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Abstract

The increasing reliance on Artificial Intelligence (AI) for decision-making across
various domains necessitates the development of explainable AI (XAI) systems
that enhance transparency and interpretability. However, despite growing research
interest in XAI, ensuring transparency in Automated Fact Verification (AFV) re-
mains a significant challenge, largely due to the architectural complexity of these
systems and their reliance on local post-hoc explanations, which focus on claim-level
context or annotated evidence while often overlooking broader thematic connec-
tions. Meanwhile, retrieval-based approaches like Retrieval-Augmented Generation
(RAG) integrate external information but may retrieve loosely related or overly
broad evidence, affecting the coherence and factual accuracy of the generated expla-
nations. This thesis addresses this gap by introducing CARAG, a Context-Aware
Retrieval and Explanation Generation framework that integrates both local and
global perspectives to improve retrieval transparency and explanation coherence.

The research unfolds through four key manuscripts: (1) a comprehensive lit-
erature review that identifies major explainability gaps in AFV, particularly the
lack of explanation-focused datasets and the overemphasis on local transparency,
(2) an exploration of thematic context discovery as a means to uncover a claim’s
broader, non-local context within the fact-checking corpus, laying the groundwork
for context-aware evidence retrieval, (3) the introduction of CARAG, which builds
on thematic context discovery to enhance evidence selection and explanation gener-
ation in AFV pipelines, alongside the development of FactVer, a dataset designed
to support explainability-driven fact verification research, and (4) CARAG-u, an
unsupervised extension that eliminates dependency on predefined thematic labels,
making the CARAG framework more adaptable across diverse verification settings.

Empirical evaluations demonstrate that integrating thematic context into retrieval
enhances AFV explainability, bridging the gap between claim-specific justifications
and broader knowledge patterns within fact-checking corpora. The findings con-
tribute to the development of scalable and interpretable AFV models, reinforcing
trust and transparency in AI-driven fact verification.
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Chapter 1

Introduction

In an era of abundant yet often unreliable information, the need for transparency

and interpretability in AI-driven decision-making has never been more crucial.

This is especially critical in high-stakes domains such as journalism, policy-making,

legal decision-making, and Automated Fact Veri�cation (AFV), where AI-generated

decisions directly impact public trust. The risks of opacity in such systems have

become increasingly evident in recent years through real-world crises, such as the

spread of COVID-19 misinformation, which in�uenced public health responses,

and political misinformation campaigns like the Cambridge Analytica data scandal,

which shaped electoral discourse. In such cases, the lack of transparent claim

veri�cation has led to signi�cant societal repercussions, reinforcing the urgency

of explainability. Similarly, as AI systems continue to in�uence decision-making

at scale, this growing reliance has intensi�ed concerns about their interpretability

and trustworthiness. To address these challenges, Explainable Arti�cial Intelligence

(XAI) has emerged as a key research area, aiming to enhance transparency across

diverse AI applications.

“The stated goal of explainable arti�cial intelligence (XAI) was to create a suite

of new or modi�ed machine learning techniques that produce explainable models

that, when combined with effective explanation techniques, enable end users to

understand, appropriately trust, and effectively manage the emerging generation

of AI systems.”DARPA's Explainable AI (XAI) Program: A Retrospective

(Gunning et al., 2021, p. 1).

However, while XAI has advanced signi�cantly in recent years, its application in

AFV remains largely underexplored (Kotonya and Toni, 2020a). Nevertheless, trans-

parency is crucial for fostering trust in fact veri�cation, where decisions must be both
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evidence-driven and interpretable. This gap may stem from the inherent complexity

of AFV architectures, which involve multiple interconnected stages of retrieval and

reasoning. AFV systems traditionally followed a three-stage pipeline: document

retrieval, evidence selection, and Recognizing Textual Entailment (RTE) (Chen et al.,

2022b; DeHaven and Scott, 2023; Jiang et al., 2021; Krishna et al., 2022; Soleimani

et al., 2019; Thorne et al., 2018b; Zhong et al., 2020). Early AFV approaches veri�ed

claims using either pre-annotated evidence or dynamically retrieved documents, as

seen in the FEVER benchmark (Thorne et al., 2018b), where claims are fact-checked

against Wikipedia. The introduction of transformer architectures (Vaswani et al.,

2017) brought signi�cant improvements to the AFV pipeline, enhancing contextual

understanding and retrieval ef�ciency. However, these advancements came at the

cost of explainability, further increasing the opacity of AFV models and making it

dif�cult to trace how claims are veri�ed. In response, post-hoc explanation tech-

niques (Shu et al., 2019) have emerged in XAI, aiming to provide justi�cations for

model decisions rather than making the underlying reasoning process inherently

transparent. In AFV, these methods analyze model outputs to offer insights into fact

veri�cation predictions. However, as AFV systems further evolved, the increasing

reliance on retrieval-driven veri�cation introduced additional challenges in ensuring

explainability. A major breakthrough in AFV came with the integration of Retrieval-

Augmented Generation (RAG) (Lewis et al., 2020) and Large Language Models

(LLMs) into the veri�cation pipeline. While RAG dynamically retrieves relevant

evidence at inference time and reduces the need for extensive �ne-tuning, it also

exacerbates the AI/ML Black Box Paradox (Ali et al., 2023; Gunning et al., 2021),

making it dif�cult to trace how and why certain evidence pieces are selected and

how they in�uence �nal veracity assessments.

Further adding to this challenge, most existing XAI approaches in AFV focus

on local explainability (Kotonya and Toni, 2020a), justifying individual claim veri�-

cations while overlooking the broader thematic context that shapes fact-checking

outcomes. While local transparency helps interpret speci�c predictions, it fails to

capture how a claim relates to the broader knowledge base, where context can

provide additional insights into its veracity. A claim's alignment with overarching

thematic patterns across the dataset can re�ne retrieval decisions and in�uence the

quality of generated explanations. Thus, advancing AFV explainability requires in-

tegrating both local and global perspectives, ensuring that veri�cation incorporates

not only claim-speci�c reasoning but also its contextual relevance within the larger

fact-checking corpus.
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In addition to challenges in retrieval transparency and the limitations of local

explainability, studies exploring XAI-driven AFV (Kotonya and Toni, 2020a) high-

light a key limitation: the lack of explanation-focused datasets. Existing benchmark

datasets like FEVER (Thorne et al., 2018a) and MultiFC (Augenstein et al., 2019),

while widely used in AFV research, are primarily designed for claim veri�cation

rather than explanation generation. As Stammbach and Ash (2020) highlighted,

datasets that facilitate both claim veri�cation and meaningful explanation learning

are essential for advancing explainability in AFV. Without such datasets, models

struggle to effectively generate interpretable justi�cations, further constraining the

development of XAI-driven fact veri�cation approaches.

To consolidate the key challenges outlined so far, this thesis identi�es three

fundamental gaps in XAI-driven AFV that hinder transparency, interpretability, and

systematic evaluation:

• Opaque Evidence Retrieval and Its Impact on Post-Hoc Explanations: Retrieval-

driven veri�cation and explanation generation, particularly with RAG and

LLMs, make evidence selection dif�cult to interpret, which in turn affects the

reliability and coherence of AI-generated post-hoc explanations generated as

part of the evidence-based claim veri�cation process.

• Limited Scope of Explainability: Existing methods focus on local explainabil-

ity, overlooking how broader thematic context in�uences a claim's veracity

assessment within the fact veri�cation process.

• Lack of Standardized Evaluation for XAI in AFV: Current AFV datasets

prioritize claim veri�cation but lack structured benchmarks designed to sys-

tematically evaluate explanation quality and thematic alignment in XAI-driven

fact veri�cation.

To address these challenges, this thesis introduces CARAG (Context-Aware Re-

trieval and Explanation Generation) (Vallayil et al., 2025), an innovative evidence

retrieval mechanism that enhances AFV by tackling retrieval opacity and the limita-

tions of local explainability. As discussed earlier, while conventional query-based re-

trieval methods such as RAG reduce the need for extensive �ne-tuning and improve

retrieval ef�ciency, they also increase system opacity, making it dif�cult to trace how

evidence is selected. CARAG retains the �exibility of RAG while enhancing inter-

pretability by introducing a novel approach to enriching query representations with

thematic embeddings. This ensures that retrieved documents are not only relevant
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but also thematically aligned with the claim, improving retrieval transparency and

strengthening the coherence of AI-generated post-hoc explanations. In the upcoming

chapters, this thesis further explores how thematic embeddings are derived from a

subset of the fact veri�cation corpus and integrated into query representations to

enable a more context-aware retrieval process.

Building on CARAG, this thesis later introduces CARAG-u, an unsupervised

extension that eliminates reliance on prede�ned thematic annotations, making ex-

plainability more adaptable to broader fact veri�cation contexts. While CARAG

improves retrieval transparency through structured thematic embeddings, CARAG-

u dynamically discovers thematic structures without requiring labeled data, ex-

tending its applicability beyond prede�ned datasets. By removing dependency on

pre-annotated claim-evidence pairs, CARAG-u takes a step toward data-agnostic

explainability in AFV. Empirical evaluations against standard RAG models demon-

strate that CARAG-u maintains thematic coherence, improves explanation consis-

tency, and enhances retrieval quality, offering a scalable approach to explainability

in fact veri�cation.

Furthermore, this research presents FactVer, a benchmark dataset designed to sup-

port both fact veri�cation and explainability research in AFV. Unlike conventional

datasets that primarily focus on claim veri�cation, FactVer incorporates structured

evidence relationships and human-generated explanations, enabling a more robust

evaluation of retrieval transparency and explanation quality. By organizing claims

and evidence across diverse thematic domains, such as climate change, COVID-19,

and electric vehicles, FactVer facilitates the assessment of both local and global

explainability in fact veri�cation. Additionally, its structured annotations provide a

standardized framework for analyzing thematic relevance and explanation �delity,

addressing the lack of datasets designed to support XAI research in AFV. Further

details on FactVer's structure, annotation process, and its role in evaluating retrieval

interpretability, explanation coherence, and thematic alignment, will be discussed in

later chapters.
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Fig. 1.1 The thesis follows the Manuscript Structure format, consisting of an introduc-
tion, four manuscripts, prelude sections linking each manuscript, and a concluding
chapter. The research progression is depicted with a red arrow, tracing the develop-
ment from Literature Review to Thematic Context Discovery, which establishes the
foundation for CARAG, and further evolving into CARAG-u. This structured �ow
highlights how each stage builds upon the previous one, reinforcing the research
progression and its evolving contributions to explainability in AFV.

1.1 Thesis Structure

This thesis follows the Manuscript Structure format ( Format Two1), where the core

research contributions are presented through a series of published and submitted

manuscripts, supported by synthesis sections that ensure coherence in the overall

narrative. As depicted in Figure 1.1, the research follows a structured progression,

with a red arrow indicating the stepwise development from the initial Literature

Review to Thematic Context Discovery, which lays the groundwork for CARAG and

subsequently extends into CARAG-u.

The thesis begins with Chapter 1, which establishes the research context, problem

statements, thesis structure, and contributions. Each manuscript is preceded by

a prelude chapter that links it to the overarching research narrative. Chapter 3

1Refer to University Handbook 2025, https://www.aut.ac.nz/__data/assets/pdf_
�le/0003/796224/AUT-Postgraduate-Handbook-V1.0-January-2025-Final.pdf , pages
96–100.
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presents a comprehensive literature review, identifying key explainability gaps

in AFV. Chapter 5 investigates thematic context discovery as a foundational step

for enhancing retrieval transparency. Chapter 7 builds upon this by integrating

thematic context into the AFV pipeline through CARAG and introducing FactVer,

the benchmark dataset designed to assess retrieval transparency and explanation

quality. Chapter 9 further advances this work by extending CARAG into CARAG-

u, an unsupervised variant that eliminates reliance on prede�ned thematic labels,

making explainability more adaptable to fact veri�cation beyond manually labeled

datasets. Finally, Chapter 10 consolidates the research �ndings, highlights key

contributions, and outlines future research directions.

1.2 Research Questions

Our work is structured around the following research questions:

• RQ1: How can we systematically assess the state of explainability in AFV

systems and identify key limitations in existing methodologies, particularly in

the context of local and global explainability?

• RQ2: How can we identify the non-local (thematic) context of a claim beyond

its annotated evidence, and what methods can be used to extract and represent

this broader contextual information?

• RQ3: How can integrating non-local (thematic) context improve explainability

in AFV models?

• RQ4: Can AFV systems be enhanced with unsupervised explainability mech-

anisms that generalize across open-domain fact veri�cation tasks without

relying on pre-annotated datasets?

1.3 Research Methodology

This thesis adopts a structured research methodology following Creswell (2009),

which de�nes research design through three key components: Philosophical world-

view, Strategy of inquiry, and Research methods. Given the interdisciplinary nature

of this research, spanning XAI and AFV, the methodology is designed to accommo-

date both theoretical exploration and empirical validation.
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Philosophical Worldview: This research follows a pragmatic worldview (Creswell,

2009), prioritizing solutions to practical research problems over rigid epistemological

stances. Pragmatism allows methodological �exibility, integrating both qualitative

and quantitative approaches (Patton, 1990). Given the focus on identifying ex-

plainability gaps, developing methodologies (CARAG, CARAG-u), and empirically

evaluating their effectiveness, this approach ensures both theoretical grounding and

real-world applicability.

Strategy of Inquiry: This research employs a Sequential Mixed Methods approach

(Creswell, 2009), integrating quantitative and qualitative methodologies for a com-

prehensive evaluation of the proposed frameworks. The study incorporates struc-

tured quantitative analysis to assess thematic alignment, retrieval accuracy, and

explanation coherence across multiple cases, identifying overarching patterns in

veri�cation performance. Additionally, qualitative case studies provide an in-depth

exploration of thematic in�uences on explanation generation. The sequential de-

sign ensures that quantitative �ndings establish broader trends, while qualitative

assessments contextualize these insights.

Research Methods: The research methodology aligns with the pragmatic world-

view and Sequential Mixed Methods strategy, integrating empirical evaluation

with qualitative thematic analysis. The quantitative component involves statistical

comparisons across multiple retrieval and veri�cation models, evaluating thematic

alignment and explanation coherence through structured metrics. The qualitative

component comprises case studies examining thematic reasoning and interpretability

within the CARAG and CARAG-u frameworks. This approach empirically validates

model performance while contextualizing thematic in�uences on explainability,

reinforcing interpretability and scalability in AFV.
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Table 1.1 Overview of the Research Methodology Components

Component Description

Philosophical Worldview Pragmatic Worldview: Emphasizes practical
problem-solving over rigid epistemological

frameworks, integrating both qualitative and
quantitative methods.

Strategy of Inquiry Sequential Mixed Methods: Combines
structured quantitative evaluation with

qualitative case studies for a comprehensive
assessment of explainability in AFV.

Research Design Multi-Stage Empirical Approach: Progresses
from thematic discovery and dataset

construction to empirical validation, ensuring
iterative re�nement and practical applicability.

As summarized in Table 1.1, this research follows a pragmatic worldview and

employs a Sequential Mixed Methods approach to investigate explainability in

AFV, integrating empirical evaluation with qualitative case studies. Following

Creswell (2009), the research design is structured to address the complexity of AFV

explainability while also aligning with the interdisciplinary needs of AI and fact

veri�cation researchers. These considerations ensure the study effectively addresses

real-world explainability challenges while contributing to XAI advancements.

1.4 Key Contributions

In summary, this thesis bridges critical gaps in explainability within AFV by

introducing new methodologies, a benchmark dataset, and explainability-driven

retrieval frameworks that enhance both local and global transparency. The research

systematically assesses explainability limitations in AFV (addressing RQ1 in Chap-

ter 3), and introduces thematic discovery to identify and represent broader claim

context beyond annotated evidence (addressing RQ2 in Chapter 5). Through the de-

velopment of FactVer, a dataset designed to support explainability-driven evaluation,

and the introduction of CARAG, which integrates thematic retrieval mechanisms

to improve context-aware evidence selection, this thesis advances AFV beyond

traditional black-box models (addressing RQ3 in Chapter 7). Finally, CARAG-u
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extends this framework by eliminating reliance on prede�ned thematic labels, en-

abling explainability in open-domain fact veri�cation tasks through unsupervised

thematic discovery (addressing RQ4 in Chapter 9). By addressing these core research

questions, this work establishes a foundation for scalable, interpretable AFV systems

that balance performance and transparency in real-world applications.



