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Abstract
Stance detection aims to identify the attitude
expressed in text towards a given target, with
applications in public opinion analysis and
misinformation mitigation. Despite recent ad-
vances in large language models (LLMs), two
key challenges remain: (1) spurious correla-
tions between superficial features and stance
labels, and (2) lack of cognitive modeling that
simulates the transition from intuitive percep-
tion to deliberate reasoning. To address these
issues, we propose Cognitive-Driven Stance
Detection (CDSD), inspired by Kahneman’s
Dual-Process Theory. CDSD integrates fast
intuitive judgment (System 1) and analytical
reasoning (System 2), enhanced by three key
modules: attention-based cognitive alignment
to compare system focus, uncertainty-aware
belief update using Bayesian inference, and
self-doubt-triggered counterfactual reasoning
for re-evaluation under low consistency or high
uncertainty. Experimental results on SEM16,
P-Stance, and VAST show that CDSD outper-
forms state-of-the-art methods across multiple
LLMs. Notably, CDSD exhibits strong robust-
ness against textual perturbations such as emo-
tional word removal and rhetorical restructur-
ing. By integrating cognitive theory with NLP,
our work provides a promising path toward
more reliable and interpretable stance detection
systems.

1 Introduction

Stance detection (Hasan and Ng, 2014; Küçük and
Can, 2020), which identifies the textual attitude
toward a specific target, plays a vital role in opin-
ion mining (Graells-Garrido et al., 2020), misin-
formation mitigation (Lai et al., 2020), and pub-
lic sentiment analysis (Lei et al., 2024). By ana-
lyzing structural and linguistic patterns in stance
reasoning, researchers can uncover public opin-
ion dynamics, monitor harmful discourse evolu-
tion, and foster a more ethical online environment
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(De Vinco et al., 2024; Graells-Garrido and Baeza-
Yates, 2022; Zhang et al., 2023c).

Recent advances in large language models
(LLMs) have revolutionized stance detection, en-
abling complex reasoning strategies such as chain-
of-thought prompting (Yao et al., 2024; Zhang
et al., 2024c, 2023a; Ding et al., 2024a; Lan
et al., 2024), multi-agent collaboration (Wang et al.,
2024), and knowledge infusion (Yan et al., 2024).
These methods treat stance detection as a reason-
ing process (rather than a simple classification task)
that benefits from contextual understanding, logical
inference, and semantic disambiguation. Represen-
tative works like COLA (Lan et al., 2024), LC-CoT
(Zhang et al., 2023b), and LogiMDF (Zhang et al.,
2025b) have improved prediction accuracy, inter-
pretability, and decision consistency.

Despite these gains, most LLM-based stance de-
tection methods suffer from two critical limitations:
(1) overreliance on surface-level linguistic cues
(e.g., emotionally charged expressions) leads to un-
stable predictions when such cues are perturbed or
missing, undermining model robustness (Li et al.,
2025); (2) the lack of an explicit cognitive struc-
ture to simulate the human transition from intuitive
perception to deliberate analysis, which is essential
for reliable judgment.

To address these issues, we propose a novel
Cognitive-Driven Stance Detection framework
(CDSD), inspired by cognitive psychology’s Dual-
Process Theory (Kahneman, 2011). CDSD simu-
lates human-like reasoning via two complementary
systems: System 1 (fast, intuitive judgment for
rapid initial predictions) and System 2 (slow, ana-
lytical reasoning triggered by high text complexity,
ambiguity, or emotional language). We further in-
tegrate an attention-based alignment mechanism
(to ensure cognitive consistency) and a Bayesian
belief update mechanism (to fuse dual-process out-
puts under uncertainty). When low alignment or
high uncertainty is detected, a self-doubt mecha-
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Figure 1: Dual-Process Theory

nism activates counterfactual reasoning for stance
reassessment from alternative perspectives.

Our main contributions are as follows:

• We propose a cognitive-inspired dual-process
architecture for stance detection, which com-
bines fast intuitive judgment and slow deliber-
ate reasoning to mimic human cognitive pat-
terns.

• We design two core mechanisms (attention-
based cognitive alignment and uncertainty-
aware Bayesian belief update) and a structured
self-doubt with counterfactual reasoning mod-
ule, jointly enhancing model consistency, in-
terpretability, and robustness against spurious
correlations.

• Extensive experiments on three benchmark
datasets (SEM16, P-Stance, and VAST)
demonstrate that CDSD outperforms state-of-
the-art methods and exhibits superior stability
under textual perturbations.

2 Related Work

Stance detection has advanced with NLP develop-
ments: early statistical models (e.g., BiCond (Au-
genstein et al., 2016), CrossNet (Du et al., 2017))
leveraged RNNs and attention to capture textual
dependencies, while BERT-based methods (e.g.,
TGA Net (Allaway and McKeown, 2020), BERT-
GCN (Liu et al., 2021)) improved performance via
contextualized representations.

Recent LLM-based approaches (COLA (Lan
et al., 2024), LC-CoT (Zhang et al., 2023b),
LogiMDF (Zhang et al., 2025b), KASD-ChatGPT
(Li et al., 2023)) adopt multi-agent collaboration,
chain-of-thought prompting (Zhang et al., 2025e),
or logical frameworks to enhance interpretability
(Zhang et al., 2025d,c). However, these methods re-
main vulnerable to spurious correlations (e.g., emo-
tional expressions) and lack self-correction mecha-
nisms.

Kahneman’s Dual-Process Theory (Kahneman,
2011) (Figure 1) underpins our work, positing two
complementary cognitive systems: System 1 (fast,
automatic, emotion-driven intuition) and System 2

(slow, deliberate, logic-based reasoning). System 2
monitors and corrects System 1 biases, balancing
cognitive speed and accuracy.

Inspired by this framework, we propose the
Cognitive-Driven Stance Detection (CDSD) frame-
work. Unlike single-paradigm LLM methods,
CDSD simulates dual-process reasoning (System
1: intuitive judgment; System 2: analytical CoT
reasoning) integrated via three mechanisms: atten-
tion alignment, uncertainty-aware Bayesian belief
update, and counterfactual reasoning. This design
enhances robustness to superficial linguistic cues,
interpretability, and decision consistency - address-
ing key limitations of existing methods.

