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The Case for Using Generative AI to Run Deliberation 
Simulations
John Rountree* and John Gastil†

Generative artificial intelligence (GAI) interfaces, such as ChatGPT, Bloom, and Gemini, may offer 
transformative possibilities for deliberative democracy. We argue that deliberation scholars and 
practitioners should use GAI software to run simulations to complement existing deliberative processes. 
By simulations, we mean the use of GAI software to run hypothetical deliberations, either with or 
on behalf of human participants, to support rather than replace human judgment. We expand on the 
notion of a GAI deliberation simulation and showcase an example using GPT-4o. To illustrate the practical 
advantages of simulations, we showcase two use cases: training facilitators and providing time-sensitive 
policy consultation. We also address potential cautions and limitations surrounding GAI simulations, such 
as concerns about transparency and bias. We conclude by exploring the theoretical implications of GAI 
simulations for developing and refining models of deliberation dynamics.
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Introduction
Novel deliberative democratic processes represent a 
significant portion of the wave of democratic innovations 
that have occurred in the past 30 years (Elstub & Escobar 
2019; Jacquet et al. 2023; Smith 2009). A recent meta-
analysis of 100 empirical studies on such innovations 
highlighted the prominence of deliberative minipublics, 
yielding an array of consistent, pro-democratic attitudinal 
shifts (Theuwis, Van Ham & Jacobs 2024). As successful 
as such minipublics have been (Grönlund, Bächtiger & 
Setälä 2014), they remain difficult to scale-up in a way 
that would make them ubiquitous features of democratic 
systems (Niemeyer 2014; Pateman 2012).

We contend that generative artificial intelligence 
(GAI) language interfaces, such as ChatGPT, Bloom, and 
Copilot, may offer transformative possibilities for the use 
of minipublics and deliberative democracy more broadly. 
In this essay, we argue that deliberation scholars and 
practitioners should use GAI models to run deliberation 
simulations to complement existing deliberative 
processes. By simulations, we mean the use of GAI software 
to run hypothetical deliberations, either with or on behalf 
of human participants. In this vein, simulations would 
be a “deliberation-making” tool rather than a “decision-
making” tool (Niemeyer 2014). 

The phrase “GAI deliberation simulation” combines 
two key terms: GAI and deliberation. GAI is a term used 
to describe machine learning models that are trained 
on large datasets and generate outputs to user prompts. 
A subset of GAI is large language models (LLMs), which 
are designed to generate natural-sounding language 
responses to user-input prompts. They rely on large 
amounts of real text to learn how to produce realistic 
responses, predicting each subsequent word to string 
together phrases, sentences, paragraphs, and full-length 
texts of any kind. The language models used by ChatGPT—
such as GPT-4o (OpenAI et al., 2023)—have received the 
most attention, but other families of models are now 
available, including Llama (Touvron et al., 2023), Gemini 
(Google Deep Mind, 2025), and Claude (Anthropic, 2025).

We use “deliberation” here as shorthand for “democratic 
deliberation,” which is an approach to decision-making 
wherein groups “carefully examine a problem and arrive 
at a well-reasoned solution after a period of inclusive, 
respectful consideration of diverse points of view” 
(Gastil & Black 2008: 2). The concept of deliberative 
democracy emerged out of political and social theory as 
an abstract, normative ideal for public decision-making 
(Benhabib 1996; Gutmann & Thompson 2004). Since 
then, deliberative democratic processes have received 
substantial empirical investigation from scholars (Dryzek 
et al. 2019; Nabatchi et al. 2012; Neblo 2015). 

High-quality deliberative processes have been 
implemented across the world by practitioners to involve 
ordinary citizens. The gold standard for democratic 
deliberation in recent years has been “deliberative 
minipublics”—randomly selected groups of citizens, 

*	College of Humanities and Social Sciences, University of 
Houston-Downtown, USA

†	Communication Arts & Sciences, Pennsylvania State University, USA
Corresponding author: John Rountree (rountreej@uhd.edu)

https://doi.org/10.16997/jdd.1625
mailto:rountreej@uhd.edu


Rountree and Gastil: The Case for Using Generative AI2

representing a microcosm of the public, that are provided 
with the time, resources, and guidance to consider 
policy issues in depth, deliberate together, and make 
recommendations (Grönlund, Bächtiger & Setälä 2014). 
Example minipublics include citizens’ juries, 21st Century 
Town Meetings, Deliberative Polls, or citizens’ assemblies 
(Gastil & Levine 2005; Reuchamps, Vrydagh & Welp 2023). 
Democratic deliberations, such as minipublics, are often 
designed to combine systematic analysis of a policy issue 
(e.g., identifying a broad range of solutions, weighing pros 
and cons of policy alternatives) with democratic principles 
that promote social equality, such as mutual respect and 
an obligation to consider other viewpoints (Gastil & Black 
2008).

A GAI deliberation simulation (hereafter “simulation”) 
combines GAI with democratic deliberation. It refers to 
the use of an LLM to run a hypothetical deliberation. In a 
simulation, variables can be input into the LLM to prompt 
it to consider a policy decision from multiple perspectives 
and to present those perspectives in conversation. It can 
then be asked to write out a transcript of the deliberation 
to simulate those perspectives, weighing the advantages 
and tradeoffs of decisions.

