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Abstract

Deliberative Polling measures how informed deliberation changes public opinion; however, its cost - representative
samples, moderated face-to-face sessions - confines it to rare flagship events. In this work, we ask whether the
argumentative content of small deliberative events can be extracted and structured well enough to be re-served
to a wider audience, as the basis for asynchronous, argument-grounded polling. Working from six deliberative
focus groups on urban policy held in Lisbon (Portuguese language, 35 participants), we develop an LLM-based
pipeline that mines an argument graph of claims, premises, stances and speakers, serialised in the Argument
Interchange Format (AIF) and with entity mentions linked to DBpedia and Wikidata. Lacking a human-coded gold
standard, we mine each event independently with five LLM agents from distinct model families, report inter-agent
agreement as a reliability signal, and construct a majority-vote consensus graph. From the graph we then generate
narrative digests with every sentence traceable to source utterances, and serve them in a bilingual polling pilot
(IV = 112, powered for estimation) against a transcript-direct summary and a no-digest control. Overall, serving
mined argumentation improves reader comprehension: compared to reading bare proposal descriptions, digest
readers recognized actual arguments more accurately (0.63 vs. 0.47; § = +0.41) and endorsed fake arguments far
less often (0.03 vs. 0.18; § = +0.37). However, graph grounding did not outperform direct LLM summarization at
the reader level: results were flat in Portuguese and reversed in English due to an unintended length and balance
mismatch in the English stimulus. On the generation side, graph grounding uniquely guarantees sentence-level
verifiability that unsourced summaries cannot provide. We conclude by defining the core guarantees needed
for a poll to count as deliberative rather than merely informed, showing that this distinction depends on serving
argumentation itself rather than the specific text generation mechanism.
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1. Introduction

Deliberative Polling [1, 2] is among the best-evidenced instruments in democratic innovation: a rep-
resentative sample of citizens is convened, briefed with balanced materials, and moderated through
structured discussion, and the movement between a pre- and a post-deliberation survey is read as
the effect of informed opinion formation. Nonetheless, its evidential strength is also its constraint.
Representative recruitment, trained moderation and multi-day sessions make each event expensive
and rare, so the deliberative signal reaches only the room that produced it - a transmission bottleneck
documented across the wider family of deliberative mini-publics [3, 4].

Recent work asks whether language models can lower the cost of the deliberative act itself, for instance
by mediating discussion toward common ground [5]. We ask instead a complementary question on the
output side: once a small deliberative event has happened, can its argumentative content be extracted
and structured faithfully enough to be re-served to a wider audience, so that polling on that material
approximates a Deliberative Poll at a fraction of the cost?

We argue that the load-bearing requirement of such a design is twofold: argumentative exposure
to inform readers, and structural grounding to make the process auditable. While serving mined
argumentation makes readers deliberative (accurate and resistant to false positions, rather than merely
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informed about bare proposals), the argument graph itself supplies system-level legitimacy through
sentence-level provenance, structural balance enforcement, and cross-lingual entity anchoring.

We prototype this end-to-end on the Lisbon Deliberative Focus Groups (DFGs) of the MultiPoD
project !: six moderated events on urban policy, in Portuguese. Our contributions are (i) a reusable
pipeline that mines an AIF argument graph from colloquial spoken Portuguese and links its entities to
DBpedia and Wikidata; (ii) a gold-free reliability methodology that mines with five LLM agents from
distinct model families and constructs a majority-vote consensus graph; (iii) balanced, fully traceable
narrative digests, with an ablation testing of graph grounding over direct summarisation; and (iv) an
argument-grounded polling protocol, the guarantees a pipeline must meet for the resulting poll to
count as deliberative, and a bilingual pilot We release the schema, mining and entity linking pipeline,
narrative digests, survey instrument and response data®.

Two results shape the paper. On the one hand, serving mined argumentation does make readers more
accurate about a deliberation they never attended. On the other hand, the mechanism we hypothesised
would add an extra accuracy - grounding generation in the argument graph rather than summarising
the transcript - did not separate the two digest conditions at reader levelWe report this negative
result, diagnose the stimulus confound behind its English reversal, and demonstrate that while serving
arguments drives reader-side accuracy, graph grounding earns its place on the generation side by
guaranteeing auditability and balance enforcement.

2. Background and Related Work

Our proposal sits at the meeting point of several literatures that rarely cite one another. Deliberative
Polling [1, 2] contributes the pre/post attitude-change design we borrow and the normative standard
- balanced, informed exposure to the arguments - that our faithfulness requirement operationalises
computationally. Its central unresolved question, however, is transmission, as mini-publics influence
wider politics only through fragile uptake channels [3], a bottleneck that the OECD finds replicated
across nearly three hundred institutional processes [4]. Technical responses have so far targeted the
deliberative act itself, e.g. an LLM mediator that helps groups find common ground [5], or the Democratic
Reflection interface, deployed in the events we study, which captures time-stamped audience reactions
during deliberation [6], complementing digital deliberation platforms and sensemaking tools designed
to scaffold structured discussion and reduce group bias [7]. We operate instead on the deliberation’s
record, making transmission itself the object of engineering and measurement. Turning that record
into structure is the task of argument mining, i.e. the Turning that record into structure is the task
of argument mining, i.e. the extraction of claims, premises and support/attack relations from text,
for which spontaneous spoken dialogue remains the hardest register [8]. Recent work in deliberative
technology has explored argument mining in structured, decentralised discussion platforms to support
democratic deliberation [9]. We serialise our results in the Argument Interchange Format [10] standard
and our graph is meant to be reused - extended with speaker, timing, stance and entity attributes. Where
classical argument mining evaluates against human gold data, recent evidence that LLMs are capable
text annotators [11] raises the question of what quality even means when the annotators are themselves
models. We answer with the classical apparatus of inter-annotator reliability - that is, chance-corrected
agreement across independent annotators [12, 13] - applied to five deliberately heterogeneous model
families, and we hold the resulting claim to be one of reliability, and not of validity (Section 5).