3 Methodology

To address the challenges of spurious correlations
and lack of cognitive consistency in stance detec-
tion, we propose Cognitive-Driven Stance Detec-
tion (CDSD) inspired by Kahneman’s theory of
thinking fast and slow as shown in Figure 2. Our
model integrates two complementary reasoning
pathways: a fast, intuitive judgment process (Sys-
tem 1) that mimics rapid human perception, and
a deliberate, analytical reasoning module (System
2) that engages when uncertainty, ambiguity, or
emotional language is detected. System 1 provides
an initial stance prediction along with confidence
estimation and attention weights, while System 2
performs chain-of-thought reasoning to re-evaluate
the stance by dissecting rhetorical strategies and
semantic implications. To enhance interpretability
and consistency, we further align the attention dis-
tributions between the two systems and fuse their
outputs through Bayesian belief update. When
conflicts arise, a self-doubt mechanism activates
counterfactual reasoning, allowing the model to re-
assess its predictions from alternative perspectives.
This cognitive-inspired architecture improves ro-
bustness, explainability, and generalization in com-
plex and ambiguous textual scenarios.

3.1 Task Definition

Let D = {(xi, ti, yi)}Ni=1 be a dataset of N in-
stances, where xi denotes the input text, ti is the
target entity, and yi ∈ {favor, against, neutral} rep-
resents the stance of xi towards ti. The goal of
stance detection is to predict the correct stance la-
bel yi for each (xi, ti) pair.

5853



Figure 2: Overview of the Cognitive-Driven Stance Detection (CDSD) architecture. System 1 generates an initial
stance prediction with confidence, while System 2 performs Chain-of-Thought (CoT) reasoning when triggered by
low confidence, high text complexity, or emotional language. The attention alignment similarity si between the
two systems is computed and compared against threshold τa. If si < τa, or if the posterior entropy H(yi) exceeds
threshold τh, the model enters a self-doubt state and activates counterfactual reasoning to refine the final stance
prediction.

3.2 Dual-Process Cognitive Architecture
Inspired by cognitive psychology’s Dual-Process
Theory (Kahneman, 2011), our framework inte-
grates two complementary reasoning pathways
(System 1 and System 2) to address two core chal-
lenges of LLM-based stance detection: overre-
liance on superficial linguistic cues and lack of
human-like cognitive transition from intuition to
deliberation.

Formally, given input text xi and target ti, Sys-
tem 1 generates an initial stance prediction ŷ

(1)
i and

confidence score c
(1)
i ∈ [0, 1] via holistic intuitive

judgment (no explicit reasoning). Its prompt ex-
plicitly forbids in-depth analysis and requires only
a direct stance and confidence output (e.g., judging
stance intuitively without reasoning), with full de-
tails provided in Appendix A. Mathematically, this
is expressed as:

(ŷ
(1)
i , c

(1)
i ) = fS1(xi, ti), (1)

where fS1 is System 1’s mapping function.
To enhance model robustness against ambigu-

ous or emotionally charged texts (a key challenge
of superficial cue reliance), we design a trigger-
ing mechanism for System 2 (deliberate Chain-of-
Thought (CoT) reasoning), which activates if any
of the following conditions hold: - c(1)i < τc (low
System 1 confidence), - C(xi) > τcomp (high text
complexity), - xi contains vague or emotionally
salient expressions.

When triggered, System 2 outputs a refined pre-
diction ŷ

(2)
i and confidence c

(2)
i via step-by-step

CoT reasoning. Its prompt follows a structured
4-step protocol (claim identification → stance eval-
uation → rhetorical analysis → final judgment) to
guide in-depth textual analysis, with full details in
Appendix B. Mathematically, this is:

(ŷ
(2)
i , c

(2)
i ) = fS2(xi, ti), (2)

where fS2 is the CoT-based reasoning function.

3.3 Attention-Based Cognitive Alignment
Grounded in Dual-Process Theory (Kahneman,
2011), we propose an attention-based cognitive
alignment mechanism to enforce cognitive consis-
tency between System 1 and System 2, and enhance
model interpretability and robustness against am-
biguous/emotionally charged texts.

Given an input text xi (sequence of n tokens),
let α(1)

i and α
(2)
i denote the attention weight vec-

tors of System 1 and System 2, respectively (each
α
(k)
ij reflects the j-th token’s importance for stance

prediction). We quantify their focus overlap via
cosine similarity si:

si =
α
(1)
i · α(2)

i

∥α(1)
i ∥ · ∥α(2)

i ∥
, (3)

where si ∈ [−1, 1] (values near 1 = strong align-
ment; near/below 0 = divergent attention). A thresh-
old τa is set: if si < τa, the focus discrepancy is
deemed significant.

This alignment acts as a critical signal to trigger
the self-doubt and counterfactual reasoning mecha-
nism, which reconciles conflicting interpretations
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between intuitive (System 1) and analytical (Sys-
tem 2) judgments. It also improves model trans-
parency (revealing token-level driving factors) and
generalization (discouraging spurious attention cor-
relations), ultimately boosting the reliability and
explainability of stance detection decisions.

3.4 Uncertainty-Aware Belief Update
To ensure robust and cognitively consistent stance
prediction under conflicting or uncertain evidence
from System 1 and System 2, we introduce
an uncertainty-aware belief update mechanism
grounded in probabilistic reasoning. This mod-
ule dynamically integrates the outputs of both
systems into a unified posterior distribution over
stance labels, while also enabling introspective re-
evaluation when decision confidence is low.

Let yi ∈ {favor, against, neutral} denote
the true stance label of text xi towards target ti.
We define a uniform prior to represent initial igno-
rance about the stance:

P (yi) =
1

3
. (4)

Given the predictions (ŷ
(1)
i , c

(1)
i ) from System

1 and (ŷ
(2)
i , c

(2)
i ) from System 2 — where ŷ

(k)
i de-

notes the predicted stance and c
(k)
i ∈ [0, 1] rep-

resents the system’s confidence — we model the
likelihood function as follows:

P (ŷ
(k)
i | yi) =

{
c
(k)
i if ŷ(k)i = yi
1−c

(k)
i

2 otherwise,
(5)

for k = 1, 2, reflecting that each system assigns
high probability to its own prediction and dis-
tributes the remaining probability mass equally
among the other two classes.

