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Abstract

Morality serves as the foundation of societal
structure, guiding legal systems, shaping cul-
tural values, and influencing individual self-
perception. With the rise and pervasiveness of
generative Al tools, and particularly Large Lan-
guage Models (LLMs), concerns arise regard-
ing how these tools capture and potentially alter
moral dimensions through machine-generated
text manipulation. Based on the Moral Founda-
tion Theory, our work investigates this topic by
analyzing the behavior of 12 LLMs among the
most widely used Open and uncensored (i.e.,
“abliterated”’) models, and leveraging human-
annotated datasets used in moral-related anal-
ysis. Results have shown varying levels of al-
teration of moral expressions depending on the
type of text modification task and moral-related
conditioning prompt.

1 Introduction

Morality serves a cornerstone in shaping societies,
influencing legal systems, socio-cultural norms,
and individual identities (Schwartz, 1992; Ellemers,
2018; Kadar et al., 2019; Hofmann et al., 2014).
Language is central to communicating morality,
as moral values are conveyed through word choice,
framing, and rhetoric, often embedded in subtle
linguistic patterns (Kennedy et al., 2021b). Under-
standing this communication is essential for ana-
lyzing its societal impact, especially in the digital
age due to the advent of generative Al, with large
language models (LLMs) playing an increasingly
dominant role in creating or editing textual con-
tent. Trained on world-scale crowdsourced corpora,
these models learn lexical, semantic, and factual in-
formation that also capture a wide range of cultural
and moral biases embedded within the language
(Schramowski et al., 2022; Abdulhai et al., 2024;
Hammerl et al., 2023). While this enhances their
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ability to recognize moral aspects in text (Guo et al.,
2023; Zhang et al., 2023; Preniqi et al., 2024), it
also fosters implicit moral tendencies during train-
ing, influencing the language they generate.

Problem Statement, Research Questions and
Hypothesis. Despite existing studies on moral-
related tasks based on LLMs, there is however a
lack of understanding regarding the way moral val-
ues are communicated through language that is
subjected to a review or editing process by LLMs.
Our research aims to fill this gap by exploring
the following central question: how do generative
LLMs influence moral expressions when modify-
ing human-authored content? More specifically,
we investigate the following research questions:

e RQO: Are LLMs aware of a psychological con-
ceptualization of moral foundations?

e RQ1: How does model-generated text editing in-
fluence the moral expressions in the modified text?
e RQ2: How do LLMs behave when prompting
them to emphasize the strength of any moral ex-
pressions detected in a text?

e RQ3: How do LLMs respond when prompted to
amplify or weaken moral expressions associated
with a specific moral dimension in a text?

Assuming that the LLMs under evaluation are ad-
equately informed about moral foundations (RQO),
we hypothesize that they are more likely to alter
the strength of moral expressions in a text as the
level of text manipulation increases (RQ1). This
effect might be further amplified when the LLM
is instructed to focus on the evidence of moral di-
mensions (RQ2), or even more when conditioned
on particular moral dimensions (RQ3).

Contributions. We aim to explore the intrinsic
ability of LLMs to (i) spontaneously or (ii) condi-
tionally alter the expressions of moral dimensions
in a text after manipulating the contents therein to
some extent. To the best of our knowledge, this is
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the first study to pursue this objective, based on the
set of RQs previously stated.

Our research builds on six key methodolog-
ical components: the Moral Foundation The-
ory (MFT) as the reference theoretical backbone,
human-annotated datasets from various domains, a
comprehensive selection of Open LLMS (OLLMs)
for machine/hybrid-generated text processing, a set
of text-manipulation prompt types, moral founda-
tion prediction models for the evaluation of the
generated texts, and assessment criteria based on
moral shift measures.

It should be noted that MFT is a well-known
psychological framework for conceptualizing the
core moral foundations that shape moral reasoning,
which has been widely used to explore moral per-
spectives across cultures. Our choice of LLMs falls
into the landscape of open models, aligning not
only with our vision of cost-free accessibility and
openness in research, but also with an additional
criterion of worldwide coverage that cannot equally
be provided by commercially-licensed models.
Moreover, we include abliterated LLMs, i.e., uncen-
sored models that bypass the refusal mechanism,
for a total of 12 LLMs under examination. These
are prompted using a set of instructions that dif-
fer in terms of types of text-modification and con-
ditioning on the moral-targeted text-manipulation.
Concerning the moral foundation scoring models, a
key requirement is generalizability across domains,
while our defined assessment criteria are designed
to capture both magnitude change and rank-based
change of the moral dimension importance in the
generated texts. Finally, our selected evaluation
datasets can be regarded as de-facto benchmarks
for moral-related NLP tasks involving LLMs.

We release our resources at https:
//mlnteam-unical.github.io/resources/

2 Preliminaries

2.1 Moral Foundation Theory

Our study is grounded in the Moral Foundations
Theory (MFT) (Haidt and Joseph, 2004; Atari et al.,
2023, 2020),! which provides a theoretical frame-
work for operationalizing the concept of human
morality. The original framework of MFT identi-
fied five foundations, which are strongly supported
by evidence across various cultures. These founda-
tions, or dimensions, are expressed as vice/virtue di-

"https://moralfoundations.org/publications/

chotomies: Care/Harm (CH), focusing on empathy
and protection versus infliction of suffering; Fair-
ness/Cheating (FC), centered on upholding justice
and integrity versus deceit and exploitation; Loy-
alty/Betrayal (LB), promoting allegiance to one’s
group versus acts of betrayal; Authority/ Subver-
sion (AS), valuing obedience to societal norms
and traditions versus challenges to authority; Pu-
rity/Degradation (PD), emphasizing the sanctity of
what is considered sacred versus its defilement.

2.2 Related Work

MFT is the cornerstone of most of the existing
works that analyze and detect moral dimensions
through modern NLP tools. In recent years, re-
search in this field has evolved along two main di-
rections (Zangari et al., 2025a): (i) training models
on MFT-based data for the task of moral foundation
prediction, and (ii) analyzing the moral foundations
reflected in model responses and embeddings.

Moral foundation prediction. Early approaches
to moral foundation prediction are lexicon-based,
using word lists associated with moral founda-
tions, particularly the Moral Foundations Dictio-
nary (MFD) (Graham et al., 2009), and its exten-
sions (Hopp et al., 2021; Frimer, 2019). Moral-
Strength (Araque et al., 2020) is one such ap-
proaches, which enhances the MFD by quantify-
ing the relevance and strength of words associated
with MFT. Distributed Dictionary Representations
(DDR) (Garten et al., 2018) integrates the MFD
with word embeddings, capturing moral concepts
in semantic spaces. However, relying on predefined
word lists, these methods often lack adaptability
across varied linguistic contexts.

