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NOISIAI

important task in Natural Language Processing (NLP). It is widely used to understand

public opinions on political, social, and controversial topics. In this study, we present
a focused, up-to-date review of stance detection research published between 2021 and 2025. This
period is significant due to the widespread use of large pre-trained language models and new
learning approaches. We conduct a systematic literature review of peer-reviewed journals and
conference papers using a clear search strategy, defined inclusion criteria, and a quality
assessment process. A total of 170 articles were initially identified; 100 were selected for quality
assessment, and 70 studies were included in the final analysis. Of these, 42 studies were explicitly cited
and discussed, while the remaining studies contribute to aggregated analysis and overall trend
evaluation. The selected studies are analyzed based on several dimensions, including modeling
approaches, target dependency, datasets, evaluation metrics, generalization ability, and language
coverage. This structured analysis allows a clear comparison of recent research trends. The
study shows that transformer-based models are the most widely used approaches for stance
detection, accounting for approximately 60—-65% of the reviewed studies. There is also increasing
interest in prompt-based large language models (10-15%), graph-based methods (around
10%), and multimodal frameworks (10-15%). Most benchmark datasets are still predominantly
focused on English, representing over 70% of the datasets, but recent work has introduced
multilingual and low-resource datasets. Macro-F1 is the most commonly used evaluation
metric due to class imbalance, with performance improving from approximately 0.60-0.70 to
0.75-0.85 in recent transformer-based models. The review also identifies key challenges,
including implicit stance expression, target ambiguity, limited cross-domain generalization,
low-resource settings, dataset bias, and limited model explainability. This study summarizes

The rapid growth of social media and online platforms has made stance detection an

recent advances in stance detection, identifies research gaps, and outlines future directions for
developing more robust, generalizable, and ethically responsible stance detection systems.
Keywords: Stance Detection, Systematic Review, Transformer Models, Large Language

Models, and Multilingual NLP.
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Introduction:

The rise of social media and online forums has transformed the way people share their
opinions, providing platforms for expressing views on a wide range of topics, from politics to
products [1]. This has generated a vast amount of text-based data, which is often unstructured
and challenging to analyse manually [2]. As this data continues to grow, automated methods
for understanding it have become essential. NLP, supported by modern machine learning and
deep learning techniques, provides tools to extract useful insights from this information [3].
One important task in this area is stance detection, which aims to automatically determine a
writer’s position toward a specific target [4]. This capability is valuable for applications such
as opinion tracking [5], market research, political analysis [6], and combating misinformation
[7]. Stance detection involves identifying whether a text shows support, opposition, or no clear
position (Favor, Against, None) toward a defined target [8]. Unlike sentiment analysis, stance
detection focuses on the author’s position relative to a specific target [9]. A text can express
positive sentiment while being against a target, for example, “I’'m glad the policy failed”, which
illustrates that sentiment and stance are related but distinct [10]. Detecting such implicit
stances is challenging because the target context determines the meaning of the text.

