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Abstract: Media bias manifests through subtle editorial, discursive, and linguis-
tic mechanisms that shape public perception without explicit falsehoods. Research
on automatic media bias detection has focused largely on English resources and on
binary, document-level labels, overlooking the hierarchical and perspectivist nature
of bias. This article presents the Media Bias Bias-Mitigated Dataset (MBBMD), a
new corpus designed to address these limitations. MBBMD integrates three anno-
tation levels: binary and multilabel document-level bias, and fine-grained sentence-
level manifestations. The annotation process combines a perspectivist document-
level scheme, preserving annotator disagreement, with a deterministic sentence-level
procedure. The dataset also incorporates systematic Counterfactual Data Augmen-
tation (CDA), enabling analyses of how such factors influence perceived bias. The
sentence-level component comprises 2,348 annotated sentences covering six linguis-
tic manifestations of media bias.

Keywords: disinformation, media bias detection, perspectivist annotation, coun-
terfactual augmentation.

Resumen: El sesgo mediatico se manifiesta mediante sutiles mecanismos que mol-
dean la percepcion publica. La investigacién se ha centrado mayoritariamente en el
nivel documental y en recursos en inglés, pasando por alto la naturaleza jerarquica y
perspectivista del sesgo. Este articulo presenta el Media Bias Bias-Mitigated Dataset
(MBBMD), un nuevo corpus que aborda estas limitaciones. MBBMD integra tres
niveles de anotacién: binario y multietiqueta a nivel de documento, y manifestacio-
nes de sesgo a nivel de oracion. El proceso combina un enfoque perspectivista a nivel
documental, preservando el desacuerdo entre anotadores, con un esquema determi-
nista a nivel de oracién. Ademads, incorpora técnicas sistematicas de Counterfactual
Data Augmentation (CDA), que permiten analizar cémo distintos factores influyen
en la percepcion del sesgo. El corpus contiene 2.348 frases anotadas que cubren seis
manifestaciones lingiiisticas de sesgo medidtico.
Palabras clave: desinformacion, deteccidon de sesgo medidtico, anotacién perspec-
tivista, aumento contrafactual.
1 Introduction discourse through framing, selective omis-
sion, and rhetorical techniques (Rodrigo-

The digital revolution has transformed how
news is produced, disseminated, and consu-
med, democratizing access while exacerba-
ting challenges such as disinformation and
media bias (Fallis, 2015). Unlike overt fal-
sehoods, media bias subtly distorts public
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Ginés, 2023), hindering policy-making and
eroding trust in institutions. Recent Euro-
pean and international initiatives on online
disinformation and media literacy undersco-
re the need for reliable tools to detect such
phenomena. However, computational resour-
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ces remain heavily centred on English, limi-
ting their applicability to other contexts.

Spanish-language media presents speci-
fic challenges for bias detection. Its ecosys-
tems are shaped by political polarization, re-
gional variation, and heterogeneous editorial
practices, as observed in Spain, Argentina,
and Venezuela (Gutiérrez, Sapiezynska, and
Sénchez, 2014; Ordaz, 2016; Lodola and Kitz-
berger, 2017). Models trained on English-
centric corpora often fail to generalize to the-
se contexts, highlighting the need for data-
sets that capture the particularities of Spa-
nish news. Existing resources also rely prima-
rily on document-level majority-vote labels,
masking the inherently subjective and pers-
pectivist nature of media bias.

Recent taxonomies and systematic re-
views (Rodrigo-Ginés, Carrillo-de Albornoz,
and Plaza, 2024; Spinde et al., 2023) advocate
hierarchical, multi-level conceptualizations of
media bias. These frameworks stress that bias
operates simultaneously at macro-discursive
levels (e.g., intention, framing, coverage) and
micro-textual ones (e.g., omission, subjecti-
ve adjectives, emotionally charged langua-
ge), and emphasize preserving annotator di-
sagreement as a core element of perspectivist
annotation. Despite these advances, resour-
ces that operationalize such taxonomies for
Spanish news, integrate perspectivist super-
vision, and explicitly address annotator bias
remain scarce. Outlet identity, political con-
notations of entities, and charged termino-
logy all influence perceived bias, yet few da-
tasets systematically evaluate these effects.