Approaches based on pre-trained language mod-
els have recently gained increased attention, typi-
cally relying on encoder-only architectures. DAMF
(Guo et al., 2023) and Moral BERT (Preniqi et al.,
2024) fine-tuned BERT on different types of data
sources for moral foundation prediction. Their ef-
fectiveness has been shown mainly in in-domain
scenarios. To overcome limitations in out-of-
domain scenarios (i.e., where a significant domain-
shift occurs between training and evaluation data),
ME2-BERT (Zangari et al., 2025b) leverages
events and emotions to align data from different do-
mains into a shared vector space and to facilitate the
detection of morally relevant text segments. ME2-
BERT has also shown to achieve strong perfor-
mance even when compared against recent LLMs.
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Moral foundation assessment. A common ap-
proach is to administer LLMs with questionnaires
that have been validated with human participants
(e.g., (Graham et al., 2011)), mostly on politics
(Abdulhai et al., 2024; Simmons, 2023) or con-
troversial topics (He et al., 2024). Nunes et al.
(2024) test LLMs in realistic moral dilemmas, as-
sessing consistency between their learned abstract
principles (via MFQ) and concrete moral decisions.
Other studies probe the models’ embeddings to ex-
amine how moral values are encoded (Fraser et al.,
2022; Kennedy et al., 2021a; Xie et al., 2020).

Our work is a unique hybrid study bridging the
above two lines of research, as we adopt moral-
foundation prediction models to assess how text
manipulation by LLMs influences the moral ex-
pressions therein. A key novelty of our work is ex-
amining the impact of different levels of text manip-
ulations in various settings of moral-conditioning
of a comprehensive set of generative LLMs.

3 Resources

Datasets. We employed five human-annotated
datasets from various domains, including social
media and news, which have been widely used in
moral-related analysis tasks: The Moral Foun-
dations Twitter Corpus (MFTC) (Hoover et al.,
2020) consists of 32,218 tweets spanning vari-
ous sociopolitical and cultural contexts, such as
Black-Lives Matter and MeToo movements, Bal-
timore Protests, Hurricane Sandy, 2016 US presi-
dential election, and hate-speech tweet collection.
The Moral Foundations Reddit Corpus (MFRC)
(Trager et al., 2022) consists of 16,123 English Red-
dit posts from 12 subreddits, categorized into US
politics, French politics, and everyday moral life.
The Moral Foundations News Corpus (MNFC)
(Weber et al., 2021) consists of 35,935 news arti-
cles from major outlets published between 2013
and 2015, which was annotated based on the Moral
Foundations Dictionary and an online annotation
platform. Moral Event (ME) (Zhang et al., 2024)
consists of 12,355 news articles, based on about
5.5K event annotations, published by different me-
dia outlets on US politics from 2012 to 2022, in-
cluding abortion, gun control, and public health.
EMONA (Lei et al., 2024) contains about 10,815
sentences annotated with event-level moral opin-
ions. It integrates three datasets covering political
and social issues at different levels of granularity.
Note that all datasets contain sentences origi-

From ‘ Model Abbrev. Params
Us Llama-3.1-8B-Instruct Llama3 8.03B
Phi-3.5-mini-instruct Phi 3.82B

EU Mistral-7B-Instruct-v@.3 Mistral 7.25B
EuroLLM-9B-Instruct EuroLLM  9.15B

. Qwen2.5-7B-Instruct Qwen 7.62B
China | i} 5 9p-chat Yi 8.83B
UAE ‘ Falcon3-7B-Instruct Falcon 7.22B
‘World ‘ aya-expanse-8b Aya 8.03B

Table 1: LLMs selected for our study, annotated with
their geographic “location” and number of parameters.

Model Abbreyv. Params
Meta-Llama-3.1-8B-Instruct-abl. Llama3-abl 8.03B
NeuralDaredevil-8B-abl. NeuralDD 8.03B
Qwen2.5-7B-Instruct-abl-v2 Qwen-abl 7.62B
Phi-3-mini-128k-instruct-abl-v3 Phi-abl 3.82B

Table 2: Abliterated LL.Ms selected for our study, an-
notated with their ID (abl. stands for abliterated) and
number of parameters.

nally annotated by experts with one or more MFT
dimensions, or a non-moral label. Our data pre-
processing is described in Appendix A.

Generative Models for Text Manipulation. We
considered a representative selection of Open
LLMs varying by sizes and architectures, for which
we accessed their publicly available implementa-
tions on the HuggingFace Model Hub? at the end
of 2024. Our rationale was to select models span-
ning various geographic areas to assess whether
different “cultures” underlying the models might
impact the moral dimensions after manipulation.

In addition, we included a batch of abliterated
(or uncensored) models (Arditi et al., 2024), aiming
at analyzing the impact the lack of safeguarding
has on morality. Tables 1-2 summarize the main
characteristics of the LLMs selected in this study.

We considered two temperature settings, 0.1 and
1.0, in order to test the LLMs under a less or more
random generation setting. Also, we kept param-
eters top_p and top_k to their default values of 1
and 50, respectively, to ease reproducibility.

We used the v11m inference and serving library?
on a 8x NVIDIA A30 GPU server with 24 GB of
RAM each, 764 GB of system RAM, a Double
Intel Xeon Gold 6248R with a total of 96 cores,
and Ubuntu Linux 20.04.6 LTS as OS.

2ht’cps: //huggingface.co/
Shttps://github.com/vllm-project/vllm
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4 Methodology

Overview. Referring back to the components out-
lined in the Introduction, our analysis framework
requires that our selected Open LLMs are fed with
human-annotated datasets and prompted to manip-
ulate them according to various text modification
tasks. The generated outcomes are then annotated
by moral-foundation-scoring models and assessed
based on moral shift measures. Next we elabo-
rate on each of these components and their flow of
interaction.

Moral Foundation Scoring Models. We consid-
ered a selection of state-of-the-art tools for moral-
foundation prediction, namely ME2-BERT, Moral-
BERT, MoralStrength, and DDR (cf. Sect. 2), and
assessed their agreement with the human-annotated
datasets. To this aim, we identified the data in-
stances over all datasets that were human-annotated
with at least one moral dimension, and counted the
matchings achieved by each of the above models—
since the models provide continuous scores in [0,1]
for every moral dimension, while human annota-
tions are binary, we applied a 0.5 threshold to deter-
mine whether a given moral dimension was present.
The results in Table 3 show that MoralStrength
and DDR have the lowest matching, while Moral-
BERT performs best on MFTC and MFRC. How-
ever, this is not surprising, as the model was
fine-tuned on these datasets. More interestingly,
ME2-BERT achieves a relatively lower number of
matched instances, despite not being trained on
MFTC and MFRC, while turning out to be the best-
matching model in two of the other datasets.
Overall, ME2-BERT should be regarded as
preferable to Moral BERT due to its higher versatil-
ity, efficiency and out-of-domain abilities. In fact,
Moral BERT was designed for single-label classi-
fication, thus requiring to execute a separate clas-
sifier for each moral dimension. Moreover, there
is no version of MoralBERT designed to detect
non-moral content, i.e., this could be inferred indi-
rectly by checking that all moral-dimension clas-
sifiers’ outcomes remain below a certain thresh-
old. These MoralBERT’s limitations are absent
in ME2-BERT; furthermore, as shown in (Zan-
gari et al., 2025b), ME2-BERT generally aligns
more closely with human-assigned moral labels
than Moral BERT across a range of test datasets.