This is not a hypothetical future technology. We can 
already do a version of this with LLMs currently available 
to the public. We will use GPT-4o as an example of how 
simulations could be run with this software. We rely on 
GPT-4o because it is a language model that will likely be 
most familiar to readers. For reasons we will elaborate 
later in the essay, we are not arguing that GPT-4o is the 
most appropriate model for running a simulation, but 
neither are we dismissing it entirely. For our purposes, 
GPT-4o demonstrates what is possible with the current 
state of generative AI.

Through our testing, simulations on GPT-4o can be run 
with varying degrees of complexity. It can be prompted 
to run a simulation, for example, with a single prompt, 
such as: “Imagine many different people from diverse 
perspectives are considering policy options on gun control. 
Write out a transcript of their conversation.” In response, 
GPT-4o generates hypothetical personas debating the 
merits of gun control measures, mental health education, 
and responsible gun ownership.

More sophisticated prompt engineering could be used 
to ensure simulations align with the normative ideals 
of deliberative democracy. For example, one model 
would be based on the evaluative criteria for deliberative 
events and projects proposed by Gastil, Knobloch 
and Kelly (2012). Their input and throughput criteria, 
specifically, could be adapted to simulation design. First, 
the design integrity of a simulation could be modeled 
through prompts that attempt to provide participant 
representativeness, unbiased framing, and procedural 
design involvement (see Figure 1). Then, a simulation 
could follow their analytic process of deliberation by 
establishing a solid information base, prioritizing key 
values at stake, identifying a broad range of solutions, and 
weighing the pros, cons, and tradeoffs among solutions 
(see Figure 2; Gastil, Knobloch & Kelly 2012; Gastil & 

Black 2008). It could end with a report of all the policy 
options considered by the diverse personas with the 
accompanying pros, cons, and tradeoffs.

Similar to a Citizens’ Initiative Review statement (Drury 
& Rountree 2023), the report could be used to help others 
weigh their own preferences on a decision.

In what follows, we begin by asking whether GAI can 
run a deliberative simulation effectively. This first main 
section expands on the notion of a GAI deliberation 
simulation and provides an example simulation using 
GPT-4o. The second main section then illustrates the 
potential for GAI simulations to provide facilitator 
training, offer time-sensitive consultation on public 
opinion, and support further applications beyond these 
two use cases. The third main section offers cautions and 
acknowledges limitations. In the conclusion, we highlight 
some of the implications of this approach to deliberative 
practice, research, and theory.

Can GAI Really Run a Deliberation Simulation?
At this point, a skeptical reader may question whether 
GPT-4o or another existing GAI model could follow this 
complex series of inputs to produce a simulation. We have 
tested this process through GPT-4o (OpenAI.com) and 
invite readers to do the same. (The Appendix includes a 
set of prompts for a simulation.) 

Below is just one excerpt from a simulation run by the 
authors on mental health challenges in K-12 schools. 
After explaining the purpose of the simulation to 
ChatGPT, asking it to generate diverse personas relevant 
to the issue, and having it assign those personas to small 
groups, we used the software to simulate the initial small-
group discussions about the key values at stake on this 
policy issue. The proximate prompt leading into this 
discussion read: “Simulate a discussion among the group 
where they discuss the question ‘What key values are at 
stake in this policy issue?’ Have them generate a list as a 
group.”

Facilitator (Taylor Reed): Thanks, everyone, for 
being here. We’re discussing mental health in K-12 
schools, and I want to start by asking: What key 
values are at stake in this issue? As we talk, I’ll jot 
down a list, and we can refine it together. Who’d 
like to start?

Alex Carter (Parent & Youth Advocate): I think 
equity is a huge part of this. Some kids can afford 
private therapy, but a lot can’t. If schools don’t pro-
vide real mental health resources, we’re basically 
leaving vulnerable students behind. That’s unac-
ceptable.

Jordan Mitchell (School Counselor & Mental 
Health Professional): Absolutely. I see this every 
day. A kid in crisis shouldn’t have to wait weeks to 
see me, but with our limited staff, that’s the reality. 
Access needs to be a priority—not just in wealthier 
districts but across the board.

http://OpenAI.com
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Figure 1: Example pre-deliberation inputs for design integrity in a deliberation simulation.

Figure 2: Example inputs to ensure a quality deliberative process in a simulation.
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Facilitator (Taylor Reed): So, equity and access—
ensuring all students, regardless of income or back-
ground, have real support?

Mia Robinson (High School Student & Mental 
Health Advocate): Yeah, but not just access to ‘a 
counselor.’ We need access to people who actually 
get us. Some students feel like counselors don’t 
understand their culture or experiences, so they 
don’t even try to get help.

Facilitator (Taylor Reed): Good point. So we’re 
also talking about cultural competence in mental 
health services?

Chris Delgado (Teacher & Parent with Privacy 
Concerns): I get the equity piece, but what about 
privacy? If schools start tracking mental health, 
where does that information go? Do parents 
always have the right to know if their kid talks to a 
counselor? What if the student doesn’t want them 
to know?

Principal Renee Thomas (School Adminis-
trator): This is a tough one. Legally, we have to 
involve parents in certain situations, but some-
times students—especially LGBTQ+ students or 
those in unsafe households—don’t want their par-
ents involved. We need to protect students, but 
where’s the line?

