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Abstract. Group polarization remains a persistent challenge in contemporary so-
ciety, particularly observed in climate action, as discussion among like-minded 
peers can move groups towards more extreme positions. Lack of heterogeneity 
and plurality of views is one of the key drivers, whereby dominant views get 
reinforced through a disproportionate accumulation of supporting arguments and 
minority group members may adjust their views towards perceived group norms 
through social comparison. This study tests whether generative AI can reduce 
group polarization by dynamically introducing underrepresented personas 
grounded in public opinions and raising evidence-driven arguments from the 
missing perspective. In experiments involving group discussions on two con-
tested climate-action policies in the Netherlands, we compare this approach with 
a supportive AI facilitator that summarizes discussion and identifies common 
ground. Deliberative AI reduced polarization towards within-group extremes at 
both the individual and group levels, whereas supportive AI risked shifting indi-
vidual and group attitudes further towards initial group tendencies. Mechanism 
analyses suggest that deliberative AI works primarily by balancing persuasive 
argument pools and, to a lesser extent, by reducing social comparison. This, in 
turn, enhances participants’ understanding of different perspectives and infor-
mation gains, while having limited influence on perceived equality, respect, and 
empathy. These findings show that generative AI can serve as an information 
mediator for more balanced and informed public deliberation, but also highlight 
the need for responsible design and ethical concerns. 
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1 Introduction 

Climate change is a pressing challenge in contemporary society, which requires not 
only technical advances but also public engagement for effective mitigation and adap-
tation [1]. Currently, climate debates are often found with partisan sorting and group 
polarization [2–4], whereby group members adopt more extreme positions after discus-
sion with other like-minded peers [5, 6].  For instance,  people tend to share content and 
discuss similar climate issues with peers sharing the same partisan positions on social 
media, where public opinion toward climate politics is strongly aligned with positions 
on parties [2, 3, 7]. Deliberation within such partisan ‘echo chambers’ can amplify at-
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titudinal extremity in line with in-group policy positions, while widening divisions, 
even in some cases, fostering affective hostility towards the out-group parties [6]. 

Lack of heterogeneity and plurality of views in the discussion groups is one of the 
key drivers in group polarization, which posits both reputational and informational so-
cial influences on the group members [5, 6, 8]. As suggested by social comparison the-
ory, individuals in the homogeneous discussion groups would adjust their positions in 
the direction of the dominant position to achieve a more socially favorable standing 
within the group [5, 9–11]. Meanwhile, persuasive arguments theory posits that when 
group members are initially inclined in a particular direction, discussion tends to gen-
erate a disproportionate number of arguments supporting that position, thereby shifting 
attitudes further in the direction of their initial inclinations[5, 12]. 

Existing public deliberation approaches often rely on the ex-ante construction of het-
erogeneous discussion groups (e.g., citizen assemblies) to reduce group polarization 
[13, 14], which, however, faces both conceptual and practical limitations. Conceptu-
ally, it is difficult to specify an appropriate degree of heterogeneity and plurality of 
views without making antecedent judgements about the substantive issue under discus-
sion, which are not logically available prior to deliberation [5]. Practically, increasing 
cross-partisan discussion to debate on controversial issues is difficult to implement at 
scale because it requires substantial effort to recruit balanced participants, structure in-
teraction across disagreement, and sustain deliberative quality [15]. 

Recent advances in generative AI, particularly large language models (LLMs), have 
opened new possibilities for supporting public deliberation around controversial socie-
tal issues [16–18]. Unlike static interventions that require discussion groups to be care-
fully designed in advance, LLMs can provide dynamic intervention during group dis-
cussion, such as providing real-time tone improvement and narrative framing [19, 20], 
summarizing and clustering conversations [21, 22], surfacing diverse arguments and 
information [23, 24], and helping participants identify common ground[25]. These AI 
facilitators may reduce the cost and improve the efficiency of group deliberation 
through real-time information analysis and conversational moderation [16, 18]. How-
ever, limited research has examined how generative AI can actively intervene in the 
social and informational dynamics of group deliberation to mitigate group polarization 
by introducing greater heterogeneity and plurality of views. 

