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Abstract

Automated Claim Verification (CV)—the task
of assessing a claim’s veracity against explicitly
provided evidence—is a critical tool in the fight
against growing misinformation. This survey
offers a comprehensive analysis of 198 studies
published between January 2022 and March
2025, synthesizing recent advances in CV cor-
pus creation and system design. Through two
in-depth case studies, we illuminate persistent
challenges in veracity annotation, limitations
of conventional CV pipelines, and pitfalls in
recent claim decomposition approaches. We
conclude by identifying key unresolved chal-
lenges and proposing productive directions for
future research.!

1 Introduction

The growing scale of misinformation has led to a
surge of research in automated fact-checking and
claim verification (CV), which assess whether a
given claim is supported by accompanying refer-
ences. A key milestone in this field was the re-
lease of FEVER (Thorne et al., 2018), a synthetic
dataset for CV which sparked the development
of other synthetic datasets such as Xfever (Chang
et al., 2023), FEVEROUS (Aly et al., 2021) and
many more. Since then, shared tasks like AVeriTeC
(Schlichtkrull et al., 2024) have further advanced
research by providing standardized datasets and
evaluation frameworks for verifying claims against
textual evidence.

Many recent surveys have reviewed designs of CV
systems from different angles, including system
overviews (Bhuiyan et al., 2025; Guo et al., 2022;
Yang et al., 2024), justification generation (Eld-
ifrawi et al., 2024), LLM integration (Dmonte et al.,
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'The list of papers included in this survey
and the annotations for the two case studies are
available at https://github.com/CLINEEK/
EMNLP2025-Claim-Verification-Survey

2024), and multimodal approaches (Akhtar et al.,
2023b). Several surveys touch upon some elements
in CV datasets such as size, input, and output for-
mat (Yang et al., 2024; Panchendrarajan and Zubi-
aga, 2024; Gusdevi et al., 2024), but few have ex-
amined the corpus creation process and its impact
on system design. We fill this gap by providing a
review of recent corpus-creation practices, together
with system design across key components.

In this study, we conduct a systematic survey of
recent studies on CV in order to answer the fol-
lowing research questions: (1) What corpora are
available for CV research and how are they cre-
ated? (2) What are common approaches in building
CV systems? (3) What are the main issues and
challenges in corpus construction and system de-
velopment and what are some future directions to
address the issues? We will answer the first two
questions in Section 4-5 and the last question in
Section 6-8 with two in-depth case studies.

2 Task Setting

The input to a CV system consists of a claim and
one or more reference documents (reference in
short). The latter is called evidence or context in
some previous studies. To avoid confusion, in this
study, we use the term evidence-bearing sentences
to refer to sentences in the reference that support or
refute a claim. The output of a CV system includes
a veracity label and optionally a justification to
provide support or explanation to the veracity label.

A related task is called fact checking (aka open-
domain fact-checking), where only a claim is pro-
vided as input and the system needs to retrieve
relevant documents (i.e. references) from external
sources such as the Internet. In this survey, we
will focus on CV, not fact checking, because one
can easily build a fact checking system on top of a
CV system by adding a document-retrieval module.
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Also, we want to study the relationship between
claims and references and its effect on corpus cre-
ation and system development.

3 Paper Selection

To ground our analysis, we first collected a set of
research papers on claim verification.

3.1 The initial set of papers

We collected papers from three main sources:
ACL Anthology?, Semantic Scholar?, and Google
Scholar*. We used query terms (fact OR claim)
AND (checking OR verification) to retrieve papers
published between January 2022 and March 2025.
After removing duplicates, there were 316 papers
left, forming our initial set of papers.

3.2 Manual screening and categorization

We read all the 316 papers and divided them into
three groups: (a) 62 papers that are not on fact
checking or CV; (b) 56 papers on fact checking; (c)
198 papers on CV, which form the main collection
of studies covered in this survey.

We categorize the 198 papers in our main collection
into four groups based on their focus: (G1) 47
papers on corpus construction, (G2) 141 on system
development, (G3) eight survey papers, and (G4)
two miscellaneous papers. Notably, 15 papers in
G1 also developed CV systems, while 18 in G2
created CV corpora.

We discuss all 47 papers from G1 and the 18 corpus-
building papers from G2 in the corpus construction
section (Section 4). Similarly, all 141 papers from
G2 and the 15 system-building papers from G1 are
covered in the system development section (Sec-
tion 5). The eight survey papers (G3) are reviewed
in the related work section (Section 9). In addi-
tion to these 198 papers, we also reference—where
relevant—fact checking and influential pre-2022
CYV studies such as FEVER (Thorne et al., 2018),
FEVEROUS (Aly et al., 2021), and HoVer (Jiang
et al., 2020).

Zhttps://aclanthology.org/

*https://www.semanticscholar.org/

“https://scholar.google.com/, using SerpAPI

Because the terms ’fact-checking’ and ’claim verifica-
tion’ are sometimes used interchangeably in the literature, we
included both terms in our search query to ensure comprehen-
sive paper retrieval and then filter out fact checking papers
through manual screening. Appendix A provides details of
our scraping setup.

4 Corpus Creation

In this section, we report findings from 65 papers
in our collection that create new CV corpora.

4.1 Main components of a CV corpus

An instance in a CV corpus consists of a claim, a
reference, a veracity label, and very often a justifi-
cation. In addition, it may include some metadata
such as author name and publication date.

Claim: A claim is a statement being verified. In
almost all corpora in our collection, a claim is text,
but there exist several corpora with multi-modal
claims such as FACTIFY (Mishra et al., 2022),
FACTIFY 2 (Suryavardan et al., 2023), and Claim-
Review2024+ (Braun et al., 2024). For instance, a
claim can be a (text, image) pair, extracted from
public websites such as Twitter.

Reference: A claim is verified against some refer-
ence documents. While references in most corpora
in our collection are text (e.g., paragraphs or docu-
ments), 12 corpora go beyond text and use images
(e.g., (Yao et al., 2022; Mishra et al., 2022; Ran-
gapur et al., 2023; Braun et al., 2024; Chakraborty
et al., 2023; Chen et al., 2024b)), charts (Akhtar
et al., 2023a, 2024), tables (Akhtar et al., 2022;
Yilun Zhao et al., 2024), or videos (Liu et al., 2023).

Veracity Label: Most CV corpora use three la-
bels for veracity: supported, refuted, and NEI (not
enough information). Seventeen corpora use binary
labels: true or false. The rest extend these label sets
by adding labels such as partially supported (Li
et al., 2024), Conflicting evidence/cherry-picking
(Schlichtkrull et al., 2023), and Misleading (Braun
et al., 2024).

Justification: Although justification is not a re-
quired field in a CV corpus, it provides explanation
to the veracity label and the majority of the cor-
pora in our collection include justification. Com-
mon types of justification are evidence-bearing sen-
tences (EBS) in the original reference (e.g., (Evans
et al., 2023; Vladika et al., 2024)), summaries of
the EBSs (e.g., (Chakraborty et al., 2023)), or other
types such as free-form, deductive and argumenta-
tive explanation (e.g., (Cekinel et al., 2024; Chen
et al., 2024b; Kotonya and Toni, 2024)).

4.2 Corpus properties

Below are some basic properties of the 65 newly
created corpora.
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Size: Twelve corpora have 1,000 or fewer in-
stances, 20 have 1,000 to 10,000 instances, and
the remaining 33 each have over 10,000 instances.

Modality: Fifty-two corpora are text only and
13 are multi-modal where their references include
images, charts, tables, or videos. In FACTIFY
(Mishra et al., 2022), FACTIFY 2 (Suryavardan
etal., 2023), FACIFY3m (Chakraborty et al., 2023),
and ClaimReview2024+ (Braun et al., 2024), both
claims and references are (text, image) pairs. While
the justificatios in all these corpora are text only,
we believe there are use cases where multi-modal
justification would be beneficial (e.g., an image
that highlights errors in the claim or the reference).

