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Abstract
Information disorder research overwhelmingly focuses on fabricated or manipulated content (fake news, deepfakes,
propaganda) while comparatively neglecting the most pervasive form of distorted information: media bias. Unlike
outright falsehoods, media bias operates within the boundaries of factual reporting, distorting public understanding
through framing, omission, and word choice rather than fabrication. This makes it harder to detect, harder to
regulate, and paradoxically more influential, since it originates from trusted mainstream sources rather than marginal
actors. In this position paper, we argue that media bias should be recognized as a first-class category within
information disorder frameworks. Drawing on the Wardle and Derakhshan (2017) taxonomy, communication theory,
and a systematic review of over 100 studies on automated media bias detection, we demonstrate that current
frameworks inadequately account for the systematic distortion of true content. We present a consolidated taxonomy
of media bias types organized by linguistic level, compare detection paradigms across the information disorder and
media bias communities, and identify four properties that make media bias uniquely dangerous: its scale, its source
credibility, the invisibility of omission, and its cumulative normative effect. We conclude with an integrated research
agenda grounded in specific gaps identified through the review.

Keywords: information disorder, media bias, framing, omission bias, position paper, systematic review, NLP

1. Introduction not only for understanding journalism but also for
building trustworthy Al systems.

In this position paper, we argue that media
bias is an underrecognized and inadequately ad-
dressed form of information disorder. Drawing
on the influential framework of Wardle and Der-
akhshan (2017), on communication theory, and on
a systematic review of over 100 studies on auto-
mated media bias detection (Hamborg et al., 2019;
Rodrigo-Ginés et al., 2024), we make three claims,
each grounded in evidence from the review:

When researchers and policymakers speak of “in-
formation disorder”, they almost invariably mean
content that is false: fabricated news articles, doc-
tored images, conspiracy theories shared on so-
cial media (Lazer et al., 2018; Vosoughi et al.,
2018). This conflation of information disorder with
falsehood has shaped research agendas, detec-
tion tools, and regulatory frameworks alike. Fact-
checking initiatives, automated fake news classi-
fiers, and platform content moderation policies all
target the same object: content that deviates from
factual reality.

1. Media bias is a form of information disorder
that current frameworks acknowledge in princi-

ple but marginalize in practice.
Yet the most widespread and arguably most in-

fluential form of distorted information is not false
at all. Media bias, the systematic tendency of
news outlets to present information in ways that
favour particular perspectives, interpretations, or
actors (Hamborg et al., 2019), operates entirely
within the boundaries of factual reporting. A bi-

ased article need not contain a single false claim. 3 The NLP communities working on informa-

2. The properties that distinguish media bias from
other forms of information disorder (its scale, its
origin in trusted sources, the invisibility of omis-
sion, and its cumulative normative effect) make
it more dangerous than fabricated content, not
less.

_Instead, it_ shapes unders?andin_g through what tion disorder (fake news, propaganda, fact-
it emphasizes and what it omits, through the checking) and media bias detection operate
man, 1993). This concem extends to modern disconnect clearly visible in the citation patterns
language technologies: large language models and methodological choices documented in the
(LLMSs), trained on vast corpora of news text, risk review.

inheriting and amplifying the very biases presentin

their training data (Gallegos et al., 2024; Park and We conclude by proposing an integrated re-

Kim, 2025), making the study of media bias urgent  search agenda that positions media bias at the
45

Proceedings of the 1st Workshop on Information Disorder (InDor) @ LREC 2026, pages 45-54
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026



centre of information disorder research, with spe-
cific calls for multilingual resources, perspectivist
annotation frameworks, and evaluation paradigms
that move beyond binary detection.

2. The Information Disorder
Landscape

The term “information disorder” was popularized
by Wardle and Derakhshan (2017) as an alterna-
tive to the imprecise and politically weaponized la-
bel “fake news”. Their framework distinguishes
three categories along two dimensions, infent to
harm and falsity:

Misinformation: false content shared without in-
tent to harm (e.g., honest mistakes, misunder-
stood statistics).

