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Abstract
Structured debates can be naturally modeled as argument graphs, with claims connected by support and attack
relations, a representation formalised in Computational Argumentation Theory. In this paper, we propose a novel
neural architecture that jointly models both the textual content of claims and their relational structure. Claims are
encoded using contextualised embeddings and compressed through a feedforward compression layer. Then, a graph
attention network explicitly captures attack/support interactions. Trained on real-world debates from the Kialo platform,
our model predicts the distribution of user-assigned impact votes for each claim. It achieves a mean absolute error
(MAE) of 0.068, significantly outperforming both text-only and structure-only baselines. Further experiments show
strong out-of-domain generalisation across thematic clusters, as well as suggestive correlations between the model’s
attention patterns and human voting behaviour. An analysis of linguistic and graph-based features suggests that the
model relies on latent argumentative patterns as well as the text. Our findings also shed light on language differences
between strong and weak claims, as determined by humans as well as by our best model. All resources and code
are openly available at this repository.

Keywords: Discourse Annotation, Representation and Processing, Language Representation Models, Opinion
Mining/Sentiment Analysis, Statistical and Machine Learning Methods

1. Introduction

The task of natural language inference (NLI), i.e.,
deciding whether a hypothesis can be inferred from
a premise, is a central natural language problem
with applications in medicine (Romanov and Shiv-
ade, 2018), law (Kwak et al., 2022; Koreeda and
Manning, 2021), and science (Sadat and Caragea,
2022). However, real-world debates are more
complex, involving many arguments that interact
through support (pro) and attack (con) relations.
While argument graphs have been extensively stud-
ied from a theoretical perspective in Computational
Argumentation Theory (CAT) (Baroni et al., 2018),
their empirical investigation in natural language pro-
cessing remains limited. NLP approaches to argu-
mentation have often emphasised argument min-
ing, i.e., automatically extracting argument compo-
nents and pairwise stances from raw text, whereas
CAT has concentrated on the formal semantics of
non-textual argument graphs, where arguments
are treated as abstract units and only their relations
are modelled. Yet these two perspectives rarely
meet in practice. Our work addresses this gap by
modelling user-assigned relevance scores for each
claim, referred to as impact distributions, in struc-
tured debate graphs. We assume such graphs are
already available and focus on their semantics, go-
ing beyond pairwise stance classification to reason
over the full set of support and attack relations.

While the underlying neural components are es-
tablished techniques, their integration into a uni-
fied architecture for argumentation graphs is, to
our knowledge, novel. Combining contextualised
sentence embeddings with structure-aware mes-
sage passing enables us to capture both textual
semantics and relational dynamics. Together with
the release of debate graphs and their associated
impact annotations, this positions our work at the
intersection of CAT and empirical NLP.

Recent work (Savigny and Yun, 2025) advances
multi-task argument mining with LLMs, focusing
on pairwise relations rather than full argumentative
structures, thus motivating the need for structure-
aware models. In this paper, we present a method
to model structured debates by combining tex-
tual and relational information. Our approach (a)
learns contextualised representations of individ-
ual argument texts with Sentence-BERT (SBERT)
(Reimers and Gurevych, 2019), and (b) captures
attack/support interactions with a graph attention
network (GAT) (Veličković et al., 2018). Both com-
ponents are trained jointly on debates from Kialo,
a collaborative argumentation platform.1 In accor-
dance with the Kialo license, we release only the
URLs of the debates used, together with scripts for
their conversion into graph format.

The main contributions of this paper are:
• We are among the first to formulate the prob-

1https://www.kialo-edu.com

https://github.com/arg-ml/debate-impact-modeling/
https://www.kialo-edu.com


8292

lem of assigning scores to all claims in user-
generated debates (181 debates, 459 claims
and 26 tokens per claim on average). Specif-
ically, we propose a neural architecture that
couples semantic representations of the claims
and GAT to account for debate structure, in-
cluding support and attack relations.

• We conduct comprehensive experiments
demonstrating that our approach (a) outper-
forms alternatives grounded on either the text
in the claims or debate structure, and (b) is
robust when evaluated with in-domain and out-
of-domain debates.

• We analyse the language of strong and weak
arguments according to human scores and
(noisy) model predictions. This results in in-
sights into not only which arguments are per-
ceived to be stronger, but also the differences
between humans and models. For example,
some rhetorical and structural features corre-
late both with human scores and model predic-
tions, but there are substantial differences in
inductive preferences by the model.

