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Abstract
This position paper critiques the dominance of detection-centered approaches in misinformation research. We argue
that the prevailing paradigm treats information disorders as a content-level anomaly to be identified and suppressed,
thereby obscuring the structural conditions under which different forms of information disorders emerge and resonate.
Drawing on critical anthropology, we propose an alternative “clinical” model: information disorders should be
understood not only as informational distortion, but as a syndrome with complex causes embedded in contexts of
economic precarity, institutional distrust, and informational inequality. Treating detection as the ends rather than the
means of intervention risks misguiding our efforts. Rather than positioning NLP primarily as a tool for boundary
enforcement, we outline a reorientation toward structural diagnosis: diversifying data beyond WEIRD contexts,
extracting socioeconomic and trust-related signals from discourse, and integrating computational outputs within
interdisciplinary causal frameworks. Under this model, detection becomes a means for an epidemiology of discourse,
subordinated to the broader objective of cultivating long-term epistemic resilience in our online environments.
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1. NLP Research in the Age of
Infodemics

Taken as a codification of medical ethics, the Hip-
pocratic Oath famously frames the moral role of
the physician in the practice of their craft. Until
the turn of the 20th century, physicians under this
oath treated their patients with a beneficent pater-
nalistic attitude, trying to diagnose the causes of
their ailments (Will, 2011). Much of the work in
NLP based on what we will term the «Detection
Paradigm» (cf. Section 2), takes a similar stance
with respect to tackling information disorders (War-
dle and Derakhshan, 2017). However, instead of
focusing on diagnosing and treating causes, we
argue that current work hyperfocuses on treating
information disorders via detecting and eliminating,
from a position of authority.

This paper argues for an uprooting and a re-
framing both of the paradigm of intervention in infor-
mation disorders and of the role of the researcher
within this paradigm. Instead of focusing exclu-
sively on understanding mis- and disinformation in
terms of content (and its production, dissemination
and consumption1), with the aim of intervening on it
through detection and moderation alone, we argue
for an etiological re-orientation of the epistemics,
practice of NLP research on information disorders.

One of the great epidemics of our time is arguably

∗Equal contribution.
1cf. the C5 model (Kruijver et al., 2025).

the epistemic crisis brought on by the combination
of more or less regulated mass social media and
the undermining of epistemic trust caused by the
prevalence and political weaponization of synthetic
content created using generative artificial intelli-
gence. This so-called “infodemic”2 is a multifaceted
problem that must be tackled from multiple angles,
for example as outlined in the five pillars of the
High-Level Expert Group on Fake News and On-
line Disinformation (European Commission. Direc-
torate General for Communications Networks, Con-
tent and Technology., 2018; European Parliament.
Directorate General for Parliamentary Research
Services., 2019). Our position is that a failure to
correctly frame the nature of the problem of on-
line mis- and disinformation as a syndrome of a
broader disease, leads to a failure of treatment.
Rather than focusing on providing palliative care,
which is what relying on detection and moderation
entails, we should pivot towards treating the root
causes of the disease. Doing this requires under-
standing the underlying structural causes that lead
to the production, dissemination and consumption
lifecycle of information disorders. In this context,
we argue that we should think of NLP researchers
and practitioners as being akin to physicians or
nurses. The role of researchers should in the first
place be to diagnose and understand the disease
based on the syndrome exhibited by the patient.
The rest of the paper proceeds as follows. We first

2WHO.

https://www.who.int/health-topics/infodemic
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characterize the Detection Paradigm in Section 2
and criticize examples of it when put into practice
in Section 3. Section 4 looks at medical practice for
a holistic understanding of disease treatment as a
candidate model. Section 5 discusses sociological
causes of disinformation. In Section 6, we turn our
attention to pointing out possible avenues for re-
orienting future NLP research away from its focus
on detection towards understanding the causes of
information disorders, by drawing inspiration from
clinical practices.

2. Defining the Detection Paradigm

What we refer to here as the Detection Paradigm
(DP) is the predominant trend in NLP and computa-
tional social science research to focus on combat-
ing adverse social phenomena by reducing them
to algorithmic detection problems. This ties in with
a broader discussion of the ‘taskification’ of NLP, in
which complex problems are reduced to tasks with
clear benchmarks (Schlangen, 2021; Litschko et al.,
2023). The Detection Paradigm is driven by reduc-
tionist epistemics, and it tends to favor solutionist
interventions in practice.

Reductionist Epistemics. The DP is based
on the tacit assumption that adverse complex phe-
nomena such as misinformation can be captured by
proxy of digital representations of language and me-
dia. The DP understands misinformation through
a combination of two reductive epistemic compo-
nents: propositionalism3 and the reductive concep-
tual framework of the Conduit Metaphor (Reddy,
1979). The first reifies the problem of misinforma-
tion and construes it to be reducible to assertions
about states of affairs, whose contents are verifi-
ably false. Under this view, misinformation can be
understood purely in terms of the truth value of its
contents, without considering social, cultural, psy-
chological or technological contexts within which
information is produced, distributed and consumed.
The second, originally inspired by information the-
ory, frames communication as the unidirectional
process of transmitting some propositional, infor-
mational content by a sender through a channel to
a receiver. Miscommunication, and by extension,
misinformation, is the result of imperfect transmis-
sion under this conceptual framework. Together,
these two reductive components constrain both our
understanding of the complex interrelated causes
and effects of misinformation and our capacity to
intervene on it.