Disinformation: false content deliberately cre-
ated and shared to cause harm (e.g., fabricated
news, coordinated campaigns).

Malinformation: genuine content shared with
intent to harm (e.g., leaks, harassment, out-of-
context sharing).

Within this tripartite model, Wardle and Der-
akhshan identify seven types of problematic con-
tent, ranging from satire and parody (lowest harm)
to fabricated content (highest harm). Type 3, “mis-
leading content: misleading use of information to
frame an issue or an individual”, is the category
most directly relevant to media bias.

The framework’s blind spot. While the Wardle—
Derakhshan taxonomy is rightly influential, it car-
ries an implicit assumption: problematic content
is exceptional. The seven types describe devia-
tions from normal journalistic practice: satire that
is mistaken for news, content that is improperly at-
tributed, narratives that are fabricated. Media bias,
however, is not exceptional. It is the norm. As
communication scholars have long documented,
all news production involves selection, emphasis,
and framing; neutrality is an aspirational ideal
rather than a default state (McQuail, 2010; Entman,
1993). When bias is the baseline rather than the
anomaly, a framework designed to identify depar-
tures from good journalism fundamentally strug-
gles to account for it.

Where media bias fits, and does not fit. Me-
dia bias maps most closely to the “misleading
content” category, but this mapping is imperfect.
Misleading content in the original framework im-
plies a deliberate or at least identifiable act of mis-
representation: a photograph cropped to change
its meaning, a headline that mischaracterizes the
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article body. Much media bias, by contrast, is
structural and often unconscious: editorial choices
about which stories to cover, which sources to
quote, and which perspectives to include reflect
institutional norms, audience expectations, and
market incentives rather than individual acts of
deception (Groeling, 2013; Shoemaker and Vos,
2009). The framework’s reliance on intent (the
mis/dis/mal distinction) maps poorly onto a phe-
nomenon where intent is diffuse, institutional, and
frequently invisible even to the journalists produc-
ing the content (Eberl et al., 2017).

Moreover, the “misleading content” category is
one of seven, situated between “false connection”
(type 2) and “imposter content” (type 4). This
positioning implies rough equivalence in scope
and importance. In reality, media bias dwarfs
all other categories in volume: every news arti-
cle carries framing choices, while fabricated con-
tent, propaganda, and imposter content are com-
paratively rare events in the broader information
ecosystem (Vosoughi et al., 2018).

3. Media Bias: A Taxonomy from the
Literature

To understand why media bias warrants special at-
tention within information disorder frameworks, we
must first clarify what media bias is. The term is
used loosely in public discourse; in research, it en-
compasses a structured set of phenomena oper-
ating at multiple linguistic levels (Hamborg et al.,
2019; Rodrigo-Ginés et al., 2024).

The underlying systematic review. The taxon-
omy and evidence presented throughout this pa-
per draw on a systematic review of automated
media bias detection (Rodrigo-Ginés et al., 2024)
that followed the PRISMA guidelines. The review
queried Scopus, Web of Science, and IEEE Xplore
using search terms combining “media bias” with
computational detection methods, covering the pe-
riod 2000-2023. After applying inclusion crite-
ria (peer-reviewed, English-language studies ad-
dressing automated detection or characterization
of media bias in news text), the final corpus com-
prised over 100 studies. Each study was coded
for bias type addressed, detection method, dataset
used, language, and evaluation approach. We re-
fer the reader to the original review for the full pro-
tocol and detailed results; here we synthesize the
findings most relevant to positioning media bias
within information disorder.

Drawing on this review, we present a consoli-
dated taxonomy that organizes bias types by the
linguistic level at which they manifest. Table 1 sum-
marizes this taxonomy and maps each type to its
closest parallel in information disorder research.



