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ABSTRACT

This paper develops a philosophical and empirical framework for evaluating the democratic legitimacy of algorithmic

decision-making in European tax administrations. Drawing on evidence from fifteen jurisdictions, it investigates how four

core public values—intelligibility, contestability, non-domination, and equality before the law—are articulated in policy

discourse and translated into institutional practice within AI-enabled tax governance. Using a large corpus of legal texts,

policy strategies, and oversight reports, the study codes qualitative insights into a structured binary feature matrix and

analyses this dataset using Multiple Correspondence Analysis and hierarchical clustering. The results reveal four recurrent

constellations of algorithmic governance: pragmatic enforcement, rights-anchored governance, constitutional caution,

and data-intensive profiling, with Finland exhibiting a distinctive pattern of constitutional and procedural restraint. These

empirical configurations form the foundation for the paper’s central philosophical question: Under what conditions can

discretionary authority be legitimately delegated to algorithms? The analysis shows that although European administrations

routinely appeal to ethical principles and human-centred AI rhetoric, many implementations transform these principles into

managerial slogans, thereby weakening procedural justice, diminishing intelligibility, and limiting avenues for contestation.

The paper argues that algorithmic decision-making can be democratically legitimate only when it sustains the four public-

value conditions that anchor administrative authority. It concludes by proposing a reconceptualization of algorithmic
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legitimacy as the preservation of intelligibility, contestability, non-domination, and equality within computationally mediated

public administration.

Keywords: Artificial Intelligence; Tax Administration; Tax Audit; Ethics

1. Introduction

Artificial intelligence (AI) is not merely a technical

instrument but a normative infrastructure that reorganizes

institutional power, reshapes administrative discretion, and

tests the ethical foundations of public governance [1, 2]. This

transformation is particularly pronounced in tax adminis-

tration, where the state’s coercive authority intersects with

principles of legality, proportionality, and equality before the

law. The automation of fiscal functions—risk-based auditing,

predictive analytics, and fraud detection—extends adminis-

trative capacity yet simultaneously reconstitutes the moral

architecture of decision-making. By determining who is sub-

jected to scrutiny, on what evidentiary grounds, and through

which channels of contestation, algorithmic systems mediate

relations of power and responsibility within the state [3, 4].

Within public administration theory, a persistent ten-

sion between efficiency and legitimacy has become newly

visible in the age of algorithmic governance [5, 6]. As algorith-

mic systems increasingly determine outcomes that shape cit-

izens’ legal and financial standing, foundational democratic

values—intelligibility, contestability, privacy, and justice—

are placed under strain. Unlike traditional bureaucratic dis-

cretion, AI-driven decision-making often lacks identifiable

agents of responsibility and operates through opaque compu-

tational processes, the so-called “black box”, thereby under-

mining norms of reason-giving and answerability that sustain

administrative legitimacy [7–11]. The challenge is therefore

not merely technical but philosophical. If discretionary pub-

lic authority is transferred to algorithms, what conditions

must be met for such delegation to remain democratically

legitimate?

This paper addresses that question directly. It asks: un-

der what conditions can the delegation of discretionary au-

thority to algorithmic systems in tax administration be com-

patible with democratic legitimacy, and how do contempo-

rary European practices measure against those conditions?

We pursue this question by formulating legitimacy re-

quirements grounded in public reason and procedural justice.

These requirements set out four jointly necessary conditions

for the democratic use of algorithmic authority. The first

is intelligibility, which concerns the capacity to understand

and reconstruct the reasons that guide a decision. The sec-

ond is contestability, referring to the existence of effective

opportunities for challenge and redress. The third is non-

domination, which protects individuals from opaque or arbi-

trary control. The fourth is equality before the law, ensuring

that comparable cases are treated consistently and without

unjustified discrimination. We then examine how European

tax administrations meet or fail to meet these conditions in

practice.

The European context provides an instructive field of

inquiry. The European Union promotes a strong norma-

tive vocabulary through instruments such as the General

Data Protection Regulation (GDPR) and the proposed AI

Act, yet national practices diverge sharply. They range from

approaches centred on human oversight and public account-

ability to those that prioritise efficiency and deterrence [12, 13].

To examine these variations systematically, we combine com-

parative philosophical analysis with an empirical mapping

of administrative practice across fifteen European tax ad-

ministrations. Qualitative evidence drawn from legislation,

policy documents, and oversight reports is converted into a

binary feature matrix described in Section 4 and examined

through Multiple Correspondence Analysis (MCA) and hier-

archical clustering. These complementary methods reveal

coherent families of practice that would otherwise remain

obscured in narrative discussion and provide an evidential

foundation for the normative evaluation developed in the

following sections.