3While propositionalism is relevant for information dis-
orders such as mis- and disinformation, this aspect of DP
does not necessarily extend to other harmful social phe-
nomena typically modeled in NLP such as hate speech
or propaganda.

Solutionist Interventionism. At the level of
praxis, the DP is characterized by solutionist in-
terventionism: the tendency to construe the social
and political problem posed by misinformation as
a technical problem that requires technical (engi-
neering) solutions. Researching misinformation
thus becomes the problem of accurately detecting
it so that it can be eliminated, as opposed to, for
instance, understanding what causes it or how and
why it is spread.

The literature in NLP applied to adverse social on-
line phenomena, broadly speaking, tends to reflect
and favor the DP. For example, work has been done
on detecting hate speech (Warner and Hirschberg,
2012; Djuric et al., 2015; Waseem and Hovy, 2016;
Davidson et al., 2017), cyberbullying (Dinakar et al.,
2011), trolling (Mihaylov and Nakov, 2016), offen-
sive (Razavi et al., 2010) and abusive language
(Nobata et al., 2016), propaganda (Amazon Alexa
AI et al., 2021; Yoosuf and Yang, 2019), fake news
(Ahmed et al., 2017; Ghosh and Shah, 2019; Pérez-
Rosas et al., 2018), rumors (Derczynski and Zubi-
aga, 2020), conspiracy theories (Gupta, 2025), ha-
rassment (Bretschneider et al., 2014), political bias
(Gangula et al., 2019), polarizing content (Grau-
mas et al., 2019), to name some popular research
topics of the last decade.

3. Critique of the Detection Paradigm

3.1. The Logic of the Instrument

The solutionist character of the DP, as defined
above, is not merely a policy preference but a struc-
tural consequence of the available technical inven-
tory. As Maslow’s maxim states: «It is tempting, if
the only tool you have is a hammer, to treat every-
thing as if it were a nail» (Maslow, 1966). Classi-
fication models enforce a reduction of output into
discrete decision boundaries by their very design.
Content is ultimately classified as safe or unsafe,
true or false, spam or legit, to trigger automated re-
moval or labeling. This reconfiguration is based on
an epistemic reduction: the efficacy of the system
relies on the stability of truth values, a condition
that holds for only a subset of communicative acts.
It is necessary to distinguish between two modes
of epistemic discourse, meaning the way we frame
knowledge through discourse:

Mode A (Empirical Verification): Discourse
regarding verifiable facts, such as election dates,
physical events, or geospatial data. These claims
possess a binary truth value verifiable against a
shared objective reality.

Mode B (Political Hermeneutics): Discourse
regarding values, legal interpretations, historical
narratives, or future predictions. These are subjec-
tive, normative, and dependent on the observer’s
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political framework.
The detection paradigm applies operational logic

designed for Mode A to discourse belonging to
Mode B. This constitutes a «category mistake» that
attempts to purify political hybridity into binary facts
(Latour, 2012). Automated Fact-Checking (AFC)
systems exemplify this category mistake by treat-
ing interpretive discourse (Mode B) as empirically
verifiable (Mode A). Because AFC architectures
demand single veracity labels, they force under-
specified claims, such as ‘It is illegal in Illinois to
record a conversation’, into reductive binary classi-
fications (e.g., True/False), completely ignoring un-
stated contextual variables (like whether it is done
secretly or not) (Glockner et al., 2024). Further-
more, this strict true/false dichotomy proves epis-
temically inadequate even for scientific information.
Given the inherently probabilistic and evolving na-
ture of scientific knowledge, assessing gradients
of accuracy is far more meaningful than enforcing
absolute binary classifications. And, as La Barbera
et al. (2025) argue, these binary labels do more
than oversimplify reality; they act as authoritative
judgments that delegitimize valid alternative inter-
pretations and justify unwarranted interventions.

Crucially, this algorithmic flaw is the crystalliza-
tion of human epistemic confusion. For instance,
following U.S. House Resolution 894, which moved
to equate anti-Zionism with antisemitism, Meta up-
dated its technical moderation policy on the term
«Zionist» (U.S. House of Representatives, 2023;
Meta Transparency Center, 2024) to reflect this
shift in political (mode B) discourse. When such
political definitions are operationalized into modera-
tion systems the infrastructure of safety automates
the suppression of counter-hegemonic discourse
(Gramsci, 1929/2020), censoring political debate
under the designation of «misinformation correc-
tion».

The persistence of this category mistake serves a
functional role in the preservation of the status quo.
The exclusive focus on content moderation acts as
a palliative measure, lowering the «temperature»
of the public arena by suppressing the symptoms
(e.g., toxic polarization and informational noise)
without addressing the underlying infection.

3.2. The Detection Paradigm in Practice
The pervasiveness of such an approach is also
evident from the institutional responses to the prob-
lem. Considering the European context, while the
EU recognizes how the information crisis intersect
with other crises, identifying it as one among mul-
tiple elements of the polycrises we are facing (F
et al., 2025), when it comes to defining the actions
to be put in place to address it, adopts a purely
information based approach. This is particularly
evident when considering the "EU Code of Conduct

on Misinformation" (European Commission, 2025).
This document outlines 6 macro strategies through
which we should tackle misinformation:

• Demonetization of disinformation: cutting fi-
nancial incentives by preventing ads and mon-
etization next to disinformation content.