Chapter 2

Prelude - Manuscript 1

Manuscript 1 (Chapter 3) systematically examines explainability in AFV, an-

alyzing how architectural, methodological, and dataset-related factors in�uence

transparency in fact veri�cation. This review identi�es critical gaps, particularly the

overreliance on local post-hoc explanations, and emphasizes the need for integrating

both localized explanations for individual claims and broader thematic insights.

Additionally, it highlights the absence of datasets designed to support explainability

research. By bridging insights from XAI and AFV, Manuscript 1 establishes key

research directions explored in subsequent studies, particularly in thematic con-

text discovery (Manuscript 2), which lays the groundwork for later contributions,

including CARAG and FactVer (Manuscript 3).



Chapter 3

Explainability of Automated Fact

Veri�cation Systems: A

Comprehensive Review (Manuscript 1)

3.1 Introduction

Advances in Arti�cial Intelligence (AI), particularly transformer architecture

(Vaswani et al., 2017), and the sustained success it has brought in transferring learn-

ing approaches in natural language processing, have led to advances in Automated

Fact Veri�cation (AFV). AFV systems are increasingly used in AI applications, mak-

ing it imperative that AI assisted decisions are also accompanied by reasoning,

especially in sensitive sectors like medicine and �nance (Ali et al., 2023). In addition,

researchers have also increasingly recognized the signi�cance of AFV in the modern

media landscape, where the rapid dissemination of information and misinforma-

tion has become a pressing concern (Guo et al., 2022). Consequently, AFV systems

have become pivotal in addressing the challenges posed by the spread of online

misinformation, particularly in verifying claims and assessing their accuracy based

on evidence from textual sources (Du et al., 2022).An AFV pipeline involves the

sub tasks for collecting evidence related to a claim, sorting most relevant evidence

sentences, and predicting the veracity of the claim. Some systems such as Hassan

et al. (2017) follow an additional step in the prelim to detect whether a claim is check-

worthy or not before commencing on the other sub tasks in the pipeline. Besides

these sub tasks, recent studies like Chen et al. (2022a) have started exploring how

to generate automatic explanations as the reason for veracity prediction. However,
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not as much effort has been put into the explanation functionality of AFV compared

to the strong progress made over the past few years both in fact checking technol-

ogy and data sets (Kotonya and Toni, 2020a). The lack of focus on explanation is

behind the growing interest in explainable AI research (Kotonya and Toni, 2020a).

Explainable AI 1 aims to provide the reasoning behind the decision (prediction)

made, in contrast to the ` black box' impression 2 of machine learning where even

the AI practitioners fail to explain the reason behind a particular decision made by

an AI system they designed. Similarly, the goal of explainable AFV systems is to

go beyond simple fact veri�cation by generating interpretations that are grounded

in facts and that communicate in a way that is easily understood and accepted by

humans. While there is broad agreement in the research community on the impor-

tance of the explainability of AI systems (Došilović et al., 2018; Guidotti et al., 2018;

Kim, 2018), there is much less agreement on the current state of explainable AFV.

The latest studies on the veri�cation of facts (Das et al., 2023; Olivares et al., 2023;

Rani et al., 2023) do not cohere around an aligned view on the subject. While re-

searchers like Olivares et al. (2023) state that "Modern fact veri�cation systems have

distanced themselves from the black-box paradigm", Rani et al. (2023) contradict

this by stating, modern AFV systems estimate the truthfulness "using numerical

scores which are not human-interpretable". The same impression, as articulated

in the latter statement, can be drawn from the literature review of state-of-the-art

AFV systems. Another of the most recent arguments supporting this view is Das

et al. (2023). They assert that, despite being a "nontrivial task", explainability of

AFV is "mostly unexplored" and "needs to evolve" compared to the developments in

explainable NLP.

This issue is further exacerbated by the fact that providing justi�cations for claim

verdicts has always been a crucial aspect of human fact checking (Guo et al., 2022;

Kotonya and Toni, 2020a). Therefore, it becomes evident that the transition from

manual to automated fact checking falls short of achieving its intended human

aspect to the functionality for ` Automated Fact Veri�cation' unless there is a clear

incorporation of explainability.

In this paper, exploration of the concepts of explainability in XAI is initiated in

Section 3.2, followed by a speci�c focus on its implementation in AFV in Section 3.3.

By de�ning explainability within the context of AFV and introducing the architec-

1(Also known as Interpretable AI or Explainable Machine Learning. Although used interchange-
ably the the subtle difference between explainability and interpretability, as is that the latter is not
necessarily easily understood by those with little experience in the �eld unlike the former.

2https://en.wikipedia.org/wiki/Explainable_arti�cial_intelligence
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tural, methodological, and dataset-based aspects for discussing interpretations, the

objective is to support and inspire research and implementations that can initiate

the process of bridging the current explainability gap in AFV. The emphasis lies

on the importance of datasets in achieving global explainability in AFV systems,

suggesting that they should be a major focus of future research. Building upon these

considerations, this paper has the following key objectives, which collectively aim

to examine the challenges and prospects of explainability in AFV:

• Provide a comprehensive overview of the current state of explainability in

AFV.

• Identify the challenges in the current landscape of AFV explainability, includ-

ing the concepts of local and global explainability.

• Highlight the importance of creating Explanation-Learning-Friendly (ELF)

datasets to advance research in AFV explainability.

• Propose future research directions, including a balanced approach to explain-

ability.

• Contribute to bridging the gap between AFV and XAI principles, and ulti-

mately enhancing the transparency and accountability of AFV systems.

3.1.1 Shortcomings of the Previous Reviews

These few prominent studies Guo et al. (2022); Kotonya and Toni (2020a); Wiegr-

effe and Marasovic (2021) encompass the relevant research conducted in the areas

of explainability in AFV and explainable NLP. Wiegreffe and Marasovic (2021)

primarily focuses on explainable NLP datasets and collection methodologies for

textual explanations in the context of explainable NLP, rather than AFV. Guo et al.

(2022) explores automated fact-checking and discusses the existing datasets and the

models, but primarily focus on its applications and challenges rather than explain-

ability. Kotonya and Toni (2020a) provide an in-depth survey of the explanation

functionality within fact-checking systems, yet their emphasis remains on generat-

ing fact-checking explanations rather than reviewing the broader landscape of AFV.

These studies, while valuable in their respective domains, exhibit limitations in offer-

ing a comprehensive overview of explainability within AFV systems. As this review

progresses, the objective is to address these gaps by conducting a comprehensive

analysis of the literature concerning explainability in AFV systems, highlighting
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both the strengths and limitations of existing methodologies and datasets. In this

process, the paper contributes signi�cantly to a more profound comprehension of

vital aspects within the realm of explainable AFV, particularly in the context of XAI.

3.2 Explainable Arti�cial Intelligence

The �eld of interpretability in arti�cial intelligence is experiencing rapid growth,

with numerous studies (Ali et al., 2023; Gunning et al., 2021; Kim, 2018) exploring

different facets of interpretation. These investigations are often conducted under

the umbrella of Explainable AI (XAI), which encompasses various approaches and

methodologies aimed at providing explanations for the decision-making process of

black-box AI models, providing information on how they generate their outcomes.

This section reviews pertinent literature on XAI, with three main objectives: What is

explainability? Why is it needed? and How can it be implemented?

The primary objective of XAI is to build models that humans can interpret

effectively, especially in sensitive sectors like military, banking, and healthcare. These

domains rely on the expertise of specialists to solve problems more ef�ciently, while

also seeking meaningful outputs to understand and trust the solutions provided

(Doshi-Velez and Kim, 2017). Additionally, it bene�ts both domain specialists and

developers when appropriate outputs are available, as it encourages investigation

into the system when discrepancies occur. However, many AI systems that support

decision-making are developed as opaque structures, often referred to as 'black-box'

models, which conceal their internal logic from the user and raise practical and

ethical concerns (Guidotti et al., 2018; Moradi and Samwald, 2021). These black-box

models, while typically offering higher accuracy, do so at the cost of transparency,

creating an inherent tension with the need for explainability in machine learning

systems (Gunning et al., 2021). In contrast, white-box models are deliberately

designed to be interpretable, which makes their outputs easier to understand, but

the drawback of these models is the compromise on accuracy. Gray-box models

attempt to strike a balance between interpretability and accuracy, offering a favorable

trade-off (Ali et al., 2023). Figure 3.1 demonstrates a comparison of these models and

brie�y conveys the idea of explainability in terms of AI systems. However, it is worth

acknowledging that in certain scenarios, such as those involving structured data

with naturally meaningful features, simpler classi�ers, such as logistic regression or

decision lists, may produce competitive results after appropriate preprocessing, as

emphasized in the work by Rudin (2019).
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Fig. 3.1 Comparative Analysis of Black-Box, Gray-Box, and White-Box Machine
Learning Models, Highlighting an Apparent Trade-off between Accuracy (Y-Axis)
and Interpretability (X-Axis)

Upon investigating the reasons for the increase in popularity of this research

�eld, it is evident that XAI has received increasing attention from both academia

and industry (Ali et al., 2023; Došilović et al., 2018; Kim, 2018; Kotonya and Toni,

2020a) attributing an in�ection point in the middle of the last decade (Gunning et al.,

2021). This paragraph presents a brief analysis of the factors contributing to this

surge in research interest in an attempt to resolve why Explainability is important

and continues to be a pressing requirement in AFV or AI in general. According

to studies (Ali et al., 2023; Mueller et al., 2019), as AI becomes more widely im-

plemented, concerns about AI's black-box working paradigm have also become

prevalent among governments and the general public. This has led to the need for

regulatory authorities to act towards a push for some form of explainability. An

initial step towards this AI regulation was taken by the European Parliament in

2016, when it adopted the General Data Protection Regulation (GDPR)3. With GDPR

3Regulation (EU) 2016/679 of the European Parliament and of the Council, of 27 April 2016.,
uri=CELEX:32016R0679
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policy requiring citizens to receive explanations for algorithmic decisions, explain-

ability has become a signi�cant aspect of algorithm design thereafter (Ali et al., 2023;

Goodman and Flaxman, 2017; Gunning et al., 2021). Another authoritative super-

vision on XAI practices was by the R&D Agency of the United States Department

of Defense4, the Defense Advanced Research Projects Agency (DARPA) (Gunning,

2016). DARPA regulated, an XAI research program, and funded 11 research groups

from the USA; they worked in the direction of a common conception; AI systems

need to be more explainable to be better understood, trusted, and controlled. The

main contribution of this DARPA XAI initiative is the creation of an XAI Toolkit,

consolidating the diverse artifacts of the program (such as code, papers, reports,

etc.) and the lessons learned from the 4-year program into a centralized publicly

accessible repository5. This DARPA XAI program and the GDPR policy of the EU

Parliament, along with the introduction of the EU AI Act (proposed European law

on Arti�cial Intelligence) 6 contributed majorly to the explainable AI movement ob-

served today (Ali et al., 2023). The drive for greater transparency and accountability

in AI is not limited to the global stage; it is also re�ected in national initiatives, in-

cluding those spearheaded by the New Zealand government. For example, various

initiatives and intergovernmental standards have been adopted by the New Zealand

government, to address the transparency and accountability of AI algorithms. The

G20 AI Principles, endorsed by Leaders in June 2019 and based on the OECD AI

Policy Observatory, serve as a framework to promote responsible AI use. Similarly,

the ` Algorithm Charter for Aotearoa New Zealand' aligns with the OECD principles

and aims to improve transparency and accountability in AI algorithm usage. The

country also actively contributes to global efforts through the OECD portal 7, which

showcases AI policy initiatives worldwide and emphasizes the importance of AI

transparency. The AI Forum NZ has released its own set of principles, including

a focus on AI transparency, while other measures such as the New Zealand Pilot

Project from the World Economic Forum 8 further support the objective of improving

AI transparency and explainability.

After de�ning explainability and its signi�cance, the subsequent text in this

section explores the various objectives and approaches for XAI implementation, as

outlined in the current literature. Following this, it delves into the taxonomy of XAI.

4https://www.darpa.mil/program/explainable-arti�cial-intelligence
5https://xaitk.org/
6https://arti�cialintelligenceact.eu/
7https://oecd.ai/en/dashboards/overview
8https://www3.weforum.org/docs/WEF_Reimagining_Regulation_Age_AI_2020.pdf
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3.2.1 XAI Objectives

The current body of work on XAI (Ali et al., 2023; Doshi-Velez and Kim, 2017;

Guidotti et al., 2018) identi�es several essential conditions necessary for the im-

plementation of explainable AI models. These are categorized into interpretability,

accuracy, and �delity.

Interpretability refers to the degree to which a model and its predictions can be

understood by humans. It is often gauged by the complexity of the model, with

simpler models generally being more interpretable. Accuracy denotes the model's

ability to correctly predict outcomes, particularly for new, unseen instances. It is

quanti�ed using metrics such as the accuracy score and the F1-score. Fidelity assesses

how well an interpretable model replicates the behavior of a corresponding complex,

black-box system. It is crucial for ensuring that the simpli�ed interpretations of the

model's decisions are faithful to the original model's logic. Fidelity is evaluated by

comparing the interpretable model's predictions to those of the black-box model,

often using the same metrics as for accuracy.

The next section reviews the standard approaches suggested in the literature to

achieve these XAI objectives.

3.2.2 XAI Approaches

Based on a review of the relevant literature, including studies by various re-

searchers (Ali et al., 2023; Guidotti et al., 2018; Mueller et al., 2019; Murdoch et al.,

2019) the practical approaches to achieving the aforementioned XAI objectives are

generally categorized into model explainability and post hoc explainability; the latter

is further appropriated into interpretations at the prediction level and at the data set

level (Murdoch et al., 2019). It is important to note that the model explainability is

interchangeably referred to as interpretability in certain works, such as Atanasova

et al. (2020).

Model-based explainability

Model-based explainability methods involve the creation of simple and trans-

parent AI models that can be easily understood and interpreted. Such methods are

particularly useful when the underlying data relationships are not highly complex,

allowing simple models to effectively capture data patterns (Moradi and Samwald,

2021). Models like decision trees and linear regression (unlike Deep Neural Net-

works), inherently possess model explainability (Gunning et al., 2021). Models
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that are inherently interpretable provide their own faithful explanations, accurately

representing the computations within the model (Rudin, 2019). However, when

dealing with data that exhibit higher degrees of complexity or non-linearity, more

intricate black-box models are designed and implemented. In such cases, post hoc

explainability techniques are used to extract information about the relationships

learned by the model (Ali et al., 2023; Moradi and Samwald, 2021; Shu et al., 2019).

Post hoc explainability

A post hoc explainability method operates on a trained and/or tested AI model,

generating approximations of the model's internal workings and decision logic

(Moradi and Samwald, 2021; Murdoch et al., 2019). Post hoc methods aim to reveal

relationships between feature values and the model's predictions, without requiring

access to its internal mechanisms. This enables users to identify the most crucial

features in a machine learning task, quantify their importance, reproduce decisions

made by the black-box model, and uncover potential biases in the model or the

underlying data. The prediction-level interpretation methods revolve around ex-

plaining the rationale behind the individual predictions made by the models. These

methods delve into identifying the speci�c features and interactions that contributed

to a particular prediction. For example, local interpretability might clarify why

a speci�c loan application was rejected by highlighting the contributing factors

(Doshi-Velez and Kim, 2017). In the literature, this concept is referred to by various

terms such as local interpretations (Doshi-Velez and Kim, 2017) or local explanations

(Atanasova et al., 2020) or local �delity (Ribeiro et al., 2016). On the other hand, the

approaches at the data set level focus on comprehending the broader associations

and patterns that the model has learned, with the aim of discerning the patterns

related to the predicted responses on a global scale (Murdoch et al., 2019), such as un-

derstanding key features governing galaxy formation in astrophysics (Doshi-Velez

and Kim, 2017).

3.2.3 XAI Taxonomy

Taxonomy in XAI provides a structured framework to categorize and organize

methods, techniques, and approaches for explaining AI and machine learning mod-

els, facilitating systematic discussions of model explainability and interpretability.

Figure 3.2 provides a hierarchical visualization of XAI by offering a structured view

of the XAI approaches mentioned in Section 3.2.2.
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Explainability in AI

Non-interpretable Models eg.DNN Interpretable Models eg.Statistical models

Model ExplainabilityPost-Hoc Explainability

Faithful Explanations

Prediction-level / Local Explainability Dataset-level / Global Explainability

infeasible inherent

Fig. 3.2 Hierarchical overview of approaches to achieving explainability in AI, fo-
cusing on black-box and white-box strategies. The arrows labeled ` inherent' and
` infeasible' respectively signify the natural transparency of white-box models such
as Statistical models, and the dif�culties in attaining model explainability in black-
box models such as DNNs.