Benchmark Data Selection. Having chosen
ME2-BERT as our reference model for moral foun-

Dataset | #ma |ME2BERT MoralBERT DDR MoralStrength

MFTC (25397 2972 3688 1804 463
MFRC [10,058| 1186 1368 545 66
MENC [35,935| 5365 4824 1897 637
ME 4144 294 250 175 17
EMONA | 5166 673 637 306 16
All [80,700| 10,490 10,767 4727 1199

Table 3: Matchings between model-annotations and
human-annotations. Column ‘#ma’ contains the total
number of instances that were human-annotated with at
least one moral dimension.

dation scoring, our final step was to build a robust
corpus of texts that will be administered to our
generative models for text manipulation, with the
outcomes evaluated by ME2-BERT.

From each of the datasets we selected those in-
stances that were perfectly matched by ME2-BERT
w.r.t. the original human-annotations. These corre-
spond to the third column in Table 3. In addition,
we included an equal number of instances that were
human-annotated as “non-moral” and matched by
ME2-BERT, for a total of 20,980 annotated in-
stances selected from all datasets. Appendix B
provides statistics on the agreement of the models
on this subset.

Text Modification Tasks. We examined three
types of text modification, each representing a dif-
ferent degree of machine influence on the output:

e Revision: the LLM is asked to improve or
refine a given text while correcting errors, inconsis-
tencies, or awkward phrasing; it typically yields a
text that reads better while retaining much of the
original. Since this task requires the LLM to stay
relatively closer to the original text, we identify it
as the least impactful text manipulation.

e Rewriting: the LLM is asked to restructure
the content, while potentially improving clarity,
tone, and readability. Rewriting can result in a
version of the text that substantially differs in tone
and style from the original, while conveying the
same purpose. Therefore, it is regarded as more
impactful than revision.

¢ Continuation: the LLM is asked to generate
a continuation of a given text, producing content
that remains consistent with the given one. Unlike
revision and rewriting, which focus on modifying
existing text, continuation requires the model to
predict and extend the content in a coherent, con-
textually appropriate manner. This can hence be
highly impactful, as the generated text may intro-
duce new ideas, expand arguments, or develop nar-
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RQ1-RQ3 Prompting

RQ1 Prompt Message:

Please, [revise/rewrite/continue] the following text:
{text}

Do not report the changes you made nor comments on
them, just return the [revised/rewritten/continued]
text.

RQ2 Prompt Message:

Please, [revise/rewrite/continue] the following text:
{text}

If you detect any moral dimension, please emphasize
it or make it more explicit in the revised text. If you
do not detect any moral dimension, return the original
text. Do not add any other text or comment.

RQ3 Prompt Message:

You are given a text that contains {a specific moral
dimension}.  Please, [revise/rewrite/continue]
the following text to [intensify/diminish]
it (ie., make it [more/less| prominent in the
[revision/rewriting /continuation] of the text). Do
not add any other text or comment.

{text}

Figure 1: (RQ1-RQ3) Prompt instructions for uncon-
ditioned (top), moral-blind conditioned (middle), and
moral-informed conditioned (bottom) text editing.

ratives beyond what was originally present.

Prompt Types. To address our RQs, we designed
different prompts for the selected LLMs.

The first prompt refers to RQO, since it asks
the models to describe the MFT, in order to as-
sess their awareness of it. This is performed un-
der a minimum-temperature setting only, to reduce
the randomness in a model’s response, thus ensur-
ing consistency with its learned world-knowledge.
RQO prompt is reported in Appendix C.

The main RQs, i.e., RQ1-RQ3, are addressed
by developing three types of text manipulation
prompts, which differ from each other in terms
of model-conditioning approach:

e Unconditioned: the model is asked to perform
the required text manipulation task without any
moral-related bias. The goal is to understand the
inherent ability of a model to spontaneously alter
the moral expressions in a text (RQ1).

e Moral-blind conditioned: the model is asked
to make it more explicit any moral dimension ex-
pressed in the original text; however, the model is
not explicitly informed about which specific moral
dimension to look for, i.e., it is left to detect any
moral dimension it identifies on its own (RQ?2).

e Moral-informed conditioned: in contrast to

Even when no one is / “In a world where everyone |
( is looking over their
shoulder, adapting to
ya circumstances
| and protecting loved ones
. guarantees survival... Y

watching, keeping one’s |

word strengthens the
bonds that hold a

community together-...

AN

h - shift = 031

s = [0.23 T 0.05 [ 0.90 [ 0.01 [ 0.03 |

v —shift = 029

sm) = [o.98 | [ [0.01 T 0.09 |

Figure 2: Example of moral changes after text manipu-
lation according to our h-shi ft and v-shi ft criteria.

moral-bind conditioning, the prompt here specifies
a particular moral dimension the model has to focus
on. Moreover, this prompt type involves moral
intensity modulation, since the model is required
either to increase or diminish the strength of the
given moral expression (RQ3).

Figure 1 shows the prompt templates used for
RQ1-RQ3. Note that the models are required not to
add comments or explanations, to avoid introduc-
ing extra tokens that would impact moral scoring;
the latter was semi-automatically checked before
processing texts for the moral foundation scoring.
Each of the prompts was repeated under both mod-
els’ temperature settings (cf. Sect. 3).

Moral Shift Evaluation. Given a human-written
text and an associated manipulated text, let s(") €
[0,1]° and s(™ € [0,1]° denote the vectors of
scores assigned to the 5 MFT dimensions, provided
by the reference human-annotator-aligned moral-
foundation-scoring model and the reference LLM,
respectively. Note that, since human annotations
are binary indicators of presence for moral dimen-
sions, we employ the continuous prediction pro-
vided by the reference moral-foundation-scoring
model to enable the quantitative measurement of
moral shifts; nonetheless, the alignment with hu-
man judgment is preserved, as we restrict the analy-
sis to the subset of instances on which ME2-BERT
achieves 100 % agreement with the annotators.
Our goal is to measure the moral shifts, i.e., the
changes in moral expressions into a text after its
manipulation by the model. This can be regarded
as a twofold objective, since two complementary
aspects are (i) the magnitude change in the scores
associated to the moral dimensions, and (ii) how
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Llama3 Phi Mistral EuroLLM Qwen Yi

WO 0.190 0.239 0.166 0.215  0.215 0.166 0.180 0.229
Sim 0.902 0.826 0.867 0909  0.894 0.768 0.901 0.872

Falcon Aya

Table 4: (RQO0) Models’ MFT awareness expressed via
Word Overlap (WO) and Cosine Similarity (Sim).

much the ranking of the importance (scores) of the
moral dimensions has changed. In the following,
we provide our definitions for measuring both as-
pects, hereinafter referred to as vertical shift and
horizontal shift, respectively. Appendix F discusses
properties, while Fig. 2 shows an example of moral
shifts.

