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Abstract—Stance detection on social media is pivotal for un-
derstanding public opinion trends and mitigating misinformation.
Existing approaches predominantly rely on GNNs to model social
structures. However, these methods are often limited by the ho-
mophily assumption, indiscriminately aggregating features from
heterogeneous interactions and introducing substantial structural
noise. Conversely, while LLLMs possess superior semantic rea-
soning capabilities, they struggle to capture global structural
patterns due to computational constraints. To address these
challenges, we propose the LLM-driven Narrative Consensus
Graph (L-NCG) framework. This study posits that the essence
of stance consistency lies in shared narrative frames rather
than mere social connectivity. Specifically, we employ an LLM
with a Probabilistic Chain-of-Thought mechanism to extract fine-
grained narrative role distributions from unstructured text. These
narrative features function as a semantic filter to reconstruct the
graph topology: edges exhibiting high narrative consensus are
reinforced, while those with conflicting logic or high uncertainty
are suppressed via an entropy-based penalty mechanism. Finally,
a GAT performs synergistic feature aggregation on this purified
topology. Experimental results on multiple benchmark datasets
demonstrate that L-NCG significantly outperforms state-of-the-
art baselines, effectively mitigating structural noise and enhanc-
ing robustness in complex stance detection scenarios.

Index Terms—Stance Detection; Social Media Analysis; Nar-
rative Consistency; Large Language Models; Graph Neural
Networks

I. INTRODUCTION

As social media becomes the primary arena for opinion
expression, identifying user attitudes toward specific targets,
known as Stance Detection, has become key to public opinion
analysis [1]. Unlike traditional sentiment analysis, stance ex-
pression in modern social media is often implicit and intricate,
relying on subtle narrative frames, metaphors, and complex
interactions with others [2], which requires detection systems
to possess deep understanding capabilities beyond surface-
level text processing.

Existing research on stance detection has explored both
structural modeling and semantic reasoning. Graph Neural
Network (GNN)-based approaches model social structures by
assuming homophily, i.e., connected users tend to share similar
views [3]. While effective in relatively coherent communities,
this assumption becomes less reliable in realistic social media
environments characterized by heterogeneous interactions [4].
For example, replies or quote retweets may express disagree-
ment, sarcasm, or debate rather than endorsement, resulting
in complex relational patterns that challenge structure-based

aggregation [5]. In parallel, Large Language Models (LLMs)
have demonstrated strong zero-shot semantic reasoning ability,
enabling them to capture implicit stance expressed through
narrative framing, irony, and metaphor [7]. However, existing
LLM-based approaches typically operate at the instance level
and do not explicitly model the global interaction structure,
leaving collective propagation patterns in social networks
underexplored [8].

From the perspective of stance detection, existing ap-
proaches still suffer from two fundamental limitations. The
first limitation is that existing approaches generally underesti-
mate the implicit and uncertain nature of stance expression on
social media. As stance is commonly implied through narrative
or contextual cues rather than explicitly stated, single texts
often provide weak or ambiguous stance signals. Nevertheless,
most existing methods rely on the assumption of explicitly
identifiable stance cues, limiting the reliability of stance mod-
eling under implicit expressions. The second limitation is that
existing methods lack an explicit mechanism to incorporate
narrative-level stance consistency as a constraint on informa-
tion propagation. LLM-based approaches typically focus on
local semantic inference, while graph-based models propagate
along observed links without modeling narrative alignment
during message passing. Consequently, in short, implicit, or
adversarial interactions, stance predictions are vulnerable to
the amplification of noisy or contradictory signals.

