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Abstract

Social media platforms have become critical
arenas for public discourse, yet existing stance
detection methods often reduce opinions to
surface-level labels, overlooking the conver-
sational evidence behind stance expressions.
We introduce Conversational Stance-Cause Pair
Detection (CSCPD), a new task that jointly
identifies both the stance polarity and its ob-
servable contextual evidence within multi-turn
conversations. To advance research in this di-
rection, we present Cause-CSD, the first large-
scale dataset for CSCPD, spanning 21,048 an-
notated stance-cause pairs across diverse open-
domain, textual, and multimodal discussions.
We further propose Stance-Cause Detection
Language Model (SCD-LM), a unified lan-
guage model framework that leverages explicit
context reasoning and joint decoding to pre-
dict stances and their supporting causes, along
with human-readable rationales. Extensive ex-
periments demonstrate that SCD-LM achieves
state-of-the-art results on both text-only and
multimodal subtasks, significantly outperform-
ing strong baselines, especially for long-range
and image-grounded cause detection. Our work
advances explainable stance analysis and un-
derpins understanding of public opinion drivers
in impactful online settings.

1 Introduction

Social media platforms have become the global epi-
center for public debate, offering a real-time record
of collective attitudes on contentious topics ranging
from public health to elections (Glandt et al., 2021).
To analyze these dynamics, Conversational Stance
Detection (CSD) has emerged as a critical tool,
aiming to identify the polarity (e.g., favor, against)
of opinions in multi-turn discussions (Somasun-
daran and Wiebe, 2010; Augenstein et al., 2016;
Küçük and Can, 2020). However, despite their
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prevalence, existing CSD approaches treat stance
as an isolated, surface-level label, abstracted away
from the conversational events or evidence that
triggered it. This limitation leaves a critical gap:
systems may classify stances with high accuracy
yet remain blind to the observable conversational
evidence and contextual grounding associated with
stance expressions.

This lack of explicit conversational grounding
severely limits the practical utility of stance anal-
ysis in high-stakes domains. In scenarios such as
crisis response and policy-making, the critical ques-
tion is not merely what stance a speaker expresses,
but what observable contextual evidence in the con-
versation is associated with that stance expression.
Stance labels alone fail to indicate whether the
stance is grounded in factual claims, emotional re-
actions, or other observable contextual evidence,
making it difficult to design targeted interventions
such as counter-messaging or policy adjustments.
Consequently, to prevent misinterpretation and en-
able effective decision-making, it is imperative to
move beyond simple stance identification and ex-
plicitly model the observable conversational evi-
dence behind stance expressions in discourse (Saha
et al., 2024; Li et al., 2025).

Motivated by this observation, we argue that
stance in conversational settings is typically
grounded in specific conversational context rather
than being a static attribute of an utterance (Li et al.,
2023d). Such context may include the utterance
itself, earlier arguments, claims, or external evi-
dence introduced in the discussion, and in many
cases spans multiple turns or modalities. With-
out explicitly identifying the observable contextual
evidence for a stance expression, stance interpreta-
tion remains incomplete, particularly in complex
or multimodal conversations (Niu et al., 2024a).

Building on this perspective, we introduce a new
task: Conversational Stance-Cause Pair Detection
(CSCPD). CSCPD aims to jointly identify both
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the stance polarity expressed by a speaker and the
specific conversational content that serves as the
observable contextual evidence for that stance ex-
pression. In this work, we use the term “cause” in
an operational sense to denote observable contex-
tual evidence in the thread, rather than the speaker’s
latent beliefs, long-term motivations, or broader be-
lief formation process. By explicitly linking stance
expressions to their supporting conversational evi-
dence, CSCPD enables a more grounded analysis
of conversational dynamics and provides insights
that go beyond stance labels alone.

CSCPD differs from existing work on stance
detection and post-hoc explanation in several im-
portant ways. Rather than treating causes as op-
tional rationales generated after stance prediction,
CSCPD models stance and cause as inherently in-
terdependent: a stance cannot be correctly under-
stood without identifying the observable contex-
tual evidence associated with it. Moreover, stance
causes may be implicit, target-dependent, and dis-
tributed across long conversational contexts or mul-
tiple speakers. These characteristics introduce
unique challenges, including long-range context
modeling, cross-turn reasoning, and the need to en-
sure logical consistency between predicted stances
and their supporting causes.

Despite the relevance of this problem, progress
has been limited by the lack of datasets explicitly
designed to support stance–cause modeling in con-
versations. To address this gap, we present Cause-
CSD, the first large-scale dataset tailored for the
CSCPD task. Cause-CSD consists of 21,048 an-
notated stance–cause pairs collected from diverse,
open-domain conversational settings. The dataset
includes two subtasks: (Subtask A) text-only con-
versations, where both stance and cause are inferred
from dialogue, and (Subtask B) multimodal con-
versations, where textual and visual content jointly
inform stance formation. Figure 1 illustrates exam-
ples from both subtasks, highlighting how visual
evidence (e.g., an image depicting a burned vehicle)
can play a decisive role in shaping stance.

To effectively address the challenges posed by
CSCPD, we further propose the Stance-Cause De-
tection Language Model (SCD-LM), a unified
framework for jointly predicting stance and its
cause. SCD-LM adopts a two-stage architecture
comprising Context Reasoning and Joint Decoding.
In the first stage, to capture implicit semantics and
long-range dependencies, a large language model is
leveraged as a teacher to reason over the conversa-

Figure 1: An Example of the CSCPD Task. Dashed
arrows denote directed alignments from each stance-
bearing utterance to its annotated conversational evi-
dence in the thread. The evidence may be the utterance
itself, one or more prior utterances, or multimodal con-
text.

tional context and identify candidate stance–cause
pairs along with concise natural-language ratio-
nales. In the second stage, a lightweight decoder is
fine-tuned on this rationale-augmented supervision
to jointly predict stance polarity and the index of
the corresponding cause within output sequence.
This joint formulation mitigates error propagation
commonly observed in pipeline approaches and
promotes consistency between predicted stances
and their supporting evidence.

