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Abstract: Stance detection plays an important role in contemporary news analysis by identifying the 

argumentative relationship between a claim and its associated textual context. In the era of algorithm-

driven media, news articles often convey implicit support, opposition, or neutral discussion of specific 

claims, making stance analysis essential for detecting media bias and researching misinformation. How-

ever, accurately modeling such relations remains challenging due to long document lengths, implicit 

stance expressions, and complex discourse structures. This study evaluates an end-to-end Transformer-

based stance detection approach that fine-tunes the DeBERTa-base language model on news text using 

the Fake News Challenge Stage 1 (FNC-1) dataset under a stance-relevant formulation. The proposed 

framework updates all parameters of the pre-trained model directly during training, avoiding hand-

crafted feature engineering and auxiliary classifiers. Claim–context pairs are jointly encoded and for-

mulated as a three-class stance classification task (agree, disagree, discuss), following the exclusion of 

unrelated instances to focus on argumentative relations. To ensure robust evaluation under class im-

balance, model performance is assessed on a held-out test set using standard classification metrics. 

Experimental results on the test data show that the proposed approach achieves 96.28% accuracy and 

96.23% F1-score, indicating balanced precision–recall performance across stance categories. These 

findings suggest that a carefully configured end-to-end fine-tuning strategy based on DeBERTa-base 

is effective for capturing argumentative relations in news text within a three-class stance-relevant set-

ting, providing a reliable and reproducible solution for document-level stance detection without relying 

on complex architectural modifications or feature engineering. 

Keywords: DeBERTa; End-to-End Learning; Fake News Detection; Natural Language Processing; 

News Analysis; Stance Detection; Text Classification; Transformer Fine-Tuning. 

 

1. Introduction 

The increasingly rapid and massive flow of information in the digital era has transformed 
how people consume news, while simultaneously increasing the risk of misinformation and 
disinformation. The Reuters Institute Digital News Report indicates that more than 60% of 
internet users access news through social media and algorithm-driven platforms, where con-
tent visibility is strongly influenced by interaction metrics such as clicks, comments, and views 
[1]. These mechanisms encourage content producers to adjust news narratives to align with 
the majority audience's preferences to maximize engagement, shaping a text's stance on an 
issue not solely by facts but also by economic and algorithmic pressures. As a result, argu-
mentative bias is often embedded in language that appears neutral, particularly in news cov-
erage of sensitive social and political issues [2], [3].  

In this context, information disseminated through online media must be evaluated not 
only in terms of factual accuracy but also with respect to the stance constructed by the text 
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toward a given claim. Stance detection has therefore become an important component of 
modern news analysis systems, as it enables the identification of whether a text supports, 
opposes, or merely discusses a particular statement [4], [5]. Unlike sentiment analysis, which 
focuses on emotional expression, stance detection emphasizes argumentative relations and a 
text's position on an issue, making it more relevant for bias detection, public opinion analysis, 
and monitoring narrative dynamics in algorithm-driven media ecosystems. 

Early approaches to text mining, including stance detection, evolved from traditional 
text classification methods relying on statistical and linguistic feature engineering, such as Bag-
of-Words, n-grams, and TF-IDF. These methods represent text as word-frequency vectors 
without considering sequential context or semantic relations among tokens [6]. Such repre-
sentations were combined with classification algorithms, including Naïve Bayes, Support Vec-
tor Machine (SVM), and Logistic Regression [7]–[11], which are relatively effective for small 
datasets and short texts. However, they exhibit limitations when applied to long documents 
with complex argumentative structures and implicitly expressed stances. The primary limita-
tion of these approaches lies in their inability to capture long-range dependencies and con-
textual meaning that often determine a text’s position toward a claim. 

Advances in deep learning introduced neural models based on word embeddings, such 
as Word2Vec and GloVe, enabling continuous semantic representations of words, followed 
by Recurrent Neural Network (RNN) and Long Short-Term Memory (LSTM) architectures 
that explicitly model word sequences [12]–[15]. While these approaches improved stance de-
tection performance compared to statistical methods, they still face challenges related to train-
ing efficiency and gradient stability when applied to long texts with complex argumentative 
structures [16]. Since the introduction of the Transformer architecture in 2017, natural lan-
guage processing paradigms have gradually shifted from sequence-based models to self-atten-
tion-based approaches. This shift became more pronounced after 2020, when Transformer-
only fine-tuning emerged as the dominant approach across various NLP tasks. Transformer 
variants such as BERT, RoBERTa, ALBERT, and DeBERTa have since demonstrated con-
sistent performance improvements in text classification, text analysis, and stance detection, 
particularly for long texts with implicit argumentative relations, outperforming feature-based 
and conventional RNN approaches [7], [17]–[19]. 

A key advantage of Transformer architectures in NLP, particularly for stance detection, 
lies in their ability to model global relationships among tokens in parallel, enabling more com-
prehensive learning of semantic and argumentative relations in long texts compared to locally 
sequential approaches. The self-attention mechanism allows models to capture long-range 
dependencies that often determine a text’s stance toward a claim, especially when support or 
opposition is expressed implicitly through complex discourse structures [20], [21]. DeBERTa 
further strengthens this capability through its disentangled attention mechanism, which sep-
arates content and positional representations, enabling more precise learning of semantic in-
teractions among tokens without distortion from additive positional information, as in earlier 
Transformer models [22], [23]. These characteristics make DeBERTa more stable in captur-
ing argumentative nuances in long texts with non-linear discourse structures, which represent 
a major challenge in stance detection tasks [24], [25].  

In addition to architectural characteristics, Transformer performance in stance classifi-
cation tasks is strongly influenced by training configuration strategies adopted during fine-
tuning. Prior studies have shown that optimizers designed for pre-trained models, conserva-
tive learning rate settings, and adaptive learning rate scheduling play an important role in 
maintaining gradient stability and preventing degradation of semantic representations during 
training [26], [27]. A combination of architectural strengths and appropriate training configu-
rations has established modern Transformers as a reliable approach for modeling argumen-
tative relations in news text. 

