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Abstract

Recent breakthroughs in Artificial Intelligence (AI) have revived a foundational challenge:
how dowe understand systems that exhibit intelligent behavior yet defy intelligible explan-
ation? As deep learning models scale to unprecedented complexity, their opacity creates a
widening chasm between performance and comprehension—a tension that is both epistem-
ologically and practically urgent. This thesis confronts this challenge directly by asking:
what constitutes a meaningful explanation in the landscape of contemporary AI?

To address this, the thesis first establishes the necessary theoretical foundation. It
dissects the question “what is an explanation?” by tracing its evolution across three dom-
inant paradigms in Explainable AI (XAI): the causal, the mechanistic, and the generative.
While each offers a unique lens — focusing, respectively, on inference, transparency, and
communication — the thesis argues that none alone can reconcile epistemic rigor with
practical utility. From their synthesis emerges a novel theoretical framework of explain-
ability, which reframes explanation not as a model property, but as a dynamic epistemic
relationship between a model, its representations, and human understanding.

Theory, however, must be accountable to practice. The second part of the thesis, there-
fore, operationalizes this framework at what it terms the triple frontier of XAI pursuit: in-
telligibility, alignment, and faithfulness. Each frontier is explored through a high-stakes
case study that grounds abstract concepts in tangible applications: intelligibility as an act
of communication in medical imaging; alignment as knowledge building in smart contract
analysis with large language models; and faithfulness as a principle of design in indus-
trial decision governance. This empirical work is underpinned by a key methodological
contribution: a custom test suite for temporal attention mechanisms, which demonstrates
that faithfulness—the truthfulness of an explanation to a model’s actual reasoning—can
be rigorously measured rather than merely assumed.

Synthesizing the insights from this journey from theory to practice, the thesis cul-
minates in the Principle of Appropriate Complexity. This principle moves beyond the
simplistic trade-off between accuracy and explainability, proposing that a model’s com-
plexity should be actively governed rather than merely minimized to ensure epistemic
responsibility and foster trust. By wedding theoretical reflection to empirical validation,
this work ultimately reframes explainability as a constitutive dimension of intelligence
itself—a guiding principle for the co-evolution of human and machine understanding.
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Preface

A PhD is often described as a marathon, but that’s a generous metaphor. Marathons have
well-defined routes, strategically placed water stations, and people cheering at the finish
line. Research, by contrast, starts with grand ambition and quickly becomes an exercise
in humility. You begin convinced you’re going to move the frontier of human knowledge;
a few years in, you’re just hoping to understand the last paragraph of your own paper.
For me, that ambition was to understand not just what Artificial Intelligence could do,
but how it thinks. I started out wanting answers. What I found were better questions.
I learned that the further you push toward understanding, the more the boundaries blur,
and the more acutely you feel your smallness in the vastness of what remains unknown.
And yet, that smallness is not defeat—it’s perspective. This thesis is a testament to that
realization. It follows a path from the abstractions of explainability to the rough ground
of practical application. The journey was marked by false starts, elegant theories that fell
apart upon contact with data, and rare moments when the pieces briefly came together. If
I’ve learned anything, it’s that research doesn’t reward certainty; it rewards persistence—
the slow, stubborn effort of adding one drop of clarity to an ocean of questions. And
sometimes, that drop is enough.

No journey of this kind is ever a solitary one. I owe immense gratitude to those who
guided, challenged, and supported me. To my supervisors, Andrea Gasparetto and An-
drea Albarelli—thank you for your mentorship and trust. To my collaborators — Cristina
Conati, Marco Salvatore Nobile, Sabina Rossi, Dalila Ressi, Alvise Spanò, Lorenzo Be-
netollo, Matteo Marcuzzo, Alessandro Zangari, and many others — thank you for your
insight, patience, and companionship across so many different domains. You transformed
solitary research into shared discovery.

Tomy family and friends— and especially Alessandra, who brought me back to life—
thank you for your love, patience, and for reminding me that there is a world beyond work
and academia. You kept me grounded when I needed it most, and helped me remember
why it’s worth finding meaning in the first place.

Finally, a quiet pat onmy own shoulder— for earning a PhDwhile fighting depression.
I did great, and I’m proud of that.

This thesis is my modest contribution to a much larger human endeavor: building AI
that is not only powerful but also transparent, trustworthy, and aligned with our values. I
hope it serves as one small, honest drop in that ocean.
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1
Introduction

1.1 The Inscrutability of Modern Artificial Intelligence
The field of Artificial Intelligence (AI) is ever undergoing profound transformations, cur-
rently propelled by the remarkable successes of Deep Learning (DL) and its most visible
offspring— the widely celebrated Foundation Models (FMs) (or Large x Models (LxMs))
that exhibit what some describe as “sparks of artificial general intelligence” [16]. Notably,
LLMs approach or surpass human-level performance across a broad spectrum of tasks
once deemed prohibitively difficult, especially in text generation and reasoning, which is
virtually indistinguishable from human discourse. Yet, this surge in predictive power has
come at a cost. The inner workings of thesemodels— their logic processes, internal repres-
entations, and decision-making criteria — remain largely inscrutable to human observers.
As architectures scale in depth, parameter count, and data volume, the interpretive distance
between human understanding and algorithmic inference widens, giving rise to the “black
box” problem. As a scientific community, we have built systems capable of producing as-
tonishingly accurate answers, yet they are incapable of providing meaningful insight into
how those answers are derived. In this context, the rise of FMs constitutes a remarkable
paradigm shift that extends beyond scaling DL and the associated concerns. Unlike tra-
ditional models trained for narrow domains, FMs are pre-trained on vast, heterogeneous
corpora and are large enough to adapt rapidly across modalities and tasks. Their versatility,
however, comes with new challenges. If traditional models were opaque within bounded
domains, FMs are “polyglot black boxes”: their reasoning appears flexible and emergent,
yet their internal mechanisms remain beyond human understanding, both through empir-
ical inspection and theoretical modeling. As Cynthia Rudin, one of the most influential
personalities in the eXplainable Artificial Intelligence (XAI) community, writes sharply,
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she has “no idea what it means for ChatGPT to be ‘correct’”, reminding us that “its loss
function is to place the next word down so that it is convincing, and if that is indeed the
loss function we are interested in, then yes, it seems to be correct all the time” [167]. This
peculiar duality — generality of function and opacity of process — situates LLMs at the
frontier of AI for both opportunity and risk. Beyond the epistemic concern, the black-box
nature of contemporary AI has profound societal and economic consequences. AI directly
shapes modern labor markets, corporate governance, and the allocation of capital. At the
same time, the opacity of FMs accelerates their commodification, as firms deploy them
as general-purpose productivity enhancers without fully understanding their limitations,
thereby externalizing risks to consumers, workers, and regulators. The economic value
of opacity is thus double-edged — it fuels rapid adoption by lowering entry barriers but
simultaneously erodes trust, accountability, and long-term sustainability of innovation.

It is worth noticing that the transparency of AI systems is not a new concern, but
rather the latest manifestation of a longstanding epistemic tension in the field. Historic-
ally, AI has oscillated between two poles: symbolic systems, prized for their explainab-
ility and logical transparency but limited in adaptability and scalability, and statistical
systems, celebrated for their empirical success yet criticized for their opacity. The advent
of DL decisively shifted the balance toward the latter, placing a premium on performance
over understanding. In the era of expert systems, explainability was achieved through
explicit rule tracing and symbolic reasoning chains, allowing users to follow each infer-
ential step. However, as statistical learning supplanted symbolic AI, the locus of reason-
ing shifted from explicit rules to distributed representations across vast parameter spaces.
This transition rendered traditional notions of explanation, based on symbolic justifica-
tion, increasingly inadequate. Thus, the “black-box” problem should not be seen merely
as a byproduct of scale but as a structural feature of the statistical turn in AI, marking a
more profound shift in how machines encode, process, and communicate knowledge. Yet,
what sets LLMs apart is not only their statistical power but their peculiar mode of interac-
tion with humans. Unlike previous predictors, LLMs produce narratives as part of their
output. They do not merely compute answers; they simulate reasoning. This creates a
paradox: the very models we struggle to explain are also the most capable at generating
“explanations”— though these may be fabrications, rhetorical strategies, or what has been
called “plausible nonsense”. Such a recursive relationship — black boxes that produce
their own interpretive glosses — blurs the boundary between explanation as a scientific
practice and explanation as an act of persuasion. Therefore, this thesis examines a funda-
mental inquiry: what constitutes an explanation in contemporary AI?.

Taking it a step further, the central question nowadays is no longer merely “can ma-
chines think?”, but rather “to what degree can humans understand how they think?” —
or, as Rudin provocatively asks, whether we have accepted opacity as an unavoidable
consequence of intelligence [159]. Rudin’s work, central to the thesis’s position, chal-
lenges this assumption by arguing that explainability and accuracy are not inherently in
conflict, and that the reliance on post-hoc explanation methods is both scientifically and
ethically problematic. Her call to “stop explaining black box models” and instead build
inherently interpretable systems reframes the debate: the pursuit of explainability is not
merely a technical afterthought, but a foundational design principle for responsible AI.
The implications of this debate extend far beyond the realm of academic inquiry: in high-
stakes domains, opacity is not a tolerable trade-off but a critical liability. A physician
cannot safely act on a diagnosis whose underlying rationale is obscured. A regulator can-
not certify an algorithmic trading system without understanding its fairness or potential



for bias. A defendant cannot accept a judicial recommendation produced by a system
whose reasoning remains inscrutable. In these contexts, explainability is inseparable from
accountability, as it underpins trust, enables verification, supports debugging, and safe-
guards against systemic discrimination and catastrophic errors. As Rudin and others have
underscored, explainability is not an optional feature — it is a requirement for deploying
AI in real-world decision-making.

Broader social inequities magnify the risks posed by opaque AI. When deployed at
scale, these systems can reproduce and exacerbate structural disparities, reinforcing exist-
ing patterns of exclusion. This dynamic concentrates economic power not only within the
institutions that adopt AI but also in the corporations that build and control FMs, raising
concerns about monopolistic control and informational asymmetry. Here, explainability
transcends being a mere technical feature; it becomes a vital mechanism for accountability
and the redistribution of authority. It empowers citizens, regulators, and civil society to
meaningfully contest and influence algorithmic decisions, making it a structural demand
for democratic governance in the age of algorithmic mediation. This urgency is now re-
flected in the global policy arena. Landmark initiatives such as the European Union’s AI
Act, the OECD Principles on AI, and the U.S. Blueprint for an AI Bill of Rights have en-
shrined transparency and explainability as cornerstones of responsible innovation. These
frameworks recognize that explainability is indispensable not just for fostering trust but
for ensuring compliance, oversight, and due process. However, this regulatory push faces
complex challenges, particularly with the new frontier of FMs. Unlike domain-specific
models, the sheer versatility of systems like LLMs makes them resistant to simple audit-
ing. This highlights the need for advanced explainability mechanisms that not only reveal
their internal logic but also map the lineage of their training, adaptation, and deployment.
Moreover, LLMs are increasingly integrated as co-agents rather than silent classifiers: the
model’s voice is no longer a background computation but an active participant in human
reasoning chains. This raises profound questions: when an LLM drafts a medical sum-
mary or explains a diagnostic image, is it providing evidence, or constructing a narrative?
And, moreover, how should we evaluate sophisticated explanations that are themselves
products of generative uncertainty?

A recent proposal by Luciano Floridi suggests that AI systems face a fundamental
trade-off between the scope of inputs they can process and the certainty of their outputs.
Symbolic AI, with a narrow scope, could offer provable guarantees of correctness, while
modern generative systems, with their vast input domains, inevitably sacrifice complete
reliability [51]. This perspective reframes evaluation not only as a methodological chal-
lenge but also as a theoretical necessity: if no system can achieve both generality and
certainty, then evaluation practices must explicitly account for uncertainty, communicate
limitations, and design safeguards against human oversight. This thesis’s work on explain-
ability systematization builds directly on such an intuition, proposing that transparency
about what a system can and cannot be trusted for is a hard prerequisite for meaning-
ful deployment. It proposes a unified theoretical framework linking faithfulness (how
explanations relate to underlying mechanisms), intelligibility (how humans can interpret
them), and alignment (how they cohere with human values and purposes). Through ap-
plications in medical imaging (communication and trust), blockchain security (know-
ledge construction and actionable insight), and industrial systems (structural design and
governance), the work examines how these principles can turn explainability from a re-
active practice into a proactive architecture of understanding. Finally, it synthesizes the
lessons learned and proposes a novel XAI design principle to guide the integration of



explainability in real-world settings, grounded in model complexity management.

1.2 The Triple Frontier of Explainability
The modern pursuit of explainability unfolds across what may be called the triple frontier
of explainability: (i) faithfulness, ensuring that explanations correspond to the model’s
internal causal and representational structure; (ii) intelligibility, ensuring that such ex-
planations are interpretable to heterogeneous users with different cognitive and contextual
frames; and (iii) alignment, ensuring coherence between both human and model reason-
ing in the era of FMs, where emergent behaviors, contextual dependencies, and generative
reasoning expose new challenges. This triadic perspective reveals a deeper epistemolo-
gical tension within XAI: the field is not unified by a single conception of understanding,
but rather fractured along disciplinary lines that mirror long-standing debates in the philo-
sophy of science and cognitive psychology. Some approaches pursue explanation as rep-
resentation — an attempt to mirror internal mechanisms through formal models or visual
abstractions. Others treat explanation as communication — a dialogic process aimed at
sense-making rather than faithful reproduction of computational detail. Still others frame
it as alignment — a normative negotiation between the system’s logic and human val-
ues, especially salient in generative and decision-making contexts. It is in this conceptual
crossroads that Rudin’s call for inherently interpretable architectures acquires its full
philosophical significance. Her argument is not merely a critique of post-hoc rationaliz-
ation, but a defense of epistemic integrity: that the source of an explanation’s authority
must lie within the model’s own structure, not in the rhetorical surface we build around it.
I support this vision throughout this work.

Meanwhile, the ever-changing landscape of contemporary research on XAI exempli-
fies the competing epistemic commitments within the field. Mechanistic approaches con-
strue explanation as structural understanding, seeking to expose the internal circuits, ab-
stractions, and representational dynamics through which models compute. These studies
aim not to approximate the model’s behavior from the outside but to map its internal or-
ganization, revealing how functional structures give rise to emergent capabilities. Causal
approaches, inspired by Pearl’s structural causal models [137], treat explanation as sci-
entific inference — revealing not what the model attends to, but why its outputs depend
on specific mechanisms. Generative perspectives reinterpret explanation as a process of
co-creation, where meaning emerges through interaction, simulation, and narrative syn-
thesis. Here, explanation becomes less a matter of transparency than of collaboration:
the model and the user jointly construct interpretive frames that make sense of complex
reasoning processes.

Each paradigm illuminates one dimension of the triple frontier while obscuring others.
Mechanistic analysis moves on a delicate trade-off between faithfulness and intelligibility,
as its representations often exceed human conceptual grasp. Causal frameworks promise
ontological clarity yet presuppose structural regularities that deep networks rarely mani-
fest explicitly. Generative approaches foreground intelligibility and alignment through
interactive reasoning but risk drifting from the model’s true internal semantics. Rudin’s
intervention cuts across these divides by insisting that intelligibility should be constitutive
rather than reconstructive — that a model should explain itself by design rather than by
approximation. Bridging these perspectives remains a central philosophical challenge in
modern AI: reconciling faithfulness, intelligibility, and alignment within a unified frame-
work.



Such reconciliation entails rethinking explainability not as a trade-off between explain-
ability and performance, but as an architecture of meaning in which human and machine
forms of reasoning can coevolve. As the following chapters will explore, this theoret-
ical shift reframes explainability as a question of epistemic design — how systems are
constructed to make sense both to themselves and to us — thereby transforming explain-
ability from an afterthought of engineering into a constitutive dimension of intelligence
itself.

1.3 From Plausible Stories to Epistemic Justifications
The research community has developed an impressive array of XAI techniques to illumin-
ate model behavior. Mechanistic approaches — those seeking to uncover the internal
circuitry, representational abstractions, and compositional dynamics of neural systems —
have emerged as a response to the limitations of surface-level explanations. By tracing
how complex functions arise from interacting subnetworks, these methods aspire to make
models legible from the inside out. They are widely integrated into off-the-shelf software
libraries and among the most studied strategies. Yet, as numerous studies have shown [4,
95], mechanistic analyses can still fall short of revealing the model’s genuine reasoning
processes. Their findings often yield explanations that are plausible in narrative form yet
only partially faithful to the model’s logic. The result is a persistent gap between structural
transparency and practical understanding. At the heart of this problem lies a conceptual
ambiguity central to this thesis: what constitutes an “explanation”. As Lipton [110]
notes, explainability is an inherently multifaceted construct, encompassing both epistemic
desiderata, such as faithfulness, and pragmatic desiderata, such as intelligibility. Many
approaches have optimized one factor at the expense of another. Gilpin et al. [56] warn
that without a principled theory linking explanation to understanding, explanations risk
devolving into rhetorical artifacts — comforting, but scientifically hollow.

A more rigorous conception of explanation requires a shift from pattern description
to causal justification. Causal approaches seek to bridge the gap between structural in-
spection and epistemic grounding by asking not only what the model represents but also
why certain representations (and consequently decisions) arise. These methods treat ex-
planations as the identification of manipulable relationships between model components
and outcomes. Unlike mechanistic visualization, which reveals the “wiring”, causal ana-
lysis seeks to uncover the “counterfactual levers” that govern model behavior. This causal
turn reintroduces the notion of explanation as an epistemic act. In doing so, it aligns XAI
more closely with the scientific ideal of understanding as the ability to answer “what-if”
questions and to anticipate how interventions would alter outcomes.

Importantly, an explanation’s usefulness is irreducibly context-dependent. What con-
stitutes adequate understanding varies not only across disciplines but also across roles
within a domain. ML engineers may seek mechanistic clarity for debugging, while clini-
cians may demand causal and actionable reasoning to justify a diagnostic outcome. As
Miller [123] and Lombrozo [111] observe, explanations are fundamentally communicat-
ive acts: their adequacy must be judged relative to the explainee’s goals, prior knowledge,
and expectations. Yet the frontier of explainability is now shifting from explanation of
models to explanation with models. Generative perspectives treat explanation as a co-
constructive act, in which meaning emerges through interactive reasoning, simulation, or
narrative synthesis. Rather than aiming for static transparency, these approaches emphas-
ize collaboration between human and model, transforming explanation into a generative



process of shared sense-making.
Thus, conceivably due to its wide methodological diversity, XAI remains theoretically

fragmented. As Doshi-Velez and Kim [41] emphasize, the field lacks a unified framework
for evaluating what constitutes a faithful, intelligible, and aligned explanation. Much of
current research still treats explainability as a visualization or attribution problem, redu-
cing explanation to a representational exercise rather than a mechanism for understanding.
Yet, from the standpoint of the philosophy of science shared by this thesis, explanation is
an epistemic practice—aprocess that confers understanding by connecting a phenomenon
to its underlying mechanisms or causes [102, 182]. Contemporary XAI often stops short
of offering such epistemic justifications: it may render the appearance of intelligibility but
rarely deepens our grasp of the model’s reasoning or its alignment with human explanat-
ory norms. The diversity of approaches has fostered technical innovation, but it has also
yielded conceptual fragmentation. Distinct research traditions pursue different goals, of-
ten without integrating them into a common theory of understanding. This pluralism has
advanced progress but hindered the emergence of cumulative insight. Without a shared
conceptual vocabulary or unifying principles, comparisons between paradigms remain ad
hoc, and evaluation metrics risk circularity.

Figure 1.1: A conceptual map of the main explainability paradigms along the dimensions
of faithfulness and intelligibility. The position of this thesis is marked by the multicolor
diamond, operating at the intersection of mechanistic, causal, and generative approaches
to bridge the gap between model transparency and human understanding.

Figure 1.1 maps the main paradigms of explainability along two central dimensions:
faithfulness, the extent to which explanations accurately reflect the internal mechanisms
of the model, and intelligibility, the degree to which explanations can be meaningfully
engaged with by users. Rather than aligning exclusively with a single paradigm, this work
operates at the intersection of causal, mechanistic, and generative approaches, aiming to
establish principled methods for assessing the reliability of explanations while preserving
their capacity to generate meaning in human–AI interaction.



1.4 The Epistemological Impasse and Thesis Position
This thesis contends that the current XAI debate has reached an impasse. The field os-
cillates between technical fixes for model opacity and philosophical critiques of post-hoc
reasoning, yet lacks a unifying account of what an explanation truly is. This thesis’s con-
tribution (structured and outlined in Figure 1.2) aims to challenge the current impasse.
To move forward, we must first ask the foundational question: What is an explanation
in the landscape of modern AI? Drawing from contemporary research, I identify three
dominant yet disconnected paradigms — causal, mechanist, and generative — each of-
fering a partial view. This thesis argues that a true breakthrough requires synthesizing
these perspectives. I therefore develop a novel theoretical framework that conceives of
explainability not merely as a translation of model behavior, but as an epistemic practice
that connects algorithmic processes with human cognitive and normative structures.

This framework guides our exploration into the practical challenges of deploying XAI
in high-stakes environments. I structure this investigation around the desired properties
for deploying explanations in practice, which align with the triple frontier of explainab-
ility pursuit. The first is intelligibility, which asks how explanations can be designed as
effective acts of communication; I investigate this frontier in the context of medical ima-
ging assessment, where clarity and diagnostic utility are paramount. The second frontier is
alignment, which explores how explanations can facilitate knowledge building and foster
trust between humans and models, using security analysis of smart contract reentrancy via
LLMs as a use case. Finally, the third frontier is faithfulness, which concerns how the
design of an explanation can ensure it accurately reflects the model’s internal reasoning,
a topic I examine in the industrial applications of tabular models.

Figure 1.2: A conceptual map of the thesis, illustrating the progression from the recon-
ciliation theoretical framework to the triple frontier of XAI pursuit and the concluding
Principle of Appropriate Complexity.

A persistent challenge, particularly for faithfulness, is evaluation. Many explanation
algorithms produce outputs that appear convincing yet fail to correspond to the model’s



actual causal pathways. This thesis, therefore, contends that evaluation is not a second-
ary concern but a constitutive dimension of explainability itself. Building on this view,
I introduce an empirical assessment methodology that culminates in a custom test suite
designed to measure faithfulness through interventional and counterfactual tests. This en-
tire endeavor — from theory to practice and evaluation — leads to a concluding thesis:
the need to balance XAI expectations with model capacity, which I formalize as the
Principle of Appropriate Complexity.

1.4.1 Research Questions
This thesis addresses the following research questions:

1. RQ1. What is an explanation? Can a unified theoretical framework be developed
to reconcile Causal, Mechanist, and Generative research directions into a single,
coherent definition of explainability for AI systems?

2. RQ2. What properties make an explanation useful in practice? How can our
theoretical framework be operationalized along the triple frontier of intelligibility,
alignment, and faithfulness to meet the demands of high-stakes environments?

3. RQ3. How can we evaluate explanations? How can the faithfulness of an ex-
planation be systematically and empirically assessed to ensure it genuinely reflects
a model’s reasoning, moving beyond heuristic or visual validation?

1.4.2 Contributions
This thesis makes several key contributions to the theory and practice of XAI:

1. A Reconciled Theoretical Framework for Explainability. It introduces a novel
framework that formally defines explanations by integrating and reconciling in-
sights from the Causal, Mechanist, and Generative research traditions.

2. AStructuredApproach to Practical XAI. It operationalizes this framework through
the Triple Frontier of Intelligibility, Alignment, and Faithfulness, providing con-
crete use cases in medicine, security, and industry to demonstrate its practical util-
ity.

3. A Rigorous Methodology for Empirical Assessment. It proposes a novel custom
test suite for evaluating explanatory faithfulness, treating it as ameasurable property
and providing a robust methodology for its assessment.

4. A Normative Principle for Responsible XAI. It articulates the Principle of Appro-
priate Complexity, offering clear guidance on balancing model performance with
the practical and ethical need for transparency.

1.5 Thesis Outline
This thesis is structured in three parts, building from foundations to applications and re-
flections.



• Part I: Foundations of Explainable Artificial Intelligence. This part establishes
the theoretical groundwork. It begins with this introduction (Chapter 1), followed
by a review of the literature (Chapter 2), and culminates in the development of our
Reconciliation Theoretical Framework (Chapter 3).

• Part II: Framing Explainability in High-stakes Domains. This part applies the
framework to critical real-world problems. I first introduce our methodology for
evaluating faithfulness (Chapter 4). I then present case studies in medicine (Chapter
6), security (Chapter 7), and industry (Chapter 5) that demonstrate the practical
challenges and utility of XAI.

• Part III: Reflections Moving Forward. This final part synthesizes our findings.
I articulate the Principle of Appropriate Complexity (Chapter 8) and conclude the
thesis with a summary of contributions and future directions (Chapter 9).





2
State-of-the-Art in Explainable

Arti~cial Intelligence

Understanding the current landscape of XAI is imperative for constructing a unified the-
oretical framework of explainability, evaluating faithfulness, and addressing application
fields. This chapter provides a critical review of the State-of-the-Art (SotA) of explainabil-
ity research, grounding the discussion in established systematizations. We begin by tracing
the historical evolution from transparent rule-based systems to contemporary opaque mod-
els and FMs, highlighting how the pursuit of performance has deepened the explainability
crisis. We then outline a multi-dimensional taxonomy of XAI techniques, encompassing
intrinsic and post-hoc approaches, local and global explanations, andmodel-specific versus
model-agnostic methods. Building upon this taxonomy, we critically examine three ma-
jor research boundaries shaping the modern discourse: mechanistic explainability, causal
explainability, and the explainability of generative models. Finally, we discuss the un-
resolved issue of evaluating and contextualizing XAI across various domains, including
vision, language, and high-stakes decision-making.

2.1 From Rule-Based Transparency to the Black-Box Era
The pursuit of transparency in intelligent systems dates back to the origins of AI itself.
Long before the rise of ML, the ambition to make reasoning machines comprehensible
to humans shaped the foundations of the field. The early decades of AI — spanning the
1970s and 1980s—were dominated by symbolic systems, exemplified by landmark expert
systems such as MYCIN in medicine and DENDRAL in chemistry [180, 109]. These ar-
chitectures instantiated what might be called the white-box ideal: a system whose internal
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mechanisms mirrored the structure of human logic. Every inference was traceable, every
decision reducible to a sequence of human-readable “if–then” rules. Transparency was not
an auxiliary feature but an ontological property of the system itself. Knowledge could be
made explicit, formalized, and exhaustively represented through symbols. In this context,
explainability and intelligence were not separate desiderata but two sides of the same coin.
However, this rule-based transparency carried its own limitations. Expert systems proved
fragile when confronted with uncertainty, ambiguity, or incomplete information. Their
reasoning processes were explainable precisely because they were rigid. They lacked the
inductive flexibility necessary to generalize beyond their handcrafted knowledge bases.
This brittleness marked the beginning of a tension that still haunts AI research today, the
one between epistemic transparency and empirical adaptability.

The statistical learning revolution of the 1990s signaled a paradigmatic inversion. In-
stead of encoding intelligence in explicit rules, researchers sought to extract it from data.
The focus shifted from knowledge representation to pattern recognition. Algorithms such
as support vector machines, random forests, and gradient boosting captured nonlinear re-
lationships and probabilistic dependencies that eluded symbolic reasoning. Performance
surged — but so did opacity. The logic of prediction became embedded in mathematical
optimization and high-dimensional geometry rather than symbolic inference. Transpar-
ency was no longer intrinsic but had to be reconstructed post hoc through auxiliary tools
such as feature importance analysis, decision boundary visualization, and partial depend-
ence plots. As a result, explainability became a secondary task — an act of translation
between two epistemic regimes: the statistical and the semantic.

With the advent of DL in the 2010s, this strain reached its zenith. Neural architectures
with millions or billions of parameters, trained on vast and heterogeneous data corpora,
achieved unprecedented performance in visual and linguistic cognition, as well as in reas-
oning tasks. Yet the very mechanisms that enabled such breakthroughs — distributed
representations, emergent features, and layered abstraction — rendered the inner logic of
these systems effectively inscrutable. As Lipton incisively argued in his seminal essay on
XAI [110], modern AI embodies a paradox: the more a model appears to know, the less
we understand what it knows or why.

The emergence of LxMs, and particularly LLMs, in the 2020s further amplified this
opacity. Models such as GPT, PaLM, and LLaMA are not merely black boxes in a tech-
nical sense — they constitute cognitive infrastructures capable of generating text, reason-
ing analogies, and simulating dialogic understanding without an apparent link between
internal representation and linguistic output. Their architecture scales the very properties
that once made neural networks opaque: depth, data diversity, and the number of para-
meters. Moreover, LLMs blur the traditional boundary between model and user. Unlike
prior statistical systems, they operate in natural language — the same medium through
which humans construct meaning— thereby creating an illusion of intelligibility that con-
ceals their underlying indeterminacy. In this sense, LLMs epitomize the culmination of
the black-box era: systems whose apparent fluency and coherence mask a fundamental
opacity of reasoning.

This transition from symbolic transparency to statistical and generative opacity does
not merely represent a technological shift; it marks a philosophical transformation in our
conception of knowledge and agency. Whereas expert systems sought to justify their con-
clusions, contemporary ML and LLM-based systems seek to approximate reality through
data. The explanatory deficit that follows is not only cognitive but also ethical and social
in nature. As AI systems increasingly influence medical diagnoses, financial decisions,



and judicial processes, the inability to articulate their reasoning threatens the very legit-
imacy of algorithmic decision-making. Hence, the emergence of the field of XAI should
be understood not as a peripheral corrective, but as a foundational reorientation — a col-
lective attempt to reconcile two conflicting imperatives of AI: to predict accurately and
to reason intelligibly.

2.2 A Multi-faceted Taxonomy of XAI Methods

This collective effort to reconcile predictive power with intelligibility has led to a diverse
and rapidly expanding ecosystem of methods. To navigate this complex landscape and
understand the trade-offs inherent in different approaches, a systematic classification is
essential. The current literature on XAI constitutes not a unified field but a constella-
tion of overlapping paradigms, each proposing a different answer to the question: what
does it mean to explain a model’s decision? This diversity reflects a deeper epistemolo-
gical tension between the computational logic of models and the cognitive logic of human
understanding. To navigate this landscape, taxonomies have emerged as critical tools for
sense-making, mapping how explanation techniques differ in timing, scope, and epistemic
commitment.

Among the most influential organizational schemas are those proposed by Vilone and
Longo [184], Schwalbe et al. [164], and Adadi and Berrada [3], who converge on a classi-
fication along three orthogonal dimensions: (i)when the explanation is generated (intrinsic
vs. post-hoc), (ii) what it aims to explain (local vs. global), and (iii) how it relates to the
underlying model (model-specific vs. model-agnostic). While operationally sound, this
triptych conceals more profound questions about faithfulness — the degree to which an
explanation reflects the actual reasoning process of a model rather than an approximate
narrative. Recent works [82] underscore how even rigorous methods may offer convin-
cing but misleading justifications. In this section, we revisit the three dimensions of this
taxonomy through a lens that places faithfulness at the center of explainability. This theor-
etical reframing also invites a shift in the purpose of taxonomies themselves. Rather than
classifying methods by surface characteristics, a faithfulness-centered taxonomic explor-
ation foregrounds their epistemic commitments — whether they aim to describe, justify,
or reveal the inner mechanisms of a model. This perspective aligns with contemporary
debates in XAI about explanations as social practices [123, 110], emphasizing that ex-
plainability is not only a technical property but also a relational one: an explanation must
be faithful to the model and intelligible to humans.

Crucially, the rise of LLMs has disrupted traditional taxonomies. Their dual nature —
as both language generators and reasoning engines— complicates the very notion of what
an “explanation” is. When an LLM produces a rationale in natural language, is it offering
a post-hoc explanation, an intrinsic trace of its reasoning, or a linguistic artifact detached
from its internal computation? The indistinct boundary between model behavior and ex-
planation in LLMs challenges the neat separation of categories: any modern taxonomy of
XAI must be capable of accommodating models whose “explanations” are both outputs
and interfaces—reflexive narratives that can mislead as easily as they clarify. I embody
this perspective in the critical review that follows.



2.2.1 Stage of Explanation: Intrinsic vs. Post-hoc
The first axis concerns the temporal relationship between the model and its explanation
— whether it is achieved by design or reconstructed after the fact — exemplifying the
long-standing dialectic between the goals of performance and understanding.

Intrinsic methods are models whose explainability is integral to their architecture.
Decision trees, rule-based learners, linear and logistic regression, and Generalized Ad-
ditive Models (GAMs) exemplify this paradigm. Strategies such as Explainable Boost-
ing Machines (EBMs) [18, 132] and self-explaining neural networks [6] have revital-
ized interest in intrinsic explainability by combining human-readability with competit-
ive performance. Their primary virtue is faithful transparency: each component of the
model contributes explicitly to the output, allowing for traceability. Yet, this transpar-
ency often comes at the expense of representational flexibility — a recurring theme in the
explainability-performance trade-off [159]. In domains characterized by complex, high-
dimensional data (e.g., vision or language), intrinsic models may be too constrained to
capture the underlying structure of the world.

Post-hoc methods intervene after model training to construct an explanatory layer
on top of a pre-existing, opaque architecture. These include feature-attribution methods
(e.g., LIME [147], SHapley Additive exPlanations (SHAP) [112]), gradient-based visual-
izations (e.g., Grad-CAM, IntegratedGradients), and surrogate rule extraction. The appeal
of post-hoc methods lies in their universality: they enable explainability without sacrifi-
cing the off-the-shelf predictive performance of black-box models. However, this flexib-
ility introduces epistemic fragility. Explanations are no longer part of the model’s formal
semantics but external approximations of it. As Doshi-Velez and Kim [41] argue, post-hoc
explanations are susceptible to the plausibility trap—producing intuitively satisfying but
unfaithful accounts. This risk becomes acute in the context of LLMs, where the model
itself can generate fluent, human-like justifications that appear explanatory but may be en-
tirely disconnected from its latent reasoning process. These “self-explanations” blur the
line between explanation and simulation, raising new questions about the very meaning
of post-hoc explainability.

2.2.2 Scope of Explanation: Local vs. Global
The second axis distinguishes whether an explanation concerns a specific decision or the
overall model behavior, thus mirroring the trade-off between depth and generality.

Local explanations aim to justify individual predictions. They are inherently per-
spectival, concerned with answering the question: “Why this outcome for this input?”
Techniques like the famous LIME and SHAP generate instance-level attributions, while
counterfactual explanations [187] and contrastive explanations [123] emphasize hypothet-
ical reasoning: what minimal change would have produced a different decision? More
recent works extend these ideas with causal and semantic grounding — e.g., Karimi et
al.’s causal counterfactuals [87] and concept-based explainability methods, such as TCAV
[92]. Yet local explanations face the problem of local faithfulness: the surrogate model
that explains a single point may not generalize to its neighborhood, creating the illusion of
understanding in regions where the model behaves differently. In the realm of LLMs, this
challenge becomes linguistic: local explanations often manifest as generated rationales or
chain-of-thought traces that are contextually coherent but not necessarily causally faithful
to the underlying computation.

Global explanations, by contrast, seek to capture themodel’s overarching logic across



its entire domain. They provide a macroscopic view of feature importance, model struc-
ture, or learned representations— exemplified by global surrogate models, rule extraction,
and summary plots. These methods answer questions such as “what features generally
influence predictions?” or “what are the model’s dominant behavioral patterns?” Non-
etheless, global explainability can obscure local heterogeneity and mask model biases
that manifest only in specific subgroups [74]. In large generative models, global explana-
tions face an additional complication: their behavior is not static but emergent, shaped by
prompt distributions, fine-tuning data, and context length. Consequently, defining what
counts as the “global behavior” of an LLM remains an open problem—one that challenges
the very notion of a fixed explanatory target.

2.2.3 Model Dependency: Model-Specific vs. Model-Agnostic
The third dimension concerns how deeply an explanatory method is embedded in the struc-
ture of the underlying model, thereby exposing the trade-off between faithfulness and gen-
erality.

Model-specific approaches exploit knowledge of the internal architecture or precise
learning dynamics. In DL, these include gradient-based saliency maps, attention visualiz-
ation in transformers [193], and layer-wise relevance propagation. Their advantage lies in
potentially higher faithfulness: by accessing the model’s internal representations, they can
reveal features genuinely used in prediction. However, this internal access comes at the
cost of generality, as explanations are constrained to specific architectures or modalities.
For LLMs, model-specific explainability has recently focused on probing and circuit ana-
lysis [134], which attempts to map linguistic behaviors onto explainable neuron clusters
or causal circuits. While promising, such methods remain limited in scope, revealing frag-
ments of explainability within a vast and dynamic representational space.

Model-agnosticmethods, by contrast, treat models as black boxes and operate exclus-
ively on their input-output behavior. LIME and SHAP are canonical examples, as are
partial dependence plots and permutation feature importance. This generality supports
cross-model comparison and democratizes explainability, making it accessible across ap-
plication domains. Yet model-agnostic methods risk a profound lack of faithfulness: by
ignoring the internal mechanics of reasoning, they may conflate correlation with causation
or mistake stability for fidelity. For LLMs, this challenge takes a discursive form: since
their outputs are linguistic, model-agnostic explanations risk becoming purely semantic
analyses detached from the statistical processes that produce them.

2.2.4 Interplay, Hybridity, and Theoretical Implications
While the axes discussed above provide a useful topological map of the XAI landscape,
recent research highlights that adequate explainability often arises at their intersections.
Hybrid approaches — such as concept bottleneck models [76], self-explaining neural ar-
chitectures [6], and modular causal explanations [69] — blur these traditional boundaries
by embedding explainability constraints directly within training while preserving flexib-
ility. These models exemplify a movement toward causally faithful explainability: en-
suring that explanations do not merely describe correlations but trace interventions and
dependencies that mirror the model’s decision logic.

In the context of LLMs, hybridity acquires an additional dimension: the explana-
tion becomes dialogic. Users co-construct understanding through iterative questioning,



prompting, and explanation, transforming explainability from a static property into an
interactive process. As such, XAI for LLMs must account for this human–model entan-
glement, where explanation, alignment, and communication converge. This thesis situates
faithfulness precisely within this nexus.

While this taxonomy provides a crucial map of the established XAI landscape, its very
boundaries reveal where the most pressing research challenges lie. The limitations of post-
hoc attribution, the difficulty of ensuring faithfulness, and the new paradigms introduced
by generative models are not just edge cases; they are the driving forces behind the field’s
evolution. The next section delves into these research frontiers, examining how a focus on
causality, mechanistic understanding, and the unique nature of generative AI is pushing
the field beyond classification and toward a deeper science of transparency.

2.3 Research Frontiers
While the established taxonomy provides foundations, the frontier of XAI research is rap-
idly advancing to tackle more profound challenges. The most recent developments focus
on moving beyond correlational attribution towards causality, shifting paradigms to un-
derstand the internal mechanisms of models in an engineering fashion, and aligning these
efforts with the new challenges posed by LxMs.

2.3.1 The Need for Causal Explanations
A central limitation of many traditional XAI techniques is their fundamentally correla-
tional nature: they reveal statistical associations between input features and model outputs
but remain silent about the underlying mechanisms that generate those associations. As a
result, such methods can indicate what correlates with a prediction but not why it occurs.
This recognition has driven a major paradigmatic shift towardCausal AI (C-AI) [137, 163,
86]. Within this movement, Causal Explainable AI (C-XAI) seeks to uncover the cause-
and-effect relationships that a model has implicitly or explicitly learned. Rather than ask-
ing “Which features are important?”, causal approaches ask “what would the prediction
be if this feature were different?” — thereby moving from correlation to intervention.

For example, in a medical diagnostic model, a correlational explainer might highlight
that the feature coughing is strongly associated with the prediction of pneumonia. A causal
explainer, by contrast, would probe the counterfactual: would the model still predict pneu-
monia if the patient did not cough, while holding all other variables constant? This coun-
terfactual framing— formalized through Pearl’s do-calculus and Structural CausalModels
(SCMs) — provides a way more grounded basis for trust and model validation [137].

Recent research has operationalized these principles for modern DL systems, giving
birth to several families of approaches. Counterfactual-based methods estimate causal
effects by intervening on input features or latent representations [88]. These methods aim
to generate minimal changes to input data that would alter the model’s decision, produ-
cing human-explainable “what-if” explanations. SCM-integrated neural models embed
causal graphs directly into deep architectures, enabling end-to-end differentiable reason-
ing about interventions [73]. Such models can test hypothetical manipulations (“What if
this symptom were absent?”) and generate explanations aligned with causal semantics.
In causal discovery and representation learning, models learn disentangled latent vari-
ables with identifiable causal structure [200]. These representations enable tracing model
decisions to causally meaningful components rather than opaque statistical features.



Notably, by enabling hypothetical interventions, C-XAI moves beyond descriptive in-
sight to actionable explanations: a particularly valuable orientation in domains such as
medicine, law, and policy, where explanations must support counterfactual reasoning and
decision-making under intervention. However, causal explanations introduce distinctive
methodological challenges aswell. Causal claimsmust be validated against the true causal
mechanisms of the domain — mechanisms that are often only partially known. This
uncertainty necessitates careful experimental design, causal benchmarking, or synthetic
interventions to test the reliability of the examined inference [98]. Again, constructing
meaningful interventions often requires domain expertise, and causal modeling in high-
dimensional data can be computationally intensive, especially when dealing with LxMs
or multimodal inputs.

2.3.2 A Mechanistic View of Explainability

Mechanistic explainability represents a transformative step toward transparency: it shifts
the focus from correlational attribution to the understanding of computation. Instead of
treating neural networks as opaque input–output mappings, this perspective views them
as analyzable systems composed of interdependent components — neurons, layers, and
circuits — whose interactions implement algorithmic principles. The goal is not merely
to interpret outputs but to reconstruct the structure that generates them. In doing so, mech-
anistic approaches aim to grant AI the same epistemic status as engineered systems, in
which every component’s role can be identified, verified, and validated.

The work of Samek et al. has been central to establishing this paradigm. Through
frameworks such as Layer-wise Relevance Propagation (LRP), they introduced principled
techniques for decomposing model predictions into component-level contributions, en-
abling the tracing of information flow within deep networks [13]. This line of research
redefined explainability as the study of internal causation: understanding how neurons
and subcircuits cooperate to generate decisions. More recently, the same group extended
this vision with SemanticLens [44], a universal method for mapping hidden knowledge
into the structured, multimodal semantic space of a foundation model. By embedding
each neuron or component into this space, SemanticLens enables the automatic search,
labeling, and auditing of neural knowledge —transforming incomprehensible latent rep-
resentations into conceptually organized structures.

What sets this approach apart is its capacity to operate at scale. Traditional explain-
ability techniques rely on manual inspection or local probing, which quickly become in-
feasible as model complexity grows. SemanticLens overcomes this by automating the
discovery and analysis of encoded concepts: one can query for specific notions (e.g.,
“palm tree,” “watermark”), identify the neurons and data responsible for them, and test
whether such concepts influence model predictions. This capability enables the detection
of Clever Hans-type behaviors, where spurious patterns—such as background objects or
dataset artifacts—secretly drive predictions [101]. By linking components to their data ori-
gins and predictive roles, mechanistic analysis allows models to be debugged, not merely
described.

Mechanistic explainability thus builds on two key strategies. The first is structural
dissection: the systematic identification of explainable units and circuits that implement
coherent subfunctions. The second is semantic grounding: embedding these components
into a conceptual space that makes their learned representations legible to humans. The
combination of both yields a new form of transparency — one that is semantic, causal,



and scalable. Crucially, this enables formal audits of model reasoning: researchers can
now measure whether a network’s internal concepts align with human expectations or
regulatory criteria, such as adherence to medical diagnostic rules or fairness constraints.

