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Abstract

Recently, with the rapid development of Al-generated content, misinformation and disinformation have been
spreading widely across various communication platforms, especially social networking services. This surge in
misleading information has amplified the demand for robust and reliable automated fact-checking (AFC) systems.
Although numerous approaches have been proposed, these systems have yet to gain users’ trust, as they often
provide predictions without accompanying explanations, limiting the transparency of these approaches. To
address this challenge, explainable AFC has emerged as an essential research direction that aims to provide the
explainability and trustworthiness of the AFC approaches. In this study, we present a comprehensive overview of
explainable AFC. We first introduce conventional explainable AFC methods and discuss recent approaches that
leverage Large Language Models and Vision-Language Models. Then, we review state-of-the-art datasets and
evaluation metrics to provide a broader understanding of the available resources and methodologies. Finally, we
highlight the limitations of current studies and provide research directions to support explainable AFC.
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1. Introduction

The rapid spread of multimodal misinformation and disinformation, especially Al-generated content,
across social media without moderation poses serious challenges to digital information reliability [1].
Disinformation refers to intentionally manipulated content created to mislead, raising concerns about
its potential to shape public opinion, influence elections, and erode trust in institutions and scientific
evidence.

This challenge requires the process to moderate the information in the media era, called fact-checking,
to reduce the spread of disinformation. In the early stages, this work was carried out by journalists.
However, with the rapid expansion of the Internet and the widespread adoption of smart devices, the
volume of information has grown so large that manual fact-checking is no longer feasible [2]. To
address this problem, researchers have proposed automated fact-checking (AFC) systems that leverage
machine learning and deep learning techniques. AFC has become an increasingly prominent approach
for verifying claims and generating explanations to support the verification process. A conventional
automated fact-checking pipeline typically consists of three main stages: (i) claim detection and
extraction, (ii) evidence retrieval, and (iii) verification. The verification stage can be further divided
into subtasks such as out-of-context classification, manipulated content classification, and veracity
classification, which are often followed by the generation of explanations. Consequently, there has been
a growing effort toward developing efficient and transparent approaches for explainable automated
fact-checking systems.

Nevertheless, existing explainable automated fact-checking surveys have several drawbacks such
as: (i) a lack of discussion on LLM- and VLM-based approaches, and (ii) limited coverage of evaluation
metrics for generated explanations.

The ROMCIR 2026 — The 6th Workshop on Reducing Online Misinformation through Credible Information
Retrieval [3] provides an opportunity to address these limitations by advancing information access
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systems designed to mitigate both human- and Al-generated information disorder. The workshop partic-
ularly emphasizes on fact-checking methodologies and the assessment of factual accuracy and reliability
across multimodality, while also tackling Al-related challenges such as explainability, hallucination
detection, and the evaluation of automatically generated information.

In this paper, we present a comprehensive survey on explainable automated fact-checking that
synthesizes both prior studies and recent advances employing LLMs and VLMs. We also outline the
commonly used evaluation metrics for this task, which give additional values to our study in comparison
with previous one(s) (see Table 1).

Surveys - Techniq.ue - Multimodal Dataset Metric
Attention- Rule- Summarization- LLM- VLM-
based based based based based
Kotonya et al. [4] v v v - - - v -
Ours v v’ v v v v v N
Table 1

Comparison between existing explainable fact-checking survey and ours.

We conduct a systematic search of major scientific repositories to identify the primary studies
included in this survey. Specifically, we query the ACL Anthology, ACM Digital Library, IEEE Xplore,
SpringerLink, ScienceDirect, arXiv, and Google Scholar. The search is performed using combinations of
keywords such as automated fact-checking, minsinformation detection, claim verification, fact-checking
datasets, explainable fact-checking, explanation generation, and related terms.

The initial search yields more than 180 candidate papers. We then apply filtering criteria aligned
with the scope of this survey. In particular, a study is retained only if it substantially addresses the
intersection between automated fact-checking and explainability or interpretability techniques, either
by explicitly generating natural-language rationales, highlighting supporting evidence, or exposing
intermediate reasoning processes.

The selected papers are subsequently categorized by building upon the taxonomy proposed by
Kotonya et al. [4], while extending it to incorporate recent LLM- and VLM-based approaches. Finally,
we identify and analyze the state-of-the-art datasets and evaluation metrics adopted in the selected
studies, which form the empirical foundation of this survey.

