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Abstract

The rapid dissemination of information through social media has made reliable
analysis of user reactions to news increasingly important. Stance detection pro-
vides a computational mechanism for identifying whether a social media post
supports, contradicts, or is unrelated to a reference news item. However, Persian
stance detection remains challenging because of limited reliable resources, linguis-
tic variation in user-generated content, and severe class imbalance. In this study,
we propose a data-centric framework for Persian news—post stance detection and
construct a real-world dataset of 8,447 Persian news—post pairs collected from
news sources and social media platforms. The instances are labeled as support,
contradict, or unrelated through a hybrid annotation protocol combining large
language model-based initial labeling, human verification, and final consistency
review. Several modeling approaches are evaluated, including LaBSE, XLM-
RoBERTa, and a Siamese LSTM, together with different imbalance-handling
strategies. Among the baseline architectures, the Siamese LSTM achieves the
highest macro-F1 score of 62%. Applying weighted cross-entropy substantially
improves performance, producing the best overall result with a macro-F1 of
73% and a weighted Fl-score of 92.67% on the test set. A complementary
rationale-based model achieves an accuracy of 0.91, a macro-F1 of 0.73, and a
weighted F1 of 0.90, whereas the proposition-based approach obtains a macro-F1
of 37%. Analysis of training and validation losses further indicates stable learning
behavior with no clear evidence of severe overfitting. The results highlight the



importance of annotation quality and imbalance-aware learning for real-world
Persian stance detection.

Keywords: Persian stance detection, social media mining, misinformation analysis,
human-LLM annotation, class imbalance, targeted data augmentation

1 Introduction

The use of social media as a news source has changed how information is produced,
disseminated, and consumed, mainly because online platforms enable low-cost, rapid,
and user-driven diffusion of news content [1, 2]. However, the same affordances also
facilitate the spread of misinformation and fake news, which can diffuse rapidly across
online social networks [3]. Consequently, misinformation analysis and automated fact-
checking have become important research problems in natural language processing
and computational social science [1, 2].

Within this context, stance detection has emerged as an important component
of automated fact-checking pipelines, because it models the semantic relationship
between a claim and a related evidence text or response [4, 5]. Rather than determining
the factuality of a claim in isolation, stance detection typically classifies the relation-
ship between two texts into categories such as support, contradict, or unrelated, which
makes it closely related to natural language inference [6, 7]. In the news—post setting
considered in this study, the news article is treated as the reference text and the social
media post is treated as the response text, as described in Section 4.

Despite substantial progress in stance detection and fact verification, most widely
used resources and benchmarks have been developed for high-resource languages, espe-
cially English [4, 5, 8]. For Persian, several important resources have been introduced,
including ParsiNLU for general Persian language understanding tasks, ParsFEVER
for Farsi fact extraction and verification, and FarExStance for explainable Farsi stance
detection [9-11]. However, these resources primarily focus on general NLU benchmark-
ing, claim—evidence verification, or claim-centered explainable stance detection, rather
than directly modeling naturally occurring pairwise interactions between full Persian
news articles and user-generated social media posts. Therefore, there is still a need
for Persian datasets that capture real-world news—post relationships under noisy and
naturally imbalanced social media conditions.

This gap is important because stance detection in social media settings is affected
by linguistic and contextual ambiguity. User-generated posts may contain informal
language, implicit references, sarcasm, figurative expressions, and partial relevance to
the target claim or news item, all of which make stance classification more difficult
than simple lexical matching [12, 13]. In the news—post setting, the model must infer
whether the post supports, contradicts, or is unrelated to the reference news article,
even when the stance is expressed indirectly or only through partial contextual cues.

Another major challenge is class imbalance, which is common in real-world clas-
sification problems and can bias learning algorithms toward majority classes [14]. In



stance detection, minority classes such as contradiction or refutation are often par-
ticularly important for misinformation analysis, but they may occur less frequently
than supportive or weakly related responses in naturally collected data [12, 13]. As
observed in our dataset, the initial label distribution is strongly skewed toward the
support class, with contradict and unrelated instances forming much smaller portions
of the data, as reported in Section 4.5.

Recent advances in large language models (LLMs) have created new opportunities
for scalable annotation, semantic reasoning, and text generation in NLP tasks [15, 16].
However, LLM-based annotation is not risk-free: model outputs can be sensitive to
prompt design, may contain inconsistent labels, and may propagate systematic biases
if used without human validation [17, 18]. For this reason, hybrid annotation protocols
that combine automatic labeling with human verification are increasingly relevant
for building reliable datasets, especially in low-resource settings where fully manual
annotation can be costly.

Motivated by these limitations, this paper adopts a data-centric perspective for
Persian stance detection. Rather than focusing solely on model architecture, we
emphasize the importance of dataset construction, annotation quality, and controlled
data augmentation. Specifically, we construct a real-world dataset of Persian news—
post pairs, where each instance links a social media post to a corresponding news
article and is labeled as support, contradict, or unrelated. The dataset is created
through a multi-stage annotation pipeline that combines LLM-based labeling with
human verification to ensure both scalability and reliability.

To address class imbalance, we apply targeted data augmentation for the under-
represented contradict and unrelated classes. Rather than relying only on random
oversampling, which can increase overfitting by repeatedly exposing the model to
identical minority-class instances [14], we apply controlled LLM-based rewriting to
existing real minority-class samples. The rewriting process is constrained to preserve
the original semantic content, stance label, and relationship with the corresponding
news article, while increasing lexical and syntactic diversity. Such quality-control con-
straints are important because LLM-based augmentation may otherwise introduce
semantic drift or label inconsistency [19, 20]. From a social media mining perspective,
the resulting stance labels provide a structured representation of how user-generated
posts align with, challenge, or diverge from news narratives circulating across online
platforms. In summary, this paper makes the following contributions:

® We construct a multi-platform Persian social media dataset consisting of 8,447 real-
world news—post pairs from Telegram and X, labeled as support, contradict, and
unrelated.

® We design a hybrid human-LLM annotation protocol in which LLM-generated
initial labels are manually verified and reviewed to improve annotation reliability.

o We apply a targeted augmentation strategy for underrepresented stance classes and
use filtering and validation steps to reduce label inconsistency in generated samples.

