AMORES: A Spanish Language Resource for an Extended Set of
Moral Foundations

Oscar Araque'®, Daniel Molina®’®, Anny Alvarez-Nogales'®, Carlos A. Iglesias'
lUniversidad Politécnica de Madrid, 2Social Innolabs Foundation
! Avenida Complutense, 30, Madrid, Spain, 2Calle de Santa Engracia 4, 3°D , Madrid, Spain
dmolina@socialinnolabs.org
{o.araque, a.anogales, carlosangel.iglesias}@upm.es

Abstract

This work addresses the need for linguistic resources that enable language models to understand and adapt
to subjective and abstract concepts in the domain of moral values within texts. In light of the growing interest
in the study of moral values and its limited exploration in Spanish-speaking contexts, this work addresses
this gap by developing a novel Spanish-language corpus. Furthermore, the corpus’s development process
ensures that the annotations capture a wide range of perspectives, resulting in a resource that reflects the
diversity of moral interpretations in real-world contexts. Specifically, there are two main contributions. 1 The
creation of the first large-scale Spanish corpus annotated according to Moral Foundations Theory. 2 We
introduce an experimental framework that investigates how annotators’ religious orientations could shape
moral annotation patterns and propagate to model behavior. To do so, we employ a prompt-based alignment
method that improves moral detection regardless of religious alignment for which the model was trained. In
this scenario, we explore whether language models can align moral interpretations across divergent belief orientations.

Keywords: Corpus generation, Moral Values, Moral Foundation Theory, Language Models

1. Introduction

Understanding how people express moral values
in everyday language is crucial for analyzing so-
cial interactions, persuasion, and the formation of
collective identities. Moral language is prevalent
in debates surrounding politics, health, and so-
cial issues, influencing how communities negotiate
agreements and conflicts (Borghouts et al., 2023;
Hurst and Stern, 2020; Troy et al., 2025; Day et al.,
2014). Computational approaches that address
morality depend on the quality of the resources
employed. Most existing moral-centered language
resources are oriented toward English, which limits
cross-cultural comparison and prevents insight into
how values are communicated across diverse con-
texts. Thus, although Spanish is one of the most
widely spoken native languages in the world, there
is currently no publicly available corpus that sys-
tematically captures moral expression in naturalistic
Spanish texts.

We present Annotated MORal ValuES in Span-
ish (AMORES), a large-scale Spanish moral cor-
pus (Araque et al., 2025)" that addresses this gap
by enabling researchers to examine how moral val-
ues are expressed in real discourse, from social
media to political debates, and to identify cultural
patterns that may remain hidden when focusing

'"The corpus is publicly available at https://
zenodo.org/records/17045203 under a Creative
Commons Attribution 4.0 International (CC-BY 4.0) li-
cense (DOI: 10.5281/zenodo.17045203).

only on English. This resource also supports ad-
vancements in computational tasks such as moral-
ity detection, stance detection models, and propa-
ganda and hate speech detection (Solovev and
Préllochs, 2023; Brugnoli et al., 2023; Martinez
et al., 2023), tailored explicitly for Spanish, which
are largely missing and often rely on translation
or transfer methods from English datasets (Banea
et al.,, 2013; Masad et al., 2023). In addition, we
present a set of experiments to evaluate perfor-
mance on different language models.

2. Related Work

Research on morality in language has produced
a diverse range of resources, from psychomet-
ric questionnaires to large-scale annotated cor-
pora. The study of morality in language has been
strongly influenced by the Moral Foundation The-
ory (MFT) (Haidt et al., 2007). This social psy-
chological framework provides a taxonomy of core
moral dimensions and has motivated the develop-
ment of both psychometric instruments and compu-
tational resources. The MFT suggests that human
morality is grounded in several innate, evolutionar-
ily derived principles, such as care, equality, loyalty,
authority, property, purity, and liberty, which shape
our moral intuitions across cultures and help ex-
plain differences in moral and political views (Haidt
and Graham, 2007).