On local explainability, it is worth noting that while an explanation may not

achieve complete faithfulness unless it provides a full model description, it is im-

perative for it to at least achieve local faithfulness. This means that the explanation

must accurately correspond to the model's behavior in (at least) the proximity of

the instance being predicted, ensuring its meaningfulness. However, it's crucial to

highlight that while global �delity (globally faithful explanations) would encompass

local �delity, local �delity does not imply global �delity. Features that have global

importance may not necessarily be signi�cant in the local context, and hence the

search for globally faithful, but interpretable explanations remains a challenging

endeavor, especially when dealing with complex models (Ribeiro et al., 2016).

Section 3.2, presented an overview of explainability concepts, their signi�cance,

and associated terminology. The following section will delve into their application

within the context of AFV models.

3.3 Explainable AFV

Despite notable progress in the development of explainable AI techniques, achiev-

ing comprehensive global explainability in AFV models remains a challenging task.

However, this issue encompasses multiple aspects that pose signi�cant obstacles

to research in the �eld of explainable AFV. First, only a relatively small number

of automated fact-checking systems include explainability components. Second,
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Explainable AFV systems currently do not possess the capability of global explain-

ability. Finally, the existing datasets for AFV suffer from a lack of explanations.

This study addresses these factors through three main perspectives: architectural,

methodological, and data-based; the examination is conducted in alignment with

the objectives and approaches of explainability discussed in the previous section.

The emphasis is placed on the data perspective (Section 3.3.3) due to its crucial role

in achieving global explainability within the context of AFV. The signi�cance of this

perspective is derived from the training dataset's in�uence on AI model behavior

and the critical necessity to achieve a high level of data explainability in AFV.

3.3.1 Architectural Perspective

Majority of AFV systems broadly adopt a three-stage pipeline architecture similar

to the Fact Extraction and VERi�cation (FEVER) shared task (Thorne et al., 2018b), as

identi�ed and commented on by many researchers (Chen et al., 2022b; DeHaven and

Scott, 2023; Jiang et al., 2021; Krishna et al., 2022; Soleimani et al., 2019; Thorne et al.,

2018b; Zhong et al., 2020). These three stages (also called sub-tasks) are, document

retrieval (evidence retrieval), sentence selection (evidence selection) and Recognizing

Textual Entailment or RTE (label/veracity prediction). The document retrieval

component is responsible for gathering relevant documents from a knowledge base,

such as Wikipedia, based on a given query. The sentence-retrieval component

then selects the most pertinent evidence sentences from the retrieved documents.

Lastly, the RTE component predicts the entailment relationship between the query

and the retrieved evidence. While the above framework is generally followed in

AFV, alternative approaches incorporate additional distinct components to identify

credible claims and provide justi�cations for label predictions, as shown in Figure 3.3.

The inclusion of a justi�cation component in such alternative approaches contributes

to the system's capacity for explainability within the AFV paradigm.

The majority of AFV systems are highly dependent on deep neural networks

(DNNs) for the label prediction task (Kotonya and Toni, 2020a). Furthermore, in

recent years, deep learning-based approaches have demonstrated exceptional per-

formance in detecting fake news (Huang et al., 2021). As mentioned in Section 3.2,

there is, however, an inherent con�ict between the performance of AI models and

their ability to explain how they make decisions. However, although existing AFV

systems lack inherent explainability (Kotonya and Toni, 2020a), it would be foolish to

overlook the potential to use these less interpretable deep models for AFV, as these

models possess the ability to achieve state-of-the-art results with a remarkable level
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Check-worthy Claims Detection

Document Retrieval

Sentence Selection

Recognizing Textual Entailment Justi�cation Production

Fig. 3.3 Overview of Stages in Automated Fact Veri�cation: This �gure depicts
the primary stages — Document Retrieval, Sentence Selection, and Recognition
of Textual Entailment, along with optional components for assessing the check-
worthiness of claims and providing justi�cations.

of prediction accuracy. However, this also indicates that model-based interpretation

approaches may not be a suitable solution for AFV systems. The reason being that

these methods require the involvement of simple and transparent AI models that

can be easily understood and interpreted.

Therefore, considering the architectural characteristics of state-of-the-art AFV

systems, a potential trade-off solution to achieve explainability may involve in-

corporating post hoc measures of explainability, either at the prediction-level or

dataset-level, while still leveraging the capabilities of less interpretable deep trans-

former models. The subsequent subsections delve into the attempts made in the

literature to incorporate post-hoc explainability in terms of methods and input

within the context of AFV.

3.3.2 Methodological Perspective

The methodological aspect looks at the different approaches utilized in existing

literature to develop explainable AFV systems.

Summarization Approach

In AFV, extractive and abstractive explanations serve as two types of summa-

rization methodologies, providing a summary along with the predicted label as

a form of justi�cation or explanation. Extractive explanations involve directly ex-

tracting relevant information or components from the input data that contribute to
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the prediction or fact-checking outcome. These explanations typically rely on the

emphasis of speci�c words, phrases, or evidence within the input. On the other

hand, abstractive explanations involve generating novel explanations that may not

be explicitly present in the input data. These explanations focus on capturing the

essence or key points of the prediction or fact-checking decision by generating new

text that conveys the rationale or reasoning behind the outcome. It is important to

note that terminology can vary across �elds. For instance, in the Explainable Natural

Language Processing (Explainable NLP) literature, (Wiegreffe and Marasovic, 2021)

refers to extractive explanations as ` Highlights' and abstractive explanations as

` Free-text explanations'.

The approaches to explainability employed by existing explainable AFV systems

are primarily extractive. For example, the work of Atanasova et al. (2020) presents

the �rst investigation on the generation of explanations automatically based on

the available claim context and utilized the transformer model architecture for

extraction summarization purposes. Two models are trained with the intention

of addressing this issue. One model focuses on generating post hoc explanations,

where the predictive and explanation models are trained independently; while the

other model is trained jointly to handle both tasks simultaneously. The model that

trains the explainer separately tends to slightly outperform the model trained jointly.

Kotonya and Toni (2020b) also approach the task of explanation generation as a

form of summarization. However, their methodology differs from that of Atanasova

et al. (2020). Speci�cally, the explanation models of Kotonya and Toni (2020b) are

�ne-tuned for extractive and abstractive summarization, with the aim of generating

novel explanations that go beyond mere extractive summaries. By training the

models on a combination of extractive and abstractive summarization tasks, they

enabled the models to generate more comprehensive and insightful explanations by

leveraging both existing information in the input and generating new text to convey

the reasoning behind the fact-checking outcomes.

A potential concern is that these models (both extractive and abstractive) may

generate explanations that, while plausible in relation to the decision, do not ac-

curately re�ect the actual veracity prediction process. This issue is particularly

problematic in the case of abstractive models, as they can generate misleading

justi�cations due to the possibility of hallucinations (Guo et al., 2022).
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Logic-based Approach

In logic-based explainability, the focus is on capturing the logical relationships

and dependencies between various pieces of information involved in fact veri�cation.

This includes representing knowledge in the form of logical axioms, rules, and

constraints to provide justi�cations for the veri�cation results. Chen et al. (2022a) and

Krishna et al. (2022) are examples of recent studies that focus on the explainability

of fact veri�cation using logic-based approaches.

Chen et al. (2022a) propose a logic-regularized reasoning framework, LOREN,

for fact veri�cation. By incorporating logical rules and constraints, LOREN ensures

that the reasoning process adheres to logical principles, improving the transparency

and interpretability of the fact-veri�cation system. The experimental results demon-

strate the effectiveness of LOREN in achieving an explainable fact veri�cation.

Similarly, Krishna et al. (2022) highlights the potential of natural logic theorem

proving, as a promising approach for explainable fact veri�cation systems. The

system named ProoFVer applies logical inference rules to derive conclusions based

on given premises, providing transparent explanations for the veri�cation process.

The experimental evaluation shows the ef�cacy of ProoFVer in accurately verifying

factual claims while also offering interpretable justi�cations through the logical

reasoning steps.

It is important to acknowledge certain limitations and drawbacks associated

with this logic-based approach. First, the complexity and computational cost of

logic-based reasoning can limit its scalability and practical applicability in real-

world fact veri�cation scenarios. Furthermore, while logic provides a structured

and interpretable framework for reasoning, it may not capture all the nuances and

complexities of natural language and real-world information. That means, the effec-

tiveness of these approaches heavily relies on the adequacy and comprehensiveness

of the prede�ned logical rules, which may not cover all possible scenarios and do-

mains. Lastly, interpretability of the generated explanations may still be challenging

for non-expert users. They may involve complex logical steps that require expertise

to fully understand and interpret.

Attention-based Approach

Different from the summarization and the logic-based techniques, explainable

AFV systems such as Popat et al. (2018); Shu et al. (2019) use visualizations to il-

lustrate important features or evidence utilized by AFV models for predictions.
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This provides users with a means to understand the relationships that in�uence the

decision-making process. For example, the AFV model proposed by Popat et al.

(2018) introduces an attention mechanism that directs the focus towards the salient

words in the article in relation to the claim. This enables the generation of the most

signi�cant words in the article as evidence (words with more weights are highlighted

with darker shades in the verdict) and Popat et al. (2018) claim that this strategy

enhances the transparency and interpretability of the model. The explanation mod-

ule of the fact checking framework by Shu et al. (2019) also utilizes the attention

mechanism to generate explanations for the model's predictions, highlighting the

important features and evidence used for classi�cation.

However, Guo et al. (2022) illustrated several critical concerns associated with

the reliability of attention as an explanatory method, citing pertinent studies (Jain

and Wallace, 2019; Pruthi et al., 2020; Serrano and Smith, 2019) to reinforce the

argument. The authors point out that the removal of tokens assigned high attention

scores does not invariably affect the model's predictions, illustrating that some

tokens, despite their high scores, may not be pivotal. On the contrary, certain tokens

with lower scores have been found to be crucial for accurate model predictions.

These observations collectively indicate a possible ` �delity' issue in the explanations

yielded by attention mechanisms questioning the reliability and interpretability

of attention mechanisms in models. Furthermore, Guo et al. (2022) argue that the

complexity of these attention-based explanations can pose substantial challenges for

people lacking an in-depth understanding of the model architecture, compromising

readability and overall comprehension. This scrutiny of the limitations inherent to

attention-based explainability methods highlights the pressing need to reevaluate

their applicability and reliability within the realm of AFV.

Counterfactual Approach

Counterfactual explanations, also known as inverse classi�cation, describe mini-

mal changes to input variables that would lead to an opposite prediction, offering

the potential for recourse in decision-making processes (Rudin, 2019). These ex-

planations allow users to understand what modi�cations are needed to reverse a

prediction made by a model. In the context of AFV, counterfactual explanations

have been explored. The study by Dai et al. (2022), for example, explicitly focuses

on the interpretability aspect of counterfactual explanations, in order to help users

understand why a speci�c piece of news was identi�ed as fake. The comprehen-

sive method introduced in that work involves question-answering and entailment
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reasoning to generate counterfactual explanations, which could enhance users' un-

derstanding of model predictions in AFV. In a recent study (Xu et al., 2023) exploring

debiasing for fact veri�cation, the researchers propose a method called CLEVER

that operates from a counterfactual perspective to mitigate biases in predicting

the veracity. CLEVER stands out by training separate models for claim-evidence

fusion and claim-only prediction, allowing the unbiased aspects of predictions to be

highlighted. This method could be explored further in the context of explainability

in AFV, as it allows users to discern the factors that lead to speci�c predictions, even

if the main emphasis of the cited work was on bias mitigation.

Nevertheless, counterfactual explanations in AFV, while providing valuable

insights into why a model makes speci�c predictions, may also confront challenges

in their practical application. One notable limitation lies in the potential complexity

and dif�culty of interpreting minimal changes in input variables, especially in cases

involving complex facts and evidence. This complexity could pose challenges to

users in grasping the precise factors that in�uence the predictions of the models,

which is a key aspect in achieving a broader interpretability in AI systems, as

discussed in Section 3.2.

Table 3.1 categorizes the existing approaches to develop explainable AFV systems

into four methodological aspects discussed: Summarization, logic-based, attention-

based, and counterfactual. Each category is illustrated with examples of studies that

employ these methods, highlighting their unique contributions as well as potential

drawbacks. The table serves as a comprehensive overview, aiding in understanding

the various techniques used to enhance the explainability and interpretability in

state-of-the-art AFV systems.

Additionally, it is important to note the inherent complexity in typical DNN-

based AFV systems. When considered alongside the objectives of XAI outlined

in Section 3.2.1, which emphasize that the interpretability of a predictive model

is often assessed through its complexity (commonly measured by its size), this

factor adds another layer of complexity to the already challenging task of achieving

model explainability in state-of-the-art AFVs. However, the situation is equally

challenging when it comes to post hoc explainability, especially in terms of achieving

global explainability. None of the explainable AFV systems discussed provides

global explainability; they mainly focus on prediction-level or local explainability

by explaining the model's decision-making process for speci�c instances or cases.

On the other hand, global interpretability at the data set level aims to uncover more

general relationships learned by the model and provides a greater understanding
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of how the model learns and generalizes across different examples (Murdoch et al.,

2019). The following section explores the extent of dataset-level explainability in

AFV, leading to an examination of its current state.

Table 3.1 Comparative Analysis of Diverse Methodologies Employed in Enhancing
Explainability in Automated Fact Veri�cation Systems

Methodological
Aspect

Examples Drawbacks

Summarization
Approach

Atanasova et al. (2020) Utilizes
the transformer model for extrac-
tive summarization. Two models
trained separately and jointly.
Kotonya and Toni (2020b) Fine-
tuned for both extractive and ab-
stractive summarization.

May generate misleading or inaccurate
explanations. Particularly problematic
for abstractive models.

Logic-based
Approach

Chen et al. (2022a) LOREN
framework uses logical rules for
transparency.
Krishna et al. (2022) ProoFVer
uses natural logic theorem prov-
ing.

Complexity and computational cost
limit scalability. May not capture all
nuances of natural language.

Attention-based
Approach

Popat et al. (2018) Uses attention
mechanism to focus on salient
words.
Shu et al. (2019) Utilizes atten-
tion for feature and evidence
highlighting.

Relies on human experts for visualiza-
tions, diverging from the principles of
XAI.

Counterfactual Ap-
proach

Dai et al. (2022) Focuses on inter-
pretability by generating coun-
terfactual explanations in AFV
through question-answering and
entailment reasoning.
Xu et al. (2023) Proposes the
CLEVER method, which oper-
ates from a counterfactual per-
spective to mitigate biases in ve-
racity prediction within AFV.

May face complexity in interpreting
minimal input changes, particularly
in intricate factual claims and evi-
dence scenarios, potentially hindering
broader interpretability.
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3.3.3 Data Perspective

The potential of data explainability lies in its ability to provide deep insights that

enhance the explainability of AI systems (which rely heavily on data for knowledge

acquisition) (Ali et al., 2023; Guidotti et al., 2018). Data explainability methods

encompass a collection of techniques aimed at better comprehending the data sets

used in the training and design of AI models (Ali et al., 2023). The importance of a

training data set in shaping the behavior of AI models highlights the need to achieve

a high level of data explainability. Therefore, it is crucial to note that constructing a

high-performing and explainable model requires a high-quality training dataset. In

AFV, the nature of this dataset, also known as the source of evidence, has evolved

over time. Initially, the evidence was primarily based on claims, where information

directly related to the claim was used for veri�cation. Subsequently, knowledge-

base-based approaches were introduced, utilizing structured knowledge sources

to support the veri�cation process. Further advances led to the adoption of text-

based evidence, where relevant textual sources were used for veri�cation. In recent

developments, there has been a shift towards dynamically retrieved sentences, where

the system dynamically retrieves and selects sentences that are most relevant to the

claim for veri�cation purposes. The subsequent text examines the implications of

these changes through the lens of explainability.

Systems such as Rashkin et al. (2017) that process the claim itself, using no

other source of information as evidence, can be termed as ` knowledge-free' or

` retrieval-free' systems. In these systems, the linguistic characteristics of the claim

are considered the deciding factor. For example, claims that contain a misleading

phrase are labeled `Mostly False'. Wang (2017) also employ a similar approach,

focusing on linguistic patterns, but incorporate a hybrid methodology by including

claim-related metadata with the input text to the deep learning model. These

additional data include information such as the claim reporter's pro�le and the

media source where the claim is published. These knowledge-free systems face

limitations in their performance, as they depend only on the information inherent in

the claim and do not consider the current state of affairs (Thorne and Vlachos, 2018).