Equally important is the paradigm’s quantitative turn. Mechanistic methods support
computable metrics—such as clarity (how coherent a neuron’s role is), polysemanticity
(the degree of entanglement of multiple meanings), and redundancy (overlap between
representations)—that allow explainability to be evaluated, compared, and optimized [160,
44]. These measures strongly correlate with human judgments and reveal that explainab-
ility is not static but is influenced by architectural and training choices, such as sparsity
constraints, dropout, and depth.

2.3.3 The Challenge of Explaining Large Generative Models
As a fact, the advent of LLMs and other generative architectures has introduced a new
form of opacity. These models are not only vast and inscrutable in themselves, but they
also act as (opaque) agents that generate explanations for other systems. This dual role
blurs the line between the explained and the explainer: a model that must account for its
own reasoning yet can self-rationalize in natural language. The result is that models can
produce coherent but fabricated justifications, known as “hallucinated explanations” [79].

Research in mechanistic explainability has begun to probe these architectures at the
circuit and neuron level, revealing how transformers encode syntax, semantics, and fac-
tual knowledge across their layers [134, 129, 29]. Techniques such as attention tracing,
activation patching, and causal mediation analysis provide partial maps of how reason-
ing emerges in high-dimensional latent spaces [121]. These efforts mark a shift from
descriptive attribution toward a functional understanding of how generative models con-
struct meaning.

Yet the opacity of generative reasoning extends beyond internal mechanics. When
LLMs produce textual explanations, they externalize their reasoning process — but in
doing so, they risk constructing persuasive narratives detached from the computations
that yielded the original output. Distinguishing between plausibility (how convincing an
explanation appears) and faithfulness (how accurately it reflects the model’s internal reas-
oning) has therefore become a defining challenge [82]. In high-stakes domains, such as
clinical or legal decision support, this challenge becomes more than academic. A model
that fabricates causal narratives can mislead users into placing unwarranted confidence in
it.

Ultimately, explaining generative models requires a synthesis of perspectives: mech-
anistic to reveal how representations interact, causal to clarifywhy they lead to specific out-
puts, and post-hoc to translate these insights into human-understandable language. Gener-
ative explainability thus redefines the aim of XAI: not merely to open the black box, but
to ensure that when the box speaks, it tells the truth.

2.4 The Unresolved Dispute of Evaluation
This imperative — to ensure a model “tells the truth” — raises the most critical and un-
resolved question in the field: how do we know if an explanation is good? Evaluating
explanations remains one of themost persistent and consequential challenges in XAI, shap-
ing both the credibility of explainability research and its practical adoption. The difficulty
stems from the multidimensional nature of “good” explanations: they must be faithful to



the model’s reasoning process, cognitively usable by humans, and operationally effective
in decision-making contexts. Doshi-Velez and Kim [41] famously proposed a tripartite
taxonomy — functionally-grounded, human-grounded, and application-grounded evalu-
ation — but in practice, the boundaries among these categories blur. Notably, each of the
research frontiers discussed above requires a distinct blend of metrics and methodologies,
and none provides a comprehensive solution.

Causal XAI presents a different dimension of difficulty. Here, the aim is to determ-
ine whether explanations reveal cause–and–effect relationships. Metrics such as fidelity
to known causal graphs, counterfactual prediction accuracy, and treatment-effect stability
across interventions have become central tools [17, 87]. However, real-world causal valid-
ation remains elusive: groundtruth structures are rarely available, and collecting interven-
tional data is expensive or ethically infeasible. Synthetic or semi-simulated benchmarks,
such as CausalBench [189], aim to fill this gap, but they often oversimplify the complex-
ity of causality in social, biomedical, or linguistic domains. As a result, causal evaluation
oscillates between two poles: formal rigor achieved through abstraction, and ecological
validity achieved through contextual immersion.

On a different note, the evaluation of mechanistic explainability focuses on verifying
whether the internal representations or computational components identified correspond
to meaningful functions or semantic concepts. Quantitative measures such as the above-
mentioned concept clarity, polysemanticity, and redundancy have emerged as proxies for
explainability, reflecting the degree to which internal activations align with stable, human-
explainable units [44, 134]. Complementary approaches, such as causal scrubbing [20] or
circuit localization [198], provide a form of mechanistic verification by testing whether
identified submodules are indeed responsible for particular behaviors. Yet even as these
methods becomemore sophisticated, they reveal the paradox of scale: explainability gains
precision only at the cost of coverage. Auditing a few neurons or circuits can yield deep
insight, but cannot capture the global logic of a trillion-parameter model. The challenge is
thus to design scalable proxies for faithfulness — approaches that remain tethered to the
model’s internal semantics while avoiding collapse under computational constraints.

In LxM-based explainability, the problem intensifies further. Explanations are them-
selves generated linguistic artifacts, subject to all the ambiguities and hallucinations of
natural language. Evaluating them thus involves a dual faithfulness problem: the ex-
planation must be accurate to the model’s reasoning and factually correct in its content.
Functionally-grounded approaches aim to bridge this gap by aligning attention–activation,
using probing-based faithfulnessmetrics, and analyzing circuit-level consistency [46, 208].
Yet functional faithfulness alone is not enough. Human evaluation reveals that explana-
tions perceived as coherent or elegantmay not correspond to themodel’s internal processes
at all — a phenomenon sometimes called the “explainability mirage.” Human-grounded
metrics such as the Explanation Satisfaction Scale [71], Trust Calibration Index [14], and
Comprehensibility Score thus capture the complementary dimension of plausibility: the
degree to which an explanation is perceived as credible to a user.

The interplay between faithfulness and plausibility has become a central dilemma in
modern XAI. Faithfulness demands that explanations reflect what the model actually does,
irrespective of whether humans find it intuitive. Plausibility requires that explanations
align with human reasoning, even if they simplify or abstract the underlying mechanism.
Overemphasis on faithfulness risks producing explanations that are technically accurate
but cognitively alien, offering little practical value for decision support. Overemphasis
on plausibility risks producing narratives that comfort rather than clarify. Recent work



attempts to reconcile these poles through multi-objective evaluation frameworks, where
explanations are scored simultaneously on causal consistency, interpretative coherence,
and task-level utility [82]. These efforts mark a shift from single-metric evaluation to-
ward integrated assessment pipelines that treat explainability as a spectrum of epistemic
commitments rather than a discrete property.

Across all frontiers, the tension between quantitative rigor and human comprehen-
sion persists. Causal and mechanistic approaches privilege objectivity and reproducibil-
ity, while human-centered evaluation ensures practical relevance but resists formalization.
The most promising direction lies in hybrid methodologies: frameworks that combine
intrinsic measures of faithfulness with extrinsic measures of plausibility and utility, eval-
uated iteratively across synthetic, expert, and real-world settings. Emerging research ex-
plores meta-evaluation — the systematic assessment of how metrics correlate or conflict
— and interactive evaluation protocols in which humans and models co-adapt through
explanation-feedback loops.

2.5 Context and Application of XAI Methods
The conclusion that evaluation must be context-dependent highlights a fundamental prin-
ciple: explainability is not a monolithic property. A “good” explanation in one domain
may be insufficient or even misleading in another. The challenges, appropriate methods,
and criteria for success are deeply intertwined with the nature of the data and the demands
of the task. This section explores how the principles of XAI are adapted and applied across
different contexts, from the symbolic ambiguity of language to the perceptual richness of
vision and the high-stakes logic of regulated domains.

As the diversity of data modalities and learning tasks has expanded, so too have the
challenges of explainability. Early XAI research sought universal techniques that could
render any model intelligible, but practical experience revealed that real transparency is
never modality-neutral. Each representational form — linguistic, visual, numerical, or
multimodal — defines its own horizon: what aspects of reasoning are observable, what
can be intervened upon, and what constitutes an adequate explanation. Similarly, the
explanatory demands of a task — classification, prediction, control, or generation — de-
termine whether faithfulness, causality, or communicative clarity takes precedence. In this
landscape, the advent of FMs, trained jointly across modalities and tasks, dissolves tradi-
tional boundaries: explainability now entails tracing how abstract representations migrate
across modalities and objectives.

2.5.1 Natural Language Processing
Language models operate on symbolic yet distributed representations, in which meaning
arises from relational structure rather than from discrete symbols. In tasks such as transla-
tion or question answering, early explanation methods — chiefly attention visualizations
— suggested explainability but often misrepresented causal influence [83]. As tasks diver-
sified toward reasoning, dialogue, and generation, mere token-level salience became in-
sufficient. Contemporary explainable Natural Language Processing (NLP) research turns
to mechanistic explainability: methods such as activation patching, circuit tracing, and
causal mediation [46, 121] reveal how specific subnetworks implement grammatical, lo-
gical, or inferential functions. These approaches acknowledge that explanatory relevance
depends on task demands: for syntactic control, neuron-level circuits are sufficient; for



world knowledge or moral reasoning, one must uncover distributed abstractions that span
layers and modalities. Gradient-based methods [173] and probing tests [69] now serve
as triangulation tools rather than endpoints. The key frontier — especially in LLMs —
is explaining abstraction transfer: how representations learned for linguistic prediction
generalize to reasoning, vision-language grounding, or tool use [55]. Here, explanation
becomes an inquiry into how tasks cohabit a shared conceptual manifold.

2.5.2 Computer Vision
In vision, the challenge inverts: models process continuous perceptual fields where sali-
ence is visually intuitive but semantically ambiguous. For classification and detection
tasks, pixel-level attributions (e.g., Grad-CAM [165]) offer apparent insight but often
track correlations rather than causal features [4]. As tasks evolve toward compositional
reasoning, scene understanding, or visual question answering, explainability must capture
concept-level and relational structure. XAI has thus shifted toward concept-based [92] and
causal frameworks [61], linking activations to human-understandable entities and testing
counterfactual dependencies. Mechanistic analyses increasingly expose modular circuits
specialized for object, texture, or spatial reasoning — substructures reminiscent of sym-
bolic decomposition. In multimodal FMs such as CLIP or GPT-4V, these mechanisms
intertwine with linguistic tasks: textual prompts steer perceptual abstraction, while visual
evidence constrains semantic hypotheses [90]. Explanations must thus span modalities,
clarifying how meaning is co-constructed across perceptual and linguistic channels and
how representational alignment varies with task objectives.

2.5.3 Tabular and Structured Domains
Tabular and structured data embody yet another regime. Features tend to be explicit and
human-explainable, but their statistical interdependence complicates causal attribution. In
predictive tasks, explanation involves disentangling correlation from mechanism, often
without relying on perceptual cues. Classical attribution methods like SHAP [112] and
LIME [147] approximate local decision boundaries but falter in high-dimensional or col-
linear spaces [33]. Recent methods integrate local attribution with global structure learn-
ing, as seen in Explainable Boosting Machines (EBMs) [132], which preserve explain-
ability through additive decompositions while modeling complex nonlinearities. Causal
and counterfactual reasoning frameworks [187] render explanations actionable, which is
central to decision-support tasks in which practitioners must adjust inputs to achieve de-
sired outcomes. With the emergence of transformer-based tabular foundation models [70],
task-general representations blur boundaries between symbolic and statistical reasoning.
Explanations now probe not only which features matter, but how their relational geometry
encodes domain logic and transfers across tasks.

2.5.4 High-Stakes and Regulated Domains
In high-stakes settings — such as healthcare, finance, and critical infrastructure — the
stakes of explanation extend beyond epistemic adequacy to encompass ethical, legal, and
operational accountability. The appropriateness of an explanation depends on both the
modality (e.g., image, text, structured record) and the task (e.g., diagnosis vs. prognosis,
detection vs. prescription). Foundation and multimodal models, while powerful, obscure



the traceability of decisions across representational layers. XAI research here increas-
ingly emphasizes “hybrid transparency”: coupling mechanistic faithfulness with domain-
specific validation. In clinical imaging, saliency maps are verified against ontological
ground truths. In finance, causal audits detect latent biases or proxy variables that shape
predictions. As tasks shift from descriptive to prescriptive, explanation must support inter-
vention and accountability. Emerging approaches embed domain priors and verification
constraints directly into the training process, enabling ex ante transparency rather than post
hoc justification. In such regulated contexts, explainability becomes infrastructural—a
governancemechanism that ensures task performance remains consistent with institutional
and societal norms.

2.5.5 Human-Centered XAI and Co-Design Approaches
The limitations of purely technical XAI approaches have spurred a shift toward human-
centered AI, emphasizing that explainability is fundamentally a communicative and rela-
tional process. While algorithm developers often design explanations based on their own
technical intuition, this creates a socio-technical gap that undermines the utility of XAI in
high-stakes environments like healthcare. To bridge this gap, the literature increasingly
advocates for co-design and participatory design methodologies [135, 128, 94].

Participatory design actively involves end-users—such as domain experts, clinicians,
and even patients—as integral members of the design team from the earliest stages of de-
velopment. Rather than treating the explanation interface as a post-hoc add-on, co-design
embeds user requirements, cognitive models, and workflow constraints directly into the
XAI architecture. This approach typically follows an iterative cycle: (i) domain analysis
and requirements elicitation to understand user needs, (ii) co-designing the explanation
interface and interaction patterns, and (iii) continuous evaluation and refinement based on
user feedback.

In clinical decision support systems, for instance, co-design has been shown to im-
prove trust calibration—helping users appropriately trust or reject AI recommendations—
by tailoring the explanation’s format, level of detail, and delivery to the specific clinical
context and the user’s expertise. It moves the field beyond one-size-fits-all visualizations
toward adaptive explanations, such as progressive disclosure of information or contrastive
counterfactuals, that align with human diagnostic reasoning. Ultimately, integrating par-
ticipatory approaches ensures that XAI systems are not just technically faithful but also
contextually intuitive, complementary to human expertise, and operationally usable.

2.6 Remarks and Research Gap

This chapter has traced the evolution of XAI from the transparent-by-design expert sys-
tems of the symbolic era to the opaque yet extraordinarily capable DL-based architectures
that define contemporary AI. We organized the current landscape using a faithfulness-
oriented taxonomy, distinguishing methods by integration stage (intrinsic vs. post-hoc),
explanatory scope (local vs. global), and model dependency. Yet this taxonomy also re-
veals the field’s growing fragmentation. Distinct subcommunities often pursue different
objectives — fairness, explainability, or usability — each grounded in distinct assump-
tions and methodologies. The result is a patchwork of tools rather than a unified science
of explanation.



Despite the latest frontiers, much of the prior literature and tools have converged on
post-hoc attribution techniques to rationalize the behavior of pre-trained black boxes. Al-
though such methods have provided valuable diagnostic insight, they remain epistemic-
ally limited. Their explanations typically describe an approximation of the model rather
than the model itself, rendering their conclusions persuasive yet ultimately misleading.
Moreover, their reasoning is correlational rather than causal: they expose patterns of
statistical association without clarifying the mechanisms through which representations
are transformed or decisions are made. Evaluation remains another critical bottleneck.
Without agreed-upon criteria of adequacy, explanatory quality is often assessed through
visual plausibility, domain heuristics, or user studies — approaches that are necessarily
subjective and context-dependent. Furthermore, the historical lack of participatory co-
design has often led to explanations that serve developers rather than the domain experts
who rely on them for critical decisions.

These limitations highlight a more fundamental issue: the lack of a unified theoretical
framework that can integrate disparate approaches across modalities and tasks. Current
XAI paradigms have proliferated along empirical rather than conceptual lines — saliency
maps in vision, attention probes in language, SHAP values in tabular domains — each
adapted to the representational properties of its target modality, yet seldom comparable
or theoretically interoperable. As a result, the field has broadened in scope without coher-
ence. The emergence of causal reasoning and mechanistic explainability offers important,
though still partial, responses. Causality-based methods aim to identify how interventions
affect outcomes, whilemechanistic approaches seek to reverse-engineer the computational
structure of models into components that are human-understandable. Despite some syner-
gies, both remain specialized, lacking a common language to advance the discussion and
join forces.

Against this backdrop, a clear research gap emerges: what is needed is not yet another
explainability technique but a principled, scalable framework that connects paradigms
under a shared theoretical foundation. Such a framework should enable the derivation
of explanations directly from a model’s internal computations and their evaluation for
faithfulness. This thesis addresses that need. Building on the conceptual groundwork laid
in this chapter, the following section introduces a novel theoretical framework designed
to unify the empirical diversity of XAI within a coherent structure.
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Chapter 1 framed the opacity of contemporary AI systems— particularly FMs and LLMs
— as an epistemic and societal problem, one that undermines accountability, trust, and the
very notion of understanding. It argued that the field of XAI has reached a conceptual
impasse: abundant in techniques but lacking a unifying account of what an explanation
is. This chapter takes up that challenge by laying the theoretical foundations for moving
beyond ad hoc tools toward a principled science of explainability. It reconstructs the core
dimensions introduced in the triple frontier— faithfulness, intelligibility, and alignment—
into a formal and integrative framework that will underpin all subsequent methodological
and empirical developments in this thesis.

3.1 Reconnecting the Dots of Explainability
Despite significant advances in developing models that are explainable by design [23, 205,
75] and techniques that retrofit explainability onto opaque architectures [147, 112, 10], the
field of XAI remains conceptually fragmented. A unifying theoretical substrate—capable
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of grounding diverse approaches in shared principles—is still missing. Foundational ques-
tions about what constitutes an explanation, how it should be evaluated, and the role of
human users in its formation and validation remain under-theorized. In the absence of
such foundations, the literature proliferates into parallel efforts, each addressing only isol-
ated aspects of the explainability problem. A prominent symptom of this fragmentation is
terminological inconsistency. The terms “interpretable” and “explainable” are often used
interchangeably or contrastively, without reference to a common conceptual core [62, 30,
127]. This lexical ambiguity impedes cumulative progress: even when novel methods are
proposed, they rarely connect to a shared theoretical framework that would allow system-
atic comparison, synthesis, or empirical validation across studies. Crucially, there remains
no general formalism describing what an explanation for an automated system is, nor how
the process of constructing and interpreting explanations should be represented. The lack
of such a formal vocabulary constrains both the full understanding of individual studies
and the interoperability of their insights.

To address such a gap, this work introduces a novel theoretical framework that delin-
eates the core components of the “explainability machinery.” Its purpose is not to impose
a doctrine but to offer a conceptual reference point that organizes current methods and
guides future design. At the center of this proposal lies a new definition of explanation.
Drawing on philosophical and sociological traditions, an explanation is defined as the in-
teraction between two complementary components: evidence and its interpretation. The
evidence comprises information derived from a model—such as parameters, gradients, or
rules—while the interpretation denotes the semantic meaning that a human assigns to that
evidence. For instance, in attention mechanisms, attention values serve as evidence, while
the fact that they point to high-relevance features in the input constitutes an interpretation
of this evidence. An explanation thus emerges through the act of mapping factual artifacts
onto human-understandable meaning, transforming computational traces into insight.

This conception naturally highlights two essential properties of explanations: faithful-
ness and plausibility. Faithfulness refers to the degree to which the interpretation accur-
ately reflects the model’s causal reasoning [82]. Plausibility, by contrast, measures how
well an explanation aligns with user intuition or expectation [82, 81]. Both are relevant,
yet they differ in epistemic status: plausibility supports user trust, whereas faithfulness an-
chors validity. Without faithfulness, plausible explanations risk degenerating into persuas-
ive but misleading narratives—fictions of transparency that obscure rather than illuminate
model behavior. The framework, therefore, takes faithfulness as the non-negotiable found-
ation of explainability, with plausibility as a pragmatic complement.

This distinction enables systematic analysis of explanation methods across architec-
tures. For example, attention mechanisms [10, 181], Gradient Class Activation Map
(Grad-CAM) [165], and SHAP [112] produce different evidential artifacts—weights, gradi-
ents, and Shapley values—whose interpretive mappings can be evaluated for faithfulness
within a unified schema. Crucially, the framework also applies to models often presumed
“intrinsically interpretable,” such as linear regressions or fuzzy logic systems. Even in
these cases, explainability depends not only on mathematical simplicity but also on how
the quantitative structure is rendered semantically meaningful to users. In short, no model
is transparent by default; explainability arises only when evidence is successfully trans-
lated into human sense-making. By reconnecting these strands, the proposed framework
offers a principled foundation for analyzing, comparing, and ultimately designing explan-
ations that are both faithful to the model and meaningful to the user.



3.2 Rethinking Explainability from the Ground Up

The framework sketched in the previous section established a formal account of explan-
ation as the interaction between evidence and interpretation, anchored in the principles
of faithfulness and plausibility. Yet formal definition alone does not resolve the deeper
conceptual tension underlying XAI: what does it mean for a system to be explainable in
the first place? The field still operates within two narrow paradigms. The first, structural,
assumes that explainability is an intrinsic property of specific model classes—transparent
by design. The second, procedural, treats explainability as a post-hoc supplement added
to opaque systems. Both approaches reduce explainability to a technical feature rather
than an epistemic function, neglecting the conditions under which computational reason-
ing becomes meaningful to humans.

This section therefore rethinks explainability as a design-based epistemic practice.
If an explanation arises from the transformation of evidence into interpretation, then ex-
plainability concerns the broader system of design choices that make such transformation
possible and reliable. It is not merely a property of models or a matter of communication,
but a constitutive principle that organizes the relation between algorithmic reasoning and
human understanding. To rethink explainability from the ground up is thus to examine the
conceptual grounds—cognitive, epistemic, and socio-technical—on which intelligibility
is built. This reconceptualization serves three purposes. First, it situates explainability
as relational: it depends on the alignment between machine representations and human
interpretive capacities. Second, it treats explainability as continuous: not a binary at-
tribute but a gradient arising from the interplay among model design, the explanatory
interface, and user cognition. Third, it elevates explainability to a design imperative: a
guiding principle for constructing systems that are intelligible, trustworthy, and ethically
aligned. Together, these principles transform explainability from a secondary concern into
a primary organizing logic for AI development.

3.2.1 Explainability, Explanation, and Interpretation
If explainability is conceived as a design-based epistemic practice, then interpretation be-
comes its central mechanism. Following the core of the framework introduced earlier, an
explanation emerges through the translation of evidence into meaning. Yet to sustain this
view, the notion of interpretation itself must be refined. Etymologically, to “interpret”
means both “to explain” and “to assign meaning” [35]. The second sense—assigning
meaning to evidence—captures the epistemic act that transforms computational traces
into intelligible insight. Interpretation is therefore not a supplement to explanation but
its constitutive process: the locus where algorithmic reasoning and human understanding
converge.

Consider a regression model in which the coefficient on the feature “age” is large and
positive. The numerical value alone does not constitute interpretation; interpretation arises
when a user understands this as “age substantially influences the outcome.” What is being
explained, then, is not the number but the relation between model evidence and human
meaning. This view rejects the traditional binary between “interpretable” and “post-hoc
explainable” models. Both rely on the same epistemic process—bridging the factual and
the meaningful—through interpretive design. Explainability, under this account, is inher-
ently relational: it exists only through the interaction between computational systems and
human agents. Designing for explainability thus entails designing for interpretation.



3.2.2 Explainability as a Continuum
If interpretation anchors explainability in relational meaning-making, it follows that ex-
plainability cannot be understood as a fixed property that some models possess and others
lack. Instead, it should be treated as a continuum of intelligibility. Molnar [124] distin-
guishes between intrinsic interpretability and post-hoc explainability, but this dichotomy
obscures the fact that intelligibility is always co-produced by model design, explanation
method, and user cognition. The same system may appear transparent to an expert and
opaque to a novice; the same visualization may clarify or confuse, depending on context
and expectation.

In this light, every model possesses some degree of explainability, determined by
how its representational structure, explanatory interface, and user understanding interact.
Explainability is not an intrinsic property, but rather a dynamic relationship distributed
across the system and the observer. Complex architectures—such as deep networks—
can be rendered intelligible through careful visualization or counterfactual analysis, while
even simple models can become opaque when stripped of communicative context. The
challenge, then, is not to identify where explainability resides, but to design the conditions
under which it scales with both computational and cognitive complexity. Understanding
explainability as a continuum foregrounds its procedural nature: intelligibility is achieved
through the ongoing calibration between system transparency and human sense-making.

3.2.3 Explainability as a Design Imperative
If explainability is relational and continuous, it must also be intentional. It cannot be ap-
pended as an afterthought to technical systems but must instead be embedded as a found-
ational design principle. From this perspective, explainability constitutes what software
engineering terms a non-functional requirement [22]: a condition that shapes architecture,
interaction, and evaluation across the entire AI lifecycle. Treating it as such shifts the em-
phasis from describing models to designing systems that are intelligible by construction.

This orientation exposes opacity not as an inevitable consequence ofmodel complexity
but often as a failure of design. The well-known example fromRibeiro et al. [147]—where
a classifier learned to associate “snowy background” with “dog”—demonstrates that, in
the absence of explicit explanation mechanisms, spurious correlations remain invisible un-
til they erode validity and trust. Designing for explainability entails building safeguards
against such epistemic blind spots: iterative evaluation, participatory feedback, and reflex-
ive alignment between system reasoning and human understanding.

An explainable system, therefore, is not merely one that can be explained but one
that has been designed to support explanation as a mode of interaction and inquiry. Ex-
plainability becomes an organizing logic for system development—linking reliability, eth-
ical accountability, and user intelligibility into a single design imperative. This framing
completes the shift from explainability as a descriptive attribute to explainability as an
epistemic architecture.

3.2.4 Explaining the Data (and the World)
If model explainability concerns how systems reason, data explainability concerns what
they reason about. Embedding explainability in system design addresses only half of the
challenge. Equally crucial is clarifying what exactly is being explained: the model, the
data, or the world that the data represent. Most XAI research has been model-centric,



focusing on elucidating the algorithm’s internal logic—its parameters, attention maps, or
decision pathways—to ensure faithfulness. Yet this focus is incomplete. A model’s reas-
oning cannot be fully understood without understanding the nature of the data on which
it reasons. Explaining a model without explaining its data is akin to analyzing syntax
without semantics. Explaining data means reconstructing the epistemic, methodological,
and social processes through which data is produced. Datasets are not neutral inputs but
constructed representations of the world, shaped by specific measurement choices, in-
stitutional contexts, and value judgments. They embed assumptions about what is worth
observing, whose experiences are included, and which phenomena remain invisible. To
explain the data is to make these assumptions explicit—to reveal how raw phenomena are
transformed into quantitative form and how such transformations delimit what the model
can learn or predict.

This perspective extends the notion of intelligibility in XAI beyondmodel behavior to
the evidential grounds of model knowledge. A genuinely intelligible system must render
both its decision-making process and its evidential foundation transparent. This requires
addressing questions such as: What epistemic assumptions underlie the dataset? What
socio-technical processes shaped its composition? What forms of uncertainty or exclu-
sion does it encode? Data explainability thus situates models within their epistemic and
ethical environments, enabling users to assess not only whether an explanation is faith-
ful to the model, but whether the model itself is faithful to the world. The implications
for alignment are immediate. Models trained on biased data may produce explanations
that are faithful yet unjust, faithfully reproducing inequities embedded in their training
sources [12]. Thus, explainability must operate on two levels: internal (model reasoning)
and external (data reasoning). Only by integrating both can we achieve explanations that
are not merely faithful, but also justifiable and contextually grounded.

Synthesizing model and data explainability responds to the conceptual fragmentation
identified earlier. The first concerns understanding themodel’s causal structure (faithfulness);
the second, situating that structure within its socio-epistemic context (intelligibility and
alignment). Achieving this synthesis requires a multidisciplinary effort that draws on
philosophy of science, data ethics, and domain expertise. Recognizing this duality pre-
pares the ground for a formal account of inference itself—the transformation of data into
conclusions. The next section develops such a formalization, providing both the vocabu-
lary to describe reasoning processes and the conceptual bridge linking faithfulness, intel-
ligibility, and alignment within a single explanatory framework.

3.3 A Formal Model of Inference

This section formally characterizes the inference process of a general ML model without
imposing any task-specific constraints. Such a characterization will introduce the termino-
logy that substantiates the main components of the proposed framework of explainability,
whose details are provided in Section 3.4. To this end, this work defines aMLmodelM as
an arbitrarily complex function mapping amodel input to amodel conclusion through a se-
quential composition of transformation steps. The whole characterization is exemplified
in Figure 3.1.

Definition 3.1 (Model Input). It is the set of features for a data point in the dataset, either
derived from observations or generated synthetically.



It is worth noting that the set of features may consist of any vector representation
of a data point, e.g., pixel colors in an image and sub-word embeddings in a document
representation. Thus, this definition is independent of the task to be solved or the data
type.

Definition 3.2 (Model Conclusion). It is the model’s final output, representing the result
of the last link in the chain of transformations applied to the input.

Sometimes the model conclusion is called prediction, or inference, or forecast. Since
the aforementioned terms are somehow linked to the task to be solved, e.g., the term ”fore-
cast” should be used only for model conclusions that affect the future, I adopt the broader
term model conclusion. The model’s conclusion can thus be anything, depending on the
task to be solved, e.g., a class probability (in a classification problem), a word vector (in
a next-word prediction task), or a scalar value (in a regression problem).

Definition 3.3 (Transformation Steps). Overall, the decision-making process of M can
be represented as a chain of N > 0 causally related transformations of the original model
input. This causal chain is enforced by the model design (e.g., the sequence of layers in a
neural network’s architecture or the flow of a decision tree). I call each stage of this causal
chain a “transformation step” and denote it with si, for i ∈ [1, N ]. The transformation steps
map the model input to the model output via transformation functions.

Definition 3.4 (Transformation Functions). Each transformation step si relates to a set
of ni “transformation functions” fi,mi

, where mi ∈ [1, ni] indicates one of the possible
learnable functions at si. Note that, in general, the number of such functions would be
infinite, but I discretize it, assuming I am working on a real scenario using some compu-
tational machine. The transformation functions are mappings from a feature set xi−1,j to
a feature set xi,z, with j ∈ [1, ki−1], z ∈ [1, ki] (i.e., the arrows enclosed in the ellipses in
Figure 3.1). The number ki denotes the cardinality of the set of all possible feature sets
generated by all possible learnable transformation functions at step si. These transform-
ation functions are generally opaque to the user in the context of the so-called black-box
models. At every step in the chain of transformation steps, the model learns one of the
possible transformation functions (i.e., the optimal function according to some learning
scheme, highlighted with a solid line in Figure 3.1). That is, the model learns the function
f̂i,mi

such that f̂ = f̂N,mN
◦ . . . ◦ f̂i,mi

◦ . . . ◦ f̂1,m1
is the overall approximation of the

true mapping from the model input to the model conclusion. According to the notation
above, I denote the model input as x0,0 (or simply x) and the model conclusion as ŷN,j ,
with j ∈ [1, kN ] (or simply ŷ).



Figure 3.1: Example of transformation functions for two steps si.

3.3.1 Observations

I asserted that, at each transformation step si, the model picks one function f̂i,mi
among ni

such that f̂i,mi
(xi−1,j) = xi,z. This raises issues that increase model opacity. At step si, the

chosen function f̂i,mi
can map different intermediate transformations xi−1,j of the feature

set at the previous transformation step into the same transformation xi,z one step further
in the chain. This means that the same outcome in the transformation chain, whether
intermediate or conclusive, can be achieved through different rationales, making it difficult
for a human user to understand which one the model has learned. This can result from
a high cardinality of the set of transformation functions and a high complexity of the
transformed feature set.

For example, pictures of zebras and salmon can be discriminated against based on their
anatomy (i.e., zebras have stripes while salmon have gills) or the environment/habitat (i.e.,
zebras live in savannas and salmon in rivers). Consider a relatively complex model such
as a Convolutional Neural Network (CNN), where a transformation step coincides with a
layer within the network architecture. It is generally difficult to understand which kind of
transformation fi,mi

this represents, much less if that is human-understandable. Thus, how
do I understand which of the ni possible alternative mappings of xi−1,j led to xi,z? This
remains an open question with major implications for the discussion around faithfulness,
which I will elaborate on in the next section.

3.4 Defining Explanations

Recent work on ML explainability produced multiple definitions for the term “explana-
tion”. According to Lipton, “explanation refers to numerous ways of exchanging inform-
ation about a phenomenon, in this case, the functionality of a model or the rationale and
criteria for a decision, to different stakeholders” [110]. Similarly, for Guidotti et al., “an
explanation is an interface between humans and a decision-maker that is at the same time
both an accurate proxy of the decision-maker and comprehensible to humans” [65]. Mur-



doch et al. add to how the explanation is delivered to the user, stating that “an explanation
is some relevant knowledge extracted from a machine-learning model concerning rela-
tionships either contained in data or learned by the model. [...] They can be produced in
visualizations, natural language, or mathematical equations, depending on the context and
audience” [127]. On a more general note, Mueller et al. state that “the property of being
an explanation is not a property of the text, statements, narratives, diagrams, or other ma-
terial forms. It is an interaction of (i) the offered explanation, (ii) the learner’s knowledge
and beliefs, (iii) the context or situation and its immediate demands, and (iv) the learner’s
goals or purposes in that context” [125]. Finally, Miller tackles the challenge of defin-
ing explanations from a sociological perspective. The author highlights a wide range of
explanations but focuses on those that answer a ”why-question” [123].

The definitions mentioned above offer a well-rounded perspective on what constitutes
an explanation. However, they fall short in highlighting its atomic components and char-
acterizing their relationships. I synthesize the proposed explanation definition by combin-
ing complementary aspects of existing definitions. The result is a concise definition that is
easy to operationalize for supporting the analysis of multiple approaches to explainability.
The full proposed framework is reported in the scheme in Figure 3.2. The next subsection
will formally define its core components, i.e., evidence, interpretations, and explanations.
The properties of these components, i.e., explanatory potential, faithfulness, human intu-
ition alignment, and plausibility (with its sub-properties), are examined in §3.5.

Figure 3.2: Overview of the theoretical framework of explainability.

3.4.1 Definitions of the components of the framework
Definition 3.5 (Explanation). Given a model M which takes an input x and returns a
prediction ŷ, I define “explanation” as the output of an interpretation function applied to
some evidence, providing the answer to a “why question” posed by the user.

Definition 3.6 (Evidence (e)). I define “evidence” (denoted by e) as whatever kind of
objective information stemming from the model I wish to explain, and that can reveal



insights into its inner workings and rationale for prediction (e.g., attention weights, model
parameters, gradients, etc.).

Definition 3.7 (Evidence Extractor (ξ)). An “evidence extractor” (denoted by ξ) is a com-
putational method fetching relevant information about M , x, ŷ, or a combination of the
three. Then: e = ξ(x, ŷ,M). Examples of evidence extractors include e.g., encoder plus
attention layers, gradient back-propagation, and random tree approximation. The corres-
ponding extracted evidence includes attention weights, gradient values, and a random tree
that mimics the original model. In the peculiar case of a white-box approach, that is, ML
models designed to be “easily explainable” by the user (e.g., linear regression, fuzzy rule-
based systems), the extraction of evidence is straightforward since all components of the
model directly present a piece of semantic information in a human-comprehensible format.

Definition 3.8 (Explanatory Potential (ϵ(e))). I define “explanatory potential” (denoted
by ϵ(e)) of some evidence as the extent to which the evidence influences the causal chain
of transformation steps of a model. Intuitively, the explanatory potential indicates “how
much” of a model the selected type of evidence can explain. It can be computed either
by counting the number of transformation steps affected by the evidence (i.e., breadth)
or by quantifying the extent to which each individual transformation step is affected (i.e.,
depth).

Definition 3.9 (Interpretation). An “interpretation” is a function g associating semantic
meaning to some evidence and mapping its instances into explanations for a given predic-
tion or the whole model. Then an explanation can be defined as either E = g(e, x, ŷ,M),
or E = g(e,M), respectively.

Definition 3.10 (eXplanation User Interface (XUI)). I define XUI as the format in which
explanations are presented to the end user. This could, for example, take the form of text,
plots, infographics, or other visual elements.

3.4.2 Observations
Local vs. Global Interpretations. Following the existing literature, I relate “evidence”
and “interpretation” to the concepts of locality and globality. Both evidence and interpret-
ations can be either local or global in nature. Local evidence (e.g., attention weights, gradi-
ent, etc.) relates relevant model information to a particular model input x and correspond-
ing prediction ŷ. Global evidence (e.g., full model parameters) is generally independent of
specific inputs. It might explain the model’s higher-level functioning (providing deeper or
broader information) or some of its subcomponents. Similarly, interpretations can provide
either local or global semantics for the evidence. A local interpretation of attention could
be, e.g., “attention weights are descriptive of input components’ importance to model out-
put”. On the other hand, a global interpretation of the same evidence may aggregate the
heatmaps of all attention weights across the dataset, thereby highlighting specific patterns.
For example, in a dog vs cat classification problem, a global interpretation of attention
may be represented by clusters of similar parts of the animal’s body (e.g., groups of ears,
tails, etc.) highlighted by the attention activations.

Generating Interpretations. Given some evidence involved in one or more steps si of
M , I “guess” how this evidence is involved in the opaque input-to-output transformations



by formulating an interpretation g of some extent of the model’s decision-making pro-
cess. At a low level, I generate a candidate hypothetical function g that encapsulates the
approximations f ∗

i,mi
=̃f̂i,mi

of the behavior of certain functions learned by M at some
steps si. On an abstract level, interpretations can be seen as hypotheses about the role of
evidence in the explanation-generation process. Like a good experimental hypothesis, a
good interpretation satisfies two core properties: (i) it is testable, and (ii) it clearly defines
dependent and independent variables. Interpretations can be formulated using different
forms of reasoning (e.g., deductive, inductive, abductive, etc.). In particular, the survey
on explanations and social sciences by Miller reports that people usually make assump-
tions (i.e., in this work’s context, choose an interpretation) via social attribution of intent
(to the evidence) [123]. Social attribution concerns how people attribute or explain oth-
ers’ behavior, rather than the actual causes of that behavior. Social attribution is generally
expressed through folk psychology, which involves attributing intentional behavior using
everyday terms such as beliefs, desires, intentions, emotions, and personality traits. Such
concepts may not be the true cause of the described behavior, but they are the ones humans
use to model and predict each other’s behavior. This may lead to a misalignment between
a hypothesized interpretation of some evidence and its actual role in the model’s inference
process. In other words, reasoning on evidence through folk psychology might generate
interpretations that are plausible but not necessarily faithful to the inference process of the
model (such terms will be further explored in Section 3.5).

3.4.3 Framework Summary

As depicted in Figure 3.2, the proposed framework operates as follows: an explanation
is derived from the interpretation of certain evidence. This evidence is produced by an
evidence extractor that operates on the model in combination with its inputs and outputs.
The expressiveness of the evidence can be characterized in terms of its explanatory poten-
tial (breadth and depth). This potential, along with the interpretation’s adherence to the
model’s actual inference process (faithfulness), directly affects the explanation’s overall
faithfulness. Finally, the XUI is responsible for conveying the explanation to the user.

3.5 Concerning Faithfulness and Plausibility

Having defined the atomic components of the framework—evidence, interpretation, and
explanation itself—it becomes necessary to examine the qualitative properties that determ-
ine their epistemic value. Not all explanations are created equal: some accurately reflect
the reasoning of a model, while others merely appear convincing to human observers. The
distinction between faithfulness and plausibility captures this essential divide. Faithful-
ness concerns the extent to which an explanation corresponds to the model’s true causal
mechanisms, whereas plausibility reflects how well the explanation aligns with human
intuition, expectations, or beliefs. Both are necessary for trustworthy and usable explain-
ability, yet they operate on distinct epistemic planes—truth versus comprehension. This
section analyzes how these properties interact, the risks that arise when one is prioritized
over the other, and the methodological foundations needed to balance them. By disen-
tangling faithfulness from plausibility, the framework establishes the normative ground
for designing explanations that are both reliable representations of model reasoning and
accessible to human understanding.



3.5.1 Faithfulness of interpretations and explanations

In the previous sections, I observed that social attribution is a double-edged sword for the
interpretation generation process, as it may enhance plausibility without ensuring faithful-
ness. This issue was highlighted by Jacovi & Goldberg, who introduced the property of
explanations known as aligned faithfulness [81]. In the authors’ words, an explanation sat-
isfies this property if “it is faithful and aligned to the social attribution of the intent behind
the causal chain of decision-making processes.” The proposed framework enables us to
advance our characterization of this property. I note that the property of aligned faithful-
ness pertains only to interpretations, not evidence. The latter has no inherent meaning. Its
semantics are defined by an interpretation that may or may not involve attributing social
intent to the causal chain of inference processes.

Definition 3.11 (Faithfulness (of interpretation)). Given an interpretation function g, de-
scribing some transformation steps si within a modelM ’s inference process, I want to be
able to prove that g is faithful (at least to some extent) to the actual transformations made
byM to an input x to get a prediction ŷ. Namely, I define the property of faithfulness of
an interpretation ϕi(g, e) as “the extent to which an interpretation g accurately describes
the behavior of some transformation functions fi,mi

that some model learned to map an
output xi−1,j at si−1 into xi,z at si making use of some instance evidence e”.

Definition 3.12 (Faithfulness (of explanation)). Given some evidence e and its interpret-
ation function g, I say that a related explanation is faithful to some transformation steps if
the following conditions hold: (i) the evidence e has explanatory potential ϵi > 0, and (ii)
the interpretation g has faithfulness ϕi > 0. Then I can define the faithfulness of an explan-
ation (Φ) as a function of the faithfulness of each step’s interpretation and the explanatory
potential of that step.

For example, I could define Φ =
∑

i ϵiϕi ∀i ∈ I ⊆ [1, N ] where I is the set of
indices of transformation steps si that involved the evidence e. Thus, the faithfulness of
an explanation is the sum of the faithfulness scores of its components, i.e., the faithfulness
of the interpretations of the evidence involved in generating the explanation. Additionally,
the related explanatory power weights the faithfulness of each interpretation, following the
intuition that evidence with a higher ϵ should have a greater impact on the interpretation’s
overall faithfulness score. I can have various measures of faithfulness associated with
different explanation types, in the same way that I have different metrics to evaluate an
ML model’s ability to complete a task. Thus, ϕi is implicitly bounded.

When designing a faithful explanatory method, I can opt for two approaches. I can
achieve faithfulness ”structurally” by enforcing this property on pre-selected interpreta-
tions in model design (e.g., imposing constraints on transformation steps that limit the
range of learnable functions). This direction has been recently explored by Jain & Wal-
lace [84] and Jacovi & Goldberg [81]. An alternative, naive strategy is trial and error: for-
mulating interpretations and assessing their faithfulness via formal proofs or requirements-
based testing using proxy tasks. While formal proofs are still missing in the current lit-
erature, several tests for faithfulness have been recently proposed [4, 83, 193, 166, 115,
37].



Figure 3.3: Overview of the outcome on the user of the interaction between faithfulness
and plausibility.

3.5.2 Plausibility of the explanation user interface

Explanations are intended for delivery to specific target users, and that is when XUIs come
into play. I argue that an XUI is characterized by three main properties: (i) human under-
standability, (ii) informativeness, and (iii) completeness. The human-understandability
is the degree to which users can understand the answer to their “why” question via the
XUI. This property depends on user cognition, bias, expertise, and goals, among other
factors, and is influenced by the complexity of the selected interpretation function. The
informativeness (i.e., depth) of an explanation is a measure of the effectiveness of an XUI
in answering the why question posed by the user. That is the depth of information for
some si of great interest in the XUI. The completeness (i.e., width) of an explanation
is the extent to which an XUI describes the overall model’s workings and the degree to
which it allows for anticipating predictions. That is the width in terms of the number of
si the XAI spans. Note that informativeness and completeness are bound by the explanat-
ory potential of the evidence (e.g., attention weights do not explain the entire model, just
some transformation steps; in contrast, the complete set of model parameters does). The
combined value of the three properties mentioned above of XUIs drives the plausibility of
an explanation.

Definition 3.13 (Plausibility (of explanation)). I define plausibility as the degree to which
an explanation is aligned with the user’s understanding of the model’s partial or overall
inner workings.