® We evaluate transformer-based and sequence-based stance detection models under
the original setting and multiple class-imbalance handling strategies, including
undersampling, oversampling, and weighted loss, with weighted F1 used as the



main comparison metric and macro-F1 used as a complementary measure of
class-balanced performance.

® We additionally evaluate two complementary modeling paths: a rationale-based clas-
sifier using human-validated explanations and a proposition-based approach that
models smaller aligned semantic units.

2 Related Work

2.1 Stance Detection and Fact Verification

Stance detection is commonly defined as the task of identifying the position expressed
by a text toward a target, claim, topic, or event [12]. In misinformation analysis and
automated fact-checking, stance detection is often formulated as a text-pair classifica-
tion problem, where the system determines whether a document, headline, evidence
sentence, or user response supports, refutes, discusses, or is unrelated to a given
claim [4, 5, 8]. This formulation is closely related to natural language inference, since
both tasks require modeling semantic relations such as entailment, contradiction, and
neutrality between two texts [6, 7).

Several benchmark datasets have shaped research on verification-oriented stance
detection. The Fake News Challenge dataset FNC-1 defines stance as the relationship
between a news headline and an article body, using labels such as agree, disagree,
discuss, and unrelated [5, 8]. FEVER, in contrast, focuses on claim verification using
evidence from Wikipedia and classifies claims as supported, refuted, or not enough
information [4]. These benchmarks have provided important foundations for stance
detection and fact verification, but they mainly represent controlled English-language
settings rather than naturally occurring Persian news—post interactions.

Stance detection becomes more challenging in social media environments, where
user-generated texts may include informal language, implicit references, sarcasm, fig-
urative expressions, and partial relevance to the target claim or news item [12, 13].
In such settings, the model must go beyond surface-level lexical similarity and infer
the semantic relationship between the reference content and the response. The present
study follows this real-world formulation by pairing Persian news articles with user-
generated social media posts and assigning one of three stance labels: support,
contradict, or unrelated, as described in Section 4.

2.2 Stance Datasets in News, Social Media, and Persian

High-quality stance datasets differ in terms of language, domain, target type, annota-
tion design, and evidence structure. In English, several resources have been developed
for stance detection in news and social media settings. The WT-WT dataset con-
tains 51,284 English tweets related to merger-and-acquisition events, annotated with
stance labels by expert annotators [21]. STANDER extends stance analysis to the news
domain by providing 3,291 expert-annotated English news articles for stance detec-
tion and fine-grained evidence retrieval in the same merger-and-acquisition domain
[22]. These datasets provide valuable resources for studying stance in social media and
news articles; however, they are limited to English and to a specific event domain.



Persian resources have also expanded in recent years, but their task formulations
are different from the news—post pairing addressed in this study. ParsiNLU provides a
Persian language understanding benchmark covering tasks such as textual entailment,
reading comprehension, and other NLU tasks, rather than real-world news—post stance
detection [9]. ParsFEVER adapts the FEVER-style fact extraction and verification
setting to Farsi, focusing on claim verification with supporting evidence rather than
social media reactions to news articles [10]. FarExStance introduces an explainable
Farsi stance detection dataset in which each instance includes a claim, the stance of
an article or social media post toward that claim, and an extractive explanation [11].

Although these resources are important for stance detection, fact verification, and
Persian NLP, they do not directly address the setting considered in this paper: pairing
full Persian news articles with user-generated social media posts and analyzing their
stance relationship under naturally imbalanced real-world conditions. Therefore, the
present study complements existing resources by focusing on Persian news—post stance
detection, where each instance consists of a news article and a corresponding social
media post labeled as support, contradict, or unrelated, as described in Section 4.

2.3 Annotation Strategies and Quality Control

Annotation quality is a central factor in the reliability of stance detection datasets.
Because stance labels often depend on semantic interpretation, contextual knowl-
edge, and the distinction between related and unrelated content, annotation protocols
typically require clear label definitions, multiple annotation stages, and reliability
assessment [12, 23]. Inter-annotator agreement measures, such as Cohen’s kappa, are
commonly used to quantify the consistency of human annotations beyond chance
agreement [24].

Traditional annotation strategies often rely on expert annotators or multiple
human annotators per instance, followed by aggregation procedures such as majority
voting, adjudication, or expert review [25, 26]. In fact-checking and stance detec-
tion datasets, evidence-based annotation has also been used to reduce ambiguity by
requiring annotators to identify text segments that justify the assigned label [4, 22].
These practices help improve dataset reliability, especially when stance categories are
semantically close or when the input texts contain partial relevance.

More recently, large language models have been used to support annotation by
generating preliminary labels, explanations, or candidate rationales for human review
[27, 28]. However, LLM-based annotation should not be treated as a fully reliable sub-
stitute for human judgment, since model outputs may be sensitive to prompt design,
inconsistent across similar inputs, or affected by biases learned during pretraining
[17, 18]. Therefore, hybrid human-LLM annotation protocols require validation steps
in which automatically generated labels are manually checked, corrected, or filtered.

The present study follows this hybrid perspective. Initial stance labels are produced
using an LLM-based annotation stage, but the labels are subsequently reviewed by
human annotators and checked for consistency before being used for model training.
This design aims to combine the scalability of automatic annotation with the reliability
of human verification, as described in Section 4.3.



2.4 Class Imbalance in Real-World Stance Data

Class imbalance is a common problem in supervised classification, especially when
some labels occur much less frequently than others in naturally collected data [14, 29).
In such settings, standard learning algorithms may become biased toward majority
classes and achieve high overall accuracy while performing poorly on minority classes
[14, 30]. This issue is particularly important in misinformation analysis, because minor-
ity classes such as contradiction, refutation, or disagreement may carry high practical
value for detecting contested or misleading information [12, 13].

Several approaches have been proposed to address class imbalance, including
resampling methods, cost-sensitive learning, class-weighted loss functions, and data
augmentation [14, 31, 32]. Random oversampling can increase the representation of
minority classes, but it may also increase overfitting by repeatedly presenting identical
samples during training [14, 31]. In contrast, class-weighted objectives and targeted
augmentation aim to improve minority-class learning while preserving the original
structure of the task [32, 33].