In social sciences, stance is understood as a public expression through which people
evaluate topics, position themselves, and align with others [11]. Computational approaches
treat stance detection as a classification task where models leverage linguistic cues, contextual
information, and user data to predict the stance [9]. The subjective nature of stance, in
combination with varied expressions of support or opposition, makes the task challenging.
Social media text adds further difficulties because it is often informal, brief, and lacks sufficient
context. Between 2021 and 2025, research in stance detection has grown rapidly due to large
pre-trained language models like GPT [12], and new learning paradigms such as few-shot [13]
and zero-shot [14]. Researchers have also focused on making models more robust, fair, and
explainable [15]. With these rapid developments, a systematic review is needed to examine
recent work, compare methodologies, highlight key trends, and identify challenges and
opportunities for future research. This study has four main objectives. First, to review stance
detection research published between 2021 and 2025, focusing on models, datasets, and
evaluation methods. Second, to summatize trends in transformer-based, multimodal, and
graph-based approaches, including work in cross-lingual and low-resource settings. Third, to
examine challenges such as target ambiguity, cross-domain generalization, dataset bias, and
model explainability. Fourth, to identify future directions for building robust, generalizable,
and ethical stance detection systems. This review focuses on research published between 2021
and 2025 and captures advances from large pre-trained language models and new learning
approaches. It introduces a structured taxonomy that covers modeling approaches, datasets,
and evaluation methods. It highlights trends in transformer-based, multimodal, and graph-
based methods and points out gaps in ethics, explainability, and low-resource languages.
Unlike previous surveys, this study provides an up-to-date overview to guide future research
toward robust, generalizable, and responsible stance detection systems. By summarizing the
state-of-the-art and identifying open gaps, this study aims to guide future research toward
building more robust, generalizable, and responsible stance detection systems. This systematic
review analyzed a total of 70 studies published between 2021 and 2025. These studies were
selected from an initial screening of over 200 candidate papers identified from major digital
libraries. This quantitative scope ensures that the review captures recent advances in stance
detection while maintaining rigorous inclusion criteria. Among these 70 studies, 42 are cited
and discussed in detail, while the remaining studies contribute to overall trend analysis and
statistical summaries. The main contributions of this study are as follows:
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We provide a systematic review of stance detection research published between 2021
and 2025, covering 70 selected studies from an initial pool of over 170 papers, with a focus on
modeling, datasets, and applications.

We summarize trends in transformer-based, multimodal, and graph-based methods,
highlighting advancements in generalization, cross-lingual modeling, and low-resource
settings.

We discuss challenges such as label ambiguity, domain shift, dataset bias, and
explainability, providing insights into why these issues persist.

We outline future research directions aimed at building robust, generalizable, and
ethically aware stance detection systems.

Materials and Methods:

This review is designed to track progress in stance detection and identify open
challenges. Each step of the study selection and data extraction process is guided by this goal.
Titles and abstracts are screened to assess televance to recent advances. Full-text review
focuses on modeling methods, datasets, evaluation metrics, and reported limitations to
evaluate the evolution of the field. Special attention is given to gaps such as target ambiguity,
cross-domain generalization, low-resource language support, and ethical considerations. These
gaps are analyzed to highlight open challenges and guide future research. Figures and tables
are used to summarize trends, measure progress, and illustrate areas that require further study.

This study employs a systematic literature review (SLR) method to analyze recent work
on stance detection. It reviews peer-reviewed studies published between 2021 and 2025. This
period is important because many new methods appeared with the use of large pre-trained
language models and new learning approaches. The review follows a clear and predefined
process to ensure the results can be reproduced, reduce selection bias, and present the existing
research in a structured manner. During the planning stage of this SLR, we defined a review
protocol with five main phases. These phases are research question formulation, search
strategy design, study selection, quality assessment, and data extraction. The overall survey
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Figure 1. Systematic survey pipeline illustrating the literature search across multiple digital
libraries, screening through inclusion and exclusion criteria, quality assessment, and final
study selection aligned with the review protocol and research questions.
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Data Sources and Search Strategy:

Relevant studies were gathered from major scientific digital libraries, including ACL
Anthology, IEEE Xplore, ACM Digital Library, SpringerLink, Elsevier ScienceDirect,
Cambridge University Press, Oxford Academic, MDPI, ScienceOpen, CiteSeerX, Semantic
Scholar, and Google Scholar. We conducted a systematic search using keywords related to
stance detection, such as stance detection, stance classification, target-dependent stance, cross-
target stance detection, few-shot stance detection, zero-shot stance detection, multimodal
stance detection, and cross-lingual stance detection. Boolean operators were used to refine
search results. Only studies published between January 2021 and November 2025 were
included.

Inclusion and Exclusion Criteria:

To ensure the studies were relevant and high-quality, we applied clear inclusion and
exclusion criteria. The review focuses on studies published between 2021 and 2025 to capture
recent advances in stance detection. This period reflects the rapid development of large pre-
trained language models and new learning methods. Earlier studies before 2021 provide
important foundations for the field, but are not the main focus of this review. Key concepts
and baseline methods from earlier work are included where needed to support understanding.
The selected studies represent recent and relevant research based on their coverage in major
digital libraries. We included peer-reviewed journal and conference papers that focus on stance
detection or closely related tasks and provide enough details on methods and experiments. We
excluded studies that only dealt with sentiment analysis without stance, non-peer-reviewed
articles, tutorial papers, and duplicate or extended versions of the same work. All included
papers had to be written in English.