Table 1: A taxonomy of media bias types organized by linguistic level, drawn from a systematic review of
automated media bias detection (Rodrigo-Ginés et al., 2024). The rightmost column maps each type to its
closest parallel in information disorder research, revealing that many bias types lack a direct counterpart.

Level Bias Type Description Info. Disorder Parallel
Word choice / La- Evaluatively loaded terms (“regime” Propaganda: loaded lan-
Word / belling vs. “government”) guage
Token Subjective intensi- Opinion-injecting adjectives and ad- Propaganda: exaggeration
fiers verbs
Attribution bias Selective quoting, misattribution of Imposter content (partial)
statements
Sensationalism Dramatization, hyperbolic language Clickbait, false connection
Opinions as facts Subjective judgments presented as Misleading content
Sentence established truth
Mind reading Claiming knowledge of actors’ Fabricated content (partial)
thoughts without evidence
Source selection Quoting only sources aligned with a  No direct parallel
bias viewpoint
Article / Framing bias Selective emphasis of particular as- Misleading content
Discourse I . pects of an event . .
Omission bias Systematic exclusion of relevant facts  No direct parallel
or perspectives
Spin Interpreting events with a particular Misleading content
evaluative slant
Outlet / Gatekeeping Editorial decisions about which sto- No direct parallel
Corpus ries to cover

Coverage bias

Disproportionate attention to certain

topics or actors

No direct parallel

Word- and sentence-level bias. The most fre-
quently studied bias types operate at the surface
level of text. Recasens et al. (2013) demonstrated
that even single-word substitutions (“claimed” vs.
“stated”, “regime” vs. “government”) can measur-
ably shift reader perception. At the sentence level,
presenting opinions as facts or attributing unveri-
fied mental states to public figures (“mind reading”)
introduces bias without any overtly evaluative lan-
guage. These types are the most accessible to
current NLP methods, as they leave explicit textual
traces that can be detected through word-level or
span-level analysis (Spinde et al., 2021a,b). Im-
portantly, word-level bias types have clear paral-
lels in propaganda detection: loaded language, ex-
aggeration, and name-calling are among the per-
suasion techniques catalogued by Da San Martino
etal. (2019). Yet, as we discuss in Section 6, these
overlapping phenomena are studied by separate
communities using separate datasets and sepa-
rate terminology.

Article- and outlet-level bias. At higher linguis-
tic levels, bias becomes progressively harder to de-
tect and progressively more consequential. Fram-
ing bias, the selection and emphasis of particular
aspects of a story while downplaying others (Ent-
man, 1993), requires understanding how a full ar-
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ticle structures its narrative. The same event (a
protest, a policy change, an economic report) can
be framed as a triumph or a failure, a step for-
ward or a crisis, depending on which facts are
foregrounded. Framing bias has received growing
computational attention, notably through SemEval-
2023 Task 3 (Piskorski et al., 2023) and dedicated
media frames corpora (Card et al., 2015). Omis-
sion bias, what is not said, is structurally invisi-
ble: there is no textual trace to detect because
the biasing element is the missing text (Puglisi and
Snyder Jr., 2015). At the outlet level, gatekeep-
ing and coverage bias reflect the editorial decision
of what constitutes “news”, itself an act of selec-
tion and omission (Shoemaker and Vos, 2009; Mc-
Combs and Shaw, 1972). The systematic review
found that the vast majority of detection methods
target word- or sentence-level bias, with article-
level and outlet-level methods representing a small
and growing but still underdeveloped area of re-
search (Rodrigo-Ginés et al., 2024).

