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1. Defining the notion of “democratic biases”

The “biases” of artificial intelligence systems have sparked numerous controversies that have
made headlines in recent years: think of sexist biases in automatic translation tools or racist
biases in decision-support systems used in courts. The ubiquity of the term “bias” in the
media sphere has contributed to keeping the concept conceptually vague. Yet the scientific
literature has considerably refined the description and understanding of Al bias: for more
than ten years, many studies have revealed diverse mechanisms, proposed operational
typologies, developed appropriate metrics, and tested audit protocols to measure the

systematic discriminations these systems can generate.

At a time when Al systems are becoming more complex in both design and deployment, it is
urgent to rely on this body of work to specify the notion of “democratic biases” that we use
in the “Al for Democracy: Democratic Commons” project. The aim is to propose an
operational definition grounded in the conceptual reflections and empirical work on
algorithmic bias, and to confront this definition with the application cases encountered on
the participatory-democracy platforms we study. This conceptual work seeks to situate the
notion within the current state of knowledge, to identify what the literature shows and does
not show, and then to draw clear conceptual and methodological consequences for future

empirical work.

The goal of this first section is to build that foundation. It is organized into three
complementary parts. The first (1.1) offers a critical review of the literature on Al bias,
emphasizing the specificities introduced by large language models (LLMs) and the
conceptual and empirical limits of the term “bias”. The second (1.2) draws out the
conceptual and methodological implications of this literature review: we distinguish
different types of relevant biases, detail their multiple origins (design, data, model, interface,
uses), and motivate the adoption of a hybrid, multi-layered approach to evaluation. The
third part (1.3) confronts these findings with the field of participatory-democracy platforms:
it synthesizes work specifically addressing the use of LLMs in participatory and deliberative
processes, recalls the framing of the “Al for Democracy: Democratic Commons project”, and

leads to an initial proposal for a modular definition of “democratic bias.”



The ambition of this work is both practical and reflective: to provide a common framework
for the teams that is precise enough to guide comparable empirical measurements, while
remaining adaptable to different disciplines, fields, and usages. The pages that follow deploy
this logic by alternating theoretical synthesis, critical diagnostics, and methodological

directions.

1.1. Critical review of the literature on Al bias and the specificities

of LLMs

1.1.1. Bias in Artificial Intelligence

Over the past decade, the question of bias in artificial intelligence systems has given rise to a
substantial body of work, mainly in the areas of fairness in machine learning and algorithmic
justice. This research demonstrates that algorithmic systems are not neutral: they tend to

reproduce, and sometimes amplify, preexisting social inequalities.

Foundational contributions, such as Barocas and Selbst (2016), show how training data can
introduce indirect discrimination, notably in hiring or credit decisions. Angwin et al. (2016)’s
study of the COMPAS tool revealed that recidivism scores systematically overestimated risk
for Black individuals and underestimated it for white individuals. In computer vision,
Buolamwini and Gebru (2018) found that facial recognition systems exhibited significantly
higher error rates for women and darker-skinned people than for white men.
Complementarily, Obermeyer et al. (2019) describe a different but equally problematic
mechanism: a public-health algorithm used healthcare costs as a proxy for “medical need.”
Because structural factors cause some populations — here, Black patients — to receive less
care on average and therefore incur lower costs, the algorithm systematically
underestimated their true need for care. This example shows that bias does not only stem
from demographic imbalance in data but can arise from an inappropriate choice of target

variable (label/proxy bias), with concrete and potentially harmful consequences.

These findings have fueled debates among public commentators and scholars (in political
science, philosophy, and computer science) about algorithmic fairness and the notion of

fairness itself (Kleinberg et al., 2016; Beaudouin & Maxwell, 2023; Rabonato & Berton,



2025). Numerous criteria and metrics have been proposed (error-rate parity, equality of
opportunity, demographic independence, etc.) to quantify, mitigate, or correct these biases
(Mehrabi et al., 2021). However, these criteria can be mutually incompatible: choosing one
notion of justice is inherently a political and normative decision that can render an algorithm
“fair” by one metric and “unfair” by another. Theoretical results — some dating back several
years — demonstrate that certain fairness definitions are formally irreconcilable, especially
when the prevalence of a given trait is uneven across population subgroups (Kleinberg et al.,
2016). Such impossibility results force trade-offs: one must prioritize certain criteria, make

normative choices explicit, or seek technical and socio-political compromises.