The main contributions of this work are summa-
rized as follows. (1) We formulate Conversational
Stance-Cause Pair Detection (CSCPD) as a new
task that extends conversational stance analysis by
explicitly modeling the observable conversational
evidence for stance expressions. (2) We introduce
Cause-CSD, the first high-quality dataset designed
for CSCPD, covering both textual and multimodal
conversational scenarios. (3) We propose SCD-
LM, a unified LLM-based framework that jointly
predicts stances and their causes while generat-
ing interpretable rationales. (4) Extensive experi-
ments demonstrate that SCD-LM consistently out-
performs strong baselines on both subtasks, validat-
ing the effectiveness of conversationally grounded
stance-evidence modeling.

2 Related Work

Conversational Stance Detection Datasets. Re-
cent years have seen growing interest in CSD
datasets derived from social media comments. Rep-
resentative resources range from early work such
as Lai et al. (2018) to later datasets including
SRQ (Villa-Cox et al., 2020), Cantonese-CSD (Li
et al., 2023d), the multi-target MT-CSD (Niu
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et al., 2024b), the multimodal MmMtCSD (Niu
et al., 2024a), and a Chinese conversational CSD
dataset (Niu et al., 2025).

While these datasets are valuable for advancing
CSD research, they primarily focus on surface-level
stance identification. Understanding the causes
behind stances, however, is essential for deeper
insights into the observable contextual evidence
associated with stance expressions, enriching con-
versational analysis, and improving real-world ap-
plications. Unlike emotion-cause analysis, which
often relies on explicit expressions (Li et al., 2023b;
Cheng et al., 2023; Wang et al., 2023), stance is a
cognitive inference derived from reasoning and ex-
ternal knowledge; this implicit nature makes stance-
cause detection more challenging.

Stance Detection Approaches. Recent advance-
ments in stance detection span traditional machine
learning (Mohammad et al., 2016), deep learn-
ing (Dey et al., 2018), and pre-trained language
models (PLMs) such as BERT (Devlin et al., 2019),
which improve performance by modeling nuanced
semantics. Fine-tuning PLMs is a strong base-
line, while recent methods further enhance adapt-
ability via strategies like stance contrastive learn-
ing and target-aware prototypical graph contrastive
learning (Liang et al., 2022) or target-based data
augmentation for zero-shot stance detection (Li
et al., 2023c). More recently, LLMs have fur-
ther advanced stance detection through enhanced
background knowledge integration. LLMs can act
as knowledge repositories, accessed via targeted
prompting techniques (Zhang et al., 2022, 2023).
For example, Cai et al. (2023) introduced a human-
in-the-loop system using chain-of-thought prompt-
ing, allowing manual refinement of reasoning steps.
Another approach combines LLMs with traditional
methods: first, an information retrieval system seg-
ments large text corpora, and then retrieved knowl-
edge is incorporated into input prompts before feed-
ing into trainable models (Lan et al., 2023; Li et al.,
2023a; Ding et al., 2024; Upadhyaya et al., 2025;
Dai et al., 2025).

Another line of research emphasizes structure-
centric stance modeling. Prior work has shown
that reply structure, interaction patterns, and struc-
tural embeddings can provide strong signals for
stance prediction and stance change modeling (Li
et al., 2018; Porco and Goldwasser, 2020; Pick
et al., 2022). Compared with these approaches,
our task focuses on utterance-level observable

contextual evidence within a conversation thread,
whereas structure-centric methods capture broader
relational grounding for stance.

Another relevant line of research explains stance
through interaction structure rather than local se-
mantic evidence alone. These structure-centric
methods model stance by leveraging reply graphs,
user interaction patterns, and community or align-
ment signals, showing that relational structure itself
can provide strong cues for stance prediction and
interpretation. Representative studies, including
STEM and prior work by Li, Porco, and Gold-
wasser as well as Porco and Goldwasser, empha-
size that stance may emerge from broader con-
versational and social structure rather than from
a single explicitly stated reason. Compared with
these approaches, our task focuses on utterance-
level observable contextual evidence within a lo-
cal conversation thread. Thus, structure-centric
modeling and our formulation address different
but complementary forms of explanation: the for-
mer captures broader relational grounding, whereas
CSCPD targets explicit evidence attribution for in-
dividual stance expressions.

3 Cause-CSD Dataset

Data Sources. The Cause-CSD dataset is con-
structed by adding explicit stance-cause annota-
tions to two recent CSD corpora: MT-CSD (Niu
et al., 2024b) and MmMtCSD (Niu et al., 2024a).
MT-CSD consists of large-scale, open-domain tex-
tual conversations collected from social media plat-
forms, while MmMtCSD augments this setting
with multimodal threads that include both textual
content and embedded images. Unlike the original
datasets, which only provide stance labels, Cause-
CSD explicitly labels the observable conversational
evidence for stance-related utterances, addressing
a key gap in conversational analysis. By leverag-
ing these sources, Cause-CSD supports research
on both text-only and multimodal stance–cause de-
tection in conversational environments. Further
dataset construction details are provided in Ap-
pendix A.