Key observations from the taxonomy. Three
findings from this mapping are particularly relevant
to our argument. First, the bias types most studied
in NLP (word choice and framing) have partial par-
allels in propaganda detection (loaded language,
persuasion techniques), yet the two communities



rarely share methods or datasets. Second, several
consequential bias types (omission, gatekeeping,
coverage bias, source selection) have no direct
parallel in information disorder taxonomies. These
are precisely the types that operate through ab-
sence rather than presence, making them invisi-
ble to verification-based approaches. Third, the
taxonomy reveals a hierarchy of subtlety: word-
level bias is the most detectable and the most stud-
ied, while outlet-level bias is the most consequen-
tial but the least amenable to current NLP meth-
ods (Baly et al., 2020).

The perspectivist nature of bias. A crucial
complication, amply documented in the review, is
that bias perception is inherently subjective. The
same article may be judged as “balanced” by one
reader and “biased” by another, depending on their
prior beliefs, political identity, and expectations of
journalistic norms (Eberl et al., 2017). This sub-
jectivity has important methodological implications:
datasets annotated by majority vote may system-
atically suppress minority perspectives, and eval-
uation metrics that treat bias as a binary ground
truth may misrepresent the phenomenon (Basile
et al., 2021; Cabitza et al., 2023). The systematic
review found that the majority of existing datasets
rely on aggregated labels, with perspectivist an-
notation remaining the exception rather than the
norm (Rodrigo-Ginés et al., 2024).

4. Detection Methods: Two Parallel
Tracks

The systematic review reveals a striking pattern:
the information disorder and media bias communi-
ties have developed parallel but largely indepen-
dent detection ecosystems. This section com-
pares these two tracks, drawing on the method
and dataset landscape documented in the re-
view (Rodrigo-Ginés et al., 2024).

Information disorder detection. The computa-
tional study of information disorder has developed
mature pipelines for fake news detection (Lazer
et al., 2018; Zannettou et al., 2019), rumour ver-
ification, automated fact-checking (Thorne et al.,
2018; Augenstein et al., 2019; Nakov et al., 2021),
and propaganda detection (Da San Martino et al.,
2019; Dimitrov et al., 2021). These tasks share
a common assumption: there exists a ground
truth (a claim is true or false, a source is reli-
able or unreliable) against which system output
can be evaluated. The dominant paradigm is ver-
ification, that is, checking content against reality.
Detection methods rely heavily on external knowl-
edge sources (knowledge graphs, fact-checking
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databases) and on network-level signals (propaga-
tion patterns, source credibility scores) (Baly et al.,
2020). Shared tasks have produced large-scale
benchmarks: FEVER (Thorne et al., 2018) for fact
verification, SemEval-2020 Task 11 and SemEval-
2021 Task 6 for propaganda detection (Dimitrov
et al., 2021), and numerous fake news detection
corpora. Evaluation is typically based on stan-
dard classification metrics (accuracy, precision, re-
call, F1) applied to binary or multi-class labels with
clear ground truth.

Media bias detection. The computational study
of media bias, as documented in the systematic re-
view, follows a different trajectory. Methods focus
on bias detection at the lexical, sentence, and arti-
cle levels (Hamborg et al., 2019; Recasens et al.,
2013; Fan et al., 2019; Gangula et al., 2019), fram-
ing analysis (Card et al., 2015; Piskorski et al.,
2023), and increasingly, the use of large language
models as bias detectors (Wen and Younes, 2024;
Maab et al., 2024; Lin et al., 2024; Trhlik and Stene-
torp, 2024). This community operates with a dif-
ferent assumption: bias is not a binary factual
property but a continuous, perspective-dependent
characteristic. The dominant paradigm is inter-
pretation, that is, analyzing how content is con-
structed rather than whether it is true. Detec-
tion relies primarily on textual features extracted
from the content itself, with comparatively less use
of external knowledge or network signals. The
review documented a methodological evolution
from early lexicon-based and feature-engineering
approaches to transformer-based classifiers that
achieve state-of-the-art performance on sentence-
level bias detection (Rodrigo-Ginés et al., 2024).

