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Abstract

Democratic decision-making is difficult. Representatives often fail to represent the preferences of their constituents, and
directly consulting members of the public can be costly. Inspired by these difficulties, several scholars have discussed the
use of artificial intelligence (AI) models to support democratic decision-making. One such particular application is the use
of Al to represent public policy preferences by predicting them. In this paper, we perform an analysis on the different ways
Al models can be used to represent public policy preferences. We make distinctions between using Al as epistemic tools
and for procedure; group and individual predictions; and predictions about preferences and inferences about values. We
also describe how AI models can help policymakers screen policies for potential worries and objections, double-check any
beliefs they have about the acceptability of their policies, and justify policy proposals. We also consider a number of wor-
ries about the use of Al in policymaking. We argue that these worries, while legitimate, can be mitigated or avoided in the
way we have proposed the use of Al

Keywords Acrtificial intelligence (Al) - Democracy - Augmented democracy - Preference prediction - Collective reflective

equilibrium

1 Introduction

Good policymaking should take into account the preferences
and values of the public.! But determining the preferences
of a population is no easy task. In many liberal democra-
cies (as well as semi-liberal ones), voters elect representa-
tives to make policy based on the preferences and values of
their constituents. But it is unclear how successful electoral
mechanisms are at translating voter preferences into policy.
Some studies have found that the preferences of representa-
tives reflect the preferences of voters, and vice versa (Griffin
and Newman 2005; Soontjens 2022a). But other scholars
point out that the behavior of politicians and voters is often
affected by party politics (Soontjens 2022b), social identity
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(Agren et al. 2007; Jenke and Huettel 2020; Klar 2013),
voter information (Nordin 2014), and the confidence of poli-
ticians (politicians less confident in re-election tend to reflect
voter preferences) (Soontjens and Sevenans 2022). Instead
of a representative system, nations and communities can use
more direct methods for policymaking. For example, they
can use referendums, extensive consultation, or public delib-
eration. However, these methods are resource intensive and
time consuming. They are therefore impractical to use at the
national or state level for all decisions. Furthermore, it can
be demanding for members of the community to participate

! There are some theorists who point out that policymaking should
sometimes override voter preferences. E.g., see (Jackson 2023; Sun-
stein 1991). This view is compatible with our claims in this paper, as
we do not claim that policymaker should always act according to the
preferences of the public.

Instead, we assume that it is generally better for a community when
policymakers have a more accurate and detailed understanding of
the preferences of the community. Even when voter preferences are
misinformed, biased, or bad in some other way, it can be valuable
for policymakers to be aware of these preferences, so they can antici-
pate pushback, respond to pushback, engage in more productive dis-
course, etc. We think that this is a plausible assumption, although we
acknowledge that competing considerations could often make it unde-
sirable for policymakers to have too much information. For example,
if the policymaker deliberately intends to manipulate the public for
their own gain, she may be able to abuse the information she has.
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in frequent political decision-making, and as a result, deci-
sions may be disproportionately representative of people
with more time and resources on hand. Finally, when very
technical or novel issues are on the line, such as regulation
concerning novel technologies, people may not have enough
information to have any preferences at all. Thus, even under
(generous and) relatively ideal conditions where all mem-
bers of society behave in good faith, there is no easy way
to ensure that policies represent the preferences and values
of the public.

What if we could find out the preferences of a group of
people without asking them? Enter artificial intelligence
(AI). For our purposes, Al refers to any computational
system used for problem-solving, decision-making, data
analysis, and other complex tasks. These include genera-
tive Al like Large Language Models (LLMs) and predictive
algorithms. In particular, algorithms have been used (with
varying levels of accuracy) to predict the preferences of
individuals in a multitude of domains, such as in entertain-
ment (Maroto-Gémez et al. 2023), marketing (Cai 2001),
travel (Topal and Ugar 2019), healthcare (Biller-Andorno
and Biller 2019; Earp et al. 2024; Ferrario et al. 2023), and
online lodging systems (Ma et al. 2021), among many oth-
ers. It is thus plausible that algorithms can be developed
and used to predict the political and moral preferences of
either individuals or groups of people (Lazar 2024). Infa-
mously, the 2018 Cambridge Analytica scandal exposed the
company’s use of the social media data of 50 million Face-
book users to build voter profiles, which were sold to politi-
cal campaigns (Confessore 2018). Advances in Al within
the last seven years could greatly increase the potential of
such voter profiles—for both good and evil. The Cambridge
Analytica scandal reminds us of how some groups can use
data to violate the privacy of individuals and gain illegiti-
mate power and influence over our electoral systems. But
it also demonstrates the potential for new ways in which
policymakers can understand the preferences and values of
their electorate without organizing costly consultations and
referendums. And as long as policymakers abide by norms
regarding privacy and transparency, it is at least possible that
algorithms can be used for good.

In this paper, we aim to bring further clarity and preci-
sion to the growing discussions on how Al can be used to
improve outcomes for democratic communities. To this end,
we perform an analysis on the distinctions between differ-
ent ways in which Al models can be used to play a role in
policymaking and democratic decision-making. We describe
different sorts of predictions Al models can make regarding
people’s preferences, and explain the different roles they can
play in policymaking. We discuss how Al predictions can be
epistemically helpful for policymakers, thus helping them be
more responsive to the preferences of their constituents, thus
enhancing the quality of public deliberation and lawmaking.
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To be clear, we do not suggest that the use of Al models
replace voting or existing mechanisms of democratic gov-
ernance; voting and democratic decision-making are still of
vital importance. Nor do we want to minimize the risks of
using Al models to make these kinds of predictions. Dis-
cussing these risks is incredibly important, but a full assess-
ment of these risks is outside the scope of this paper. Finally,
while this paper is related to many discussions in political
theory, it does not provide a full political theoretic justifica-
tion or repudiation of the use of Al in policymaking. Such a
project would be very worthwhile, but it is outside the scope
of this paper.

Here is an outline of this paper. In Part II, we provide an
overview of some distinctions in the ways that Al models
can be used to predict people’s preferences. We discuss the
differences between using Al as epistemic tools and for pro-
cedure; group and individual predictions; and predictions
about preferences and inferences about values. In Part III,
we make proposals regarding how Al models can be used
to help people and policymakers gain valuable informa-
tion about preferences, for the purposes of policymaking.
These involve primarily epistemic uses, where policymakers
use Al to gain information about public preferences. They
include using Al to screen and double-check policies, as
well as using Al as part of “collective reflective equilibrium
in practice” (CREP), a method for forming justified propos-
als in public spaces (Savulescu et al. 2021). Finally, in Part
IV, we discuss some worries about the use of Al models in
policymaking, and argue that while these worries are indeed
important considerations, there are not any decisive reasons
to rule out the use of Al predictive tools altogether.