Dataset Annotation. Following Li et al. (2023b),
we annotate stance-cause relations for all utterances
labeled “against” or “favor” in the base datasets,
while treating “none” as non-stance and omitting
cause annotation for these cases. In total, the
MT-CSD dataset contains 8,015 stance-related and
7,861 non-stance utterances, while the MmMtCSD
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Subtask A
Bitcoin Tesla SpaceX Biden Trump

Kappa 0.69 0.62 0.73 0.83 0.70

Subtask B
Bitcoin Tesla Post-T Avg.

Kappa 0.76 0.72 0.67 0.72

Table 1: Annotation Consistency for Cause-CSD. Avg.
represents the average consistency.

dataset includes 15,839 stance-related and 5,501
non-stance utterances.

Since most non-stance utterances are unrelated
to the stance target, we only annotate stance-
labeled utterances for this task. Due to the in-
teractive and non-linear nature of conversations,
some stance utterances are linked to multiple cause
statements, though most have only one. To ac-
commodate such cases, we set a maximum of five
causes per stance utterance. The annotation pro-
cess follows these main guidelines: (1) The cause
for a stance utterance can be the utterance itself,
any previous utterance in the conversation, or a
combination of both. (2) If the stance is influenced
by multiple sources, all relevant utterances are an-
notated as causes, with a maximum of five causes
per stance utterance. (3) If the stance arises from
information outside the conversation or references
content unrelated to the target, the cause is labeled
as none. (4) Only utterances expressing a clear
stance towards the target are annotated with causes;
“none” instances are ignored for cause annotation.
Annotation examples and additional details are pro-
vided in Appendix B.

Annotation Quality Assessment. Following the
annotation guidelines, we established a structured
workflow involving twelve natural language pro-
cessing researchers for data annotation. Before for-
mal annotation, two pilot rounds were conducted
to ensure reliability and consistency. Annotations
from these rounds were reviewed by two expert an-
notators to confirm readiness for the task. During
the formal annotation process, each instance was
annotated by at least two annotators. In cases of
disagreement, a second round was conducted to
compare differences, and the final cause was de-
termined by an expert annotator. Approximately
5.64% of the records were reviewed by experts to
resolve conflicts. Inter-annotator agreement was
assessed using Cohen’s Kappa (McHugh, 2012),
following a binary classification protocol (Wang
et al., 2023) to account for the variable number

of cause labels per instance. Across all targets
and modalities, Kappa scores consistently indicated
substantial agreement, with overall average agree-
ment reaching 0.72 (see Table 1 for details).

0 1 2 3 4 5 6 7
Distance

0

2000

4000

6000

C
ou

nt

Subtask A

0 1 2 3 4 5
Distance

0

5000

10000

Subtask B

Figure 2: Distances between stance and cause utter-
ances.

Dataset Analysis. Cause-CSD1 contains 34,304
utterances, of which 21,048 are stance-related and
13,256 are labeled as “none” (see Table 2). Each
stance-related utterance is paired with one or more
cause labels: 13,998 instances have a single cause,
while 7,050 are linked to multiple causes (up to
five), reflecting the interactive and non-linear na-
ture of real-world conversations. Additionally,
17.19% of stance utterances include the stance utter-
ance itself among their annotated causes, indicating
that self-referential stances are common.

We further analyze stance–cause links by mea-
suring the distance between each stance utterance
and each of its associated causes (Figure 2). The
results show that 19.26% of stance–cause links
have distance 0, 64.38% are one utterance apart,
10.01% are two utterances apart, and 6.35% in-
volve longer-range dependencies (three or more
utterances apart). This distribution highlights the
need to model both local and long-range relation-
ships in conversational stance-cause detection.

Given the limited data for individual stance tar-
gets in each subtask, we merge all targets from Sub-
tasks A and B to form a unified dataset. The data
is randomly split into training, development, and
test sets, following an open-domain experimental
protocol (see Table 2 for distribution details). This
strategy ensures sufficient diversity and supports
robust model evaluation.

4 Methodology

4.1 Task Definition
Given a conversation U = {ui}ni=1, where each
ui may contain text, images, or both, and a tar-
get t, the task aims to predict a sequence of pairs
Y = {Sui,t, Cui,t}ni=1. Here, Sui,t denotes the

1https://github.com/nfq729/Cause-CSD
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Task Post Utterance None Same Number of causes
One Two Three Four Five Total

Subtask A
Train 150 11,177 5,441 2,760 2,670 1,986 776 215 89 5,736
Dev 33 2,304 1,115 627 527 460 143 42 17 1,189
Test 35 2,400 1,197 559 622 395 130 38 18 1,203

Subtask B
Train 667 14,035 3,883 1,536 8,049 1,780 284 34 5 10,152
Dev 144 2,307 797 200 1,183 269 45 10 3 1,510
Test 144 2,081 823 214 947 254 46 9 2 1,258

Total 1,173 34,304 13,256 5,896 13,998 5,144 1,424 348 134 21,048
100% 38.64% 17.19% 40.81% 15.00% 4.15% 1.01% 0.39% 61.36%

Table 2: Data distribution in the Cause-CSD dataset for Subtasks A and B.
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Figure 3: The architecture of our SCD-LM framework.

stance of ui towards t, and Cui,t identifies the utter-
ance(s), the utterance itself, or multimodal context
that serve as the observable contextual evidence for
Sui,t within the thread. We use the term “cause” in
this operational sense throughout the paper. If no
stance is expressed or no clear evidence is observ-
able in the thread, Cui,t = ∅.

