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Abstract

The recent rapid advances in natural language processing (NLP) and
the development of large language models (LLMs) open up new research
directions in other areas of AI, including the broad area of decision mak-
ing. In this position paper we identify a novel research agenda for the
field of computational social choice by charting the significant range of
opportunities for integrating text-processing algorithms into the design
and analysis of mechanisms for collective decision making.

1 Introduction

A collective decision involves a group of autonomous agents having to choose
from a set of alternatives, with this choice affecting each individual decision-
maker. From voting in political elections and deciding on municipal budgets,
to collectively agreeing on binding texts of a contract or public statement, the
applications of collective decision making are varied and complex. Recent devel-
opments in digital democracy—such as deliberation platforms and systems for
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collective statement generation (Jigsaw, 2025)—introduce new challenges in this
field of study due to the unstructured nature of the space of possible outcomes
and the potentially large-scale participation enabled by modern technology. We
argue that these challenges can be addressed through a careful integration of
algorithms developed in computational social choice (COMSOC)—grounded in
economics, discrete mathematics, and theoretical computer science—and nat-
ural language processing (NLP) techniques, including large language models
(LLMs), which in turn rely on statistical analysis.

Collective decision making in multiagent systems, and in AI more broadly,
has traditionally been analysed through the lens of social choice theory (Arrow
et al., 2002). In essence, classical models consider a set of agents or voters
who express preferences over a set of alternatives by means of various ballot
types, such as approvals or rankings, and a voting rule or aggregation function
tasked with selecting a collective decision from this input. COMSOC researchers
have thoroughly studied computational problems in collective decision making,
from computing outcomes with good properties to finding strategic ballots to
influence results (Brandt et al., 2016).

Classical models of social choice typically treat the available alternatives
as mathematical objects, denoted simply by letters, and assume that there are
no a priori dependencies between alternatives—with the notable exception of
voting in combinatorial domains (Lang and Xia, 2016)). This, of course, is an
extreme abstraction from reality. City projects submitted to a participatory
budgeting campaign are rich semantic objects containing, at the very least,
a title and a description, and often also a location and a category (such as
“education” or “environment”). Proposals on deliberation platforms typically
are written in some recognisable style of language, often identifying the political
affiliation of the proposer. In these domains, it is often easy for humans to
recognise duplicate proposals, or to infer the opinion of other voters from just
a few samples of their preferences on related issues, while these tasks are hard
if not impossible when alternatives are represented by abstract mathematical
symbols.

This calls for an enrichment of classical models of social choice by incorpo-
rating such textual information. While this would have seemed an unrealistic
objective even just a few years ago, recent advances in AI have made power-
ful text-processing technologies accessible to both researchers and the public at
large. LLMs have redefined the modern understanding of the term “AI”, not
only in the media but also for many researchers. LLMs are being used to anno-
tate huge corpora, fundamentally changing social science research (Grossmann
et al., 2023), and to provide real-time transcription and analysis for both TV
and surveys (Chang et al., 2024). LLMs are also being misused to simulate par-
ticipants in social science data (Wang et al., 2025b) and to replace software
evaluators (Wang et al., 2025a). These extraordinary abilities of general text
processing have resulted from a steady march of innovation, investment, and
software tools being developed; from Word2Vec (Mikolov et al., 2013), to trans-
formers (Vaswani et al., 2017), to easy-to-use software packages and distribution
methods, and LLMs being accessible as API services.
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Figure 1: Schematic view of collective decision making as aggregation of prefer-
ences, elicited from voters, into outcomes, with potential contributions of NLP
at each level.

Through these tools and APIs, LLMs are easily available to practitioners
of digital democracy and policy makers, who are increasingly in search of safe
and well-tested approaches to combine classical voting methods with the con-
versational capabilities of the latest LLM technology. In this position paper we
argue that contemporary NLP techniques, including LLMs, provide researchers
in computational social choice with powerful tools to explore the use of textual
data in collective decision making. They further empower researchers to design
innovative decision-making tools that are more likely to be adopted by large seg-
ments of the population and policy makers—with all the risks that this entails
and which thus must be carefully assessed and managed.