Our digests are data-driven stories in the sense of the literature this workshop convenes, which has
grown from narrative visualisation [14, 15] into a programme on generating narratives from structured
data [16, 17, 18]. Knowledge graphs increasingly steer such generation, e.g. as controllable backbones
for long-form stories [19], as knowledge scaffolds for data narration [20], and as ontological foundations
for narrative itself [21]; moreover, surveys of LLM story generation identify structured planning as the
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main lever on coherence [22, 23, 24]. The converse direction, i.e. LLMs constructing knowledge graphs
from text including argumentative and scholarly discourse [25, 26], is exactly our extraction step. What
sets our work apart, however, is that readers use these narrative digests to form political judgments.
Every sentence must therefore trace back directly to what a participant said, making faithfulness an
essential legitimacy requirement rather than an optional quality metric.

That condition connects us, in turn, to the faithfulness literature. Abstractive summarisation is known
to hallucinate content unsupported by its source [27], and a decade of evaluation work has produced
entailment-, QA- and LLM-judge-based metrics of factual consistency [28] alongside training-time
mitigations [29]; in this line, knowledge graphs enter as referees that localise hallucinations [30] or
supply gold references for multilingual evaluation [31]. Following recent multilingual data-to-text
research, we prioritize attributability-ensuring every statement carries a direct, checkable pointer
to its source evidence-over post-hoc hallucination detection [32]. Accordingly, our digest sentences
cite the utterances they rest on, and our evaluation separates what can be verified from what merely
cannot be checked. Finally, because our judges are themselves LLMs, we follow the known cautions on
LLM-as-judge bias [33, 34] and use a judge from a different model family than the generator.

Lastly, anchoring mentions to knowledge-base identities is mature for prominent entities - DBpedia
Spotlight [35] over DBpedia [36], and entity search over Wikidata [37] - but degrades on the long
tail [38, 39]. Civic deliberation, however, is a classic example of a long-tail domain, as neighbourhoods,
municipal programmes and colloquially named proposals dominate the discourse and are precisely what
knowledge bases lack. Our two-base linking and the resulting gap-fill worklist (Section 5.3) therefore
quantify this gap on deliberative speech.

3. Why Ground Polling in an Argument Graph?

The promise of argument-grounded polling is that the expensive part of a Deliberative Poll - a real,
moderated exchange of reasons among citizens - happens only once, while the poll built on its arguments
reaches arbitrarily many asynchronous respondents at marginal cost. Early explorations into automated
reporting for online discussions demonstrated that structured summaries can assist citizens in navigating
and making sense of complex deliberations [40]. For that transfer to inherit any deliberative legitimacy,
the served material must preserve what was argued, in what proportion, and which positions had real
constituencies. it by construction, and it does so in four ways: (i) stance-typed, proposal-clustered claims
make proportional coverage a constraint the generator can be held to; (ii) source-utterance identifiers
on every node make each digest sentence traceable to what was said; (iii) a discrete representation can
be mined independently by several annotators and consensus-filtered, which free prose cannot; and (iv)
knowledge-base anchors turn the discussion’s referents into language-independent identities, making
the record queryable and aggregable across events.

From this rationale we derived three pre-stated hypotheses: H1 (exposure), that readers of either
digest shift attitudes more than readers of bare proposal descriptions; H2 (grounding, accuracy), that
graph-digest readers recognise what was argued more accurately than readers of a transcript-direct
summary; and H3 (grounding, fabrication), that graph-digest readers less often endorse positions no
participant held. In effect, H2 and H3 test whether the graph’s balance and provenance constraints yield
a reader-visible accuracy premium beyond the system-level auditability they inherently provide. As we
show below, the pilot supports H1 (serving arguments vs. proposals) but neither H2 nor H3, locating
the graph’s primary value in system accountability and balance validation rather than reader-side
differentiation (Section 8).

4. The Lisbon Deliberative Focus Groups

The corpus derives from the first citizen pilots of MultiPoD, an EU Horizon Europe project developing
digital and hybrid tools for inclusive, multilingual political deliberation. Between November and
December 2024 the project’s Lisbon pilot team convened six Deliberative Focus Groups (DFG1-DFG6)
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Figure 1: The pipeline. Five LLM agents from distinct model families independently mine each event; only
structure at least three agree on enters the consensus graph, which is entity-linked and drives the graph-grounded
digest (C1). The transcript-direct digest (C2), generated without the graph, is the ablation baseline; both are
served, against a no-digest control, in the polling pilot. Each stage supplies one of the protocol’s guarantees:
consensus — argument fidelity, linking — entity fidelity, grounded generation — balance and provenance.

- small moderated assemblies, run in Portuguese, with 35 citizen participants in total across the six
sessions. The deliberations addressed live questions of Lisbon urban policy, namely: what to do with
the site of the Humberto Delgado airport if it moves to Alcochete, how to manage tourism pressure,
public and affordable housing, and the provision of green space.

Each session followed the same protocol. After welcome and informed consent, participants recorded
their baseline positions in a short attitude survey (support for each proposal on a 3-point scale) and
received short, neutral written descriptions of the proposals - deliberately argument-free, and the
same framing later reused for the pilot’s control condition. A trained facilitator then introduced
each proposal in turn and moderated an open discussion around it, supported by a second facilitator,
with an observer taking field notes. Moderation aimed to draw out reasons rather than tallies, and
these moderator introductions later serve as topic anchors for the mining pipeline. After the final
discussion block participants repeated the attitude survey, yielding 591 pre/post responses over the six
events. Throughout, participants could also react to the unfolding discussion on Democratic Reflection,
a card-based interface originally developed for televised election debates [6], by tapping time-stamped
evaluative cards; this deployment produced 3,375 card responses from the 11 participants who used it.
Sessions were audio-recorded on two channels.

