFD utilizes a method commonly known as bag-of-words (BoW)
[8]. The BoW method counts the occurrence of words, which also
have a moral vector in the eMFD. The remaining frequencies are
then combined with the words’ scores in the eMFD [8]. One limita-



tion of this approach is that each word in the dictionary contributes
fixed moral values, regardless of its contextual usage. This con-
text-insensitivity can lead to misinterpretation, as already noted
with “love” as with ice cream or parents. We propose an approach
to overcome this limitation and include context when analyzing
words regarding their moral connotation.

Overview

To add contextual understanding to our moral model, we decided
to combine the eMFD with a context-aware large-language mod-
el. For this, the context-aware BERT model (Bidirectional Encoder
Representations from Transformers) [17] was a promising choice.
BERT is a pre-trained transformer model for natural language and
has found wide adoption due to its ease of use [18]. Specifically,
it is aimed at generating bidirectional context-aware vector rep-
resentations (i.e. embeddings) for text tokens (i.e. word fragments)
[18]. So each vector of a word (i.e. embedding) uniquely codifies
a certain meaning of this word. Other word vectorization models,
like word2vec [19] or GloVe [20], are context-free and thus lack an
essential property for our use.

First, we use the encoder of BERT to translate a sequence of to-
kens (i.e. word fragments) to a latent space, i.e. a high-dimensional
vector space, which encodes the meaning of tokens. When using
all words in a text for moral analysis, there may be a lot of noise.
To isolate meaningful context-sensitive, moral directions and thus
filter out noise, we reduce the amount of dimensions of the BERT
latent space. This is done by creating a linear projection of the
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latent embedding space using singular value decomposition (SVD)
[21]. During inference, token embeddings are projected into this
reduced vector space to enhance model performance, following
the approach of Brunton and Katz [22]. The number of dimensions
of the projection is thresholded based on the method described by
Donoho and Gavish [23]. We fixed the threshold at 100 for subse-
quent evaluations, which is the default value for SVD. Despite our
resolution being quite low (reducing 768 dimensions from BERT
[17] to 100 dimensions), this proved to be sufficient for our task —
especially because we were only interested in five moral dimen-
sions.

We then apply multiple linear regressions [24] to map the reduced
embedding vectors to moral vectors for each word and thus de-
compose the context-free moral vectors from the eMFD into each
of one or more context-aware versions. The regressions are mod-
elled from the existing moral vectors in the eMFD. After calculating
the moral vectors of individual words, the overall moral profile of a
text is computed by averaging the individual word-level scores. For
comparisons using the bag-of-words (BoW) method, the word-lev-
el scores were averaged, weighted by word frequency. Using the
fitted regression models also for inference enables the consistent
mapping of any contextualized BERT embedding to a moral vector.

Figure 1 visualizes the architecture of our approach. It also depicts
which components are mainly responsible for context-awareness
as well as generalizability/extendability to words currently not with-
in the eMFD.
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Figure 1: Model Architecture
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BERT Word Embeddings

BERT allows for being fine-tuned by adding an additional layer,
without having to train a full transformer model. Our model builds
upon the hypothesis that the dimensions in BERT for representing
words also encode moral connotations — even if not directly as
moral vectors, but implicit as a linear combination of other vectors
in the latent or reduced space. As we see in subsection 4.2, this
hypothesis proves to be true. The implicit moral connotations are
then extracted with multiple linear regressions using the ordinary
least squares method [24].

To generate a context-aware embedding (i.e. vector) for each
word of a text, we first frame the text between the [CLS] and [SEP]
tokens. This instructs BERT to classify text [17]. The framed text
is then tokenized using the pre-trained bert-base-uncased to-
kenizer1. The tokens are converted to token IDs and an attention
mask considering all tokens is generated. Importantly, the BERT
model can only handle a maximum of 512 tokens. Thus, we have
to truncate the tokenized sequence to fit this restriction. Final-
ly, the token IDs and attention mask are given to the pre-trained
bert-base-uncased model. The BERT model is configured to re-
turn all hidden representations, so we can add the aforementioned
fine-tuning layers.