Vertical Shift. To measure how the moral dimen-
sion scores have changed after text manipulation,
we could simply compute the mean absolute differ-
ence over the dimension scores. However, this ap-
proach or others based on standard error measures
(e.g., MAE, MSE) would be unable to capture both
the signed change in intensity of each dimension
and the impact of deviating from a certain thresh-
old 7 that might be used as a decision boundary to
toggle on/off a moral dimension’s signal.

Let us define function ¢(x;,v,8,7) = x; +
~vo(B(x; — 7)), where o(-) is the logistic function,
B > 0 is the logistic growth rate (i.e., it controls
how sharply mid-range values are emphasized), 7
is the value of the function’s midpoint, and v > 0
acts as a scaling factor. Intuitively, the above de-
fined function augments a value z; with a nonlinear
transformation that emphasizes values above/below
T by a magnitude determined by 7. Note that, if
z; € [0,1], ¢(-) ranges within [0,1 4 ~]. Since
B, v and T are fixed, we simplify the notation by
writing the function as ¢(z;).

Based upon function ¢, we define the vertical
shift of s(™) w.r.t. s(") as follows:

wrshift(s,5) = £ 3 0(6{™) — o(sf").

This ranges within [—1 — -y, 1 4+ ~], where positive,
resp. negative, values indicate how much, on av-
erage, the moral dimension scores have increased,
resp. decreased. ng) and sz(-h) denote the score of
the ¢-th moral dimension before and after the text
manipulation process, respectively.

In our experiments, we will use 7 = 0.5, 5 = 10
for a moderate mid-range sensitivity, and v = 0.5
to keep the transformation smooth yet effective in
emphasizing mid-range shifts.
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Figure 3: (RQ1) Examples of changes in Revise

(a), Rewrite (b), Continue (c-d) settings on moral-
dimension-specific subsets. Blue, resp. orange, charts
denote the moral scores before resp. after manipulation.

Horizontal Shift. A well-suited measure for the hor-
izontal, i.e., rank-based, changes in the moral di-
mensions is the difference between the two ranking
orderings r(" and r(™) derived from s and s(™),
respectively. This can be formalized as the Kendall
tau distance between r'") and r(m), which is the
number of pairwise disagreements (i.e., discordant
pairs), normalized to scale within [0,1]:

h-shi ft(s™), s =

1 m m
= 0 Z ]l([rgh) —r](-h)] [7“1( )—7“](- )] < O),

i<je[l..5]

where 1 is the indicator function. Values closer to 1
correspond to greater changes in the ranking.

5 Results

5.1 RQO: LLM’s awareness of MFTs

We first assessed the lexicon used by LLMs to
describe MFT by measuring the word overlap
(WO) between the reference MFT description 4
and the ones generated (based on the prompt re-
ported in Appendix C). We define this overlap as
WO(t1,te) = %, where t; and 2 denote
two texts. In additionl we measured their seman-
tic similarity by encoding the reference and the

*https://moralfoundations.org/
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models’ descriptions using the all-mpnet-base-v2
sentence-embedding model. Table 4 shows low
overlap values, which indicate a different lexicon
by LLMs than our reference source for MFT. How-
ever, the high semantic similarities suggest that,
despite the jargon differences, all models grasp
MFT and capture its core traits.

5.2 RQ1: Unconditioned Manipulation

The unconditioned text-manipulation tasks yielded
outcomes that highlight the following key findings.
Under revise or rewrite, the models tend to produce
texts that substantially keep the original text’s over-
all level of moral intensity, as shown by negligible
v-shi ft values (ranging between -0.03 and 0.05,
cf. Table 5), although the relative importance of
the moral dimensions shows more evident changes,
with average h-shi ft in (0.08, 0.22) for revise, and
in (0.12, 0.25) for rewrite. This generally holds
regardless of the temperature setting, while news
data are slightly more affected by h-shi ft changes.

When prompted to continue a text, the models
tend to emphasize not only the most important
moral dimension, but also, in most cases, the other
moral dimensions (cf. Figure 3), making them
closer in scores to the dominant one, with average
v-shi ft ranging in (0.22, 0.45). This also causes an
evident h-shi ft change, on average within (0.28,
0.31). Higher temperature slightly influences h-
shift values, with increments up to 0.1.

For texts originally labeled as non-moral, revise
and rewrite tasks do not introduce particular evi-
dence of moral dimensions, regardless of the model
and temperature settings. In the continue setting,
we notice a tendency of all models to produce texts
with evidence for some moral dimensions, mostly
Authority/Subversion and Loyalty/Betrayal.

Qwen, Qwen-abl and EuroLLLLM are the models
that most preserve the original text’s moral expres-
sions (i.e., lowest h-shift and absolute v-shift
values in Table 5), whereas the highest changes
(in the continue setting) correspond to Llama3-abl,
Phi-abl and Falcon in h-shi ft and to Phi, Mistral
and NeuralDD in v-shi ft.

5.3 RQ2: Moral-blind Conditioned
Manipulation

When explicitly prompted to emphasize moral ex-
pressions, LLMs consistently amplify or introduce
the moral content across all evaluated settings.

5https://huggingface.co/sentence—transformers/
all-mpnet-base-v2

Most models exhibit values of h-shi ft above 0.3
and v-shi ft above 0.5. Particularly, the continue
operation leads to significantly amplify the moral
expressions, with peaks around or above 1 for Phi,
Mistral and Aya (see Fig. 4 as an example on
MFTC). By contrast, Qwen-based models tend to
behave much closely to the unconditioned manipu-
lation setting (cf. Table 5). Moreover, news texts
appear to be more impacted than social media texts,
with an increase in v-shi fts up to 0.15.

A common trait to all models is that, when moral
cues are present in the original text, all models tend
to emphasize them. Also, when the text appears
morally neutral, the tendency is to introduce moral
expressions extensively. While the continue setting
is the most altering of the moral expressions, revise
and rewrite have comparable effects but with the
former being slightly more impacting, unlike what
observed for the unconditioned prompting. This
might be explained since, while keeping the origi-
nal structure and meaning intact, a revision might
refine the wording in a way that makes that moral
dimension(s) even more pronounced than a rewrite,
which might dilute or shift the tone, and hence, the
moral expression in the text.