Languages: The majority (50) of the corpora are
English only, five are Chinese only (Hu et al., 2022;
Lin et al., 2024; Zhang et al., 2024a,b; Wu et al.,
2023), two are Vietnamese only (Hoa et al., 2024;
Le et al., 2024), and one each in German (Deck
et al., 2025), Italian (Scaiella et al., 2024), Indone-
sian (Muharram and Purwarianti, 2024), Czech
(Ullrich et al., 2023) Arabic (Haouari et al., 2024)
Bengali (Rahman et al., 2025) and Turkish (Cekinel
et al., 2024). In addition, several corpora are multi-
lingual (e.g., (Chang et al., 2023; Zeng et al., 2024;
Chung et al., 2025; Pikuliak et al., 2023)).

Domain: Data in the CV corpora come from var-
ious domains, such as politics (e.g., (Zeng et al.,
2024; Nanekhan et al., 2025; Suryavardan et al.,
2023), health (e.g., (Vladika et al., 2024; Akhtar
et al., 2022; Liu et al., 2023)), science and tech-
nology (e.g., (Wadden et al., 2022; Lu et al., 2023;
Fu et al., 2024)), and finance (e.g., (Yilun Zhao
et al., 2024; Rangapur et al., 2023)). The majority
of corpora collect data from multiple domains with
Wikipedia being a major source (e.g, (Lin et al.,
2024; Ma et al., 2024; Kamoi et al., 2023)).

4.3 Corpus construction approaches

CV corpora are rarely built entirely from scratch;
rather, their core components—claims, references,
veracity labels, and justification—are (1) created,
collected, and/or refined by annotators, (2) gener-
ated by NLP systems through paraphrasing, trans-
lation, or prompting, (3) directly inherited from ex-
isting datasets, or through a combination of those
strategies. Based on the sources of the claims and
references, there are three common approaches.

Corpora with real-world claims: In this approach,
claims occur naturally and are collected from

sources such as social media platforms, news, pod-
casts, political speeches, or fact-checking archives.
References are retrieved with claim-based queries
and filtered for relevance by humans or NLP sys-
tems. Corpora such as Check-COVID (Wang et al.,
2023), MSVEC (Evans et al., 2023), and HealthFC
(Vladika et al., 2024) exemplify this method.

Corpora with artificial claims: Here, claims
are generated from existing references, such as
Wikipedia articles. FEVER (Thorne et al., 2018)
pioneered this method by asking annotators to cre-
ate factual, refuted, and unverifiable claims from
Wikipedia sentences, and many CV corpora (e.g.,
(Jiang et al., 2020; Aly et al., 2021)) follow this
paradigm. An example of the generation process
is in Appendix B. More recently, corpora such as
EX-FEVER (Ma et al., 2024), DIALFACT (Gupta
et al., 2022), and FeverFact (Ullrich et al., 2025)
used automated transformations or LLM prompting
to expand and diversify claim sets. This strategy en-
ables control over label balance, claim complexity,
and reasoning types—supporting tasks like multi-
hop verification or subclaim decomposition.

Corpus inheritance: In this approach, both claims
and references are drawn from existing CV corpora
and then cleaned, transformed, or extended. For
instance, XFever (Chang et al., 2023) translated the
claims and the references in the FEVER dataset
(Thorne et al., 2018) from English into five lan-
guages to form a multi-lingual corpus. LIAR++
(Russo et al., 2023) started from the LIAR-PLUS
dataset (Alhindi et al., 2018).

S System Development

Of the 198 papers in our survey, 156 build or evalu-
ate CV systems. In this section, we report on the
traditional pipeline adopted by many systems and
other strategies that go beyond the pipeline.

5.1 The traditional pipeline
The traditional CV systems has four steps.

Document Selection/Evidence Retrieval: This
initial step (used by 76 papers) identifies the most
relevant documents or passages for the claim. Re-
cent work emphasizes robust retrieval through
methods such as multi-stage reranking (Malviya
and Katsigiannis, 2024), specialized extraction
pipelines (Wuehrl et al., 2023), and question en-
richment strategies (Churina et al., 2024).

Sentence Selection/Ranking: From the retrieved

21454



documents, sentences or snippets pertinent to the
claim are selected (used by 68 papers). For in-
stance, Hu et al. (2023) proposed a latent variable
model for better sentence retrieval. (Zheng et al.,
2024) demonstrated the importance of accurate ev-
idence retrieval.

Veracity Label Prediction: Considered the core
of claim verification (used by 144 papers), this
step involves predicting a veracity label based on
selected sentences. Recently, there has been a
shift from using traditional supervised classifiers to
LLM prompting (Guan et al., 2024; Li et al., 2024;
Zeng and Gao, 2023; Zhang and Gao, 2023), which
often combine evidence retrieved with instruction-
tuned prompting (Alvarez et al., 2024).

Justification Generation: Many systems (56 pa-
pers) generate justification. Extractive approaches
use retrieved evidence snippets (Wadden et al.,
2022; Vladika et al., 2024), while abstractive meth-
ods generate new textual explanations, often with
the help of LLMs (Zarharan et al., 2024).

5.2 Other strategies

In addition to the traditional pipeline, other strate-
gies have been proposed for building CV systems.
Several common strategies are described below.

Decomposition: A common strategy to handle
complex claims is to decompose them into sub-
questions or subclaims (e.g., (Chen et al., 2024a;
Sahu et al., 2024; Schlichtkrull et al., 2023)). Liu
et al. (2024a) employed “Claim Split” modules for
this, guiding targeted verification questions (Xu
et al., 2024a). However, such atomic units risk
losing essential context and they may become am-
biguous or unverifiable (Hu et al., 2024). (Gunjal
and Durrett, 2024) directly tackled this by defining
criteria such as decontextuality (ensuring unique
specification for stand-alone status) and minimality
(adding only essential context). We will examine
claim decomposition more closely in Section 7.

Temporal Reasoning: Claims that mention dates
or event order require temporal consistency checks
(Mori et al., 2022). Barik et al. (2024a) extracted
event—time pairs from both claim and evidence
and aligns them on a shared timeline. Barik et al.
(2024b) added a rule-based filter that discards evi-
dence outside the relevant time window.

Knowledge Graph-Based Reasoning: Graph
structures are used to model relationships between

evidence and claims (Kim et al., 2023; Lin and Fu,
2022; Lan et al., 2025), enabling reasoning over
interconnected facts. In this approach, claims and
evidence are represented as nodes (e.g., entities,
facts), and verification is framed as graph traversal
or subgraph matching (Lin and Fu, 2022).

Iterative self-revision and flaw identification:
A newer trend equips verifiers with a “quality con-
trol” loop, where systems self-revise an initial ve-
racity and explanation before user presentation.
These extra verification loops improve factual align-
ment and explanation quality compared to single-
shot pipelines. For instance, Zhang et al. (2024b)
asked GPT-4 to provide initial explanations, which
were then scanned and revised by a second LLM.
Kao and Yen (2024a) trained a module to detect
rhetorical fallacies (e.g., cherry-picking) and ap-
plied fallacy-specific corrections.

5.3 Evaluation practices

Veracity labels produced by CV systems are evalu-
ated with standard metrics such as accuracy and F1
scores (Nguyen et al., 2025; Bazaga et al., 2023;
Zeng and Zubiaga, 2022). For datasets like FEVER
(Thorne et al., 2018), FEVEROUS (Aly et al.,
2021), and AVeriTeC (Schlichtkrull et al., 2024), a
stricter FEVER-style score is used, which requires
both the correct veracity label and at least one com-
plete evidence set (Gong et al., 2024; DeHaven and
Scott, 2023; Zheng et al., 2024; Liu et al., 2024b).

Extractive justifications (e.g., evidence-bearing sen-
tences) are evaluated by measuring precision, recall
and F1 (Krishna et al., 2022). Abstractive justifi-
cations (e.g., explanation) are often evaluated with
n-gram overlap-based metrics such as BLEU and
ROUGE, alongside semantic similarity scores like
BERTScore (Zhang et al., 2024b; Yao et al., 2022).