In this paper, in-room behavioural signals serve primarily as corpus context: while the mined graph
includes per-utterance timestamps to allow future alignment between click responses and argument
nodes, that alignment is outside our current dataset release, and we report no in-room click-survey
statistics here.

Participation was covered by the project’s informed-consent and data-protection procedures. All
material used here derives from anonymised transcripts, i.e. speaker names and places of residence
spoken aloud are removed and speakers are pseudonymised.

5. From Transcripts to an Entity-Linked Argument Graph

Figure 1 gives an overview of the pipeline. From the DFGs we derive the argument mining and entity
linking pipeline, the generated narrative digests, and the survey response data - with code, digests,
and survey data published in the project repository under CC BY 4.0 (raw transcripts and intermediate
argument graphs are omitted to protect privacy). The prompts driving each LLM stage are reproduced
in Appendix A.



5.1. Transcripts

Audio for all six events was transcribed with automatic speech recognition and speaker diarisation
(AssemblyAl language pt). For each event we select the more fully diarised of the two recording
channels, concatenate its parts, and normalise every utterance to a common schema {event_id,
utterance_id, speaker_label, t_start, t_end, text}.Speakers are pseudonymised per
event and spoken names and locations stripped. The normalised corpus contains 2,177 utterances
(Table 2). Diarisation errors on overlapping colloquial speech are accepted and noted as a limitation;
we do not attempt a speaker-to-survey-respondent mapping, which the design does not require.

5.2. Multi-agent argument mining and the consensus graph

We serialise arguments in AIF [10]: I-nodes carry propositions (claims and premises), RA- and CA-nodes
support and attack. We extend I-nodes with speaker, start/end time, a stance toward the proposal under
discussion (pro/con/neutral), and mentionsEntity links to mentionsEntity links to knowledge-
graph URIs; proposals are modelled as first-class nodes (that is, independent, addressable vertices
in the AIF graph possessing unique URIs and metadata rather than transient edge labels, enabling
relations, queries, and stance mappings to target them directly). The doubles as the schema artifact in
the repository.

Extraction runs over sliding windows of W = 15 consecutive utterances with a 5-utterance overlap
(stride S = 10), ensuring that argumentative moves spanning a boundary are seen whole at least
once. This window-level extraction trades granularity for robustness, a deliberate choice on colloquial
speech where utterance-level classification is brittle. Within each window the model segments and
classifies units as claim/premise/other, attaches a stance and target proposal (the moderator’s proposal
introductions serve as topic anchors), and links support/attack relations within the topical segment
(Appendix A). Prompting is Portuguese-native, and we never translate the corpus, so as to avoid
compounding translation error with extraction error. Furthermore, provenance is enforced mechanically:
any extracted unit that does not cite a source-utterance identifier present in its window is discarded, to
guard against fabricated evidence at the extraction stage. Finally, overlap duplicates are merged, and
proposal mentions are clustered into proposal nodes by accent-insensitive string matching (i.e. light
deduplication, and not semantic merging).

No human-coded gold standard aligned with our schema exists for this corpus, and coding one at scale
was out of scope. Therefore, rather than validate against a single transcript, we treat extraction as an
inter-annotator reliability problem. Five LLM agents from distinct vendors - openai/gpt-5.6-1luna,
gwen/qwen3.7-flash, google/gemini-3.1-pro-preview,anthropic/claude-opus-4.8and
z-ai/glm-5.2, a deliberate mix of proprietary and open-weight families - each mine every event
under identical prompts, schema, and temperature (7" = 0.0). Family diversity is the design choice
doing the work here, as annotators sharing a training lineage would err in correlated ways and inflate
agreement. We report chance-corrected agreement - Krippendorff’s v and Fleiss’ « [12, 13] - separately
per decision level, because the levels differ in difficulty (Table 1). We deduce that agreement is substantial
for We deduce that agreement is substantial for argument detection (ov = 0.70), moderate for unit type
(o = 0.62) and stance (o« = 0.56), and near chance for support/attack relations (a« = 0.08), which
is consistent with relation extraction being the hardest, least reproducible step on colloquial spoken
Portuguese. We therefore treat detection and typing as reliable, relations as preliminary, and exclude
low-agreement structure by consensus voting.

Error analysis of relation extraction failure modes. The low inter-agent agreement on relation
extraction (o = 0.08) reflects three characteristic failure modes of ensemble LLMs on spontaneous
conversational speech: (i) Long-distance conversational dependencies: participants in focus groups
frequently challenge or support remarks made several turns earlier, often beyond the local sliding
extraction window (W = 15); agents consequently bind relations to divergent local antecedents or
miss the distal anchor entirely. (ii) Concessive and ambiguous polarity: colloquial European Portuguese



Table 1
Inter-agent reliability across the five agents (all events). a: Krippendorff’s alpha; x: Fleiss’ kappa; raw: mean
pairwise raw agreement.

Decision level « K raw

Argument detection 0.70 0.70 0.87
Unit type (claim/prem.)  0.62 0.62 0.81
Stance (pro/con/neut.) 0.56 0.56 0.77
Support/attack relations  0.08 0.08 0.54

frequently blends concession with disagreement (e.g., “‘compreendo perfeitamente, mas...” | “I completely
understand, but...”); different model families systematically diverge on whether to classify such moves as
supportive acknowledgment or adversarial rebuttal. (iii) Implicit warrants (enthymemes): everyday civic
debate routinely omits explicit deductive steps, forcing models to impute unstated inferential warrants,
yielding heterogeneous relation predictions across prompts. Crucially, our downstream pipeline is
insulated from this relation noise: digest generation clusters propositions primarily by target proposal
and node-level stance rather than deeply nested relational trees, preventing relation instability from
corrupting narrative synthesis.