Consequently, research on algorithmic bias yields two complementary lessons: first, the
causes of bias are multiple (data, label choice, architecture, annotation processes,
deployment modalities) and require nuanced diagnostics; second, technical measures and
fixes are not value-neutral — any evaluation or intervention presupposes an explicit
normative arbitration (which values to prioritize? which costs to accept?), which should be

documented and deliberated with stakeholders prior to implementation.
1.1.2. Specificities of biases in LLMs

The emergence of large language models (LLMs) has shifted and complicated the research
agenda on bias. Like other machine-learning models and systems, LLMs rely on training
corpora whose composition, provenance and documentation can remain opaque; however,
they differ in the scale and heterogeneity of those corpora, the complexity of their training
pipelines, and their generalist nature — that is, their capacity to be applied to a wide
diversity of tasks rather than to a narrowly defined objective (for example named-entity
recognition or facial recognition). This combination — unprecedented data scale,
documentary and procedural opacity, and generative inference mechanisms — makes
identification, explanation and correction of biases far more difficult than with traditional

classifiers designed for targeted tasks (Weidinger et al., 2021; Bommasani et al., 2021).

Several specific features explain this difficulty. First, the scale and heterogeneity of corpus
composition (web crawls, forums, media, books, code, etc.) favor the inheritance and

sometimes the amplification of historical stereotypes and under-representations — a



problem worsened by the practical impossibility of fine-grained curation at that scale.
Moreover, structural data-collection practices introduce systematic skew: Bouchaud and
Ramaciotti (2025) show that web-crawler restrictions (e.g., robots.txt entries, explicit
scraping bans and rate limits) disproportionately exclude highly reliable, politically neutral
sites from large corpora such as CommonCrawl, effectively increasing the relative share of
more partisan or fringe sources in training datasets. Consequently, LLMs may both
internalize dominant cultural norms and reproduce systematic omissions or amplified

partisan signals (Gallegos et al., 2024; Bender et al., 2021).

Second, the generative and open nature of model outputs complicates bias identification: it
is no longer sufficient to count mislabelled instances across well-defined socio-demographic
categories. One must analyze the propensity of a generated text — typically in the form of a
narrative — to convey stereotypes, erase minority voices, or present biased interpretive
frames depending on prompts that are themselves open-ended, and on the conversation
history each user maintains with the model. As shown by Bang et al. (2024), such biases
cannot be captured solely by categorical error counts, since they operate both at the level of
what is said—through selective emphasis, omission, or topic choice—and how it is
said—through framing, tone, and rhetorical cues embedded in generated narratives. The
high fluidity and persuasive force of generated content make such biases harder to detect,
characterize or contest with simple tests. New forms therefore appear: hallucinations,
discursive homogenization, and the over-representation of dominant languages and cultures

in responses (Huang et al., 2025; Ferrara, 2023).

Third, beyond direct data transfer, alignment procedures — notably Reinforcement Learning
from Human Feedback (RLHF) — add a poorly documented normative layer: the preferences
and judgments of annotators and evaluators — often drawn from teams located in narrow
geographic and socio-cultural contexts — guide the selection and ranking of outputs after
training. This can produce a tendency to privilege majority opinions and systematically
underrepresent minority perspectives in final outputs (Xiao et al., 2024; Santurkar et al.,

2023; Kirk et al., 2024).

Finally, some observed phenomena are neither reducible to data nor to human preference

but appear to stem from structural defects of the model itself. Boelaert et al. (2025), for



instance, describe “machine bias”: stable model behaviors — low variability of responses,
biases that vary non-trivially with the question — that seem to originate in architecture,
optimization, and internal generative mechanisms rather than as a simple reflection of social
biases present in the training data or design choices. These machine biases can inject
systematic noise into sensitive uses (e.g., simulated surveys, synthetic panels) and strongly
complicate interpretation of diagnostics based solely on dataset composition. Relatedly,
recent work suggests that safety and moderation layers can introduce their own structural
distortions: Rogers and Zhang (2025) show that increased guardrail sensitivity induces a
systematic “neutrality bias,” whereby ambiguous or contested political content is
disproportionately classified as neutral, effectively flattening disagreement and masking

conflict even in the absence of explicit partisan skew.

The specificities of LLMs make the measurement and quantification of bias more difficult
than in classical machine-learning cases. Because LLMs combine massive, opaque corpora,
plausible generative outputs, human alignment procedures, and emergent structural
properties, standard metrics and common benchmarks are often insufficient or misleading.
It is therefore essential not only to distinguish finely between types of bias and their
sources, but also to devise new measurement frameworks and instruments to identify and

characterize these biases.

1.1.3. Limits of the term “bias” and of studies on Al/LLM bias

A substantial body of work—primarily from STS, critical data studies, gender studies, and
postcolonial studies—has challenged the standardized use of the term “bias.” Three major

lines of critique emerge.