2 How can Al models be used?

Researchers have explored a number of different ways Al
models—specifically Large Language Models (LLMs) can
be used to aid democratic decision-making (this paper will
discuss Al models generally, although a large amount of
empirical research is on LLMs and generative Al specifi-
cally). These include:

¢ Summarization: presenting a set of views to policymak-
ers in a digestible report (Small et al. 2023).

e Aggregation of summarized content to find consensus
(Devine et al. 2023; Huang et al. 2024; Konya et al. 2023;
Lazar & Manuali 2024; Porsdam Mann et al. 2023).

e “Representation”: predicting and being “proxy agents
acting on a principal’s behalf in a democratic process”
(Lazar & Manuali 2024, p. 5).2

2 Also see (Bakker et al. 2022).
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e Facilitation of discussion (Edelman 2023; Landmore
2023; Mendoza 2023; Small et al. 2023).

In this paper, we are primarily interested in the use of Al
models to predict people’s policy preferences. As we shall
see, this use of Al is related to summarization, aggregation,
and representation, although these categories are not very
important for our purposes. Researchers have achieved some
success in developing models which can make these kinds
of predictions. For example, Gudino-Rosero et al. (2024)
trained an LLM to predict the individual political choices
and the aggregate preferences of a group of participants (by
inviting participants to provide some demographic details
and by asking participants to choose between pairs of pro-
posals). In their study, Gudino-Rosero et al. found that an
LLM trained on a person’s preferences was more accurate at
predicting preferences than a “bundle rule”—which predicts
that a person will prefer policies which match the political
ideology of the participant (Gudifio-Rosero et al. 2024).

2.1 The value of prediction: epistemic vs
participatory

For our purposes, predictions about policy preferences can
have two uses: epistemic and participatory. An Al model is
used primarily for epistemic reasons if the primary aim of
the user is to gain some information about the preferences
held by a group of people. For example, a policymaker who
wants to know how her constituents feel about a lower speed
limit might use an LLLM to predict how her constituents feel
about the policy. In addition, AI models could also be used
to make predictions about how constituents might feel about
issues they do not know about yet, such as issues regarding
new technologies. These predictions may be based on the
values held by a group, or their preferences regarding other
issues. We shall discuss such predictions in more detail later.
In comparison, an Al model is used primarily for participa-
tory reasons if it is used as a proxy for some procedural
requirements of policymaking in democratic societies. For
example, we might imagine a system where, instead of vot-
ing, citizens delegate their choice to an Al model, particu-
larly a personalized model (Porsdam Mann et al. 2023),
which casts their “votes” for them.® Such a use case of Al
may have an epistemic element, because these Al votes do
provide policymakers with information about the prefer-
ences of the citizens. But because AI models take over the
role of voting, the use of Al in this case is also participatory.

3 Interestingly, this sort of “democratic” system is depicted in the
video game Helldivers 2, where “Utilizing computer aided voting
software, citizens are asked to answer several questions, and the out-
come of their vote is decided upon by the computer.” (Kain 2024)
The tone of the game is distinctly dystopian.

Other participatory use cases may be Al models which “rep-
resent” citizens in deliberative democratic forums, to write
formal petitions to parliament on behalf of citizens, or to
replace elected representatives in some legislative functions
(for example, AI models which participate in hearings or
committee meetings).

It is easier to see how the use of Al as a purely epis-
temic tool can offer benefits for democratic communities. A
number of studies have found that politicians are often not
very good at predicting the policy preferences of their voters
(Broockman & Skovron 2013; Hedlund & Friesema 1972;
Walgrave et al. 2023) with politicians often either projecting
their views onto their constituents (Sevenans et al. 2023),
and politicians believing their constituents to have more con-
servative views (Broockman & Skovron 2018). In particular,
Hedlund and Friesema (1972, p. 741) note that politicians
are particularly inaccurate when it comes to issues which
are not “highly charged” (and thus not discussed heavily
in media). This current state of affairs is clearly not ideal
for voters (or policymakers), whose preferences may be
misunderstood. Al models can be useful in determining
the preferences and values held by a group of people when
it would otherwise be difficult or infeasible to solicit their
actual opinions. These include situations where the cost of
soliciting opinions is high, in times of urgency and emer-
gency, or when an issue is new, unfamiliar, or too technical
for most members of the public. Al models can also be used
by policymakers to conduct quick and rough surveys of the
views probably held by their constituents, which can inform
them whether and how to collect further information.

We are less bullish on participatory uses of Al in policy-
making, particularly when AI models are used in place of
existing democratic processes. We cannot perform a com-
prehensive analysis of all the procedural use cases of Al
here, but we will provide a quick note on our general con-
cern. Democratic processes do not just provide lawmakers
with information about what citizens want. Free and fair
democratic processes, from voting to deliberative forums,
express the equality of citizens, allow citizens to exercise
some power and make demands of politicians, provide law-
makers with authority and legitimacy, facilitate the exercise
of civic virtue, enable the transformation of preferences
through dialog, and give citizens reasons to accept outcomes
when their will is not enacted (Christiano and Bajaj 2024).
If AI models replace the role humans play in democratic
processes, communities may end up foregoing some of the
value associated with democracy. For example, citizens can-
not develop civic virtue simply by delegating all their voting
choices to AI models (Lazar and Manuali 2024).

Unfortunately, the distinction between the epistemic and
participatory uses of an Al tool is not always a neat one.
Sometimes, a tool used for epistemic purposes may affect
the procedures with which policies are considered, even if
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the user does not intend to use the tool in such a way. For
example, consider a policymaker who uses an Al tool to
generate a list of policies based on what people are likely to
prefer. Initially, this AI may seem like an epistemic tool, as
its primary function is to show a policymaker which policies
their constituents will be most likely to support. But the tool
actually has some agenda-setting power. It can determine
which policies are “on the table” in the first place. And if the
tool is biased—perhaps in a way that ignores the preferences
of a minority group—the policymaker may never consider
the ideas favored by that group.