Shared techniques, separate ecosystems.
Despite these different paradigms, the two com-
munities employ remarkably similar technical
machinery: transformer-based classifiers, atten-
tion mechanisms for span-level annotation, and
multi-task learning architectures. SemEval-2023
Task 3 (Piskorski et al., 2023), which addressed
news genre, framing, and persuasion detection
in a multilingual setup, represents a rare point of
convergence, but remains the exception rather
than the rule. The review found that media bias
detection papers rarely cite propaganda detection
work, and vice versa, even when they address
overlapping phenomena such as loaded language
or persuasive framing (Rodrigo-Ginés et al.,
2024). This isolation extends to the use of LLMs:
recent work on using GPT-based models for bias
detection (Wen and Younes, 2024; Maab et al.,
2024) and for propaganda detection employs
similar prompting strategies but develops them
independently.



The dataset landscape. The dataset gap is
equally revealing. The systematic review identi-
fied a pronounced concentration of resources: the
vast majority of media bias datasets are in En-
glish, with very few resources available for other
languages (Hamborg et al., 2019; Fan et al., 2019;
Spinde et al., 2021a; Lim et al., 2020). Key English
datasets, including MBIC (Spinde et al., 2021a),
BASIL (Fan et al., 2019), and BABE (Spinde et al.,
2021b), provide word-level and sentence-level an-
notations but differ substantially in their annotation
schemes, bias definitions, and granularity. MBIC
includes annotator characteristics (demographics,
political leaning), enabling analysis of how back-
ground affects bias perception, while BABE uses
expert annotators for higher inter-annotator agree-
ment. This fragmentation makes cross-dataset
evaluation difficult and limits the generalizability
of detection methods. By contrast, the informa-
tion disorder community benefits from large-scale,
standardized benchmarks (FEVER alone contains
over 185,000 claims) that enable direct compari-
son across methods and have driven rapid method-
ological progress. The absence of comparable
standardized resources for media bias detection
is, in our view, one of the most significant practi-
cal consequences of the community’s relative iso-
lation.

5. Why Media Bias is Uniquely
Dangerous

We identify four properties that distinguish media
bias from other forms of information disorder and
that, taken together, make it a uniquely power-
ful force for shaping public understanding. These
properties are not merely theoretical assertions;
each is supported by empirical evidence. Empir-
ical studies have shown that biased mainstream
media measurably shifts voting behaviour (DellaV-
igna and Kaplan, 2007) and drives political polar-
ization (Martin and Yurukoglu, 2017), while expo-
sure to fabricated news is far more limited than
commonly assumed (Allcott and Gentzkow, 2017).

Scale. Fabricated content, while attention-
grabbing, represents a small fraction of the
information ecosystem. Vosoughi et al. (2018)
found that false news stories on Twitter were
shared by far fewer users than true stories, de-
spite spreading faster within networks. Media
bias, by contrast, is omnipresent: every article
published by every news outlet carries framing
choices, emphasis decisions, and omissions. The
cumulative volume of biased-but-factual content
vastly exceeds the volume of outright fabrication.
If information disorder is defined by its capacity to
distort public understanding, then the aggregate
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effect of daily biased reporting, across thousands
of outlets, millions of articles, and billions of reader
impressions, is likely far greater than that of viral
fake news.

Source credibility. Disinformation typically orig-
inates from anonymous accounts, fringe websites,
or state-backed troll operations, that is, sources
that audiences have learned to distrust, at least in
principle (Lazer et al., 2018). Media bias, however,
is produced by the most trusted institutions in the
information ecosystem: established newspapers,
public broadcasters, and major digital news plat-
forms. This is the paradox at the core of our argu-
ment: the very credibility that makes mainstream
media valuable as information sources also makes
their biases more influential. Readers apply less
critical scrutiny to content from trusted sources, ac-
cepting framing choices and omissions as part of
“the way things are” rather than as editorial deci-
sions that could have been made differently (Ecker
et al., 2022).