• Political advertising transparency: making po-
litical and issue ads clearly identifiable, trace-
able, and publicly accessible.

• Integrity of services: reducing manipulative
behaviors (bots, fake accounts, coordinated
inauthentic behavior, deepfakes).

• User empowerment: enable users to recog-
nize, contextualize, and challenge disinforma-
tion (with labels and digital tools or fostering
media literacy).

• Empowering researchers & fact-checkers: pro-
viding such roles with data access and struc-
tural support for independent scrutiny

• Monitoring, transparency & accountability: en-
suring measurable commitments, reporting,
audits, and public oversight of implementation.

Although articulated as distinct interventions,
these measures share a conceptualization of in-
formation disorders as a detectable anomaly to be
contained and eradicated from the information en-
vironment. In this sense, they constitute variations
of the same logic, converging on the same instru-
mental objective: the detection and suppression of
problematic content. Even media literacy initiatives
aimed at empowering users can be understood as
operating within this logic: instead of automating
detection externally, they internalize it within users,
reconfiguring them as self-monitoring nodes of the
information environment. However, once examined
beyond its immediate operational aims, the appar-
ent coherence of this approach reveals a set of
critical repercussions that unfold at multiple and
interrelated levels.

Effectiveness: given the low base rate of mis-
information consumption in the "Global North" (ap-
proximately 0.15–6% of total media consumption),
intervention focused on its detection and suppres-
sion are bound to yield only marginal improvements
in the general quality of the informational environ-
ment (Acerbi et al., 2022); thereby exposing a struc-
tural limit of detection-centered approaches.

Feasibility: detection-based governance pre-
supposes sustained investment by private plat-
forms in trust and safety infrastructures (e.g. tech-
nical systems, human moderators, and audits). De-
spite regulatory initiatives such as the EU Digital
Services Act (DSA), which formally mandates sys-
temic risk mitigation and transparency obligations,
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recent developments showed how the viability of
such paradigm rests on corporate incentives, which,
in turn, are neither stable nor inherently aligned
with long-term public epistemic resilience. In 2023,
Meta laid off approximately 21,000 employees, with
reported consequences for its Trust and Safety op-
erations (Field and Vanian, 2023). Similarly, follow-
ing Elon Musk’s takeover, X dismissed nearly 80%
of engineers dedicated to trust and safety functions
(Brewster, 2023). In the same period, Google re-
duced the staff of Jigsaw, its internal unit focused
on countering online toxicity and hate speech by
roughly one third (Field and Vanian, 2023). These
developments reveal a structural fragility: the ef-
fectiveness of detection-centered interventions de-
pends on the continuous allocation of resources by
profit-driven corporations. When economic priori-
ties shift, the operational capacity of the paradigm
contracts accordingly, regardless of formal regula-
tory frameworks. The scenario is then further com-
plicated by initiatives like the portal freedom.gov
hosted by the US government, intended to allow
citizens in Europe and elsewhere to access mate-
rial that European laws have sought to restrict —
including alleged hate speech and content linked to
terrorism — by bypassing local content restrictions.
Although framed by U.S. officials as an effort to pro-
mote digital freedom, critics argue that the portal
could undercut the regulatory aims of the Digital
Services Act and analogous frameworks, and that
it embodies a fundamentally different normative
stance toward harmful content (Down, 2026).

Public Legitimacy: as shown by Rich et al.
(2020), the support for social media fact checking
is highly uneven and strongly structured by parti-
sanship. While most of the people endorse fact-
checking "in the abstract", support declines when
interventions target politically salient actors or in-
group figures, with fact-checks frequently perceived
as partisan or punitive rather than corrective. As
a result, fact-checking is effective mainly among
those already inclined to trust the institutions per-
forming it, thereby limiting its broader legitimacy in
polarized information environments.

Explanatory scope: detection-centered ap-
proaches systematically under-specify the deter-
minants of mis- and disinformation by privileging
content-level properties over both individual and
structural drivers. At the individual level, they
largely ignore the role of attitudinal factors—such as
partisanship, identity management, and motivated
reasoning—that shape how users actively select,
interpret, and engage with information (Altay et al.,
2023; Robertson et al., 2023; Bakshy et al., 2015).
At the structural level, they overlook the broader
socio-economic and institutional conditions under
which misinformative and conspiratorial narratives
flourish, including corruption, economic insecurity,

inequality, and deficits of institutional trust (Hornsey
and Pearson, 2022; Adamus et al., 2024; Amazeen
et al., 2024). By doing so, the DP obscures how
engagement with misinformation functions as a re-
sponse to unresolved societal needs, such as equal
access to information, political representation and
agency, institutional credibility and shared spaces
for negotiating identity and social belonging (we
elaborate more on this in Sec. 5). In this sense,
the detection paradigm exemplifies what Morozov
(2013) terms technological solutionism: the dis-
placement of political and structural questions by
ostensibly neutral technical fixes.

A physician that treats the symptom itself as the
disease, however, cannot prescribe an adequate
cure.

4. The Ideal Clinical Model

It thus becomes evident that the DP fosters a reduc-
tive view of mis- and disinformation, that remains
blind to the underlying societal causes of the issue,
by modeling it as a problem of the verification of
context-free propositions. Staying with our medi-
cal metaphor, our critique for this "blind obsession
with the symptom", (i.e. misinformation) closely par-
allels long-standing critiques advanced by critical
medical anthropology. In that context, the reduc-
tion of illness to isolated biological dysfunctions,
while neglecting their sociological, contextual, and
phenomenological dimensions, has been shown to
result in the medicalization of fundamentally social
problems (Singer, 2009; Farmer, 2004).