Using Bayes’ theorem, we compute the posterior
distribution over stance labels:

P (yi | ŷ(1)i , ŷ
(2)
i ) ∝ P (ŷ

(1)
i | yi) · P (ŷ

(2)
i | yi) · P (yi). (6)

This posterior encapsulates the combined belief
of both cognitive systems, weighted by their re-
spective confidences. To quantify the certainty of
this belief state, we compute the entropy of the
posterior distribution:

H(yi) = −∑
y∈Y P (y | ŷ(1)i , ŷ

(2)
i ) logP (y | ŷ(1)i , ŷ

(2)
i ), (7)

where Y = {favor, against, neutral}.
If H(yi) > τh, indicating either high uncer-

tainty or conflicting judgments between the two
systems, the model enters a self-doubt state and
activates counterfactual reasoning to reassess its
stance prediction. Otherwise, the most probable
stance according to the posterior is selected as the
final output:

ŷi = argmax
y∈Y

P (y | ŷ(1)i , ŷ
(2)
i ). (8)

This uncertainty-aware belief update serves as
the central coordination mechanism in our architec-
ture, ensuring that stance predictions are not only
accurate but also epistemically justified.

3.5 Self-Doubt and Counterfactual Reasoning

When low cognitive alignment (si < τa) or high de-
cisional uncertainty (H(yi) > τh) is detected, we
activate the counterfactual reasoning module—this
step is necessary to simulate human-like introspec-
tion, reconcile conflicting judgments between Sys-
tem 1 and System 2, and avoid decisions biased by
superficial linguistic cues.

Given input text-target pair (xi, ti) and dual-
process predictions ŷ

(1)
i , ŷ

(2)
i (with confidence

scores), we define the counterfactual reason-
ing function fCF(·) (implemented via structured
prompting, full prompt details in Appendix C):

(ŷcf
i , c

cf
i , e

cf
i ) = fCF(xi, ti, ŷ

(1)
i , ŷ

(2)
i ), (9)

where ŷcf
i is the updated stance, ccf

i ∈ [0.0, 1.0]
is the revised confidence, and ecf

i is the natural
language explanation for the update.
fCF(·) analyzes the text under hypothetical trans-

formations (no explicit re-prediction) by: - Identi-
fying emotional terms and their impact on initial
stance; - Evaluating vague expressions and their ef-
fect on prediction certainty; - Examining rhetorical
devices and alternative interpretations.

This process uses a pre-defined reasoning
schema (not free-form prompting), and its output
updates the final stance if a more stable interpre-
tation is suggested. This structured analysis is es-
sential for grounding decisions in semantic content
(rather than superficial cues), ultimately boosting
model robustness and interpretability.
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4 Experiments

4.1 Datasets

We conduct experiments on the VAST, SEM16,
and PStance datasets to evaluate our proposed
method. VAST (Allaway and McKeown, 2020) is
characterized by its large number of targets across
various domains, annotated with pro, con, or neu-
tral stance labels. The SEM16 dataset (Moham-
mad et al., 2016) contains six predefined targets, in-
cluding Donald Trump (DT), Hillary Clinton (HC),
Feminist Movement (FM), Legalization of Abor-
tion (LA), Atheism (A), and Climate Change (CC).
Each instance is categorized as Favor, Against, or
Neutral. We remove two targets A and CC due to
data quality issues and apply a leave-one-target-out
strategy for zero-shot evaluation (Wei and Mao,
2019). The PStance dataset (Li et al., 2021) fo-
cuses on the stance of individuals towards three
prominent political figures in the United States:
Donald Trump (trump), Joe Biden (biden), and
Bernie Sanders (sanders). This large-scale dataset
includes only two stance labels: favor or against.
We exclude inconsistent "none" labeled samples to
ensure data quality and avoid noisy sample inter-
ference. Detailed dataset statistics are provided in
Appendix D.

4.2 Evaluation Metrics

For the VAST dataset (Allaway and McKeown,
2020), we calculate the Macro-averaged F1 score
across all labels to evaluate the performance of
the models on the test set. For the SEM16 and
PStance datasets, we report the Favg, which is the
average of the F1 scores for the Favor and Against
classes (Mohammad et al., 2016; Li et al., 2021).
We compute Favg for each target.

4.3 Baselines

To evaluate the effectiveness of our proposed
method, we compare it with a series of strong base-
lines categorized into three main groups: statistics-
based models, BERT-based models, and LLM-
based models. For detailed information on these
baselines, please refer to the Appendix E; all our
baseline performance results are cited from the
original papers. For statistics-based models, we
include: BiCond (Augenstein et al., 2016), Cross-
Net (Du et al., 2017), TPDG (Liang et al., 2021),
and TOAD (Allaway et al., 2021). The BERT-
based models group includes: TGA Net (Allaway
and McKeown, 2020), BERT-Joint (Devlin et al.,

2019), BERT-GCN (Liu et al., 2021), JointCL
(Liang et al., 2022b), TarBK (Liang et al., 2021),
PT-HCL (Liang et al., 2022a),TATA (Hanley and
Durumeric, 2023), WS-BERT-Dual (He et al.,
2022), KAI (Zhang et al., 2024a) and CKI (Yan
et al., 2024). For LLM-based models, we con-
sider: COLA (Lan et al., 2024), GPT-3.5 (Lan
et al., 2024), GPT-EDDA (Ding et al., 2024b),
LCDA (Zhang et al., 2025a), KASD-ChatGPT
(Li et al., 2023), LC-CoT (Zhang et al., 2023b),
LogiMDF (Zhang et al., 2025b) and FACTUAL
(Li et al., 2025).

4.4 Implementation Details

We utilize open-source models Qwen2.5-7B-
Instruct (Qwen Team, 2024), Meta-Llama-3.1-
8B-Instruct (Llama Team, 2024) and DeepSeek-
R1-Distill-Qwen-7B (DeepSeek-AI, 2025) as they
can obtain attention weights. All experiments are
conducted on an NVIDIA A800 GPU.

The key parameters and thresholds in our frame-
work were determined empirically: the confidence
threshold (τc = 0.6) triggers System 2 when Sys-
tem 1’s confidence c

(1)
i falls below this value; the

text complexity threshold (τcomp = 0.7), based on
normalized language model perplexity, activates
System 2 if C(xi) > τcomp; the emotional intensity
threshold (τe = 0.3), derived from VADER sen-
timent scores (Hutto and Gilbert, 2014), initiates
deeper analysis if |VADER(xi)| > τe; the attention
alignment threshold (τa = 0.5) triggers self-doubt
when the similarity between the attention distribu-
tions of the two systems si falls below this value;
and the posterior entropy threshold (τh = 0.5)
activates counterfactual reasoning whenever the
model’s uncertainty H(yi) exceeds this threshold.
Details on hyperparameter sensitivity analysis are
provided in Appendix F.

