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Advances in Artificial Intelligence (AI) promise help for democratic deliberation, such as processing information,
moderating discussion, and fact-checking. But public views of Al’s role remain underexplored. Given widespread
skepticism, integrating Al into deliberative formats may lower trust and willingness to participate. We report a
preregistered within-subjects survey experiment with a representative German sample (n = 1850) testing how
information about Al-facilitated deliberation affects willingness to participate and expected quality. Respondents
were randomly assigned to descriptions of identical deliberative tasks facilitated by either AI or humans,
enabling causal identification of information effects. Results show a clear AI penalty: participants were less
willing to engage in Al-facilitated deliberation and anticipated lower deliberative quality than for human-
facilitated formats. The penalty shrank among respondents who perceived greater societal benefits of Al or
tended to anthropomorphize it, but grew with higher assessments of Al risk. These findings indicate that Al-
facilitated deliberation currently faces substantial public skepticism and may create a new “deliberative
divide.” Unlike traditional participation gaps linked to education or demographics, this divide reflects attitudes
toward Al Efforts to realize AI's affordances should directly address these perceptions to offset the penalty and

avoid discouraging participation or exacerbating participatory inequalities.

1. Introduction

Advances in Artificial Intelligence (AI) have sparked interest in its
potential to support digital deliberation (Landemore, 2024; Tsai et al.,
2024). While digital formats have already expanded the deliberative
toolkit (Landemore, 2021), persistent challenges remain, such as
surfacing relevant information in large groups, moderating contribu-
tions, verifying claims, and summarizing debates. Al offers promising
solutions to these challenges. However, for these promises to be realized,
we must understand whether and how the integration of Al into delib-
erative processes shapes public expectations of deliberative quality and
whether it affects people’s willingness to participate in such formats at
all.

Al is a contested technology, evoking both high expectations and
deep anxieties. Public attitudes are increasingly polarized regarding its
societal risks and benefits (O’Shaughnessy et al., 2023; Zhang, 2024;
Zhang & Dafoe, 2019). These ambivalent views raise the possibility that
people’s views on Al may shape both their willingness to participate in
Al-facilitated deliberation and their expectations of deliberative quality

for respective formats. Given widespread skepticism toward the use of Al
in politics (Jungherr et al., 2024; Rauchfleisch et al., 2025), this could
negatively influence attitudes toward Al-facilitated deliberation.

Recent studies suggest that participants sometimes prefer outputs
from Al-facilitated deliberation to outputs from human-facilitated al-
ternatives (Tessler et al., 2024). Some interpret this as evidence that Al
can enhance deliberative processes. But such conclusions overlook a
critical aspect: much of this research occurs under experimental condi-
tions where participation is required or incentivized. In practice,
deliberative processes are voluntary. If the prospect of interacting with
Al deters potential participants, the benefits of Al may never be realized
in practice.

Democratic deliberation is not only about producing efficient out-
comes. It is fundamentally about enabling inclusive participation and
providing individuals with voice and recognition in collective decision-
making (Bachtiger & Dryzek, 2024; Fishkin, 2018; Lafont, 2020; Neblo
et al., 2018). If certain groups opt out due to discomfort with Al this
undermines deliberative legitimacy. To assess AI's potential role in
democratic deliberation, we must therefore look beyond its technical
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performance and consider how people respond to the idea of Al-
facilitated interaction. This paper addresses this gap.

We examine whether learning that an online deliberation will be
facilitated by AI affects (a) people’s willingness to participate and (b)
their expectations about deliberative quality. We also ask how these
effects are moderated by people’s prior attitudes toward Al, especially
their assessments of its societal risks and benefits.

To answer these questions, we conducted a preregistered survey
experiment with a nationally representative sample of adults in Ger-
many (n = 1850). Respondents were presented with descriptions of key
tasks in democratic deliberation. Using random assignment, each task
was attributed either to a human or an Al system. This design allows us
to estimate the causal impact of information about Al facilitation in
deliberation on participation intentions and expected deliberative
quality.

Our findings reveal a significant Al penalty: respondents were, on
average, significantly less willing to participate in deliberations facili-
tated by Al than in those led by humans. They also rated the expected
quality of Al-facilitated deliberation lower. Participation willingness
was shaped not only by general predispositions for politics and delib-
eration, such as political interest and need for cognition, but also by
respondents’ attitudes toward Al The Al penalty is smaller among those
with positive views of AI's societal benefits or a greater tendency to
anthropomorphize Al, and larger among those with greater Al-related
risk concerns.

These results highlight a core challenge for Al-facilitated delibera-
tion: public acceptance. Even if Al-enabled systems improve the proce-
dural efficiency or output of deliberation, their success ultimately
depends on voluntary participation. Our study also reveals a new form of
deliberative divide. Traditional deliberative formats already struggle to
engage individuals with low political interest or limited cognitive
engagement (Coleman & Blumler, 2009; Landemore, 2020). Al-
facilitated formats introduce an additional barrier, one rooted not in
political attitudes or social background, but in people’s beliefs about Al
Unlike established participation gaps based on education or socio-
demographic status, this Al-based divide cuts across these lines. Yet it
is no less consequential. As political participation becomes increasingly
digital and Al-facilitated, people’s comfort with and trust in AI will
shape who participates and who does not.