Because the tokenizer might split individual words into multiple
tokens so that each have a separate embedding, we have to ag-
gregate these into a single embedding (i.e. vector) representing the
combined word. This is achieved by averaging the moral scores of
all tokens from each moral dimension, which together represent
a single word. In other words, we take the average of a word’s
token embeddings to calculate the overall word embedding. As a
result, the construction returns a list of tuples with each the word
(as string) and a tensor, which contains a word’s context-aware
embedding (i.e. vector) for each of BERT’s hidden states.

Validation

As we can see above, our approach effectively extends the eMFD
beyond the range of its contained words. When comparing our
model with the eMFD though, we have to ensure the same base-
line with the eMFD. This means that we have to discard all words

1 https://huggingface.co/google-bert/bert-base-uncased [17]
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which are not contained in the eMFD from calculating the moral
vector of the overall text. At the same time, we still would like to ac-
count for slight differences in moral connotations due to the words’
context — which effectively is our improvement over the eMFD. To
give an example, the moral vector of the following sentence is to
be calculated: | love my parents. “I” and “my” may not occur in
the eMFD - so we cannot compare our moral vector to the eM-
FD’s vector for these words. However, due to exactly these words,
there might be a slight difference in the moral vectors of “love” and
“parents”, because in our model these words are embedded in a
different context. To account for this problem, we filter out words
from calculating the moral vector without removing their context
as follows.

As described in subsection 3.2, the words, for which one calcu-
lates the moral vectors, are first encoded into the embeddings -
so they maintain their contextual meaning. It is important, that
only thereafter the resulting tuples of words and their embedding
vectors are filtered. This filtering mechanism allows for assessing
only the words which also occur in the eMFD and comparing them
using the aforementioned bag-of-words (BoW) method. The re-
maining vectors are then row-wise combined (i.e. stacked) to the
embedding matrix X. By default, i.e. without this filtering, all words
are considered as long as they are alphabetical (i.e. only contain
letters) and are not stop-words.

Reproducing the eMFD

To assess our model and compare it to the eMFD vectors, we
calculate the moral vectors from our model and the eMFD tool for
all 1985 validation articles used in the eMFD paper [8] — the 1010
articles for developing the eMFD were excluded for selecting a
proper baseline. This is similar to how the eMFD [8] was validated
against other moral dictionaries, such as the original MFD [3] and
the MFD 2.0 [27]. As there could have been some noise in our
model due to the linear regressions, we wanted to see how well
our model reproduces the eMFD. For proper comparison, we filter
out all words not occurring in the eMFD as described before and
use the BoW approach for calculating the overall moral vector for
the article.

Generalizability beyond the eMFD
To assess the model’s generalization capabilities, the eMFD is split
into training and validation subsets, each representing 50%. The
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linear regressions of our model are inferred from the training sub-
set. We then calculate the moral vectors for all words in the testing
subset and compare them with the existing vectors from the eMFD.
For this, the cosine similarity was found to be a proper metric [28].

Our model should not be restricted to the words in the eMFD, but
should also provide reasonable moral scores for other words. We
therefore assess whether our model’s moral scores of words not
contained in the eMFD follow the same distribution as our model’s
moral scores of words in the eMFD.

Short-Text Performance

As our model generalizes to other words not contained in the
eMFD, we suspect a higher performance with short texts, because
more words in short texts can be used for a moral analysis than
with the eMFD. We therefore compare the moral vectors of the
titles, summaries and full-texts of a random 10,000-article subset
of the one million articles in the RealNews dataset [29] from our
model with the ones from the eMFD. As ground truths for compar-
ison, we calculate the moral vectors from the eMFD for the whole
article. So, the closer the moral vectors from the short texts are to
the moral vectors of the whole article, the better the model per-
forms for short texts. As suggested in [29] (and later also seen in
section 4.2), one cannot assume the meaning or moral vectors of
headlines to align with the full-text article. However, our approach
of benchmarking by the correlation of headlines to full-texts is still
valid, because verifying a higher correlation is a stronger indication
towards correct moral measurement than a lower correlation. This
is supported by the fact that the eMFD cannot capture contextual
semantics and thus yields inferior correlation.
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Validation via Social Effects

However, it is not sufficient to validate our model against distri-
butions. Technically, moral scores from our model can yield com-
pletely different moral scores while maintaining the exact same
distribution as the eMFD. We thus compare our model identically
to how the eMFD was compared against its predecessors [8]: ana-
lyzing the moral scores of articles from news sources with different
political leanings. Previous research [3, 30] has found that conserv-
ative news sources tend to emphasize binding moral foundations
(loyalty, authority, and sanctity) while liberal news sources tend to
emphasize the individualizing moral foundations (care and fair-
ness). This has been largely supported by the eMFD [8].