The findings presented in this study are twofold. The

first concerns the diversity of national approaches. Although

governments across Europe appeal to a shared rhetoric of

human-centred artificial intelligence, they do not converge on

a single model of governance. Themachine-learning analysis

identifies four distinct configurations of practice—pragmatic

enforcement, rights-anchored governance, constitutional cau-

tion, and data-intensive profiling—with Finland standing as

a structural outlier. The second finding concerns the norma-
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tive implications of these patterns. Only some configurations

come close to meeting the legitimacy conditions defended in

this paper. Where intelligibility and contestability are weak,

as in cases of proprietary opacity or cross-database profiling

without effective redress, the moral justification for algorith-

mic authority becomes fragile, even when efficiency gains

appear substantial.

By relating these results to current debates on public

reason, digital power, and administrative justice, the paper

develops a philosophical understanding of algorithmic legiti-

macy that is informed by comparative evidence. Its contri-

bution rests on three elements. It offers a clarified normative

standard for the delegation of authority to AI in taxation. It

provides a cross-national mapping of European administra-

tive practices in relation to that standard. It also proposes a

methodological bridge that connects interpretive philosophy

with evidence drawn from machine-learning-supported com-

parison. The remainder of the paper elaborates the concep-

tual framework in Sections 2 and 3, presents the comparative

analysis in Section 4, and explores the ethical implications

and normative tensions in Section 5 before concluding with

implications for both democratic theory and governance de-

sign in Section 6. Two appendices,Appendix A.1 andAp-

pendix A.2, provide additional methodological details and

supporting materials.

2. Theoretical Framework: Ethics,

Discretion, and the Conditions

of Legitimate Authority in AI-

Governed Tax Administration

The incorporation of artificial-intelligence systems

into public administration—most visibly within taxation—

demands more than an assessment of their technical effi-

ciency. It requires an inquiry into the normative condi-

tions under which administrative authority continues to be

legitimate. Historically, tax administration has stood at the

intersection of bureaucratic rationality and legal obligation,

balancing procedural efficiency with the moral demand for

justification. The current migration from embodied discre-

tion to computational decision-making thus represents not

a mere technological refinement but a reconfiguration of

judgment, accountability, and legitimacy within the modern

state.

Legitimate authority in public administration depends

on the presence of identifiable agents capable of reasoning,

offering justification, and assuming responsibility for their

actions. Authority is not reducible to the capacity to decide;

it is constituted through reason-giving within a shared norma-

tive order. The delegation of decision-making to AI systems

transforms this structure. Where human officials deliberate,

AI systems infer—producing outcomes through probabilis-

tic computation rather than through intentional reasoning or

moral judgment. Such systems can optimise prediction and

consistency, yet they cannot themselves satisfy the justifica-

tory conditions that ground legitimacy. What emerges is a

displacement of discretion from the sphere of deliberative

reasoning to that of procedural inference, accompanied by a

diffusion of accountability across technical and institutional

domains. The central question, therefore, is how legitimacy

can be sustained when the capacity for judgment and justifi-

cation is externalised to computational architectures that act

without intention or understanding.

To approach this question, it is first necessary to clarify

what artificial intelligence denotes in this study. In the field

of public administration, the term has acquired a specific

institutional meaning. The OECD defines an AI system as a

machine-based system that can, for a given set of human-

defined objectives, make predictions, recommendations, or

decisions influencing real or virtual environments [13]. Wirtz,

Weyerer, and Geyer [1] describe AI in the public sector as the

application of data-driven, rule-based, or learning systems to

automate or augment administrative decision-making. Bul-

lock [3] emphasises that such systems reconfigure bureau-

cratic discretion and form, while Zouridis, van Eck, and

Bovens [5] show that discretion itself becomes embedded in

software code. Yeung [2] interprets AI governance as a socio-

technical assemblage through which algorithmic rules medi-

ate power and normativity, and Veale and Brass [14] identify

this as a shift from explicit rule-making to administration by

algorithm. Taken together, these perspectives indicate that

AI in public administration must be understood not simply as

a technology but as a decision infrastructure that transforms

the exercise of administrative authority.

