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Abstract

The rapid spread of misinformation poses a significant challenge in the digital age, with
false claims appearing across multiple modalities, particularly combinations of textual and
visual content such as images and videos. While automatic fact-checking plays a crucial
role in countering misinformation, traditional approaches predominantly rely on textual
data, often neglecting the multimodal nature of modern misinformation. In this survey,
we provide a comprehensive evaluation of multimodal datasets designed for automatic
fact-checking that combine textual and visual information, systematically analyzing their
sources, annotation methodologies, and key statistical properties, such as class distribu-
tion, topic diversity, and label availability. Additionally, we assess the usability of these
datasets in real-world scenarios, discussing their limitations, biases, and potential risks,
such as information leakage. Motivated by the practical difficulties we encountered when
attempting to integrate existing datasets into our own multimodal fact-checking pipeline,
our work also offers concrete guidance to help researchers choose the most suitable re-
sources. By identifying gaps and challenges in existing datasets, our survey aims to sup-
port the development of more reliable and scalable multimodal fact-checking systems.

Keywords Multilingual corpus - Fact checking - Survey - Reproducibility - Data analysis

1 Introduction

The increasing complexity of online misinformation has made automated fact-checking
(AFC) a crucial task, particularly in the context of multimodal content. While traditional
AFC approaches heavily rely on textual data, leveraging additional modalities such as
images and videos can significantly enhance the detection and verification process. How-
ever, while developing our own multimodal AFC system, we repeatedly encountered severe
practical obstacles when attempting to integrate existing datasets into our AFC pipeline.
Issues such as missing or inaccessible multimedia files, evidence texts that inadvertently
reveal the label and make the task unrealistic, heterogeneous label schemas across datasets,
and incomplete dataset releases often made seemingly suitable datasets difficult to use in
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practice. These firsthand challenges motivated us to compile this survey, so that others do
not face the same struggles.

In this paper, we focus exclusively on datasets, not on model architectures or verification
methods, and provide a comprehensive analysis of datasets that include both textual and
visual content (e.g., images or video frames), as these currently represent the most widely
available resources for multimodal AFC. While other modalities such as audio signals or
social network structures may also contribute to misinformation detection, datasets integrat-
ing these modalities remain relatively limited and heterogeneous, and are therefore outside
the scope of this survey. Although multimodal AFC has attracted growing interest over the
past decade, most survey efforts still concentrate on unimodal text-based AFC datasets [1],
making it difficult for practitioners to locate and compare resources suitable for real-world
pipelines. Moreover, sharing multimodal data introduces unique challenges and privacy
concerns, often resulting in limited availability or inconsistent usability of datasets.

Even when datasets appear accessible, they may suffer from class imbalance, annotation
bias, or unintended information leakage. Models trained on such imperfect resources can
inadvertently exploit dataset-specific artifacts, such as URL counts or user metadata, instead
of learning to verify content, as evidenced by the De-Factify 2 workshop results, where top
systems achieved near-perfect accuracy by incorporating superficial textual features [2].

To fill the gap in the literature, in this work we present a detailed survey of the most recent
datasets for multimodal AFC, focusing on their data availability, origin, and providing data
analysis for selected resources. We unify information from various papers by introducing
a standardized description of tasks and data sources to facilitate dataset comparisons and
provide valuable insights for future researchers. In addition, we examine the limitations of
the available datasets, discuss important considerations for their use and for the creation of
future multimedia resources for AFC, and offer practical guidelines for the design of robust
multimodal fact-checking (FC) datasets. All supplementary materials, including analysis
scripts and dataset download files, are available at the following GitHub link: https://github
.com/beatrice-portelli/multimodal-afc-survey.

2 Definitions
Based on the literature, we define a list of key terms which will be used in the subsequent analyses:

Claim piece of information (textual and/or visual) to be verified.
Evidence piece of external information (textual and/or visual) which can be used as
contextual information for the claim. May consist of a set of resources.

e Sample basic input unit for a task, it may consist of a claim only, or a combination of
claim and evidence.

e Information leak situation in which the evidence provided in the dataset contains/relies
on human-generated FC articles (concept introduced in [3]). These articles have specific
structures, writing styles, and usually state explicitly if the claim is true or false. This
makes them unrealistic sources of evidence to train a completely automatic FC model
(e.g., to use in early fake news detection), leading to models that rely on the presence of
FC articles to function correctly.
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o Factuality assessment task (FAC) given a claim (and possibly an evidence), determine
whether the claim is true (or factual, reliable, etc.).

e Stance detection task (STA) given a claim and an evidence, determine if the evidence sup-
ports or refutes the claim. This does not address the truthfulness or reliability of the claim.

o Crossmodal inconsistency task (INC) given a claim with at least two parts / modali-
ties, determine if the way the parts are presented distorts the original message.

o Explanation generation task (EXP) given a claim, an evidence, and a verdict, generate
a text summarizing the reasons leading to the verdict.

o Evidence retrieval task (RET) given a claim and a set of documents, retrieve relevant
evidences.

3 Related work

AFC has been extensively studied in the context of textual datasets, with surveys such as [1,
4] and [5] providing comprehensive overviews of AFC datasets, categorizing them based on
task formulation, label types, and sources. However, these works often focus on unimodal
text-based verification, leaving the area of multimodal datasets under-explored. Other sur-
veys tend to address only a single task [6, 7] or are not focused specifically on datasets,
including sections about models and methods too [8, 9]. Among recent surveys, only [10]
investigates datasets across different tasks, but without focusing on important aspects such
as the label origin, leading to broad yet superficial analyses.

Table 1 compares our survey with previous ones about AFC, highlighting the key aspects
discussed in each publication. None of the previous surveys provides a detailed statistical
analysis of AFC datasets (“dataset stats.”), nor does it systematically investigate the labels
origin, a critical factor when deploying models in real-world scenarios. Furthermore, a fun-
damental aspect of AFC is the presence of evidence, which serves as the foundation for fact
verification. Despite its importance, no prior multimodal survey fully examines the data
availability and quality of the evidences (“evidence analysis”), leaving a significant gap in

Table 1 Comparison with previous surveys. “~” means the analysis is done partially

B e . : w
IR} z = ) R
7} o=
Eg = = 8 g a 2
= T 80 7] « 8 +
§° 2 & 2 2 e 2
>R g o Q Q Q o)
-] e —_ 0 0 0 i}
o 9 — Q ] ® ] —
28 £ £ 5 & Z
Name Q= g g o) e} ) g

Kotonya and Toni [5] 2020 -
Zeng et al. [4] 2021 -
Guo et al. [1] 2021

Hangloo and Arora [9] 2019
Tufchi et al. [8] 2022
Akhtar et al. [10] 2023

Ours 2025

o -ew evidence analysis
1 1
1 1

Q000

° coee ' e claim origin

° ° ' °°°° num. of samples
0 00 &

QO

@ Springer



588 Page 4 of 35 Multimedia Tools and Applications (2026) 85:588

understanding how datasets support AFC decisions. Our work fills this gap by covering the
latest datasets and systematically analyzing their structure, label distributions, and thematic
coverage, offering a more in-depth perspective on multimodal AFC resources.

4 Method

We identified multimodal AFC datasets using an iterative citation-based approach, illustrated
in Fig. 1. Starting from all the survey articles listed in Table 1, we extracted the datasets they
cited and treated those references as seed articles. For each seed article, we first verified
that it involved multimedia information (specifically visual content). We then examined its
background, related work, and experimental sections to identify any additional cited papers
introducing datasets or proposing AFC methods, adding these to the growing set of seed
articles. This process was repeated iteratively until no new articles were added to the set.