The Moral Foundations Questionnaire (MFQ) is
the most widely used tool to measure the degree to
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which individuals endorse moral foundations (Gra-
ham et al., 2011). Later refinements, such as the
MFQ-2, expanded the fairness foundation into two
more specific constructs (Atari et al., 2023). Simi-
larly, Alabernia-Segura et al. (2023) developed and
validated a Spanish version of the Moral Identity
Questionnaire (MIQ), thereby extending psychome-
tric research into Spanish-speaking contexts. The
first Moral Foundations Dictionary (MFD) provided
a lexicon of 324 words mapped to the moral cate-
gories of MFT (Graham et al., 2009). This lexicon
was later expanded into larger and more refined
versions, including MFDv2 (Frimer et al., 2019),
the extended eMFD (Hopp et al., 2021), Moral-
Strength, a lexicon of approximately 1,000 lemmas
obtained as an extension of the MFD based on
WordNet synsets, with crowdsourced numeric as-
sessments of Moral Valence indicating the strength
with which each lemma expresses a specific moral
value (Araque et al., 2020), and LibertyMFD, devel-
oped to capture the dimension of liberty (Araque
et al., 2022). Specifically Rezapour et al. (2019)
demonstrated the benefits of human-in-the-loop lex-
icon expansion, enlarging the MFD to over 4,600
disambiguated entries. For Spanish, (Carvalho
et al., 2022) produced a dictionary adapted to MFT
categories, providing a crucial resource for analyz-
ing moral language in Spanish.

Beyond lexicons, multiple corpora have been
developed to apply MFT to user-generated
texts.Trager et al. (2022) introduced the Moral Foun-
dations Reddit Corpus, with over 16,000 comments
annotated for moral sentiment, while Hoover et al.
(2020) created the Moral Foundations Twitter Cor-
pus of more than 35,000 tweets. In (Johnson and
Goldwasser, 2018), political tweets were annotated
for implicit foundations, and Roy and Goldwasser
(2021) extended this work with tweets from U.S.
Congress members. In the political and media
domain, Simonsen and Widmann (2025) applied
multilingual dictionaries to parliamentary speeches
on immigration across eight Western democracies
over six decades, enabling large-scale comparative
analysis, while Weber et al. (2021) compiled a cor-
pus of nearly 36,000 news articles. Several corpora
have also targeted moral discourse in the context
of COVID-19: Rojecki et al. (2021) collected 2,648
tweets, Beir¢ et al. (2023) annotated 4,498 Face-
book comments with 12 moral values, including
liberty and oppression, and Pacheco et al. (2022)
compiled annotated tweets on vaccination. Argu-
mentative datasets have also been developed and
used in the study of argumentation (Kobbe et al.,
2020; Alshomary et al., 2022).

Additional resources have been designed as
controlled stimuli, such as YouTube clips crowd-
sourced to represent MFT dimensions (McCur-
rie et al.,, 2018) and 132 moral vignettes devel-

oped to elicit specific foundation violations (Clif-
ford et al., 2015). Furthermore, the Social-Chem-
101 dataset (Forbes et al., 2020) compiles 292,000
‘rules of thumb’ describing everyday moral and so-
cial norms, annotated across 12 dimensions. Simi-
larly, the Moral Integrity Corpus (MIC) (Ziems et al.,
2022) extends this approach with 38,000 ques-
tion—answer pairs linked to moral rules. In addition,
Araque et al. (2024) applied MFT-based moral lex-
icons to large-scale news texts to extract moral
values, demonstrating the usefulness of lexicon-
based pipelines for resource-rich domains. Other
datasets have been developed to investigate moral
reasoning: the ETHICS benchmark (Hendrycks
et al., 2020) evaluates moral intuitions across jus-
tice, deontology, virtue, and utilitarian perspectives;
scenarios of varying ambiguity were created to
test Large Language Model (LLM) beliefs (Scher-
rer et al., 2023); and MoralExceptQA was devel-
oped to investigate exceptions to moral rules (Jin
etal., 2022). The SCRUPLES dataset (Lourie et al.,
2021) provides real-world anecdotes with distribu-
tions of community judgments, reflecting consen-
sus and disagreement, while ProsocialDialog (Kim
et al., 2022) provides dialogs, used to train dia-
log systems to respond prosocially to problematic
content. Other weakly or automatically labeled re-
sources include (Botzer et al., 2022), which used
judgments from the Reddit r/AmltheAsshole com-
munity to derive large-scale moral valence anno-
tations, and (Emelin et al., 2020), which created
‘Moral Stories,” a dataset of structured narratives
encoding moral decisions and their consequences.

Together, these works illustrate that moral an-
notation can be approached not only through the
MFT taxonomy but also via norms, judgments, and
prosocial principles. In parallel, several works have
focused on moral phenomena beyond the scope
of MFT. Yet, these are relevant for understand-
ing moral reasoning in texts and for training LLMs.
Although significant progress has been made in
developing morally annotated corpora across lan-
guages and domains, most large annotated corpora
are in English, and none are currently available in
Spanish.

While existing efforts provide valuable ground-
work, they do not deliver large-scale, systemati-
cally annotated datasets capable of capturing the
richness and complexity of moral discourse in au-
thentic user-generated content. To address this
gap, this study introduces the first Spanish corpus
annotated according to Moral Foundations Theory,
using an extended set of foundations in comparison
to previous corpora. This corpus advances both
cross-linguistic research and the analysis of moral
expression in online communities.
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3. Corpus/Dataset Creation
Methodology

3.1.