In practice, it may be difficult to compartmentalize the
use of Al tools, such that their function is purely epistemic.
Al tools can have unintended consequences on the process
of democratic decision-making at many stages of the pro-
cess. For example, depending on what information an Al
tool presents, and how it presents the information, it can
cause subconscious bias in human decision-makers. Per-
haps more worryingly, the use of powerful Al tools can also
affect our practices of holding policymakers responsible for
the decisions they make. These tools may facilitate “agency
laundering”: the act of “obfuscating one’s moral responsibil-
ity by enlisting a technology or process to take some action
and letting it forestall others from demanding an account for
bad outcomes that result” (Rubel et al. 2019, p. 1018). In our
case, policymakers may be tempted to evade responsibility
for their decisions by saying that they were following the
directions of some (reliable) AI model. In many real-life
situations, AI models will not be some neutral tool which
merely gives us information. They can affect the way we
consider ideas, discuss them, and how we respond to the way
others implement those ideas.

However, a couple of things can be said in defense of the
use of Al in some cases. First, there are some precautions
that can be taken to minimize the unwanted roles Al tools
may play in decision-making. Norms and regulations can
be put in place which require policymakers to (continue to)
consult their constituents in some way, in addition to any use
of Al This could ensure that those policymakers will con-
sider options which are raised by people but not by the Al
Or again, norms and regulations can go some way to ensur-
ing that policymakers are held responsible for the decisions
they make, and cannot instead blame an Al tool.

Of course, these precautions may not be perfect. But this
brings us to a second point: other conventional tools can also
play a significant role in shaping the process of democratic
decision-making. And sometimes, the role these tools play
may have undesirable side effects. For example, a survey
can also have some agenda-setting power, if conducted near
the beginning of a decision-making process. A policymaker
may look at the results of the survey and fail to consider any
options that were not represented in the survey. If the sur-
vey fails to capture the views of some minority group, then
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their ideas will not be considered by the policymaker. Simi-
larly, focus groups or expert consultations can also have an
agenda-setting power. Thus, while it may be true that any use
of an Al tool may affect democratic decision-making pro-
cedures in an adverse way, this is not necessarily a decisive
reason to reject the use of the tool. It is instead important to
weigh the risks of a tool against the potential benefits as well
as the alternatives. As far as we can tell, it is not obvious
that the risks of some specific uses of Al constitute decisive
reasons to reject its use.

Since we think that the epistemic uses of Al offer more
advantages while creating fewer ethical concerns than the
participatory uses, our analysis in subsequent sections will
focus primarily on the epistemic uses of Al.

2.2 Group predictions vs individual predictions

Al predictions can be further distinguished according to
whose preferences are predicted. There are group-level pre-
dictions, and individual-level predictions. As we shall claim,
both are potentially useful for policymakers interested in
implementing the preferences held by their constituents. An
Al model which combines the two may be the best use of
Al for these purposes. A group-level prediction is a predic-
tion about what a group of people would prefer, aggregated
and summarized via some procedure. For example, Large
Language Models (LLMs) are neural networks trained on
massive amounts of human language. With this training,
they create probabilistic models for how individual words
and sequences of words relate to each other. As a result, they
learn how to finish incomplete sentences and how to respond
to prompts, effectively generating sentences and responses to
questions (What Is a Large Language Model (LLM)?, n.d.).
In one study, Bakker et al. (2022) developed a model which
made statements about policy questions (like “should we
lower the speed limit on roads”) and found that the model
outperformed human counterparts at making statements that
human participants agreed with.

For illustrative purposes, we asked ChatGPT to make
predictions for results if a survey was done on Singaporean
opinions about the moral acceptability of in-vitro fertiliza-
tion (IVF), embryonic selection based on polygenic risk
scores (ESPS) and gene editing.* We compared those results
to an actual study conducted by Haining et al. (2025), which

* An example of a prompt we used was, “Suppose a survey was done
in Singapore about moral acceptability of embryonic selection based
on polygenic risk scores (whereby prospective parents can select an
embryo during preimplantation genetic testing as part of the in vitro
fertilization). Suppose the poll had the options "ESPS is morally
acceptable”, "ESPS is not morally acceptable"”, "ESPS is not a moral
issue", and “not sure”. Please make a prediction for which option a
majority of Singaporeans would choose.”.
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was unpublished at the time of drafting this part of this paper
(hence, ChatGPT would not have access to results of the
survey) (Haining et al. 2025) Table 1.

ChatGPT was successful in some general predictions (that
Singaporeans would be more accepting of these technologies
than not). But it was less successful in making fine-grained
predictions. Perhaps, slightly more impressively, ChatGPT
was also somewhat accurate in making predictions which
compared the attitudes of different ethnic groups within
Singapore toward these reproductive technologies (which it
disambiguated into treatments for therapeutic and enhance-
ment reasons) (Table 2).

Again, there is some agreement with empirical results,
with Haining et al.’s (2025) finding that Chinese Singapore-
ans were more willing to use both embryo selection and gene
editing than Indian Singaporeans. This is a more important
result, because most people are intimately familiar with one,
or maybe a handful of cultures. Policymakers and pollsters
are no exception. A tool which can predict the varied pref-
erences of multiple demographic groups can thus do some-
thing that most humans are unable to do without the help of
consulting those groups. And as a result, such a tool can plug
gaps in knowledge that many people may have.

Again, the results of this particular investigation were for
illustrative purposes. More systematic research should be
conducted to determine if general, off-the-shelf, LLMs can
make robustly accurate predictions about preferences. We
suspect that they are only useful for basic outlines of the
preferences of their constituents. This is where individu-
alized predictions come in. Algorithms which make indi-
vidualized predictions are not new, and have been used in
search engines, online shopping tools, and music services

like Spotify, among other things. Recently, researchers have
explored the use of personalized language models and deter-
mined that such models made more accurate predictions than
non-personalized language models (WoZniak et al. 2024),
and have explored the applications of such models like in
healthcare (Earp et al. 2024). Personalized language mod-
els are refined using data about specific individuals, such
as their writing, social media posts, Google searches, etc.
For example, Porsdam Mann et al. (2023) have shown that
LLMs can generate detailed and high-quality academic writ-
ing based on a researcher’s writing which makes plausible
predictions about what the researcher would say about an
issue.

When it comes to moral and policy preferences, there
could be personalized LLMs refined through a process in
which individuals voluntarily answer purpose-designed
surveys and questionnaires. For example, Kim et al. (2018)
developed a model to predict the moral preferences of indi-
viduals regarding Moral Machine cases (where respond-
ents are asked to choose whether an AV should swerve in a
particular direction or not, either harming one hypothetical
group of moral subjects or another. Moral subjects varied
according to gender, age, species, employment status, crimi-
nal status, etc.). They obtained data from 10000 respond-
ents to the moral machine experiment (Awad et al. 2018),
including the responses of the respondents to 13 cases. Their
model was trained on the first eight responses for a given
respondent, and was able to mostly predict the next five
responses made by the respondent (Kim et al. 2018).