To address the bias of this method toward older, well-known datasets contemporary to
the surveys, we complemented our search with targeted queries on Google Scholar. We
searched for papers published after 2023 with the following terms: “multimodal fact check-
ing dataset”, “multimodal fake news dataset”, and “multimodal fact verification dataset”.
We selected all matching dataset papers, added them to the seed set, and iterated on their
citation trees accordingly. This resulted in the inclusion of several newer datasets.

1. Initial Discovery

Identify all cited AFC datasets from existing
comprehensive literature reviews

2019-2023: Previous Survey Articles

“multimodal fact checking dataset”, “multimodal fake
news dataset”, “multimodal fact verification dataset”

After 2023: Google Scholar Query

‘II

Seed Articles

2. Iterative Snowballing Loop
for each paper in the Seed Articles set

3. Refinement and Selection

@ Candidate Articles (65)

Manual analysis and filtering

-
Inclusion filter

Is it a dataset paper containing
both textual and visual data?
8

Snowballing
Inspect article and identify
all cited papers introducing '

( Filtering out datasets published
before 2019

AFC datasets/methods

\

Surveyed Articles (32)
Surveyed Datasets (39)

4. Final Selection Results

Iteration
Add new articles to
the Seed Articles set

Fig. 1 Flowchart illustrating the dataset identification and selection process used in this survey
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In total, we retrieved approximately 65 candidate articles. Each article was analyzed to
identify the introduced dataset(s), assess whether they were actually multimodal, and docu-
ment their characteristics. Datasets published before 2019 were removed because of their
small sizes, outdated information and negligible impact on the overall landscape.

This final filtering led to the selection of 32 papers introducing 39 multimodal datasets
regarding AFC, fake news detection, and related tasks.

For each dataset, we recorded a comprehensive set of characteristics that include: the
sample structure (that is, whether samples consist solely of claims or also include claim-evi-
dence pairs), the presence of multimodal information and the specific media they contain,
the intended task along with the employed labeling scheme, and the overall scale measured
by the number of claims, evidences, and samples. We also documented the source and topic
of the data (to assess reliability and potential biases), whether the evidences may lead to
“information leak”, the languages included in the dataset, and the dataset availability.

Finally, for a subset of fully available datasets, we performed an analysis examining vari-
ous structural and formal characteristics. Specifically, we evaluated the distribution of text
length by label, the distribution of topics by label, and the overall distribution of samples
across labels. Additionally, we verified the validity of the provided data access links using a
set of random samples to ensure that the datasets are currently accessible.

5 Results overview
5.1 Sample format

Out of the 39 analyzed datasets, 13 contain claim-evidence pairs (Table 2, top) while 26
consist of claim-only samples (Table 2, bottom). Fauxtography [11] is the oldest considered
dataset and the only one published in 2019, while the most recent one is [12], the only one
published in 2025. 2020 was the most prolific year, with 11 new datasets, while only 3
datasets were published in 2021. In 2022-2024, the community introduced 7-9 new datasets
per year, reflecting an active interest in the creation and use of multimodal AFC datasets.

5.2 Size and creation methods

Dataset sizes vary widely (see Table 2, # Samples), ranging from 263 samples ExFaux [41] to
2.8 million samples CLIP-NESt [27]. However, the largest datasets are often automatically
generated and may contain synthetic data, as it is extremely difficult and time-consuming to
annotate thousands or millions of data points. All datasets in the range of 1 million samples
(e.g., CLIP-NESt, CHASMA [25], and TamperedNews [37]) contain programmatically gen-
erated ones. For example, some of them consist of purely synthetic data, where fake news
are generated by automatically altering real facts, while other datasets use embeddings and
similarity metrics to automatically pair real images and texts, creating mismatched samples.
The largest dataset which does not rely on this data augmentation is r/Fakeddit (1.0 million
samples), which instead uses the reputation of the data sources (subreddits) to label a large
number of scraped samples, relying on subreddit moderators. While the number of samples
may seem really high for some datasets, they might consist of combinations of a smaller set
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Table 2 List of the multimodal datasets with (top) and without (bottom) evidence, ordered by publication year

Ref./ MM type
Dataset Year # Samples Claim Evid.
FakeClaim 2024 755 v
FineFake 2024 16,909 i
WarClaim 2024 2,773 i v
RD-E 2024 32,802 | (i %
MR? 2023 14,700 | i i
Factify2 2023 50,000 | (i i
MOCHEG 2023 15,601 i
00CMMFC 2022 85,360 | (i i
STVD-FC 2022 1,200 v a
Factify 2022 50,000 | (i i
MuMiN 2022 12,914 | i i
PolitifactSnopes 2020 13,239 i i
Fauxtography 2019 1,305 i
ChileCP 2025 300 | i
VERITE 2024 1,000 | i
CHASMA 2024 2,015,488 | i
CHASMA-D 2024 291,782 | i
MFD-Taskl 2023 1,795 i
MFD-Task2 2023 1,460 | i
CLIP-NESt 2023 2,838,082 | i
COSMOS 2023 | 200,000 + 1,700 | (i
Twitter-COMMs 2022 2,468,592 | i T
Evons 2022 92,969 i x
CovID I 2022 2,369 | (i §
CovID II 2022 2,474 | (i <
COVID5G 2022 6,000 | v %
NewsCLIPpings 2021 988,283 | i =
VOA-KG2txt 2021 30,000 | i g
Weibo C 2021 10,130 | ‘i &
NeuralNews 2020 128,000 | i <
TamperedNews 2020 1,079,523 | i =
News400 2020 6,360 | i 5
ReCOVery 2020 | 2,029 + 140,820 | i g
r/Fakeddit 2020 1,063,106 | (i
FakeNewsNet 2020 23,196 i l
ExFaux 2020 263 i
NewsBag 2020 215,000 i
NewsBag++ 2020 589,000 1
NewsBag Test 2020 29,000 i

1 image V video 2 audio

* only part of the samples is multimodal
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of claims and evidences (or texts and images). For more information about unique number
of claims, evidences, texts, and multimedia pieces of information, see Appendix A.

5.3 Multimodality

All the 26 claim-only datasets contain multimodal claims, while others present different com-
binations of multimodal inputs (Table 2, MM type). Regarding claim-evidence datasets, 6 of
them provide multimodal information for both claims and evidences (MR 2, Factify2, OoC-
MMEFC, Factify, MuMiN, and PolitifactSnopes), two for the evidence only (MOCHEG and
STVD-FC), and the remaining 5 have only multimodal claims. Images ' i , as expected, are
the most common type of multimodal content, as they are the easiest data type to annotate, pro-
cess, and share. Four datasets introduce videos v in their samples. FakeClaim [13], WarClaim
[15], and COVIDSG [32] all deal with YouTube videos, while STVD-FC incorporates both
video vV and audio 2 , as it comprises French TV program recordings (news and politics).

5.4 Tasks
Each dataset provides annotations for up to three different tasks.

Factuality assessment (FAC) The most common task is FAC, supported by 64% of the data-
sets (see Table 3, Tasks). In particular, 85% of the datasets containing evidence support
the FAC task, with the only two exceptions being OocCMMFC (INC) and PolitifactSnopes
(STA and RET). Although most datasets do not provide evidences to prove or disprove the
truthfulness of the claims, 54% of them supply FAC labels. This leaves researchers with the
choice of either relying solely on the textual and visual features of the claim or incorporating
external sources of information to fact-check the claims.