The data of the presented corpus (AMORES) con-
sists of Spanish comments from different Red-
dit> communities and online forums. This source
has been used previously to capture morality in
texts (Botzer et al., 2022), including language re-
sources (Trager et al., 2022).

To construct the corpus, we implemented a scrap-
ing process that monitored Reddit communities
(subreddits) for content that potentially expressed
morality. To collect this data, we used the Python
Reddit API Wrapper (PRAW)3, which enables auto-
mated, scalable extraction of user comments. After
analyzing different Spanish subreddits with poten-
tial moral foundation reflection, a list of 33 subred-
dits was selected as the most relevant data sources.
These communities were chosen not only for the
presence of moral themes in their discussions, but
also for their diverse geographic and linguistic varia-
tions within the Spanish language and for reflecting
a wide range of ideological and cultural perspec-
tives.

The selected communities are the following: cine,
es, askspain, Espana, spain, futbol, Madrid, Desa-
hogo, chile, SpainPolitics, Asi va Espafa, video-
juegos, agerntiina, catalunya, libros, esConversa-
cion, chistes, askspain, espanol, lationamerica,
mexico, preguntaareddit, putoscoches, valencia,
venezuela, MujeresEnReddit, Negacionistas, Opin-
ionesPolemicas, allinspanish, colapsoES, Antina-
talismo esp, podemos, vayacurro. For additional
context, brief English descriptions of less self-
evident communities are provided in Appendix A.

A total of approximately 60,000 texts were col-
lected. After automatic language identification to
remove non-Spanish comments (e.g., English or
Catalan), the material was manually screened prior
to annotation. This screening retained comments
containing interpretable content and potential moral
evaluations, and discarded texts that could not be
understood in isolation, such as isolated reactions,
short jokes, or fragments requiring missing conver-
sational context.No automatic ambiguity or harm-
fulness detection was applied at this stage.

Data Collection

3.2. Annotation Methodology

The annotation process was carried out using
Qualtrics* for the flexible creation of online surveys

®https://www.reddit .com/

Shttps://praw.readthedocs.io/en/
stable/

4https://www.qualtrics.com/

and Prolific® as the crowdsourcing platform. A total
of 52 distinct annotation tasks (annotation batches)
were designed, each comprising 60 texts. Five
annotators were assigned to each task to ensure
reliability and to incorporate diverse perspectives.

The annotators were recruited from several
Spanish-speaking countries where Prolific offered
availability (Spain, Chile, and Mexico) to provide
a broad range of perspectives from different coun-
tries and various interpretations of expressions or
slang used on the social media platform. In the
case of Spain, the annotators were recruited from a
mix of university students and Prolific participants.

Before starting the annotation phase, the partic-
ipants completed a formation stage in which they
were introduced to the Moral Foundations frame-
work and the annotation guidelines. This formation
emphasized the need to identify moral foundations
intuitively, even when they were not explicitly stated
in the text, and to consider sarcasm, which poses a
valuable challenge for the corpus, given its difficulty
in automatic detection. In addition, a set of pro-
filing questionnaires was administered to annota-
tors. These included general demographic informa-
tion (gender, age, political orientation, income level,
and religious sentiment), the Mood and Feelings
Questionnaire (MFQ30) (Angold et al., 1987) in its
Spanish translation, and an extended version of the
Moral Foundations Questionnaire (MFQ-2) (Atari
et al., 2023). The MFQ-2 is adapted to current is-
sues, comprising 36 questions across six moral
foundations (care, equality, proportionality, loyalty,
authority, and purity), thereby enriching annotator
profiles.

Regarding the annotation tasks, each text has
been annotated by at least three and no more than
five annotators. Annotators were required to indi-
cate whether a text reflected any moral value and,
if so, to specify the foundation, its leaning towards
virtue or vice, and their confidence in the anno-
tation (low, medium, or high). AMORES includes
a broader range of moral foundations than prior
corpora. These are defined in the updated MFT
framework (Graham et al., 2013) (Atari et al., 2023),
resulting in the following categories: Care, Equal-
ity, Proportionality, Loyalty, Honor, Purity, Property,
Authority, and Liberty. If no moral dimension is
identified, the option ‘Non-Moral’ is available.