First, the term “bias” elides the political and situated nature of the problems: it suggests a
technical, correctable error while obscuring design choices, power relations and social
asymmetries, and sidestepping questions of purpose and accountability (Barocas & Selbst,
2016). Powles and Nissenbaum (2018) thus criticize the technical obsession with “solving”
bias as an attractive diversion: by reducing deep political and economic questions (mass data
capture, platform concentration, intended uses) to problems of metrics and optimization,

we hide the power relations that produce these inequalities. They also show that



algorithmic “fixes” can be perverse—strengthening and refining instruments of surveillance
and ranking—and advocate structural responses (data governance, transparency, external
accountability mechanisms) rather than technical band-aids. This perspective is echoed by
Barassi (2024), who argues that so-called “hallucinations” and large-scale Al failures should
be understood not as isolated technical flaws, but as sociotechnical phenomena rooted in

data practices, institutional incentives, and structural power relations.

Second, these critiques insist on the centrality of power and human labor: datasets,
annotation categories, RLHF panels, and contracts with outsourced providers are all sites
where perspectives are negotiated and inequalities reproduced (Miceli et al., 2022; Wirth et

al., 2025).

Third, they point to the methodological fragility of dominant diagnostics: benchmarks and
ad-hoc tests often yield results that are highly sensitive to prompt design, language, model
version, and sampling parameters, undermining replicability and limiting their ability to
predict real-world effects of LLM deployment (Blodgett et al., 2020; Barrie et al., 2024; Lum
et al., 2024; Rottger et al., 2024).

Added to these critiques is a conceptual dimension emphasized by Gallegos et al. (2024):
fairness approaches often rely on “implicitly desirable criteria”—for example, that outputs
be independent of any social group—without making explicit the social and normative
values that justify these choices. This shows that even technical evaluations reproduce
implicit value choices, reinforcing the idea that the term “bias” conceals political and

normative dimensions.

These critiques lead to several practical prescriptions for characterizing and auditing LLM
biases: (i) make explicit the norm and objective adopted before any measurement; (ii)
document the production chain (data, annotators, RLHF); (iii) favor contextualized and
triangulated evaluations (metrics, discourse analysis, user studies); (iv) make visible and
regulate the power relations and human labor that structure ongoing evaluation; and (v)
situate the LLM outputs within their concrete interaction environment: through which
interfaces they are delivered, via which material setups, and in which social or institutional

situations they are mobilized.



These recommendations gain particular force in light of the literature on bias. A recent
meta-analysis of 189 articles published between 2014 and 2024 (ACL, FAccT, NeurlPS, AAAI)
shows that 82% of the studies do not formally define the “bias” they analyze, and that the
majority (79.9%) focus on gender bias (often occupation—gender). This is followed by
race/ethnicity (30.2%), age (20.6%), religion (19.1%), and nationality (13.2%) (Ghosh &
Wilson, 2025). This concentration reflects a narrow conception of bias centered on a few
highly institutionalized—and predominantly Western—social categories. Such focus tends to
freeze identities into rigid boundaries (for example, a gender binary, homogeneous ethnic
categories), limiting understanding of finer or intersectional forms of discrimination and
rendering invisible situated experiences that escape these classifications (Dubet, 2016). In
other words, the dominant “bias” approach risks reproducing, or even reinforcing, the
classificatory frameworks it purports to critique. In this sense, research on bias in language
models reproduces a methodological and conceptual bias of its own: it studies “biases”
while neglecting the political, normative, and structural dimensions that produce them

(Ducel et al., 2024).

Within the “Al for Democracy: Democratic Commons” project, it is important to take into
account these critical contributions and their conceptual and methodological
recommendations. Rather than abandoning the term “bias,” we propose decomposing it
into conceptual and operational families. This modularization has two practical advantages:
(i) it makes explicit the assumptions and values behind each measure, facilitating
transparency and deliberation about normative choices; and (ii) it guides the selection of

appropriate audit protocols and remedies.
1.2. Conceptual and methodological implications

The literature devoted to bias shows that the issues are both plural—discrimination,
invisibilization, amplification of dominant opinions, factual errors, etc.—and multilayered:
they are rooted in data, expressed through algorithms, crystallized in design choices, and
manifested differently depending on contexts of use. These findings call for a
non-reductionist reading: biases cannot be confined to simple “technical errors” correctable

by more data; they are complex, situated sociotechnical phenomena, produced and



reproduced at every stage of the design, training, and deployment of algorithms (Waseem et

al., 2021; Weidinger et al., 2021).