The invisibility of omission. Fact-checkers can
identify false claims. Propaganda detection tools
can flag loaded language and rhetorical manipula-
tion (Da San Martino et al., 2019). Deepfake de-
tectors can analyze visual artifacts (Vaccari and
Chadwick, 2020). But no tool can flag what is
not there. Omission bias, the systematic exclu-
sion of perspectives, sources, or facts, leaves no
trace in the published text. A reader cannot know
what they were not told, and an automated sys-
tem cannot detect the absence of content it was
never given. As our taxonomy shows (Table 1),
omission and gatekeeping bias have no parallel
in information disorder frameworks precisely be-
cause those frameworks are built on the assump-
tion that disordered content exists in a detectable
form. This makes omission bias the most durable
and least accountable form of information distor-
tion: it cannot be “fact-checked” because no indi-
vidual claim is false, and it cannot be detected by
systems trained on textual features because the
relevant signal is extratextual.

Cumulative normativity. Each individual bi-
ased article may appear unremarkable. The dan-
ger lies in accumulation: when audiences are con-
sistently exposed to news framed from a particu-
lar perspective, that perspective becomes the per-
ceived default, the “normal” way of understanding
an issue (Scheufele, 1999; McCombs and Shaw,
1972). This normative effect is qualitatively dif-
ferent from the acute shock of encountering a
false claim. False claims can be refuted; biased
framing, absorbed over years of media consump-
tion, reshapes the cognitive frameworks through



which audiences interpret all subsequent informa-
tion. The systematic review found evidence of this
asymmetry in computational terms as well: while
fake news detection has converged on increas-
ingly effective methods, media bias detection re-
mains a significantly harder task, in part because
the target itself (what counts as “biased”) shifts
with audience and context (Rodrigo-Ginés et al.,
2024).

6. The Disconnect Between
Research Communities

Despite the conceptual proximity of media bias
and information disorder, the NLP communities
working on these problems are remarkably dis-
connected, a pattern the systematic review makes
quantitatively visible (Rodrigo-Ginés et al., 2024).

Divergent citation networks. Shared tasks
treat fake news detection (SemEval-2019 Task 7),
propaganda detection (SemEval-2020 Task 11,
SemEval-2021 Task 6), and news framing
(SemEval-2023 Task 3) as separate problems
with separate datasets and separate evaluation
metrics. Survey papers on information disorder
rarely cite the media bias literature in depth,
and vice versa. The Wardle-Derakhshan frame-
work (Wardle and Derakhshan, 2017), widely
cited in information disorder research, is rarely
referenced in NLP papers on media bias detection,
even when the detected bias types map directly
to the framework’s categories. Conversely, foun-
dational media bias work such as Hamborg et al.
(2019) and Recasens et al. (2013) is seldom cited
in propaganda or fact-checking papers, despite
addressing overlapping linguistic phenomena.

Missed methodological synergies. This frag-
mentation has practical consequences docu-
mented in the review. Methods developed for
propaganda detection (e.g., persuasion technique
classifiers) could directly inform framing bias de-
tection, since persuasion and framing share rhetor-
ical mechanisms: both involve selecting which as-
pects of reality to make salient and which to sup-
press. Perspectivist annotation methods devel-
oped in the media bias community (Basile et al.,
2021; Cabitza et al., 2023) could improve the han-
dling of subjectivity in fact-checking and credibil-
ity assessment, where annotator disagreement
is typically treated as noise rather than signal.
Source-level analysis (Baly et al., 2020) could pro-
vide contextual features for article-level bias de-
tection, since the political orientation and edito-
rial line of a news outlet constitute strong priors
for the bias expected in individual articles. The
LLM-based methods now being explored for bias
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detection (Wen and Younes, 2024; Maab et al.,
2024) use prompting strategies remarkably similar
to those employed for propaganda detection, yet
the two lines of work develop these strategies in-
dependently.