Annotators are allowed to annotate more than
one foundation for each text, which substantially
broadens the scope of moral assessment. Follow-
ing the paradigm of perspectivism (Federico et al.,
2023), the annotation methodology has been de-
signed to accommodate a variety of perspectives,
especially given the subjectivity and scope of the
morality phenomenon. The annotation phase took
place between March and June 2025. The com-

Shttps://www.prolific.com/
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plete annotation process resulted in 37,150 individ-
ual annotations. The final version of the corpus,
after removing duplicates and correcting other er-
rors, comprises 3,062 annotated instances.

All participants were compensated for their con-
tributions. To maintain quality, responses were
monitored to verify completion times, consistency,
and the proportion of texts labeled by annotators
without a moral foundation. After the annotation
phase, annotations and texts were aggregated, and
inter-annotator agreement was applied to ensure
control and analysis of the corpus.

4. Corpus Analysis

This section covers the analysis of the presented
corpus. Section 4.1 explores the characteristics
of the annotators, reflecting on their impact on
moral assessments. Section 4.2 presents a de-
tailed study on the agreement among annotators.

4.1. Statistics of Annotators

In a first approach to the corpus, Table 1 summa-
rizes the total counts for each moral value and the
percentage breakdown of virtue and vice annota-
tions within each moral class. Overall, the data
indicate a predominance of vice polarity across
most moral traits, suggesting that users in these
subreddits tend to express themselves in a more
negative or critical tone.

Moral Count Virtue (%) Vice (%)
Authority 2345 22.56 77.44
Care 6462 55.96 44.04
Equality 5450 26.04 73.96
Liberty 3232 43.72 56.28
Honor 5631 23.23 76.77
Loyalty 2077 42.85 57.15
Property 1166 30.19 69.81
Proport 4537 28.52 71.48
Purity 5308 22.14 77.86
Non-Moral 942 - -

Table 1: Total counts of each moral class with the
percentage of instances annotated as virtue or vice.

Regarding the annotators’ metadata, texts were
annotated by 57 annotators from diverse demo-
graphic and ideological backgrounds, allowing us
to capture a wide range of perspectives across dif-
ferent socioeconomic backgrounds and religious
viewpoints. Figures 1 and 2 show the distribution of

the annotators’ characteristics. Regarding the gen-
der report, the distribution is relatively balanced: 34
participants identified as male, 22 as female, and
one as other. Political orientations were distributed
as follows: 31.6% left-leaning, 22.8% center-left,
22.8% center-right, 17.5% centrist, and 5.3% did
not disclose (NA). Regarding religion, 37 anno-
tators identified as non-religious, 18 as religious,
and two did not disclose (NA). The age and in-
come distributions were also diverse (Fig. 2). The
largest age group is 25-35 years old (50.9%), fol-
lowed by 18-25 years old (21.1%), 35—45 years
old (17.5%), 45-55 years old (8.8%), and 55-65
years old (1.8%). Income ranged from €0—4,999
(28.1%) to over €35,000 (5.3%), with the remain-
der distributed across intermediate brackets or left
blank (NA).

I Genre
I Religious
[T Political Orientation

Figure 1: Annotator’s gender, religious and political
orientation.

Figure 2: Annotator’s age and income.

To examine how moral assessments vary within
each moral trait, Fig. 3 shows how confidence and
polarity levels are distributed within each moral
foundation. The values have been normalized
within each foundation, so the percentages rep-
resent the internal proportions of confidence and
polarity for that moral trait. Overall, the Care, Equal-
ity, and Purity moral traits show the highest propor-
tion of high confidence annotations, indicating that
annotators generally felt more certain in their as-
sessments for these traits. In contrast, Property,
Authority, and Liberty exhibit greater variability, with
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more annotations in lower confidence categories
and fewer high confidence instances.

This pattern likely reflects the relative ease with
which annotators can identify certain moral founda-
tions. Care and equality relate directly to fairness,
equal and just treatment among people, while pu-
rity can often be associated with intuitions about
contamination, sanctity, or culturally prominent ide-
als (Graham et al., 2013). In contrast, Property, Au-
thority, and Liberty involve judgments that are more
context-dependent, influenced by possible political
preferences and nuanced by language or expres-
sion (Atari et al., 2023). We argue that these traits
make the latter set of foundations more challenging
to assess consistently, leading to greater variabil-
ity in annotators’ confidence. In addition, it should
be noted that most annotations reference the vice
associated with the moral foundations, which is
consistent with debates on social media, where
topics are often controversial. In online debates,
users also tend to express criticism, complaints, or
moral violations rather than moral praise, leading
to a greater prevalence of negative moral views.