Plausibility is a user-dependent property, and as such, it is subject to the user’s knowledge,
bias, etc. Unlike faithfulness, the plausibility of explanations can be assessed via user
studies. Note that a plausible explanation is not necessarily faithful, just like a faithful
explanation is not necessarily plausible. It is desirable for both properties to be satisfied
in the design of some explanation. Interestingly, an unfaithful yet plausible explanation
may lead a user to believe that a model behaves according to a rationale when, in fact,
it does not. This raises ethical concerns that poorly designed explanations could spread
inaccurate or false knowledge among end users. Figure 3.3 provides a simplified problem
overview.



3.5.3 Connecting the Dots: Abductive Reasoning

Abductive reasoning, a pivotal concept in XAI, is crucial in generating and interpreting
explanations for ML models [72]. This form of reasoning allows one to infer a condi-
tion that explains an observed consequence. It is deeply entrenched in the philosophy of
science and particularly resonates with the works of Charles Sanders Peirce. Peirce’s per-
spective on abduction as a logical inference that generates new hypotheses is foundational
in this context [138]. The application of abductive reasoning spans various domains. In
medical diagnostic AI, for instance, it helps infer potential health conditions from symp-
tomatic data and patient history, thereby enhancing the trustworthiness and reliability of
AI recommendations in healthcare [100]. In AI, abductive reasoning primarily elucidates
the ‘why’ behind AI decisions and predictions. It involves constructing plausible hypo-
theses from observed data, followed by iterative refinement through testing and validation
[118]. Alternatively, from my perspective, it involves constructing interpretations of the
evidence that align with human intuition. Explainable methods usually fall short at this
point, when human intuition surpasses the importance of faithfulness in the interpretation.
I advocate focusing on faithfulness, ensuring that the interpretation accurately reflects the
model’s decision-making process. Alignment with human intuition is a nice-to-have for
the interpretation but a necessity for the final explanation, which is why it must be con-
sidered when designing the XUI. A significant challenge in XAI is making the abductive
reasoning processes understandable to users. Designing XAI interfaces that effectively
communicate the AI’s hypotheses and reasoning enhances user understanding and trust,
particularly in high-stakes domains such as healthcare [28].

Finally, abductive reasoning in AI is dynamic, evolving with new data and insights.
This necessitates AI systems that can adapt and refine their explanations over time, under-
lining the importance of continuous learning and adaptation in AI technology. Abductive
reasoning’s role in ML models is multi-dimensional and vital, extending beyond hypo-
thesis generation to providing clear, understandable explanations, thereby bolstering the
usability and reliability of AI systems.

3.6 Case Studies: Framing Explainability Strategies

In this section, I apply the theoretical framework to existing explainabilitymethods. Addi-
tionally, I demonstrate the application of this framework to two “easily explainable” meth-
ods: linear regression and fuzzy models. The objective is to provide concrete examples of
how various XAI methods fit well within the proposed framework’s components. I also
want to emphasize the usefulness of a common set of terms to indicate different concepts
frequently encountered in XAI discourse. Despite the examples being limited to some
of the most influential methods, I believe they will provide sufficient guidance for future
research that applies this framework.

3.6.1 Attention

The introduction of attention mechanisms has been one of the most notable breakthroughs
in DL research in recent years. Originally proposed to improve neural machine trans-
lation [10], attention mechanisms now underpin many SotA architectures across a wide
range of tasks, most notably as the core component of the Transformer model [181].



At a high level, the simplest self-attention mechanism can be described as a three-step
causal process: (i) encoding, (ii) weighting of the encoded representations via attention
scores, and (iii) decoding into the final model output.

During the encoding phase, the input features are represented as a sequence of t tokens,
which are then projected into three distinct vector spaces: the queries (Q), the keys (K),
and the values (V ). In the self-attention setting, these three matrices are derived from the
same input sequence, i.e., Q = XWQ,K = XWK , and V = XWV , whereWQ,WK , and
WV are learned projection matrices.

The attention mechanism computes a set of similarity scores between each query and
all keys, typically using a scaled dot-product:

Attention(Q,K, V ) = softmax
(

QK⊤

√
dk

)

V.

The resulting normalized scores represent the degree to which each token should pay at-
tention to every other token in the sequence. These scores—commonly referred to as
attention weights—serve as a measure of relational importance among tokens. The final
step combines the weighted representations to produce contextually enriched embeddings,
which are then decoded or passed to downstream layers.

Formally, the function learned by the model can be described as a composition of
transformation steps:

f̂ = f3,m3
◦ f2,m2

◦ f1,m1
,

where each fi corresponds to one of the causal transformations in the chain.

Evidence. For an input x split into t tokens, let f1,m1
denote the encoding step such that

f1,m1
(x) = X̄ , the set of embedded token representations. The subsequent transformation

f2,m2
computes a weighted combination of these embeddings:

f2,m2
(X̄) =

t
∑

j=1

αj x̄j,

where αj is the attention weight assigned to token x̄j . The set of these weights constitutes
the evidence:

eatt = {αj | f2,m2
(X̄) =

t
∑

j=1

αj x̄j}.

The explanatory potential ϵ(eatt) can be estimated as the ratio of the number of parameters
in the analyzed attention layer to the total number of model parameters, capturing how
much of the model’s reasoning this evidence reveals.
Interpretation. The interpretation of this evidence is a function gatt(e(x, ŷ)) that describes
how the attention weights contribute to the model’s output—namely, how the weighted
embeddings are decoded into the model’s final conclusion. A widely adopted interpreta-
tion is that tokens receiving higher attention weights are more influential for the model’s
prediction.
Faithfulness. While the above interpretation is intuitively appealing and thus plausible,
its faithfulness has been extensively debated. Several studies have shown that attention
weights do not necessarily correspond to causal importance or contribution to model de-
cisions [83, 166, 194]. In other words, the distribution of attention scores can often bemod-
ified without significantly affecting the model’s output, indicating that attention—though



informative—does not inherently provide a faithful explanation of model reasoning. Con-
sequently, the explanatory role of attention mechanisms remains an open and contested
question within the broader landscape of XAI.

3.6.2 Grad-CAM
Gradient-weighted Class Activation Mapping (Grad-CAM) [165] is a widely used tech-
nique for visually explaining the predictions of convolutional neural networks (CNNs).
It leverages the gradients of the target class with respect to the final convolutional layer
to generate coarse localization maps that highlight the regions of the input image most
relevant to a particular decision. In essence, Grad-CAM produces a class-discriminative
localization map that indicates which parts of an input image contribute positively or neg-
atively to a given class prediction.

For a given input x, let Ak denote the k-th feature map of the last convolutional layer,
and let yc be the score for class c (before the softmax). Grad-CAM computes the import-
ance weight αc

k for each feature map by averaging the gradient of the class score with
respect to that feature map:

αc
k =

1

Z

∑

i,j

∂yc

∂Ak
ij

,

where Z is the number of spatial positions in Ak. The final localization map for class c is
then obtained as:

Lc
Grad-CAM = ReLU

(

∑

k

αc
kA

k

)

,

where the ReLU ensures that only features that positively influence the class score are
visualized. The resulting heatmap highlights regions in the input image that contribute
most strongly to the model’s decision.
Evidence. The evidence extracted by Grad-CAM, denoted as egrad = ξgrad(M,x), consists
of the feature activation mapsAk from the final convolutional layer and the corresponding
gradient-derived importance weights αc

k. These quantities encode how changes in each
spatial feature location influence the prediction for class c. The explanatory potential
ϵ(egrad) depends on the proportion of the model’s parameters and layers involved in the
generation of these activations relative to the total model size—similar to how attention
weights capture a localized but partial view of model reasoning.
Interpretation. The interpretation function ggrad(e(x, ŷ)) maps the evidence to a spatial
heatmap showing which regions of the input image most strongly affect the output for
a given class. Under this interpretation, larger activation values in the heatmap indicate
greater relevance or contribution to the final prediction. Thus, Grad-CAM provides an
intuitive visualization linking internal model features to semantically meaningful image
regions.
Faithfulness. The faithfulness of Grad-CAM explanations has been empirically assessed
using occlusion-based tests [4]. In these evaluations, parts of the input image are systemat-
icallymasked, and the resulting change in themodel’s output is comparedwith the saliency
indicated by the Grad-CAM heatmap. A high correlation between predicted importance
and the observed impact on model confidence suggests strong faithfulness. However,
while Grad-CAM often produces visually convincing and class-consistent explanations,
its resolution is limited by the spatial granularity of the final convolutional layer, and its
faithfulness may vary across architectures and layers.



3.6.3 SHAP
Lundberg and Lee (2017) introduced SHAP [112], a method for assigning an import-
ance value to each feature used by an opaque model M to explain an individual predic-
tion ŷ. SHAP generalizes several earlier explanation approaches, including Local Inter-
pretable Model-agnostic Explanations (LIME) [147], DeepLIFT [168], layer-wise relev-
ance propagation [9], and classical Shapley value estimation.

Formally, SHAP approximates the local behavior of a complex model with a simple
additive model:

g(z′) = ϕ0 +
M
∑

i=1

ϕiz
′

i, (3.1)

where z′ ∈ {0, 1}M represents a simplified binary version of the input x indicating the
presence or absence of each feature,M is the number of features considered, and ϕi ∈ R is
the Shapley value quantifying the contribution of the i-th feature to the model output. The
intercept ϕ0 corresponds to the expected value of the model’s output over the background
dataset.
Evidence. The evidence used by SHAP is the set of model outputs produced for perturbed
versions of the input x within its local neighborhood:

eshap = ξshap(M,x) = {M(x′) | x′ ∈ N (x)},
where N (x) denotes the neighborhood of sampled instances derived from x by masking
subsets of its features. These local predictions form the factual basis for computing the
additive importance values ϕi. The explanatory potential ϵ(eshap) can be expressed as the
ratio between the number of sampled predictions used to estimate the Shapley values and
the total number of possible feature subsets. Intuitively, the larger the explored neighbor-
hood, the greater the explanatory coverage.
Interpretation. The interpretation function gshap maps the extracted evidence eshap to a
locally interpretable additive model g(·) as defined in Equation 3.1. Through this model,
the contribution of each feature to the final prediction can be quantified via its correspond-
ing ϕi value. Thus, analyzing h(z′) (or equivalently g(z′)) provides a local explanation
Eshap of how the original modelM transforms input features into its output for the given
instance x.
Faithfulness. While SHAP does not directly provide a numerical measure of faithful-
ness, its theoretical foundation is built on three desirable properties that implicitly enforce
it. The first, local accuracy, ensures that the additive explanation model exactly matches
the output of the original model for the given instance. The second, missingness, guar-
antees that features absent from the simplified input (z′i = 0) have zero contribution, i.e.,
ϕi = 0. The third, consistency, ensures that if a model changes such that a feature’s mar-
ginal contribution increases (while all others remain fixed), its corresponding ϕi does not
decrease. Lundberg and Lee demonstrated that SHAP is the only additive feature attri-
bution method that satisfies all three properties simultaneously. Together, these axioms
define a requirements-based notion of faithfulness that is consistent with the framework
described in § 3.5.

3.6.4 Linear regression models
Linear regression models are not an explanation method, but they are typically considered
intrinsically interpretable. Following the proposed framework, I argue that defining them,



along with other models, as intrinsically interpretable is inaccurate and often misleading.
The definition of what is simple for humans to interpret is not well-defined. I can provide
various examples of models that are easy for practitioners to interpret but are almost im-
penetrable to non-expert users.

A linear regressor f̂lin(·) is typically formulated as:

f̂lin(x) = β0 +
N
∑

i=1

βix
′

i (3.2)

where βi are the weights of the learned features, N is the feature space dimension, and x′
i

denotes normalized xi.
Evidence. The implicit assumption, claiming that a linear model is intrinsically inter-
pretable, is that the weights βi, 1 ≤ i ≤ N are a good explanation for the model. Thus
elin = {βi}N1 . We have the maximum explanatory potential ϵ(elin) with a linear model
because we can fully describe the model with elin.
Interpretation. Assuming a normalization of the features, we can say that the higher the
value of βi, the higher the contribution of the feature xi to the model prediction.
Faithfulness. There are no doubts about the faithfulness of the interpretation of the pre-
dictions given the normalization assumption, and in fact, a linear model is normally con-
sidered an intrinsically interpretable method. However, a real scenario does not guarantee
its plausibility to a non-expert user.

3.6.5 Fuzzy models
Fuzzy models, especially in the form of Fuzzy Rule-Based Systems (FRBSs), represent
effective tools for modeling complex systems using a human-comprehensible linguistic
approach. Owing to these characteristics, they are generally regarded as white or gray
boxes and are often considered good options for interpretable AI [54]. Although a de-
tailed description of fuzzy modeling goes beyond the scope of this thesis, it is important
to specify that FRBSs perform their inference (i.e., calculate a conclusion) by exploit-
ing a knowledge base composed of linguistic terms and rules. Thanks to this linguistic
approach and the fact that fuzzy set theory can naturally embed uncertainty and vague
concepts, FRBS is generally considered intrinsically interpretable models. A fuzzy rule
is usually expressed as a sentence in the form:

IF <antecedent> THEN <consequent> (3.3)

where antecedent is a logic formula created by concatenating clauses like `X IS
a' with some logical operators, where T is a linguistic variable (associated with one input
feature) and a is a linguistic term. Thanks to this representation, the antecedent of each rule
provides an intuitive and human-understandable characterization of a specific class/group.

The form of consequent varies according to the type of model and fuzzy reasoner
used. Still, it can be seen as a function that calculates the model’s conclusion, such that
the more a sample satisfies the antecedent, the higher the rule’s weight in the final calcula-
tion. Note that, due to the fuzziness of the model, all rules can be applied simultaneously,
although with different weights.
Evidence. The rules are good evidence for a large part of the model: they characterize
the feature space using a self-explanatory formalism that human operators can read and
validate. The fuzzy terms are implemented as fuzzy sets with corresponding membership



functions, typically parametric curves such as triangular, trapezoidal, sigmoidal, or Gaus-
sian.
Interpretation. The fuzzy sets used to create the fuzzy terms and evaluate the satisfac-
tion of the antecedents have self-explanatory interpretations: they define how much a
value belongs to a given set employing membership functions. The fuzzy rules are also
self-explanatory. The only part that requires a proper interpretation is the output calcu-
lation function. In the case of Sugeno reasoning, such functions can be viewed as linear
regression models; hence, all considerations discussed in Section 3.6.4 remain valid in the
context of fuzzy models.
Faithfulness. Similarly to linear regression models, there is no doubt about the faithful-
ness of the interpretation of predictions after a normalization step. However, in the case
of special transformations (e.g., log-transformation), some of the intrinsic interpretability
might be lost in favor of better fitting to training data [54]. Since it is often the case that
features in biomedicine (see, e.g., clinical parameters) follow a log-normal distribution,
such transformations are very frequent and delicate.

3.6.6 Large Language Models

The proliferation of LLMs presents a unique and formidable challenge for explainability.
Their scale, emergent capabilities, and the distributed nature of their internal represent-
ations make them a quintessential “black box.” An LLM’s inference process is a deep
chain of transformation steps, where each Transformer block refines a set of token repres-
entations through self-attention and feed-forward computations. Applying our framework
here reveals the acute tension between plausible and faithful explanations.
Evidence. The sheer size of LLMs offers a vast landscape of potential evidence (e). An
evidence extractor (ξ) can pull information from various points in the model’s computa-
tion for a given input x. This evidence can manifest in several forms. For instance, one
can examine the attention patterns across tens or hundreds of attention layers, yielding a
high-dimensional tensor of weights that captures how tokens relate to one another from the
different ”perspectives” of each attention head. Another form of evidence is the neuron
activationswithin the feed-forward network layers, which are often investigated for mech-
anistic interpretability to identify neurons that correlate with specific concepts [44]. The
hidden states, or the output vectors for each token at the end of each Transformer block,
serve as evidence of the model’s evolving contextual understanding. Furthermore, gradi-
ents of the loss with respect to input embeddings provide saliency evidence, indicating
which input tokens are influential. Perhaps most uniquely, the LLM itself can be promp-
ted to produce a model-generated rationale, a natural language string that purports to be
an explanation of its own reasoning. This text constitutes a distinct and highly compelling
form of evidence. However, we treat rationales as evidence only in the weak sense of
‘model-produced artifacts,’ acknowledging they may be unfaithful to the internal compu-
tation.
Interpretation. Each type of evidence is associated with a common, intuitive interpret-
ation (g). For attention patterns, the interpretation remains that weights signify “import-
ance” or “relatedness” between tokens. For neuron activations, the interpretation is that
individual neurons or small circuits correspond to concepts that are understandable to hu-
mans. The interpretation of gradients or saliency maps is that higher values correspond to
greater importance of the input feature. The interpretation of model-generated rationales
is straightforward: the text accurately describes the causal reasoning steps the model took



to arrive at its conclusion.
Faithfulness. Evaluating the faithfulness of these interpretations is a central open prob-
lem in XAI, a task made exceptionally difficult by the scale of LLMs. As discussed in
§3.6.1, the interpretation of attention as a faithful explanation of importance has been
widely challenged. For neuron activations, faithfulness is often assessed via causal inter-
vention, such as ablating a neuron to determine whether a model’s behavior changes as
predicted; however, concepts are often represented in distributed form, which complic-
ates this analysis. Most critically, the interpretation of model-generated rationales faces
a profound challenge to faithfulness. Research has shown that these rationales are often
post-hoc justifications rather than a true reflection of the model’s internal process [207].
The model learns to generate plausible-sounding text that correlates with the correct an-
swer, but this text may have no causal link to the actual prediction mechanism. The LLM
is a master of plausibility, but this plausibility offers no guarantee of faithfulness.

This case study perfectly illustrates the core argument of this thesis: LLMs exemplify
the danger of conflating plausibility with faithfulness. They can generate explanations
that are maximally plausible to a human user (in natural language text) while potentially
being unfaithful to the model’s actual, sub-symbolic inference process. Our framework,
by forcing a clear separation between evidence (the generated text) and a faithful inter-
pretation (does this text reflect reality?), provides the necessary critical lens to navigate
the complex and often deceptive landscape of LLM explainability.

3.7 The Role of the User
The framework developed in the previous sections has primarily focused on the internal
mechanics of explainability—how evidence, interpretation, and explanation interact within
a model to produce intelligible outcomes. Yet, explainability is never an entirely tech-
nical property; it is an epistemic and communicative process that necessarily involves a
human participant. Models do not explain themselves in isolation: explanations are pro-
duced, interpreted, and validated through interaction with users. The human thus occupies
a constitutive, rather than peripheral, role in the explainability ecosystem. This section,
therefore, shifts the analytical focus from the model to the user, examining how human
actors engage with, co-produce, and assume responsibility for explanations. It explores
questions of ownership—who generates and who understands explanatory content—and
introduces a relational model of explainability in which the explainer, the explaining, and
the explainee form an interconnected triad. By re-centering the user in the explanatory
loop, this section highlights that explainability is not merely a property of systems, but a
shared human–machine achievement.

3.7.1 Evidence, Interpretations, and Explanations: Who Owns What?
The concept of ownership in explanations is multifaceted and central to understanding
explainable ML. In the so-called “intrinsically explainable models” (or, as I discussed,
“more easily explainable models”), the system naturally generates a component of the ex-
planations as part of its processing. This is the evidence, factual data that emerges directly
from the model’s decision-making process. The ownership of this objective information
belongs to the model, as it is a model’s product or by-product. However, identifying
tangible data from the model as evidence is part of the human process of designing the
explanation. While the model generates the initial evidence, the final understanding and



contextual arrangement of this data are undertaken by human users. This implies dual
ownership. The system ‘owns’ the initial explanatory data. It provides an opportunity for
human stakeholders to identify this data as the evidence supporting an explanation. Identi-
fying the evidence is the human (owned) process of relating some intuitive explanatory
potential to information stemming from the model.

Similarly, the ultimate interpretation and the meaning derived from this evidence are
‘owned’ by the human users. In this context, ownership is also closely tied to responsibility.
Human users are responsible for interpreting evidence within the context of their domain
knowledge and the specific situation at hand. To tap into the philosophy of linguistics and
borrow from the basics of the semiotic triangle [174], I might refer to the data itself as the
signifier, the evidence as the referent, and the interpretation as the signified. The semiotic
triangle illustrates the relationship between a concept (the ”signified”), the physical form
or symbol that represents it (the ”signifier”), and the real-world object or idea to which
it refers (the ”referent”). This highlights how meaning is constructed in human language
and thought. For a real-world example in the context of ML explainability, the semiotic
triangle can be applied to the concept of a ”feature importance” score in a decision tree
model. In this case, the signified is the concept or idea of ”feature importance” (an inter-
pretation), which represents the relative importance or contribution of an input feature to
the prediction made by the model; the signifier is the numerical score or graphical repres-
entation, e.g., a bar chart, (the data) used to indicate the importance of each feature in the
model’s decision-making process; the referent is the actual data attribute or input variable
to which the feature importance score is applied (the evidence), influencing the model’s
predictions in the real world.

This shared-ownership representation raises critical questions about the design of AI
systems and the type of explanations that should be generated. It necessitates a design ap-
proach that considers not only the technical capability of AI systems to provide explanat-
ory data but also the ability of human users to recognize and interpret this data effectively.

Ownership becomes even more nuanced when considering models that are harder to
explain, the so-called ”black-box” models. These models, such as deep neural networks,
do not naturally provide easy access to explanations of their decisions. As a result, ex-
ternal methods, known as post-hoc explainability techniques, are employed to interpret
the model’s behavior. Here, the ownership of explanations is even more distributed. The
AI system still ’owns’ the decision-making process, but does not inherently own all the
explanatory data, as these are not entirely products or byproducts of the model. Instead,
explanations are generated using additional tools and methods that derive explanatory in-
formation from initial model data and are then interpreted (e.g., SHAP). These tools aim
to provide a proxy context for examining and explaining the model’s decision-making pro-
cess, but they introduce an additional layer of abstraction and potential bias. Developers
of these tools are responsible for ensuring that the post-hoc methods accurately represent
the model’s decisions, while users must critically assess the validity and relevance of these
explanations. In this case, the ownership of the explanation is shared among the AI model
(raw evidence), the explainability tool (processed evidence), and the human interpreters.

3.7.2 Explainers, Explainings, and Explainees

In the academic exploration of ML explainability, a progressive understanding of the roles
of the explainer and the explainee has emerged, emphasizing the dynamic, interactive
nature of this relationship. The discourse initially focused on the need for explainers



(AI systems) to provide explainees (human users) with comprehensible, relevant explana-
tions, particularly in high-stakes domains such as healthcare. Early research underscored
explainers’ responsibility to bridge the gap between complex ML models and the prac-
tical needs of domain experts, thereby enhancing the explainee’s ability to make informed
decisions. The narrative has evolved with the introduction of frameworks that shifted to-
wards interactive explainability. For instance, Rovolis et al. recently explored the impacts
of participatory design on data-driven decision-making in organizations, emphasizing the
integration of participatory activities to achieve better outcomes [158]. This approach
blurred the traditional boundaries between explainer and explainee, suggesting a more
collaborative and iterative understanding of ML models. The concept of personalized
explainability emerged, underscoring the importance of tailoring explanations to the in-
dividual needs and contexts of explainees. This perspective acknowledges the diversity
of the user base for automated systems and the necessity for explainers to tailor their out-
puts accordingly. For example, Gould et al. investigated patients’ views on AI for risk
prediction in shared decision-making for knee replacement surgery, emphasizing the need
for AI tools to provide personalized information that empowers patients and supports a
partnership between clinicians and patients [60].

Figure 3.4: The proposed relationships among the explainer, the explaining, and the ex-
plained in ML explainability.

Further contributions focused on evaluating explainers in educational contexts and
designing user studies to assess the effectiveness of explanations. These studies emphas-
ized the explainer’s role in being comprehensible to non-expert users and the active role
of the explainee in editing and understanding ML models. The conventional wisdom that
ranks ML algorithms by explainability was challenged, advocating a more nuanced, user-
centered approach. This shift recognized the varied needs and contexts of explainees, sug-
gesting that the effectiveness of an explainer should be assessed based on its relevance and
utility to the specific user. Most recently, the integration of explainable AI methods into
the learning loop and the potential of explanations for eliciting user control and feedback
were discussed. These studies highlighted the evolving nature of the explainer-explainee



relationship, in which explanations serve as a two-way communication channel, enhan-
cing both model performance and user understanding. In conclusion, the scholarly work
in this field collectively advances understanding of the roles of explainer and explainee
in ML explainability. They reflect a shift from a unidirectional flow of information to a
more interactive, user-centric model, recognizing the importance of context, personaliza-
tion, and active user engagement in explainable AI.

Based on the contribution of the present work, grounded in the proposed framework,
I suggest a shift in perspective. Such a proposal is synthesized in Fig. 3.4. The explainee
remains the user of the human explanation. On the other hand, I argue that the explainer is
not only created by the AI system but also by an admixture of human knowledge, design,
and raw data. Unlike previous work, I focus on the role of the explainer as a human-
machine pair in which the human plays an active role. The human is the designer of ex-
plainability for a givenMLmodel. This challenge may be more or less difficult depending
on the circumstances (e.g., the model type to explain, the degree of designer intervention
in the model architecture, etc.), and I will discuss this in-depth in the next section.

Before that, I need to define a novel third component to enrich the discussion around
the core roles of the explainability pipeline. I call this component the ”explaining”, which
has the concrete role of explaining. The ”explaining” embeds the information the ex-
plainee needs to understand to grasp the model’s decision-making process. To the au-
thor’s knowledge, this role is usually understated and remains a simple by-product of hu-
man design. I argue that this component deserves its own space, as it is crucial to the
discussion around explainer-to-explainee knowledge communication. The ”explaining”
involves the explanation, constructed from its atomic components previously discussed in
this thesis (evidence and interpretation), and the final overlay of the explanation user inter-
face that directly relates to the explanation target user. The human role is key to defining
”the explaining”. First, the XAI designer must use human intuition to identify the explan-
atory potential in the evidence. This process converts raw data from the AI system into
actionable information, enabling the generation of an explanation. Second, intuition and
human reasoning1 are needed to formulate an interpretation. Third, the explanation user
must resonate with the interpretation, meaning that he must be able to use human intuition
to understand (at a certain, not necessarily full, degree) the rationale for an explanation
[25]. This returns to the debate between faithfulness and plausibility that I discussed in
§3.5.

The dynamics between the explainer and the explainee are crucial in AI explainabil-
ity. The explaining mediates these. For more explainable models, the AI system, as the
explainer, provides easy-access information to explain its decision-making. However, the
role of the explainer is not just to provide raw data or evidence; it also includes analyzing
its meaning and presenting this information in a manner that is accessible and comprehens-
ible to the human user. This involves considering the user’s background, expertise, and
the context in which the AI system is used. Therefore, the explainer’s role is not passive;
it actively tailors the explanation to meet human requirements. It is of utmost importance
for AI systems and human designers to collaborate at every stage of the AI product deliv-
ery process, from blueprints to output, to achieve explainability. The explainee, typically
the human user, engages with the explanation provided by the AI system. The explainer’s
role is to interpret, understand, and contextualize the explanation within their domain of
expertise. This process is not straightforward, as it requires the human user to apply their

1Somemay argue that machine reasoning could also be worth exploring. I agree with this point, although
it falls outside the scope of the current thesis. Still, I consider this aspect for future in-depth analysis.



knowledge, experience, and judgment to interpret the information provided by the AI sys-
tem. The explainee’s role is critical in ensuring the explaining is understood, actionable,
and relevant to the decision-making process.

Sometimes, the role of the explainer is bifurcated between the AI system and the ex-
plainability tools. The AI system executes the decision-making process, while the tools
act as translators, making these decisions understandable to human users. This two-step
explanation process complicates the explainer’s role, as it introduces potential discrepan-
cies between themodel’s actual decision-making process and the tools’ representation of it.
The explainee’s role also becomes more challenging in this context. Human users must un-
derstand the explanations provided by these tools and their limitations and potential biases.
This requires higher critical thinking and awareness of the methods used for explainability.
Furthermore, some models often need iterative feedback between the explainee and the
explanation system. This iterative process helps refine and tailor the explanations to the
user’s needs and understanding. It underscores the dynamic nature of explainability in AI
systems, in which explanations are not straightforward or inherently clear.

In summary, the roles of the explainer and explainee are interdependent and collab-
orative. While the AI system generates the initial data, the human user plays a vital role
in diagnosing and applying this information. This collaboration is essential for the effect-
ive use and trust of AI systems, particularly in complex domains where decisions have
significant implications. The separation between the decision-making process and explan-
ation generation introduces multiple layers of responsibility. It requires a collaborative,
iterative approach among the AI system, the explainability tools, and the human users.
Understanding these dynamics is crucial for effectively implementing and trusting AI sys-
tems in complex, high-stakes domains.

3.8 Conclusions
In this chapter, by introducing formal terminology, I propose a novel theoretical frame-
work that provides order and opportunities for improved explanation design in the XAI
community. The framework allows for dissecting explanations into evidence (factual data
derived from themodel) and interpretation (a hypothesized function that describes how the
model utilizes the evidence). The explanation results from applying the interpretation to
the evidence and is presented to the target user through an explanation interface. These
features enable the design of more principled explanations by defining the atomic com-
ponents and the properties that enable their operation. There are three core properties: (i)
the explanatory potential for the evidence (i.e., how much of the model the evidence can
tell about); (ii) the faithfulness of the interpretation (i.e., whether the interpretation is true
to the decision-making of the model); (iii) the plausibility of the explanation interface (i.e.,
how much the explanation makes sense to the user and is intelligible). I demonstrate that
the theoretical framework can be applied to explanations from various methods that align
with the proposed atomic components.

The lesson learned from analyzing explanations within the context of the proposed
framework is that humans (both stakeholders and researchers) should be involved in the
design of explainability as soon as possible in the AI-powered software design process,
especially in sensitive application domains, where a blind application of black-box ap-
proaches hampers the right to an explanation. Involving stakeholders enables the proper
specification of each component of the theoretical framework of explainability and in-
forms model design. This theoretical formalization is a prerequisite for the methodolo-



gical pipeline introduced next. In particular, the constructs of evidence, interpretation,
and explanation form the analytical dimensions used to design and evaluate explainab-
ility in subsequent chapters. The following chapter operationalizes these concepts into
measurable components within real-world ML pipelines.



II
Framing Explainability in

High-stakes Domains
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4
Evaluating Faithfulness

This chapter is based on: M. Rizzo et al. ‘Evaluating the faithfulness of causality in
saliency-based explanations of deep learning models for temporal colour constancy’. In:

Explainable Arti~cial Intelligence. Ed. by L. Longo, S. Lapuschkin and C. Seifert.
Vol. 2155. Cham: Springer, 2024, pp. 125–142. ISBN: 978-3031637995. DOI:

10.1007/978-3-031-63800-8_7. URL:
https://doi.org/10.1007/978-3-031-63800-8_7

Building upon the theoretical framework established in the previous chapter, we now ad-
dress another research question of this thesis: How can explanations be systematically
evaluated? While the preceding discussion laid the conceptual foundations for under-
standing what constitutes an explanation and how it relates to evidence and interpretation,
this chapter operationalizes those ideas within a concrete empirical challenge. Evaluation
is not a peripheral task in XAI; it is the cornerstone that determines above all whether
explanations genuinely reflect models’ reasoning or merely simulate understanding. In
fact, faithfulness occupies a privileged position among the dimensions introduced in the
triple frontier of explainability. If intelligibility concerns the human accessibility of ex-
planations and aligns their ethical and contextual adequacy, faithfulness addresses the
epistemic integrity of the explanation itself: does it truthfully represent the mechanisms
underlying the model’s decision? A plausible but unfaithful explanation is not only scien-
tifically meaningless but also potentially dangerous, as it can foster misplaced confidence
in unreliable systems and distort decision-making in high-stakes domains.

This chapter tackles the problem of evaluating faithfulness by examining one of the
most widespread and intuitively appealing explanation artifacts for DL models: saliency
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maps. Saliency attribution methods aim to identify which parts of the input most strongly
influence the model’s output, often visualized as heatmaps. Yet, as Chapter 2 highlighted,
such visual explanations frequently conflate correlation with causation, offering plausible
narratives that fail to capture the model’s genuine reasoning. To address this limitation,
we develop a causality-oriented evaluation protocol. The proposed approach tests whether
saliency maps encode causal dependencies between input features and model predictions,
rather than merely statistical associations.

Through this lens, the following sections connect theoretical insight with empirical val-
idation, transforming faithfulness from an abstract desideratum into a measurable property
of modern DL explanation techniques.

4.1 The Seductive Plausibility of Saliency Maps
Saliency maps — heatmaps that highlight input pixels or regions deemed influential for a
model’s prediction — have become a staple of XAI, especially, but not only, in Computer
Vision (CV). Their appeal is immediate and intuitive: a highlighted lesion on a scan or the
bounding region of a detected object appears to answer the question “where is the model
looking?” and, by implication, “why did it decide this?”. This ease of visual interpretation
explains why saliency has been widely adopted by both practitioners and domain experts.

While saliency maps appear to offer direct insight into a model’s “reasoning”, they
in fact blur the distinction between visual intuition and epistemic explanation. An inter-
pretable visualization is not necessarily an explanatory one; it may reveal patterns that
humans can perceive intuitively without clarifying the causal structure underlying the
model’s decision. This distinction is critical for XAI, as visual explainability often relies
on cognitive biases— particularly the human tendency to attribute agency and intentional-
ity to systems that display structured patterns. Saliency, therefore, operates as a cognitive
interface as much as an analytical tool: it satisfies the feeling of understanding without
necessarily improving the fact of it.

Precisely because saliency explanations are visually compelling, they are also danger-
ously misleading. In practice, such maps are often interpreted as indicators of a model’s
attention, suggesting that the model “looks” at certain regions more than others. This
anthropomorphic reading is seductive but conceptually fragile: a visually plausible heat-
map may give the illusion of understanding where none exists. The literature surveyed in
Chapter 2 already warned that visual plausibility is often a poor proxy for faithfulness. A
saliency map that aligns with human expectation can still be unfaithful — that is, it can
suggest causal importance where none exists. A model may learn to rely on subtle con-
founders (watermarks, imaging artifacts, dataset-specific backgrounds), while a saliency
method highlights the “right” region for correlational reasons. As Chapter 5 demonstrates,
in high-stakes contexts such as medical diagnosis, this deceptive plausibility can lead to
misplaced trust and real-world harm.

The tension between visual plausibility and causal faithfulness reflects a broader meth-
odological gap in evaluating explainability methods. Most existingmetrics assess saliency
qualitatively — through expert inspection or alignment with human attention — rather
than by testing whether the highlighted regions are necessary for the model’s prediction.
As a result, plausibility-based validation tends to reinforce anthropocentric expectations
rather than reveal model-internal dependencies. A shift toward causal evaluation thus re-
quires not only different tools but also a reconceptualization of what counts as evidence
in an explanation.



There are three main issues that create a gap between plausibility and faithfulness in
model explainability. First, correlation can be mistaken for causation; saliency may em-
phasize features that are statistically linked to a label rather than the features that actually
drive the model’s computations. Second, many saliency methods are highly sensitive to
minor input changes or adjustments in model parameters that do not impact predictive
performance. This sensitivity suggests that the saliency maps reflect unstable heuristics
instead of robust causal relationships. Finally, it is possible to manipulate models or input
data so that saliency maps convey specific visual narratives, even when the model’s true
decision-making process differs substantially from the narrative presented.

These problems motivate the need for a causality-oriented evaluation of saliency: we
must determine whether a highlighted region is not merely correlated with, but causally
relevant to, the model’s output.

4.1.1 Scope: sequential (video) data and TCC as a testbed
Most foundational saliency research has targeted static images or token-level explanations
in NLP. Sequential data, and video in particular, introduce additional complications be-
cause temporal interactions (what happened in previous frames) and spatial features (what
appears in the current frame) jointly determine predictions. Prior work on attention and
its explainability in NLP and CV is informative but inconclusive when ported to temporal
audiovisual tasks [34, 83, 193, 166]. Empirical behaviors documented for single-frame
models do not automatically generalize to architectures that combine convolutional spatial
encoders with temporal recurrence (e.g., CNN+LSTM).

We therefore focus on TCC as a representative sequential vision problem. In TCC,
the task is to estimate the illuminant color affecting a target frame using information from
preceding frames; the application is practical (video color correction) and conceptually
suitable for causal testing because temporal dependencies are expected and explainable
(the illuminant is a physical property that evolves slowly across frames). Figure 4.1 il-
lustrates the typical CNN+LSTM pipeline used by current SotA methods (e.g., TCCNet
[143]).

Sequential data offer a natural laboratory for testing causal explainability. Temporal
dependencies imply directionality and contextual conditioning — core elements of causal
reasoning. Hence, TCC provides not only an applied benchmark but also a theoretically
appropriate setting to test whether saliency captures causal rather than merely statistical
relevance.

More broadly, temporal reasoning tasks such as TCC exemplify the next frontier for
explainability: models that integrate information across modalities and time are inherently
non-local, making the mapping between input and output both delayed and distributed.
Traditional saliency approaches, which assume an instantaneous relationship between a
single input and its prediction, are poorly suited for such settings. This motivates the
development of explanations that trace the propagation of influence over time — a shift
from static saliency to dynamic causal attribution.

4.1.2 What it means to “explain” in-model attention
To operationalize faithfulness for in-model mechanisms, we make explicit the two ele-
ments that constitute an explanation (Chapter 3): the evidence, namely the internal sig-
nals the network produces to weigh or prioritize features, and the interpretation, that is,



Figure 4.1: Example of CNN+LSTM architecture for the TCC task.

the semantic claim that these weights correspond to causal importance for the model’s
decision. A faithful explanation requires that this interpretation accurately mirrors the
model’s internal computational process.

In architectures that employ attention, such as those integrating LSTM-based temporal
reasoning, attention weights serve as dynamic selectors over representations. They mod-
ulate how much the model “focuses” on particular spatial or temporal components when
forming its output. Attention is thus an explicitly relational mechanism, as it defines
the relative importance of competing inputs or features. By contrast, the “confidence”
weights introduced in early CNN-based color constancy modules [78] are not comparat-
ive selectors but multiplicative scaling factors applied to feature channels. They quantify
the model’s estimated reliability for each feature map, thereby indicating how strongly a
channel contributes to the final output. While attention distributes emphasis across fea-
tures, confidence regulates the amplitude of individual contributions.

We adopt a working definition of a causal interpretation that unifies both mechanisms
under a common criterion. An evidence signal — whether attention or confidence —
is causally interpretable if deliberate interventions that alter highly weighted components
induce commensurate changes in themodel’s output, whereas interventions on low-weight
components do not. This definition transforms faithfulness from an intuitive notion of
plausibility into an empirically testable property grounded in causal inference.

This intervention-based definition aligns with recent trends in causal explainability,
which treat explanations as counterfactual claims rather than descriptive summaries. In
this view, a faithful explanation is one that remains valid under hypothetical manipula-
tion of the model or its inputs — an idea consistent with Pearl’s structural causal mod-
els and with the interventionist theories of explanation in the philosophy of science. By
grounding saliency evaluation in causal inference rather than in visual coherence, this ap-
proach bridges formal notions of explanation and the empirical practices of deep learning



research.

4.1.3 Research design and operational tests

To investigate these claims, we instrument the baseline CNN+LSTM architecture with
both attention and confidence mechanisms, applied independently to the spatial (CNN),
temporal (LSTM), and joint spatiotemporal components, yielding nine distinct model vari-
ants. We first verify that introducing these mechanisms does not materially affect predict-
ive accuracy, ensuring that any differences observed in causal behavior arise from explain-
ability structures rather than performance artifacts. We then conduct a series of controlled
intervention experiments, adapted from causal testing frameworks in NLP, to assess the
faithfulness of each model’s saliency representations within the TCC task.

This evaluation combines two complementary diagnostics. The first is a feature ab-
lation test, in which input regions or features that receive high attention or confidence
are selectively perturbed or removed, and the resulting change in the model’s output is
measured. Faithful causal explanations should produce larger output deviations when in-
fluential regions are disrupted. The second diagnostic, counterfactual reweighting, ma-
nipulates the internal saliency weights directly—amplifying, suppressing, or nullifying
them—while keeping inputs constant. If the model’s output changes in accordance with
these weight manipulations, the saliency signals can be regarded as causally faithful. To-
gether, these tests move evaluation beyond descriptive alignment toward empirical falsi-
fication of causal claims.

Importantly, these tests do not presume that causal faithfulness is an intrinsic property
of saliency; rather, they treat it as an empirical hypothesis subject to falsification. This
stance introduces a measure of epistemic humility: rather than assuming that visual ex-
planations reveal the model’s inner workings, we explicitly test whether they do. Such
falsification-based protocols transform explainability research from a rhetorical practice
— producing visually pleasing heatmaps — into an experimental science of model inter-
pretation.

4.1.4 Contributions and expected gains

This chapter advances explainability research in three ways. First, it extends causal faith-
fulness diagnostics, originally developed for NLP and static vision models, to sequential
video analysis, using TCC as an exemplar domain where temporal dependencies make
causal reasoning both tractable and interpretable. Second, it provides a systematic com-
parison between attention-based and confidence-based saliency mechanisms across spa-
tial, temporal, and combined settings, mapping the conditions under which each form
of in-model saliency more reliably reflects causal relevance. Third, it adapts and val-
idates intervention-based evaluation protocols for CNN+LSTM architectures, offering a
principled alternative to purely visual inspection and enabling reproducible, quantitative
assessments of explainability in temporal vision systems.

The sections that follow detail the model variants and datasets, formalize the interven-
tion protocols, and present both quantitative and qualitative results. These findings are
then discussed in light of broader theoretical concerns about faithfulness, intelligibility,
and alignment introduced in previous chapters.



4.2 Related Work

Prior studies on computational color constancy, which primarily focus on single images,
have briefly explored the role of attention in improving accuracy but have not examined
explainability in depth [199, 206]. This work also investigates the confidencemethod, first
introduced by Hu et al. [78] for single-frame color constancy, which improves accuracy
and suggests potential for explainability.

We assess these in-model saliency methods by the faithfulness of their causal interpret-
ations. Following the framework proposed in Chapter 3, we categorize saliency weights
as evidence, their causal relation of importance to the model output as interpretation, and
the highlighted input components as explanation. However, evaluations of saliency-based
explanations’ faithfulness, particularly in video data, are scarce and often lack a clear dis-
tinction between evidence, interpretation, and explanation [166, 83, 193].

In this thesis, we extend two tests proposed by Wiegreffe & Pinter [193] to video
data. These tests evaluate the faithfulness of attention in NLP tasks by adapting them
to assess the causal interpretation of the saliency scores. The first test (WP1, based on
the original authors’ initials, hereafter) is designed to assess whether attention weights
have a meaningful impact on task accuracy. The second test (WP2 from now on) aims
to determine whether attention weights embed information about the relationships among
input timesteps. Details on these tests are provided in section 4.4.

Before Wiegreffe & Pinter [193], Jain & Wallace [83] proposed two different tests
to evaluate the faithfulness of attention in NLP tasks. One test compares with alternat-
ive measures of input feature importance, e.g. gradient-based measures, assuming that
attention-based importance is faithful if the feature importance weights it generates highly
correlate with those generated by the other measures. We do not consider this test because
it relies on the unverified assumption that the alternative feature importance measures are
accurate. The second test examines whether replacing the learned attention weights with
different distributions affects model predictions. It is assumed that if this change does not
affect prediction, then the weights are not involved in the decision process. Thus, they
cannot provide faithful explanations of such a process. This test complements WP1, men-
tioned above, by verifying the importance of learning weights via the attentionmechanism,
whereas WP1 suggests that any weights play a role in the decision process.

The subsequent tests conducted by Serrano & Smith [166] aim to understand how
well attention weights represent the importance of the encoded input components. This is
achieved by setting specific weight values to zero and observing the impact on predictions.
Their findings indicate that attention weights are poor indicators of the importance of
encoded input components. However, their methodology is limited to plotting trends and
lacks a quantitative assessment of model success. These are common issues across the
existing evaluations of faithfulness [83, 193, 166], which we address when applying the
WP1 and WP2 tests from Wiegreffe & Pinter [193] to the TCC task.