Depending on the objective—diagnosing, measuring, correcting, or governing—it is often
more relevant to adopt a differentiated vocabulary and appropriate conceptual instruments.
As Lopez (2021) and Ferrara (2023) emphasize, grouping under a single label the effects of
injustice, stereotyping, or discursive manipulation amounts to masking their distinct origins
and heterogeneous normative implications. This is why several recent works (Mehrabi et al.,
2021; Li et al., 2023; Chu et al., 2024; Guo et al., 2024) call for distinguishing both different
types of bias and their levels of provenance. These distinctions make it possible to choose
targeted metrics, audit protocols, and remedies rather than relying on generic approaches.
This section lays out the conceptual clarifications and methodological choices needed to
study biases in Al systems and LLMs: it proposes an operational typology of forms of bias
(1.2.1), maps possible layers of origin (1.2.2), and defines a hybrid, multi-layered, continuous

evaluation method (1.2.3).
1.2.1. Distinguishing different types of bias

Recent research on bias in Al and in LLMs offers many taxonomies, both for describing bias
and for mitigating it (Chu et al., 2024; Gallegos et al., 2024; Bouchard, 2024). These
classifications are not mutually exclusive: above all, they are characterization tools meant to
guide operationalization—choice of metrics, evaluation protocols, correction strategies. As
Lopez (2021) or Waseem et al. (2021) suggest, it is less fruitful to accumulate typologies

than to organize them around analytical axes that link diagnosis and intervention.

Two axes prove particularly useful. The first concerns the affected groups and individuals
(“who?”): sociodemographic biases (gender, race/ethnicity, age, religion, disability,
socioeconomic status), linguistic and cultural biases (languages, dialects, registers), and
political/ideological biases (implicit preferences, partisan framings). These dimensions often
intersect: the political position of a group or individual can interact with their linguistic or
socioeconomic status to produce specific effects in a public deliberation (Mehrabi et al.,
2021). Several empirical investigations have highlighted the importance of these dimensions:

Lucy & Bamman (2021) showed the reproduction of gender stereotypes in GPT-3, while



Rozado (2023, 2024), Hartmann et al. (2023), and Motoki et al. (2023) documented
structural political orientations of language models that are often difficult to neutralize
because social norms and regulatory pressure against political bias are weaker than for race

or gender (Peters, 2022).

The second axis concerns modes of manifestation (“how?”). Three registers appear central.
Representational biases refer to stereotyping, denigration, or erasure of certain groups
(Caliskan et al., 2017; Bolukbasi et al., 2016). Allocative biases concern tangible distributive
consequences, for example the visibility of contributions in a discussion thread or
differential access to the agenda (Barocas & Selbst, 2016). Finally, discursive or epistemic
biases affect the quality of information and deliberation through selective framing, omission,
or the production of erroneous summaries (Weidinger et al., 2021). Again, these registers
are far from independent and often intertwine: a representational omission can lead to a
loss of access to the agenda (allocative) and impoverish the diversity of arguments available

(discursive).

To operationalize these distinctions, it is essential to articulate two perspectives. The
descriptive perspective consists in documenting observed phenomena—measuring
distributions, quantifying performance or exposure gaps, identifying artifacts (for example,
evaluating dialect coverage in automatic summaries). The normative perspective consists in
determining, based on explicit values, whether and how to correct these gaps—choosing a
justice criterion, defining an intervention objective, setting an acceptable threshold
(Gallegos et al., 2024; Ghosh & Wilson, 2025). Without this articulation, bias measurement

remains methodologically fragile and politically blind.

This double reading (descriptive diagnosis and normative judgment), crossed with the matrix
“groups/individuals concerned x modes of manifestation”, provides a pragmatic tool for
orienting the selection of metrics (disparity, coverage, worst-group accuracy, etc.), protocols
(counterfactual tests, embedding probes, diversified panels), and interventions (data
cleaning/enrichment, fairness techniques, interface adjustments, or governance
mechanisms). In that sense, typologies are not meant to freeze airtight categories, but to
equip a contextualized, multi-layer approach adapted to the diversity of LLM uses and social

environments.
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1.2.2. Distinguishing different levels of bias provenance

Beyond distinguishing different types of bias, it is crucial to map the layers where they
appear. Suresh & Guttag (2021) and Hovy & Prabhumoye (2021) propose frameworks that
identify sources of harm throughout the model life cycle; applied to LLMs, these frameworks

make the multi-layered nature of the problems visible.

At the design level, normative and technical choices crystallize—task definitions,
optimization objectives, selection of metrics and architectures. These decisions often embed
implicit values and determine which forms of pluralism will be taken into account or
neglected. As Rieder & Skop (2021) note, biases can thus emerge not only from code or

data, but also from the norms and hypotheses adopted by design teams.