To examine how moral interpretations vary within
each political or religious group, we analyzed the in-
ternal distribution of moral foundations within each
group. Table 2 illustrates the internal distribution of
moral foundations within each ideological group.
Each row represents the moral composition of
each political orientation, expressed as percent-
ages, showing which values are most prominent
within that group. Columns are defined as C (cen-
ter), C-L (center left), C-R (center-right), Left, and
NA (not answered or prefer not to say). In gen-
eral, the moral dimensions of care and equality
prevail in all political groups, as shown in Figure 3.
These three categories remain the most frequently
detected foundations across the entire corpus.

Political C C-L C-R Left NA
Authority 572 6.14 805  6.51 5.99
Care 1411 1754 21.07 19.20 19.28
Equality 15.39 14.60 1456 1490 17.34
Liberty 10.66 7.77 800 842 10.63
Honor 16.67 15,53 15.35 14.77 14.91
Loyalty 5.95 6.35 5.59 5.11 5.90
Property 2.89 3.53 4.34 2.52 30.29
Proport 1477 1179 828 13.71 13.15
Purity 13.86 16.76 14.76 14.87  9.50

Table 2: Percentages of moral foundations within
political orientations normalized by political group.

However, different patterns emerge for specific
groups. For instance, texts annotated by centrist
participants show stronger associations with Pro-
portionality. In contrast, center-right participants
exhibit a higher prevalence of Authority-related an-

notations. This reflects the existence of distinct
interpretations of moral evaluations across differ-
ent political groups. We believe that this and other
similar characteristics of the dataset will be of the
most significant interest to the research community.

Following a similar approach to the one above,
Table 3 presents the distribution of normalized
moral foundations by annotators’ religious orien-
tations. We observe an interesting pattern: anno-
tators who identify as religious show a more bal-
anced distribution of moral categories, suggesting
a broader moral interpretation across all values.
In contrast, participants without a religious orienta-
tion have annotated higher proportions of the Purity
foundation, a somewhat unexpected finding given
that this foundation is often associated with reli-
gious or spiritual discourse. We view this as a
starting point for future work, as the role of reli-
gion in moral assessment remains underexplored
in large-scale studies.

Religious No Yes NA

Authority 6.18 6.73 9.59
Care 18.40 16.74 19.28
Equality 13.92 17.10 14.66
Liberty 7.66 11.32 7.24
Honor 16.52 13.68 17.38
Loyalty 556 6.04 05.70
Property 3.36 2.90 4.07
Proport 1219 13.44 9.14
Purity 16.22 12.06 12.94

Table 3: Percentages of moral foundations by reli-
gious orientation (normalized by religious group).

4.2. Agreement among Annotators

To perform a deeper analysis by subreddit and
group, we define an agreement metric to explore
potential patterns in annotations across topics or
subreddits and among annotator groups catego-
rized by gender, religion, and political orientation.
During annotation, each annotator can assign multi-
ple labels to a single text. Consequently, traditional
agreement metrics, which rely on exact matching,
are not suitable.

Given that annotators could assign multiple moral
categories to each text, we treat annotations as
sets and use Jaccard similarity to measure agree-
ment (Verma and Aggarwal, 2020).

For each text t and each annotator i, we calcu-
late an individual agreement g; representing the
average similarity between the annotations of the
annotator i and those of all other annotators.

1
9i = mgs(Ai,Aj) (1)
VE2
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Figure 3: Moral distribution polarity by trust.

where N is the total number of annotators for text
t, A; denotes the set of annotations from annotator
i, and s is the Jaccard similarity coefficient. The
similarity between two annotators i and j for text ¢
is defined as:

_ AP naAY)
A5 U AP
We use Jaccard similarity rather than exact

matching because it handles multi-label annota-

tions and captures partial overlap. Finally, for each

subreddit with S texts, we define the aggregated
agreement as follows.

_ 1 _
gs = ngt (3)

tesS

st(i,J) ()

Figure 4 presents a heatmap summarizing the
agreement and divergence scores across all sub-
reddits (x-axis) and annotator groups (y-axis). An-
notator groups were compared along several di-
mensions, including gender (Male, Female), reli-
giosity (Religious, Non-Religious), and political ori-
entation (Center, Center-Left, Center-Right, Left),
as well as across all annotators combined. The
mean column reflects the average agreement
across all subreddits.

Generally, agreement values vary within a mod-
erate range among all annotators. They are be-
tween 0.20 and 0.33 on average (see row ‘All’),
indicating a moderate degree of agreement. When
examining gender differences, Female annotators
tend to show slightly higher levels of agreement
than Male annotators, with values exceeding 0.5
in some subreddits. In terms of religiousness,
participants who identify as religious exhibit sig-
nificantly higher agreement, whereas the Non-
Religious group shows greater heterogeneity and
lower agreement. Annotators who identify as politi-
cally center-right tend to exhibit the highest levels of
internal consistency, with values exceeding 0.6 in

some subreddits. By contrast, the center-left group
has fewer agreements.