To address these gaps, this article intro-
duces the Media Bias Bias-Mitigated Da-
taset (MBBMD), a hierarchical and pers-
pectivist corpus for media bias detection in
Spanish news media in Spain. MBBMD in-
tegrates three annotation layers: (i) binary
document-level bias, (ii) multilabel bias ca-
tegories, and (iii) fine-grained sentence-level
manifestations. The process combines pers-
pectivist document-level labels with adju-
dicated sentence-level supervision. Additio-
nally, systematic Counterfactual Data Aug-
mentation (CDA) (Zmigrod et al., 2019), in-
cluding entity swaps, outlet masking, and
terminology modifications, enables controlled
analysis of contextual and lexical influences
on perceived bias. As shown in Figure 1, the
design identifies potential bias sources and
applies mitigation strategies throughout the
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pipeline.

MBBMD comprises 100 articles across
10 salient topics, selected through a ba-
lanced methodology ensuring ideological di-
versity and comparable factual reliability.
It includes 2,348 annotated sentences cove-
ring six linguistic manifestations of bias. By
combining hierarchical annotation, perspec-
tivist principles, and counterfactual robust-
ness, MBBMD provides a structured resource
for advancing media bias detection in Spanish
and supports research on subjectivity, gene-
ralization, and fine-grained bias analysis.

2 Related Work

Media bias has been studied across politi-
cal communication, journalism studies, and
computational linguistics. Classical work de-
fined it as a deviation from balanced repor-
ting driven by editorial choices, selective co-
verage, or linguistic framing (Entman, 2007).
Farly typologies differentiated content, co-
verage, and statement bias (Floyd Moore,
2000), while later research highlighted subtler
discursive mechanisms shaping interpretation
beyond explicit falsehoods (Rodrigo-Ginés,
Carrillo-de Albornoz, and Plaza, 2023).
Computational research has expanded ra-
pidly, though mostly in English. Key da-
tasets include AllSides, Media Bias Fact
Check—derived corpora, hyperpartisan news
collections, and finer-grained resources such
as BASIL (Fan et al., 2019), NewsWCL50
(Hamborg, Donnay, and Gipp, 2019), and
MBIC (Spinde et al., 2021). SemEval tasks
on persuasion and propaganda (Piskorski et
al., 2023) further enriched work on argumen-
tation and framing. Yet these resources are
monolingual, limit cross-cultural generaliza-
tion, and rarely encode hierarchical relations
between editorial-level phenomena (e.g., ga-
tekeeping, selection, spin) and linguistic cues
(evaluative language, framing). Most rely on
majority-vote labels, collapsing disagreement
and obscuring the subjective nature of bias.
Methodological trends mirror this evolu-
tion. Early systems relied on classical ML mo-
dels (LR, SVM, RF) with handcrafted fea-
tures such as n-grams (Qorib, Moon, and
Ng, 2024), sentiment lexicons (Quijote, Za-
moras, and Ceniza, 2019), LIWC catego-
ries (Hube and Fetahu, 2018), POS pat-
terns, or quoted-speech structures (Cruz,
Rocha, and Cardoso, 2019). Neural archi-
tectures (RNNs, LSTMs, attention mecha-
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Figura 1: Sources and mitigation of bias across the MBBMD annotation pipeline. The figure
summarises the stages at which bias may arise, the specific sources of bias associated with each
stage, and the mitigation strategies implemented in MBBMD.

nisms) improved sentence-level representa-
tions but struggled with long-range discour-
se. Transformer-based encoders brought ma-
jor advances in framing and bias categori-
zation (Rakhecha et al., 2023; Ali et al.,
2024), and domain-adapted or multitask va-
riants jointly modeled framing categories and
linguistic cues. Multilingual encoders exten-
ded cross-lingual applicability. Decoder-only
LLMs enabled strong few-shot performance
but remain unstable, often misclassifying fi-
gurative language as bias (Trhlik and Stene-
torp, 2024).

Despite these advances, current approa-
ches remain limited by datasets that fail
to capture the hierarchical and perspecti-
vist nature of media bias. Most corpora
collapse disagreement into majority labels,
provide coarse framing or stance catego-
ries, and do not model relationships bet-
ween document-level judgments, sentence-
level cues, and ideological perspectives. Re-
cent work calls for multitask and multidimen-
sional modelling (Horych et al., 2024; Wessel
et al., 2023) and for jointly capturing edito-
rial and linguistic strategies (Liu et al., 2023).

In Spanish, resources are scarce and ty-
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pically focus on adjacent tasks such as fa-
ke news, sentiment, hate speech, stance, or
political opinion mining. They do not enco-
de bias taxonomies, rhetorical mechanisms,
or ideological perspectives, nor do they es-
tablish hierarchical links between document-
and sentence-level annotations. Cross-lingual
transfer performs poorly due to cultural and
rhetorical differences in Spanish-language
journalism, reinforcing the need for native
datasets.