One particular area where individualized preference pre-
diction has received quite a lot of attention is in predicting
the preferences of incapacitated patients using demographic

Table 1 A comparison of
ChatGPT’s predictions and

ChatGPT’s predictions

Haining et. al.’s survey results®

Haining et al.’s (2025) survey Scenario Morally acceptable Not morally Not a moral issue Morally ~ Not morally Not a
results acceptable accept- acceptable  moral
able issue

IVF ~65-75% ~5-10% ~10-20% 48% 8% 36%

ESPS ~40-55% ~15-30% ~10-20% 40% 20% 28%

Gene-Editing  ~50-65% ~15-25% ~10-15% 32% 31% 22%

#The survey also included the option “Not sure”. In our prompt to ChatGPT, we also asked ChatGPT to
predict responses which indicated “Not sure”. We have left the option out in favor of a neater presentation,
because it does not significantly affect our investigation here

Table 2 ChatGPT’s predictions
for survey results among
Chinese Singaporean and

Indian Singaporean attitudes to
reproductive procedures

Scenario Chinese Singaporeans (morally Indian Singaporeans
acceptable) (morally acceptable)
Therapeutic embryo selection ~55-65% ~45-55%
Enhancement embryo selection ~25-45% ~15-35%
Therapeutic gene editing ~65-75% ~50-60%
Enhancement gene editing ~25-40% ~15-30%
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data and a patient’s medical history (Ferrario et al. 2023).
While there may be a lot of ethical issues that arise from the
use of such a tool, there is evidence that machine-learning
algorithms can match or improve on the performance of
alternatives (like consulting next-of-kin) in making accurate
predictions (Nagendran et al. 2020; Rid & Wendler 2010).
Combining the methods used by Kim et al. and these patient
preference predictors, we can imagine individualized models
developed using an individual’s response to survey ques-
tions, their published writing, their online interactions (with
informed consent), prior voting patterns (provided voluntar-
ily), and demographic data. From the existing research on
individualized algorithms and LLMs, there are good reasons
to think that such a model will be quite successful in making
predictions about a person’s policy preferences.

Both uses of Al—for group-level predictions and pre-
dictions about individual preferences—are potentially use-
ful for identifying the preferences of a group of voters. On
the one hand, because policymakers are presumably inter-
ested in satisfying the interests and preferences of groups of
people, group-level predictions offer more straightforward
information.

That said, predictions about individual preferences (or
small groups) can still be useful where policies are particu-
larly relevant to small groups, like minorities. In particular,
there tends to be less data about the preferences of small
rural communities and indigenous groups. Current LLMs are
good at representing the “centre of mass” of “high-frequency
observations”, but are not as good at representing potentially
important but “low-frequency” content (Lazar 2024). This
pattern of representing only high-frequency observations has
also been called “generative monoculture” (Wu et al. 2024).
That is to say, they can plausibly represent the general views
held by many members of a group, but not necessarily as
well more nuanced views or views held by minorities. A
good Al model would be able to inform policymakers what
the most common preferences are and what specific indi-
viduals or minority groups would prefer. This may involve
designing such models, such that they can make multiple
predictions about how different salient groups or representa-
tive individuals within society might respond to policies,
and present those predictions to a policymaker, so that the
policymaker can deliberate about the policies based on this
information.

We think that the best approach to using Al will combine
the best of both worlds. We envision a model comprised of
two parts. First, a series of personalized AI models. Each
of these models is trained from a common base model to
predict the policy preferences of a single individual. In
principle, there could be a model for every member of a
constituency, although this may be infeasible. In practice,
it may be enough for models to be trained on a representa-
tive group (the group could either be a cross-sectional group

@ Springer

representing society at large, or if relevant to the aims, a
more focused group representing the views of a minority
group). Ideally, these personalized models will be trained
using as much information as developers can ethically attain.
If attaining the relevant information is infeasible, the per-
sonalized models can be trained on a custom-made survey
answered by individual participants. The second part of our
envisioned model is an LLM which aggregates and summa-
rizes the results when a question is posed to the first set of
models. The final result is a model which could outperform
general models like ChatGPT in predicting the preferences
of a group, while also providing a policymaker with an over-
all view of what their constituents might prefer.

2.3 Preference predictions and value predictions

Another distinction worth making is between making par-
ticular predictions and inferences about the values or princi-
ples underlying the preferences of a group or an individual.
When a model makes particular predictions, it makes a pre-
diction about the preferences held by an individual or group
regarding specific questions. This can be as simple as asking
amodel a yes/no question, like “Would a majority of Singa-
poreans support a policy legalizing moral enhancement?”
On the other hand, an algorithmic model might also be used
to articulate the underlying principles and values held by
a group of people—perhaps even ones that they may not
be aware of. Using data gathered from public statements,
surveys, and studies, a model might be able to “discover”
or infer the underlying moral considerations for the beliefs
held by people, and relative weight that people attach to
various moral considerations (Kim et al. 2018). For example,
consider again the Moral Machine experiment, which had
participants make choices on which groups ought to be saved
(in a series of choices with two options each). A series of
choices can reveal certain values which a respondent consid-
ers important, like overall utility, moral desert, or respect for
the elderly (Awad et al. 2018). Analyzing the vast amount of
information about the choices made by people is no small
feat, but AI models are able to draw some inferences about
people’s values from a large pool of data.

A model which makes particular predictions has one
obvious advantage over a model which makes inferences
about values—it provides direct feedback to policymakers
about what their constituents probably want. So why should
policymakers want a model which interprets and articulates
underlying values and principles? In part, policymakers
may be better equipped to explain, justify, and engage in
dialog about their decisions with their constituents if they
have access to information about the values and principles
held by those constituents. Thus, AI models which provide
information about the values of a group of people can help
policymakers live up to the ideals of deliberative democracy,
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which places importance on “equal and inclusive public
deliberation where reasons are offered in support of alterna-
tives, and where citizens can have their preferences informed
and possibly transformed through discussion with others”
(Benson, forthcoming, p. 3).

In addition, it is sometimes difficult to explain to people
the precise details regarding different policy contexts and
policy alternatives. Thus, when a policymaker presents peo-
ple information about their predicted policy preferences, it
may be difficult for people to assess such information. For
example, suppose that a policymaker has a choice between
two policies, X and Y, which differ only in some very tech-
nical legal details. If a policymaker told her constituents,
“We are going to enact X policy over Y policy, because that
is what the Al model says you will prefer”, her constituents
may have no way of assessing these statements, unless they
have access to technical expertise. By explaining how policy
X fits the values of her constituents, they may have more
context with which to assess the policies. A similar point
may be made about policies regarding new or complex tech-
nologies. By articulating how one policy may be more con-
sistent with a society’s values, a policymaker will be more
able to engage with their constituents, and conversely, con-
stituents will be more well equipped to engage with policy.