Crossmodal inconsistency (INC) The second most frequent task is INC, which focuses on
detecting inconsistencies between different modalities. Overall, 41% of the datasets and
50% of the claim-only datasets support this task. INC is closely related to the phenomenon
of fauxtography, where multimedia content is misleading due to mismatches between tex-
tual and visual information.

Stance detection (STA) The third most frequent task is STA, accounting for 38% of claim-
evidence datasets. It can be regarded as a simplified version of the FAC task, as it aims to
classify the relationship (e.g., support or refute) between a claim and the evidence without
producing a final verdict on the claim (e.g., real or fake). Interestingly, two claim-only datas-
ets can also be categorized under STA, as they involve classifying the relationship between a
claim’s textual content and its accompanying multimedia elements. For example COVID5G
contains social media posts referring to YouTube videos about COVID-5G conspiracy theo-
ries. One of the dataset labeling schemes specifies the relation between the post and the video
(e.g., Supports, Related but does not support, Contradiction) making it an example of STA.

Explanation generation and evidence retrieval (EXP and RET) The remaining tasks appear

less frequently. EXP is supported by MOCHEG and VOA-KG2txt [34], while RET is
addressed by PolitifactSnopes. Although evidence retrieval and explanation generation are
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Table 3 Task distribution and number of labels

Tasks

Dataset FAC INC STA # Labels
FakeClaim (/) (/] 2
FineFake 0 0 2o0r6
WarClaim (/] 1
RD-E (/] 6
MR? (/] 3
Factify?2 0 0 5
MOCHEG (/] (/] 3
00CMMFC (/] 2
STVD-FC (/) 3
Factify (/] (/] 5
MuMiN (/] 2
PolitifactSnopes 0 lor2
Fauxtography 0 0 2
ChileCP (/] 3
VERITE (/] 2or3
CHASMA (/] 2
CHASMA-D (/] 2
MFD-Task1 (/] 3
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Table 3 (continued)

Tasks
Dataset FAC INC STA EXP RET #Labels

MFD-Task2 (/]

CLIP-NESt (/]
COSMOS QO O
Twitter-COMMs (/]

Evons

CovID I

CovID II
COVID5G
NewsCLIPpings
VOA-KG2txt (/]
Weibo C
NeuralNews

or5or6

TamperedNews
News400
ReCOVery
r/Fakeddit
FakeNewsNet

or3or6

ExFaux
NewsBag

NewsBag++

BN N NN RN NN NN W NN NN WA

NewsBag Test

commonly pursued in unimodal (textual) AFC, only a few of the analyzed multimodal data-
sets were specifically designed to support these tasks. This highlights a potential research
direction for future dataset development.

5.5 Labeling scheme

Most of the considered tasks are annotated using categorical labels, ranging from 2 to 6
classes (Table 3, # Labels). Some of the datasets (e.g., Fakeddit [39] and FineFake [14])
provide different levels of granularity for the same task, allowing the researchers to choose
between a coarse-grained annotation (true/fake) or a fine-grained one. Most of the datasets
(67%) provide binary annotations for at least one of their tasks, and this annotation scheme
is the most prevalent among claim-only datasets (77%). Among datasets that include evi-
dences, 23% adopt a 3-way labeling scheme and, in these cases, the third class is typically
neutral to capture uncertainty (e.g., the failure of an eventual evidence retrieval compo-
nent or the early stages of a fake news spreading). The third class is usually labeled as

ELINT3

“not enough information”, “neutral”, “unverified”, or similar terms. Two of the datasets are
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marked as having one label, as they only contain fake claims (WarClaim and PolitifactS-
nopes). Table 8 in Appendix B provides in-depth details of all labeling schemes.

5.6 Languages, data sources, leaking, and topics

87% of the datasets are monolingual (Table 4, Language), with the only exceptions being
FakeClaim, WarClaim, MR? , MuMIiN, and ReCOVery [38]. 85% of the datasets (33 out of
39) include the English language (EN). The other languages for which monolingual datasets
are available are: French (FR, STVD-FC), Spanish (ES, ChileCP), Italian (IT, MFD-Task1
and MFD-Task2[26]), Chinese (ZH, Weibo C [35]), and German (DE, News400 [37]).

As regards the origin of the samples, in 67% of the cases claims are usually sourced from
social media (Table 4, Claim origin), with the most frequent ones being (in order): Twitter (X),
Reddit, Facebook, YouTube, TikTok, Instagram, Weibo, Telegram, and WhatsApp. Frequently,
interesting social media posts are identified using FC websites, as they contain links to the unreli-
able posts which discuss fake and unreliable news. Evidences are sourced directly from FC web-
sites in most of the cases (62%), but several datasets use google search to automatically retrieve
web articles as evidences (Evidence origin), filtering out FC websites to avoid information leaks
and/or unreliable websites to avoid creating unreliable evidences. The Label origin of most of
the claim-evidence datasets comes directly from FC websites or human annotations, while most
of the claim-only datasets rely on automatics methods (By construction). When evidences and
labels are sourced from FC websites, this often leads to verified @ or possible ' information
leaks, which researchers should be aware of when using the datasets.'

Most of the datasets (59%) were created without specific topic filtering, and therefore
include various ones. The most frequent topic is politics (28%), followed by COVID19
(15%), and general health misinformation (13%) (details in Appendix D).

5.7 Data availability

The availability is summarized in Table 4, while links are provided in Appendix C, Table 9.
Most studies on multimodal FC make their datasets available through repositories or web-
sites that include download instructions for texts and images. Texts can often be provided
directly in compliance with privacy regulations, while visual data may be shared in different
ways, due to its larger size.

0 Datasets such as 1/Fakeddit, Evons [30], FineFake, MOCHEG, MR 2, and PolitifactS-
nopes are among the most accessible, as both texts and images can be downloaded via com-
pressed folders hosted on file-sharing services such as Dropbox and Google Drive, or directly
from the authors’ websites. Other datasets are still accessible, but only texts are provided directly
while images are supplied as individual web links (e.g., Fauxtography, VERITE [25], Factify2,
ReCOVery, CovID I, CovID II [31], TamperedNews, News400, and Weibo C). Other, like
VOA-KG2txt, may include data from different sources, one which is completely available and
one which provides image links only. Further limitations are evident in datasets such as Neural-

Mnformation leaks are marked as verified 0 when datasets exhibit leaks by construction in virtually all
samples, due to the way the data was collected. In contrast, datasets marked as having potential leaks fall
into one of two categories: either the methodology is unclear, leaving room for potential leaks or leaks have
been confirmed through dataset inspection but only affect a subset of the data.
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Table 4 Origin of dataset samples, along with information leakage, dataset availability and language(s)

MFD- (/]

Task2
CLIP-

Dataset Social News web- Image Text man- Text auto- Text auto- Txt-img
media sites search ual editing  tampering  generation  auto-
pairing
FakeClaim @)
FineFake 0 0
WarClaim 0
RD-E (/]
MR? (/]
Factify2 0 01 0
MOCHEG @
O0CMMEFC (/]
stvD-Fc @
Factify 0 0
MuMiN @
PolitifactSnopQ
Fauxtographya
ChileCP (/]
VERITE @ (/]
cHasMA @ (/] (/]
cHASMA- @ (/] (/]
D
MFD- (/] (/]
Task1
o
o