To address these limitations, we propose the LLM-driven
Narrative Consensus Graph (L-NCG), a stance detection
framework that explicitly models narrative-level consistency
to guide information propagation in social networks. The core
insight is that stance alignment arises from shared narrative
roles rather than raw social links. We employ a large language
model to transform unstructured user texts into probabilistic
narrative role representations, capturing fine-grained semantic
uncertainty. These representations provide a principled basis
for reconstructing the social graph, selectively reinforcing con-
nections with consistent narratives while suppressing conflict-
ing or uncertain relations. By performing feature aggregation
along this purified graph, the model effectively integrates
LLM-based semantic reasoning with graph neural network
propagation, bridging the gap between local instance-level
inference and global structural modeling. This design enables
robust identification of stance even under implicit, polarized,
or noisy social interactions, resulting in consistently strong



performance across multiple benchmark datasets.
We summarize our main contributions as follows:

« We propose a narrative-consensus-based graph construc-
tion framework that leverages probabilistic narrative role
distributions inferred by large language models. By
jointly modeling semantic consistency and reasoning un-
certainty, the framework selectively preserves structurally
reliable edges while suppressing inconsistent interactions.

o We further introduce a probability-driven structural de-
noising mechanism that bridges LLM reasoning and GNN
propagation. Through a probabilistic CoT strategy and an
uncertainty-aware edge weighting scheme, semantic con-
fidence is transformed into computable graph structures
suitable for global message passing.

« Extensive experiments demonstrate that the proposed L-
NCG framework consistently outperforms state-of-the-art
baselines, exhibiting superior robustness in complex and
noisy stance detection scenarios.

II. RELATED WORK

A. Stance Detection

Stance detection has evolved from early neural mod-
els to reasoning-driven paradigms. Initial approaches based
on CNNs, RNNs, and attention mechanisms capture target-
specific dependencies but rely on static representations and
struggle with semantic ambiguity [10], [11]. Pre-trained lan-
guage models (PLMs) introduce contextualized representa-
tions, further enhanced by contrastive learning, prompt tuning,
and knowledge infusion to address data scarcity and implicit
expressions [12]-[14], yet remain fundamentally discrimina-
tive and lack interpretability. More recently, large language
models (LLMs) enable reasoning-centric stance inference
through techniques such as chain-of-thought prompting and
multi-agent debate [2], [7], [15]. However, these methods
predominantly operate at the individual post level, overlooking
the social structural signals essential for modeling collective
stance dynamics.

B. Graph-based Stance Detection

Integrating social structures via GNNs addresses the isola-
tion of individual posts. Traditional methods construct user-
interaction graphs based on the homophily assumption, using
GCNs or target-adaptive networks to aggregate features from
neighbors [3], [16]. While effective in echo chambers, these
models falter in heterogeneous real-world scenarios where
interactions do not imply stance alignment [4]. Indiscriminate
aggregation leads to over-smoothing [17]. To mitigate this,
recent studies focus on structural denoising using signed
networks [18] or attention mechanisms to filter irrelevant
neighbors [19]. State-of-the-art approaches attempt to syn-
ergize semantics and structure via graph transformers [5]
or knowledge graphs [20]. However, a critical gap remains:
existing denoising methods typically operate on surface-level
semantic similarity or explicit structural features, lacking the

deep narrative understanding to identify logical stance align-
ment. This study bridges this gap by leveraging LLM-driven
reasoning to guide structural reconstruction.

III. METHODOLOGY
A. Problem Formulation and Framework Overview

We formulate stance detection in a social network as a node
classification problem. Let G = (V, E) denote the observed
interaction graph, where V' = {uj,us,...,uy} is the set of
N users and F C V x V is the edge set induced by social
interactions. Each user u; is associated with a text sequence
T; expressing the user’s opinion toward a given target entity.
Our goal is to learn a predictor f that maps the graph and user
texts to stance labels, ie., [ : (G, {Tl}fV:l) — ), producing
y; € Y for each node, where ) is the predefined set of
stance categories. In contrast to topology-driven methods that
depend primarily on the noisy observed edges E, we aim to
derive robust node representations by inferring latent narrative
structures behind user expressions.

To mitigate structural noise from heterogeneous interac-
tions, we introduce L-NCG (Figure 1), which integrates se-
mantic reasoning with structural modeling in three stages.
First, a probabilistic chain-of-thought LLM encodes each
text T; into a continuous narrative feature capturing seman-
tic uncertainty. Second, narrative features guide topological
denoising: we compute narrative-consensus weights between
users and prune inconsistent links to obtain an enhanced
graph. Finally, a Graph Attention Network aggregates high-
level narrative features and low-level textual embeddings over
the refined structure to produce robust stance predictions.