Similarly to our observations for the uncondi-
tioned prompting, with the exception of LLama3-
abl, the abliterated models tend to alter the moral
expressions less than the other models; this par-
ticularly holds for Qwen-abl and Phi-abl vs. their
non-abliterated counterparts.

5.4 RQ3: Moral-informed Conditioned
Manipulation

Looking at Table 5, we notice generally lower val-
ues than those observed for the moral-blind con-
ditioning. This is actually not surprising since,
when prompted to alter the expressions of a partic-
ular moral dimension, regardless of the intensify
or diminish instruction, a model would produce a
modified text where the h-shi ft, and especially the
v-shi ft depend on a localized effect, rather than a
more generalized effect on moral dimensions.
Revision, rewriting and continuation correspond
to increasing impact on the alteration of moral ex-
pressions, with a general tendency for ’intensify’
to create a larger gap than ’diminish’ (i.e., absolute
v-shi ft for ’intensify’ higher than for *diminish’),
as shown in the summary of Table 5 and in Fig. 5.
The abliterated models exhibit the most signif-
icant decrease of the moral tone when explicitly
prompted; particularly, Llama3-abl, Phi-abl, and
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‘Task ‘Llama3 Phi Mistral EuroLLM Qwen Yi Falcon Aya ‘Llama3-abl NeuralDD Qwen-abl Phi-abl

Rev. |.112/.018 .199/-014 .198/.005 .095/.001 .105/.012 .151/.009 .124/.005 .168/.039| .152/.018 .144/.019 .082/.011 .216/-.026
212/.015 .221/.022 .209/.021 .147/.015 .158/.007 .213/.025 .179/.011 .232/.049 | .245/.012 .213/.020 .123/.004 .210/-.006
Cont. |.304/.386 .303/.454 .302/.430 .284/.405 .289/.38% .203/.428 .307/.400 .300/.339 | .313/.392 .305/.429 .277/.223 .308/.340

RQI
el
[e}

g

Rev. .265/.505 .329/.853 .325/.656 .310/.571 .201/.304 .288/.345 .240/.209 .309/.526 | .291/.601 .296/.622 .172/.177 .298/.327
.273/.520 .325/.724 .321/.584 .273/.549 .201/.283 .285/.332 .245/.187 .305/.539 | .294/.575 .297/.613 .193/.190 .312/.207
Cont. |.347/.691 .351/1.112 .356/1.030 .337/.938 .308/.590 .346/.956 .343/.094 .354/1.003| .360/.717 .359/.862 .285/.352 .370/.500

RQ2
el
a
=

Rev. 1 | .185/.469 .178/.419 .196/.365 .129/.242 .158/.350 .198/.455 .181/.384 .207/.398 | .215/.704 .196/.579 .129/.196 .192/.363
Rew. 1 | .196/.462 .184/.417 .195/.318 .136/.242 .165/.400 .209/.550 .186/.351 .212/.483 | .222/.705 .202/557 .137/.215 .190/.310
Cont. 1| .238/.667 .220/.884 .220/.793 .204/.652 .188/.546 .233/.856 .218/.791 .238/.824 | .250/.759 .224/.742 .167/.330 .245/.809
Rev. | |.207/-.074 .219/-120 .227/-.081 .109/.059 .152/-.089 .190/-.033 .174/-.063 .200/.055 | .252/-.115 .227/-.134 .105/-.056 .244/-.207
Rew. | |.228/-.094 .232/-.138 .236/-.122 .115/.051 .179/-.120 .205/-.053 .191/-.085 .210/.043 | .265/-.116 .241/-.145 .126/-.080 .241/-.213
Cont. || .279/.094 .269/.432 .264/.317 .206/.533 .211/-.066 .267/.615 .229/.120 .257/.616 | .296/.093 .268/.038 .141/-.070 .260,.080

RQ3

Table 5: Summary of per-model h-shift (left) and v-shift (right) values averaged over all datasets. 1, | denote
intensify and diminish, respectively. Bold values correspond to highest h-shi ft and (absolute) v-shi ft in each row.
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Figure 4: (RQ2) From left to right: Revise, Rewrite, and Continue, on MFTC.
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Figure 5: (RQ3) From left to right: Revise and intensify, Continue and intensify, Revise and diminish, Continue and
diminish, on MFTC.

NeuralDD show the largest negative v-shift val-  first glance may still lead to model’s output with un-
ues along with the highest h-shi ft. Regardless of  intended biases or ethical concerns. Further inves-
the instructions, Llama3-abl, resp. Qwen-abl and  tigation on both the prompts and the manipulated
EuroLLM, show the highest, resp. lowest changes  texts is needed and left as a future work.

in both moral h-shi ft and v-shi ft.
5.6 Remark on Comparison with GPT-40

5.5 Remark on Refusals )
While our study focuses on open LLMs, we also

considered whether a non-open or larger model,
such as GPT-40, would behave consistently with
the examined models. To explore this, we tested
GPT-40 by replicating our RQ-related tasks. Pre-
liminary results, shown in Appendix I, suggest that
GPT-40’s impact closely aligns with that of the
open, smaller models. This particularly holds for
the unconditioned manipulation and moral-blind
conditioned manipulation tasks.

It is worth noting that the examined LLMs exhib-
ited a low refusal rate (Pasch, 2025) which, across
all text modification tasks, is around 6%, 10% and
3% w.r.t. the unconditioned (RQ1), moral-blind
(RQ2) and moral-informed conditioned (RQ3) text-
manipulation, respectively. In all cases, approxi-
mately 55% of these refusals correspond to texts
that human-annotated as non-moral, mostly from
social media data, particularly MFTC.

The observed low refusal rate could be regarded
as a proxy of lack of safety warnings or violations
due to the moral-targeted text manipulations. How-
ever, this should be taken with caution since some  As generative Al grows, understanding how LLMs
prompts that might appear free of safety risks ata  modify moral dimensions—either spontaneously
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or through conditioning—is crucial. This study in-
vestigates 12 among the most widely used Open
and uncensored LLMs from different regions and
cultures, analyzing their influence on moral expres-
sions using Moral Foundation Theory and human-
annotated datasets. Our findings reveal diverse lev-
els of alterations of moral expressions across text
modification tasks, and the impact of conditioning
prompts on selectively shift moral expressions. No-
tably, models exhibit consistent behavior across the
study, suggesting distinct moral footprints.