Recent taxonomies conceptualize media
bias as a hierarchical construct spanning
macro-level editorial dimensions (intentio-
nal bias, spin, coverage, gatekeeping) and
micro-level cues (omission of attribution, sen-
sationalism, evaluative adjectives, labeling)
(Rodrigo-Ginés, Carrillo-de Albornoz, and
Plaza, 2024). These frameworks stress the im-
portance of integrating complementary an-
notation layers, preserving disagreement as
perspectivist signal, and incorporating ro-
bustness mechanisms sensitive to entities,
sources, and charged terminology.

Research on subjectivity supports this
view: politically charged tasks such as hate
speech, persuasion, stance, and framing bene-
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fit from multi-annotator settings that retain
disagreement distributions (Uma et al., 2021;
Leonardelli et al., 2023). The Learning with
Disagreements paradigm formalizes this, sho-
wing that preserving annotator diversity im-
proves robustness and fairness; however, no
Spanish media bias dataset adopts this ap-
proach.

Counterfactual Data Augmentation has
gained relevance for probing and mitigating
bias, particularly in sentiment, toxicity, and
stance classification (Vallecillo-Rodriguez et
al., 2024). Yet its application to media bias
remains limited, despite the established in-
fluence of outlet reputation, actor identity,
and framing on perceived bias.

To our knowledge, no prior Spanish da-
taset combines hierarchical annotation, pers-
pectivist principles, and systematic counter-
factual augmentation within a unified frame-
work. MBBMD fills this gap by operationa-
lizing recent taxonomies, preserving annota-
tor disagreement, and incorporating contro-
lled CDA variants to analyse how entities,
sources, and terminology modulate perceived
media bias.

3 Corpus Design

The Media Bias Bias-Mitigated Dataset
(MBBMD) has been created to address key
limitations in existing media bias resour-
ces, which typically focus on document-level
annotations, collapse subjectivity through
majority-vote labels, and rarely operationali-
ze hierarchical taxonomies or fine-grained lin-
guistic manifestations. They also lack mecha-
nisms to analyze how outlet identity, named
entities, or emotionally charged terminology
influence annotators’ perceptions. MBBMD
responds to these gaps through a unified hie-
rarchical annotation framework incorpora-
ting perspectivist document-level labels, de-
terministic sentence-level adjudication, and a
systematic CDA component.

Media bias operates across multiple la-
yers of interpretation. Recent taxonomies dis-
tinguish between macro-level editorial ca-
tegories (e.g., intentional bias, spin, state-
ment bias, coverage, gatekeeping) and micro-
level linguistic cues. The hierarchical structu-
re adopted in MBBMD follows this view by
explicitly separating why bias emerges from
how it is linguistically realized in the text.

Figure 2 summarizes the conceptual taxo-
nomy that guides the document-level anno-
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tations. Bias can be categorized according to
the author’s intention and according to con-
textual dimensions. These high-level catego-
ries are then linked to sentence-level mani-
festations such as sensationalism or omission
of attribution, operationalized as concrete la-
bels in the corpus.

according to the
author's intention Ideology bias

according to Gatekeeping bias
the context

Figura 2: Hierarchical classification of media
bias types based on author’s intention and
contextual factors. Based in (Rodrigo-Ginés,
Carrillo-de Albornoz, and Plaza, 2024).

Media bias perception is also inherently
subjective (Vallone, Ross, and Lepper, 1985;
Elejalde, Ferres, and Herder, 2018). Anno-
tators with different ideological, cultural, or
professional backgrounds often diverge in
subtle or contested cases, making perspec-
tivist annotation necessary to preserve in-
terpretive variability. Moreover, studies show
that outlet reputation, political actors, and
charged terminology significantly modulate
perceived bias (Gentzkow and Shapiro, 2006;
Leén, 2022). To account for these phenome-
na, MBBMD includes controlled counterfac-
tual variants that probe the stability of hu-
man and model judgments under systematic
perturbations.

3.1 Hierarchical annotation levels

MBBMD implements a hierarchical frame-
work that mirrors the structure illustrated in
Figure 2, where media bias is divided into
two overarching dimensions: the author’s in-
tention and the context of presentation. The
corpus operationalizes this hierarchy through
three complementary annotation layers that
combine perspectivist document-level labels
with a deterministic sentence-level scheme.
Before annotation began, all annotators
received a clear operational definition of me-
dia bias to ensure consistency across judg-
ments. Media bias was defined as any linguis-
tic or editorial choice that systematically fa-
vours one interpretation, actor, or viewpoint
over plausible alternatives, even in the ab-
sence of factual inaccuracies. Annotators we-
re instructed that bias may arise through se-



lective emphasis, omission of contextual ele-
ments, evaluative or emotionally loaded wor-
ding, or the presentation of opinions as fac-
tual statements.