The absence of contextual understanding and the inability to incorporate external

information make dataset-level explainability infeasible in these systems.

In knowledge-base-based fact-veri�cation systems (Bordes et al., 2013; Gardner

and Mitchell, 2015; Shi and Weninger, 2016), a claim is veri�ed against the RDF

triples present in a knowledge graph. The veracity of the claim is calculated by

assessing the error between the claim and the triples based on different approaches
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such as rule-based, subgraph-based, or an embedding-based one. The drawback

of such systems is the likelihood of a claim being veri�ed as false, based on the

assumption that the supporting facts of a true claim are already present in the graph,

which is not always feasible. This limited scalability and the inability to capture

nuanced information hinder the achievement of explainability in these type of fact

veri�cation models.

Unlike the latter two approaches; in the evidence retrieval approach, supporting

pieces of evidence for the claim verdict have to be fetched from a relevant source

using an information retrieval method. While the bene�ts of such systems outweigh

the limitations of static approaches mentioned earlier, there are certain signi�cant

constraints that can also affect the explainability of these models. While the quality of

the source (biased or unreliable), availability of the source (geographical or language

restrictions), and resources for the retrieval process (time-consuming, and expensive

human and computational resources) can have a signi�cant impact on the evidence

retrieval and limit the scope of evidence; a deep understanding of claim context is

critical to avoid misinterpreted and incomplete evidence which lead to erroneous

verdicts. Nevertheless, these limitations suggest that the evidence retrieval approach

might not be entirely consistent with key XAI principles such as ` Accuracy' and

` Fidelity'. This, in turn, casts doubt on the effectiveness of any post hoc explainability

measures attempted within this data aspect.

An alternative approach is using text from veri�ed sources of information as

evidence; Encyclopedia articles, journals, Wikipedia, and fact-checked databases are

some examples. Since Wikipedia is an open source web-based encyclopedia and

contains articles on a wide range of topics, it is consistently considered an impor-

tant source of information for many applications, including economic development

(Sheehan et al., 2019), education (Brailas et al., 2015), data mining (Schwenk et al.,

2021), and AFV. For example, the FEVER task (Thorne et al., 2018b), an application in

AFV, relies on the retrieval of evidence from Wikipedia pages. In the FEVER dataset,

each SUPPORTED/REFUTED claim is annotated with evidence from Wikipedia.

This evidence could be a single sentence, multiple sentences, or a composition of

evidence from multiple sentences, sourced from the same page or multiple pages of

Wikipedia. This approach aligns well with the XAI principle of ` Interpretability', as

Wikipedia is a widely accessible and easily understandable source of information.

However, it is crucial to note that Wikipedia also comes with limitations that could

impact the ` Accuracy' and ` Fidelity' principles of XAI, which can potentially impact

the interpretability of models relying on Wikipedia as a primary data source. Firstly,
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like any other source, Wikipedia pages can contain biased and inaccurate content,

and these can remain undetected for a longer period (same with outdated informa-

tion); this compromises the ` Accuracy' of any AFV model trained on these data.

Secondly, despite covering a wide range of topics, Wikipedia suffers de�ciencies in

comprehensiveness9, limiting a model's ability to understand contextual information

fully, thereby affecting ` Interpretability. Lastly, models trained predominantly on

Wikipedia's textual content can develop biases and limitations inherent to the nature

and scope of Wikipedia's content, impacting both ` Fidelity' and ` Interpretability'

when applied to diverse real-world scenarios and varied types of unstructured data.

Given these considerations and their misalignment with the XAI objectives of

` Interpretability,' ` Accuracy', and ` Fidelity,' it becomes evident that relying solely

on Wikipedia as a training dataset may not be the most effective pathway toward

explainable AFV.

Alternatively, Wikipedia can be used as an elementary corpus to train the AI

model to achieve a general understanding of various knowledge domains for AFV,

and this background or prior knowledge can then be harnessed further with ad-

ditional domain data to gain a deeper context (which helps the model to attain

information on global relationship and thus increase explainability). Being the

largest Wikipedia-based benchmark dataset for fact veri�cation (Shorten et al., 2021;

Zhong et al., 2020), the FEVER dataset can unarguably be considered as this el-

ementary corpus for AFV tasks, and Transformers and Transfer Learning is the

most pragmatic technology choice for AFV according to state-of-the-art systems

(DeHaven and Scott, 2023; Krishna et al., 2022; Stammbach, 2021).

The quality of the data set used or created for an application is a major factor

in determining the explainability of a transformer-based AFV model and its ability

to comprehend the underlying context. For example; Wadden et al. (2020) devel-

oped the SCIFACT data set in order to expand the ideas of FEVER to COVID-19

applications. SCIFACT comprises 1.4K expert-written scienti�c claims along with

5K+ abstracts (from different scienti�c articles) that either support or refute each

claim and is annotated with rationales, which consists of a minimal collection of sen-

tences from the abstract that imply the claim. The study demonstrated the obvious

advantages of using such a domain-speci�c dataset (can also be called subdomain

here since scienti�c claim veri�cation is a sub task of claim veri�cation) as opposed

to just using a Wikipedia-based evidence dataset. Wadden et al. (2020) argues that

the inclusion of rationales in the training data set "facilitates the development of

9https://en.wikipedia.org/wiki/Reliability_of_Wikipedia#Coverage
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interpretable models" that not only label predictions but also identify the speci�c

sentences necessary to support their decisions. However, the limited scale of the

dataset, consisting of only 1.4K claims, necessitates caution in interpreting assess-

ments of system performance and underscores the need for more expansive datasets

to propel advancements in explainable fact-checking research.

Building on this perspective of improving the quality and diversity of the data

set, Hanselowski et al. (2019) critically evaluated the FEVER corpus, emphasizing its

reliance on synthetic claims from Wikipedia and advocating for a corpus that incor-

porates natural claims from a variety of web sources. In response to this identi�ed

need, they introduced a new, mixed-domain corpus, which includes domains like

blogs, news, and social media, the mediums often responsible for the spread of unre-

liable information. This corpus, which encompasses 6,422 validated claims and over

14,000 documents annotated with evidence, addresses the prevalent limitations in

existing corpora, including restricted sizes, lack of detailed annotations, and domain

con�nement. However, through meticulous error analysis, Hanselowski et al. (2019)

discovered inherent challenges and biases in claim classi�cation, attributed to the

heterogeneous nature of the data and the incorporation of Fine-Grained Evidence

(FGE) from unreliable sources. These �ndings illustrate substantial barriers to real-

izing the fundamental goals of XAI, particularly accuracy and �delity. Moreover,

Hanselowski et al. (2019)'s focus on diligently modeling meta-information related to

evidence and claims could be understood as their implicit recognition of the crucial

role of explainability in the realm of automated fact-checking. By suggesting the

integration of diverse forms of contextual information and reliability assessments of

sources, they highlight the necessity of developing models that are not only more

accurate but also capable of providing reasoned and understandable decisions, a

pivotal step towards fostering explainability in automated fact-checking systems.



3.3 Explainable AFV 31

Table 3.2 Comparative Analysis of Dataset Types and Their Impact on Explainability
in AFV Systems

Fact_Veri�cation

Dataset Type
Example_StudiesKnowledge_Type Text_Type Domain_Type Remarks

Knowledge-

Free

External-

knowledge

Structured-

Data

Free-

Text

Single-

Domain

Multi-

Domain

Knowledge-

free Systems

Rashkin et al.

(2017), Wang

(2017)

X � � � � �

Lack of

contextual

understand-

ing,

dataset-level

explainabil-

ity infeasible

Knowledge-

Base-Based

Shi and

Weninger

(2016),

Gardner and

Mitchell

(2015)

� � X � X X

Limited

scalability,

inability to

capture

nuanced

information

Wikipedia-

Based

Thorne et al.

(2018a)
� X � X � X

Biased and

inaccurate

content,

limited

comprehen-

siveness

Domain(Single)-

Speci�c-

Corpus

Wadden et al.

(2020)
� X � X X �

Limited size,

potential for

biased

evaluation

Mixed-

domain-

Corpus(non-

Wikipedia-

based)

Hanselowski

et al. (2019)
� X � X � X

Challenges in

classi�cation

due to hetero-

geneous data

(impact

accuracy);

evidence

from

unreliable

sources

(impact

�delity)
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Table 3.2 offers a comprehensive categorization of the datasets used in Fact

Veri�cation systems, highlighting a variety of dataset types, each highlighting dis-

tinctive attributes and challenges. The datasets are categorized meticulously based

on their inherent nature and source, such as ` Knowledge-free Systems', ` Knowledge-

Base-Based',̀ Wikipedia-Based', ` Domain(Single)-Speci�c-Corpus', and ` Mixed-

domain-Corpus (non-Wikipedia-based)'. Each type is represented with illustrative

studies and remarks to provide insight into the inherent limitations or challenges

in relation to enhancing explainability in AFV systems. The categorization is en-

riched with sub classi�cations under ` Knowledge Type', ` Text Type', and ` Domain

Type'. ` Knowledge-free systems' are denoted with dashes (-) under ` Text Type'

and ` Domain Type', indicating the inherent absence of these attributes. This un-

derscores the retrieval-free nature of such systems, which predominantly rely on

the intrinsic linguistic features of the claims, thus lacking contextual understanding.

The ` Knowledge-Base-Based' type can be either single-domain, or multi-domain

represented by check marks in both sub-categories under ` Domain Type'. This illus-

trates the versatility of knowledge-based systems in utilizing structured information

from a specialized domain or amalgamating insights from multiple domains. The

ability to cater to varied domains accentuates the expansive applicability of such

systems, though it also brings forth challenges related to scalability and capturing

nuanced information. ` Wikipedia-Based' datasets, inherently multi-domain, are

highlighted separately to focus on the speci�c challenges of using Wikipedia as the

main information source, such as dealing with potential biases and inaccuracies.

The ` Domain(Single)-Speci�c-Corpus is distinguished as it focuses on a special-

ized or singular domain, providing depth and speci�city. While this focus allows

for a detailed exploration of a particular domain, it also poses limitations due to

the restricted scope and potential biases inherent to the selected domain, thereby

affecting the overall evaluation and applicability of the system. Additionally, the

` Mixed-domain Corpus' type emphasizes the inclusion of diverse domains, espe-

cially those not solely reliant on Wikipedia, addressing the challenges arising from

data heterogeneity and reliability.

The categorization in Table 3.2, coupled with associated remarks, is intended

to act as a resource, providing information on the various challenges and possibili-

ties to improve explainability within AFV systems. This categorization can guide

researchers and practitioners in making informed decisions regarding dataset se-

lection and utilization, providing a clearer understanding of the implications and

limitations of different dataset types in the context of Automated Fact Veri�cation.
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This study acknowledges the extensive investigations conducted by Wiegreffe

and Marasovic (2021) in Explainable NLP and by Kotonya and Toni (2020a) in

Explainable AFV, which provide meticulous lists and insightful analyses of prevalent

datasets in their respective �elds. It is crucial to clarify that the endeavor in this

section (Section 3.3.3) does not aim to perform an exhaustive review of datasets, a

task diligently undertaken by the aforementioned studies. Instead, it is uniquely

positioned to illuminate the distinctive attributes and inherent diversity within

various dataset types in AFV. This attempt to examine the impact of different data

types on explainability serves as a thoughtful addition to ongoing discussions and

re�ections on the subject, offering a new perspective on the multifaceted interactions

between data diversity and explainability in AFV.

3.4 Discussion

While fact-checking datasets commonly support the standard 3-stage pipeline

of fact veri�cation, there is currently a lack of datasets that speci�cally facilitate

explanation learning aligned with government and intergovernmental standards on

XAI. This is of paramount importance towards Explainable AFV, that if an AI system

is expected to produce explanations, it should have the ability or opportunity to

consume explanations. To achieve this, it is necessary to train the model network

using an explanation-learn-friendly (ELF) dataset. However, prominent large-scale

datasets like FEVER (Thorne et al., 2018a) and MultiFC (Augenstein et al., 2019) lack

this aspect of the fact veri�cation task. Furthermore, currently there are no alternative

resources available to address this limitation, as commented on by Stammbach and

Ash (2020). To create an ELF dataset, it is essential to analyze the data set practices of

fact veri�cation systems with a focus on explainability. This paper has undertaken

this crucial initial step and found that the absence of an explanation-based fact

veri�cation corpus presents a signi�cant obstacle to advancing research in the �eld

of explainable fact-checking.

In addition to the lack of suitable ELF datasets in AFV, another signi�cant chal-

lenge to the growth of the explainable AFV �eld is the ambiguity and discrepancies

surrounding the concepts of local and global explainability. Global interpretabil-

ity refers to the ability to comprehend the overall logic and reasoning of a model,

including all possible outcomes. It involves understanding the complete decision-

making process and the underlying principles of the model. On the other hand, local

interpretability refers to the ability to understand the speci�c reasons or factors that
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contribute to a particular decision or prediction. It focuses on the interpretability of

individual predictions or decisions rather than the entire model. These terms are

not consistently understood and implemented in different research communities,

leading to confusion and causing impedimenting progress in the �eld. While XAI

researchers (Doshi-Velez and Kim, 2017; Guidotti et al., 2018; Moradi and Samwald,

2021; Murdoch et al., 2019) generally adhere to a consistent understanding of local

and global explainability, Explainable AFV researchers have different interpretations

and perspectives, contributing to the ambiguity surrounding explainable AFV. For

example, Kotonya and Toni (2020b) focuses on local coherence and global coherence,

evaluating sentence cohesion and the appropriateness of explanations in relation

to the claim and associated label, both at the prediction level. On the other hand,

Atanasova et al. (2020) discuss the explainability as providing local explanations for

individual data points, without speci�cally addressing local or global aspects. As a

result, the de�nitions of local coherence, global coherence, and explainability in AFV

studies predominantly refer to prediction-level explainability, leaving the concept of

global explainability in AFV insuf�ciently de�ned.

The lack of recognition of the importance of global explainability is evident in the

implementations as well. Existing systems primarily focus on local explainability,

which hampers adequate understanding of the system's decision-making process at

the data set level. In an extensive survey conducted by Kotonya and Toni (2020a)

on explainable AFV systems, it was found that all the examined systems focused

primarily on providing explanations for individual predictions rather than offering

explanations about the underlying fact-checking model itself. This indicates a

prevalent trend in the �eld of explainable AFV, where the emphasis is on local

explainability. However, this local exaplinability is not suf�cient for AFV systems

because it only provides insights into individual predictions without offering a

holistic view of the system's overall behavior. Furthermore, global explainability is

crucial for AFV systems, as it provides a comprehensive understanding of how the

system arrives at its predictions and decisions. This global approach also allows AFV

systems to align with advances in XAI research and comply with the XAI principles,

enabling transparency and accountability.

In addition to the ambiguity surrounding local and global concepts, the �eld

of explainable AFV is further complicated due to variations in how explainability

concepts are categorized, suggesting a lack of consensus on taxonomy. For exam-

ple, while Shu et al. (2019) distinguishes between intrinsic explainability and post

hoc explainability, other researchers in explainable AFV, such as Atanasova et al.
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(2020), propose a categorization that broadly divides XAI into interpretability and

explainability. Shu et al. (2019) describe intrinsic explainability as the process of

creating self-explanatory models that inherently incorporate explainability. This

suggests that their de�nition of ` intrinsic explainability' closely aligns with the

general notion of ` interpretability' related to model-level reasoning, as discussed in

Section 3.2.3. However, the choice of the term` intrinsic' by Shu et al. (2019) adds

a distinct nuance to this categorization. On the other hand, their view on post hoc

explainability is in line with standard XAI. In contrast, while Atanasova et al. (2020)

aligns ` interpretability' with the mainstream XAI taxonomy, they adopt a narrower

view for ` explainability', reserving it for local explanations of individual instances,

which is a subset of post-hoc explainability. This deviates from the wider view where

` explainability' usually refers to model-level justi�cations.

These disparities in taxonomy demonstrate that the ambiguity extends beyond

the local and global dimensions, contributing to the overall ambiguity within the

�eld of explainable AFV. This disagreement and discrepancy among the relatively

few existing explainable AFV systems pose signi�cant challenges for the growth and

advancement of research in this �eld and highlights the need for a more standardized

approach to explainability in AFV systems.