As future work, it would be interesting to in-
vestigate the influence of morality on model re-
fusals (Arditi et al., 2024), the impact of human per-
sonalities (La Cava and Tagarelli, 2025; Ge et al.,
2024) in shaping moral expressions, as well as the
characterization of moral expressions in machine-
generated texts (La Cava et al., 2024).
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Limitations

Moral issues are inherently complex aspects of hu-
man behavior. In this regard, human annotations
reflect the subjectivity of moral judgments, which
can lead to annotator disagreement driven by per-
sonal beliefs, as well as to challenges arising from
textual ambiguity and human errors (Mokhberian
et al., 2022). In this respect, one potential limita-
tion of our work is that we relied on human annota-
tions for selecting the target data subset. Nonethe-
less, our findings have shown that the relatively
large set of examined LLMs—all open with wide
coverage, but also to a limited extent GPT4o (cf.
Sect. 5.6)— yield a consistent behavior across the
different tasks related to our RQs. Despite this per-
ception of robustness of our study, concerns still
remain regarding the most appropriate procedures
for human annotations related to fundamental as-
pects of human behavior, such as morality.
Furthermore, although we endeavored to be in-

clusive in our choice of models—particularly by
considering multilingual approaches from various
continents, as shown in Tables 1 and 2—we ac-
knowledge the need for broader language cover-
age in our selected datasets. In this regard, note
that we follow the established practices to refer
to high-resource languages, particularly English,
while acknowledging the inherent risk of cultural
biases. Nevertheless, expanding the language cov-
erage would enable us to assess the impact of LLMs
in cross-linguistic scenarios, to enhance the gener-
alizability of our findings as well as to validate the
observed patterns across different cultural contexts.
We leave this direction of research for future work.

We based our work on MFT, which is a widely
established framework used by most of existing
works in studying Al and morality (Zangari et al.,
2025a; Jiang et al., 2021). Nevertheless, another
area of improvement would be to explore other
morality theories as well. In particular, it remains
an open question whether the psychological differ-
ences observed across various moral theories also
manifest in machine-based analyses. This “inter-
morality-theory” investigation is also left for future
work.
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A Data Pre-processing

Following (Guo et al., 2023; Preniqi et al., 2024; Zangari et al., 2025b), we removed URLSs, hashtags,
and non-ASCII characters, replaced user mentions with “@user”, and converted emojis to their tex-
tual equivalents. In MFRC, Equality/Inequality and Proportionality/Disproportionality were treated as
Fairness/Cheating (Preniqi et al., 2024; Zangari et al., 2025b).

B Agreement of Moral Foundation Scoring Models

Table 6 shows Cohen’s « statistics for each pair of moral foundation scoring models— namely, ME2BERT,
MoralBERT, MoralStrength and DDR—on the selected subset (cf. Sect. 4). ME2BERT shows particularly
strong agreement with MoralBERT across all of the moral dimensions: Cohen’s & score ranges from 0.54
to 0.67, indicating a generally higher level of consistency compared to the other pairs. Therefore, this
further reinforces our decision to use ME2BERT as annotator, given its strong alignment with Moral BERT
and its greater versatility and scalability compared to MoralBERT (cf. Sect. 4). By contrast, DDR and
MoralStrength show low agreement both with ME2BERT, MoralBERT and among themselves.

Model Vs. Authority Care Fairness Loyalty Purity
MoralBERT 0.54 0.58 0.59 0.67  0.58
ME2-BERT |MoralStrength  0.08  -0.07 0.06 0.06  0.03

DDR 033 026 022 018 042

MoralStrength ~ 0.05 0.02 0.03 0.04  0.00
MoralBERT DDR 033 031 027 021 035
MoralStrength DDR 0.07 0.04 0.01 0.04 0.02

Table 6: Per-dimension Cohen’s Kappa agreement between all pairs of moral-foundation-scoring models, averaged
over all datasets.

C Prompt for RQO

Figure 6 shows the prompt we used to assess models’ awareness of the Moral Foundations Theory.

RQO Prompting

Prompt Message:
Please, provide me with a detailed overview of the
Moral Foundations Theory.

Figure 6: (RQO0) Prompt instructions for assessing MFT awareness of LLMs.

D Task-pair Shift Significance Analysis

We present a statistical significance analysis regarding the impact of the shifts between any pairs of tasks.
We first retrieved all punctual values of h-shift and of v-shift over all instances, for each dataset, task,
and model. Given a dataset, a model, and a criterion (i.e., either h-shi ft or v-shi ft), we selected one pair
of tasks at a time and considered two task-related variables. These variables correspond to vectors of shift
measurements for the same criterion, generated on the dataset according to the two selected tasks. Then,
we carried out a paired two-sided t¢-test under the null hypothesis of no mean difference between the two
variables. Overall, we performed a total of 1440 tests, considering all pairs of tasks, models, criteria, and
datasets.

In Table 7, we report a summary of the results of the above tests. Each of these percentage values
corresponds to the percentage of times (averaged across datasets) the null hypothesis was rejected,
indicating that there is sufficient statistical evidence to conclude that there is a significant difference
between the two groups being compared (i.e., revise vs. rewrite, revise vs. continuation, rewrite vs.
continuation). We observe that in the totality of cases regarding continuation vs. revise or rewrite, the
results produced by a model are statistically different, i.e., continuation brings bigger shifts in moral
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Task pair ‘LlamaS Qwen Phi Qwen-abl Llama3-abl

Rev. vs Cont. 100/100 100/100 100/100 100/100  100/100
O'[Rev. vs Rew. 100/40 100/80 100/60 100/80 100/60
Rew. vs Cont. 100/100 100/100 100/100 100/100  100/100

 |Rev. vs Cont.  [100/100 100/100 60/100 100/100  100/80
<|Rew. vs Cont.  [100/100 100/100 60/100 100/100  100/80
Rew. vs Rev. 40/40  60/60 20/100 60/40  30/80

Rev.| vs Cont. | [100/100 100/100 80/100 100/40  80/100
Rev.| vsRew. | | 100/60 100/100 40/40  80/80  60/20
& |Rew. | vs Cont. || 80/100 100/100 80/100 100/40  80/100
& |Rev. 1 vs Cont. 1 [100/100 80/100 100/100 100/100  60/60
Rev.t vsRew. T | 80/20 40/100 60/20 60/80  60/30
Rew. 1 vs Cont.? | 80/100 60/100 100/100 100/100  60/60

Table 7: h-shi ft / v-shi ft (left / right) percentage of paired two-sided ¢-tests (significance level at 0.05) that reject
the null hypothesis of equal means between the two shift distributions, averaged over the five datasets. Larger
percentages indicate stronger statistical evidence that the two compared tasks induce different moral-value shifts for
the model.