2. Related Work

We group the discussion of related work into em-
pirical methods and theoretical models from CAT.

2.1. Empirical Methods for Debate
Modeling

While natural language inference and its applica-
tions have been extensively studied (Romanov and
Shivade, 2018; Kwak et al., 2022; Koreeda and
Manning, 2021, inter alia), research that focuses on
modeling argumentation graphs is much more lim-
ited. Kuhlmann and Thimm (2019) and Craandijk
and Bex (2020) used feed forward neural networks
and graph neural networks over abstract argument
graphs to learn extension-based argumentation se-
mantics. More recently, Al Anaissy et al. (2024)
trained various graph neural networks to learn grad-
ual semantics, i.e., where argument acceptability
degrees take continuous values, over argument
graphs that contain both attack and support edges.
However, all these works rely on graphs containing
abstract arguments. In contrast, we focus on struc-
tured debates where arguments are natural lan-
guage claims. We show that modeling the text be-
hind these claims is critical for good performance.

Several recent works have explored the interplay
between textual and structural cues for stance de-
tection (Pick et al., 2022; Li et al., 2018; Sridhar
et al., 2015; Barel et al., 2024). These methods typ-
ically address classification tasks, such as predict-
ing pairwise stance relations or assigning discrete
polarity labels to arguments, often by leveraging

structural embeddings or multimodal representa-
tions. Our objective differs both in formulation and
in scope: rather than inferring stance, we aim to es-
timate perceived argumentative relevance by pre-
dicting continuous vote distributions at the node
level. This entails a shift from polarity detection to
credibility modeling, with distinct modeling assump-
tions and evaluation goals. Crucially, such model-
ing relies on the availability of argument-level vot-
ing signals, which are absent from commonly used
stance benchmarks (e.g., 4Forums, ConvinceMe).
These corpora, while valuable for stance prediction,
do not support the core task investigated here.

Similar to us, Agarwal et al. (2022) model struc-
tured debates from Kialo. However, their goal is
to infer pro/con edge labels in debate graphs, a
simpler task closer to NLI, rather than predicting
the entire distribution of impact votes like we do.

Most recently, Moniri et al. (2024) introduced
an automated benchmarking framework based on
debates among LLMs to evaluate the LLMs’ argu-
mentative reasoning skills. While this differs from
our task, it highlights the importance of modeling
debates in the LLM landscape.

2.2. Computational Argumentation
Theory

The computational argumentation community has
adopted a graph-based view of argumentation
since the seminal paper by Dung (1995) and has
since explored this perspective primarily from a
theoretical standpoint. More recently, platforms
like Kialo have attracted attention from argumenta-
tion researchers (Young et al., 2021; Thieyre et al.,
2024). In argumentation theory, debates are typi-
cally modeled as graphs, much like in Kialo, where
each argument may be assigned an initial weight
(e.g., reflecting the level of trust in the source of
the argument). The structure of attacks and sup-
ports, along with these initial weights, is then used
to compute the acceptability degree of each argu-
ment (Amgoud et al., 2022).

A compelling question is whether the scores as-
signed by Kialo users represent initial weights or
the final acceptability degrees. We hypothesise that
users cast their votes based on their impression
of the argument itself, likely before considering the
broader structure of the debate. Therefore, these
scores are better interpreted as initial weights rather
than acceptability degrees. This insight opens the
door to significant applications within computational
argumentation research. Notably, initial weights are
often generated randomly when creating datasets
for testing scientific hypotheses or other purposes,
as pointed out by Al Anaissy et al. (2024). Our work
offers a more realistic and empirically grounded
method for estimating such weights, thereby im-
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Figure 1: Example of a claim and its correspond-
ing vote distribution (0–4 impact scale: minimal to
maximal).

proving the quality of these experimental setups.

