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Abstract

In fact-checking applications, a common reason to reject a claim is
to detect the presence of erroneous cause-effect relationships be-
tween the events at play. However, current automated fact-checking
methods lack dedicated causal-based reasoning, potentially miss-
ing a valuable opportunity for semantically rich explainability. To
address this gap, we propose a methodology that combines event re-
lation extraction, semantic similarity computation, and rule-based
reasoning to detect logical inconsistencies between chains of events
mentioned in a claim and in an evidence. Evaluated on two fact-
checking datasets, this method establishes the first baseline for in-
tegrating fine-grained causal event relationships into fact-checking
and enhance explainability of verdict prediction.

CCS Concepts

« Information systems — Decision support systems; « Com-
puting methodologies — Information extraction; Causal rea-
soning and diagnostics.
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1 Introduction

While fact-checking spans a wide range of subtasks, a fundamental
component is the assessment of entailment between a claim and
its corresponding evidence. Existing models for textual entailment,
often based on deep learning, are widely used for verdict predic-
tion [5]. However, these models typically operate as black boxes,
offering limited insight into their reasoning processes. To address
this, prior efforts have explored explainability through attention
mechanisms, summarization, or symbolic rule extraction [7].

Recent approaches rely on detecting cause-effect relationships
between events described in the claim and those found in the evi-
dence [3, 13, 14]. However, entailment between claim and evidence
is not solely based on a general notion of causality, but also on a
number of nuances of this concept. We can use an example:
Claim: Taking the vaccine prevented infection.
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Evidence: The vaccine triggered an immune response that blocked
the virus from spreading in the body.

Existing causal reasoning models typically represent relations only
through general-purpose cause links, without distinguishing fine-
grained relations such as prevent, enable, or intend. As such, they
look for a (not existing) direct match: Vaccine 2, No infection.
Moreover, many systems oversimplify causal relations by skipping
intermediate steps, obscuring the underlying logic to users. Con-
sidering the following notation:

A: Taking the vaccine C:
B: Infection D:

Immune response
Virus blocked

and the following relations:
causes

e A——C
prevents
e C— B

(Vaccine causes immune response)
(Immune response prevents infection)
an automated systems should infer:

causes prevents

A C B=A

prevents

In this work, we propose a causal explanation-based verdict
prediction system that relies on semantically-precise event rela-
tions — namely cause, prevent, intend and enable — derived from
the FARO ontology [9]. Our approach only applies to claims that
include at least one causal relation between events. The use of se-
mantically defined relationships ensures that the explanations align
with human reasoning. In summary, this work makes the following
contributions:

(1) we propose a set of high-level reasoning rules for verdict
prediction to be applied to causal relations;

(2) we develop a complete pipeline for applying those rules to
sentences in claim-evidence pairs.

All data, software, experiments, and a more detailed description
of this work are publicly available at https://github.com/ANR-
KkFLOW/Fact_checking_reasoner.

2 Reasoning Rules

The FARO ontology [9] defines a set of semantically precise event
relations. This ontology provides a textual definition to several
event relations and defines logical axioms such as transitivity or
disjunction using the OWL representation language. We focus on
four relations: direct-cause, prevents, intends-to-cause, enables.

Throughout this section, we use four placeholders — A, B, C, and
D - to represent events (or entities) that can be related by cause,
enable, intend, prevent, or no-relation. We consider the events A and
B and their relationship “A — B” in the claim and C and D with the
relationship “C — D” in the evidence. In the following subsections,
we outline four key scenarios

Logical alignment is verified if the claim and the evidence
include the same (or similar, or transitively-linked) events, which
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are also connected by the same relation. The evidence supports
the claim through logical alignment if the relation in claim and
in evidence is the same and at least one of the following cases is
verified: (1) C is similar to A and D is similar to B; (2) a possible
relation exists between A and C and/or between B and D which
offer partial support by transitivity. In other words, while similarity
between events provides a clear pathway to alignment, a direct
causal connection can also strengthen the claim in cases where
event similarity is not established.

Logical Misalignment is verified when the relation in the evi-
dence and the one in the claim can be opposite. If we find a similarity
matching (C is similar to A and D is similar to B), we can conclude
a direct contradiction to the claim: the same event cannot both
cause (or enable/intend) and prevent the same outcome, making
the evidence more likely to refute the claim.

Causal loops can be found among four events A, B, C, and D
by looking at the relationships (cause, enable, intend, or prevent)
between each pair. We first take a claim (A — B) and an evidence
(C — D) and infers how A might relate to C and how D might
relate to B. If all four relationships form a consistent cycle (such as
a chain of causes, enables, or intends), we have a closed causal loop,
which implies a high probability that the evidence is supporting
the claim. Since “prevent” is by definition considered the cause of
not happening of another event, two consecutive “prevent” rela-
tions effectively become a “cause” because of the effect of a double
negation.

Cherry-picking is a term commonly used to define internal
inconsistencies or selective usage of evidence. We group all evi-
dence entries under the same claim, and then compares each pair
of evidence elements. Each piece of evidence is represented as a
(sub, rel, obj) triple, where “sub” and “obj” are events or entities,
and “rel” is the relationship between them. The code measures how
similar these events/entities are (e.g. suby vs. suby, obj; vs. obj,).

A claim is flagged for cherry-picking if certain patterns in the
evidence emerge. For instance, it checks whether two pieces of evi-
dence use the same relationship (rel; = rely) but involve subjects
or objects that are dissimilar or opposites. If any of these mismatches
is found, we deem the set of evidence potentially cherry-picked, be-
cause the evidence is either inconsistently presented or selectively
used to reinforce the same relation in conflicting ways.