Interestingly, the agreement patterns vary sub-
stantially among the subreddits. Those commu-
nities focused on cultural or entertainment topics
like cinema, video games, and books®. They show
relatively high levels of agreement In contrast, sub-
reddits dedicated to political and social issues’,
show the lowest agreement values.

To provide a more visual example of differences
in text annotations, Figures 5 and 6 show two exam-
ples from different subreddits that exhibit annotation
variability. Arrows indicate annotation confidence,
categorized as low, medium, or high. Moral labels
are color-coded by polarity: green denotes virtue
and red denotes vice.

In Figure 5, a higher level of agreement among
the annotators is shown. Most annotations show
medium to high confidence, and almost all moral
foundations are marked as virtues, except for the
non-moral and honor labels. By comparison, Fig-
ure 6 shows an example with greater variability in
confidence and polarity. The same moral founda-
tions are indicated with both positive and negative
polarities, and confidence levels also reflect almost
the same number of annotations.

These examples reinforce our earlier point: texts,
especially political ones, are more challenging to
annotate consistently. In the first text (Fig. 5), al-
though the comment appears ironic, the criticism is
subtle and could be interpreted as positive by an-
notators. The second (Fig. 5) expresses a strong
critique of politics, leading to greater variability in
interpretations.

Finally, to quantify the overall level of consis-
tency among annotators, we report the average
inter-annotator agreement (IAA) scores, Fleiss’
Kappa, PABAK, and Krippendorff's Alpha, calcu-

®Qriginal names are: ‘cine’, ‘videojuegos’, and ‘libros’
"E.g., ‘SpainPolitics’, ‘Antinatalismo_esp’, and ‘Pode-
mos’, a Spanish political party
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Figure 4: Mean agreement by subreddit and annotators group.

En parte si, pero yo me referia mas bien a que
‘gracias' a Trump la unién europea esta mas
unida que nunca, jamas habia visto al
europeismo tan enaltecido como ahora.

In part, yes, but | was actually referring to the
fact that “thanks” to Trump, the European Union
is more united than ever; | had never seen
Europeanism so exalted as it is now.

honor .
loyalty purity authority
care
proportionality honor
non-moral equality liberty
low medium high

Figure 5: Annotation example of text from subreddit
‘askspain’, including confidence and polarity of each
annotation.

Especialmente la ante la ley, una estafa total de
los sistemas politicos y de justicia. EI mundo es
para el poderoso y el rico.

Especially before the law, a complete scam by the
political and justice systems. The world belongs to
the powerful and the rich.

ity h equality non-moral
purity honor

equality loyalty honor
. care
iib t:tquallty purity liberty equality
iberty loyalty honor authority purity
i . property loyalty
proportionality proportionality
low medium high )

Figure 6: Annotation example of text from subreddit
‘chile’, including confidence and polarity of each
annotation.

lated across all annotation tasks. These metrics
provide a general measure of agreement among
annotators across the entire set of texts.

The metrics show moderate but positive consis-
tency among annotators, with no negative agree-
ment values. Fleiss’ Kappa (0.20) and Krippen-
dorff’s Alpha (0.22) indicate slight to fair agree-

ment, which is acceptable given the interpretive
nature of the task. PABAK (0.40) is noticeably
higher, reflecting its adjustment for chance agree-
ment and the distribution of categories. Overall,
these findings confirm that, while moral interpreta-
tion varies among annotators, the observed agree-
ment is meaningful and exceeds expectations by
chance alone.

These values are consistent with those reported
for comparable English-language moral corpora.
For instance, (Hoover et al., 2020) report an overall
Fleiss’ Kappa of 0.27 and PABAK of 0.29. Although
several foundation-specific Kappa values are rela-
tively low (e.g., .16 for Purity and .18 for Betrayal).
Similarly, (Trager et al., 2022) report generally low
Fleiss’ Kappa values, often ranging between 0.0
and 0.5, but agreement increases substantially af-
ter prevalence adjustment.

5. Experiments

To evaluate the developed linguistic resource, we
conducted a series of experiments. The first one
involved establishing baselines using all moral
classes and an aggregated label for a single moral
prediction task.