In real-world stance detection, imbalance is not only a technical artifact but also a
property of naturally occurring discourse. User responses may be dominated by sup-
portive, neutral, or weakly related reactions, while explicit contradiction or refutation
appears less frequently [12, 21]. The dataset constructed in this study follows a similar
pattern: the support class is dominant, while contradict and unrelated instances are
underrepresented, as reported in Section 4.5. For this reason, the experimental design
emphasizes macro-F1 and class-wise F'1 in addition to accuracy, because these metrics
better reflect performance on minority classes than accuracy alone [32, 34].

2.5 Data Augmentation and LLM-based Generation

Data augmentation is widely used in natural language processing to increase training
diversity and reduce data scarcity, particularly when labeled data are limited or class
distributions are imbalanced [35, 36]. Early text augmentation methods include simple
label-preserving operations such as synonym replacement, random insertion, random
deletion, and random swap [35]. Although such methods are easy to apply, they may
be insufficient for stance detection because stance labels depend not only on surface
wording but also on the semantic relationship between a target and a response.

More task-aware augmentation methods have therefore been proposed for stance
detection. Li et al. formulate stance data augmentation as a conditional masked lan-
guage modeling problem, where augmented sentences are generated by conditioning
on both the target and the stance label [37]. This target-aware design is important
because generated examples may otherwise become inconsistent with either the target
or the intended stance label [37]. Similarly, contextual augmentation methods based on
pretrained language models aim to generate more fluent and context-sensitive variants
than rule-based perturbation methods [38, 39].

Another related direction is counterfactual data augmentation. In this approach,
examples are modified so that the label-relevant factors change while irrelevant factors
are preserved as much as possible [40]. Counterfactually augmented data can help
models rely less on spurious correlations and more on features that are causally related



to the target label [40]. This idea is relevant to stance detection because contradiction
and unrelated examples often require controlled semantic changes rather than simple
paraphrasing.

Recent work has also explored the use of large language models for synthetic data
generation in text classification. LLMs can generate diverse labeled examples and
reduce the cost of manual data creation, but their usefulness is not uniform across tasks
and depends on factors such as task subjectivity, label clarity, and the quality of gener-
ated samples [20]. For stance detection, this limitation is important because generated
posts must remain semantically aligned with the news article and the intended stance
label. Without validation, LLM-generated samples may introduce label inconsistency,
semantic drift, or overly artificial patterns into the training data [20, 37].

To reduce these risks, augmentation should be controlled and followed by quality
filtering rather than applied indiscriminately. In this study, we use targeted LLM-based
augmentation only for the underrepresented contradict and unrelated classes, and the
generated samples are filtered and validated before being added to the training set,
as described in Section 3.6. This design is consistent with prior findings that augmen-
tation is most useful when it improves minority-class coverage without introducing
substantial label noise [14, 20, 32].

2.6 Positioning of the Present Work

The reviewed literature shows that existing stance detection resources and methods
have made substantial progress in three directions: benchmark construction for fact
verification, stance detection in social media and news domains, and augmentation-
based strategies for addressing data scarcity and imbalance. However, the setting
addressed in this study remains different from prior work in several important aspects.

First, widely used verification-oriented benchmarks such as FNC-1 and FEVER are
mainly designed for English and focus on headline—article or claim—evidence relation-
ships rather than Persian news—post interactions [4, 5, 8]. Second, Persian resources
such as ParsiNLU, ParsFEVER, and FarExStance contribute to Persian NLU, fact
verification, and explainable stance detection, but they do not directly focus on pair-
ing full Persian news articles with user-generated social media posts under naturally
imbalanced conditions [9-11]. Third, although class imbalance and annotation qual-
ity are widely recognized as important issues, many studies treat them as separate
preprocessing or evaluation concerns rather than integrating dataset construction,
hybrid annotation, imbalance-aware training, and targeted augmentation within a
single data-centric pipeline [14, 32, 41].

To address these limitations, the present study proposes a Persian news—post stance
detection framework that combines four connected components: construction of a real-
world news—post dataset, hybrid human—-LLM annotation, targeted augmentation for
underrepresented stance classes, and imbalance-aware model evaluation. This posi-
tioning does not claim that each component is entirely new in isolation. Rather, the
contribution lies in adapting and combining these components for the specific prob-
lem of Persian news—post stance detection under noisy, naturally imbalanced, and
low-resource conditions.



Table 1 Comparison of related stance and fact-verification resources.

Dataset Language Main input struc- Main focus Direct
ture Persian
news—
post
pairing
FNC-1 [8] English Headline-article News stance detection ~ No
body
FEVER [4] English Claim-evidence Fact verification No
WT-WT [21] English Target—tweet Social media stance No
detection
STANDER [22] English Target-news arti- News stance and evi- No
cle dence retrieval
ParsiNLU [9] Persian Multiple NLU task Persian language under- No
formats standing
ParsFEVER Persian Claim—evidence Farsi fact verification No
[10]
FarExStance Persian Claim— Explainable Farsi No
[11] article/post with stance detection
explanation
Proposed Persian News article-social ~Real-world Persian  Yes
dataset media post news—post stance
detection

In addition to the primary full-text classification models, this study evaluates
two complementary modeling paths. The rationale-based path examines whether
human-validated explanations preserve sufficient semantic information for stance
classification, while the proposition-based path investigates whether decomposing
news—post pairs into smaller aligned semantic units facilitates classification. These
experiments are treated as complementary analyses rather than replacements for the
primary full-text stance classifier.

As summarized in Table 1, existing datasets differ in language, input structure,
and task formulation. The proposed dataset complements these resources by focusing
specifically on Persian news—post stance detection, where each instance directly pairs
a full news article with a user-generated social media post and assigns one of three
labels: support, contradict, or unrelated.

3 Methodology

3.1 Problem Formulation

We formulate Persian news—post stance detection as a text-pair classification problem.
Given a news article n; and a social media post p;, the objective is to predict a stance
label y; € V), where:



Y = {support, contradict, unrelated}. (1)

The task can be viewed as a variant of natural language inference, where the news
content represents the reference text and the post represents the response text. The
model must infer whether the post semantically supports, contradicts, or is unrelated
to the news.

Formally, given a dataset:

D = {(ni,pi, yi) }ivr, i €, (2)
we aim to learn a parameterized function:

f0 : (nzvp’b) _>gi7 (3)
where ¢; denotes the predicted stance label for the i-th news—post pair.