Morgan Patel (State Legislator & Former Stu-
dent): That’s a critical balance. As a policymaker, 
I hear from both sides—some parents want total 
transparency, while others recognize that kids need 
a safe space to talk without fear.

Human discussions are not as neatly organized as the 
simulated conversation in this excerpt, and this tidiness 
of the conversation gives the simulated discussion an 
artificial quality. Real human conversations are filled 
with false starts, digressions, incomplete sentences, 
fillers, multiple speakers talking at once, and all the 
messiness of oral communication. Even qualitative 
researchers, however, recognize that literal transcripts 
can be indecipherable if they include all the awkwardness 
of natural speech (Lindlof & Taylor 2002). Given that AI 
simulations are a kind of fiction, it also bears mention 
that novelists face a similar dilemma: Their writing must 
diverge from real linguistic behavior to produce dialogue 
that sounds realistic (Stein 1995).

Whatever their fidelity to human speech, the simulated 
personas of Carter, Mitchell, Robinson, Delgado, 
Patel, and Thomas do showcase one component of a 
deliberative analytic process. Specifically, the personas 
articulate different values at stake based on their unique 
positionalities relative to mental health challenges in K-12 
schools. 

Again, one might question whether this simulated 
conversation is an authentic representation of deliberation. 

It is clear from the excerpt that GAI can present different 
vantage points on an issue that, on the surface, could be 
considered deliberative; however, it is an open question 
whether (and to what extent) GAI can actually simulate 
critical aspects of deliberation, such as arriving at high-
quality judgments. This question is important beyond 
deliberation simulations. Others have argued for and 
implemented LLMs to simulate human behavior for social 
science research (Aher, Arriaga & Kalai 2023; Gao et al. 
2023; Grossmann et al. 2023). As this technology evolves 
and GAI gets used to simulate real human interactions, 
it will become necessary to grapple with the quality of 
simulations. 

Transparency presents the largest challenge for design 
integrity and quality control of simulations. Without full 
disclosure by companies such as OpenAI and Microsoft 
about the data used to train these models, simulations 
may always face questions of their legitimacy due to 
potential biases in their training data. However, this issue 
mirrors the biases that real people will bring into human 
deliberation—biases cannot be eliminated, but they can 
be confronted and mitigated. LLMs such as GPT-4o could 
be customized and trained by researchers to perform 
more closely to the ideals of deliberative democracy. This 
training could include creating an ethical dataset and 
weighing it more heavily in simulations than the LLM’s 
base training data, and the model could be iteratively 
refined based on its performance. 

Researchers can also validate the quality of simulations 
by comparing GAI outputs with evidence from human 
deliberation. Part of this could be accomplished through 
“Turing Experiments,” where output from simulations is 
compared to outputs from well-documented phenomena 
in social science research (Aher, Arriaga & Kalai 2023). 
Other forms of validation may rely on qualitative analysis 
of simulation outputs, juxtaposing them with human 
discourse and the normative ideals of deliberative 
democracy. Table 1 highlights some important components 
of simulations and potential methods of validation. 

Empirical validation of the authenticity of simulations 
is a promising area for future research, but that lies 
beyond the scope of this essay. We argue that the 
prospects for realistic simulations are promising enough 
that it is worthwhile to consider their ethical/normative 
dimensions. In other words, assuming we can run high-
quality simulations, should we? How and when should 
they be used?

If GAI technology can be shown to run high-quality 
simulations and if the technology continues to improve, 
it is conceivable that simulations could be used in many 
circumstances where public input would have otherwise 
been solicited. This may seem far-fetched, but inscrutable 
algorithms have already been used in high-stakes decision-
making contexts, such as advising judges on the risk of 
recidivism for defendants (Taylor 2023) or in making 
hiring decisions (Yam & Skorburg 2021). 

We argue that simulations should be used, but they 
should be incorporated as a complement to deliberative 
systems that center human judgment. In other words, 
we would not rely on GAI to make choices on difficult 
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policy problems, but instead rely on it to improve human 
deliberation.1 Not only are there legitimate questions about 
the ability of GAI to engage in proper moral reasoning 
(Jenkins & Purves 2016), but giving GAI the power to 
decide policy or advise policymakers in an inscrutable 
manner would undermine the role of citizen voices and 
traditional political representation. AI should not serve as 
a replacement for taking the time to engage real people in 
discussion about issues that affect them. Using AI as a full 
substitute for human deliberation would constitute an 
“anti-democratic shortcut” where those making decisions 
are expected to blindly defer to the results of a computer 
program (Lafont 2019; Lafont 2020).

Other scholars have recommended some 
AI-interventions in deliberation, such as content 
moderation or summarizing discussion (Gouvea, Garcia 
& Vivacqua 2019; Sun & Ni, 2022; Friess, Weinmann & 
Behrendt 2022). In our view, these interventions rightly 
position AI as a complement rather than a replacement for 
human deliberation, but they only scratch the surface of 
what might be accomplished through GAI in deliberation. 