4.2 Framework Overview
SCD-LM is a two-stage framework (Figure 3) for
stance–cause prediction with evidence-aware su-
pervision. Stage 1: Context Reasoning. We use a
high-capacity teacher generator to propose stance–
cause–rationale tuples and a consistency checker
to validate and revise them under the full conversa-
tional context, yielding distilled intermediate sig-
nals for training. Stage 2: Joint structured decoding.
We fine-tune a lightweight decoder on the distilled
supervision to jointly predict {Sui,t, Cui,t} in an
autoregressive output, reducing pipeline-style error
propagation and encouraging stance–cause consis-
tency. The context-reasoning stage is frozen and

does not require task-specific fine-tuning. Only the
joint decoding stage is trainable, using the distilled
supervision generated by Stage 1.

4.3 Context Reasoning

The Context Reasoning stage distills high-quality
stance–cause–rationale tuples from complex multi-
turn, multimodal conversations to provide explicit
supervision for downstream joint decoding. As
illustrated in Figure 3, this stage consists of four
steps: Image Caption, Relation, Stance Explana-
tion, and Verify. These intermediate signals (i)
convert visual evidence into a text proxy and (ii)
make the stance–cause link explicit and verifiable
under the full context. For each utterance ui and
target t, we conduct the following procedure:

Image Caption. For conversations containing
images, we generate a descriptive caption for each
image. The LLM produces a target-aware caption
ci = MLLM,1(U, t) based on the conversation and
image, focusing on content relevant to t. This cap-
tion serves as a textual proxy for visual evidence,
enabling subsequent relation extraction, explana-
tion, and joint decoding to operate on a unified text
context. The prompt is as follows:

Input Data: U , t
Prompt: Generate one sentence describing the parts of the
image most relevant to the target and the conversation.
Expected Output: Image caption.

Relation. For the candidate utterance ui, the
model analyzes its semantic relationships with the
target entity, preceding utterances, and associated
images. Instead of directly selecting a cause, this
step prompts the LLM to determine the type and
direction of relations between ui and other con-
text elements–such as agreement, contrast, sup-
port, query, or reference–thereby constructing a
relational graph for the conversation. Specifi-
cally, we obtain all identified semantic relations as
uri = MLLM,2(U, t, ui), which provide rich struc-
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tural cues for subsequent stance-cause pairing and
explanation. The prompt is as follows:

Input Data: U , t, ui

Prompt: Given the conversation, the target entity, and
the current comment, identify and describe the semantic
relations between this comment and (1) the target entity, (2)
each previous utterance, and (3) image content. For each
relation, specify the type (e.g., support, contrast, query,
reference, none) and direction.
Expected Output: A set of relation types (with direction)
between ui and each context element.

Stance Explanation. Given the target t, the can-
didate utterance ui, the identified cause Cui,t, and
the stance Sui,t, we prompt the LLM to gener-
ate a concise, natural-language rationale uei that
explains why the identified cause is annotated as
the observable contextual evidence for the stance
in ui. During training, the annotated cause is
used to supervise rationale generation, enabling
the model to learn from gold-standard explana-
tions. During inference, the model relies on its
own predicted cause to generate explanations, en-
suring a fair evaluation of end-to-end performance.
Specifically, the rationale is generated as uei =
MLLM,3(U, t, ui, Cui,t, Sui,t). The prompt is as
follows:
Input Data: U , t, Cui,t, Sui,t

Prompt: Given the target entity, the candidate utterance
(with predicted stance), and the identified cause, provide
a brief explanation (no more than 60 words) for why the
identified cause is the observable contextual evidence asso-
ciated with the stance.
Expected Output: A concise natural-language rationale
explaining the evidence-stance association in ui.

Verify. To ensure logical consistency and cor-
rectness, we prompt the LLM to verify the rela-
tion–rationale pair (uri , u

e
i ) within the full conver-

sational context and target. Specifically, the LLM
receives the entire conversation U , target entity t,
the set of identified relations uri , and the gener-
ated rationale uei , and is required to check whether
uei is coherent and factually correct with respect
to uri and the overall context. If any inconsis-
tency or error is found, the LLM proposes a re-
vision; otherwise, it confirms the pair as valid. For-
mally, this verification is performed as (uri , u

e
i ) =

MLLM,4(U, t, u
r
i , u

e
i ). The prompt is as follows:

Input Data: U , t, ur
i , ue

i

Prompt: Given the conversation, target entity, the identi-
fied relations, and the rationale, verify whether the rationale
is logically consistent and factually correct with respect to
the relations and the context. If consistent, reply VALID;
otherwise, return REVISE and the corrected pair.
Expected Output: Either “VALID” or a revised (ur

i , u
e
i )

pair.

4.4 Joint Decoding

In the second stage, we employ a joint decoding
strategy to simultaneously predict the stance and its
corresponding cause for each utterance, leveraging
the rationale-augmented data generated from the
context-reasoning stage. This unified approach mit-
igates error propagation and enforces logical con-
sistency between stance and cause. As illustrated
in Figure 3, we first construct an instruction set
that organizes the conversation, associated images,
generated image captions, semantic relations, and
stance explanations into a unified, structured input
format. These instructions provide the model with
rich, context-aware cues for joint stance-cause rea-
soning. The instruction-formatted data is then used
to fine-tune a parameter-efficient decoder (LLM
with LoRA (Hu et al., 2022)). For the candidate ut-
terance ui, given the full conversation U , the target
entity t, and (where applicable) image captions, the
model generates both the stance Sui,t and the cause
Cui,t in an autoregressive output sequence. Option-
ally, the explanation uei can also be generated for
interpretability. Formally, the joint prediction is
defined as:

(Sui,t, Cui,t, u
e
i ) = MDec(U, t, ui)

where MDec is the parameter-efficient decoder
trained on rationale-augmented supervision.