2. Theory
2.1. Al-facilitated deliberation

Advances in generative Artificial Intelligence (AI) have raised
awareness of how Al could support democratic deliberation by facili-
tating tasks in deliberative formats. Al is a broad umbrella term that
includes a wide variety of approaches that allow machines “to function
appropriately and with foresight in [their] environment” (Nilsson, 2010,
p. xiii). Scholars have proposed multiple ways AI might improve the
performance and quality of digitally mediated deliberative processes,
including both curational/analytic (non-generative) and generative
approaches (Landemore, 2024; McKinney, 2024; Small et al., 2023;
Tessler et al., 2024; Tsai et al., 2024). For example, we can imagine Al-
facilitated deliberation formats that use curational/analytic methods
(based on expert or data-driven rules) to surface or hide contributions in
large-scale online deliberation, akin to the recommendation algorithms
that structure feeds in digital content delivery (Narayanan, 2023).
Recent advances in generative Al point to additional uses: by creating or
transforming content, generative systems can be integrated into tasks
such as summarizing arguments in large-scale deliberation, enabling
chatbot-like interrogation of problems and contributions, providing
translations in multilingual settings, adjusting contributions for clarity,
tone, or persuasiveness, or prompting hesitant participants to engage.
Going further, speech or video models can generate audio content or
interact with users through life-like avatars. This distinction points to an
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interesting difference in Al-facilitated deliberation. Curational/analytic
(non-generative) approaches primarily structure the information envi-
ronment (e.g. surfacing, emphasizing, or de-emphasizing contributions)
whereas generative assistance creates or transforms content (including
participants’ contributions and interactions) and, in some implementa-
tions, engages via voice or avatar interfaces. These approaches intervene
at different points in the process and may differentially affect perceived
autonomy and authenticity. The opportunities for Al-facilitated delib-
eration are many, and we are likely only scratching the surface of po-
tential applications.

Based on this discussion, we can define Al-facilitated deliberation as
deliberative formats in which Al is used to fulfill specific tasks sup-
porting deliberative processes and functions. Focusing on specific tasks
in deliberation, scholars, developers, and practitioners have discussed
the use of Al in deliberation for the summary of information and argu-
ments (Arana-Catania et al., 2021; Bakker et al., 2022; Chowanda et al.,
2017; McKinney, 2024; Small et al., 2023; Tessler et al., 2024), to sup-
port deliberative exchanges (Arana-Catania et al., 2021; Argyle et al.,
2023; Dooling & Febrizio, 2023; Fishkin et al., 2019; McKinney, 2024)
by enforcing civility and factuality (Agarwal et al., 2024; Fishkin et al.,
2019; Giarelis et al., 2024) and enabling comprehension between
diverse sets of participants (Feng et al., 2023; McKinney, 2024; Small
et al., 2023), and to support consensus building and decision making by
mapping and aggregating opinions and preferences of participants
(Arana-Catania et al., 2021; Fish et al., 2024; Fishkin et al., 2019;
Gudino-Rosero et al., 2024; Konya et al., 2023; McKinney, 2024; Small
et al., 2023). Using Al for these tasks promises to offset the persisting
challenges of participant management and information aggregation in
large-scale online deliberation (Landemore, 2024).

However, while the technical potential for Al to improve delibera-
tion seems evident, we do not know how people react to the use of Al in
deliberation. Particularly, we do not know if and how the prospect of Al-
facilitated deliberation influences people’s willingness to participate in
deliberation and their expectations of the deliberative quality of AI-
facilitated processes.

Technical utility does not automatically lead to public acceptance.
Democratic deliberation is not only about finding solutions to collective
problems; fundamentally, it is about enabling inclusive participation
and providing participants with voice and recognition in the democratic
process (Bachtiger & Dryzek, 2024; Fishkin, 2018; Lafont, 2020; Neblo
et al., 2018). This is especially relevant in the context of well-known
issues with Al, including biases in data-driven learnings, intrans-
parency of alignment decisions interfering with model-driven outputs,
and corporate (and often foreign) control of AI models and technology
(Barocas et al., 2023; Gabriel, 2020; Jungherr & Rauchfleisch, 2025).
These issues in the underlying technology are broadly discussed in the
context of Al more general and potentially color people’s sense of Al-
facilitated deliberation. So, while Al might efficiently support collec-
tive decision-making through information processing and facilitating
interactions, its role as mediator or moderator of people’s contributions
during the deliberative process might negatively impact participants’
sense of voice and recognition (Alnemr, 2020; Lazar & Manuali, 2024).

Including AI in deliberative processes marks a significant departure
from previous waves of digital innovation. Earlier developments, such as
the integration of Web 2.0 and social media technologies into digital
deliberation platforms, primarily enhanced interactivity and user
engagement (Davies et al., 2009; Davies & Chandler, 2012; Rose &
Saebg, 2010; Sabg et al., 2009; Steibel & Estevez, 2015). These in-
novations introduced features such as interactive comment threads,
multimedia elements like video and voice, and backchannels for
informal exchanges. While these additions improved the capabilities of
deliberative platforms and deepened opportunities for participant
interaction, they did not challenge the underlying structure of human
agency in the deliberative process.

By contrast, Al introduces qualitatively different dynamics. Unlike
Web 2.0 tools, Al systems may act with a degree of autonomy, serving
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not just as tools but as mediators or even interlocutors in deliberative
exchanges. This shift implies a redistribution of agency, from human
moderators and participants to algorithmic agents. Such a development
can generate public skepticism, particularly among participants who
value essential human qualities in deliberation and who perceive Al as a
technological “other” rather than a legitimate deliberative actor. In
other words, willingness to participate in Al-facilitated deliberation is
shaped not only by the design of the platform but by participants’ un-
derlying views of Al itself.