3.4.1 Limitations

This study concentrates on exploring the explainability of DNN-based AFV

models, consequently not addressing other explainability approaches such as rule

discovery (Ahmadi et al., 2019; Gad-Elrab et al., 2019). This research gap provides

an opportunity for future studies to investigate the model explainability of DNNs,

particularly transformer models, in the context of AFV.

Similarly, to limit the scope of this paper, this study did not address the absence

of a clear and established link between the various interpretation methods proposed

in the literature and the evaluation criteria for measuring explainability; the lack

of clarity regarding how to measure explainability is a signi�cant challenge in this

�eld of the research. This aspect warrants further investigation in future research to

enhance the assessment of explainable AFV systems.
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3.5 Future Research Directions

In addition to the future plans outlined in the limitations of this study, the

following directions for exploration and research are proposed.

• Direction 1: Exploring a Balanced Approach to Explainability in AFV: Re-

searchers should explore the development of techniques and methodologies

aimed at achieving a balanced approach to explainability, integrating both

global and local perspectives in AFV systems. This involves understanding the

broader relationships and patterns that underlie AFV model decisions across

diverse factual claims and evidence (global explainability), while also address-

ing the speci�c concerns related to individual instances (local explainability).

For instance, a nuanced exploration of gray-explainability could involve re-

�ning gray-box models to optimize the trade-off between interpretability and

accuracy, ensuring that the explanations provided are as meaningful and un-

derstandable as possible without incurring a substantial loss in predictive

accuracy. Although examples such as dispute resolution and individual pa-

tient treatment decisions illustrate the broader applicability and importance of

this approach beyond the realm of fact veri�cation, they underscore the univer-

sal need for tailored and comprehensible explanations in individual cases. In

fact veri�cation systems, a balanced approach is particularly crucial for gaining

both a localized understanding of individual claims and a broader insight that

can inform strategies in handling diverse types of information and evidence.

By investigating methods that provide insights into AFV model behavior and

reasoning patterns on both the macro and micro levels, researchers can work

towards achieving a holistic understanding of explainability in AFV systems.

Following the principles of XAI, a potential starting point could be to explain

multiple representative individual predictions (locally) as a means to gain

insights toward a more comprehensive understanding, as suggested by Ribeiro

et al. (2016). This nuanced exploration, which aligns with the overarching goal

of achieving explainability in AFV systems, ensures that the insights gained

are as widely applicable as they are individually relevant, potentially leading

to more informed and equitable decision-making processes across different

domains.

• Direction 2:Comprehensive Investigation and Comparative Analysis of AFV

Datasets: Future research endeavors could bene�t from undertaking a meticu-
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lous and comprehensive review of the applicable data sets for AFV, informed

by the insights provided in the tables 3.1 and 3.2. Table 3.1 outlines a com-

parative analysis of various methodologies used to improve explainability in

AFV systems, while Table 3.2 delves into the distinctive attributes and inherent

diversity within various types of data set in AFV. A focused study in this

direction could reveal deeper insights into the suitability and compatibility

of various datasets with different AFV models and explainability techniques,

providing a more nuanced understanding of the interactions between dataset

characteristics and explainability. Such an investigation would not only enrich

the understanding of the in�uence of diverse datasets on the explainability

of AFV models but also reveal untapped potential in utilizing underexplored

types of dataset to enhance model transparency and interpretability. By syn-

ergizing the diverse techniques for explainability and the variety of dataset

types highlighted in the tables, this research direction has substantial potential

to lessen the gap in the �eld of explainable AFV.

• Direction 3:Development of an Explainability-Focused, Explanation Learning-

Friendly (ELF) Dataset: As a logical progression from Direction 2, researchers

should prioritize developing an ELF dataset to address the lack of explanations

in existing AFV datasets, enabling more nuanced studies in explainability

in AFV. This customized data set would serve as a benchmark to assess the

effectiveness of various AFV models in generating meaningful explanations,

thereby fostering advancements in creating explainable AFV systems. Such a

focused endeavor would be pivotal in bridging existing gaps and furthering re-

search in explainable AFV, allowing for an exploration of the interplay between

dataset attributes, model structures, and explainability methodologies.

3.6 Conclusions

This study addresses the challenge of explainability within AFV systems, shed-

ding light on key insights that both researchers and practitioners in the �eld can

leverage.

Drawing from a comprehensive analysis of AFV models and the principles of XAI,

this paper outlines a clear road map for future research. This study �rmly advocates

for a shift in focus from local explainability which currently dominates AFV systems,

towards a broader embrace of global explainability in line with XAI objectives. To
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catalyze this transition, the necessity for developing specialized training datasets

tailored explicitly for the pursuit of global explainability is highlighted.

The examination of data practices within current AFV frameworks revealed

critical gaps and limitations. Moreover, it exposed inconsistencies and discrepancies

among AFV systems regarding the concepts and perspectives of explainability.

While this study serves as a foundation for future research, it is imperative

to recognize that the path from manual to automated fact veri�cation remains

incomplete. The incorporation of explainability as an essential functionality in

modern AI systems must be prioritized, as highlighted in the problem statement in

the Introduction.

In conclusion, this study makes a valuable contribution to the expanding �eld

of AFV and XAI by offering a determinate, interconnected approach to address

the pressing challenge of explainability in AFV systems. It is anticipated that the

analysis and insights gained from this paper will catalyze both researchers and

practitioners in the �eld for further research in explainability, ultimately leading to

more transparent and accountable AFV systems.



Chapter 4

Prelude - Manuscript 2

One of the key limitations in explainability identi�ed in Manuscript 1 (Chapter

3) is the lack of methodologies that extend beyond isolated claim-level justi�cations

to incorporate broader thematic structures. Addressing this gap is particularly

important, as a critical shortcoming in AFV systems is the absence of systematic

methods for discovering and representing thematic relationships.

Manuscript 2 (Chapter 5) addresses this gap by introducing a novel approach

for thematic discovery and visualization. This study presents the SOI methodology,

which identi�es semantically related claims and evidence to form structured the-

matic clusters. By constructing graph-based representations of SOIs, this framework

enables a visual exploration of a claim's global context, illustrating its thematic

alignment within the broader veri�cation landscape. While this study does not yet

integrate SOI into evidence retrieval or claim veri�cation, it provides a foundational

step toward context-aware fact veri�cation, later operationalized in Manuscript 3

(Chapter 7). Through this contribution, Manuscript 2 establishes the groundwork

for leveraging thematic structures in AFV, bridging the gap between local claim

veri�cation and global thematic reasoning.



Chapter 5

Explainable AI through Thematic

Clustering and Contextual

Visualization: Advancing Macro-Level

Explainability in AFV Systems

(Manuscript 2)

5.1 Introduction

The "AI/ML Black Box Paradox" highlights the challenges of understanding the

decision-making processes of advanced AI and machine learning systems, where

the complexity of these methods makes their predictions challenging for humans to

comprehend. This lack of clarity raises concerns about the reliability and trustworthi-

ness of these systems, especially in sensitive applications. As a result, there has been

a growing research interest in the �eld of explainable AI (XAI) to make AI models

more transparent and understandable (Ali et al., 2023; Gunning et al., 2021; Vallayil

et al., 2023). XAI encompasses a range of strategies and techniques designed to

clarify the decision rationale of AI models by explaining how they generate their re-

sults. These efforts may leverage the intrinsic explainability of simpler, interpretable

models like statistical models or employ post-hoc explainability methods for more

complex models that lack intrinsic explainability, such as deep neural networks

(DNNs). In some cases, XAI combines these approaches by using interpretable ma-

chine learning models for the post-hoc analysis of black-box models, as exempli�ed



5.1 Introduction 41

by LIME (Ribeiro et al., 2016). However, despite being less interpretable, DNNs such

as transformers, which excel at managing long dependencies and understanding

contextual relationships in sequential data, are widely adopted due to their high

accuracy across various real-life applications, including Automated Fact Veri�cation

(AFV) systems.

AFV systems are designed to assess the veracity of claims by leveraging advanced

AI techniques. Typically, these systems follow a three-stage pipeline: document

retrieval (gathering relevant documents), evidence selection (identifying pertinent

evidence sentences), and Recognizing Textual Entailment (RTE, which predicts the

relationship between the claim and the evidence). Given the reliance on complex

models like transformers, as discussed earlier, these AI-based systems often face

a trade-off between accuracy and transparency (Ali et al., 2023). However, both

these aspects are critical, especially in the case of AFV. To address this, post-hoc

explainability techniques are recommended in the literature and are generally in-

tegrated into the RTE phase of AFV systems (Atanasova et al., 2020; Kotonya and

Toni, 2020b).

Post-hoc methods work by analysing trained AI models to approximate their

internal workings and decision logic. These methods reveal relationships between

feature values and model predictions without requiring access to the model's in-

ternal mechanisms. This enables users to identify crucial features, quantify their

importance, reproduce the decisions made by the black-box model, and detect po-

tential biases in the data or model itself. Post-hoc explainability can be categorized

into local and global perspectives, which have been discussed with slight variations

in the literature (Atanasova et al., 2020; Shu et al., 2019). A widely accepted interpre-

tation is that local explainability pertains to the analysis of individual data points,

whereas global explainability focuses on understanding the broader patterns and

associations in the model's decisions across the entire dataset (Doshi-Velez and Kim,

2017; Murdoch et al., 2019; Ribeiro et al., 2016).

However, despite the recognized importance of global explainability in AFV,

its implementation remains limited, as existing systems primarily focus on local

explainability, which only provides insights into individual predictions without

offering a holistic view of the system's overall behaviour (Kotonya and Toni, 2020a).

This narrow focus on local explainability fails to capture the broader decision-

making patterns of AFV models, indicating the need for a more comprehensive

approach. To address this gap, we conducted and published a comprehensive

literature review (Vallayil et al., 2023). This current study builds on the �ndings
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and gaps identi�ed in that review, focusing on a research direction that advocates

integrating both global and local perspectives to provide a balanced approach to

explainability in AFV systems. We employ methods that offer insights into AFV

model behaviour and reasoning patterns on both global and local levels, aiming for a

holistic understanding of explainability in AFV systems. Through this approach, we

seek to understand the broader relationships and patterns that inform AFV model

decisions while addressing speci�c concerns related to individual instances.

5.2 Methodology

This section outlines our structured approach to enhancing explainability in AFV

systems, focusing on the use of clustering techniques to achieve global explainability.

Our methodology encompasses generation of embedded vectors, application of

thematic clustering, and the identi�cation of evidence clusters. These steps form the

foundation for the subsequent case study and visualizations discussed in Section

5.3.

5.2.1 Dataset Overview

The dataset we employed in this study is novel and speci�cally curated for XAI

research in AFV. Each claim in the dataset is associated with a unique claim ID,

indicating its thematic context, such as climate change, COVID-19, and electric

vehicles, facilitating structured analysis of these themes and their impact on fact

veri�cation. Claims are labelled as True, False, or Not Enough Info, similar to

the structure used in standard fact veri�cation datasets like FEVER (Thorne et al.,

2018b). Additionally, each claim is paired with six annotated pieces of evidence. By

structuring the dataset with multiple pieces of evidence for each claim, we support

detailed exploration for XAI research. At the same time, the decision to store these as

separate entries, along with the three-class labelling format, aligns with conventional

fact veri�cation practices. Thereby, we anticipate that this dataset will support

research initiatives in both traditional fact veri�cation as well as explainability-

focused studies in AFV systems. Moreover, the dataset's structure is also tailored

to facilitate both local and global explainability, which is a key focus of our study.

On a local level, the multiple pieces of evidence for each claim allow for a granular

examination of the relationships between a claim and its supporting evidences,

providing detailed insights into the rationale behind individual claim evaluations.
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On a global level, the thematic organization and clustering techniques applied to

the dataset help uncover broader patterns and relationships, enhancing the overall

understanding of the AFV system's decision-making process.

A detailed description of the dataset, including its creation, annotation processes,

and potential applications in AFV systems, will be provided in an upcoming journal

publication, with further empirical analysis to be discussed in subsequent work as

outlined in our future research section.

5.2.2 Data Preprocessing and Embedded Vector Generation

We begin by loading and preprocessing the dataset, denoted as D, and then

extract claims and their associated evidences within a speci�c theme, such as climate

change. This thematic subset, represented as DT , serves as the basis for subsequent

analyses. The preprocessing steps ensure that the data is clean, consistent, and ready

for embedding generation and clustering. This process involves grouping the data by

claims and their corresponding evidences, as well as standardizing text to maintain

uniformity. In our research, selecting an effective model for generating sentence

vectors is crucial, as accurately capturing the semantic nuances and contextual

relationships within the text is vital for deducing the interrelations between claims

and other elements in the dataset. Traditional models like Word2Vec (Mikolov et al.,

2013) and GloVe (Pennington et al., 2014), which provide static embeddings, often

fall short in capturing the depth needed for nuanced text understanding in NLP tasks

like AFV. To address this, we considered BERT (Devlin et al., 2019) and its variants,

which generate context-aware vectors and offer a signi�cant improvement over

traditional model. However, despite BERT's success in many NLP tasks, its sentence

vectors without �ne-tuning have been found to be inadequate for tasks requiring

detailed semantic textual similarity, often even underperforming compared to static

embeddings like GloVe (Li et al., 2020a; Reimers and Gurevych, 2019).

Therefore, we selected Sentence-BERT (SBERT), which modi�es the pre-trained

BERT network by incorporating siamese and triplet network structures (Reimers and

Gurevych, 2019). This approach enables SBERT to produce semantically meaningful

sentence vectors that can be effectively compared using cosine similarity. Among

the pre-trained SBERT models available, we chose the open-sourceall- mpnet-base-

v2 for our research, which is �ne-tuned on over 1 billion textual pairs for textual

similarity tasks. This model has demonstrated superior performance in capturing

both semantic and syntactic correspondences among the �ne-tuned models for

general-purpose textual similarity tasks, speci�cally those based on pre-trained
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transformer models like BERT and MPNet, as well as parameter-reduced models

like DistilBERT (Jayanthi et al., 2021), making it particularly effective for AFV tasks

that require a nuanced understanding of textual similarity.

The high-quality vectors produced by all- mpnet-base-v2are not only critical for

accurately assessing textual similarity between claims and evidence in AFV but also

support our approach to clustering and visualization. These vectors serve as the

foundation for exploring the interconnections within thematic clusters, which is

central to enhancing the explainability of AFV systems in our approach, as discussed

in the upcoming sections.

5.2.3 Thematic Clustering with GMM-EM

Utilizing the embeddings generated in the previous step, we apply Gaussian

Mixture Models (GMM) with the Expectation-Maximization (EM) algorithm to

identify thematic clusters in the dataset. Although GMM and EM have been widely

used in �elds such as speaker identi�cation, emotion recognition, and brain image

segmentation (Al-Dujaili Al-Khazraji and Ebrahimi-Moghadam, 2024; Barai et al.,

2022; Binti Kasim et al., 2021; Jiao et al., 2023; Li et al., 2020b; Moondra and Chahal,

2023), our approach uniquely adapts these techniques for AFV, modelling the data

as a combination of multiple underlying patterns. Each pattern is represented by a

Gaussian distribution de�ned by its mean and spread, helping us to identify distinct

thematic clusters within the dataset.

While GMM supports soft clustering, where data points can belong to multiple

clusters with varying degrees of membership, our methodology focuses solely on the

primary cluster assignment for each data point, bypassing the probabilistic �exibility

that GMM offers. This approach ensures that each claim and evidence is clearly

associated with a single cluster, simplifying the subsequent steps of inference and

visualization. This is particularly advantageous in the context of AFV as it allows

for a clear understanding and representation of the relationships between claims

and evidences, facilitating more precise analysis and interpretation. The clusters are

identi�ed as follows:

EM(T) = argmax
q

n

å
i= 1

log p(eT,i j q) ! f Cig
k
i= 1 (5.1)

where:
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• EM (T) denotes the EM algorithm applied to the embeddings of data within

the theme T.

• eT,i is the embedding of the i-th text input (claim or evidence) from the thematic

subsetDT.

• q represents the set of parameters of the GMM, including the means, covari-

ances, and mixture weights of the Gaussian distributions.

• p(eT,i j q) is the probability density function of the embedding eT,i given the

model parameters q, as de�ned by the GMM.

• f Cigk
i= 1 represents the set of clusters formed as a result of the EM algorithm,

where each Ci is a cluster and k is the total number of clusters.