In this study, we used LLMs to construct representative personas from large-scale 
public opinion pools and to dynamically introduce underrepresented personas in the 
group discussion and raise evidence-based arguments from the missing perspectives, 
an approach we term deliberative AI. As a control condition, we implemented a con-
ventional generative AI facilitator that summarizes conversations and seeks common 
ground in the group discussion [22, 25], which we term supportive AI. We evaluated 
the deliberative and supportive AI approaches in group discussions on two polarized 
climate action policies in the Netherlands, and compared the results on deliberation 
dynamics, deliberation quality, participants' experiences, and group polarization. 
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2 Theoretical Background 

2.1 Deliberation and Group Polarization 

In communication and political science, there is a long research tradition of exploring 
how democratic deliberation could help manage contested issues where equivocality 
and tension exist regarding different perspectives or values among different actors [26, 
27]. Instead of focusing on the decision rules, democratic deliberation emphasizes the 
process of equal participation and mutual justification as a means of reaching mutual 
understanding and informed judgment among people affected by the contested issues 
[28]. Recent work highlights the necessity and benefits of scaling up deliberation in 
ordinary citizens, which improves individual reasoning, fosters epistemically sounder 
beliefs, enables better decisions, and overcomes polarization [26, 29, 30]. Yet, organ-
izing balanced and structured face-to-face deliberation can be expensive and logisti-
cally challenging at scale [15, 18, 31]. 

Digital media platforms have dramatically expanded the opportunities for civic par-
ticipation and discourse [15], yet shared understanding has often eroded and polariza-
tion persists [4, 26]. Partisan sorting and group polarization are central mechanisms 
through which attitudes become entrenched along political lines,  which undermines 
public support and effective communication on controversial policy issues such as cli-
mate action [2, 4, 6, 9]. Rather than genuinely communicating with people from differ-
ent backgrounds to understand and resolve disagreements, individuals often sort into 
groups composed of like-minded peers who share similar partisan identities and policy 
attitudes [9]. Within such partisan echo chambers, they tend to discuss similar topics 
[2], sharing attitude-confirming information[3, 32], and shift toward more extreme at-
titudes in the direction of the group’s initial tendencies, a process known as group po-
larization [6, 10]. By amplifying within-group consensus and widening divisions be-
tween groups, such homogenous discussions may undermine the normative goals of 
public deliberation to foster mutual understanding and reduce polarization. 
2.2 Social Comparison and Persuasive Argument Theory 

Both social and cognitive mechanisms can account for group polarization, whereby ho-
mogenous group discussion shifts policy attitudes further toward within-group ex-
tremes [5, 6, 33, 34]. Social comparison theory (SCT) emphasizes the role of normative 
social influence in group polarization [11]. SCT assumes that individuals are motivated 
to evaluate their abilities and opinions by comparing themselves with others [35]. Dur-
ing group discussion, these dynamics can foster polarization by encouraging individu-
als to align their judgments with perceived group norms. Individuals may shift their 
judgments either because they come to believe that the group is correct and they are 
mistaken, thereby reducing cognitive dissonance, or because they seek greater social 
acceptance irrespective of whether they consider the group to be right. 

Meanwhile, persuasive argument theory (PAT) emphasizes the informational pro-
cesses underlying group polarization [12, 34]. Homogeneous group discussion would 
posit unbalanced informational influence on the group members through dispositional 
accumulation of persuasive argument supporting the group’s dominant position. When 
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group members already lean in a positive or negative direction before discussion, more 
arguments favoring that position are likely to be mentioned and processed. As a result, 
the ratio of pro and con arguments becomes more skewed in a particular direction, lead-
ing individuals to shift further in the direction of their initial inclinations and producing 
group polarization. The key to reducing group polarization, therefore, lies in increasing 
heterogeneity and plurality of views in group discussion, so as to balance the group 
norms and argument pools for and against the policy issues[5]. 

 
2.3 Generative AI for Group Deliberation 

In recent years, advances in generative AI have opened new possibilities for supporting 
public deliberation by enabling sophisticated information analysis and real-time con-
versational moderation [16–18, 36]. LLMs could be used to organize large-scale argu-
ments and retrieve evidence [37],  identifying toxicity, bias, or misinformation for dis-
course integrity [38–40], summarize and predict conversation dynamics [22], translate 
or simplify conversations for more inclusive deliberation[41, 42], improving delibera-
tion tones for democratic reciprocity [19], generating narratives for foster shared un-
derstanding [20],  and co-writing comments for constructive discourse [43]. In group 
deliberation settings on controversial societal issues, where competing interpretations 
and persistent disagreement often arise, researchers have explored the use of generative 
AI as a moderator to guide conversations through competing perspectives while seeking 
consensus and depolarizing opinions within discussion groups [21, 25, 44]. 