6 Case Study #1: Claim, Selected Sen-
tences, and Veracity

As discussed in Section 5.1, 68 out of 156 sys-
tem development papers in our survey included a
sentence selection/ranking module, which identi-
fies evidence-bearing sentences (EBSs) in the ref-
erences. Once EBSs are identified, the veracity
label module is a classifier that predicts the label
at either the sentence level or the instance level.
That is, the input to the classifier is either a single
EBS or all the EBSs together, plus the claim. The
majority of the studies (e.g., (Zhang et al., 2023;
Momii et al., 2024; Mohammadkhani et al., 2024))
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built instance-level classifiers directly, while oth-
ers (e.g., (Fajcik et al., 2023; Olivares et al., 2023;
Ozge Sevgili et al., 2024)) created sentence-level
classifiers and then obtained instance-level verac-
ity labels by combining sentence-level labels (e.g.,
through weighted voting).

To better understand the need of sentence selection
in the CV pipeline and the difficulty of accurate
veracity prediction with EBSs only, in our first case
study (CS1), we look into the following questions:
(CS1-Q1) What is the average number of EBSs per
claim in existing CV corpora? If that number is
small for a corpus, that implies the CV task on that
corpus is relatively easy as only a small number of
sentences are relevant to the claim. (CS1-Q2) How
hard is it for human annotators to determine the
veracity label at the sentence level and the instance
level? What are the main sources of annotation dif-
ficulty? Answering those questions can shed light
on the difficulty of EBS-based veracity prediction
by CV systems.

6.1 Average number of EBSs per claim

Among the 65 corpora discussed in Section 4,
twelve include justification in the form of EBSs,
from which we randomly sampled three corpora.
They are HealthFC (Vladika et al., 2024), MSVEC
(Evans et al., 2023), WiCE (Kamoi et al., 2023).

Table 1 shows the distribution of the number of
EBSs per claim. For instance, in MSVEC, no
EBS is marked for 35.7% of claims and 19.6%
of claims have only one EBS. This table shows that
the numbers of EBSs for most claims are indeed
very low, which may contrast with real-world sce-
narios where verifying a claim often requires syn-
thesizing information from multiple sources and
multiple pieces of evidence (Ma et al., 2024).

# of EBSs 0 1 2 3 4 >5

HealthFC 0.0 4.8 195 319 21.7 22.1
MSVEC 357 19.6 179 89 54 125
WiCE 33 97 19.1 228 202 25.0

Table 1: Case Study #1: The distribution of the number
of EBSs per claim in three corpora; the corresponding
raw count for each cell is in Table 5, Appendix C.

6.2 Veracity annotation design

To answer CS1-Q2, we randomly sampled 50
claims from HealthFC (Vladika et al., 2024) that

each have more than one EBS and used them for
manual annotation.

The original HealthFC dataset employs a ternary
label set {Support, NEI, Refute}. To capture EBSs’
different degrees of support or refutation of the
claim, we used a more fine-grained label set, as
defined in Appendix C. An abridged version of the
definitions is as follows:

1 (Support): The EBS(s) strongly confirm or sup-
port the claim.

2 (Partially Support): The EBS(s) support some
parts or scenarios of the claim, but other parts or
scenarios are either unsupported or contradicted.

3 (Undecided): The evidence in EBS(s) is too
limited or ambiguous or the evidence contains con-
flicting information.

4 (Partially Refute): The EBS(s) refute some parts
or scenarios of the claim, but not all.

5 (Refute): The EBS(s) strongly refute the claim.

6 (Irrelevant): The EBS(s) are irrelevant to the
claim.

Two annotators manually annotated veracity at the
sentence level first and then at the instance level,
using the same label set as defined above. For
instance-level annotation, annotators were asked to
ignore sentence-level labels and make the decision
based on the claim and all its EBSs as a whole.

6.3 Annotation results

At the sentence level, there are 168 EBSs for the
50 claims combined (i.e., 168 (claim, EBS) pairs).
The inter-annotator agreement (IAA) is 98/168 =
58.3% when using the 6 labels; the IAA increases
to 125/168 = 74.4% when we use 4 labels (that is,
label 1 and 2 are merged, so are label 4 and 5). See
Table 6 in Appendix C for details.

At the instance level, the IAA with 4 labels is 38/50
=76% (see Table 7 in Appendix C). We also com-
pare each annotator’s labels with the gold standard
labels from HealthFC. Coincidentally, the agree-
ments are also 76% (see Table 2-3).

6.4 Sources of annotation difficulty

As discussed in Section 6.3, both IAAs and the
agreement between each annotator and gold stan-
dard are 76% or lower. Even after lengthy discus-
sion, the two annotators could not resolve some
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142 | 3 | 445 | 6 | Total
Support | 18 1 0 |0 19
NEI 2 15 7 1 25
Refute 0 1 5 0 6
Total 20 |17 12 |1 50

Table 2: Case Study #1: Confusion matrix on instance-
level veracity label between the gold labels from
HealthFC and labels provided by Annotator 1. Row
labels are from HealthFC, column labels are from An-
notator 1, and each cell shows the number of instances
with the row and column labels. Mapping of two label
sets: 142 = Support, 3 = NEI, 4+5 = Refute, 6 = Irrele-
vant. The agreement is 38/50 = 76%.

1+2 | 3 | 445 | 6 | Total
Support | 16 | 3 0 0] 19
NEI 0 |17] 6 |2] 25
Refute 0 1 510 6
Total 16 |21 | 11 [ 2| 50

Table 3: Case Study #1: Confusion matrix on instance-
level veracity label between the gold labels from
HealthFC and labels provided by Annotator 2. The
agreement is 76% too, purely by coincidence.

of the disagreed cases, indicating that the veracity
annotation is quite challenging for humans. There
are several reasons for annotation difficulties.

First, veracity annotation often requires domain
knowledge. For example, a claim talks about col-
orectal cancer, while its EBS discusses colon can-
cer. Annotators without medical knowledge will
not know the relationship between those two can-
cer terms and have to google the terms first, which
results in slower annotation speed and potential
lower IAA due to different interpretation of search
results.

Second, annotators may differ in their interpreta-
tion of expressions such as numerical values (e.g.,
“5 out of 100”), modals (e.g., “could”), hedging
(e.g., “give indications”), and degree adverbs (e.g.,
“slightly”). For instance, a claim states that “Taking
antibiotics speeds up the healing of the infection”.
One of its EBSs says “Sickness duration: only 5 out
of 100 benefit”. One annotator feels that the EBS
partially supports the claim because it acknowl-
edges the benefit of taking antibiotics on 5% of
the patients, while the other annotator chooses the
label undecided as she believes the adverb “only”
in the EBS emphasizes the benefit is very small and
might be negligible.

Third, EBSs and sometimes even the claims can
be hard to interpret due to missing context. For
instance, an EBS may contain a pronoun such as
them but not its antecedent, making it hard to know
what the pronoun refers to. Similarly, without the
context, we will not know whether a common noun
such as cancer in an EBS refers to cancer in general
or the same type of cancer mentioned in the claim.

Fourth, instance-level veracity labels cannot always
be correctly inferred from the sentence-level labels.
For example, a claim states “health benefits in-
crease with duration of exercise”. Its two EBSs are
“150 minutes of physical activity per week reduced
mortality by 9% and “less than 150 minutes per
week can reduce risk of death by 34% compared to
inactive people.” One problem with this instance
is that it is not clear what is the comparison group
in the first EBS due to missing context. Assuming
that the comparison group is inactive people, we
label each EBS as partially supporting the claim as
exercise reduces mortality in both EBSs. However,
at the instance level, two EBSs combined refute
the claim because more exercise (150 minutes vs.
less than 150 minutes) results in less reduction of
mortality (9% vs. 34%).

6.5 Summary

To summarize, this case study demonstrates two
points. First, the average numbers of EBSs per
claim in the three corpora we examined are very
low, which may contrast with real-world scenarios.