In this context, this study evaluates an end-to-end Transformer fine-tuning approach 
using DeBERTa-base for stance detection in news text, adopting a stance-relevant formula-
tion that emphasizes argumentative relations between claims and textual context rather than 
topic relevance. Unlike feature-engineered or complex hybrid architectures, all parameters of 
the pre-trained model are updated directly during training, allowing contextual representa-
tions to fully adapt to the argumentative relations between claims and contexts within the 
news domain. The main contributions of this study are summarized as follows: 
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• Evaluating an end-to-end fine-tuning approach based on DeBERTa-base for stance de-
tection on news text, without relying on additional feature engineering or hybrid archi-
tectures. 

• Providing stable and balanced performance evaluation through the application of strati-
fied cross-validation on datasets with imbalanced class distributions, using standard clas-
sification metrics. 

• Offering empirical analysis of model prediction behavior, including confusion matrices 
and prediction probability distributions, to support the interpretation of stance classifi-
cation results. 
The remainder of this paper is organized as follows. Section 2 presents the theoretical 

background and related work on stance detection and Transformer models. Section 3 de-
scribes the proposed methodology, including the pipeline, model architecture, and training 
strategy. Section 4 reports experimental results and discussion, while Section 5 concludes the 
paper by summarizing the main findings and outlining limitations and directions for future 
research. 

2. Background and Related Work 

2.1. Theoretical Background 

2.1.1. Stance Detection 

Stance detection is a classification task in natural language processing that aims to deter-
mine a text's stance toward a given claim or topic. It has been widely studied in the contexts 
of news analysis, public opinion mining, and misinformation detection. Early studies define 
stance as an argumentative relationship between a claim and its surrounding context, in which 
the text may express support, opposition, or neutrality with respect to the claim. This formu-
lation has been adopted in several benchmark datasets and shared tasks, including the Fake 
News Challenge (FNC)  [28]–[30] and SemEval stance detection tasks. [31]–[33]. Formally, 
stance detection can be modeled as a mapping function: 

𝑓: (𝑐, 𝑥) → 𝑦,   𝑦 ∈ {𝑦1, 𝑦2, … , 𝑦𝑘} (1) 

where 𝑐 denotes the claim (e.g., a headline), 𝑥 represents the contextual text (e.g., an article 

body), and 𝑦 is the predicted stance label drawn from a predefined set of classes. This for-
mulation has been consistently used across machine learning and deep learning approaches, 
including neural and Transformer-based models, to capture the semantic relationship be-
tween claims and contexts.  

Unlike sentiment analysis, which focuses on the emotional polarity of a single text, stance 
detection explicitly models inter-text argumentative relations. As a result, stance detection is 
particularly relevant to fake news detection and media bias analysis, where the stance toward 
a claim is often expressed implicitly rather than through overt emotional language. Prior stud-
ies identify several key challenges in stance detection, including implicit stance expression, 
long-range dependencies in lengthy texts, and linguistic ambiguity, especially in news articles 
written in a neutral tone but conveying subtle argumentative bias. 

These characteristics are illustrated in Figure 1, which presents a conceptual diagram of 
stance detection as a relational task between a claim and its contextual evidence. The figure 
emphasizes that stance labels are not determined by isolated texts but by their semantic and 
argumentative interaction, reflecting the core structure of benchmark datasets such as FNC-
1, where headlines function as claims and article bodies provide contextual grounding. 

 

Figure 1. Conceptual diagram of stance detection with the relationship between claims and context. 
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2.1.2. Transformer-based Language Models 

Recent advances in stance detection have been driven by Transformer-based represen-
tation learning, which has demonstrated substantial improvements over traditional RNN- and 
CNN-based architectures in a wide range of text classification tasks. The key innovation of 
the Transformer architecture lies in the self-attention mechanism, which enables the model 
to capture global dependencies among tokens without relying on sequential processing [34]–
[36]. Mathematically, self-attention is defined as: 

Attention(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾⊺

√𝑑𝑘

) 𝑉 (2) 

where 𝑄, 𝐾, and 𝑉 represent the query, key, and value matrices, respectively, and 𝑑𝑘 adalah 
denotes the dimensionality of the key vectors. This formulation allows each token to attend 
to all other tokens based on contextual relevance dynamically.  

In stance detection, self-attention enables models to directly model semantic interactions 
between claims and their supporting or opposing arguments, even when these elements are 
distributed across distant segments of the text. Empirical studies have shown that Trans-
former-based models such as BERT and RoBERTa consistently outperform traditional fea-
ture-based and recurrent models, particularly on tasks involving long documents and complex 
argumentative structures. 

The role of self-attention in modeling claim–context interactions is illustrated in Figure 
2, which depicts how tokens from the claim and the contextual text jointly interact within a 
shared representation space. This visualization highlights the ability of Transformer models 
to integrate information across the entire input sequence, thereby addressing the long-range 
dependency challenges inherent in stance detection. 

 

Figure 2. Illustration of the self-attention mechanism in the Transformer and the interaction of 
claims and context. 

2.1.3. DeBERTa and Disentangled Attention 

Further developments in Transformer architectures have led to the introduction of 
DeBERTa, which incorporates a disentangled attention mechanism designed to improve con-
textual representation learning. Unlike conventional Transformers that combine token con-
tent and positional information additively, DeBERTa explicitly separates these components, 
enabling a more precise modeling of semantic and positional relationships. Conceptually, the 
attention score between tokens in DeBERTa is computed by independently considering con-
tent and relative position representations: 

𝐴𝑖,𝑗 = ℎ𝑖
⊺ 𝑊𝑐𝑐ℎ𝑗 + ℎ𝑖

⊺ 𝑊𝑐𝑝𝑝𝑖,𝑗 + 𝑝𝑖,𝑗
⊺  𝑊𝑝𝑐ℎ𝑗 (3) 
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where ℎ𝑖 and ℎ𝑗 denote token content representations, and 𝑝𝑖,𝑗 represents the relative po-

sitional embedding between tokens 𝑖 and 𝑗. This disentanglement allows the model to pre-
serve positional sensitivity while maintaining robust semantic representations. 