5.2.4 In-Depth Analysis of Claims Within Thematic Clusters

To conduct a focused analysis on a speci�c claim ci within a theme, we pro-

grammatically determine the cluster Ci that contains the claim, among the k clusters

identi�ed by the EM algorithm (Equation 5.1). Within this cluster, we further re�ne

the embeddings to identify a subset of pertinent evidences and claims based on their

semantic relevance to the claim ci using a similarity measure; this subset hereafter

referred to as the Subset of Interest (SOI). The SOI forci is de�ned as follows (in

Equation 5.2):

S(Ci ) = f ei ,j j sim(ei ,j ,ci ) > d and ei ,j 2 Cig [ f ck j sim(ck,ci ) > d and ck 2 Cig (5.2)

where:

• S(Ci ) represents the set of relevant evidences and related claims associated

with the claim ci .

• ei ,j denotes the j-th evidence associated with the claim ci .

• sim (ei ,j ,ci ) is the similarity measure between the evidence ei ,j and the claim ci .

• sim (ck,ci ) denotes the similarity measure between a claim ck and the claim ci .

• d is the similarity threshold above which an evidence ei ,j or a claim ck is

considered relevant to the claim ci .
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This analysis provides the foundational data for the graph-based visualizations

described in Section 5.3.2, where we visualize the interconnections and contextual

relationships that are speci�cally in�uential in the context of the selected claim.

5.3 Case Study Preliminary Findings: Graph-Based Vi-

sualizations and Interpretive Insights

In this section, we present preliminary �ndings from a case study conducted

using our novel dataset, demonstrating the implementation of the proposed method-

ology described in Section 5.2. These interim results demonstrate the effectiveness of

thematic clustering in providing meaningful insights through visualization, demon-

strating the relationships and interconnections among claims and their associated

evidences (direct and indirect) within the dataset. These visualizations provide a

macro-level view of the thematic clusters (Figure 5.1) and a micro-level analysis of

speci�c claims and their related evidences (Figure 5.2).

Fig. 5.1 Graph visualization of Cluster 0. Represents the relationships between
claims (coral nodes) and evidences (teal nodes) within a speci�c cluster of a theme.
The edges represent the connections between claims and evidences, demonstrating
the complexity and density of the thematic cluster. This visualization provides a
comprehensive overview of the thematic context, setting the stage for more focused
analyses.
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5.3.1 Thematic Cluster Visualization

We start by visualizing the thematic clusters identi�ed through the GMM-EM

(Section 5.2.3). For this case study, we focus on the `Climate Change' theme, which

has been clustered into three distinct groups (k=3 in Equation 5.1). This resulted in

the total number of samples in this theme (n=378) to be segregated to, Cluster 0 with

140 samples, Cluster 1 with 138 samples, and Cluster 2 with 100 samples.

We generated graph visualizations for these clusters, using distinct colours to

differentiate between claims and evidence pieces, making the relationships visually

clear (Figure 5.1 for the visualization of Cluster 0). The edges between nodes

represent the semantic relation between claims and evidence sentences, indicating

their relevance. The graph is complex and challenging to interpret in detail due to the

dense interconnections. However, it serves as an essential overview of the thematic

cluster, providing context for more focused analyses in the following subsection. For

example, the claim marked as `Claim_21,' visible in Cluster 0's visualization at the

top-right corner, is explored in detail for in-depth analysis in the next subsection as

part of the case study.

5.3.2 In-Depth Visualization of Claims Within Thematic Clusters

To gain insights into the relationships and dependencies of a selected claim from

a post-hoc explainability perspective (Moradi and Samwald, 2021), we apply the fo-

cused analysis conceptualized in Section 5.2.4, visualizing the SOI identi�ed through

Equation 5.2 for Claim_21. This graph highlights the thematic interconnections the

claim has with other participants in its cluster, offering a more re�ned view of its

relationships within the SOI (Figure 5.2).
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Fig. 5.2 Thematic Interconnections of Claim_21 and its SOI. Highlights Claim_21, its
associated evidence and related claims within its SOI. The central claim (Claim_21)
is represented by the coral node. Direct evidence of the claim (e.g., Evidence 21_1,
Evidence 21_2) are shown as larger teal nodes. Other related claims (e.g., Claim_49,
Claim_28, depicted as smaller coral nodes) and additional evidence (e.g., Evidence
48_1, Evidence 1_2, shown as smaller teal nodes) relevant to Claim_21 are included
based on our methodology's relevance criteria. Grey lines represent the connections
between claims and evidence, showcasing the hierarchical structure and thematic
interconnections.

As mentioned in Section 5.3.1, Cluster 0 has 140 samples and their associated

evidences from its theme. Before re�ning the SOI for Claim_21, its interconnections

graph reveals 168 nodes and 80 edges, which shows the web of relationships within

this speci�c thematic cluster. The large number of nodes initially represents all

possible relationships. After applying a similarity threshold ( d= 0.7in Equation 5.2),

the graph is streamlined to 81 nodes and 80 edges, highlighting the most relevant

connections and with more re�ned and meaningful relationships. This reduction in

the number of nodes suggests that many of the initial nodes were either isolated or

did not meet the similarity threshold for meaningful connections. The number of

edges remaining constant indicates that the relevant relationships were preserved,

ensuring that the most pertinent connections between claims and evidences are

emphasized. By focusing on these signi�cant relationships, the visualization pro-

vides a clear and interpretable representation of both direct associations, such as
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the annotated evidence of the claim, and related or indirect associations, includ-

ing connections with other claims and evidence sentences, within the thematic

interconnections of the AFV system.

5.4 Discussion

5.4.1 Implications for Strategic Decision-Making through Integrat-

ing Global and Local Perspectives for Comprehensive Ex-

plainability

As mentioned earlier, our research efforts aims to enhance explainability in AFV

systems by integrating both global and local perspectives. The annotated evidences

from our novel dataset, typically comprising six evidence datapoints, which offer

a detailed analysis of individual claims, addressing the speci�c concerns and nu-

ances of each instance, which enables us to compute local post-hoc explainability.

Concurrently, our proposed approach in this paper, helps to identify a subset of se-

mantically relevant evidences and claims, offering a macro-level view that highlights

broader patterns across diverse factual claims. By combining these perspectives, our

methodology seeks to develop a comprehensive framework that not only captures

macrolevel thematic patterns but also elucidates micro-level insights into individual

instances. This ongoing work is guided by the principles of XAI, focusing on achiev-

ing key XAI objectives such as interpretability, accuracy, and �delity (Ali et al., 2023;

Doshi-Velez and Kim, 2017; Guidotti et al., 2018). By adhering to these objectives, we

aim to create AFV systems that are both transparent and interpretable, facilitating

more reliable and understandable model behaviour.

We also acknowledge that the interim insights derived in this paper, are prelimi-

nary and part of an ongoing investigation. Further empirical validation particularly

that de�ned in the Section 5.4.2 and consequent re�nement of the methodology are

planned for future research.

5.4.2 Future Research Directions

Our future research plans focus on two primary areas: objectives for an upcoming

publication and key research directions.

Upcoming Publication Objectives: As mentioned in Section 5.2.1, we will be

publishing our novel dataset, which we believe will signi�cantly aid and support
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other research efforts in AFV and XAI. The publication will also feature a compara-

tive analysis of in-depth visualization graphs of different claims, highlighting how

our methodology does not necessarily incorporate all manually annotated evidences

from the dataset. For example, in the case study we examined, Evidence_21_3

was notably absent from the visualization despite being one of the direct pieces of

evidence of Claim_21 (see Figure 5.2). This suggests the SOI identi�es alternative

and potentially more relevant evidence pieces. This insight underscores the value

of our approach in providing a deeper and more nuanced understanding of the

data, which is critical for high-stakes decision-making scenarios. Additionally, the

detailed algorithmic framework of our methodology will also be included in that

publication.

Key Research Directions: To build upon the initial work detailed in this paper

and further advance our contributions to AFV and XAI, we have outlined a detailed

plan for continued research. While the SOI of a claim is currently employed for its

visualization, we plan to conduct empirical experiments using the SOI for inference.

The envisioned plan is to employ an open-source LLM like Llama2 (Touvron et al.,

2023b) to generate post-hoc explanations in two scenarios: with annotated evidences

(the six direct evidences from the dataset) and with the aggregate cluster embed-

dings of the SOI of the selected individual claim; introducing both local and global

perspectives to the claim introspection as discussed. This contextual embedding

aggregation (Iliadis et al., 2024; Tang et al., 2023; Zhao et al., 2024b) is calculated by

averaging the embeddings of all claims and evidences within an SOI of the claim

for a cluster. Additionally, we will benchmark our method by conducting a com-

prehensive performance evaluation using Retrieval Augmented Generation (RAG)

(Lewis et al., 2020) to generate explanations for the claim's inference in the context

of the entire dataset. This will allow us to assess the effectiveness of our method,

as RAG has emerged as a prominent approach in NLP, combining retrieval and

generation models to generate more cohesive answers and decrease the occurrence

of hallucinations (Salemi and Zamani, 2024). Moreover, the claim-based in-depth

graph visualization we proposed in this paper (see Figure 5.2), can serve as a visual

aid for global explainability, similar to how LIME (Ribeiro et al., 2016) visualization

provides instance-level local explainability. While this holistic approach is expected

to provide more comprehensive insights, it requires empirical validation through

our ongoing research.

Additionally, we intend to record the results of experiments involving various

clustering techniques and similarity thresholds, examining their effects across dif-
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ferent themes and clusters. This will allow us to re�ne our methodology and better

understand its robustness and applicability. We also plan to open- source our project

on GitHub, ensuring transparency and fostering collaboration by maintaining and

version-controlling the code. Furthermore, we will host a prototype space on Hug-

ging Face, enabling practitioners and researchers to interactively test our results and

validate the effectiveness of our approach.

5.5 Conclusion

Our ongoing research leverages thematic clustering and contextual visualization

to enhance macro- level explainability in AFV systems. By identifying additional

relevant evidences, beyond those manually annotated, our methodology enhances

decision-making processes through a more comprehensive understanding of the

information landscape. This re�nement process, is crucial for making informed

and accurate decisions, as it highlights the most pertinent connections, providing

decision-makers with a clearer view of the evidence base, ultimately supporting

more reliable and informed decisions. Guided by XAI objectives, we aim to develop

AFV systems that are both transparent and interpretable, facilitating more reliable

and deeper understandable model behaviour. As we continue to re�ne and expand

this methodology, we anticipate further insights that will advance the explainability

in AFV systems.



Chapter 6

Prelude - Manuscript 3

The advancements in thematic discovery and contextual visualization introduced

in Manuscript 2 (Chapter 5) provided key insights into the global structure of AFV.

By identifying SOIs and visualizing thematic relationships, it demonstrated the

potential of leveraging both local and global perspectives to enhance transparency

in AFV. However, while these contributions enabled a deeper understanding of

thematic patterns, they were not yet integrated into the retrieval or veri�cation

processes of AFV systems.

Manuscript 3 (Chapter 7) builds on these foundations by introducing the CARAG

framework, which operationalizes SOI-based thematic embeddings within a retrieval-

augmented AFV pipeline. Unlike conventional retrieval systems, CARAG combines

claim-speci�c evidence retrieval with thematic embedding aggregation, ensuring

that explanations are not only locally grounded but also globally contextualized.

This integration advances explainability in AFV by aligning retrieved evidence with

broader thematic structures, enhancing transparency and interpretability.

Another key contribution of Manuscript 3 is the introduction of FactVer, an

explanation-focused fact veri�cation dataset curated to support XAI-driven AFV

research. This directly addresses the dataset limitations identi�ed in Manuscript

1, where the lack of structured resources for explainability hindered AFV advance-

ments. FactVer provides multi-evidence claims across themes such as COVID,

Climate, and Electric Vehicles, offering a benchmark for evaluating both local and

global explainability. As with any curated dataset, FactVer's annotation protocol

introduces the possibility of bias. Human annotators may emphasize certain the-

matic framings or overlook minority perspectives, potentially shaping evidence

selection in ways that re�ect cultural or contextual subjectivity. While this limitation
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is acknowledged, later contributions (such as CARAG-u Chapter 9) aim to mitigate

such biases by reducing reliance on pre-annotated thematic labels.

CARAG's thematic abstraction through clustering can be contrasted with graph-

based retrieval models, which explicitly represent entities and relations through

knowledge graphs or graph neural networks. Graph approaches excel at struc-

tured reasoning and tracing relational paths, whereas CARAG offers �exibility in

open-domain settings without requiring curated graphs. These paradigms are com-

plementary, pointing toward hybrid models that could combine structured graph

reasoning with CARAG's adaptive thematic embedding strategy.

This prelude marks the transition from thematic discovery (Manuscript 2) to

context-aware retrieval and veri�cation (Manuscript 3). By bridging methodological

insights with practical implementation, CARAG advances XAI in AFV, laying the

groundwork for further innovations in unsupervised explainability, later explored

in Manuscript 4 (Chapter 9).



Chapter 7

CARAG: A Context-Aware Retrieval

Framework for Fact Veri�cation,

Integrating Local and Global

Perspectives of Explainable AI

(Manuscript 3)

7.1 Introduction

Explainability, de�ned as the ability to interpret model behavior in a human-

understandable way (Doshi-Velez and Kim, 2017), is increasingly essential in AI

applications such as Automated Fact Veri�cation (AFV) systems. While recent

advancements in AI architectures, such as transformer models (Vaswani et al., 2017)

and Retrieval-Augmented Generation (RAG) (Lewis et al., 2020), have signi�cantly

expanded AFV capabilities, they also pose new challenges in ensuring that system

decisions remain transparent and interpretable to end-users and decision-makers.

Most AFV systems generally follow a three-stage pipeline architecture, similar

to that used in the Fact Extraction and VERi�cation (FEVER) shared task (Thorne

et al., 2018b). This architectural approach was later adopted by several subsequent

researchers such as Chen et al. (2022b); DeHaven and Scott (2023); Jiang et al. (2021);

Krishna et al. (2022); Soleimani et al. (2019); Thorne et al. (2018b); Zhong et al. (2020).

This architecture involves the composite tasks of collecting or retrieving relevant

evidence to support or refute a claim, ranking these pieces of evidence by impor-
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tance, and predicting the claim's veracity, inter alia. However, as AFV systems

incorporate more advanced architectures and methods, ensuring interpretability in

their increasingly complex decision-making processes has become essential. This

need is particularly critical in AFV systems, since online misinformation has be-

come ubiquitous in recent times (Guo et al., 2022). Furthermore, explainability is

becoming increasingly important in critical domains such as �nance, healthcare,

and journalism, and is supported by a growing body of research in Explainable AI

(XAI) (Ali et al., 2023; Gunning et al., 2021; Kim, 2018; Vallayil et al., 2023). This

emphasis on explainability is also supported by government-led initiatives, such as

the European Union's General Data Protection Regulation (GDPR), which mandates

explanations for algorithmic decisions, and the United States Department of De-

fense's (DARPA) XAI program, which aims to make AI systems more interpretable

and trustworthy, and highlight the need for greater transparency in AI systems (Ali

et al., 2023; Goodman and Flaxman, 2017; Gunning, 2016; Gunning et al., 2021).

However, despite notable advancements in XAI, AFV technologies and the

availability of diverse fact veri�cation datasets, the integration of XAI within AFV

remains limited. Some studies have attempted to incorporate XAI into AFV systems,

although these approaches exhibit certain limitations. For instance, transformer-

based models for extractive and abstractive summarization (Atanasova et al., 2020;

Kotonya and Toni, 2020b), risk producing incomplete or misleading explanations.

Logic-based models like LOREN (Chen et al., 2022a) and ProoFVer (Krishna et al.,

2022) create transparent explanations through logic rules but are dif�cult to scale

and apply in real-world contexts. Attention mechanisms (Amjad et al., 2023; Popat

et al., 2018; Shu et al., 2019) highlight important features, yet their reliability is

questionable as attention scores do not consistently align with key decision-making

features (Guo et al., 2022). Counterfactual explanations (Dai et al., 2022; Xu et al.,

2023) demonstrate how small input changes affect predictions, but interpreting them

remains challenging in complex fact-checking scenarios. Some of these approaches

have outperformed the state-of-the-art in claim veracity prediction (Krishna et al.,

2022), but they remain limited in terms of scope and effectiveness for explainability.

In addition to the limitations discussed, notable summative studies in this cross-

domain of XAI-AFV, such as the comprehensive review on explainable AFV by

Vallayil et al. (2023) and the extensive survey on explainable automated fact-checking

by Kotonya and Toni (2020a), bring attention to several persistent gaps. Addressing

these gaps would not only enhance explainability within AFV systems but also

help mitigate the limitations identi�ed in existing approaches. The following items
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summarize and discuss some pertinent aspects of explainability in the context of

existing approaches.