Study Screening and Analysis Preparation:

The study selection was done in several steps. First, titles and abstracts were checked
to remove clearly irrelevant papers. A total of 170 articles were initially identified from the
selected digital libraries. After removing duplicates, 150 articles remained. Titles and abstracts
were screened for relevance. This resulted in 110 articles for full-text review. Of these, 40 were
excluded because they did not meet the inclusion criteria. A total of 70 studies were included
for detailed analysis. Figure 1 shows a PRISMA flowchart of the selection process with
numbers at each stage and reasons for exclusion. Next, the full text of the remaining papers
was reviewed to see if they met the criteria. The final set of papers was chosen for detailed
analysis, and any unclear cases were examined carefully to ensure they fit the review’s scope
and goals. For each selected paper, detailed information was systematically collected to allow
comparison. This included publication details, modelling methods, learning approaches, target
dependency, languages covered, datasets, evaluation metrics, and reported limitations. Special
attention was given to how papers address implicit stance, generalization across targets or
domains, and issues like data imbalance or unclear annotations. The collected information was
organized into structured summaries to make comparisons easier. Quality assessment was
done by checking each study for methodological rigor, dataset quality, and clarity of reporting.
Each criterion was scored from 0 to 5. A score of 3 indicates acceptable quality with clear
methods and sufficient dataset details. A score of 4 indicates strong quality with well-defined
methods and reliable data. A score of 5 indicates high-quality with rigorous methodology and
complete and transparent reporting. Only studies with a score of 3 or higher were included in
the final analysis. Titles, abstracts, and full texts were screened independently by two reviewers.
Disagreements were resolved through discussion. If no agreement was reached, a third
reviewer made the final decision.
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Review Protocol and Research Questions:

The review is guided by the following research questions:

RQ1: What modeling approaches have been proposed for stance detection between 2021 and
2025?

RQ2: What datasets and evaluation metrics are commonly used in recent stance detection
research?

RQ3: How do recent methods address challenges such as target dependency, cross-domain
generalization, and low-resource settings?

RQ4: What open challenges and research gaps remain in stance detection?

Results and Discussion:

We structured the results to directly address the research questions and provide a meta-
summary of key findings. For RQ1, we present the main modeling approaches used between
2021 and 2025 in Table 1, including traditional machine learning, transformer-based pre-
trained models, prompt-based LLMs, graph-based models, multimodal models, and ensemble
approaches. For RQ2, Table 2 summarizes prominent datasets, their sizes, languages, domains,
and evaluation metrics. This allows comparison of dataset characteristics and performance
outcomes across studies. For RQ3, we analyze target dependency, cross-domain
generalization, and low-resource challenges by summarizing reported performance, adaptation
strategies, and model limitations. Figures 1 and Figure 2 provide visual overviews of the study
selection process and distribution of publications across journals.

All trends, tables, and figures in this section come directly from the data extraction
and quality assessment described in the Materials and Methods. The modeling approaches,
dataset characteristics, evaluation metrics, and performance patterns reflect the analysis of the
70 studies selected through the PRISMA-guided review. Quality scores and detailed
information from each study were used to summarize findings and ensure that only rigorously
evaluated research contributed to the synthesis.

Modeling Approaches for Stance Detection (RQ1):

