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Abstract

Deliberation is a process in which people come together to discuss and find solu-
tions to complex topics. Human moderators are expensive to employ, time-consuming,
and can introduce their own biases into the moderation and summary of deliberative
conversations. Large language models (LLMs), on the other hand, avoid obscuring mi-
nority opinions and bring groups together rather than dividing them. In this paper, we
examine whether LLMs can extract values, value tensions, and consensus points from
deliberative transcripts. We experiment with 3 different prompting strategies, zero-
shot, few-shot, and chain of thought prompting, and 3 different LLM models, Gemma
2, Qwen, and Mistral. We evaluate the results using ground truth annotations and an
LLM as a judge study. We found that all LLMs were capable of extracting the basic
constructs by providing valid outputs to the prompts given. Mistral slightly outper-
formed the other models according to LLM-as-a-judge, whereas Gemma 2 achieved the
highest F1 score. Chain of thought prompting outperformed the others, according to
the LLM-as-a-judge, with few-shot prompting achieving the highest overall F1 score.
We found that the interaction between the model and prompting strategy is highly
dependent on the evaluation criteria with the correlation in results between LLM-as-a-
judge and metric evaluation tending to be slightly negative.

1 Introduction

Across the world, citizen assemblies are increasingly trusted to solve society’s hardest ques-
tions; from Ireland’s landmark abortion referendum to the conversations at the Citizens’
Convention on Climate in France. Deliberative conversations are becoming the cornerstone
of a fair decision-making process [27]. Despite its importance, though, meaningful delib-
eration is difficult to achieve in practice. A population that is diverse in its perspectives
and "willing to come together are properties that do not always co-exist" [15]. As groups
grow larger and more polarised, structured events become costly, difficult to scale and "can
result in voices being heard unequally" [23]. Recent advances in large language models
(LLMs) have opened a new possibility in the context of deliberation. Tessler et al. [23] have
shown that AI mediators leave groups comparatively less divided, produce more agreeable
statements and avoid discriminating against minority perspectives compared to their human
counterparts.

Previously, LLMs have been explored as thinking partners alongside humans [8], as
thinking assistants for self-reflection [19], and as AI supporting stakeholders in surfacing
and improving fairer decision-making processes [29]. Babatunde et al. [2] also explored
extracting arguments and categories from deliberation using various prompting techniques.
This work classifies individual utterances into fixed categories, and we aim to build upon this
to extract open-ended constructs that require reasoning across multiple turns. Our research,
therefore, focuses on the systematic extraction of values, value tensions, and consensus
points as distinct constructs from deliberative transcripts. This gap in research is important
to fill since normal summaries risk obscuring the underlying disagreements that matter
and degrading minority opinions [10]. Additionally, deliberative forums should look not
only at points of agreement in a conversation but also at the "tensions between competing
values and conflicting priorities”" [5]. Bridging this knowledge and exploring the use of
LLMs in this context can consequently help make decision-making processes fairer and make
summarisation and moderation more cost-effective and efficient. As a result, this research
paper answers the broad research question: Can large language models identify value, value
tensions, and consensus points from multi-stakeholder deliberation transcripts?



The sub-questions derived are the following:

e SQ1: Which LLM most accurately extracts deliberative constructs from multi-stakeholder
transcripts, as measured by metric evaluation and an LLM-as-a-judge evaluation?

e S5Q2: Which prompting strategy most reliably elicits correct and complete deliberative
construct extraction, as measured by metric evaluation and an LLM-as-a-judge evalu-
ation?

e SQ3: How does the interaction between model and prompting strategy affect extraction
quality?

As a result of these questions, the contributions of this paper are: (1) a systematic
comparison of 3 LLMs and 3 prompting strategies for deliberative construct extraction, (2)
a LLM-as-a-judge study with results across four quality criteria, (3) a metric evaluation
comparing the precision, recall and F1 scores derived from ground truth annotations, (4)
a benchmark of model-prompt combinations ranked by extraction quality for deliberative
content.

The rest of the paper is structured as follows: we walk through related work in deliber-
ative theory, the use of LLMs as assistants, and their direct use in deliberation (Section 2).
Then, we motivate the design choices and structure of the methodology (Section 3), followed
by the methodology’s execution (Section 4) and the outcomes and results (Section 5). We
then discuss the implications of this research for ethics and reproducibility (Section 6). We
go over the results in more depth and what they mean for the broader field of deliberation.
Finally, we conclude the paper with an overview of its contents, the results of the questions
and future work (Section 8).

2 Related Work

2.1 Deliberative Theory

In this research, we follow Chambers’s [6] definition of deliberation, defined as a "debate
and discussion aimed at producing reasonable, well-informed opinions in which participants
are willing to revise preferences in light of discussion, new information, and claims made by
fellow participants. Although consensus need not be the ultimate aim of deliberation, and
participants are expected to pursue their interests."

This definition alone, however, is insufficient as a basis for extracting the constructs
we defined. Carcasson and Sprain [5] argue that deliberation should look beyond seeking
agreement but also highlight the tensions between opposing and adverse values and opinions.
This motivates our focus on extracting not only the consensus points but also values and
value tensions as distinct constructs to capture the full deliberative exchange rather than
just conclusions.

As for our constructs, we adopt Schwartz’s [21] definition of values as "a trans-situational
goal that serves as guiding principles", thus defining a value as a principle that guides a
person’s judgment about what is important. In the context of deliberation, these values
motivate the positions participants take and serve as justifications [21]. Identifying values
allows us to analyse conflicts and agreements at a fundamental level, as they form the basis
of stakeholder intent. Following the definition of a value, a value tension is a conflict between
two values that are each independently legitimate; tensions can surface when participants
invoke different values in response to the same issue. Finally, a consensus point is a claim that



receives endorsement from all (or a subset) of participants in a deliberative context. This,
however, does not require unanimity but instead overlapping agreement across otherwise
divergent positions [20]. Consensus points form the baseline summary of the deliberation
outcome; these points highlight shared ground and provide a foundation for collaborative
decision-making.

2.2 LLMs as thinking partners/assistants

Before applying LLMs specifically to deliberative contexts, it is worth noting that LLMs
have already demonstrated the capacity to engage meaningfully with open-ended reasoning
tasks in collaboration with humans. Collins et al. [8] have advocated for a "design that
explicitly recognises and engages with the richness and diversity of human thought in an
often unpredictable world". They investigated the context for using LLMs as "thought part-
ners" (collaboratively ideating and thinking together) in programming, embodied assistance,
storytelling, and medicine. Their work shows that LLMs can meaningfully participate in
tasks that require an understanding of the nuances of different human opinions. To extend
this further, Park et al. [19] have explored LLMs as conversational assistants, which they
call "thinking assistants". In their work, they designed an agent that would ask "thought-
provoking" questions to enhance the user’s ability to engage in possibly difficult decision-
making processes. They concluded that participants think reflectively in the presence of
the conversational agent more than they do without it. This matters for our work because
it suggests that LLMs are not merely tools for summarising deliberative conversations but
have a real grasp of the values and opinions that humans can hold and express.