An ‘ideal clinical model’ would instead treat mis-
information as a diagnostic signal, not as a patho-
logical object to be excised from the information
environment. Just as critical medical approaches
situate illness within broader configurations of so-
cial inequality, institutional power and lived experi-
ence, a structural approach to misinformation must
situate communicative practices within the politi-
cal–economic conditions that make certain narra-
tives resonate. Engagement with misinformative
content should therefore be analyzed as an ac-
tion occurring within an arena structured by his-
torically sedimented distrust, economic precarity,
identity fragmentation, and transformations in the
architecture of the public sphere. In this sense,
mis- and disinformation become intelligible as rela-
tional phenomena emerging at the intersection be-
tween individual and group agencies and structural
constraints. They are not reducible to epistemic
deficit; rather, they reflect the dynamic interplay
between the social construction of interpretative
categories and the material conditions that shape
everyday life. From this perspective, the task is not
“merely” to correct claims, but to understand the
processes through which meanings are produced,
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circulated, and appropriated. Finally, reframing mis-
and disinformation as a capability-depriving con-
dition embedded in the political economy of the
public sphere, the most effective intervention is the
one that aims to restore the epistemic and social
capabilities required for meaningful participation in
collective sense-making, rather than solely at sup-
pressing inaccurate content (Nussbaum, 2011).

5. Diagnosing the Sociological
Causes of Disinformation

To operationalize the ‘ideal clinical model’ de-
scribed in Sec. 4, this section aims at outlining
(some of) the structural and contextual conditions
under which misinformative narratives emerge, cir-
culate, and acquire relevance. Disinformation is
here understood as embedded in transformations
of the public sphere (Jungherr and Schroeder,
2021): susceptibility and engagement are system-
atically patterned by social position and institutional
credibility rather than by simple deficits in reasoning
(Altay and Mercier, 2026; Schirmer et al., 2025).

Unequal Access to High-Quality Information:
as professional journalism increasingly relies on
subscription-based models, high-quality news be-
comes partially excludable, while sensationalist
or low-quality content remains usually freely ac-
cessible. In high-income countries, only 17% of
individuals pay for online news and subscribers
are disproportionately affluent and highly educated
(Newman et al., 2024). Informational quality thus
becomes stratified along socioeconomic lines. Cru-
cially, much information disorder research presup-
poses equal access to credible information, thereby
overlooking how structural inequalities condition ex-
posure opportunities in the first place (Schirmer
et al., 2025). When everyday life is organized
around financial instability and short-term survival
concerns, cognitive resources are disproportion-
ately allocated to immediate problem-solving, leav-
ing diminished capacity for effortful tasks such as
cross-checking sources or evaluating evidentiary
quality (De Bruijn and Antonides, 2022; Burlacu
et al., 2022). This makes information verifica-
tion not simply a matter of motivation or compe-
tence, but a resource-intensive practice. Under
these conditions, vulnerability to low-quality infor-
mation reflects infrastructural asymmetry and struc-
turally constrained cognitive bandwidth, rather than
merely individual epistemic failure (Ronzani, 2025).

Structural Transformations and Gatekeeping:
The digital public arena has eroded the influence
of traditional gatekeepers, such as journalists and
political parties, who previously filtered informa-
tion flows (Jungherr and Schroeder, 2021). While
this has lowered barriers to entry for marginalized
topics and perspectives previously neglected by

mainstream media, it has also produced an envi-
ronment in which information visibility depends less
on professional verification and more on algorithmic
amplification and user engagement (Marino et al.,
2024). Most major social media platforms operate
on engagement-based business models in which
clicks, shares and watch time drive advertising
revenue (Napoli, 2019): where early internet con-
tent discovery was largely user-led, algorithmic rec-
ommendation feeds shifted this paradigm toward
system-driven distribution, in which emotionally
arousing and polarizing content is systematically
amplified regardless of its truth value (Vosoughi
et al., 2018). This represents an externalization
of epistemic responsibility: the burden of filtering,
once held by institutional gatekeepers, has been
reallocated as a substantial cognitive load onto
the individual. Such pressure is reflected in the
finding that 39% of the global population actively
avoids the news not because they consider it false,
but because they find it overwhelming and emo-
tionally draining (Newman et al., 2024). The re-
sulting vulnerability is not primarily to the persua-
sion of false claims, but to the fragmentation of the
shared frames through which collective reality is
constructed.

Economic Uncertainty and Loss of Agency:
socioeconomic dynamics can also shift how peo-
ple make sense of information by undermining per-
ceived control and institutional legitimacy. Higher
levels of objective and perceived economic inequal-
ity increase openness to alternative explanatory
frames and endorsement of conspiracy beliefs (Al-
tay and Mercier, 2026). This effect is fully mediated
by anomie (i.e. the perception that society and its
institutions are breaking down) thereby motivating
a search for meaning and control that conspiratorial
narratives promise to restore (Casara et al., 2022).
In this view, conspiracy beliefs are not merely incor-
rect beliefs, but compensatory explanations that be-
come attractive under existential threat: when per-
ceived agency is low, conspiratorial accounts offer
coherent causal stories, identifiable culprits, and a
sense of epistemic and moral leverage over events
(Douglas et al., 2019). Crucially, this also means
that counter-disinformation strategies focused ex-
clusively on fact-checking fail to address the de-
mand for alternative narratives, which frequently
stems from a grain of truth generated by material
inequality — what Benford and Snow (2000) call
frame resonance: a narrative succeeds not simply
because it is available, but because it resonates
with the lived experience of those who feel aban-
doned by institutions (Waisbord, 2018).