The conceptual difference between conventional self-attention and disentangled atten-
tion is illustrated in Figure 3. While conventional self-attention merges content and positional 
cues into a single representation, disentangled attention models separate these aspects, result-
ing in improved stability for long texts and non-linear discourse structures. Such characteris-
tics are particularly relevant for stance detection, where the argumentative relationship be-
tween a claim and its context may depend on relative position and discourse structure rather 
than local token proximity alone [22], [24], [25]. 

 

Figure 3. A conceptual comparison illustration of conventional self-attention and disentangled atten-
tion. 

2.1.4. Stance Classification Formulation 

In most Transformer-based stance detection frameworks, a global representation of the 

input text is obtained from the special [𝐶𝐿𝑆] token produced by the encoder. This represen-
tation is then projected into the stance label space using a linear transformation followed by 
a softmax function: 

𝑧 = 𝑊ℎ[𝐶𝐿𝑆] + 𝑏 (4) 

𝑃(𝑦 = 𝑘|𝑥) =
𝑒𝑧𝑘

∑ 𝑒𝑧𝑗𝐾
𝑗=1

 (5) 

where ℎ[𝐶𝐿𝑆] denotes the global contextual representation, 𝐾 is the number of stance classes, 

and 𝑃(𝑦 = 𝑘|𝑥) is the predicted probability for class 𝑘. Model parameters are optimized by 
minimizing the cross-entropy loss: 

ℒ = − ∑ 𝑦𝑘

𝐾

𝑘=1

log 𝑃(𝑦𝑘) (6) 

This formulation provides a consistent and widely adopted theoretical foundation for evalu-
ating Transformer-based stance detection models in an end-to-end learning setting, without 
reliance on handcrafted features or external classifiers. 

2.2. Related Works 

Stance detection has been extensively studied in the context of fake news analysis, where 
determining the relationship between a claim and its supporting or opposing evidence is a 
central challenge. Among several benchmark datasets proposed in the literature, the Fake 
News Challenge Stage 1 dataset has become one of the most widely adopted testbeds for 
evaluating document-level stance detection methods. Prior research on this benchmark re-
flects the broader evolution of stance detection approaches, ranging from feature-based 
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machine learning models to neural architectures and, more recently, Transformer-based lan-
guage models. 

Early studies predominantly relied on feature engineering and traditional machine learn-
ing techniques. Hanselowski et al. [37] conducted a large-scale retrospective analysis of top-
performing systems on this benchmark. They showed that most high-ranking approaches 
depended heavily on handcrafted lexical features and surface-level similarity measures rather 
than deep semantic modeling. Their analysis also revealed limitations in the original evaluation 
metric under severe class imbalance, demonstrating that strong aggregate scores do not nec-
essarily correspond to robust stance understanding, particularly for minority classes. Within 
this line of work, Altheneyan and Alhadlaq [6] represent a strong and influential machine 
learning–based baseline on the FNC-1 dataset. They proposed a machine learning–based 
framework combining extensive text preprocessing, lexical feature extraction (e.g., n-grams 
and TF-IDF variants), and stacked ensemble classifiers implemented in a distributed setting. 
Importantly, their approach adopts a stance-relevant dataset formulation by separating unre-
lated instances and further analyzing the agree, disagree, and discuss categories, thereby fo-
cusing on argumentative relations between claims and articles. While their system achieved 
competitive performance, it remained highly dependent on manual feature engineering and 
on scalable ML pipelines rather than on end-to-end semantic representations. 

Subsequent research explored neural network–based models to better capture semantic 
interactions between claims and contexts. Abedalla et al. [15] investigated several deep learn-
ing architectures, including CNNs, Bi-LSTMs, and attention-based models, treating stance 
detection as a core subtask within fake news detection. Their results demonstrated that neural 
sequence models consistently outperform traditional machine learning baselines, while also 
highlighting persistent challenges related to class imbalance and evaluation protocols. Along 
similar lines, Conforti et al. [38] reframed stance detection as a cross-level task, explicitly ad-
dressing the asymmetry between short claims and long news articles. By employing hierar-
chical neural architectures with conditional and co-matching attention, their approach 
demonstrated that sentence-level modeling and document-structure awareness are crucial for 
capturing long-range semantic relations and subtle stance distinctions. 

More recent studies have shifted toward explicit end-to-end semantic modeling, aiming 
to reduce reliance on handcrafted features. Mohtarami et al. [19] are particularly relevant in 
this regard, as they proposed an end-to-end stance detection approach based on memory 
networks that uses iterative inference to model global interactions between headlines and 
article bodies. Their work demonstrated that directly modeling claim–context relations at the 
semantic level leads to substantial improvements over feature-based pipelines, especially in 
capturing implicit and nuanced argumentative cues. This line of research strongly motivated 
the transition toward representation learning–based stance detection methods. 

The latest advances leverage Transformer-based language models and transfer learning. 
Slovikovskaya and Attardi [39] systematically evaluated fine-tuning strategies using BERT, 
XLNet, and RoBERTa, comparing feature-based pipelines with fully end-to-end Transformer 
models. Their findings showed that fine-tuned Transformers substantially outperform earlier 
approaches on macro-level and class-wise metrics, especially for the challenging disagree class, 
establishing contextualized language models as the dominant paradigm for stance detection 
on this benchmark. 