NESt
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Table 4 (continued)

Dataset Social News web-  Image Text man- Text auto- Text auto- Txt-img

media sites search ual editing  tampering  generation  auto-
pairing

cosmos @ (/]

Twitter- 0

COMMs

Evons 02

covipl @ (/]

coipn @

covipsc @

NewsCLIPpings 0 0

VOA- (/] (/]

KG2txt

WeiboC @ (/]

NeuralNews 0 0 0

TamperedNews 0 0 0

News400 (/] (/] (/]

ReCOVery 02

r/Fakeddit @)

FakeNewsNetQ 0
ExFaux 0

NewsBag 01

NewsBag++ 01 0 0
NewsBag 01

Test
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Table 4 (continued)

Evid. origin
FC websites

Articles

Social media Other

FakeClaim
FineFake
WarClaim
RD-E

MR?
Factify2
MOCHEG
OoCMMFC
STVD-FC
Factify
MuMiN
PolitifactSnopes

Fauxtography
ChileCP
VERITE
CHASMA
CHASMA-D
MFD-Task1
MFD-Task2
CLIP-NESt

04

04
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Table 4 (continued)

Evid. origin
FC websites

Atrticles Social media

Other

COSMOS

Twitter-
COMMs

Evons

CovID I
CovID IT
COVID5G
NewsCLIPpings
VOA-KG2txt
Weibo C
NeuralNews
TamperedNews
News400
ReCOVery
r/Fakeddit
FakeNewsNet
ExFaux
NewsBag
NewsBag++
NewsBag Test
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Table 4 (continued)
Label origin
FC Human Crowd-  Website By con-  Information Data Languages
web: annota- sourcing reputation  struction leak? availal-
sites tion ibity
FakeClaim (/] o 0Q
FineFake QO O ® &
WarClaim (/] (1) (AT~ I
RD-E (/] ® &N
MR2 QO O @ exzH
Factify2 (/] (/] (1) (VIR N
MOCHEG (/] ® &N
00CMMFC (/] ® &N
STVD-FC (/] ® E
Factify (/] (/] (1) @O &N
MuMiN (/] (1) O 4
PolitifactSnopes 0 0 o 0 EN
Fauxtography 0 0 EN
ChileCP (1) ® w5
VERITE (/] ® &
CHASMA (/] © =
CHASMA-D (/] ®© =
MFD-Task1 (/] DN )
MFD-Task2 (/] o T
CLIP-NESt (/] ®© =
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Table 4 (continued)

Label origin

FC Human Crowd-  Website By con-  Information Data Languages

web- annota- sourcing reputation  struction leak? availal-

sites tion ibity
COSMOS (/] ® &N
Twitter-COMMs (/] EN
Evons o 0 EN
CovID T (/] (/] ® &N
CovID 11 (/] (/] ® &N
COVID5G (/] ® =
NewsCLIPpings 0 0 EN
VOA-KG2txt (/] @ =~
Weibo C (/] @
NeuralNews 0 0@ EN
TamperedNews 0 EN
News400 (/] DE
ReCOVery (/] [/ AN
r/Fakeddit (/] @ =N
FakeNewsNet @ EN
ExFaux 0 e EN
NewsBag 0 e EN
NewsBag++ o o ° EN
NewsBag Test o e EN

I Includes articles from satire websites

2 Includes articles from unreliable/fake news websites
3 Excluding unreliable sources

4 Reliable sources only

5 Excluding FC websites

News [36], which offers only the image caption and a link to the original article, leaving to the
user the task to retrieve the visual data independently by scraping the webpage.

@ For some datasets, information is partially available, but the remaining part must be
requested to the authors (e.g., STVD-FC and RD-E [16]). While this makes the datasets less
readily available, it also ensures its integrity and the presence of all multimedia pieces of
information.

e Other datasets, in particular the ones comprising of synthetic samples, may only release
some seed data and require the researcher to run code to generate the full dataset (e.g., CHASMA
and CLIP-NESt). This adds a layer of complexity and a possible point of failure, as the code needs
to be released and fully reproducible as well to obtain the same dataset.

Several datasets rely on external APIs to access both visual and textual data. For
example, FakeClaim and WarClaim provide video IDs for YouTube videos, while MFD-
Task1, MFD-Task2, FakeNewsNet [40], MuMIiN, and Twitter-COMMs [29] require the use
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of the Twitter (X) API, a factor that significantly limits their usage due to the high associated
costs, even for academic research.

@ Finally, some datasets are currently not accessible through public repositories, direct
download, and not explicitly made available to the research community (e.g., ExFaux and
COVIDSG). In other cases (e.g., NewsBag [42]), although the datasets were supposed to
be available after publication, we were not able to recover them even after contacting the
authors.

6 Dataset analysis

In this section we provide an analysis of some of the publicly available datasets identified
in our survey, focusing on the ones tackling the binary FAC task: FakeClaim, FineFake,
WarClaim, MOCHEG, Fauxtography, Evons, CovID I, CovID II, ReCOVery, and r/Faked-
dit. Similar considerations can be drawn for the publicly available multiclass datasets, and
can be found in Appendix E.

6.1 Text format and label distribution

As previously mentioned, some surface-level characteristics, such as differences in the average
text length across labels can unintentionally leak information about the target labels. An exam-
ple of these issues is Factify2, a 5-way classification dataset part of the De-Factify 2 workshop,
for which participants achieved up to 100% accuracy in predicting the Refute class [43]. Refute
claims and evidences are shorter on average compared to other classes, while also exhibiting
a higher variability (Table 5). In contrast, Support claims and evidences are typically longer,
while the Insufficient category lies in-between but remains distinguishable (see Appendix F for
data distributions). The Refute category is the only one in that contains almost no URLs in their
claims, while Support has a much higher than average number of URLSs and user mentions (@).
In addition, as noted by Chrysidis et al. [3], Factify2 suffers from information leak, as evidences
for the Refute class are FC articles explicitly stating that the claim is false.

Table 6 reports a similar analysis for the other binary datasets (for MOCHEG we exclude
the “not enough information” label, for FakeClaim and WarClaim we only consider claims
from YouTube videos). We observe a marked difference in the average text length between
classes, which could lead to imbalances in the representation of textual content. For instance,
in FineFake, the average length of the negative and positive classes are 487.84 and 2,446.14
characters, making it a strong predictor. Similar discrepancies are observed in CovID II,
CovID I, and Fauxtography, where the average text length varies considerably between
classes. Another issue is the presence of very short texts (min < 20) in datasets such as

Table 5 Factify2 text length and distributions (in characters) for each class

Claim Length Evidence Length
Label Avg Min Max Avg Min Max
Support MM 193.48 43 340 12,347.65 8 126,774
Support Text 186.75 22 333 10,462.37 17 273,682
Insuff. MM 191.38 38 336 5,943.25 8 271,151
Insuff. Text 191.06 27 336 5,281.44 14 1,641,275
Refute 109.45 5 712 2,348.85 109 27,753
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Table6 Statistics of various FC datasets, showing the distribution of samples belonging to
the positive and negative classes, the average text length (in characters) of the samples for
each class and the range of text lengths (minimum and maximum). Data which present sig-
nificant issues or discrepancies between the two classes are highlighted