All LLM-based inference is performed using
temperature sampling (temperature = 0.7) and nu-
cleus sampling (top-p = 0.9), ensuring both diver-
sity and coherence in generated responses. The
computational overhead of System 2 and counter-
factual reasoning is modest: only 30–40% of sam-
ples trigger these modules (specifically, those with
low confidence, high text complexity, or emotion-
ally charged language). To ensure statistical relia-
bility, we report results averaged over 5 repeated
runs to mitigate the impact of any variance in model
performance. Detailed implementation details are
provided in Appendix F.
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5 Results and Discussion

We evaluate our proposed CDSD through the fol-
lowing four research questions:

RQ1: How does CDSD perform compared to
state-of-the-art stance detection models on PStance,
SEM16, and VAST datasets?

RQ2: Is each core module in CDSD effective in
contributing to final performance?

RQ3: Does CDSD demonstrate improved ro-
bustness under textual perturbations such as re-
moval of emotional words or vague expressions?

RQ4: How does the attention mechanism in
CDSD highlight key linguistic cues that influence
stance prediction?

RQ5: How does the performance of CDSD vary
across different models ?

RQ1: Performance Comparison with State-
of-the-Art Models Our proposed Cognitive-
Driven Stance Detection (CDSD) framework
demonstrates superior performance across all three
datasets compared to state-of-the-art models. As
shown in Table 1, CDSD consistently outper-
forms statistics-based, BERT-based, and LLM-
based baselines on the SEM16, P-Stance, and
VAST datasets.

On the SEM16 dataset, CDSD achieves the high-
est scores on most targets, particularly excelling
in complex and emotionally charged texts. For
example, using the Llama3.1 backbone, CDSD
achieves 80.5% on Donald Trump (DT), 84.8%
on Hillary Clinton (HC), and 82.8% on Feminist
Movement (FM) - all significantly outperforming
the strongest baseline LogiMDF (72.2%, 84.1%,
78.0%, respectively). This indicates that our dual-
process architecture effectively handles ambiguity
and emotional language by combining intuitive and
analytical reasoning.

In the P-Stance dataset, CDSD achieves SOTA
results across all political figures. Using Qwen2.5,
it reaches 88.1%, 88.4%, and 83.8% for Trump,
Biden, and Sanders, respectively. These results
surpass even strong LLM-based methods like CKI
and FACTUAL, highlighting CDSD’s ability to
maintain high accuracy while reducing reliance on
superficial linguistic cues.

On the more diverse and challenging VAST
dataset, CDSD achieves 84.5% zero-shot accuracy
and 84.3% overall F1 score with Llama3.1, signifi-
cantly outperforming the best baseline LogiMDF
(81.6%) and CKI (81.9%). This indicates that our
framework improves generalization across unseen

topics by leveraging attention alignment and coun-
terfactual reasoning.

These results confirm that CDSD not only ad-
dresses spurious correlations but also enhances cog-
nitive consistency, robustness, and interpretability
- directly solving the key challenges identified in
stance detection.

RQ2: Effectiveness of Each Core Module in
CDSD To evaluate the contribution of each core
module in CDSD, we perform an ablation study by
removing individual modules from the full model.
As shown in Table 2, each module plays a distinct
and essential role in improving performance and
addressing specific challenges in stance detection.

System 2 (w/o S2): Removing System 2 leads
to the most significant performance drop across all
datasets. This highlights its critical role in handling
ambiguous or emotionally charged texts through
deliberate reasoning. It enables deeper analysis
of rhetorical strategies and semantic implications,
directly countering spurious correlations caused by
surface-level language cues.

Attention Alignment (w/o AA): Without
attention-based cognitive alignment, the model
struggles with interpretability and consistency be-
tween intuitive and analytical judgments. This re-
sults in moderate degradation, especially in com-
plex texts where conflicting interpretations are com-
mon.

Belief Update (w/o BU): Removing uncertainty-
aware belief update reduces the model’s ability to
handle conflicting evidence, leading to decreased
robustness, particularly noticeable in VAST few-
shot settings. This mechanism ensures that deci-
sions are not made based on unreliable or inconsis-
tent signals.

Counterfactual Reasoning (w/o CR): Elimi-
nating this module impairs the model’s self-doubt
mechanism, making it more susceptible to super-
ficial linguistic cues and reducing its ability to re-
evaluate uncertain predictions. Counterfactual rea-
soning enhances both interpretability and robust-
ness by simulating human-like introspection.

These results confirm that each core module con-
tributes meaningfully to the overall effectiveness
of CDSD, directly addressing key challenges such
as spurious correlations, cognitive inconsistency,
and lack of interpretability.

RQ3: Robustness Under Counterfactual-
Inspired Textual Perturbations To evaluate
whether our Cognitive-Driven Stance Detection
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Model SEM16 P-Stance VAST
DT HC FM LA Trump Biden Sanders Zero-Shot Few-Shot Overall

Sta.
Bicond 30.5 32.7 40.6 34.4 73.0 69.4 64.6 42.8 40.0 41.5

CrossNet 35.6 38.3 41.7 38.5 58.0 65.0 53.0 43.4 47.4 45.5
TPDG 53.6 46.5 47.3 50.9 60.1 64.4 62.0 51.9 - -
TOAD 49.5 51.2 54.1 46.2 53.0 68.4 62.9 41.0 - -

BERT

TGA Net 40.7 49.3 46.6 45.2 64.4 74.7 69.9 66.6 66.3 66.5
BERT-Joint 41.0 50.1 42.1 44.8 67.2 75.0 71.1 66.0 64.6 65.3
BERT-GCN 42.3 50.0 44.3 44.2 70.5 74.9 71.1 68.6 69.7 69.2

JointCL 50.5 54.8 53.8 49.5 62.0 59.0 73.0 72.3 71.5 -
TarBK 50.8 55.1 53.8 48.7 65.8 75.5 70.5 73.6 - -

PT-HCL 50.1 54.5 54.6 50.9 - - - 71.6 - -
TATA 63.8 65.4 66.9 62.9 - - - 77.1 74.1 76.3

WS-BERT-Dual - 53.7 47.1 42.6 69.2 77.9 71.6 75.3 73.6 74.5
KAI 72.1 76.4 73.7 69.4 75.9 85.7 80.5 76.3 - -
CKI - - - - 86.2 84.1 80.5 81.9 79.6 80.7