Despite these advances, existing studies differ significantly in model complexity, feature 
dependencies, and evaluation protocols. In particular, strong baselines such as [6] rely on 
extensive feature engineering, while end-to-end semantic models such as [19] introduce addi-
tional architectural components to capture claim–context interactions. Meanwhile, recent 
Transformer-based studies often emphasize performance gains without explicitly examining 
whether simpler, fully end-to-end fine-tuning strategies are sufficient. This leaves an open 
research gap regarding the effectiveness of straightforward, reproducible end-to-end Trans-
former fine-tuning—without auxiliary features or specialized architectural augmentations—
under a stance-relevant formulation of widely used benchmarks. In benchmark-driven stance 
detection research, the Fake News Challenge Stage 1 (FNC-1) dataset is one of the most 
commonly adopted evaluation benchmarks. While the original formulation defines four clas-
ses, prior studies have shown that the unrelated class primarily reflects topic relevance rather 
than argumentative stance and dominates evaluation under severe class imbalance. Following 
this stance-relevant perspective, the present study adopts a three-class setting (agree, disagree, 
discuss), and all comparisons and conclusions are interpreted within this scoped benchmark. 
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3. Proposed Method 

This section presents the proposed end-to-end stance detection framework, which fine-
tunes a DeBERTa-base Transformer model. Following the theoretical formulation and em-
pirical context discussed in Sections 1 and 2, the proposed method focuses on a minimal yet 
principled design that directly models the semantic relationship between a claim and its con-
textual evidence without introducing handcrafted features or auxiliary classifiers. An overview 
of the methodological pipeline is illustrated in Figure 4. 

3.1. Methodological Pipeline 

The proposed methodological pipeline consists of a sequential workflow encompassing 
dataset preparation, tokenization, model training, and evaluation, all implemented consist-
ently with the experimental codebase. 

 

Figure 4. Overview of the methodological pipeline for the proposed stance detection framework, 
from dataset preparation to final evaluation. 

The pipeline begins with dataset preparation, where headline–article pairs are filtered to 
retain stance-relevant instances and reformulated as a three-class classification problem. The 
processed texts are then tokenized with the DeBERTa tokenizer and fed to an end-to-end 
Transformer-based model. Model training is performed using stratified cross-validation to 
ensure balanced evaluation across stance categories, followed by final testing and comprehen-
sive performance analysis. This pipeline is intentionally designed to emphasize reproducibility 
and methodological clarity, avoiding additional feature engineering, heuristic rules, or task-
specific preprocessing. All pipeline stages are implemented directly in the experimental code-
base without manual intervention, ensuring consistency and full replicability of the proposed 
approach. 

3.2. Dataset Preparation and Preprocessing 

The experiments are conducted on a benchmark dataset for document-level stance de-
tection, where each instance consists of a claim (headline) and its corresponding contextual 
text (news article body). In line with common practice, instances labeled as unrelated are 
excluded to focus on stance-relevant relationships, resulting in a three-class classification 
problem. Text preprocessing is intentionally lightweight to preserve semantic content. Head-
line and article body texts are lowercased, cleaned from URLs and non-alphanumeric sym-
bols, and concatenated into a single input sequence. This combined representation allows the 
model to jointly encode the claim and its context while maintaining their semantic dependen-
cies. Tokenization is performed using the DeBERTa tokenizer with a fixed maximum se-
quence length of 256 tokens. The tokenizer produces input IDs and attention masks, which 
serve as the sole inputs to the Transformer encoder. 
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3.3. Model Architecture 

The proposed stance detection framework adopts a Transformer-only, end-to-end ar-
chitecture based on DeBERTa-base, consisting of a pre-trained DeBERTa encoder followed 
by a lightweight classification head. The overall architecture and data flow are illustrated in 
Figure 5. In this architecture, the model's input is a pair of textual segments: a claim (the 
headline) and its corresponding context (the news article body). These two segments are con-
catenated into a single input sequence following the standard Transformer input format: 

[𝐶𝐿𝑆] claim [𝑆𝐸𝑃] context [𝑆𝐸𝑃]. The claim represents the statement whose stance is to 
be determined, while the context provides the supporting, opposing, or neutral evidence. This 
formulation directly reflects the relational nature of stance detection and is consistent with 
the task definition introduced in Section 2. 

 

Figure 5. Architecture of the proposed end-to-end DeBERTa-based stance detection model. The 

contextual representation of the [𝐶𝐿𝑆] token is used for stance classification. 

As shown in Figure 5, the combined input sequence is first processed by the DeBERTa 
tokenizer, which converts the text into token IDs and corresponding attention masks. These 
tokens are then passed to the DeBERTa-base encoder, which consists of 12 Transformer 
layers, each with 12 attention heads and a hidden size of 768. Through the disentangled at-
tention mechanism, the encoder models token content and relative positional information 
separately, enabling more stable and expressive contextual representations, particularly for 
long, structurally complex texts. 

The encoder produces contextualized embeddings for all tokens in the input sequence. 

Among these, the embedding corresponding to the special [𝐶𝐿𝑆] token from the final en-
coder layer is treated as a global representation of the claim–context pair. This representation 
is assumed to summarize the overall semantic and argumentative relationship between the 
claim and the context, rather than representing either segment in isolation. 

The [𝐶𝐿𝑆] representation is then passed through a dropout layer, which serves as a reg-
ularization mechanism during training, followed by a fully connected linear layer that maps 

the 768-dimensional vector into a vector of size 𝐾, where 𝐾 denotes the number of stance 

classes. In this study, 𝐾 = 3 corresponding to the agree, disagree, and discuss labels. Finally, 
a softmax function is applied to transform the logits into a probability distribution over stance 
classes. 