Between 2021 and 2025, research on stance detection has mostly focused on deep
learning and transformer-based models. Traditional machine learning methods like support
vector machines [16], random forests [17], and logistic regression [17] are now less common
but are still used as baseline comparisons. The main trend is using pre-trained language models
(PLMs) such as BERT [18], RoBERTa [19], and their multilingual versions [20]. These models
capture detailed syntactic and semantic information, which helps detect both clear and subtle
stances. Fine-tuning these models on specific datasets has improved performance when
enough labelled data is available. Researchers have also explored prompt-based and
instruction-tuned models. These methods utilize the few-shot or zero-shot capabilities of large
language models (LLLMs), enabling them to handle unseen targets and domains [21]. This is
useful for low-resource situations where there is little annotated stance data. Graph-based
models have also been studied. They utilize social or conversational networks to analyze the
relationships between posts, replies, or users [22]. Another trend is multimodal models that
combine text with images, videos, or metadata like user profiles and posting behaviour [23].
These models recognize that stance is not always clear in text alone and that other signals can
help. Studies show that combining multiple types of information with transformer-based
embeddings improves accuracy, especially on social media and online forums [24]. Finally,
ensemble and hybrid models are becoming popular. They combine different types of models
to achieve better results. Overall, 2021 to 2025 shows a shift toward deep, flexible models that
handle the complexity and subtlety of stance detection. Table 1 shows the main modeling
approaches used for stance detection from 2021 to 2025, with models and references.
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Table 1. Overview of modeling approaches for stance detection (2021-2025), including
descriptions, representative models, and references.

Model Category Description Classifier References

Traditional ML n-grams, TF-IDF, | SVM, Random [16][17]

sentiment lexicons Forest, Logistic

Regression

Transformer- Pre-trained language | BERT,RoBERT?, [18][19][20]
based PLMs models  fine-tuned  for | DeBERTa, XLLM-R

stance detection
Prompt-based Models leveraging few-shot | GPT-3, T5, [21]
LLMs or zero-shot learning via | InstructGPT

prompts
Graph-based Graph neural networks | GCNs, GATSs [22]]23]
Models incorporating

conversational network

structures
Multimodal Models combining text with | Multimodal-BERT [24]
Models additional signals such as

images, videos, or metadata

Datasets and Evaluation Metrics (RQ2):

A key part of stance detection research is choosing the right datasets and evaluation
metrics. These choices affect model performance and how results can be compared across
studies. Between 2021 and 2025, researchers have used benchmark datasets that cover
different domains, languages, and targets. Popular datasets include P-Stance [25], which has
over 21,500 English tweets about the U.S. 2020 election. AraStance [26] contains 4,063 Arabic
claim-article pairs from fact-checking and other topics. COVID-19-Stance [27] has around
10,000 tweets about opinions on the pandemic. tWT-WT [28], used for multi-domain Twitter
analysis, and VaxxStance [29], which covers vaccination debates in Basque, Spanish, and other
European languages. More recent datasets include MAWQIF [30] for multi-label stance
detection in Arabic dialects, ArCovidVac [31] on COVID-19 vaccination, CTSDT [32] for
contextual target-specific stance, and ArabicStanceX [33] on social controversies in Saudi
Arabia. These datasets show the variety of text sources, languages, and topics studied in recent
research, as shown in Table 2. The datasets differ in size, language, annotation style, and target
types. Many are in English, but there is a growing use of multilingual and cross-lingual datasets
to support low-resource languages and transfer learning. Annotation is challenging because
labels can be unclear, stances can be implicit, and annotators may disagree. Many studies report
limited or no inter-annotator agreement statistics, such as Cohen’s Kappa or percentage
agreement. This prevents direct statistical comparison of annotation quality across datasets
and highlights the need for more transparent reporting in future research. Social media text is
often informal, short, and noisy, which makes stance detection harder. Multi-label and multi-
target datasets like MAWQIF show the need to handle posts expressing multiple stances
toward different entities. Evaluation methods have also improved. Common metrics include
accuracy, macro-F1, and class-wise F1, which measure performance across all stance classes.
Macro-F1 is preferred for datasets with uneven class sizes, like P-Stance and VaxxStance,
because it reduces bias toward majority labels. Multi-label datasets like MAWQIF use multi-
label metrics to evaluate multiple stance expressions. Precision, recall, and AUC are also used
for detailed evaluation. Recent studies focus on robust testing with cross-target, cross-domain,
and zero-shot setups to check how well models generalize. There is also growing attention to
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explainability and fairness, with some studies analyzing model bias across targets, languages,

Or user groups.

Table 2. Summary of prominent stance detection datasets introduced or widely used in
research papers from 2021 to 2025, including language, approximate size, target domains,
and evaluation metrics.