1. Lack of Explanation-Focused Datasets: Existing fact veri�cation datasets like

FEVER (Thorne et al., 2018a) and MultiFC (Augenstein et al., 2019) are not

designed to support explanation learning aligned with XAI standards. There

is a need for datasets that facilitate training models not only to verify facts, but

also to generate meaningful explanations, as previously noted by Stammbach

and Ash (2020). This gap in dataset availability limits the development of

models capable of both veri�cation and explainability.

2. Overemphasis on Local Explainability: Current explainable AFV systems

focus predominantly on local explainability, explaining individual predictions,

while neglecting global explainability, which is essential for understanding the

system's overall decision-making logic (Kotonya and Toni, 2020a). This local

focus leaves AFV systems lacking a holistic view of their behavior, limiting

transparency and accountability.

3. Ambiguity in Local and Global Explainability: There is a lack of consensus

on how local and global explainability are de�ned and implemented in AFV

systems. While local explainability focuses on individual prediction-level

explanations, global explainability refers to understanding the model's overall

reasoning process (Zhao et al., 2024a). Different researchers interpret and apply

these concepts inconsistently (Doshi-Velez and Kim, 2017; Guidotti et al., 2018;

Moradi and Samwald, 2021; Murdoch et al., 2019), leading to confusion and

retarded progress in explainable AFV research.

4. Inconsistencies in Explainability Taxonomy: There are discrepancies in how

explainability concepts are categorized across studies in AFV. For instance,

some researchers distinguish between intrinsic and post-hoc explainability

(Shu et al., 2019), while others con�ate interpretability with explainability,

restricting it to individual explanations (Atanasova et al., 2020). This lack

of standardization creates further confusion in the �eld, hindering cohesive

advancements in explainable AFV.

In this research, we focus on addressing the �rst two critical gaps: the lack of

explanation-focused datasets and the overemphasis on local explainability. To

address these, we propose a comprehensive solution involving a novel explanation-
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focused dataset and a context-aware evidence retrieval and explanation generation

methodology.

In the subsequent sections, after providing the necessary background in Section

7.2, we describe the dataset in Section 7.3 and the methodology in Section 7.4. The

dataset introduced is curated for XAI research in AFV. It pairs each claim with

multiple annotated pieces of evidence within its thematic context (e.g., Climate

change, COVID-19, Electric Vehicles). The dataset facilitates both local and global

explainability by enabling deeper exploration of claim-evidence relationships and

thematic patterns extending beyond individual data points, while also supporting

explainability-focused studies. Meanwhile, our context-aware retrieval methodology

enhances the AFV pipeline, particularly the retrieval component, by incorporating

thematic embeddings generated from a subset of the fact veri�cation dataset. This

subset is identi�ed through a statistical modeling approach and further re�ned

through a semantic aggregation technique. By integrating broader contextual in-

formation with claim-speci�c embeddings, this methodology not only advances

existing frameworks like RAG but also introduces a broader thematic context, re-

sulting in more nuanced and context-sensitive explanations. The experimental

framework of the methodology, including a case study and comparative analysis

with RAG, is presented in Section 7.5, while challenges, future research directions,

and conclusions are discussed in Sections 7.6, 7.7, and 7.8, respectively.

While our work contributes to mitigating these issues, the remaining two chal-

lenges, ambiguity in explainability terminologies and inconsistencies in explain-

ability taxonomy, are expected to be gradually re�ned as more research in the �eld

emerges, leading to greater clarity and standardization.

7.2 Background

The evolution of AFV systems began with `knowledge-free' approaches rely-

ing solely on linguistic features of claims for veri�cation, without using external

evidence (Rashkin et al., 2017). This was followed by the integration of structured

knowledge bases, like RDF triples, for fact veri�cation, but faced challenges with

scalability and handling nuanced information (Gardner and Mitchell, 2015; Shi and

Weninger, 2016). A major advancement in AFV systems came with the introduction

of evidence retrieval methods, where claims were veri�ed against retrieved textual

sources, such as Wikipedia, as demonstrated in the FEVER dataset by Thorne et al.

(2018b). While Wikipedia offered broad accessibility, it also introduced challenges
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with comprehensiveness and potential biases, impacting the �delity of resulting AFV

models (Hanselowski et al., 2019). A further breakthrough was achieved with the

development of advanced retrieval capabilities, exempli�ed by RAG, which dynami-

cally integrate external knowledge during inference to enable more context-sensitive

and informed veracity predictions (Singhal et al., 2024). Nonetheless, interpretability,

accuracy, and �delity remain essential paradigms in explainable AI, as emphasized

by recent work on XAI (Ali et al., 2023; Doshi-Velez and Kim, 2017; Guidotti et al.,

2018).

Maintaining these XAI principles has become increasingly challenging due to the

evolving complexity of modern AFV systems, particularly with the use of pre-trained

Foundation Models (FM) and Large Language Models (LLM) in different roles across

the AFV pipeline. For instance, LLMs are used as encoders for embedding genera-

tion to capture semantic representations of claims and evidence, for natural language

inference (NLI) in veracity prediction, and for natural language generation (NLG)

in crafting coherent explanations. Additionally, incorporating RAG for dynamic

evidence retrieval and in-context learning for veracity assessment based on retrieved

evidence (Singhal et al., 2024) has further increased the complexity of these systems.

In particular, the use of LLMs, with their massive scale in terms of parameters and

training data, presents unique challenges for explainability in downstream tasks like

AFV. Moreover, these models require extensive computational resources for gener-

ating explanations. Consequently, established interpretability methods, including

feature attribution methods such as gradient-based approaches (Sundararajan et al.,

2017) and SHAP values (Lundberg and Lee, 2017), as well as surrogate models like

LIME (Ribeiro et al., 2016), can become computationally impractical for explaining

models with billions of parameters, limiting their feasibility for current AFV systems

compared to traditional deep learning models.

In addition to the in�uence of the operational role of LLM integration we dis-

cussed, the training paradigm adopted for the employed LLM also necessitates

diverse strategies for achieving XAI in AFV. Speci�cally, the approach to explainabil-

ity varies signi�cantly based on whether the model is �ne-tuned or used directly

through prompting. In the �ne-tuning paradigm, models like BERT (Devlin et al.,

2019), and RoBERTa (Liu et al., 2019), which are pre-trained on large corpora, are sub-

sequently �ne-tuned on labeled datasets for speci�c tasks, such as AFV. In contrast,

the prompting paradigm utilizes models without additional training, as seen with

base models like GPT-3 (Brown et al., 2020) and Llama 3 (Dubey et al., 2024), which

respond based on pre-trained knowledge; or as with assistant models like GPT-4
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by OpenAI (Bubeck et al., 2023), Claude by Anthropic (AnthropicAI, 2023) which

undergo additional alignment through methods like instruction tuning and Rein-

forcement Learning from Human Feedback (RLHF) to perform user-speci�c tasks

(Zhao et al., 2024a). The prompting paradigm is further reinforced by the impressive

zero-shot performance of LLMs in various language tasks (Liusie et al., 2024), show-

casing their capability to handle complex tasks without task-speci�c �ne-tuning.

These diverse methods of employing LLMs signi�cantly affect how XAI research

in modern AFV is approached. Fine-tuned models require tailored interpretability

methods that account for task-speci�c adjustments, whereas prompting-based mod-

els rely on post-hoc explanations generated from the models' pre-trained knowledge

(Zhao et al., 2024a).

Furthermore, the intended scope of explainability, whether local or global, further

in�uences the choice of XAI strategies devised for AFV. Therefore, effective XAI

in AFV must consider the model's operational role (e.g., encoder, NLI, NLG), the

training paradigm employed (�ne-tuning, few-shot, or prompting), and desired

explainability scope (local or global), necessitating a holistic approach. However, as

outlined in the introduction, current XAI methods in AFV primarily involve post-

hoc explanations (i.e., methods applied after the model has been trained to explain

its predictions), including transformer-based models (extractive and abstractive

summarization to assist veracity prediction), logic-based models (using logic rules

to create transparent explanations), attention mechanisms (highlighting important

features), and counterfactual explanations (showing how small input changes affect

predictions), each with limitations in scalability, reliability, and interpretability.

In this research, we advance post-hoc explanations by enhancing both the re-

trieval and generation components of RAG: incorporating thematic embeddings

for context-aware evidence retrieval and leveraging zero-shot NLG with optimized

LLM prompting for abstractive summarization. Section 7.4 details our framework,

addressing the roles, paradigms, and scope of XAI in AFV comprehensively for a

balanced explainability.
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Table 7.1 Key Components of FactVer

Header Description

Claim_Topic_ID A unique identi�er representing the claim, which also
encodes information about the thematic topic it belongs to.
For example, in the identi�er Claims_Climate_B2.0_1, the
middle segment (`Climate') denotes the theme, while B2.0
refers to the annotation team responsible for curating the

claim, facilitating ef�cient data processing.

Claim_Text The textual content of the claim, which needs to be veri�ed
for its truthfulness.

Evidence_Topic_ID A unique identi�er for the evidence corresponding to each
claim. The Evidence ID is constructed by consolidating the

claim ID with the pre�x `Evidence' and appending a
unique serial number. For example, in

Evidence_Claims_Climate_B2.0_1_n, the `n' uniquely
distinguishes each piece of evidence associated with the
claim. This structure ef�ciently organizes the multiple

pieces of evidence for a given claim.

Evidence_Text The actual textual evidence supporting or refuting the
claim.

Label The label indicating the veracity of the claim (T/F/N
representing True/False/Not Enough Info respectively).

Reason An explanation that provides justi�cation for the label
assigned to the claim.

Reason_Type Classi�es the nature of the explanation as either
Abstractive for human-generated explanations that are
crafted based on the evidence but not directly copied, or

Extractive, copied directly from the supporting evidence. If
no explanation is provided, it is marked as Nil.

Annotation_ID An identi�er assigned to each entry, re�ecting the
annotation team responsible for curating the data. There

are three types of IDs, B_2.0, C_2.1, C_2.2, corresponding to
the three annotation teams involved, allowing for

traceability back to the raw �les from each team during
data processing and analysis.

Article_Topic_ID A reference to the speci�c source or article from which the
evidence is derived. This ensures the data can be linked
back to the original source used by the teams during the

annotation process.
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7.3 Dataset

In this section, we introduce FactVer, a novel dataset developed to address key

limitations in existing AFV datasets by supporting both fact veri�cation and XAI

research, with a focus on enhanced transparency and explainability. Aligned with

recent research directions in explainable AFV, such as those proposed by Vallayil et al.

(2023), the dataset offers structured evidence relationships and human-generated

explanations across multiple topics. By enabling deep exploration of claim-evidence

relationships and thematic patterns, the dataset facilitates both local and global

explainability, paving the way for advanced research in explainability-focused AFV

systems.

7.3.1 Structure and Composition

The dataset is organized into the following thematic topics and structured around

key components corresponding to its column headers, as outlined in Table 7.1.

• Climate Change: Claims and evidence related to global warming, environmental

policies, and their socioeconomic impacts.

• Covid-19: Claims and evidence concerning the pandemic, vaccines, treatments,

and public health measures.

• Electric Vehicles: Claims and evidence focused on electric vehicle technology,

battery innovations, ef�ciency, and market trends.

The dataset was generated through a rigorous annotation process, ensuring con-

sistency across themes while capturing diverse perspectives. The following sections

provide detailed statistics about the dataset, describe the preparation process, and

present example data entries to illustrate its structure and composition.

7.3.2 Dataset Description

The dataset includes 589 unique claims. As shown in Figure 7.1, the majority

of these claims are supported by 6 pieces of evidence (approximately 70%), while

a smaller subset of claims has only 1 piece of evidence (about 22%). A minor

portion of claims is associated with 12 pieces of evidence (around 7%). This range of

evidence distribution provides �exibility in terms of the depth and complexity of

explainability within the fact veri�cation process.
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Fig. 7.1 Distribution of the Number of Evidences Associated with each Claim Across
All Themes. The �gure illustrates that most claims are supported by six pieces of
evidence(represented by the tallest bar), with smaller subsets having either one or
twelve pieces of evidence, highlighting the variability in evidence distribution across
the dataset.

Furthermore, Figure 7.2 illustrates the distribution of text length for Claim_Text,

Evidence_Text and Reason. The following key points can be observed:

• Claim_Text Length: The majority of claims are concise, typically within the 40-60

word range. Longer claims exceeding 100 words are less common.

• Evidence_Text Length: Evidence text length varies widely, with most evidence

ranging from 150-250 words, though some extend up to 700 words, re�ecting

varying levels of detail required to support different claims.

• Reason Length: Reasons are generally concise, with most falling within the

50-100 word range. While some explanations exceed 200 words, very few

extend beyond 400 words.
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Fig. 7.2 Distribution of Claim, Evidence, and Reason Text Length

This distribution highlights the diverse nature of the dataset, where claims, evidence

texts, and human-generated reasons exhibit varying lengths, potentially re�ecting

the differing complexity of fact veri�cation instances.

7.3.3 Preparation

The dataset was constructed from a large corpus of news articles, sourced from

over 20,000 searches conducted via Google, Bing, and DuckDuckGo between October

and December 2022 across the three themes/topics mentioned in Section 7.3.1,

collectively referred to as FactVer_1.0. These articles were processed to extract key

information, including titles, body content, and relevant metadata (e.g., publication

date, article ID, and URL), resulting in the intermediate version named FactVer_1.1.

Following this, three independent annotation teams worked with the processed

dataset using a uni�ed instructions document. Annotators followed step-by-step

instructions in that document for creating a fact veri�cation dataset for their assigned

topics, generating claims based on the article content and identifying corresponding

evidence spans. It is important to note that each annotation team worked on non-

overlapping topics (as speci�ed in the instructions), annotating separate subsets of

the dataset, and inter-annotation agreement was hence not applicable. Each claim

received a unique Claim ID, and evidence pieces were labeled with unique Evidence

IDs (e.g., E1 to E6) for traceability. Claims were labeled as True (T), False (F), or Not

Enough Info (N) based on the evidence provided. Annotators also included a Reason

�eld, offering explanations for the assigned labels, which could either be derived

directly from the evidence or be a novel, human-generated explanation.

This process resulted in three intermediate fact veri�cation datasets, collectively

referred to as FactVer_1.2_X, where X represents theAnnotation_ID of each respective
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team. Further details about the annotation process, including the template provided

to annotators and the instructions they followed, are available in Appendix A.1.

Although the annotation guidelines recommended supporting each claim with

up to six pieces of evidence, the actual number of evidence pieces per claim in the

consolidated fact veri�cation dataset ranges from 1 to 12, as discussed in Section 7.3.2

and represented in Figure 7.1, re�ecting the varied interpretations and approaches

of the annotation teams.

Building on these intermediate datasets, their consolidation resulted in a uni�ed

dataset created through additional data cleaning, preprocessing, and traceability

steps (details of which are also provided in Appendix A.1). This consolidated dataset,

named FactVer_1.3, is designed to facilitate AFV and support XAI research in this

domain.

7.3.4 Example Data Entries

To illustrate the dataset structure, we provide examples of data entries, using the

�rst claim (Claims_Climate_B2.0_1) in the dataset as a representative example.

• Claim_Topic_ID: Claims_Climate_B2.0_1

• Claim_Text: New Zealand has a carbon trading system

• Label: T

• Evidence_Text: (The following list contains the six pieces of annotated evidence

associated with this claim:)

– Evidence 1: A number of other countries have, however, also implemented

a carbon trading system at a national or sub-national level, or have one in

development, including Canada, China, Japan, New Zealand, South Korea,

Switzerland, and the United States, according to the European Commission.

– Evidence 2: As of July, 46 countries are pricing emissions through carbon taxes

or emissions trading schemes (ETS), according to the International Monetary

Fund.

– Evidence 3: NZ's agricultural emissions aren't currently captured under the

ETS (unlike other sources like industrial processes).

– Evidence 4: The number of emission units released for auction is designed to

meet New Zealand's international obligations.
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– Evidence 5: With many New Zealand farms having been converted to forestry

due to rising carbon prices in recent years, feedback last week closed on a proposal

to change settings in the Emissions Trading Scheme, where permanent plantings

of exotic forests, like pine forests, would be excluded from the scheme from next

year.

– Evidence 6: China, South Korea, Canada, Japan, New Zealand, Switzerland

and the US already have a number of national or regional systems, however the

international carbon market is said to develop through a bottom-up approach,

whereby the EU ETS will be linked with other international systems, with a

common aim to reduce the amount of emissions.