B. Zero-Shot Narrative Role Extraction via Chain-of-Thought

To capture stance rationales toward the target entity from
unstructured user text, we first construct a narrative-frame
semantic space, going beyond coarse sentiment-polarity clas-
sification. We define a mutually exclusive and collectively
exhaustive set of narrative roles R = {ry,72,...,7 |} that
covers common qualitative frames in public discourse (e.g.,
victim, villain, hero, and perpetrator).

LLMs may exhibit overconfidence or hallucinations in zero-
shot reasoning. To mitigate this issue, we introduce Probabilis-
tic CoT Prompting, which provides structured instructions to
elicit a reasoning trace consisting of (i) focus identification,
(ii) role mapping, and (iii) uncertainty assessment. The final
output is parsed into a narrative distribution vector p; € RI*I
for user u;, satisfying Z‘k}i‘l pi,;; = 1. Each component p; j
quantifies the confidence that u; frames the target entity as
role r. By converting fine-grained reasoning into computable
continuous features, this module provides the quantitative
basis for narrative-consensus estimation and subsequent graph
reconstruction.

C. Construction of Narrative Consensus Graph

The original social network graph is denoted as G = (V, E),
where V' represents the node set corresponding to users,
and E represents the edge set established through simple
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Fig. 1: The overall architecture of the proposed the L-NCG. The process evolves through three stages: extracting probabilistic
narrative role vectors from unstructured text via Zero-Shot CoT prompting, reconstructing the social topology into an enhanced
graph based on narrative consensus weights, and finally performing synergistic feature aggregation using a GAT for robust

stance detection.

interactions. These connections frequently contain noise such
as hostile interactions or irrelevant information. To address
this issue, this study utilizes the narrative feature vectors {p;}
extracted in the preceding section to recompute the weights of
interactions. Consequently, we construct an enhanced graph
G' = (V,E',;W'). In this definition £’ C FE denotes the set
of effective edges retained after narrative filtering, while W’
represents the weighted adjacency matrix.

1) Calculation of Narrative Consensus Weight: This study
designs a composite weighting mechanism to re-evaluate so-
cial connections from the dimensions of semantic consistency
and narrative certainty.

Semantic Similarity Measurement. First, we quantify the
directional consistency of connected users when constructing
narrative frames. Based on the narrative feature vectors, cosine
similarity is adopted to calculate the basic consistency score
sim;; between user u; and user u;:

Pi - Pj (1)
pil|p;]

Here, sim;; € [—1,1]. When sim;; approaches 1, it indicates
that both parties possess highly consistent cognition regarding
the narrative role of the target entity.

Uncertainty Penalty Mechanism. Considering that the
probability distribution output by LLMs during zero-shot
reasoning may contain uncertainty, relying solely on similarity
may introduce misleading signals. Therefore, this study intro-
duces an uncertainty penalty factor. First, Shannon entropy
measures the disorder of the narrative vector p; for user wu;,
from which the Narrative Certainty c; is defined as:

simij =

H(pi) _

R
= 1— = S pilog pik
! log | R

log | R|

2

Here, log|R| serves as the maximum entropy normalization
term. A higher ¢; indicates that the model is more certain
about the narrative judgment of user u;. Based on this, the
edge-level penalty factor ;; is defined:

¥ij = min(c;, ¢j) 3)

As long as the narrative feature of either party in the
connection exhibits high entropy, the weight of that edge will
be significantly suppressed.

Final Weight Generation. Integrating semantic similarity
and the uncertainty penalty, the final narrative consensus
weight w;; is defined as follows:

w,-j = O'(Oé . simij) . 'Y’L'j (4)

In this formula, o(-) denotes the Sigmoid function. The
symbol « represents a scaling hyperparameter used to ad-
just the sensitivity of the model to the similarity score.
This formula not only reinforces connections with consistent
stances but also implements automatic down-weighting for
low-confidence reasoning through the penalty factor ~;;.