Second, veracity annotation at both sentence and
instance levels can be quite challenging. To address
the first two reasons for annotation difficulties, it is
important for corpus designers to provide detailed
annotation guidelines that clearly define criteria for
interpreting claims and EBSs and the guidelines
may need to be tailored to the specific domain of
the corpus (e.g., how should annotators handle de-
gree adverbs and numerical expressions in claims
and EBSs in a medical CV corpus). The third and
fourth reasons for annotation difficulties indicate
that the traditional CV pipeline (which selects rele-
vant sentences and then aggregates sentence-level
results to obtain the instance-level labels) needs
to address the issues of missing context and the
complex relationship between sentence-level and
instance-level labels. While this case study demon-
strates the difficulty of veracity annotation, most of
the same challenges also hinder automatic veracity
prediction by CV systems.
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7 Case Study #2: Claim Decomposition

As discussed in Section 5.2, a common strategy to
handle complex claims is to decompose the original
claims into subclaims; subclaims are then verified
in order to obtain a veracity label for the original
claim. While this approach can potentially improve
system performance and interpretability of system
output, the quality of decomposition remains a key
bottleneck (Hu et al., 2024).

In our second case study (CS2), we examine the
following questions: (CS2-Q1) What is the aver-
age number of subclaims per claim in existing CV
corpora? (CS2-Q2) How are subclaims generated
and used in current CV systems? (CS2-Q3) What
is the quality of decomposition? The first two ques-
tions are easy to answer, and the last one requires a
close examination.

7.1 Average number of subclaims per claim

Out of the 65 corpora in our survey, twelve provide
subclaims for each claim. To answer CS2-Q1, we
randomly picked three from these twelve corpora;
they are CLAIMDECOMP (Chen et al., 2022),
WICE (Kamoi et al., 2023), and FACTLENS (Mitra
et al., 2024). Table 4 shows the distribution of
the number of subclaims per claim; the average
number of subclaims per claim in each corpus is
relatively small, ranging from 2.7 to 3.9.

# of subclaims | 1 2 3 4 >5|Avg

0 33.6 476 169 19| 2.8
685 149 83 46 37| 39
0 50.0 319 12.1 6.0 2.7

ClaimDecomp
FactLens
WiCE

Table 4: Case Study #2: Subclaim distribution across
three datasets, with percentages by subclaim count and
the average shown in the last column.

7.2 Generation and usage of subclaims

To answer CS2-Q2, we examine how subclaims are
generated in these three corpora and how they are
later used in the process of predicting the veracity
label of the original claims.

FACTLENS, derived from COVERBENCH (Jacovi
et al., 2024), sampled complex claims from diverse
domains and then generated subclaims by few-shot
prompting. The subclaims were then evaluated
with metrics such as atomicity, sufficiency, and
coverage. WICE, based on Wikipedia claims, also
used few-shot prompting to generate subclaims;
the quality of subclaims were evaluated manually

with measures of completeness and correctness.
CLAIMDECOMP relies on human annotators to
create yes/no subquestions from PolitiFact claims
and justifications, with quality evaluated on com-
prehensiveness and conciseness.

In all three studies, subclaims are verified first and
claim-level labels are derived from subclaim-level
labels with different aggregation rules: FACTLENS
applies a strict veto rule, WICE allows partially-
supported, and CLAIMDECOMP uses propor-
tions of “yes” answers.

7.3 Methods for evaluating decomposition
quality

Our last question, CS2-Q3, concerns the quality
of decomposition. Beyond traditional criteria like
correctness and completeness, other criteria such
as simplicity mattertoo: subclaims should be easier
to verify than the original claim. Due to space limit,
here we only focus on correctness of decomposi-
tion; that is, whether the conjunction of subclaims
is semantically equivalent to the original claim. In-
stead of asking annotators to judge equivalence
directly, we identify common decomposition strate-
gies employed by LLMs or humans and note where
they may introduce errors. We randomly sampled
50 instances from FACTLENS (Mitra et al., 2024),
and identified six common strategies along with the
conditions under which each strategy fails (see Ap-
pendix D). Next, we have two annotators indepen-
dently labeled each case for (i) strategies used, (ii)
errors introduced, and (iii) semantic equivalence.

7.4 An example of decomposition strategy

Consider the original claim:

“Chest wall irradiation is informative af-
ter mastectomy and negative node breast
cancer.”

which was decomposed into two subclaims:

SC1: “Chest wall irradiation is informa-
tive after mastectomy”

SC2: “Chest wall irradiation is informa-
tive after negative node breast cancer”

We refer to this as the coordinating conjunction
(CC) strategy, where the original claim contains a
CC phrase X1 and X2, and each subclaim is iden-
tical to the claim except that the CC phrase is re-
placed by one of its components (X7 or X2).

This strategy is simple but fails to produce semanti-
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Figure 1: Case study #2: Frequency of decomposition
strategy application across 50 FactLens instances (Based
on Annotator A). For each strategy, the blue bar repre-
sents the number of decompositions that maintained
semantic equivalence, while the red bar represents those
that violated it. The percentage above each bar indicates
the error rate (i.e., red bar / (red bar + blue bar).

cally equivalent subclaims under some conditions:
(a) When the CC phrase denotes a single entity
(e.g., Barnes & Noble is one bookstore chain, not
two). Dropping one component produces an in-
correct subclaim. (b) When the CC phrase is am-
biguous and decomposition forces one reading. For
example, “Smart boys and girls are present” could
mean [smart boys + girls] or [smart boys + smart
girls]. Splitting into two subclaims assumes one
interpretation and discards the other. (c) When the
intended meaning is collective rather than distribu-
tive. In the irradiation example, if the treatment is
informative only after both mastectomy and nega-
tive node breast cancer, the two subclaims are not
equivalent to the original claim.

7.5 Annotation results

Two annotators independently labeled the 50 in-
stances, reaching 72% agreement on semantic
equivalence judgments (36/50; see Table 8 in Ap-
pendix D).

Figure 1 summarizes the application frequency and
error rate of each decomposition strategy across the
50 annotated instances. Among the six strategies,
coordinating conjunctions and unrestricted modifi-
cation were the most frequently applied. The error
rates for the strategies varied widely, ranging from
0% to 50%.

Figure 2 shows the distribution of semantic equiva-
lence judgments across the 50 instances. Decom-
positions maintained semantic equivalence in 76%

Not entailing

Entailing but not equivalent 6

Equivalent

Figure 2: Case study #2: The semantic equivalence
judgment on the 50 FactLens Instance (Based on Anno-
tator A).

of cases. Among the non-equivalent instances, the
conjunction of the subclaims entailed the original
claim in half of the cases (6 instances) but did not
in the other half. Note that Figure 1-2 are based on
the annotation from Annotator A. The error rates
based on Annotator B’s annotation are higher.

7.6 Summary

Through a close examination of 50 FactLens in-
stances, we identify six common decomposition
strategies and delineate the conditions that lead to a
loss of semantic equivalence. A key implication is
that the efficacy of decomposition-based claim CV
systems is contingent on decomposition quality;
erroneous decompositions inevitably propagate to
produce erroneous verification results.

8 Challenges and Future Directions

This survey has revealed a number of challenges in
corpus creation and system development. In this
section, we focus on the most pressing ones.

8.1 Issues with corpus creation

Modality and language: As our survey shows,
English is unsurprisingly the dominant language
in CV corpora and text remains the most common
modality. However, this dominance does not re-
flect the complexity of the real-world information
ecosystem, where claims are made in many lan-
guages and supported by evidence drawn from
what people read, hear, and watch. Expanding
beyond English and text should be a collective pri-
ority in the field, encouraging the inclusion of mul-
tilingual and multimodal data to better align with
real-world contexts.

Annotation difficulty: As discussed in Section 6.5,
the annotation process is challenging due to vari-
ous reasons. To mitigate this issue, we recommend
the development of detailed, domain-specific anno-
tation guidelines. Furthermore, claims and EBSs
are often difficult to interpret in isolation. Corpus
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designers should therefore consider adding relevant
context as a new component of a CV corpus.