3. Dataset

3.1. Source Platform: Kialo
We collect our data (Brouat et al., 2026) from Kialo,
a collaborative platform designed for structured de-
bates. Each discussion is organised as an argu-
mentation graph, where nodes represent claims,
and directed edges encode argumentative rela-
tions, either support or attack (corresponding to
the platform’s pro and con stances, respectively).
Debates are initiated by a main claim, and users
contribute supporting or attacking statements in a
tree-like structure, where each node is linked to a
unique parent. Each claim consists of a short natu-
ral language sentence and is associated with user
votes on a 0–4 scale, reflecting its perceived rel-
evance (or impact). This distribution ranges from
0 = Not at all impactful to 4 = Very impactful. It
provides a weak supervision signal for measuring
argumentative impact (Figures 1, 2).2

Our dataset comprises 181 debate graphs, to-
talling approximately 83,000 claims, averaging 26
tokens each. The support and attack relations are
nearly balanced, with 49.2% support and 50.8%
attack edges. Debate trees reach a mean depth
of 5.5 (±1.9), with the deepest spanning 19 levels.
The majority of nodes are leaves (60%); non-leaf
nodes have on average 2.5 children, with a maxi-
mum branching factor of 30.

In compliance with the Kialo license, we do not
redistribute debate texts. Instead, we provide the
URLs of all debates used, together with scripts to
download and preprocess them into graph format.
To ensure reliability in the supervision signal, we
retained only claims with at least five user votes as
training targets, while preserving the entire graph

2Kialo’s voting system measures the impact of a claim,
defined as a combination of its veracity and relevance
with respect to its parent claim.

Figure 2: Argumentation tree from the “pineapple
on pizza” debate, displayed in a radial layout. The
root claim occupies the centre, with each concentric
ring corresponding to a deeper level of the debate.
Claims in outer rings respond to their parent in the
adjacent inner ring, either by supporting it (green
edges, pro) or attacking it (red edges, con).

structure so that all nodes, including unvoted ones,
participate in message passing.

3.2. Thematic Grouping
To evaluate the model’s capacity to generalise
across topical domains, we group a subset of de-
bate graphs into thematic clusters (e.g., ethics, pol-
itics, religion). Each debate is represented by the
SBERT embedding of its root claim, which captures
the framing of the debate in a compact form. We
apply k-means clustering over these embeddings,
subject to a balancing constraint ensuring that each
cluster contains a comparable number of claims
with at least five user votes. Not all 181 debates are
assigned to a theme; graphs that do not fall cleanly
into one of the identified clusters are excluded from
this evaluation. Clusters are manually reviewed to
ensure thematic coherence, which is feasible given
the small number of groups. The resulting group-
ing enables controlled evaluations of in-domain and
out-of-domain transfer. Each theme contains ap-
proximately 243 claims with at least five user votes,
and on average 8–9 distinct argumentation graphs.

4. Approach

4.1. Task Overview
We address the task of predicting the impact dis-
tribution of an argumentative claim from both its
textual content and its local context within a debate
graph. Formally, let G = (V,E) be a directed graph
where each node vi ∈ V is associated with a textual
sequence xi and a probability distribution yi ∈ ∆4

over a five-point impact scale. Given a subset of
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observed pairs (xi, yi), the objective is to learn a
function fθ : (xi, G) 7→ ŷi that predicts the impact
distribution for each node. This constitutes a node-
level regression task over text-attributed graphs
with sequential input, where the target distribution
reflects user-assigned impact scores ranging from
0 (not impactful) to 4 (very impactful).

4.2. Textual Encoding with SBERT
Each claim text xi is encoded using a transformer-
based encoder (SBERT), which maps the input into
a dense embedding:

si = SBERTϕ(xi) ∈ Rd,

where si denotes the embedding of claim xi

and ϕ are the pre-trained (and optionally fine-
tuned) parameters. We initialise SBERT with the
paraphrase-MiniLM-L6-v2 model, selected
for its lightweight architecture (6 transformer lay-
ers), its paraphrase-oriented training objective well-
suited to the concise nature of Kialo claims, and
its strong sentence-level performance despite its
compact size. In most experiments, the encoder is
fine-tuned jointly with the downstream components;
results with frozen weights are also reported.

To adapt the SBERT embeddings to the input
dimensionality of the graph encoder, we apply a
feedforward projection:

zi = Proj(si) ∈ Rd′
,

where Proj is a two-layer FF with ReLU activation.
Two layers provide sufficient capacity to re-align the
SBERT embedding space with the GAT input space,
and were selected based on empirical validation
against alternative configurations.