3.2 Overview of the Proposed Framework

We propose a data-centric hybrid framework that integrates dataset construction,
annotation, targeted augmentation, and imbalance-aware modeling. The framework
consists of four main components:

1. Hybrid annotation pipeline: multi-stage labeling combining LLM-based initial
annotation and human verification.

2. Imbalance-aware data processing: identification and mitigation of class imbal-
ance through class weighting and augmentation.

3. Targeted data augmentation: generation of synthetic samples for minority
classes using LLM-based methods.

4. Deep stance classification models: transformer-based and sequence-based
models trained under original and augmented settings.

This design explicitly prioritizes data quality and distribution over purely archi-
tectural innovation. The proposed framework follows a data-centric paradigm, where
performance improvements are achieved by improving data quality and distribution
rather than increasing model complexity.

3.3 Input Representation

For the transformer-based models, each news—post pair is represented as a joint input
sequence:

€Xr; = [CLS] n; [SEP] Pi [SEP], (4)
where n; and p; denote the news article and the corresponding social media post,
respectively. The maximum input length is set to 256 tokens; longer sequences are
truncated and shorter sequences are padded. This joint representation is used for the
XLM-RoBERTa and LaBSE configurations. In contrast, the Siamese LSTM receives
the news article and the social media post as two independent token sequences and
encodes them using a shared subnetwork before constructing pairwise comparison
features.



3.4 Model Architectures
3.4.1 Transformer-based Model: XLM-R

To capture multilingual and contextual semantics, we employ XLM-RoBERTa (XLM-
R) as the primary transformer-based model. Given an input sequence z;, the encoder
produces contextual token representations:

H; = XLMRg(z;), (5)

where H, denotes the sequence of contextual embeddings. The representation
corresponding to the [CLS] token is used as the aggregate representation:

2z = HIOW, (6)
The final class probabilities are computed using a linear classification layer followed
by a softmax function:

¥i = softmax(Wz; + b), (7)

where W and b are trainable parameters of the classification layer.

3.4.2 Transformer-based Model: LaBSE

Alongside XLM-RoBERTa, we evaluate LaBSE as a multilingual semantic encoder
for Persian news—post stance detection. The news article and the corresponding social
media post are provided as a paired input with a maximum sequence length of 256
tokens. Longer sequences are truncated, whereas shorter sequences are padded to the
required length. The representation produced by the encoder is subsequently passed
through a regularization layer and a three-class classifier to predict support, contradict,
or unrelated.

The overall classification structure is kept comparable to the XLM-RoBERTa con-
figuration so that the effect of changing the underlying multilingual encoder can be
examined without substantially altering the remaining components of the classification
pipeline.

3.4.3 Sequence-based Model: Siamese LSTM

The Siamese architecture consists of two branches with shared parameters, allowing
the news article and the social media post to be mapped into the same representation
space. Unlike the transformer-based models, the two texts are processed independently
while passing through the same encoding subnetwork.

A vocabulary is constructed exclusively from the training set. Tokens occurring at
least twice are retained, and special tokens are used for padding and unknown words.
Each input sequence is truncated or padded to a maximum length of 50 tokens. Tokens
are first mapped to 300-dimensional embeddings and then processed by a single-layer
LSTM with a hidden-state size of 256.

Because the two branches share their parameters, the news and post representa-
tions are obtained as:
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B =LSTMg(n,),  h? = LSTM(p). (8)
where the same parameter set ¢ is used for both inputs.

To explicitly model the relationship between the two representations, the final pair
representation is constructed as:

zi = [ hes |hi = BY[s it © B, (9)
where ® denotes element-wise multiplication. This representation captures the
individual information contained in each text together with their absolute difference
and element-wise interaction.
The resulting vector is passed through a classification network consisting of a linear
layer followed by a ReLU activation, a dropout layer with a rate of 0.3, and a final
linear layer that produces logits for the three stance classes.

3.4.4 Rationale-based Complementary Model

To investigate whether human-validated rationales preserve the semantic information
required for stance classification, we additionally evaluate a rationale-based comple-
mentary model. For samples with a validated rationale, the rationale text is used as
the sole input to a BERT-based three-class classifier, while the final stance label of
the corresponding news—post pair is used as the prediction target.

This experiment is not intended to replace the main news—post stance classifier.
Instead, it examines whether validated explanations can act as a compact represen-
tation of the semantic relationship between the two texts and can therefore support
quality control, difficult-case analysis, and model interpretability.

3.5 Training Strategy
3.5.1 Optimization and Base Loss

The standard cross-entropy loss is used as the base training objective for the Siamese
LSTM model:

N
Lcg = *% glog Py(yi | ni,pi), (10)
where y; denotes the ground-truth stance label. In the imbalance-aware experi-
ments, this objective is replaced by the weighted cross-entropy loss described in the
following subsection.

The Siamese LSTM is trained using the Adadelta optimizer with a learning rate
of 1.0, a batch size of 32, and a maximum of 20 training epochs. To reduce instability
caused by excessively large gradients, gradient clipping with a maximum norm of 5 is
applied. During training, model performance is monitored on the validation set, and
the best-performing checkpoint is retained. The test set is kept separate from model
selection and is used only for final performance reporting.
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3.5.2 Weighted Cross-Entropy Loss

Due to class imbalance, we employ a weighted cross-entropy loss. For C' stance classes,
the loss is defined as:

N C
1
Lwcg = *Nzgz;wcﬂ(yi = c)log Py(yi = c| zi), (11)
1=1 c=
where w, is the weight assigned to class ¢, I(+) is the indicator function, and
Py(y; = ¢ | x;) is the predicted probability for class c. Larger weights are assigned to
underrepresented classes to reduce majority-class bias.

3.5.3 Imbalance Handling

Instead of relying only on naive resampling, we adopt a hybrid imbalance-handling
strategy consisting of class-weighted loss, targeted augmentation, and imbalance-aware
evaluation using weighted F1 as the main comparison metric, with macro-F1 and
class-wise F1 reported as complementary measures.

3.6 Targeted Data Augmentation

To increase the representation of the minority classes, we employ controlled LLM-
based rewriting rather than unrestricted generation of entirely new social media
posts. Existing real examples from the contradict and unrelated classes are rewrit-
ten using WizardLM with the objective of increasing lexical and syntactic diversity
while preserving the original semantic content, stance label, and relationship with the
corresponding news article.

