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Abstract
The rapid proliferation of mis- and disinformation in the digital
age highlights the urgent need for scalable, transparent, and trust-
worthy automated fact-checking systems. Large Language Models
(LLMs) offer strong language understanding capabilities but suf-
fer from opacity and brittleness, particularly in reasoning over
numerical claims. This work explores how Explainable Artificial
Intelligence (XAI)—through the lens of counterfactual explanations
and adversarial training—can be used to systematically evaluate
and improve the robustness of LLMs against perturbed numerical
inputs. We propose a framework that employs counterfactual gen-
eration to both probe LLM reliability and generate user-appropriate
explanations. Through empirical evaluations using a large-scale
numerical fact-checking dataset (QuanTemp), we show that even
state-of-the-art LLMs are susceptible to subtle numerical pertur-
bations, impacting verdict accuracy. Our methodology contributes
a dual-purpose diagnostic and training strategy that not only bol-
sters robustness but also enables both global and local interpretabil-
ity—thereby improving explainability in automated fact-checking
systems.
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• Computing methodologies → Natural language processing.
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1 Introduction
The rise of mis- and disinformation in digital media has underscored
the urgent need for scalable, reliable, and explainable fact-checking
systems. Factual misinformation frequently includes specific nu-
merical values, such as statistics about healthcare costs, economic
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trends, or climate metrics, that are easy to manipulate and challeng-
ing to verify at scale. Despite advances in automated fact-checking
powered by Large Language Models (LLMs), a major blind spot
persists: these systems often falter when it comes to reasoning over
numerical claims, especially when those claims are subtly perturbed
[1, 32, 36].

Numerical claim verification poses a unique set of challenges for
LLMs. Unlike categorical or semantic claims that can be verified via
shallow linguistic cues or retrieved knowledge, numerical claims
demand arithmetic operations, comparative understanding, and
contextual reasoning across potentially long and complex evidence
documents. Our preliminary experiments show that even state-of-
the-art models such as GPT-4 and Gemini struggle when minor
numerical changes are introduced into otherwise true claims. These
perturbations, whether rounding, approximations, or unit changes,
can induce drastic failures in otherwise high-performing models.

Equally concerning is the lack of transparency in these models’
decision-making processes. When LLMs make fact-checking pre-
dictions, especially incorrect ones, users are often left in the dark
about why. This “black box” behavior is particularly problematic
in contexts requiring high-stakes decision-making or public trust
[23, 30]. Explainable Artificial Intelligence (XAI) offers a pathway
toward increased transparency and accountability in these systems,
but much of the existing XAI literature focuses on classification
tasks in vision or tabular domains, and not on the intricacies of
natural language fact-checking.

In this project, we propose to bridge this gap by leveraging coun-
terfactual explanations, i.e., minimally perturbed versions of input
claims, to both evaluate and improve LLM behavior on numerical
claims. Counterfactuals serve a dual purpose. First, they act as a di-
agnostic tool, exposing vulnerabilities in model reasoning through
controlled input alterations. Second, they provide a natural founda-
tion for user-facing explanations, showing how slight changes in
claim content would alter model predictions. For instance, when
a model fails to distinguish between “Unemployment is 5%” and
“Unemployment is five percent,” a counterfactual explanation can
expose its limited capacity to interpret different forms of numerical
representation.

To operationalize this idea, we distinguish between two lev-
els of explanation: global and local. At the global level, explana-
tions summarize model behavior across a wide range of perturbed
claims. These are intended for ML engineers or researchers seeking
to improve model robustness. At the local level, explanations are
instance-specific, helping end-users understand how a particular
verdict was reached and whether it can be trusted in light of small
input changes.

This dual-explanation framework allows us to diagnose, train,
and ultimately explain LLMs in a unified way, grounded in coun-
terfactual reasoning and focused specifically on the neglected but
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critical domain of numerical claim verification. Through rigorous
testing on the QuanTemp dataset [32], our preliminary findings
reveal significant model brittleness. In response, we propose a full
pipeline encompassing counterfactual generation, adversarial fine-
tuning, and explanation generation tailored to user needs. The goal
is to develop LLM-based fact-checking systems that are not only
more robust but also meaningfully interpretable to both technical
and non-technical stakeholders.

We formulate the following research questions to address these
challenges:

• RQ1: How brittle are state-of-the-art LLMs to perturbation
of numerical values?