In contrast to these prior studies, this contribution is both methodological and con-
ceptual: we reinterpret saliency evaluation through the lens of causal faithfulness, thereby
bridging disparate diagnostic traditions (gradient-based, attention-based, perturbation-based)
under a unified epistemic criterion.



4.3 Proposed Neural Architectures

To rigorously evaluate saliency faithfulness in TCC, we experimented with nine distinct
CNN+LSTMmodels encompassing three dimensions: Spatial (S), Temporal (T), and spa-
tiotemporal (ST). This study also investigated two saliency types, attention (A) and confid-
ence (C), with particular interest in their potential to enhance explainability. Additionally,
we explored a hybrid approach, denoted as CA, which integrates confidence for spatial
information and attention for temporal aspects, aligning with their initial design purposes
[78, 10].

The CNN+LSTM architecture (depicted in Figure 4.1) includes a spatial saliency mod-
ule that processes each CNN-encoded frame Xi and learns a mask MSi. The sequence
of masked encoded frames, XMS = X ·MS, is then input into the ConvLSTM, which is
equipped with a temporal saliency mechanism that learns a temporal mask,MTi. The out-
put from this process is a series of temporally encoded timesteps Yi weighted as Y MT =
Y ·MT . After processing through a Fully Connected (FC) layer, this output is utilized for
illuminant prediction and subsequent color correction of the last frame in the sequence.

The implementation of attentionmodules, both spatial and temporal, was adapted from
Meng et al. [122]. Spatial attention is learned through a three-layer CNN module that
reduces the feature maps to a single channel, using batch normalization and ReLU activa-
tions in the first two layers, followed by a Sigmoid activation in the final layer. Temporal
attention involves computing the Softmax over the outputs of two feed-forward neural
networks, which are jointly trained with the rest of the system. At each timestep, the tem-
poral attention mechanism considers every timestep in the encoded sequence XMS

i and
the previous hidden state Ht−1, resulting in a weighted sum of features from all frames
fed into the ConvLSTM.

For confidence, it is spatially oriented, as in its original conceptualization for single-
frame computational color constancy [78], learned as an additional channel alongside fea-
ture maps, and used to weight the encoded images. Temporal weights are derived by
averaging the values of spatial confidence masks, which correlate with the accuracy of
single-frame predictions [78].

Both attention and confidence can be visualized through heatmaps (Figure 4.2), provid-
ing intuitive insights into the influential input features that affect model predictions. This
study builds upon earlier TCC research employing CNN+LSTM models [143] and is a
fundamental exploration of in-model saliency in neural networks. Future research will
expand this analysis to more complex deep-model designs, such as transformers.

4.4 Original Methodology of the Tests

The original test methodology refers to “attention” and is thus reported in these terms, even
though this analysis also involves “confidence” saliency. Faithfulness is investigated in
terms of the interpretation that saliency scores have a causal relation of importance to the
model output.

Test WP1 is designed to assess the role of attention in enhancing the accuracy of deep
neural architectures for specific tasks and datasets. It particularly examines whether the
attention mechanism contributes to more accurate predictions, a key factor in assessing its
faithfulness in a model’s decision-making process. The concept of faithfulness here refers
to how well the attention mechanism reflects the model’s actual computational process in



Figure 4.2: Saliency heatmaps for attention and confidence.

making decisions.
In WP1, the performance of a contextual model denoted as MC is evaluated in two

scenarios: (i) using its standard learned saliency weights (MC
C ), and (ii) using an alternat-

ive version with randomly assigned uniform weights (MC
U ). The contextual model, MC ,

typically includes a recurrent layer, such as an LSTM, to model temporal dependencies
among input components, in contrast to a Non-Contextual (NC) model that uses linear
layers. The effectiveness of the attention mechanism is validated if MC

C achieves higher
accuracy than MC

U . If MC
C outperforms MC

U , then attention plays an active role in the
model’s decision-making, making it a candidate for further investigation regarding its
faithfulness. Conversely, if MC

C does not surpass MC
U , attention may not significantly

contribute to the decision-making process, thus questioning its faithfulness. This test es-
tablishes a necessary condition for faithfulness, setting the stage for the subsequent WP2
test.

Test WP2 delves deeper into the contextual nature of attention. It investigates whether
the saliency weights learned by the attention mechanism encode contextual information
about the input components. Contextual information here refers to the understanding of
how different parts of the input relate to one another and to their collective impact on
the model’s output. WP2 tests this by replacing the weights in a Non-Contextual model
(MNC)—one that does not naturally capture temporal or sequential relationships—with
weights learned by a contextual model (MC). The aim is to see if introducing these con-
textual weights into a non-contextual setting enhances the model’s decision-making pro-
cess, as reflected by improved accuracy. This is measured by comparing the perform-
ance ofMNC with contextual weights (MNC

C ) against both its original performance with
non-contextual weights (MNC

NC ) and the baseline uniform weights performance fromWP1
(MC

U ). A positive result in WP2 suggests that the attention mechanism is not merely
learning random weights; instead, it captures and transfers valuable contextual inform-
ation from MC to MNC . This outcome reinforces the role of attention in highlighting
crucial parts of the input, leveraging an understanding of the relationships among these



components—i.e., the contextual information. The comparison is made fair by training
the linear layers inMNC alongside the other layers, ensuring an equitable basis for assess-
ing accuracy between contextual and non-contextual models.

4.5 Method

To bolster the robustness of this work’s faithfulness evaluations in TCC, this study incor-
porated a four-fold cross-validation using diverse training-test splits of the TCC dataset
[143]. This methodological choice was driven by the need to balance the sizes of the train-
ing and testing samples, given the overall dataset size. Consequently, the findings are
reported as mean values and standard deviations across these splits. A significant part of
this analysis focused on the Mean Angular Error (MAE), a metric selected to concisely
capture the central tendency of angular errors in predicting illuminants (see the supple-
mental material for additional metrics).

For WP1, this approach compared the performance of models using learned saliency
(MC

C ) with that of models employing frozen random uniform weights (MC
U ). This com-

parison was conducted using paired t-tests, with p-values adjusted through the Benjamini-
Hochberg method to account for multiple comparisons. In the context of WP2, we con-
ducted ANOVA tests with MAE as the dependent variable. Factors in these tests included
the dimension of saliency (spatial, temporal, or spatiotemporal), the type of saliency (at-
tention, confidence, or combination), and the nature of weights used in inference (random
uniform, contextual, or non-contextual). The results from these ANOVAs were further
refined through post-hoc analysis using the Tukey-HSD data method. Additionally, the
magnitude of the effects in both t-tests and ANOVAs was quantified using Cohen’s d, a
statistical measure of effect size.

The proposed methodology also examined the divergence between sets of saliency
weights, particularly when models of identical architecture but with different saliency
weights were compared. This divergence was measured using the Jensen-Shannon Di-
vergence (sequential data) for temporal saliency distributions and a combination of binary
cross-entropy, structural similarity index, and intersection over union for spatial diver-
gence. This combined approach enabled us to evaluate divergence at the pixel, patch, and
feature-map levels.

The interplay between saliency weights divergence and model accuracy becomes par-
ticularly pertinent when no significant difference in accuracy is observed between models.
In such cases, we identified three distinct scenarios: (i) a significant discrepancy in accur-
acy regardless of saliency weight divergence, (ii) a minimal difference in accuracy accom-
panied by substantial divergence in saliency weights, and (iii) both minimal differences
in accuracy and saliency divergence. In scenarios (i) and (ii), the absence of a notable
accuracy difference likely indicates that saliency weights do not play a significant role
in the model’s decision-making process. In contrast, scenario (iii) necessitates additional
investigation to ascertain whether the observed pattern is due to the saliency not being
faithful to its intended causal interpretation, potential model overfitting, or a ceiling effect
resulting from the simplicity of the task.



4.6 Results
In this section, we discuss how the saliency-augmented models compare to the baseline
in terms of accuracy. Then, we examine the faithfulness of the generated saliency maps
in relation to their causal interpretation. We apply the two selected tests for faithfulness
(WP1 and WP2) to three saliency types across three dimensions of a saliency-augmented
CNN+LSTM architecture. The saliency types are Confidence (C), Attention (A), and a
combination of both (CA). The dimensions are Spatial (S), Temporal (T), and Spatiotem-
poral (ST).

4.6.1 Preliminary Accuracy Investigation
While making a neural model more transparent by modifying its architecture, we would
like its accuracy to remain unaltered (or possibly to increase). With this premise in mind,
we analyze the impact on the accuracy of augmenting a CNN+LSTM architecture with a
saliency mechanism. Specifically, we examine how the nine proposed saliency models
compare against a baseline CNN+LSTM that does not incorporate saliency mechanisms
in terms of MAE. Despite all models performing worse than the baseline in absolute terms,
this trend was not significant under t-tests. The small effect sizes for attention spatiotem-
poral, attention temporal, and confidence temporal (A-ST, A-T, and C-T) indicate that
these models are likely to be equivalent to the baseline in terms of accuracy. More details
on these results are available in the supplemental material.

4.6.2 Test WP1
Figure 4.3a compares theMAE achieved by models using either random uniformly distrib-
uted saliency weights (MC

U ) or saliency weights derived from learned model parameters
(MC

C ). In terms of sheer numbers, we observe that the error achieved by models using
random, uniformly distributed weights is always higher than that achieved by models us-
ing weights derived from learned model parameters. This trend is particularly pronounced
when spatial confidence is incorporated into the evaluation. Running t-tests followed by
Benjamini-Hochberg adjustments for multiple comparisons confirms that the trend is stat-
istically significant (p-value < 0.05) for each of the examined configurations. Moreover,
the corresponding effect sizes are substantial (Cohen’s d > 1). Thus, all nine of the pro-
posed models pass test WP1. This means that the learned saliency scores convey valuable
causal information to the model, enabling accurate predictions. Accuracy is sensitive to
manipulation of the saliency distribution.

Figure 4.3: Plot of MAE values for Test WP1 (a) and Test WP2, comparison (i) (b) and
(ii) (c).



Figure 4.4: Summary table of the results of tests WP1 and WP2.

4.6.3 Test WP2
We remark that test WP2 is passed if the MAE achieved by the non-contextual model us-
ing saliency weights derived from a contextual model (MNC

C ) is lower than (i) the MAE
achieved by the non-contextual model using weights derived from its learned parameters
(MNC

NC ), and (ii) the MAE achieved by the contextual model using frozen uniformly dis-
tributed saliency weights (MC

U ). We performed these two comparisons for each of the
nine proposed saliency models using the contextual model as the reference. Figure 4.3b
presents the MAE values for comparison (i) for the considered saliency types and dimen-
sions concerning the type of weights the model uses.

The bar chart shows that (i) holds for spatial attention, spatial confidence, combined
spatial attention and confidence, and spatiotemporal (A-S, C-S, CA-S, C-ST). For the other
configurations, we need to check if the lack of a significant difference could be due to low
divergence in the saliency masks generated by the non-contextual model using learned
saliency weights (MNC

NC ) and the non-contextual model using saliency weights imposed
from the contextual model (MNC

C ). We examine the relationships between accuracy and
the generated saliency masks for the temporal and spatiotemporal models, interpreting
them as discussed in §4.5. For all of the considered models, saliency divergence is high
(i.e., Divtemp > 0.7, Divspat > 125), which suggests that the low difference in accuracy
is not due to saliency weights being very similar, but instead to them not being involved
in the decision-making process of the model in terms of causal interpretation. Therefore,
we do not consider these models in (ii).

As shown by the plot in Figure 4.3c, comparison (ii) holds for confidence spatiotem-
poral, confidence spatial, and confidence and attention combined spatial (C-ST, C-S, CA-
S). Thus, these models pass the testWP2. On the other hand, comparison (ii) does not hold
for attention spatial (A-S). In this case, the model’s contextual architecture has a greater
impact on accuracy than the saliency mechanism.

4.6.4 Discussion
Figure 4.4 summarizes the results of the accuracy analysis and the two tests for the nine
models. First, we note that the temporal dimension is present in all three top-performing
model configurations, indicating that this aspect of saliency is crucial for accuracy. How-
ever, no model appears faithful to this causal interpretation when using only the temporal



dimension. An intuitive justification for this phenomenon can be observed by noting that
temporal saliency tends to focus on a few frames within a sequence. This means that a
significant amount of potentially relevant spatial information is discarded. Thus, a model
might learn not to actively use temporal saliency in its decision-making process to preserve
accuracy.

Second, we observe that spatial confidence is present across all configurations that
pass the two assessments, suggesting that this saliency dimension and type support the
faithfulness of the causal interpretation. This might be because confidence scores are
jointly learned with the other feature maps and are therefore more closely integrated into
the model’s internal decision-making process. On the other hand, attention configurations
never succeed in upholding faithfulness. The crucial difference between attention and
confidence is that a separate ad hoc convolutionalmodule learns the former, while the latter
is learned as an additional feature map. As a result, the attention model is more complex
(i.e., has a more significant number of trainable parameters, ∼x3). Attention networks
may become sufficiently complex to achieve high accuracy while ignoring saliency in
their decision-making. That is, there could be a trade-off between model complexity and
the causal interpretation of saliency. A model may be sufficiently complex to solve the
task effectively, but introducing additional parameters can lead to a ceiling effect, limiting
its performance. In this case, the model could still fulfill the target task without fully
leveraging its complexity, regardless of the learned saliency weights.

These empirical observations support the theoretical claim that faithfulness should be
regarded as an epistemic, rather than aesthetic, property of explanations. Spatial confid-
ence mechanisms appear to encode evidence more tightly coupled to the model’s decision
process, achieving greater faithfulness under causal testing. Attention, by contrast, offers
higher intelligibility (clearer heatmaps) but weaker epistemic alignment. This dissoci-
ation between faithfulness and intelligibility mirrors the tension explored in Chapter 3,
underscoring the need for evaluation methods that integrate both dimensions rather than
optimizing for one.

4.7 Conclusions
In this study, we explored in-model saliency methods, particularly attention and confid-
ence, in the novel context of video-based illuminant estimation, focusing on their faithful-
ness in influencing model predictions. This assessment covered three dimensions: spatial,
temporal, and spatiotemporal. We adapted two tests from previous NLP research to eval-
uate the causal relationship between saliency scores and model predictions. We enhanced
the methodology by incorporating statistical analysis and examining saliency-weight di-
vergence. The findings suggest that spatial and spatiotemporal confidence may be faithful
to their causal interpretation, whereas attention models generally fail these tests. This
aligns with previous research that has questioned the reliability of attention as an explan-
atory tool for causal interpretation. On the other hand, the promising results achieved by
confidence highlight the importance of integrating in-model saliency to drive faithful caus-
ality in explanations. Additionally, this accuracy analysis showed that temporal models
tend to perform better.

However, this study has limitations, primarily due to its restriction to a single task
and dataset, which challenges the generalizability of the results. Future work will expand
these assessments to a broader range of datasets and tasks, including those from the NLP
literature, and explore diverse model architectures, such as transformers and different at-



tention methods (e.g., roll-out and flow [1]). We acknowledge the need to establish a clear
threshold to distinguish a test’s failure due to insufficient divergence in saliency weights.
Additionally, we plan to investigate other properties, such as robustness and plausibility.
Despite these limitations, this research provides a foundational analysis of the faithfulness
of in-model saliency in the TCC task, addressing methodological gaps in previous studies.

This chapter demonstrates that causal evaluation of in-model saliency provides a prin-
cipled path forward. By grounding empirical analysis in the theoretical framework of
faithfulness, it transforms the assessment of explanations from a subjective visual judg-
ment into an evidence-based, interventionist methodology. The next chapter builds on
this foundation by exploring how such insights can be scaled and integrated into broader
evaluation pipelines. These pipelines also account for intelligibility and alignment, com-
pleting the multidimensional evaluation of explainability introduced in this thesis.





5
Assessing the Medical Stakes of
Explainable Arti~cial Intelligence

This chapter is based on: G. Frasson et al. ‘Assessing the value of explainable arti~cial
intelligence for magnetic resonance imaging’. In: Explainable arti~cial intelligence. xAI

2025. Ed. by R. Guidotti, U. Schmid and L. Longo. Vol. 2576. Communications in
Computer and Information Science. Cham: Springer, 2026, pp. 320–334. ISBN:

978-3032083166. DOI: 10.1007/978-3-032-08317-3_20

The trajectory of this thesis now turns from the conceptual andmethodological foundations
of explainability to their empirical examination within domains of profound social stakes.
Inmedicine, a single misinterpreted or unjustified AI decision can have consequences far
beyond just affecting prediction accuracy. In such settings, explainability becomes not
merely a desirable feature but a prerequisite for trust and accountability.

Nowhere is the demand for trustworthy AI more acute than in healthcare. As predict-
ive models increasingly assist clinicians in diagnostic and prognostic decision-making,
the intelligibility of their outputs becomes essential for their integration into medical prac-
tice. This chapter examines both the application and the value of XAI in this context,
emphasizing that what makes an explanation successful is not only its faithfulness to the
model’s reasoning, but its capacity to contribute to trustworthy and accountable human
decision-making.

This chapter begins by addressing our research question: What explanation proper-
ties are needed for the effective deployment of AI? Specifically, it investigates this matter
within a critical context where explainability intersects with human expertise and institu-
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tional responsibility. The case study presented here focuses on the analysis of MRI data, a
paradigmatic example of complex input in which model performance is deeply entangled
with the clinician’s capacity to understand, evaluate, and act on algorithmic outputs.

5.1 The Unique Challenge of Clinical Adoption

Where previous chapters have focused on the formal and epistemic dimensions of explan-
ation — its faithfulness — the clinical domain foregrounds a distinct, human-centered
dimension of value. In this context, an explanation must operate as a communicative act
between the model and the clinician. Its adequacy is therefore determined not solely by in-
ternal faithfulness, but by its pragmatic alignment with the clinician’s diagnostic process.

The explanatory object here is not abstract: it must support concrete decisions under
uncertainty. For an explanation to be meaningful, it must render the model’s reasoning in-
telligible, offering insights that can inform differential diagnosis or guide further investig-
ation. It must also be aligned, structured to integrate with the inferential routines of expert
radiologists, rather than introducing exotic artifacts. Finally, it must be trust-calibrating,
allowing the clinician to gauge when reliance on the AI is warranted and when caution is
appropriate. MRI offers a particularly stringent test of these demands. Its interpretative
complexity— arising from subtle anatomical variations and context-dependent diagnostic
cues — renders it an ideal proving ground for assessing whether explainability can mean-
ingfully mediate between model reasoning and clinical understanding.

5.2 Assessing the Value of Explainability for MRI

It goes without saying that AI has revolutionized medicine in recent years, driving signi-
ficant advancements across diverse domains, from drug design and discovery [185, 126]
to clinical decision support [171, 85]. In particular, AI has demonstrated remarkable po-
tential as a decision-support tool in medical diagnostics [131, 136]. A study by McKinney
et al. [117] reported that an AI system for breast cancer diagnosis, used to interpret mam-
mograms, reduced false positives and false negatives by 5.7% and 9.4%, respectively.
Multiple studies have observed that AI systems can outperform human experts in specific
diagnostic tasks, thereby enhancing physicians’ capabilities through assisted analysis. For
instance, Kim et al. [93] demonstrated that an AI system is more sensitive in diagnos-
ing breast cancer than radiologists, effectively identifying early-stage cases. Similarly,
Haenssle et al. [67] showed that their AI model achieved superior diagnostic performance
for melanoma cases, outperforming most, though not all, dermatologists involved in the
study.

Despite these promising results, the widespread adoption of AI in clinical practice is
hindered by a critical challenge: physicians are unlikely to trust an algorithm’s decision
without a clear understanding of its reasoning process. Thus, the topic of XAI is par-
ticularly sensitive in medicine, where ethical considerations and regulatory frameworks
necessitate accountability and fairness. For example, the European Union’s General Data
Protection Regulation (GDPR, Article 15) and AI Act grant patients the right to under-
stand how and why decisions affecting them are made. A comprehensive review by Van
der Velden et al. [179] examines explainability methods applied to medical imaging across
anatomical regions, emphasizing the growing importance of XAI in healthcare.



This study focuses on DL-based analysis of MRI scans to diagnose Distal Myopathys
(DMs), a rare Neuromuscular Disease (NMD). Radiological diagnosis of this condition re-
quires significant expertise, as early-stage cases often exhibit subtle tissue alterations that
are challenging for less-experienced observers to detect. AI systems can assist radiolo-
gists by identifying these patterns and providing supporting evidence for their predictions.
This thesis aims to move beyond classification by generating explanations that clarify the
rationale for the model’s decisions and by investigating their effectiveness. Notably, the
existing literature presents several gaps: (1) current explainability methods forMRI-based
diagnosis have primarily focused on common diseases with large datasets, with limited at-
tention given to rare conditions such as DMs; (2) existing saliency-based methods often
generate noisy, low-resolution explanations that are difficult for clinicians to interpret;
and (3) few studies have evaluated the practical clinical relevance of XAI outputs through
direct user studies with radiologists. To address these gaps, I introduce two novel explain-
ability techniques tailored to the MRI-based diagnosis of rare neuromuscular disorders: a
hierarchical occlusion method and an ensemble explainability strategy. The hierarchical
occlusion provides a multiscale view of regional importance by systematically masking
image patches at multiple resolutions, thereby improving the localization and clarity of the
model’s attention. The ensemble explainability strategy aggregates multiple explanation
maps to produce more robust and stable outputs, thereby reducing artifacts and enhancing
explainability. I benchmark these approaches against SotA methods and conduct a user
study with expert radiologists to validate the clinical utility of the resulting explanations.
Their feedback assesses the trustworthiness, explainability, and usability of AI-generated
explanations, providing critical insights into their potential adoption in real-world medical
practice.

While high diagnostic performance is necessary, it is insufficient for clinical adoption
without transparency. The theoretical framework in Chapter 3 treats explainability as a
relational process among the model, its outputs, and the human explainee. ForMRI-based
diagnosis of rare NMDs, XAI should not only surface predictive features but also align
with radiologists’ reasoning and domain knowledge. This study operationalizes these prin-
ciples by embedding human-centered evaluation into the design and assessment of explain-
ability.

The following research questions drive the study:

• RQ1: How accurately canDLmodels classifyMRI scans for DMs, andwhat factors
influence their misclassification?

• RQ2: How do expert radiologists perceive AI-generated explanations and their clin-
ical relevance?

• RQ3: How does the radiologist’s experience impact the understanding and trust in
explainability techniques?

• RQ4: What improvements are needed to enhance AI explainability for clinical ad-
option?

The code for the study is publicly available at https://github.com/matteo-rizzo/xai-for-
mri.



5.3 Theoretical Framing of the Problem

This empirical study operationalizes the theoretical framework defined in §3.4. This be-
gins by explicitly framing the explanatory process of clinical decision support in terms of
explainer, explaining, and explainee. Within this paradigm, the explainer is not merely
the AI model but a human–machine composite in which domain expertise, model design,
and raw computational outputs converge. The explaining mediates this relationship: it
structures and contextualizes the evidence into a form interpretable by the explainee, em-
bedding both evidence and its interpretation in a coherent, actionable explanation. The
explainee, in turn, is the clinician who engages with the explanation, understands it, and
integrates it into their diagnostic reasoning.

In the study, the evidence is derived from a DL model trained to classify MRI scans
according to the presence of specific pathologies. The evidence extractor includes internal
mechanisms of the examined methods, based on saliency maps and gradient-based attribu-
tions, which generated information about which anatomical regions influenced themodel’s
predictions. The explaining process then transformed this evidence into a saliency map
overlaid on the MRI scan, thereby conveying insights into the model’s decision-making.

Expert radiologists served as both explainees and evaluators. They were tasked with
assessing explanations based on four human-centered axes: (i) the usefulness of the high-
lighted area for diagnosis, (ii) the appropriateness of the highlighted region’s size, (iii) the
ease of interpretation, and (iv) the perceived diagnostic reliability. This framing emphas-
izes that explanations are both relational and context-dependent. Especially in the clinical
context, the practical utility of an explanation depends not only on algorithmic faithful-
ness but also on the alignment between the explanation and the explainee’s diagnostic
practices. In this view, XAI plays a dual role: it reveals the model’s internal reasoning
while simultaneously guiding the clinician’s understanding and calibrating trust.

To ensure that the generated explanations are plausible and understandable, the sys-
tem must be designed to actively consider stakeholder needs. For this medical use case, a
preliminary analysis of the radiologists’ diagnostic workflow and clinical needs was con-
ducted prior to the evaluation. This initial needs assessment informed the selection of the
human-centered evaluation axes (usefulness, appropriateness, ease of interpretation, and
reliability). The subsequent user study serves as a post-analysis to assess how well the
XAI outputs align with the established preliminary requirements.

5.4 Related Work

NMDs comprise a vast and heterogeneous group of pathologies affecting muscles and the
nerves that control them. These conditions manifest in childhood and adulthood, present-
ing significant diagnostic challenges due to their variable clinical features. Diagnosis
involves an evaluation of the patient’s history and symptoms, supplemented by instru-
mental examinations, including electromyography, muscle imaging, genetic analyses, and
a muscle biopsy.

Recent research has explored the potential of AI to improve diagnostic accuracy for
NMDs. Pineros et al. [140] and related work on muscle MRI [144] underscore the utility
of AI in this domain. Verdù-Dìaz et al. [183] analyzed patterns of muscle fatty replace-
ment in T1-weighted MRI scans of 976 pelvic and lower limb scans—quantifying fatty
infiltration with the Mercuri score and applying a Random Forest classifier—to achieve



an accuracy of 95.7% compared to experts. Yang et al. [201] developed a model for
differentiating dystrophinopathies from other muscular diseases using 432 thigh-focused
MRI cases. The ResNet50 architecture achieved 91% accuracy, surpassing expert dia-
gnoses that ranged from 80% to 84%. Complementary studies include Felisaz et al. [49],
who compared multiple Machine Learning (ML) models for predicting fat fraction and
muscle water T2 from MRI texture analysis, and Fabry et al. [47], who employed a 1-
Lipschitz neural network on whole-body MRI examinations to distinguish facioscapulo-
humeral dystrophy from myositis with accuracies between 69% and 77%. While these
studies demonstrate the promise of AI in diagnosing NMDs, they also highlight a critical
gap: the explainability of model predictions. Only a few works, notably Yang et al. [201],
have integrated explainability techniques into their models. This gap motivates the sys-
tematic exploration of XAI methods under rare conditions, such as DM. XAI encompasses
a range of techniques and methodologies for interpreting the decision-making processes
of complex models, particularly deep neural networks, which are often regarded as opaque
black boxes. Despite their impressive predictive performance, these models lack transpar-
ency, which hinders their clinical adoption. The field of XAI remains underdeveloped,
lacking a universally accepted taxonomy—a situation partly attributed to divergent defin-
itions of explainability and interpretability. In this work, I adopt the taxonomy proposed
by Linardatos et al. [108], which categorizes methods by dimensions such as model spe-
cificity (model-specific vs. model-agnostic) and explanation scope (local vs. global).

Among the well-established approaches for XAI, Class Activation Maps (CAMs) and
their extensions have received significant attention. CAMs, introduced by Zhou et al.
[209], are post-hoc, local, and model-specific techniques that visualize the discriminative
regions used by a CNN to make predictions. By performing global average pooling on
the final convolutional feature maps and projecting the resulting weights back onto these
maps, CAM highlights the regions most influential to the final decision. However, this
method is limited to specific network architectures and only provides explanations from
the last convolutional layer. To address these limitations, GradCAM [165] was developed.
GradCAM extends CAM by incorporating the gradients of the class score with respect to
feature maps from any convolutional layer, thereby generating a class-discriminative loc-
alization map through global averaging of these gradients. Nonetheless, GradCAM may
struggle to accurately localize multiple instances of an object within an image. Grad-
CAM++ [21] refines this approach by computing a weighted average of the pixel gradi-
ents, while HiResCAM [43] further improves explanation fidelity by highlighting only
the regions actively contributing to the class score. Comparative analyses indicate that
GradCAM tends to produce broader explanations, whereas GradCAM++ and HiResCAM,
mainly when applied to architectures such as ResNet50v, may occasionally highlight ex-
traneous background regions—though HiResCAM consistently yields more focused and
detailed explanations.

In a contrasting paradigm, SHAP [112] adopts a game-theoretic perspective to assign
an importance value to each input feature based on its marginal contribution to a predic-
tion. As a post-hoc, model-agnostic method, SHAP approximates complex models with
an additive explanation model that satisfies properties such as local accuracy, missingness,
and consistency. Despite the computational challenges inherent in computing exact Shap-
ley values, practical approximations have made SHAP a powerful tool for both local and
global explainability.

Another noteworthy approach within XAI is occlusion, a sensitivity-analysis method
that assesses the impact of masking specific input regions on model predictions. Initially



introduced by Zeiler et al. [204], occlusion systematically masks parts of an input image
using a sliding window, thereby identifying regions whose absence leads to a significant
decrease in prediction confidence or a change in classification outcome. Although concep-
tually straightforward, occlusion is computationally intensive, requiring multiple forward
passes through the network. Thus, careful selection of parameters such as window size,
stride, and occlusion value is crucial; larger windows reduce computational cost at the ex-
pense of granularity, while smaller windows offer finer resolution but require more com-
putations. Occlusion is particularly relevant to this thesis, as I propose a novel occlusion
algorithm that operates at multiple levels of granularity.

Collectively, these approaches— from CAM-based visualizations to SHAP and occlu-
sion methods—provide a robust foundation for interpreting the decisions of complex DL
models. These strategies form the basis of the ensemble method presented in this thesis.

5.5 The Use Case: Distal Myopathies

In the context of NMDs, the utility of muscle MRI has already been assessed in the dia-
gnostic work-up and in monitoring the progression of muscle involvement. Given the rar-
ity of these disorders, a thorough clinical, histological, and imaging investigation should
be performed, as the clinical heterogeneity and broad genetic spectrum often make a spe-
cific molecular diagnosis difficult. In this scenario, muscle MRI is helpful for identifying
distinct patterns of muscle involvement. Nonetheless, such clinically and genetically het-
erogeneous conditions require knowledge of radiological characteristics associated with
distinct genetic mutations to improve diagnostic accuracy. Specific patterns are most read-
ily identifiable in patients with mild phenotypes, in which individual muscles are select-
ively affected. In contrast, extensive and severe muscle involvement, as well as very mild
and initial involvement, do not allow for clear pattern detection, even if an expert radiolo-
gist can identify them. For this purpose, various AI approaches can be implemented to
enhance diagnostic performance, and their explainability will be discussed in this work.

5.5.1 Dataset

The proprietary dataset used in this study comprises 529 T1-weighted MR images of the
lower limbs, with one image per patient for each side. It comprises seven patients with
DM and six healthy controls. To augment the dataset, each image is split into two cor-
responding to the left and right lower limbs. Although this division could introduce bias,
mainly when the disease affects only one side, consultation with an experienced radiolo-
gist confirmed that the benefits of a larger dataset outweigh this risk. An example of an
affected lower limb is shown in Fig. 5.1a, while an example of a healthy lower limb is
presented in Fig. 5.1b. A side-by-side comparison of both cases can be seen in Fig. 5.1.

While the dataset includes only a limited number of patients, this limitation is inherent
to the epidemiological rarity of DMs. Currently, there are no large, publicly available
MRI datasets specifically tailored to DMs that provide the stringent clinical annotations
and imaging consistency required for this rigorous XAI evaluation. Consequently, the
scope of this work was deliberately restricted to this proprietary dataset. Although small,
it ensures a high-quality, expert-validated ground truth that would be impossible to achieve
by aggregating heterogeneous, weakly labeled public data.



(a) (b)

Figure 5.1: Comparison of affected (a) and healthy (b) lower limb MRI scans.

5.5.2 Preprocessing

The applied preprocessing pipeline is illustrated in Fig. 5.2. Central to the pipeline is a
cropping algorithm that extracts the minor crop that encloses the patient’s body from each
MRI. Initially, the algorithm enhances the image contrast using Contrast Limited Adapt-
ive Histogram Equalization (CLAHE) [141] to address the uneven brightness and contrast
inherent in the original MRI scans. The enhanced image is then binarized by applying a
threshold at the mean intensity, which isolates the image’s significant regions. Despite
producing a clear binary outline of the patient’s body, this process can introduce internal
holes and noise. To resolve these issues, the outer boundaries of the white regions are de-
tected, and smaller contours are filtered out to retain the two largest contours, which typic-
ally correspond to the pelvis and the legs. Subsequently, the rough contours are refined by
computing their convex hulls, yielding smoother and more accurate boundaries. The back-
ground, which often appears as shades of dark gray rather than pure black in MRI scans,
is removed by multiplying the original image by its binary mask, thus preventing any con-
fusion between the background and anatomical structures. Finally, the smallest bounding
box enclosing the refined contours is determined using OpenCV’s boundingRect, and
the image is cropped accordingly. Another significant challenge is the heterogeneity in
image dimensions, as the scans range from the pelvis to the calf. Since the model requires
fixed-size inputs of 224x224 pixels, directly resizing the images is not viable because it
could introduce artifacts and distort anatomical proportions. To address this, expert guid-
ance was followed in splitting the pelvis images into left and right sections, as the central
pelvis area primarily contains organs rather than muscles. Images smaller than 224x224
pixels are padded to achieve the desired dimensions, while those larger than 224x224
pixels are segmented into 224x224 tiles. If an image exceeds the required size in one
dimension only, it is divided into two tiles; if it exceeds the required size in both dimen-
sions, it is partitioned into four tiles. This approach minimizes the number of generated
tiles, thereby reducing the risk of bias from mislabeling healthy regions in patients with
the disease. The significant overlap between the tiles further ensures that critical border
features are preserved. Table 5.1 displays the dataset structure after completing these pre-
processing operations.



Figure 5.2: Workflow of the preprocessing pipeline.

Before preprocessing After preprocessing Number of tiles

Healthy 202 404 438
Affected 327 654 969

Total 529 1058 1407

Table 5.1: Dataset structure after preprocessing.

5.6 Models
Due to the limited dataset size, a transfer learning approach was adopted. ResNet-50 was
chosen for its strong performance in a similar application reported in [201]. Although
both studies address a binary classification task, prior work focused on distinguishing
between two diseases, whereas this thesis aims to distinguish between healthy and affected
individuals. ResNet18—the lightest Residual network available in PyTorch—was also
experimented with. Given the dataset’s size, this choice maintained consistency within
the model family while reducing complexity and mitigating the risk of overfitting.

Several modifications were made to adapt the pre-trained models to the specific task
of this thesis. First, the input layer was adjusted because the PyTorch pre-trained models
are designed for 3-channel images, while this thesis’s MRI images are in grayscale (1-
channel). To incorporate the pre-trained weights appropriately, they were summed across
the channels, following the intuition that for an RGB image with equal channel values,
R · w0 + G · w1 + B · w2 simplifies to R · (w0 + w1 + w2). Next, the global average
pooling layer was removed from the network architecture. This change was necessary be-
cause techniques such as GradCAM and HiResCAM converge to CAM when applied to
networks without global average pooling on the last convolutional feature maps. Accord-
ingly, the architectures described in [43] were modified by replacing the global average
pooling with an additional convolutional layer. Finally, the output classifier was replaced.
Since the original pre-trained models were configured to predict 1,000 classes (trained



on ImageNet), the final layer was replaced to enable binary classification. The resulting
modified models are ResNet18v and ResNet50v, with “v” denoting the variant.

Before training, the dataset was partitioned into training and test sets using a patient-
based split to prevent data leakage. This strategy ensured that the data from a single pa-
tient did not appear in both sets, thereby preserving the integrity of the evaluation process.
However, given the limited number of patients, the test set contained only one individual
per class. To address the potential sensitivity of the performance metrics to this selection,
an experienced radiologist recommended including a healthy patient with a higher body
fat percentage in the test set, thereby challenging the model and providing a conservative
lower bound for evaluation.

Due to class imbalance in the dataset, ROSE oversampling was applied to the training
set to equalize class counts [119]. Furthermore, the feature-extraction layers were frozen,
and only the network’s classifier layer was trained using a cross-validation framework
with early stopping to mitigate overfitting. Since the number of patients was limited, it
was not feasible to reserve a separate validation set with one healthy and one affected indi-
vidual; instead, each patient was treated as a separate fold in the cross-validation process.
During training, data augmentation techniques provided by PyTorch—such as random
brightness and contrast modifications—were applied to artificially increase the size and
diversity of the training dataset. These augmentations, chosen in consultation with a do-
main expert, were designed to reflect the natural variations typically encountered in MRI
images, thereby improving the model’s generalization capability.

5.7 Proposed Methods

5.7.1 Hierarchical Occlusion
As previously described, occlusion is a practical yet computationally intensive sensitivity
analysis technique, particularly when a high level of detail is desired. Moreover, selecting
appropriate parameters—such as window size, stride, and occlusion value—is nontrivial,
as they often require extensive tuning and may not be universally optimal across inputs.
To address these challenges, a hierarchical occlusion algorithm was developed. The cent-
ral idea is to start with relatively large occlusion windows and progressively reduce their
size, thereby balancing computational cost against the desired level of granularity in the
analysis. The initial concept was to leverage an existing occlusion function, such as the
Occlusion class from Captum [97]. However, this implementation exhibited two signi-
ficant limitations. First, it does not allow selection of an alternative metric, as it defaults
to the difference in the model’s output. Second, it lacks the flexibility to apply occlusion
to a designated subarea of the image, a requirement for the hierarchical approach. Con-
sequently, a custom design and implementation were pursued.

The proposed hierarchical occlusion algorithm performs occlusion at multiple levels
of granularity. Still, it restricts the refinement process to those windows that, at a coarser
level, induce a change in the network’s output. Several strategies were explored in the
development process. Inspired by Captum, an initial approach employed the difference
in the model’s raw output before and after occlusion as the metric. However, combining
results across different levels proved problematic because each level inherently possesses
a distinct value range. Larger windows tend to produce more pronounced differences
than smaller windows, thereby complicating direct comparisons. Using the difference in
probability—bound in the interval [0, 1]—appeared to be a more interpretable alternative,



but similar issues in merging results across varying granularities persisted. Smaller win-
dows naturally yield more minor differences and may erroneously be interpreted as less
significant. Furthermore, establishing a universal threshold for further refinement is chal-
lenging, given that each image exhibits its own range of output differences. To overcome
these issues, an alternative metric is needed that identifies windows that actually cause
changes in the network’s classification. This approach is more stringent, as it ignores
minor variations in the output and focuses solely on occlusion windows that result in a
class switch. By assigning a binary value (1 for windows that induce a change in the pre-
dicted class and 0 for those that do not), the results from different levels of granularity can
be aggregated by summation. The outcome is a composite map that indicates, at varying
levels of detail, the regions whose occlusion alters the network’s prediction.

The algorithm initially computes occlusions using larger windows across the entire im-
age to contain the computational cost. It then refines the analysis by applying occlusion
with progressively smaller windows exclusively to those regions where the initial occlu-
sions caused a change in the network’s output. Alg. 1 provides a high-level algorithm
description. Several parameters are critical in the proposed implementation. I provide
the classification model, the input image, and the target class for occlusion. The initial
window size and stride are chosen based on the input dimensions (in this thesis’s case,
224x224 pixels), and they are halved at each successive level of granularity until a pre-
defined minimumwindow size is reached. The occlusion window is filled with a specified
value (zero in this thesis’s implementation).

Selecting optimal parameters is challenging due to the heterogeneous nature of the
dataset, which contains images of body parts with varying sizes, and the need to balance
computational efficiency with the quality of the resulting occlusion maps. For instance,
given that the network input is 224x224 pixels, the initial parameters were set to a win-
dow size of 56 and a stride of 28, with a minimum window size of 7. These settings are
designed to capture relevant details without being so fine-grained that they fail to cover
larger regions of interest. In practice, the hierarchical algorithm frequently yielded void
outputs, meaning that none of the occlusion windows produced a change in the network’s
prediction. This phenomenon was particularly notable in images of pelves and thighs,
and to a lesser extent in images of calves and knees. In response, the window size was
increased for images that initially produced void outputs. This change reduced computa-
tional overhead by avoiding unnecessary recalculations across all images while preserving
finer occlusion maps when available.

Algorithm 1: Hierarchical Occlusion
Input: Model, image, target class, initial window size, stride, minimum window

size, occlusion value
Output: The final hierarchical map

1 hierarchical_map, areas←
compute occlusion at level n over the entire image while areas ̸= ∅ do

2 single_map, areas←
compute occlusion at level n− 1 restricted to regions in areas
hierarchical_map← hierarchical_map+ single_map n← n− 1

3 end
4 return hierarchical_map;

Table 5.2 summarizes the results obtained using the hierarchical occlusion methods.
As expected, increasing the window size generally reduces the occurrence of void outputs.



However, an increase in window size does not necessarily correlate with increased import-
ance, as many new activations may result from occluding a large portion of the patient’s
body. An additional experiment was conducted with an exaggeratedly large window size
of 200. Although a larger window is more likely to affect network predictions, Table
5.2 indicates that, particularly for the affected class, many images still do not exhibit a
response to occlusion. This observation is counterintuitive, as occluding regions in an af-
fected image would be expected to more readily switch the prediction to healthy, whereas
the converse should be more difficult.

A classical, non-hierarchical occlusion method was implemented to further investigate
this phenomenon, using the difference in probability as the metric. Figures 5.3a and 5.3b
display the results of the initial occlusion windows for images classified as affected and
healthy, respectively, using ResNet18. The numerical values annotated on the images
represent the percentage difference between the original and occluded probabilities. A
positive difference indicates a decrease in the network’s confidence, whereas a negative
value indicates an increase. Notably, the initial occlusions in Fig. 5.3a remained classified
as affected with high confidence despite the occluded regions corresponding to healthy fat.
A similar pattern was observed for the healthy images in Fig. 5.3b. This suggests that the
network may misinterpret subcutaneous fat as infiltrated fat when analyzed in isolation,
potentially indicating an inherent bias toward predicting the affected class.

Table 5.2: Occlusion results across different occlusion window sizes.

Model Prediction
Occlusion Window Size

56 86 112 200

Void Not Void Void Not Void Void Not Void Void Not Void

ResNet18v Affected 109 62 93 78 84 87 81 90
Healthy 17 39 7 49 0 56 0 56

ResNet50v Affected 102 67 88 81 88 81 55 114
Healthy 22 36 12 46 6 52 0 58

(a) (b)

Figure 5.3: Occlusion windows comparison for affected (a) and healthy (b) MRI scans.



5.7.2 Ensemble of Explainability Methods
Given that no single XAI technique consistently outperforms the others, an ensemble ap-
proach is adopted to integrate multiple explainability methods. By aggregating the outputs
of diverse models, the ensemble capitalizes on the strengths of each technique while com-
pensating for their limitations, yieldingmore robust and reliable explanations. In this work,
the ensemble is constructed by aggregating the non-zero heat maps produced by the vari-
ous explainability methods, excluding the void occlusion maps. Preliminary experiments
combined the outputs of all explainability techniques; however, GradCAMwas ultimately
excluded from the final ensemble because its tendency to produce broader activation re-
gions was found to dilute the more focused insights provided by the other methods. The
proposed ensemble strategy, therefore, comprises GradCAM++, HiResCAM, SHAP, and
Hierarchical Occlusion. Before integration, heatmaps are preprocessed to reduce noise
and enhance explainability. Rather than operating at the pixel level, the heatmaps are par-
titioned into 7x7 square blocks, with each block assigned the average of its constituent
pixels. Negative values are removed to focus exclusively on areas that contribute pos-
itively to the model’s prediction. Finally, the data are normalized to the interval [0, 1],
ensuring that the outputs from different techniques are on a comparable scale. Three en-
semble strategies were investigated, each with a different degree of restrictiveness. Fig.
5.4 compares the base explainability methods and this thesis’s three proposed ensemble
strategies. The first strategy computes the average of the heatmaps and selects regions
where the average exceeds 0.5, a procedure analogous to majority voting; this approach
tends to yield broader areas of evidence. The second strategy is based on an intersection
approach: heatmaps are first filtered to retain only activation values above 0.2, and the
ensemble is then defined as the common regions across all methods. While emphasizing
regions with unanimous support, this intersection approach may exclude significant areas
according to all but one method. The third strategy focuses on saliency by considering
only pixels with values above 0.7 and aggregating those selected by at least n− 1 of the n
methods. This more selective approach highlights smaller, more precise regions of interest.
This study adopted a threshold of 0.7 to achieve a stringent ensemble that emphasizes only
the most salient areas.