The rewriting process is explicitly constrained so that no new factual information
is introduced and the stance of the original sample is not altered. Semantically critical
elements, including negation, contradiction, temporal information, referenced persons,
numerical information, and causal relationships, are required to remain consistent with
the original sample.

The augmented instances are therefore treated as a limited complement to the
real training data rather than as a replacement for naturally collected examples. This
controlled strategy is intended to increase minority-class diversity while reducing the
risk of label drift and semantically inconsistent synthetic samples.

3.7 Experimental Configurations

The experiments were organized into several configurations in order to examine the
effects of model architecture and class-imbalance handling separately:

1. Original data: training the baseline models without additional imbalance han-
dling;

2. Weighted loss: retaining the original data while assigning greater importance to
errors on minority classes;

3. Resampling: evaluating both undersampling of the majority class and oversam-
pling of minority classes;

12



4. Targeted augmentation: controlled rewriting of minority-class samples;
5. Proposition-based modeling: changing the unit of analysis from full news—post
pairs to smaller proposition pairs.

3.8 Evaluation Metrics

We report accuracy, macro-F1, and class-wise F1 scores. Accuracy is defined as:

Yooy TP
S ¢ (TP.+ FP.+FN,)’
where T'P,, F'P., and F'N. denote true positives, false positives, and false negatives
for class c.
For each class ¢, precision, recall, and F1 are defined as:

Accuracy = (12)

TP,
Precision, = TP 1 FB. (13)
Recall, = %P}NC’ (14)
1, & Trn el w
Macro-F1 is computed as the unweighted average of class-wise F1 scores:
1 &
Macro-F1 = ol ; Fi.. (16)

Because the dataset is highly imbalanced, relying only on accuracy may provide
an incomplete picture of model performance, especially for minority classes [14, 32,
34]. Therefore, in this study, weighted F1 is used as the main comparison metric,
while macro-F1 and class-wise F1 scores are reported as complementary measures for
analyzing minority-class behavior.

3.9 Proposition-based Complementary Path

As a complementary experiment, we investigate whether modeling smaller semantic
units can improve stance detection for long or multi-part texts. The news article and
the corresponding social media post are first decomposed into smaller proposition-level
units. Each unit contains one or two semantically related sentences and is constructed,
as far as possible, to express a single independent claim.

The extracted news and post propositions are subsequently aligned according to
their semantic relationship. When a sufficiently reliable semantic relationship exists
between two propositions, the pair is retained as a proposition-level instance. In cases
where the alignment is insufficiently clear, an LLM is used to assist the relation
analysis.

The resulting proposition pairs are then used to train a Siamese model based on
XLM-RoBERTa. In this setting, the model receives a proposition from the news article
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and a proposition from the social media post rather than the complete original texts.
This experiment is designed to evaluate whether changing the unit of analysis from
full texts to smaller aligned semantic units facilitates stance classification.

4 Dataset Construction and Annotation Protocol

4.1 Data Collection

In this study, we construct a real-world dataset of Persian news—post pairs for
stance detection, focusing on the relationship between verified news content and
user-generated social media responses. News articles are collected from credible and
established Persian news sources to improve the reliability of the reference texts. Cor-
responding social media posts are collected from Telegram and X and are retrieved
based on temporal proximity and lexical or semantic relevance to the news content.
Unlike synthetic or benchmark datasets, the collected data reflects naturally occur-
ring interactions in social media, where posts may contain informal language, implicit
references, and varying degrees of relevance to the original news. This design enables
evaluation of stance detection models under noisy and unconstrained conditions.

4.2 News—Post Pair Construction

To construct meaningful input instances, each news article is paired with a set of can-
didate social media posts. The pairing process follows a two-stage filtering strategy.
First, an initial retrieval step identifies potentially relevant posts using keyword-based
and semantic similarity signals. Second, a refinement step filters out unrelated or
weakly related posts to reduce noise in the dataset. Candidate posts were restricted to
a temporal window ranging from seven days before to seven days after the publication
date of each news article. This event-centered window was used to reduce the inclusion
of posts associated with older events, delayed reposts, and temporally unrelated dis-
cussions. Semantic similarity between candidate news—post pairs was then measured
using cosine similarity, with embeddings normalized before comparison.

A cosine-similarity threshold of 0.75 was used for initial pair selection. This thresh-
old was selected through manual inspection of candidate pairs: lower thresholds
introduced a larger number of weakly related examples, whereas substantially higher
thresholds disproportionately retained highly similar and predominantly supportive
pairs. In addition, near-duplicate news articles were filtered using a cosine-similarity
threshold of 0.95 to reduce redundancy in the resulting dataset.

Each resulting instance consists of a news article, treated as the reference text,
and a social media post, treated as the response text. This formulation aligns the task
with a text-pair classification setting, where the goal is to determine the semantic
relationship between the two texts.

As shown in Figure 1, the dataset construction process includes data collection,
pair construction, text processing, data cleaning, multi-stage labeling, analysis, and
augmentation. This pipeline is designed to approximate real-world information flow,
where users react to news events within a limited temporal window. By combining
lexical filtering with semantic similarity, the approach reduces noise while preserving
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Fig. 1 Overview of the dataset construction and labeling pipeline.

diverse expressions of stance. Unlike strict one-to-one alignment, this design allows
multiple posts to be associated with a single news item, reflecting realistic many-to-one
relationships observed in social media.

4.3 Annotation Protocol

Given the scale and complexity of the dataset, we adopt a hybrid human-LLM anno-
tation protocol designed to balance scalability and reliability. The annotation process
consists of three sequential stages.

Stage 1: LLM-based Initial Labeling.

In the first stage, a large language model is used to assign preliminary stance labels
to each news—post pair. The model evaluates the semantic relationship between the
post and the corresponding news content and assigns one of three labels: support,
contradict, or unrelated. This stage accelerates the labeling process by automatically
handling a large portion of the dataset.
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Stage 2: Human Verification.

In the second stage, human annotators review the LLM-generated labels, focusing
particularly on ambiguous or borderline cases. Annotators are instructed to rely on
credible interpretations of the news content and to carefully assess whether the post
supports, contradicts, or is unrelated to the news.

Stage 3: Final Review and Consistency Check.

In the final stage, annotations undergo a consistency check performed by the
researcher. This step aims to reduce systematic errors, resolve disagreements, and
improve overall labeling quality. The multi-stage design combines the efficiency of
automatic labeling with the precision of human judgment.