• RQ2: How to make LLMs robust to adversarial numerical
perturbations?

• RQ3 What constitutes insightful fact-checking explanation
for different users and how to generate them?

2 Background
2.1 Explainable Artificial Intelligence
XAI aims to improve user understanding and trust in AI and ML
outputs, especially since models can sometimes arrive at correct
predictions for incorrect reasons, risking failures under changing
contexts. With the growing sophistication of AI, especially LLMs,
and tightening regulations1, interpretability techniques have be-
come increasingly critical.

Earlier post-hoc XAI methods like LIME [28] and SHAP [25]
have declined in relevance with the rise of LLMs, which are often
closed-source and comprise billions of parameters [6, 12]. This
project focuses on the computationally efficient Counterfactual
Explanations, which reveal model sensitivity to input changes [34],
helping uncover potential vulnerabilities [35].

Counterfactuals also relate to adversarial attacks, where minor
input perturbations can drastically affect model outputs [31]. In
open-source models, word embedding perturbation using top-k
nearest neighbors often yields nonsensical text [20, 37]. Closed-
source models are typically attacked via brute-force methods like
modifying keywords or token-level transformations, typos, char-
acter edits, or common misspellings, though such methods can be
mitigated by spell-checking defenses [9, 19, 22, 29].

For transformer models [33], adversarial techniques include para-
phrasing, back-translation, and synonym substitutions to preserve
semantics [7, 9, 14, 21, 37]. To build robustness, adversarial train-
ing is widely used, blending clean and perturbed inputs during
fine-tuning [8, 26].

Despite these defenses, LLMs struggle with numerical reasoning
[2, 15, 17, 27], particularly under numerical perturbations [1, 36].
This project proposes using counterfactual perturbation of numeri-
cal values in factual claims to assess AI models’ ability to reason
over quantitative information in claims and their evidence.

2.2 The Automated Fact-checking Pipeline
An automated fact-checking framework is typically a multifaceted
task, split into different stages. First, claim detection is used to
identify statements that need verification. However, not every claim

1https://artificialintelligenceact.eu/

is worth using resources on for further verification [4]. That is why
it is common to classify a claim for check-worthiness, where the
most important factors are whether a claim is factually verifiable
and in the public’s interest. [3, 11, 16].

Thereafter, evidence is retrieved, and the relevant, trusted infor-
mation is categorized using stance detection to determine whether
it supports or refutes a particular claim [10].

Verdict prediction, often accompanied by justification produc-
tion encompass the last stages. The verdict is typically classified
as support or refuted, something in-between (i.e. “mostly sup-
ported/refuted”) or “not enough evidence”. Whereas justification
production should clearly outline how a verdict was reached given
the evidence, what assumptions or commonsense knowledge were
involved, and the reasoning that connects them–all in a way that
is easily understandable to the user in order to persuade them. A
challenging task, as challenging existing beliefs, users often reject
the new information outright, and backfire–further strengthening
existing beliefs [18]

In the following section, we outline the proposed methodology
and present the areas of interest that will guide this project.

3 Methodology and Research Questions
This project investigates the intersection of XAI and automated
fact-checking, focusing on leveraging counterfactual explanations
for numerical claims. To this end, we utilize the QuanTemp dataset
[32], where we implement numerical perturbation methods for
creating counterfactual examples. Our project is structured around
three key areas of interest:

3.1 Perturbation of numerical values
This research investigates the vulnerabilities of LLMswhen exposed
to perturbed inputs though adversarial examples and counterfactual
claims.

We have conducted preliminary experiments using the Quan-
Temp dataset [32], which provides numerical claims paired with
extensive long-form evidence, typically ranging from one to several
thousand words per document. Our perturbation methodology is
inspired by prior work from Xu et al. [36] and Akhtar et al. [1], en-
abling a targeted evaluation of LLM performance under controlled
semantic shifts in numerical representation within claims. Notably,
Akhtar et al. [1] explored models’ numerical reason capabilities
are on tabular numerical data. We employ similar perturbation
techniques, such as converting numerical figures into their word-
based form (e.g., “1,000$” would be transformed into “one thousand
dollars”).