Beyond serving as a facilitator to analyze and moderate existing conversations for 
more efficient group discussion, a growing body of research has begun to explore the 
potential of generative AI to actively intervene in the social, cognitive, and ethical dy-
namics of high-quality deliberation, particularly by serving as a deliberator to introduce 
new voices outside the current discussion groups [16]. Specifically, AI has shown huge 
potential in constructing and simulating personas that could engage in deliberation and 
generate responses that reflect the complex interplays of sociodemographic identities, 
ideas, and policy attitudes [45–54]. The synthetic deliberative agents with personas 
could be deployed to run deliberation simulations for observative deliberation experi-
ence or the training of individuals [55–57]. Through a more engaging and interactive 
approach, generative AI could also generate personas and perspectives to nudge self-
reflection during online discourse [58, 59] and gathering data-driven evidence to pro-
mote critical thinking in multi-criteria decision making [24].  

In group multi-criteria decision-making scenarios, previous research has attempted 
to use generative AI for raising data-driven counter-arguments against the group deci-
sions as devil’s advocate [60, 61]. However, these applications typically assume the 
existence of objectively correct decisions and focus on improving decision accuracy. 
By contrast, deliberation on controversial societal issues is characterized by persistent 
equivocality, competing interpretations and value trade-offs, where no correct answer 
exists, and the objective is to foster mutual understanding and informed judgement [26, 
28, 29]. A pioneering study attempted to address group polarization in controversial 
policy deliberation by using LLMs to generate missing personas and perspectives as a 
post-group discussion nudge [62]. However, because these interventions occur only af-
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ter deliberation has concluded and rely on generated personas without real-world 
groundings, they may have limited influence on ongoing group discussion dynamics 
and lack fidelity and credibility for real-world applications. 

3 Methodology 

In this study, we build upon the emerging line of research that investigates generative 
AI as an active deliberator in shaping deliberation dynamics[24, 58–62]. Specifically, 
we designed generative AI agents that introduce missing personas and raise evidence-
based arguments absent from the ongoing discussion grounded in real-world public 
opinion, with the aim of balancing social and informational dynamics, enhancing de-
liberation quality and information gains, and ultimately reducing group polarization 
(Fig. 1). As a control condition, we implemented a conventional AI facilitator that sup-
ports group discussion by summarizing ongoing conversations and identifying common 
ground among participants [21, 25, 44].  

 
Fig. 1. Design of the Deliberative AI and Supportive AI agents for group discussion. 

3.1 Data Preparation 

To construct personas grounded on real-world opinions, we chose a recently conducted 
national-scale climate consultation survey, which contains socio-demographic back-
grounds, policy attitudes, and arguments of over 12,000 participants [63, 64]. We chose 
the dataset since it is calibrated to the Dutch population distribution, which minimizes 
participation and sampling biases and yields legitimate results for public engagement 
applications. For generalizability and automation, one can also collect public debates 
data on social media, which, however, lacks in-depth persona information and risks 
introducing significant participation bias. During large-scale public discourse, the data 
to construct personas could be initialized from a pre-existing participatory survey or 
dynamically updated by the generated discussions in the deliberation process. To ena-
ble the AI agents to raise evidence-based arguments or common ground during group 
discussions, we curated a credible and balanced knowledge base by collecting openly 
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accessible full-text documents from trusted mainstream sources containing relevant ev-
idence both supporting and opposing the selected climate action policies. 
3.2 AI Agents Design 

Deliberative AI. 

Persona Construction. We followed the procedure of previous research for constructing 
personas from public opinion datasets [54]. In general, it follows the steps of clustering 
and enrichment. Firstly, we process, categorize, and normalize the attributes in the sur-
vey for clustering. For text-based arguments, we used LLMs to identify and categorize 
them into topics  [65]. After processing them into one-hot encoding and normalizing 
the numerical attributes, we used K-means to cluster the survey results. The second step 
was to use LLMs to enrich the persona from each cluster with a distinguishable profile 
by summarizing the survey results into skeletons. Based on the previous study on LLM-
based persona simulation and domain knowledge from climate actions [45, 66], we 
defined three substance-focused skeletons—policy_attitudes, core_motivations, and 
key_arguments—to represent each persona’s attitude position and substance of reason-
ing in deliberation, and domain-specific skeletons—demographic_political_back-
ground,living_housing_energy_behaviour, climate_beliefs, goals, needs, frustra-
tions—to represent the background of personas in climate action, along with short de-
scription, representative quotes for summarizing each persona’s distinguishable fea-
tures. 