Artificial claims: Due to the high cost of man-
ual annotation, a common approach to corpus con-
struction involves generating artificial claims from
existing references (see Section 4.3). However, a
critical gap in the literature exists, concerning the
systematic analysis of the divergence between real-
world and artificial claims and the consequential
effects of this divergence on the generalization and
performance of CV systems.

8.2 Issues with system development

The traditional CV pipeline: Our case study #1
shows that EBSs can be hard to interpret without
context, and aggregating sentence-level labels to de-
termine instance-level veracity is error-prone. The
traditional CV pipeline needs to evolve to over-
come these limitations.

Claim decomposition: Although claim decompo-
sition is a common technique in CV systems, our
case study #2 reveals significant limitations. The
decomposition process often fails to maintain se-
mantic equivalence between the original claim and
the conjunction of its subclaims. Even when equiv-
alence is preserved, some subclaims may be unver-
ifiable given the provided references. Furthermore,
many claims resist decomposition using standard
strategies. Consequently, further research is crucial
to determine when and how decomposition should
be applied effectively in CV tasks.

Use of LLMs in CV systems: A growing number
of contemporary CV systems are built upon LLM:s.
A crucial issue is the influence of an LLM’s prior
knowledge on its judgment, particularly when that
knowledge conflicts with the provided reference.
Can LLMs temporarily suppress their prior beliefs
to objectively verify claims in such conflicting sce-
narios? More studies like (Xu et al., 2024b) are
needed to better understand LLMs’ behaviors and
adjust the CV systems accordingly.

Shared task, evaluation corpora and deploy-
ment: Shared tasks and evaluation corpora heav-
ily shape CV system design. For instance, the
AVeriTeC shared task (Schlichtkrull et al., 2024)
required systems to incorporate and evaluate
question generation and sentence selection mod-
ules—components that are not essential to all CV
architectures. Similarly, corpora composed of artifi-
cial claims, constructed by aggregating information

from multiple reference sentences, inherently in-
centivize the use of claim decomposition strategies.
Since the ultimate objective of CV research is to
verify real-world claims, future work should pri-
oritize evaluating system performance in realistic
deployment scenarios and streamlining implemen-
tation for practical use.

9 Related Work

Our main collection of studies includes eight survey
papers. Three of them (Bhuiyan et al., 2025; Guo
et al., 2022; Yang et al., 2024) provided overviews
of the CV systems. Two surveys adopted a more
focused perspective: Eldifrawi et al. (2024) specifi-
cally examined methods on justification generation;
Dmonte et al. (2024) concentrated on the integra-
tion of LLMs into CV systems. Another two sur-
veys (Panchendrarajan and Zubiaga, 2024; Gusdevi
et al., 2024) examined CV systems in non-English
and region-specific contexts and one additional sur-
vey (Akhtar et al., 2023b) focused on multimodal
verification approaches.

The scope and focus of our survey differ from pre-
vious work; it systematically reviews literature per-
taining to both corpora construction and system
development. To ground this review, we also con-
ducted two case studies that elucidate outstanding
research challenges.

10 Conclusion

Our survey of 198 papers (January 2022 - March
2025) provides a detailed analysis of recent ad-
vancements in claim verification (CV), focusing on
both corpus creation and system design. Through
two case studies, we first highlight the difficulties
of veracity annotation and the limitations of tra-
ditional CV pipelines, and then identify common
decomposition strategies along with their associ-
ated pitfalls. Our analysis culminates in a discus-
sion of remaining challenges and proposed future
directions for the field.

In contrast to the predominant focus in the NLP
field on novel system design, our findings under-
score the critical importance of data-centric analy-
sis—meticulously examining, annotating, and un-
derstanding the data itself. Our case studies demon-
strate how such analysis reveals fundamental limita-
tions in existing methodologies. Addressing these
limitations will be a primary focus of our future
research.
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Limitations

This survey included only papers in English pub-
lished from January 2022 to March 2025, and thus
may have missed studies published in other lan-
guages or outside this time period.

Due to the large number of papers in the initial set,
most papers were manually checked by one anno-
tator in the screening and annotation stage; thus,
annotation errors or inconsistencies are inevitable.

Next, due to page limits for submission, while 198
papers are included in this survey from which we
gathered our statistics, only a small subset of them
are discussed individually in our paper.

Finally, due to the high cost of manual annotation,
we limited double annotation to 50 instances per
case study.

Ethical Consideration

All publications included in this survey and the
corpora utilized for the case studies are publicly
accessible. The authors carried out the screening
procedure detailed in Section 3 and manual annota-
tion in the two case studies. We discern no ethical
concerns associated with this research.
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A Scraping and Filtering Details
We collected papers from three sources:

* Semantic Scholar: Queried via their public
API with keyword queries like “fact checking”
and “claim verification”. We retrieved up to

400 papers and filtered the first 200 titles that
matched either an exact keyword phrase or at
least two unigrams after stopword removal.

* Google Scholar: Accessed via SerpAPI. Ti-
tles were filtered using the same logic as
above. Due to SerpAPI limits and noisier
metadata, fewer papers passed the filter.

* ACL Anthology: Parsed locally from meta-
data in the official ACL Anthology GitHub
repository. XML files were searched for titles
with exact keyword phrases or (>2) keyword
unigrams.

Across all sources, abstract matching was enabled
(via the ‘—check-abstracts® flag) to increase rele-
vance. Deduplication was performed using normal-
ized titles, with preference given to papers from
ACL Anthology, followed by Semantic Scholar,
then Google Scholar.

B An Example of Claim Generation

Figure 3 shows an example from Feverous dataset
(Aly et al., 2021), which is used as original claims
in FactLens (Mitra et al., 2024) dataset. The claim
is generated by using information from three sen-
tences on the first Wikipedia article® and a table on
the second article’. The colors show the connec-
tion between the claim and the sources. The purple
highlights are about context information relevant
to the claim. Specifically, together with these cues,
temporal information ”2013” can be also inferred
from the fact that the paragraph shown in (a) is be-
tween two paragraphs that talked about Mansell’s
career in 2012 and 2014.

C Details of Case Study #1

In this appendix, we provide additional materials
for case study #1.

C.1 Number of EBSs per claim in Corpora
HealthFC, MSVEC and WiCE

Table 5 shows the distribution of the number of
EBSs per claim in Corpora HealthFC, MSVEC,
and WiCE.

C.2 The veracity labels used in our manual
annotation

Below are the full definitions of the veracity labels
used for our human annotation:

®https://en.wikipedia.org/wiki/Mickey_Mansell
https://en.wikipedia.org/wiki/2013_UK_Open
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Mansell qualified for thor\d Championship by taking the 14th place

of the 16 that were available through the ProTour Order of Merit for the SDsady ServicaslUKIOpen
. " X . . Tournament information

highest non-qualified players.''?! In his second World Championship he lost Dates 6.9 Juno 2013

to 15-time winner Phil Taylor 0-3 in the first round, as Mansell won only one Venue w

leg during the match and averaged 78.46.1'%] Mansell was ranked world Location Boron

number 51 after the tournament.' ' In his second World Cup of Darts with Country =4 England

Brendan Dolan the pair were beaten 4-5 in the last 16 by the Croatian duo Organisation(s) PDC

of Robert Marijanovié and Tonéi Restovit.!'5. Mansell reached the quarter- Lo ':I’:; i

finals of a PDC event ‘or the first time since October 2010 in May at the third Prize fund £200,004

Players Championship, but lost 4-6 to Paul Nicholson.!'®] Mansell beat Co Winner's share.__£49.000l