Choices made when defining learning objectives, inputs, outputs, and success criteria (the
form of the chosen loss function) can introduce implicit biases, thereby steering the model

toward potentially unfair or discriminatory outcomes.

Training data biases result from unequal historical and structural representations in the
corpora used for training, such as Wikipedia or Common Crawl (Hovy & Prabhumoye, 2021;
Blodgett et al., 2020). Some groups may be over or under-represented, leading to

stereotyped associations and to models that reflect and amplify these imbalances.

Annotation and post-training processes, including RLHF, incorporate human preferences that
can reinforce dominant norms and introduce new biases (Hovy & Prabhumoye, 2021;

OpenAl, 2023).

At the model level, embedding biases endogenize stereotyped associations, for example
between occupations and gender (Bolukbasi et al., 2016; Zhao et al., 2018). Biases can also

appear in content generation or response ranking, directly affecting the model’s outputs.

Interface design and interaction modes steer user attention and influence actual uses of the
model, potentially creating biases in how system recommendations are perceived or

adopted (Rieder & Skop, 2021).

11



Finally, biases can manifest in the real-world use of Al systems depending on the
institutional, social, or media contexts into which they are integrated. For example, certain
populations may be systematically marginalized or their contributions ignored in practical

applications (Sap et al., 2019).

To clarify this complexity, Guo et al. (2024) and Li et al. (2023) propose distinguishing
between intrinsic biases (embedded in the model’s internal representations) and extrinsic
biases (observable in downstream tasks and context-dependent). This distinction, though
imperfect, helps guide interventions: intrinsic biases call for solutions during training or data
curation, while extrinsic biases require remedies at the interface, post-processing,

fine-tuning, or governance levels.

1.2.3. Adopting a hybrid, multi-layered, and continuous approach

The preceding analyses show that LLM biases come in varied types and emerge at different
levels of provenance, from the choice of data and architectures to actual uses in social and
institutional contexts. For instance, Feng, Park, Liu, and Tsvetkov (2023) trace how political
biases travel from pretraining corpora through model representations to downstream tasks,
demonstrating that provenance-aware audits and systematic dataset provenance tracking
are essential for diagnosing and mitigating unfair political effects in NLP pipelines (Feng et
al., 2023). This complexity makes insufficient any approach limited to a one-off or exclusively
technical audit: understanding and addressing biases requires simultaneously articulating
technical diagnostics, socio-organizational investigations, and normative considerations. In
other words, evaluating large language models must be conceived as a continuous and
layered activity. It involves not only measuring observable performance and gaps, but also
integrating social and organizational perspectives so as to link observed phenomena to
norms of justice and representativeness. This approach, inspired by recent prescriptions
(Mokander et al., 2024; Wirth et al., 2025), aims to provide a framework capable of guiding
targeted interventions at each stage of the LLM life cycle—from design and training to
deployment and use—while ensuring coherence between descriptive diagnostics and

normative judgments.

12



Two guiding ideas structure this approach. The first is simple: separate levels of analysis to
better connect diagnostics to remedies. Mokander and coauthors (2024) propose a reading
in three complementary layers—governance, model, application—which makes it possible to
examine, for each system, (i) who decides and under which rules, (ii) what the model does
and how it does it, and (iii) how it is concretely used in a given context. This grid invites us
not to confuse the solution (e.g., a sampling adjustment) and responsibility (who validates
and documents this choice). In that sense, the technical audit becomes one piece of a
broader apparatus of institutional accountability. The second major idea is continuity:
evaluation must be integrated into the system life cycle rather than treated as an isolated
event. Wirth et al. (2025) show how much “algorithmic production” is a process of
continuous evaluation, where datasets, alignment criteria, deployment parameters, and
uses evolve and mutually re-evaluate one another. In practice, this implies setting up
permanent monitoring, feedback loops, and formal update procedures—including alert
thresholds, correction protocols, and reversibility mechanisms—to prevent drift from

settling in between audits.

The “Al for Democracy: Democratic Commons” project, structured into teams from
complementary disciplines, naturally lends itself to this multi-layered approach. Each team
cannot on its own cover all bias types or all levels of origin, but, based on a shared
conceptual template, each can make explicit what it is working on—type of bias targeted,

preferred level of analysis, metrics used, evaluation methods, etc.

1.3. LLMs and participatory-democracy platforms

After clarifying the limits of the term “bias” and proposing a typological and multi-layered
approach, it is now appropriate to place the reflection back into the specific context that
concerns us: the growing use of LLMs in participatory and deliberative democracy processes.
Introducing LLMs into these arenas is not neutral. It raises new questions: how do the biases
documented in the previous sections manifest when the goal is to process political content
or facilitate collective deliberation? To what extent do these biases affect

representativeness, fairness, and the legitimacy of democratic processes? And conversely,

13



what potential do LLMs offer to broaden participation, foster inclusion, or improve

deliberative quality, provided they are integrated into robust institutional architectures?