The gold label for each text was computed us-
ing a weighted voting scheme across annotators,
based on each annotator’s confidence in their an-
notations. Each annotator’s vote was weighted
by a confidence score (high, medium, low), and
votes were counted across the combined moral cat-
egories and polarity (e.g., care-virtue). In the event
of a tie, we apply a hierarchical tie-breaking pro-
cedure: first, we aggregate annotations with confi-
dence weights; second, if a tie remains, we prefer
the category with the higher raw count; and finally,
if a tie persists, we choose the most frequent polar-
ity. This ensures that the resulting label reflects the
usage of annotator consensus and incorporates all
confidence levels. We use different models to evalu-
ate classification ability: models pre-trained mainly
on English and/or multilingual data, and models pre-

7062



macro Care Equality Propor Honor

Purity Liberty Authority NM Loyalty Property

roberta 17.06 23.62 31.29 2241 17.54
bertin 13.05 22.86 16.07 18.65 23.62
llama-1b 16.62 30.22 10.08 20.87 16.00

llama-3b 21.03 37.14 22.73 20.17 28.57
salamandra-2b 19.25 33.08 25.42 10.29 27.94
salamandra-7b 21.84 31.65 24.00 19.86 30.53

851 16.39 2545 2540 0.0 0.0
11.51 13.68 8.70 1538 0.0 0.0
16.39 24.78 14.08 26.67 0.0 7.14

15.25 18.35 3243 20.69 9.52 5.41
16.84 22.61 18.92 3226 5.13 0.0
20.17 21.78 17.65 18.18 22.86 11.76

Table 4: Macro F1 scores for different models in moral classification task. Column ‘macro’ reports the
overall Macro F1 score, while the remaining columns show F1 scores for each specific moral value.

trained on Spanish data. Specifically, Roberta (Liu
et al., 2019) was pre-trained primarily on English
data; LLaMA (Grattafiori et al., 2024) and Salaman-
dra (Gonzalez-Agirre et al., 2025) are multilingual
models; and BERTin (de la Rosa et al., 2022) was
pre-trained on Spanish data. This distinction is es-
sential for capturing the nuanced interpretations of
Spanish texts, which may be more difficult for one
model than for another. There are also differences
between smaller and larger models. RoBERTa and
BERTIn are based on the RoBERTa base architec-
ture, whereas LLaMA and Salamandra are based
on the large language model LLaMA architecture.

Building upon these baselines, we also designed
an experiment to investigate whether moral interpre-
tations vary between annotator groups with differ-
ent religious orientations. Since a text may reflect
multiple moral foundations, this experiment adopts
a multilabel classification approach. For this class,
four classification models were trained in two sce-
narios: with labels provided by religious annotators
and by non-religious annotators.

After the initial training, a prompting process
was introduced in which each model received in-
put augmented through a textual prompt indicating
the moral annotation that the other group would
have produced. For instance, the religious model
was exposed to prompts describing non-religious
annotations, and vice versa. This prompt-based
method could enable the model to integrate con-
textual cues about alternative moral framings and
allow us to examine whether exposure to opposing
perspectives can lead to greater predictive align-
ment across groups.

Table 4 shows the results for all the annotated
moral categories, which include Care, Equality, Pro-
portionality (Proport), Honor, Purity, Liberty, Author-
ity, Loyalty, Property, and Non-Moral. This scenario
is particularly challenging due to the ambiguity of
specific categories and the limited number of ex-
isting instances. F1 scores for categories such as
Loyalty and Property are near zero in some models,
reflecting the difficulty of predicting these moralities.

In general, larger models such as LLaMA-3B and
Salamandra-7B achieve higher overall macro-F1
scores (21.03 and 21.84, respectively), suggesting
that greater model size and representational capac-

ity have advantages in capturing moral semantics.

Model Religious No Religious
Roberta Baseline 16.55 29.63
Prompt 19.32 41.86
Bertin Baseline  08.61 39.39
Prompt 18.06 34.49
Baseline  22.98 38.09
LLaMA pompt 17.02 39.78
Salamandra Baseline 25.16 37.64
Prompt 22.54 39.52

Table 5: Macro F1 scores for models trained on
religious and non-religious annotations, comparing
baseline and prompt performance.

Evaluating the prompt and religious experiment,
as seen in Table 5, there are noticeable differ-
ences in macro F1 scores between models; those
trained on religious annotations seem to struggle
more than those trained on non-religious annota-
tions, capturing the distributions of moral values.
Although prompt-based augmentation seems to
encourage moral interpretation, it appears to ben-
efit non-religious models more. Of these, the non-
religious Roberta model benefits the most, achiev-
ing an increase in macro F1 of almost 13. However,
larger language models do not appear to benefit as
consistently, as seen in the case of Llama trained
on religious annotations, where prompting seems
to reduce performance. In this case, the prompt ap-
pears to interfere with the moral learning of larger
models. However, smaller models can effectively
leverage the additional guidance.