Raising Missing Personas and Arguments. Firstly, the deliberative AI would compare 
the group discussion history with the list of persona profiles constructed from the large-
scale public opinions. It would output the most probable missing persona from the cur-
rent discussion. Second, the deliberative AI was instructed to simulate the missing per-
sonas and evaluate the current discussion from its perspective, thereby identifying dis-
agreeing points containing potential missing concerns, unresolved objections, or 
weakly justified assumptions. Third, the deliberative AI agent would retrieve evidence 
relevant to the disagreeing points from the curated knowledge base by calling embed-
ding-based (all-MiniLM-L6-v2) information retrieval tool, thereby supporting the gen-
eration of evidence-driven counter-arguments from the missing perspective. At the end 
of each round, the deliberative AI agent presents the group with a missing persona card 
as a nudge. The card summarizes the persona's profile, explains why this perspective is 
absent from the current discussion, and highlights potential points of disagreement. The 
deliberative AI agent then raises evidence-driven counterarguments from the missing 
perspective into the group discussion. Across multiple discussion rounds, the agent 
maintains a record of the personas and arguments it has previously raised to avoid rep-
etition and introduce novel perspectives for following rounds. The group discussion 
examples on the experimental interface can be found at Appendix A1. 

Supportive AI.  
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The supportive AI agent evaluates the conversation to identify common ground and 
points of disagreement within the current discussion. It then retrieves evidence relevant 
to these evaluations from the knowledge base using the same procedure. Finally, the 
agent synthesizes a facilitator message that summarizes the common ground, highlights 
any remaining disagreements, and suggests a constructive compromise or procedural 
step that could guide participants towards potentially agreeable policy options within 
current discussion group and grounded in the retrieved evidence. 
3.3 Experimental Design and Validation 

We used DeepSeek-V4 as the generative AI model for its state-of-the-art performance 
and open weights, which enable local deployment and reproducibility without data pri-
vacy risks and dependence on opaque model updates. We evaluated these approaches 
in a controlled experiment involving group discussions on two contested climate action 
policies in the Netherlands: 1) require houseowners to improve building energy perfor-
mance; 2) expand offshore wind power in the North Sea. The two policy issues were 
chosen since they were identified as highly polarized across sociodemographic and po-
litical groups in recent national-scale surveys in the Netherlands [63].   

Participants were randomly assigned to 2×2 within-subjects design groups regarding 
the AI conditions (‘deliberative AI’ and ‘supportive AI’) and climate actions (‘manda-
tory building energy performance’ and ‘offshore wind power in the North Sea’). Every 
participant eventually experienced different AI conditions and addressed different cli-
mate actions through two sessions in a counterbalanced order. In this way, participants 
could compare their experience with both AI conditions while avoiding learning effects 
over the climate action.  

After login into the platform, the participants were anonymized and randomly allo-
cated to experimental groups of four to control group size for effective deliberation 
[13]. At the start of each session, participants reported their attitudinal positions and 
written justifications in a pre-survey. In each discussion round, they would firstly freely 
discuss the assigned climate action in an online chatroom for 2.5 minutes. The chatroom 
was then temporarily frozen for 0.5 minutes, during which the AI agent sent an inter-
vention message that either raises missing personas and arguments (deliberative AI) or 
finds consensus within ongoing discussion. The group discussion in each session lasted 
15 minutes (i.e., five rounds) across all conditions to control the time-length variable. 
Then, participants again reported their attitudinal positions and written in a post-survey. 
They also evaluated their experiences of the discussion, including the perceived influ-
ence of the AI on social comparison and persuasive arguments, deliberation quality 
within the group, and individual experience such as information gains, democratic rec-
iprocity, satisfaction, and perceived burden (Appendix A2). We analyzed group dy-
namics and participants' experiences using these self-reported measures. Group polari-
zation was assessed by changes in attitude extremity between the pre- and post-surveys. 

4 Results 

We recruited 16 students from a master's course to participate in the experiment and 
randomly assigned them to four experimental groups. As each participant completed 
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two discussion sessions, the study comprised eight sessions and 40 rounds of group 
discussion in total.  
 