Stompé and Confin Whitehead to face Michael van Gerwen in the fourth High checkout 170 —— Andy Hamilton x2
I round of tthK Openlwhich he lost 3—9.' 71 Mansell was again a qualifier Champion(s)

for the World Grand Prix and had a superb opportunity to achieve the =i Phil Taylor

biggest win of his career to date as he had three match darts against world criks Lt i

number four Simon Whitlock in the deciding leg of the final set but missed
them all.l'8l Mansell later revealed how this match impacted his darts for the
subsequent year ahead as every time he played it was on his mind.l"®] At (b) 2013 UK Open ’S Wiki page
the Dutch Darts Masters he beat Tonéi Restovié and Gino Vos, before losing
64 to Kim Huybrechts in the third round.[2°]

Tournament 2011 2012) 2013 {2014 2015 201 Mlckey Mansellplayed in hlS S€C‘0nd
PDC Ranked televised events

World Championship Prel. 1R 1R World Cup OfDartS Wlth Brendan
UK Open 3R | 3R] 4R | 3R
Workd Grand Pr F [ = Dolan, he reached the quarter-finals

of @ PDC event but lost in the UK
Players Championship Finals 1F

PDC Non-ranked televised events - Wthh was held at the -

(a) Mickey Mansell’s wiki page (¢) A claim generated from (a) and (b)

Figure 3: An artificial claim from the Feverous corpus, which was generated by combining information from two
Wikipedia articles
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#of EBSs 0 1 2 3 4 >5

HealthFC 0 36 146 239 163 166
MSVEC 20 11 15 3 7 125
WiCE 242 699 1379 1648 1460 1807

Table 5: Case Study #1: The distribution of the number
of EBSs per claim in three corpora. It is identical to Ta-
ble 1 except for that the cells here show the raw counts,
not the percentages.

1 (Support): the EBS strongly confirms or support
the claim. This means the evidence is clear, direct,
and comprehensive in validating the claim. No
major aspects of the claim are left unaddressed,
and the support does not rely on weak inference or
speculation.

2 (Partially Support): the EBS backs up some
parts or scenarios of the claim, but other parts or
scenarios are either unsupported or contradicted.
In this case, the evidence may be specific to cer-
tain conditions; the evidence is from one single
study; or the sentence uses hedging, resulting in a
somewhat uncertain tone. The overall stance leans
supportive, but gaps or inconsistencies prevent full
confirmation. For example, if the claim is asking
about the benefit of some treatment, an EBS says
states one study shows benefits would be partially
support.

3 (Undecided): The evidence in EBS is too limited
or ambiguous to judge or the evidence contains con-
flicting information. Here, the EBS might specif-
ically state that the conclusion cannot be reached.
Or the evidence might be vague, incomplete, or
equally open to multiple interpretations.

4 (Partially Refute): the EBS refutes some parts
or scenarios of the claim, but not all. In this case,
the evidence may highlight limitations, negative
results, or contradictory findings that apply only
under certain conditions; the evidence might come
from a single study or source that challenges the
claim; or the wording may emphasize exceptions or
caveats, giving the evidence a somewhat skeptical
tone. The overall stance leans negative, but it does
not amount to a full rejection. For example, if the
claim is that a treatment is effective, and the EBS
states that one study found no benefit in a specific
subgroup, this would be partially refuted.

5 (Refute): the EBS strongly refutes the claim.
This indicates the evidence clearly and directly

contradicts the claim in a broad and decisive way.
The refutation is comprehensive and applies to the
claim as a whole.

6 (Irrelevant): the EBS is irrelevant to the claim.
The evidence neither supports nor refutes the claim,
often because it addresses a different topic, is too
general, or provides information unrelated to the
central issue.

C.3 Sentence-level and instance-level IAA for
veracity annotation

Table 6 and Table 7 show the confusion matrix
between two annotators for veracity annotation, at
the sentence and instance levels, respectively.

At the sentence level, there are 168 EBSs for the 50
claims (i.e., 168 (claim, EBS) pairs). The inter-
annotator agreement (IAA) is 98/168 = 58.3%
when using the 6 labels; the IAA increases to
125/168 = 74.4% when we use 4 labels (that is,
label 1 and 2 are merged, so are label 4 and 5). At
the instance level, the IAA is 30/50 = 60% when
using the 6 labels; it increases to 76% when using
the 4 labels.

112 1]13] 4 |5]| 6] Total
1 3018121 0]0]| 24
2 21271110 |0|0]| 40
3 0|0 |52|5]0|0] 57
4 00|29 |1]2] 14
5 0Oy 1|10]6 52| 14
6 02|15 0]0|2]| 19
Total | 5|48 82|21 6| 6| 168

Table 6: Case study #1: Confusion matrix between two
annotators for veracity annotation at the sentence level.
Rows correspond to Annotator 2’s labels, and columns
correspond to Annotator 1’s label. Each cell shows the
number of (claim, EBS) pairs with the corresponding
labels. Label 1-6 are defined in Appendix C.2. The IAA
is 58.3% with 6 labels and 74.4% with 4 labels (that is,
label 1 and 2 are merged, so are label 4 and 5).

D Details of Case Study #2

D.1 Decomposition strategies

Below are six common decomposition strategies
that we have identified from the 50 FactLens in-
stances.

Coordinating Conjunction (CC): One of the most
common decomposition strategies is to split a co-
ordinating conjunction phrase “X/ and X2” in the
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1|1 21| 3 14]|5] 6] Total
1 316 100|010 9
2 0| 6 | 4 |1[0]0] 11
3 O 1 [14|2|0]|0]| 17
4 0|03 |3]0]0 6
5 0| 0] 0 |2[3]1 6
6 0| 0] 0 |0|O0]1 1
Total | 3| 13|21 |83 |2 | 50

Table 7: Case study #1: Confusion matrix between two
annotators for veracity annotation at the instance level.
Rows correspond to Annotator 2’s labels, and columns
correspond to Annotator 1’s labels. Each cell shows the
number of instances with the corresponding labels. The
TAA is 60% with 6 labels and 76% with 4 labels (that is,
label 1 and 2 are merged, so are label 4 and 5).

original claim so that each subclaim is identical
to the original claim except that the CC phrase is
replaced with either X/ or X2.

This strategy is generally safe when the CC phrase
is the same as the original claim (e.g., the claim
is “Paris is the capital of France and London is
the largest city in the UK”). However, this strategy
becomes problematic when the CC phrase is a noun
phrase due to collective vs. distributive readings of
plural expressions (see Section 7.4).

In addition, CC phrases tend to lead to more syn-
tactic ambiguities. For instance, in the expression
“A and B of C”, the PP phrase “of C” may modify
either B only or “A and B” together. In order to
decide whether the subclaim set should be { “A”,
“BofC”}or{“Aof C”, “Bof C”}, the decompo-
sition process will be forced into resolving the PP
attachment ambiguity first. Failure in PP attach-
ment disambiguation will lead to decomposition
erTors.

Subordinating conjunctions: In this case, the
original claim contains subordinating clauses con-
nected a subordinating conjunction (SC) such as
”§1 SC S2”. If the subclaim set includes only S1
and S2, the connection between the two clauses
expressed by the SC will be lost with this decom-
position. Even worse, if the SC is a word such as
when or if, decomposing the original claim into
{S1, §2} is simply wrong because “if S1, S2” being
true does not entail that both S7 and S2 are true and
vice versa.

Restricted Modification: In this case, the original
claim includes a head with a restricted modifier,

e.g., a noun phrase followed by a restricted relative
clause. This decomposition strategy will form two
subclaims, one with the modifier removed from the
original claim and the other turns the head and the
modifier into a sentence. For instance, the claim
"The textbook required by CSI101 is very expen-
sive” is decomposed into { "The textbook is very
expensive”, "The textbook is required by CS101
course”}. This decomposition strategy can be prob-
lematic since it is not clear which textbook the
subject of each subclaim refers to. Removing re-
stricted modifiers changes the scope of the head
that is being modified.