The remainder of this paper is structured as follows: Section 2 presents conventional approaches
as well as recent methods based on LLMs and VLMs. Section 3 describes widely-used datasets and
evaluation metrics for explainable automated fact-checking. Section 4 discusses current limitations and
outlines key research directions, and Section 5 concludes the paper.

2. Explainable Automated Fact-Checking

In this section, we present an overview of studies on explainable automated fact-checking, focusing on
two main categories of approaches: conventional methods and those based on LLMs and VLMs. Figure 1
illustrates the differences in the explanation-generation procedures between these two paradigms.
The transparency of an automated fact-checking system could be split into two main directions:
interpretability and explainability [4]. Interpretability refers to how easily an expert/researcher can
understand a model’s internal structure and decision process, for example in linear models or decision
trees where the contribution of each feature is explicit, meanwhile, explainability refers to the capacity
of providing understandable rationales by natural languages for the predictions in the verification stage.

2.1. Conventional approaches

Prior studies introduced various specific task formulations for generating these explanations, which are
summarized in the Table. 2 below. Analyzing multimodal data is particularly essential, especially in non-
English contexts, where users may rely significantly on multimodal cues and where cultural background



Claim: A video showed an alien boarding a spaceship in Romania in January 2018
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Figure 1: Comparison between conventional and LLM-based explanable automated fact-checking.
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knowledge shapes the interpretation of visual, textual, and audio content, thereby influencing both
claim understanding and verification outcomes.

Conventional explainable fact-checking could be categorized into attention-based highlighting, rule-
based, and summarization techniques.

Modalit
Task Method Year Technique Dataset ng. odal y -
Text Image Audio Video
. . Snopes', PolitiFact?,
DeClarE [5] 2018  BiLSTM + attention NewsTrust [6], RumourEval [7] En Vv - - -
Attention-based dEFEND [8] 2019 RNN + GRU + attention FakeNewsNet [9] En Vv - - -
explanations CNN + attention + . 2 _ _ B
XFake [10] 2019 XGBoost PolitiFact En Vv
CNN + RNN + Twitter (2015) [12],
GCAN[11] 2020 graph convolution Twitter (2016) [13] En v
- . RumourEval [7],
DTCA [14] 2020 Decision tree + attention PHEME [15] En Vv - - -
Rule-based  ExFaKT [16] 2019 KG + Horn rules YAGO. (7], En Vv - - -
explanations DBpedia 1]
X 1
P Ahmadi et al. [19] 2019 KG + logical rules DBpedia [18] En VvV - - -
. CNN/DailyMail [21],
. Liu et al. [20] 2019 BERT-based NYT [22], XSum [23] En Vv
EXP'a“aT'Ort‘, a5 Atanasova et al. [24] 2020 BERT-based LIAR [25] En v - - -
SUMMArSaton | stonya & Toni [26] 2020 BERT-based PUBHEALTH [26] T R
) LIAR-PLUS [28],
Biased TextRank [27] 2021 Graph-based HNR [27] En VvV - - -

Table 2
Overview of representative conventional explainable fact-checking approaches.

2.1.1. Attention-based Explanation

Attention-based explanations primarily target the verification stage by highlighting input tokens,
sentences, or evidence fragments that most strongly influence the model’s veracity prediction. DeClarE
[5] introduced an end-to-end neural network model built on a biLSTM architecture that incorporates
external supporting or refuting textual evidence from the Web, along with linguistic style cues and
assessments of source trustworthiness. The explanations are then presented as tokens highlighted in the
articles, guided by attention weights. dEFEND [8] combined RNN and GRU encoders to jointly model
news articles and user comments from the FakeNewsNet dataset. It employs a hierarchical co-attention
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mechanism that highlights both article sentences and comments that strongly support or contradict
the article. These highlighted spans offer interpretable signals about where the model finds evidence
for or against the article’s credibility. XFake [10] targets news articles with rich attribute information
and generates both veracity predictions and explanations through three sub-frameworks built using
GloVe, Word2Vec, CNNs, attention mechanisms, and XGBoost. GCAN [11] extends attention-based
explanation to social graphs by constructing graphs from tweets, users, and their interactions, and
applying co-attention mechanisms over both the textual content and the graph structure. Wu et al.
[14] proposed the Decision Tree-based Co-Attention (DTCA) model, which integrates a decision-tree
structure with co-attention networks to capture deeper semantic interactions between evidence and
claims.