2) Topology Denoising and Sparsification: To remove weak
and noisy edges, we sparsify the graph by thresholding the re-
weighted adjacency matrix W' at 7, defined as:

WIZ] — wlj7
0, if Wi; < T

if Wi j >T

(&)

Connections with weights below 7 are deemed logically
invalid and removed. This transformation converts the noisy
graph G into a narrative-consensus-based enhanced graph G’,
retaining only logically self-consistent edges to provide a puri-
fied topological foundation for subsequent feature aggregation.



D. Synergistic Feature Aggregation and Stance Classification

We fuse local semantic features with global structure on
the enhanced graph G’ using dual-view initialization and
hierarchical graph attention.

1) Dual-View Node Initialization: For any user node u;, we
construct an initial feature vector h§°> by concatenating the
high-level narrative vector p; € R/l and the low-level textual
embedding t; € R%e=¢ (encoded by a lightweight model):

h(” = [p; || t] ©6)

where || denotes concatenation, and h'®) € RIFI+dicst This
strategy ensures complementarity between LLM reasoning and
lexical semantics.

2) Hierarchical Aggregation on Denoised Graph: We adopt
a GAT to execute message passing strictly on the denoised
graph G’. Information propagates only along logical links
with high narrative consensus (w;; > 7), blocking noise
from hostile interactions. In the [-th layer, node u; updates
its representation as:

Wt =0 Y o WO 7
JEN (i)

where A (i) is the neighbor set in G/, W) is the transform
matrix, o(-) is the activation function, and az(-l-) is the attention
coefficient calculated on effective edges. After L layers, we
obtain the final representation hl(-L).

3) Prediction and Optimization: The representation hEL)
is passed through an MLP and Softmax to predict stance

probabilities y; € RICI:

Vi = Softmax(MLP(th))) ®)

We optimize the model using Cross-Entropy Loss with Lo
regularization:

IC]

Z Zyi7clog(z)i,c)+A||9||§ 9)

1€V¢rain c=1

1

a |Vtrain‘

C:

where Vipqip is the training set, y; . is the ground truth, and
A controls regularization.

IV. EXPERIMENT
A. Datasets and Baselines

We evaluate our model on three widely used stance de-
tection benchmarks spanning general and political domains:
SemEval-2016 Task 6 [1], a multi-class dataset with FAVOR,
AGAINST, and NONE labels across five targets. P-Stance
[21], a large-scale political dataset with binary labels, and
COVID-19-Stance [22], which focuses on COVID-19-related
discussions with three stance categories. We follow the official
train/test splits for all datasets and randomly sample 10%
of the training data as a validation set for hyperparameter
tuning, reporting final results on the test sets. We compare

our approach with six representative stance detection base-
lines, covering neural models, PLM-based methods, and recent
LLM-based prompting frameworks. These include BiLSTM-
Att [10], a target-aware BiLSTM with attention; BERT [23],
fine-tuned with target-tweet concatenation; Stanceformer [24],
a target-aware transformer; CoSD [25], a topic-aware method
with graph-based modeling; Tree-of-Counterfactual Prompt-
ing [26], an LLM-based prompting approach with counterfac-
tual reasoning; and MPVStance [27], an LLM-based frame-
work with retrieval-enhanced multi-perspective verification.

B. Experimental Settings

For SemEval-2016 Task 6 and P-Stance, we follow the
official splits and sample 10% of the training data as validation
for hyperparameter tuning and early stopping. All inputs are
constructed in a target-aware manner by concatenating the
target and tweet. Our L-NCG employs a fixed LLM (GPT-40)
in a zero-shot setting to derive narrative representations via
chain-of-thought prompting, which are then used to construct
and refine an interaction graph with a graph attention network.
All trainable parameters are optimized using Adam with early
stopping on validation Macro-F1. Experiments are conducted
on two NVIDIA RTX A5000 GPUs. For fair comparison,
all baselines adopt the same input format when applicable;
implementation details follow their original settings, including
supervised training for BILSTM-Att and BERT, and prompt-
based evaluation for LLM baselines without task-specific fine-
tuning. We report Accuracy and Macro-F1 on the test sets,
using the validation set solely for model selection.