3 Implementation

Having covered some distinctions in how policymakers can
use Al models, we want to consider some specific examples
for how policymakers can use Al models to improve out-
comes for their constituents. As we noted earlier, we believe
that the most useful and most ethically justifiable use of Al
are epistemic uses. Therefore, this section will focus on epis-
temic use cases (with the caveat that using Al for primarily
epistemic reasons can sometimes have participatory effects).
What we discuss here is not exhaustive, but rather should
be read as an illustrative list of use cases for Al preference
prediction in policymaking.

3.1 Pre-proposal screening and double-checking

Policymakers can use Al models to “screen” policy pro-
posals prior to tabling them for official discussion. When
a policymaker wants to propose a policy, she might run the
proposal through an AI model trained to provide predic-
tions on how different groups within her constituency will
react. The information she obtains can tell her whether
the policy is ready to be proposed publicly, whether it
needs some changes, whether further consultation and
workshopping is required, or whether it should be shelved
altogether. If the AI model indicates that some groups

may have concerns about a proposal, the policymaker can
take this as a clear sign that she needs to dedicate more
resources to working with those groups to assuage their
concerns. The AI model thus helps the policymaker to
target her efforts at engagement more effectively and effi-
ciently, in turn making it easier for her to meet the needs
of her constituents.

In a very similar vein, policymakers can also use Al
models to double-check information they have—or think
they have. For example, a policymaker may believe that
her constituents favor a specific policy based on personal
interactions and focus groups. Instead of putting together
a policy based on that information alone, she may also
consult an AI model which predicts how the wider society
may respond to the policy. This sort of double-checking
is useful in at least two ways. First, it can either confirm
information that the policymaker has or contradict the
information, in which case it can motivate the policymaker
to investigate the matter further before making any pro-
posals. Second, it can alert the policymaker to gaps in her
current sources of information, perhaps by alerting her
to the views of groups that were not represented in focus
groups and discussions.

Of course, Al models may have their own shortcomings.
They may not be entirely accurate, offer vague predictions,
and may nonetheless fail to represent all groups in soci-
ety. However, the performance of an Al model should be
compared to how policymakers otherwise gain information
about their constituents. Standardly, politicians rely on a
number of sources, including direct contact with citizens,
traditional media, their confidants, social movements and
interest groups, and social media, among other sources
(Walgrave and Soontjens 2023). But these sources have
their limitations. Sources like the media, confidants, and
interest groups are often biased and unrepresentative. And
furthermore, some groups are more politically engaged
than others, and politicians (like most people) tend to have
more contact with select groups of people than others.
As a result, the information that politicians have access
to may be unrepresentative of their entire constituency.
Politicians, just like ordinary people, often experience
“filter bubbles” which affect their perception of the world
(Bozdag and van den Hoven 2015). Thus, it is important
for policymakers to have access to other sources of infor-
mation regarding the preferences of their constituents,
especially groups of people less frequently represented in
traditional sources of information. We do not believe that
Al models should replace traditional sources of informa-
tion; it is still very important for policymakers to engage
with their constituents in real life. But the use of AI mod-
els can help policymakers obtain information which would
otherwise be difficult or costly to obtain, which can then
be used to inform further steps.
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3.2 Collective reflective equilibrium

Reflective equilibrium is a prominent method of moral
philosophy, which involves analyzing both our considered
moral judgments about particular cases and our deeper
moral principles and values. We adjust our moral judgments
and principles when cases and principles come into con-
flict with each other, with the aim of achieving coherence
between our judgments and principles. Originally outlined
by John Rawls, reflective equilibrium requires an ethicist
to use their own judgments, or the judgments of compe-
tent judges, as key data points in the method (Knight 2025).
Recently, a number of philosophers have suggested that this
methodology can be extended to groups of people as Col-
lective Reflective Equilibrium, which is not just a method of
moral philosophy, but a method for justified policymaking.
In Collective Reflective Equilibrium, policymakers consider
the judgments of groups of people, including policymak-
ers, ethicists, lawyers, and relevant medical and scientific
experts, and lay public and citizens (Savulescu et al. 2021).
These judgments are held up against plausible moral theo-
ries, principles, and values, and revised until a coherent set
of policy conclusions are reached.

Collective Reflective Equilibrium is valuable in two
distinct ways. First, it is epistemically valuable. Moral phi-
losophers often rely on their own intuitions regarding cases,
like the Trolley Problem, to arrive at conclusions about
principles and theories. These intuitions can be affected
by bias, emotion, and idiosyncratic features of their own
reasoning (Greene 2016). By surveying groups of people
and obtaining their judgments, ethicists can gain informa-
tion about the moral intuitions of others, possibly revealing
information about which intuitions and judgments are more
or less robust. Of course, groups of people are often sub-
ject to biases and faulty reasoning, which can lead to bad
judgments. But part of Collective Reflective Equilibrium
involves “laundering” survey data by excluding judgments
which are clearly the products of bias or contradict impor-
tant moral principles (Savulescu et al. 2021). Nevertheless,
information about the considered judgments of large groups
of people can give us information about which policies are
more likely to cohere with an equilibrium of judgments and
values. Second, Collective Reflective Equilibrium can help
justify policy. As Savulescu et al. (2021, p. 656) point out,
“In liberal democracies, the legitimacy of a policy depends
on whether the public have a role in shaping it”. Thus, the
considered judgments of a constituency can confer justifica-
tion on relevant policies.

What role can AI models play in Collective Reflec-
tive Equilibrium? One obvious answer is that Al models
can predict the judgments people might have about some
issue, or make inferences about people’s underlying values.
These judgments and values can be directly factored into
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the Collective Reflective Equilibrium process, and used in
the same way actual judgments and values would be used in
Reflective Equilibrium. This sort of use has epistemic value,
especially when it is difficult or costly to obtain the actual
judgments of people in surveys or consultations. Moreo-
ver, vast numbers are accessible to Al which potentially
increases the breadth and depth of prediction. But it seems
unlikely that this sort of use, by itself, can justify policy.
After all, policies in democratic societies gain legitimacy
from the actual actions performed by its members, like their
votes, not predictions of how they would vote.

Another role AI models can play in Collective Reflective
Equilibrium is in the laundering process. As noted earlier,
the judgments of participants should meet certain criteria to
“count” as considered judgments. For example, we should
not revise our moral principles and values, so that they
cohere with clearly racist judgments. AI models can help
to launder judgments in a number of ways. For example,
a model could generate sets of judgments which are most
consistent with a set of pre-established underlying values.
A secondary Al model might then be used to compare these
generated judgments with actual judgments, filtering out
judgments which are most inconsistent with the generated
judgments.