LLM

COLA 68.5 81.7 63.4 71.0 86.6 84.0 79.7 73.4 - -
GPT-3.5 62.5 68.7 44.7 51.5 79.8 79.7 77.8 65.0 - -

GPT-EDDA 69.5 80.1 69.2 62.7 - - - 68.5 - -
LCDA 79.8 70.0 69.4 70.0 - - - 80.3 - -

KASD-ChatGPT - 80.3 70.4 62.7 85.1 84.6 79.9 67.0 - -
LC-CoT 71.7 82.9 70.4 63.2 - - - 72.5 - -

LogiMDF 72.2 84.1 78.0 75.6 - - - 81.6 - -
FACTUAL 72.8 80.3 75.8 68.8 84.9 86.0 81.6 79.9 - -

CDSD
Qwen2.5 80.3 84.6 79.9 80.2* 88.1 88.4 83.8 83.4 83.7 83.5
Llama3.1 80.5* 84.8* 82.8* 78.6 89.3* 88.2 83.9 84.5* 84.2* 84.3*

DeepSeek-R1 80.2 85.0* 81.4* 78.3 89.0 89.1* 84.8* 83.7 83.0 83.6

Table 1: Performance Comparison (%) of Stance Detection Methods on SEM16, P-Stance, and VAST Datasets. The
best scores are in bold. Results with * denote that CDSD significantly outperforms baselines with the p-value < 0.05.

Model SEM16 P-Stance VAST
DT HC FM LA T B S ZS FS ALL

CDSD 80.5 84.8 82.8 78.6 89.3 88.2 83.9 84.5 84.2 84.3
w/o S2 73.4 77.6 75.2 72.1 83.0 84.1 78.5 78.5 77.1 77.8
w/o AA 77.3 81.0 79.5 75.2 86.0 86.7 81.9 81.2 80.5 80.9
w/o BU 78.1 82.4 80.3 76.0 87.2 87.5 82.6 82.3 81.7 82.0
w/o CR 75.2 80.1 78.4 74.3 85.5 86.6 81.0 80.8 80.0 80.5

Table 2: Ablation study results of CDSD using Llama3.1
as the backbone. Best scores are bolded.

(CDSD) framework demonstrates improved robust-
ness under linguistic manipulations that challenge
intuitive judgment, we design textual perturbations
inspired by the counterfactual reasoning module.
Specifically, we test model performance under:

- Removing Emotionally Charged Words
(REW): Identifying and eliminating emotionally
salient terms (e.g., "must", "disaster") to assess
reliance on affective language.

- Replacing Vague Expressions (RVE): Substi-
tuting uncertain or imprecise phrases (e.g., "pos-
sibly", "somewhat") with more definitive alterna-
tives.

- Altering Rhetorical Structures: Rewriting
texts to change exaggeration, analogy, or other per-
suasive devices.

As shown in Figure 3, CDSD achieves the high-
est accuracy across all perturbation types while also
exhibiting the smallest performance drop compared
to its original zero-shot score. For example, after re-

Figure 3: Performance of LLM-based models under
textual perturbations on the VAST dataset in zero-shot
setting.CDSD demonstrates the smallest performance
degradation, indicating superior robustness to emotion-
ally charged language, vague expressions, and rhetorical
manipulation.

moving emotional words (REW), most LLM-based
models suffer drops ranging from 4.5% to 8.2%,
whereas CDSD only experiences a 2.4% decline.

Similarly, under the replacement of vague ex-
pressions (RVE) and modification of rhetorical
structures (Rhetoric), CDSD consistently maintains
the smallest degradation among all models. This
demonstrates that CDSD is less susceptible to su-
perficial linguistic cues and instead relies on deeper
semantic understanding - a behavior directly en-
abled by its counterfactual reasoning mechanism.

These results confirm that our cognitive-
driven framework significantly improves robust-

5858



Figure 4: Attention Heatmap Visualization for Stance Prediction. The heatmap compares the attention distributions
of System 1 (S1) and System 2 (S2) in processing a statement with complex linguistic cues.

ness against textual manipulations that are common
in real-world stance detection scenarios.

RQ4: Attention Mechanism Analysis To inves-
tigate how the attention mechanism in our CDSD
highlights key linguistic cues influencing stance
prediction, we visualize the attention distributions
of System 1 (S1) and System 2 (S2) using a
heatmap.

Consider the following example: "I hate it when
ignorant losers say ’another feminist cured.’ I don’t
need to be cured for wanting to be treated like a
person."

Despite the initial negative tone ("I hate it", "ig-
norant losers"), the true stance is FAVOR towards the
Feminist Movement. As shown in Figure 4, Sys-
tem 1 assigns high attention to emotionally charged
words such as "hate", "ignorant", and "losers",
which may lead to an incorrect prediction. In con-
trast, System 2 focuses more on semantic core ex-
pressions like "wanting to be treated like a person",
indicating deeper analysis of rhetorical strategies
and emotional language.

The alignment between S1 and S2 is crucial for
ensuring cognitive consistency. When discrepan-
cies arise, as highlighted in the heatmap, the model
triggers counterfactual reasoning to re-evaluate the
stance from alternative perspectives. This process
ensures that decisions are not solely based on su-
perficial features but are grounded in stable inter-
pretations supported by both systems.

These visualizations confirm that our attention
mechanism effectively captures diverse linguistic
cues, enhancing interpretability and robustness in
stance detection tasks.

RQ5: Performance Variation Across Different
LLMs Our proposed CDSD demonstrates strong
generalizability across different large language
models (LLMs). We evaluate CDSD using three
distinct LLMs, all of which show competitive per-
formance on stance detection tasks.

Among the three, Llama3.1 achieves the best
overall results, particularly excelling in complex

reasoning and alignment with subtle linguistic cues.
This can be attributed to its superior semantic
understanding and logical reasoning capabilities,
which are essential for handling ambiguous or emo-
tionally charged texts - a key requirement in stance
detection. Qwen2.5 performs slightly lower than
Llama3.1, especially in English-centric stance rea-
soning. This may reflect its relatively weaker grasp
of nuanced expressions and implicit argumenta-
tion in English-dominated datasets. DeepSeek-R1-
Distill, being a distilled version of a larger model,
shows somewhat reduced performance, particularly
in detecting implicit stances and executing multi-
step reasoning. Distillation may lead to some loss
of reasoning depth, making it less effective in cap-
turing complex rhetorical patterns.