To ensure that annotators evaluated each
article with full situational awareness, the
annotation process incorporated a context-
priming step: before labeling any specific ar-
ticle, annotators were shown the complete
set of ten news articles describing the same
event. Only after reading them, later annota-
ted individually, were annotators allowed to
begin labeling. This procedure reduced an-
choring effects and ensured that judgments
reflected perceived bias in the writing rather
than differences in background knowledge or
article ordering, contributing to greater con-
textual consistency across annotators.

3.1.1 Level 1: Binary document-level

bias (perspectivist)
At the first level, each article was annotated
by a pool of twelve annotators with diver-
se ideological backgrounds. Annotators inde-
pendently judged whether the article contai-
ned any form of bias (biased / not biased). No
consensus was enforced: individual labels we-
re preserved alongside the proportion of an-
notators marking the article as biased. This
follows the Learning with Disagreements (Le-
WiDi) paradigm, which treats disagreement
not as noise but as a signal of genuine sub-
jective variation. The resulting distributions
allow downstream users to work either with
majority-vote labels or with full perspectivist
information.

3.1.2 Level 2: Document-level bias
categories (multilabel,
perspectivist)

For any article identified as biased by at least

one annotator, a second layer captures the

specific editorial dimensions involved. Cate-
gories reflect the two high-level branches of
the underlying taxonomy:

Author’s intention:

e Intentional bias: perceived ideological
alignment or goal-driven slant.

e Spin bias: rhetorical intensification,
emphasis manipulation, or emotionally
loaded framing.

Context of presentation:

e Statement bias: linguistic or discursi-
ve phrasing that subtly favours one in-
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terpretation.
e Coverage bias:  disproportionate
emphasis on specific aspects of the

issue.

o Gatekeeping bias: systematic omis-
sion or downplaying of relevant actors,
events, or viewpoints.

As in Level 1, all individual labels and
their distributions are preserved, enabling
analysis of agreement, ideological polariza-
tion, and topic-specific variability.

3.1.3 Level 3: Sentence-level
linguistic manifestations
(majority vote)

The third level focuses on fine-grained lin-
guistic cues through a deterministic anno-
tation process. A subset of 2,348 sentences
was annotated for six manifestations of media
bias. These six categories were selected based
on their recurrence in the preceding analyses,
as well as their prominence in contemporary
taxonomic work on discourse-based bias. To-
gether, they represent empirically observable
mechanisms through which editorial and con-
textual bias materialise at sentence level.

1. Omission of attribution. Claims, eva-
luations, or allegations are presented
without specifying who says or belie-
ves them (e.g., “Experts warn that...”
without identifying the experts).

2. Sensationalism or emotionalism.
Use of exaggerated, dramatic, or affecti-
vely charged language that amplifies the
perceived gravity, urgency, or emotional
impact of an event. Examples include
hyperbolic verbs, catastrophic imagery,
or theatrical framing.

3. Mind reading (unwarranted infe-
rence of intentions). Attributing mo-
tivations, intentions, or internal states to
individuals or groups without evidence
(e.g., “The government seeks to silence
critics”).

4. Biased word choice or labeling. Use
of ideologically loaded terms or evalua-
tive labels to describe actors, groups, or
events (e.g., “regime”, “radicals”).

5. Subjective qualifying adjectives.
Adjectives that encode personal or ideo-
logical judgment rather than verifiable



Francisco-Javier Rodrigo-Ginés, Jorge Carrillo-de-Albornoz, Laura Plaza

properties, such as “irresponsible deci-
sion” or “brilliant reform”.

6. Opinions presented as facts. State-
ments that express subjective interpre-
tation or evaluative stance while being
phrased as factual reporting (e.g., “The
policy is a failure”).

Each sentence was independently anno-
tated by two annotators, and disagreements
were resolved through a final curation and
adjudication step to produce a single gold-
standard label per sentence. Unlike the
document-level annotation, where perspec-
tivism is meaningful, sentence-level labeling
prioritizes reliability and consistency, making
this layer suitable for training and evaluating
fine-grained classification models.

3.2 Source selection

To ensure ideological balance and comparable
factual reliability, the dataset uses the Spa-
nish Media Bias Chart (Ad-Fontes-Media,
2023) as a reference for outlet selection. Sour-
ces are paired symmetrically across the ideo-
logical spectrum and matched by factual re-
liability so that, whenever possible, each left-
leaning outlet has a right-leaning counterpart
with a similar factual score. Core outlets in-
clude:

e Publico, ElDiario.es, El Pais
e ABC, El Mundo, La Vanguardia
e FEl Correo, La Voz de Galicia

Additional outlets such as HuffPost and
OKDiario expand stylistic and ideological
diversity. A fictitious outlet, El Correspon-
sal, is used exclusively in CDA instances
to decouple content from outlet reputation.
Although some outlets have regional origins,
article selection was restricted to nationally
or internationally relevant events to avoid in-
troducing local-topic bias.