Figure 5.4: Comparison of base explainability methods and proposed ensemble strategies.

The hierarchical occlusion and ensemble strategies presented here extend traditional



XAI methods by explicitly considering both multiscale feature relevance and robustness
across techniques. From a theoretical standpoint, these contributions operationalize the
concept of explaining in §5.3, translating raw evidence into interpretable, clinically mean-
ingful information. Moreover, by involving expert radiologists in the evaluation, the study
situates explainability within a real-world decision-making context and directly addresses
research questions RQ2–RQ4. This integration of method development and user-centered
assessment exemplifies a human-AI collaboration paradigm in which explanations are val-
idated not only for algorithmic accuracy but also for epistemic value.

5.8 Results

5.8.1 Model Accuracy
The performance of the AI models was evaluated using standard classification metrics,
including accuracy, precision, recall, and F1 Score. As summarized in Table 5.3, both
ResNet18v and ResNet50v demonstrated strong classification performance, achieving ac-
curacies close to 90%. The high recall scores indicate that both models reliably identified
all positive class instances, while precision remained competitive, resulting in robust F1
scores.

Model Accuracy Precision Recall F1-score

ResNet18v 88.55% 84.80% 100% 91.77%
ResNet50v 89.43% 85.80% 100% 92.36%

Table 5.3: Performance metrics for the final models evaluated on the test set.

Analysis of the confusion matrices (Fig. 5.5) reveals that both networks consistently
identified all instances of the positive class, while misclassifications predominantly oc-
curred within the healthy class. A closer inspection suggests that images misclassified as
affected often exhibited prominent subcutaneous fat, whichmay have contributed to the in-
correct classification. This indicates that the model may rely on fat distribution patterns as
a proxy for pathology. This unintended bias could be addressed by refining preprocessing
techniques, such as explicit muscle segmentation or feature calibration.

Figure 5.5: Confusion matrices for ResNet18v and ResNet50v.



5.8.2 Explainability

Beyond quantitative performance, this study investigated the explainability and clinical
relevance of AI-generated explanations through a structured evaluation. The study in-
volved 14 participants: 7 board-certified radiologists, 6 radiology residents, and 1 experi-
enced specialist in neuromuscular imaging. To better contextualize the results, participant
characteristics were recorded, including age (median: 35 years), gender (9male, 5 female),
and years of specialized education (median: 6). Exploring the relationship between these
characteristics and users’ cognitive abilities is crucial in this context. For instance, visual
processing strategies and cognitive load differ significantly between novices and experts;
residents often rely on high-cognitive-load spatial scanning, whereas experienced special-
ists utilize rapid, heuristic-based pattern recognition.

5.8.2.1 Diagnostic Accuracy and Observer Performance

Table 5.4 summarizes the accuracy of the radiologists compared to the most experienced
observer (Observer G). The average diagnostic accuracy was 80%, with notable variabil-
ity among residents. While some observers closely aligned with the network’s predictions,
others misclassified most cases. This variability suggests that some instances are inher-
ently ambiguous, even for human experts, highlighting the potential for AI assistance in
diagnostic workflows. Despite the high recall of the AI models, misclassified instances
were observed by both the network and human observers. Analysis of confusion matrices
(Fig. 5.6) reveals that ambiguous cases lacked conclusive explainability outputs, which
may explain neutral or negative ratings regarding their reliability. This finding under-
scores the subjectivity inherent in XAI techniques and the challenge of ensuring trust in
AI-generated explanations.

Physician Experience (years) Accuracy

Observer A 1 60%
Observer B 1 90%
Observer C 2 60%
Observer D 2 80%
Observer E 2 100%
Observer F 3 90%
Observer G 9 100%

Table 5.4: Diagnostic accuracy of radiologists on the test subset.



Figure 5.6: Confusion matrices for the observers who committed classification errors.

5.8.2.2 Methods Evaluation

Fig. 5.7 illustrates the votes for different explainability techniques. No method emerged
as the clear favorite, as all received at least three votes. GradCAM and SHAP were among
the most frequently selected methods. However, a deeper examination of individual pref-
erences shows that Observer F strongly favored SHAP, while GradCAM was chosen by
only three out of seven observers. Notably, experienced radiologists did not favor these
methods but slightly preferredGradCAM++. This discrepancy suggests that experience in-
fluences how explainability methods are interpreted, with expert users valuing refined, loc-
alized attributions over broader, attention-spanning visualizations. The evaluations high-
light significant variability in the perceived effectiveness of different explainability tech-
niques. Some observers consistently selected GradCAM, whereas those who preferred
ensemble methods tended to exclude it. Ensemble-based approaches, although receiving
fewer overall votes, were regarded by the experienced radiologist as producing more dia-
gnostically relevant explanations. This preference divergence underscores the importance
of tailoring XAI methods to different user expertise levels. Further analysis of the explain-
ability evaluations is presented in Fig. 5.8, illustrating the distribution of observer votes
for each image. The chart highlights the high variability in observer preferences, ranging
from a maximum agreement of 42% (three out of seven observers) for images 1, 9, and 10,
to complete disagreement for image 3, where each radiologist selected a different explain-
ability method. This lack of consensus underscores the subjective nature of explainability
assessments and the need for more tailored, adaptable XAI techniques.



Figure 5.7: Preferences for explainability methods across dataset. GC stands for GradCAM.



Figure 5.8: Observer preferences for explainability methods across different images.



5.8.2.3 Ratings and Observer Preferences

To further analyze the perceptions of explainability techniques, I examined the distribu-
tion of scores across four evaluation criteria: (i) Usefulness of the highlighted area for
diagnosis, (ii) Appropriateness of the highlighted region size, (iii) Ease of interpretation,
and (iv) Perceived diagnostic reliability. Fig. 5.9 presents the score distributions. The
median ratings were predominantly neutral or low, indicating limited confidence in the
AI-generated explanations. Notably, SHAP and the ‘Average 0.5’ ensemble received the
highest median ratings (4) for diagnostic usefulness. In contrast, occlusion-based methods
received lower scores, likely because they occasionally failed to generate clear explana-
tions. For perceived diagnostic reliability, most methods received scores concentrated
in the lower range, except for the SHAP and ‘Average 0.5’ ensemble, which exhibited
symmetric distributions around neutral values. This suggests overall hesitation to fully
trust the AI-generated explanations. During the evaluation, there were five cases where
the AI correctly suggested a diagnosis to an observer who initially misclassified the input.
However, in none of these cases did the observer change their decision after reviewing
the AI explanations, reinforcing the challenge of aligning AI explainability with clinical
reasoning.

Figure 5.9: Distributions of observer ratings (1 to 5) across different explainability methods. GC
stands for GradCAM.

5.8.2.4 Comparison of Individual vs. Ensemble Methods

I grouped the evaluations into Individual and Ensemble methods to assess the effective-
ness of ensemble approaches. Fig. 5.10 shows the proportion of observer preferences



for each category. Although Individual methods received slightly more votes overall, ex-
perienced radiologists slightly preferred ensemble techniques. Fig. 5.11 displays score
distributions for the two groups. Individual methods exhibited greater variability, with
a skew towards lower values, whereas Ensemble methods showed a more stable, neutral
distribution. Interestingly, although observers preferred Individual methods, they rated
Ensemble methods higher for perceived reliability. This suggests that, although ensemble
techniques are less familiar, they may yield more clinically meaningful insights.

Figure 5.10: Proportional distribution of observer preferences.



Figure 5.11: Score distributions for Individual and Ensemble explainability methods.

5.8.3 Discussion
The evaluation of ResNet18v and ResNet50v confirms that DL architectures can achieve
high diagnostic accuracy for rare NMDs, even under limited and heterogeneous data.
While overall performance metrics are strong, a detailed examination of misclassifications
exposes a subtle yet important limitation: the models occasionally anchor their predictions
on features not strictly tied to pathology, such as patterns of subcutaneous fat. This finding
is critical for the thesis, as it underscores the latent risk of spurious correlations in medical
imaging and highlights the gap between raw performance and clinical explainability. In
other words, high accuracy alone does not guarantee clinically meaningful learning; the
models’ internal representations may encode proxies that are effective for prediction but
misaligned with domain knowledge.

The structured observer study further contextualizes this limitation, exposing that ex-
plainability is not only a computational challenge but also a human-centric one. Radiology
residents and experienced specialists interpreted the same outputs differently: novices
gravitated toward visually salient, broad maps, whereas experts favored localized, refined



attributions, often provided by ensemble methods. This divergence underscores a key
thesis insight: explainability is inherently relational. Consequently, evaluating XAI meth-
ods requires situating them within the end user’s expertise and decision-making strategies,
rather than treating them as universally explainable artifacts.

A second, intertwined insight arises from the observed disconnect betweenAI-corrected
diagnoses and human adjustments to decisions. Even when the network identified cases
misclassified by physicians, the accompanying explanations rarely influenced clinical
judgment. This highlights another crucial thesis argument: explainability is necessary
but insufficient for trust. Trust emerges not merely from transparency, but from align-
ment between AI representations and human reasoning. For AI to act as a meaningful
diagnostic collaborator, explanations must resonate with clinicians’ cognitive and percep-
tual expectations, integrating both anatomical priors and task-specific relevance.

From amethodological standpoint, the comparative evaluation of individual versus en-
semble explainability techniques provides an additional layer of interpretation. While in-
dividual methods were more intuitively appealing to less experienced observers, ensemble
approaches—though less visually prominent—were rated higher for perceived reliability
by expert users. This suggests that precision, consistency, and context-sensitivity may be
more important than visual salience in high-stakes medical decision-making. The broader
implication is that XAI frameworks in clinical contexts must strike a balance between ex-
plainability and epistemic rigor, tailoring the presentation of evidence to both the level of
expertise and the diagnostic context.

Finally, these results illuminate the thesis-wide tension between model performance,
explanation fidelity, and clinical utility. Even the most accurate model is only as useful
as the interpretive framework through which it is understood. This reinforces a central
argument of this dissertation: in medical AI, success is not measured solely by metrics
such as accuracy or recall, but by the extent to which algorithmic insights can be trusted
and operationalized by human experts.

5.9 Limitations
While this study provides valuable insights into the diagnostic performance and explain-
ability of AI models for DMs, several limitations must be acknowledged. First, while the
proprietary dataset is highly curated and representative of this specific rare condition, its
limited size may not fully capture the broader diversity of real-world MRI scans. Extend-
ing the experiments to larger datasets was not viable due to the absence of publicly avail-
able MRI databases for DMs. Variability in imaging protocols, scanner models, and pa-
tient demographics could influence model generalizability. Future studies should validate
these findings on larger, more heterogeneous datasets to ensure robustness across clinical
settings. Second, the structured evaluation of explainability methods involved a limited
number of radiologists, with only one experienced specialist. While this provided valu-
able insights into how expertise influences the interpretation of AI explanations, a broader
sample of radiologists with varying levels of experience would be necessary to draw more
generalizable conclusions. Additionally, inter-observer variability suggests that user pref-
erences for explainability methods may be highly individualized, underscoring the need
for adaptive, customizable XAI frameworks. Another limitation is the reliance on retro-
spective image assessments rather than on real-time clinical workflows. The physicians
reviewed AI-generated explanations in a controlled experimental setting, which may not
fully reflect how these methods would be used in actual diagnostic practice. Future stud-



ies should investigate the impact of AI explanations in prospective settings where radiolo-
gists integrate them into routine clinical decision-making. Furthermore, while the study
examined various explainability techniques, it did not explore the full spectrum of avail-
able XAI methods or assess how combinations of techniques could enhance explainability.
Given the variability in observer preferences, future research should investigate hybrid
approaches that dynamically combine multiple explanation strategies to better align with
radiologists’ diagnostic reasoning. Finally, the study primarily focused on explainability
and diagnostic performance, without considering the computational efficiency and real-
time feasibility of the proposed methods. Some explainability techniques, particularly
ensemble approaches, may be computationally expensive, which could potentially limit
their practical deployment in clinical environments. Future work should explore optimiz-
ation strategies to balance explainability quality with computational constraints, ensuring
seamless integration into medical imaging workflows.

5.10 Conclusions
This chapter demonstrates that DL can provide effective diagnostic support for rare neur-
omuscular disorders, while also highlighting critical caveats that inform both theory and
practice. High model accuracy does not guarantee clinical relevance, as neural networks
may exploit statistical proxies that diverge from pathophysiological reasoning. Recogniz-
ing and mitigating such biases requires integrating domain knowledge directly into model
design and preprocessing. The study further reveals that explainability is not a monolithic
concept; it is contingent on user expertise, cognition, and interpretive strategies. Less-
experienced radiologists preferred salient, broad explanations, whereas experts valued
localized, ensemble-based outputs. This supports a central thesis contention: explainab-
ility must be adaptive, not standardized. Effective AI explanations are those that engage
the user’s reasoning process, highlighting relevant features with sufficient precision and
contextual alignment to be operationally meaningful.

A notable finding is the trust gap between AI outputs and clinician behavior. Even
whenAI correctedmisclassifications, human observers often disregarded the explanations,
indicating that transparency alone is insufficient for adoption. Building trust requires ex-
planations that are not only technically faithful but also diagnostically resonant — essen-
tially, explanations must speak the language of clinical reasoning.

Taken together, these findings underscore three interrelated lessons for the thesis: (i)
robust diagnostic AI requires careful calibration between predictive performance and clin-
ically grounded feature selection; (ii) explainability must be user-centered, modulating
granularity and focus to match expertise; and (iii) human-AI collaboration hinges on trust,
which emerges from alignment between algorithmic rationale and human cognitive mod-
els. The next chapter will add further depth to the collaborative role of explanations with
users, particularly framing generative explanations as an act of mutual knowledge build-
ing.
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Assessing the Security Stakes of
Explainable Arti~cial Intelligence

This chapter is based on: Matteo Rizzo et al. ‘Advanced Large Language Models
Prompting Strategies for Reentrancy Classi~cation and Explanation in Smart Contracts’.
In: Blockchain Technology and Emerging Applications. Ed. by William Knottenbelt et al.

Cham: Springer Nature Switzerland, 2026, pp. 37–56. ISBN: 978-3-032-12335-0

In security-critical domains, the demand for trustworthy and actionable explanations is
absolute. Errors in these environments are rarely inconsequential, as a single flawed in-
ference can propagate through financial systems, critical infrastructure, or autonomous
agents with irreversible consequences. The opacity of modern AI models, particularly
under adversarial conditions, transforms ambiguity in a model’s reasoning into a viable
attack surface. Conversely, explanations grounded in verifiable logic can serve as a proact-
ive defense, accelerating vulnerability detection, informing threat modeling, and enabling
reasoned intervention over reactive mitigation.

This chapter examines the security implications of explainability through the lens of
LLMs. These models represent a fundamental shift in AI, moving beyond predictive mod-
eling toward synthetic reasoning, where models generate not only outputs but also their
own justifications. This ”generative turn” profoundly alters the nature of XAI. Explana-
tions are no longer static reports attempting to approximate a model’s internal state; they
are dynamic discourses co-produced through interaction. The explanation is not merely a
window into a pre-existing decision process but a new act of reasoning in itself.

To ground this analysis, blockchain security serves as an instructive case study. Smart
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contracts—self-executing programs that enforce agreements on decentralized platforms—
operate in immutable, adversarial, and financially critical environments where correctness
is non-negotiable. An error in contract logic can result in an irreversible economic loss in
an instant, making the explanation of vulnerabilities an urgent and pragmatic imperative.
Unlike perceptual tasks such as medical image analysis, reasoning about smart contracts
involves symbolic structures, control flow, and inter-contract dependencies. Vulnerabilit-
ies emerge from complex logical interactions and are actively sought by adversaries.

Among these, the reentrancy vulnerability offers a paradigmatic example. It arises
when an external call within a contract allows an attacker to re-enter a function before its
initial execution completes, enabling repeated, unauthorized actions, such as fund with-
drawals. The challenge is twofold: to detect such vulnerabilities automatically and to
articulate the underlying logic of the flaw in a manner that developers can comprehend
and act upon.

6.1 The Faithfulness Dilemma in LLM-Generated Secur-
ity Explanations

This study employs LLMs for both vulnerability detection and explanation generation,
interrogating their emergent role as instruments for high-stakes reasoning. The dual ob-
jective is to (i) identify smart contracts susceptible to reentrancy and (ii) produce natural-
language explanations to guide developers toward effective remediation. The analysis op-
erates entirely at the prompting level, examining how linguistic conditioning—including
query design, contextual grounding, and structural cues—influences the resulting explan-
ations. The focus is not on probing the model’s internal representations but on examining
how explainability is elicited through language.

This approach highlights a central challenge of LLM-basedXAI: the divergence between
plausibility and faithfulness. LLMs excel at generating coherent, contextually appropriate,
and highly plausible narratives. The generated explanations in this study proved action-
able and pragmatically useful, enabling developers to trace vulnerable code paths, recon-
struct malicious execution sequences, and identify the logical dependencies that facilitate
reentrancy exploits. However, their utility does not guarantee their faithfulness. An ex-
planation is faithful only if it accurately reflects the causal chain of operations within the
model that produced the initial vulnerability assessment. For LLMs, this causal chain is
largely inaccessible and may not even resemble human-like logical deduction. The model
could reach a correct conclusion via statistical pattern matching and then generate a lo-
gically sound explanation as a separate, post-hoc rationalization. This explanation, while
helpful, would not be a faithful account of the model’s actual ”reasoning.”

This tension—between pragmatic utility and verifiable faithfulness—crystallizes the
core security risk. An unfaithful explanation can serve as a vector for misdirection. It
may lead a developer to conclude that a system is secure (or flawed) for the wrong reas-
ons, thereby misallocating attention or implementing ineffective fixes. The very act of
generating an explanation becomes a performative one; its primary function is to produce
comprehension, not necessarily to reveal computational truth. This validates a central
claim of this thesis: the value of explainability is measured by its capacity to mediate
between artificial computation and human sense-making, but in security contexts, this
mediation must be audited for faithfulness. In high-stakes domains, we must negotiate
the balance between human comprehension and the unverified, and perhaps unverifiable,



logic of the underlying model.

6.2 Advanced Prompting Strategies for Detecting and Ex-
plaining Reentrancy

Smart contracts are at the heart of the decentralized application ecosystem, yet their secur-
ity remains a pressing concern. The infamous 2016 DAO hack, caused by a reentrancy
vulnerability, stands as a sobering example of the financial and reputational damage that
a single bug can inflict. Despite years of research and tool development, vulnerabilit-
ies such as reentrancy persist, exposing the limitations of conventional security analysis.
Static analysis tools rely heavily on rule-based logic, which often leads to a flood of false
positives and limited adaptability. Dynamic tools, while more precise in execution, are
constrained by path coverage and the generation of test inputs. Both approaches struggle
to explain their findings in a way that is actionable and understandable to developers, often
reducing their output to little more than warning flags without context.

Another major limitation of traditional tools is their reliance on fixed definitions of
vulnerability. In the case of reentrancy, for instance, different tools employ varying in-
terpretations of the concept. Slither, for example, distinguishes between four categor-
ies (Ether-stealing, non-Ether-stealing, benign, and event-reordering reentrancy), whereas
other analyzers use coarser or incompatible classifications. This lack of consensus on
what constitutes reentrant and what does not limits the adaptability of these tools when
new attack patterns emerge or when nuanced interpretations of vulnerabilities are required.
Modifying a traditional analyzer to accommodate a novel reentrancy pattern would entail
substantial architectural changes and amajor re-formalization of the underlying theoretical
framework.

LLMs offer a radically different paradigm. Trained on massive corpora of code and
text, these models can recognize patterns, reason about logic, and even generate natural-
language explanations for their outputs—all without being explicitly programmed for the
task.

This work tackles that challenge head-on. Rather than relying on naïve prompting, I
investigate how structured reasoning and code-aware retrieval can enhance the accuracy
and reliability of LLMs in the context of smart contract security. I dissect how providing
models with examples that reflect the actual structure of the code under analysis, rather
than just its textual surface, can sharpen their diagnostic capabilities. I also study how
guiding the model’s reasoning through carefully designed prompting strategies can reduce
logical errors and produce explanations that are both interpretable and verifiable [150]. Fi-
nally, I explore how combining these two approaches—reasoning guidance and structural
context—can yield results that surpass the sum of their parts, moving closer to trustworthy,
expert-level auditing powered by LLMs.

Experiments conducted in this work on a curated benchmark of real-world, verified
Solidity contracts demonstrate that these strategies not only improve classification accur-
acy but also foster explainability and reduce hallucination. The result is a system that not
only detects reentrancy vulnerabilities but also explains them in transparent, correct, and
verifiable ways.

The contribution of this work follows:

• Structural Equality for RAG: I propose a novel few-shot RAG strategy that re-
trieves examples based on structural similarity between programs, measured by



comparing either the Abstract Syntax Tree (AST) or the Control Flow Graph (CFG).

• Expert-Crafted Chain-of-Thought (CoT): I design a rigorous CoT prompting
template, informed by domain expertise, to enforce a reasoning process that mirrors
the logic followed by human security auditors.

• Strategy Evaluation: I combine structured CoT prompting with this work’s RAG
pipeline to develop a hybrid approach that integrates logical reasoning with relevant
code context, delivering both accuracy and explainability.

• HallucinationMitigation: I demonstrate empirically that this work’s hybrid strategy
significantly reduces LLM hallucination, marking a step toward safe and reliable
LLM-based tools for smart contract auditing.

The code repository for this work is available for reproducibility at: https://github.
com/matteo-rizzo/advanced-llm-prompting-for-reentrancy.

6.3 Background
This section provides an overview of the foundational concepts for understanding this
work. I begin by providing an informal definition of reentrancy as a vulnerability in Eth-
ereum smart contracts, followed by a brief description of analysis techniques based on
formal methods traditionally used to address it. I finally introduce LLMs and the advanced
prompting strategies—CoT and RAG—that form the basis of the proposed solution in this
work.

A smart contract is an immutable, self-executing program stored on a blockchain (in
this work’s case, Ethereum). While smart contracts are generally immutable—meaning
their code cannot be altered once deployed—this immutability can be circumvented through
design patterns such as proxy contracts, which have gained increasing popularity in recent
years. Proxy contracts separate logic from storage, allowing upgrades to the contract’s
logic while preserving state. Despite this flexibility, pre-deployment security auditing
remains crucial. Among the most studied vulnerabilities is reentrancy, especially in Eth-
ereum. It occurs when a contract makes an external call to another contract, potentially
malicious, before finalizing its state-changing logic. Suppose the callee contract makes a
recursive call back into the original function before it completes, allowing it to repeatedly
execute a portion of the code, such as a withdrawal function, thereby draining the contract
of its funds. The canonical flawed pattern, known as the “call-before-update” pattern, is
illustrated by the following Solidity snippet:

f unc t i on withdraw ( u in t amount ) pub l i c {
// 1. Check if the user has enough balance
requ i re ( b a l a n c e s [msg . sender ] >= amount ) ;

// 2. Make an external call BEFORE updating the balance
// (VULNERABLE to re-entrancy)
( bool suc ce s s , ) = msg . sender . c a l l { va lue : amount } ("" ) ;
requ i re ( s u c c e s s , "Transfer␣failed." ) ;

// 3. Update the user's balance (too late)

https://github.com/matteo-rizzo/advanced-llm-prompting-for-reentrancy
https://github.com/matteo-rizzo/advanced-llm-prompting-for-reentrancy


b a l a n c e s [msg . sender ] −= amount ;
}

To secure implementations, the Checks-Effects-Interactions (CEI) pattern has been
canonized by the Solidity community, suggesting that programmers perform all state changes
(Effects) before making external calls (Interactions). Such a pattern is only a good prac-
tice, though, and two problemsmay arise: first, programmersmay simply ignore it and still
produce exploitable code; secondly, subtle scenarios or complex contracts may produce
behaviors—hence, exhibit potential exploits—that are difficult to predict and analyze.

6.3.1 Formal Methods for Code Analysis
The primary methods for automated smart contract auditing have traditionally been static
and dynamic analysis [38]. Tools for static analysis inspect the smart contract’s source
code or bytecodewithout executing it. They employ techniques such as control-flow graph
analysis, symbolic execution, and syntax-directed pattern matching to identify potential
vulnerabilities in accordance with a predefined set of rules [113, 48]. While effective at
identifying many common anti-patterns, static analysis often suffers from a high rate of
false positives and can miss complex or novel vulnerabilities not covered by its rule set
[113].

Their counterpart is a tool that performs dynamic analysis by executing the smart con-
tract in a simulated environment to observe its behavior [63]. By sending a series of trans-
actions to the contract, these tools (often referred to as fuzzers) explore different execution
paths to uncover vulnerabilities that only manifest at runtime. However, their primary lim-
itation is achieving complete path coverage; complex contracts with many possible states
make it computationally infeasible to explore every possible execution trace, leading to
potential false negatives [63]. A common weakness across both paradigms is their limited
explanatory power, often leaving developers to decipher cryptic warnings [38].

While formal methods provide rigorous guarantees, they remain brittle in the face of
modern smart contract complexity — motivating the exploration of learning-based and,
more recently, language-model-based approaches.

6.3.2 Large Language Models for Code Analysis
LLMs are DL (DL) models pre-trained on vast corpora of text and code. This pre-training
endows them with a robust, generalized understanding of language, syntax, and logical
patterns. When applied to source code, LLMs can perform a variety of “code intelligence”
tasks, such as code completion, translation, and bug detection, often with impressive zero-
shot (no examples) or few-shot (a few examples) capabilities [24]. Their generative nature
allows them to not only classify code but also to articulate the reasoning behind their
decisions in natural language, a key advantage over traditional tools.

To steer LLM behavior toward more accurate and reliable outputs, several advanced
prompting techniques have been developed. This work focuses on two of the most prom-
inent: CoT and RAG. The former is a form of prompting technique designed to elicit
more complex reasoning from LLMs. Instead of asking for a direct answer, a CoT prompt
encourages the model to generate a series of intermediate, logical steps that lead to the
conclusion [192]. By externalizing the reasoning process, the model is less likely to make
intuitive leaps and more likely to follow a coherent path, which has been shown to signi-
ficantly improve performance on arithmetic, commonsense, and symbolic reasoning tasks.



The generated chain of thought also provides a transparent window into themodel’s “think-
ing,” making its output more interpretable and easier to debug. The latter, RAG, is a frame-
work that grounds an LLM’s output in external, verifiable knowledge, thereby reducing
hallucinations and improving factual accuracy [103]. A standard RAG pipeline works in
two stages. First, given a user query, a retrievermodule searches a knowledge base to find
relevant information. Second, the retrieved data is concatenated with the original query
to form an expanded prompt, which is then fed to the LLM. This provides the model with
relevant, in-session context, encouraging it to base its generated response on the provided
evidence rather than relying solely on its internal, parametric knowledge.

Despite their promise, LLMs are not inherently equipped to reason about control-flow-
sensitive vulnerabilities, such as reentrancy. Their reliance on surface-level token patterns
and distributional similarity can lead to the overlooking of edge cases or to spurious reas-
oning. Moreover, while advanced prompting strategies improve explainability, they do
not guarantee adherence to formal security principles. These limitations frame a critical
research gap: designing LLMworkflows that integrate domain-specific knowledge, struc-
tural program representations, and verifiable reasoning steps to achieve both accuracy and
trustworthy explanations.

6.4 Related Work

Reentrancy is one of the most critical and extensively studied vulnerabilities in Ethereum
smart contracts. Detection techniques have evolved from traditional static and symbolic
analyzers to ML (ML) models and, more recently, LLMs. I review these approaches
across three categories — static and symbolic analysis, ML methods, and LLM-based sys-
tems— and conclude with a discussion of structured prompting for explainable, verifiable
reasoning.

6.4.1 Static Analysis and Symbolic Techniques
A wide range of static and symbolic tools has been proposed for auditing smart contracts.
Early systems such as Oyente [113] pioneered the use of symbolic execution, control-flow
analysis, and pattern-based vulnerability detection. While influential, many of these tools
are no longer maintained or compatible with recent Solidity versions, particularly those re-
leased after 0.8.x. In this work, I focus on three widely adopted tools that are still actively
maintained and support modern Solidity: Slither [48], Mythril [31], and Confuzzius [176].
Although not of recent origin, these analyzers remain relevant due to continued develop-
ment and their distinct analytical strategies. Slither is a static analyzer that utilizes an
SSA-based intermediate representation (SlithIR) and incorporates several detectors tar-
geting various forms of reentrancy. Mythril employs symbolic execution and SMT-based
solving to identify unsafe low-level calls that lack proper state updates. Confuzzius com-
bines symbolic execution with evolutionary fuzzing to flag suspicious traces involving
storage access before and after external calls.

6.4.2 Learning-Based Detectors
ML approaches aim to address limitations of static analysis, such as high false posit-
ives and rigid pattern matching. Traditional ML and DL techniques—including LSTMs,



GNNs, and Transformer-based models such as CodeBERT—have been applied to vulner-
ability classification, yielding promising results [149]. These models are often trained
on SmartBugs Wild [45], a large but weakly labeled dataset, which is commonly annot-
ated using the very static analyzers they aim to replace. This feedback loop has led to
inconsistent definitions of reentrancy and poor support for modern contracts.

Due to dataset imbalance and outdated syntax, it remains difficult to evaluate or gen-
eralize such models [146]. The lack of a standardized benchmark hinders meaningful
comparisons across architectures, particularly between DL and custom-designed models.
Furthermore, most approaches are designed to detect a wide range of vulnerabilities, of-
ten without a specific focus on reentrancy, and frequently omit class-specific performance
metrics, such as the per-class F1 score.

6.4.3 Large Language Models

Recent interest has turned to LLMs for contract vulnerability detection, particularly due
to their dual capabilities in code understanding and natural language generation [105].
Single-stage prompts enable zero-shot classification, but models such as GPT-4 still pro-
duce high false-positive rates and hallucinated reasoning [77]. Moreover, LLMs perform-
ance is highly task-dependent and often brittle when asked to reason over code transform-
ations. Multi-stage LLM architectures attempt to improve precision. GPTLens [77], for
instance, separates vulnerability generation and critique using an adversarial “Auditor-
Critic” loop. However, even these advanced techniques struggle with reentrancy, often
due to the use of poor-quality labels and subtle semantic overlaps between patterns.

This work’s contribution lies in the design of principled prompting strategies that integ-
rate domain knowledge into LLM workflows. While generic CoT prompting elicits step-
by-step reasoning [192], it does not ensure correctness or completeness in high-stakes
domains, such as smart contract auditing. I introduce a procedural CoT framework de-
rived from the CEI threat model for reentrancy, which breaks down the reasoning process
into verifiable steps, such as identifying external calls and validating the order of state
updates. This approach aligns with recent structured prompting work [104], but applies it
in a security-specific setting where correctness is critical.

To improve factual grounding, I incorporate a structurally-aware Retrieval-Augmented
Generation (RAG) mechanism [203]. While prior RAGmethods rely on semantic similar-
ity, this can mislead LLMs in logic-sensitive tasks. Instead, I compute structural similarity
using classic program analysis tools; specifically, CFGs and ASTs extracted with Slither
and compared using theWeisfeiler-Lehman kernel. While graph-based similarity has been
used for clone detection, its use as a retrieval filter for RAG in smart contract analysis
is novel and effective. This hybrid approach—symbolically structured CoT reasoning
combined with retrieval guided by code structure—represents a neuro-symbolic direction
for vulnerability detection. By grounding explanations in verifiable logic and controlling
evidence via structural similarity, I aim to mitigate the opacity and unreliability that have
plagued prior ML and LLM-based methods.

By integrating structural program representations into the retrieval and reasoning pipeline,
this work’s approach situates itself at the intersection of neuro-symbolic AI and software
security. Unlike prior work that treats LLM outputs as final, the proposed methodology
enforces procedural consistency aligned with formal definitions of vulnerabilities. This
positions the thesis not merely as a performance study but as a contribution to the theoret-
ical framework for explainable and verifiable AI in security-critical code analysis.



6.5 Methodology
The proposed methodological approach first establishes performance baselines across sev-
eral paradigms. Then it assesses a series of prompting strategies engineered to enhance the
LLM’s logical fidelity and factual grounding. All experiments are anchored by a manu-
ally validated benchmark dataset and are evaluated using a protocol that measures both
predictive accuracy and the qualitative utility of the generated explanations. A consist-
ent set of formal principles for identifying reentrancy (e.g., CEI pattern adherence, valid
reentrancy guard patterns) was provided to the LLMs in all relevant experiments to ensure
consistency. Figure 6.1 illustrates the complete methodological workflow.
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Figure 6.1: Methodology workflow.

6.5.1 Reentrancy Detection Principles
To ensure a consistent and rigorous analytical standard across all experimental arms—
from human expert validation to the LLM-based strategies—I established a formal set of
principles for reentrancy detection. This framework moves beyond naive pattern match-
ing to incorporate a nuanced understanding of smart contract execution logic, mitigation
techniques, and plausible exploitability.

At its core, this framework is built upon a strict definition of the CEI pattern. A con-
tract is considered to adhere to this pattern if all state modifications are unconditionally
completed before any external call within a given logical operation. For this purpose,
an Effect is strictly defined as a contract state modification via the assignment operator.
Operations such as event emissions or require/assert statements are not considered
Effects.

Conversely, an Interaction is narrowly defined as an external call that can shift control
flow to a potentially malicious contract. This includes low-level primitives like .call
and .delegatecall, as well as any method invocation on an external contract or inter-
face type. Primitives that do not transfer execution control in a reentrant manner, such as



.staticcall, or that have built-in gas limitations that prevent reentrancy, like native

.send and .transfer, are explicitly excluded from this definition.
The presence of a potential CEI violation is a necessary, but not sufficient, condition

for vulnerability classification. The proposed framework requires identifying a plausible
exploit path where reentrancy leads to a tangible, harmful outcome, which may include
not only the theft of assets but also critical state inconsistencies that break contract logic.

Finally, the framework accounts for common mitigation strategies. A function protec-
ted by a correctly implemented and applied reentrancy guard (e.g., a standardnonReentrant
modifier or a custommutex) is generally considered safe from re-entering itself. However,
in cases of cross-function reentrancy—where an external call in function A allows re-entry
into a different function B that shares state with A—the protective mechanism must cor-
rectly guard all relevant functions in the potential execution path to be considered effect-
ive.

6.5.2 Benchmark Construction and Validation
The cornerstone of this investigation is a benchmark dataset constructed to address critical
deficiencies in extant resources. An initial corpus was aggregated from three established
sources [39, 32, 66] and subsequently underwent deduplication and compilation filtering.
The principal contribution resides in a manual verification phase conducted by three do-
main experts, following a predefined rubric based on a formal definition of reentrancy.
This audit revealed profound inaccuracies in prior labels: 28 contracts previously desig-
nated as reentrant were confirmed safe, whereas 5 labeled safe contained vulnerabilities.
To quantify the reliability of this process, I measured the inter-rater reliability before a final
consensus discussion, achieving a Fleiss’ Kappa of 0.89, indicating substantial agreement.
This exacting process yielded a final benchmark of 436 contracts (122 reentrant, 314 safe),
providing a high-fidelity ground truth.

To contextualize the performance of the proposed approach, I compare it against a
diverse set of strong baselines spanning traditional program analysis, classical and neural
ML, and recent zero-shot languagemodels. To benchmark against established non-learning
techniques, I evaluated a portfolio of three prominent analyzers: Slither, Mythril, and
Confuzzius. These were deliberately selected to represent the field’s dominant paradigms:
static analysis, symbolic execution, and fuzzing, respectively. The tools were run using
their default configurations via the SmartBugs framework to establish a fair and reprodu-
cible benchmark of their standard, out-of-the-box performance.

I also investigated seven traditional ML models (Gradient Boosting, Gaussian Na-
ive Bayes, K-Nearest Neighbors, Logistic Regression, Random Forest, Support Vector
Machine, and Extreme Gradient Boosting) and three DL architectures (Feed Forward
Neural Network, Bidirectional Long Short-Term Memory, and CodeBERT). To ensure
competitive performance, all traditional models were hyperparameter-optimized using a
grid search.

For LLMs, I evaluated the untuned capabilities of six models: GPT-4o, GPT-4.1, GPT-
4.1-mini, GPT-4.1-nano, o3-mini, and o4-mini. I deliberately exclude fine-tuning to isol-
ate the effects of in-context learning, reserving a direct comparison against it for future
work. To enhance LLM performance beyond zero-shot capabilities, I explore three ad-
vanced prompting strategies designed to inject structural priors, expert reasoning patterns,
or both. These approaches aim to systematically guide the model toward accurate and
interpretable vulnerability assessments.



Structurally-Aware RAG. This strategy grounds the LLMwith in-context examples. For
a target contract, the proposed pipeline retrieves the top-k structurally analogous contracts
(k = 3, determined empirically in Section 6.6.1) based on the graph similarity of their
ASTs and CFGs. The source code of these examples is then provided to the LLM as
context for its analysis.
Expert-Crafted CoT. This strategy implements the four-step audit process not as a single
monolithic prompt, but as a programmatic chain of four sequential LLM calls, where the
output of one step is consumed as the input for the next. The sequence enforces a formal
decomposition of the problem: (1) a Triage step identifies all functions with external calls;
(2) a localized Function Analysis step assesses each function individually; (3) a Cross
Function Analysis step analyzes the interaction between these functions; and (4) a final
Synthesis step aggregates all intermediate findings into a conclusive verdict.
Hybrid (CoT + RAG) Strategy. This strategy integrates evidence with reasoning through
a two-stage context enrichment process. First, in a preliminary step, a separate LLM in-
stance generates a detailed security audit for each of the k = 3 retrieved examples and
their corresponding labels, explainingwhy they are safe or vulnerable according to a stand-
ardized template. Second, the primary LLM is tasked with analyzing the target contract,
but it is provided with these pre-computed, structured analyses as its context, rather than
raw source code. This approach provides a set of worked examples that demonstrate how
to apply the reasoning principles to concrete cases before the model begins its analysis.

To rigorously evaluate model performance, I designed a two-part protocol that con-
siders both predictive accuracy and the quality of generated explanations. This ensures a
comprehensive assessment—capturing not only what the models predict, but also how and
why they arrive at their conclusions. Predictive performance was measured using standard
macro-averaged metrics—precision, recall, and F1 score — calculated on a 3-fold cross-
validation setup to ensure robustness across samples. To assess the quality of explanations,
I adopted a two-stage process. First, an automated evaluation used an LLM-as-a-Judge
(specifically, o4-mini) to evaluate the explanations against a structured rubric. This rub-
ric was aligned with the same formal criteria used during task design. It evaluated each ex-
planation across three dimensions: correctness (factual accuracy), informativeness (depth
and helpfulness), and pertinence (conciseness and relevance). In the second stage, three
security professionals evaluated a randomly selected sample of 88 explanations from one
of the cross-validation test splits. The human experts were required to ground their evalu-
ation on the same rubric employed by the LLM-as-a-Judge. I used the two-sidedWilcoxon
signed-rank test (p < 0.05) to assess statistical significance in the ordinal ratings.

The meticulous curation of the proposed benchmark serves not only to validate experi-
mental results but also addresses a broader reproducibility crisis inML-based vulnerability
detection. By documenting labeling ambiguities, conducting multi-expert validation, and
providing a high-fidelity dataset, this work sets a precedent for rigor in smart contract
security research. Such a resource enables consistent evaluation, fosters method compar-
ability, and supports the development of more robust, generalizable detection techniques.

6.5.3 Implementation and Reproducibility
Implementations relied on standard libraries: traditional models used scikit-learn
(v1.6.0); DL models used PyTorch (v2.4.1). The BiLSTM/FFNNmodels were
trained for 50 epochs (batch size 32, AdamW, LR 1× 10−4), while CodeBERT was fine-
tuned for 5 epochs (batch size 16, LR 2×10−5) from themicrosoft/codebert-base



checkpoint.
TheRAGpipeline usedSlither (v0.9.0) for AST/CFGgeneration andGraKeL

(v0.1.8) with the Weisfeiler-Lehman kernel (3 iterations) to measure graph similarity.
All LLM interactions were conducted at a temperature of 0. To ensure full transparency
and facilitate replication, all source code, data, and the precise, structured prompt tem-
plates used to implement the described strategies are publicly available in the code repos-
itory associated with this work.

6.6 Results

I present the evaluation results of this work along two dimensions: classification accuracy
and explanation quality. Accuracy compares the predictive performance of traditional,
neural, static analysis, and generative models, while explanation quality—measured via
automated metrics and a user study—assesses correctness, informativeness, and relevance.

6.6.1 Example Retrieval Optimization

The effectiveness of the RAG approach critically depends on retrieving an appropriate
number of relevant examples, controlled by the parameter k. Selecting an optimal k re-
quires balancing the benefits of contextual information against the risk of introducing noise
or conflicting examples. To determine the best value, I conducted a sensitivity analysis by
varying k from 1 to 7 and measuring its effect on classification accuracy and preliminary
explanation quality, using GPT-4.1-nano on a single test split.

These experiments were conducted using the RAG setup across different input data
representations derived from AST, CFG, and their combination (i.e., a weighted average
of the individual similarity scores). The findings of this work, summarized graphically
in Figure 6.2, indicate a consistent trend: model performance generally improves as k
increases from 1 to 3. However, for k > 3, I observed a tendency for F1 performance to
degrade. This suggests that while retrieving a small number of highly relevant examples
(k ≤ 3) enhances the model’s context, incorporating more examples (k > 3) increasingly
introduces less pertinent information, potentially confusing themodel or diluting the signal
from the most relevant retrieved documents. Based on this empirical analysis, I selected
k = 3 as the optimal number of retrieved examples for all subsequent RAG experiments
reported in this study. This value represents the best-observed trade-off between providing
sufficient context and minimizing noise.

To enhance the Structurally-Aware RAG pipeline, I conducted preliminary experi-
ments to determine which structural representation most effectively captures contract sim-
ilarity. This work’s central hypothesis is that the choice of structural encoding directly
influences the relevance of retrieved examples, which in turn affects the LLM’s down-
stream analysis. I evaluated three representations: the AST, the CFG, and a combined
AST+CFG approach (using averaged similarity scores). For clarity, I report results for
GPT-4.1, GPT-4.1-mini, and GPT-4.1-nano in Table 6.1, representing large, medium, and
small model sizes, respectively.

Across all model scales, I observed a consistent trend: retrieval based on CFG simil-
arity outperforms both AST and combined representations. This advantage is particularly
pronounced for GPT-4.1-nano and GPT-4.1-mini, and remains stable even for the larger
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Figure 6.2: Impact of the number of retrieved examples (k) on model performance across
different data representations.

GPT-4.1 model, where CFG-based retrieval yields the highest F1 score with the lowest
standard deviation.

This result highlights an important insight: while vulnerability detection is ultimately
performed by the LLM analyzing the full source code, the retrieval stage plays a crucial
role in shaping the quality of that analysis. In the case of reentrancy, which depends on
the execution order of operations—such as an external call preceding a state update—the
CFG provides a better signal for identifying structurally similar contracts. Although this
work’s CFGs are not semantically annotated, the node labels generated by Slither (e.g.,
indicating low-level calls) are preserved in the graph and leveraged during similarity com-
putation via the Weisfeiler-Lehman kernel. As a result, the CFG captures both execution
flow and lightweight semantic cues that guide retrieval more effectively than syntax-based
approaches.