Despite these differences, all three models ben-
efit significantly from our cognitive-driven frame-
work, confirming that CDSD is not only effec-
tive but also model-agnostic. The consistent gains
across diverse LLMs validate the robustness and
general applicability of our method.

Qualitative Error Analysis We conduct a qual-
itative error analysis on 50 misclassified samples
from the VAST zero-shot test set using Llama3.1.
Three primary failure patterns are identified:

Ambiguous Sarcasm. For utterances such as
“Oh sure, because listening to scientists has never
worked before” (target: Climate Science), System
1 detects negative tone and predicts against, while
System 2 fails to recognize sarcasm despite chain-
of-thought reasoning. Counterfactual reasoning is
not triggered due to high attention alignment.

Cultural Reference and Implicit Stance. State-
ments like “This policy is straight out of 1984”
(target: Government Surveillance) require external
world knowledge. Both systems lack background
retrieval and default to neutral.

Intra-sentence Conflicting Signals. In sen-
tences such as “I support free speech, but this tweet
crosses the line”, System 1 focuses on “support”
and predicts favor, whereas System 2 focuses on
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“crosses the line” and predicts against. The fused
belief yields high entropy, and counterfactual rea-
soning still selects an incorrect label due to weak
semantic grounding.

These limitations reveal challenges in external
knowledge integration and complex rhetorical un-
derstanding.

6 Broader Applications: Extending
CDSD to Emotional Intelligence Tasks

While this work focuses on stance detection as
a core testbed for cognitive-driven modeling, our
dual-process framework exhibits strong potential
for generalization to broader human-centric NLP
tasks, particularly Emotional Intelligence (EI) as-
sessment. Stance detection was selected as the
initial domain due to its clear alignment with dual-
process cognition, well-established benchmarks,
and observability of cognitive inconsistencies. Nev-
ertheless, the core mechanisms of CDSD - intuitive
System 1 judgment, analytical System 2 reason-
ing, attention alignment, uncertainty-aware belief
update, and counterfactual reasoning - can be natu-
rally adapted to EI-related tasks as follows.

Emotion Perception & Understanding. System
1 supports fast detection of surface-level emotional
cues (e.g., valence, arousal), while System 2 per-
forms deliberate reasoning about hidden causes,
social context, and mixed emotions. This matches
the “perceive → understand” pipeline widely used
in computational emotional intelligence.

Emotion Regulation Simulation. The counter-
factual reasoning module in CDSD can be repur-
posed to simulate emotion regulation strategies.
For instance, it can evaluate hypothetical rephras-
ings: “If the speaker reframed frustration as con-
cern, how would the emotional trajectory change?”
This enables modeling of adaptive emotional ex-
pression and regulation.

Empathic Reasoning in Dialogues. In conver-
sational datasets such as EMPATHETICDIA-
LOGUES, CDSD can jointly model a speaker’s
stance and a listener’s inferred emotional state. Sys-
tem 2 can further assess whether responses reflect
perspective-taking, a central competency in emo-
tional intelligence.

Multi-dimensional Emotion Labeling. Unlike
stance detection with discrete ternary labels, EI

tasks often require continuous or fine-grained emo-
tion predictions (e.g., Ekman’s six basic emotions,
Plutchik’s emotion wheel). Our uncertainty-aware
Bayesian belief update naturally supports proba-
bilistic modeling over rich emotion taxonomies.

This transferability confirms that the cognitive
design of CDSD is not limited to stance detection
but provides a generalizable paradigm for reliable,
human-like reasoning in complex social NLP tasks.

7 Conclusion

In this work, we propose Cognitive-Driven Stance
Detection (CDSD), a novel framework inspired by
Kahneman’s Dual-Process Theory. Unlike exist-
ing methods that rely on superficial cues or lack
introspection, CDSD integrates fast intuitive judg-
ment (System 1) and deliberate reasoning (System
2), simulating human-like transitions from intu-
itive judgment to rational analysis. With attention-
based alignment, uncertainty-aware belief update,
and counterfactual reasoning, our framework im-
proves decision consistency, interpretability, and
robustness against emotionally charged or complex
texts. Experimental results on SEM16, P-Stance,
and VAST show that CDSD outperforms state-of-
the-art models across multiple LLMs. Ablation
studies validate the role of each core module in
addressing spurious correlations and cognitive in-
consistency, while perturbation tests demonstrate
superior robustness. By bridging cognitive science
and NLP, CDSD offers a promising path toward
more reliable stance detection.

Limitations

Despite its strong performance and interpretability,
our Cognitive-Driven Stance Detection (CDSD)
framework has two key limitations. First, although
the computational overhead of System 2 and coun-
terfactual reasoning is modest (only 30–40% of
samples trigger these modules), it still introduces
non-negligible inference latency, which restricts
the framework’s deployment in ultra-low-latency
applications (e.g., real-time social media monitor-
ing). Second, the effectiveness of our attention-
based cognitive alignment mechanism heavily re-
lies on the attention weight quality of backbone
large language models (LLMs); models with weak
attention fidelity may undermine the reliability of
cognitive consistency judgment and further degrade
the overall performance. Future work will explore
lightweight dual-process architectures and adap-
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tive threshold tuning strategies to mitigate these
limitations.

Ethical Considerations

When developing and evaluating the CDSD frame-
work for stance detection, we prioritize ethical rigor
across all stages of research. First, we exclusively
utilize publicly available, de-identified benchmark
datasets (SEM16, P-Stance, VAST) with proper
citation to avoid unauthorized use of private or sen-
sitive textual data, ensuring compliance with data
privacy regulations (e.g., GDPR). Second, we ac-
knowledge that stance detection models may inherit
potential biases from backbone LLMs and training
data; to mitigate this risk, we report performance
across different text genres and emotional tones,
and avoid deploying the model for high-stakes ap-
plications (e.g., political censorship or discrimina-
tory decision-making) without further bias auditing.
Third, we make the core implementation details
and prompt templates publicly available (in the
supplement) to promote transparent, reproducible
research and prevent malicious misuse of the frame-
work. Finally, we emphasize that the CDSD frame-
work is designed for academic research and benign
applications (e.g., misinformation mitigation, pub-
lic opinion analysis) to foster a more ethical and
constructive online information environment.
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A System 1 Intuitive Judgment Prompt

Below is the full prompt used in System 1, which
simulates fast, intuitive human judgment for stance
detection. This prompt explicitly prohibits detailed
reasoning and requests only a direct stance predic-
tion with confidence score:

"Please act as an experienced human
reader and intuitively judge the stance
of the following text towards the target
entity. Do not perform in-depth analy-
sis or reasoning. Only output: {favor,
against, neutral} and your confidence
score between 0.0 and 1.0.