It is important to note that the values shown in Figure 5 are conceptual and symbolic, 
intended solely to visualize the model's data flow and decision process. They do not represent 
actual prediction outputs or empirical probabilities. The figure aims to clarify how claim and 
context information is jointly encoded and how the final stance decision is produced, rather 
than to provide example results. This architecture deliberately avoids additional modules, fea-
ture fusion mechanisms, or external classifiers. By relying exclusively on the representational 
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capacity of the DeBERTa encoder and a minimal classification head, the proposed design 
emphasizes simplicity, transparency, and reproducibility, while remaining fully aligned with 
the end-to-end learning paradigm adopted in modern Transformer-based stance detection 
systems. 

3.4. Training Strategy 

The proposed stance detection model is trained using an end-to-end fine-tuning strategy, 
in which all parameters of the pre-trained DeBERTa-base encoder and the classification head 
are jointly updated. This design choice aims to fully leverage contextual representations 
learned during large-scale pre-training while avoiding the complexity of feature engineering 
or hybrid modeling pipelines. To ensure transparency, reproducibility, and fair comparison, 
all training configurations are fixed across experiments, and no hyperparameter search or 
tuning procedure is performed. Following standard practice for robust and leakage-free 
evaluation, the dataset is first split into a held-out test set (20%) and a training pool (80%) 
using stratified sampling with a fixed random seed. The held-out test set is created once, prior 
to any model training, and remains completely isolated throughout the experimental process. 
It is not used for cross-validation, model selection, or training, and is reserved exclusively for 
final performance evaluation. To estimate performance stability and variability under class 
imbalance, Stratified K-Fold Cross Validation is applied exclusively to the training pool. In 
this procedure, the training data are partitioned into five folds with preserved class 
proportions, and each fold is trained independently. Importantly, each headline–article pair is 
treated as a unique instance, and no instance appears in more than one split, ensuring that 
evaluation results reflect genuine generalization rather than overlap between training and 
validation data. This protocol minimizes the risk of information leakage and enables a reliable 
assessment of model robustness. 

Table 1. Training configuration for the proposed DeBERTa-based stance detection model. 

Component Configuration 

Pre-trained model DeBERTa-base 

Fine-tuning strategy End-to-end (all layers updated) 

Optimizer AdamW 

Learning rate 2 × 10−5 

Weight decay 0.01 

Learning rate scheduler Linear decay with warm-up 

Warm-up proportion 10% of total training steps 

Gradient clipping Max norm = 1.0 

Batch size 16 

Maximum sequence length 256 

Epochs (cross-validation) 2 epochs per fold 

Epochs (final model) 3 epochs 

Cross-validation strategy Stratified K-Fold 

Number of folds 5 

Loss function Cross-entropy loss 

Random seed 42 

 
Model optimization is performed using the AdamW optimizer, widely adopted for fine-

tuning large pre-trained language models due to its effective weight decay. A conservative 
learning rate is employed to prevent disruption of the contextual representations learned 
during pre-training. To further stabilize training, a linear learning rate scheduler with a warm-
up phase is applied, gradually increasing the learning rate at the early stage of training before 
decaying it linearly over the remaining training steps. 

Gradient clipping is used to control the magnitude of gradients and improve numerical 
stability. Training is conducted with a moderate batch size and a fixed maximum input 
sequence length, balancing computational efficiency and contextual coverage for long news 
articles. During cross-validation, the number of training epochs per fold is intentionally 
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limited to provide a conservative estimate of generalization performance while maintaining 
computational tractability. After cross-validation, a final model is trained from scratch on the 
full training pool using a slightly longer training schedule, and its performance is evaluated 
once on the held-out test set following the same preprocessing and configuration. All 
experiments are conducted with fixed random seeds to guarantee reproducibility. A summary 
of the training and evaluation configuration used throughout the experiments is reported in 
Table 1. 

3.5. Evaluation Protocol 

Model performance is evaluated using standard classification metrics, including accuracy, 
precision, recall, and F1-score. Metrics are computed both in a weighted manner and per class 
to account for class imbalance. Evaluation is performed at two levels: (i) across all validation 
folds to assess stability and generalization, and (ii) on a held-out test set to provide an unbiased 
estimate of final model performance. In addition to aggregate metrics, confusion matrices 
and predicted probability distributions are analyzed to provide deeper insights into model 
behavior across stance categories. This evaluation protocol emphasizes balanced and 
interpretable performance assessment, ensuring that improvements are not driven solely by 
dominant classes. 

4. Results and Discussion 

This section presents the experimental results and discusses the performance character-
istics of the proposed DeBERTa-based stance detection framework. The analysis focuses on 
dataset characteristics, model performance under cross-validation and test conditions, error 
patterns across stance categories, and comparison with representative prior studies. 

4.1. Dataset Characteristics and Class Distribution 

The experiments in this study are conducted on the Fake News Challenge Stage 1 (FNC-
1) dataset, which is publicly available at https://github.com/FakeNewsChallenge/fnc-1.The 
dataset consists of headline–article pairs annotated with stance labels that describe the rela-
tionship between a claim (headline) and its corresponding news article body. 

 

Figure 6. Class distribution of the FNC-1 dataset before and after stance-relevant filtering. 