4.3. Graph Modeling with GAT
Given the projected embeddings zi, we apply a
two-layer graph attention network (GAT) to com-
pute context-aware node representations by ag-
gregating information from argumentative neigh-
bors. We use two layers based on theoretical and
practical considerations. From a theoretical per-
spective, impact scores in Kialo are defined rela-
tive to a claim’s direct parent, suggesting that lo-
cal context is the primary signal. Two layers al-
low the model to capture not only direct parent–
child relations but also second-order interactions
(e.g., whether a claim’s parent is itself a support
or an attack, and whether a claim’s children are
themselves supported or attacked), while avoiding
over-smoothing and the propagation of potentially
irrelevant long-range signals. Exploring deeper ar-
chitectures would be a natural extension, though
this was precluded by the computational demands
of the full SBERT×FF×GAT pipeline. The input

features are initialised as h
(0)
i = zi, and updated

layer-wise according to the following recurrence:

h
(l+1)
i = σ

 ∑
j∈N (i)

α
(l)
ij W

(l)h
(l)
j

 ,

where σ is a non-linear activation function, W(l)

a learnable weight matrix, and α
(l)
ij an attention

coefficient.
Attention weights are computed by:

α
(l)
ij = softmaxj∈N (i)

(
a⊤

[
W(l)h

(l)
i ∥W(l)h

(l)
j

])
,

where ∥ denotes concatenation and a a learnable
feedforward layer with LeakyReLU activation.

The final representation h
(2)
i is passed through

a linear layer and softmax classifier to predict the
impact distribution:

ŷi = softmax(Wh
(2)
i + b).

This architecture enables the model to integrate
both semantic content and argumentative structure,
capturing how supporting and attacking relations
influence the perceived strength of claims.

4.4. Training Details
Our task involves predicting full probability distri-
butions over the 5-point impact scale. While prior
work has suggested that simple regression losses
such as mean squared error (MSE) or mean abso-
lute error (MAE) can outperform Kullback–Leibler
divergence (KLDiv) in tasks with soft labels (Müller
et al., 2019; Reimers and Gurevych, 2019), we con-
ducted a controlled comparison between these ob-
jectives. In addition to standard MSE, we evaluated
restricted variants that consider only the top-2 or
top-3 classes of the target distribution. Empirically,
KLDiv consistently yielded the best performance.

This outcome is consistent with the nature of
our data. Vote distributions in Kialo debates are
often polarised or sharply peaked, reflecting dis-
agreements among users. In such cases, MSE en-
courages predictions close to the mean, which can
obscure underlying divergences. KLDiv, by con-
trast, rewards preservation of the full distributional
shape, making it more appropriate for modelling
argumentative impact. As an illustration, Figure 1
shows a bimodal distribution of votes for a claim
about pineapple on pizza, a canonical example of
a polarising topic.

5. Experiments

Models are trained to minimise the KLDiv loss be-
tween predicted and gold vote distributions, as mo-
tivated in the previous section. For evaluation, how-
ever, we report the MAE on the mean of these dis-
tributions. The mean score is a single scalar on the
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Model MAE MAE
(all claims) (top claim)

Baselines
SBERT×MLP 0.105 ±0.005 0.096 ±0.001
LLM (restricted graph) – 0.2420
LLM (full prompt) – 0.2609

Our method
SBERT×FF×GAT 0.068 ±0.001 0.061 ±0.001

Ablations
SBERT×GAT 0.083 ±0.002 –
SBERT×FF×GCN 0.085 ±0.001 –
FF×GAT 0.110 ±0.005 –

Table 1: Mean absolute error (MAE) obtained by different models on the entire test partition. Standard
deviation reported over five runs with different random seeds when available. We report MAE values for
all claims in a debate as well as for the top claim only.

0–4 scale and thus has the same dimensionality as
CAT’s initial weights and (scalar) acceptability de-
grees, which makes the error directly interpretable
within argumentation theory. Each debate graph
is assigned in its entirety to either training or test,
preventing structural leakage. Only claims with at
least five votes are used as supervision targets,
but all nodes participate in message passing and
gradient updates.

5.1. What Does the Model Learn?

Debate Structure Matters

We compare our full pipeline (SBERT×FF×GAT)
with a textual baseline (SBERT×MLP). The former
integrates SBERT embeddings, a feedforward (FF)
compression layer, and a GAT to model attack and
support relations. The latter directly maps SBERT
embeddings to vote distributions via a multi-layer
perceptron (MLP). Adding an intermediate FF layer
to the MLP baseline did not improve performance
and was therefore omitted. This experiment high-
lights that integrating argumentative structure leads
to a marked performance gain: the MAE drops
from 0.105 to 0.068 from the SBERT×MLP to our
method (Table 1). This experiment demonstrates
that the graph encodes information that cannot be
recovered from the text alone.