Distribution Avg Length Min Length Max Length
Dataset Neg1 Pos? Neg1 Pos? Neg1 Pos? Neg1 Pos?
FakeClaim 39.87% 60.13% 75.52 76.78 9 12 149 140
WarClaim 100.00% 0.00% 71.26 - 9 - 366 -
FineFake 44.37% 55.63% 487.84 2,446.14 3 11 100,049 100,096
MOCHEG 53.23% 46.77%  3,677.37 4,046.85 125 175 34,179 23,949
r/Fakeddit 60.61% 39.39% 34.37 53.53 1 1 2,785 297
Fauxtography 54.99% 45.01% 89.06 159.76 31 38 211 962
CovID I 55.30% 44.07%  2.612.91 1,807.62 26 25 18,682 31,863
CovID I 52.67% 47.33%  2,625.92 102.52 26 26 18,682 1,154
Evons 46.64% 53.36% 186.28 125.94 1 4 648 505
ReCOVery 32.77% 67.23%  5,014.27 5,210.35 131 151 91,828 79,503

1Negative labels: fake (FakeClaim, WarClaim, FineFake, r/Fakeddit, Evons), false (Fauxtography, CovID
I, CovID 1I), refuted (MOCHEG), unreliable (ReCOVery)

2 Positive labels: real (FakeClaim, FineFake), true (/Fakeddit, Fauxtography, CovID I, CovID II, Evons),
supported (MOCHEGQ), reliable (ReCOVery)

FineFake, r/Fakeddit, and Evons. This may result from data collection errors or the inclu-
sion of non-informative texts. Additionally, an excessive range between the minimum and
maximum text lengths, observed in datasets like FineFake and CovID I, suggests the pres-
ence of noisy data. Some datasets, including FakeClaim, ReCOVery, and r/Fakeddit, have
highly unbalanced class distributions, which may impact model performance. In addition,
r/Fakeddit data includes bot-generated comments, while some texts automatically scraped
from articles still contained HTML tags that needed further cleaning.

6.2 Topics and label distribution

While most of the datasets cover various topics, only few provide them as an explicit fea-
ture. Among the ones we analyzed, only FineFake does, while the r/Fakeddit subreddit fea-
ture could be used to vaguely infer the theme of the claim (e.g., US news, or digitally altered
images). We performed an analysis of the topic distribution among all samples and labels
for the two datasets, observing a strong topic unbalance in both of them, favoring Politics,
Society, and Entertainment for FineFake, and psbattle artwork for r/Fakeddit (subreddit
on manipulated images and photo editing software). In addition, most of the topics showed
unique label distributions (e.g., psbattle artwork samples are almost exclusively false in r/
Fakeddit, while mildlyinteresting samples are true), creating a possible bias between topics
and labels (see Appendix F for additional details).

6.3 Missing data

Datasets that rely on links and APIs often suffer from missing data, as seen in WarClaim
and FakeClaim, where many entries were lost due to deleted or privatized videos. Notably,
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the downloaded versions contained more instances than reported: FakeClaim had 782 false
instances (vs. 389 in the paper), and WarClaim had 693 total instances (vs. 501), including
415 real and 278 false samples. Additionally, the two datasets share 271 false instances.

7 Cross-modal semantic alignment

To quantify semantic alignment between textual and visual modalities, we compute the
CLIPScore [44] metric for each image-text pair at the sample level. CLIPScore is based
on the cosine similarity between image and text embeddings produced by the CLIP model,
providing an estimate of their semantic alignment in a shared embedding space. We com-
pute CLIPScore using the pretrained CLIP ViT-B/32 model and the textual claim associated
with each sample. We analyze the distribution of scores across classes to identify modality-
driven biases that could affect multimodal learning.

Figure 2 shows the box plots for the CLIPScore calculated on six of the analyzed data-
sets: FineFake, CovID I, CovID II, r/Fakeddit, ReCOVery, and Factify2. The remaining
datasets were excluded from the analysis because images could not be reliably retrieved for
a large portion of samples (FakeClaim, WarClaim, and Evons) or because the dataset does
not provide unique text-image pairs due to the task setup (MOCHEG and Fauxtography).
The distributions reveal notable differences across datasets. CovID I and CovID II show a
strong class mismatch, with the Fake class achieving higher CLIPScores compared to True

CoviD | CoviD I FineFake ReCOVery
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30 [ 1 30 30 30 [
25 ‘ 25 L 25 25
20 20 20 20
15 15 15 ' 15
10 10 10 } 10
True Fake 5 True Fake e True Fake 5 Reliable  Unreliable
rIFakeddit Factify2

45 - 45 .

40 i 40

35 35

30 30

25 25

20 » ) 20

15 5§ 3

10 1 10 ‘

True Fa\:ke S Refute Support Support Insuff. Insuff.
MM Text MM Text

Fig.2 CLIPScore distributions grouped by class for the analyzed datasets.
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samples. This suggests that, contrary to expectations, Fake samples exhibit higher semantic
alignment between text and image on average, compared with True samples.

The binary version of the r/Fakeddit dataset also shows clear differences in the semantic
alignment of the two classes, but with the opposite trend: the True samples, on average,
receive CLIPScore values approximately 5 points higher than Fake samples. Similarly, the
analysis of Factify2 reveals that samples belonging to the Support MM class exhibit the
highest median CLIPScore, indicating stronger semantic alignment between textual claims
and visual content. In contrast, the Support Text class shows lower alignment, which is
consistent with the dataset design where the verification decision relies primarily on textual
evidence. The Refute class exhibits the lowest median CLIPScore and higher variance, sug-
gesting that refutation examples may involve more diverse or loosely related visual content.
The Insufficient classes (MM and Text) display intermediate alignment levels, reflecting the
weaker semantic grounding expected when evidence does not clearly support or contradict
the claim.

Finally, FineFake and ReCOVery exhibit comparable CLIPScore distributions across
classes

Beyond these quantitative differences, the results highlight recurring alignment chal-
lenges. Low similarity scores often reflect weak content-claim grounding, where images
are only loosely related to the textual statement. Conversely, class-dependent alignment
gaps (e.g., in CovID I, CovID II, and r/Fakeddit) suggest that semantic coherence itself may
become predictive of the label, potentially enabling multimodal shortcuts during model
training, where models rely on alignment patterns rather than genuine claim verification.
These findings indicate that multimodal dataset quality depends not only on similarity sta-
tistics, but also on structural alignment properties and class composition.

8 Discussion and future directions

Over the last five years, multimodal AFC has developed rapidly, and the number of avail-
able datasets has grown accordingly. Most of the resources we reviewed were designed for
FAC, STA, and INC, while EXP and RET tasks are still scarcely represented, making them
an interesting topic for future research. At the same time, the picture that emerges from this
survey is far from uniform. Differences in dataset size, annotation strategy, accessibility, and
evidential structure are substantial, and these differences often have direct consequences
for the type of models that can be trained and for the conclusions that can be drawn from
benchmark results.

Dataset size is highly dependent on the collection and annotation methods: manual
labeling, although more accurate, entails high costs, leading many researchers to employ
automatic methods or rely the source’s reputation as a proxy. Larger data collections are
obtained through automatic procedures or weak labeling strategies, which are easier to scale
but more exposed to noise, artifacts, and unrealistic sample construction.