As illustrated in Figure 6 (left), the original dataset exhibits a severe class imbalance. The 
unrelated class dominates the distribution with 36,545 instances (73.1%), while the disagree 
class accounts for only 840 instances (1.7%). The remaining samples belong to the discuss 
class (8,909 instances, 17.8%) and the agree class (3,678 instances, 7.4%). This extreme skew 
poses a major challenge for stance detection, as high overall accuracy can be achieved by 
exploiting topic-relatedness rather than learning genuine argumentative relations between 
claims and articles. Moreover, the overwhelming prevalence of unrelated instances substan-
tially increases the computational cost during training while providing limited information for 
learning stance-specific representations. 

https://github.com/FakeNewsChallenge/fnc-1
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To focus the analysis on stance-relevant interactions and avoid conflating stance classi-
fication with topic-relatedness, all instances labeled as unrelated are removed prior to model 
training and evaluation. This filtering choice simultaneously reduces unnecessary computa-
tional overhead and enables a more efficient allocation of model capacity toward learning 
argumentative relations of interest. The resulting three-class dataset contains 13,427 instances, 
composed of discuss (66.4%), agree (27.4%), and disagree (6.3%) classes, as shown in Figure 
6 (right). This stance-relevant formulation is consistent with prior work that explicitly sepa-
rates topic relevance from argumentative stance when analyzing the FNC-1 dataset. Although 
class imbalance remains, the filtered distribution better reflects a realistic stance detection 
scenario, where neutral or discussion-oriented texts are naturally more frequent than explicit 
opposition. 

The before–and–after comparison in Figure 6 highlights the motivation for this filtering 
choice and clarifies that all subsequent experiments and comparisons in this study are con-
ducted under the three-class stance-relevant setting. In addition to improving methodological 
focus, this design choice contributes to a more computationally tractable and reproducible 
experimental setup, particularly for document-level Transformer fine-tuning. This compari-
son further motivates the use of Stratified K-Fold Cross Validation in subsequent experi-
ments, ensuring that class proportions are preserved across training and evaluation splits de-
spite the skewed distribution. 

4.2. Experimental Setup and Training Overview 

To ensure transparency and reproducibility, all experiments are conducted within a fixed, 
explicitly defined computational setup. Text preprocessing is intentionally lightweight and 
limited to basic cleaning operations, allowing the model to learn stance-related representations 
directly from the raw claim–context pairs without task-specific normalization or handcrafted 
feature augmentation. Model training follows an end-to-end fine-tuning strategy using the 

AdamW optimizer with a learning rate of 2 × 10−5, which is commonly used to stabilize 
gradient updates in pre-trained Transformer models. All parameters of the DeBERTa-base 
encoder and the classification head are updated jointly, without freezing layers or performing 
hyperparameter search. To ensure fair evaluation under class imbalance, stratified cross-vali-
dation is applied consistently across all experiments. 

All training and evaluation procedures are implemented using the HuggingFace Trans-
formers ecosystem with PyTorch Lightning as the training framework, and executed on an 
NVIDIA Tesla T4 GPU. This controlled experimental environment ensures that the reported 
results are attributable to the modeling approach rather than variations in hardware configu-
ration or optimization settings. This standardized setup provides a reliable foundation for the 
quantitative performance analysis presented in the following section. 

4.3. Cross-Validation Results and Stability Analysis 

Model performance is first evaluated using 5-fold Stratified Cross-Validation to assess 
robustness and stability in the imbalanced three-class stance detection setting. Quantitative 
results for each validation fold are summarized in Table 2, using accuracy, precision, recall, 
and F1-score as evaluation metrics. 

Table 2. Cross-validation performance of the proposed DeBERTa-base model across five folds. 

Fold Accuracy Precision Recall F1-Score 

Fold 1 0.9311 0.9305 0.9311 0.9307 

Fold 2 0.9395 0.9398 0.9395 0.9387 

Fold 3 0.9372 0.9381 0.9372 0.9374 

Fold 4 0.9353 0.9345 0.9353 0.9344 

Fold 5 0.9437 0.9433 0.9437 0.9429 

Average ± Std 0.9373 ± 0.0042 0.9372 ± 0.0044 0.9373 ± 0.0042 0.9368 ± 0.0041 

 

As reported in Table 2, the proposed model achieves consistently strong performance 
across all validation folds, with average accuracy and F1-score around 0.94. The close corre-
spondence among precision, recall, and F1-score indicates balanced classification behavior, 
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suggesting that the model does not rely disproportionately on the majority class. Performance 
variance across folds is low, with standard deviations below 0.005 for all metrics. This indi-
cates that the model’s predictions are stable and robust across different data partitions, despite 
the dataset's inherent class imbalance. Minor fluctuations across folds are expected due to 
differences in the distribution of minority classes, particularly the oppositional category. The 
cross-validation results demonstrate that the proposed end-to-end DeBERTa-based frame-
work achieves reproducible, reliable performance under stratified evaluation. This stability 
provides a solid basis for assessing the model’s generalization to unseen data, which is further 
examined using a held-out test set in the following section. 

4.4. Held-out Test Set Performance and Class-wise Analysis 

Figure 7 compares the average performance from 5-fold stratified cross-validation (Sec-
tion 4.3) with results on an independent held-out test set. Under cross-validation, the pro-
posed model demonstrates stable performance across all evaluation metrics, with average ac-
curacy and weighted F1-score of approximately 0.94. As discussed previously, this evaluation 
primarily reflects performance stability and variance across different data partitions, rather 
than final generalization performance. 

 

Figure 7. Comparison of cross-validation and test set performance 

As illustrated in Figure 7, performance on the held-out test set is consistently higher than 
the cross-validation averages across accuracy, precision, recall, and F1-score. This difference 
can be explained by two complementary factors. First, cross-validation typically provides a 
more conservative estimate of performance because each fold may contain less favorable dis-
tributions of minority classes, particularly the Oppositional category[40], [41].  Second, the 
final model evaluated on the held-out test set is trained on the entire training pool using a 
slightly longer training schedule (three epochs) compared to the two epochs per fold used 
during cross-validation, allowing the model to benefit from increased data exposure and ad-
ditional optimization steps. Such behavior is consistent with established evaluation practices 
and does not, by itself, indicate overfitting or information leakage when data splits are 
properly isolated. The observed performance gap between cross-validation and held-out test 
evaluation remains limited (approximately 2–3%) and is consistent across all reported metrics. 
According to prior methodological studies, small and systematic differences of this magnitude 
are generally expected in stratified evaluation settings, especially when final models are trained 
using more data and slightly longer optimization schedules [41], [42]. The close correspond-
ence between validation and test performance therefore suggests that the learned decision 
boundaries are stable and transferable to unseen data. 