Agreement between LLM-generated labels and human-reviewed labels is ana-
lyzed to identify systematic discrepancies and guide dataset refinement. Samples with
inconsistent or unreliable labels are removed or corrected before model training.

4.4 Label Definition

Each news—post pair is assigned one of the following three labels:

® Support: the post supports or confirms the information presented in the news
article.

® Contradict: the post contradicts or challenges the information presented in the
news article.

® Unrelated: the post does not have a meaningful semantic relationship with the
news article.

This label set follows a simplified stance detection framework aligned with nat-
ural language inference formulations, where semantic relationships are commonly
categorized in terms of entailment, contradiction, or neutrality.

4.5 Dataset Statistics and Class Imbalance

The final dataset consists of 8,447 news—post pairs. The label distribution is highly
imbalanced: 7,227 instances belong to the support class (85.56%), 518 instances belong
to the contradict class (6.13%), and 702 instances belong to the unrelated class
(8.31%). This distribution shows that support is the dominant class, while contradict
and unrelated form the minority classes.

This imbalance reflects naturally collected social media data, where supportive or
weakly related reactions are more common than explicit contradiction. Such imbalance
poses a challenge for training robust stance detection models, as standard learning
algorithms may become biased toward the majority class. To address this issue, we
incorporate targeted data augmentation and imbalance-aware training strategies, as
described in Section 3.6.
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Table 2 Distribution of stance classes in the
final dataset.

Class Number of instances  Percentage
Support 7,227 85.56%
Contradict 518 6.13%
Unrelated 702 8.31%
Total 8,447 100%

5 Experiments and Results

This section presents the experimental results of the proposed Persian news—post
stance detection framework. We first describe the experimental setting and the final
dataset distribution. We then evaluate the quality of the hybrid annotation process
and compare the language models used for initial labeling. Subsequently, the baseline
stance classification architectures are compared, followed by an analysis of different
strategies for handling class imbalance. Finally, the complementary rationale-based
and proposition-based modeling paths are examined, the selected model is analyzed in
terms of training behavior and potential overfitting, and its performance is compared
with previous work.

5.1 Experimental Setup

After data collection, preprocessing, news—post pair construction, and the hybrid
annotation process, the final dataset consisted of 8,447 Persian news—post pairs. Each
instance contains a reference news article and a corresponding social media post and
is assigned one of three stance labels: support, contradict, or unrelated.

The final dataset is naturally imbalanced. As shown in Table 2, 7,227 instances
belong to the support class, representing 85.56% of the dataset. The contradict class
contains 518 instances, corresponding to 6.13%, while the unrelated class contains 702
instances, corresponding to 8.31%.

This distribution reflects the naturally occurring characteristics of news-related
social media interactions, in which supportive or reinforcing reactions are considerably
more frequent than explicit contradictions or completely unrelated responses. Conse-
quently, class imbalance was treated as a central experimental challenge rather than
merely as a preprocessing issue.

The data used for model development were divided into training, validation, and
test sets. The training set was used to optimize model parameters, while the validation
set was used to monitor performance during training and select the best-performing
checkpoint. The test set was kept separate from the model-selection process and was
used only for final performance evaluation.

Because of the strong class imbalance, accuracy alone was not considered sufficient
for comparing the evaluated models. Macro-F1 was used to examine balanced perfor-
mance across all stance classes, whereas weighted F1 was used to summarize overall
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Table 3 Performance of language models for initial
stance annotation.

Model Accuracy  Precision Recall F1

GPT-40 0.8709 0.8843 0.8709 0.8687
GPT-40-mini 0.4247 0.7386 0.3095 0.4364
LLaMA 0.3498 0.7158 0.1614 0.2631

performance while accounting for the actual class distribution. These two metrics were
therefore considered jointly when selecting the final model.

5.2 Annotation Quality and Initial LLM Evaluation

The dataset annotation process followed a hybrid human—-LLM protocol. Large lan-
guage models were used only to generate preliminary stance labels, while final labels
were determined after human verification and consistency review.

Before applying the annotation pipeline to the complete dataset, several language
models were evaluated to determine their suitability for producing initial stance labels.
The evaluated models included GPT-40, GPT-40-mini, and LLaMA. Table 3 presents
their performance.

As shown in Table 3, GPT-40 achieved the strongest performance among the eval-
uated models, with an accuracy of 0.8709 and an F1-score of 0.8687. GPT-40-mini and
LLaMA produced considerably weaker overall results, particularly in terms of recall
and Fl-score. GPT-40 was therefore selected as the model for generating preliminary
stance labels.

Nevertheless, the GPT-40 outputs were not directly treated as final annotations.
All preliminary labels were subsequently subjected to human review. Particular atten-
tion was given to difficult cases involving high lexical similarity but weak semantic
correspondence, indirect references, ambiguity, or implicit stance. When the LLM-
generated label disagreed with the human judgment, the human annotation was
treated as the final decision. Samples for which the semantic relationship could not be
determined reliably were removed or retained for additional review.

To assess the consistency of the human annotation process, Cohen’s kappa was
calculated after disagreement resolution. The resulting coefficient was

Kk = 0.75. (17)

This value indicates an acceptable level of agreement among the human annota-

tors and suggests that the stance definitions and annotation guidelines provided a

sufficiently consistent basis for distinguishing support, contradiction, and unrelated-

ness. After disagreement resolution and final review, the resulting labels were used for
training and evaluating the stance detection models.

In addition to the final stance labels, short textual rationales were produced for

a subset of samples, particularly difficult instances from the contradict and unrelated

classes. These rationales were not automatically accepted. They were reviewed for

consistency with the news article, the social media post, and the final stance label. Only
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Table 4 Macro-F1 performance
of the baseline architectures.

Model Macro-F1 (%)
LaBSE 58
XLM-RoBERTa 60
Siamese LSTM 62

human-validated rationales were retained and subsequently used in the complementary
rationale-based experiment described in Section 5.5.

5.3 The Performance of Baseline Architectures

After preparation of the final dataset, three main architectures were evaluated to
compare different strategies for representing and modeling the semantic relationship
between a news article and a social media post. These models were LaBSE, XLM-
RoBERTa, and the Siamese LSTM.

Table 4 summarizes the macro-F1 performance of the three baseline architectures.