These findings are encouraging and suggest that LLMs can reason with humans about
values and reflective work, but they carry an important distinction. Both studies involve
working with LLMs alongside humans in real time. Our task, however, is different since
the LLM must reason over a completed transcript without any support or interaction from
the speakers. It is therefore not guaranteed that the capacity for collaborative reasoning
demonstrated in these studies transfers to the task we are trying to execute. However,
they do establish that LLMs understand human values and intent, which is a necessary
precondition for our work to proceed.

2.3 LLMs and agents in deliberation

Building on this capacity for reasoning, LLMs and agents have also been explored more
directly in the context of deliberation. Agarwal et al. [1] have explored the use of conversa-
tional agents to enforce "accurate belief formation", particularly on WhatsApp groups. They
explored the design and implementation of an agent to help users in WhatsApp groups delib-
erate about harmful content, particularly misinformation and disinformation. They found
that participants found an external agent that would initiate conversations about harmful
content useful. Additionally, Babatunde et al. [2] investigated how LLMs can moderate
large-scale online deliberations as a scalable and inexpensive alternative to human modera-
tors. LLMs were prompted to extract answers and classify them into predefined categories
such as metrics, barriers, and arguments. They used zero-shot prompting, where the model
is provided with a description of the task only, 2 different few-shot techniques, where the
model is provided with the task annotated examples, as well as the description and few-shot
chain of thought prompting, where the model is provided with annotated examples, as well
as reasoning steps to follow. They found that few-shot prompting improved the model’s



ability to identify and categorise answers, but not arguments. Whereas chain-of-thought
prompting increased complexity, resulting in negatively impacted results.

3 Research Motivation and Approach

3.1 Choosing a dataset

Several existing datasets were considered, including Habermas Machine, Europolis, Deli-
Data, and MeetingBank; however, none fully met the definition of deliberation defined in
2.1. These datasets were either not in the right context, such as DeliData [16], contained
only summaries of the deliberation or included a lot of buffer speech. As a result, we make
use of the UK House of Commons (Hansard) dataset for prompt tuning. This dataset was
chosen because it is multi-stakeholder, with a diverse set of participants representing dif-
ferent interests and positions. Debates are structured around specific policy topics, and
participants are expected to justify their positions. Finally, as a public record, Hansard
ensured full reproducibility of our work.

When compiling all the different Hansard transcripts, four themes emerged: terrorism,
surveillance, crime and policing, and emergency services. These topics contained many
sub-topics, of which we filtered out all topics that were too short or not in the correct
context (more procedural than actual deliberation). Amongst the remaining transcripts,
we chose 5 (one from each theme, plus an extra one from crime policing) across distinct
policy topics, including online safety, medicine, work for prisoners, terrorism, and data
privacy. This ensures that results are not specific to a single policy domain and allows
for a more generalisable assessment of extraction quality. For the purposes of evaluation,
we artificially created 6 deliberative transcripts intended to represent a real deliberative
conversation among stakeholders in the context of public safety. We decided to create our
own transcripts for the ’test’ set so we could tailor the content to the specific realm of public
safety. These transcripts were then checked by 2 annotators to ensure that personal biases
were not included in the content and that the artificial transcripts accurately represent a
normal conversation. To avoid introducing personal bias into the evaluation pipeline, the
training and test sets are deliberately kept separate. This separation ensures that any
assumptions that shaped our prompt tuning can’t leak into what we reward on the test set.

3.2 Prompting Strategies

Sclar et al. [22] found that the performance of a large language model is highly sensitive
to the formulation of prompts. They found that "performance spread caused by arbitrary
prompt formatting choices may influence conclusions made about model performance", sug-
gesting that no single prompting strategy can conclusively show a model’s capabilities.
Language model performance varies across tasks, metrics and even evaluation methods; no
single benchmark can accurately map the reliability of the LLM [17]. Different prompting
paradigms will, therefore, provide the model with varying levels of guidance and allow us
to isolate how much contextual guidance is needed for the model to extract deliberative
constructs.

For this reason, it is important to capture the full extent of a model’s capabilities. We
are first using zero-shot prompting, which requires prompting an LLM with a description
of the task without examples. This strategy is particularly useful for evaluating an LLM’s
performance, since its output depends solely on the model’s pre-training [13]. While this



strategy is a good benchmark to compare models, we are providing a specific task to the
LLM which requires a high level of reasoning; for this reason, we also introduce few-shot
learning, which aims to ground the LLM in the task by providing a description as well as
annotated examples, and can help performance by increasing the amount of context [4].
Finally, we are using chain of thought (CoT) prompting, which involves prompting the LLM
to think in steps, eliciting a more structured and thoughtful response, appropriate for multi-
step reasoning across speakers, since chain of thought prompting is useful for reasoning in
general [26].

We also considered two other possible techniques: step-back prompting and self-consistency
prompting. Step-back prompting is when the LLM is prompted to ’step back’ and take a
higher level abstraction of the principles of the task before answering the prompt [30]. This
may seem appealing at first, since it would allow for deeper reasoning, but stepping back to
a higher level of reasoning can cause the LLM to lose details from the provided transcript.
Secondly, we also considered self-consistency prompting, which "enhances the reasoning ca-
pabilities of LLM by generating multiple reasoning paths and selecting the most consistent
answer". However, we did not continue with this approach because it can be less effective
for open-ended tasks, making it unsuitable for this task [3].

3.3 Model Selection

While we are using different prompting strategies to evaluate a single model’s capabilities,
the generalisability of patterns observed in extraction quality is yet to be explored. In a field
where model performance is changing rapidly and a model considered cutting-edge when it
was released can be outdated just months later, it is important to assess whether findings
about deliberative construct extraction are likely to hold for future models as well.

For this reason, we selected 3 models, allowing us to assess whether extraction patterns
are model-specific or reflect broader trends across LLMs. For a model appropriate for this
type of research, we would want a general-purpose or reasoning model that works well with
open-ended tasks. We are using Ollama for open-weight models for reproducibility. We
first chose Qwen 2.5 7B, which is considered a stronger general-purpose instruction-tuned
baseline. We are also working with Mistral 7B, at a scale similar to Qwen, and it is often used
as a benchmark model in prompting research [14]. Finally, we are using Gemma 2 9B, which
is slightly larger than the other two and has strong instruction-following capabilities. We
decided to explicitly choose LLM from 3 different providers (Alibaba, Mistral and Google).