The cost of disconnection. These synergies
remain largely unexploited. The review identi-
fied only a handful of studies that explicitly bridge
the two communities, most notably SemEval-2023
Task 3 (Piskorski et al., 2023), which combined
genre classification, framing detection, and per-
suasion technique identification in a single mul-
tilingual shared task. The rarity of such bridg-
ing efforts suggests that the disconnect is not
merely a citation gap but reflects deeper differ-
ences in how the two communities conceptualize
their objects of study: verification vs. interpretation,
truth vs. perspective, binary vs. spectral evaluation.
Overcoming this divide requires more than cross-
referencing papers; it requires rethinking shared
tasks, evaluation metrics, and even the definition
of what constitutes “disordered” information.

7. Toward an Integrated Research
Agenda

We propose five directions for integrating media
bias into information disorder research, each moti-
vated by a specific gap identified through the sys-
tematic review:

1. Extend information disorder frameworks.
The Wardle—Derakhshan taxonomy should be re-
vised to include media bias as a primary category,
not a subcategory of “misleading content”. Our tax-
onomy (Table 1) demonstrates that at least four
major bias types (omission, gatekeeping, cover-
age bias, and source selection) have no parallel
in current information disorder classifications. We
propose distinguishing between content-level dis-
order (fabrication, manipulation, impersonation)
and framing-level disorder (bias, selective empha-
sis, omission), with explicit recognition that the lat-
ter operates on true content and requires different
detection paradigms. This distinction is not merely
taxonomic: it implies different annotation guide-
lines, different evaluation criteria, and different in-
tervention strategies.

2. Develop multilingual media bias resources.
The systematic review confirmed a severe English-
language concentration: the vast majority of me-
dia bias datasets and detection methods are devel-
oped for English (Hamborg et al., 2019; Fan et al.,
2019; Spinde et al., 2021a). Information disorder,
however, is a global phenomenon, and media bias



manifests differently across linguistic and cultural
contexts (Piskorski et al., 2023). SemEval-2023
Task 3 demonstrated both the feasibility and the
value of multilingual framing analysis, but compa-
rable resources for media bias detection beyond
English remain scarce. We call for the creation
of media bias resources in underrepresented lan-
guages, with annotation schemes sensitive to lo-
cal journalistic norms and political contexts. Such
resources would not only expand the geographic
coverage of media bias research but also reveal
culturally specific bias patterns that monolingual
studies cannot capture.

3. Embrace perspectivist annotation. The re-
view found that the majority of media bias datasets
resolve annotator disagreement through majority
vote, effectively treating bias as a binary factual
property (Rodrigo-Ginés et al., 2024). This contra-
dicts the inherently subjective nature of bias per-
ception (Eberl et al., 2017). Rather than resolv-
ing disagreement through aggregation, annotation
frameworks should preserve individual judgments,
enabling models to predict distributions of opin-
jon rather than single labels (Basile et al., 2021;
Cabitza et al., 2023). This perspectivist approach
is especially important for media bias, where the
“ground truth” is not a fact to be verified but a
judgment to be understood. Datasets such as
MBIC (Spinde et al., 2021a), which record anno-
tator characteristics alongside annotations, point
toward this direction but remain exceptions in the
field.

4. Move beyond binary detection. The review
documented that current media bias detection is
dominated by binary classification (biased vs. un-
biased), with few systems modelling bias as a
spectrum (Rodrigo-Ginés et al., 2024). A more
nuanced approach would characterize the type
and direction of bias simultaneously, following the
multi-level taxonomy presented in Table 1. Each
level of the taxonomy calls for different evalua-
tive frameworks: word-level bias lends itself to
span-extraction and token-classification methods
akin to named entity recognition; sentence-level
bias requires document-contextual classification;
article-level framing demands discourse-aware
models that capture narrative structure; and outlet-
level bias necessitates corpus-comparative ap-
proaches that contrast coverage patterns across
sources. Evaluation metrics should reflect this
complexity, moving from accuracy and F1 to-
ward measures that capture calibration, ranking
quality, and agreement with diverse annotator
populations. The information disorder commu-
nity’s experience with multi-label propaganda de-
tection (Da San Martino et al., 2019), where a sin-
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gle text span may exhibit multiple persuasion tech-
niques, offers a useful model for multi-type bias
annotation.