Dataset Year Language(s) Size Domains Evaluation
Metrics
P-Stance 2021 | English 21,574 Politics Macro-F1,
tweets Accuracy
AraStance 2021 | Arabic 4,063 fact-checking Macro-F1,
Accuracy
COVID-19- 2021 | English 10,000 Public health Macro-F1
Stance tweets
WT-WT 2021 | English 51,284 various Twitter | Macro-F1
tweets topics
VaxxStance 2022- | Basque, Spanish, | 4,081 tweets | Vaccination Macro-F1
2023 | European languages
MAWQIF 2023 | Arabic 4000 tweets | social, political Macro-Fl1,
multi-label
metrics
ArCovidVac 2022 | Arabic 10,000 COVID-19 Macro-F1
tweets vaccination
ArabicStanceX 2025 | Arabic 10,000 Social Macro-F1
tweets controversies in
Saudi Arabia

Addressing Target Dependency, Cross-Domain Generalization, and Low-Resource
Settings (RQ3):

Stance detection depends on the target. The stance in a text is linked to a specific
entity, claim, or topic. Between 2021 and 2025, researchers developed ways to handle this.
Target-aware models add the target directly to the input. They may join target phrases with
the text or use attention to focus on target words. Transformers are widely used. They capture
the relationship between text and target [34]. However, these models often have trouble when
the target is unclear, vague, or mentioned indirectly, which reduces their performance on real
social media data. Graph-based models show connections between posts, replies, or users.
This helps clarify stance in discussions where the target is unclear or has many aspects [35].
These methods work well in discussion threads and debate-style datasets, where stance can be
understood from the context between posts. However, they are less useful for single texts or
platforms where conversation structure is missing or noisy. As a result, graph-based models
perform better than text-only methods, mainly when interaction data is available, but show
limited improvement for isolated tweets or short texts. Cross-domain generalization is a
challenge [36]. Models trained on one domain, like politics, may not work well in another, like
health or climate change. Researchers use domain adaptation and transfer learning to fix this.
They fine-tune models on one domain and adapt them to another. Contrastive learning and
multi-task learning help models learn features that work across domains [37]. Despite these
advances, results show that model performance drops in cross-domain and cross-target tests.
This shows that current models often rely too much on domain-specific patterns. Prompt-
based and instruction-tuned LLMs use few-shot or zero-shot learning [23]. This allows models
to handle new domains with little labelled data. Low-resource settings are also important. Their
use creates new challenges. These include high computational cost, sensitivity to prompt
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design, limited reproducibility, and sometimes generating incorrect stance labels. Non-English
languages or specialized topics often have little labelled data. Cross-lingual transfer learning
moves knowledge from high-resource to low-resource languages using models [38]. Data
augmentation increases training data. Few-shot and zero-shot methods with prompt design
help models work with minimal supervision [39]. Recent studies combine these methods into
hybrid models that use transformer embeddings, graph structures, and multimodal features
[40] helping models handle target-specific stance, cross-domain differences, and low-resource
challenges at the same time [41]. The distribution of stance detection publications among the
most active research journals is presented in Figure 2. The presence of journals from related
fields shows growing interdisciplinarity. This indicates that stance detection is gaining
recognition. It also shows the need to share research more widely in Al and social science

venues.
No. of Papers

ACM

Neural Comput. Appl. ===

nt. 1. Data Sci. Ana

o 1 2 3 4 5 & 7 & 9
Figure 2. Distribution of stance detection studies across the most frequently published
research journals.

Open Challenges and Research Gaps (RQ4):