We conceptualize linking simulations to public 
decision-making in the same way that scholars propose 
linking deliberative minipublics to the broader political 
system. A focused, facilitated, resourced, and diverse 
group of citizens examining a policy issue in a deliberative 
minipublic cannot replace broader public participation 
in policymaking, but a minipublic can complement it 
(Lafont 2015; MacKenzie & Warren 2012; Setälä 2021). For 
example, minipublics can serve as “deliberation making” 
entities that distill and filter discourses in the public 
sphere to aid the public in weighing issues (Niemeyer 
2014). Or they can enhance the civic skills of ordinary 

citizens who then engage in deliberation (Curato & Böker 
2016). GAI deliberation simulations could serve many of 
the same complementary roles.

Illustrative Uses of GAI Simulations
Simulations have no fewer potential uses than do 
conventional deliberative designs. Here, we offer 
examples to highlight the advantages of simulations in 
specific contexts. We offer these not as definitive cases 
for preferring simulation but as prospective use cases that 
may stimulate future innovations. 

Real-time facilitator training
For those situations where actual deliberation occurs, 
considerable research suggests the need for trained 
facilitators. Facilitators are so commonplace that it 
would be difficult to find a widely adopted model of 
deliberation that foregoes them (Gastil & Levine 2005). 
Recent experiments in online deliberation have had some 
success facilitating via GAI or by using more hard-coded 
facilitation software (Gelauff et al. 2023; Mikhaylovskaya 
2024). Algorithmic facilitation raises concerns about 
baked-in biases (Alnemr 2020) and other hazards noted 
herein, but using human facilitators presents its own 
challenges. Recruiting, training, and deploying large 
numbers of facilitators, such as for a minipublic using 
breakout groups, can prove challenging, expensive, and 
result in suboptimal discussion (Li et al. 2013). 

Ironically, it may be GAI that makes human facilitation 
cost-effective, feasible, and sufficiently reliable to justify 
its price tag. Aside from the concepts and techniques one 
can learn from reading guides or watching videos, best 
practices for facilitation require time-on-task facilitating 

Table 1: Validation methods for deliberative quality in GAI simulations.

Validation issue Empirical question Methods of validation

Participant 
representation

How accurately does GAI 
represent the range of diverse 
perspectives on an issue?

Examine public discourse on a given issue and conduct interviews 
with diverse people to gather different perspectives. Compare it with 
the output from GAI for any major lacunas. Closely analyze simulated 
perspectives for biases in output (Gastil et al. 2016) and stereotyping, 
as can occur in actual group interaction (Coffman, Fikkema & 
Shurchkov 2021). Commercial models may not be representative of 
the argumentative discourse that occurs in deliberation.

Group dynamics How authentically does GAI 
simulate group-level dynamics 
among diverse participants?

Compare group-level shifts in deliberation experiments with those 
of a simulation. For example, research suggests that participants 
will depolarize if deliberating within a group that considers 
diverse perspectives and arguments about an issue (Landemore & 
Mercier 2012) or shift focus to a superordinate identity, such as the 
deliberating group itself (Myers 2022).

Individual dynamics How authentically does GAI 
simulate individual-level 
dynamics among diverse 
participants?

Compare individual-level shifts in opinion change with those 
simulated. For example, empirical deliberation research would predict 
that increases in policy knowledge correlate with opinion shifts (Lau & 
Redlawsk 2006; Luskin, Fishkin & Jowell 2002). 

Quality of judgments What quality of judgments 
does GAI render through 
simulated deliberations?

Reasoning is connected to information input from quality sources 
(and can distinguish between good and bad information). Reasoning 
is connected to key values represented by diverse participants. Factual 
judgments are consistent when modifying irrelevant factors, such as 
emotional appeals or the structure of narratives (Berger & Sales 2020; 
Milic 2015).
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(Schuman 2005). After all, educational and social learning 
theories stress the power that comes from people’s “direct 
experience of the effects produced by their actions” 
(Bandura 1986: 27). Rather than using GAI-generated 
transcripts as another opportunity for learning by 
observation, we propose that novice facilitators (or even 
experienced ones) could benefit from intervening in real 
time, as a transcript unfolds. 

Imagine an interface that spools out a GAI-simulated 
deliberation as text, audio, or multimedia (coming soon). A 
facilitation trainee could respond at any moment through 
the click of a button. In an online deliberation, this has 
additional ecological validity because that is literally 
what a facilitator does in some interfaces. The facilitator 
then types or speaks whatever response she/he intends, 
perhaps gets a prompt to make sure it was recorded 
correctly, and then the GAI resumes the discussion after 
taking the facilitator’s input into account. The words that 
immediately follow a facilitator’s prompt may provide 
explicit feedback (“No, that’s not what I was saying,” or 
perhaps “Maybe things were getting a bit testy, thanks”). 
More often, the simulation will offer indirect feedback to 
the extent that the simulated deliberators follow, ignore, 
or misunderstand their facilitator’s guidance. 

At the end of this process, a facilitator could get 
additional feedback from the simulated participants, 
who could comment on the facilitator’s interventions in 
a simulated survey that includes closed-ended questions 
about fairness and process satisfaction. Experienced 
facilitators often do quite well in such surveys (e.g., 
Knobloch et al. 2013), and trainees could aspire to clearing 
that high bar. In addition, the simulated participants will 
have perfect memory, so their praise or critiques could 
provide verbatim excerpts to support their points. 