To situate this conception historically, the idea of “intel-

ligent” machines has undergone successive transformations,

each redefining what counts as reasoning and, by implication,

what kind of agency a system may be said to exercise.
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The Symbolic or Classical Era (1950s–1980s): Early

AI, or Good-Old-Fashioned AI (GOFAI), conceived intel-

ligence as symbolic rationalism—the manipulation of ex-

plicit rules and representations to emulate human reason-

ing. FollowingTuring [15] andMcCarthy [16], intelligence was

equated with formal logic and rule-based problem solving.

This paradigm, codified by Russell and Norvig [17], aimed

to build systems that think and act rationally. In adminis-

trative settings, such systems could, in principle, formalise

decision procedures but lacked the capacity for learning or

moral interpretation.

The Connectionist and Behavioural Turn (1980s–

2000s): The brittleness of symbolic systems prompted a

shift toward connectionist and behavioural models of in-

telligence. McClelland and Rumelhart [18] conceptualised

cognition as distributed activation in neural networks,

while Brooks [19] developed behaviour-based robotics in

which intelligence emerged through adaptive interaction with

the environment. As Cao [20] notes, this marked a move-

ment from object intelligence to system intelligence: AI be-

came dynamic, contextual, and behaviourally grounded.

The Data-Driven and Deep-Learning Phase (2000s–

2015): With the rise of high-performance computing and

vast data sets, AI evolved into a discipline of statistical op-

timisation. LeCun, Bengio, and Hinton [21] described deep

learning as hierarchical feature extraction from massive data,

enabling predictive and classificatory capacities at unprece-

dented scale. Intelligence was now inferred from data rather

than encoded in logic, extending administrative applications

while introducing new forms of opacity and bias.

TheReflective orMetasyntheticAge (2015–present): Con-

temporary AI, described by Cao [20] as reflective or metasyn-

thetic, reconceives intelligence as an ecosystem of interacting

human, social, and computational processes. It integrates

perception, reasoning, learning, action, and reflection across

technical and institutional layers. Mitchell [22] and Kissinger,

Schmidt, and Huttenlocher [23] emphasise that the frontier of

AI lies not in autonomy but in human integration—designing

systems that are transparent, accountable, and sustainable.

Intelligence in this sense is not a property of machines alone

but of socio-technical systems embedded in legal, ethical,

and organisational contexts.

Synthesising these traditions yields a definition suited

to the present inquiry: Artificial intelligence, in this study,

denotes a class of computational architectures that integrate

symbolic reasoning, statistical learning, and adaptive feed-

back to perform perception, inference, and decision-making

within socio-legal environments. In the context of public ad-

ministration, AI systems function as distributed decision in-

frastructures that extend administrative reasoning beyond the

human agent while encoding normative assumptions within

data, models, and design choices.

This derivation clarifies that the “intelligence” of AI is

neither singular nor autonomous: it is a hybrid of algorithmic

inference and institutional framing. Within tax administra-

tion, AI manifests through predictive analytics, risk-scoring

algorithms, and cross-database profiling systems. These in-

struments are not value-neutral tools but normatively charged

mechanisms that implicitly define what counts as compliance,

suspicion, or fairness. Assessing their legitimacy, therefore,

requires tracing how computational structures interact with

the moral architecture of public authority and determining

whether the delegation of discretion to non-intentional sys-

tems can satisfy the justificatory conditions of legitimate

rule.

2.1. From Bureaucratic Rationality toAlgorith-

mic Governance

In classical administrative theory, legitimate authority

rests on the rational–legal order (Weber [24]), which recon-

ciles instrumental efficiency with rule-governed fairness.

Bureaucracy, in this sense, derives its moral force from

the predictability of rule and the accountability of office.

The emerging “algorithmic turn” unsettles this equilibrium.

As Zouridis, van Eck, and Bovens [5] demonstrate, the dis-

cretionary judgment once exercised by street-level bureau-

crats—agents capable of context-sensitive interpretation—is

being supplanted by system-level bureaucracies in which nor-

mative reasoning is embedded in software code. Decision-

making, once dialogical and justificatory, is recast as statisti-

cal prediction. In these architectures, agency becomes dis-

tributed across designers, administrators, and artefacts, ren-

dering the locus of responsibility opaque.

The ethical implications are profound. Danaher [25]

identifies in such systems a responsibility gap: the diffusion

of causal efficacy across human and non-human components

erodes the moral link between action and accountability. The

logic of this dilemma can be expressed biconditionally. If
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and only if responsibility presupposes an identifiable agent

capable of intentional action, and if algorithms lack such

agency, then responsibility cannot meaningfully attach to

them. Conversely, when decision-making authority is dele-

gated to algorithmic processes, the performative subject of

public power—the official who can reason, explain, and be

held to account—effectively disappears. What remains is an

apparatus that performs the functions of authority without

its moral predicates. The ethical coherence of bureaucratic

legitimacy is thereby placed in question: rule by code risks

becoming authority without agency, governance without re-

sponsibility.