3.4 Problem and Method

Given a multi-stakeholder deliberative transcript, the task is to identify and extract the 3
constructs defined above. Unlike surface-level summarisation, this task requires mapping
out the underlying principles that motivate each speaker’s position, detecting conflicts, and
identifying moments of agreement for future decision-making. This makes it a challenging
open-ended reasoning task with no single correct answer.

We first start by annotating our training dataset of deliberative transcripts with value,
value tensions, and consensus points. These will serve as our ground truths for prompt
tuning. Next, we tune our prompts using the ground truths. These finalised prompts are
used on the selected models on a test set of deliberative transcripts. To evaluate the quality
of the extractions, we again compare them to ground truth values, as well as conduct an
LLM-as-a-judge study on a preset criterion.



4 Method

4.1 Annotation

In order to ensure that the prompts that we are using are properly tweaked to the task at
hand, we will be making use of a train set of transcripts, validating on a test set of transcripts.
For this, we will need to establish the ground truth annotations for the transcripts so that we
can compare the LLM outputs to them. Simply having a single researcher annotate all points
in the dataset can introduce annotation bias, which arises from an annotator’s predisposition
to label and interpret data differently from each other [9]. To prevent this, we had 2 coders
labelling the dataset separately to prevent influencing each other’s process. After annotating,
the coders met in person to reach a consensus on the final ground truth annotations and
discuss any disagreements they had about specific annotations. The coders were provided
with instructions, which can be found in Appendix A. Using normal metrics for inter-
annotator agreement (IAA) such as Cohen’s x or Krippendort’s « for this annotation task
would not be a suitable metric since this annotation task is open-ended and does not have
a fixed amount of labels or utterances, which in turn can make Cohen’s kappa unreliable as
the number of unlabeled utterances increases [12]. For this reason, we decided to use a span-
based agreement metric adapted from the work of Hripcsak et al. [12], where they argue an
"F-score" approach is more appropriate for reasoning tasks. As a result, we compute the
pair-wise agreement between the 2 annotators’ coding on the constructs and labels given.
Additionally, we calculated the survival rate (how many of the constructs actually ended up
in the final ground truth labels) after reaching consensus on the ground truth annotations.

- Both Coders

Coder 1 only

Coder 2 only

Constructs Found

18

14

20

Included after Triangulation (%)

94.4

64.3

45.0

Table 1: Distribution of constructs identified for all 5 training transcripts and percentage of

constructs that were included in triangulation

Both Coders

Coder 1 only

Coder 2 only

Constructs Found

28

43

13

Included after Triangulation (%)

100.0

86.0

23.1

Table 2: Distribution of constructs identified for all 6 test transcripts and percentage of
constructs that were included in triangulation

From Table 1, we can use the adapted F1 score metric from Hripcsak et al., where
we calculate the score from the perspective of Coder 1 using Coder 2 as a reference to
get an F1 score of 0.514. We can also see that after both annotators came together to
triangulate results for the final ground truth annotations, most constructs coded by both
coders were included, as well as a portion of independently coded constructs. Looking at
the test transcript reliability, we can see that it is slightly lower at 0.5, although still similar.

4.2 Prompt Tuning

Prompt tuning was conducted over 3 iterations using the Hansard dataset. Each iteration
followed the same cycle: run all 3 prompting strategies across all transcripts, compute pre-



cision, recall and F1 against the ground truth annotations, which is a standard approach
to compare model outputs [25], identify failure patterns and revise the prompting accord-
ingly. We decided to prompt tune on the Llama 3.1 8B model, intentionally kept separate
from the 3 models we are testing to ensure that the prompts aren’t specifically designed to
favour a specific model. The tuning process surfaced 3 persistent challenges: the models
consistently misclassifying value tensions as points of internal deliberation (e.g a person
weighing two options amongst themselves); consensus points frequently identified without
multi-speaker endorsement; and many values identified having no basis. Tuning was con-
cluded after iteration three, when marginal F1 gains diminished, and remaining weaknesses
could be attributed to model architecture. The prompts we started with can be found in
B.1, and the criteria that we use to evaluate the correctness of the outputs to the ground
truth labels can be found in Appendix C.1.

Iteration One: In this iteration, the most glaring problem we noticed was that out
of the 5 transcripts, CoT prompting only yielded two successful outputs, and a few shots
completed the task successfully only 3 times. Table 3 and Table 4 contain the per prompt and
per construct precision, recall and F1 scores. Value tensions have a low precision, meaning
we should reinforce the prompt when it comes to its definition. Constructs also have a low
F1 score, which can be attributed to the fact that many consensus points identified correct
points, but did not have multiple speakers involved in their justification.

Precision Recall F1 Score Precision Recall F1 Score
Zero Shot 0.353 0.295 0.321 Value 0.744 0.312 0.440
Few Shot 0.480 0.279 0.353 Value Tension 0.111 0.429 0.176
CoT 0.462 0.200 0.279 Consensus Point 0.174 0.118 0.141
Table 3: Iteration 1 Prompting Metrics Table 4: Iteration 1 Construct Metrics

Following from this analysis, we made changes to reinforce the definitions of the con-
structs and the desired outputs; full changes can be found in Appendix C.2.

Iteration Two: In this iteration, all 5 transcripts for all prompting strategies were suc-
cessful. Consensus point extraction metric improved; however, value recall dropped, which
could indicate that the tightened definitions improved correctness at the cost of coverage,
as seen in Table 6 and Table 5. From this analysis, we should add more explicit guidance
for detecting values, provide more nuanced examples for few-shot settings, and introduce
examples to CoT with full changes specified in Appendix C.3.

Iteration Three: All prompting strategies continued to produce valid outputs, with no
prompting strategies failing to complete the task. From Table 8 and Table 7, we recovered
the behaviour of CoT prompting from its decline in iteration 2. Though value tensions
remain the weakest construct, fewer false positives were noticed in this iteration.

Precision Recall F1 Score Precision Recall F1 Score
Zero Shot 0.581 0.290 0.387 Value 0.826 0.204 0.327
Few Shot 0.545 0.279 0.369 Value Tension 0.167 0.375 0.231
CoT 0.417 0.200 0.270 Consensus Point 0.542 0.382 0.448
Table 5: Iteration 2 Prompting Metrics Table 6: Iteration 2 Construct Metrics



Precision Recall F1 Score Precision Recall F1 Score

Zero Shot 0.540 0.317 0.400 Value 0.906 0.309 0.460
Few Shot 0.583 0.333 0.424 Value Tension 0.125 0.230 0.167
CoT 0.636 0.233 0.341 Consensus Point 0.417 0.303 0.351
Table 7: Iteration 3 Prompting Metrics Table 8: Iteration 3 Construct Metrics

Based on these observations, prompt tuning was concluded. It should be noted that, for
zero-shot prompting, we clarified the expected structure for value, value tensions, and con-
sensus points (without providing examples to adhere to the zero-shot prompting structure).