Interestingly, considering both AST and CFG similarities did not improve perform-
ance over CFG alone. I hypothesize that this may be due to AST introducing redundant
or less relevant information, thereby diluting the more task-relevant control-flow signals
captured by the CFG. Additionally, without a more sophisticated fusion method, the aver-
aged representation may blur the distinct structural signals, ultimately reducing retrieval
precision.

Given these findings, I selected the CFG as the default structural representation for all
subsequent experiments involving RAG and Hybrid retrieval strategies.

These results highlight an important principle: the structural representation of code
substantially shapes the LLM’s reasoning pathway. By aligning retrieved examples with
control-flow-sensitive patterns, the model more accurately internalizes causal relation-
ships critical for reentrancy detection. This observation supports the thesis hypothesis that
structural priors are not merely auxiliary but central to trustworthy LLM-guided auditing,



particularly in domains where order-of-execution errors have severe consequences.

Table 6.1: RAG strategies using different structural representations. Values are reported
as Mean (Standard Deviation). The best result for each model is in bold.

Model Representation Accuracy Precision Recall F1 Score

GPT-4.1
AST + CFG 0.91 (0.03) 0.92 (0.03) 0.91 (0.03) 0.91 (0.03)
AST 0.92 (0.03) 0.92 (0.03) 0.92 (0.03) 0.92 (0.03)
CFG 0.92(0.02) 0.92(0.01) 0.92(0.02) 0.92(0.01)

GPT-4.1-mini
AST + CFG 0.85 (0.00) 0.86 (0.02) 0.85 (0.00) 0.84 (0.00)
AST 0.85 (0.01) 0.86 (0.01) 0.85 (0.01) 0.84 (0.02)
CFG 0.88(0.01) 0.88(0.01) 0.88(0.01) 0.88(0.01)

GPT-4.1-nano
AST + CFG 0.74 (0.01) 0.75 (0.04) 0.74 (0.01) 0.66 (0.01)
AST 0.73 (0.02) 0.73 (0.07) 0.73 (0.02) 0.66 (0.02)
CFG 0.81(0.01) 0.82(0.02) 0.81(0.01) 0.79(0.01)

6.6.2 Models Accuracy

This work’s empirical evaluation reveals a clear hierarchy of efficacy among competing
reentrancy-detection methods. The findings, summarized in Table 6.2, not only quantify
the performance of different approaches but also yield critical insights into the trade-offs
between model architecture, prompting strategy, and computational cost.

The central finding of this study is that LLMs, when properly guided, establishes a
new SotA. A crucial distinction emerges between the general-purpose GPT series and
the reasoning-optimized o series. While the larger GPT-4o is a powerful generalist, the
o3-mini model, particularly when augmented with the proposed Structurally-Aware RAG
strategy, achieved the highest overall F1 Score.

Such a performance divergence stems from their different design philosophies. GPT
models are optimized for broad applicability, whereas o models are explicitly trained to
excel at multi-step logical problems. This inherent specialization gives o3-mini a signi-
ficant advantage, allowing it to achieve an exceptional baseline score even without com-
plex prompting.

This distinction also explains the nuanced impact of this work’s prompting strategies.
The CoT framework, designed to impose a logical structure, provides a clear benefit to
some generalist GPT models but shows diminishing returns for the o series. This suggests
that the o series, having been trained to generate its own optimized reasoning paths, can
experience “procedural interference” from an externally enforced workflow.

Conversely, while RAG provided the highest performance ceiling, its universal effect-
iveness is not absolute. The primary performance bottleneck for top-tier models was a
lack of specific domain knowledge, which RAG directly addresses. However, for smal-
ler models, the core limitation may be reasoning capacity itself, a factor that RAG cannot
fully remediate. The frequent failure of the hybrid RAG+CoT strategy to outperformRAG
alone further suggests a phenomenon of constraint-induced sub-optimality, where a rigid
procedure limits a powerful model’s ability to synthesize the rich information flexibly
embedded by RAG-provided exemplars.



Table 6.2: Overall performance comparison across all model families and strategies.
Learning-based model results are reported asMean (Standard Deviation), best per strategy
in italic and overall best in bold.

Approach Strategy Accuracy Precision Recall F1 Score

Large Language Models

o3-mini

Baseline 0.96 (0.01) 0.96 (0.01) 0.96 (0.01) 0.96 (0.01)
Baseline + CoT 0.94 (0.01) 0.95 (0.01) 0.94 (0.01) 0.95 (0.01)
RAG 0.97(0.01) 0.97(0.01) 0.97(0.01) 0.97(0.01)
RAG + CoT 0.94 (0.01) 0.95 (0.01) 0.94 (0.01) 0.94 (0.01)

o4-mini

Baseline 0.93 (0.02) 0.94 (0.01) 0.93 (0.02) 0.93 (0.02)
Baseline + CoT 0.95 (0.01) 0.95 (0.01) 0.95 (0.01) 0.95 (0.01)
RAG 0.94 (0.02) 0.94 (0.02) 0.94 (0.02) 0.94 (0.02)
RAG + CoT 0.94 (0.02) 0.95 (0.02) 0.94 (0.02) 0.94 (0.02)

GPT-4.1

Baseline 0.87 (0.02) 0.90 (0.01) 0.87 (0.02) 0.88 (0.02)
Baseline + CoT 0.87 (0.03) 0.90 (0.02) 0.87 (0.03) 0.87 (0.02)
RAG 0.92 (0.02) 0.92 (0.01) 0.92 (0.02) 0.92 (0.01)
RAG + CoT 0.92 (0.01) 0.92 (0.00) 0.92 (0.01) 0.92 (0.01)

GPT-4.1-mini

Baseline 0.86 (0.01) 0.88 (0.01) 0.86 (0.01) 0.85 (0.02)
Baseline + CoT 0.90 (0.01) 0.91 (0.02) 0.90 (0.01) 0.90 (0.01)
RAG 0.88 (0.01) 0.88 (0.01) 0.88 (0.01) 0.88 (0.01)
RAG + CoT 0.88 (0.01) 0.88 (0.01) 0.88 (0.01) 0.88 (0.01)

GPT-4.1-nano

Baseline 0.72 (0.00) 0.61 (0.13) 0.72 (0.00) 0.61 (0.01)
Baseline + CoT 0.71 (0.02) 0.74 (0.01) 0.71 (0.02) 0.72 (0.02)
RAG 0.81 (0.01) 0.82 (0.02) 0.81 (0.01) 0.79 (0.01)
RAG + CoT 0.80 (0.01) 0.80 (0.01) 0.80 (0.01) 0.77 (0.02)

GPT-4o

Baseline 0.85 (0.02) 0.89 (0.02) 0.85 (0.02) 0.86 (0.02)
Baseline + CoT 0.86 (0.03) 0.90 (0.02) 0.86 (0.03) 0.86 (0.03)
RAG 0.92 (0.01) 0.92 (0.01) 0.92 (0.01) 0.92 (0.01)
RAG + CoT 0.92 (0.01) 0.93 (0.01) 0.92 (0.01) 0.93 (0.01)

Traditional and DL Baselines

Traditional
ML

Gradient Boosting 0.90 (0.04) 0.87 (0.04) 0.76 (0.11) 0.81 (0.05)
Gaussian NB 0.82 (0.05) 0.70 (0.06) 0.65 (0.12) 0.67 (0.07)
KNN 0.88 (0.01) 0.85 (0.13) 0.74 (0.13) 0.78 (0.01)
Logistic Regression 0.80 (0.06) 0.93 (0.12) 0.33 (0.12) 0.47 (0.12)
Random Forest 0.90 (0.04) 0.90 (0.07) 0.73 (0.13) 0.80 (0.07)
SVM 0.84 (0.04) 0.93(0.12) 0.51 (0.16) 0.64 (0.09)
XGBoost 0.91 (0.02) 0.88 (0.08) 0.79 (0.10) 0.83 (0.02)

Deep
Learning

CodeBERT 0.90 (0.13) 0.82 (0.24) 0.96(0.03) 0.87(0.14)
LSTM 0.86 (0.12) 0.76 (0.17) 0.96(0.03) 0.83 (0.11)
FFNN 0.96(0.01) 0.85 (0.03) 0.89 (0.03) 0.86 (0.02)

Static Analysis Tool Baselines

Static Analysis
Tools

Confuzzius 0.88 0.94 0.63 0.75
Mythril 0.75 0.61 0.31 0.41
Slither 0.86 0.82 0.64 0.72



6.6.2.1 Discussion

The inclusion of the smaller GPT-4.1-mini and GPT-4.1-nano models illuminates a critical
dimension for practical application: the trade-off between performance and resource effi-
ciency. These faster, cheaper models provide valuable insights into the minimum viable
capabilities for this task.

The GPT-4.1-mini model emerges as a highly compelling option. With a simple CoT
strategy, it achieved an F1 score that outperformed the baseline results of the much larger
GPT-4.1 and GPT-4o models. This finding is significant, as it suggests that for moder-
ately sized models, a structured reasoning framework (CoT) can be more effective than
providing raw knowledge (RAG), likely because it scaffolds the model’s more limited
intrinsic reasoning capabilities. For organizations where the cost and latency of flagship
models are prohibitive, GPT-4.1-mini with CoT represents a “sweet spot”, offering ro-
bust performance that far exceeds traditional baselines at a fraction of the computational
budget.

The GPT-4.1-nano model defines the lower bound of effectiveness. With a top F1-
score using RAG, its performance is substantially weaker than all other LLMs. This
demonstrates that there is a “performance floor”—a minimum threshold of model scale
and complexity required to move beyond surface-level pattern matching to the deeper se-
mantic analysis necessary for this task. Even the best prompting strategy cannot fully
compensate for a fundamental lack of reasoning power. Tellingly, the nano model’s per-
formance is only marginally better than the best static analysis baseline in this work (i.e.,
Confuzzius), highlighting that at this small scale, the LLM’s advantage begins to erode.

As a final remark, I delve now into a comparative analysis against this work’s baseline
models, which elucidates the specific failure modes of previous-generation techniques and
underscores the nature of the LLM’s advantage.

The DL baselines, such as CodeBERT, exhibited a characteristic high-recall, low-
precision profile, achieving a recall of 0.96 but a much lower F1-score. This pattern sug-
gests that such models are adept at learning the syntactic correlates of vulnerabilities—for
example, the presence of an external call within a function—but fail to grasp the deeper,
temporal semantics required to distinguish a benign call from a reentrant one (i.e., whether
the call occurs before a state update). In contrast, the high F1-scores of appropriately
prompted LLMs imply they are successfully capturing this essential logic.

The static analysis tools, foundational to current security practices, were significantly
outperformed by nearly all learning-based models. Their performance, characterized by
low F1-scores and particularly poor recall, highlights the inherent brittleness of heuristic-
based detection. These tools rely on predefined patterns that generalize poorly. This “se-
mantic gap” between rigid heuristics and complex reality is precisely what modern LLMs,
even the cost-effective GPT-4.1-mini, are equipped to bridge.

6.6.3 Explainability
Beyond predictive accuracy, the ultimate value of an AI security tool lies in the quality
of its explanations. A correct classification is of limited utility in a high-stakes security
context if its underlying reasoning is flawed, opaque, or untrustworthy. To rigorously
assess this critical dimension, we employed a two-pronged evaluation strategy: combin-
ing nuanced, definitive ratings from human security experts with scalable, fine-grained
assessments from an LLM-as-a-Judge framework. This dual approach provides a compre-



hensive picture of the practical utility of the generated explanations.
Our human expert evaluation (Table 6.3) immediately confirmed that the method of

generating an explanation profoundly shapes its value. The Structurally-Aware RAG
strategy produced explanations judged as significantly more useful than the baseline zero-
shot approach, especially in Informativeness (4.72 vs. 4.14). This quantitative gap signi-
fies a fundamental qualitative shift in function. A baseline explanation delivers a verdict—
a claim a developer must then independently verify. In contrast, an RAG-generated ex-
planation delivers a verdict along with verifiable evidence in the form of an analogous,
real-world smart contract. This transforms the AI’s output from an unsubstantiated claim
into a pedagogical tool. It illuminates the why behind a vulnerability, builds developer
intuition, and directly accelerates the remediation workflow.

This evidence-grounding is also paramount for establishing user trust. The superior
Correctness score for RAG demonstrates that grounding the LLM in concrete examples
measurably mitigates the risk of factual hallucination, bolstering developer confidence
in the analysis. Interestingly, the baseline’s marginally higher Pertinence score (4.37 vs.
4.31) reveals a subtle but important user preference for conciseness. This highlights a
tension between detail and brevity, a theme that our automated evaluation explores in
greater detail.

Table 6.3: Comparison of Qualitative ExplanationMetrics: BASELINE vs. RAG o3-mini.
Values are reported as Mean (Standard Deviation) on a 1-5 scale. The best performing
strategy for each metric is highlighted in bold.

Metric Baseline RAG

Correctness 4.38 (0.94) 4.43(0.84)
Informativeness 4.14 (0.70) 4.72(0.57)
Pertinence 4.37(0.87) 4.31 (0.84)

6.6.3.1 Discussion

The LLM-as-a-Judge assessment (Table 6.4) allows us to dissect how different prompting
strategies interact with diverse model architectures at scale. The results crystallize several
key principles for designing explainable AI systems.

First, evidence-grounding is a universally dominant principle. Across all models, from
the high-capacity o3-mini to the compact GPT-4.1-nano, the Structurally-Aware RAG
strategy consistently yielded the best-balanced explanations. Its power to uplift perform-
ance is particularly stark for smaller models; for example, RAG elevated GPT-4.1-nano’s
Correctness score from a mediocre 3.53 to a robust 4.42. This proves that providing verifi-
able, contextual evidence is the most reliable path to generating trustworthy explanations,
effectively establishing a high-quality floor regardless of model size.

Second, the utility of Chain-of-Thought (CoT) is highly model-dependent. For the
reasoning-optimized o models, the explicit step-by-step logic of CoT offered minimal be-
nefit and often reduced Pertinence. This supports our ”procedural interference” hypo-
thesis: these specialized models already possess streamlined internal reasoning pathways,
and the rigid scaffolding of CoT can be redundant or even counterproductive. Conversely,
the generalist GPT models showed marked improvements in Informativeness with CoT,
suggesting that, for less specialized architectures, this explicit structure is essential for
producing coherent, logical output.



Finally, the analysis confirms a foundational trade-off between Informativeness and
Pertinence. The hybrid RAG + CoT strategy consistently produced the most detailed
and exhaustive explanations across all models, earning the highest Informativeness scores.
However, this same verbosity consistently yielded some of the lowest Pertinence scores.
This is not an anomaly but a systemic feature of the methodology, presenting a critical
design tension: maximizing explanatory detail can directly undermine its conciseness and,
therefore, its immediate utility.

In synthesis, our dual evaluation converges on a central, actionable insight. The most
effective AI security tools are not those that attempt to mimic the entirety of a human’s
internal thought process (CoT), but those that emulate an expert’s practical use of evidence
(RAG). By grounding its analysis in concrete, verifiable examples, the Structurally-Aware
RAG strategy produces explanations that are correct, insightful, and efficiently actionable.
This fosters a collaborative partnership between the developer and the AI, transforming
the tool from a black-box oracle into a trusted co-pilot for secure software development.

6.7 Limitations
Several limitations define the scope of the findings in this work. This study focuses ex-
clusively on reentrancy in Solidity; thus, the generalizability of its methods to other vul-
nerability classes or blockchain ecosystems remains an open question. The reliance on
proprietary, black-box LLMs presents challenges for long-term reproducibility and intro-
duces practical constraints, such as cost and latency, for real-time applications. Finally,
the methodology of this work is limited to static source code analysis. It does not account
for dynamic on-chain states or complex multi-contract interactions, which can be sources
of emergent exploits.

6.8 Conclusions
This work demonstrates that LLMs, when coupled with the proposed Structurally-Aware
RAG strategy, achieve a new SotA in detecting reentrancy vulnerabilities in smart con-
tracts, surpassing traditional ML, DL, and static analysis baselines. The results reveal that,
for complex program analysis, grounding generative reasoning in factual and structural
precedents is more effective than enforcing rigid, self-contained reasoning chains. This
evidence-centric strategy not only enhances predictive accuracy but also yields intelligible,
authentic explanations that are grounded in the underlying code logic and pragmatically
actionable. Beyond performance, these findings articulate a broader insight. They suggest
that LLMs, when properly contextualized and structurally grounded, can serve as systems
capable of co-constructing understanding rather than merely automating detection. The
Structurally-Aware RAG approach exemplifies how explainability can be embedded as a
design principle rather than appended as a post-hoc justification, thereby operationalizing
the tripartite framework of faithfulness, intelligibility, and alignment. Within this frame-
work, retrieval grounding enhances faithfulness by linking outputs to verifiable causal
structures, while structured reasoning improves intelligibility by producing explanations
that align with human cognitive schemas. Additionally, prompting strategies ensure align-
ment by shaping the communicative interface between the model and the expert.

Viewed through this theoretical lens, the empirical results extend beyond blockchain
security. They demonstrate a pathway toward reconciling the generative capacities of



Table 6.4: Per-Model LLM-as-a-Judge Evaluation of Generated Explanations. Values are
reported as Mean (Standard Deviation) on a 1-5 scale. The best-performing strategy for
each model and metric is highlighted in italic, with the overall best strategy in bold.

Model Strategy Correctness Informativeness Pertinence

o3-mini

Baseline 4.61 (0.75) 4.03 (0.90) 4.71 (0.60)
Baseline + CoT 4.72 (0.65) 4.55 (0.70) 4.45 (0.80)
RAG 4.91(0.40) 4.83(0.50) 4.85(0.45)
RAG + CoT 4.84 (0.45) 4.93(0.40) 4.22 (0.95)

o4-mini

Baseline 4.43 (0.80) 3.81 (1.05) 4.65 (0.65)
Baseline + CoT 4.65 (0.70) 4.41 (0.80) 4.31 (0.85)
RAG 4.83 (0.50) 4.71 (0.60) 4.77 (0.55)
RAG + CoT 4.76 (0.55) 4.81 (0.50) 4.15 (1.00)

GPT-4.1

Baseline 3.82 (1.10) 3.05 (1.20) 4.21 (0.85)
Baseline + CoT 4.25 (0.95) 4.08 (0.90) 4.03 (0.90)
RAG 4.71 (0.65) 4.54 (0.75) 4.63 (0.70)
RAG + CoT 4.64 (0.70) 4.66 (0.65) 3.88 (1.15)

GPT-4.1-mini

Baseline 3.91 (1.05) 3.25 (1.15) 4.25 (0.80)
Baseline + CoT 4.33 (0.90) 4.15 (0.95) 4.08 (0.85)
RAG 4.68 (0.68) 4.51 (0.78) 4.66 (0.65)
RAG + CoT 4.55 (0.72) 4.63 (0.68) 3.95 (1.10)

GPT-4.1-nano

Baseline 3.53 (1.20) 2.51 (1.30) 4.05 (0.95)
Baseline + CoT 3.88 (1.10) 3.55 (1.10) 3.81 (1.00)
RAG 4.42 (0.80) 4.23 (0.90) 4.45 (0.80)
RAG + CoT 4.31 (0.85) 4.35 (0.80) 3.64 (1.25)

GPT-4o

Baseline 3.75 (1.15) 2.89 (1.25) 4.13 (0.90)
Baseline + CoT 4.11 (1.00) 3.84 (1.00) 3.91 (0.95)
RAG 4.65 (0.70) 4.42 (0.80) 4.55 (0.75)
RAG + CoT 4.58 (0.75) 4.59 (0.70) 3.71 (1.20)



modern LLMs with the epistemic demands of explainability. In doing so, they respond to
the central question animating this thesis: not whether machines can think, but whether
humans can understand how machines think.

Several research avenues naturally follow. A key direction is to assess the gener-
alizability of this framework across diverse vulnerability classes and programming lan-
guages, testing its robustness and scope. Methodologically, integrating richer program
representations—such as Program Dependence Graphs or syntax-aware embeddings—
could further enhance the faithfulness of retrieval and reasoning. Extending the current
one-shot pipeline into an interactive, human-in-the-loop auditing system would enable
security experts to iteratively query, refine, and validate AI-generated insights, thereby
materializing the thesis’s vision of co-evolutionary explainability. Finally, optimizing
latency and computational cost through model distillation or retrieval-efficient architec-
tures will be essential for real-time deployment in continuous integration environments,
ensuring that high-fidelity AI auditing remains both scalable and accountable.

In sum, this chapter demonstrates that combining LLMs with structured, evidence-
grounded retrieval not only advances the state of smart contract analysis but also concret-
izes the thesis’s broader argument: that explainability, when treated as an epistemic design
principle, enables a new synthesis between machine reasoning and human understanding.
In the generative era, this synthesis is not peripheral to intelligence—it is intelligence. The
next chapter will build on these foundations to explore the role of explainability in model
design.





7
Assessing the Industrial Stakes of

Explainable Arti~cial Intelligence

This chapter is based on: M. Rizzo et al. ‘Leveraging periodicity for tabular deep
learning’. In: Electronics 14.6 (Mar. 2025), p. 1165. ISSN: 2079-9292. DOI:

10.3390/electronics14061165. URL:
https://doi.org/10.3390/electronics14061165

As AI systems move from research into production, the question of how to explain their
behavior becomes inseparable from their governance. In high-stakes industrial sectors—
from finance and energy to healthcare and manufacturing—AI models make decisions
with significant material and ethical consequences. Here, XAI is not merely a diagnostic
tool but a structural requirement, enabling organizations to trust, audit, and control al-
gorithmic reasoning at scale.

As shown in previous chapters, the epistemic function of explanation is context-dependent.
In medicine, explanations are primarily communicative acts that bridge the gap between an
AI model’s representations and a clinician’s diagnostic heuristics. In the adversarial con-
text of smart contract security, however, explanations become tools for knowledge con-
struction. They help analysts surface vulnerabilities and reason about system behavior,
operating as a generative mechanism for creating new interpretive frameworks. These
cases reveal a clear trajectory for the role of XAI: from communication to knowledge con-
struction and ultimately to structural design. The industrial context extends this evolution,
positioning explainability as a core principle for engineering large-scale systems where ac-
countability, safety, and performance are intertwined.
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7.1 Explainability as an Industrial Design Principle

This thesis argues that explanations must be both faithful to a model’s internal logic and
aligned with the epistemic structures of the application domain. This alignment trans-
forms explainability from a post hoc justification into a mechanism for ensuring continuity
between automated inference and expert reasoning.

In industrial practice, this principle operates on three interdependent levels. Strategic-
ally, explainability supports governance and regulatory compliance under frameworks like
the EUAI Act. Operationally, it serves as an interpretive interface between model outputs
and human experts, who must diagnose, validate, and refine algorithmic behavior. Tech-
nically, it informs the model architecture itself, motivating designs that are structurally
grounded in the domain’s natural regularities.

The ultimate challenge, therefore, is not simply to explain pre-trained models but to
engineer models that are explainable by design. This goal is particularly acute in industry,
where the dominant data modality—tabular data—lacks the intuitive spatial or semantic
regularities of images or text, making interpretation difficult.

7.2 Tabular Data: The Industrial Frontier of XAI

Most industrial data pipelines are built on tabular data—structured records of measure-
ments, transactions, or system states. Despite its ubiquity, this data modality has received
comparatively little attention from the XAI community. Without the clear spatial or se-
mantic features found in other data types, understanding tabular models requires uncover-
ing the latent statistical and temporal structures that organize the dataset. The core chal-
lenge is to illuminate the generative structure of the data: the recurrent dependencies,
systemic couplings, and periodic fluctuations that drive observed behavior.

Among these latent structures, periodicity is particularly central and explainable in
industrial systems. Energy grids, manufacturing lines, and financial markets all exhibit
cyclical dynamics that encode system stability and disruption. Capturing these patterns
provides a direct path to in-model explainability, in which the model’s architecture en-
codes mechanisms that correspond to established domain knowledge, rather than relying
on external attribution methods. This insight motivates the core approach of this chapter.
By integrating periodic representations directly into their architectures, models can make
their reasoning more naturally intelligible.

7.3 Leveraging Periodicity for Explainable Predictions in
Tabular Scenarios

The workhorse of industrial AI is tabular data — structured datasets composed of rows
and columns, encompassing domains as varied as finance, healthcare, manufacturing, mar-
keting, and the social sciences [169]. These datasets encode the logic of real-world pro-
cesses, such as patient trajectories in medical records, consumption cycles in energy mar-
kets, or transaction histories in finance. Their ubiquity makes them a privileged site for
treating explainability as a question of how model reasoning can be made congruent with
domain understanding.



Despite remarkable advances in DL for unstructured data, its adoption in tabular do-
mains has lagged. Traditional ML methods, such as Gradient Boosting Machines and
Random Forests, often outperform deep architectures on tabular datasets [64]. This dis-
crepancy arises from the absence of the spatial or sequential regularities that neural archi-
tectures like CNNs or RNNs exploit [89], as well as from the heterogeneous and hierarch-
ically entangled nature of tabular features [210]. Consequently, deep models for tabular
data tend to learn representations that are not only data-hungry but also opaque—difficult
to interpret and validate in operational contexts.

Several recent architectures—such as TabNet [8], NODE [142], DeepGBM [91], and
FT-Transformer [58, 64]—have sought to close this gap through attention mechanisms
and differentiable decision trees. Yet, while these models improve accuracy, they often
reproduce the fundamental opacity of end-to-end neural reasoning. Explanations, when
attempted post hoc, remain descriptive rather than structural: they tell us which features
influenced a prediction, not why the model relied on them or how this reasoning relates to
the generative structure of the data.

From the perspective of this thesis, this limitation is not merely technical but epistem-
ological. It exemplifies the broader crisis of faithfulness in XAI: explanations detached
from model causality or domain logic risk becoming rhetorical artifacts. To overcome
this, I seek forms of explainability that are constitutive rather than corrective—built into
the model’s representational fabric. This motivates exploring periodicity as an explainable
structural prior for tabular data in this work.

Many real-world datasets, even those without explicit temporal attributes, exhibit lat-
ent periodicity—regular, repeating patterns that reflect underlying rhythms of human or
physical processes [40]. Examples include daily consumption cycles, weekly production
shifts, seasonal market fluctuations, or circadian biological variations. Traditional deep
tabular models often capture these patterns implicitly but cannot explicitly articulate them.
As a result, their decisions may be accurate yet inaccessible: the model “knows” that a
sales peak is seasonal but cannot explain that reasoning in a form intelligible to human
experts.

The proposed approach reframes periodicity not only as a predictive cue but as a
vehicle for explainability. By embedding cyclical structures into the model’s representa-
tional space, Imake the statistical regularities of the data coextensivewith human-understandable
temporal logics. In other words, the model’s reasoning becomes structurally aligned with
the epistemic structures of the domain—a practicalmanifestation of the faithfulness–intelligibility–
alignment triad articulated earlier in this thesis.

I therefore introduce neural architectures that disentangle and explicitly model both
periodic and non-periodic patterns in tabular data. Specialized encoding techniques are
used to capture cyclical dependencies via Fourier-based representations, whereas Cheby-
shev polynomial encoders address complex, non-linear, yet non-periodic relationships.
This combination enhances the network’s ability to learn diverse and explainable feature
interactions without extensive manual feature engineering. Crucially, the resulting rep-
resentations lend themselves to explanation: periodic encoders reveal the frequency com-
ponents driving predictions, whereas Chebyshev encoders expose smooth, explainable
transformations over non-repetitive domains.

This design directly addresses one of the main obstacles to industrial adoption of deep
tabularmodels—their lack of inherent explainability. By embedding explainable inductive
biases within the architecture, I shift explainability from a retrospective exercise to an
intrinsic property of the model. The resulting framework allows practitioners not only to



evaluate feature contributions but also to interpret them in terms of domain-relevant cycles,
trends, and deviations. This approach exemplifies the thesis’s broader argument: to be
epistemically robust, explainability must emerge from the structural consonance between
the model and the world.

7.3.1 Contribution
This work introduces a novel family of deep architectures for explainable tabular learn-
ing grounded in periodic decomposition. I integrate Fourier-based encodings to capture
cyclical regularities and Chebyshev polynomials to represent non-periodic dependencies,
combining them in hybrid networks that adaptively balance both forms of structure. These
architectures are designed to generalize across diverse datasets and task types—classification
and regression alike—without prior feature categorization.

Empirical evaluations on a benchmark of 53 datasets demonstrate that this work’s mod-
els outperform the FT-Transformer, the current SotA, on 34 datasets, confirming both
their robustness and generality. Beyond raw performance, the proposed framework sub-
stantially enhances explainability: Fourier encodings expose the spectral composition of
predictive reasoning, while Chebyshev transformations provide transparent mappings of
complex feature interactions. By linking mathematical form to semantic meaning, this
work’s approach bridges DL and explainable modelling—offering an example of structur-
ally aware AI in which explainability is not an afterthought but an architectural principle.

All code and datasets used in the experiments are publicly available to support repro-
ducibility: https://github.com/matteo-rizzo/periodic-tabular-dl.

7.4 Related Work
Applying DL to tabular data has been a subject of significant research interest, aiming
to replicate the success of DL in unstructured data domains such as computer vision and
natural language processing [57]. This section reviews the literature on DL architectures
tailored to tabular data, the use of Fourier transforms and Chebyshev polynomials in neural
networks, and methods for capturing periodicity and nonlinearity in data.

7.4.1 Deep Learning Architectures for Tabular Data
Traditional ML models, particularly ensemble methods like Gradient Boosting Machines
[53] and Random Forests [15], have historically outperformed DL models on tabular data-
sets [169]. These models are adept at handling heterogeneous feature types and complex
interactions without extensive preprocessing. However, DL offers potential advantages
in automatic feature extraction and representation learning. TabNet introduced a sequen-
tial attention mechanism that enables the model to focus on the most relevant features at
each decision step [8]. By mimicking the decision-making process of gradient boosting,
TabNet integrates feature selection with explainability, thereby improving the handling of
the unique characteristics of tabular data. Neural Oblivious Decision Ensembles (NODE)
propose an architecture that integrates differentiable decision trees into a neural network
framework [142]. NODE uses oblivious decision trees, in which the same feature and
threshold are applied at all decision nodes at a given depth, thereby enabling efficient
representation learning and scalability. DeepGBM combined the strengths of gradient
boosting and deep neural networks by using gradient boosting trees to preprocess the data
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and generate input features for the neural network [91]. This hybrid approach leverages
the powerful feature transformations of gradient boosting while benefiting from the rep-
resentation learning capabilities of DL. FT-Transformer applied the Transformer architec-
ture to tabular data by utilizing feature tokenization and self-attention mechanisms [58].
By treating each feature as a token, FT-Transformer models capture feature interactions
through self-attention, enabling the detection of both linear and non-linear relationships
without requiring explicit feature engineering. TabTransformer focused on modelling cat-
egorical features in tabular data using Transformer-based embeddings and self-attention
[80]. TabTransformer captures dependencies and interactions that traditional one-hot en-
coding methods might miss by learning contextual embeddings for categorical variables.
Despite these advancements, challenges remain in modelling the complex and diverse pat-
terns inherent in tabular data, particularly in capturing periodicity and nonlinearity without
substantial manual feature engineering.

7.4.2 Capturing Periodicity with Fourier Transforms
Periodicity is a common characteristic in various data types, manifesting as repeating
patterns that recur at regular intervals. Traditional methods for handling periodicity of-
ten rely on feature engineering, such as creating lag features or applying domain-specific
transformations [11]. Fourier transforms have been employed in neural networks to cap-
ture periodic patterns by transforming data into the frequency domain [202]. Fourier
features allow models to represent functions with high-frequency components more ef-
fectively. Random Fourier Features were introduced to efficiently approximate kernel
functions [145]. By mapping input data into a randomized low-dimensional feature space
using sinusoidal functions, these features enable linear models to capture non-linear pat-
terns associated with periodicity. Positional encoding in Transformers utilizes sinusoidal
functions to inject sequence information into sequential data models [181]. The sine and
cosine functions of varying frequencies enable the model to distinguish between differ-
ent positions in the input sequence, implicitly capturing periodic relationships. Implicit
neural representations with periodic activation functions have been explored to model
high-frequency variations in data [170]. Using sinusoidal activation functions, neural net-
works can represent detailed signals and textures, which is particularly useful for tasks
such as image generation and reconstruction. However, the application of Fourier-based
encoding to general tabular data, which may not have explicit temporal or spatial dimen-
sions, has been limited. This study extends Fourier transforms to tabular data by designing
a Fourier-based neural encoder that captures intrinsic periodic patterns within the features
without relying on explicit time or spatial information.

7.4.3 Modeling Nonlinearity with Chebyshev Polynomials
Non-linear relationships are prevalent in tabular data and challenge models that primarily
capture linear interactions. Chebyshev polynomials, a sequence of orthogonal polyno-
mials, are well-suited for approximating complex non-linear functions due to their min-
imax properties and numerical stability [148]. In neural networks, Chebyshev polyno-
mials have been utilized in several contexts. A recent study [172] presents the Cheby-
shev Kolmogorov-Arnold Network, a novel neural network architecture inspired by the
Kolmogorov-Arnold representation theorem that leverages the robust approximation cap-
abilities of Chebyshev polynomials. This is achieved by employing learnable functions,



which are parameterized by Chebyshev polynomials, along the network’s edge. Spectral
Graph Convolutional Networks have employed Chebyshev polynomials to define convo-
lutional filters in the spectral domain of graphs [36]. By approximating the graph Lapla-
cian’s eigenvalues, these models perform localized filtering operations without needing
explicit eigenvalue decomposition. For function approximation, Chebyshev polynomials
have been used to approximate arbitrary functions within neural networks [177]. This
approach allows networks to represent functions with rapid variations and nonlinearities
efficiently. The proposed Chebyshev-based neural encoder leverages these properties to
capture non-periodic, complex, non-linear patterns in tabular data. By transforming input
features through Chebyshev polynomials, the encoder enables the neural network to ap-
proximate intricate relationships that standard linear or non-linear transformations might
not capture effectively.

7.4.4 Integrated Approaches for Periodic and Non-Periodic Patterns
While Fourier transforms and Chebyshev polynomials individually address periodicity
and nonlinearity, real-world tabular datasets often exhibit both. Integrated approaches are
necessary to capture the full spectrum of relationships within the data. The proposed ar-
chitectures, PNPNet and AutoPNPNet, combine the strengths of both Fourier and Cheby-
shev encoders. PNPNet involves an a priori separation of features into periodic and non-
periodic categories. This explicit division allows each encoder to specialize in modelling
its designated feature type, improving the overall representation learning. AutoPNPNet
addresses the limitations of manual feature separation by feeding all features into both
encoders. An attention mechanism learns to automatically weigh and select features from
each encoder, effectively performing feature selection and combination in a data-driven
manner. These architectures draw inspiration from models that incorporate multiple fea-
ture transformations or branches to capture different aspects of the data [26] [181]. By
integrating specialized encoders, the models can handle heterogeneous patterns more ef-
fectively than architectures that rely on a single transformation method.

7.4.5 Feature Selection and Automatic Relevance Determination
Feature selection is crucial in modelling tabular data because irrelevant or redundant fea-
tures can degrade model performance. Neural networks often lack inherent mechanisms
for feature selection, prompting research into integrating feature selection into DL models
[27]. Attention mechanisms have been widely used to enable models to focus on the most
relevant parts of the input [10, 139]. In tabular data models, attention can be applied to
features, enabling the network to assign dynamic weights to each feature. Sparse regu-
larization techniques, such as L1 regularization, encourage sparsity in the model weights,
effectively zeroing out less important features [175]. This approach can lead to more ex-
plainable models and reduce overfitting. In the study by Li et al. [106], automatic feature
selection networks have been proposed to learn feature importance scores during training.
These networks can suppress irrelevant features and enhance the representation of signi-
ficant ones, improving both performance and explainability. TabNet [8] uses a sparse
feature mask at each decision step to select important features on an instance-by-instance
basis. This mask is trained with information from the previous step. A feature transformer
module decides which features to use for current prediction and which to pass to the next
step. Some transformer layers are shared across steps, and the combined feature masks



provide global feature importance scores. A recent study by Amballa et al. [7] automated
and accelerated feature selection using Priority-Based Random Grid Search and Greedy
Search. The Priority-Based method utilizes prior probabilities to sample and evaluate
a limited number of feature combinations, thereby avoiding exhaustive testing. Greedy
Search methods (Backward Elimination and Forward Selection) iteratively refine the fea-
ture set by adding or removing features based on their statistical significance. These meth-
ods reduce computational cost while maintaining high model performance by modeling
feature interactions and evaluating subsets using metrics.

The later-detailed AutoPNPNet incorporates an attention mechanism that automatic-
ally selects and combines features from both the Fourier and Chebyshev encoders. This
approach aligns with automatic relevance determination, where the model learns the im-
portance of each feature or transformation without manual intervention [114].

7.4.6 Explainability for Tabular Deep Learning

With the rapid advancement of MLmodels, there has been a growing need to elucidate the
autonomous decisions and actions of these models to human users. This need for transpar-
ency is critical to foster trust and understanding among users who rely on these systems for
various applications. The widespread adoption of DL techniques, particularly for tabular
data, has exacerbated the challenge of model explainability. These sophisticated mod-
els often function as “black boxes,” providing limited insight into their decision-making
processes. Consequently, the opacity of these models poses a substantial barrier to their
acceptance and effective utilization, as users are left with inadequate explanations for the
outcomes generated by these systems.

In tabular DL, explainability faces unique challenges arising from the structured nature
of the data and the representations learned by deep models. However, the opacity of these
models has necessitated the application of dedicated XAI techniques for tabular data [133].
A recent study by O’Brien et al. [133] reviews XAI techniques for tabular data, draw-
ing upon prior work, particularly a survey of explainable artificial intelligence for tabular
data, and explores recent developments. This study classifies and outlines XAI methods
pertinent to tabular data, highlights domain-specific challenges and gaps, and investig-
ates potential applications and emerging trends. They provide an up-to-date overview of
XAI techniques for tabular data, categorizing and describing methods, identifying domain-
specific challenges, and exploring potential applications and trends in this field. Recent
advances have introduced deep architectures that are inherently explainable and tailored to
tabular data. For instance, InterpreTabNet improves classification accuracy and explain-
ability by leveraging the TabNet architecture with an improved attentive module, thereby
ensuring robust gradient propagation and computational stability [186].

Another significant contribution by Ullah et al. [178] introduces Layer-wise Relev-
ance Propagation, an explainability method applied to tabular datasets using DL models.
This method has been utilized for credit card fraud detection and predicting telecom cus-
tomer churn. The growing demand for transparency in healthcare and other critical sectors
has further fueled scholarly interest in these models. For instance, patient diagnosis can be
achieved using tabular data from patient records. The study by [190] provides an in-depth
analysis of recent research and advances in XAI, as well as its applications in the Internet
of Medical Things within healthcare facilities.

Explainable tabular data analysis is also pertinent in the financial sector [191]. Am-
balla et al. [19] highlight the significant role of XAI in the financial industry, particularly



in applications of risk management, which include fraud detection, loan default predic-
tion, and bankruptcy prediction. In industrial manufacturing, XAI-based tabular learning
is particularly valuable for quality control [99].

7.4.7 Summary and Positioning
The existing literature highlights the challenges and potential solutions for applying DL to
tabular data. While previousmodels have introduced innovative architectures andmechan-
isms to handle feature heterogeneity and interactions, a gap remains in effectively captur-
ing intrinsic periodicity and complex nonlinear patterns without relying on extensive fea-
ture engineering. This work differentiates itself by leveraging intrinsic periodicity through
a Fourier-based neural encoder specifically designed to capture periodic patterns in tab-
ular data, extending the application of Fourier transforms beyond domains with explicit
temporal or spatial structures. I model complex nonlinearities using Chebyshev polyno-
mials in a neural encoder to approximate nonlinear functions on tabular data, providing a
powerful tool for representing intricate relationships. By integrating specialized encoders,
I develop architectures that combine both encoders to capture a wide range of patterns with
automatic feature selection and combination mechanisms. Through empirical validation,
I demonstrate the effectiveness of the approaches in this work through extensive experi-
ments on diverse datasets, yielding significant performance improvements over existing
DL methods. This work’s method advances DL for tabular data by addressing limitations
of current models and introducing novel methods to capture periodicity and nonlinearity.
It opens avenues for further research into specialized encoders and integrated architectures
that address the unique challenges posed by structured datasets.

7.4.8 Challenges with Learning in Tabular Data
• Tabular data availability and generation: Collecting, encoding, synthesizing,
generating, and evaluating tabular data is challenging because of its diverse nature,
complex patterns, and the absence of standard benchmarks [188]. Additionally, tab-
ular data include categorical variables that should be transformed into numerical
types for use by DL algorithms [68].

• Preprocessing of tabular data: DL applications with homogeneous data, only min-
imal preprocessing or explicit feature engineering is required, but using deep neural
networks, especially while using tabular data, needs a specific strategy to apply pre-
processing techniques [59]. Preprocessing techniques for deep neural networks can
introduce information loss, which may reduce predictive performance [50].

• Feature engineering problems: Traditional DL architectures are not well-suited
for handling the heterogeneous features of tabular data. There are challenges in ef-
fectively embedding both categorical and numerical features, often requiringmanual
or hybrid techniques to optimize performance. The lack of inherent spatial structure
in tabular data exacerbates these issues [196].

• Lack of inherent explainability: DL models, particularly tabular data models, are
likely to be “black boxes” and therefore are difficult to interpret their decision pro-
cess. Deep neural networks are opaque, unlike other ML models, such as decision
trees or linear regression, whose architectures are transparent and explainable. This



lack of explainability is a concern in critical applications such as healthcare and
finance, where model predictions must be interpretable to support trust and compli-
ance.

7.5 Method
This section discusses the proposed neural architectures for processing tabular data in
this work. These are FourierNet, ChebyshevNet, PNPNet, AutoPNPNet, which process
only continuous numerical data, and TabFourierNet, TabChebyshevNet, TabPNPNet, and
TabAutoPNPNet, which process both continuous numerical and categorical features. Fouri-
erNet is a neural network architecture that incorporates a Fourier-based encoder. The Four-
ier encoder transforms input features into a frequency domain representation, enabling the
network to capture periodic patterns effectively. By applying the Fourier Transform, I de-
compose complex periodic signals into their constituent sinusoidal components, thereby
enabling the model to learn from frequency-based features that may be obscured in the
original domain. However, not all patterns in tabular data are periodic. Datasets may
also contain non-periodic, complex, and non-linear relationships that are crucial for accur-
ate predictions. To capture these patterns, I developed ChebyshevNet, which employs a
Chebyshev-based neural encoder. Chebyshev polynomials are a sequence of orthogonal
polynomials that approximate functions on a specific interval and are particularly effect-
ive for modelling non-linear behaviour. Using Chebyshev polynomials, I can approxim-
ate complex functions and capture intricate relationships within the data without assuming
periodicity. FourierNet and ChebyshevNet process only continuous data. TabFourierNet
and TabChebyshevNet also incorporate categorical data by processing it on a separate
branch. Categorical data is one-hot encoded and passed through a Multi Layer Perceptron
(MLP) for feature extraction. Then, the extracted features are concatenated with those
extracted in the parallel branch for continuous data. Figure 7.1 provides a general work-
ing schema for TabFourierNet and TabChebyshevNet, illustrating their shared underlying
mechanism.

Figure 7.1: Shared base architecture of TabFourierNet and TabChebyshevNet.