Among the baseline architectures, the Siamese LSTM achieved the highest macro-
F1 score of 62%, compared with 60% for XLM-RoBERTa and 58% for LaBSE.

The result suggests that explicitly modeling the relationship between indepen-
dently encoded news and post representations is effective for the present task.
Although multilingual pretrained encoders such as LaBSE and XLM-RoBERTa are
capable of extracting rich contextual and semantic information, the Siamese architec-
ture provides an explicit mechanism for comparing the two input texts through their
separate representations and pairwise interaction features.

Based on this result, the Siamese LSTM was selected as the main architecture for
subsequent experiments on class-imbalance handling and performance improvement.

5.4 Effect of Class-Imbalance Handling

Because the support class represents the large majority of the final dataset, additional
experiments were performed to investigate whether imbalance-handling strategies
could improve model performance, particularly for the underrepresented contradict
and unrelated classes.

Three strategies were evaluated using the Siamese LSTM architecture: undersam-
pling of the majority class, oversampling of the minority classes, and weighted loss.
The original Siamese LSTM without explicit imbalance handling was retained as the
reference configuration.

Table 5 summarizes the results.

The baseline Siamese LSTM achieved a macro-F1 score of 62% and a weighted
Fl-score of 80.00%. The considerable difference between these metrics indicates that
the model performed substantially better on the dominant support class than on the
minority classes. Therefore, relying exclusively on the weighted metric would provide
an incomplete view of model behavior.
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Table 5 Effect of class-imbalance handling strategies on the Siamese

LSTM.

Configuration Macro-F1 (%) Weighted F1 (%)
Siamese LSTM (original data) 62 80.00
Siamese LSTM + undersampling 43 80.50
Siamese LSTM + oversampling 54 91.73
Siamese LSTM + weighted loss 73 92.67

Applying undersampling reduced the macro-F1 score to 43%, while the weighted
Fl-score reached 80.50%. Although undersampling reduced the dominance of the sup-
port class by removing a portion of its examples, the reduction in macro-F1 suggests
that discarding majority-class instances also removed useful information and diver-
sity from the training data. Consequently, this strategy did not provide an effective
improvement in overall class-balanced performance.

Oversampling resulted in a substantial increase in weighted F1, reaching 91.73%.
This result indicates that exposing the model to a larger number of minority-class
training instances improved its overall predictive performance. However, the corre-
sponding macro-F1 remained at 54%, showing that the improvement across the three
classes was still insufficiently balanced and that the model remained influenced by the
dominant class.

The strongest results were obtained using weighted loss. Instead of changing the
number of training instances, this approach increased the contribution of errors asso-
ciated with underrepresented classes to the training objective. The weighted-loss
configuration achieved a macro-F1 score of 73% and a weighted F1-score of 92.67%.

The simultaneous improvement of both metrics indicates that weighted learning
improved not only overall predictive performance but also the model’s ability to dis-
tinguish minority-class examples. Therefore, the Siamese LSTM trained with weighted
loss was selected as the final model configuration for subsequent analysis.

5.5 Complementary Modeling Paths

In addition to the primary news—post stance classifier, two complementary modeling
paths were evaluated. The first examined whether human-validated rationales could
provide sufficient semantic information for stance classification. The second investi-
gated whether decomposing complete news—post pairs into smaller proposition-level
units could improve classification.

5.5.1 Rationale-based Model

In the rationale-based experiment, the short explanations generated for selected sam-
ples and subsequently validated by human reviewers were used as inputs to a separate
classifier. Rather than processing the complete news article and social media post
directly, this model attempted to predict the corresponding stance label from the
validated rationale.
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Table 6 Performance of the rationale-based model.

Model Accuracy Macro-F1 =~ Weighted F1

Rationale-based model 0.91 0.73 0.90

The objective of this experiment was to determine whether the rationale texts
preserved the essential semantic information underlying the stance relationship.

Table 6 reports the resulting performance.

The rationale-based model achieved an accuracy of 0.91, a macro-F1 score of 0.73,
and a weighted Fl-score of 0.90. These results indicate that the human-validated
rationales contain substantial semantic information about the relationship between
the news and the associated post.

However, this approach depends on the availability of a reliable rationale for each
instance. It was therefore considered a complementary mechanism for analyzing dif-
ficult cases and improving interpretability rather than a replacement for the primary
news—post stance classifier.

5.5.2 Proposition-based Model

The second complementary experiment investigated a proposition-based modeling
strategy. In this path, the complete news article and social media post were divided into
smaller semantic units so that the model could focus on more localized relationships
between individual propositions.

The proposition-based configuration achieved a macro-F1 score of 37%.

This performance was substantially lower than that of the full-text Siamese LSTM.
The result indicates that decomposing the complete texts into smaller units did not
improve stance classification under the evaluated setting.

One possible explanation is that proposition-level segmentation removes part of
the broader contextual information required for determining stance. In many news—
post pairs, the relationship cannot be inferred reliably from isolated semantic units
and instead depends on understanding the overall context of both texts.

Therefore, while proposition decomposition can provide a more fine-grained per-
spective on the input texts, the full-text news—post representation was more effective
for final stance classification in the present dataset.

Overall, the complementary experiments show that validated rationales can
retain useful semantic information for explanatory analysis, whereas proposition-level
decomposition does not outperform the primary full-text model.

5.6 Final Model Performance and Training Behavior

After comparing the baseline architectures and the different imbalance-handling
strategies, the Siamese LSTM trained using weighted loss was selected as the final
model configuration.

On the test set, the selected model achieved a weighted Fl-score of 92.67% and
a macro-F1 score of 73%. The weighted Fl-score reflects strong overall performance
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Fig. 2 Training and validation loss curves of the selected weighted-loss Siamese LSTM

under the naturally imbalanced class distribution, whereas the macro-F1 indicates
that the selected configuration also provides a substantially better balance across the
three stance classes than the baseline Siamese LSTM.

Although the weighted F1-score remains higher than the macro-F1 because of the
dominance of the support class, the improvement of macro-F1 from 62% in the baseline
configuration to 73% with weighted loss demonstrates improved performance on the
minority classes.

To investigate the training behavior of the selected model and examine possi-
ble overfitting, the training and validation losses were monitored across the training
epochs.