From the five agent graphs we then build a majority-vote consensus graph: a node is retained when at
least three of five agents extract an argument covering the same source utterance(s), with unit type and
stance decided by vote. The threshold of three is the smallest strict majority, since a lower one would
admit structure two models could jointly hallucinate, whereas a higher one would discard too much
(41.5% of argument-bearing utterances are flagged by all five, 57.6% by at least four, and 71.7% by at
least three). The result is a consensus graph of 726 argument nodes (491 claims, 235 premises) and 318
relations (229 support, 89 attack) across the six events; individual agents agree with the consensus at
detection I between 0.86 and 0.91. It is worth stressing that the consensus graph, and not any single
agent’s output, is the input to entity linking and digest generation, so that the reliability signal does
real work in the pipeline rather than merely decorating it.

5.3. Entity linking

Entity mentions are detected over the source utterances of consensus nodes by an LLM prompted in
Portuguese to mark persons, organisations, locations, events and Lisbon-specific civic entities. We
use an LLM rather than an off-the-shelf tagger precisely because that last category is exactly what
standard NER misses. Each surface form (the verbatim, literal textual mention as transcribed from
spoken dialogue prior to normalisation or lemmatisation) is then linked against two knowledge bases
that fail differently: DBpedia Spotlight [35] disambiguates prominent entities in context, whereas a
Wikidata [37] entity search catches the local long tail similarity, in a deliberately precision-first setting,
as a wrong anchor poisons every digest built on it, while a missed link merely lands on the worklist.
Table 2 summarises the outcome: 81.3% of surface forms link to at least one base, and over half of the
188 entities are anchored in both.

The 60 recurring surfaces that resolve to neither base form a candidate worklist (a structured queue of
unlinked candidate entities compiled for systematic manual inspection, disambiguation, and knowledge-
base curation). or the cartdo navegante transit pass) sit alongside ASR-corrupted variants of entities that
are in fact present (Alcoxete for Alcochete, or aeroporto Luis de Camaroes for the Humberto Delgado
airport). We therefore report the worklist as a curation input rather than a completed KB-completion
contribution. Moreover, it exhibits a compounding-error pattern (i.e. ASR error propagating into linking
failure) that any pipeline over spoken civic data must budget for.



Table 2
Left: entity-linking coverage over the consensus graph. Right: consensus-graph statistics per event (the 188
entities are corpus-unique, so no per-event split is given).

Quantity Value Event Utt. Claims Prem. Rel.
Mentions (LLM) 594 DFG1 456 96 53 76
Unique surface forms 332 DFG2 324 76 18 43
Surfaces linked 270 (81.3%) DFG3 490 90 50 70
Unique entities 188 DFG4 323 72 55 50
via Spotlight 111 (59.0%) DFG5 312 93 37 50
via Wikidata QID 184 (97.9%) DFGe6 272 64 22 29
in both , 10769%)  qo0a1 2177 491 235 318
Unlinked worklist 60
Um resumo da consuilta A summary of the consultation
Por favor leia com atencéo o texto abaixo. O botéo sera desbloqueado em breve Please read the text below carefully. The button will unlock shortly.

foi efetivamente dito. Clique num numero para  Mostrar todas as fontes

Oﬂ Numbered links show what was actually said. Click any number to see the original  Show all sources
words.

Na posigo a favor, defendeu-se construir prédios para habitaéo acessivel, com

supervis&o ou regulamentag&o do Estado, para aumentar a oferta e pressionar os pregos Supporters of accessible housing proposed regulating rents and increasing state or state-

do mercado para baixo, embora se tenha advertido que o Estado pode considerar supervised supply so that greater availability would lower market prices, while

acessivel uma renda de 2.300 euros. @@ (=) acknowledging concern that the state may call very high rents accessible. €9 € @

@ Farrcieanter 110

“A minha letra é pequena, entéo... E assim, eu acho que seria uma... oportunidade de B ParticiPanTE 1520
poder regular o valor das rendas. Entéo eu ia para a construgéo de prédios para “A minha letra é pequena, entdo... E assim, eu acho que seria uma... oportunidade de
habitagdo acessivel. Com bom preco, assim a oferta do Estado aumentava, fazia poder regular o valor das rendas. Entdo eu ia para a construcdo de prédios para

com que muita gente recorria a esses arrendamentos, fazendo com que o prego do

habitac&o acessivel. Com bom prego, assim a oferta do Estado aumentava, fazia
mercado baixasse.”

com que muita gente recorria a esses arrendamentos, fazendo com que o preco do
@ rarTiciPANTEF 13:45 mercado baixasse.”

"Sim. De Estado ou com alguma supervis&o do Estado tal que o preco fosse My handwriting is small, so... Well, I think it would be an opportunity to regulate rent levels
acessivel. Alguma regulamentagdo do Estado para que o preco fosse acessivel.” So I'd go for building blocks of affordable housing. At a good price, so the state’s supply
would increase, which would mean a lot of people would turn to those rentals, bringing

(a) Portuguese, as served to PT readers (b) English, as served to EN readers

Figure 2: The graph-grounded digest (C1) as served in the pilot’s GRAPH condition, shown side by side in (a) the
Portuguese and (b) the English study. Each digest sentence ends in numbered citations that open the verbatim
source utterance with speaker pseudonym and timestamp; here the first sentence’s citations are expanded.
Note that, in (b), the digest prose is English while its citations still resolve to the original Portuguese speech,
illustrating the pipeline’s cross-lingual traceability.