A similar limitation appears in the linguistic and geographic concentration of the avail-
able resources. Most datasets consist of monolingual English data, derived from FC websites
and US social media. As a result, current benchmarks offer limited support for the develop-
ment of AFC methods which generalize to linguistically and culturally diverse contexts.
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Another critical aspect concerns data availability: suboptimal sharing practices can ren-
der a dataset unusable, or only accessible upon completing specific procedures, creating
bottle-necks and compromising the reproducibility of studies. Relying solely on image links
can create issues in the long term as linked data can be deleted or relocated thus invalidating
the link. This problem is alleviated in some cases (e.g., Factify2) where the original images
may be obtained by contacting the authors of the dataset.

A recurrent problem in the resources we examined is that the final label may be recov-
erable from signals that are only marginally related to the actual verification process. The
clearest example is the presence of leaked evidence which makes it trivial for any NLP
model to assign the correct label. In addition, during the dataset analysis, we highlighted
other class-level and topic-level biases, which models may use as shortcuts, preventing
them from generalizing in the wild. These issues underscore the necessity for careful data
collection and preprocessing protocols, such as the removal of overly short instances, bal-
ancing class distributions, and checking for significant discrepancies in text length.

For these reasons, the construction of multimodal fact-checking datasets requires care-
ful methodological design. The process should begin with the selection of realistic claims
drawn from genuine misinformation contexts while filtering out trivial, duplicated, or poorly
contextualized instances. Evidence collection must balance informativeness with neutrality,
ensuring that the supporting material enables verification without explicitly revealing the
final verdict. Similarly, label assignment should rely on transparent and defensible proce-
dures, ideally grounded in professional fact-checking sources, expert annotation, or clearly
documented verification protocols. Beyond individual annotations, datasets should also be
examined as structured objects. Researchers should verify whether class distributions, topic
concentration, textual characteristics, or multimodal alignment introduce unintended biases
or shortcuts that models may exploit. Finally, the way a dataset is released plays an impor-
tant role in its long-term usability: resources that depend on unstable infrastructure, private
requests, or external APIs may become progressively unusable and hinder reproducibility.

8.1 Recommendations for future dataset design and use

In summary, it is not sufficient to collect a large number of examples. The dataset must
be designed so that it genuinely evaluates verification ability rather than the detection of
spurious shortcuts. Based on the issues identified in this survey, the construction of future
datasets should follow a set of methodological steps.

Practical checklist for dataset design

e Carefully select claims, collecting them from realistic misinformation contexts and fil-
tering out trivial, duplicated, poorly contextualized, or noisy examples that increase
dataset size without improving benchmark quality.

e Design the evidence collection process by retrieving sources that allow a plausible veri-
fication process while avoiding materials that directly reveal the final verdict, such as
fact-checking articles containing explicit labels.

e Define a transparent labeling protocol, assigning labels through clearly documented
procedures and preferably relying on professional fact-checking sources, expert annota-
tion, or verifiable chains of evidence.
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e Inspect the dataset for structural artifacts by analyzing class distributions, topic concen-
tration, and textual characteristics in order to detect biases or accidental regularities that
may allow models to solve the task through shortcuts.

e Verify multimodal consistency by ensuring that images and textual content are genu-
inely aligned and that visual material is not missing, duplicated, or only weakly related
to the corresponding claim, unless this misalignment is intentional and documented.

e Control for label leakage by checking that labels cannot be inferred from superficial
cues such as text length, topic-specific patterns, stylistic markers, or artifacts introduced
during dataset construction.

e Ensure reproducible dataset release by providing direct access to the dataset and stable
storage whenever legally possible, or by documenting the collection and reconstruction
procedure in sufficient detail to enable reuse.

Following such practices can help future datasets better reflect the evidential uncertainty
and multimodal complexity of real-world fact-checking, thereby improving their usefulness
as reliable evaluation benchmarks.

In addition to guidelines for dataset construction, it is equally important for researchers
to critically assess datasets before using them for model training or benchmarking. Based on
the issues identified in this survey, we propose a short checklist that may help practitioners
detect potential risks when selecting multimodal fact-checking datasets.

Practical checklist for dataset users

e Verify data availability and completeness, ensuring that all multimedia content (images,
videos, metadata) can be reliably retrieved and does not depend on unstable external
links.

e Check for possible information leakage, such as evidence texts containing explicit ver-
dict markers, URLs pointing to fact-checking pages, or metadata features strongly cor-
related with the label.

e Inspect class balance and topic distribution to identify whether certain topics or textual
characteristics are disproportionately associated with a specific label.

e Evaluate multimodal alignment, verifying that images are semantically related to the
associated claim rather than loosely connected or reused contextual material.

e Examine dataset documentation and annotation procedures to ensure that labels are de-
rived from transparent and reliable verification processes.

9 Conclusions

This survey examined 39 multimodal FC datasets, analyzing their sources, annotation meth-
ods, statistical properties, and limitations. Despite the growing availability of resources,
significant challenges persist. Our findings provide key insights and guidelines to support
the development of more reliable and scalable misinformation detection systems.
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10 Limitations

One limitation of this work is the high cost associated with accessing social network APIs,
which restricts the scope to datasets that directly share the source of information rather than
relying on API links. The use of API links presents additional challenges, as some valuable
samples may be lost or inaccessible. Another limitation is the temporal span of the datasets
considered, with the earliest being published in 2019. As methods and technologies evolve
rapidly, reliance on older data may hinder the effectiveness of the findings, as advancements
in both the data and the underlying technologies may not be adequately captured. While this
survey focuses on the characteristics and limitations of existing datasets, evaluating how
these properties influence model performance and generalization would require a dedicated
benchmarking study with controlled experimental settings. Such analyses are highly model-
dependent and remain an important direction for future research.

A Dataset size

Table 7 provides a more in-depth overview of the scale of all the analyzed datasets, includ-
ing the number of samples, claims and evidences. One of the most evident aspects is the
wide variability in dataset sizes. Some datasets contain millions of samples, such as CLIP-
NESt, NewsCLIPpings, and Twitter-COMMSs, while others, like ExFaux and ChileCP, are
significantly smaller, with only a few hundred samples. This variation in dataset scale can
have important implications for model training, as larger datasets may offer better general-
ization, whereas smaller datasets might be more focused on specific domains.

Another key observation is the availability of supporting evidence. Some datasets, such
as Factify, MOCHEG, and FineFake, provide one piece of evidence per claim, ensuring a
direct claim-evidence alignment. Others, like MR? , offer multiple evidences per claim (e.g.,
a 5:1 ratio), whereas Fauxtography has a highly variable structure, with up to 50 pieces of
evidence per claim.

Finally, a general trend can be observed regarding dataset characteristics. Larger data-
sets, such as CLIP-NESt and Twitter-COMMs, tend to be more general-purpose, contain-
ing a large number of claims without associated evidence. In contrast, smaller datasets
often focus on specific domains and include multimodal elements, as seen in ChileCP and
Fauxtography. Additionally, certain datasets derive their data from specific sources, such as
STVD-FC, which consists of hours of television programs, and recovery, which aggregates
both tweets and news articles. These variations in dataset composition provide insights into
the diversity of available resources and the different FC scenarios they can support.