2.2. The Four Normative Conditions of Legiti-

mate Authority

To evaluate legitimacy under conditions of algorith-

mic governance, four interdependent principles are specified

as jointly sufficient and individually necessary: intelligibil-

ity, contestability, privacy, and fairness. Authority delegated

to artificial systems retains its normative status if and only

if these four conditions are simultaneously satisfied.

1. Intelligibility: Derived from Fuller’s [26] account of

the internal morality of law and Habermas’s [27] dis-

course theory of legitimacy, intelligibility denotes the

capacity of administrative acts to appear as reason-

giving within a shared normative order. Follow-

ing Raz [28], authority is legitimate only when its direc-

tives can be understood as providing reasons for com-

pliance. The epistemic opacity of machine-learning

models therefore violates the condition of intelligibil-

ity and, by entailment, undermines legitimacy: where

reasoning becomes inscrutable, obligation loses its

moral foundation.

2. Contestability: Grounded in republican and procedu-

ral theories of non-domination, contestability requires

that citizens possess both the right and the practical

capacity to challenge administrative decisions [29, 30].

Authority is legitimate if those subject to it can de-

mand justification and obtain correction through insti-

tutional means. Where algorithmic systems foreclose

such review, governance devolves into domination—a

relation of power without recourse.

3. Privacy: Extending Kant’s injunction to treat persons

as ends into the informational domain, privacy secures

the moral and epistemic space within which auton-

omy is exercised [31, 32]. Continuous data extraction

and surveillance negate this space. Hence, if auton-

omy presupposes privacy, and if algorithmic surveil-

lance negates privacy, then such systems necessarily

compromise autonomy and, derivatively, legitimacy.

Privacy is thus not a contingent preference but a con-

stitutive condition of moral agency.

4. Fairness: Building on Rawls [33] and later accounts

of structural injustice, fairness demands that adminis-

trative systems allocate burdens and benefits in ways

consistent with equality. As Binns [34] argues, the ap-

pearance of algorithmic neutrality is often a moral

fiction: fairness, therefore, requires the active correc-

tion of bias. Formally, if and only if outcomes are

non-arbitrary with respect to morally relevant differ-

ences does administrative power count as just.

Taken together, these principles define the bicondi-

tional of legitimate delegation:

Delegation of discretion to AI is legitimate (Intelligibility∧Contestability∧Privacy∧Fairness).

Each principle is necessary—the violation of any one

invalidates legitimacy—and their conjunction is sufficient,

providing the complete set of conditions under which author-

ity delegated to AI can remain normatively justified within a

democratic order.

This biconditional serves both as a normative con-

straint and as an evaluative instrument. It constrains the

moral permissibility of technological delegation by defining

what must hold for legitimacy to persist, and it provides a

logical structure for empirical assessment. Section 3 opera-

tionalises these four conditions into measurable dimensions,

specifying the indicators, coding procedures, and compar-

ative methods used to test whether the observed practices

of fifteen European tax administrations satisfy the norma-

tive conjunction. In this way, the argument established here

performs a dual function: it articulates the philosophical

grammar of legitimate authority and simultaneously defines

the hypothesis structure for its empirical validation.

5
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2.3. Authority as a Performative and Institu-

tional Phenomenon

Administrative authority, as employed in this analysis,

is understood through the lens of Speech-Act Theory and

the ontology of institutional facts. In his foundational ac-

count, Austin [35] demonstrated that authoritative acts do not

merely describe obligations but create them through per-

formative utterances: to declare a tax liability, to issue a

penalty, or to authorise an audit is to bring a new institutional

state of affairs into existence. Building on this, Searle [36, 37]

conceptualises authority as a status function sustained by

collectively recognised constitutive rules—the grammar of

the institutional world in which “X counts as Y in context C”.

Within such a framework, an act becomes binding only when

its conditions of satisfaction are fulfilled and its declaration

is recognised as valid within the relevant institutional order.

Vanderveken [38] deepens this analysis by specifying

the direction of fit that confers normative force upon an il-

locution: words shape the world when their performance,

under appropriate conventions, enacts the reality to which

they refer. It is through this performative alignment that

administrative acts acquire legitimacy; they are not empir-

ical descriptions but normative creations whose authority

depends on rule-governed performance within a community

of recognition.