To provide a more detailed assessment of generalization behavior under class imbalance, 
Table 3 reports precision, recall, and F1-score for each stance category on the held-out test 
set, together with macro-averaged and weighted-averaged results. While weighted metrics re-
flect overall performance dominated by the majority classes, macro-level evaluation assigns 
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equal importance to each stance category and is therefore more informative for assessing 
minority-class behavior in the three-class stance-relevant setting. 

Table 3. Class-wise precision, recall, and F1-score on the held-out test set. 

Class Precision Recall F1-score Support 

Oppositional 0.9247 0.8036 0.8599 168 

Neutral 0.9766 0.9832 0.9799 1782 

Supportive 0.9370 0.9497 0.9433 736 

Macro Average 0.9461 0.9122 0.9277 – 

Weighted Average 0.9625 0.9628 0.9623 – 

 
As shown in Table 3, the proposed model achieves the strongest performance on the 

Neutral and Supportive classes, which together account for the majority of instances in the 
dataset. Performance on the Oppositional class remains comparatively lower due to its limited 
representation (approximately 6% of the data). Nevertheless, recall for the Oppositional class 
reaches approximately 80%, indicating reasonable sensitivity to oppositional stances. When 
interpreted alongside the macro-F1 score of 0.9277, these results indicate that the model 
achieves a reasonably balanced trade-off across stance categories under severe class imbal-
ance, rather than uniform class-wise performance. Taken together, the evidence from cross-
validation stability (Section 4.3), held-out test evaluation, class-wise analysis (Table 3), and the 
comparison illustrated in Figure 7 demonstrates that the proposed end-to-end DeBERTa-
based framework exhibits robust and reproducible behavior under stratified evaluation. The 
evaluation protocol and observed results align with best practices for assessing Transformer-
based text classification models on imbalanced stance detection benchmarks 

4.5. Confusion Matrix and Probability Distribution Analysis 

To further analyze class-wise performance and prediction behavior, the model’s outputs 
on the test set are examined using confusion matrices and softmax probability distributions, 
as illustrated in Figures 8 and 9.  

 
(a) (b) 

Figure 8. Confusion matrix (a) and normalized confusion matrix; (b) for the DeBERTa-based stance 
detection model on the test set. 

Figure 8 presents the confusion matrix and its normalized counterpart for the three 
stance classes: Oppositional, Neutral, and Supportive. The diagonal entries indicate correct 
classifications, while off-diagonal entries represent misclassifications. As shown in Figure 8(a), 
the model correctly classifies 1,752 Neutral, 699 Supportive, and 135 Oppositional instances. 
Misclassifications are relatively limited and primarily occur between semantically adjacent clas-
ses. For example, a small number of Oppositional instances are predicted as Neutral (10 
cases), and some Supportive instances are misclassified as Neutral (32 cases), reflecting the 
inherent ambiguity between neutral discussion and weakly polarized stances. 
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The normalized confusion matrix in Figure 8(b) highlights class-wise recall performance. 
The Neutral class achieves the highest recall (98.3%), followed by Supportive (95.0%) and 
Oppositional (80.4%). The comparatively lower recall for the Oppositional class can be at-
tributed to its smaller sample size and the tendency of oppositional language to be expressed 
implicitly or through nuanced argumentation, which often overlaps with neutral discourse. 
This observation is consistent with prior findings that stance detection systems struggle most 
with minority and implicitly expressed opposition classes. 

To complement the confusion matrix analysis, Figure 9 presents the distribution of soft-
max probability scores for each stance class on the test set. The histograms provide insight 
into the confidence characteristics of the model’s predictions across different stance catego-
ries. As shown in Figure 9(b), the Neutral class exhibits a strong concentration of predicted 
probabilities near 1.0, with a mean probability of 0.667. This distribution indicates high model 
confidence and well-defined decision boundaries for neutral statements, which constitute the 
majority class in the dataset. In contrast, the Supportive class in Figure 9(c) shows a broader 
probability distribution with a moderate mean value of 0.278, reflecting a wider range of con-
fidence levels and increased semantic variability in supportive expressions. The Oppositional 
class, illustrated in Figure 9(a), displays a markedly lower mean probability of 0.055, with most 
predictions clustered near zero and only a small fraction receiving high confidence scores. 
This behavior is expected given the relatively limited number of oppositional samples and 
their frequent semantic overlap with neutral or weakly supportive statements. 

 
(a) (b) 

 
(c) 

Figure 9. Distribution of softmax probability scores for each stance class on the test set: (a) Opposi-
tional; (b) Neutral; and (c) Supportive. 

The probability distributions demonstrate that the model does not produce uniformly 
flat or ambiguous predictions. Instead, it converges toward confident class assignments when 
sufficient semantic evidence is present, while appropriately reflecting uncertainty in more 
challenging cases. When considered jointly with the confusion matrix results shown in Figure 
8, these findings indicate that the proposed DeBERTa-based stance detection model 
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effectively internalizes the semantic structure of claim–context relations and maintains bal-
anced decision-making across stance classes despite inherent dataset imbalance. 

4.6. Comparative Evaluation with Prior Studies and Other End-to-End Models 

Table 4 places the proposed approach in the context of representative prior studies and 
baseline models evaluated on the same benchmark. All comparisons are conducted under the 
same three-class stance-relevant formulation of the FNC-1 dataset and follow a consistent 
preprocessing and evaluation protocol. Compared to the feature-engineered ensemble ap-
proach of Altheneyan and Alhadlaq [6], the proposed DeBERTa-base model achieves sub-
stantial improvements across all evaluation metrics, with an absolute gain of approximately 
+4% in F1-score and +3% in accuracy. This performance gap highlights the limitations of 
feature-heavy pipelines. It suggests that direct end-to-end contextual representation learning 
is more effective for capturing implicit stance relations in long news texts. 