The aim of this paper is twofold. First, by structuring and surveying the re-
cent research efforts on developing algorithms for collective decisions with text,
we are able to show that they do not form a set of isolated initiatives but an
identifiable research agenda. Second, our paper is an invitation to researchers
from fields such as computational social choice and algorithmic game theory to
embrace textual data and view collective decisions in this new light. To present
this research agenda, we use a schematic (and simplified) view of collective deci-
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sion making, starting with the elicitation of voter preferences over alternatives,
followed by the use of a suitable aggregation function to produce outcomes, all
of which is governed by a number of high-level normative principles (so-called
axioms) that constrain what would be an acceptable outcome in view of the pref-
erences collected. Each of the next four sections details how NLP techniques,
and LLMs in particular, can be implemented to advance research and develop-
ment in this domain, as illustrated in Figure 1. Section 2 discusses the elicitation
of voter preferences by means of text, and the use of NLP techniques to tackle
the information overload resulting from high levels of participation in digital
platforms. Sections 3 and 4 present innovative aggregation methods obtained
by employing NLP techniques in the design of voting processes, with Section 4
focusing specifically on the problem of aggregating textual statements. Section 5
considers the application of classical social choice concepts, and notably the ax-
iomatic method, on textual voting data. We conclude in Section 6 with a brief
review of currently available datasets that collect user preferences over alter-
natives described or complemented by textual information, and in Section 7
with a critical assessment of the risks and limitations of our proposed research
programme.

2 Textual Preference Elicitation

The elicitation of preferences is usually the first direct contact between a voter
and a collective decision-making problem. During elicitation, voters discover the
alternatives, form their opinion, and eventually express that opinion. In many
real-world applications, this may be the hardest part of the process: voters may
not discover relevant options, may not be able to make meaningful comparisons,
or misunderstand constraints.

LLMs can provide a powerful interface layer that mediates between vot-
ers and formal mechanisms to tackle such problems. To cite some examples,
Soumalias et al. (2025) and Huang et al. (2025) experiment with textual prefer-
ence elicitation in the related field of combinatorial auctions, comparing classical
ML-based query generation approaches to LLM agents that can interact with
bidders using text. When aggregating textual statements (a problem we will
discuss in Section 4), most approaches train and assess a specific LLM for each
user to be able to infer the user’s preferences over new statements (Fish et al.,
2024; Tessler et al., 2024). Mohsin et al. (2021) experiment with a random-utility
model to learn from users’ textual comments over alternatives before preference
aggregation. Other works have used NLP techniques, including transformers, to
directly model preferences for auctions and other settings (Peri et al., 2021) or
to generate dependencies between alternatives using text descriptions (Vallam
et al., 2019). Finally, reconstructing voter preferences from demographic data
has been tested in participatory budgeting (Yang et al., 2024) and pairwise
voting (Gudiño-Rosero et al., 2024).

A number of research directions can be further explored in the elicitation
stage. First, LLM agents can help users identify relevant alternatives. In partic-
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ipatory budgeting, for example, they can help users in dealing with the overflow
of information, by presenting them with key facts about certain projects, by
providing concise summaries of projects in a neighbourhood, and by catching
duplicates (i.e., near-identical proposals). Second, LLMs can help voters un-
derstand the implications of selecting particular alternatives. For instance, by
clarifying who benefits and what are the consequences of a given choice, al-
lowing for more informed and conscious decisions. Third, a suitably designed
LLM interface can support the elicitation of preferences, for example, by asking
comparative questions, reducing the cognitive load associated with casting a
ballot; we are beginning to see work in this direction (Montazeralghaem et al.,
2025; Soumalias et al., 2025). This can take an iterative form, with the interface
presenting to the user their final ballot highlighting trade-offs and constraints,
allowing them to update their vote before it is submitted (Kephart et al., 2019).

3 Text-Aware Aggregation

After we have elicited voters’ preferences, we need to aggregate these prefer-
ences. Unfortunately, the information provided by the collected ballots might
not suffice to find a satisfactory outcome, perhaps because preference informa-
tion is (very) incomplete or because logical dependencies between alternatives
are ignored. If additional textual data on the alternatives is available, NLP
techniques can be leveraged to overcome these problems, e.g., by finding similar
proposal or filling in preferences (Vallam et al., 2019). A paradigmatic applica-
tion would be a system for online discussions where users can post comments
and up- or down-vote those of others. Indeed, this might be one of the most
common forms of social choice happening today, both on deliberation and on
social media platforms.