During training, we optimize the conditional
likelihood of the gold stance, cause, and expla-
nation given the input context:

L = −
n∑

i=1

logP (Sui,t, Cui,t, u
e
i | U, t, ui)

At inference time, the model receives a new con-
versation and target, and jointly decodes the stance–
cause pair (Sui,t, Cui,t) (and optionally the ratio-
nale uei ) for each utterance.

During inference, only the predicted stance Sui,t

and cause Cui,t are evaluated. The explanation uei
is excluded to ensure true end-to-end performance.

By generating stance and cause in a unified se-
quence, the model captures dependencies and mu-
tual constraints between them, resulting in more ro-
bust and logically consistent predictions. This joint
decoding framework offers several advantages: (1)
it avoids error accumulation common in pipeline
approaches; (2) it ensures stance and cause pre-
dictions are mutually coherent; (3) it enables the
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model to leverage explicit reasoning traces for im-
proved generalization, especially in long-range or
multimodal cases.

5 Experiments

5.1 Experimental Settings

Baseline Methods. To benchmark our method
on both subtask A (text-only) and subtask B (mul-
timodal), we compare against strong baselines, in-
cluding neural networks, PLMs, and LLMs. Sub-
task A (Text-only): LSTM (Hochreiter, 1997),
Joint-GCN/Xatt (Li et al., 2023b), BERT (Devlin
et al., 2019), CD-MRC (Cheng et al., 2023), Llama-
70b, ChatGPT (GPT-3.5/4/4o), Claude 3.5. Sub-
task B (Multimodal): BERT+ViT (Liang et al.,
2024), MECPE-2steps (Wang et al., 2023), MER-
MCE (Cheng et al., 2024), MLLM-SD (Niu et al.,
2024a), ChatGPT (GPT-4 Vision, 4o), Claude 3.5.
LLMs are evaluated using prior prompting proto-
cols (Lei et al., 2024; Cheng et al., 2024).

Evaluation Metrics. Following prior work (Li
et al., 2021; Wang et al., 2023), we use the average
F1 of informative classes (Stance-F1) for stance
evaluation. For cause identification, we report the
F1 scores for both cause extraction (Cause-F1) and
joint stance-cause pair extraction (Pair-F1). De-
tailed definitions are in Appendix C.

Implementation Details. For the context-
reasoning stage, we utilize LLMs as external
teachers: GPT-4o is employed for semantic
relation and rationale generation, while GPT-4.1
is used for verification. For the joint decoding
stage, we use different models for each subtask.
For Subtask A (text-only), we fine-tune Llama
3.1-8B; for Subtask B (multimodal), we fine-tune
Llama 3.2-Vision-11B. Both models are adapted
using LoRA (Hu et al., 2022) (rank 8, α=16).
Fine-tuning is implemented with the Llama-
Factory framework (Zheng et al., 2024) built on
HuggingFace Transformers. All experiments are
conducted on eight NVIDIA A100 GPUs (40GB
each), and results are averaged over three random
seeds for robustness.

5.2 Experimental Results

Open-domain Experimental Results. In Ta-
ble 3, we compare the performance of our proposed
SCD-LM with a broad range of baselines on the
Cause-CSD dataset. The results demonstrate that
SCD-LM achieves state-of-the-art performance on

both subtasks. For text-only conversations (Sub-
task A), SCD-LM delivers a Stance-F1 of 59.61
and a Cause-F1 of 54.96, outperforming classic
models (LSTM, Joint-GCN) and even powerful
LLM baselines. Notably, SCD-LM’s stance-cause
Pair-F1 reaches 34.57, which is about 3.56 points
higher than the best baseline (GPT-4o, 31.01). This
indicates SCD-LM’s superior ability to jointly iden-
tify stances and their causes compared to pipeline
or single-stage methods. In multimodal conver-
sations (Subtask B), SCD-LM similarly leads in
all metrics. It attains 73.10 Stance-F1 and 55.54
Cause-F1, surpassing strong multimodal models
like MER-MCE and even GPT-4 Vision. The Pair-
F1 of SCD-LM is 42.78, marking a new high in the
accuracy of stance-cause pairing for multimodal
data. These improvements confirm that our two-
stage framework, which integrates LLM-driven rea-
soning with joint decoding, effectively leverages
both textual and visual context. Llama-2-70B is not
uniformly weak; rather, its relatively competitive
Cause-F1 but lower Stance-F1 and Pair-F1 suggest
that prompting-based LLMs struggle more with
strict evidence localization and index-based pairing
than with free-form reasoning.