Al is, therefore, not simply another technical enhancement to
deliberative platforms. Its transformative, generative, mediating, and
agentic qualities may lead people to experience it as an autonomous,
potentially even human-like, presence with influence over the process
(Epley et al., 2007; Ikari et al., 2023; Waytz et al., 2010). Explaining
participation in Al-facilitated deliberation thus requires more than
applying traditional models, such as the Technology Acceptance Model
(Davis, 1989) or its numerous derivatives (Choi & Song, 2020; King &
He, 2006; Maranguni¢ & Granic¢, 2015; Oni et al., 2017). It demands
attention to participants’ specific perceptions of Al and the social
meanings they attach to it.

2.2. Explaining public reactions to information about Al-facilitated
deliberation

Introducing Al to deliberative formats risks courting controversy. Al
is a highly controversial technology with bifurcated expectations
(O’Shaughnessy et al., 2023; Zhang, 2024; Zhang & Dafoe, 2019) and
strong public skepticism, especially regarding its applications in politics
(Jungherr et al., 2024; Rauchfleisch et al., 2025). To understand peo-
ple’s views on Al-facilitated deliberation, we provide an explanatory
model that considers their attitudes toward the role of technology in
society, specific views on Al and usage experience, as well as traditional
explanatory factors of participation in deliberative formats.

Al is an advanced technology with which many people have no direct
contact. Therefore, for many people, their assessment of Al will be
downstream from their overall assessment of technology and its role in
society. Going further, if people express specific assessments of Al risks
and benefits for different societal areas, we can expect those to matter
for their reaction to Al-facilitated deliberation (Bao et al., 2022; Zhang &
Dafoe, 2019). Furthermore, people’s direct experience with Al, either at
work or in their private life, is also an indicator of their openness toward
Al and, therefore, is also an important moderating factor. Finally, we
consider the tendency of people to anthropomorphize machines - that is,
to attribute human characteristics to them (Epley et al., 2007; Ikari et al.,
2023; Waytz et al., 2010). This tendency has been observed in people’s
increased openness to technology use in other contexts and their
decreased criticality toward it. This leads us to expect Al anthropo-
morphism (Folk et al., 2025; Ibrahim et al., 2025) to figure as a
moderator for attitudes toward Al-facilitated deliberation.

More generally, willingness to participate in deliberation has been
explained by a combination of material and cognitive factors (Neblo
et al., 2010). Drawing on the influential civic voluntarism model
(Schlozman et al., 2018; Verba et al., 1995), Neblo et al. (2010) argue
that political participation depends on individuals’ available resources,
particularly time and money, as well as their civic skills and psycho-
logical engagement with politics.

Building on this foundation, Neblo et al. (2010) further contend that
deliberative participation involves additional considerations beyond
those relevant for conventional political acts. Specifically, they highlight
the importance of psychological fit with the deliberative process itself,
including a willingness to engage in reasoned argument, and in-
dividuals’ aptitude for specific deliberative formats. These additional
factors help explain who is likely to take part in deliberation and why.
They should hold irrespective of whether a deliberative format features
Al or not.

Building on these considerations, we develop the following
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1. Al penalty: Al-facilitated deliberation will reduce participants’
willingness to participate and lower their expectation of deliberative
quality, compared to human-facilitated formats.

2. Conditional moderation: This AI penalty will vary depending on in-
dividual experiences and attitudes toward Al and technology more
broadly.

3. Persistence of traditional factors: Established predictors of deliber-
ative participation will operate similarly regardless of Al
involvement.

3. Data & methods

To test the causal effects of learning about different forms of Al-
facilitated deliberation, we conducted a preregistered within-subjects
survey experiment with members of an online panel provided by the
market and opinion research company Ipsos. We used quotas for age,
gender, region, and education to create a sample representative of the
German population aged 18 and older (see Supplementary Materials for
details on sampling). Our final sample consisted of 1850 participants,
after removing 97 participants who failed at least two out of three
attention checks.” A prior power analysis indicated a power of 1 for 1800
respondents or more for the interaction effects in our experiment.3
Before running the survey, we registered our research design, analysis
plan, and hypotheses about outcomes.” The data collection ran between
February 11 and February 18, 2025.

We presented respondents with descriptions of a random selection of
a set of 12 deliberation tasks. This set of tasks captures different ele-
ments that are important to the successful design and execution of
deliberation formats. This includes recruitment of members and topic
selection (i.e., balanced participation, topic identification), information
and argument processing (i.e., content summarization, argument high-
lighting, argument structuring, opinion aggregation), discussion
moderation (i.e., fact checking, disruption detection, tone & authen-
ticity), and facilitation (i.e., gamification, translation support, role-play
empathy). Consistent with the distinction introduced above, these tasks
can be implemented using curational/analytic (non-generative)
methods (e.g., ranking, classification, clustering, preference aggrega-
tion) or generative assistance (e.g., summaries, translations, style/
clarity edits), and proposed Al-enabled facilitation in deliberative for-
mats often combine both. Our vignettes intentionally abstracted from
implementation details and focused on the function of each task rather
than the specific underlying technology, so the design does not isolate
technology-class effects. See Table 1 for a full list of tasks, their delib-
erative function, and the respective description wording.

We presented each respondent with six randomly selected delibera-
tion tasks out of a total of 12 possible tasks. We randomly attributed
each task to a human or Al facilitator. Each respondent saw three tasks
attributed to humans and three tasks attributed to AI. We then measured
the effects on two dependent variables: respondents’ willingness to
participate in deliberation and their expectations of deliberative quality.