‘Task ‘LlamaS Phi Mistral EuroLLM Qwen Yi Falcon Aya Llama3-abl NeuralDD Qwen-abl Phi-abl

Rev. 1 | 0.449 0375 0.309 0.243  0.337 0.387 0.360 0.383 0.672 0.533 0.204 0.318
% Rew. 1| 0.443 0363 0.256 0245 0384 0477 0312 0.474 0.677 0.509 0.214 0.261
Cont. T| 0.660 0.839 0.754 0.669  0.551 0.827 0.773 0.815 0.752 0.720 0.351 0.783
Rev.t | 0488 0.421 0.337 0.284 0373 0.490 0.397 0.405 0.718 0.587 0.198 0.345
EL) Rew. 7| 0.459 0.408 0.275 0279  0.422 0.570 0.351 0.498 0.707 0.549 0.219 0.295
Cont.t | 0.716 0.876 0.775 0.724  0.580 0.885 0.805 0.852 0.805 0.769 0.344 0.756
Rev. 1 | 0486 0.394 0.384 0.243  0.397 0.440 0.411 0.385 0.679 0.587 0.247 0.345
ﬁ Rew.? | 0.481 0.387 0.340 0.250  0.453 0.524 0.376 0.461 0.679 0.573 0.273 0.296
Cont. T| 0.682 0.870 0.806 0.662  0.600 0.847 0.788 0.795 0.758 0.761 0.398 0.806
Rev. T | 0454 0.416 0.406 0244 0310 0.468 0.379 0.334 0.678 0.567 0.142 0.392
ﬁ Rew. 7| 0.443 0.423 0.363 0.241 0.361 0.573 0.356 0.442 0.679 0.544 0.165 0.344
Cont. T| 0.697 0.897 0.851 0.707  0.541 0.899 0.806 0.871 0.778 0.752 0.294 0.856
Rev. 1 | 0.468 0.490 0.391 0.195  0.335 0.488 0.375 0.485 0.770 0.621 0.190 0.415
E Rew. 1| 0.481 0.503 0.356 0.196 0379 0.608 0.360 0.543 0.782 0.608 0.202 0.354
Cont. T| 0.579 0.939 0.782 0498  0.459 0.822 0.783 0.788 0.704 0.709 0.264 0.844

Table 8: Per-dimension v-shi ft scores for the RQ3-Intensify setting. Rows are grouped by moral dimension—CH
(care—harm), FC (fairness—cheating), LB (loyalty—betrayal), AS (authority—subversion), PD (purity—degradation).

values than revise or rewrite. Also, with no surprise as already discussed in the paper, the comparison
between revise-rewrite pairs generally results in a smaller number of cases (ranging from 20% to 80%) of
statistical difference across the datasets.

E Analysis of Individual MFT Dimensions

To obtain more granular insights into the behavior of models with respect to each individual moral
dimension, Table 8 reports the v-shi ft score of each dimension in the context of the RQ3-intensify
setting—note that, since each dimension is considered in isolation, the h-shift is zero and therefore
omitted. It can be noticed that all models in the RQ3 tasks generally tend to exhibit a consistent behavior
across all moral dimensions, not showing a particular “preference” for any specific dimension.

F Properties of v-shift Measure
In the following, we outline the main properties of the v-shi ft signal defined in Sect. 4.

Property 1 (Anti-symmetry). For any vectors a,b € [0,1]", and scalars 3,~v, 7 € R*, it holds that
v-shift(a,b)= — v-shift(b,a).
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Proof. By definition, swapping a and b, we obtain:

1 N

v-shift(b,a) = <> [6(ai) — 6(bi)]. (1)
=1

Then, considering that +, 5 and 7 are constant, and expanding each difference we obtain the following:

P(ai) — ¢(bi) =
47018 (= )] = [+ (8 b )] -
= —([bs — ai] +7 [0(8 (b~ 7)) — 0B (as — )],

from which we have ¢(a;) — ¢(b;) = — (é(b;) — #(a;)). Therefore, by replacing this term on Eq. 1,
we conclude that:
v-shift(b,a) = — — Z ]

= —v—shzft(a, b).

Property 2 (Boundedness). For any vectors a,b € [0, 1]N , and scalars v, 3,7 € RT, we have:
v-shift(a, b) € [—(1+7), (1+7)].
Proof. Since the logistic function o(z) € (0,1) Vz € R, we have 0 < o(3 (z — 7)) < 1, for any choice
of 5. In particular, if ¥ > 0 and = € [0, 1], then:
p(z) = z+y0(B(z—71)) € [z, z+7].
Hence, for each component a;, b; € [0, 1], both ¢(a;) and ¢(b;) lie in [0, 1 + -], which implies

p(bi) — dlai) € [—(1+7), 1+7].

Summing such terms over ¢ = 1, ..., N and dividing by IV preserves this interval, yielding
R
—(L+7) < 5 D [ob) —o(a)] < 1+,
i=1
Therefore

v-shift(a,b) € [~(1+7), 1+1],

as claimed.

O
Property 3 (Dimension-wise Monotonicity). Let a = (ai,...,ay) and b = (by,...,by) be
two vectors in [0, l]N and vy, 3,7 € RY positive real values. For any i € 1,...,N, given b’ =

(b1y...ybi—1, b big1, ..., bN), with b; < bl, it holds that:
v-shift(a,b) < w-shift(a,b’).
Thus, increasing one single coordinate does not decrease the function value.

Proof. First, we show that ¢(x) is a monotonically non-decreasing function. Specifically, let

¢x) =z + yo(B(z—1)),
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where o(z) =

_1
1+e—%

€ (0,1) forall z € Randy > 0, 8 > 0, 7 € R. We compute its derivative:

¢'(z) =1+ yBo(B(x—7)) [1-0o(B(x—7))].

Since o(-) € (0, 1), the product v B o (-) [1 — o(+)] is strictly positive. Thus,

¢(zr) >1 >0,

implying that ¢ is strictly increasing. Intuitively, ¢(x) transitions smoothly from x (when z < 7) to
x + v (when z > 7), while its derivative remains strictly positive over the entire range of x.
Then, recalling that

N
v-shift(a,b) = %Zp(bj) - ¢(aj)]7
j=1

By hypothesis, all terms in the sum are fixed except the one corresponding to 7 = ¢. Hence,

N

v-shift(a,b) :% ( Z [(b(bj) - ¢(aj)] +
j=1
J#i

+ [ob:) — ola)] ).

By the same definition, if we form b’ by replacing b; with b, we get

N

v-shift(a,b') = %(Z[sﬁ(bj) — ¢(aj)]+
j=1
J#i

+ [0(0) — 6(a)])

Since ¢ is a monotonically non-decreasing function, the condition b; < b/, yields

Therefore,

This implies:

and hence

o(b;) > o(bi).

(b)) — dp(a;) > o(b;) — d(a;).

v-shift(a,b’) — v-shift(a,b) =

= ([600) — 6(a)] ~ [6(6) — o(ar)] ) 20,

v-shift(a,b) < w-shift(a,b’).

G Hyper-parameters Selection for the v-shift Measure

We discuss the settings of parameters 7, 3 and vy for the v-shi ft measure.