Impact of Cause Distance. Table 4 further ana-
lyzes performance by the distance between a stance
utterance and its cause. These results indicate a
clear trend that all models find it increasingly dif-
ficult to detect causes as the distance grows, but
SCD-LM’s advantage becomes more pronounced
on longer-range dependencies. For Subtask A,
when the cause is in the same utterance (distance =
0), SCD-LM achieves Stance-F1 61.44 and Pair-F1
37.65, outperforming the best baseline (GPT-4o)
by approximately 4 points in Pair-F1. As the gap
extends to intervening utterances (distance = 1),
the performance of all methods drops; however,
SCD-LM degrades more gracefully. At distance ≥
2, SCD-LM still attains a Pair-F1 of 33.21, whereas
the strongest baseline remains below 29. This mar-
gin of over 4 points at longer distances highlights
SCD-LM’s superior ability to retain and reason
over extended conversational contexts. A simi-
lar pattern holds in Subtask B. SCD-LM consis-
tently ranks first or tied for first in Stance-F1 and
Cause-F1 across all distance segments. Notably,
for distant causes in multimodal threads, SCD-LM
achieves Pair-F1 41.26 (at distance ≥ 2), about
2.3 points higher than the closest competitor. We
also observe that while certain baselines perform

38660



Task METHOD Against-F1 Favor-F1 Stance-F1 Cause-P Cause-R Cause-F1 Pair-P Pair-R Pair-F1

Subtask A

LSTM 40.25 52.67 46.46 34.97 38.54 36.67 14.12 19.69 16.45
Joint-GCN 44.08 52.71 48.40 35.19 39.98 37.43 17.32 20.92 18.95
Joint-Xatt 47.72 53.40 50.56 35.94 37.81 36.85 15.99 21.05 18.17
Bert 56.92 55.73 56.33 42.45 49.85 45.85 19.87 26.79 22.82
CD-MRC 58.39 57.45 57.92 41.45 48.96 44.89 20.95 25.82 23.13
Llama 2-70b 48.16 48.19 48.18 44.95 52.13 48.27 22.31 27.84 24.77
GPT-3.5 49.09 45.51 47.30 46.51 53.14 49.60 26.61 28.00 27.29
GPT-4 51.26 50.92 51.09 46.93 55.18 50.72 27.83 29.33 28.56
GPT-4o 53.48 55.90 54.69 48.72 55.89 52.06 29.85 32.27 31.01
Claude 3.5 54.63 56.10 55.37 47.35 55.03 50.90 29.10 31.64 30.32
SCD-LM 59.02 60.20 59.61 52.03 58.25 54.96 33.21 36.05 34.57

Subtask B

BERT+ViT 63.48 68.87 66.18 35.09 43.34 38.78 28.03 33.60 30.56
MECPE-2steps 60.03 65.12 62.58 42.60 47.06 44.72 32.61 37.81 35.02
MER-MCE 66.35 68.06 67.21 48.21 50.01 49.09 34.45 47.38 39.89
MLLM-SD 68.47 71.32 69.90 50.47 55.51 52.87 34.67 48.55 40.45
GPT4-Vision 68.15 72.45 70.30 49.93 55.63 52.63 33.83 48.73 39.94
GPT-4o 69.20 73.05 71.13 49.64 56.70 52.94 34.84 49.10 40.76
Claude 3.5 68.70 72.90 70.80 50.12 56.05 52.92 34.60 48.40 40.35
SCD-LM 71.30 74.90 73.10 52.87 58.49 55.54 37.58 49.66 42.78

Table 3: Open-domain experimental results on the Cause-CSD dataset.

Task METHOD Distance=0 Distance=1 Distance≥ 2
Stance-F1 Cause-F1 Pair-F1 Stance-F1 Cause-F1 Pair-F1 Stance-F1 Cause-F1 Pair-F1

Subtask A

LSTM 48.67 39.23 18.89 46.23 36.56 16.23 45.89 30.59 12.97
Joint-GCN 49.83 40.64 20.73 50.31 36.74 17.21 46.74 33.27 13.19
Joint-Xatt 51.81 41.56 21.56 49.42 35.67 17.65 48.01 32.22 15.89
Bert 55.47 47.93 25.32 57.67 45.11 21.46 55.23 41.54 18.36
CD-MRC 58.25 47.26 24.79 55.64 44.04 22.23 54.04 42.74 19.88
Llama 2-70b 50.80 50.74 29.91 48.04 47.69 23.55 47.90 45.78 20.46
GPT-3.5 46.03 52.60 30.19 49.82 48.21 27.61 44.98 44.92 23.65
GPT-4 54.18 51.81 32.90 50.72 50.10 30.24 48.82 45.71 25.97
GPT-4o 57.62 53.38 33.48 54.13 50.20 31.44 52.42 46.23 28.37
Claude 3.5 57.19 52.16 32.79 53.70 49.76 29.66 51.08 44.90 27.44
SCD-LM 61.44 58.82 37.65 60.55 57.29 35.10 56.01 52.37 33.21

Subtask B

BERT+ViT 65.27 41.60 32.11 68.03 38.02 30.39 63.68 35.95 28.71
MECPE-2steps 65.45 47.69 39.18 61.85 42.24 35.11 62.66 40.03 32.20
MER-MCE 67.34 50.98 41.04 66.97 48.91 39.86 66.21 44.24 35.21
MLLM-SD 71.76 58.06 42.73 69.05 52.77 39.32 67.72 48.55 37.21
GPT4-Vision 72.03 55.88 40.81 68.56 52.26 37.24 69.58 46.96 38.07
GPT-4o 72.90 57.03 42.27 69.34 54.58 41.78 68.05 49.19 38.96
Claude 3.5 71.20 56.18 41.10 68.90 54.04 38.41 67.51 47.35 36.32
SCD-LM 74.92 60.42 44.13 70.15 55.73 44.51 70.60 50.02 41.26

Table 4: The performance evaluation presents a comparison of the scores for different models in instances where the
distance is 0, 1, and ≥ 2.

strongly on immediate, image-grounded cases (dis-
tance = 0), their performance drops sharply with
increased distance. In contrast, SCD-LM remains
robust even when causal utterances are distant or
appear in images, highlighting the benefits of our
rationale-augmented joint modeling.