This section addresses these issues in four steps. First, we will examine the available
empirical results concerning LLM biases when applied to political and democratic processes
(1.3.1). Next, we will present the conceptual and methodological framing of the “Al for
Democracy: Democratic Commons” project (1.3.2). Finally, we will propose a provisional
definition of the notion of “democratic biases” (1.3.3), illustrated by a concrete example

(1.3.4).

1.3.1. LLM biases applied to political and democratic processes

While artificial intelligence is being deployed across many domains of everyday life, recent
years have seen a rapid proliferation of Al tools designed specifically to support democratic
processes — for instance through summarization, moderation, translation, and rephrasing
(for reviews see Konya et al.,, 2023; Goldberg et al., 2024; Aoki, 2024). Citizens are
increasingly turning to LLMs during civic activities: voters may query a model about party
platforms before casting a ballot, or use it to draft or polish political messages for social

media.

Empirical work now shows that these interactions are not neutral. Controlled and
survey-based studies indicate that LLM outputs can shape political attitudes and behaviors:
Fisher et al. (2024) document that biased model outputs can meaningfully influence political
decision-making and deliberative conduct, and Potter et al. (2024) provide causal evidence
from experiments that subtle framing, rhetorical style, and contextual cues in model
responses can produce measurable short-term shifts in voter preferences. Together, these
findings argue that democratic-bias assessment must go beyond measuring model outputs

and explicitly evaluate user-level outcomes.

At the same time, descriptive audits of model outputs paint a complex and sometimes
contradictory picture of political orientation. Some studies report systematic leanings (e.g.,

left-leaning tendencies reported in Santurkar et al., 2023; Hartmann et al., 2023), while

14



others show that apparent bias depends strongly on model scale, prompt design, evaluation
task, and the language or cultural framing used (Wright et al., 2024; Rettenberger et al.,
2025). Large comparative investigations further demonstrate that political bias is not
reducible to a single left—right axis: different model families and tasks exhibit uneven and
task-dependent patterns, which supports the need for contextualized, multi-model, and

reproducible audits rather than one-off partisan labels (Peng et al., 2024).

The risks are particularly salient for automated summarization and aggregation tasks used in
participatory settings. Several studies show that LLMs can omit important contributions,
over-generalize, or reframe content in ways that change meaning (Huang et al., 2024; Steen
& Markert, 2023; Maynez et al., 2020). Other work demonstrates that even when factual
coverage is adequate, framing effects — stylistic choices, rhetorical devices and pragmatic
tone — can systematically shift interpretive valence and thereby affect downstream political
judgments (Bang et al., 2024). Conversely, some sophisticated system designs and
interaction protocols (e.g., iterative critique or deliberative validation) can help preserve a
wider range of positions in generated summaries (Fish et al., 2023; Tessler et al., 2024),
highlighting that sociotechnical arrangements shape outcomes as much as model internals

do.

A related strand investigates whether LLMs can substitute for human respondents in
social-science tasks such as surveys or simulations. Results are ambivalent: some
experiments show that models conditioned on demographic profiles can reproduce
aggregate response distributions (Argyle et al., 2023), while others conclude that models
cannot reliably replace human subjects due to unstable biases across topics or because they
better approximate subgroups with near-uniform statistics (Dominguez-Olmedo et al., 2024;
Boelaert et al., 2025). Architectural choices and the presence (or absence) of demographic
priors also matter — Park et al. (2024) report high fidelity in a specific agent-based setup,
suggesting that representativeness is achievable but contingent on design and evaluation

choices.

Taken together, these empirical and descriptive findings warrant three interlinked responses.
First, audits must be task-specific, comparative, and reproducible, combining output

diagnostics with user-level outcome measures (attitude change, vote intention, deliberative
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behavior). Second, evaluation should explicitly include framing and stylistic metrics in
addition to content coverage and factuality, because framing biases can produce political
effects even when content-level metrics look satisfactory. Third, and importantly, the
problem should be recognized as partly structural: Peters (2022) frames algorithmic political
bias not merely as an empirical anomaly but as a feature emerging from design choices and
governance arrangements, implying that remedies require institutional and normative
interventions (transparency, procedural safeguards, and accountability mechanisms) rather

than only technical patches.

In short, assessing and mitigating LLM democratic risks demands integrated sociotechnical
protocols that link model audits to interaction design, human oversight, and governance
frameworks — otherwise seemingly minor output differences can translate into substantive

democratic effects.

