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Abstract

A number of exciting advances have been made in automated fact-

checking thanks to increasingly larger datasets and more powerful sys-

tems, leading to improvements in the complexity of claims which can

be accurately fact-checked. However, despite these advances, there are

still desirable functionalities missing from the fact-checking pipeline.

In this survey, we focus on the explanation functionality � that is fact-

checking systems providing reasons for their predictions. We summa-

rize existing methods for explaining the predictions of fact-checking

systems and we explore trends in this topic. F

1 Introduction

This paper examines: Explainable Automated Fact-Checking: A Survey.
Research question: To what extent does domain adaptation in retrieval mod-
ules improve robustness against out-of-distribution claims in multi-domain
fact-checking datasets?.

2 Methodology

Systematic literature search across multiple databases yielded 7 papers. Claims
were extracted from source material and veri�ed against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 8.2/10.

3 Results

7 papers retrieved. 16 claims extracted; 15 independently veri�ed. Quality
review score: 8.2/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

The speci�c wording of a claim is important for
fact-checking, including whether it is a precise
statement or contains

× 0.15

The context of a claim, including comments
made before and after it, the question that
prompted it, and the point the pe

✓ 0.26

Fact-checking rulings are based on when a state-
ment was made and on the information available
at that time.

✓ 0.18

Popat et al. (2017) used a BiLSTM + CRF
model with attention for fact-checking.

✓ 0.17

Popat et al. (2018) used a BiLSTM + attention
model for fact-checking.

✓ 0.20

Shu et al. (2019) used a BiLSTM + attention
model for fact-checking.

✓ 0.20

Gad-Elrab et al. (2019) used knowledge graphs
and Horn rules for rule discovery in fact-
checking.

✓ 0.27

Ahmadi et al. (2019) used knowledge graphs,
Horn rules, and probabilistic answer set pro-
gramming for rule discovery in f

✓ 0.30

Yang et al. (2019) used a CNN + self-attention
model for fact-checking.

✓ 0.19

Atanasova et al. (2020a) used BERT �ne-tuned
for extractive summarization for fact-checking.

✓ 0.18

Lu and Li (2020) used graph-based co-attention
networks for fact-checking.

✓ 0.18

Wu et al. (2020) used co-attention self-attention
networks for fact-checking.

✓ 0.21

Kotonya and Toni (2020) used BERT �ne-tuned
for joint extractive and abstractive summariza-
tion for fact-checking.

✓ 0.19

There is a trade-o� between system complex-
ity and transparency in automated fact-checking
methods.

✓ 0.16

The increase in complexity of automated fact-
checking methods is an incentive for acquiring
explanations for these state

✓ 0.23

There are multiple fact-checking sub-tasks which
should be considered for explanation.

✓ 0.20
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