4.3 Creating the test transcripts

The decision to construct rather than source the test transcripts was motivated by two
main points. First of all, there was no publicly available dataset that fulfilled the criteria
set in Section 2.1 and was set in the public safety domain. Secondly, using an artificially
created set strictly for the test set will ensure that the same assumptions that shape the
training set annotations do not implicitly shape what the test set rewards. A risk of cre-
ating synthetic transcripts, though, was researcher bias in content construction, which can
result in transcripts that are too neatly structured and may not generalise to real deliber-
ative conversations. To combat this, the transcripts were created using real research done
on the topics covered in the transcripts. Transcripts were created with varying amounts
of constructs; some conversations have value, value tensions, and consensus points present,
whereas others seemed to reach no agreement at all. Additionally, to ensure content va-
lidity, a 2-person review process was conducted before the use of transcripts. 2 reviewers,
independent of the process of creating the test transcripts, were provided access to the tran-
scripts and asked to identify any moments that felt unnatural, implausible, or inconsistent
with genuine multi-stakeholder deliberations and possible changes to make. These reviewers
independently assessed the transcripts, and passages flagged by both reviewers were revised.
The instructions for the reviewers can be found in Appendix D.

4.4 Running the LLMs on the transcripts

Now that we have the final test transcripts, with the final prompts and the models selected,
we ran every combination of model, transcript and prompt together, yielding a total of 54
outputs, 9 outputs per transcript.

To ensure that we had the most deterministic and ’straight to the point’ answers possible,
we set the temperature to 0, which lets the LLM give more consistent and comprehensible
responses. Additionally, we set the top p (nucleus sampling) to 1.0, which ensures that
the pool of words considered by the LLM in the response is the top choice probability-wise.
Finally, we set the top k as 1 to ensure that the model always picks the most likely word.

4.5 Measures

In Section 4.1, we described the processing of obtaining ground truth labels for a metric
evaluation, from which we will calculate precision, recall and F1 scores. In addition to an
evaluation with ground truth tables, we will also conduct a LLM-as-a-judge study. Liang et
al. [17] have shown that a single evaluation metric does not capture the full performance of



the LLM, so we will use LLM-as-a-judge to evaluate the quality of the content of the output.
LLM as a judge is a process where a usually larger LLM is used to evaluate the responses
of our smaller LLMs. LLM rankings have been shown to often agree with human rankings
and can evaluate each output independently of each other [7].

Therefore, we decided to use the Deepseek R1 14B model since it was a larger model (with
5-7 billion more parameters than the other models we used), had a different provider than
the models we used before, and is known to be a reasoning model. Defining an evaluation
criterion is imperative for LLM-as-a-judge [11], thus we provided the LLM definitions for
the 4 criteria we were evaluating on: faithfulness, construct correctness, coverage and label
quality. The full prompt can be found in Appendix E. We chose these criteria specifically
to ensure that all output responses were not hallucinated, capture at least the main points
created in the conversation and fit the constructs defined. These criteria were to be rated
on a Likert scale of 1 - 5. Additionally, LLM as a judge can contain many risks such as
positional, verbosity and self-enhancement risk [31]. We addressed positional bias, where
LLMs can prefer responses based on when they see the response, by randomising the position
of the outputs before letting the LLM evaluate them. We did not believe the verbosity risk,
which is when LLMs prefer larger responses, to be within the scope of this experiment
since all responses were of a similar size and followed a strict format. Finally, for self-
enhancement risk, where LLMs prefer responses created by them, we used a completely
different LLM (Deepseek 14b) to evaluate rather than to create responses, which mitigates
this risk. Finally, we ran LLM as a judge using 10 different seeds in order to decrease the
amount of randomness for the evaluations.

5 Results
5.1 Effect of Model

We first computed the metric evaluation for each model across all prompting techniques and
all 6 transcripts, shown in Table 9. For the LLM-as-a-judge, we took the mean of all the
Likert scores (for each criterion and overall) across all 10 seeds, shown in Table 10.

Model | Precision | Recall F1 Model | Faith. | Corr. | Cover. | Label Q. | Overall
Gemma 0.596 0.492 | 0.540 Gemma | 4.467 | 4.739 4.322 4.733 4.615

Qwen 0.555 0.365 | 0.441 Qwen 4.644 | 4.678 | 4.350 4.700 4.593

Mistral 0.511 0.449 0.478 Mistral | 4.672 | 4.700 4.417 4.689 4.619

Table 9: Per Model scores for metric evalu- Table 10: Per Model scores for LLM-as-a-

ation judge
Model Gemma | Qwen | Mistral
Metric Variance 0.106 0.138 0.101

LLM-as-a-judge Variance 0.039 0.027 0.018

Table 11: Variance in scores for metric and LLM-as-a-judge per model

As well as analysing the raw scores for both the LLM-as-a-judge and metric evaluation,
we also observed the variation in scores. We calculated the variance across all 6 transcripts
for the F1 scores, and the variance against the average Likert scores across all 10 seeds for




all models, as seen in Table 11. Overall, we can see that Gemma performs slightly better
than the other models as per metric evaluation, followed by Mistral and finally Qwen. LLM-
as-a-judge, however, slightly disagrees with the ranking, stating that Mistral was the model
that performed the best overall, followed by Gemma, with Qwen working the worst out of
the 3. We can also see that the variance in F1 scores is around 0.1 with a sample size of
6 transcripts, indicating moderate noise. On the other hand, LLM-as-a-judge has very low
variance between scores. Additionally, looking at the final F1 scores per model, Gemma has
the highest F1 score in 3 of the 6 transcripts, Qwen in 2, and Mistral in 1.