1.3.2. Framing of the “Al for Democracy: Democratic Commons” project

Within the “Al for Democracy: Democratic Commons” project, initial framing elements
proposed by team members laid the groundwork for a common analytical grid intended to
orient and make empirical work comparable. This framing first identifies five operational
missions that Al can assume in democratic environments—moderation, summarization,
translation, writing assistance, and debate facilitation—and lists thirteen use cases requiring
dedicated audits, spanning participation in the citizen agenda, participatory budgeting, and

understanding and drafting legislation (Alspektor & Mas, 2025).

In parallel, the project articulates five democratic principles that serve as a normative
compass: participation; political and ethical pluralisms; deliberation; responsibility (capacity
to act and accountability); and recognition of agreements and disagreements. These
principles are supported by four cross-cutting requirements—transparency, agency,
autonomy, and equality—which guide the choice of metrics, investigation protocols, and

recommendations (Pénigaud & Reber, 2025).
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Recalling this framing before defining the notion of “democratic bias” is essential: it shifts
the exercise from the theoretical register to the operational register. The definition we
propose must be usable by each project team, meaning it must be translatable into

measurable indicators, audit protocols, and mitigation scenarios relevant to a given use case.

Finally, this conceptual architecture imposes a strong methodological rule: every evaluation
must be contextualized. One does not evaluate an “LLM” abstractly, but rather evaluates a
specific role of Al (e.g., summarization or moderation), deployed in a specific use case, and
in light of a given democratic principle. This requirement of contextualization conditions the
choice of baselines, metrics, and recommended interventions, and it ensures that diagnoses

of “democratic bias” will be rigorous, comparable, and actionable.

1.3.3. Provisional definitions of the notion of “democratic biases”

Rather than imposing a single definition of “democratic bias,” we propose below a set of
modular definitions: a shared theoretical definition serving as a normative reference,
followed by operational definitions intended to be adopted and adapted by each team
depending on its discipline, fieldwork, and methodological objectives. The goal is to provide
both a shared framework and concrete instruments—measurable and
interpretable—allowing comparable diagnoses, while respecting epistemologies and local

investigation contexts.

A democratic bias can be defined as a measurable deviation from a chosen baseline (e.g.,
empirical, normative, technical, regulatory), produced by a sociotechnical assemblage which,
in a given use case, for an engaged user or public, compromises, distorts, or

hierarchizes—intentionally or not—the respect of a targeted democratic principle.

This formulation emphasizes three essential dimensions. First, contextuality: a democratic
bias is not an intrinsic property of an abstract model but the result of an interaction
between a functionality (e.g., summarization, moderation), a concrete use case, and the
sociotechnical conditions of deployment. Second, normativity: calling an output “biased”

implies explicitly referring to democratic principles and an ethical justification—one must say
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which norms are being protected and why. Third, multicausality: observed deviations can
emerge from combinations of technical causes (architecture, optimization), organizational
causes (RLHF panels, moderation policies), and social causes (power relations, inequalities of

access).

Operationally, any diagnosis of democratic bias must therefore (a) make the targeted
principle explicit, (b) describe the Al’s role and the use case studied, (c) make explicit and
justify the chosen baselines, and (d) specify the metrics used to measure LLM outputs
relative to the chosen reference norm (descriptive representativeness vs. normative
correction). Once this diagnosis is established, one can think about a remediation solution

(e) by identifying plausible mechanisms and the relevant levels of analysis.

To make this definition more concrete, we can illustrate the reasoning with an example of a
summarization task whose purpose is to respect the principle of pluralism. During a citizen
consultation on ecological transition, an LLM is used to produce a summary intended for
public decision-makers and the general public. Examination of this summary reveals that
contributions favorable to economic regulation measures (for example introducing a carbon
tax or restricting road traffic) are developed and illustrated with concrete examples, while
critical contributions (concerns about purchasing power, defense of individual freedom) are

condensed into a single generic sentence, without nuance.

Different choices of baselines make it possible to evaluate this gap:

e Empirical baseline: the real distribution of contributions shows that about 35% of
texts express critical positions. The fact that they occupy less than 10% of the
summary constitutes an obvious descriptive deviation.

e Normative baseline: the organizers specified in the protocol that “all significant
positions must be represented in the final summary, regardless of their frequency.”
The observed deviation then becomes a democratic bias, since it explicitly violates
the principle of pluralism.

e Technical baseline: comparison with an earlier version of the summarization system

shows that it reproduced about 25% of critical arguments, versus less than 10% with
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the current version. The bias thus appears as a technical regression that degrades
argumentative coverage.

o Regulatory baseline: certain national or local rules governing consultations require
that minority opinions be made visible in public reports. By not respecting this
obligation, the summary becomes not only democratically biased but also legally

non-compliant.