! These expectations represent a condensed version of our preregistered
research questions and hypotheses. Prior to conducting the study, we prereg-
istered a comprehensive set of hypotheses addressing each variable in our
explanatory model, see preregistration https://osf.io/aq42e/?view_only=9f19e
324effb42d9a5891ceedaf728fa. For clarity and readability, we summarize
them here in the form of the three key expectations listed above. The full set of
preregistered hypotheses is available in the Supplementary Materials.

2 See Supplementary Materials for details on exclusions.

3 For R-code for the power simulation see preregistration.

4 For preregistration see https://osf.io/aq42e/?view_only—9f19e324effb4
2d9a5891ceedaf728fa. We only deviate from the preregistration in the mea-
surement of education. Other than preregistered, we count BA attainment or
higher as high education.
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Table 1
Deliberative tasks.
Type Task Description
Recruitment & Balanced [AI tools/Human moderators] select
Selection Participation participants for online discussions,

ensuring demographic diversity and

balancing power dynamics to make

sure many different views are heard
and given equal weight.

Topic [AI tools/Human moderators] identify
Identification topics for online discussions by
looking for trending issues, recurring

concerns, and emerging themes,
ensuring the topics are relevant and
representative of public interests.
[AI tools/Human moderators] can
summarize contributions and
information to help participants gain
an overview and assess the available
content.

[AI tools/Human moderators] can
highlight key arguments to promote
critical thinking and emphasize
essential discussion points.

[AI tools/Human moderators] can
map arguments and detect areas of
agreement to guide discussions toward
collaborative decision-making.

[AI tools/Human moderators] can
aggregate opinions and preferences
from participants to reflect collective
decisions effectively and
transparently.

[AI tools/Human moderators] can
fact-check claims and summarize
material to provide participants with
accurate and accessible information.
[AI tools/Human moderators] can
maintain respect and balance in
conversations by flagging disruptive
behavior and promoting inclusivity.
[AI tools/Human moderators] can
analyze sentiment to assess discourse
authenticity and use discourse
mapping to ensure a plurality of
viewpoints and inclusive
participation.

[AI tools/Human moderators] can
emphasize selected arguments or use
gamification features to encourage
critical thinking and help participants
engage more deeply with evidence and
reasoning.

[Al-powered translation tools/Human
translators] can help participants
engage in discussions across language
barriers, making deliberation more
inclusive.

[Al-driven role-playing agents can
simulate/Human moderators can
provide] alternative perspectives,
helping participants critically engage
with opposing arguments.

Content
Summarization

Information and
argument
processing

Argument
Highlighting

Argument
Structuring

Opinion
Aggregation

Discussion
moderation

Fact Checking

Disruption
Detection

Tone &
Authenticity

Discussion Gamification

facilitation

Translation
Support

Role-play
Empathy

Importantly, respondents in our study did not interact with an Al
system or take part in an actual Al-facilitated deliberation. Instead, they
were presented with information about deliberative tasks being per-
formed either by Al or by humans. In this respect, our research design
differs from that of other recent studies examining people’s reactions to
direct interaction with Al in deliberative contexts (Tessler et al., 2024).
This could be seen as a limitation, since respondents were not able to
experience or evaluate Al’s actual performance. However, we view this
feature as a strength of our approach. It allows us to isolate the effect of
information about Al involvement on people’s initial willingness to
participate in deliberation. Studies that require secured participation in
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Al-facilitated settings may overlook a critical dimension of the “Al
penalty”: the possibility that individuals may opt out of deliberation
entirely upon learning that Al is involved. Our design is explicitly
intended to capture this prior filtering mechanism.

To identify the effects of Al-facilitated deliberation on deliberative
intent, we use a variant of an item previously used by Neblo et al.
(2010).° After showing respondents a description of an AI- or human-
enabled deliberation task within a deliberative format, we ask: “If you
had the chance to participate in such a session, how interested do you
think you would be in doing s0?"*°

To measure the impact of information about Al-facilitated delibera-
tion on people’s expected deliberative quality, we construct an index
based on responses to five items that capture distinct dimensions of
deliberative quality. After presenting respondents with a description of
either an Al- or human-enabled task within a deliberative format, we ask
them to indicate their agreement or disagreement with the following
statements: (1) “This makes it difficult for people like me to get their
voices heard [inverted]”; (2) “This makes it easy to identify the best
policy solution”; (3) “This ensures a fair discussion and policy process™;
(4) “I trust this process™; and (5) “This will give space for a plurality of
diverse views on the issue”. These items reflect core features of delib-
erative quality identified in the normative and empirical literature,
including inclusive and pluralistic representation of voice, as well as
procedural aspects such as fairness, the capacity to identify appropriate
solutions, and participants’ trust in the process (Dryzek, 2002; Haber-
mas, 1992; Kingwell, 1995; Niemeyer et al., 2024; Steenbergen et al.,
2003; Young, 2002).

Our independent variables are a set of established and new mea-
surements. Following Neblo et al. (2010) and Schlozman et al. (2018),
we account for different types of resources influencing people’s readi-
ness to participate in deliberation. Money and time available for politics
should most strongly influence people’s willingness to participate. In-
come is comparatively easy to measure, but time is more difficult to
capture. We account for people’s full-time employment status and the
number of young children in a household. Another set of resources ac-
counts for the necessary civic skills enabling people to participate; this
includes educational attainment as a proxy for early exposure to civic
skills and its necessary building blocks and prior experience with po-
litical participation. To account for the specifics of political deliberation,
we measure people’s prior experience with political deliberation. To
identify psychological involvement with politics, we consider re-
spondents’ political interest, political efficacy, and their strength of
party identification. Of the potential measures accounting for psycho-
logical aptitude suggested by Neblo et al. (2010), we consider the need
for cognition.