5.2 Effect of Prompting Strategy

Prompt Precision | Recall F1 Model Faith. | Corr. | Cover. | Label Q. | Overall
Zero-shot 0.565 0.565 0.565 Zero-shot | 4.628 | 4.717 4.322 4.706 4.593
Few-shot 0.523 0.732 | 0.610 Few-shot 4.561 4.694 4.322 4.656 4.558

CoT 0.581 0.429 0.493 CoT 4.794 | 4.706 4.444 4.761 4.676

Table 12: Per Prompt scores for metric eval-  Table 13: Per Prompt scores for LLM-as-a-

uation judge
Model Zero-shot | Few-shot | CoT
Metric Variance 0.124 0.082 0.073
LLM-as-a-judge Variance 0.034 0.028 0.025

Table 14: Variance in scores for metric and LLM-as-a-judge per prompt

We can see in Table 12 that metric evaluation shows that few-shot prompting performed
the best, followed by zero-shot and finally CoT. Interestingly, though, LLM-as-a-judge dis-
agrees with this ranking, placing CoT first, followed by zero-shot (in agreement) and finally
few-shot, which are completely opposite results from each other. In Table 14, we can also
see that the variance for LLM-as-a-judge has slightly increased overall, whereas for metric
evaluation, the variance has overall decreased. Finally, looking at the F1 scores transcript-
wise, few-shot prompting achieved the highest F1 score in 3 out of the 6 transcripts, with
zero-shot prompting achieving the highest score in the remaining 3 transcripts.

5.3 All Model Combinations

Combination ~ Gemma Mistral Gemma Gemma Mistral Qwen Mistral Qwen  Qwen
Zero- Few- Few- CoT CoT Zero- Zero- Few- CoT
shot shot shot shot shot shot

Overall Score  0.576  0.526  0.525  0.521  0.455  0.454  0.451  0.427  0.396

Table 15: Overall F1 scores for each model-prompt combination for metric evaluation

10




Combination Gemma Qwen Mistral Mistral Gemma Qwen Mistral Gemma Qwen
CoT CoT CoT Zero- Zero- Few- Few- Few- Zero-

shot shot shot shot shot shot

Overall Score  4.700  4.671 4.658  4.638  4.625  4.592  4.562  4.521 4.517

Table 16: Overall Likert scores for each model-prompt combination for LLM-as-a-judge

We also explored if there was any correlation between the LLM-as-a-judge and metric rank-
ings as seen in Table 15 and Table 16. We decided to calculate Kendall’s 7 which is suitable
to measure the ordinal association between rankings, particularly for small sample sizes
since we only have 9 data points. The Kendall’s 7 is -0.11 which indicates slight negative
correlation.

6 Responsible Research

6.1 Reproducibility

All code, annotation data, transcripts and LLM outputs can be found in the following
repository '. The training dataset used was deliberately chosen to be publicly available,
with the selected transcripts present in the database. All LLMs chosen are also open source
and openly runnable with all parameters present in the provided code as well as in Appendix
F. All LLM outputs, as well as data for the two coders and calculations for precision, recall
and F1 score, are presented in an Excel file in the database. Finally, if we look at the
reproducibility in terms of the inter-annotator agreement, we can see a similar agreement
rate as seen by the F-score for the training and test transcript annotations. Since the coding
task was an open-coding task with no fixed labels, it is logical to assume more disagreement
and false negative labels.

6.2 Societal Impact and Ethics

Regarding the ethics of this research, human data were used to annotate the test and training
sets with constructs. In this case, no personal information of the annotator was provided or
stored. Additionally, since we are not experts in deliberative Al, the transcript annotations
and interpretations of LLM outputs should be viewed with caution and may be limited by
our understanding of the field. The open source and open weight models were also chosen
for the reason of data security, since locally run LLMs on Ollama do not send data to the
cloud or third-party services, which adds a blanket of security as opposed to using cloud-
based models such as GPT. Concerning the use of Al generative Al tools were used to
enhance the clarity and readability of written text. Prompts used were written to improve
suggestions to the written text and not the synthesis of new text. All research activities,
including literature review, methodology design and analysis, were conducted by the author.
Al-generated suggestions were critically reviewed and modified where necessary.

Deploying this in a real pipeline raises important questions. The models tested here are
small and run on synthetic transcripts. To adapt this work responsibly, further work on real
citizen assemblies should be continued to better adapt to real scenarios. Algorithmic bias
is also a concern; if a model consistently underrepresents certain opinions, it can quietly
skew which points are brought up to question. Thus, real deployment of LLMs in this space

Thttps://github.com/ananya290905/RP_Project
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should be done with human oversight. This is further supported when we look at the inter-
reliability between the annotators as seen by the F-score compared to the F1 score of the
LLMs. The F-score of the inter-annotator reliability was 0.5 and 0.514 for the test and train
transcripts, respectively, as compared to the LLM outputs’ F1 scores; the highest achieved
score is 0.576, only slightly higher than humans, which indicates that this extraction task
cannot be fully offloaded to LLMs.

7 Discussion

7.1 LLMs for extracting constructs

LLMs have long been explored as a scalable alternative to human moderators and summaries,
for their efficiency and comparative lack of bias against minority opinions. The results of
this study suggest that LLMs can meaningfully extract deliberative constructs from multi-
stakeholder transcripts.

Across both evaluations, all 3 models were capable of extracting the basic value, value
tensions, and consensus points, with Gemma 2 achieving the strongest performance on
the F1 metric (0.540) and Mistral receiving the highest overall Likert score (4.620). An
explanation for Gemma 2 getting a slightly higher F1 score than the other models could
seem to be attributed to model size. Zadenoori et al. [28] found that models with over a
trillion parameters only work slightly better than smaller models, which suggests that the
parameter sizes do not have an effect on the results. Although from Table 11, we can see
that the variance observed across transcripts is around 0.1 to 0.14, so this difference relative
to Qwen (F1: 0.441) may not be substantial. While Gemma 2 achieved the highest F1
score aggregated and was the top performer in 3 out of 6 transcripts, this does not represent
a dominant or consistent advantage. Qwen performed the highest in 2 transcripts despite
having the lowest aggregated F1 score, indicating that performance was more variable across
transcripts. Mistral, despite only performing the highest in 1 transcript, maintained the
second-highest F1 score overall, indicating more consistent performance. As for the LLM-
as-a-judge, we see little variance in the Likert scores, with all models ranking an average
above 4 out of 5. This may be attributed to leniency bias, which is where the LLM acting as
the judge is overly lenient when it comes to evaluating the responses and defaults to giving
high scores to all responses [24]. Observing F1 scores, while there isn’t a specific chart to
judge how well a score is, Murton et al. [18] found that in their task of extracting data from
randomised clinical trials, LLMs achieved an F1 score of 0.85, which in their case was "often
equaling human performance". In our case, the F1 scores for all combinations ranged from
0.576 to 0.396, which is considerably lower, and could be attributed to the higher reasoning
level required to extract deliberative constructs rather than medical data. However, looking
at that source, we can say with some certainty that the accuracy of extraction was not on
par with that of human performance. Additionally, if we compare our F1 score to that
of Babatunde et al.’s [2], they found that few-shot achieved the highest F1 scores (when
looking at the better few-shot prompt), followed by zero-shot and finally CoT prompting
in mining tasks. This closely mirrors our results when comparing F1 scores of the different
prompting strategies, where we received a similar ranking.