In addition, Al models can help compare people’s
revealed preferences to their stated preferences. These two
sets of preferences are not always the same. For example,
while a majority of women say they will not terminate a
pregnancy if they received a diagnosis of Down’s Syndrome,
most women do in fact terminate their pregnancies follow-
ing such a diagnosis (Savulescu et al. 2021). In Collective
Reflective Equilibrium, we may therefore have to make
decisions between revealed and stated preferences, should
they be different. As we noted earlier, algorithms like those
used in the Moral Machine experiment can be used to make
inferences about the values underlying a set of decisions. In
turn, these inferences about values can compared to a set of
stated values—perhaps obtained through a survey. At this
point, a human decision-maker will have to make a choice
about whether to prioritize the revealed preferences of the
relevant group or their stated preferences. In some cases, the
revealed preferences of a person may be closer to their actual
preferences than their stated preferences, and may thus be
more likely to provide justification for policy. In other cases,
the revealed preferences of a person may constitute some
implicit biases we should reject (for example, a person raised
in a racist community may make choices which reflect some
implicit racism, even though they may disavow the racism).
Based on what the decision-maker knows about the context
of the preferences made, they will have to make some judg-
ment about whether a group’s revealed preferences or stated
preferences best represents the considered judgments held
by the group as a whole. Once this decision is made, an Al
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model may once again be used to help filter out preferences
which are deemed to be not representative or inconsistent
with the underlying values and principles held by the group.

The use of Al in Collective Reflective Equilibrium can
be taken further with the integration of direct democratic
participation, which allows Al models and users to adapt
to the changing preferences of groups. We envision a pro-
cess that involves an Al model which undergoes constant
reinforcement and updating with human feedback, and a
representative citizen’s jury which interacts with the model
over time. This process has a number of potential benefits.
First, it ensures that the AI model is constantly updated
and improved to better match the preferences of the rep-
resented. Second, it gives people more chances to partici-
pate in a democratic process, which in turn has a number of
potential benefits, like facilitating the development of civic
virtue. Third, it is an iterative process where judgments
made by an Al model may be presented to human partici-
pants, who make their own judgments which are fed back
to the model, and so on. This bears some similarity to the
method of reflective equilibrium outlined by Rawls, which
involves going back-and-forth between particular judgments
and broader principles (Rawls 1971). This iterative method
allows theorists to take into account new information which
may lead them to revise our judgments. Similarly, an itera-
tive process of presenting Al judgments to human judges,
asking them to revise their own judgments in response, and
feeding the judgments back to the Al model could result in
decisions which are ultimately more coherent and responsive
to new information.

“Enlightened Preference” Prediction

In the book, Debating Democracy: Do We Need More or
Less, Brennan describes an alternative to democratic voting
systems which he calls “Enlightened Preference Voting”.
Roughly, in this system, citizens are asked to state their pref-
erences on election day. In addition, they are asked for their
demographic information and are quizzed on basic political
information. After this, “The government electoral commis-
sion then uses the data to estimate, via predetermined meth-
ods, what the public would have wanted if it were demo-
graphically identical but had gotten a perfect score on the
knowledge test” (Brennan 2021, p. 99). Essentially, Bren-
nan’s proposal involves making a projection of what people
would choose if they were more well informed on political
matters—in other words, their “enlightened preferences”.

We do not share Brennan’s revisionary goal of providing
an alternative to democracy. Nevertheless, there is some-
thing to be gained from knowing how some groups of people
would choose if they had access to more information, time,
or experience. Voters are often affected by misinformation
or lack of information. For example, Brennan points out that
many voters are misinformed about some verifiable facts,

like the number of immigrants within a country (Brennan
2021). Or consider again issues which are highly technical
or involve new technologies, where people may form opin-
ions based on incorrect or misleading information.> This
misinformation can lead people to make choices against the
interests of themselves and the community—choices they
would not have made had they been better informed. As a
result, knowing how people would choose, were they better
informed, can help policymakers determine which policies
are both in the interests of the voters and consistent with
their underlying values.

There are reasons to believe that Al tools can make plau-
sible predictions about people’s enlightened preferences.
One simple method of making such predictions involves
determining the preferences most educated and well-
informed members of each demographic group. In princi-
ple, human agents can make these predictions, but machine-
learning tools have the ability to find associations between
many more data points (about each person’s demographic
characteristics), allowing for finer-grained and more accurate
predictions. A more complicated, but perhaps more justifi-
able method, involves asking people questions about their
underlying values and priorities, and using this, together
with demographic data, to project what a person with their
set of values would prefer.

While we do not favor the replacement of actual voting,
as Brennan does, these Al-generated enlightened prefer-
ences can be used a number of ways. For one, they can be
used in Collective Reflective Equilibrium to help launder
people’s views. By comparing people’s enlightened pref-
erences to their expressed preferences, we can determine
which expressed preferences are clearly inconsistent with
enlightened preferences, which could help weed out prefer-
ences which are inconsistent with empirical facts. Another
possible use of Al-generated enlightened preferences is in
a more deliberative system. We can imagine, for instance,
citizen’s juries where citizens are invited to state and discuss
their preferences. At some point during deliberations, they
may be presented with information about their enlightened
preferences, and invited to deliberate further on policy with
this new set of insights. There can even be some back-and-
forth here, where new discussions are held after participants
are shown their enlightened preferences, which are in turn
fed into the Al tool to generate a new model, producing
potentially new results. Finally, enlightened preferences may
simply be used as a data point by policymakers, helping

3 For example, see (Levin 2008), who points out that opinion polls
on reproductive technologies fail to capture the fact that large por-
tions of the (American) public are not familiar with those technolo-
gies.
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them make decisions which are representative of the values
held by their constituents.

4 Challenges

We shall now consider challenges to the use of Al in policy
making. One theme of many worries is that the use of Al
to represent people simply does not work. For example, it
is unclear that it is possible “to design LLM representa-
tives that reliably predict and track a principal’s judgments”
(Lazar and Manuali 2024, p. 11). Related problems include
a propensity to make things up and being excessively “lossy”
(Lazar and Manuali 2024, p. 3). While work on Al prefer-
ence prediction is promising, it is still in its infancy. And
limited work has been done on predicting the political or
moral preferences of individuals. Predicting the preferences
of groups may be a bit easier, but Al models tend to create
output which is representative of high-frequency content,
meaning that minority views and nuanced views tend to be
left out (Lazar and Manuali 2024).