Also, unlike the text-only model, our GAT-based
architecture benefits from an intermediate dimen-
sionality reduction via a feed-forward layer (FF in
Table 1). The slight compression of textual infor-
mation is offset by the graph attention network’s
ability to propagate and enrich representations
through structured neighbourhoods. Indeed, aggre-
gating over pre-synthesised representations proves
more effective than operating directly in the high-
dimensional SBERT space.

Claim Text also Matters

While the previous paragraph highlights the contri-
bution of structure, we must ensure it is not the sole
source of predictive signal. In our complete model
(SBERT×FF×GAT), SBERT encodes each claim
into a dense vector, which serves as input to the
FF, GAT and prediction layers. To isolate the role of
textual content, we remove SBERT and inject fixed
random vectors of the same size. These vectors
are sampled once, held constant throughout train-
ing, and contain no linguistic information. The rest
of the architecture, including the FF, GAT and pre-
diction layers, remains unchanged. Despite this,
performance drops by approximately 0.04 MAE
(61.78%), suggesting that the semantic representa-
tions produced by SBERT play a substantial role in
prediction. We further analyse the linguistic signals
underlying this contribution in Section 6.

Textual Representations Adapt to
Argumentative Structure

To explore whether the model internalises a form of
argumentative language, we compare two variants:
one in which SBERT is frozen after fine-tuning on
our corpus, and another in which SBERT is jointly
trained end-to-end with the rest of the pipeline. In-
terestingly, the frozen model, which starts from a
better-informed representation, reaches a MAE of
0.080, while the trainable variant achieves 0.068.
This gap suggests that the model benefits from
adapting its textual encoding to the graph-based
reasoning task, learning representations that go
beyond static semantics and align with the struc-
ture of argumentative discourse; in other words, it
is learning a structured language of argumentation
grounded in graph topology.
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Train Theme Test Theme SBERT×FF×GAT (ours) SBERT×MLP (baseline)

Discrimination

Discrimination (ID) 0.1154 0.1244
Religion 0.1930 0.1888
Animal ethics 0.1202 0.1298
Politics 0.0903 0.1208
Governance 0.1335 0.1623

Religion

Discrimination 0.1060 0.1332
Religion (ID) 0.1812 0.1303
Animal ethics 0.1108 0.1170
Politics 0.0923 0.1065
Governance 0.1402 0.1487

Animal ethics

Discrimination 0.1118 0.1460
Religion 0.1877 0.1894
Animal ethics (ID) 0.1206 0.0730
Politics 0.0882 0.1147
Governance 0.1473 0.1614

Politics

Discrimination 0.1083 0.1475
Religion 0.1906 0.1876
Animal ethics 0.1122 0.1211
Politics (ID) 0.0858 0.1065
Governance 0.1399 0.1572

Governance

Discrimination 0.1102 0.1463
Religion 0.1942 0.1867
Animal ethics 0.1139 0.1237
Politics 0.0846 0.1078
Governance (ID) 0.1434 0.1084

Macro avg (ID) 0.1293 0.1085
Macro avg (OOD) 0.1288 0.1448

Table 2: Cross-domain evaluation: MAE for our method (SBERT×FF×GAT) and baseline (SBERT×MLP)
for all theme combinations in Kialo.

5.2. Debate Structure Increases
Generalisation Capabilities

Debates naturally span a diverse range of top-
ics, yet argumentation theory suggests that the
art of debate relies on structural and rhetorical pat-
terns that should transcend thematic boundaries
(Dung, 1995). If our model truly captures these
general principles, as suggested by its reliance on
discourse structure (Section 5.1) and its ability to
adapt semantic encodings (Section 5.1), then it
should be able to transfer across topics. To test
this hypothesis, we carry out cross-domain evalu-
ations, training the model on one thematic cluster
and assessing its performance on the others, fol-
lowing the grouping introduced in Section 3.2. This
setup allows us to test how well a model trained in
one topical domain transfers to another.