When it comes to the different prompt techniques, however, we can see that for the
metric evaluation, few-shot prompting works the best, although for LLM-as-a-judge, CoT
prompting achieved the highest average Likert score. What is interesting, though, is that al-
though CoT prompting achieved the highest scores according to LLM-as-a-judge, it received
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the lowest F1 score, that too by a substantial amount. Wei et al. [26] had discovered that
CoT prompting works best with larger (100B +) models, which the models we used are not.
Additionally, the results we found in metric evaluation align closely with Babatunde et al.
[2] work in extracting arguments and argument classification, where they found that few-
shot learning achieved the highest performance for their extraction tasks, whereas few-shot
CoT prompting added complexity to the tasks, which negatively affected the model’s ability.
This is highly relevant to our results as well, since they also worked with precision and F1
scores and could explain why CoT prompting performed the worst in metric evaluation.
CoT prompting is still valuable for reasoning and logical deduction, though, which could
explain why it scored high on the Likert scale. The outputs from CoT were still valuable,
and the phrasing and content of the outputs (possibly fluff) yielded high scores.

Although we looked at prompting strategies and models separately, we also analysed
the final rankings from the metric and LLM-as-a-judge evaluation, where Gemma 2 with
zero-shot prompting achieved the highest F1 score, and Gemma 2 with CoT prompting
received the highest average Likert score. When looking at Kendall’s 7, though, we can see
a slight negative correlation between the two rankings. This may be attributed to the fact
of the LLM judge’s leniency, but also could be due to the fact that both methods evaluate
on different criteria; the metric evaluation focuses completely on the coverage and accuracy
of the construct extractions, whereas LLM-as-a-judge takes a more subjective measure by
evaluating on the quality and actual content of the outputs.

7.2 Limitations

This study provides the groundwork and intuition for using LLMs in the deliberative space
for the extraction of value, value tensions, and consensus points, but several limitations
of the current scope of the work suggest gaps for future work. First, the use of synthetic
transcripts rather than real deliberative conversations could have impaired the quality of
the extraction by still being too neatly structured compared to real discussions. This can
limit the generalisability of the results to real-world deliberative conversations. We also
limited the scope of this experiment to 3 prompts and models, which provides a gap for
future work to explore further techniques and more model architectures to make a more
conclusive and generalisable decision on the best model and prompt strategy to be used for
this task. Finally, with the use of LLM-as-a-judge as an evaluation method, we saw possible
leniency bias when it came to evaluating every output. This could possibly mean that the
ratings of an LLM may not align with those of a human evaluation study. This can already
be seen when looking at the correlation between metric and LLM scores, where there is
a slight negative correlation. Finally, as mentioned in the responsible research section, we
are not experts in the field of deliberative AIl, meaning that interpretation of outcomes and
annotations of ground truth labels may contain biases or inaccuracies and should therefore
be interpreted with appropriate caution.

7.3 Implications for deliberative contexts

Beyond technical findings, this study has broader implications for the use of LLMs in real
deliberative contexts. As deliberative conversations and citizen assemblies scale in size, the
cost and time consumption of human moderation becomes a bottleneck to overcome. The
results in this study suggest that LLMs can serve as a useful tool to assist and extract basic
constructs from a transcript in an effort to not replace human moderation, but rather help
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surface points of contention for moderators to further explore and points of agreement to
serve as a basis for fairer decision making.

8 Conclusions and Future Work

In this paper, we looked at whether large language models can extract value, value tensions,
and consensus points from deliberative transcripts. We explored the effect of using different
prompting strategies and models on the results of a metric evaluation and LLM-as-a-judge
study.

With respect to SQ1, we tested out 3 different models, Gemma 2, Qwen 2.5 and Mistral,
where Gemma 2 achieved the strongest metric performance (F1: 0.540), followed by Mistral
and Qwen, although the variance in F1 scores does not indicate a "dominant" performance.
LLM-as-a-judge scores were broadly positive, with Mistral achieving the highest average
Likert score, although since there was little variance in scores, all 3 models were reasonably
capable of the task. With respect to SQ2, we tested out 3 different prompting strategies:
zero-shot, few-shot and chain of thought prompting. The two evaluation methods disagree
on the best strategy, where the metric evaluation ranked few-shot highest, whereas LLM-
as-a-judge ranked CoT the highest, indicating that the two methods captured different
qualities of extraction. The metric evaluation ranked CoT the lowest, indicating the lowest
accuracy and coverage of extraction due to the complexity possibly being added from the
prompt, and the general findings that CoT prompting works better with larger models.
Finally, with respect to SQ3, no single model-prompt combination dominated across both
evaluation methods, with Gemma zero-shot performing best metric-wise and Gemma CoT
performing best with LLM-as-a-judge, which suggest that the interaction between model
and prompting strategy is sensitive to how quality is defined and that conclusions about the
best combination depend on the evaluation method prioritised, since the rankings between
the two methods showed a slight negative correlation.

The goal of this paper was to lay the groundwork and intuition of using LLMs for the
extraction of value, value tensions, and consensus points. Though this paper covered the
basics of using these techniques for extraction, future work can use higher parameters and
stronger models that can increase the reasoning capabilities. The prompt tuning methods
can also be refined to branch onto more prompting techniques that enhance reasoning tasks
such as these. We can also evaluate the model outputs through a human evaluation study,
rather than relying on ground-truth measures or an LLM as a judge, to see how useful these
extractions are to actual humans.

Ultimately, this study demonstrates that LLMs show genuine promise for supporting
deliberative processes at scale. Surfacing not only consensus points but also underlying
disagreements, LLMs can help ensure that the full complexity and nuances of deliberation are
effectively handled, rather than flattening conversations into a summary that risks obscuring
the values that matter most.

9 Acknowledgments

This research was initially supposed to conduct a within-subjects human evaluation exper-
iment to evaluate the usefulness of the LLM outputs. Ethical approval for human research
was applied for before the start of the research project, but due to administrative delays, we
did not receive approval in time to conduct the experiment and present the results in this
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A Annotator Instructions

Overview

You are annotating transcripts of UK House of Commons debates as part of a research
project investigating whether large language models (LLMs) can extract deliberative con-
tent. Your annotations will serve as ground truth that is used to tune and evaluate LLM
prompts. It is therefore important that your annotations are as precise and consistent as
possible.