When compared with the Transformer-based method of Karande et al. [19], which rep-
resents a strong stance-related neural baseline, the proposed model still demonstrates con-
sistent gains, achieving higher precision, recall, F1-score, and accuracy. While Karande et al. 
incorporate stance as part of a broader credibility analysis pipeline rather than as a standalone 
stance classification task, the observed improvements indicate that end-to-end fine-tuning of 
modern Transformers can achieve competitive, and often superior, performance in a stance-
relevant evaluation setting. 

In addition to prior studies, Table 4 also reports results for commonly used Transformer 
baselines, including BERT, RoBERTa, and ALBERT, which are widely adopted in stance 
detection and text classification research. These models are fine-tuned under the same exper-
imental conditions as the proposed approach, including identical preprocessing, input formu-
lation, and number of training epochs, ensuring a fair and controlled comparison. Among 
these baselines, RoBERTa achieves strong performance, reflecting its robust pre-training 
strategy, while BERT and ALBERT exhibit comparatively lower but stable results. 

Table 4. Comparison with prior studies and other end-to-end models. 

Ref Precision Recall F1-Score Accuracy 

Altheneyan and Alhadlaq [6] 92.03 92.45 92.25 93.45 

Karande et al. [19] 94.81 94.81 95.89 95.85 

BERT 93.56 93.71 93.62 93.71 

RoBERTa 95.23 95.23 95.22 95.23 

AlBERT 92.92 92.93 92.86 92.93 

DeBERTa (proposed) 96.25 96.28 96.23 96.28 

 

Notably, the proposed DeBERTa-base model consistently outperforms all Transformer 
baselines considered, including RoBERTa, across all reported metrics. These gains are 
achieved without architectural augmentation, feature fusion, or auxiliary training objectives, 
and are primarily attributed to DeBERTa's improved representational capacity, particularly 
its disentangled attention mechanism and enhanced contextual encoding. This observation 
aligns with prior findings that DeBERTa is more effective in modeling long-range semantic 
and argumentative dependencies, which are critical for document-level stance detection. 

From a methodological perspective, these results suggest that model simplicity and per-
formance are not necessarily competing objectives. Rather than introducing additional com-
plexity through ensembles or task-specific modules, the results demonstrate that a carefully 
configured, end-to-end fine-tuning strategy can fully leverage the strengths of modern Trans-
former architectures. This is particularly relevant for stance detection, where robustness, re-
producibility, and transparency are essential for both research comparability and real-world 
deployment. 

More broadly, the comparison highlights a shift in stance detection research from fea-
ture-centric optimization toward representation-centric learning, where the quality of contex-
tual embeddings plays a dominant role. While the proposed approach does not claim universal 
superiority across all possible stance-detection settings, the consistent improvements ob-
served under a controlled, stance-relevant evaluation protocol indicate that modern Trans-
former architectures—when fine-tuned in a principled, reproducible manner—are sufficient 
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to achieve strong, reliable performance on document-level stance-detection benchmarks. This 
finding supports the broader argument that future research should prioritize transparent end-
to-end modeling strategies over increasingly complex feature engineering pipelines. 

5. Conclusions 

This study evaluated an end-to-end Transformer fine-tuning approach based on 
DeBERTa-base for stance detection in news text. The experimental results demonstrate that 
directly updating all parameters of a pre-trained Transformer, without additional feature en-
gineering or hybrid architectures, is sufficient to capture argumentative relations between 
claims and their contextual evidence. Under stratified evaluation, the proposed model exhibits 
stable and balanced overall performance, indicating its ability to generalize effectively in the 
presence of class imbalance and implicitly expressed stances. The findings confirm that a 
simplified, end-to-end fine-tuning strategy can serve as a reliable alternative to more complex 
stance detection pipelines. While the model achieves strong overall performance, its effec-
tiveness under class imbalance should be interpreted with caution: the oppositional (disagree) 
class remains highly underrepresented, and although recall for this class reaches approxi-
mately 80%, the results indicate that the approach is reasonably robust given severe class 
imbalance, rather than fully insensitive to it. 

From a methodological standpoint, adopting a three-class stance-relevant formulation 
also yields a more focused and tractable learning problem. By excluding instances labeled as 
unrelated, the model is encouraged to concentrate on genuine argumentative relations be-
tween claims and contextual evidence, while reducing unnecessary complexity introduced by 
topic-related but non-argumentative pairs. This design choice not only clarifies the scope of 
stance analysis but also supports a more efficient and reproducible experimental setup for 
document-level Transformer fine-tuning, without altering the fundamental nature of the 
stance detection task. From a practical perspective, the proposed framework contributes to 
the development of stance detection systems that are transparent, reproducible, and easy to 
deploy. By emphasizing methodological simplicity and standard evaluation protocols, this 
study provides a practical baseline that can be readily adopted or extended in related research 
on media bias analysis and misinformation detection. It is important to note that the reported 
results are specific to the three-class stance-relevant formulation adopted in this study and 
should not be directly generalized to the original four-class FNC-1 setting without further 
investigation. 

Nevertheless, this work has several limitations. The evaluation is conducted on a single 
benchmark dataset and focuses on a three-class stance formulation, which may limit general-
izability across domains or more fine-grained stance categories. In addition, the study does 
not compare different Transformer architectures or investigate the impact of alternative fine-
tuning strategies. Future research may extend this work by evaluating cross-domain generali-
zation, incorporating multilingual datasets, or examining parameter-efficient fine-tuning 
methods to improve further scalability, robustness, and applicability in real-world scenarios. 
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