Figure 3.2 illustrates how symmetric pai-
ring is applied in practice. The figure zooms
into a subset of outlets from the Spanish
Media Bias Chart and highlights symme-
tric pairs (e.g., Publico-ABC, ElDiario.es—El
Mundo) that occupy comparable positions in
terms of factual reliability but opposite ideo-
logical orientation. For each topic, articles are
selected so that coverage from left and right-
leaning outlets is balanced.
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Figura 3: Some of the selected outlets to illus-
trate symmetric source pairing. Sources with

similar factual reliability but opposite ideolo-
gical orientation are paired.

The corpus includes ten politically and so-
cially salient topics reflecting varied edito-
rial pressures and discourse styles: Spain’s
public debt (2023), Argentina’s 2023 presi-
dential elections, Pedro Sanchez’s investitu-
re, the Spanish Trans Law, the Barcelona
demonstrations against the Amnesty Law,
Luis Rubiales’ disqualification, the Catalonia
drought emergency, Sinn Féin’s victory and
Irish unification prospects, Spain’s 2024 Eu-
rovision entry, and the ICJ ruling on Gaza.

Topics were selected to cover domestic and
international politics, social policy, sports,
and cultural events, and to include both
highly polarized issues (e.g., Amnesty Law,
Gaza) and more descriptive or policy-focused
topics (e.g., public debt, drought). For each
topic, at least one article is selected from
a left-leaning outlet and one from a right-
leaning outlet, following the symmetric pai-
ring strategy described above.

3.3 Counterfactual Data
Augmentation (CDA)

CDA is applied to systematically test the in-
fluence of outlet identity, entities, and ter-
minology on perceived bias. For each topic,
three CDA variants are created using one of
the following transformations:

e Entity swapping, in which political ac-
tors or organizations are replaced with
ideologically contrasted counterparts se-
lected based on publicly documented
party alignment and positioning in the
Spanish political spectrum, and valida-
ted independently by two researchers.
(e.g., Pedro Sdnchez — Santiago Abas-
cal; Javier Milei — Sergio Massa).



e Outlet masking, in which the original
outlet is replaced either with its ideologi-
cal opposite or with the fictitious El Co-
rresponsal, allowing researchers to isola-
te the effect of source reputation.

e Terminology modification, in which
emotionally loaded or highly charged
terms are substituted with more neutral
alternatives (e.g., genocide — conflict).

These variants are included only in the
control subset to support robustness analy-
ses and causal probing without contamina-
ting the main training and test splits.

3.4 Annotation process

Annotation proceeded in two phases.
Document-level annotation was carried out
by a pool of twelve annotators with diverse
ideological, demographic, and educational
backgrounds. Articles were annotated in-
dependently, and disagreement patterns
were preserved rather than resolved. This
aligns with perspectivist principles and
recent approaches such as Learning with
Disagreements, and reflects the inherent
subjectivity of high-level bias perception.

Sentence-level annotation followed a de-
terministic scheme. Two annotators labeled
each sentence for the six linguistic manifes-
tations of bias, and a third annotator adjudi-
cated any discrepancies. Annotators were en-
couraged to provide brief rationales for deci-
sions, creating an additional layer that can be
exploited in future interpretability research.

While annotator bias cannot be fully eli-
minated in politically charged tasks, seve-
ral mitigation strategies were implemented
at the design and annotation levels. First,
the annotator pool was ideologically diver-
se and self-reported across the political spec-
trum. Second, all annotators followed a struc-
tured training and calibration protocol ba-
sed on shared guidelines and practice exam-
ples. Third, a context-priming step ensured
that annotators read all ten articles cove-
ring the same event before labeling any in-
dividual text, reducing anchoring effects. Fi-
nally, document-level disagreement was pre-
served rather than collapsed into majority vo-
te, treating interpretive variability as signal
rather than noise.

Overall, this combined  perspecti-
vist—deterministic =~ methodology  reflects
both the subjectivity of macro-level bias
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judgments and the need for reliable fine-
grained supervision at the sentence level,
providing a coherent framework for studying
media bias hierarchically.