Building upon these specialized encoders, I propose two integrated architectures: PN-
PNet and AutoPNPNet. The PNPNet architecture involves an a priori separation of input



features into periodic and non-periodic categories based on domain knowledge or stat-
istical analysis. The periodic features are processed through the Fourier encoder, while
the non-periodic features pass through the Chebyshev encoder. The outputs from both
branches are then combined to produce the final prediction. This explicit separation allows
the model to tailor its representation learning to the nature of each feature type. Recogniz-
ing that manual feature separation may not always be feasible or accurate, AutoPNPNet
feeds all features into the Fourier and Chebyshev encoders. An additional MLP layer
learns to automatically weigh and select the most relevant features from each encoder,
performing implicit feature selection and combination. This approach eliminates the need
for prior feature categorization, allowing the model to learn the optimal representation ad-
aptively. From PNPNet and AutoPNPNet, I derive TabPNPNet and TabAutoPNPNet that
process categorical data on a separate branch from continuous data. Figure 7.2 and Fig-
ure 7.3 present the architecture of PNPNet and AutoPNPNet, respectively, highlighting
how periodic and non-periodic feature encodings are integrated.

Figure 7.2: Overview of the PNPNet architecture.

Figure 7.3: Overview of the AutoPNPNet architecture.



7.5.1 FourierNet: Capturing Periodic Patterns
The Fourier-based neural encoder transforms input features into a frequency-domain rep-
resentation, enabling the network to learn effectively from periodic components in the
data. This highly configurable encoder offers a range of options, including input scaling,
convolutional preprocessing, different activation functions, learnable frequencies, phase
shifts, amplitudes, and Random Fourier Features (RFF). Given an input feature vector
x ∈ R

d, the encoder processes x through several optional steps before applying the Four-
ier transformation. If input scaling is enabled, each input feature is scaled by a learnable
parameter s ∈ R

d:

x̃ = s⊙ x,

where⊙ denotes element-wise multiplication. This scaling allows the model to adjust
the influence of each feature. An optional one-dimensional convolutional layer can be
applied to capture localized feature patterns:

x̃ = Conv1D(x̃),

where Conv1D represents a convolutional operation over the feature dimension with
a specified kernel size.

The core of the Fourier encoder is to project the input features into a higher-dimensional
space using sinusoidal functions. For each input feature xi, I associatem frequency com-
ponents, forming a frequency matrix F ∈ R

d×m. Frequencies fij can be initialized using
uniform, normal, or logarithmic initialization methods. If RFF is enabled, frequencies are
sampled from a normal distribution with variance inversely proportional to the bandwidth
parameter σ:

fij ∼ N
(

0,
1

σ2

)

.

Optionally, the encoder includes learnable amplitudeαij and phase shiftϕij parameters
for each feature and frequency component. The amplitude scaling is given by aij = αij ,
and the phase shift is φij = ϕij . The input features are projected using the frequencies,
amplitudes, and phase shifts as:

zij = 2πxifij + φij.

The encoder supports several activation functions applied to projected inputs zij . For
instance, with the sine and cosine activation (’sin_cos’), the outputs are:

F sin
ij = aij sin(zij), F cos

ij = aij cos(zij).

These outputs are concatenated along the feature dimension. After activation, an op-
tional learnable scaling parameter γij can be applied to encoded features:

Fij = γijFij.

The encoded features are then flattened to form the final encoded vectorF(x) of dimen-
sion d ×m × s, where s depends on the activation function (e.g., s = 2 for ‘sin_cos’,
s = 1 otherwise):

F(x) = Flatten (Fij) .



The overall architecture of FourierNet integrates the Fourier encoder with an MLP.
The Fourier encoder transforms the input features into a higher-dimensional encoded rep-
resentation F(x) that captures periodic patterns via sinusoidal transformations with con-
figurable frequencies, amplitudes, and phase shifts. This encoded representation is then
processed by the MLP, which consists of L hidden layers. The operations of the MLP are
defined as:

h0 = F(x),

hl = σ (Wlhl−1 + bl) , for l = 1, 2, . . . , L,

ŷ = fout(hL),

where σ(·) is an activation function (e.g., ReLU), and fout(·) is appropriate for the task
(e.g., linear activation for regression, softmax for classification).

Combining all components, the encoded feature for each input feature xi and frequency
component j is given by:

Fij = γij · αij · sin (2πxifij + ϕij) ,

or according to the selected activation function. If the ’sin_cos’ activation is used,
the encoded features are:

F sin
ij = γij · αij · sin (2πxifij + ϕij) ,

F cos
ij = γij · αij · cos (2πxifij + ϕij) .

These features are then concatenated and flattened to form F(x).

7.5.2 ChebyshevNet: Modeling Non-Periodic Patterns
To capture non-periodic, complex, non-linear relationships in tabular data, ChebyshevNet
utilizes Chebyshev polynomials of the first kind. For each input feature xi, the Chebyshev
polynomials Tn(xi) are defined recursively:

T0(xi) = 1, (7.1)
T1(xi) = xi, (7.2)
Tn(xi) = 2xiTn−1(xi)− Tn−2(xi), for n ≥ 2. (7.3)

A preliminary analysis of training trends revealed significant fluctuations in loss val-
ues, which hindered learning, particularly for higher-degree polynomials, which are more
susceptible to numerical overflow. To address this issue, I explored feature clamping as a
method to enhance training stability. The input features are clamped to the interval [−1, 1]:

xi ← clip(xi,−1, 1). (7.4)

The study on how this choice affects performance showed no significant change in
accuracy for lower-degree polynomials, whereas it yielded superior training stability for
higher-degree polynomials.

The Chebyshev encoder C(x) generates an encoded feature tensor by computing the
Chebyshev polynomials up to degree N for each input feature, resulting in a tensor of
shape [d,N + 1], where d is the number of input features:



C(x) = [T0(xi), T1(xi), . . . , TN(xi)]
d

i=1 . (7.5)

A multi-headed encoding mechanism is introduced to enhance the encoder’s repres-
entative capacity. Let there be H heads in total. Each head processes the input fea-
tures independently, with its own set of learnable parameters, including optional scal-
ing factors s(h) ∈ R

d, polynomial weights W(h) ∈ R
d×(N+1), and interaction kernels

K(h) ∈ R
d×(N+1)×q, where q is the kernel size.

For each head h, the input features may be scaled:

x̃
(h)
i = s

(h)
i xi. (7.6)

The Chebyshev polynomials are then computed for each scaled feature x̃(h)
i up to de-

gree N . The weighted polynomials are obtained by applying the polynomial weights:

P
(h)
i,n = W

(h)
i,n Tn(x̃

(h)
i ). (7.7)

To model interactions among polynomial terms, the kernels are applied:

S
(h)
i,j =

N
∑

n=0

P
(h)
i,n K

(h)
i,n,j , for j = 1, 2, . . . , k. (7.8)

An activation function σ(·) (e.g., SiLU) is applied to the result:

S
(h)
i,j = σ(S

(h)
i,j ). (7.9)

If residual connections are enabled, a residual from the input feature is added:

S
(h)
i,j = S

(h)
i,j + x̃

(h)
i . (7.10)

Each head produces an output tensor S(h) ∈ R
d×k, representing the encoded features

from that head. A cross-head attentionmechanism is incorporated to capture dependencies
between different heads. The output tensors from each head are flattened to form vectors:

s(h) = Flatten
(

S(h)
)

, s(h) ∈ R
dk. (7.11)

Queries, keys, and values for each head are computed using linear projections:

q(h) = Wqs(h), (7.12)
k(h) = Wks(h), (7.13)
v(h) = Wvs(h), (7.14)

whereWq,Wk,Wv ∈ R
ds×da are learnable projection matrices, and da is the attention

dimension. The attention scores between heads are computed as:

α(h,h′) =

(

q(h)
)⊤ k(h′)

√
da

. (7.15)

The attention weights are obtained via the softmax function:

a(h,h
′) =

exp
(

α(h,h′)
)

∑H

h′′=1 exp (α(h,h′′))
. (7.16)



The output of the cross-head attention for each head is calculated as:

o(h) =
H
∑

h′=1

a(h,h
′)v(h′). (7.17)

The outputs from all heads are concatenated to form the final encoded representation:

C(x) = Concat
(

o(1), o(2), . . . , o(H)
)

. (7.18)

An optional normalization layer, such as Layer Normalization, may be applied toC(x)
to stabilize training.

ChebyshevNet integrates the Chebyshev encoder with the multi-headed encoding and
cross-head attention mechanisms. The overall architecture begins with input processing,
where input features may be scaled and clamped to [−1, 1] for numerical stability. The
multi-headed encoding then computes the weighted Chebyshev polynomials and applies
the kernels for each head, including activation functions and residual connections as con-
figured. Following encoding, the cross-head attention mechanism processes the outputs
of all heads, computing queries, keys, values, and attention weights to combine the value
vectors. The attended outputs of all heads are concatenated, and optional normalization is
applied to the combined representation. The final encoded representation C(x) is passed
through an MLP:

h0 = C(x), (7.19)
hl = σ (Wlhl−1 + bl) , for l = 1, 2, . . . , L, (7.20)
ŷ = fout (hL) . (7.21)

Here, σ(·) is an activation function (e.g., ReLU), and fout(·) is the output function
appropriate for the task.

7.5.3 PNPNet: Periodic-Non-Periodic Network
PNPNet requires an initial separation of the input features into periodic and non-periodic
subsets, denoted as xp ∈ R

dp and xnp ∈ R
dnp , respectively, where dp + dnp = d. This

separation can be based on domain knowledge or statistical analysis techniques, such as
spectral density estimation or autocorrelation analysis.

PNPNet comprises two parallel branches that process periodic and non-periodic fea-
tures separately. The periodic features xp are transformed using the Fourier encoder to
obtain F(xp), which is then processed by an MLP specific to the periodic branch:

hp,0 = F(xp), (7.22)
hp,l = σ (Wp,lhp,l−1 + bp,l) , for l = 1, 2, . . . , Lp. (7.23)

Similarly, the non-periodic features xnp are transformed using the Chebyshev encoder
to obtain C(xnp), processed by the non-periodic branch MLP:

hnp,0 = C(xnp), (7.24)
hnp,l = σ (Wnp,lhnp,l−1 + bnp,l) , for l = 1, 2, . . . , Lnp. (7.25)



The outputs from both branches are concatenated to form the fused representation:

hfusion =

[

hp,Lp

hnp,Lnp

]

. (7.26)

This fused representation is then passed through a final MLP to produce the prediction:

hfinal = σ (Wfhfusion + bf ) , (7.27)
ŷ = fout (hfinal) . (7.28)

7.5.4 AutoPNPNet: Automatic Feature Selection
AutoPNPNet addresses the challenge of manually separating features into periodic and
non-periodic categories by simultaneously feeding all input features x ∈ R

d into the Four-
ier and Chebyshev encoders. This approach enables the model to learn, in a data-driven
manner, which features are best represented by each encoder. The input features are pro-
cessed as:

F(x) = FourierEncoder(x), (7.29)
C(x) = ChebyshevEncoder(x). (7.30)

Here, F(x) ∈ R
dF and C(x) ∈ R

dC are the encoded representations produced by the
Fourier and Chebyshev encoders, respectively, where dF and dC are the dimensions of the
encoded feature spaces.

The encoded representations from both encoders are processed through their respective
MLPs to capture complex interactions and feature transformations:

hF,0 = F(x), (7.31)
hF,l = σ (WF,lhF,l−1 + bF,l) , l = 1, 2, . . . , LF , (7.32)
hC,0 = C(x), (7.33)
hC,l = σ (WC,lhC,l−1 + bC,l) , l = 1, 2, . . . , LC . (7.34)

Here, hF,LF
∈ R

hF and hC,LC
∈ R

hC are the outputs of the Fourier and Chebyshev
branches after the LF and LC layers, respectively.

An attention mechanism is employed to learn the optimal weighting between the two
branches, allowing the model to automatically determine the importance of periodic and
non-periodic features. The attention weights αF and αC are computed as:

α = softmax
(

Watt

[

hF,LF

hC,LC

]

+ batt

)

, (7.35)

α =

[

αF

αC

]

. (7.36)

where Watt ∈ R
2×(hF+hC) and batt ∈ R

2 are learnable parameters, and the softmax
function ensures that αF + αC = 1 and αF , αC ≥ 0.



The fused representation is then computed as a weighted sum of the outputs from the
two branches:

hfusion = αFhF,LF
+ αChC,LC

. (7.37)

This fusion enables the model to emphasize the features and patterns most relevant to
the prediction task, as determined by the learned attention weights.

The fused representation hfusion is then passed through a final MLP to produce the
prediction ŷ:

hfinal = σ (Wfhfusion + bf ) , ŷ = fout (hfinal) . (7.38)

Here, Wf ∈ R
hfinal×hfusion and bf ∈ R

hfinal are the weights and biases of the final
MLP layer, σ(·) is an activation function (e.g., ReLU), and fout(·) is the output function
appropriate for the task (e.g., linear activation for regression, softmax for classification).

In certain configurations, AutoPNPNet may incorporate a cross-attention mechanism
to capture additional interactions between the features encoded by the Fourier and Cheby-
shev encoders. The cross-attention enables the model to attend to the combined represent-
ations, thereby enhancing its ability to model complex dependencies.

Given the projected representations zF and zC obtained from the encoded features:

zF = WF,projhF,LF
, zC = WC,projhC,LC

, (7.39)

where WF,proj ∈ R
dembed×hF and WC,proj ∈ R

dembed×hC are projection matrices that cor-
respond to a shared embedding space of dimension dembed.

The combined representations are concatenated and passed through a multi-head at-
tention layer:

H = MultiHeadAttention ([zF ; zC ]) , (7.40)

whereH ∈ R
2×dembed captures the attended features, and the multi-head attention mech-

anism allows the model to focus on different aspects of the combined representations.
The attended features are then processed through additional layers, including a linear

transformation, activation function, and normalization, as follows:

H′ = σ (WlinearH + blinear) , H′′ = LayerNorm (H′) . (7.41)

An aggregation operation, such as averaging, is applied across the sequence dimension
to obtain a fixed-size representation:

hattn = MeanPooling (H′′) . (7.42)

This representation hattn is then used in place of or in addition to hfusion for the final
prediction layer.



7.5.5 Training Objective
The training objective depends on the task.

For regression, I minimize the Mean Squared Error (MSE) loss:

LMSE =
1

n

n
∑

i=1

(yi − ŷi)
2
, (7.43)

where n is the number of samples, yi is the true target, and ŷi is the predicted value.
For classification, I minimize the Cross-Entropy loss:

LCE = − 1

n

n
∑

i=1

K
∑

k=1

yik log ŷik, (7.44)

where K is the number of classes, yik is the binary indicator (1 if sample i belongs to
class k, 0 otherwise), and ŷik is the predicted probability that sample i belongs to class k.

7.5.6 Implementation Details
I use the Rectified Linear Unit (ReLU) activation function defined as:

σ(z) = max(0, z). (7.45)

Input features are normalized to have zero mean and unit variance. I employ batch nor-
malization after each fully connected layer to improve training stability and convergence.
I employ the Adam optimizer [96] with default parameters for training. The update rule
for the parameters θ is:

θt+1 = θt − ηt
m̂t√
v̂t + ϵ

, (7.46)

where ηt is the learning rate, m̂t and v̂t are the bias-corrected first and second moment
estimates, and ϵ is a small constant to prevent division by zero. To avoid overfitting, I
apply dropout regularization and L2 weight decay. Dropout randomly zeros a fraction
of the neurons during training, reducing neuron co-adaptation. L2 regularization adds a
penalty term proportional to the squared weights to the loss function.

7.5.7 Computational Complexity Analysis
The encoders introduce additional computational overhead compared to standard MLPs.
The computational complexity of the Fourier encoder is O(d ·m), where d is the number
of input features andm is the number of frequency components. The computational com-
plexity of the Chebyshev encoder is O(d · N), where N is the maximum degree of the
Chebyshev polynomials.

7.5.8 Periodicity Detection
Detecting periodic patterns in data is crucial for effectively modeling and forecasting time
series and other datasets with cyclical behaviors. Accurate identification of periodicity
allows models to incorporate appropriate transformations and encodings, such as Fourier



transforms, to capture these patterns. This section presents a method for detecting peri-
odicity in time-series data using the autocorrelation function (ACF) and peak-detection
algorithms. The ACF measures the correlation of a signal with a delayed copy of itself as
a function of the delay (lag). For a discrete time series {xt}Tt=1, the autocorrelation at lag
k is defined as:

ρk =

∑T−k

t=1 (xt − x̄)(xt+k − x̄)
∑T

t=1(xt − x̄)2
, (7.47)

where x̄ is the mean of the series, and k is the lag. The ACF ρk provides insight into the
repeating patterns within the data by highlighting the lags in which the series is correlated
with itself. Periodic time series exhibit significant autocorrelations at lags corresponding
to their period and multiples. By analyzing the peaks in the ACF, I can infer periodicity
and estimate the period length. To detect periodicity using the ACF, I first calculate the
ACF of the time series up to a specified maximum lagLmax. TheLmax should cover at least
one expected period. Next, I identify significant peaks in the ACF using a peak detection
algorithm. Peaks represent lags where the autocorrelation is locally maximal and exceeds
certain thresholds in height and prominence. Specifically, peaks must have a height above
a minimum value ρmin to be considered significant, and they must stand out relative to
neighbouring values, measured by the prominence parameter pmin. Additionally, peaks
must be separated by at least a minimum number of lags dmin to avoid closely spaced
false positives. After identifying the peaks, I analyze the distances between consecutive
peaks, denoted as ∆k = τk+1 − τk, where τk is the lag of the k-th peak. If the series is
periodic, these distances should be approximately constant, corresponding to the series
period. I assess periodicity by determining whether the standard deviation of the peak
distances ∆k is below a certain threshold σmax. A low standard deviation indicates that
the peaks occur at regular intervals, supporting the presence of periodicity. Let {ρk}Lmax

k=1

be the autocorrelation values excluding lag zero. The peak detection algorithm identifies
the set of peak lags {τk} satisfying the following conditions:











ρτk ≥ ρmin,

Prominence(ρτk) ≥ pmin,

τk − τk−1 ≥ dmin.

(7.48)

The standard deviation of the peak distances is computed as follows:

σ∆ =

√

√

√

√

1

N − 1

N−1
∑

k=1

(

∆k − ∆̄
)2
, (7.49)

where N is the number of detected peaks and ∆̄ is the mean of the peak distances.
Periodicity is detected if σ∆ < σmax.

The following pseudocode summarizes the steps of the periodicity detection algorithm,
which utilizes the ACF and peak detection.



Algorithm 2: Periodicity Detection using ACF Peaks
Input: Time series data {xt}Tt=1; Parameters: Lmax, ρmin, pmin, dmin, σmax
Output: Boolean value indicating whether periodicity is detected

1 Compute the ACF up to lag Lmax: {ρk}Lmax
k=0 ← ACF({xt}, Lmax);

2 Exclude lag zero: {ρk}Lmax
k=1 ← {ρk}Lmax

k=1 ;
3 Initialize peak lags: P ← ∅;
4 Initialize previous peak lag: kprev ← −dmin;
5 for k = 1 to Lmax do
6 if ρk ≥ ρmin Prominence(ρk) ≥ pmin (k − kprev) ≥ dmin then
7 Add k to peak lags: P ← P ∪ {k};
8 Update previous peak lag: kprev ← k;
9 end

10 end
11 Let N be the number of detected peaks: N ← |P|;
12 if N ≥ 2 then
13 Compute distances between consecutive peaks: ∆k = τk+1 − τk, for

k = 1, . . . , N − 1;

14 Compute mean of distances: ∆̄ =
1

N − 1

∑N−1
k=1 ∆k;

15 Compute std dev of distances: σ∆ =

√

1

N − 1

∑N−1
k=1

(

∆k − ∆̄
)2;

16 if σ∆ < σmax then
17 return True // Periodicity detected
18 else
19 return False // Periodicity not detected
20 end
21 else
22 return False // Not enough peaks to assess periodicity
23 end

7.6 Datasets

I utilize a benchmark of 53 tabular datasets encompassing regression and classification
tasks [64]. These datasets span various domains and differ in sample size, feature types,
and complexity, as shown in Tables 7.1, 7.2, 7.3, and 7.4. I categorize the datasets for
analysis based on task type and feature composition. The task types include regression,
which predicts continuous target variables, and classification, which predicts categorical
target variables. The feature compositions include datasets with exclusively numerical
features and those with a mix of numerical and categorical features. This categorization
enables us to evaluate the models’ performance under various data conditions.

I follow the data preprocessing protocols outlined in the benchmark study. Missing
values are imputed using the mean for numerical features and the mode for categorical
features. Categorical variables are processed using embedding layers within the models,
consistent with FT-Transformer’s methodology. The numerical features are standardized
to have a mean of zero and a variance of one.



Table 7.1: Statistics of benchmark datasets for numerical classification.

Dataset # Samples # Features

electricity 38.474 7
covertype 566.602 10
pol 10.082 26
house_16H 13.488 16
kdd_ipums_la_97-small 5.188 20
MagicTelescope 13.376 10
bank-marketing 10.578 7
phoneme 3.172 5
MiniBooNE 72.998 50
Higgs 940.160 24
eye_movements 7.608 20
jannis 57.580 54
credit 16.714 10
california 20.634 8
wine 2.554 11

Table 7.2: Statistics of benchmark datasets for numerical regression.

Dataset # Samples # Features

cpu_act 8.192 21
pol 15.000 26
elevators 16.599 16
isolet 7.797 613
wine_quality 6.497 11
Ailerons 13.750 33
houses 20.640 8
house_16H 22.784 16
diamonds 53.940 6
Brazilian_houses 10.692 8
Bike_Sharing_Demand 17.379 6
nyc-taxi-green-dec-2016 581.835 9
house_sales 21.613 15
sulfur 10.081 6
medical_charges 163.065 5
MiamiHousing2016 13.932 14
superconduct 21.263 79
california 20.640 8
fifa 18.063 5
year 515.345 90



Table 7.3: Statistics of benchmark datasets for mixed-feature classification.

Dataset # Samples # Features

electricity 38.474 8
eye_movements 7.608 23
KDDCup09_upselling 5.032 45
covertype 423.680 54
rl 4.970 12
road-safety 111.762 32
compas-two-years 16.644 17

Table 7.4: Statistics of benchmark datasets for mixed-feature regression.

Dataset # Samples # Features

yprop_4_1 8.885 62
analcatdata_supreme 4.052 7
visualizing_soil 8.641 4
black_friday 166.821 9
diamonds 53.940 9
Mercedes_Benz_Greener_Manufacturing 4.209 359
Brazilian_houses 10.692 11
Bike_Sharing_Demand 17.379 11
OnlineNewsPopularity 39.644 59
nyc-taxi-green-dec-2016 581.835 16
house_sales 21.613 17
particulate-matter-ukair-2017 394.299 6
SGEMM_GPU_kernel_performance 241.600 9

7.7 Experiments
The experiments conducted in this work are designed to address four key research ques-
tions:

• RQ1: Do FourierNet and ChebyshevNet (and respective Tab versions) individually
outperform FT-Transformer on the benchmark?

• RQ2: Does integrating periodic and non-periodic encoders in PNPNet and AutoPN-
PNet (and respective Tab versions) lead to further performance gains compared to
FT-Transformer?

• RQ3: How does AutoPNPNet’s automatic feature selection mechanism compare to
the manual feature separation employed in PNPNet?

• RQ4: What is the trade-off between the computational overhead introduced by the
specialized encoders and the performance improvements achieved?

As discussed in § 7.6, I evaluate the performance of the proposed models on a com-
prehensive benchmark of tabular datasets, encompassing both regression and classifica-



tion tasks, with continuous numerical and categorical features. I evaluate the Fourier-
Net, ChebyshevNet, PNPNet, and AutoPNPNet models on datasets with only continuous
numerical features. Conversely, I evaluate the TabFourierNet, TabChebyshevNet, TabPN-
PNet, and TabAutoPNPNet models on datasets comprising both continuous numerical and
categorical features. I compare the proposed models against FT-Transformer, the SotA
baseline for DL method operating on tabular data1. I deliberately omit other DL baselines
since FT-Transformer beat them on the examined benchmark, and other tree-based mod-
els, as they are far superior to deep models, as extensively discussed in Grinsztajn et al.
[64].

To ensure robust evaluation, I perform 5-fold cross-validation on each dataset. All
models, including the FT-Transformer and the proposed architectures in this work, are
configured with comparable hyperparameters to ensure a fair comparison. Each model
uses an MLP with four hidden layers, each with 256 neurons. The ReLU activation func-
tion is employed for hidden layers, linear activation for regression tasks, and softmax for
classification tasks. The models are optimized using the Adam optimizer with a learning
rate of 0.001. The batch size is set to 1,024 samples, and training proceeds for up to 100
epochs with early stopping based on validation loss, using a patience of 10. Regularization
techniques include a dropout rate of 0.1 and an L2 weight decay coefficient of 0.0001. For
this work’s specialized encoders, the Fourier encoder uses 20 frequency components, with
frequencies selected based on the range of the input features. The Chebyshev encoder has
a maximum polynomial degree of 10. The attention mechanism in AutoPNPNet is imple-
mented using a learnable gating mechanism.

I employ standard evaluation metrics suitable for regression and classification tasks.
For regression tasks, I useMean Squared Error (MSE), RootMean Squared Error (RMSE),
Mean Absolute Error (MAE), and the Coefficient of Determination (R2 Score). I use Ac-
curacy, Precision, Recall, and F1-Score for classification tasks. The tables in the following
sections report the improved metrics for each task and dataset, the model that reported the
improvement, and the percentage of improvement over the baseline FT-Transformer. Such
an improvement percentage is computed by analyzing the mean and standard deviation of
each metric across the five folds. A Wilcoxon signed-rank test (per metric) was used to
compare each model with the baseline across datasets.

7.8 Results

7.8.1 Regression Tasks
Tables 7.5 and 7.6 present the performance improvements of this work’s model for the
mixed-feature and numerical regression tasks, respectively. The proposed models outper-
form FT-Transformer in at least one metric on 9 of 13 datasets containing both categorical
and continuous numerical features and on 12 of 20 datasets with only continuous numer-
ical features.

1This work’s reference implementation of FT-Transformer is presented in Gorishniy et al. [58], and
offers a straightforward open-source implementation available at: https://github.com/yandex-research/rtdl-
revisiting-models



Table 7.5: Performance improvements of proposed models over FT-Transformer for
mixed-feature regression tasks. Relative (%) improvements are reported for scale-
dependent metrics (RMSE, MAE); absolute ∆R2 is shown for R2.

Dataset Metric Best Model Improvement

Bike_Sharing_Demand
∆R

2 TabAutoPNPNet 0.026
RMSE (%) TabAutoPNPNet 3.92

MAE (%) TabFourierNet 4.54

Brazilian_houses MAE (%) TabAutoPNPNet 8.67

SGEMM_GPU_kernel_performance
∆R

2 TabAutoPNPNet 0.005
RMSE (%) TabAutoPNPNet 76.46

MAE (%) TabAutoPNPNet 81.66

abalone
∆R

2 TabChebyshevNet 0.012
RMSE (%) TabChebyshevNet 0.74

MAE (%) TabPNPNet 1.25

analcatdata_supreme
∆R

2 TabAutoPNPNet 0.007
RMSE (%) TabAutoPNPNet 12.93

MAE (%) TabAutoPNPNet 15.34

diamonds
∆R

2 TabAutoPNPNet 0.002
RMSE (%) TabAutoPNPNet 1.78

MAE (%) TabAutoPNPNet 1.46

house_sales
∆R

2 TabAutoPNPNet 0.015
RMSE (%) TabAutoPNPNet 5.38

MAE (%) TabAutoPNPNet 6.29

medical_charges
∆R

2 TabAutoPNPNet 0.008
RMSE (%) TabAutoPNPNet 12.69

MAE (%) TabAutoPNPNet 19.65

visualizing_soil ∆R
2 TabPNPNet 0.001

RMSE (%) TabPNPNet 3.19



Table 7.6: Performance improvements of proposed models over FT-Transformer for
numeric-only regression tasks. Relative (%) improvements are reported for RMSE and
MAE; absolute ∆R2 is shown for R2.

Dataset Metric Best Model Improvement

Ailerons
∆R

2 PNPNet 1.926
RMSE (%) PNPNet 13.30

MAE (%) PNPNet 14.68

Bike_Sharing_Demand
∆R

2 AutoPNPNet 0.010
RMSE (%) AutoPNPNet 1.06

MAE (%) PNPNet 2.54

abalone
∆R

2 PNPNet 0.041
RMSE (%) PNPNet 2.56

MAE (%) PNPNet 2.50

diamonds
∆R

2 FourierNet 0.001
RMSE (%) FourierNet 0.89

MAE (%) FourierNet 0.47

elevators
∆R

2 PNPNet 0.022
RMSE (%) PNPNet 8.72

MAE (%) PNPNet 5.67

house_16H
∆R

2 PNPNet 0.041
RMSE (%) PNPNet 1.73

MAE (%) PNPNet 1.62

medical_charges
∆R

2 ChebyshevNet 0.011
RMSE (%) ChebyshevNet 15.59

MAE (%) AutoPNPNet 28.50

pol ∆R
2 AutoPNPNet 0.0002

sulfur
∆R

2 PNPNet 0.097
RMSE (%) PNPNet 15.13

MAE (%) PNPNet 8.87

superconduct
∆R

2 AutoPNPNet 0.037
RMSE (%) AutoPNPNet 13.32

MAE (%) AutoPNPNet 14.71

wine_quality
∆R

2 FourierNet 0.067
RMSE (%) FourierNet 1.82

MAE (%) FourierNet 3.84

w
∆R

2 FourierNet 0.048
RMSE (%) FourierNet 0.76

MAE (%) FourierNet 2.95



7.8.2 Classification Tasks
Tables 7.7 and 7.8 present the performance improvements of the proposed models for the
mixed-feature and numerical classification tasks, respectively. In classification tasks that
combine categorical and continuous numerical features, the proposed models outperform
FT-Transformer on 4 of 7 datasets. In classification tasks involving only continuous nu-
merical features, the same models outperform the baseline on 9 out of 13 datasets.

Table 7.7: Performance improvements of proposed models over FT-Transformer for
mixed-feature classification tasks. All improvements are reported as relative (%)
changes with respect to FT-Transformer baseline scores.

Dataset Metric Best Model Improvement (%)

compas-two-years

Accuracy TabChebyshevNet 0.65
Precision TabAutoPNPNet 0.57
Recall TabChebyshevNet 2.30
F1 Score TabChebyshevNet 1.25

default-of-credit-card-clients

Accuracy TabChebyshevNet 0.78
Precision TabChebyshevNet 0.75
Recall TabAutoPNPNet 4.49
F1 Score TabChebyshevNet 0.98

electricity

Accuracy TabAutoPNPNet 3.09
Precision TabAutoPNPNet 2.74
Recall TabAutoPNPNet 3.64
F1 Score TabAutoPNPNet 3.20

eye_movements Accuracy TabFourierNet 3.47
Precision TabFourierNet 5.19



Table 7.8: Performance improvements of proposed models over FT-Transformer for
numeric-only classification tasks. All improvements are reported as relative (%) changes
with respect to FT-Transformer baseline scores.

Dataset Metric Best Model Improvement (%)

Diabetes130US

Accuracy TabAutoPNPNet 0.16
Precision TabFourierNet 0.07
Recall TabPNPNet 1.15
F1 Score TabAutoPNPNet 0.49

MagicTelescope

Accuracy TabAutoPNPNet 1.20
Precision TabChebyshevNet 1.64
Recall TabAutoPNPNet 2.72
F1 Score TabAutoPNPNet 1.47

bank-marketing

Accuracy TabChebyshevNet 0.37
Precision TabChebyshevNet 0.28
Recall TabAutoPNPNet 1.04
F1 Score TabChebyshevNet 0.39

credit

Accuracy TabAutoPNPNet 3.08
Precision TabPNPNet 0.31
Recall TabAutoPNPNet 8.63
F1 Score TabAutoPNPNet 4.57

default-of-credit-card-clients

Accuracy TabChebyshevNet 0.58
Precision TabPNPNet 0.68
Recall TabAutoPNPNet 5.04
F1 Score TabFourierNet 1.40

electricity

Accuracy TabAutoPNPNet 2.84
Precision TabFourierNet 2.59
Recall TabAutoPNPNet 4.58
F1 Score TabAutoPNPNet 3.18

eye_movements
Accuracy TabFourierNet 4.02
Precision TabAutoPNPNet 4.89
F1 Score TabFourierNet 2.30

house_16H

Accuracy TabChebyshevNet 0.83
Precision TabChebyshevNet 0.52
Recall TabChebyshevNet 1.25
F1 Score TabChebyshevNet 0.88

pol
Accuracy TabChebyshevNet 0.30
Precision TabAutoPNPNet 0.69
F1 Score TabChebyshevNet 0.29

7.8.3 Discussion

The benchmarking results provide strong empirical support for the central hypothesis of
this work: embedding explainable inductive structures within model design can simultan-
eously enhance predictive performance and explanatory coherence. Across 52 datasets
spanning regression and classification tasks, the proposed architectures achieved consist-



ent gains over the FT-Transformer baseline in 34 cases, demonstrating that periodic and
non-periodic encoders capture complementary aspects of tabular structure. Importantly,
these gains manifest across datasets with diverse feature compositions—numerical-only
or mixed—confirming the robustness and adaptability of the approach.

Individually, FourierNet and ChebyshevNet outperform the FT-Transformer in nu-
merous scenarios, validating the hypothesis that specialized encoders can disentangle dis-
tinct generative regularities within tabular data. The Fourier-based representation excels
on datasets characterized by latent cycles or seasonality, whereas the Chebyshev-based
encoder is effective for irregular, non-periodic dependencies. This division of representa-
tional labor embodies a form of functional explainability: each encoder exposes a distinct,
explainable dimension of the model’s reasoning that aligns with recognizable data phe-
nomena.

When integrated, as in PNPNet and AutoPNPNet, the architectures achieve the most
consistent overall improvements, confirming that fusing periodic and non-periodic repres-
entations enables models to reconcile structured and residual variability. These hybrid
architectures enact the principle of alignment discussed earlier in the thesis—mediating
between machine-learned abstraction and domain-grounded regularity. The modest but
consistent advantage of AutoPNPNet over PNPNet further suggests that automatic feature-
type inference can reveal subtle structures that manual feature partitioning may overlook,
indicating that explainability is an emergent rather than prescribed property of the system.

From a computational standpoint, the inclusion of specialized encoders moderately
increases the parameter count and training time. However, the trade-off between com-
plexity and explainability remains favourable: the additional cost yields models that are
not only more accurate but also more semantically transparent. The Fourier and Cheby-
shev encoders produce representations whose meaning is analytically tractable—namely,
frequency components and polynomial transformations—thereby enabling a principled in-
terpretation of the learned features. This directly addresses one of the persistent critiques
of deep tabular learning: that predictive performance often comes at the expense of opa-
city.

Viewed through the broader lens of this thesis, these results demonstrate that explain-
ability need not entail a loss in accuracy. On the contrary, architectures that internalize
explainable structures—here, periodicity and smooth functional approximation—achieve
superior generalization precisely because their inductive biases reflect the true organiza-
tion of the data-generating processes. In this sense, performance improvement becomes
an indicator of faithfulness: the model’s internal reasoning aligns more closely with the
domain’s causal and temporal logic.

Overall, the findings suggest that structural explainability—embedding domain-coherent
inductive priors into DL architectures—offers a productive path toward reconciling pre-
dictive power with intelligibility. The periodicity-based framework introduced here ex-
emplifies how XAI principles can inform model design itself, transforming explainability
from an external interpretive layer into a constitutive property of the system.

7.9 Explainability
Understanding how models arrive at their predictions is a foundational requirement for
the responsible deployment of AI in industry and science. In domains where predictions
inform high-stakes or mission-critical decisions, explainability is not a secondary concern
but a condition for trust. Within the conceptual framework of this thesis, explainability



entails a form of alignment—a structured correspondence between the model’s internal
representations and the domain’s intelligible regularities. The architectures introduced
in this work—FourierNet, ChebyshevNet, PNPNet, and AutoPNPNet—are conceived
precisely in this spirit: they aim to improve predictive accuracy while embedding forms
of reasoning that are mathematically transparent and semantically grounded.

7.9.1 From Structural Encoding to Epistemic Transparency
By design, this work’s models integrate specialized encoders that capture explainable pat-
terns within tabular data. The Fourier and Chebyshev encodings do more than augment
representational power—they instantiate a logic of explanation. Each encoding introduces
an analytical structure that translates data variation into a domain-understandable form:
frequency decomposition for periodic relationships and polynomial expansion for smooth
non-linear dependencies. In this way, explainability becomes a property of the represent-
ational substrate itself, rather than a post-hoc interpretive layer.

Fourier encodings express the contribution of periodic features in terms of their con-
stituent frequencies, allowing practitioners to trace model behaviour back to explainable
temporal or cyclical patterns. Chebyshev encodings, by contrast, provide a flexible func-
tional approximation that reveals the degrees of nonlinearity through which the model
relates inputs to outputs. Both encoders preserve a direct correspondence to the original
feature space: their transformations are analytically reversible and therefore faithful to the
model’s computational process. This structural faithfulness supports a more intelligible
understanding of what the model has learned and why it behaves as it does.

7.9.2 Model-specific explainability Mechanisms
In FourierNet, each feature is represented by a set of learned frequency components. The
magnitude of the learned weights associated with these components indicates which peri-
odic patterns the model deems most relevant to the prediction. For instance, large weights
on specific frequencies suggest that certain cyclical behaviors—such as daily, weekly,
or seasonal—exert a strong influence on the outcome. Visualizing these spectral weight
magnitudes thus transforms the abstract mathematics of frequency decomposition into a
direct, domain-relevant explanation: the model predicts in part because a specific periodic
rhythm dominates the data.

In ChebyshevNet, features are expanded into Chebyshev polynomial terms that cap-
ture varying degrees of nonlinearity. By examining the learned weights associated with
each polynomial degree, I can identify the depth of curvature or interaction that drives
the model’s reasoning. A high weight on higher-degree terms indicates that the model re-
lies on more complex, non-linear dynamics, while lower-degree terms capture smoother,
near-linear relationships. This decomposition provides an explainable gradient from sim-
plicity to complexity, aligning the mathematical expansion with the human conceptual
continuum of linear versus non-linear dependence.

PNPNet merges these two interpretive pathways, producing a hybrid model in which
periodic and non-periodic features are analyzed in separate branches before fusion. This
separation enhances explainability by allowing feature importance to be assessed inde-
pendently across structural types. Examining branch activations reveals whether periodic
cycles or residual nonlinearities dominate the prediction. In this sense, the architecture
itself becomes an epistemic instrument: its topology mirrors the decomposition of the



world into cyclical and aperiodic processes, thereby achieving a form of structural align-
ment between the model and the domain.

AutoPNPNet extends this paradigm by introducing an attention mechanism that auto-
matically learns to weigh the relative contribution of each branch. The attention coeffi-
cients αF and αC quantify the model’s reliance on periodic and non-periodic representa-
tions, respectively:

α = softmax (Watt [hF,LF
; hC,LC

] + batt) , (7.50)

where α = [αF , αC ]
⊤ and αF + αC = 1. A higher αF indicates that the model

attributes greater explanatory weight to cyclical regularities, while a higher αC implies
that non-linear interactions predominate. This mechanism operationalizes a meta-level
form of explainability: the model explains itself by explicitly quantifying which internal
reasoning pathway it prioritizes for a given prediction.

7.9.3 Gradient-Based and Visual Explanations
Beyond architectural explainability, this work’s models also support gradient-based attri-
bution and visualization of encoded components. The gradient of the output with respect
to each input feature,

∂ŷ

∂xi

=
∑

k

∂ŷ

∂zk
· ∂zk
∂xi

, (7.51)

can be decomposed across the encoded components zk (e.g., frequency or polynomial
terms), revealing how each transformation contributes to the prediction. This enables
practitioners to identify not only which features matter but which aspect of each feature—
specific frequencies or polynomial degrees—drives the outcome.

Visualizing these gradients and weight magnitudes transforms abstract encodings into
cognitively accessible explanations. In FourierNet, plotting the learned spectral weights
highlights dominant cycles; in ChebyshevNet, the salience of polynomial terms reveals the
degree of nonlinearity underlying specific predictions. These representations thus make
the model’s internal logic empirically inspectable and communicable to human experts.

7.9.4 Toward Structurally Grounded explainability
Taken together, the explainability mechanisms embedded in these models illustrate a cent-
ral claim of this thesis: explainability and performance are not competing objectives but
complementary consequences of epistemically structured design. By leveraging period-
icity and polynomial expansion as intelligible mathematical priors, this work’s models
produce explanations that are both faithful to the underlying computation and meaningful
within the domain. This is what I have termed structurally grounded explainability—a
form of explainability that arises from the alignment between representational geometry
and the organization of the world it models.

In practical terms, this alignment enables stakeholders to engage with model reasoning
at multiple levels of abstraction: from frequency components and polynomial terms to ag-
gregated attention weights and global sensitivity analyses. Conceptually, it demonstrates
that explanations can be designed into the architecture itself, transforming them from ret-
rospective rationalizations into constitutive properties of intelligent systems. In doing so,
the Fourier–Chebyshev family of models advances the broader thesis that explainability



is not a cosmetic layer added to black-box systems, but a design principle that redefines
what it means for an AI model to understand and to be understood.

7.10 Limitations
This study acknowledges certain limitations. The performance of the specialized encoders
may depend on hyperparameter choices such as the number of frequency components
and the degree of Chebyshev polynomials, indicating hyperparameter sensitivity. For ex-
tremely large datasets, the increase in the number of parameters may lead to longer training
times and higher memory requirements, posing scalability challenges. While this work’s
models handle categorical features using embeddings, the specialized encoders are primar-
ily designed for numerical data. Extending their capabilities to better integrate categorical
features remains an area for future work.

Potential directions for future research include developingmethods to learn the optimal
number of frequency components and polynomial degrees during training, thereby adapt-
ing encoder parameters. Extending specialized encoders to process categorical features,
possibly through categorical-specific transformations, wouldmore effectively enhance the
integration of categorical features. Exploring techniques to reduce computational over-
head, such as pruning or quantization, without significantly degrading performance, could
enable model compression. Combining this work’s approach with other advanced models,
such as attention mechanisms or graph neural networks, to further improve performance
on tabular data represents a potential for hybrid architectures.

7.11 Conclusions
This work presented a family of neural architectures—FourierNet, ChebyshevNet, PN-
PNet, and AutoPNPNet—designed to enhance tabular data modelling by embedding ex-
plainable structural priors directly into the learning process. Each model embodies a dis-
tinct yet complementary principle of structured representation: FourierNet captures peri-
odic regularities through frequency-based encodings, while ChebyshevNet models non-
linear dependencies via polynomial expansions. Their integration into PNPNet enables
simultaneous reasoning over both periodic and non-periodic structures, and AutoPNPNet
extends this capability by employing an attention mechanism that adaptively balances
these components without requiring manual feature separation.

Extensive benchmarking across 53 datasets demonstrates that these architectures out-
perform the current SotA DLmodel, FT-Transformer, on 34 tasks spanning regression and
classification. These results confirm the hypothesis that structurally grounded inductive
biases—when aligned with the statistical and temporal logic of real-world data—enhance
not only predictive accuracy but also the interpretive transparency of the learned repres-
entations. The specialized encoders yield models that are sensitive to the internal organ-
ization of data while remaining intelligible to human reasoning, thereby addressing a key
limitation of traditional deep tabular methods.

Beyond performance, the explainability of these models represents their most signi-
ficant contribution. By decomposing features into analytically meaningful bases—such
as Fourier frequencies and Chebyshev polynomials—the proposed architectures make the
learned representations directly explainable. The weight magnitudes associated with fre-
quency components or polynomial degrees reveal which periodic or non-linear patterns



drive predictions, while the attention mechanism in AutoPNPNet exposes the model’s
allocation of reasoning between cyclical and residual dynamics. These mechanisms trans-
late otherwise opaque internal computations into structurally faithful explanations, align-
ing the model’s reasoning with domain-understandable concepts such as cycles, trends,
and deviations.