In these cases, it is possible to make decisions purely based on the votes,
for example by interpreting up-votes as approvals and selecting the most popu-
lar or representative comments using approval-based, multi-winner voting rules
(Lackner and Skowron, 2023), as demonstrated by the website Proportion-
ality Press (Rey, 2025). However, in many applications, the vote data is
highly incomplete, as the number of comments is often too large for any user
to view even a significant percentage of the contributions.1 More fundamen-
tally, by ignoring the text, we might select comments that are contradictory or
involuntarily ignore important sub-discussions and topics.

The textual information present in these datasets in the form of posted com-
ments can be leveraged to extract structural information about the alternatives.
For example, we can use NLP techniques to extract logical connections between

1This can be checked in conversations extracted from Pol.is (Computational
Democracy Project, 2024), particularly the larger ones. For example, in the
march-on.operation-marchin-orders conversation (2,161 comments), the average user
reacted to 85 comments, while in the austria-climate.5tzfrp5eaa.2022-07-07 conversation
(2,138 comments), the average user reacted to 95. Other Pol.is conversations exhibit similarly
sparse votes: on average, across all available data, users react to about 9% of the comments.

5



comments, such as whether one argument attacks another—a problem exten-
sively studied by the argumentation mining community (Lawrence and Reed,
2019; Gorur et al., 2025). Based on such logical structures, we can provide
logically consistent recommendations using methods from judgment aggrega-
tion (Baumeister et al., 2024; Grossi and Pigozzi, 2014) or solve the problem
of incomplete vote information by expanding voters’ partially expressed prefer-
ences into maximally consistent viewpoints (Bernreiter et al., 2024). Similarly,
we can use LLMs to provide topical clusterings of the comments (Liu et al.,
2025), which we can then use to constrain outcomes to ensure full coverage of
the topics discussed (Masaŕık et al., 2024). This approach ensures explainable
and auditable outcomes, as the extracted structure between the comments can
be made understandable and interpretable for humans, while the social choice
mechanisms using these structures can remain white-box and deterministic.

To succeed, many challenges need to be faced. While voting with constraints
on outcomes has been studied intensively, the literature often assumes rather
precise and complex constraints expressed in, e.g., propositional logic. Such
constraints are much harder to extract from text than simple relations such as
argument attacks. Further work is therefore necessary to identify the best trade-
offs in terms of the expressivity of the extracted structures. Additionally, there
are complex questions related to how to represent and use conflicting or con-
tentious information, and these issues are gaining traction in the broader NLP
community (Kim and Diaz, 2025; Wang et al., 2025c). Social choice research
may offer new approaches to address these problems.

4 Large Language Models as Aggregators

Consider a question under discussion by a community, such as “Should LLM
reviews be integrated into the paper acceptance decisions at an international
AI conference?”. Ask each community member—in this example the members
of the conference program committee—to write a short paragraph summarising
their opinion, then feed all this to an LLM with a carefully designed prompt
to generate one or more candidates to be used as consensual statements rep-
resenting the opinion of the community. LLM-generated consensus statements
can play an important role in deliberative exercises, where the perceived neu-
trality of an algorithm-generated statement with respect to a human-generated
one make them particularly fitting for heavily polarised crowds, contributing to
efforts to develop technology that allows deliberation to scale. The process of
generating such statements can be analysed as a social choice problem: if we
can aggregate rankings into a collective view with a voting rule, why not do
so directly with textual preferences? Note that here we are not interested in
knowing how the preferences of an individual can be correctly and verifiably
elicited using text (as discussed in Section 2), but how to aggregate statements
so that each voter feels represented.

To give a (partial) overview of existing work in this direction, we can start
from the work of Fish et al. (2024), who initiated the study of LLMs in a social
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choice context. Starting from a set of statements proposed by users, they tested
the use of LLMs to generate new representative statements to be submitted to a
vote amongst users, complementing their empirical findings with provable math-
ematical bounds. Their empirical framework borrows ideas from earlier work by
Bakker et al. (2022), which developed into a large-scale experiment testing the
LLM effect in so-called “caucus deliberations” (Tessler et al., 2024). In their
experimental setting, a group of five participants submit textual opinions to a
central LLM mediator, and then vote in a two-stage process on the set of result-
ing LLM-generated consensus statements. They show that this process improves
the acceptance of consensual statements relative to human mediators. Further,
Konya et al. (2025) report on how LLM-generated consensual statements can
be useful in finding common ground between two populations in conflict. More
recently, LLM-generated summaries have been tested in a formal coalition for-
mation model (Briman et al., 2025), discussed as a potential improvement for
the Pol.is platform (Small et al., 2023), and implemented in a civic planning
context (Jigsaw, 2025).