For comparing our model, we use the same three news sources
with different political leanings: Breitbart [31] (far-right), The New
York Times [32] (center-left), and The Huffington Post [33] (far-left).
We then calculate the moral scores of articles from these news
sources using our model and the eMFD.

Results

Reproducing the eMFD

Similar to the comparison of the eMFD with its predecessors [8],
we compared statistical properties of our model’s moral scores to
the eMFD scores. The scores of both the eMFD and our model
follow the same distribution (see Figure 2). Both are with some
exceptions normally distributed, which aligns with the findings of
the eMFD paper [8].

Interestingly, all of our models predict significantly higher probabili-
ty scores for all moral dimensions compared to the eMFD.

Model

ES eoMFD Bow

4 eeMFD open
eoMFD spiil BoW

E3 eMFD

Figure 2: Distribution of Moral Scores of the Validation Articles
between the eMFD and Our Model

TUM: Junge Akademie — Research Reports #class24 89




We can also observe a visible shift in distribution within the moral
dimension care for our model (see eeMFD split BoW in Figure
2). This is highly likely to be due to an unfortunate random train-
ing split, which biases the model to predict higher values. Analo-
gously, the models eeMFD BoW and eeMFD open might not show
this behavior as they were trained with the full training data, com-
pensating for such bias. Besides the similar distribution of moral
scores, we also analyzed their correlation (see Figure 3). Pearson
correlation tests [26] within the same moral dimensions show that
our model correlates with the eMFD scores between 0.71 and 0.82
(p-values 10°19). Thus, we conclude that our model aligns with the
existing moral understanding, as measured by the eMFD.

eeMFD split Bow
0.200 B
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0.150
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0.075
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0.100 =
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0.075 0100 0.125 0.150

Model Score

eeMFD BoW

0.075 0.100 0.125 0.150

Generalizability

Our version of the model being trained only on the first half of
the eMFD, also shows a correlation with the second half of the
eMFD between Y=0.59 and Y=0.79 (see eeMFD split BoW in
Figure 3). We conclude that our model effectively calculates
moral scores of words which are not in the eMFD and can thus
generalize. So, under the hood, our model finds relevant dimen-
sions within the BERT language model that, in the main, strongly
correlate® with moral scores in the eMFD. This is evidence for
a very interesting insight about BERT’s capability to recognize
moral connotations.

eeMFD open
r=0.70

- e
- -
- _ -

- r=0.67
- _——
i count

r=062 -+ 120
90

d Ruoyine

d alen
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1
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dhyefol

d fyoues

0.075 0.100 0.125 0.150

eMFD Score

Figure 3: Rows represent the five moral dimensions. "eeMFD split BoW” shows the correlation results for testing generalizability of our model, "eeMFD BoW” shows the corre-
lation results for reproducibility, and "eeMFD open” shows the correlation including words not within the eMFD. Each point represents the moral score of a single article in the
validation dataset. The dashed diagonal represents a perfect correlation, i.e. a Pearson correlation Y=1.
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However, the correlations observed for our model trained on half
the eMFD are lower compared to the model trained on the full
eMFD. The difference can be explained in two ways. On the one
hand, it may be that the smaller training dataset compared to a
full eMFD makes generalization more difficult, simply due to its
lower sample size. On the other hand, the model may overfit on the
words within the eMFD. This would result in an inflated correlation
optimized towards the training dataset, which does not properly
reflect the model’s generalization capabilities.

Our model should not be restricted to the words in the eMFD,
but should also provide reasonable moral scores for other words.
Fulfilling this requirement is supported by the fact that the moral
scores follow the same distribution as the ones of words from the
eMFD. For the correlation analysis in Figure 3, we therefore also
compared a version of our model that excludes words in the eMFD
(see eeMFD open Figure 3). Indeed, our model still shows a mostly
strong correlation? with the scores of eMFD words. This indicates
valid moral scores for any word in the BERT language model. Ef-
fectively, our model is a dynamic extension of the eMFD.