However, given the rate of research and improvement in
this field, it is prudent to treat objections along this theme
as tentative. The reliability and accuracy of Al preference
prediction is likely to improve significantly within a matter
of years. In fact, some recent developments like the Delphi
experiment (Jiang et al. 2025) show that Al systems can be
trained to make moral judgments to a relatively impressive
degree, achieving an accuracy of 92.8% in making moral
judgments (measured against the Norm Bank, a textbook
of crowdsourced moral judgments). Furthermore, when we
assess the reliability of LLM representatives, we should
compare them to human representatives and politicians.
As we noted at the beginning of this paper, human repre-
sentatives have at best a mixed record at representing their
constituents. And in representative democracies, a majority
or plurality is typically sufficient to elect a representative,
which means that the representative may not represent the
preferences of a minority within their electoral districts.
Thus, given the right use cases, even somewhat unreliable
Al representatives may still offer some potential improve-
ments over the status quo.

Lazar and Manuali (2024, p. 9) point out (plausibly) that
“we should expect a higher standard from a computational
means of democratic information processing than from
humans” (Lazar and Manuali 2024). One reason (among
a few, although this seems the most important) they pro-
vide for this claim is that humans can be held accountable
for their errors, while AI models cannot (Lazar and Manu-
ali 2024). This seems correct, but users of AI models can
be held responsible for bad outcomes if they are found to
have used insufficiently reliable AI models, or if they used
Al models without the right precautions. Furthermore,
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institutions can adopt “strict liability” norms and regula-
tions for the use of Al, such that (under the right conditions)
Al users will be expected to take responsibility and account
for bad outcomes even when the Al functions as expected.
Finally, Lazar and Manuali’s claim is compatible with the
conclusion that we should use Al models to support poli-
cymaking, as long as those models outperform their human
counterparts by a sufficiently large margin. We need more
evidence to determine whether Al models meet this stand-
ard. But because human representatives have some serious
flaws, there are good reasons to suspect that AI models can
meet the standard sometimes.

A second theme of potential objections and worries
focuses on the fundamental flaws which we know LLMs
and generative Al tend to have. These include a tendency to
“hallucinate” or make things up, (Zhang et al. 2023) intro-
ducing “subtle but significant” changes in meaning, (Lazar
and Manuali 2024, p. 9) tendencies to overrepresent or
only represent high-frequency content, (Lazar and Manuali
2024) and replicating biases (Liu et al. 2022). Finally, people
worry about the opacity of many Al models.

Let us start with the problem of hallucination, and the
introduction of changes in meaning. Because the role of
a model here is to make predictions rather than represent
existing data, it cannot hallucinate (any prediction involves
making things up to some extent). Rather the question is
how closely the predictions match the choices people would
make. To some extent, this sort of accuracy is something
that can be tested (by comparing the model’s predictions
to actual polls) and improved over time. Similarly, because
Al models are not used to represent existing data, no issue
arises regarding changes in meaning.

Next, the problem of bias. It is worth disambiguating
between two kinds of bias. One kind of bias is that which
arises from the replication of human bias from training data.
For example, if a group of people have biased views, then
any LLM trained on their stated views will also be biased.
The fact that AI models replicate biases and overrepresent
high-frequency content is a potential risk, but the risks can
be mitigated. If user is aware that a given output may rep-
licate biases or may be unrepresentative, she need not be
misinformed by the model. In fact, it can often be useful
for policymakers to be made aware of sectarian opinions
or common biases held by members of their constituencies.
Knowledge about such opinions and policies may give poli-
cymakers the tools to navigate around certain issues more
deftly, or engage their constituents in terms they will more
readily understand and accept. As an analogy, surveys can
and often do represent the biases held by a population; this
does not mean that surveys are useless. It is instead impor-
tant to design Al models in a way such that they explicitly
inform their users that their predictions can replicate biases
by amplifying commonly made views and claims.
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Another kind of bias that can occur in machine-learning
involves other issues in the way data are collected and gen-
erated. This kind of bias can include “specification bias”—
“bias in the choices and specifications of what constitutes
the input and output in a learning task™, “sampling bias”,
which occurs when there is disproportionate representation
from segments of a population, and “annotator bias”, which
refers to biases that may be transferred from human annota-
tors to a machine-learning model (Hellstrom et al. 2020).
These kinds of biases are potential issues, because an Al
tool can misrepresent the preferences of a group of peo-
ple. Nevertheless, the use of Al tools cannot be ruled out at
this theoretical stage. It is possible to “audit” an Al tool or
algorithm to assess how biased it is (Bandy 2021; Metaxa
et al. 2021). And even if an Al tool is not entirely accurate,
it may still outperform or match other means of obtaining
information about preferences. This includes tools like sur-
veys, which can also be biased. In practice, it may be best
for a policymaker to use multiple tools, including both Al
and traditional tools, to understand the preferences of their
constituents, as a diverse set of sources may provide them
with the most accurate picture.

Let us now discuss the issue of opacity: the property of
being difficult or impossible for users or operators to under-
stand. In machine-learning, one major concern is opacity
that arises because of a mismatch between “mathemati-
cal optimization in high-dimensionality characteristic of
machine learning and the demands of human-scale reason-
ing and styles of semantic interpretation” (Burrell 2016,
p- 2). When an Al tool is opaque in such a way, even the
developers of the tool may not fully understand how it turns
specific inputs into outputs. Opacity in machine-learning
creates a few concerns. For one, opacity means that an Al
tool may have some biases which we are unaware of, or pro-
duce results for reasons that the represented user does not
have. This can lead to the Al tool making predictions that are
simply incorrect (Dowding and Taylor 2024). This concern
is in principle mitigable; as noted earlier, we can audit an
algorithm “from the outside” to determine how accurate or
biased it is. This can be done, for example, by testing the
results provided by the algorithm against a known data set.