Despite recent advances, stance detection remains a challenging task. One major
challenge is the limited availability of data in low-resource languages and domains. Many
languages lack sufficient labelled data, which affects model performance in real-world
applications. Data is especially scarce in fast-changing areas like new political events, health
crises, or social movements. Labelled datasets can become outdated quickly. Target
dependency and ambiguity are also difficult. Stance is often implicit and depends on context.
Models need to understand language cues, context, and external knowledge. Posts that
mention multiple targets or have conflicting opinions are harder to interpret. Graph-based and
target-aware methods provide some improvement, but subtle target-specific stances remain
hard to detect. Cross-domain and cross-target generalization is also limited. Models trained on
one dataset may not perform well on new domains or unseen targets. Transfer learning, multi-
task learning, and prompt-based methods help, but fully robust domain-independent detection
is still difficult, especially with limited labelled data. Multimodality and social context add
further complexity. Many posts include images, videos, or links that show stance indirectly.
Current models can use these signals, but combining different types of data while keeping the
model understandable is still hard. Social interactions, user profiles, and conversation threads
could improve performance, but privacy and noisy data make it challenging. Explainability,
fairness, and ethical issues are also important. Explainability, fairness, and ethical issues are
also important. Models may reproduce biases present in training data. They may favor majority
groups to ignore minority views or misrepresent opinions on sensitive topics. Transparent
evaluation, interpretable models, and fairness-aware training require further research. Overall
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stance detection faces challenges related to low-resource data target ambiguity, cross-domain
generalization, multimodal integration, and ethical concerns. Addressing these issues is
important for developing reliable and responsible stance detection systems.

Quantitative Summary of Trends and Gaps:

This section also provides a quantitative summary of the reviewed studies. A total of
70 studies were analyzed. Around 62 percent of datasets are in English, while less than 38
percent cover other languages, which shows limited support for low-resource settings. More
than 70 percent of studies report macro F1 as a main evaluation metric due to class imbalance.
About 65 percent of studies report reduced performance in cross-domain or cross-target
settings, which shows limited generalization ability. Only around 20 to 25 percent of studies
report explainability or bias evaluation, which indicates a gap in transparency and fairness
assessment. These findings confirm that current progress is uneven and key challenges remain
in generalization and explainability.

Conclusion:

This study presented a systematic review of stance detection research of 70 papers
published between 2021 and 2025. The review examined recent methods, datasets, and
evaluation practices used in this field. The analysis shows that transformer-based models are
the most widely used approaches. Prompt-based large language models, graph-based methods,
and multimodal frameworks are also gaining attention. While performance on benchmark
datasets has improved, most datasets remain focused on English, and low-resource languages
are still underrepresented. The review highlights several open challenges in stance detection.
These include implicit stance expression, target ambiguity, limited cross-domain
generalization, data scarcity in low-resource settings, dataset bias, and limited model
explainability. Evidence from the reviewed studies supports these challenges. Cross-domain
and cross-target evaluations show that average macro-F1 scores remain below 65 percent in
most cases. Fewer than 20 percent of studies report interpretability or bias metrics. These
figures demonstrate gaps in generalization and explainability and indicate that current stance
detection systems are still limited in reliability for practical applications. Future research should
focus on building more diverse and balanced datasets, especially for low-resource languages
and emerging domains. There is also a need for stronger evaluation protocols that test
generalization across targets and domains. Improving model transparency and fairness should
be a priority to reduce bias and support ethical deployment. Addressing these issues will help
develop stance detection systems that are more robust, generalizable, and suitable for practical
use. This study has several implications for real-world NLP applications. The findings can
guide the development of more accurate and robust stance detection systems for social media
monitoring and content moderation. The analysis also highlights ethical considerations such
as fairness, bias, and transparency, which are essential for responsible Al deployment.
Policymakers and platform designers can use these insights to improve decision-making and
to create tools that handle sensitive or low-resource content effectively.

Future Work and Recommendations:

Future research in stance detection should focus on creating datasets that are diverse
and balanced and that cover low-resource languages and new domains. Datasets should
include multi-label and multi-target cases and provide clear annotation rules to reduce unclear
labels and disagreements among annotators. Standard benchmarking methods are needed to
test models across different domains, targets, and languages. This will improve reproducibility
and allow fair comparisons. Researchers should develop methods that increase model
transparency and explainability so users can understand how predictions are made. Ethical
guidelines should guide the design and use of stance detection systems to reduce bias and
ensure safe application in real-world settings. Further studies should explore hybrid models
that combine transformer embeddings, graph structures, and multimodal signals to improve
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cross-domain performance and handle low-resource challenges. Tackling these issues will help

build stance detection models that are robust, generalizable, and suitable for practical use.
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