Historical Roots of Systemic Distrust: distrust
in official information is also historically structured.
Communities that have experienced repeated ne-
glect, discrimination, or harm at the hands of trusted
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authorities develop durable patterns of distrust that
constitute rational responses to structural condi-
tions (Smith and Freyd, 2014). Cox (2024) finds
that a majority of Black Americans believe that
societal institutions are designed to disadvantage
them, a perception that can reduce reliance on
government-backed health or climate messaging
(Jaiswal et al., 2020). Such attitudes are grounded
in documented histories of discrimination and in-
stitutional betrayal (particularly in medical and sci-
entific domains, epitomized by the legacy of the
Tuskegee Syphilis Study) which have long shaped
patterns of epistemic mistrust (Bogart et al., 2021).
From this perspective, distrust operates as an adap-
tive response to historically sedimented expecta-
tions shaped by repeated experiences of exclusion
and harm.

Corruption and Institutional Credibility : insti-
tutional distrust is not only historically sedimented
but is continuously reproduced by contemporary
governance quality. In contexts where corruption is
salient, conspiratorial explanations become struc-
turally less implausible. Cordonier and Cafiero
(2024) shows that higher levels of public sector
corruption are associated with stronger endorse-
ment of conspiracy beliefs, even when controlling
for democracy, press freedom, inequality, and hu-
man development. Relatedly, populist attitudes - of-
ten rooted in anti-elite and anti-institutional rhetoric
- predict reduced trust in political and scientific insti-
tutions and increased reliance on alternative media,
thereby indirectly fostering lower compliance with
expert-backed guidance (Ehrke et al., 2023).

Identity and Social Signaling: online platforms
should not be conceptualized merely as informa-
tion distribution systems, but as arenas for identity
performance. Bail (2022) argues that social media
environments encourage users to publicly signal
group belonging, moral commitments, and political
identities, rewarding expressions that are distinc-
tive, emotionally charged, or normatively aligned
with in-group expectations. In this context, sharing
or affirming contested claims can function less as
a statement of epistemic conviction than as an act
of social positioning. As Mercier (2020) and Bassi
et al. (2025) contend, individuals often endorse or
publicly defend ideas - including implausible ones -
not because they are epistemically persuaded, but
because doing so reinforces alliances and distin-
guishes adversaries. At its extreme, this dynamic
converges with the phenomenon of conspirituality
(Ward and Voas, 2011), in which the search for
alternative spiritual truths merges with the quest for
hidden political ones, forming self-reinforcing epis-
temic communities organized around identity rather
than evidence. Empirical data confirms the depth
of this motivated selective exposure: individuals
with highly unfavorable views on vaccines are nine

times more likely to visit vaccine-skeptical websites
than their favorable peers; during the 2016 US elec-
tion, Trump supporters were twice as likely to visit
unreliable news sites compared to Clinton support-
ers (Altay and Mercier, 2026). For these users, the
problem is not a lack of data but a lack of institu-
tional trust, and misinformation circulates in part
because it serves relational and identity-building
functions that accurate information does not.

5.1. Two Epistemic Positions: The
Uninformed and the Disinformed

The structural conditions described above do not
produce a single, homogeneous ‘misinformed pub-
lic’. Following a classical methodological distinction
between ideal-typical categories (Weber, 1949), we
argue that they instead generate two structurally
distinct epistemic positions that are too often con-
flated in the literature.

The uninformed are those passively excluded
from accurate information by structural barriers (e.g.
access costs, digital skill deficits, cognitive band-
width constraints) rather than by any motivated re-
jection of it. Their relationship to misinformation is
one of exposure without resistance, driven by infras-
tructural asymmetry rather than epistemic choice.

The disinformed, by contrast, occupy an active
position: they encounter accurate information but
reject it, because acceptance would threaten group
identity, undermine social alliances, or destabilize
the compensatory narrative frameworks that give
meaning to experiences of institutional betrayal and
loss of agency.

This distinction carries direct implications for inter-
vention design. Strategies premised on correcting
an information deficit (e.g. fact-checking, content
labeling, source literacy training) are well-suited to
the uninformed, but structurally misaligned with the
disinformed, for whom the problem is not epistemic
but relational and political. Treating the disinformed
as merely uninformed ignores the profound moral
and social dimensions of resistance to institutional
truth claims (Morozov, 2013). Effective interven-
tion must instead engage with the structural con-
ditions we outlined that make conspiratorial and
misinformative frameworks not just available, but
meaningful.