3 Methodology
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Figure 1: Overview of our proposed pipeline
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Figure 1 illustrates our pipeline, whose steps are detailed in the
following.

3.1 Causality Extraction within Claim/Evidence

It is performed within the same context (either the claim or the
evidence) leveraging the sequence-to-sequence model REBEL [6],
trained on a previously available annotated news dataset [8].

3.2 Causality Extraction across Claim/Evidence

We have experimented with two different strategies

Common Sense-based Causality Extraction. We employed the
knowledge base ATOMIC [11], identifying the overlap with our
studied causality relations.! We isolated the ATOMIC tuples involv-
ing these properties, creating a reference dataset. To address the
absence of enabling and prevention, we have expanded the dataset
by generating new examples using a LLM.

To include no-relation sentences, we use negative sampling on
50% of the dataset, stratifying on the relation type. Table 1 shows
the final support of the common sense dataset, and the positive
results obtained on the test set.

Class Support | Precision | Recall | F1-Score
cause 82,242 0.8248 0.8424 0.8335
intend 146,588 0.8523 0.8924 0.8719
prevent 53,454 0.9849 0.9929 0.9889
enable 65,485 0.9755 0.9776 0.9765

no_relation | 173,886 0.8669 0.8208 0.8432
Table 1: Results of causality extraction between Claim Events
and Evidence Events using ATOMIC augmented with LLMs

LLM-based Causality Extraction. We experimented with the Phi-
3-Medium-4K-Instruct model [1], using a prompt in two steps, first
the classification a trivial relation — (earthquake, death)— cause —,
then the actual annotation. We extracted and manually assessed 40
annotation, and out of the 40 samples, 33 were correctly processed
(82.5%).

3.3 Similarity, Dissimilarity, and Opposites

Except for the exact match case, we rely on sentence similarity and
dissimilarity, computed using SentenceBERT [10] on the concate-
nation of the event span and its original sentence. We empirically
set the threshold to 0.54 to considered two events as similar.
Sometimes events represent concepts that are simply dissimilar
(indicated by a similarity score falling below a certain threshold),
while in other cases, they represent exact opposites. Following [4],
we detect opposites by identifying pairs of events with high sim-
ilarity but contrasting polarities, computed with DistilBERT for

sentiment analysis?.

ISpecifically, the relations xIntent/oWant, and oEffect are clearly expressing inten-
tion and direct cause.
Zhttps://huggingface.co/distilbert/distilbert-base-uncased- finetuned- sst- 2-english
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4 Evaluation

We conducted evaluations on two widely used fact-checking datasets:

AVERITEC [12] and FEVEROUS [2]. We respectively retain only
the 1,759 and 1,183 claims with a verdict in Support, Refute, Cherry-
picking and with a causal relation.

Additionally, we constructed a manually curated Reasoner Spe-
cific Subset (RSS), consisting of 86 claim-evidence pairs that con-
tain verified use cases (e.g., causal loops or contradictions), to ensure
that the mechanism should in principle be activated. We define two
evaluation configurations: (1) Tolerant, focusing only on the sys-
tem’s performance when it chooses to respond (i.e. abstentions are
excluded), and (2) Strict in which the system is expected to always
produce a verdict, and abstention is treated as a false negative.

Table 2 reports the performance of our reasoning framework.
Analyzing the failure cases in the RSS dataset, we observe that the
Relation Extraction component exhibits notable inconsistencies.
Some events are overly abbreviated, while others lack essential
lexical content, making subsequent similarity and polarity com-
putations unreliable. Moreover, the model struggles with complex
linguistic structures, such as double negation. For instance, given
the claim (drinking water, intend, protect covid) and the evidence
(hydrated, does not cause, coronavirus infection), the model fails to
resolve the logical equivalence.

Another recurrent source of error stems from the current inabil-
ity to perform type-based or ontological reasoning in the absence
of explicit contextual information. For example, with the claim (5G,
causes, infertility) against the evidence (non-ionizing radiation, does
not cause, infertility), the model is unable to infer that 5G, is a form
of non-ionizing radiation, and shares the relevant properties.

The differences in scores between AVERITEC and FEVEROUS
may be attributed to the latter containing more straightforward
claim-evidence pairs which are easier to align and reason about.

5 Conclusion and Future Work

By leveraging semantically refined event relationships and a struc-
tured reasoning framework, we incorporated causal reasoning into
automated fact-checking, moving beyond vague representations
of causality. While the proposed reasoner achieves an F1-score of

Test Set Knowledge P R | F1-Score
Source

RSS LLMs 0.55 | 0.45 0.50
Common Sense 0.51 | 0.45 0.48
LLMs 0.48 | 0.19 0.27

AVERITEC (S) Common Sense 0.54 | 0.2 0.29
LLMs 0.47 | 0.35 0.4

AVERITEC (T) Common Sense 0.52 | 0.37 0.43
LLMs 0.5 | 0.44 0.47

FEVEROUS (5) Common Sense 0.51 | 0.44 0.47
LLMs 0.52 | 0.62 0.56

FEVEROUS (T) Common Sense 0.52 | 0.62 0.56

Table 2: Precision, recall, and F1-score across the datasets.
For RSS, the distinction between (S) = Strict abd (T) = Tolerant
is unnecessary.

SAC ’26, March 23-27, 2026, Thessaloniki, Greece

approximately 50%, its main contribution is in providing structured
and interpretable justifications for fact-checking verdicts while still
being competitive. Rather than functioning as a standalone predic-
tor, the system has the potential to complement existing black-box
veracity classifiers.

Future work will focus on improving event extraction robustness,
potentially by integrating event typing, time and space. Incorpo-
rating symbolic and ontological reasoning, fine-tuning on logical
patterns, could help address the reported limitations.
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