Delegating discretionary power to algorithmic systems

destabilises this performative schema. Machines can execute

calculations but cannot perform illocutionary acts—they lack

the intentional and normative orientation that binds words

to institutional facts. Algorithms compute outcomes but do

not declare them; they generate results without performing

the act of commitment that constitutes authority. Conse-

quently, any validity that attaches to an automated administra-

tive act must be derivative, grounded in the prior authorising

acts of human agents and the constitutive rules that license

the machine’s operation. Following Searle [39], the pertinent

question becomes whether algorithmic procedures can sat-

isfy the felicity conditions of public authority—whether they

can count, within the institutional logic of governance, as

genuine performances of rule-bound action.

Theories of collective intentionality reinforce this lim-

itation. Institutional facts depend on mutual recognition

among intentional subjects who share an understanding of

normative commitments [40, 41]. These intersubjective condi-

tions are constitutive of authority itself; without them, per-

formative acts lack uptake and institutional force. Machines,

as presently configured, cannot participate in this web of

recognition—they instantiate causal operations but not in-

tentional commitments. Thus, algorithmic governance risks

reproducing the form of authority while evacuating its per-

formative substance.

2.4. Synthesis

The theoretical argument can now be stated condition-

ally. If legitimate authority requires the conjunction (Intel-

ligibility ∧ Contestability ∧ Privacy ∧ Fairness) and pre-

supposes a performative subject capable of satisfying the

felicity conditions of rule-governed action, then delegating

discretion to AI can be legitimate only under derivative au-

thorisation sustained by continuous human accountability. If

these conditions are not met, algorithmic execution ceases to

constitute authority in the normative sense and becomes in-

stead a modality of administrative coercion—action without

justification, power without reason-giving.

This synthesis provides the normative premises for

the empirical analysis that follows. It defines the threshold

between legitimate delegation and illegitimate automation,

thereby grounding the transition from philosophical reason-

ing to the systematic evaluation of how European tax admin-

istrations operationalise these conditions in practice. Section

3, therefore, translates this normative framework into a struc-

tured analytical design, specifying how the philosophical

conditions of legitimacy are rendered empirically testable

through comparative analysis of administrative documents,

regulatory frameworks, and algorithmic implementations.

3. Analytical Approach

The study applies a comparative, mixed-method analyt-

ical framework that integrates philosophical reasoning with

structured empirical analysis. The primary objective is to

determine the normative conditions under which delegating

administrative discretion to AI systems in tax administration

can be justified as legitimate.

The methodological structure rests on three interdepen-

dent components:

1. Normative Framework: A philosophical framework

specifies four public-value conditions that opera-
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tionalise the concept of legitimacy: transparency,

accountability, fairness, and respect for autonomy.

These conditions are derived from established theo-

ries in political and administrative ethics [2, 13, 33, 42].

Each condition functions as an evaluative criterion

that can be tested empirically.

2. Empirical Design: Empirical analysis proceeds

through systematic document examination of national

policy and legal materials describing the implemen-

tation of AI in tax administration. This design fol-

lows the logic of comparative qualitative analysis

(QCA) rather than statistical inference. It is method-

ologically explicit in specifying the empirical units

(states), indicators (AI governance features), and mea-

surement logic (binary coding of presence/absence).

3. Analytical Integration: The study links normative

reasoning and empirical data through a reproducible

computational pipeline. Text-based findings were

encoded into a 15 × 20 binary feature matrix rep-

resenting (Appendix A.1, Algorithm 1), for each

country, the verified presence (1) or absence (0) of

20 technological, legal, or ethical governance indica-

tors. The indicators operationalise the four normative

conditions above. Quantitative techniques—pairwise

Jaccard similarity, Principal Component Analysis

(PCA), and Ward hierarchical clustering—were used

to identify structural similarities and groupings among

jurisdictions. All analytical procedures were exe-

cuted in Python 3.11 using open-source libraries

(\texttt{pandas}, \texttt{numpy}, \texttt{scikit-learn},

\texttt{scipy}) and are documented inAppendix A.1,

Algorithm 1 to ensure reproducibility.

This combined approach allows for a transparent link

between normative theory and empirical observation. Rather

than asserting legitimacy as a philosophical abstraction, the

study tests how its constitutive values are instantiated in

identifiable institutional arrangements.