As shown in Figure 2, both the training and validation loss curves exhibit an overall
decreasing trend as training progresses. The gap between the training and validation
curves stays under control during the course of the observed epochs, and the validation
loss does not exhibit a persistent increasing trend.

This behavior suggests that the model continued to learn useful patterns from the
training data while maintaining consistent performance on unseen validation instances.
Therefore, the observed loss trajectories provide no clear evidence of severe overfitting
in the selected configuration.

5.7 Comparison with Previous Work

To provide a reference point for the obtained results, the final model was compared
with the TESTED study, which addresses stance detection in the fake-news domain
and reports a macro-F1 score of 65% [42].

The final model proposed in the present study achieves a macro-F1 score of 73%.
Table 7 summarizes this comparison.
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Table 7 Comparison of the final model
with related work.

Study Language Macro-F1 (%)
TESTED English 65
Present study Persian 73

The result of the present study is higher than the macro-F1 value reported for
TESTED. However, this comparison should be interpreted cautiously because the two
studies differ in several important aspects, including language, dataset structure, class
distribution, and evaluation protocol. As a result, it is incorrect to view the comparison
as a direct, controlled benchmark between the two systems.

Nevertheless, the result indicates that the proposed approach achieves a competi-
tive level of performance for Persian news—post stance detection despite the challenges
associated with naturally imbalanced data, informal social media language, and limited
Persian resources.

5.8 Discussion

The experimental results provide several observations regarding Persian news—post
stance detection.

First, the comparison of the baseline architectures shows that architectural
complexity alone does not guarantee better performance. Although LaBSE and XLM-
RoBERTa are based on multilingual pretrained language representations, the Siamese
LSTM achieved the strongest macro-F1 score among the baseline configurations.
Explicitly encoding the news article and social media post separately and then mod-
eling their relationship through comparative features therefore proved effective for the
present task.

Second, the results demonstrate the importance of considering class imbalance
during model training and evaluation. The baseline Siamese model obtained a macro-
F1 score of 62% but a weighted F1-score of 80%, indicating that strong performance
on the dominant support class can mask weaker performance on the minority classes.
This observation confirms that weighted metrics should be interpreted together with
macro-level measures in highly imbalanced stance datasets.

Third, the imbalance-handling experiments show that different strategies have sub-
stantially different effects. Undersampling reduced the amount of available training
information and resulted in the lowest macro-F1 among the evaluated imbalance con-
figurations. Oversampling considerably improved weighted F1, but its lower macro-F1
indicates that the improvement remained uneven across classes. In contrast, weighted
loss achieved the strongest results for both macro-F1 and weighted F1 without remov-
ing or duplicating training instances. This suggests that cost-sensitive learning is
particularly suitable for the naturally imbalanced distribution observed in the present
dataset.

Fourth, the complementary experiments provide additional insights into the seman-
tic structure of the task. The rationale-based model achieved a macro-F1 of 0.73
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and a weighted F1 of 0.90, showing that human-validated explanations preserve a
considerable amount of stance-relevant information. These rationales may therefore
be useful for analyzing difficult examples and supporting interpretability. However,
because the approach requires validated explanations, it cannot directly replace the
primary classifier.

In contrast, the proposition-based model achieved a macro-F1 of only 37%. This
result indicates that reducing the texts to smaller proposition-level units may remove
important contextual information. For many news—post pairs, stance depends not only
on a local semantic relationship but also on the broader meaning of the complete texts.

Finally, the analysis of the training and validation loss curves indicates stable
training behavior for the selected weighted-loss Siamese LSTM. Both loss values
decrease throughout training without a sustained divergence of the validation curve.
Together with the test-set results, this suggests that the final model achieves improved
performance without showing clear signs of severe overfitting.

Overall, the experiments demonstrate that the strongest performance in the present
Persian news—post stance detection task is obtained by combining an appropriate
relational architecture with an imbalance-aware training objective. The results partic-
ularly highlight the importance of weighted learning for improving the balance between
overall performance and recognition of underrepresented stance classes.

6 Conclusion

In this study, we presented a data-centric framework for Persian news—post stance
detection based on a real-world dataset of 8,447 news—post pairs. The framework
combines hybrid human—-LLM annotation, multilingual and sequence-based modeling,
and class-imbalance handling to address the challenges associated with noisy social
media language and highly skewed stance distributions.

Among the baseline architectures, the Siamese LSTM achieved the strongest per-
formance, with a macro-F1 score of 62%, compared with 60% for XLM-RoBERTa and
58% for LaBSE. Subsequent experiments demonstrated that the choice of imbalance-
handling strategy had a substantial effect on model performance. Undersampling
resulted in a macro-F1 score of 43% and a weighted Fl-score of 80.50%, while over-
sampling achieved a macro-F1 of 54% and a weighted F1 of 91.73%. The strongest
overall performance was obtained by the Siamese LSTM trained with weighted loss,
which achieved a macro-F1 score of 73% and a weighted Fl-score of 92.67% on the
test set. These results indicate that cost-sensitive learning provides a more effective
balance between overall predictive performance and recognition of underrepresented
stance classes than the evaluated resampling strategies.

The complementary experiments provided additional insights into the semantic
characteristics of the task. The rationale-based model achieved an accuracy of 0.91,
a macro-F1 of 0.73, and a weighted F1 of 0.90, suggesting that human-validated
rationales preserve substantial stance-relevant semantic information and can support
interpretability and difficult-case analysis. In contrast, the proposition-based approach
achieved a macro-F1 score of 37%, indicating that decomposing complete news—post
pairs into smaller semantic units may remove contextual information required for
accurate stance classification.
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Analysis of the training and validation loss curves of the selected weighted-loss
Siamese LSTM showed stable learning behavior, with both losses decreasing through-
out training and no sustained divergence of the validation loss. The observed training
dynamics therefore provide no clear evidence of severe overfitting.

Overall, the findings demonstrate that reliable Persian news—post stance detection
depends not only on the choice of model architecture but also on annotation quality
and appropriate treatment of natural class imbalance. In particular, the results high-
light the effectiveness of weighted learning for improving performance on imbalanced
real-world stance data.

Future work can extend the dataset to additional Persian social media platforms
and broader topical domains. Further research may also investigate evidence retrieval,
reasoning-oriented architectures, and cross-lingual transfer methods to improve the
handling of implicit, sarcastic, and context-dependent stance expressions.
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