2.1.2. Rule-based Explanation

Rule-based explanations focus on the reasoning process itself by exposing symbolic inference chains,
logical rules, or knowledge-graph paths that connect a claim to supporting or refuting evidence. ExFaKT
[16] advances this direction by deriving more human-understandable evidence through background-
knowledge rules in the form of Horn clauses, a restricted form of first-order logic rules consisting
of a conjunction of positive literals implying a single head literal. These rules are used to gather
supporting information from both knowledge graphs and textual sources. Ahmadi et al. [19] enriched
knowledge-graph information by employing logical rule discovery modeled as an inference problem
using probabilistic answer set programming, which allows the system to effectively integrate and reason
with both uncertain rules and uncertain facts extracted from the Web.

2.1.3. Explanation as Summarization

Summarization-based explanations formulate explanation generation as a post-verification task, where
the goal is to produce a natural-language justification that summarizes the evidence supporting the
predicted claim label. This line of work primarily leverages BERT-based architectures. Summarization
models trained on datasets such as CNN/DailyMail, NYT, and XSum have been adapted to generate
natural-language explanations for fact-checking decisions. Atanasova et al. [24] use BERT-based
encoders and decoders to generate explanations on LIAR-style data, while Kotonya and Toni [26]
introduce PUBHEALTH, where each public-health claim is paired with both a veracity label and
an expert-written justification, and train models to mimic these rationales. Biased TextRank [27]
introduced an unsupervised graph-based algorithm employed for generating extractive natural language
explanations.

These conventional approaches mainly rely on existing knowledge bases, previously fact-checked
claims, and human-annotated examples, which limits their ability to handle unseen claims or incorporate
newly emerging knowledge [29]. Besides, these studies mainly focus on text-only, limiting their
capacities in leveraging multimodal content which provide broader contexts for explainable fact-
checking. Consequently, researchers have begun to explore more advanced techniques such as Large
Language Models (LLMs) and Vision Language Models (VLMs) for explainable automated fact-checking
to overcome these limitations.

2.2. LLM-based approaches

With the rapid development of large language models (LLMs), numerous studies explore how to integrate
them into automated fact-checking pipelines and generate explanations for verdict predictions. In
contrast to conventional architectures, LLM-based approaches can directly produce free-form natural
language rationales, handle a wide range of topics without task-specific feature engineering, and be
adapted to new domains through prompting or fine-tuning as well as retrieving new knowledge.

In this survey, we group LLM-based methods according to how the model is integrated into the
fact-checking pipeline: (i) prompting-based approaches; (ii) retrieval-augmented generation (RAG)
approaches; and (iii) fine-tuning approaches. These approaches will be detailed in the following sections.



2.2.1. Prompting-based approaches

Prompting-based approaches use pretrained LLMs in a zero- or few-shot manner. Given a claim and
optionally some retrieved evidence, the model is instructed through a carefully designed prompt to
output both a veracity label and a natural language rationale. In this approach, the form and style of
explanations are mainly controlled by the prompt design. Several recent studies adopt this paradigm to
explore the capabilities of LLMs for explainable fact-checking demonstrating the capacities of zero- and
few-shot prompts while producing natural language justifications [30, 31].

However, prompting-based approaches face several challenges when applied to more complex au-
tomated fact-checking tasks. Explanations can be highly sensitive to prompt structures, ordering of
examples, and the context provided, which leads to instability and makes it difficult to guarantee
faithfulness [32, 33]. Moreover, long or compositional claims often require multi-step reasoning that
is not explicitly represented in standard prompt formats, limiting the transparency of the underlying
decision process.

To better handle such complex cases, some works extend prompting with explicit claim decomposition,
where the original claim is first broken down into simpler sub-claims that are then verified separately
and aggregated into a final verdict [34, 35, 36, 37]. Chain of Thoughts (CoT), on the other hand, leverages
LLMs’ reasoning abilities by encouraging the model to present intermediate reasoning steps before
producing the final decision, making part of the decision process explicit in the generated rationale
[38, 39, 40].

Although these approaches work well in controlled research settings, they are usually evaluated on
limited datasets and often show weaker performance on real-world content, while also requiring high
computational cost for LLMs [34, 40].