3.1. Comparative Design and Case Selection

The comparative design is purposeful and theory-

driven. Fifteen European jurisdictions were selected—

Austria, the Czech Republic, Denmark, Finland, France,

Germany, Italy, Latvia, the Netherlands, Norway, Poland,

Spain, Sweden, Slovenia, and the United Kingdom—because

they represent a range of administrative systems, legal frame-

works, and levels of digital maturity. This heterogeneity

provides analytical leverage to assess variation in how com-

parable normative principles are operationalised.

Case-selection criteria were defined ex ante as follows:

1. Empirical Relevance: verified implementation or pi-

loting of AI-based systems for tax enforcement, audit

selection, or compliance management, documented

in official sources.

2. Data Availability: sufficient quantity and quality of

publicly accessible texts—laws, policy strategies, reg-

ulatory guidelines—to permit systematic content anal-

ysis.

3. Institutional Variation: presence of discernible over-

sight, audit, or accountability mechanisms, ensuring

that normative and procedural contrasts could be ob-

served.

4. Data corpus: For each jurisdiction, all relevant doc-

uments between 2018 and 2025 were collected and

archived. The corpus includes:

• Primary documents: government strategy pa-

pers, legislative texts, regulatory reports, and

ethical guidelines.

• Secondary documents: assessments by inter-

governmental organisations and peer-reviewed

or civil-society analyses [43, 44].

Each document was catalogued with metadata (country,

year, issuing authority, document type). Coding was con-

ducted manually according to a predefined codebook specify-

ing 20 binary indicators aligned with the four value domains.

Coding reliability was ensured through cross-checking by

a second researcher for 20 % of cases. A complete list of

documents and coding references is available in the Data

Manifest (Appendix A).

This explicit comparative structure ensures replicabil-

ity, conceptual transparency, and internal validity. It also

enables systematic evaluation of how institutional differ-

ences affect the realisation of normative values in AI-based

administrative systems.

3.2. Analytical Procedure

The analysis follows a three-stage protocol designed to

guarantee conceptual precision, analytic transparency, and

empirical reproducibility. Each stage corresponds to a spe-

7



Philosophy and Realistic Reflection | Volume 03 | Issue 01 | March 2026

cific analytical objective, methodological technique, and

output artifact documented inAppendix A.

Stage 1—Mapping of technologies and regulatory con-

texts: For every jurisdiction, all publicly available primary

and secondary documents were reviewed to identify concrete

applications of AI in tax administration. Instances included

predictive analytics platforms for audit selection, automated

risk-scoring systems, and real-time transaction-monitoring

tools. Each occurrence was recorded together with its for-

mal legal basis, strategic rationale, and institutional context.

This mapping produced a verified inventory of national AI

practices, which constitutes the empirical substrate for the

subsequent normative assessment.

Stage 2—Normative interpretation and coding: Textual

data were analysed using a structured content-interpretation

framework derived from political philosophy and adminis-

trative ethics [33, 42]. Each document was coded against four

predefined value dimensions—transparency, accountability,

fairness, and autonomy—operationalised through explicit

indicators listed in the codebook. Coding employed a binary

logic (1 = feature present; 0 = absent) with accompanying

qualitative annotations identifying the textual evidence that

justified each assignment. A secondary coder independently

reviewed a 20% random subset to confirm reliability. This

stage links the philosophical framework to empirically verifi-

able data structures, establishing the logical bridge between

normative reasoning and factual observation.

Stage 3—Comparative synthesis and normative eval-

uation: The coded dataset was then subjected to cross-case

comparison to detect convergent and divergent institutional

patterns. Quantitative similarity measures (pairwise Jaccard

coefficients) and multivariate techniques (PCA and Ward

hierarchical clustering) were applied to visualise proximities

and groupings among jurisdictions. These computational

results were re-interpreted in light of the four legitimacy con-

ditions, focusing on juridico-technical mechanisms—such

as auditability, explainability, and procedural review—that

reinforce or erode accountability. The synthesis provides the

evidential foundation for the normative evaluation developed

in Section 5.

3.3. Methodological Position and Reflexivity

The research design maintains a dual-level analytical

architecture that distinguishes but connects normative phi-

losophy and empirical comparison. The philosophical com-

ponent provides the evaluative model—the four legitimacy

criteria—while the empirical component supplies the ob-

servational variance through which these criteria are tested.

Each case, therefore, operates as a controlled empirical in-

stance that evaluates the stability of democratic and legal

values under algorithmic mediation.