• Reason: New Zealand has an existing emissions trade scheme

• Reason_Type: Abstractive

7.3.5 Summary

FactVer, designed to advance explainability-focused research, addresses the

need for datasets that support both fact veri�cation and explanation learning. Its

structured evidence annotations and diverse thematic scope provide a valuable

resource for improving fact-checking methods and advancing AI-driven research

in both local and global explainability within AFV systems. The dataset is integral

to our methodology, providing a foundation for developing and validating new

approaches in AFV, as discussed in the following section.

To ensure reproducibility and foster further research, the dataset is publicly

available on Hugging Face1, and the associated code is available on GitHub2.

7.4 Methodology

This section presents our Context-Aware `Retrieval Augmented Generation'

Framework (CARAG), an approach to enhance evidence retrieval and post-hoc

explanation generation in AFV systems. Traditional retrieval methods often process

each query in isolation, overlooking the broader (or non-local) context surround-

ing a claim. CARAG addresses this gap, leveraging the structured evidence and

1Dataset available at: https://huggingface.co/datasets/manjuvallayil/factver_
master

2Code repository available at: https://github.com/manjuvallayil/factver_dev
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thematic insights from the FactVer dataset, ensuring that retrieval aligns with both

claim-speci�c details and its broader thematic background, leading to more in-

formed prompts for LLMs and, consequently, richer fact veri�cation explanations,

as elaborated in the following sections.

Fig. 7.3 Overview of the Methodology Components

Figure 7.3 presents a visual overview of our methodology, summarizing the key

components described in the subsequent sub-sections in methodology description. It

simpli�es the understanding of our otherwise intricate process by offering a step-by-

step representation of how different phases, retrieval and generation, interact. Later

in this section, a more detailed diagram showcases how CARAG is integrated into

the complete AFV pipeline, demonstrating how it re�nes both evidence retrieval

and explanation generation compared to standard methods.

7.4.1 Thematic Embedding Generation

The �rst step in our methodology is to generate thematic embeddings by lever-

aging the Subset of Interest (SOI), a concept introduced to �nd non-local context

of a claim under investigation (Vallayil et al., 2024). In that work, the SOI was

utilized for cluster visualization, offering insights into both the claim's annotated

evidence and also its broader, non-local context. The SOI generation process starts

by identifying the theme of the selected claim (e.g., climate change) from the fact

veri�cation dataset. The dataset is then �ltered to retain only claims and evidence

relevant to the identi�ed theme. This thematic subset is then structured through
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clustering, organizing semantically similar claims and evidence into distinct groups

based on their embeddings, as further elaborated in Section 7.5.1.

The cluster containing the selected claim is then identi�ed, and all items within

this cluster are extracted to form an initial set. This set includes: (i) the selected

claim, (ii) its directly annotated evidence (if any in the same cluster), (iii) other

claims within the identi�ed cluster (hereafter referred to as related claims), and (iv)

the annotated evidence of these related claims (if available within the same cluster,

and here after referred to as thematic cluster evidence). Importantly, not all annotated

evidence of the selected claim or related claim's will necessarily be present in the

identi�ed cluster, as it is the result of an unsupervised clustering process.

Table 7.2 Key Components of the SOI Dictionary

Key Description

claim_id The unique identi�er of the selected

claim.

claim The text of the selected claim.

annotated_evidences The evidence pieces directly associated

with the claim, including both the text

and unique evidence IDs.

related_claims Other claims within the thematic cluster

that are semantically related to the

selected claim.

thematic_cluster_evidences Evidence from other claims within the

thematic cluster that are thematically

relevant to the selected claim, including

both text and unique evidence IDs.

similarities The similarity scores between the

selected claim and the associated

evidence/related claims, calculated

using cosine similarity.
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Next, cosine similarity is calculated individually between the embedding of the

selected claim and the embedding of each item in this initial set. Items that do

not meet the empirically chosen similarity threshold ( d = 0.75) are excluded. This

threshold was selected as a balanced criterion to �lter out loosely related instances

while retaining a thematically relevant subset of the fact veri�cation corpus for a

given claim. The resulting re�ned subset forms the SOI of the selected claim. The SOI

is stored in a dictionary format, as shown in Table 7.2, containing the claim details,

its directly annotated evidence pieces, related claims, thematic cluster evidence,

and cosine similarity scores quantifying the relevance of each evidence or claim to

the selected claim. (The complete algorithm for SOI generation is provided in the

Appendix A.2 for those interested in the technical details).

However, while the possibility of leveraging the SOI of a claim for evidence

retrieval or inference mechanisms within the AFV pipeline was highlighted as a

future direction in prior work (Vallayil et al., 2024), it was not implemented. In this

research, we extend the utility of SOI by integrating it into the AFV pipeline for the

�rst time, moving beyond its visualization purpose. This transformation evolves the

SOI from a static visual representation into an active component of CARAG.

To implement this SOI integration into CARAG, selected elements from the SOI

dictionary are extracted, speci�cally, the SOI[`annotated_evidences'], SOI[`related_claims'],

and SOI[`thematic_cluster _evidences']. Each item in these �elds is then passed

through a Sentence Transformer model (SBERT, speci�cally the all-mpnet-base-v2

variant), which converts the text into a numerical vector (embedding) that captures

the semantic meaning and contextual relevance of the text.

Thematic_Embedding =
1
n

n

å
i= 1

Embedding (ei ), ei 2

8
>>><

>>>:

SOI[`annotated_evidences'],

SOI[`related_claims'],

SOI[`thematic_cluster_evidences']
(7.1)

Next, as represented in Equation 7.1, a single uni�ed thematic embedding is gener-

ated by calculating the element-wise average of embeddings corresponding to these

speci�c elements within the SOI. This involves summing the element wise numerical

components of the embeddings and dividing the result by the total number of em-

beddings. Embedding aggregation techniques, such as averaging, or graph-based

methods, have been explored in various studies (Iliadis et al., 2024; Tang et al., 2023;

Zhao et al., 2024b).
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Fig. 7.4 The �gure illustrates the curation of the uni�ed thematic embedding ( T_e)
process from the fact veri�cation dataset ( D). The Claim's cluster (C_k), identi�ed
from the thematic subset (D_t), is re�ned using cosine similarity and a similarity
threshold (d) to form the Subset of Interest (SOI) for the claim. This SOI is then
processed through Contextual Embedding Aggregation (CEA) using Equation 7.1 to
generate the �nal thematic embedding.

In our pipeline, we de�ne this phase as Contextual Embedding Aggregation

(CEA), and Figure 7.4 illustrates the process of generating the thematic embedding

(represented as (T_e), starting from the dataset (D). This aggregated thematic em-

bedding, derived from the SOI and capturing both local and global contexts, serves

as the foundation for the explainable AFV framework we propose in this study,

particularly for the evidence retrieval process.

More importantly, while this thematic embedding encapsulates the broader con-

text of the claim derived from the SOI dictionary, the claim itself is excluded from

the CEA process. As represented in Equation 7.1, the claim embedding is deliber-

ately omitted from this computation. This distinction ensures a clear separation

between the claim-speci�c embedding and the contextual embedding, which are

later combined during the retrieval process (detailed in Section 7.4.2).

7.4.2 Context-Aware Evidence Retrieval

Building on the thematic embeddings generated through CEA, this stage of

CARAG integrates them into the evidence retrieval process by combining the claim

vectors with the thematic embedding, which together serve as the query for retriev-
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ing evidence from the (vectorized) fact veri�cation database. These embeddings are

merged using a weighted mechanism (Equation 7.2), where the parameter a controls

the balance between claim-speci�c details and thematic context.

Combined_Embedding = a � Claim_Embedding + ( 1 � a) � Thematic_Embedding

(7.2)

As established in Section 7.4.1, the claim text is not included in the CEA process,

ensuring that it remains distinct and is combined separately with the thematic

embedding during this stage. This separation supports �exible weighting, allowing

for varying in�uences of claim-speci�c and contextual details depending on the task,

and can extend to other retrieval tasks requiring a balance between localized and

contextual information. An a of 0.5 aims to achieve an equal balance of claim-speci�c

details and broader contextual information in the retrieval query, thereby in�uencing

the selection of evidence with contextual insights.

7.4.3 Smart Prompting for Explanation Generation

Following the context-aware evidence retrieval process, this stage introduces

natural language generation into the framework, where an LLM is employed to gen-

erate concise fact-veri�cation explanations. The retrieved evidence is incorporated

into the LLM prompt alongside the claim text and speci�c instructions. By ensuring

that the evidence is enriched with both speci�c and contextual insights, the prompt

is crafted to re�ect a more comprehensive perspective, integrating information that

goes beyond the immediate claim. This results in more human-readable explana-

tions that are both informative as well as contextually grounded, as we will further

discuss in subsequent sections.
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Fig. 7.5 Overview of the CARAG Framework vs. Standard RAG. The Standard
Retrieval path (red arrows) retrieves evidence solely based on the claim vector,
without incorporating contextual information. In contrast, the CARAG pipeline
(light blue-shaded area) introduces context-aware evidence retrieval, which includes
the generation of SOI, followed by thematic embedding aggregation and its weighted
combination with claim embeddings for evidence retrieval. Retrieved documents
are then passed to the Augmented Generation Pipeline (yellow-shaded area), where
an LLM generates explanations based on the claim, retrieved evidence, and an
instructional prompt.

Figure 7.5 provides a visual comparison between the standard AFV pipeline and

the CARAG framework, while also summarizing our methodology. The Standard

Retrieval path (red arrows) follows a conventional approach, retrieving evidence

solely based on the claim vector, without accounting for any contextual information.

In contrast, the CARAG framework (light-blue-shaded area) generates the thematic

embedding (blue arrows) as described in Equation 7.1, and combines it with the

claim vector using a weighted averaging process (Equation 7.2). This weighted

approach produces a more re�ned �nal combined embedding used for querying

(represented by the purple dots in Figure 7.5), offering a more nuanced integration

compared to simple vector concatenation. The retrieved documents are then passed

to the Augmented Generation Pipeline (yellow-shaded area), where an LLM prompt

is constructed by combining the claim, the top-k retrieved evidence, and speci�c

instructions. The LLM (e.g., LLaMA) subsequently generates a concise explanation,

assessing the claim's veracity and offering a justi�cation.
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7.5 Experimental Framework & Results

This section describes the key elements employed in our experimental framework

and outlines a case study comparison of explanation approaches (Section 7.5.1)

alongside a comparative analysis of RAG and CARAG methods (Section 7.5.2). The

experimental framework integrates custom Python modules for data management,

clustering, embedding generation, and fact veri�cation, leveraging purpose-built

methods and pre-trained models for embedding and explanation generation.

For embedding generation, we selected the Sentence-BERT (SBERT) model

(Reimers and Gurevych, 2019), which enhances BERT by incorporating siamese

and triplet network structures to produce semantically meaningful sentence vectors.

Speci�cally, we employed the open-source all-mpnet-base-v2variant of SBERT, �ne-

tuned on over 1 billion textual pairs. This model is relevant in our methodology,

where cosine similarity supports context �ltering and nuanced textual similarity

(Jayanthi et al., 2021). Moreover, we chose to use the same SBERT encoder as em-

ployed in the SOI methodology (Vallayil et al., 2024) to ensure consistency and

comparability. Exploring alternative embedding models to assess their impact on

the pipeline's performance remains an avenue for future work.

For evidence retrieval tasks, we integrated the FAISS (Facebook AI Similarity

Search) library (Douze et al., 2024) into our pipeline. FAISS enables rapid similarity

searches on large datasets, managing vectorized storage of our corpus to facilitate

document retrieval. By indexing the all-mpnet-base-v2embeddings generated from

our dataset, FAISS scales evidence retrieval ef�ciently. This setup allows both

RAG and CARAG to retrieve evidence directly from the indexed vectors, thereby

supporting explanation generation and subsequent processes.

For fact veri�cation and explanation generation, we employed the Llama-2-7b-

chat-hfvariant of LLaMA from Meta (Touvron et al., 2023a), chosen for its balance of

ef�ciency and performance and its compatibility with our computational resources.

With 7 billion parameters, Llama-2 Chat is suited to our explainability tasks, offering

competitive performance comparable to models like ChatGPT and PaLM (Touvron

et al., 2023a). Optimized for dialogue and trained with RLHF, the model supports our

informed prompting methodology (Section 7.4.3) to generate coherent, user-aligned

explanations. Implemented using the AutoTokenizerand AutoModelForCausalLM

classes from Hugging Face, the process follows a sequence-to-sequence (seq-to-seq)

approach, where the input sequence combines the claim text, retrieved evidence, and

an instructional prompt. The output sequence includes natural language reasoning,
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providing a verdict on the claim and a nuanced post-hoc explanation. Operating

in zero-shot mode, the model leverages its pre-trained linguistic and contextual

capabilities without task-speci�c �ne-tuning. Example of this work�ow is detailed

in Section 7.5.1. To ensure unbiased results, GPU memory is cleared before each

generation run. Future work could explore newer versions, such as Llama 3 (Dubey

et al., 2024), on advanced hardware to assess potential improvements.

To visualize the thematic clusters and SOI of a claim, as shown in Figure 7.6,

we used the NetworkX Python package and Plotly's graph objects. Additionally,

for the comparative visual analysis of RAG and CARAG, we rely on scikit-learn

and seaborn to apply PCA (Principal Component Analysis), t-SNE (t-distributed

Stochastic Neighbor Embedding), and KDE (Kernel Density Estimation). These

techniques helped us to simplify high-dimensional embeddings, preserve both local

and global patterns, and generate thematic density contours, as detailed in Section

7.5.2.

This architecture enables streamlined integration of the AFV pipeline, supporting

both RAG and CARAG methods for a comprehensive analysis, as shown in Figure

7.5 and empirically discussed in subsequent sections as we evaluate the framework

using instances from our fact-veri�cation dataset FactVer, introduced in Section 7.3.

7.5.1 Case Study Analysis of CARAG

In this section, we present a focused case study analysis to illustrate an end-to-

end experimental evaluation of our framework. For this, we selected the claim, “The

public is unconcerned about a climate emergency”(Claim 59) from FactVer. This claim

serves as a representative example, allowing us to illustrate CARAG's performance

on a complex, real-world issue. Additionally, Claim 59 was chosen due to its

nuanced nature; the human-generated (abstractive) explanation for this claim in

FactVeris, “There is not enough evidence to suggest that people are concerned

or unconcerned with the climate emergency.” This highlights the ambiguity and

contextual depth required in handling such claims, making it an ideal test case for

evaluating CARAG's capabilities.

The case study description follows the exact procedural order of our method-

ology, with the sub sections below corresponding to Sections 7.4.1, 7.4.2, and 7.4.3,

respectively, illustrating the practical application of our structured methodology for

Claim 59.
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Thematic Embedding Generation for Claim 59

To generate a thematic embedding for Claim 59 from FactVerusing CEA (Sec-

tion 7.4.1), we �rst needed to identify a focused subset of contextually relevant

data that would form the basis of our analysis. This involved applying our SOI

approach to determine the theme associated with Claim 59 (Climate), then �ltering

the corpus to retain only instances within this theme, ensuring alignment with the

claim's context. As outlined in Section 7.4.1, this thematic subset is then structured

through clustering to organize semantically similar claims and evidence into distinct

groups. To achieve this, we applied GMM-EM clustering (Al-Dujaili Al-Khazraji and

Ebrahimi-Moghadam, 2024; Jiao et al., 2023) within the Climate theme, identifying

three unique clusters: Cluster 0, Cluster 1, and Cluster 2. The selection of GMM-EM

is motivated by its effectiveness in identifying underlying patterns in complex data,

with prior applications in speaker identi�cation, emotion recognition, and brain

image segmentation (Al-Dujaili Al-Khazraji and Ebrahimi-Moghadam, 2024; Jiao

et al., 2023). In this context, we adapt it to model the dataset as a combination of

multiple thematic structures, capturing structural similarities between claims and

evidence. Our methodology employs GMM in a hard clustering approach, assigning

each claim and evidence to a single cluster to ensure clear relationships and facilitate

precise analysis in AFV (Vallayil et al., 2024). Claim 59 is identi�ed within Cluster

1, a dense network containing 85 nodes and 3,103 edges, indicating a rich intercon-

nection of semantically related claims and evidence. Following the methodology

outlined in Section 7.4.1, we re�ned this cluster using a cosine similarity threshold

of d = 0.75to retain thematically relevant claims and evidence. The resulting SOI

dictionary for Claim 59 incorporates all the �elds presented in Table 7.2, providing a

structured foundation for embedding generation.
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