Our results (Table 2) show that while the purely
textual baseline (SBERT×MLP) often performs well
in-domain, it degrades significantly when trans-
ferred to new themes, which indicates overfitting.
In contrast, our full model (SBERT×FF×GAT) dis-

plays more stable behaviour and consistently lower
MAE in out-of-domain settings. The average out-of-
domain MAE drops from 0.1448 with the baseline to
0.1288 with our model. This suggests that the struc-
tural features of argument graphs encode domain-
agnostic regularities in argumentative discourse,
enabling the model to generalise more effectively
across thematic boundaries. These findings sup-
port our hypothesis that the inclusion of graph struc-
ture improves cross-domain robustness.

A note on structural imbalance. An interesting
exception arises in the Religion theme, observed
in the intra-theme experiment where training is re-
stricted to a single domain. Here, our model un-
derperforms the text-only baseline in cross-domain
transfer. This effect is not a general weakness of
structure-aware models but rather a consequence
of the particular composition of this subset: it con-
sists almost entirely of a single large debate tree,
included so that the theme would contain a suffi-
cient number of high-quality claims (i.e., those with
5 votes or more) to meet the standards applied
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to other themes, which typically comprise multiple
smaller debate graphs.

While GAT are, in principle, robust to graph size
due to local message passing, the topology of the
training data plays a critical role in cross-domain
transfer. When trained on a single large debate
tree (as in the Religion theme), high-quality signals
are concentrated near the root, which encourages
the model to internalise debate-specific patterns.
Applied to themes composed of multiple smaller de-
bates, this leads to poor transfer: training on a sin-
gle large tree biases the model towards propagat-
ing information along highly centralised branches,
a structural pattern absent in forests. In contrast,
training on a forest distributes informative signals
across many subgraphs, exposing the model to
more varied propagation dynamics and improving
transfer robustness. This observation highlights
how experimental restrictions to structurally imbal-
anced domains can reveal important sensitivities
of structure-aware models to graph topology.

5.3. Evaluating LLMs via In-Context
Learning on Debate Roots

When it comes to processing textual information,
we were naturally curious about how a large lan-
guage model like LLaMA-4-Maverick (2025) would
perform on our task. Predicting the impact of all
claims across full debate graphs quickly proved in-
feasible due to prompt size and token limits. How-
ever, focusing on a single prediction, namely, that
of the main claim, offers a practical and meaningful
alternative. As the central node, the main claim
frames the discussion and typically receives the
most attention. Its predicted score thus provides a
synthetic signal of the overall argument perception.
Since only one output is required, the full textual
and structural context can be included without ex-
ceeding input constraints. The main claim’s vote
distribution is masked, letting the model reason
over the graph before outputting its judgment.

We prompt LLaMA-4-Maverick to return a proba-
bility distribution over Kialo’s five-level impact scale.
This model was chosen for its general performance
and ability to process long sequences, essential
for encoding debates in textual form. The prompt
preserves support and attack relations, with the
main claim marked explicitly. We refer the reader
to Appendix A for the exact prompt template and
decoding parameters.

Despite these favourable conditions, perfor-
mance remains poor: the MAE reaches 0.2609,
barely above the 0.2530 obtained by always pre-
dicting a uniform distribution. A reduced graph
version, limited to the first three dialogue layers,
does slightly better (0.2420), suggesting that imme-
diate context matters more than structural depth,

or that the LLM simply struggles to process large
graph structures. In contrast, our supervised model
(SBERT×FF×GAT) achieves an MAE of 0.061 on
the same task, underscoring its superior ability to
integrate semantics and structure, and illustrating
the limitations of current LLMs for fine-grained ar-
gumentative reasoning. We regard this experiment
as a preliminary probe rather than a strong base-
line, designed to illustrate the current limitations of
off-the-shelf LLMs when applied to argumentative
impact prediction. It also motivates our ongoing
work on the integration of argumentative structure
into LLM-based approaches.

6. Discussion and Further Analyses

We examine linguistic and structural features as-
sociated with impact scores, for both human judg-
ments and model predictions, highlighting where
they converge and where they diverge.

6.1. Overview of Linguistic and
Structural Feature Effects

Beyond graph-based reasoning, we conduct an ex-
ploratory analysis of several linguistic and structural
features in order to better understand the mecha-
nisms underlying both human credibility judgments
and model predictions. Our goal is not to build a
predictive model from these features, but rather to
assess whether certain surface properties correlate
with how arguments are evaluated.