Output format:

{
"stance": "favor/against/neutral",
"confidence": "0.0 ~ 1.0"

}

Text: "{tweet}"

Target: "{target}"

This prompt is designed to elicit rapid, holis-
tic evaluations that mimic System 1 thinking in
dual-process theory, providing an initial stance pre-
diction ŷ

(1)
i with confidence c

(1)
i without engaging

in deliberate reasoning.
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B System 2 Reasoning Prompt

Below is the full prompt used in System 2, which
guides the model to perform step-by-step Chain-of-
Thought (CoT) reasoning for stance detection:

"You are an analytical assistant tasked
with determining the stance of the follow-
ing text towards the target entity.

Step 1: Identify key claims or opinions in
the text regarding the target.

Step 2: Evaluate whether these claims
express support, opposition, or neutral-
ity.

Step 3: Consider if any rhetorical strate-
gies (e.g., sarcasm, exaggeration), emo-
tional language, or ambiguous expres-
sions influence the perceived stance.

Step 4: Make your final determination
based on the most objective interpreta-
tion of the content.

Output format:

{
"reasoning": "Please write down your
reasoning process here",
"stance": "favor/against/neutral",
"confidence": "0.0 ~ 1.0"

}

Text: "{tweet}"

Target: "{target}" "

C Counterfactual Reasoning Prompt

Below is the full prompt used in the counterfactual
reasoning module , which guides the model to re-
flect on its stance prediction by analyzing linguistic
influences:

"You previously judged the stance of
the following text towards ’ti’ as ’ŷ(1)i ’,
while another interpretation suggests it
could be ’ŷ(2)i ’. Please carefully recon-
sider your judgment by answering the
following questions:

- If all emotional words (e.g., ’must’, ’dis-
aster’) were removed, would the stance
change?

- If vague expressions (e.g., ’possibly’,
’somewhat’) were omitted, would the
stance remain the same?

- If rhetorical strategies (e.g., exaggera-
tion, analogy, metaphor) were neutral-
ized, would the stance shift?

Based on your analysis, please provide
your revised stance, confidence score be-
tween 0.0 and 1.0, and explanation."

D Dataset Statistics

We evaluate our method on three widely used
stance detection benchmarks: SemEval-2016 Task
6 (SEM16), P-Stance, and VAST.

The SEM16 (Mohammad et al., 2016) dataset
contains tweets annotated with stance labels to-
wards six predefined targets across multiple do-
mains, including Donald Trump (DT), Hillary Clin-
ton (HC), feminist movement (FM), legalization
of abortion (LA), atheism (A), and climate change
(CC). Each tweet is labeled as one of three stances:
favor, against, or neutral. Following prior work,
we remove targets A and CC due to data quality
issues.

The P-Stance (Li et al., 2021) dataset includes
21,574 tweets related to three prominent politi-
cal figures: Joe Biden (Biden), Bernie Sanders
(Sanders), and Donald Trump (Trump). Each tweet
is associated with a stance label indicating whether
the author supports, opposes, or remains neutral
toward the given politician. As noted in previous
studies, samples labeled as "none" exhibit low an-
notation consistency. Therefore, we follow stan-
dard practice and exclude all instances labeled as
"none" from our analysis.

The VAST (Allaway and McKeown, 2020) pro-
vides greater topic diversity and lexical variation. It
contains over 3,300 distinct topics spanning various
domains such as war, drug policy, natural resources,
and education tax. Each instance is annotated with
one of three stance categories: pro, con, or neutral.

Train Dev Test
# Examples 13477 2062 3006
# Unique Comments 1845 682 786
# Zero-shot Topics 4003 383 600
# Few-shot Topics 638 114 159

Table 3: Statistics of VAST dataset.

E Baseline Models

This section provides detailed descriptions of the
baseline models used in our experiments, grouped
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Target Favor Against Neutral
DT 148 299 260
HC 163 565 256
FM 268 511 170
LA 167 544 222
A 124 464 145
CC 335 26 203

Table 4: Statistics of SEM16 dataset.

Trump Biden Sanders
Train Favor 2,937 2,552 2,858

Against 3,425 3,254 2,198
Val Favor 365 328 350

Against 430 417 284
Test Favor 361 337 343

Against 435 408 292
Total 7,953 7,296 6,325

Table 5: Label distribution across different targets for
P-Stance.

by their architectural and learning paradigms.

E.1 Statistics-based Models

These models rely on traditional neural architec-
tures without leveraging pre-trained language rep-
resentations. BiCond (Augenstein et al., 2016)
utilizes two BiLSTM models to separately encode
the input sentences and their associated targets for
stance detection. CrossNet(Du et al., 2017) em-
ploys bidirectional LSTM to encode both text and
topic information, and further introduces a target-
specific attention mechanism before classification.
TPDG (Liang et al., 2021) proposes a method that
automatically distinguishes and adjusts the roles
of terms in stance expressions based on whether
they are target-dependent or independent. TOAD
(Allaway et al., 2021) applies adversarial learning
techniques to improve generalization across diverse
topics in zero-shot stance detection.

E.2 BERT-based Models

These models are built upon the BERT architec-
ture with various enhancements tailored for stance
detection tasks. TGA Net (Allaway and McK-
eown, 2020) implicitly constructs and leverages
associations between training and evaluation top-
ics without requiring supervision. It uses BERT to
encode texts and targets, followed by two fully con-
nected layers for classification. BERT-Joint (De-
vlin et al., 2019) refers to the standard BERT frame-

work, where bidirectional encoder representations
are learned from large unlabeled corpora to gener-
ate dense vector representations for sentences and
tokens. BERT-GCN (Liu et al., 2021) integrates
commonsense knowledge into the model by lever-
aging both structural and semantic relational in-
formation, aiming to enhance generalization under
zero- and few-shot settings. JointCL (Liang et al.,
2022b) enhances feature learning through stance
contrastive learning and target-aware prototypical
graph contrastive learning, enabling better gener-
alization to unseen targets. PT-HCL (Liang et al.,
2022a) improves cross-domain transferability by in-
corporating contrastive learning with both semantic
and sentiment knowledge. TATA (Hanley and Du-
rumeric, 2023) uses contrastive learning as well as
an unlabeled dataset of news articles that cover a va-
riety of different topics to train topic-agnostic/TAG
and topic-aware/TAW embeddings for use in down-
stream stance detection. TarBK (Liang et al., 2021)
reduces the semantic gap between known and un-
seen targets by integrating background knowledge
from Wikipedia. WS-BERT-Dual (He et al., 2022)
(Wikipedia Stance Detection BERT) infuses ex-
ternal knowledge into stance encoding through a
dual-BERT structure that jointly models content
and target information. KAI (Zhang et al., 2024a)
enhances stance detection performance through a
knowledge-aware integration strategy, particularly
effective in complex domains. CKI (Yan et al.,
2024), which is a collaborative knowledge infu-
sion approach for low-resource stance detection
tasks, employing a combination of aligned knowl-
edge enhancement and efficient parameter learning
techniques.