& ® cMFD

Care Fairness Loyalty

0.3

®oo @m0 o

Absolute
Error

¢MFD  eeMFD open eMFD  e¢eMFD open eMFD

2 Regarding a definition for which thresholds a correlation is weak, moderate or
strong, we refer to the psychological definition, which is closest to our domain (see
comparison in [34, Table 1]).

A

eceMFD open

meinung

However, the aforementioned filtering for non-eMFD words is just
for validation purposes. The full model (i.e. without word filters)
yields a lower variance of the moral scores (see Figure 2) and cor-
relates better with the eMFD than the word-filtered model for vali-
dation (see eeMFD open in Figure 3) — which is quite to be expect-
ed. Our full model yields lower absolute errors and fewer outliers
than the eMFD (see Figure 4). This makes it a more reliable tool for
short-text analysis.

Validation via Social Effects

The eMFD [8] was validated against previous moral dictionaries [3,
27] by analyzing the moral scores of articles from news sources
with different political leanings. Previous research [3, 30] has found
that conservative news sources tend to emphasize binding mor-
al foundations (loyalty, authority, and sanctity) while liberal news
sources tend to emphasize the individualizing moral foundations
(care and fairness). This has been supported by the eMFD [8]. Hav-
ing a look at Figure 5, the emphasis on binding moral foundations,
especially authority and loyalty, are clearly visible for the far-right
news source Breitbart in both models. However, the emphasis on

@0 eeMFED open

Authority Sanctity

L]
@

Figure 4: Absolute Error
Distributions of the

eMFD  eeMFD open eMFD  eeMFD open eMFD and Our Model
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sanctity by Breitbart is not clear in either the eMFD or our mod-
el. Moreover, our model calculates higher care scores for Breit-
bart than for the other two news sources. This is in contrast to the
eMFD, which shows Breitbart scoring similarly to The New York
Times and The Huffington Post.

So overall, our model aligns with previous findings with some mi-
nor exceptions. This suggests that our model is a viable alternative

to the eMFD.

Conclusion
In this research, we proposed an improved version of the eMFD

which both includes contextuality to account for different mean-
ings of the same words and shows improved performance for ana-
lyzing moral connotations on short texts.

We answered research question RQ1 regarding the context-aware-
ness of moral measuring by combining the large-language model

eeMFD split BoW eeMFD BoW
0.20

Predicted Score

0.05

loyalty_p
care_d
farness_p
authority_p
sanctity_p
loyalty p

autharity_p

2
3
c
B

loyalty_p
are_p
farness_p
authaority_p
sanclity_p

Moral Dimension

eeMFD open

BERT with the eMFD. For this, we decomposed the moral vectors
in the eMFD into separate vectors of the same words each in a
different context (e.g. “love” as with parents or ice cream).

Research question RQ2 regarding the extension of the eMFD was
answered with the same method, essentially focusing on the fact
that BERT models many more words than the eMFD. By decom-
posing moral vectors onto the embeddings in the BERT model, we
could calculate moral vectors for any word within BERT - includ-
ing the ones not contained in the eMFD. Especially for calculating
moral values of short texts, our model shows superior performance
over the eMFD.

Our research is expected to impact multiple facets of computa-
tional social science — especially in the fields of detecting neutrality
in text or fake-news detection in social media domains. |

eMFD

News Source
: breitbart.com
E huffingtonpost.com
Iil nytimes.com
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Figure 5: Moral Scores from the Validation Dataset Comparing Our Model to the eMFD
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Moral und Ethik in Nachr

German for “opinion” - |

chten und Gesellschaft
and Ethics in News and Society

Analysing Moral Stances in Text

BACKGROUND

In our contemporary society daily news is
disseminated via various media with diverse moral
viewpoints. Extracting and standardising moral
positions from vast article volumes is a current
challenge. We focus on significantly increasing the
accuracy of moral content quantification in textual
data by considering semantic contexts. For this we
combine large-language models with the extended
Moral Foundation Dictionary (eMFD).

METHODS & RESULTS
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RQ1: How can the use of context-
aware methods improve moral
measuring of text based on the
eMFD?