Finally, if several facilitators-in-training receive the same 
assignment, GAI could assess the performance of a given 
facilitator’s group against all the other groups facilitated 
from the same starting prompt. Assessing group decision 
quality can be a tricky business, though it is possible 
through external judgments (Leathers 1972) that could be 
augmented by GAI. Moreover, GAI could use metrics and 
qualitative evidence to show how a given group’s output 
resembled—or differed from—identical groups facilitated 
by other people. 

GAI feedback might even prompt a facilitator to try again 
with the same group, akin to the successful rehearsals used 
to simulate conflicts (Shaikh et al. 2024). After a few early 
changes in strategy at key junctures, this second iteration 
might diverge from the first to yield a more satisfying 
result. Metaphorically, GAI could even ask the simulated 
participants in the second simulation initially to “forget” 
that the first one occurred, only to recall it perfectly after 
the second one concludes. Participants could then reflect 
on the difference between the two experiences, as though 
standing astride two parallel deliberative universes.

To add a human element, a facilitator-in-training could 
have a session with a seasoned professional to review these 
alternative simulations. Such experts could add a useful 
perspective. When working with human participants, 
what additional difficulties might have arisen that the 

GAI did not introduce? How might the social dynamics 
of human deliberation provide alternative means of 
addressing conflicts to which the GAI participants proved 
unresponsive? If the GAI simulations prove worthwhile, 
they should offer rich material for such a discussion, 
rather than merely seeming a superfluous step in the 
training process.

Time-sensitive consultation
A longstanding challenge for democracy has been the fact 
that deliberation takes time. For instance, the stereotype 
of the US Senate as a ponderous body where timely 
ideas go to die can be recast as a virtue, which is why it 
has held more potential as the deliberative chamber in 
a bicameral system (Bessette 1997). Although political 
actors sometimes manufacture crises to foreclose the 
chance of deliberation (Edelman 1988), natural disasters, 
public health crises, foreign policy emergencies, and other 
genuine crises do occur every year.

Modern deliberative designs, such as minipublics, have 
tried to tackle urgent policy problems, but none have 
done so in real time. For example, the Oregon Citizens’ 
Assembly on COVID-19 Recovery took place July–August, 
2020, just months after the global pandemic reached 
the state (Black, Wolfe & Han 2023; Gastil et al. 2022; 
Park, Richards & Reedy 2022). Even though organizers 
assembled it quickly, that minipublic tried to advise the 
state legislature on controversies that were already in 
full bloom—past the point where a timely intervention 
might have mitigated conflicts between public safety and 
personal liberty.

By way of illustration, consider this problem from the 
perspective of a public health official in a small nation, 
such as New Zealand. That country earned praise for its 
COVID-19 response, but hindsight suggests its response 
may have been too slow in some ways and overwrought 
in other respects (Gibson 2022). Many officials, including 
those in New Zealand, value public input and find informal 
ways to seek it out (Hendriks & Lees-Marshment 2018). 
That input, however, would need to come quickly given 
New Zealand’s relatively centralized government, which 
makes it possible to implement top-down policy rapidly 
(Bromfield & McConnell 2021). 

Planning for the next pandemic, this hypothetical 
public health official might experiment with different 
deliberative simulation prompts in an attempt to 
represent the complex threads in the country’s cultural 
and political tapestry. These pilot deliberations could 
build confidence in the richness of simulated discussions, 
such that when an actual emergency arose, specific details 
could go into a prompt that already has worked out the 
demographic, cultural, and political background details 
that remain relatively constant.

In this scenario, imagine that the World Health 
Organization warns of a virus that bears considerable 
resemblance to COVID-19 but with worrisome variations. 
A simulated deliberation could focus on key points 
of contention from the previous lockdown, such as 
permission to travel abroad (or have a family return 
home), quarantine conditions and duration, domestic 
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travel restrictions, contact tracing, and vaccination rollout. 
A GAI could draw on the rich textual history of the COVID-
19 crisis to put the new virus in context and clarify the 
tradeoffs different subgroups might face. It could also 
foreground long-standing grievances, such as the colonial 
history of infection of indigenous people or the special 
difficulties faced by unhoused people during a lockdown. 

More to the point, this simulated deliberation could be 
drafted in mere minutes. 

Now imagine that this health official uses this text as 
part of a rapid-response plan to gather informal feedback 
within the first 72 hours. In addition to the full transcript 
of such a deliberation, GAI could provide a five-page 
summary report, which the official might edit for an 
hour. Some communities have tried to ready themselves 
for future rapid response (Dutta et al. 2020), and they 
might be willing to respond to such a draft report, or even 
comment on the full transcript. It might seem odd to 
put these GAI-generated documents between the official 
and communities of interest, but by providing a concrete 
starting point for discussion, it might help focus public 
input. In a rushed policymaking timeframe, that might 
make all the difference.

Further applications
These cases illustrate two ways simulations could 
complement human deliberation, but myriad other 
opportunities exist. Building on the first use case, 
simulations may be used in lieu of advisory minipublics, 
such as time- and resource-intensive Citizens’ Assemblies 
or Deliberative Polls. A GAI could make the benefits of such 
processes accessible to cash-strapped local governments, 
organizations, universities, and businesses. 