4 Corpus Analysis

This section provides an extended analysis of
the corpus, examining its structure, the de-
mographic and ideological composition of an-
notators, patterns of agreement and disagree-
ment, and the empirical impact of the coun-
terfactual variants. We also present baseline
and comparative experiments that demons-
trate how hierarchical information, perspec-
tivist labels, and controlled counterfactuals
influence model behaviour. Together, these
analyses highlight the linguistic complexity
and epistemic richness encoded in MBBMD.

4.1 Corpus statistics

MBBMD comprises 100 original news arti-
cles across ten politically and socially salient
topics, with 2,348 manually annotated sen-
tences (23.5 per article on average, SD =
5.2). The corpus spans diverse journalistic
styles, providing a suitable context for analy-
sing how macro-level editorial strategies align
with micro-level linguistic realisations of bias.

The distribution of sentence-level manifes-
tations is strongly asymmetric. Biased lexical
choices and subjective adjectives dominate,
reflecting the prominence of lexical framing in
Spanish news writing. Less frequent cues such
as omission of attribution or mind reading
nonetheless show high discriminative value,
especially in political and conflict-oriented
articles. This imbalance mirrors real usage
patterns: subtle rhetorical strategies typically
emerge through lexical nuance rather than
overt argumentative structure.

These tendencies vary across topics. Po-
larised events (e.g., Amnesty Law, ICJ ru-
ling on Gaza, partisan demonstrations) exhi-
bit a higher density of evaluative language
and framing cues, whereas procedural topics
(e.g., drought management, inflation indica-
tors) rely more on descriptive structures and
contain fewer explicitly biased terms. Such
variation underscores the need for models ca-
pable of adapting to topic- and genre-specific
linguistic behaviour.

The counterfactual component further en-
riches the dataset. Thirty additional arti-
cles were generated through entity swapping,
outlet masking, and terminology modifica-
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tion. These controlled interventions preser-
ve propositional meaning while altering con-
textual or lexical cues. Preliminary analysis
shows that even minimal changes systema-
tically shift perceived bias, confirming that
bias emerges not only from factual content
but through its contextual framing, source
identity, and affective realisation. This dua-
lity makes MBBMD valuable for robustness
evaluation, causal inference, and the study of
annotation-level variability.

4.2 Annotator composition

A key feature of MBBMD is its perspectivist
orientation: individual judgments are preser-
ved rather than collapsed into majority-vote
labels. This approach requires a heterogeneo-
us annotator pool capable of reflecting ge-
nuine interpretive diversity. The twelve an-
notators recruited for the task span a broad
ideological spectrum (one far-left, six left-
leaning, three centrist, two right-leaning), to-
gether with substantial demographic variabi-
lity: 42 % female, ages ranging from 18-24 to
654, and educational backgrounds covering
secondary studies (17 %), vocational training
(17%), bachelor’s degrees (42 %), and post-
graduate studies (25 %). Annotator political
orientation was self-reported using a stan-
dard left—right scale and was used exclusively
for descriptive and analytical purposes.

All annotators followed a structured trai-
ning protocol consisting of guideline review,
practice examples, and calibration exerci-
ses based on representative cases. Training
emphasised the distinction between proposi-
tional content and linguistic realisation and
clarified that annotations should not invol-
ve factual verification but the identification
of bias-relevant cues. Annotators also recei-
ved instruction on the hierarchical taxonomy
and the sentence-level manifestations to en-
sure consistent interpretation of the labels.

To minimise priming effects and ensu-
re comparable situational awareness, anno-
tators worked independently, article assign-
ment was randomised, and topic—outlet com-
binations were balanced. Critically, before
annotating any individual article, annotators
were shown the full set of ten articles descri-
bing the same event. This “context-priming”
step ensured shared background knowledge
and mitigated discrepancies in interpretation
arising from uneven prior exposure or fami-
liarity with the topic.
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4.3 Document-level annotation
agreement

Since the goal of perspectivist annotation
is not to enforce consensus but to repre-
sent interpretive variability, high agreement
is neither expected nor required. Neverthe-
less, agreement statistics provide insight into
task difficulty. For the binary bias detection
task, annotators reached unanimity in 62 %
of articles, corresponding to a Fleiss’ k of
0.41. For multilabel editorial categories, una-
nimity decreased to 48 % (k = 0,37), values
comparable to those reported in other ideolo-
gically charged tasks such as framing, persua-
sion, or hate-speech severity, where & values
typically range between 0.30 and 0.50 (Lu et
al., 2025; Ruiz Garcia, 2025). Unlike stan-
ce detection tasks (e.g., (Ding et al., 2025)),
which involve explicit target positions, me-
dia bias perception requires interpretive judg-
ment over implicit framing strategies.