Our selection of linguistic features follows prior
work in Argument Quality Assessment (AQA) and
persuasion studies, which have discussed rhetori-
cal and stylistic markers as potential indicators of
argument quality or persuasiveness. In particular,
Wachsmuth et al. (2017) survey theoretical and
practical perspectives on argument quality, while
Wachsmuth et al. (2024) revisit the notion of qual-
ity in the context of recent large language models.
Complementarily, Tan et al. (2016) provide empir-
ical evidence that markers such as hedging can
contribute to persuasion in online discussions. Mo-
tivated by these insights, we focus on categories
such as hedging, emotional language, pronouns,
and negation, operationalised through established
lexicons adapted from prior work (Johns, 2001;
Farkas et al., 2010; Morante and Blanco, 2012; Mo-
hammad and Turney, 2013; Davidson et al., 2017).
We also include simple textual measures (number
of characters and tokens), social markers (first- and
second-person pronouns), and graph-related prop-
erties (number of supporting or attacking children,
attention from the parent node).

Each feature is analysed using a univariate analy-
sis of variance (ANOVA, Fisher, 1925), with both the
human score and the model score as dependent
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Human (gold) score Model (predicted) score
Feature η2 p-value η2 p-value
Num_Chars 0.0001 5.8× 10−2 0.0013 9.5× 10−14

Num_Tokens 0.0001 3.8× 10−2 0.0015 1.1× 10−15

Negation 0.0000 4.9× 10−1 0.0008 2.7× 10−9

Hedging 0.0002 5.0× 10−3 0.0002 3.0× 10−3

Offensive 0.0000 4.7× 10−1 0.0001 3.2× 10−2

Emotion 0.0001 1.5× 10−2 0.0001 1.1× 10−1

Pronoun_I 0.0001 7.1× 10−2 0.0000 4.0× 10−1

Pronoun_You 0.0003 9.0× 10−4 0.0000 4.8× 10−1

Pronoun_We 0.0003 2.0× 10−4 0.0000 3.9× 10−1

Pronoun_They 0.0000 8.4× 10−1 0.0001 1.1× 10−1

Num_Support 0.0001 1.7× 10−2 0.0024 1.7× 10−24

Num_Attack 0.0004 8.1× 10−5 0.0015 7.0× 10−16

Parent_Attention 0.0014 4.7× 10−15 0.0008 1.7× 10−9

Table 3: ANOVA analysis of linguistic and structural features. For each feature, we report η2 (effect size)
and p-value for both human and model score. Bold values indicate statistical significance (p < 0.05).

variables. Intuitively, the former analysis measures
how much the feature influences human credibil-
ity judgments, while the latter indicates what the
model learns. Alongside the p-value, we report
the effect size η2, which estimates the proportion
of variance in the target variable explained by the
feature. This analysis provides an initial lens into
factors that may influence perceived credibility and
highlights the potential biases or inductive signals
exploited by the model.

6.2. Features Influencing Human
Judgments

Indeed, as shown in Table 3, several features ex-
hibit statistically significant effects on the Human
score, as derived from human votes. Among them
are the use of second-person you and first-person
plural we pronouns, as well as the presence of
hedging and emotional language. Structural at-
tention from the parent node also emerges as a
relevant factor. While these effects are statistically
significant (p < 0.05), the corresponding η2 values
remain small, typically below 0.001, indicating that
each feature accounts for only a marginal propor-
tion of the variance. Nonetheless, their significance
suggests that human judgments are not indifferent
to certain rhetorical markers or to the local structure
of the debate graph.

6.3. Features Influencing Model
Predictions

Several features exhibit statistically significant ef-
fects on the Model score, as output by our model.
These include basic textual metrics such as the
number of tokens and characters, the presence of
hedging and negation, as well as structural indica-

tors like the number of supporting children and the
attention weight from the parent node.

As with human judgments, these effects are sta-
tistically significant (p < 0.05) but small in magni-
tude: most η2 values remain under 0.002, indicating
limited explanatory power. Still, the model’s sensi-
tivity to these surface-level and local structural cues
suggests that it internalises shallow yet consistent
patterns from the training data, aligning its predic-
tions with frequently occurring syntactic forms and
graph configurations.