2.2.2. RAG approaches

With the increasing of information in the media ecosystem, retrieval-augmented approaches explicitly
combine LLMs with external knowledge sources to generate predictions and explanations at inference
time. Instead of relying solely on pretrained knowledge, these systems first retrieve multimodal data
such as articles, documents, or web pages for a given claim, and then condition the LLM on both the
claim and the retrieved evidence to produce a verdict and a natural language rationale [41, 42]. To further
enhance the performance of the RAG, [43] introduces Chain of RAG (CoRAG) and Tree of RAG (ToRAG)
reasoning techniques retrieving both textual and visual representations. LEAF [44] proposes leveraging
the fact-checking to guide retrieval. In parallel, PACAR [45] integrates RAG with multi-agent LLMs that
dynamically select reasoning tools and external evidence to tackle diverse multi-hop verification tasks.

This approach provides a better understanding and transparency since users are able to inspect
the underlying documents and evidence and verify them. However, the drawbacks of this approach
comes from the problem of the RAG methods such as handling retrieval errors, noisy or conflicting
evidence, and increased computational cost due to longer contexts and multi-step interactions [44] and
a persistent gap between scientific research and real-world applications [42].

2.2.3. Fine-tuning approaches

In another line of work, LLMs are adapted to specific tasks and application scenarios, leading to
a demand for fine-tuning in order to achieve better performance and more tailored behavior [46,
47, 48, 49]. However, these studies mainly focus on single-task fact-checking, and may struggle to
handle combined settings where the model is expected both to predict veracity labels and to generate
corresponding rationales [50]. Subsequent work introduces multi-task fine-tuning, with a focus on
exploiting knowledge transfer across related tasks [51].

Fine-tuning can enhance performance of LLMs in the fact-checking, but it is usually more practical
for smaller LLMs due to the computational costs. In contrast, larger LLMs already handle multi-tasks,
therefore additional fine-tuning is often both computationally expensive and not strictly needed.



2.2.4. Agent-based approaches

Furthermore, LLMs also could be treated as multi-agents. Multi-agent approaches use several cooperat-
ing or competing LLMs that assume different roles in the fact-checking process, such as debaters, critics,
judges, or planners. Primary studies such as [40, 45] leverage LLMs for complex claim verification,
structured planning, and reasoning tasks. MADR [52] proposed to apply multiple LLM agents with
different roles in an iterative refinement process to improve the faithfulness of generated explanations.
This process reduces unfaithful content and aligns the final output more closely with the underlying
evidence. Furthermore, MAD-Fact [53] introduce a multi-agent debate system for factual verification
that reduces single-model bias and improves reasoning reliability through structured interactions
among three modules including clerk, jury, and judge. Ma et al. [54] introduce a knowledgeable debate
mechanism that improves multi-agent efficiency by incorporating external knowledge.

Recent work also integrates structured knowledge sources, advocating the combination of LLMs with
knowledge graphs to incorporate structured factual information [55, 56, 57].

Although these approaches open a promising direction for explainable fact-checking, they introduce
substantial deployment challenges, including high computational cost and large token usage due to
multi-agent interactions [53]. Moreover, uncertainty introduced at early debate stages may propagate
through subsequent agent interactions, affecting the stability and reliability of final explanations [58].

2.3. VLM-based approaches

While most explainable AFC systems still operate primarily on English text, misinformation in the wild is
often conveyed through multimodal data, especially images and videos, and explanations should ideally
align evidence across modalities. Vision-Language Models (VLMs) extend LLM-based approaches by
jointly modeling textual and visual inputs, enabling systems to reason about the consistency between
claims and multimodal contents and to generate explanations that explicitly refer to visual cues.

In the image—text setting, Yao et al. [59] introduce MOCHEG, an end-to-end multimodal fact-checking
and explanation benchmark where each claim is paired with ruling statements and both textual and
visual evidence gathered from fact-checking websites. Their baseline models combine visual and
textual encoders to perform multimodal evidence retrieval and claim verification, while also generating
natural language rationales that summarise the supporting or refuting evidence. These explanations
are grounded not only in retrieved documents but also in associated images, encouraging models to
capture cross-modal inconsistencies such as mismatched locations, dates, or entities.

For short-video fact-checking task, Niu et al. [60] propose TRUE, a dataset specifically designed
for explainable video fact-checking, together with 3MFact, a multi-role multimodal model. Given a
video and an accompanying claim or caption, 3MFact jointly processes video frames, audio, and textual
metadata to determine whether the video supports or contradicts the claim, and generates summarized
rationales that highlight which temporal segments and modalities are most informative. TRUE thus
provides fine-grained annotations about the roles of different modalities, making it possible to evaluate
whether VLMs attend to the right visual or audio evidence when explaining their decisions.