To identify research challenges for social choice theorists, we can simplify this
process to the bone: by fixing an LLM and a textual prompt that instructs the
LLM to generate k consensual statements from an input set of voter statements,
we obtain the equivalent of a multi-winner voting rule that works on textual
input (with some variability potentially induced by the LLM temperature). This
opens up the way to formal studies of their properties, in line with the analysis
of Fish et al. (2024) on the proportionality of query protocols. For instance, in
line with the axiom of anonymity, one can check the sensitivity to the order of
presentation of the opinions. Or, building on strategyproofness, the robustness
of LLM-aggregators to prompt-attacks by participants can be assessed (Gudiño-
Rosero et al., 2025). While most existing work focuses on including LLMs in
a more complex democratic process, here the study could be purely on getting
the aggregation right without the need for multiple layers of LLMs.

5 Axiomatic and Textual Analysis

Central to classical social choice theory is the axiomatic method (Arrow et al.,
2002), where we encode desirable properties of mechanisms, such as fairness, in
precise mathematical terms to then classify mechanisms in view of the properties
they satisfy. Modern NLP techniques provide opportunities for complementing
and enriching this axiomatic analysis. Thus, while in earlier sections our focus
has been on opportunities for innovations aimed at enhancing various stages of
the process of collective decision making, here we instead identify opportunities
for enhancing our capabilities for evaluating such mechanisms and the outcomes
they produce.

The axiomatic method sometimes produces theoretical results that arguably
are too abstract to provide true insights regarding real-world decision making,
due to alternatives being treated as abstract mathematical objects. Textual
analysis offers significant opportunities for modelling both the internal structure
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of alternatives and the broader context in which a decision is to be taken.
First, voting data that includes textual descriptions of alternatives could

be used to investigate whether the normative principles encoded by certain
axioms are also reflected at the level of these textual descriptions. For instance,
it has been observed that sophisticated methods for participatory budgeting
that guarantee outcomes to be proportional relative to the preferences reported
by voters also tend to achieve a balanced spread of funds between different
categories of projects (Nelissen, 2023; Peters and Skowron, 2025). A category
label is a very simple form of providing textual information. Does this kind of
effect generalise to richer textual descriptions?

Second, it can be desirable to refine classical axioms by referencing the tex-
tual descriptions of alternatives. For instance, the axiom of neutrality stipulates
that we should treat all alternatives the same, which certainly is a reasonable
baseline to start from. But when alternatives come with textual descriptions,
we might want to relax this requirement and treat two alternatives the same
only if they have been described at a similar level of detail.

Third, textual analysis might allow us to refine algorithms for the detection of
so-called clones (Tideman, 1987; Elkind et al., 2011). Two alternatives are clones
if they are ranked similarly by all voters. At the axiomatic level, introducing
a clone into an election should not have a negative impact on the alternative
being cloned. If alternatives are associated with textual information, we might
want to extend the notion of clones to alternatives with similar descriptions.2

Fourth, to date the formulation of new axioms has been the prerogative
of experts. Can we design systems that would allow laypeople to formulate
requirements relevant to them in natural language—to then be translated into
formal axioms that can be used to recommend or reject a given voting rule?

Fifth, while there has been recent work on automatically generating expla-
nations for why a given election outcome is an adequate outcome, with those ex-
planations being grounded in axioms (Boixel et al., 2022), the ability to generate
textual descriptions of existing axioms would further enhance the accessibility
of such explanations.

Finally, while our focus here is on the potential of using algorithms for pro-
cessing text to enhance algorithms for aggregating preferences, this really is
a two-way street. Indeed, as argued elsewhere (Conitzer et al., 2024), the ax-
iomatic method can be an important tool for guiding aggregation processes tak-
ing place—explicitly or implicitly—in AI systems powered by NLP techniques,
with the clearest example being the aggregation processes occurring during the
fine-tuning of LLMs using reinforcement learning with human feedback (RLHF).