We measure the need for cognition with items proposed and vali-
dated by Matthes (2006). We asked respondents whether they agreed or
disagreed with the following statements: (1) “I find satisfaction in
deliberating hard and for long hours™; (2) “The notion of thinking
abstractly is appealing to me;” (3) “I really enjoy a task that involves
coming up with new solutions to problems;” and (4) “I like tasks that
require much thought and mental effort.”

We are also interested in how people’s general sense of the benefits
and risks of technology influences their perceptions of Al-facilitated
deliberation. We designed two new scales to measure people’s sense of
technology’s impact on their daily lives.” To assess people’s sense of
technological benefits, we asked for their agreement or disagreement

5 For a full list of all measures including variables, question wordings, answer
options, and key diagnostics see Supplementary Materials on Measures.

6 Here, we present English translations of the questions we ran in our ques-
tionnaire in German. For the original German wording of our questionnaire see
our preregistration: https://osf.io/aq42e/?view_only=9f19e324effb42d9a5891
ceedaf728fa.

7 For a validation of both scales see Supplementary Materials on Validation.
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with the following three statements: (1) “I feel more in control of my
daily activities thanks to technology;” (2) “Technology helps me manage
my time more effectively;” and (3) I feel more productive in both my
personal and professional life because of technology. To measure peo-
ple’s sense of technology risks, we asked for their agreement or dis-
agreements with the following three statements: (1) “Technology
increases my stress levels rather than making life easier;” (2) “Tech-
nology reduces the quality of face-to-face interactions with others;” and
(3) “Technology contributes to distractions and reduces my ability to
focus.”

Moving closer to our dependent variables, we ask people for their
general sense of Al benefits and risks. We measure this by two lists of
items that address perceived benefits and risks of Al in different societal
areas, including the economy, international security, state capacity,
election campaigns, and existential threats. We selected these areas by
drawing on research on Al risk and benefit perceptions (Bao et al., 2022;
Zhang & Dafoe, 2019) and attitudes toward technology (Binder et al.,
2012; Siegrist & Visschers, 2013). By querying respondents for their
agreement and disagreement with these statements, we develop an
index of their general attitudes toward the benefits and risks of Al

To account for respondents’ experience with AI, we ask how
frequently they are using Al-supported applications in their (1) “pro-
fessional or work environment” and (2) “personal and spare time”. We
combine the two items into a mean index.

Finally, to measure respondents’ inclination to project human fac-
ulties onto Al, we build on items proposed by Folk et al. (2025). From
their original measurement scale, we identified four items with high
reliability, adjusted their wording slightly, and used them to build our
index of AI anthropomorphism. Our adjusted items are: (1) “Al has the
potential to develop a sense of humor;” (2) “An Al can have a unique
personality;” (3) “Al has the capacity to develop consciousness;” and (4)
“Al can develop a sense of morals and ethics.”

In Table 2, we document descriptive statistics for dependent and
independent variables, linked to preregistered research questions and
hypotheses.

We estimated two multilevel models with varying intercepts for
participants and cases to test our research questions and hypotheses (see
Supplementary Materials for additional model checks). We use the
varying intercepts to account for the nested data. Each participant saw
six different tasks out of a total of twelve tasks. We have between 461
and 464 observations for each specific task and condition (X>(11, N =
11,000) = 0.01, p = 1). Thus, the total number of observations for the
models is 11,000. We estimated two models, one for each dependent
variable, that included all the independent variables and the preregis-
tered covariates age and gender (for the complete models and details on
data imputation, see Supplementary Materials). The independent

Table 2
Descriptive statistics for dependent and independent variables.
Variable M (SD) n
Willingness to participate in deliberation 3.95 (1.98) 11,100
Deliberative quality (5 items, a = 0.76-0.84) 4.16 (1.29) 11,100
Technology benefits (3 items, a = 0.86) 4.63 (1.38) 1850
Technology risks (3 items, a = 0.76) 3.65 (1.43) 1850
Al benefits (5 items, a = 0.87) 3.76 (1.35) 1850
Al risks (5 items, « = 0.83) 4.58 (1.33) 1850
Al experience (2 items, « = 0.77) 2.72 (1.66) 1850
Al anthropomorphism (4 items, « = 0.88) 3.18 (1.54) 1850
Income 8.52 (2.85) 1716
Employment (full-time = 1) 0.49 1823
Children, 12 or younger 0.27 (0.82) 1721
Education (University degree incl. Bachelor = 1) 0.23 1850
Past participatory activity 0.68 (1.08) 1641
Past deliberative activity 0.39 (0.90) 1715
Political interest 4.91 (1.77) 1850
Political efficacy (2 items, Spearman-Brown = 0.67) 3.34 (1.57) 1850
PID strength 4.55 (1.95) 1850
Need for cognition (4 items, a = 0.9) 4,72 (1.38) 1850
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variables used as interaction terms (conditional moderation) were all
mean-centered before including them in the model. Furthermore, as
specified in the preregistration, we performed data imputation for pre-
dictors that allowed non-responses (i.e., income or employment status)
by following the procedures recommended in the literature (van Buuren,
2018; van Buuren & Groothuis-Oudshoorn, 2011).

To better understand the motivations behind low interest in Al-
facilitated participation, we conducted an additional exploratory anal-
ysis using responses to an open-ended question presented at the end to
respondents who had indicated at least once that they had no interest in
participating in such a format (by selecting 1 or 2 on a seven-point
scale). The responses were automatically categorized using OpenAI’s
‘gpt-40-mini-2024-07-18’ model (details in the Supplementary
Materials).