Qi et al. [61] introduce SNIFFER, a multimodal large language model for explainable out-of-context
misinformation detection. SNIFFER builds on InstructBLIP and applies a two-stage instruction-tuning
procedure: the first stage aligns the model’s understanding of generic objects in images with news-
domain entities, while the second stage fine-tunes the model using out-of-context—specific instructions
generated by GPT-4. The system produces both an OOC prediction and a textual explanation that
indicates why the accompanying media does or does not match the claim context, thereby illustrating
how instruction-tuned VLMs can support explainable AFC beyond purely textual inputs.

Despite these advances, explainable fact-checking in multimodal and non-English contexts remains
in its early stages. Existing VLM-based approaches are often evaluated on relatively small benchmarks,
and rely heavily on English-language fact-checking sources. There is a need for larger and more diverse
multimodal datasets with fine-grained explanation annotations, better methods for grounding explana-
tions in specific visual or temporal regions, and systematic studies of how multimodal explanations



affect user trust and decision-making in real-world fact-checking systems.

3. Datasets and Evaluation Metrics

3.1. Datasets

Recently, automated fact-checking has benefited from a growing number of datasets that include not
only single-modal data but also multimodal content. Table 3 presents the main resources considered in
this survey.

At the single-modal level, LIARPLUS [28] primarily extends the LIAR dataset with human-written
justifications extracted from Politifact’. PUBHEALTH [26] targets the public-health domain, providing
veracity labels accompanied by concise expert-written explanations. More recently, Ma et al. [62]
introduced EX-FEVER, a large-scale multi-hop benchmark comprising around 60,000 claims that require
two- or three-hop reasoning. ChartCheck, on the other hand, collects real-world charts consisting of
1,683 images along with 10,480 claims.

With the rapid development of automated fact-checking methods, a new line of multimodal datasets
has emerged to support richer forms of evidence and explanation. MOCHEG [59] includes 15,601
annotated claims along with 33,880 textual evidence paragraphs and 12,112 images from fact-checking
websites to support subtasks such as multimodal evidence retrieval, claim verification, and explanation
generation.

The growing prevalence of misinformation in short videos has spurred further efforts to construct
multimodal datasets that jointly incorporate video, audio, text, and social context. VMH [63] focuses
on misleading videos related to the 2016 U.S. presidential election on the Meta platform, containing
2,247 annotated articles. FakeSV [64] offers the largest Chinese short video dataset leveraging different
perspectives ranging from video, audio to social reactions, and publisher profiles. TRUE [60] represents
a recent effort specifically aimed at explainable video fact-checking containing 1,097 true videos and
1,828 false videos, with a particular emphasis on summarized rationales.

Dataset Year Modality No. classes Claims Lang. Source

Text Image Audio Video

LIARPLUS [28] 2018 - - - 6 12,836  En  Extended LIAR
PUBHEALTH [26] 2020 - - - 4 11,832 En FC webs
AVeriTeC [65] 2023 - - - 3 4,568 En  FC organizations
EX-FEVER [62] 2024 - - - 3 >60,000 En Wikipedia
ChartCheck [66] 2024 - N - - 4 10,480 En Wikimedia
MOCHEG [59] 2022 v - - 3 15,601  En FC webs
FakeSV [64] 2023 v - v v 4 3,654 Zh TikTok/Kuai
VMH [63] 2023 v - v v 2 2,247  En Meta
TRUE [60] 2025 - N v 2 2,925 En Snopes
Table 3

Overview of automated fact-checking datasets.

While these datasets have substantially advanced AFC across textual and multimodal settings, they
remain largely English-centric and focus solely on truthfulness labels without providing the underlying
reasoning, which directly impacts how explanation methods can be trained and evaluated.