Another set of concerns about opacity in machine learn-
ing has to do with justification. Many believe that in order
for an agent to justify their decisions, they must be able to
explain how they arrived at those decisions. Because we do
not know how opaque Al tools translate inputs to outputs,
a policymaker who uses such a tool cannot justify deci-
sions based on those tools. Relatedly, we might worry that
a policymaker who does not justify their decisions cannot
be held accountable, or that their decisions will be illegiti-
mate (Lazar 2023). This issue of opacity is much larger than
we can do justice to here. That said, while we think these
are legitimate concerns, they are not necessarily reasons to

reject the use of opaque Al tools completely. There is a dif-
ference between why a decision was made, and the justifica-
tion for that decision. A justification refers to our objective
reasons to believe or accept a decision. Sometimes, knowing
how a decision was made can give us reasons to accept it.
But even when we do not know why an Al made a decision,
we can sometimes still determine if the decision is justified
(Muralidharan et al. 2024). For example, suppose that a poli-
cymaker uses an LLM which tells her that her constituents
are likely to support policy X over policy Y. Even if she does
not know how the LLM works, there are still ways for her
to obtain information about whether this conclusion is justi-
fied. She might check the historical accuracy of the LLM,
consult surveys which corroborate the conclusion, or rely on
her knowledge about which policy is more consistent with
the values of her constituents. Together, these sources of
information can give her reasons to believe (or disbelieve)
the conclusion. In turn, she can relay this information to her
constituents, giving them reasons to accept the conclusion
or not.’

A third theme of worries are about how the use of Al
models in democratic decision-making can result in under-
mining the “participatory reasons to value democracy”
(Lazar and Manuali 2024, p. 11). That is to say, there are
a number of goods that societies can gain when people
actually participate in democratic decision-making. These
include the cultivation of democratic virtue and character
(Christiano and Bajaj 2024), conferral legitimacy or author-
ity on representatives, public justification (Christiano and
Bajaj 2024), the expression of equality (Singer 1973), and
the transformative effect of participating in political dialogs
(engaging with others can help us recognize their values
and give us reasons to change our own preferences) (Lazar
and Manuali 2024). The thought is that when people par-
ticipate in democratic processes like voting, their societies
benefit in ways that they would not otherwise because of
these goods. As a result, any attempt to replace these pro-
cesses or automate them will result in the loss of something
distinctly valuable.

We agree that AI models should not be used in place of
existing democratic procedures like voting. Policymakers
and representatives should continue to consult their con-
stituents in dialog when making important policy proposals.
Such consultation is particularly important with respect to
minority groups and groups with minority opinions, because
their voices are unlikely to be represented by a majority vote.
Instead, what we have discussed is the use of Al models,

% And conversely, constituents can hold policymakers to account if
they fail to provide adequate justification—for example, if they rely
on an opaque Al tool without providing any other justification for
their decisions.
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Table 3 A summary of acceptable uses of Al, and some constraints and limitations

Acceptable uses of Al

Constraints and limitations

Epistemic uses—i.e., policymakers using Al to learn more about the
preferences of their constituents

Pre-proposal screening

Double-checking

Collective reflective equilibrium—using Al to generate data points

Collective Reflective Equilibrium—yview laundering

Enlightened preference prediction—helping users understand what
people would want under ideal conditions

Representative uses—AI should not be used to replace democratic
procedures like voting

Biases—users should be aware that Al systems can replicate biases held
by groups of people

Replacing engagement—in using Al, users should not ignore the need
to engage their constituents

including LLMs, to remediate existing shortcomings in the
way policymakers currently seek information regarding the
preferences of their constituents. It can be costly or infeasi-
ble to get information about certain groups of people, like
rural communities. It may also not be possible or feasible
to more directly obtain large numbers of preferences and
analyze them, say in an emergency or crisis. Or it may be
difficult to ask people for their preferences with respect to
new or highly technical issues, like new genetic editing tech-
nologies. These limitations can be exacerbated by biases
held by the policymakers, overconfidence, false beliefs, and
sheer laziness. While Al models will not automatically make
these limitations disappear, they can make it easier for poli-
cymakers to get an initial sense of how their constituents and
particular groups may feel about a policy or state of affairs.
In turn, the policymakers may be better equipped to engage
with those groups in person, or be alerted to issues and con-
siderations they may not have thought of in the first place.
This sort of use of AI models—for epistemic purposes—
comes with some risk. If policymakers have easy access to
information about certain groups via Al models, they may
see less of a need to engage with those groups in person.
Given pressures to cut costs and reduce workloads, politi-
cians may be motivated to replace actual engagement with
people with the use of AI models. This is not the outcome
we want. Nevertheless, there is some natural pressure against
such an outcome occurring. People want to raise their opin-
ions and concerns, and want to be heard. Even when most
people do not participate actively in town halls or council
meetings, we look for other ways to express our opinions,
like on social media. Thus, it seems somewhat unlikely that
people will simply accept a status quo where policymak-
ers use Al models at the exclusion of engagement with real
people. Furthermore, there are measures that societies can
take to reduce the risk of policymakers replacing engage-
ment with using AI models. Government institutions can
introduce and maintain formal requirements for the passing
of policies and regulations. For example, the Government of
Canada has codified a “duty to consult” Indigenous groups
when it considers conduct which “might adversely impact
potential or established Aboriginal or treaty rights” (Canada
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2012). While such duties do not guarantee that policymakers
act in ways which respect the claims of such groups, they can
at least ensure that policymakers sit down with representa-
tives of those groups and listen to them. This could assuage
concerns that access to Al preference predictors might cause
policymakers to forego any engagement altogether.

One final worry we want to address is the possibility that
policymakers become overly sensitive to the preferences
of voters. Some theorists hold that policymakers should
act as “trustees” on behalf of the wider community, doing
their best to promote the interests of the community (Dovi
2018). Policymakers may sometimes have to act against their
preferences of their voters if doing so is in the interests of
the wider community. This is especially important if there
are reasons to believe that members of a constituency hold
poorly informed or biased views. If these theorists are cor-
rect, we would want policymakers to have some discretion
to implement what they believe is best, and we do not want
them to be oversensitive to the views of their constituents.
That said, there are ways to use Al prediction tools in ways
which do not merely present preferences to policymakers.
As we have discussed, Al tools can be used to articulate
the values underlying people’s views, generate preferences
which are most consistent with those underlying values, and
to launder preferences and views which are based on misin-
formation or bias. Thus, the risk of policymakers becoming
oversensitive to voter preferences is a function of how they
use the Al tools. Merely using any Al tool will not necessar-
ily result in this sort of oversensitivity (Table 3).

5 Conclusion

There are many ways in which Al models and LLMs can
influence policy, policymakers, and democratic procedure.
Some of these ways are benign and beneficial, and some
of them potentially harmful. In this paper, we have dis-
cussed one particular way in which AI models can be used
to augment policymaking in democratic societies. They can
be used by policymakers to gain a better understanding of
the preferences and values held by their constituents, thus
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enabling them to be better representatives. We have also
clarified that this use of AI models should not take the place
of the ways in which people participate in democratic deci-
sion-making, like in voting or other consultations. While
Al models are far from perfect, we believe that they can
improve on the current status quo where representatives do
not seem to understand the wants and needs of their voters.
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