Unrestricted Modification: In this case, the claim
includes a head with an unrestricted modifier, such
as a noun phrase modified by an unrestricted rela-
tive clause. This decomposition strategy will form
two subclaims, one with the modifier removed from
the original claim and the other turns the head and
the modifier into a sentence. For instance, the claim
”John Smith, the CEO of Disney, visited Boston in
2023” is decomposed into {”John Smith visited
Boston in 2023, ”John Smith was/is the CEO of
Disney”}. As removing unrestricted modifier will
not change the scope of the head being modified,
this decomposition strategy seems to be safe. How-
ever, when the modifier is an appositive expression
or a reduced relative clause, the be-verb has to be
inserted into the second subclaim and determining
the tense of the be-verb can be tricky.

Multiple Dependents: When the claim contains
a head with multiple modifiers, this strategy splits
these dependents into separate subclaims. For
example, the claim “John lived with his wife in
Chicago for two years” is decomposed into: “John
lived with his wife”, ”John lived in Chicago for
two years”. While the strategy seems to preserve
semantic equivalence, upon close examination, it
does not. For instance, imagine that John lived
in Chicago by himself for two years, got married
and then lived with his wife in Seattle for 10 years.
Under this scenario, both subclaims are true but
the original claim is not. The reason for the loss
of equivalence is that the PP "for two years” mod-
ifies the phrase “lived with his wife in Chicago”
in the original claim, but modifies only “/ived in
Chicago” in the second subclaim.

Verb + complement Clause: In this case, the origi-
nal claim includes a verb with a complement clause
as its subject or object. The decomposition strategy
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treats the complement clause as a subclaim. For
instance, suppose the claim is of the form ”Subject
V S17, whether the claim entails S1 depends on
what type of verb V is. If V is a mental state verb
such as believe or a communication verb such as
argue, the original claim will not entail S1 (e.g.,
”John believes/argues that the earth is flat” does not
entail ’the earth is flat””). On the other hand, if V
is a factive verb such as regret, realize, forget, the
claim is likely to entail S1 (e.g., ”John regretted
that he missed the meeting” entails that ’he missed
the meeting”).

D.2 Inter-Annotator Agreement for Equiva-
lence labeling

Figure 8 shows the confusion matrix for seman-
tic equivalence judgment on the 50 FactLens in-
stances.

1 | 2a | 2b | Total
1 281 0 | 10| 38
2a 1 312 6
2b 110715 6
Total | 30 | 3 | 17 50

Table 8: Case study #2: Confusion matrix between two
annotators for the semantic equivalence judgment of
the 50 FactLens instances. Row labels are from An-
notator A, and column labels come from Annotator B.
Meanings of the labels: 1 = Semantic equivalence, 2a =
Conjunction of subclaims entails the claim, but not vice
versa, 2b = Conjunction of subclaims does not entail
the claim. The TAA is 36/50 = 72%.

One factor contributing to the low IAA was a dis-
crepancy in applying the subordinating clause strat-
egy. Annotator B adhered to a stricter interpretation
of semantic equivalence. For example, when de-
composing the claim S/, resulting in S2” into the
subclaims {S1, S2}, Annotator B argued that se-
mantic equivalence was not maintained because the
causal relationship between S1 and S2 was lost. In
contrast, Annotator A adopted a more lenient view.
Under Annotator B’s strict definition, preserving
equivalence would require adding a new subclaim
explicitly stating the causal relation, which would
often closely resemble the original claim. This
highlights the need for a more precise and opera-
tionalized definition of semantic equivalence in the
annotation guidelines.

E Details of the New CV Corpora in Our
Survey

Table 9-12 provide more information on the 65 cor-
pora discussed in Section 4, all with the following
columns:

Corpus Name: This is the name of the CV corpus
the paper created.

Corpus size: This is the number of instances in
the corpus:
* 1: no more than 500 instances
* 2: no more than 1,000 instances
3: no more than 5,000 instances
e 4: no more than 10,000 instances
e 5:

greater than 10,000 instances

Modality: A corpus may have one or more modal-
ities: 1 =text, 2 = image, 3 = video, 4 = audio,
5 = chart, 6 =table.

Language: We used the 3-letter ISO 639-2 lan-
guage codes for individual languages: ara =
Arabic, ben = Bengali, chi = Chinese, cze =
Czech, eng = English, fre = French, ger =
German, ind = Indonesian, ita = Italian, jpn
= Japanese, nor = Norwegian, rus = Russian,
spa = Spanish, tur = Turkish, ukr = Ukrainian,
vie = Vietnamese, plus low = low-resource
languages and mult = multilingual.

Source: This column shows the source of data
used by the CV corpus.

Veracity: This column shows the veracity label set
used by the corpus:

* 1 = binary labels (true, false),

* 2 = ternary labels (supported, refuted,
NEID),

¢ 3 = more than 3 labels,

Justification: This column indicates the type of
justification:

* 0 = the corpus has no justification field
* 1 = evidence-bearing sentences (EBSs)
* 2 = summary of EBSs

* 3 = free-form explanation

Link: This is the link to access the dataset.
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Corpus Name Corpus Modality Language Source Veracity Justification Link
Size
2024 Presidential Debate 1 1 eng presidential debates 1 1 link
Claims (Nanekhan et al., 2025)
Bangla Claim Detection 4 1 ben fact-checking web- 1 0 Available upon request
Dataset (Rahman et al., 2025) sites, interviews,
speeches
CorFEVER (Tan et al., 2025) 2 1 eng online sources 2 3 link
Fact-Checking Podcasts 1 1.4 eng, ger, nor podcast episodes 1 0 link
Dataset (Setty and Becker,
2025)
FEVERFact (Ullrich et al., 5 1 eng podcast episodes 1 0 link
2025)
GCC (Deck et al., 2025) 3 1 ger WhatsApp 3 0 Available upon request
MultiSynFact (Chung et al., 5 1 eng, ger, low, Wikipedia 2 1 link
2025) spa
Adversarial CHEF (Zhang 2 1 chi CHEF 2 3 link
etal., 2024a)
AMBIFC (Glockner et al, 5 1 eng BoolQ dataset 2 0 link
2024)
AuRED (Haouari et al., 2024) 1 1 ara Twitter 2 0 link
BINGCHECK (Li et al., 2024) 3 1 eng ChatGPT prompted 3 0 N/A
user queries
CFEVER (Lin et al., 2024) 5 1 chi Wikipedia 2 0 link
ChartCheck (Akhtar et al, 5 1,5 eng ‘Wikipedia Com- 2 3 link
2024) mons
CHEF-EG, TrendFact (Zhang 4 1 chi CHEF, Weibo 2 3 N/A
et al., 2024b)
ChronoClaims (Barik et al., 5 1 eng Wikipedia 2 1 N/A
2024a)
CLAIMREVIEW2024+ 1 1,2 eng ClaimReview 3 0 link
(Braun et al., 2024) Project

Table 9: Claim Verification Corpora in Our Collection (1 of 4).
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https://github.com/kevin-rn/Efficient-Fact-checking/blob/main/data/elections/elections_dev_release_v1.1.json
https://github.com/txAnnie/Explainable-Fact-checking
https://github.com/factiverse/factcheck-podcasts
https://github.com/aic-factcheck/claim_extraction
https://github.com/Genaios/MultiSynFact
https://github.com/caiqizh/FC_Chinese
https://github.com/CambridgeNLIP/verification-real-world-info-needs
https://github.com/Fatima-Haouari/AuRED
https://ikmlab.github.io/CFEVER
https://github.com/mubasharaak/ChartCheck
https://github.com/multimodal-ai-lab/DEFAME