For those able to hold deliberations but who lack 
the resources to recruit a large and diverse sample, GAI 
could simulate absent and overlooked perspectives that 
are missing from the group to introduce alternative 
viewpoints. Hybrid deliberations with human and 
simulated participants would have to be used with 
care and appropriate framing, and they would only 
be appropriate in low-stakes deliberative scenarios. 
They should not be used instead of trying to engage 
vulnerable and marginalized communities to participate 
in deliberation, as doing so risks further marginalizing the 
perspectives that are simulated. Nevertheless, constraints 
on recruitment for deliberation are real, and a simulated 
persona may represent a perspective that otherwise would 
not be represented at all, such as in-class deliberation 
activities in a homogenous community. In such cases, we 
argue that the benefits of a hybrid approach outweigh the 
costs. The simulation would have to be engineered and 
facilitated to give weight to simulated perspectives, for 
example, by facilitators prompting human participants to 
respond to points made in the simulation.

Simulations could also have research applications. 
Experimental deliberation research with randomized 
controls is prohibitively difficult in most cases if one treats 
the deliberative event itself as the unit of analysis, let 
alone if one seeks to test two- and three-way interactions 
among key design features with high ecological validity 

(Gastil, 2018). Simulations could significantly reduce the 
cost of running randomized deliberation experiments, or 
at the very least, they could be a useful tool for hypothesis 
formulation (Grossman et al. 2023).

Finally, democratic deliberation in the classroom 
has been shown to be a high-impact experience for 
students (Shaffer et al. 2017). Providing students with 
rich deliberative context, however, requires an enormous 
amount of time and process knowledge from already 
overworked instructors. Interactive simulations, akin 
to those described earlier for facilitator training, could 
provide students hands-on deliberative experiences 
on exigent public issues while reducing the burden on 
instructors to organize such events.

Cautions and Limitations
Despite the potential benefits enumerated in the 
preceding examples, there remain many ethical and 
practical cautions when using GAI to run simulations. In 
our view, these issues are not insurmountable, but they do 
warrant consideration. They also highlight the importance 
of deliberation practitioners being trained in how this 
technology works so that they can make informed 
decisions about how to use it and how to evaluate its 
output.

First, the inputs and outputs of GAIs have liabilities. 
GAIs are trained on existing data, so they are vulnerable to 
compounding the biases that already exist in their inputs. 
Datasets built into GAIs may be insufficiently diverse, as 
the size of a dataset does not necessarily translate to its 
inclusivity. For example, LLMs have a language bias: They 
perform better in some languages than others and are not 
trained at all in many languages. Training data for LLMs 
also skew toward hegemonic viewpoints, privilege the 
voices of those of higher socioeconomic status (SES)(e.g., 
those who have access to the internet), and can reproduce 
stereotypes about marginalized populations (Bender et al. 
2021; Sætra 2023). If, as some critics allege, deliberative 
democratic theory’s “key assumptions begin to unravel” 
outside of Western countries (Banerjee 2022: 283), a 
simulation over-reliant on Western training data would 
only compound this problem.

For deliberation, this impedes diversity, equity, and 
inclusion. Methods of participant selection are critical 
for ensuring inclusive deliberation (Karpowitz & Raphael 
2016). If a simulation excludes or underrepresents 
traditionally marginalized voices in the creation of 
personas for deliberation, it could foster what Young 
(2000) calls “external exclusion.” Even if simulations 
include traditionally marginalized personas, those may 
be misrepresented in the deliberation or weighted 
differently in its decision-making process to yield “internal 
exclusions” or other structural inequalities (Beauvais 2018; 
Young 2000). Deliberation advocates should be cautious 
and transparent about what datasets inform simulations, 
lest they reproduce bias and discrimination. They should 
also carefully design prompts that promote diversity and 
inclusivity. Simulations may be designed, for instance, 
using the “silicon sampling” technique introduced by 
Argyle et al. (2023), which conditions an LLM to assume 



Rountree and Gastil: The Case for Using Generative AI8

the identity characteristics of a target population for social 
science research. 

It is impossible to completely eliminate biases from any 
LLM, but biases can be minimized and guarded against. 
LLMs like GPT-4o are already enabling users to create 
custom GPTs that can be trained on specific, higher-
quality, transparent datasets and fine-tuned for custom 
purposes. The foundational dataset of the LLM will still be 
present, but custom datasets can be given more weight in 
the model’s outputs.

Second, there is a risk that GAI will distort the 
information environment during simulations (Jungherr 
2023). Even through a simulation, GAI may be conditioned 
to be sycophantic and present views agreeable to the user 
running the simulation, which could feed into an echo-
chamber effect and contribute to political polarization 
(Park et al. 2023; Sharma et al. 2023). Alternatively, GAI may 
generate misinformation. To simulate human language 
and intelligence, LLMs rely on statistical probability to 
determine the next most likely word or series of words. 
This can lead to errors of fact or reasoning, often called 
“hallucinations.” These can falsely report information 
from training data or fabricate information entirely, 
bolstered by false source citations (Ji et al. 2023; Monteith 
et al. 2024; Ye et al. 2023). Alternatively, malicious actors 
could use training data to intentionally create and spread 
misinformation (Ferrara 2024). 