6. Reorienting NLP Research

If misinformation is not merely anomalous content
to be removed, but a symptom of deeper structural
transformations, research efforts must shift toward
modeling the contextual and systemic conditions
under which such narratives emerge and acquire
meaning. While the macro-level determinants dis-
cussed in Section 5 have traditionally been investi-
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Figure 1: Structural model of mis- and disinforma-
tion. Dark green boxes represent structural causes
shaping the socio-epistemic context (light green)
in which disinformation (orange) is consumed by
two publics: the disinformed and the uninformed.
Blue boxes indicate proposed NLP contributions to
tackle the issue.

gated within sociology, political science, and psy-
chology, this raises a distinct question for compu-
tational research: what is the specific contribution
that NLP can provide within a structurally informed
framework? We contend that this contribution lies
in moving beyond content-level classification to-
ward the large-scale operationalization of structural
variables. In the following, we outline concrete re-
search directions through which the NLP commu-
nity can support such a reorientation.

Data and Sampling: a central limitation of the
current literature concerns its sampling bias. More
than 80% of misinformation research is conducted
in high-income Western democracies and typically
relies on young, educated, urban, and digitally lit-
erate participants (Badrinathan et al., 2025; Blair
et al., 2024). As emphasized by Ronzani (2025),
this narrow empirical base risks generating glob-
ally generalized conclusions from demographically
restricted populations, thereby obscuring the role
of structural variance in misinformation dynamics.
This issue is not merely geographical but socioe-
conomic. Schirmer et al. (2025) highlights how
digital exclusion, economic precarity, language bar-
riers, and historically rooted institutional mistrust
shape differential exposure to and engagement with
misinformation. Yet such dimensions remain un-
derrepresented in large-scale computational stud-

ies. The main challenge in reorienting NLP re-
search beyond Western, Educated, Industrialized,
Rich, and Democratic (WEIRD) populations lies
on the fact that in many contexts, misinformation
circulates not primarily through public social media
feeds but via encrypted messaging platforms (e.g.,
WhatsApp, Telegram), local radio broadcasts, SMS
chains, community gatherings, and religious net-
works (Badrinathan et al., 2025; Blair et al., 2024).
However, recent methodological innovations pro-
vide viable pathways for accessing these environ-
ments responsibly, including chatbot-based recruit-
ment strategies (Bowles et al., 2020) and structured
WhatsApp data-donation infrastructures (Garimella
and Chauchard, 2025).

Sociological Signal Extraction from Dis-
course: NLP can contribute by operationalizing
structural variables as first-class prediction tar-
gets, i.e., by devising models that detect when
discourse expresses specific sociological dimen-
sions. Rather than detecting misinformation for
removal, models can be trained to identify explicit
and implicit hardship narratives such as inability
to afford basic goods, instability of work and hous-
ing, and perceived unfairness of the economic sys-
tem. Operationally, this implies building datasets
and taxonomies for categories like material depriva-
tion, economic insecurity, downward mobility, and
resource-strain complaints, enabling supervised
or weakly supervised detection at scale. For in-
stance, hardship detection targets discourse re-
porting scarcity and struggle; identity-threat de-
tection can target rhetorical strategies used to sig-
nal belonging and mark disaffiliation (Bassi et al.,
2025); and political alienation can be operational-
ized via stigmatizing and exclusionary language
detection (Sap et al., 2020; Straton et al., 2020;
Bassi et al., 2024). This approach aligns with (i)
text-as-data methods that treat language as mea-
surement of latent social conditions (Puklavec et al.,
2023), and (ii) recent domain-specific efforts to for-
malize poverty-related social phenomena in NLP, in-
cluding datasets and taxonomies targeting poverty-
related bias and discourse about poverty (Curto
et al., 2025). The resulting signals can be linked to
regional socioeconomic indicators (e.g., unemploy-
ment, inequality), educational access, or infrastruc-
ture metrics, enabling multi-level modeling of how
material constraints shape informational engage-
ment and vulnerability pathways. Although model-
ing structural vulnerability in NLP entails non-trivial
ethical risks related to surveillance and stigmati-
zation (cf. Section 6.1), these must be weighed
against the long-term benefits of making such con-
straints publicly legible. From a capabilities-based
perspective (Nussbaum, 2011), rendering these
constraints visible informs interventions, largely
outside NLP itself, aimed at improving the struc-
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tural environments in which epistemic vulnerability
arises, thereby promoting full human functioning
and meaningful participation in collective sense-
making.

Institutional Trust Monitoring Systems: A
complementary direction concerns longitudinal
monitoring of institutional legitimacy via construct-
level detection of trust-related social phenomena.
Specifically, NLP systems can be designed to de-
tect specific delegitimization and distrust frames
(e.g., corruption, betrayal, capture, manipulation),
as well as experiences of institutional abandon-
ment and credibility rupture (Djouvas et al., 2023;
Lattmann, 2025). In this sense, NLP tools become
a diagnostic dashboard for epistemic infrastruc-
ture: not just tracking isolated claims, but moni-
toring structural erosion in legitimacy and belong-
ing across time, communities, and platforms. NLP
systems can be designed to track fluctuations in
trust-related discourse across time, communities,
and platforms.

Platform and Amplification Auditing NLP and
computational methods can also contribute by mod-
eling how platform architectures shape exposure
and amplification. Rather than presenting the de-
tection of misinformative content using its seman-
tic properties as a solution to the epistemic cri-
sis, research can investigate how engagement-
based ranking systems, recommender algorithms,
and network structures condition visibility, diffusion
velocity, and cross-group exposure. Combining
discourse analysis with network and ranking data
would enable systematic auditing of amplification
dynamics, identifying structural asymmetries in con-
tent propagation independent of truth value. Such
approaches shift attention from “what is false” to
“what becomes visible and why.”