Some datasets may appear large when considering the number of samples, such as,
VERITE (1k samples), CHASMA-D (over 200k samples), and CHASMA (over 2 million
samples). However, samples comprise of combinations of a smaller set of texts and images.
For examples, the 1k samples of VERITE are a combination of 388 unique texts and 324
images, while CHASMA contains 145k unique texts and 1.2 million images for 2 million
samples. The use of repeated texts and images in different samples may be useful to force
models to combine information coming from different modalities, but should be considered
carefully when choosing datasets.
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Table 7 Detailed information about the number of samples, claims and evidences for each dataset

Dataset # Samples # Claim # Evidence

FakeClaim 755 755 1,370 (1 per claim)

FineFake 16,909 16,909 16,909

WarClaim 2,773 2,773 — 2,251 (AvAIL) 1,362 (1 per claim)

RD-E 32,892 32,892 — 19,162 (m) 32,892

MR?2 14,700 14,700 73,500 (5 per claim)

Factify2 50,000 50,000 50,000

MOCHEG 15,601 15,601 91,822 (1) + 122,246 (1)

OoCMMEFC 85,360 85,360 85,360

STVD-FC 1,200 1,200 6,730 programs
(6,540 hours)

Factify 50,000 50,000 50,000

MuMiN 12,914 12,914 + 6,573 (1) 10,920

PolitifactSnopes 13,239 13,091 2,170

Fauxtography 1,305 1,305 59,037 (max 50 per
claim)

ChileCP 300 300 — 168 (M)

VERITE 1,000 388 (1) +324 (1)

CHASMA 2,015,488 145,891 (1) + 1,259,732 (1)

CHASMA-D 291,782 145,891 (1) + 145,891 (1)

MFD-Task1 1,795 1,795

MFD-Task2 1,460 1,460

CLIP-NESt 2,838,082 2,838,082

COSMOS - train 200,000 450,000 (1) + 200,000 (1)

COSMOS — test 1,700 3,400 (1) + 1,700 (1)

Twitter-COMMs 2,468,592 884,331

Evons 92,969 92,969 — 92,657 (M)

CovID 1 2,369 2,369

CovID II 2,474 2,474

COVID5G 6,000 6,000

NewsCLIPpings 988,283 473,663

VOA-KG2txt 30,000 30,000

Weibo C 10,130 10,130

NeuralNews 128,000 128,000

TamperedNews 1,079,523 72,561 real + 1,006,962 tampered

News400 6,360 400 real + 5,960 tampered

ReCOVery 2,029 articles + 2,029 — 2,017 (m)

140,820 tweets

r/Fakeddit 1,063,106 1,063,106 — 682,996 (M)

FakeNewsNet 23,196 23,196

ExFaux 263 263

NewsBag 215,000 215,000

NewsBag++ 589,000 589,000

NewsBag Test 29,000 29,000

(AvaIL) number of samples in downloaded dataset (if different from the one declared in the paper)

(M) number of multimodal samples (if not all)

(T) number of text-only pieces of information

(1) number of image-only pieces of information
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B Dataset labels

Table 8 provides a complete list of all annotations schemes and labels used in the analyzed

datasets.

Table 8 List of the labeling schemes and label names of all analyzed datasets. Abbreviations used in the labels:
OOC - out of context, MC — miscaptioned, NEI — not enough information, SUP — support, REF — refute, INS

— insufficient
Dataset Labels
FakeClaim Real, Fake
FineFake real, text-image inconsistency, content-  Real, Fake
knowledge inconsistency, text-based
fake, image-based fake, others
WarClaim False
RD-E true, mostly true, half true, mostly false,
false, pants on fire
MR?2 Rumor, Non-Rumor, Unverified
Factify2 SUP_text, SUP_multimodal, INS_text,
INS_multimodal, REF
MOCHEG SUP, REF, NEI
OoCMMEFC falsified, pristine
STVD-FC False, Imprecise, True
Factify SUP_text, SUP_multimodal, INS_text,
INS_multimodal, REF
MuMiN Misinformation, Factual
PolitifactSnopes Related, not related False
Fauxtography True, False
ChileCP True, False, Non verified/Others
VERITE True, OOC, MC True,
Misinformation
CHASMA True, MC
CHASMA-D True, MC
MFD-Task1 Misleading, Not Misleading, Unrelated
MFD-Task2 Certainly Fake, Probably Fake, Probably
Real, Certainly Real
CLIP-NESt True, OOC, NEI
COSMOS 00C, NOOC
Twitter-COMMs Pristine, Falsified
Evons Real, Fake
CovID I True, False
CovID IT True, False
COVID5G explicit, implicit, neutral, ambivalent, SUP, related but not misinformation,
others related, others unrelated SUP, contradiction, countering, other
unrelated, SUP but
00C
NewsCLIPpings Pristine, Falsified
VOA-KG2txt True, False
Weibo C Real, Fake
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Table 8 (continued)

Dataset Labels

NeuralNews Real Real, Real Fake, Fake Real, Real, Fake
Fake Fake

TamperedNews positive, negative

News400 positive, negative

ReCOVery Reliable, Unreliable

r/Fakeddit True, Satire/Parody, Misleading Content, Real, Fake, Real, Fake
Imposter Content, False Connection, Inbetween
Manipulated Content

FakeNewsNet Real, Fake

ExFaux True, Fake img, Fake text, Fake img_ True, Fake
and_text, Fake True img and text

NewsBag Real, Fake

NewsBag++ Real, Fake

NewsBag Test Real, Fake

C Dataset availability
For ease of reading, in Table 9 we report the data availability of all datasets and an external
URLSs to access the data when available. For datasets which require authorization, we pro-

vide the URL of the page where such authorization can be requested.

Table 9 Data availability and external link (when available) for each dataset

Dataset Link Avail.

FakeClaim https://github.com/Gautamshahi/FakeClaim

FineFake https://drive.google.com/file/d/16D9ix7Z0isa4VVBznBTBcvIN7TA-jodH 0
WarClaim https://github.com/Gautamshahi/WarClaim/ e
RD-E https://github.com/zhengyang5/RDE @
MR2 https://github.com/THU-BPM/MR2 (/]
Factify2 https://aiisc.ai/defactify2/factify.html 0@
MOCHEG https://github.com/VT-NLP/Mocheg 0
OoCMMEFC https://s-abdelnabi.github.io/OoC-multi-modal-fc/ @
STVD-FC http://mathieu.delalandre.free.fr/projects/stvd/ @
Factify https://competitions.codalab.org/competitions/35153 0@
MuMiN https://mumin-dataset.github.io/

PolitifactSnopes https://github.com/nguyenvo09/EMNLP2020 0
Fauxtography https://gitlab.com/didizlatkova/fake-image-detection 0
ChileCP https://github.com/MolodyGs/Multimodal-News-Data- Collection 0
VERITE https://github.com/stevejpapad/image- text- verification 0
CHASMA https://github.com/stevejpapad/image- text- verification e
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Table 9 (continued)

Dataset Link Avail.
CHASMA-D https://github.com/stevejpapad/image-text- verification e
MFD-Task1 https://sites.google.com/unipi.it/multi-fake-detective

MFD-Task2 https://sites.google.com/unipi.it/multi-fake-detective

CLIP-NESt https://github.com/stevejpapad/image-text-verification e
COSMOS https://github.com/shivangi-aneja/COSMOS/tree/main G
Twitter-COMMs  https://github.com/GiscardBiamby/Twitter-COMMs

Evons https://github.com/krstovski/evons 0
CovID I https://drive.google.com/file/d/1bjMrvPIgwAXt_nvtmPOVFqEqEtYq_YmS 0
CovID I https://drive.google.com/file/d/1ivBi9TOGoY3vkQiabWEQg6CnPSvkpAh7 0
COVID5G ()
NewsCLIPpings https://huggingface.co/g-luo/news-clippings/tree/main/data 0
VOA-KG2txt https://github.com/yrf1/InfoSurgeon 0
Weibo C https://github.com/lumen2018/dataset 0
NeuralNews https://cs-people.bu.edu/rxtan/projects/didan/ 0@
TamperedNews https://data.uni-hannover.de/dataset/tamperednews