4.1 Group Polarization 

Firstly, the individual polarization toward within-group extremes was operationalized 
as individual movement in the direction established by the group’s initial average atti-
tude [5]. We found that fewer people moved towards within-group extremes after en-
gaging in group discussion with deliberative AI (Fig. 2). It suggests that deliberative 
AI could reduce individual polarization towards groups’ initial directions since it bal-
anced the discussion by raising missing perspectives. Instead, more participants tended 
to hold original positions. By contrast, supportive AI that only aims to find consensus 
within the discussion group would influence group members to change their attitudes 
closer to the group norms, thereby amplifying individual polarization toward within-
group extremes. We found no significant difference in the counter-directional shift of 
individual attitudes against group norms with two AI agents, which suggests delibera-
tive AI has no higher individual depolarization effect against group norms compared 
with supportive AI. 

 
Fig. 2. Individual polarization towards within-group extremes. 

Group polarization towards within-group extremes is often operationalized as a ten-
dency for a group's collective decision to shift towards a more extreme position relative 
to the initial distribution of individual views [5].  However, a  group decision was not 
required in the experiment since a unanimous collective agreement is argued as not a 
normative goal for democratic deliberation, which could suppress disagreement and 
minority views, undermine epistemic values, and conflict with its broader aims of fos-
tering mutual understanding and informed beliefs [29]. Therefore, we calculated the 
average attitude positions of the group as the measure of group-level decisions, which 
fits the final stage of deliberative polling [13]. In sum, most groups adopt a more mod-
erate position against their initial tendency with deliberative AI (Fig. 3), which suggests 
deliberative AI has a group depolarization effect against group norms. By contrast, un-
der the supportive AI condition, two of the four groups shifted towards more extreme 
average positions in the direction of their initial tendencies, most notably group_3, 
which initially held dominant opposing views (3 out of 4 disagreed) to the policy. The 
results suggest that deliberative AI in general has a depolarizing effect on group tenden-
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cies since it introduces balanced arguments for the groups, while supportive AI that 
summarizes discussion and finds common ground has mixed effects on different groups 
and great risks for amplifying group polarization in already extreme groups. Such 
groups are commonly observed in partisan echo chambers and are particularly conse-
quential in contemporary debates over climate policy. 

 
Fig. 3. Group polarization towards within-group extremes. 

4.2 Informational and Reputational Influence 

We measured persuasive argument and social comparison through the means of four 
self-reported survey items each, asking participants to evaluate the perceived effects of 
the AI interventions on these group dynamics. The results suggest that deliberative AI 
had a stronger effect in reducing both informational and reputational influences on 
group members than supportive AI (Table 1). For balancing the argument pools, the 
deliberative AI agent was particularly more helpful in bringing in new arguments miss-
ing from the current discussion and encouraging group members to reconsider their 
positions by raising persuasive arguments. For reducing social comparison, deliberative 
AI had a higher effect on making it easier for group members to express a view that 
differs from the dominant view. Yet, the invention effects of deliberative AI on social 
comparison were less significant compared with persuasive arguments in general. This 
pattern suggests that the depolarizing effects of deliberative AI may operate primarily 
through informational pathways rather than reputational ones. One possible explanation 
is that, despite being grounded in real-world survey data, the personas introduced by 
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the AI lacked the interpersonal presence of actual group members and therefore exerted 
less social influence. 

Table 1. Intervention effects on social influences by AI condition 

AI condition AI for persuasive argument AI for social comparison 
Supportive AI 3.98 3.86 
Deliberative AI 5.17 4.50 

 

 
Fig. 4. Perceived deliberation quality and individual experience. 

4.3 Deliberation Quality and Experience 

As group polarization would influence the quality of online debate [4], we also meas-
ured the intervention effects of the AI agents on the Deliberative Quality Index [67] 
and individual experience (Fig. 4). Full numerical results containing P values can be 
found in Appendix A3. For group deliberation quality, deliberative AI is more helpful 
to encourage participants to better understand opinions different from their own, think 
beyond their own interests and consider public good, and reduce domination by a few 
participants. No significant differences were observed in promoting the equal and re-
spectful treatment of differing opinions. By contrast, supportive AI was perceived as 
more effective in finding common ground within current discussion. These findings 
suggest that we need to carefully balance the influence of the two AI conditions on 
different aspects of deliberation quality when we implement it in public deliberation. 
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For individual experience, group members under deliberative AI intervention re-
ported a greater understanding of reasons behind different opinions, greater information 
gains from the discussion, and more willingness to listen to different opinions. Partici-
pants were, in general, more satisfied with the experience of deliberative-AI mediated 
group discussion. Yet, deliberative AI had no influence on increasing group members’ 
respect and empathy for different opinions. Taken together, it suggests that deliberative 
AI agent that raises missing personas and arguments is more useful in balancing the 
informational influence rather than the reputational influence during group discussion. 