Another method involves perturbing numerical claims by re-
placing exact figures with a range. For instance, an unperturbed
true claim such as “80 percent of healthcare dollars are spent by 20
percent of the population” could be transformed into a perturbed,
counterfactual false claim: “Between 50 and 60 percent of healthcare
dollars are spent by 20 percent of the population.” Additionally, we
investigate model behavior when the claim remains true, but the
explicit figure is replaced with a numerical range, e.g., “between 75
and 85 percent” instead of “80 percent”. We also plan to deploy per-
turbation transformations by rounding numbers to approximation
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Figure 1: Impact of Approximation Perturbation on Model Predictions: The figure contrasts an original claim (left) with its
approximation counterpart (right), which has a flipped label. The model misclassifies the perturbed claim as true, despite it
being false, illustrating the challenge perturbations pose in maintaining accuracy. The model is paired with the evidence as a
part of the input.

and adding the prefix “about” before the given value to indicate
numerical approximation.

Our experiments will specifically focus on claims that are origi-
nally labeled as true and supported by their accompanying evidence.
By systematically perturbing these numerical values while preserv-
ing the original semantic context, we generate two variations of
any given claim: one that remains supported by the evidence, and
one that is not. These perturbed claims, paired with long-form evi-
dence, allow us to assess how effectively LLMs maintain accurate
veracity predictions. This requires both numerical comprehension–
inferring numerical values despite varied representations in claim
and evidence–and the ability to make these inferences over ex-
tended contexts. Figure 1 illustrates how a model could misclassify
a numerical claim where the numerical value in the claim does not
comply with the paired evidence.

Preliminary Evaluation: The preliminary results suggest that
even state-of-the-art LLMs, such as GPT-4o and Gemini 1.5 Pro,
alongside smaller open-weight models, remain highly susceptible
to counterfactual claim-evidence pairs across various perturbation
settings. For example, the most robust model tested (GPT-4o) suffers
a 20-40% decrease in accuracy for certain perturbation settings. In
light of findings by Liu et al. [24], which indicate that LLMs struggle
to identify relevant information in long contexts, investigating how
thesemodels reason about numerical values over extensive evidence
documents offers particularly valuable insights

3.2 Adverserial fine-tuning of LLMs
Expanding on the aforementioned area of interest, and preliminary
insights, we want to investigate if adversarial training can mitigate
vulnerabilities of numerical counterfactual claims.

We plan to explore fine-tuning techniques such as Low-Rank
Adaptation (LoRA) [13], which has shown strong performance in
adapting open-weight LLMs to specific tasks with minimal com-
putational overhead—in addition to fine-tuning proprietary closed-
sourced models with platform specific tools. Nevertheless, adver-
sarial training poses a high risk of degrading the generalization

abilities of fine-tuned models [5]. This, however, may be a worth-
while trade-off, provided the performance decline is modest and
the gain in robustness is substantial.

3.3 Generating user-friendly explanations
Tomake the output of LLMsmore transparent, the explanationmust
serve different user groups. Our goal is to generate explanations
based on the findings of robustness tests and diagnostic benchmarks,
constructed using counterfactual examples. We differentiate Global
Explanation and Local Explanation

For the data scientists or machine learning engineers training
the LLMs, it would be useful to provide the summary of the vul-
nerabilities of the LLMs so that they can take steps to enhance the
reliability of the models at theGlobal Explanation level. For example,
given the preliminary results, described at the beginning of Section
3, would provide how certain counterfactual perturbations impact
the model in general.

At the local explanation level, we focus on the end-user. Here,
instance-specific explanations help users gain confidence in an
LLM’s prediction for a particular claim. For example, if we perturb
a claim’s critical details, like changing “Unemployment in Nor-
way is 5%” to “Unemployment in Norway is 50%,” yet the model’s
prediction remains unchanged, it suggests the model isn’t paying
attention to those crucial parts of the claim. This type of local in-
sight helps reveal what specific claim features the model is truly
sensitive to.

Therefore, a core objective of this research is to establish robust
methodologies for generating these insightful explanations, directly
utilizing the findings from our robustness tests.

4 Conclusion
In this paper. we have outlined the methodological framework for
advancing the automated fact-checking by focusing making LLMs
more robust against perturbed numerical values in claims. Central
to this framework is the systematic generation and application of
counterfactual examples. We leverage them as a diagnostic tool to
rigorously test model robustness against different numerical pertur-
bations techniques, as a training mechanism through adversarial
fine-tuning to enhance robustness, and as a basis for generating
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global and local explanations to potential model vulnerabilities. By
exploring counterfactuals, their creation to their application in both
training and evaluation–this project aims to improve the reliability
and transparency of LLM-based fact-checking systems.
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