The analysis highlights a multicausal origin: the model’s tendency to privilege expert-style
argued formulations, prompt settings that favor seeking consensus rather than making
disagreements visible, and the absence of a specific review aimed at checking viewpoint
diversity. Remediation avenues include adding explicit instructions in the prompt to
guarantee representation of all identified positions, developing argumentative-coverage
indicators measuring the relative presence of each opinion category, and implementing

targeted human validation focused on respect for pluralism before releasing the summary.

1.3.4. lllustrative example based on existing literature

We previously discussed how democratic biases can affect the functioning of deliberation
and citizen-participation platforms. In this section, we illustrate, through a concrete
example, how such biases can emerge. We structure this section around three axes: (i) a task
that can be automated or assisted by LLMs, (ii) a sociotechnical context in which the LLM is
deployed and where citizens interact with the LLM and/or with each other, (iii) a democratic

principle that risks being violated.

We again choose task (i): summarizing citizens’ opinions. This task can be formulated as
follows: given a corpus of opinions in the form of free-text written by human participants,
the LLM must produce one or more summaries that are representative of the distribution of

opinions in the initial corpus.
In the existing literature, this task has been operationalized in various sociotechnical

contexts (ii): for example, in the “Habermas Machine” (HM) experiment (Tessler et al., 2024),

a virtual citizens’ assembly was constituted using a demographically representative sample
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of the United Kingdom. The HM, a trained (fine-tuned) LLM, acts as a “caucus mediator”:
citizens interact with the LLM but never directly with each other. More precisely, citizen—LLM
interactions are structured as follows: citizens individually express their opinions in free text;
the LLM generates a summary based on all citizens’ opinions; then citizens individually
critique the LLM-generated “group summary.” Citizens’ critiques are then fed back to the
LLM, which produces new, improved group summaries. In separate research, Fish et al.
(2024) formalize the problem of automated opinion summarization by linking it to properties
of democratic representation. They mathematically demonstrate verification of these
properties under the condition of an “oracle,” i.e., an LLM capable of perfectly modeling
every citizen’s individual preferences. In practice, they conducted pilot experiments based
on surveys: citizens provided opinions in free text, and an LLM produced a series of
representative summaries. As in the HM case, citizens do not directly interact with each
other, and evaluation of LLM-generated summaries is done via validation surveys rather than
synchronous face-to-face deliberation. Unlike the HM protocol, aggregation and validation of
generated summaries are not iterative and do not incorporate citizens’ critiques. Revel &
Pénigaud (2025) complement these empirical approaches with a normative analysis: they
argue that the democratic legitimacy of LLM-assisted summarization depends on making the
system’s underlying design choices intelligible and open to public assessment (and, where
appropriate, consent), and they caution against deployments that treat Al-produced outputs
as binding or that risk disempowerment and post-rationalization. Together, these studies
show how the same technical task—summarizing human opinions—can be integrated into
sociotechnical contexts that offer very different interaction patterns (direct iterative critique
vs. survey + validation; private caucus vs. public deliberative debate) and varying degrees of

citizen autonomy.

Moreover, experiments from existing work highlight the main democratic biases that can
emerge from using LLMs in such sociotechnical contexts. For example, consider pluralism as
the democratic principle (iii). Does the summary generated by the LLM preserve the
diversity of viewpoints, including minority, dissenting, or unconventional perspectives?
Potential violations of this principle can be envisioned due to various phenomena.
Considering only phenomena linked to the LLM as a technical object—i.e., a large pretrained

language model—violations could arise from undue compression of expressed opinions,
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where a size-limited summary risks erasing nuance and making minority opinions invisible in
favor of the majority opinion alone. Paraphrasing could also play a role, since reformulating

citizens’ opinions might induce tone shifts that result in an ideological drift.

By focusing only on the task of opinion summarization by LLMs, this example shows that
while LLMs can help quickly surface a consensus and efficiently reorganize diverse opinions,
the democratic legitimacy of their results depends strongly on concrete sociotechnical
choices—nature of interactions, sampling, weighting, provenance, contestability, and human
oversight. In the absence of explicit safeguards tied to democratic criteria (for example,
proportional participation rules, pluralism guarantees, channels for iterative critique), LLMs
are not exempt from generating illusory consensus or eradicating minority voices. Only an ad
hoc and situated examination of these risks—attentive to potential deviations documented
in the literature as well as to still-unknown effects—can guard against them and establish

genuine trust between citizens and these participation and deliberation platforms.
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