From the broader perspective of this thesis, these findings substantiate the central claim
that explainability can be achieved not merely through post hoc interpretation but through
design. Embedding domain-coherent structures—here, periodicity and smooth functional
approximation—within model architecture transforms explainability from an accessory
into a constitutive property of intelligent systems. The Fourier–Chebyshev framework
thus exemplifies how the threefold requirement of faithfulness, intelligibility, and align-
ment can be operationalized in practice.

Ultimately, this study underscores the industrial significance of structurally aware ex-
plainability. By grounding neural reasoning in recognizable temporal and functional pat-
terns, these architectures provide not only accurate but also auditable models—suitable for
deployment in domains where explainability is inseparable from reliability. In this sense,
the proposed models bridge the gap between theoretical principles and applied practice,
demonstrating that explainable design is both an epistemic commitment and a pragmatic
advantage. The chapter thereby extends the thesis’s overarching argument: that respons-
ible, high-performance AI must evolve toward systems whose reasoning is as transparent
as it is effective.
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8
The Principle Of Appropriate Model

Complexity

This chapter is based on: M. Rizzo et al. ‘Stop overkilling simple tasks with black-box
models, use more transparent models instead’. In: Pattern Recognition and Arti~cial
Intelligence. Ed. by C. Wallraven, C.-L. Liu and A. Ross. Singapore: Springer, 2025,

pp. 279–293. ISBN: 978-9819787012. DOI: 10.1007/978-981-97-8702-9_19. URL:
https://doi.org/10.1007/978-981-97-8702-9_19

As this thesis transitions from specific analyses to a concluding synthesis, its central argu-
ment converges on a fundamental tension in modern AI. The inquiry began with a theoret-
ical question — what constitutes an explanation? — and unfolded through a progressive
reconciliation of theory and practice. A consistent pattern emerged: explainability is not
an accessory to model performance but a constitutive dimension of model design. This
insight forces a confrontation with the implicit bargain at the heart of ML: the trade-off
between a model’s predictive power and our capacity to comprehend its reasoning.

This tension reverberates across the three research frontiers identified in this thesis —
intelligibility, alignment, and faithfulness— each revealing a distinct role of explanations
and, consequently, a distinct notion of what makes an AI model appropriate. In medi-
cine, where the pursuit of intelligibility frames explanation as an act of communication,
models must translate machine reasoning into a language that sustains dialogue between
algorithmic and clinical judgment. Excessive opacity fractures this communicative chain
and undermines trust. In security, particularly in the context of LLMs, the focus shifts
to alignment: explanation becomes an act of knowledge construction. Explanations are
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valuable not for their rhetorical persuasiveness but for their role in scaffolding reasoning
— guiding both human and machine agents toward actionable insights. The architecture of
LLMs thus embodies both promise and peril: their emergent capacities inspire optimism,
yet their internal opacity complicates verification. Here, complexity is justified only to the
extent that it supports structured reasoning and accountability. Finally, in industry, faith-
fulness reframes explanation as an act of design. Models must be auditable and compliant
with governance constraints; explainability becomes a structural feature, and complexity
a design variable constrained by the dual requirement of transparency and integration.

Together, these lessons converge in a general synthesis: the epistemic value of a model
is proportional not to its magnitude, but to the appropriateness of its complexity. This
yields an operational principle for trustworthy AI: the Principle of Appropriate Model
Complexity (PAMC).

8.1 Formal Definition
The cumulative analyses of this thesis point to a central insight: the pursuit of explain-
ability is, at its core, a matter of complexity governance. Modern AI has often taken the
opposite path, equating progress with scale—treating complexity as a virtue in itself. The
advent of LLMs epitomizes this trend. Their immense parameterization and emergent
linguistic coherence have produced a new paradox: systems that appear more intelligible
than ever yet remain more opaque than any model that has come before. The PAMC is
introduced precisely to redress this imbalance, formalizing the intuition that scale must be
epistemically warranted.
Definition 8.1 (Principle of AppropriateModel Complexity). Let a modelM approximate
or infer a target function f over domain D, evaluated by two classes of criteria:

• a performative requirement P(M) ≥ P ∗, ensuring adequate predictive or func-
tional competence;

• an epistemic requirement E(M) ≥ E∗, ensuring that the model’s operations re-
main intelligible, faithful, and aligned to human understanding.

Then the model’s appropriate complexity C∗ is the minimal complexity C(M) satisfying
both thresholds:

M∗ = arg min
M∈M

C(M) s.t. P(M) ≥ P ∗ and E(M) ≥ E∗.

Amodel is epistemically optimal when no simpler model meets both the performance and
epistemic constraints of its domain.

8.2 Usefulness and Implications of the Principle
The PAMC treats model complexity as a measurable and optimizable dimension of design.
The core idea is that models should be only as complex as needed to achieve faithful,
intelligible, and aligned behavior in their intended use context. This reframing has three
practical implications: complexity must be measured, modulated, and justified.

8.2.1 Operationalizing Complexity
To apply the PAMC, complexity must first be rendered observable. In practice, model
complexity can be characterized along three complementary axes: structural, functional,



and epistemic. Structural complexity refers to the formal properties of the model — such
as the number of parameters, depth of layers, connectivity, or nonlinearity of the mapping
between inputs and outputs. These properties can be quantified directly (e.g., via model
capacity measures such as VC dimension, Lipschitz constants, or sparsity ratios) or in-
directly via compression tests and information-theoretic proxies that estimate the model’s
effective dimensionality. Functional complexity captures the amount of reasoning or rep-
resentational capacity actually engaged during inference. It depends on the task configur-
ation rather than on the architecture alone. In the case of LLMs, for instance, functional
complexity can be modulated by the length and compositionality of prompts, the scope
of retrieval, or the depth of reasoning. This form of complexity can be quantified by
tracking activation sparsity, context entropy, or token-level attention dispersion across
tasks. Finally, epistemic complexitymeasures how difficult it is for a human— or another
model — to form reliable expectations about the system’s behavior. It can be estimated
through the stability and faithfulness of explanations: models that exhibit highly unstable
attribution maps or divergent causal graphs across small perturbations are epistemically
more complex. Recent approaches quantify this using explanation-consistency metrics,
counterfactual-stability indices, or concept-alignment measures that compare latent repres-
entations to domain ontologies. Together, these measures allow complexity to be treated
as a variable in the design process rather than an uncontrollable byproduct of scaling.

8.2.2 Practical Implications of Choosing Lower Complexity
Selecting a less complex model entails both benefits and trade-offs that can be system-
atically analyzed under the PAMC. On the positive side, models with lower structural
and epistemic complexity are typically more transparent, data-efficient, and stable under
distributional shifts. They reduce the cognitive and institutional overhead associated with
validation, auditing, and regulatory compliance. They also facilitate human oversight, as
domain experts can more easily detect spurious correlations or biases.

However, lower complexity may reduce representational flexibility and limit perform-
ance on high-dimensional or weakly structured problems. The PAMC does not deny this
trade-off but requires that any increase in complexity be epistemically warranted — that
is, justified by measurable improvements in explanatory coherence, stability, or alignment
with domain structure. This transforms complexity from a mere engineering decision into
a question of epistemic proportionality. Rather than optimizing solely for predictive ac-
curacy, practitioners are encouraged to evaluate whether additional layers of abstraction
genuinely improve the explainability or robustness of the model’s reasoning process. The
principle thus supports a form of complexity budgeting: allocating expressive capacity
where it yields epistemic returns, and constraining it where it merely increases opacity.
For instance, an LLM-based information retrieval pipeline can remain tractable by extern-
alizing certain reasoning steps to symbolic modules or verifiable retrieval components.
The overall system retains expressive power while maintaining a transparent and audit-
able inferential structure.

8.2.3 Embedding the Principle in Practice
Applying the PAMC throughout the AI lifecycle requires explicit mechanisms for calib-
ration and justification. During model design, architectural decisions should be guided
by the structure of the task: sparse, monotonic, or graph-constrained architectures are



appropriate where relationships are well-understood, whereas deep or transformer-based
structures are justified only when high-dimensional correlations are essential.

In training, regularizers and inductive constraints can be used to penalize unnecessary
complexity—e.g., feature redundancy, high attention entropy, or inconsistent causal attri-
butions. In evaluation, performance metrics should be complemented with complexity–
faithfulness trade-off analyses. Such analyses quantify whether marginal performance
improvements are accompanied by losses in intelligibility or stability. For example, val-
idation reports can include an “explanatory efficiency curve” that shows accuracy gains
as a function of complexity measures, such as parameter count, explanation variance, or
activation entropy. This provides an empirical basis for deciding when additional capa-
city ceases to yield real benefit. At the deployment and governance level, the PAMC
motivates the inclusion of a “complexity justification statement” alongside conventional
model documentation. This report specifies why the chosen level of expressivity is epi-
stemically appropriate for the application’s risk profile, how it was measured, and which
controls ensure explainability. In regulated domains—such as healthcare, finance, or crit-
ical infrastructure—such documentation could function as an auditable artefact, linking
model architecture to oversight procedures. Finally, in human–AI interaction, the appro-
priate level of complexity determines how models communicate their reasoning. When
users must make time-critical or high-stakes decisions, explanations should compress in-
ternal complexity into domain-relevant abstractions, preserving causal faithfulness while
remaining cognitively accessible. Surrogate models, structured rationales, or interactive
visualizations can translate the behavior of complex systems into forms compatible with
expert judgment.

8.2.4 Modulating the Complexity of Emergent Abilities

Models with emergent abilities, such as LLMs, pose specific challenges for applying the
PAMC. In these systems, reducing architectural complexity typically reduces capabil-
ity, and emergent behaviors introduce additional opacity. Consequently, control shifts
from structural complexity—such as the number of parameters—to functional complexity,
which describes how much of the model’s latent capacity is activated during inference.
Functional complexity can be adjusted by designing prompts that specify their scope, ab-
straction level, and compositional structure. It can also be influenced by the size of the
context window, the use of external memory or retrieval mechanisms, and the configura-
tion of inference parameters such as reasoning depth or temperature. The integration of
structured pipelines or external tools can also regulate functional complexity by decom-
posing tasks into explainable sub-components.

Even when the model’s internal operations remain opaque, intelligibility can be im-
proved by embedding themodel within structured frameworks such as retrieval-augmented
generation, symbolic reasoning layers, or modular tool integration. These scaffolds do
not simplify the model itself but make its functional behavior more explainable. Determ-
ining the appropriate level of functional complexity requires empirical calibration, which
involves identifying the point at which additional capacity no longer yields significant
gain relative to the costs of explainability. This calibration can be evaluated by tracking
improvements in explanation quality or user comprehension as a function of model con-
figuration, measuring the stability of outputs under small perturbations to input or prompt
structure, and verifying whether latent representations correspond to meaningful domain
structures or ontologies.



8.3 Epistemic Governance and the Complexity Frontier
Ultimately, the PAMC reframes AI development as a problem of epistemic governance.
The relevant question is no longer “how complex can our models become?” but “how much
complexity is epistemically and ethically justified, given human interpretive capacities and
the moral weight of the decisions involved?”

In this light, emergence and intelligibility must co-evolve. As models acquire new rep-
resentational and generative powers, new scaffolds of understanding—conceptual, meth-
odological, and institutional—must emerge in tandem. Appropriate complexity thusmarks
not a static limit but a dynamic equilibrium between the growth of model capacity and the
growth of human comprehension. At this equilibrium, explainability ceases to constrain
intelligence and becomes its precondition instead.

The remainder of this chapter empirically substantiates the PAMC, showing that an
appropriate governance of complexity can yield operative models simultaneously accur-
ate and explainable. In doing so, it outlines a route toward an epistemically sustainable
AI—one in which complexity serves understanding rather than overwhelming it. The
PAMC thus offers a path to reconcile the promise of FMs with the demands of responsible
knowledge systems. In an era dominated by LLMs, sustainability depends not on further
scaling, but on scaling appropriately: designing architectures whose complexity scales in
proportion to the depth of understanding they enable.

8.4 An Invite to StopOverkilling Simple TasksWithCom-
plex Black-box Models

The present study advances a complementary approach grounded in the PAMC: rather than
retrofitting explanations onto highly complex black-box models, I advocate for designing
models whose structure is inherently more explainable, without sacrificing predictive per-
formance. By leveraging simpler architectures that encode domain knowledge and salient
task features, it is possible to achieve models that are both accurate and transparent. This
work illustrates this approach through a practical, industry-relevant example, demonstrat-
ing that judiciously selecting model complexity enhances explainability while mitigating
the hidden costs of unnecessarily opaque systems.

8.4.1 Task and Approach
To illustrate the design strategy of this work, I analyze a straightforward real-world scen-
ario and examine how the concepts of accuracy and explainability discussed above affect
it. The target task of this study is to classify the ripeness of banana crates on a scale from
1 (least ripe) to 4 (ripest) (see Fig. 8.1 for an example).

In the proposed approach, I design for competitive accuracy and explainability sim-
ultaneously. To tackle the classification task, I select a pool of three DL methods: (i)
a simple Convolutional Neural Network (CNN) model with three convolutional blocks,
(ii) a pre-trained convolutional model based on the MobileNetV2 framework [161], and
(iii) a pre-trained Vision Transformer (ViT) [42]. As I will show, the latter yields nearly
perfect results and is the best neural model among the proposed methods in this work;
however, none of the XAI methods I have tried can accurately explain its predictions. On
the other hand, I demonstrate that the proposed approach, based on simple color features



Figure 8.1: Ripeness stages for crates of bananas from least ripe (1) to ripest (4).

and a fine-tuned Decision Tree (DT), can achieve competitive accuracy while exposing
the information needed (i.e., the evidence) to produce adequate and global explanations.

8.4.2 Contributions
The experiments conducted in this work reveal that three neural models quickly achieve
high accuracy, raising questions about the necessity of complex, opaque methods for tasks
that appear to be simple. This finding suggests the viability of simpler, more comprehens-
ible models that do not compromise accuracy. Key contributions of this work include:

• Establishing design principles for ML problems, prioritizing explainability;

• Analyzing DL methods for an explicative classification task, focusing on accuracy
and explainability with a selection of models providing a broad view of the task;

• Demonstrating the effectiveness of a simpler, more transparent DT model with min-
imal feature engineering in solving the same task;

• Conducting a user study to verify explanations align with stakeholders’ needs;

• Releasing code and self-collected dataset1 to support reproducibility and extension
of the research.

8.5 Related Work
This research intersects two significant areas: (i) enhancing explainability in AI and (ii)
optimizing fruit ripeness grading.

Explainable AI.

DL models are often criticized for their opacity, which makes explaining their predictions
challenging. Efforts to derive explanations have employed various techniques, including
gradient information [165], attention scores [10], and model-agnostic methods such as
LIME and SHAP [147, 112]. However, these explanations have faced reliability chal-
lenges in several contexts. Alvarez-Melis et al. [5] report that SHAP and other model-
agnostic saliency-based methods are susceptible to instability, leading to significant sa-
liency differences in the face of minor input modifications that do not alter the overall
prediction. Adebayo et al. [4] demonstrate that some gradient-based methods tend to

1https://github.com/matteo-rizzo/explainable-banana-ripeness-classification



behave like edge detectors, generating dangerously misleading visual maps, and reveal
that these can be manipulated in unexpected ways. Other authors have highlighted the
unreliability of several gradient-based methods, as the dependence on reference points to
determine saliency makes the heatmaps highly sensitive to minor input transformations
[95]. Additionally, substantial shifts in key features can lead to zero gradients due to the
models’ nonlinearity [130]. The authors of [166, 83] criticize the use of attention weights
to determine importance, discovering that multiple attention distributions yield identical
results. They also find a weak correlation between attention weights and other saliency
measures, thereby questioning the reliability of this approach. Despite these issues, which
may affect these XAI methods to varying degrees depending on the specific problem, I
believe the primary limitation of these techniques is their inability to provide a semantic
explanation of the model’s decision that effectively conveys a clear, unambiguous mean-
ing to the human stakeholder. Referring to the nomenclature introduced in the theoretical
framework (Chapter 3), they could be considered as evidence extractors, but more research
and effort are needed to bridge the gap between these extractors and faithful interpretations,
ultimately necessary to deliver true explanations. Despite these issues, SHAP remains a
leading approach to saliency-based explainability, offering both local and global model
explanations. Because of this, in this study, I compare the use of SHAP to explain DL
models with the more transparent approach adopted here.

Rudin et al. [159] emphasize the importance of using transparent models for high-
stakes tasks. In line with this, the research presented here advocates simpler, transparent
models that still achieve satisfactory performance, along with a strategy for faithful ex-
planation.

Fruit Ripeness Recognition.

Grading fruit ripeness has been addressed using statistical methods [120], traditional ML
[197], and DL approaches [162]. DLmethods, known for their high accuracy and minimal
feature engineering requirements, are currently among the top-performingmethods. Rizzo
et al. [152] provide a comprehensive survey on fruit ripeness grading. Recent trends focus
on minor accuracy improvements, often overlooking the importance of explainability.

8.6 Designing for Explainability

The proposed guidelines aim to identify the problem featuresmost intuitive to stakeholders
and process them with minimal intervention using the simplest ML method adequate for
the task. “Simplicity”, in this case, relates to the number of parameters regulating the
model (the lower, the better) and its reliance on human-understandable processing of the
features (the more, the better).

In particular, I want to build a pipeline from raw data to prediction, with each step as
transparent as possible. The proposed design process follows these high-level steps: (i)
understand the task to be solved by the ML method, the available data, and the stakehold-
ers of the final product; (ii) for each stakeholder, discuss which attributes they consider
relevant in solving the task and define which features can be considered part of an ex-
planation; (iii) find an ML model that is powerful enough to process the features but also
offers the possibility to extract interesting evidence with a reasonable effort. The evid-
ence must suggest an interpretation that is faithful by design to how the model works and



possibly aligns with human intuition for plausibility ; (iv) test model performance and ef-
fectiveness of the generated explanations: the model should provide competitive accuracy
with the state-of-the-art, while also satisfying the expectations of the stakeholders with the
produced explanations. I find that a user study is an effective way to obtain qualitative
evidence of the proposed XUI’s efficacy.

Step (ii) is perhaps the most challenging point, especially when very little problem-
specific knowledge is available to the stakeholders. In this scenario, a preliminary analysis
of the performance of top black-boxmodels can indicate the task’s difficulty. If the specific
task reveals intuitive features that can be leveraged to solve it, a model that tends toward
transparency is worth considering. Intuitiveness is critical to optimizing the design and
to reaching a final explanation that is faithful to the model’s behavior and plausible to the
human stakeholder. On the other hand, I acknowledge that finding meaningful features
or even just effective data representation can be challenging for some tasks. In Natural
Language Processing, for example, handcrafting general, context-sensitive, and human-
understandable features is often very difficult or impractical, partly due to the inherent
complexity of natural languages. That is why I advocate reasoning about an ML problem
and trying a broader explainability-driven approach, especially when the task is simple.
For some tasks, simple or explainable solutions may not yet exist. The following sections
demonstrate how I applied these guidelines to the example task in this study.

8.6.1 Task Definition, Stakeholders, and Data

From a practical perspective, this work deals with a multiclass image classification task.
The stakeholders of this work are workers at the wholesale fruit market of Treviso, Italy,
who are interested in automating the ripeness grading of banana bunches. Currently, oper-
ators manually label bunches according to ripeness (1 to 4, least to most ripe; see Fig. 8.1).
All the bananas within a crate are assumed to be in the same ripeness stage. TheML classi-
fier developed in this work would assist operators in labeling large numbers of incoming
crates. Moreover, this is the first step toward digitalizing the fruit processing pipeline,
from fruit quality inspection and assessment to online sales. Given the assessment step’s
impact on fruit pricing, stakeholders emphasized the importance of maintaining transpar-
ency in the grading process to enable human oversight.

I collected an ad hoc dataset comprising 927 images to develop the ML solution, with
a reasonable balance across the four ripeness classes. The dataset was manually labeled by
operators who perform quality assessments of incoming products. To understand human
performance on this classification task, I also asked three operators to re-label a subset of
images from the dataset. More technical details on the data are provided in Section 8.7.1,
while human performance is reported in Section 8.8.

8.6.2 Feature Selection

After consultation with stakeholders, I determined that color is the most reliable and in-
tuitive indicator of banana bunch ripeness. Images are encoded in the RGB color space,
a well-known color model with solid theoretical foundations in human color perception.
Since color is the most informative feature in this dataset, I process the images to extract
color information and train a classifier to classify ripeness stages using these features. Sec-
tion 8.7.1 details how this information is extracted and used in the proposed solution.



8.6.3 On the Choice of Models
I select state-of-the-art DL-based methods and simpler, more transparent classifiers for
this task. Testing DL models provides an estimate of the best achievable performance and
an indication of the problem’s difficulty. As stated, the objective of this work is to select
the model of the lowest complexity that achieves adequate performance while preserving
as much transparency as possible. I selected a DT, a Support Vector Machine (SVM) with
different kernels, and a multinomial Naive Bayes (NB) classifier as baseline models for
comparison, ultimately choosing the DT as the best-performing model.

I point out that the DT learns discriminative rules that partition the feature space into
sub-spaces corresponding to each target class (i.e., the ripeness stage). By extracting color
information in the RGB space and limiting the number of features, I can obtain a global
explanation that maps each ripeness stage to specific regions of the color space. I em-
phasize that this explanation is faithful, in the sense that it accurately captures the DT’s
reasoning process, and plausible, in the sense that it aligns with human understanding of
the problem. These characteristics make this strategy effective concerning point (iii) in
this work’s guidelines.

8.6.4 Testing for Accuracy and Explainability
I compare the performance of the baseline models (DT, SVM, NB) and select DT as the
best compromise between the complexity and the intuitiveness of the explanation that can
be derived from it, as discussed in the previous section. The NB classifier performs worse
than the DT. Conversely, the SVMwith a high-degree polynomial kernel achieved slightly
better results (less than 0.5% improvement in accuracy and F1-score). However, given the
minimal difference in results and the complexity of the SVM’s decision boundaries, the
DT appears to be a better choice. The complete results of these tests are reported in the sup-
plementary material. Additionally, I compare the DT with state-of-the-art DL models that
are well-established off-the-shelf solutions for this task, in line with recent trends in Com-
puter Vision (CV). Results are reported in Section 8.8, showcasing that the DT achieves
competitive performance and is well above human classification performance. Ultimately,
I aim to evaluate the effectiveness of the generated explanations for the stakeholders of
this work. To achieve this, I conducted a user study to investigate users’ preferences re-
garding the generated explanations. More details on the results are provided in Section
8.8.3 while the complete questionnaire is reported in the supplementary materials.

8.7 Methods and Explanations

8.7.1 Data Processing
The dataset used in this study comprises 927 RGB images of banana crates, captured at
4160 x 3120 pixels with a CZUR Shine Ultra scanner under consistent lighting conditions.
The images are balanced across classes and were resized to 224 x 224 pixels for compat-
ibility with pre-trained models and to facilitate reasonable inference times. The dataset
was augmented with random transformations, including rotation, affine and elastic mor-
phological transformations, cropping, Gaussian blur, and perspective changes, to mimic
real-world scenarios such as smartphone photography. About half of the dataset was aug-
mented and incorporated into the training set; further details are in the supplementary ma-



terial. Visual inspection of the dataset revealed noise, particularly along the boundaries of
the crates. To address this, I applied semantic segmentation using the SLIC algorithm [2],
thereby improving results across all methods. This work’s report focuses on the outcomes
with segmented images. For the selected DL models, feature extraction is automated from
the raw RGB input. However, I employed minimal feature engineering for the DT, focus-
ing on color features. Each image was represented by the normalized average color values
of its R, G, and B channels. I also adjusted the luminance by converting the images to YUV
space, normalizing the Y channel, and then reverting to RGB. This process is important
because RGB embeds luminance in its channels, whereas YUV uses a separate luminance
channel.

8.7.2 Deep Learning Approach

To address banana ripeness classification, I run and compare three neural approaches. The
first architecture consists of a simple CNN with three convolutional blocks, each compris-
ing two 2D convolutions and max-pooling, interleaved with ReLU activations. The con-
volutional layers extract features, which are fed to a three-layer feed-forward ANN that
outputs the final prediction. Before being processed by the CNN, the data is normalized
to the mean and standard deviation. The second architecture I consider is the pre-trained
MobileNetV2 network [161]. Still convolutional by nature, the strategy at the core of
this method is based on depth-wise convolutions and inverted residual connections. The
designers aimed to build a powerful, pretrainable model for low-tier devices. The third ar-
chitecture I examine is the Vision Transformer (ViT) [42]. Transformers [181] are neural
architectures based on multi-head attention [10], widely studied and employed by the NLP
community [116]. This architecture has recently been applied to CV tasks with various
strategies (see [107] for a survey). Briefly, ViT splits images into fixed-size patches and
linearly embeds them. Positional embeddings are then added to retain positional informa-
tion, after which the resulting sequence of vectors is fed to a standard Transformer encoder.
Classification is achieved by adding a learnable “classification token” to the sequence. In
the presented experiments, I use the vit-base-patch16 model [195], which was pre-
trained on ImageNet.

Deep Learning Explainability Strategy.

As previouslymentioned, I used SHAP [112] to explain theDLmodels’ predictions. When
working with images, SHAP can generate heat maps (which constitute the XUI) to provide
explanations to the user. These are supposed to describe the importance of each pixel in
the image toward the model’s prediction. Intuitively, warm colors indicate the regions of
the image that contributed the most to the prediction. In contrast, colder colors indicate
areas that contributed negatively to the prediction of the same class. Example explanations
generated with SHAP are presented in Fig. 8.2. As mentioned in Section 8.5, feature im-
portance heatmaps, commonly generated with saliency methods, can lead to potentially
different (and deceptive) interpretations by end-users that may not accurately reflect the
model’s actual decision-making process. This is an alarming condition in which the ex-
planations convey to the user a “convincing lie” about themodel’s behavior. The following
sections show how the design of this work addresses faithfulness and plausibility.



Figure 8.2: Examples of explanations for DL models generated using SHAP.

8.7.3 Decision Tree

In contrast to the examined DL methods’ internal complexity, I propose tackling the same
task using a simple, more transparent DT-based classifier. In particular, I use the scikit-
learn implementation of the CART algorithm [15].

Explainability Strategy.

Onemay argue that a DT is an intrinsically explainable model. I argue that there is no such
thing as intrinsic explainability: a transparent model still needs to provide some explana-
tion that is somewhat understandable to users and answers their ’why’ questions. As stated
in Chapter 3, models provide evidence, and generating a good explanation requires giving
that evidence semantic meaning, a process called interpretation. Moreover, different end
users likely have distinct requirements for explainability. An explanation interface must
then convey the interpreted information to the users. For example, ML experts may be sat-
isfied with understanding the range of feature values mapped to each target class (in this
work’s case, the RGB values). Non-expert users may need these rules further processed to
be presented more clearly. Serving explainability is intuitively easier for specific models,
such as those with a few parameters, though this has not yet been formalized in the literat-
ure. Admittedly, a DT has a very intuitive and faithful interpretation: for every non-leaf
node, the DT learns a threshold value for one of its given features, thus producing two
children (above and below the threshold). In the present case, each instance is classified
by following a path to a leaf labeled with a specific ripeness value. Conveniently, the set
of rules along the traversed path defines an area within the RGB color space, which is
part of the explanation in this work. Binding the explanation to the intuitive process of
discriminating between banana crates by color (as the stakeholders in this work do) lays
the groundwork for plausibility. Albeit simple for relatively shallow trees, the decision
paths can grow exponentially for features with complex interactions. As anticipated, such
numerical features split within the DT can still appear opaque to the average user. Thus, I



Figure 8.3: Explanation generated from the constraints imposed by the DT on the RGB
color gamut. The four grades correspond to distinct areas within the gamut.

Accuracy Precision Recall F1

Decision Tree 0.9716 (± .0104) 0.9723 (± .0106) 0.9678 (± .0119) 0.9697 (± .0110)

CNN 0.9349 (± .0115) 0.9298 (± .0131) 0.9308 (± .0123) 0.9377 (± .0123)

MobileNet V2 0.9743 (± .0046) 0.9726 (± .0046) 0.9717 (± .0054) 0.9718 (± .0049)

ViT 0.9967 (± .0015) 0.9960 (± .0020) 0.9966 (± .0017) 0.9962 (± .0018)

Human Performance 0.7500 (± .0589) 0.7588 (± .0453) 0.7500 (± .0589) 0.7519 (± .0524)

Table 8.1: Macro-averaged performance metrics for the models averaged over ten random
seeds (standard deviation in brackets).

further explain this work by devising an XUI that is human-understandable and tested ac-
cordingly. More specifically, I use the rules extracted from the decision path as constraints
on the RGB gamut to identify regions of RGB space that correspond to the four ripeness
classes. Hence, it is straightforward to describe each unknown input data point by its aver-
age color in the 3D RGB color space and determine to which region it belongs. This plot
is the proposed explanation for the DT’s behavior. Fig. 8.3 is an example visualization
of the whole process (more examples are reported in the supplementary material). It is
worth stressing that the area of the color space extracted from the decision rules learned
by the DT is, by definition, a global explanation. Thus, this strategy allows us to identify
which colors are unequivocally associated with each label class. One benefit of such an
explanation is the ability to validate the classifier’s behavior. Unexpected colors would
appear in the proposed XUI, pointing out a negative bias in the model.

8.8 Experiments

In this section, I compare the performance achieved by the methods employed in this
work. First, I analyze the classification metrics achieved by the three DL-based models
and the DT. Then, I study the explanations generated according to the strategies proposed
in Sections 8.7.2 and 8.7.3, and compare them through a user study involving stakeholders
for the task of banana ripeness classification in a real fruit market.



8.8.1 Performance
To assess the ability of the selected models in this work to produce correct predictions,
I use commonly used classification metrics: accuracy, macro-averaged precision, macro-
averaged recall, and macro-averaged F1 score. All methods are tested using 5-fold cross-
validation, repeated ten times with different random seeds to enhance the robustness of the
results. Table 8.1 presents the results obtainedwith both deep learningmethods and the DT.
I also report human performance, defined as the average score across three stakeholders
in classifying a balanced dataset of 300 randomly sampled images from the original non-
augmented dataset (∼ 20%). It is evident that all methods achieve excellent results, with
all metrics surpassing the 90th percentile scores and outperforming a human baseline. It
is worth remembering that these results are achieved on datasets augmented with images
that have undergone various transformations, which makes them more robust at the cost
of small performance decreases.

Further detailed in the supplementary material, the error analysis reveals that errors
always occur because the classifiers select an adjacent class (e.g., class 2 instead of class
1). The ViT model achieves near-perfect scores across all metrics among the selected
methods. The DT also obtained outstanding results, though this required more effort (in-
cluding standardizing luminance and conducting an extensive grid search). Nevertheless,
this process allows the DT to have results comparable to those of MobileNetV2.

8.8.2 Explainability
I compare the SHAP explanations for the DL models with the handcrafted RGB-based
explanations designed for the DT. Fig. 8.2 and 8.3 compare the two types of explanations
for the same input. It is clear that the masks produced by SHAP do not highlight mean-
ingful features of the image. Indeed, the highlighted regions appear random. Not only
that, in this work’s case, SHAP’s visualization for the CNN consistently showed the same
result across all classes, seemingly overvaluing features for grade 4 (even when the CNN
correctly classified other ripeness stages). The situation remains unchanged when I visu-
ally examine the explanations generated by the methods across the entire dataset. This
does not necessarily mean that the explanations generated by SHAP are not faithful to
the model’s inner workings. Rather, this work’s intuitive interpretation of the highlighted
regions is misaligned with how the model uses those features internally. As such, I can
only conclude that, despite their plausibility, these visualizations are inadequate as sig-
nificant explanations. However, this may not always hold. Assuming the visualization
accurately reflects the model’s internal workings, the positions of the key pixels would be
much more meaningful for coarse-grained classification tasks. For instance, in a detection
task on ImageNet, if the important pixels are located on an animal’s muzzle, the intuitive
interpretation is that the muzzle is the crucial part of the image. Nevertheless, even in
this scenario, the interpretation of the heatmap is up to the user, not the model. In slightly
more challenging cases, different users might arrive at different interpretations. This ex-
emplifies why I believe saliency-basedmethods do not fully solve the explanation problem
on their own but rather support the process of generating an explanation. In the specific
dataset presented, however, the positions of these highlighted regions do not convey in-
telligible information. Conversely, the explanation for the DT is designed to be faithful
to the model’s inner workings. This strategy provides the user with a more informative,
intuitively understandable, plausible, and faithful explanation of how the model works.
An ad hoc user study confirms such results.



8.8.3 User Study

I designed a user study to investigate users’ preferences for the model-generated explana-
tions of model predictions. The users involved in the study are stakeholders in banana
ripeness grading, comprising 20 people with diverse backgrounds and expertise in AI
tools. I submitted an online questionnaire to each user. The complete questionnaire is
reported in the supplementary material. The questionnaire introduces the task and asks
the users to compare two types of explanations for the same input and prediction: (i) the
mask generated by SHAP and (ii) the representation of the input color in the RGB gamut.
Explanations (i) pertain to the ViT model (the best-performing one), while explanation
(ii) is generated from the DT. The object of the comparison is how much the proposed
explanation allows you to answer why the model made that prediction. When asked about
the importance of explaining the model’s behavior, all participants believed that an associ-
ated explanation is necessary, with most considering it essential. Regarding the preferred
explanation method, 10 out of 20 respondents considered the DT-generated RGB gamut
to be the most effective, while 8 chose the SHAP heatmap explanation. Three declared
that no explanation was helpful to them 2. This result is certainly interesting; although
SHAP’s visualizations do not provide an unambiguous explanation, their visual nature
was sufficient to make half of the participants deem them trustworthy in explaining the
prediction. Finally, 80% of respondents stated that the chosen explanation would improve
their trust in the model, and 70% are willing to trade approximately 5% of the classifier’s
accuracy for a more transparent, human-explainable decision-making process. Consider-
ing that the accuracy loss between the DT and the most accurate model is only around
2.5% for this classification task, which is well above human performance, there appears
to be little reason to prefer the latter to the more explainable one.

8.9 Limitations

Using simple classifiers on a few manually extracted features can be much more problem-
atic for more complex tasks, as it can severely limit model performance. Indeed, I do not
argue that more transparent models should always be used; many cognitive tasks would
be nearly impossible without the progress achieved through DL. For this task, I selected
a simple strategy to provide a clear, intuitive explanation to non-ML-expert users, based
on the average color of the entire image. This can be refined iteratively to incorporate
more complex features while accounting for explainability. I plan to explore strategies for
serving explanations with richer feature representations, such as considering pixel color
distributions and sampling to obtain more accurate color representations. In line with the
explainability by design principle, I plan to investigate the use of regularization strategies
to improve the explainability of complex DL models. This topic has been explored, with
a focus on robustness, which has been linked to explainability [157]. It would be interest-
ing to explore whether and how adding constraints on the features extracted by NNs could
yield more interpretable explanations for end users.

2One participant selected both the RGB explanation and the “neither” option.



8.10 Conclusions
The banana ripeness case study offers a concrete illustration of the PAMC in practice. Its
results reveal that model performance alone cannot justify the escalation of complexity,
particularly for tasks that are perceptually or conceptually simple for human agents. When
the structure of the problem is transparent, the most epistemically responsible strategy is
not to retrofit explanations onto opaque models, but to design the model itself as an in-
telligible artifact. In this sense, the PAMC serves both as a diagnostic and a prescriptive
principle, prompting researchers to question whether the additional layers of abstraction
introduced by deep models yield epistemic gains commensurate with their cognitive and
operational costs. This work demonstrates that the trade-off between predictive accuracy
and explainability is not always antagonistic. A well-calibrated decision tree operating
on color-based features achieves accuracy levels competitive with those of deep neural
architectures, while remaining faithful to the problem’s structure and intelligible to its
stakeholders. The resulting explanation is not an afterthought derived from post-hoc meth-
ods but an emergent property of the model’s design—one that aligns with users’ intuitive
reasoning about color and ripeness. This reinforces a central insight of the PAMC: model
complexity should be appropriate to the epistemic and practical demands of the task, rather
than maximized for its own sake.

At a broader level, this study also illustrates how explanation by design can reframe
the relationship between performance and understanding. Instead of conceiving explain-
ability as an external constraint that follows modeling, it becomes a design variable —
one that modulates model selection, feature representation, and interpretive communica-
tion. The resulting pipeline exemplifies the kind of methodological reflexivity called for
by the unified framework proposed in this thesis: faithfulness is here operationalized as
a property of model structure, intelligibility as a function of stakeholder understanding,
and alignment as a correspondence between representational semantics and human reas-
oning. In practical terms, the lesson is simple but far-reaching: not every task requires a
transformer. When the epistemic structure of the problem is shallow, simplicity is not a
limitation but a form of fidelity. Overkilling simple tasks with opaque systems introduces
not only unnecessary technical overhead but also epistemic opacity and ethical cost. The
PAMC invites us, therefore, to calibrate the sophistication of our models to the complexity
of the world they seek to represent — an act of methodological humility that is also an act
of scientific rigor.





9
Conclusion

This thesis began with a deceptively simple yet profound question: what is an explanation
in the landscape of contemporary AI? As DL and FMs have grown in scale and capability,
their internal opacity has intensified a fundamental epistemic tension: how canwe claim to
understand systems that so clearly outperform us in reasoning tasks, yet resist intelligible
explanation? The ambition of this work has been to address this tension by reconciling
the theoretical and empirical dimensions of explainability, reframing it as a constitutive
element of intelligent systems rather than a mere technical supplement.

The first part of the thesis traced the conceptual foundations of XAI, revealing three
research directions that define its contemporary landscape: the causal, the mechanistic,
and the generative. Each provides a partial account of what it means to explain. Causal
explanation secures inferential grounding; mechanistic explanation opens the black box of
model internals; and generative explanation situates understanding within communicative
and narrative contexts. Yet, none alone is sufficient. Explanation, as argued throughout
this work, is not an intrinsic property of a model but an epistemic relation between the sys-
tem, its internal representations, and the human mind. Understanding emerges only when
these relations are made coherent across cognitive, technical, and ethical dimensions.

From this synthesis emerged a unified theoretical framework structured around three
constitutive dimensions of explainability: intelligibility, alignment, and faithfulness. These
dimensions delineate the space within which explanation can meaningfully connect model
behavior to human understanding. Intelligibility concerns the cognitive and communicat-
ive accessibility of explanations; alignment, their ethical and pragmatic resonance with
human goals and values; and faithfulness, their fidelity to the model’s internal causal and
representational structure. Together, these dimensions form what this thesis has called the
triple frontier of XAI pursuit — a framework that redefines explanation as the dynamic
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mediation between human interpretive capacities and machine representational depth.
The framework was then examined empirically across three high-stakes domains —

medicine, security, and industry— each of which foregrounds a distinct facet of this triple
frontier. In medical imaging, the question of intelligibility took precedence: explana-
tion served as a form of communication, translating algorithmic saliency into clinically
meaningful evidence. In smart contract analysis and security, alignment came to the fore:
explanations were understood as acts of knowledge construction that transformed latent
model knowledge into actionable human insight. In the industrial context, faithfulness
proved central: explanation became an act of design and governance, in which transpar-
ency and accountability were embedded into the very architecture of decision systems.
Across these domains, the trajectory from communication to knowledge to design revealed
that explainability is not a static outcome but a practice of epistemic mediation— one that
evolves with context, purpose, and risk.

Among the three frontiers, faithfulness emerged as the most conceptually demanding
and empirically elusive. It represents the epistemic integrity of the explanatory process:
without faithfulness, intelligibility risks collapsing into plausible storytelling, and align-
ment risks degenerating into persuasion. To render faithfulness measurable rather than as-
sumed, this thesis introduced a test suite for its empirical evaluation, centered on temporal
attention mechanisms. This protocol demonstrated that faithfulness can, and must, be sub-
jected to empirical scrutiny, establishing a foundation for a more rigorous, evidence-based
science of explanation. Just as performance metrics anchor claims of accuracy, faithful-
ness metrics are needed to anchor claims of understanding.

From this realization emerged the final theoretical contribution: the PAMC. This prin-
ciple asserts that model complexity should be viewed not as an unquestioned virtue, but
as a parameter to be managed in relation to human comprehension and contextual needs.
Complexity, in this sense, is neither an enemy of transparency nor an unqualified good; it
is a variable that determines how explanation and understanding can coexist. The principle
redefines the classic trade-off between accuracy and explainability as a question of pro-
portionality — what level of complexity is appropriate for a given epistemic and ethical
context. It calls for a mode of complexity governance in which the pursuit of performance
is balanced by the pursuit of intelligibility, ensuring that systems deployed in high-stakes
settings remain at a level commensurate with the transparency required by their use.

In the context of LLMs, this principle takes on renewed urgency. Emergent abilit-
ies and scale-dependent phenomena challenge the very notion of explainability, suggest-
ing that complexity cannot be reduced without consequences. Yet, this does not imply
resignation to opacity. Rather, it calls for new design strategies that render complex-
ity legible through modular architectures, hybrid symbolic–statistical reasoning, and self-
explanatory mechanisms. The goal is not to make complex systems simple, but to make
their complexity understandable. In this light, explainability becomes an evolving prop-
erty of the model ecosystem itself—a relation between compression, representation, and
communication.

Taken together, the theoretical, empirical, and methodological contributions of this
thesis converge on a broader insight: explainability is not external to intelligence but
intrinsic to it. To explain is to establish the conditions under which reasoning can be
shared, examined, and improved. Intelligence without explanation may be powerful, but
it remains epistemically incomplete. The future of AI, therefore, depends not only on
increasing computational capability but on cultivating systems capable of participating in
the process of understanding itself.



Limitations
Despite its integrative ambition, this thesis remains constrained by several important lim-
itations. First, the empirical investigations, while diverse in domain, were necessarily lim-
ited in scope and scale. The test suite for faithfulness, for instance, focused on temporal
attention mechanisms; extending this evaluation to multimodal and FMs would further
validate its generality. Second, the proposed theoretical framework, though unifying in
intent, does not fully capture the socio-technical dynamics that shape the interpretation
of explanations in practice. Human understanding is always situated, and explanatory ad-
equacy cannot be abstracted from cultural, institutional, and cognitive contexts. Finally,
the PAMC, while conceptually grounded, remains an open challenge to operationalize
quantitatively. Developing standardized measures of “appropriate” complexity—linking
cognitive load, task criticality, and epistemic reliability—will require sustained interdis-
ciplinary collaboration. These limitations do not weaken the argument but delineate the
boundaries within which its claims should be interpreted and extended.

Future Research Directions
The directions opened by this work point toward a redefinition of explainability as a field
of co-evolving understanding between humans and machines. Future research should pur-
sue three interrelated trajectories. First, integrating the unified framework into the study of
FMs provides a path to empirically test how intelligibility, alignment, and faithfulness in-
teract at scale, particularly in systems that generate natural-language explanations. Second,
the development of self-explaining architectures—models that can introspect and justify
their reasoning in real time—could transform explanation from an external intervention
into an intrinsic cognitive function of the model itself. Third, human–AI co-adaptation
should become a central focus: explanation should not only transmit information but also
facilitate shared reasoning, enabling models to learn how different users conceptualize and
validate their understanding. Advancing these directions would move the field beyond re-
active explainability and toward proactive epistemic design.

Concluding Remarks
The question that initiated this work—what is an explanation in AI?—thus transforms into
a more profound one: what does it mean for intelligence to be understood? The answer,
as developed throughout this thesis, lies in the dynamic balance between complexity and
comprehension, performance and transparency, autonomy and accountability. To design
explainable systems is therefore to design for understanding itself. It is to build bridges
across the widening gulf between knowing and comprehending, between prediction and
meaning, between intelligence and wisdom. In that endeavor, the measure of progress will
not be the sophistication of our models, but the depth of our understanding of them, and
ultimately, of ourselves.
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