Corpus Name Corpus Modality Language Source Veracity Justification Link
Size
CREDULE (Chrysidis et al., 5 1 eng MultiFC, Politifact, 3 3 link
2024) PUBHEALTH,
NELA-GT, Fake
News Corpus
EX-Claim (Zeng and Gao, 4 1 eng WatClaim Check 1 3 link
2024)
EX-Fever (Ma et al., 2024) 5 1 eng Wikipedia 2 3 link
FactifySWQA (Suresh et al., 5 1 eng fact-checking 2 1 link
2024) datasets
FactLens (Mitra et al., 2024) 2 1 eng CoverBench 1 1,3 N/A
FCTR (Cekinel et al., 2024) 3 1 tur fact-checking orga- 3 2 link
nization, Snopes
FEVER-it (Scaiella et al., 5 1 ita FEVER 2 0 link
2024)
FINDVER (Yilun Zhao et al., 3 1,6 eng company  reports 1 3 link
2024) through U.S. Secu-
rities and Exchange
Commission
FlawCheck (Kao and Yen, 5 1 eng ‘WatClaimCheck 3 0 link
2024a)
HealthFC (Vladika et al., 2024) 2 1 eng, ger Medizin Transparent 2 1,2 link
web portal
LLMforFV (Guan et al., 2024) 2 1 eng LLM-generated text 1 0 link
with human annota-
tions
Multi-News-Fact-Checking 5 1,2 eng Multi-News summa- 3 2,3 link
(Chen et al., 2024b) rization dataset
QuanTemp (Venktesh et al., 5 1 eng Google Fact Check 2 0 link
2024) Tools API
RU22Fact (Zeng et al., 2024) 5 1 chi, eng, rus, fact-checking web- 2 3 link
ukr sites, news outlets
T-FEVER, T-FEVEROUS 5 1 eng FEVER, FEVER- 2 1 N/A
(Barik et al., 2024b) ous
TrendFact (Zhang et al, 5 1 chi social media, fact- 2 2,3 link
2024c¢) checking websites
ViFactCheck (Hoaet al., 2024) 4 1 vie newspapers 2 1 link
ViWikiFC (Le et al., 2024) 5 1 vie Wikipedia 2 0 link

Table 10: Claim Verification Corpora in Our Collection (2 of 4).
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https://github.com/mever-team/credule-dataset
https://github.com/znhy1024/JustiLM
https://github.com/dependentsign/EX-FEVER
https://github.com/Aadityaa2606/FACTIFY-AI-Fact-Checker
https://github.com/firatcekinel/FCTR
https://github.com/crux82/FEVER-it
https://github.com/yilunzhao/FinDVer
https://github.com/NYCU-NLP-Lab/FlawCheck
https://github.com/jvladika/HealthFC
https://github.com/JianGuanTHU/LLMforFV
https://github.com/ting-chih/MetaSumPerceiver
https://github.com/factiverse/QuanTemp
https://github.com/zeng-yirong/ru22fact
https://github.com/zxc123cc/TrendFact
https://github.com/QuangDiy/ViFactCheck
https://github.com/HighWill0/ViWikiFC.git

Corpus Name Corpus Modality Language Source Veracity Justification Link
Size
XClaimCheck (Kao and Yen, 5 1 eng ‘WatClaimCheck, 3 0 link
2024b) PolitiFact
UNK (Tan et al., 2024) 5 1 eng reports from 1 0 N/A
National Transporta-
tion Safety Board
AVeriTeC (Schlichtkrull etal., 3 1 eng fact-checking orga- 3 3 link
2023) nizations
ChartFC (Akhtar et al., 2023a) 5 1,5 eng TabFact 1 0 link
Check-COVID (Wang et al., 3 1 eng scientific journal ar- 2 0 link
2023) ticles
COVID-VTS (Liu et al., 2023) 4 1,3 eng Twitter 1 1,3 link
CsFEVER, CTKFacts (Ullrich 5 1 cze Czech adaptation of 3 1 link
et al., 2023) the English FEVER
EFact (Hu et al., 2023) 4 1 eng fact-checking orga- 3 0 N/A
nization
Facity 2 (Suryavardan et al., 5 1,2 eng Twitter 3 0 link
2023)
FACTIFY 3M (Chakraborty 5 1,2 eng Internet-collected 3 2,3 N/A
et al., 2023) stories paraphrased
by ChatGPT
FACTIFY-5WQA (Rani et al., 5 1 eng fact verification 2 1,3 link
2023) datasets
FACTKG (Kim et al., 2023) 5 1 eng WebNLG datase 1 0 link
Fin-Fact (Rangapur et al., 3 1,2 eng PolitiFact, Snopes, 2 3 link
2023) FactCheck
German healthcare news arti- 1 1 eng, ger German news 1 1 N/A
cles (Gupta et al., 2023) sources
LIAR++; FullFact (Russo 4 1 eng LIAR-PLUS, FULL- 2 3 link
etal., 2023) FACT website
MSVEC (Evans et al., 2023) 1 1 eng news outlets, fact- 1 1 link
checking websites
Multi2Claim (Tan et al., 2023) 5 1 eng scientific multiple- 2 3 link
choice QA datasets
MultiClaim (Pikuliak et al., 5 1 mult Google Fact Check 1 0 Available upon request
2023) Explorer, Snopes
SCITAB (Lu et al., 2023) 3 1,6 eng Sci-Gen dataset 2 0 link
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https://github.com/NYCU-NLP-Lab/XClaimCheck
https://github.com/MichSchli/AVeriTeC
https://github.com/mubasharaak/ChartFC_chartBERT
https://github.com/posuer/Check-COVID
https://github.com/FuxiaoLiu/Twitter-Video-dataset
https://github.com/aic-factcheck/csfever-and-ctkfacts-paper
https://github.com/surya1701/Factify-2.0
https://github.com/ankuranii/acl-5W-QA
https://github.com/jiho283/FactKG
https://github.com/IIT-DM/Fin-Fact/
https://github.com/LanD-FBK/benchmark-gen-explanations
https://github.com/lamps-lab/msvec
https://github.com/taneset/Multi2Claim
https://github.com/XinyuanLu00/SciTab

Corpus Name Corpus Modality Language Source Veracity Justification Link

Size
WICE (Kamoi et al., 2023) 3 1 eng Wikipedia 2 1 link
X-Fact (Hu et al., 2023) 5 1 mult fact-checking orga- 3 0 N/A
nization
XFEVER (Chang et al., 2023) 5 1 chi, eng, fre, FEVER 2 0 link
ind, jpn, spa
CHEF (Hu et al., 2022) 5 1 chi news review sites 2 0 link
ClaVer (Sundriyal et al., 2022) 3 1 eng CORD-19, LESA 2 0 link
Custom COVID-19 Claims 3 1 eng WHO Mythbusters, 1 0 link
Dataset (Casillas et al., 2022) Johns Hopkins
FAQs, CNN QA
pages
DIALFACT (Gupta et al., 5 1 eng Wikipedia 2 1 link
2022)
FACTIFY (Mishra et al., 2022) 5 1,2 eng Twitter 3 0 link
FAVIQ (Park et al., 2022) 5 1 eng Natural Questions 1 0 link
dataset, AmbigQA
FC-Claim-Det ~ (Bhatnagar 1 1 eng Fact-checked arti- 2 2,3 link
etal., 2022) cles
Mocheg (Yao et al., 2022) 5 1,2 eng PolitiFact, Snopes 2 1 link
PubHealthTab (Akhtar et al., 3 1,6 eng fact-checking, news 1 0 link
2022) review websites
SCIFACT-OPEN  (Wadden 5 1 eng SCIFACT-ORIG test 2 1 link
etal., 2022) set
SufficientFacts  (Atanasova 2 1 eng FEVER, Vitamin C, 2 0 link
etal., 2022) HoVer
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https://github.com/ryokamoi/wice
https://github.com/nii-yamagishilab/xfever
https://github.com/THU-BPM/CHEF
https://github.com/LCS2-IIITD/claim_verification
https://github.com/PLN-disca-iimas/InterpretableFactChecking/tree/main/dataset
https://github.com/salesforce/DialFact
https://competitions.codalab.org/competitions/35153
https://faviq.github.io/
https://github.com/varadhbhatnagar/FC-Claim-Det/
https://github.com/PLUM-Lab/Mocheg
https://github.com/mubasharaak/PubHealthTab
https://github.com/dwadden/scifact-open
https://huggingface.co/datasets/copenlu/sufficient_facts