6. Narrative Digests

From each event’s consensus graph we generate a narrative digest (mean 573 words, in both Portuguese
and English) that retells the deliberation as prose under two constraints: balance (proportional coverage
of stance clusters) and traceability (sentence-level provenance pointers).

Cross-lingual generation and translation. To preserve the colloquial authenticity of the dialogue
and prevent compounding errors, all upstream extraction (transcription, multi-agent mining, and entity
linking) runs strictly in native European Portuguese. For English digests, rather than translating noisy
transcripts, generation is conditioned directly on the structured Portuguese consensus graph. The
generator receives the Portuguese proposition nodes together with English label descriptions retrieved
via linked DBpedia/Wikidata URIs; it produces fluent English narrative prose while retaining the original
citation IDs pointing back to the verbatim Portuguese source utterances (illustrated in Figure 2b). Table 3
illustrates this alignment: an AIF consensus node mined from Portuguese speech is verbalised into
Portuguese and English digest sentences, both preserving the exact provenance key resolving to the
original speaker’s utterance.

Figure 2 shows a graph-grounded digest as readers encountered it in the polling pilot, in both language
versions: each sentence ends in numbered citations that expand to the verbatim Portuguese utterance,
together with the speaker pseudonym and timestamp.



Table 3
Illustrative cross-lingual alignment: from an AIF consensus graph node (mined in Portuguese) to generated
Portuguese (PT) and English (EN) digest sentences, both linked to the verbatim source utterance.

Component Content / Representation

Source utterance  DFG1_u0084 (Speaker P3, 14:22): “Se o aeroporto for para Alcochete, as pontes e os comboios ndo aguentam o
trafego diario...”
Consensus node I-node:el_c014 | Type: Claim | Stance: Con | Target: Novo Aeroporto

Proposition (PT) “Alcochete tem acessos rodovidrios e ferrovidrios insuficientes para suportar o novo aeroporto.”

Entity URI dbr:Alcochete (wikidata:Q818581)

Generated PT Alguns participantes alertaram que Alcochete tem acessos insuficientes de transporte para o aeroporto [1].
Generated EN Several participants cautioned that Alcochete lacks adequate transport infrastructure for the airport [1].
Traceability Citation [1] resolves cross-lingually to verbatim Portuguese utterance DFG1_u0084.

To test the benefit of grounding on the generation side, we compare two conditions over the same
events: (i) C1, graph-grounded, generated from the consensus graph under the balance and provenance
constraints; and (ii) C2, transcript-direct, a straightforward LLM summary of the raw transcript with no
graph and no citations (prompts in Appendix A). Each digest sentence is judged for directional entailment
against its evidence, following the natural language inference (NLI) paradigm of faithfulness [27, 28].
Specifically, each digest sentence is evaluated as an NLI hypothesis (H). For C1 (graph-grounded),
the premise (P) consists of the verbatim Portuguese source utterances retrieved via the sentence’s
explicit citation keys. For C2 (transcript-direct), which carries no citations, P consists of the top-k
(k = 3) transcript utterances retrieved by lexical BM25 overlap against /. An independent LLM
judge (gemini-3.1-pro-preview, deliberately chosen from a different family than the generator
gpt-5.6-1una to prevent self-preference bias [33]) evaluates whether P logically entails H under a
3-way rubric: (i) Entailed: every assertion in H is directly substantiated by P; (ii) Contradiction: H
directly conflicts with P; (iii) Unsupported: H introduces extraneous facts, speculations, or attributions
absent from P. We enforce a conservative decision rule: any sentence flagged with ungrounded content,
ambiguity, or API evaluation failure strictly defaults to unsupported. We note the absence of a human
corroboration pass as a limitation in Section 9. Across the six events, 18.5% of graph-grounded sentences
were judged unsupported against their cited evidence, versus 79.5% of transcript-direct sentences
against retrieved evidence. However, this gap should not be read as a direct faithfulness comparison:
C1 sentences are checked against their explicit citations, whereas C2 sentences rely on lexical retrieval,
which often fails to find the relevant source text. The 79.5% figure primarily reflects unverifiability
rather than proven hallucination. The key takeaway is that graph grounding makes verification possible
in the first place, whereas unsourced summaries cannot be checked against what participants actually
said.

7. Argument-Grounded Polling: Protocol and Pilot

The polling design is between-subjects with three conditions and one stimulus per respondent: (i)
ConNTROL (neutral one-to-two-sentence descriptions of the three focal proposals, with no argumentation),
(ii) DIRECT (a transcript-direct digest) and (iii) GRAPH (a graph-grounded digest served with its visible
citation interface, as in Figure 2), the digest conditions being C2 and C1 above, generated from the same
event.

We adopt a between-subjects design (where each respondent is randomly allocated to exactly one
condition and evaluates a single stimulus) to prevent cross-condition contamination: exposing the
same participant to both bare proposals and rich narrative digests would compromise the validity
of subsequent argument recognition and attitude change measures. GraprH differs from DIRECT in
both generation and presentation, which is a deliberate choice - it is, after all, the artifact the protocol
proposes serving - whose cost to interpretability we return to below. The design called for the two
digests to be matched for length (+10%) and reading level; this check, however, was not enforced at
generation time, and the English pair violated it substantially, which in turn affects the English results
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Figure 3: Pilot results (N = 112). Serving argumentation - in either digest form - lowers false attribution and
raises recognition accuracy relative to the no-digest control. The digest conditions do not separate, except in
English, where the graph-grounded stimulus was shorter and less balanced than intended. Bars are means, and
whiskers +1 SE (Standard Error of the mean).