You and the researcher will annotate each transcript independently. Then meet to dis-
cuss disagreements if there are any and reach a consensus annotation. The final consensus
annotation is what will be used for prompt tuning.

The Three Constructs
1. Value

A value is a stable, abstract principle that guides a speaker’s judgment about what
is important. It is not a policy position or opinion; it is the underlying principle
motivating that position.

Ask yourself: what does this speaker ultimately care about, beyond just win-
ning the argument?
2. Value Tension

A value tension occurs when two independently legitimate values come into direct con-
flict over the same issue in the debate. Both values must be present in the transcript;
you cannot infer one from silence.

Ask yourself: are two speakers appealing to different values to reach opposite
conclusions about the same thing?

A value tension requires you to have already identified both values separately. Do not
annotate a tension without first annotating both constituent values.

3. Consensus Point

A consensus point is a claim that receives active endorsement from participants who
otherwise hold divergent positions. This does not require full unanimity; it requires
overlapping agreement across opposing sides.

Ask yourself: is there something both sides appear to agree on, even if they
disagree on everything else?

Annotation Format

Use the provided spreadsheet to fill in the information. The columns are defined as follows:
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Column Definition

Transcript File name
Speaker Name of speaker as it appears in the transcript

Verbatim Quote The shortest excerpt from the transcript that is sufficient
to demonstrate the construct
Construct Type  Value / Value Tension / Consensus Point

Label A short phrase naming the construct (e.g. “public safety”,
“safety vs. right to strike”, “patient care is paramount”)
Notes Optional context notes
B Prompts

B.1 Starting Prompts
Zero Shot Prompt

Identify the values, value tensions, and consensus points present in the following
deliberative transcript. The constructs are defined as follows:

Value A stable and abstract principle that guides a person’s judgment about
what is important.

Value Tension A situation in which two independently legitimate values come
into conflict.

Consensus Point A claim or principle that receives endorsement from all, or
from a subset of, participants in the discussion.

For each construct identified, provide the following:

Speaker Name of the speaker as it appears in the transcript.

Quote The shortest excerpt from the transcript sufficient to demonstrate the
construct.

Construct Type Value / Value Tension / Consensus Point.

bP N9

Label A short phrase naming the construct (e. g., “public safety”, “safety vs.

99 &L

privacy”, “human oversight is necessary”).

Notes Optional : a brief explanation of why this construct was identified if it
is not immediately obvious from the quote.

Few-Shot Prompt

Identify the values, value tensions, and consensus points present in the following
deliberative transcript. The constructs are defined as follows:

Value A stable and abstract principle that guides a person’s judgment about
what is important.

Value Tension A situation in which two independently legitimate values come
into conflict.
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Consensus Point A claim or principle that receives endorsement from all, or
from a subset of, participants in the discussion.

For each construct identified, provide the following:

Speaker Name of the speaker as it appears in the transcript.

Quote The shortest excerpt from the transcript sufficient to demonstrate the
construct.

Construct Type Value / Value Tension / Consensus Point.

N9

Label A short phrase naming the construct (e. g., “public safety”, “safety vs.
privacy”, “human oversight is necessary”).

Notes Optional : a brief explanation of why this construct was identified if it
is not immediately obvious from the quote.

Following are two examples:

Transcript:

Speaker A: We need more surveillance in private and public spaces
because the crime rates are through the roof.

Speaker B: But that would infringe on the rights of the residents of
the private spaces, surveillance in public spaces is justified though.

Output:
Speaker Quote Construct Label
Type
Speaker A “we need more surveillance in pri-  Value Public Safety
vate and public spaces”
Speaker B “but that would infringe on the Value Privacy
rights of the residents”
Speaker A/ ‘“weneed more surveillance in pri- Value Tension Public Safety wvs.
Speaker B vate and public spaces” / “but Privacy
that would infringe on the rights
of the residents”
Speaker A + “we need more surveil- Consensus Point  Surveillance in
Speaker B lance. . . public spaces” + Public Spaces
“surveillance in public spaces is
justified”
Transcript:

Speaker A: Due process is too slow, we should weed out suspicious
individuals using an automated process.

Speaker B: Due process is integral for a fair democracy, speeding it
up with an automated process may introduce bias.
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Output:

Speaker Quote Construct Label
Type
Speaker A “due process is too slow” Value Efficiency
Speaker B “speeding it up...may introduce Value Bias Prevention
bias”
Speaker A/ ‘“we should weed out suspicious Value Tension Efficiency vs. Fair-
Speaker B individuals using an automated ness

process” / “speeding it up with
an automated process may intro-
duce bias”

Chain of thought prompt

Identify the values, value tensions, and consensus points present in the following
deliberative transcript. The constructs are defined as follows:

Value A stable and abstract principle that guides a person’s judgment about
what is important.

Value Tension A situation in which two independently legitimate values come
into conflict.

Consensus Point A claim or principle that receives endorsement from all, or
from a subset of, participants in the discussion.

Before identifying the constructs, work through the following steps one by one:

Step 1 : Understand the speakers For each speaker, write one sentence sum-
marising what position they are taking and what they seem to care about
most.

Step 2 : Identify the values For each speaker, identify the underlying value
motivating their position.

Step 3 : Identify the value tensions Look across the values you identified
in Step 2. Ask yourself: are any of these values in direct conflict with each
other? If so, are both values independently legitimate, or is one clearly
wrong? Only flag it as a tension if both are legitimate.

Step 4 : Identify the consensus points Look for moments where speakers
with otherwise different positions agree on something, even implicitly. Ask
yourself: is there any claim that none of the speakers contest?

Step 5 : Produce the final output For each construct identified in Steps 2,
3 and 4, provide the following:

Speaker Name of the speaker as it appears in the transcript.

Quote The shortest excerpt from the transcript sufficient to demonstrate the
construct.

Construct Type Value / Value Tension / Consensus Point.
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Label A short phrase naming the construct (e. g., “public safety”, “safety vs.
privacy”, “human oversight is necessary”).

Notes Optional : a brief explanation of why this construct was identified if it
is not immediately obvious from the quote.

C Prompt Tuning Data

C.1 Metric Instructions

1. For each consensus, the original value would also need to present in the LLM response
at least once (deduplicated).

2. Correctly identified labels with incorrect construct types are marked incorrect.

3. A consensus / value tension point must identify all participating speakers and include
at least one supporting quote demonstrating the shared position. Individual quotes
per speaker are not required provided the identified quote sufficiently demonstrates
the convergence.

4. A quote attributed to a speaker who does not appear in the transcript, or a verbatim
quote that does not exist in the transcript, will be counted as a hallucination and the
construct will be marked as a false positive regardless of label correctness.