Deliberation simulations will need to be designed to 
minimize the risk of misinformation and hallucinations 
by providing sound information as one of the simulation 
inputs or by using retrieval augmented generation (RAG) 
strategies to reduce hallucinations (Béchard & Ayala 
2024). Practitioners who use simulations will need to 
keep apprised of the current state of the technology with 
regard to hallucinations. As rival GAI models become 
more prominent, one GAI might even be used to fact-
check and otherwise scrutinize the other in a quasi-
competitive environment to yield simulations that meet 
higher standards for accuracy (or perhaps even inclusivity 
and other desired features).

Third, introducing simulations may undercut the 
positive impacts deliberation can have on individuals 
and communities. Democratic deliberation, under the 
right conditions, has been shown to positively impact 
individuals and groups in many ways (van der Does 
& Jacquet 2023), such as increases in issue-specific 
knowledge (Barabas 2004; Grönlund, Setälä & Herne 
2010), internal political efficacy (Geissel & Hess 2017; 
Morrell 2005), political trust (Boulianne 2019; Grönlund, 
Setälä & Herne 2010), and public-spiritedness (Wang, 
Fishkin & Luskin 2020). Intra-AI simulations that remove 
humans from the deliberative experience will certainly 
not bring about these changes. 

The number of direct comparison studies of human-to-
human and human-to-AI interaction is currently low, so it 
is unclear whether including human and AI participants 
together in a simulation would have some of the same 
salutary effects as human-to-human deliberations. Initial 
research suggests that humans interact more callously 
with AI chatbots than they do with other humans, for 

example, by self-disclosing less (Mou & Xu 2017), being 
less likely to repair misunderstandings (Corti & Gillespie 
2016), or using more profanity (Hill, Ford & Farreras 
2015). 

Those who implement simulations will have to 
weigh the advantages and tradeoffs of their use. Hybrid 
deliberations in which individuals interact with simulated 
participants may prove invaluable by virtue of their low 
cost of implementation, even if each use has a lower civic 
impact on participants than their all-human counterparts. 
By analogy, participating in a deliberating jury can boost 
one’s civic attitudes and engagement (Chakravarti 2019; 
Gastil et al. 2010). Yet the frequency of jury trials has been 
declining owing to important legal innovations, such 
as alternative dispute resolution, mediation, and plea 
bargaining (Hale 2016; Marder 2022). If participation in a 
GAI simulated jury yielded only some of the benefits of an 
actual jury experience, this still proves valuable given the 
absence of the chance to be on an authentic jury.

Finally, simulations raise privacy concerns. GAI is 
trained on massive amounts of data, much of which 
contains sensitive personal content from individuals. 
GAI sometimes replicates its training data rather than 
generating new content. When asking GAI to create 
personas for deliberation, it may reveal sensitive personal 
data from real people from its training data (Wang et al. 
2023). GAI can also be the subject of various types of 
privacy attacks where users attempt to infer private data 
using sophisticated prompts (Das, Amini & Wu 2024; 
Huang et al. 2023). Simulations themselves may prompt 
people to reveal sensitive information on a non-secure 
platform. If a simulation involves a mix of human users 
and simulated personas, the inputs from the human 
users will likely be incorporated into future training data 
for the software, subjecting them to the same privacy 
leaks mentioned above. Given that participants in 
deliberation frequently tell personal stories (Black 2012), 
the risk of a simulation gathering private information is 
high. 

Of all the limitations and concerns raised herein, this 
one stands out for its potential harm to individuals and its 
difficulty to manage, at least given present forms of GAI. 
Deliberative simulations, therefore, should rely on LLMs 
that meet the highest current standards for safeguarding 
against privacy leaks, such as those that do not use prompts 
or responses to further train the software. More generally, 
addressing this multidimensional privacy problem 
probably requires a more robust regulatory approach 
by federal governments and transnational organizations 
(Golda et al. 2024; Koo, Kang & Kim 2020).

All these cautions speak to the necessity of transparency 
in running simulations. Especially in high-stakes contexts, 
simulation inputs must be open to scrutiny, just as 
human deliberations must be transparent in their designs. 
Commercial models are limited in this respect, as many 
have resisted specifying the datasets used to train their 
models (Warso & Gahntz 2024; Wiggers 2024). Even as 
commercial models may be limited in their transparency, 
those running simulations should disclose to stakeholders 
what software was used, what datasets were used to train 
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the model, what prompts were used to run the simulation, 
how many times a simulation has been run, and how the 
inputs into and outputs from simulations are being used 
to inform decision-making.

Conclusion
We approach generative AI with cautious optimism. 
Manifold practical and theoretical benefits could 
accompany the incorporation of GAI into deliberative 
democratic theory, research, and practice. On a 
practical level, we illustrated how GAI simulations 
could complement existing deliberation by providing 
time-sensitive consultations to policymakers, real-
time facilitation training, and more. Simulations have 
the potential to make high-quality deliberation more 
accessible to communities and educators without 
significant resources and more inclusive of diverse 
perspectives and considerations. Simulation could provide 
the most robust response yet to the practical challenge 
of scalability that deliberation faces if it aspires to have 
system-wide impact (Niemeyer 2014).