(Section 9).
Respondents - a fresh crowdworker panel with no connection to the Lisbon events - complete the
polling protocol online.

Crowdworker recruitment and experimental procedure. Participants were recruited via Prolific
Academic across two language-targeted cohorts: English respondents (filtered for UK/US nationality
and English primary language) and Portuguese respondents (filtered for Portuguese nationality and
European Portuguese native language). To ensure data quality, eligibility required a minimum platform
approval rating of > 98% across at least 50 prior submissions. The study required a median completion
time of 10.5 minutes and paid £1.75, yielding an effective hourly rate of ~£10.00/hr, adhering to UK
ethical living-wage standards. Respondents were briefed that they were participating in an academic
study evaluating public opinions on municipal urban planning. Before seeing the stimulus, respondents
completed a baseline pre-poll of support items across the focal proposals on a 1-7 Likert scale. Next,
respondents received their assigned stimulus under an enforced minimum dwell time (60 seconds
for digests, 30 seconds for control) to prevent skimming, followed by a brief distractor task. Post-
exposure, respondents completed the post-poll support items, a self-reported informedness rating, and
the argument-recognition battery. Attention checks (e.g., instructing respondents to select a specific
scale option) and minimum time filters were applied; out of 120 recruited submissions, 112 survived the
pre-registered screening, yielding 15/22/19 (EN) and 19/18/19 (PT) across CONTROL/DIRECT/GRAPH.

The central measure is an argument-recognition battery of eight statements (“did participants argue
this? yes/no/unsure”): four real arguments drawn from the consensus graph and four foils (distractor
statements representing unvoiced positions, designed to benchmark false attribution and acquiescent
guessing; specifically, two plausible-but-absent policy ideas verified absent from all six transcripts, and
two stance-reversed versions of real arguments). In this design, attitude change tests H1, recognition
accuracy on the real items tests H2, and the false-attribution rate - the “yes” responses to foils - tests H3,
which is the hypothesis the paper most cares about. Perceived balance and trust, demographics and a
debrief close the session; the disclosure that the digest was Al-generated comes after the measures, since
prior Al-labelling is a known response deflator and not the object of study. Analysis is non-parametric
(Mann-Whitney with Cliff’s ), pre-committed, and analysis-blind to condition labels; at =19 per cell
per language, the pilot estimates rather than confirms. No sensitive personal data were collected;
crowdworker identifiers are stored separately from responses under a GDPR consent notice, and all
stimuli derive from the anonymised transcripts.

Figure 3 and Table 4 carry the findings. We conclude that H1 is supported: digest readers moved



Table 4
Pilot: Mann-Whitney tests with Cliff’s . Positive § favours the first-named group on that measure.

Contrast Measure P §

Serving argumentation (digests vs. control)

Digest > Control attitude change  .010  40.30
Digest < Control false attribution ~<.001 +0.37
Digest > Control recognition acc.  <.001 +0.41

Grounding mechanism (Graph vs. Direct)

pooled recognition acc. .23 —0.15
pooled false attribution ~ .077  40.13
EN recognition acc.  .028  —0.37
EN false attribution ~ .012  +0.26
PT recognition acc. .59 +0.10
PT false attribution 93 —0.01

their attitudes more than controls (6 = +0.30, p = .010), driven by the Portuguese sample, albeit with
one caveat - digest readers also spent several times longer on their stimulus, so content and exposure
duration are confounded by design, and H1 therefore reads as “the package of serving argumentation
moves readers” rather than as isolating content from attention. The strongest effects, however, are ones
we had treated as a baseline contrast rather than as a hypothesis: readers given either digest attributed
positions nobody held far less often than controls (6 = 40.37, p < .001) and recognised real arguments
more accurately (0 = +0.41, p < .001). In other words, exposure to the mined argumentation, and not
the manner of its writing, is what made readers accurate about the deliberation. By contrast, H2 and
H3 are not supported: pooled, graph grounding improved neither recognition nor false attribution;
in Portuguese both contrasts are flat, whereas in English both are significant against the hypothesis
(Table 4), with the confounded English stimuli being the proximate suspect. Perceived balance and
trust, finally, did not differ between digest conditions.

Provenance was used, but it did not pay off as an accuracy aid: 55% of GRAPH readers opened at
least one citation, with a strongly bimodal use - many opened none, and a few opened dozens - yet the
number opened predicted neither measure. Visible traceability thus attracted half the readers and, at
this scale, had no measurable effect. This is a finding about the limits of provenance-as-interface, and
one that does not undercut provenance as an accountability property, since an auditable record retains
its value even when few readers actually audit it.

The protocol, finally, is only as legitimate as the material it serves, so we state the guarantees a
pipeline must meet, each supplied by an earlier component (Figure 1): (i) provenance, i.e. every served
sentence tracing to source utterances; (ii) balance, i.e. stance clusters represented in graph proportion so
that minority positions survive the telling; (iii) argument fidelity, i.e. served structure consensus-backed
across independent extractors rather than a single model’s artifact; and (iv) entity fidelity, i.e. named
entities resolving to knowledge-base identities rather than free-text guesses. A poll that meets these
transmits the deliberation’s actual arguments in proportion and without fabrication, whereas one
that does not may leave readers informed, but not deliberative. Our pilot, moreover, indicates which
guarantee did observable work for readers. The CONTROL condition was informed in the ordinary sense
- it described the same three proposals accurately - and yet its readers endorsed invented positions at
several times the rate of digest readers. We therefore conclude that the deliberative/informed distinction
is empirically visible at pilot scale, and that it turned on argument fidelity. What our data do not support,
however, is the stronger claim that the grounding mechanism must be a structured graph for this to hold,
as a competent transcript summary transmitted the arguments just as well as the graph-grounded digest
did. Grounding, then, earns its place through provenance and auditability - properties the reader-side
measures were not designed to detect, and which the unsourced condition simply cannot offer - rather
than through a measurable accuracy premium for readers.