C. Main Results

L-NCG achieves the highest Accuracy and Macro-F1 across
SemEval-2016 Task 6, COVID-19-Stance, and P-Stance, as
shown in Table I, demonstrating strong generalization across
topics and domains. Compared to text-only baselines like
BiLSTM-Att and BERT, L-NCG significantly benefits from
relational signals beyond isolated textual representations, es-
pecially for implicit stances. While advanced baselines ex-
hibit complementary strengths, they also have clear limi-
tations: target-aware encoders such as Stanceformer remain
constrained by local textual modeling, graph-based methods
like CoSD are sensitive to structural noise, and prompt-based
LLM approaches, including Tree-of-Counterfactual Prompting
and MPVStance, excel at instance-level reasoning but lack
graph-level propagation. In contrast, L-NCG unifies LLM-
derived narrative representations with graph propagation via
narrative consensus, yielding consistent improvements across
all datasets, notably SemEval-2016 and COVID-19-Stance.

D. Ablation Study

We conduct ablation studies to assess the contribution of key
components in L-NCG by removing or modifying individual
modules while keeping the rest of the architecture unchanged.
All variants are evaluated under the same experimental settings
as the full model. Table II reports the results on SemEval-2016
and COVID-19-Stance. Removing the narrative role extraction



M SemEval-2016 COVID-19-Stance P-Stance
ethod
Acc. Macro-F1 C. Macro-F1 Acc. Macro-F1

BIiLSTM-Att 64.32 + 0.36 60.09 + 0.25 66.43 + 0.20 63.31 + 0.34 71.52 £ 0.48 70.18 + 0.36
BERT 69.75 £ 0.41 66.38 + 0.52 71.93 £ 0.72 68.82 £+ 0.55 78.55 £ 0.22 77.88 £ 0.47
Stanceformer 71.22 + 0.79 68.45 + 0.36 73.33 £ 0.23 70.63 + 0.34 80.08 + 0.71 79.44 + 0.14
CoSD 70.52 + 0.39 67.92 £ 0.11 72.81 £ 0.19 69.99 + 0.22 79.58 £ 0.14 78.81 + 0.60
Tree-of-CP 68.95 + 0.75 65.76 + 0.12 71.08 + 0.84 67.83 + 0.35 77.75 £ 0.53 77.13 £ 0.80
MPVStance 70.06 + 0.37 67.25 + 0.52 7243 £ 0.44 69.59 + 0.53 79.23 £ 0.83 78.46 + 0.33
L-NCG (Ours) 73.61 £ 0.35 71.24 + 0.44 85.92 + 0.20 83.50 + 0.09 82.41 + 0.46 81.71 £ 0.10

TABLE I: Main results on SemEval-2016 Task 6, COVID-19-Stance, and P-Stance. Accuracy (Acc.) and Macro-F1 are reported
as mean * std over five runs. Best results are highlighted in bold.

Variant SemEval-2016 COVID-19-Stance P-Stance

Acc. Macro-F1 Acc. Macro-F1 Acc. Macro-F1
L-NCG (Full Model) 73.61 71.24 85.92 83.50 82.41 81.71
w/o Narrative Roles 69.85 66.92 79.86 76.94 79.32 78.41
w/o Uncertainty Penalty 71.10 68.47 83.74 81.36 81.02 80.22
w/o Topology Denoising 70.62 67.95 82.61 80.08 80.34 79.52

TABLE II: Ablation results of L-NCG on SemEval-2016 Task 6, COVID-19-Stance, and P-Stance.