3.2. Evaluation Metrics

In this section, we present several well-known metrics for explainable automated fact-checking task,
including similarity-based and LLM-based metrics. One of the key steps in explanation is producing the

*https://www.politifact.com/
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prediction for the claim in which several popular metrics are computed, such as accuracy, precision,
recall, and Fi-score [67]. To evaluate the rationale, similarity-based metrics refer to conventional
natural language processing (NLP) such as BLEU [68], ROUGE-n [69], METEOR [70], CIDEr [71], and
BERTScore [72] are applied. While LLM-based metrics evaluate the performance of LLM prompts,
including G-Eval [73]. Each metric is detailed below:

- BLEU measures the overlap between the generated and reference texts by using n-gram precision.
BLEU is computed as Equation 1 follows:

N
BLEU = BP - exp( Z W, logpn) (1)
n=1
where BP is the brevity penalty, w,, are n-gram weights, and p,, are modified n-gram precisions.

- ROUGE similarly computes the n-gram recall overlap between the generated text and the reference
text. Mathematically, it can be depicted as in Equation 2.

ROUGE-n1 — overlap, (gen, ref)

2

overlap, (ref) @

- METEOR is an automatic metric originally designed for machine translation evaluation but now

also used to assess other forms of generated text, and it is based on a generalized concept of
unigram matching between the generated and reference text.

METEOR = F,, x (1 — Penalty) (3)

where F|, is a weighted harmonic mean of precision and recall, and Penalty is the penalty
derived from how fragmented the matched word sequences are.

- CIDEr is a metric designed to measure how well a generated sentence matches human-written
sentences, focusing on consensus among multiple human references.

4
1
CIDEr = - > " cosine(TFIDFyen, TFIDF,cy) (4)

n=1

- BERTScore leverages contextual embeddings from pretrained BERT to compute semantic similar-
ity between generated and reference texts, making it more robust to paraphrasing and word-order
variations. The BERTScore could be depicted as an Fl1,.,,. as in Equation. 5:

Pperr X RBERT 5)

BERT Score =2 x
Pprrr + RBERT

- G-Eval is a reference-free evaluation framework that treats an LLM as a judge of generated text
quality. Instead of comparing system outputs to human references with n-gram metrics, it asks
the LLM to analyze the explanations step by step and then output a structured score.

However, these metrics are hardly aligned with explanation purposes. Metrics such as accuracy and
F1-score measure whether the system predicts the correct label, but they do not show whether the
explanation truly supports that decision. Similarity-based metrics like BLEU, ROUGE, and BERTScore
mainly examine how close the generated explanation is to a reference text, focusing on wording rather
than reasoning. LLM-based metrics such as G-Eval assess coherence and informativeness, but they still
do not guarantee that the explanation is grounded in the actual evidence. As a matter of fact, standard
classification and similarity-based metrics often miss important aspects such as factual consistency,
robustness, and user impact, and many of them were originally developed for other tasks rather than
claim-evidence verification. In addition, faithfulness metrics and LLM-based evaluators, although
promising, are not yet fully reliable and may introduce their own biases. Therefore, these metrics cover



only part of explainability and cannot ensure that explanations reflect the real reasoning behind the
verdict.

Besides these metrics, researchers and citizens are increasingly focusing on human-centered evalua-
tions, which can offer a clearer and more meaningful fact-checking context. Human-centered evaluations
typically consider two main aspects: the quality of the explanation itself and the contribution of that
explanation to users’ overall experience with the Al system [74]. The quality of the explanation concerns
how easy it is for users to understand and interpret the provided rationale, while the contribution aspect
focuses on how the explanation supports human-AlI interaction, helps users better understand how the
system works, and affects their perception of its performance [74].

While existing automatic and LLM-based metrics provide useful proxies for evaluating verification
performance and explanation quality, they fail to fully capture key aspects such as faithfulness, evidence
grounding, and human usefulness. These limitations in current evaluation practices directly motivate
several of the open challenges and research directions discussed in Section 4, particularly the need for
human-centered and process-oriented evaluation frameworks.

4. Research directions

4.1. Limitations of automated/explainable fact-checking

Despite rapid progress, current automated fact-checking (AFC) and explainable AFC (xAFC) systems
still exhibit several limitations that restrict their usefulness in practice.

A key limitation is the predominantly English-centric orientation of the field. Many datasets, bench-
marks, and pretrained models are built with English as primary language and sources, often reducing
the performance and quality of the explanation for non-English languages, local contexts, and under-
represented accents [29].

Beyond language coverage, most approaches still focus on text-only or bi-modal settings, typically
image-text, despite the increasing prevalence of misinformation conveyed through audio, short videos,
and complex multimodal contents. While recent approaches and datasets begin to address multimodal
fact-checking, robust end-to-end explanation methods for these modalities remain underexplored, and
evaluation protocols for multimodal explanations are still in their early stages.