5 Discussion and Conclusion 

In this paper, we designed a deliberative AI approach that could dynamically identify 
missing personas in ongoing group discussion grounded in large-scale public opinions 
and raise evidence-driven arguments from the missing perspectives. We compared this 
deliberative AI approach, which increases heterogeneity and plurality of views within 
discussion groups, with a supportive AI facilitator that summarizes conversations and 
seeks common ground during deliberation on two controversial climate action policies 
in the Netherlands. Our findings suggest that deliberative AI can reduce polarization 
towards within-group extremes at both the individual and group levels. By contrast, 
supportive AI may encourage group members to change their attitudes closer to the 
group norms and shift the group average towards more extreme positions.  

To better understand the mechanisms underlying these effects, we examined the per-
ceived influence of the AI interventions on persuasive arguments and social compari-
son. Deliberative AI was perceived as more effective in reducing both unbalanced ar-
gument pools and social comparison during group discussion, while its intervention 
effects appeared stronger for informational dynamics than for reputational ones. Similar 
patterns emerged in participants' evaluations of deliberation quality and individual ex-
periences, where they reported greater information gains and understanding of different 
opinions under deliberative AI, while less difference on respect, empathy, and equality. 
Taken together, generative AI may be more useful as an information mediator for more 
balanced and informed public deliberation, while the AI-introduced persona has limited 
normative influence even when grounded in real-world surveys.  

Several limitations should be acknowledged. First, our study involved a relatively 
small sample of student groups, limiting the generalizability of the findings to broader 
populations with more diverse sociodemographic backgrounds and varying capacities 
for argumentation and public engagement. In addition, imbalance in initial mean atti-
tude and dependencies of groups across AI conditions may have biased comparisons of 
group polarization. Accordingly, our findings should be interpreted as descriptive ra-
ther than conclusive, which requires further validation using larger and more repre-
sentative samples, formal statistical significance testing, and analytical approaches that 
account for the dependencies across different variables. Second, we only tested our ap-
proach in Dutch climate action deliberation. The discourse and political environment 
may differ from other domains and regions. Third, we only compared two AI roles in 
raising missing perspective or seeking common ground during group discussion for 
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controlled experiment. Yet, generative AI may assume a wider range of roles and func-
tions in public deliberation. Fourth, the public opinion dataset and evidence base used 
to construct personas and support arguments were manually collected to avoid partici-
pation and information bias, which enhances credibility but limits automation and gen-
eralizability. Finally, LLMs may introduce biases when selecting and simulating miss-
ing personas, potentially undermining the plurality of perspectives that this approach is 
intended to promote. Addressing these challenges will require further research from 
both computational and social science perspectives to develop robust methods for eval-
uating and mitigating bias in LLM-based social simulation, combined with appropriate 
human oversight and validation [45–54]. 

Our findings contribute to both deliberation theory and human–AI interaction re-
search by demonstrating that different roles of generative AI for diversity-promoting 
and consensus-seeking in public deliberation could have different informational and 
reputational influences on group members, with corresponding depolarizing and polar-
izing consequences. In practice, the deliberative AI approach could be used as a catalyst 
for perspective-taking within partisan echo chambers on social media debate or as a 
mediator for incorporating broader public opinions in group deliberation during public 
engagement (e.g., citizen assemblies). At the same time, the use of AI-constructed or 
simulated personas raises important epistemic and ethical challenges for democratic 
deliberation [16, 68], requiring careful consideration of how to balance deliberative 
diversity, efficiency, and legitimacy. Future research should examine these interven-
tions across more diverse populations and policy domains, explore automated ap-
proaches for collecting public opinion data and constructing representative yet high-
fidelity personas, compare the relative informational and social influences of AI-raised 
personas and investigate their ethical implications in public deliberation, and evaluate 
how different generative AI roles and interaction patterns shape deliberative dynamics 
and outcomes over both the short and long term. 
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