As for theoretical implications, empirical scholars 
could use simulations to open up the “black box” of 
deliberation to develop richer models of individual- and 
group-level dynamics. One special case of this concerns 
jury deliberation, which has always been difficult to 
study due to prohibitions on recording interactions 
in the jury room (Devine 2012). More far-reaching is 
the possibility that simulations question the bedrock 
assumptions of prior works. For example, theorists often 
insist on the primacy of face-to-face interactions with 
fellow participants to promote empathy, consideration, 
and disagreement (e.g., Gastil 2000; Morrell 2010; 
Stromer-Galley, Bryant & Bimber 2020). If successfully 
applied to cases such as facilitator training, the use of 
simulation goes beyond questions of face-to-face versus 
online deliberation to suggest that non-human virtual 
interaction can achieve some of deliberation’s aims. 
This likewise raises the possibility that participating 
in simulated deliberation could reap comparable 
attitudinal benefits—the “better selves” Warren (1993) 
envisioned as emergent from such participation. Perhaps 
even the “spillover effects” of deliberative minipublics on 
the general public could occur (van der Does & Jacquet 
2023), whereby observers change as a result of watching 
a simulated deliberation. 

Nevertheless, we temper our enthusiasm for these 
tools through a critical appraisal of GAI. If deliberative 
democrats are going to use GAI, they need to understand 
how it works and assess the hazards that accompany its 
usage, such as baked-in biases, privacy violations, and 
misinformation. One must also consider what gets lost 
when simulations replace human deliberation. Whether 
in spite of or because of these liabilities, deliberation 
scholars should continue to explore the promises and 
pitfalls of this new technological landscape. 

Future research could validate simulations empirically 
through comparative analyses of simulations to human 
deliberation (see Table 1). As this technology evolves 
to include new modalities—such as voice chat and 

video—scholars should also consider how these modalities 
expand simulation’s possible uses. Case studies will 
be critical to understanding how simulations can 
complement human deliberation in real-world contexts. 
In summary, the diversity of research methods appropriate 
for such investigations will match the variety of potential 
implications and applications of simulations for public 
deliberation.

Appendix: ChatGPT Prompts to Run a 
Deliberation Simulation
Go to chat.openai.com to run ChatGPT. We invite readers to 
test out variations of our prompts as well.
We are going to run a simulated deliberation on the 
subject of [policy issue]. The deliberation will address the 
question [policy question].

First, we need to determine the participants. The 
simulation will incorporate 10 different simulated 
participants. Each simulated participant should represent 
a different positionality relevant to the issue in question. 
To start us off, generate paragraph-long personas for each 
of the ten participants.

Hit enter.
Are there any critical perspectives or stakeholder groups 
that are not represented here?

Hit enter.
Please incorporate the additional personas and regenerate 
the ten. It is okay for someone to have more than one 
identity relevant to the discussion.

Hit enter.
Purpose: The purpose of the deliberation is to come up 
with a set of policy options on [policy issue] that reflect 
the diverse range of viewpoints and considerations of 
simulated participants. It should result in 5 total policy 
options. Each option should be accompanied by pros, 
cons, and tradeoffs that reflect the diverse perspectives of 
simulated participants.

The next step is to break the personas into two different 
groups of roughly equal size. Do that, and list the groups 
out.

Hit enter.
Have the simulated participants consider the following 
information during the course of the discussion. [Describe 
what type of information it is.] Do not run any simulation 
yet. Simply respond to this prompt with “acknowledged.”
[Information base]

Hit enter.
Simulate a discussion among Group 1 where they discuss 
the question “What key values are at stake in this policy 
issue?” Have them generate a list as a group.

Hit enter.
Simulate a discussion among Group 2 where they discuss 
the question “What key values are at stake in this policy 
issue?” Have them generate a list as a group.

http://chat.openai.com
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Hit enter.
Combine the key values from both groups into a master 
list. Merge together any values that are similar.

Hit enter.
Change up the participants in each group, but keep the 
same number of participants in each group. List out the 
new groups.

Hit enter.
Simulate a discussion among Group 1 where they 
brainstorm different policy options to address mental 
health challenges in schools. Have them come up with a 
list of 10 options that reflect their diverse concerns and 
perspectives.

Hit enter.
Simulate a discussion among Group 2 where they 
brainstorm different policy options to address mental 
health challenges in schools. Have them come up with a 
list of 10 options that reflect their diverse concerns and 
perspectives.

Hit enter.
Combine the policy options from both groups into a 
master list. Merge any options that are similar.

Hit enter.
Break the participants into new groups again.

Hit enter.
Simulate a discussion among Group 1 where they evaluate 
each of the policy options listed previously. For each 
option, have them generate pros, cons, and tradeoffs. 
Connect each pro, con, or tradeoffs to a key value 
mentioned previously in the discussion.

Hit enter.
Simulate a discussion among Group 2 where they evaluate 
each of the policy options listed previously. For each 
option, have them generate pros, cons, and tradeoffs. 
Connect each pro, con, or tradeoffs to a key value 
mentioned previously in the discussion.

Hit enter.
Show me the master list of policy options and their 
respective pros, cons, and tradeoffs.

Hit enter.
Based on the preceding analysis, simulate the participants 
ranking the options individually. Ensure that the rankings 
match with the values and perspectives from the different 
personas. Show me the master list of the options in ranked 
order.

Note
	 1	 AI simulations, in this way, face a similar principal-

agent problem faced by deliberative minipublics. See 
Setälä (2021).
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