4. Results

4.1. Public skepticism toward Al in deliberation: evidence of an Al penalty
in participation and quality assessments

An important challenge for proponents of Al-facilitated deliberative
processes is public skepticism: Do citizens respond differently when
deliberative tasks are facilitated by Al instead of humans? And if so, does
this skepticism reduce their willingness to participate or undermine
perceived deliberative quality?

To test this, we conducted an exploratory analysis comparing public
reactions to tasks facilitating digital deliberation when described as
being performed by either Al or human actors. As shown in Fig. 1, we
plot respondents’ willingness to participate and their expectation of
deliberative quality across various tasks, each randomly attributed to an
Al or a human facilitator.®

The pattern shown in Fig. 1 is clear: respondents consistently express
a lower willingness to engage in deliberation and assign lower quality
ratings when key tasks (such as content summarization, argument
structuring, or opinion aggregation) are performed by AI rather than
humans. Notably, these tasks are precisely those that scholars have
identified as promising areas for Al support in deliberation (Berliner,
2024; Landemore, 2024; Tessler et al., 2024; Tsai et al., 2024). This
divergence suggests that while experts emphasize AI’s potential for
enhancing information processing, the public remains wary of Al
involvement in these functions.

We can estimate the average treatment effect of Al versus human
facilitation across all tasks. Al-facilitated deliberation is associated with
significantly reduced willingness to participate (b = 0.30, 95 % CI
[ 0.34, 0.26], p < 0.001). When dichotomizing the outcome variable
at the midpoint of the scale, we observe a 7.4 percentage point drop in
participants indicating a willingness to engage, from 47.44 % (human)
to 40.02 % (AI). Similarly, perceived deliberative quality is significantly
lower for Al-facilitated formats (b = 0.29,95% CI [ 0.32, 0.26], p
< 0.001), with the share of participants rating quality above the
midpoint dropping nearly 10 percentage points (from 56.90 % to 47.53
%).

These patterns point to a robust Al penalty: Across both participation
and perceived quality, participants systematically rate Al-facilitated
formats more negatively than human-led ones.

To understand the reasons behind this penalty, we analyzed open-
ended responses from those who showed no interest in participating in
Al-facilitated deliberation for at least one task. Fig. 2 summarizes these
coded reasons.

The results reinforce the Al penalty interpretation: 45 % of re-
spondents cited distrust or fear of Al, while 13 % explicitly preferred
human interaction. These concerns are not peripheral; they are central

8 Values are reported after alpha correction (Benjamini & Hochberg, 1995).
Stars indicate significant differences identified through t-tests.
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Fig. 1. Reaction to deliberative tasks performed by AI or humans. Points show means with 95 % confidence intervals; stars indicate significant mean difference after

correcting alpha values with the Benjamini-Hochberg procedure.
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Fig. 2. Reasons for not being willing to participate in Al-facilitated deliberative
formats. The percentage is based on the total number of respondents (761) who
indicated at least once no interest in participating (selecting 1 or 2 on a seven-
point scale).

to respondents’ refusal to engage with Al-facilitated deliberation.

Together, these findings strongly support the Al penalty hypothesis:
Al-facilitated formats significantly reduce both willingness to partici-
pate and expected deliberative quality, primarily due to fundamental
concerns about Al trustworthiness and desirability as a partner in
deliberation.

4.2. Individual attitudes toward AI moderate the Al penalty in
deliberation

A key challenge of deliberative formats lies in the recruitment of
participants who reflect the diversity of the general public. Prior
research has shown that individuals with lower levels of political
engagement and fewer socio-economic resources are typically less likely
to participate in deliberative processes (Jacobs et al., 2009; Neblo et al.,
2010). The use of Al in deliberation may further strengthen participa-
tory divides. If people’s willingness to participate in or positively eval-
uate Al-facilitated deliberation depends on their prior attitudes toward
technology and Al, such systems may inadvertently exacerbate partici-
pation biases and undermine perceived legitimacy. To assess this, we
test whether the Al penalty is conditional on individual-level variation
in attitudes toward Al and technology more broadly.

We begin by examining whether general attitudes toward technology
moderate the effect of Al-facilitated versus human-facilitated delibera-
tion. In a preregistered model,” we interact our treatment variable (Al
vs. human task performance) with measures of perceived technology
benefits and technology risks. As shown in Fig. 3, we find no evidence
that general technology attitudes moderate treatment effects. Interac-
tion terms for both technology benefit and technology risk are close to
zero and statistically insignificant for both outcome measures: willing-
ness to participate (benefit: b =0.00, 95 % CI [ 0.03, 0.04], p = 0.915;
risk: b = 0.00, 95 % CI [ 0.04, 0.03], p = 0.861) and deliberative
quality expectations (benefit: b = 0.01, 95 % CI [ 0.04, 0.02], p =
0.430; risk: b = 0.00, 95 % CI [ 0.02, 0.03], p = 0.843). These null

° Fig. 3 documents coefficients to variables linked to theoretically informed
preregistered hypotheses. Full model specifications are available in Supple-
mentary Materials on Model Results.
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results suggest that broad attitudes toward technology do not system-
atically shape how individuals respond to Al-facilitated deliberation.