RQ2: Can we quantify changes in
moral attitudes of socety over
time?

TUTI

IMPACT

We extend the eMFD to include arbitrary
words and capture semantic differences of
the same words, e.g. “love” Is different
with ice cream than with parents. This
enables to assess moral balance in text
(e.g. newspaper artickes), estimate moral
shifts in society over time and thus
provides a powerful tool for political and

social sciences,
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Our interdisciplinary project began in late 2023 with
the goal of analyzing moral language in newspaper
articles. After an initial literature review, we structured
our research around the Extended Moral Foundations
Dictionary (eMFD), a tool that identifies moral content in
texts. However, since the eMFD lacks context sensitivi-
ty —e.g., the word "love" varies by usage — we enhanced
it with natural language processing (NLP) techniques to
better capture contextual meaning.

We focused on various newspaper articles to explore
two main questions: Can the eMFD be used to quantify
shifts in moral attitudes during critical events? And how
can its context sensitivity be improved using modern
NLP methods?

Our analysis involved two parallel approaches: one
purely dictionary-based, and one combining the eMFD
with NLP techniques. This dual strategy enabled us to
compare traditional and context-aware methods of mor-
al analysis. We collected thousands of articles from US
and UK news sources using a custom algorithm.

Throughout the project, we refined our methods during
coding weekends, presented our results in a poster at a
scientific conference, and incorporated feedback from
both peers and experts. Our final phase included writing
a research paper and preparing for the symposium, with
a focus on tracing moral shifts over time and improving
the eMFD’s ability to capture nuanced moral expres-
sions. |



Self-Reflection

First and foremost, we would like to thank our supervisors, Prof.
Claudia KllUppelberg and Prof. Martin Werner. Their consistent
support and constructive feedback were instrumental in helping
us stay focused and achieve results. We are also deeply grateful to
our tutors, Stefan Engels and Eva-Madeleine Schmidt, who provid-
ed outstanding guidance throughout the project. Their availability
and willingness to support us at any time ensured that we always
had someone to turn to for advice.
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Reflecting on the past 18 months, there may be some challenges
leading to valuable insights and important lessons. These lessons
can be crucial not only for personal development but also serve as
a helpful guide for future teams at TUMJA.

Backup Plan: At the beginning, we needed to determine how to
objectively measure morality, which seems to be impossible at
first. After we realized the complexity of our task, we started to split
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the project into two parallel sub-targets: first, continuing our initial
goal to improve current methods of objective moral measuring (i.e.,
differentiating between words in different contexts by natural lan-
guage processing), and second, measuring morality in a concrete
application context. If we would have failed in our first goal, then
we could still complete the second goal by using currently existing
methodology (i.e., the pure dictionary approach). So, the extended
Moral Foundations Dictionary (eMFD) not only became the foun-
dation of our project but also served as our safety net at the same
time. Even though we made progress in both goals, this strategy
proved to be right due to unsatisfactory results. Additionally, nar-
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rowing down the topic to a concrete application gave us a clear vi-
sion of how our results might take shape. This eased the validation
of the results regarding coherence and soundness.

Time-Management, Productivity, and Diversity: One of our
biggest challenges was time management during peak periods
of studying and working, especially exam periods. However, with
our seven team members, we managed to distribute the workload
quite well according to everyone’s schedule and availability. Our
team members came from diverse academic backgrounds, had
varying strengths, and were often working in different countries.
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This diversity required us to plan ahead while remaining flexible.
We frequently adjusted the timing of our meetings, divided tasks,
and allowed sub-teams to set their own schedules while adhering
to overall deadlines. This structure allowed us to leverage each
member’s expertise and ensured that everyone could contribute
meaningfully. In particular, the seminar weekends and our cod-
ing weekends, which combined project work with team-building,
helped us stay focused and keep each other up to date. Especially
after the initial project-forming phase, moving from weekly meet-
ings to monthly coding weekends greatly increased productivity.
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A valuable tip for future projects: Start working on your project
early. This helped us immensely, especially when our initial ideas
didn’t stick.

Overall, the TUMJA research project was a great preparation for
future scientific projects in interdisciplinary teams and for further
specialization in our future careers. We value the connections we
made — both professional and personal — and look forward to stay-
ing in touch. |
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