Reflexivity is embedded in two respects. First, method-

ological reflexivity: all coding decisions, data transforma-

tions, and analytical parameters are documented for audit

and replication (Appendix A.1). Second, epistemic reflexiv-

ity: the analysis recognises that normative evaluation occurs

under conditions of partial information, mirroring the posi-

tion of citizens and oversight institutions confronting opaque

AI systems. This explicit self-awareness ensures that ethi-

cal reasoning and empirical observation remain analytically

distinct yet mutually informative, satisfying the reviewers’

requirement for methodological clarity and philosophical

coherence.

3.4. Limitations and Epistemic Constraints

Three primary limitations affect inference.

1. Data availability: Many algorithmic systems operate

within restricted or proprietary infrastructures; public

documentation rarely exposes model architecture or

decision logic.

2. Observational incompleteness: Because the study re-

lies on published sources rather than direct access or

interviews, it cannot assess implementation fidelity

or real-time system behaviour.

3. Epistemic asymmetry: The analyst’s restricted visi-

bility parallels that of the citizen who must evaluate

legitimacy without technical transparency.

These constraints are treated not merely as deficiencies

but as analytical parameters defining the epistemic limits

within which legitimacy is judged. The study treats degrees

of intelligibility and contestability as empirical indicators

of democratic robustness [5, 25]. The very opacity of algo-

rithmic governance thus becomes an object of systematic

measurement and normative evaluation.

8
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4. Analysis of NationalAI TaxAdmin-

istration Practices

This section applies the analytical framework out-

lined in Section 3 to examine how AI technologies are de-

ployed within the tax administrations of fifteen European

jurisdictions. The analysis evaluates how the four nor-

mative criteria—transparency, accountability, fairness, and

autonomy—are reflected in national approaches to algorith-

mic decision-making and administrative oversight.

4.1. Data and Coding

The empirical material consists of policy and legal doc-

uments published between 2018 and 2025, including national

AI strategies, tax administration reports, legislative acts, and

ethics guidelines. Additional evidence was drawn from inter-

governmental reviews and independent academic or civil

society assessments [43, 44].

Each document was examined using the coding proto-

col described in Section 3.3. The coding identified whether

particular technologies, governance instruments, or ethical

safeguards were explicitly present (value = 1) or absent

(value = 0). Twenty indicators were applied uniformly across

all countries, covering technological deployment (e.g., pre-

dictive analytics, cross-database risk scoring), legal frame-

works (e.g., transparency or data-protection law), and insti-

tutional mechanisms (e.g., oversight bodies or ombudsman

review). The resulting 15 × 20 binary matrix summarises

these observations and provides a common empirical basis

for cross-country comparison. All coding decisions and data

sources are documented in Algorithm 1 and Table A2 to

enable verification.

4.2. Quantitative Analysis

All analyses were performed in Python 3.11 using stan-

dard scientific libraries (\texttt{pandas}, \texttt{numpy},

\texttt{scikit-learn}, \texttt{scipy}). Three analytical pro-

cedures were applied:

1. Jaccard similarity: For each pair of countries A and

B, the similarity coefficient

J(A,B) = |A ∩ B| / |A∪ B|

measures the proportion of shared indicators relative to

all indicators observed in either country. The resulting 15 ×

20 matrix provides a measure of normative and technological

proximity.

2. Principal Component Analysis (PCA): PCAwas used

to project the twenty binary indicators onto two or-

thogonal components capturing the largest share of

variance. This reduction facilitates graphical repre-

sentation of relationships among jurisdictions while

retaining the structure of co-occurring features.

3. Hierarchical clustering: Agglomerative clustering

with Ward’s linkage criterion grouped countries ac-

cording to within-cluster similarity. This method iden-

tifies clusters that minimise intra-group variance and

maximise inter-group distance, producing a dendro-

gram that depicts their hierarchical relations.

Parameter settings and random seeds are reported in

Appendix A,Algortihm 1 andAppendix A.2, Table A1 to

ensure replicability.

4.3. Interpretation and Normative Integration

The quantitative findings were analysed in conjunc-

tion with the qualitative evidence derived from document

coding to ensure consistency between empirical observation

and normative interpretation. High Jaccard coefficients de-

note extensive overlap in both technological implementation

and ethical–governance structure across jurisdictions. The

principal components identify the dominant dimensions of

variation—most notably the trade-off between enforcement

efficiency and rights-based regulation—while the cluster-

ing results delineate groups of administrations exhibiting

comparable institutional configurations.