Agreement varies markedly across topics.
Highly polarised events, such as the ICJ ru-
ling on Gaza or the demonstrations rela-
ted to the Amnesty Law, produce the grea-
test divergence: the average proportion of
annotators marking these articles as biased
is 54-63%, with standard deviations abo-
ve 22 points. In contrast, procedural and
fact-focused topics such as drought manage-
ment or inflation indicators yield substan-
tially higher consensus, with “not biased”
agreement rates above 75% and variability
below 10 points. This pattern indicates that
disagreement arises from socio-political sa-
lience and interpretive openness rather than
annotation noise.

Analyses also reveal systematic links bet-
ween document-level judgments and linguis-
tic cues. Articles judged as biased by a large
proportion of annotators contain nearly twice
as many evaluative adjectives and biased la-
bels (mean = 4.8 vs. 2.6 per article) and show
a 35 % increase in loaded terminology compa-
red to articles widely judged as “not biased”.
Conversely, high-consensus “not biased” arti-
cles contain proportionally more descriptive
structures and exhibit a 40-45 % reduction in
subjective expressions. This correlation vali-
dates the design of MBBMD: sentence-level
manifestations provide the linguistic groun-
ding of document-level perceptions.

Finally, perspectivist distributions un-
cover patterns that would be lost under
majority-vote aggregation. Several articles



(12 % of the corpus) display bimodal distribu-
tions in which annotators split between “bia-
sed” and “not biased” in roughly equal pro-
portions (45-55%). These cases correspond
to texts where rhetorical subtlety, framing
choices, or ideological proximity legitimately
allow for divergent readings. Such examples
are essential for evaluating computational
models intended to approximate human-like
interpretive variability, as they expose epis-
temic complexity that deterministic labels
would obscure.

4.4 CDA statistics and impact

The CDA component introduces three con-
trolled transformations per topic (entity
swapping, outlet masking, and terminology
modification) each designed to preserve pro-
positional content while altering contextual
or lexical cues. These interventions genera-
te 30 counterfactual articles (three per topic)
and provide an experimental setting to isola-
te which dimensions of the text most strongly
influence perceived bias.

Entity swapping produces the largest per-
ceptual shifts. Across topics, articles origi-
nally classified as neutral exhibit an avera-
ge increase of 17% in perceived bias after
replacing a political actor with an ideologi-
cally opposed counterpart, whereas substitu-
tions involving an aligned actor reduce per-
ceived bias by approximately 8 points. This
asymmetry aligns with well-documented in-
group—outgroup effects: readers tend to judge
discourse involving opposed actors as more
biased, even when propositional content re-
mains unchanged (Brewer, 1999).

Outlet masking also generates substantial
variation. When an article is reattributed to
an outlet perceived as ideologically aligned
with the reader, perceived bias decreases by
7 %; when attributed to an opposed outlet,
it increases by 11 %. These effects reproduce
the classic source-credibility heuristic: iden-
tical content is interpreted differently depen-
ding on the political alignment and perceived
trustworthiness of the source.

Terminology modification yields more mo-
derate but consistent shifts. Replacing emo-
tionally loaded expressions with neutral pa-
raphrases reduces perceived bias by roughly
12% on average. However, these effects are
highly topic-dependent. In high-salience do-
mains such as immigration, security, or in-
ternational conflict, lexical substitutions ac-
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count for changes of up to 18 points, while
in procedural or fact-reporting topics (e.g.,
drought management, inflation indicators),
the impact remains below 6 %.

The CDA results confirm that bias percep-
tion is not determined solely by propositional
content. Instead, it emerges from the interac-
tion between contextual cues, ideological ex-
pectations, and the linguistic realisation of
the text. By encoding counterfactual variants
directly in the dataset, MBBMD enables con-
trolled causal analysis and robustness testing
that are rarely feasible in existing media bias
corpora.

4.5 Baseline and comparative
modelling results

The modelling experiments assess the dif-
ficulty of MBBMD and the contribution
of its hierarchical and perspectivist design.
We evaluate two core tasks: (i) binary
document-level bias detection and (ii) multi-
class sentence-level prediction of six linguistic
manifestations, which differ sharply in granu-
larity and linguistic subtlety. The 100 origi-
nal articles were split into 70/30 train—test
partitions, stratified by topic to prevent to-
pical leakage. CDA variants were excluded
from training and used exclusively for robust-
ness evaluation. For document-level experi-
ments, both majority-vote labels and full an-
notator distributions (soft labels) were used.
Sentence-level models were trained on adju-
dicated gold labels.