E.3 LLM-based Models

These approaches utilize large language models
with advanced prompting or reasoning strategies.
COLA (Lan et al., 2024) adopts a collaborative
role-infusion framework that involves multiple
LLMs to improve stance prediction. GPT-3.5
(Lan et al., 2024) ,which can be considered ze-
roshots, implemented in strict accordance with
Zhang et al. (2024b). GPT-EDDA (Ding et al.,
2024b) introduces an encoder-decoder data aug-
mentation framework to enhance the quality and
diversity of generated prompts. LCDA (Zhang
et al., 2025a) focuses on improving data quality by
maintaining logical coherence during generation.
KASD-ChatGPT (Li et al., 2023) enhances stance
detection by integrating external knowledge from
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Hyperparameter Low Mid-Low Optimal Mid-High High
Confidence threshold (τc) 0.4 (82.1%) 0.5 (83.7%) 0.6 (85.2%) 0.7 (84.3%) 0.8 (82.9%)
Text complexity (τcomp) 0.5 (81.8%) 0.6 (83.4%) 0.7 (85.0%) 0.8 (83.9%) 0.9 (82.5%)
Emotional intensity (τe) 0.1 (82.5%) 0.2 (84.1%) 0.3 (85.1%) 0.4 (83.8%) 0.5 (82.7%)
Attention alignment (τa) 0.3 (82.3%) 0.4 (83.9%) 0.5 (85.2%) 0.6 (84.0%) 0.7 (82.8%)
Posterior entropy (τh) 0.3 (82.0%) 0.4 (83.6%) 0.5 (85.0%) 0.6 (83.8%) 0.7 (82.6%)

Table 6: Hyperparameter sensitivity analysis is measured by F1-score (%) on VAST validation set. Optimal values
are bolded for clarity.

Wikipedia and utilizing retrieval-augmented gener-
ation with ChatGPT. LC-CoT (Zhang et al., 2023b)
leverages a structured chain-of-thought prompting
strategy to guide LLMs toward more accurate and
interpretable stance predictions. LogiMDF (Zhang
et al., 2025b), which is , a Logic Augmented Multi-
Decision Fusion framework that effectively inte-
grates multiple LLMs’ decision processes through
a unified logical framework. FACTUAL (Li et al.,
2025), in which, a trainable calibration network
and counterfactual data augmentation are explored
to mitigate the biases of LLMs in stance detection.

F Implementation Details

To ensure full reproducibility of our experiments,
we provide a comprehensive description of the com-
putational infrastructure, hyperparameter search
process, random seed settings, and statistical evalu-
ation methods used throughout this study.

F.1 Computational Infrastructure

All experiments were conducted using the follow-
ing computing environment:

- Hardware: NVIDIA A800 GPU (40GB mem-
ory).

- Software Stack:
- Python version: 3.9
- PyTorch version: 2.1.0
- CUDA version: 11.8.0
- DeepSeek, Qwen2.5, and Llama3.1 models

loaded via HuggingFace Transformers with custom
attention extraction hooks.

F.2 Hyperparameter Search and Final
Settings

During model development, we systematically ex-
plored a wide range of hyperparameters to optimize
performance across all datasets. The following pa-
rameters were tuned:

- Confidence threshold (τc): tested in range [0.4,
0.8], final value set to 0.6 based on validation per-
formance.

- Text complexity threshold (τcomp): tested in
range [0.5, 0.9], final value set to 0.7 using perplex-
ity normalization on training data.

- Emotional intensity threshold (τe): tested in
range [0.1, 0.5], final value set to 0.3 by analyzing
VADER sentiment scores on ambiguous samples.

- Attention alignment threshold (τa): tested in
range [0.3, 0.7], final value set to 0.5 using cosine
similarity distribution analysis.

- Posterior entropy threshold (τh): tested in range
[0.3, 0.7], final value set to 0.5 based on uncertainty
calibration curves.

The final values were selected based on best av-
erage performance across three validation folds on
the VAST dataset. Each parameter was evaluated
independently while keeping others fixed to reduce
interaction effects. To quantitatively demonstrate
the impact of each hyperparameter on model per-
formance, we present a sensitivity analysis table
(Table 6) that reports the F1-score on the VAST val-
idation set across different parameter values. The
table shows that all parameters exhibit a "first up,
then down" performance trend, confirming that the
selected optimal values (bolded) achieve the best
average performance across three validation folds.
Additionally, the independent evaluation of each
parameter (with others fixed) effectively reduces
the interaction effects between hyperparameters,
ensuring the reliability of the selected settings.

F.3 Random Seed and Reproducibility
Settings

To ensure consistent and replicable results, we set
the random seed for all modules as follows:

- Random seed for all LLM inference runs: 42
- Random seed for preprocessing and postpro-

cessing steps: 42
- Random seed for system-level randomness in

attention computation: 42
We followed the standard practice of fixing seeds

before each experiment run to ensure deterministic
behavior during inference. All reported results are
averaged over 5 independent runs with identical
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configurations but different prompt executions due
to the nature of large language models.

F.4 Statistical Evaluation
To assess the significance of our method’s improve-
ments over baseline models, we applied paired t-
tests across the five repeated runs for each dataset.
Results marked with an asterisk (*) indicate that
the improvement is statistically significant at the
p < 0.05 level.

For example, when comparing CDSD against
COLA or GPT-EDDA baselines, we computed t-
statistics from the F1 score distributions across the
five runs. This approach ensures that observed
performance gains are not due to chance variations
in model output.
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