Method Variant SemEval-2016 COVID-19-Stance P-Stance

Text + Original Graph 66.38 79.92 77.88
Narrative Semantics Only 68.74 81.36 79.26
Structure Denoising Only 69.32 82.08 79.88
L-NCG (Full Model) 71.24 83.50 81.71

TABLE III: Disentangling the effects of narrative semantics
and structural denoising (Macro-F1).

module results in the most significant performance drop on
both datasets, indicating the central role of LLM-derived
narrative representations. Disabling the uncertainty penalty or
topology denoising also consistently degrades performance,
demonstrating the importance of uncertainty-aware weight-
ing and noise suppression in graph construction. Overall,
the results suggest that narrative role modeling, uncertainty-
aware edge weighting, and topology denoising contribute in a
complementary manner to robust stance detection.

E. Disentangling Narrative Semantics and Noise

Table III presents an ablation study that disentangles narra-
tive semantic modeling and structural denoising on SemEval-
2016, COVID-19-Stance, and P-Stance. Specifically, we eval-
uate variants that (i) incorporate narrative semantics while
keeping the original graph unchanged, (ii) perform narrative-
driven topology denoising without fully using narrative se-
mantics in node representations, and (iii) the full L-NCG that
integrates both components under the same settings. Each
component provides consistent gains when applied alone.
Narrative semantics improves over text-based variants, and
topology denoising further benefits performance by refining
propagation links. Combining the two yields the best results on
all datasets, suggesting that narrative semantics and structural
denoising are complementary. The effect is most pronounced
on COVID-19-Stance, where polarized and heterogeneous
interactions intensify semantic ambiguity and structural noise.

Method Implicit Stance High-Conflict Context Overall
BERT 61.84 63.27 66.40
CoSD 63.95 65.88 67.90
MPVStance 64.21 66.14 67.30
L-NCG (Ours) 68.47 70.02 71.24

TABLE 1V: Performance comparison under implicit stance
expressions and high-conflict interaction contexts (Macro-F1
on SemEval-2016).

F. Implicit and High-Conflict Scenario Analysis

To evaluate robustness under challenging conditions, we test
all methods on two subsets featuring implicit stance expres-
sions and high-conflict interaction contexts, as summarized
in Table IV. L-NCG achieves the best performance in both
settings. Under implicit stance, text-only models such as BERT
degrade markedly due to their reliance on surface lexical cues.
CoSD and MPVStance partially benefit from propagation or
stronger reasoning, yet remain limited by noisy social links
and instance-level inference, respectively. In contrast, L-NCG
uses narrative consensus to capture deeper framing signals and
reconstructs the topology to suppress misleading connections,
enabling robust predictions in both implicit and high-conflict
scenarios. These results suggest that L-NCG is better suited
to real-world stance detection where cues are subtle and
interactions are noisy.

G. Sensitivity Analysis of Narrative Consensus

We evaluate L-NCG’s sensitivity to the similarity scaling
factor o and threshold 7 on the SemEval-2016, COVID-19-
Stance, and P-Stance datasets, as shown in Figure 2. Perfor-
mance remains stable across a broad range of values, with
moderate settings achieving the highest Macro-F1 and extreme
settings causing only minor degradation. Sensitivity is slightly
higher on COVID-19-Stance due to polarized interactions, yet
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Fig. 2: Sensitivity analysis of L-NCG across three datasets.

variations remain limited. These results indicate that L-NCG
is robust to different narrative consensus strengths.

V. CONCLUSION

In this paper, we present the LLM-driven Narrative
Consensus Graph (L-NCG), a novel framework for social
media stance detection that explicitly addresses structural
noise and semantic ambiguity. By relaxing the traditional
homophily assumption, L-NCG shifts the modeling focus from
surface-level social connectivity to narrative-level consensus,
enabling more reliable information propagation under implicit,
heterogeneous, and noisy social interactions. By integrating
probabilistic narrative reasoning from large language models
with graph-based message passing, the proposed framework
effectively bridges local semantic inference and global struc-
tural modeling, leading to consistent performance gains across
diverse benchmark datasets. Future work will investigate
efficient distillation of LLM-driven narrative reasoning and
temporal extensions of the narrative consensus framework.
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