In contrast, attitudes and experiences specifically related to Al do
condition individuals’ responses to Al-facilitated deliberative formats.
As shown in Fig. 4, respondents with more positive perceptions of Al
benefits report significantly higher willingness to participate in Al-
facilitated deliberation compared to those informed about human-
facilitated formats (b = 0.07, 95 % CI [0.03, 0.11], p < 0.001).
Conversely, respondents with heightened Al risk perceptions express
significantly lower willingness to participate when deliberation is
described as Al-facilitated (b = 0.13, 95 % CI [ 0.16, 0.09], p <
0.001). Additional interactions further support the conditional nature of
the AI penalty: individuals with prior experience using AI (b = 0.03, 95
% CI [0.00, 0.06], p = 0.023) and those more inclined to anthropo-
morphize AI (b = 0.10, 95 % CI [0.07, 0.13], p < 0.001) also exhibit
greater willingness to participate in Al-facilitated formats.

Fig. 5 displays analogous patterns for expected deliberative quality.
High AI benefit assessments are associated with more favorable expec-
tations of Al-facilitated deliberation relative to human-facilitated for-
mats (b = 0.10, 95 % CI [0.07, 0.13], p < 0.001), while high AI risk
assessments are linked to more critical evaluations (b = 0.14, 95 % CI
[ 0.16, 0.11], p < 0.001). The tendency to anthropomorphize AI also
moderates quality assessments in the expected direction (b = 0.12, 95 %
CI [0.09, 0.14], p < 0.001). However, prior Al experience does not

significantly moderate deliberative quality expectations (b = 0.00, 95 %
CI[ 0.02, 0.03], p = 0.759).

Taken together, these findings provide robust evidence for condi-
tional moderation of the AI penalty. Individuals who are more skeptical
of AI (those perceiving fewer benefits, greater risks, tend not to
anthropomorphize Al or lacking Al-related experience) are more likely
to penalize Al-facilitated deliberation, both in terms of participation and
expected quality. In contrast, individuals who are more favorable to-
ward, or familiar with Al or tend to anthropomorphize Al, treat Al-
facilitated deliberation similarly to or even more positively than
human-facilitated formats. This heterogeneity underscores the socially
stratifying potential of AI deployment in democratic processes and
highlights the importance of considering attitudinal variation in the
design and communication of Al-supported deliberative formats.

4.3. Cognitive engagement, not resources, predicts willingness to
participate in deliberation

To evaluate whether established predictors of deliberative partici-
pation operate similarly regardless of Al involvement, we draw on the
civic voluntarism model (Schlozman et al., 2018; Verba et al., 1995) and
prior work on psychological predispositions toward deliberation (Neblo
et al., 2010).

We first examine traditional resource-based predictors. As shown in
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Fig. 4. Interaction effects on interest to participate in deliberation.

Fig. 3, individuals’ income (b =0.01,95% CI[ 0.02, 0.03], p = 0.692),
number of young children (b = 0.01, 95 % CI [ 0.09, 0.07], p =
0.868), educational attainment (b = 0.08, 95 % CI [ 0.07, 0.23], p =
0.312), and prior participation in political or deliberative activities show
no significant effects. Contrary to expectations, full-time employment is
associated with greater willingness to participate (b = 0.16, 95 % CI
[0.02, 0.30], p = 0.030). Together, these results suggest that material
constraints (such as time, money, and formal education) do not signif-
icantly influence expressed willingness to participate in Al- or human-
facilitated deliberation. One explanation may be that these resource
considerations are more salient when people must act on their willing-
ness, rather than when reporting it in hypothetical scenarios.

In contrast, cognitive engagement variables perform more consis-
tently. Political interest has a positive and significant association with
willingness to participate (b = 0.13, 95 % CI [0.08, 0.17], p < 0.001),
while political efficacy (b = 0.03, p = 0.234) and party identification
strength (b = 0.02, p = 0.340) do not. Additionally, in line with ex-
pectations, individuals higher in need for cognition are more willing to
engage (b = 0.20, 95 % CI [0.15, 0.25], p < 0.001).

These findings indicate that traditional cognitive predictors of
deliberative participation remain operative in the context of Al-
facilitated formats. Resource-based predictors, by contrast, appear less
consequential, potentially due to the hypothetical nature of our partic-
ipation measure.

5. Discussion

We tested the effects of informing people about the use of Al for
performing important tasks within deliberative formats. Our findings
showed a clear Al penalty. Respondents expressed less willingness to
participate in Al-facilitated deliberation and lower expectations of
deliberative quality, compared to human-facilitated deliberation. This
Al penalty is especially pronounced for people who are skeptical about
Al’s role in society. Conversely, for people who tended to see societal
benefits in AI, low Al risks, and who anthropomorphized AI, we found
little to no AI penalty.

These findings are important as they point to currently little dis-
cussed risks to the integration of Al in deliberative formats. If Al reduces
people’s willingness to participate in deliberative formats, the poten-
tially helpful aspects of Al to the conduct of digitally mediated delib-
eration are offset. Looking only at potential efficiency gains within
deliberative formats while ignoring the attitudinal and motivational
effects of Al-facilitated deliberation risks missing an important factor.
This is especially true if, as we show, the Al penalty is not uniformly
distributed through society but instead follows prior attitudes toward Al
This threatens to introduce a new dimension of deliberative inequality
by having people skeptical about AI to withdraw from Al-facilitated
deliberative and participatory opportunities. Proponents of Al-
facilitated deliberation and Al use in democratic practice in general
need to take this risk seriously and propose mechanisms to mitigate the
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Fig. 5. Interaction effects on expectations of deliberative quality.

new technology-driven participatory divide.