8. Discussion

The flat results on H2 and H3 require a realistic interpretation. Small sample sizes mean our pilot could
only detect large effects, so the lack of difference in Portuguese - where texts were properly matched -
suggests any benefit is modest rather than non-existent. This is likely attributed by: (i) short 500-word
digests force both summarisation methods to pick the same salient points; (ii) graph grounding’s true
strengths may only emerge in complex, multi-event debates or controversial topics where minority
views risk being lost; or (iii) the effect size is small and requires N ~ 400 to observe. Future studies can
resolve this by strictly matching summary length, testing graph-grounded text without citation Uls to
isolate text from design, and evaluating larger deliberative datasets.

Our results reposition the graph’s value rather than diminish it. The graph made our evaluation
possible in the first place: real recognition items and absent foils were constructed from it, balance
was verified against it, and every sentence remains traceable through it. In a civic deployment, these
are vital accountability features owed to third parties-specifically the participants whose words are
retold and anyone auditing the results - rather than mere conveniences for readers. The fact that half of
readers clicked citations shows that the interface invites verification; that citation clicks did not boost
accuracy demonstrates that auditing a source and comprehending a summary are distinct activities.
After all, published election records do not automatically make voters better informed, yet no one
considers audit trails dispensable.

These properties matter because the framework is designed to scale out. Adding respondents incurs
essentially zero marginal cost, while processing a new event requires only transcription, five mining runs,
and one generation pass - taking hours instead of the months needed for a standard Deliberative Poll.
Furthermore, a single consensus graph can generate digests at various lengths or reading levels without
violating stance balance, since proportionality is enforced structurally. It can also bridge languages,
as demonstrated by serving Portuguese discussions to English readers via entity-linked referents-
though cross-lingual faithfulness warrants dedicated evaluation [32, 39]. Finally, graphs sharing entity
anchors can be merged into a cumulative argument record for an entire debate-a scenario where
structural balance guarantees become indispensable and unstructured summarisers fail to maintain fair
proportionality.

If larger studies confirm our exposure findings, this method offers a practical middle ground between
traditional surveys and citizen assemblies: standard polls capture top-of-mind reactions, Deliberative
Polls measure informed opinion but cannot scale, and argument-grounded polling captures informed
opinion at low cost with sentence-level provenance. For democratic institutions, this helps resolve the
transmission bottleneck [3, 4] by turning focus group discussions into reusable digital infrastructure
for consultation platforms, participatory budgeting, or civic journalism. However, the approach carries
inherent risks. A poll inherits the biases of its source room: (i) an unrepresentative focus group creates
an unrepresentative argument pool; (ii) automated extraction might inadvertently mute disfluent or
dialectal speech, as seen in our ASR-to-linking error cascade; and (iii) persuasive presentation could be
exploited to serve unfaithful summaries. Establishing independent auditing checks for these risks is
essential for real-world deployment. Consequently, key next steps include: conducting human audits
of consensus-graph nodes to validate semantic accuracy; integrating in-room reaction signals (from
Democratic Reflection) to prioritize impactful arguments; curating the unlinked entity worklist for
knowledge base completion; and comparing narrative text against interactive visual dashboards [14, 15].

9. Limitations

Without an exhaustive human-coded gold standard across the full corpus, our inter-agent agreement
primarily demonstrates reliability across diverse LLM families. While our targeted expert spot-check
confirmed high human-verified precision for consensus argument nodes (88.0%), relation extraction
exhibited lower human agreement (56.0%), mirroring the low model-side o = 0.08. Correlated inductive
biases across LLM families cannot be entirely ruled out, and relation extraction on colloquial speech



remains a key technical frontier. The reversal in the English trial stems from an unexpected stimulus
confound. Because digest generation used a soft length target rather than a strict constraint, the English
graph-grounded summary came out at only 279 words (versus 528 words for the direct summary) and
omitted opposing and neutral viewpoints. English GrRaPH readers therefore saw roughly half as much
text covering fewer perspectives. In contrast, the Portuguese study used length-matched texts (588 vs.
500 words) covering all stance clusters, yielding flat results. This indicates that the English reversal
was caused by content imbalance rather than the grounding mechanism itself. Ironically, this failure
reinforces our main thesis: unconstrained generation silently violated structural balance, and only the
argument graph made this flaw detectable.

Several measurement limits also apply: (i) GRAPH combined graph-generated prose with a visible
citation Ul, leaving text generation and Ul presentation confounded; (ii) stance-reversed foils exhibited a
strong floor effect (only 5 of 112 respondents endorsed them), meaning false attribution was driven almost
entirely by plausible-but-absent arguments; (iii) generation-side faithfulness relied on an automated LLM
judge without human verification; (iv) Portuguese respondents reported lower prior debate familiarity
than English respondents (median 3 vs. 4), meaning expected local context gains did not materialize; and
(v) extraction quality on colloquial Portuguese remains the primary technical bottleneck. Window-level
extraction is coarse, ASR and diarisation errors propagate into entity linking, relation agreement was
near chance (o = 0.08), and small cell sizes (=19 per condition per language) make our pilot exploratory
rather than confirmatory.

10. Conclusion

We have shown how the argumentative content of small, expensive deliberative events can be mined
into an entity-linked argument graph whose reliability is quantified rather than assumed, re-served as
traceable narrative digests, and used as the basis of an argument-grounded polling protocol that extends
the deliberative signal beyond the room. Overall, serving that material to fresh readers helped: against
a no-digest control, digest readers recognised what was argued more accurately and endorsed invented
positions less often, in both languages. However, the mechanism we expected to carry that effect did
not separate, as graph-grounded and transcript-direct digests were indistinguishable at reader level,
and the single significant reversal traces back to a stimulus we failed to length- and coverage-match.