News400 https://data.uni-hannover.de/dataset/news400

ReCOVery https://github.com/apurvamulay/ReCOVery 0
r/Fakeddit https://github.com/entitize/Fakeddit 0
FakeNewsNet https://github.com/KaiDMML/FakeNewsNet

ExFaux °
NewsBag e
NewsBag++ °
NewsBag Test °

@Most of the dataset is available and easily downloadable

gAll or part of the dataset is available only on request

Requires running code to obtain the full dataset (e.g., synthetic data generation)
Relies on external APIs to access data

eDataset not available

D Dataset topics

Table 10 provides more details about the language and topic(s) addressed by all datasets.
English is by far the most widely used language across the datasets, which can be attributed
to its global prevalence and its position as the primary language of the scientific community.
However, the widespread use of English introduces a limitation, as the availability of data-
sets in other languages remains sparse and AFC heavily relies on language. This imbalance
restricts the potential applicability of the research to non-English-speaking populations.
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Table 10 Languages and topics Dataset Lang. Topics
for each datasct. FakeClaim 30 2023 Isracl-Hamas War

FineFake EN Various (incl. Politics, Health,
Conflicts)

WarClaim 40 2023 Israel-Hamas War

RD-E EN Various (incl. Politics, Health,
COVID19)

MR2 ENZH Various (incl. Politics, Health)

Factity2 EN Various (USA and Indian Politics)

MOCHEG EN Various

OoCMMEC EN Various

STVD-FC FR 2022 French Presidential Election

Factity EN Various (USA and Indian Politics,
Health)

MuMiN 41 Various

PolitifactSnopes EN Politics

Fauxtography EN Various

ChileCP ES Chile’s constitutional process

VERITE EN Various

CHASMA EN Various

CHASMA-D EN Various

MFD-Task1 IT 2022 Ukrainian-Russian war

MFD-Task2 IT 2022 Ukrainian-Russian war

CLIP-NESt EN Various (incl. Politics, Environ-
ment, Law)

COSMOS EN Various (incl. Politics, Health,
Environment)

Twitter-COMMs EN COVID19, Climate, Military
Vehicles

Evons EN 2016 USA Presidential Election

CovID 1 EN COVID19

CovID IT EN COVID19

COVID5G EN COVID19 5G Conspiracy Theories

NewsCLIPpings EN Various

VOA-KG2txt EN Various

Weibo C ZH Various

NeuralNews EN Various

TamperedNews EN Various

News400 DE Various (incl. Politics, Economy,
Sports)

ReCOVery 40 COVID19

r/Fakeddit EN Various

FakeNewsNet EN Politics, Entertainment

ExFaux EN Various

NewsBag EN Various

NewsBag++ EN Various

NewsBag Test EN Various
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Multilingual datasets, while present, are limited both in terms of the number of available
datasets and the quantity of samples they offer. The few multilingual datasets available often
focus on very specific topics and their coverage remains relatively narrow compared to
their English counterparts. This highlights the ongoing need for more diverse and inclusive
datasets that represent a broader linguistic and cultural spectrum, ensuring that research can
benefit from a wider range of sources and viewpoints.

E Multiclass dataset analysis

We extend the two-class overview from Table 6 to multiclass label spaces. First, we con-
sider all datasets that naturally split into three categories (e.g., Support/Neutral/Refute or
True/Neutral/False) in Table 11. Next, we examine datasets with six fine-grained labels
in Table 12. The tables highlights the same common potential pitfalls identified in the
binary analysis, such as rare classes which might benefit from merging and excessive
length variance.

Table 11 Statistics on r/Fakeddit Class Text Length
and MOCHEG with three classes Dataset Label Distrib.  Avg Min  Max
r/Fakeddit  C1(Label 0) 39.39% 53.53 1 297
C2(Label 2) 58.16%  32.97 1 2,785

C3(Label 1) 2.45% 67.63 1 290
MOCHEG Cl(refuted) 37.53% 3,677.37 125 34,179

C2(supported) 32.97%  4,046.85 175 23,949

C3(NEI) 29.50% 5,256.67 242 37485

Table 12 r/Fakeddit and FineFake dataset statistics for six labels (0-5)

Distribution Text Length
Dataset Label Count Perc. Avg Min Max
r/Fakeddit 0 268,908 39.39% 53.53 1 297
1 40,516 5.93% 45.31 1 288
2 129,795 19.01% 40.59 1 292
3 14,246 2.09% 77.38 2 285
4 203,139 29.75% 21.11 1 2,785
5 26,057 3.82% 66.16 1 290
FineFake 0 7,502 44.37% 2,446.15 11 100,096
1 1,477 8.73% 1,006.05 3 100,047
2 1,612 9.53% 439.62 12 36,371
3 3,444 20.37% 271.27 20 62,861
4 2,574 15.22% 172.52 9 100,049
5 300 1.77% 3,387.25 13 97,166
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F Binary dataset analysis — additional details

Text format and label distribution Figure 3 illustrates the distribution of claim and document
lengths across different classes in the dataset. The top row presents histograms for claim lengths,
while the bottom row displays document lengths. The vertical dashed lines indicate the mean
length for each class. Claims exhibit relatively consistent lengths across most classes, except for
the “Refute” class, which contains shorter claims on average. In contrast, document lengths vary
significantly, with “Support Multimodal” and “Support_Text” containing the longest documents,
whereas “Refute” has the shortest. This variation suggests potential biases in textual evidence
availability across classes, which may influence model performance.

Topics and label distribution Figure 4 presents the distribution of topics across labels in the
FineFake [14] dataset. The heatmap on the left shows the distribution of samples considering
the binary labels (0: fake, 1: real) across different topics, while the heatmap on the right pro-
vides a finer-grained breakdown of label distributions. The intensity of the color indicates the
number of instances, with darker shades representing higher frequencies. Notably, most of the
samples belong to the “Politics” and “Society” topics, for which the fake class is also the most
frequent. Conversely, categories such as “Health” and “Uncategorized” are under-represented,
and “Business” and “Conflict” present an even distribution of fake and real samples. The
variation in topic distribution across labels highlights potential biases in the dataset, which
may influence model learning and generalization.

Figure 5 presents the distribution of subreddit sources across different labeling schemes in
the r/Fakeddit [39] dataset. The three heatmaps correspond to the 2-way, 3-way, and 6-way
labeling schemes. Notably, the “psbattle artwork™ and “mildlyinteresting” subreddits contain
the highest number of instances, and most of their samples belong to a single label (e.g., 0 and
1 respectively for the 2-way labeling scheme). Other subreddits have more balanced distribu-
tions across labels. The variation in label distribution across subreddits suggests potential dataset
biases, as certain subreddits contribute disproportionately to specific labels. This imbalance may
impact model generalization and requires careful consideration during training and evaluation.

Support MM Support Text Insufficient MM Insufficient Text Refute
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Fig. 3 Factify2 text length and distribution (in characters) for each of the five labels. Left column: claim,
right column: evidence
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Fig. 4 FineFake label distribu-
tion for each topic Business
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Fig. 5 r/Fakeddit label distribution for each subreddit
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