5. Labels that are semantically equivalent to the ground truth label will be counted as
correct matches.

6. A construct must include a verbatim or near-verbatim quote from the transcript to be
counted. Constructs identified without any supporting quote will be marked as false
positives.

7. If the model output contains no instances of a particular construct type (e.g. no value
tensions identified at all), all ground truth instances of that type will be counted as
false negatives.

C.2 [Iteration Two Prompts

In order to not repeat the basic prompt templates again, we will only mention the changes
made to each prompt.

General changes

These were changes made to all the prompts.

We added : ’Only identify a value tension if you can quote two different speakers invoking
conflicting values. Do not infer tensions that are not explicitly present in the transcript.’
after the definition of value tensions.

Added ’A consensus point requires explicit agreement signals between speakers such as
"T agree", "I support", or repeated endorsement of the same claim. Do not infer consensus
from speakers discussing the same topic.” after the definition of consensus points.

Added ’Be thorough, identify all instances of each construct type present in the tran-
script, not just the most obvious ones.” at the end of the instructions, before the transcript.
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Chain of thought prompt

As well as the changes made above, we also decided to reduce the number of steps by merging
step 1 and step 2 into : ’Understand the speakers. For each speaker, write one sentence
summarising their position and what value is motivating their position.’. This is to reduce
the complexity of the steps to improve the overall COT performance.

C.3 Iteration Three Prompts
General Changes

We added : ’Values are often expressed through phrases such as "we/I need", "it is im-
portant that", "we/I must ensure", "our/my priority is", "we/I have an obligation to", or
any statement where a speaker reveals what principle motivates their position.” after the
definition of values.

We added : ’Some transcripts might not contain value conflicts or consensus points in
the transcripts.” after the construct definitions.

Few shot prompting

We added the following new example: 'Speaker A: We have an obligation to the public to
maintain the highest standards. Speaker B: I agree entirely, though we must also ensure the
burden on smaller manufacturers remains proportionate. Speaker C: Both points are well
made.

Output: Speaker: Speaker A | Quote: "we have an obligation to the public to maintain
the highest standards" | Construct Type: Value | Label: Public Obligation Speaker: Speaker
B | Quote: "the burden on smaller manufacturers remains proportionate" | Construct Type:
Value | Label: Proportionality Speaker: Speaker A + Speaker B + Speaker C | Quote: "we
have an obligation...highest standards" + "I agree entirely" + "Both points are well made"
| Construct Type: Consensus Point | Label: High standards are necessary’

Chain of thought prompting

We added the following COT example :

"Transcript: Speaker A: We need more surveillance in private and public spaces because
the crime rates are through the roof. Speaker B: But that would infringe on the rights of
the residents of the private spaces, surveillance in public spaces is justified though.

Step 1 : Speaker A thinks that crime rates are too high and thus surveillance is needed,
they value surveillance. Speaker B thinks that surveillance infringes on the rights of the
residents in private spaces but in public spacces it is ok, they value privacy in private
spaces.

Step 2 : Speaker A’s value of using surveillance in private spaces conflicts with Speaker
B’s values of surveillance infringing on rights in private spaces.

Step 3: Speaker B agrees with Speaker A that surveillance in public spaces is justified.

Step 4: Speaker: Speaker A | Quote: "we need more surveillance in private and public
spaces" | Construct Type: Value | Label: Public Safety Speaker: Speaker B | Quote: "but
that would infringe on the rights of the residents" | Construct Type: Value | Label: Privacy
Speaker: Speaker A / Speaker B | Quote: "we need more surveillance in private and public
spaces" / "but that would infringe on the rights of the residents" | Construct Type: Value
Tension | Label: Public Safety vs. Privacy Speaker: Speaker A + Speaker B | Quote:
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"we need more surveillance...public spaces" + "surveillance in public spaces is justified" |
Construct Type: Consensus Point | Label: Surveillance in Public Spaces’

D Reviewer Instructions

What you are reviewing : You will be given 3 transcripts of simulated citizen assembly
discussion on public safety topics. These transcripts are being used in a research study
investigating whether AI can extract meaningful content from deliberative conversations.
Before they are used, we need to check that they feel realistic and naturalistic.

Your role : You are reviewing whether the transcripts feel like a plausible real conversa-
tion.

Instructions :

Go through each transcript and mark any moment where something feels off. Specifically
ask yourself:

e Does this feel like something a real person would actually say in a meeting, or does it
sound scripted?

e Does any speaker suddenly change their position too easily or too quickly?

e Does any speaker repeat themselves or contradict themselves in a way that feels un-
natural?

e Does the conversation flow naturally or are there moments where the topic changes
abruptly without reason?

For every violation that you identify please provide :
e Speaker and violating quote

e What specifically feels unnatural

E Evaluation Prompt

You will be given an LLM output of the extraction of value, value tensions, and consensus
points from the provided deliberative transcript. The definitions of the constructs are as
follows:

Value: A stable and abstract principle that guides a person’s judgment about what is
important. Value Tension: A situation in which two independently legitimate values come
into conflict. Requires quotes from two different speakers invoking conflicting values over
the same issue. Consensus Point: A claim or principle that receives endorsement from all, or
from a subset of, participants in the discussion. Requires explicit agreement signals between
speakers such as repeated endorsement of the same claim or explicit affirmations.

Evaluate the extraction on the following four criteria using a 1-5 Likert scale:

Faithfulness : are quotes verbatim / near verbatim from the transcript and not hallu-
cinated? 1 - most quotes are hallucinated or unverifiable 5 - all quotes are verbatim or
near-verbatim from the transcript

Construct Correctness : do extractions match the definitions and are correctly labeled?
1 - most extractions violate the construct definitions 5 - all extractions correctly match their
definitions
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Coverage : does the output identify all major constructs present, or does it miss obvious
s? 1 - many obvious constructs are missed 5 - all major constructs are identified
Label Quality : Are labels appropriately abstract summaries of the construct rather

than paraphrases of the quote? 1 - labels merely restate the quote 5 - labels are concise and
accurately named

Transcript: transcript
Response: response

Respond in the following JSON format only, with no preamble: "faithfulness" : "score"
¢ X, "justification" : "...", "construct correctness" : "score" : X, "justification" : "..."|
"coverage" : "score" : X, "justification" : "...", "label quality" : "score" : X, "justification"

.n

F

Model Parameters

Seed | Temperature | top_p | top_k
42 0.0 1.0 1

Table 17: Model Parameters for Extracting Constructs from Training and Test Transcripts

Seeds [7, 13, 42, 67, 69, 99, 111, 162, 404, 909]
Temperature 0.2

Table 18: Model Parameters for LLM-as-a-judge
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