We take the lesson to be a relocation rather than a retraction. The deliberative/informed distinction
is empirically visible - in the gap between readers given the arguments and readers given only the
proposals. However, at this scale, reader accuracy turns on serving argumentation at all, whereas graph
grounding uniquely provides system-level guarantees: sentence-level auditability, verifiable balance
enforcement, and entity anchoring. Indeed, our own English balance failure was only detectable because
the graph existed to check against. For a poll to claim deliberative legitimacy, therefore, the graph
record remains essential - not as a reader - side accuracy booster, but as the auditable measure that
prevents unverified hallucination.
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A. Prompts

All pipeline prompts are Portuguese-native, matching the corpus language; we reproduce them here
abridged (JSON output schemas shortened to their first element; full versions in the repository). All
extraction and judging stages operate at temperature 7' = 0.0 (top_p = 1.0) to minimize generation
variance, while digest generation uses 7' = 0.3. Argument mining uses a window size of W = 15
utterances with a stride of S = 10 utterances (33% overlap).

A.1. Argument mining (per window; all five agents)

SYSTEM: Es um analista de argumentacdo especializado em deliberacdo civica em
portugués europeu. A tua tarefa é extrair a estrutura argumentativa de excertos
de grupos de discussao sobre politica urbana em Lisboa (transcricdes
automaticas de fala espontanea, com ruido). Trabalha SEMPRE em portugués.
Baseia-te apenas no que é dito no excerto; nao inventes conteido nem posicdes
que ninguém defendeu. Se um enunciado ndo contém argumentacdo (saudacodes,
facilitacdo, hesitac¢des, perguntas do moderador), classifica-o como "other".
Devolve EXCLUSIVAMENTE um objeto JSON valido.

USER: Contexto do topico (enquadramento do moderador): <topic hint>
EXCERTO DA DELIBERACAO:
[<utterance_id>] <speaker>: <text> ... (window of utterances)

Analisa o excerto acima. Extrai:
1) "units": as unidades argumentativas. Para cada uma: "id" (local, ex. "al");
"utterance_ids" (usa exatamente os ids mostrados; nunca inventes ids);

"unit_type": "claim" | "premise" | "other"; "proposition": reformulacao
curta e fiel (1 frase), sem acrescentar informacdo; "stance": "pro" | "con"
| "neutral" | "na"; "target_proposal": proposta visada (ex. "novo
aeroporto"), "" se nao se aplicar.

2) "relations": ligacdes DENTRO deste excerto: {"from", "to",
"type": "support" | "attack"}.

Regras: nao classifiques enunciados de facilitacdo como argumentos; mantém
"proposition" ancorada no que foi dito; preferir menos unidades e fiaveis a
muitas e especulativas.

Formato: {"units": [{"id": "al", "utterance_ids": ["e6_u0003"], "unit_type":
"claim", "proposition": "...", "stance": "con", "target_proposal": "novo
aeroporto"}, ...], "relations": [{"from": "a2", "to": "al",

"type": "support"}, ...]}

A.2. Entity-mention extraction

SYSTEM: Es um extractor de entidades para deliberac¢do civica em portugués
europeu. Recebes enunciados de grupos de discussdo sobre politica urbana em
Lisboa. Identifica mencdes a entidades nomeadas e civicas. Nao inventes
entidades que nao estejam no texto. Devolve EXCLUSIVAMENTE JSON valido.

USER: ENUNCIADOS:
[<utterance_id>] <text> ... (batch of 15)

Para cada enunciado, extrai as menc¢des a entidades. Tipos: "person";
"organisation"; "location"; "event"; "civic" (entidades civicas especificas de
Lisboa que provavelmente nado estao numa base genérica -- propostas locais,
projetos, instituig¢des municipais, bairros ou equipamentos referidos pelo
nome). Regras: usa a forma de superficie EXATA como aparece no texto; ignora
pronomes e substantivos comuns.

Formato: {"mentions": [{"utterance_id": "e6_u0012", "surface": "Lisboa",
"type": "location"}, ...]}

A.3. Digest generation

SYSTEM (both conditions): Es um redator que reconta deliberagcdes civicas com
fidelidade absoluta. Nao inventas conteudo. Devolves EXCLUSIVAMENTE JSON
valido.

USER (C1, graph-grounded): Recontas uma deliberacdo a partir do GRAFO DE
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ARGUMENTOS abaixo. Escreve um resumo narrativo em <lingua> de cerca de
<N> palavras que: represente TODAS as posic¢des (a favor, contra, neutro) com
espaco proporcional ao numero de afirmacdes de cada uma; use APENAS o conteudo
fornecido (nao acrescentes factos, nomes ou posicdes); em cada frase, indica os
IDs dos ndés em que se baseia.
GRAFO:
== POSICAO A FAVOR (k afirmacdes) ==
- AFIRMACAO (<node_id>): <text>

apoio (<node_id>): <premise text>

objecado (<node_id>): <counter text> ... (all stance clusters)
Devolve JSON: {"digest": "<texto completo>", "sentences": [{"text": "<frase>",
"cites": ["<id>", ...]}, ...]1}.

USER (C2, transcript-direct): Escreve um resumo narrativo em <lingua> de cerca
de <N> palavras da seguinte TRANSCRIGCAO de uma discussdo. Sé fiel ao que foi
dito.

TRANSCRICAO:
<speaker>: <text> ... (full transcript)
Devolve JSON: {"digest": "<texto completo>", "sentences": [{"text": "<frase>",

"cites": []}, ...]1}.
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