2A famous example illustrating the relevance of this idea is the public vote to choose a
name for the new city arising from the amalgamation of Port Arthur and Fort William in
Ontario, Canada, in 1969. Citizens were asked to choose between three names: Lakehead, The
Lakehead, and Thunder Bay. Thunder Bay won by a small margin (City of Thunder Bay
Archives, 2018).
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6 Datasets Combining Text and Votes

The public library of preference data Preflib.org (Mattei and Walsh, 2013)
enabled major advances in the field of computational social choice by provid-
ing standardised benchmark datasets of voter preferences, typically stored as
rankings over alternatives. It was recently complemented by Pabulib.org (Fal-
iszewski et al., 2023), a library of preference data specific to participatory bud-
geting. Datasets from both libraries are well suited for testing the computational
efficiency of algorithms, or for comparing statistical preference generation mod-
els with real-world data (Szufa et al., 2025). Such tests do not require any textual
information. But current technology enables the processing of enriched datasets
also containing textual descriptions of the alternatives.

Without claiming to be exhaustive, we highlight some publicly available
datasets that might be of interest to researchers wanting to take up some of the
research challenges outlined in this paper:

• Deliberative platforms like Pol.is (Small et al., 2021; Computational
Democracy Project, 2024) and Decidim (Serramia et al., 2019; De-
cidim.Barcelona, 2024) enable discussion of divisive topics, comment post-
ing, and voting on comments (approve, disapprove, neutral, abstain).
Large datasets from Reddit, Twitter, and other online fora could be lever-
aged for this purpose (Leskovec and Sosič, 2016; Kelly et al., 2023).

• Collective selection of consensual statements (Fish et al., 2024; Tessler
et al., 2024; Fish et al., 2025; DeepMind Technologies Limited, 2024): a
group of users give their textual opinions on a societal question, and these
opinions are merged using an LLM into a slate of consensual statements.
These statements are then ranked or evaluated by the users.

• Pairwise comparisons of political proposals (Navarrete et al., 2024, 2023).
These proposals have been extracted from political manifestos of presiden-
tial candidates in France and Brazil and then submitted to the population
by means of a voting platform.

The various datasets of debates in national and supra-national parliaments, and
of the votes of members of parliament on bills and amendments also constitute
important sources of votes over textual statements. We also note that classical
participatory budgeting datasets can easily be augmented by adding project
titles and project descriptions to Pabulib.org datasets (Zambrano et al., 2025).

7 Risks, Limitations, and Opportunities

We have argued that there are many opportunities for incorporating NLP tech-
niques and LLMs into research on social choice, with some exciting initial work
already taking place today. However, as many of these problems lie at the in-
tersection of AI and democratic studies, the research programme we propose
necessitates substantial critical reflection. Given the high-stakes nature of many
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COMSOC-related tasks such as electing leaders and funding projects, many of
the real-world applications of this line of work fall under the highest-risk cate-
gory of the European AI Act (Council of European Union, 2024), requiring strict
regulatory oversight. While combining textual information with votes could of-
fer insights on how to obtain formal guarantees regarding the quality of decision
making (Fish et al., 2024; Huang et al., 2025), these rely on the accuracy of NLP
and LLM-based techniques for preference extraction and representation, which
remain difficult to ensure (Schroeder et al., 2025).

LLMs can exhibit (sometimes trivial) biases that may compromise partici-
patory or deliberative processes. There also is a significant over-representation
of English-language data in the training sets of most LLMs, which can decrease
accuracy and introduce discriminatory effects for certain groups (Jadhav et al.,
2025). Moreover, even in the simplest settings, LLMs will unavoidably make
mistakes when extracting preferences, or other relevant structures, from textual
input (Tan et al., 2024).

In adopting a responsible approach (Kenthapadi et al., 2023), researchers
need to design systems that are efficient both in terms of the number of LLM
calls and the computational tractability of the applied social-choice method.
It is too easy to depend on extensive LLM queries without considering the
computational resources required to support them.

In summary, we have identified multiple opportunities where techniques from
the broad area of NLP can be used to substantially enhance the scope and scale
of research in collective decision making. Instead of naively “throwing a bunch of
data at an LLM”, hoping that the LLM will correctly “infer” the collective will,
we see these techniques as an opportunity to greatly expand how we elicit and
reason with preferences. Contemporary NLP techniques have the potential to
make it easier for people to communicate their preferences on complex questions
and to enrich the design space available to research in social choice. Overcoming
the aforementioned challenges will enable collective decision making research to
expand its role in society (Abebe et al., 2020), reach more communities (Birhane
et al., 2022), and allow this research to have broad impact for social good (Hager
et al., 2019).
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and Sarita Schoenebeck. 2025. Large Language Models in Qualitative Re-
search: Uses, Tensions, and Intentions. In Proceedings of the 2025 CHI Con-
ference on Human Factors in Computing Systems.
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