Policy and Intervention Evaluation: NLP-
based measurement systems can support the eval-
uation of structural interventions (Nannini et al.,
2025). Computational indicators of institutional
trust, polarization dynamics, and exposure asym-
metries can be tracked before and after regulatory
changes (e.g., platform transparency mandates,
media subsidy policies, or moderation reforms), en-
abling systematic assessment of their downstream
epistemic effects. Rather than relying on platform
self-reporting or short-term engagement metrics,
such infrastructures would allow independent mon-
itoring of how policy decisions reshape informa-
tional ecosystems over time; configuring NLP as a
component of democratic accountability.

From Measurement to Causal Inference: fi-
nally, the value of these tools lies not in their descrip-
tive power alone but in their integration within inter-
disciplinary causal frameworks. Computational out-
puts—structural discourse indicators, trust trajecto-
ries, network diffusion patterns—can be combined

with socioeconomic data, policy interventions, and
institutional metrics to support causal inference.
Under this reorientation, detection would be sub-
ordinated to a broader epistemic objective: un-
derstanding the structural conditions under which
misinformation emerges, circulates, and acquires
meaning.

6.1. Methodological Considerations
To fully realize the clinical model proposed above,
it is crucial to recognize the epistemological limits
of text-based computational methods. If the root
causes of information disorders are structural, then
NLP cannot serve as the sole instrument of de-
tection and intervention. Instead, NLP should be
conceptualized as a complementary diagnostic tool.
It provides a scalable layer for measuring discur-
sive symptoms, but the actual interventions, aimed
at restoring epistemic resilience and addressing so-
cioeconomic marginalization, must inherently take
place in other domains, such as public policy, insti-
tutional reform, and civic education.

Given the possible avenues for reorienting NLP
outlined above, we now discuss some general
methodological considerations to be kept in mind
to correctly operationalize this shift:

Integrating Textual Signals with Socio-Institu-
tional Data NLP-derived indicators acquire diag-
nostic value only when anchored to external data.
Aforementioned discourse signals about institu-
tional distrust, hardship narratives, identity-threat
framing should be linked to regional socioeconomic
indicators (e.g., unemployment, Gini coefficients,
poverty indices) and survey-based trust measures
(e.g., Eurobarometer, World Values Survey) to iden-
tify whether structural conditions predict discursive
vulnerability patterns at scale (Khoun et al., 2025).
Bor et al. (2026), for instance, combining cross-
national survey data on online political hostility with
macro-level democracy and inequality indicators
across 30 countries, demonstrates that discourse
patterns are structured by societal conditions rather
than platform affordances alone.

Hybridizing Detection through Mixed-Methods
First, the use of NLP for detection should be reori-
ented from a standalone classification task into a
component of a hybrid, mixed-methods research
architecture. Because the core determinants of
misinformation lie largely outside the text, compu-
tational analysis is intended to be triangulated with
external methodologies. This includes, but is not
limited to: integrating NLP pipelines with digital
ethnography to understand the localized cultural
context of online communities (Kozinets and Gret-
zel, 2024); utilizing sociolinguistic models to distin-
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guish expressions of material deprivation (Muneton-
Santa et al., 2022); combining semantic classifi-
cation with platform metadata to audit algorithmic
amplification (Nannini et al., 2025); and leveraging
LLM-driven swarm intelligence engines to simulate
the sociological spread of these narratives in silico
(i.e. MiroFish). In this hybrid model, automated
detection is no longer the terminus of the research
pipeline, but rather a sensor that informs broader
qualitative, quantitative, and computational social
investigations.

Reliability and Riskiness of Extracting Social
Variables All measuring instruments have error
margins, and NLP tools are no different. Modern
LLMs are often overestimated in terms of how reli-
able their outputs are, because they produce very
fluent and natural text. However, LLMs often pro-
duce factually incorrect responses (Ji et al., 2023)
and poorly deal with social context (Hovy and Yang,
2021). This becomes especially salient in cross-
cultural contexts (Moayeri et al., 2024), or when
dealing with data from non-standard language va-
rieties (often used by minoritized demographics)
(Sap et al., 2019; Nguyen et al., 2025).

A large part of NLP research is currently fo-
cused on improving model performances on pre-
established benchmarks (Schlangen, 2021). But
when actually using NLP tools, it is at least equally
critical to understand the error margins, both quan-
titatively and qualitatively. Error patterns are not
random, they are the result of systemic biases in
the training data and inherent ambiguities of nat-
ural language in use. One of the main tasks of
NLP practitioners should be to help scholars and
policy makers from other fields understand how to
responsibly interpret results of NLP tools.

Extracting social variables from text also poses
ethical risks in terms of profiling. We do not ad-
vocate for the development of systems to profile
individuals for social class, wealth, or similar factors.
However, we believe that traditional sociological re-
search can benefit from NLP research by revealing
aggregate patterns of, among others, social stratifi-
cation, linguistic variation, and cultural capital.