Our findings also inform discussions about Al-facilitated deliberation
and participation more broadly. In explaining people’s willingness to
participate in deliberative formats — Al-facilitated or reliant on humans —
factors based on the civic voluntarism model (Schlozman et al., 2018),
accounting for material resources did not contribute to the explanation
as expected. In contrast, we found that the cognitive drivers of unequal
participatory interest held as expected. As expected, both political in-
terest (Schlozman et al., 2018) and need for cognition (Neblo et al.,
2010) explained willingness to participate in deliberation. One reason
for the surprising underperformance of material factors could be that we
only queried people for their interest in participation and did not mea-
sure their actual follow-through. The scarcity of material resources, such
as time or money, may only come into play when people have to actually
spend time on deliberation formats, rather than playing a significant role
in an earlier stage of hypothetical commitment (Neblo et al., 2010).
Future research could further test this by using behavioral measures. For
example, observing whether participants accept an actual invitation to
join a deliberative format would allow us to test whether the Al penalty
we observe in our study diminishes when participants are given more
contextual information about Al facilitation and its efficiency.

We also found, somewhat surprisingly, that in their responses to
information about Al-facilitated deliberation for tasks associated with
information and argument processing, people appeared especially hes-
itant. This stands in contrast with the discussion among academics and

practitioners, who tend to see the strongest contribution of Al to delib-
eration in information processing and argument mapping (Landemore,
2024; Tessler et al., 2024; Tsai et al., 2024). While people were skeptical
of Al for deliberative information processing and argument mapping, for
fact-checking, they rated it similar to human facilitators. This is inter-
esting, as arguably Al at least in its current state, should be less suited to
tasks of fact identification and correction than information processing or
argument mapping. This suggests that academics and practitioners
should not only focus on technically evaluating AI's information pro-
cessing and argument mapping tasks, but also consider people’s re-
actions and assessments. Views of academics, practitioners, and the
public on the benefits and risks of Al in deliberation might deviate more
strongly than academics might think.

Even more fundamentally, the identification of an AI penalty in
deliberation contradicts other recent findings that suggest people are
open to Al-facilitated deliberation and express higher satisfaction with
Al facilitation than with human facilitation (Tessler et al., 2024). One
reason for this discrepancy could be that for our respondents, Al-
facilitated interventions remain hypothetical, as they do not directly
experience these interventions but are only informed about them.
Indeed, experiencing Al might make people more supportive of it. But
our findings indicate that we should not take Al acceptance as a given.
When asked about their interest in participating in deliberation, most
people will not yet have direct experience with Al in deliberative for-
mats. The initial skepticism identified by us has, therefore, high
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ecological validity as the information our respondents received corre-
sponds with that of regular people when deciding on whether to
participate in Al-facilitated deliberation or not. And here, the Al penalty
is real. If we are interested in increasing participation in deliberative
formats, we must not only focus on people who are already willing to
participate. The key challenge lies in including people who are not
initially interested in participating. And here our findings indicate that
Al-facilitated deliberation might increase hesitancy to participate along
new attitudinal dimensions and therefore weaken the representativeness
and legitimacy of deliberative formats.

Of course, our study comes with limitations. For one, our findings are
based on German respondents. While general psychological processes
and information effects can be expected to be similar across countries
with comparable cultural, political, and technological constellations, it
is unclear whether this is also the case for Al. Countries vary regarding
their cultural affinity toward AI (Howell, 2025; Wang, 2024). Accord-
ingly, the penalty identified by us might also vary. Future research
should focus on establishing comparative evidence on the Al penalty.

Al-enabled systems facilitating deliberation vary in how they oper-
ate. Above, we distinguish between curational/analytic (non-genera-
tive) approaches (e.g. ranking, moderating, and mapping contributions
via classification, clustering, or preference aggregation) and generative
assistance, which creates or transforms content (e.g., summaries,
translations, style/clarity edits). These approaches intervene at different
points in the process and may differentially affect perceived autonomy
and authenticity. Our design does not isolate technology-class effects, so
we cannot attribute the observed Al penalty to one mechanism rather
than another. Because real platforms often combine both (e.g., analytic
ranking with generative summaries), future work should unpack
mechanisms and test whether approach (e.g. curational/analytic vs.
generative) and specific design choices (e.g. greater transparency,
meaningful user control/opt-in, auditability, data minimization) exac-
erbate or mitigate skepticism. Such evidence would help determine how
to design Al-facilitated deliberation to broaden participation and
improve expected deliberative quality, rather than inadvertently sup-
pressing willingness to take part.

There are also potential temporal limitations to our study. We show
that willingness to participate in and quality expectations of Al-
facilitated deliberation vary based on attitudes toward AI. But how
these attitudes emerge and how they are distributed across societies, we
do not know. Nor do we know the prospective development of public
opinion on Al Al attitudes could turn sour over time, once job
replacement or runaway technological change is more clearly felt across
societies. Alternatively, Al attitudes could turn more positive once
people experience Al-driven increases in welfare and quality of life. Or
Al could normalize. This would render Al-facilitated deliberation no
longer special, and in turn, lead to AI attitudes playing a lesser role in
readiness to participate in Al-facilitated deliberation. Potential temporal
variations should, therefore, also be considered by future research.

Overall, we see that attitudes toward Al matter for both willingness
to participate and expectations of deliberative quality once Al is intro-
duced in deliberative formats. This is important to keep in mind for
designers of deliberative environments so that they do not accidentally
introduce new dimensions of unequal participation or quality assess-
ment to a process that already suffers from challenges of unequal
recruitment and associated legitimacy challenges based on unequal
representation. AI might make digitally mediated deliberation more
efficient, but it carries new challenges of public trust and willingness to
engage. This challenge is likely to increase if public skepticism toward Al
rises.
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