The choice of 7 = 0.5 refers to a conventional threshold widely adopted in machine learning to define
balanced decision boundaries between classes. In our setting—-as well as in the settings of other methods,
including those in our related work—this means that a value above, resp. below, this threshold might
indicate the presence, resp. absence of that moral foundation.

Regarding ~, we first would like to emphasize that (non-negative) values of v below 1 concentrates
the evaluation range to the original moral scores, while still ensuring that the activation or deactivation
of moral expressions after the manipulation of LLMs are properly handled. Additionally, we have
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experimentally observed that the choice of v = 0.5 provides a balanced midpoint for smoothly controlling
the sensitivity around the threshold 7, thereby reducing excessive amplification of minor differences and
supporting a more stable and interpretable assessment of moral shifts. Conversely, values of y greater
than 1 tend to overly penalize the activation or deactivation of moral dimensions, resulting in less stable
and interpretable scores.

The parameter 3 controls the steepness of the logistic function around the threshold value 7. Note
that a higher value of 3 would result in a logistic curve exhibiting a sharper transition around 7, which
could potentially amplify small fluctuations in moral scores, thus introducing noisy outcomes. By
contrast, a lower value of 5 would yield a smoother transition near 7, which may diminish sensitivity,
thus compromising the ability of the v-shi ft score to properly detect moral shifts. Therefore, we
selected 5 = 10 as a mid-range value of steepness, for capturing variations in moral expressions without
introducing excessive instability.

H Additional Results on RQs

Figures 7-15 provide additional insights into our results. In particular, Fig. 8, Fig. 12 and Fig. 13 provide
results under both temperature settings, revealing the negligible impact of temperature on models’ overall
behavior. This supports our decision to present only the low-temperature results in the main paper—for
the sake of readability.

Figure 7 presents radar charts across different moral dimensions, unless otherwise specified. Each chart
presents a single visualization encompassing all texts and moral dimensions, with values corresponding to
averaged scores of any specific dimension across all texts. Interestingly, as already observed in Table 8, no
single moral dimension stands out as being systematically manipulated across different tasks or models.

To gain more fine-grained insights into cases where a single moral dimension is initially predominant,
Figs. 9, 11, 12, and 13 present illustrative radar charts for each research question (RQ). Each figure
includes examples of Revise (top), Rewrite (middle), and Continue (bottom), obtained by fixing the
dataset and moral dimension, while varying the model. Note that, for RQ1 in the Revise (Fig. 9 (a—c))
and Rewrite (Fig. 9 (d—f)) settings, the choice of the models is here arbitrary since no significant moral
shifts were detected across models, as discussed in the main text. In the Continue setting (Fig. 9 (g-1)),
two models are selected, i.e., Qwen-abl and Phi, to reflect different scores from the average patterns in
v-shi ft and/or h-shi ft identified in Fig. 8, and Falcon, which instead exhibit a similar behavior to other
LLMs, i.e., it lies near the center of the observed distribution in Fig. 8.

The radar charts for RQ2 and RQ3 follow the same approach: for each scenario of Revise, Rewrite
and Continue, two models are selected such that v-shi ft and/or h-shi ft scores diverge from the average
patterns, along with one model that corresponds near to the center of the distribution observed in Figs. 10,
12, and 13.

I Insights into GPT-40

Figure 16 presents insights into RQ1 and RQ2 for the GPT-40 model, which was prompted with a Rewrite
task on the EMONA and MFRC datasets for news and social data, respectively. Also in this case, each
radar chart is a single visualization for all moral dimensions and samples, with each value corresponding
to the average moral score across all samples. When the model is asked to only rewrite the text (RQ1),
it preserves the original moral expressions (Fig. 16 (a)-(c)). However, when instructed to identify and
emphasize existing moral dimensions (RQ?2), it slightly increases moral intensity on news samples, yet
remains largely conservative for the social ones (Fig. 16 (e)-(g)). Overall, GPT-4o0 better adheres to
existing moral trends, not introducing moral expressions in the presence of neutral text. However, it does
not significantly amplify moral distributions when instructed to do this, contrary to the other models
discussed in Sect. 5.3.
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Figure 7: Radar charts for RQ1 (top row), RQ2 (middle row) and RQ3 (bottom row). Top row: Revise of NeuralDD
on the “moral” and “non-moral” texts of MFNC, Rewrite of Qwen on ME, Continue of LLama-3 on MFNC
considering only the CH dimension, and Continue of Aya on the “moral” and “non-moral” texts of EMONA.
Middle row: Revise of Phi on MFNC considering only the FC dimension, Rewrite of EuroLLM on ME, Continue
of Aya on MFTC on the “moral” and “non-moral” texts of MFTC, and Continue of Yi on EMONA. Bottom
row: Revise-Intensify of EuroLLM on MFTC, Continue-Intensify of Qwen-Abl on ME considering only the FC

dimension, Revise-Diminish of Phi on MFNC, and Continue-Diminish of LLama on MFRC considering only the
LB dimension.
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Figure 8: (RQ1) From top-left to bottom-right: Moral shifts due to Continue on ME, MFNC, MFRC, MFTC, and
EMONA datasets, respectively.
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caption of each subfigure lists: setting, dataset, dominant moral dimension and model. Blue, resp. orange, charts

denote the moral scores before resp. after manipulation.
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Figure 11: (RQ2) Examples of radar charts of the moral dimension scores under the Revise (top), Rewrite (middle),
and Continue (bottom) settings. The dataset and the dominant moral dimension are fixed for each setting (row). The
caption of each subfigure lists: setting, dataset, dominant moral dimension and model. Blue, resp. orange, charts
denote the moral scores before resp. after manipulation.
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Figure 14: (RQ3 - Intensify) Examples of radar charts of the moral dimension scores under the Revise (top),
Rewrite (middle), and Continue (bottom) settings. The dataset and the dominant moral dimension are fixed for each
setting (row). The caption of each subfigure lists: setting, dataset, dominant moral dimension and model. Blue, resp.

orange, charts denote the moral scores before resp. after manipulation.
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Rewrite (middle), and Continue (bottom) settings. The dataset and the dominant moral dimension are fixed for each

orange, charts denote the moral scores before resp. after manipulation

setting (row). The caption of each subfigure lists: setting, dataset, dominant moral dimension and model. Blue, resp
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(b) RQ1, EMONA, non-moral (¢) RQ1, MFRC, moral (d) RQ1, MFRC, non-moral
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(h) RQ2, MFRC, non-moral

(g) RQ2, MFRC, moral

(f) RQ2, Emona, non-moral

Figure 16: Examples of moral changes in GPT-40 within the RQI1-Rewrite and RQ2-Rewrite settings on the
EMONA and MFRC datasets. For each dataset, the radar chart of morally relevant texts and morally neutral texts is
shown. Blue, resp. orange, charts denote the moral scores before resp. after manipulation.
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