6. Conclusions

This research introduces AMORES, the first Span-
ish corpus based on Moral Foundations Theory.
Alongside the corpus, we present an extensive anal-
ysis of trends and annotation patterns, examining
how annotator backgrounds and orientations influ-
ence moral evaluations. Furthermore, we demon-
strate the utility of the corpus by assessing and
prompting language models in moral classification
tasks.

7063



Although subjectivity can introduce bias or vari-
ability in annotations, this work sought to mitigate
these effects by implementing rigorous guidelines
and systematic controls during the annotation pro-
cess. However, it is essential to acknowledge that
moral reasoning is inherently context sensitive. Al-
though the results of the automatic classification
are modest, the AMORES corpus represents a sig-
nificant step forward in the computational model-
ing of moral discourse in Spanish. It provides a
valuable resource for future research into moral
reasoning, value alignment, and the interpretability
of language models.

We have observed in our experiments that mod-
ern language models, despite their remarkable
abilities in Natural Language Processing (NLP),
struggle with abstract and subjective tasks, such
as moral judgment. Based on this corpus, future
research will seek to improve the reasoning and
transparency of models when dealing with subjec-
tive moral content. The corpus will be made publicly
available to support continued research within the
scientific community.

7. Limitations

This work adopts the Moral Foundations Theory
as its fundamental framework. Alternative moral
taxonomies may capture different nuances, and our
findings may not transfer across frameworks. Al-
though large for Spanish and the moral domain, the
corpus presented may not fully represent the diver-
sity of the Spanish-speaking world. Choices such
as gender, topic, and annotation platform could
introduce biases, and some moral foundations re-
main underrepresented.

Moral assessments are inherently subjective. De-
spite guidelines and extensive quality control, inter-
annotator variability persists, which represents a
path for future work that this paper does not ad-
dress. In this regard, the analyses identify associa-
tions between annotator features and model behav-
jor but do not establish causal mechanisms, which
is the focus of further work.

8. Ethics Statements

All annotators participating in corpus creation were
aware of the project’s objectives and annotations,
and they gave their consent to the publication of
their annotations. The metadata collected was cor-
rectly anonymized during the study. All annotators
were adults who provided informed consent after
reviewing the task description, data use, and their
rights, including the right to withdraw from the study.
Participation was voluntary and paid, compensated
at fair local rates. We provided clear guidelines,
training examples, and support.

For the experimental analysis, annotators could
optionally self-report coarse-grained metadata.
These attributes were collected solely to study the
aggregate effects on annotation patterns. We ex-
plicitly avoid normative claims about any group. Re-
sults describe annotation behavior in this dataset
and should not be used to stereotype individuals or
communities.

The study involves analyzing publicly available
texts and aggregating annotation behavior without
collecting personally identifiable information. It con-
stitutes minimal-risk research under standard insti-
tutional guidelines. All procedures complied with
our institution’s ethics policies for research involving
human participants.
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A. Description of Reddit
Communities

Table 6 provides the full list of Reddit communities
(subreddits) used as data sources for the AMORES
corpus, along with a brief description of each com-
munity’s primary topic and geographic focus.
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es General Spanish-language community
spain General discussion about Spain

Espana News and current affairs in Spain
askspain Questions about life and culture in Spain
SpainPolitics Political debate focused on Spain

Asi_va_Espafia
Madrid

Critical commentary on Spain’s political situation
Discussion about the city and region of Madrid

catalunya Topics related to Catalonia, politics and culture
podemos Community around the Spanish left-wing party Podemos
colapsoES Debates on societal and environmental collapse in Spain

Antinatalismo_esp
Negacionistas
OpinionesPolemicas
Desahogo

Antinatalism discussion in Spanish

Debates around denialism and conspiracy theories
Controversial opinions on various topics

Venting and emotional release community

MujeresEnReddit Community for women, gender issues and feminism
esConversacion Casual conversation in Spanish

espanol Spanish language learning and discussion
allinspanish General Spanish-language community
chistes Jokes and humor in Spanish

futbol Football (soccer) discussion

videojuegos Video games discussion

cine Cinema and film discussion

libros Books and literature

putoscoches Cars and driving, often humorous

vayacurro Work-related humor and complaints
preguntaleareddit Spanish-language equivalent of AskReddit
chile General discussion about Chile

argentina General discussion about Argentina

mexico General discussion about Mexico
latinoamerica Pan-Latin American topics

venezuela Discussion about Venezuela

valencia Topics related to the Valencia region of Spain
cuba Discussion about Cuba

Table 6: Reddit communities included in the AMORES corpus, with brief descriptions of their primary
focus and geographic scope. Communities were selected to ensure diversity across topics, ideological
orientations, and Spanish-speaking regions.
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