Ablation Study. We conducted an ablation study
to systematically examine the contributions of indi-
vidual components within our SCD-LM framework.
Figure 4 clearly demonstrates that removing the
Context Reasoning module significantly impairs
performance, suggesting its vital role in capturing
essential context for stance-cause detection in both
textual (Subtask A) and multimodal (Subtask B)
settings. Additionally, omitting the Stance Expla-
nation component also leads to notable reductions,
highlighting the importance of explicit rationales
for linking stances and causes coherently. Remov-
ing either the Relation extraction or Verification
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Figure 4: Ablation study results on SCD-LM.

module similarly decreases performance, though
these impacts are relatively moderate compared to
the aforementioned components. These findings
collectively indicate that each component in our
framework is integral, with Context Reasoning and
Stance Explanation being particularly influential in
ensuring accurate, logically consistent predictions.
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5.3 Analysis and Discussion

Q1: Is It Necessary to Construct Stance-Cause
Data? Constructing specialized stance-cause an-
notated data is essential, as it enables models to
capture the contextual grounding behind stance
expressions, moving beyond surface-level stance
classification alone. Traditional stance detection
datasets typically focus only on stance polarity,
while overlooking the observable conversational
evidence that supports or contextualizes a stance
in multi-turn interactions. Our Cause-CSD dataset
fills this critical gap by explicitly annotating stance-
cause relationships in this operational sense, facil-
itating more informative analyses and promoting
the development of models capable of capturing
richer semantic interactions within conversations.

Q2: Is the SCD-LM Mechanism Reasonable?
The proposed two-stage SCD-LM architecture
demonstrates substantial advantages in addressing
the complexities of joint stance-cause detection.
By first leveraging large language models to ex-
tract structured rationales (Context Reasoning) and
subsequently jointly decoding stance-cause pairs,
SCD-LM effectively mitigates common issues such
as error propagation observed in pipeline methods.
In Figure 4, the ablation studies further validate the
validity of our design choices, showing consistent
performance degradation when essential modules
(especially Context Reasoning and Stance Expla-
nation) are removed. These findings confirm that
the structured reasoning combined with unified de-
coding is both practical and effective.

Q3: What Are SCD-LM’s Current Limitations?
Despite its strong performance, SCD-LM exhibits
several limitations that warrant further exploration.
First, while Context Reasoning significantly en-
hances performance, it relies heavily on exter-
nal large language models, making the system
resource-intensive. Additionally, the performance
in long-range cause detection scenarios, though
superior to baselines, still exhibits considerable
room for improvement. Lastly, handling multiple
causes simultaneously remains challenging, as our
current model primarily emphasizes single-cause
extraction in practice. Future research could inves-
tigate strategies to better integrate multiple-cause
predictions and improve efficiency and scalability
for broader application scenarios.

6 Conclusion

We introduced CSCPD, a new task that jointly
predicts stance polarity and its observable con-
textual evidence in multi-turn conversations. To
support this task, we built Cause-CSD, the first
large-scale dataset with explicit stance–cause an-
notations, and proposed SCD-LM, a unified frame-
work that combines context reasoning with joint
decoding to improve stance–cause consistency. Ex-
periments on both text-only and multimodal set-
tings show that SCD-LM consistently outperforms
strong baselines, especially for long-range and
image-grounded cause detection. Future directions
include improving multi-cause extraction and re-
ducing reliance on external LLMs.
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Limitations

Our work has several limitations. First, the term
“cause” is used here in an operational sense to de-
note observable contextual evidence for a stance
expression within the conversation thread, rather
than the speaker’s latent beliefs, identity alignment,
affective motivations, or broader belief formation
process. Accordingly, strong performance on this
benchmark should be interpreted as recovering
annotator-consistent evidence in discourse, not as
uncovering the true causal mechanism of stance
formation. This setting may still involve post hoc
rationalization risk, especially when stance expres-
sions are habitual, affective, socially aligned, or
only weakly grounded in the observable conversa-
tion. In addition, while Cause-CSD annotates up
to five causes per stance utterance and our frame-
work supports multi-cause supervision, accurately
recovering all relevant causes remains challenging,
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especially when evidence is implicit, distributed
across long conversational contexts, or partially
grounded in images. Finally, the context-reasoning
stage relies on external LLMs for relation and ra-
tionale generation as well as verification, which
increases computational cost and may affect repro-
ducibility if model versions or access conditions
change.

Ethical Considerations

Our dataset is constructed by extending two ex-
isting resources, MT-CSD (Niu et al., 2024b) and
MmMtCSD (Niu et al., 2024a), which were origi-
nally collected from public Reddit threads via the
official Reddit API and have been used in prior
research. We use these datasets in accordance with
their original usage conditions and the platform’s
policies, and we will ensure that any release of our
derived annotations follows the same redistribution
constraints.

The additional annotations in this work were
produced by trained annotators with relevant back-
ground knowledge. In total, twelve annotators par-
ticipated in the annotation process. Each annotator
is paid $6.5 per hour (above the average local pay-
ment of similar jobs). The entire annotation process
lasted 5 months, and the average annotation time
of the twelve annotators was 510 hours. All anno-
tators were informed of the research purpose and
participated voluntarily.

For the LLM-based components (used only as
external teachers for relation and rationale gener-
ation and verification), we access models through
official interfaces and strictly follow the providers’
usage policies. We do not intentionally submit
private or sensitive user information, and model-
generated rationales are treated as research artifacts
rather than verified facts.