6.4. Weak Linguistic Correlations and
Model–Human Divergences

Among the analysed features, parental attention
stands out as a common driver for both humans
and the model, reflecting the importance of local ar-
gumentative structure. Beyond this shared reliance,
we observe divergences. Features such as second-
person pronouns influence human judgments but
not the model, whereas negation is exploited by the
model despite showing no clear effect on human
votes. These discrepancies are not straightforward
to interpret, yet a consistent trend emerges: sur-
face linguistic cues highlighted in prior AQA work
emerge as statistically significant for the model,
while their influence remains comparatively weaker
for humans. In both cases, structural features exert
a stronger and more stable effect, consistent with
the way argumentative relations are organised in
multi-branch debate graphs.

While the observed effects of individual linguis-
tic markers are weak in absolute terms, they are
statistically significant. This is precisely the pur-
pose of the ANOVA analysis: to identify subtle yet
consistent signals, rather than strong predictors in
isolation. The relatively small effect sizes therefore
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do not undermine the analysis; rather, they highlight
a key contrast with prior Argument Quality Assess-
ment or persuasion studies, where such features
(e.g., hedging, emotionality) were found to play a
stronger role. Our discussion below explains why
these effects appear attenuated in our setting.

A likely contributor to the weak overall correla-
tions is the nature of the Kialo platform, where mod-
eration encourages polite, rational discourse. This
yields stylistically uniform texts, making it harder
to isolate linguistic cues that separate strong from
weak arguments. At the same time, Kialo provides
a uniquely rich testbed: it is, to our knowledge, the
only large-scale platform combining explicit support
and attack relations, claim-level impact annotations,
and debates spanning diverse and often polarising
topics across many domains. This combination
ensures broad lexical coverage while maintaining
stylistic neutrality, which attenuates the predictive
power of isolated surface features such as hedging
or emotionality. Moreover, as shown in Section 5.1,
our model adapts its textual representations to the
graph-based task, learning embeddings shaped by
argumentative role and position. In such a context,
language becomes structurally mediated, and cor-
relations based on independent linguistic markers
are expected to be attenuated.

7. Conclusion

This work explored the capacity of neural models
to capture the structure and content of argumen-
tative discourse. We introduced a graph-based
architecture that jointly models textual semantics
and relational structure, integrating contextualised
claim embeddings with graph attention mecha-
nisms. Evaluated on a large set of structured de-
bates, the model achieved strong predictive per-
formance and demonstrated robust out-of-domain
generalisation. An analysis of its learned represen-
tations further revealed a sensitivity to rhetorical
and structural signals, some of which mirror human
judgments, while others reflect distinct inductive
biases of the model.

8. Ethical considerations and
limitations

Our training data originates exclusively from the
Kialo platform, which remains, to our knowledge,
the only large-scale source providing explicit sup-
port and attack relations together with claim-level
impact annotations. While this makes Kialo a
uniquely valuable testbed for modelling structured
argumentation, its moderated and self-selected
community may not reflect the full diversity of argu-
mentative styles found in other domains.

The model learns to approximate collective hu-
man judgments of impact, which are inherently so-
cial and context-dependent. Predictions should
therefore be interpreted as estimates of perceived
argumentative relevance rather than objective mea-
sures of quality or truth, particularly in evaluative
or decision-making contexts.
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we designed the following prompt. It introduces the
Kialo debate structure, defines the voting scale, and
requests a numerical prediction without explanation.
The model used in this evaluation was llama-4-
maverick, a variant of LLaMA-4 accessed via the
OpenRouter API. The prompt was provided along-
side a debate graph formatted as a sequence of
claims and argumentative relations.

You are analyzing argumentation graphs
from Kialo, a debate platform where users
vote on the impact of claims, defined as
a combination of their veracity and rele-
vance with respect to their parent claim.
- Each claim is connected by supports (re-
inforcing the parent claim) or attacks (chal-
lenging the parent claim).
- Votes are given as a distribution over five
categories: [not impactful, slightly impact-
ful, moderately impactful, very impactful,
extremely impactful].
- Some claims have votes [0,0,0,0,0],
which means no votes have been cast on
them yet. This does not mean the argu-
ments are invalid, just that they lack voting
data.

Main Objective: Predict the vote dis-
tribution for the main claim (shown as
[MASKED]).
Output Format: Provide 5 numbers sum-

ming to 1, corresponding to [not impactful,
slightly impactful, moderately impactful,
very impactful, extremely impactful]. Do
not explain your reasoning, only output
the 5 numbers in a list.
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