5. Interrogate LLMs as both tools and vec-
tors. Large language models present a dual
challenge for media bias research. As detection
tools, they show promising capabilities for identi-
fying bias (Wen and Younes, 2024; Maab et al.,
2024; Lin et al., 2024), but they also carry their
own biases, shaped by training data that inevitably
reflects the biases of the media it was drawn
from (Gallegos et al., 2024; Park and Kim, 2025).
An LLM trained on biased news may reproduce
and even amplify the biases present in its training
corpus. The review noted a rapid growth in LLM-
based media bias studies, but these rarely address
whether LLMs’ own biases compromise their util-
ity as detectors (Rodrigo-Ginés et al., 2024). Re-
search on LLMs and media bias must address both
directions: using LLMs to detect bias in content,
and detecting bias in the LLMs themselves. The
fact that these models are now being integrated
into newsroom workflows for summarization, trans-
lation, and even content generation makes this
question urgent.

8. Conclusion

Information disorder is not only about what is false.
Itis also, and perhaps primarily, about what is true
but distorted: factual content presented through
selective framing, loaded language, and strategic
omission. Media bias is this distortion operating at
scale, produced by the most trusted institutions in
the information ecosystem, and rendered invisible
by the very ordinariness of its mechanisms.

Current information disorder frameworks ac-
knowledge the existence of misleading content but
treat it as one category among many, equivalent
in scope to satire or imposter content. We have
argued that this is a fundamental mischaracteriza-
tion, grounding our claims in a systematic review
of over 100 studies that reveals both the breadth
of media bias phenomena (Table 1) and the depth
of the disconnect between the communities that
study information disorder and media bias.

Media bias is not a peripheral form of information
disorder; itis the most pervasive, the most credible,
and in many ways the most dangerous, precisely
because it leaves no false claims to fact-check and
no fabricated content to debunk. Recognizing me-
dia bias as a first-class category of information dis-
order is not merely a taxonomic exercise. It has
practical implications for how we build detection
systems (moving beyond verification to interpreta-
tion), how we annotate data (embracing perspec-
tivism rather than enforcing consensus), how we



evaluate progress (replacing binary metrics with
spectral ones), and how we study the role of lan-
guage technologies that are simultaneously tools
for detecting bias and vectors for propagating it.
The inaugural edition of the InDor workshop rep-
resents an opportunity to define the scope of in-
formation disorder research broadly enough to in-
clude the invisible layer that has been hiding in
plain sight. We urge the community to seize it.

Ethics Statement

This position paper advocates for greater atten-
tion to media bias within information disorder re-
search. We acknowledge that defining what con-
stitutes “bias” is inherently normative and cultur-
ally situated. Any operationalization of bias detec-
tion carries the risk of reflecting the perspectives
and blind spots of its designers. We do not advo-
cate for automated censorship or content removal
based on bias scores; rather, we call for tools that
increase transparency about framing choices and
support media literacy.

Limitations

This paper is a position paper grounded in a
systematic review rather than an empirical study.
While we draw on evidence from over 100 re-
viewed studies, our arguments about the relative
importance of media bias within information disor-
der are interpretive rather than experimentally ver-
ified. The taxonomy presented in Table 1 is a syn-
thesis that necessarily simplifies the diversity of
bias phenomena documented in the literature. Ad-
ditionally, our analysis of the disconnect between
research communities is based on citation pat-
terns and shared task participation observed in the
review, which may not capture all forms of cross-
pollination (e.g., informal collaborations or unpub-
lished work).
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