Finally, we note that stance and cause inference
technologies may be misused in sensitive appli-
cations such as targeted persuasion or large-scale
monitoring. We therefore position this work strictly
for research purposes and emphasize the impor-
tance of human oversight and responsible use in
any downstream deployment.
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A Datasets Detail

We construct Cause-CSD by adding explicit cause
annotations to two recent conversational stance de-
tection corpora. The first is the MT-CSD (Niu
et al., 2024b) text-only dataset, containing 15,876
English posts and comments from Reddit span-
ning five controversial targets: Tesla, SpaceX, Don-
ald Trump, Joe Biden, and Bitcoin. These data
were originally collected via the official Reddit
API, ensuring authentic, multi-turn discussions
with substantial context. The second source is the
MmMtCSD (Niu et al., 2024a) multimodal dataset,
which consists of 21,340 Reddit posts and com-
ments paired with images, focusing on three target
settings: two specific targets (Tesla and Bitcoin)
and a more general Post-Target (Post-T) setting
where each post serves as its own target, yielding a
diverse range of topics. A detailed breakdown of
both datasets is provided in Table 5.

We extend the full content of these datasets with
cause annotations, resulting in Cause-CSD, which
covers all multi-turn conversation threads from the
original corpora while preserving their stance la-
bels and conversational structure.

Dataset Target Samples and Proportion of Labels
Against Favor None Total

MT-CSD

Bitcoin 1,324 869 1,192 3,385
Tesla 1,146 477 2,068 3,691

SpaceX 298 595 1,162 2,055
Biden 352 1,186 1,409 2,947
Trump 1,667 207 1,924 3,798

MmMtCSD
Tesla 2,211 2,531 1,558 6,300

Bitcoin 1,284 4,550 2,314 8,148
Post-T 2,008 3,255 1,629 6,892

Total 10,290 13,670 13,256 37,216

Table 5: Data distribution of MT-CSD dataset and
MmMtCSD dataset.

B Annotation Detail

Following Li et al. (2023b), we annotate stance-
cause relations for all utterances labeled “against”
or “favor” in the base datasets, while treating “none”
as non-stance and omitting cause annotation for
these cases. In total, the MT-CSD dataset con-
tains 8,015 stance-related and 7,861 non-stance
utterances, while the MmMtCSD dataset includes
15,839 stance-related and 5,501 non-stance utter-
ances.

Since most non-stance utterances are unrelated
to the stance target, we only annotate stance-
labeled utterances for this task. Due to the in-
teractive and non-linear nature of conversations,
some stance utterances are linked to multiple cause
statements, though most have only one. To ac-
commodate such cases, we set a maximum of five
causes per stance utterance. The annotation process
follows these main guidelines:

(1) Cause within the same or previous utterances.
The cause for a stance utterance can be the utter-
ance itself, any previous utterance in the conver-
sation, or a combination of both. For example, in
Table 6, the stance of Comment 1 is labeled as
Against, and its cause includes both the Post and
Comment 1 itself. The comment expresses dis-
satisfaction with Britain’s drug policy while also
referring to the Post about Biden’s marijuana par-
don, making both utterances part of the cause.

(2) Multiple causes. If the stance is influenced
by multiple sources, all relevant utterances are an-
notated as causes, with a maximum of five causes
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Target Example

Joe Biden

Post: Biden to pardon all prior federal offenses
of simple marijuana possession. [Stance: None]
Comment 1: Meanwhile in Britain, it was
reported this week that Tory Police
Commissioners want to make cannabis a Class
A drug, bringing it in line with cocaine and
heroin. What a shitpit we have become. [Stance:
Against, Cause: Post, Comment 1]

Table 6: Dataset annotation example.

per stance utterance. As illustrated in Table 6, Com-
ment 1 draws its stance from two distinct utterances
(the Post and itself), showing that multiple pieces
of context can jointly serve as evidence for a stance
expression.

(3) No identifiable cause (None). The cause
label is set to None when the stance is inferred
from the utterance, but the relevant evidence is not
observable within the conversation or references
content unrelated to the stance target. For example,
if the stance target is Joe Biden and the utterance is
“A dark Brandon appears”, the stance is Against, but
no specific cause can be found in the conversation
context. In this case, the cause is labeled as None,
since the remark is nonsensical and lacks a relevant
explanation within the thread.

(4) Non-stance utterances. Only utterances ex-
pressing a clear stance towards the target (i.e., la-
beled as “against” or “favor”) are annotated with
causes; utterances labeled as “none” are ignored
for cause annotation.

C Evaluation metrics

For the evaluation of stance, we adopt the Stance-
F1 metric, consistent with the approaches in Li et al.
(2021) and Mohammad et al. (2017). Stance-F1
represents the average F1 score computed for the
“against” and “favor” stances, denoted as against-F1
and favor-F1, respectively.

For the evaluation of cause, we conducted sepa-
rate assessments for both cause and stance-cause
extraction. Consistent with Wang et al. (2023), we
used Precision, Recall, and F1 scores as evalua-
tion metrics. Specifically, Cause-P, Cause-R, and
Cause-F1 were used to evaluate the performance
of cause extraction, while Pair-P, Pair-R, and Pair-
F1 were employed to assess the effectiveness of
stance-cause extraction. The calculations for Pair-
P, Pair-R, and Pair-F1 are as follows:

P =

∑
correct_pairs∑
predicted_pairs

(1)

R =

∑
correct_pairs∑

annotated_pairs
(2)

F1 =
2× P ×R

P +R
(3)

where predicted_pairs denotes the number of
stance-cause pairs predicted by the model, anno-
tated_pairs refers to the total number of stance-
cause pairs annotated in the dataset, and cor-
rect_pairs indicates the number of pairs that are
both annotated and correctly predicted as stance-
cause pairs.
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