In addition, evaluation practices in AFC and xAFC often fail to align with end-user needs, as they typi-
cally rely on technical metrics that are difficult for end-users to interpret, such as accuracy, ROUGE/BLEU,
or similarity-based scores. This leads to a misalignment between what researchers optimize and what
fact-checkers and citizens actually need, including clear uncertainty estimates, inspectable evidence,
and actionable next steps. As a result, system improvements do not necessarily translate into greater
usability or increased trust [75, 76].

Finally, although LLM- and VLM-based methods show promise for automated fact-checking, they
still exhibit significant limitations that are particularly problematic in fact-checking contexts. These
include hallucinated statements, data-driven biases, and potential censorship, where outputs can appear
fluent yet remain unsupported or systematically skewed [77]. For instance, an LLM may produce a
convincing explanation while relying on weak or irrelevant evidence, or may fail disproportionately on
region-specific claims due to insufficient coverage in its training data.

4.2. Research perspectives for AFC and xAFC

Addressing the above limitations requires research directions that explicitly prioritize faithfulness,
transparency, and real-world usability, rather than purely benchmark-driven performance.

Future studies should develop evaluation protocols that go beyond accuracy or surface-level NLP
similarity metrics toward hybrid assessments combining (i) correctness of the verdict, (ii) evidence
grounding and attribution quality, and (iii) human-centered utility, such as whether explanations
improve users’ trust and decision-making. In practice, this should be achieved by considering user



studies involving fact-checkers and citizens, as well as conceiving structured ensemble strategies (e.g.,
multi-agent voting or consensus) to reduce single-model brittleness when evidence is ambiguous.

Furthermore, xAFC systems should emphasize process-level explanations, enabling end-users to
understand the reasoning path that leads from a claim to the final verdict and explanation, rather than
receiving only a final label or a short natural-language rationale [29]. For example, systems may expose
retrieval queries, evidence ranking criteria, and intermediate sub-claims verified during the decision
process.

In parallel, future systems should improve model transparency by clearly documenting training data
sources, language and domain coverage, and known failure modes. Such documentation is critical to
reduce distrust and to help practitioners anticipate biases or missing-coverage issues [29].

Moreover, progress in xAFC will depend on stronger real-world validation through sustained col-
laboration with professional fact-checkers on realistic cases and workflows. This includes handling
incomplete or conflicting evidence and supporting abstention when verification is not possible [75].

Finally, for LLM- and VLM-based pipelines, hallucination and bias mitigation should be treated as
core design requirements. Promising directions include constraining explanations to retrieved evidence,
adding verification steps for generated statements, and monitoring systematic errors across languages
and regions [77].

These future research perspectives encourage a shift from benchmark-oriented optimization toward
reliable, auditable, and inclusive xAFC systems that align with the practical requirements of both
fact-checkers and citizens.

5. Conclusion

In this survey, we have reviewed the emerging landscape of explainable automated fact-checking, with
a particular focus on methods that explicitly expose the evidence and reasoning behind their verdicts.
We first outlined the general AFC pipeline and clarified the role of interpretability and explainability
within it, before categorising existing approaches into conventional models and more recent LLM- and
VLM-based methods. We then discussed datasets that provide ground-truth explanations in textual and
multimodal settings, and summarised commonly used automatic metrics and LLM-based evaluators for
assessing explanation quality.

Our overview highlights that, despite rapid progress, explainable AFC is still in its early stages.
Conventional approaches offer more controlled and often more faithful mechanisms for surfacing
evidence, but they typically require task-specific engineering and are limited in their ability to generate
rich, human-oriented rationales. LLM- and VLM-based methods, in contrast, are highly flexible and
can natively handle complex, multimodal inputs, yet they raise serious concerns about faithfulness,
hallucination, and robustness. Current datasets and evaluation protocols only partially capture these
dimensions, especially for multimodal and multilingual scenarios.

Future perspectives should emphasize on faithful and robust explanations, multimodal and multilin-
gual coverage, and human-centred evaluation and deployment. Progress in these directions will require
closer collaboration between the researchers and professional fact-checkers, as well as high-quality
annotated resources. By developing AFC systems that are not only about verification, but also clearly
communicate why, the field can contribute more effectively to supporting fact-checkers and helping
end-users navigate increasingly complex information ecosystems.
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