7. Conclusions

This paper has argued that the prevailing Detection
Paradigm configures misinformation as a patho-
logical object to be excised from the informational
body. Drawing on critical anthropology, we sug-
gested that this mirrors earlier reductions of illness
to isolated biological dysfunctions: symptoms are
managed, while the social conditions that generate
vulnerability remain intact. In clinical contexts, such
reductionism has long been criticized for depoliti-
cizing suffering, transforming historically produced

inequalities into technical problems of correction.
Analogously, when misinformation is framed pri-
marily as a content-level anomaly, structural deter-
minants such as economic precarity, institutional
distrust and identity fragmentation are displaced
from the analytic foreground. We do not deny that
misinformation can exert causal effects (Tay et al.,
2024). Yet recognizing multicausality does not
imply symmetry of intervention. Even if misinfor-
mation contributes to downstream harms, treating
detection as the primary endpoint risks confusing
proximal triggers with generative conditions. In
an ‘ideal clinical model,’ symptoms are diagnosti-
cally meaningful signals of deeper configurations
of power, exclusion, and legitimacy. Hence, detec-
tion should function as an instrument of structural
diagnosis: an ‘epidemiology of discourse’, rather
than as a self-sufficient cure. This reorientation car-
ries institutional implications. Detection-centered
governance presupposes sustained alignment be-
tween public epistemic goods and platform incen-
tives, a fragile and politically contingent condition.
The proposed approach, instead, seeks to equip
public institutions with computational tools capa-
ble of identifying patterns of distrust, marginaliza-
tion, and socio-economic stress that shape the res-
onance of misinformative narratives. Under this
view, NLP shifts from boundary enforcement to in-
frastructural analysis, contributing to a diagnostic
framework that reconnects epistemic disorder to its
political–economic substrates.

Concluding, we emphasize how our contribu-
tion is intentionally programmatic. The determi-
nants and research directions outlined are illus-
trative rather than comprehensive, and detection
can remain operationally valuable in circumscribed
contexts. However, if misinformation is understood
not only as distortion but as expression, its analy-
sis must be repoliticized: embedding it within the
structural transformations of the public sphere that
condition both belief formation and institutional legit-
imacy. Only within such a framework can mitigation
move beyond symptom management toward the
cultivation of long-term epistemic resilience.

8. Ethical Considerations

Current NLP Ethics is largely informed by princi-
palist and applied-ethics frameworks, most notably,
Value Sensitive Design (Friedman and Kahn, 2002;
Friedman et al., 2013). Attention has also been paid
to applying explicitly deontological (Prabhumoye
et al., 2021) or consequentialist (Card and Smith,
2020) analyses to NLP practices, but even so, ethi-
cal considerations in the NLP community have pri-
marily been oriented towards design and deploy-
ment practices of researchers and developers (cf.
the ACM Code of Ethics and IEEE Global Initiative
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on Ethics of Autonomous and Intelligent Systems
(Chatila and Havens, 2019)). Assessment of so-
cial impact (Hovy and Spruit, 2016), such as harm,
risk, and algorithmic fairness, is crucial, but if we
are concerned with understanding the mechanisms
that drive the expressions of information disorders,
we need to re-conceptualize the role of NLP re-
searchers not just as builders of potentially danger-
ous tools, or as moderators of undesirable content,
but as curious caretakers who play a role in improv-
ing the structural conditions that shape our informa-
tion environments for the better. If we instead think
of the role of NLP as facilitating the diagnoses of
diseases and disorders, it would be appropriate to
move away from the beneficent paternalism implied
by the Detection Paradigm, towards an attitude that
favors autonomy of and care for the populations that
we model. Biomedical ethics changed from fram-
ing the doctor-patient relationship as one marked
by the well-meaning authority of the doctor over
their patient to one increasingly characterized by
the respect for the autonomy of and interpersonal
care for the patient (Will, 2011), largely informed
by the Ethics of Care (Gilligan, 1984; Noddings,
1984). NLP research should adopt a comparable
attitude towards the individuals and populations
we model with our data and tools. Discussions of
social harms (Hovy and Spruit, 2016) and ethics-by-
design (Leidner and Plachouras, 2017) pushed the
ethics of NLP in necessary directions. We believe
the Ethics of Care could offer a similar path forward
for improving our ethical framework of NLP, just as
it has been suggested for AI Ethics for decision
making (Villegas-Galaviz and Martin, 2023). Pre-
cisely how to faithfully support the autonomy and
flourishing of the participants and populations mod-
eled in NLP research applied to phenomena like
misinformation remains for now an open question
for future research.

Limitations

This paper is intentionally programmatic and there-
fore subject to several limitations. The structural
conditions outlined in Section 5 and the NLP re-
search directions proposed in Section 6 are illus-
trative rather than exhaustive: both represent theo-
retically grounded selections, not comprehensive
inventories.

Additionally, although the paper critiques the
WEIRD bias of existing misinformation research,
its own argumentation draws predominantly on ev-
idence and policy examples from European and
North American contexts; the structural factors iden-
tified may differ substantially in salience and con-
figuration elsewhere.

At the methodological level, the considerations
raised in Section 6.1 apply with particular force to

the sociological signal extraction direction. NLP
tools operate with non-trivial error margins and
underperform systematically on non-standard lan-
guage varieties and cross-cultural contexts. Indi-
cators of institutional distrust, hardship, or identity
threat should therefore be treated as noisy proxies
requiring external validation before informing policy.

Finally, extracting socioeconomic signals from
discourse at scale carries substantive ethical risks.
Even when intended for aggregate analysis, such
systems can be repurposed for individual pro-
filing or surveillance of vulnerable populations.
The boundary between aggregate monitoring and
individual-level stigmatization is technically fragile
and institutionally contingent — a risk that any op-
erationalization of the proposed framework must
explicitly address.
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