Classical models (LR, SVM, RF) trained
with TF-IDF features reach 64-69 % accu-
racy on the document-level task but degra-
de to near-chance performance at the senten-
ce level (macro-F1 < 0,20), indicating that
surface lexical cues are insufficient for fine-
grained bias detection. Transformer encoders
perform substantially better, achieving 0.74—
0.77 accuracy and 0.44-0.48 macro-F1, as
summarised in Table 1.

Models exploiting MBBMD’s hierar-
chical structure outperform those trained
on each level independently: a joint do-
cument-sentence XLM-RoBERTa model
reaches 0.81 accuracy and (.52 macro-
F1, showing that editorial cues provide
useful context for interpreting linguistic
manifestations, and vice versa.

Perspectivist supervision also yields clear
benefits. Soft-label models that use full an-
notator distributions outperform majority-
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Model Doc. Acc. Sent. F1
Classical ML

LR 0.64 0.18
SVM 0.67 0.19
RF 0.69 0.17
Transformer Encoders

DistilBERT (base) 0.74 0.44
XLM-RoBERTa 0.77 0.46
Hierarchical / Perspectivist

Hier. XLM-RoBERTa 0.81 0.52
Soft-label XLM-RoBERTa 0.79 0.53
Cross-Lingual

XLM-RoBERTa (EN-only) 0.59 0.28
Zero-shot LLM

GPT-5 (zero-shot) 0.66 0.32

Tabla 1: Baseline and comparative modelling
results on MBBMD.

vote variants, particularly on ambiguous
cases, and show higher robustness under
CDA perturbations, preserving 10-15 % mo-
re correct predictions. This indicates that
disagreement-aware supervision regularises
decision boundaries and reduces overfitting
to annotator-specific priors.

CDA stress tests reveal notable fragility in
transformer models. Under entity swapping,
models misclassify 20-35% of articles diffe-
ring only in one actor; under outlet masking,
predictions shift by up to 15 % depending on
the outlet identity. These behaviours mirror
human heuristics and highlight the need for
datasets that explicitly encode robustness-
oriented phenomena.

Cross-lingual experiments further show
that media bias does not transfer easily
across cultural and linguistic contexts. XLM-
RoBERTa models fine-tuned on English cor-
pora lose up to 18 macro-F1 points when
evaluated on MBBMD, performing substan-
tially worse than Spanish-trained counter-
parts. This reinforces the need for native re-
sources like MBBMD for reliable evaluation
and training. Models fine-tuned on MBBMD
inevitably internalize patterns present in the
dataset, including its ideological distributions
and annotation tendencies. While the pers-
pectivist design mitigates over-reliance on
majority labels, future work should further
investigate cross-dataset generalization and
robustness beyond corpus-specific patterns.

5 Discussion and Conclusions

MBBMD provides the first hierarchical, pers-
pectivist, and counterfactually augmented re-
source for media bias analysis in Spanish
news media in Spain. Its design is grounded
in three observations: (i) media bias is multi-
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dimensional and cannot be reduced to a sin-
gle label; (ii) annotator judgments are shaped
by ideological, cultural, and experiential fac-
tors, requiring a perspectivist approach; and
(iii) both humans and models are highly sen-
sitive to surface cues such as outlet identity,
named entities, and charged terminology, ma-
king CDA essential for robustness analysis.

A key contribution of MBBMD is the inte-
gration of document-level and sentence-level
perspectives within a unified hierarchical fra-
mework. Unlike prior datasets that focus so-
lely on editorial categories or fine-grained
cues, MBBMD links both levels, enabling
analyses of how macro-level strategies mani-
fest through lexical framing, omission of at-
tribution, and evaluative language. The com-
bination of perspectivist document-level dis-
tributions and adjudicated sentence-level la-
bels preserves interpretive variability while
providing stable supervision for hierarchical
and multi-task modelling.

The CDA component further strengthens
the dataset. Controlled manipulations of
outlets, political actors, and terminology iso-
late causal drivers of bias perception and ex-
pose the fragility of both human and model
judgments. Even minimal changes can produ-
ce substantial perceptual shifts, highlighting
models’ sensitivity to surface cues. CDA also
enables robustness testing and counterfactual
comparisons between natural and perturbed
variants.

Despite these contributions, limitations
remain. The corpus covers ten salient topics
within a specific socio-political context, and
automated counterfactuals cannot fully cap-
ture deeper narrative or socio-pragmatic di-
mensions.

Overall, MBBMD provides an empirically
grounded benchmark for hierarchical mode-
lling, fine-grained bias analysis, and robust-
ness evaluation. Its perspectivist and coun-
terfactual design offers a structured approach
to modelling media bias as a contextual and
subjective phenomenon, with methodological
principles transferable to other domains.
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