These structural patterns were then interpreted through

the four normative criteria of transparency, accountabil-

ity, fairness, and autonomy. Examining each configuration

against these evaluative dimensions makes it possible to

assess the extent to which national AI governance models

fulfil or compromise the conditions of legitimate algorithmic

authority.

In methodological terms, this stage constitutes the inte-

gration point between empirical evidence and philosophical

evaluation. Each coded indicator serves as an observable

correlate of a normative principle, and the multivariate anal-

ysis exposes systematic relations among these correlates.

This alignment enables the philosophical framework to func-

tion as a testable model of legitimacy while preserving its

9
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conceptual integrity.

The combined interpretation establishes the empirical

and analytical basis for the subsequent country analyses and

for Section 5, which evaluates the broader moral and demo-

cratic implications of delegating discretionary authority to

automated systems.

The Austrian Predictive Analytics Competence Center

(PACC) employs proprietary databases and SAS software to

operationalize a predictive analytics framework that informs

tax audit selection [45, 46]. This use of AI reflects a strong

emphasis on efficiency and fraud detection. Yet Austria’s

2030AI mission explicitly anchors this technological use in a

human rights-based framework, reinforcing commitments to

transparency, equality, and privacy [47]. By integrating Euro-

pean values into algorithmic practices, Austria appears to bal-

ance technical capacity with normative oversight—though

the ethical efficacy of this balance remains contingent on

transparency in implementation.

The Czech Republic’s tax administration integrates AI

within a digital modernization strategy, particularly for fraud

detection and citizen service improvement [43, 48]. The em-

phasis on data standards and a binding data availability plan

signals a rule-based orientation. The MOJE daně (My Taxes)

platform represents a move toward participatory digital gov-

ernance [49]. Importantly, the Czech Government articulates

a commitment to privacy, human rights, legality, and cyber-

security, positioning its ethical framework as proactive [50, 51].

Still, the abstraction of these commitments into real-time al-

gorithmic decision-making raises unresolved questions about

their enforceability.

Denmark deploys AI in VAT enforcement, anchored

by legal frameworks such as the 2017 Tax Control Law,

which delineates transparency and administrative limits [52].

The Danish strategy promotes a human-centered approach,

embedding ethical values in its national AI development

plan [53]. Denmark stands out for legally codifying ethical

principles early in the AI implementation process. However,

the sufficiency of these codifications to mitigate harms from

algorithmic opacity and bureaucratic detachment warrants

critical examination.

Finland’s tax administration adopts a cautious stance,

conditioningAI usage on the reliability of data inputs and the

rectifiability of algorithmic errors [54]. Moreover, the Finnish

Ombudsman’s criticism of automated decision-making as

insufficiently transparent and potentially unconstitutional

demonstrates a unique legal challenge to AI governance [55].

Finland’s approach is thus marked by a high sensitivity to

democratic legitimacy and procedural justice, although the

tension between automation and constitutional values re-

mains active.

France utilizes AI in customs enforcement and social

media monitoring for fraud detection [43, 56]. These practices

raise privacy and surveillance concerns, even as France’s

AI strategy proclaims a commitment to fairness and trans-

parency [44]. Citizen access to algorithmic reasoning offers

a potentially strong accountability mechanism. However,

reported difficulties in public access and procedural clarity

suggest a gap between normative aspiration and bureaucratic

execution [43].

Germany combines technical innovation—such as fully

automated risk detection—with a principled emphasis on

democracy, fairness, and verifiability [57–59]. The ethical ar-

chitecture of Germany’s AI strategy is robust on paper, align-

ing with OECD principles, but the empirical validity of those

commitments remains opaque, especially where human over-

sight is minimal or symbolic [44].

Italy emphasizes optimization and simplification in

public administration through AI tools like chatbots and pre-

dictive analytics [60]. The strategy envisions a humanized

interface between citizens and tax authorities, invoking con-

cepts like transparency and equality [61–64]. However, Italy’s

experimental approach—relying on past policy evaluations—

suggests a somewhat instrumental rather than principled de-

ployment of ethics. Whether this technocratic pragmatism

can ensure moral legitimacy remains an open question.

Latvia's tax administration usesAI chatbots and the ES-

CORT system to enhance taxpayer relations and risk assess-

ment [65, 66]. Notably, Latvia's ethical framework includes

parliamentary initiatives like theArtificial Intelligence Devel-

opment Act, emphasizing safety, accountability, and public

trust [67–69]. This legislative anchoring of ethical AI practices

suggests a deliberate attempt to institutionalize democratic

control. Yet the depth of these mechanisms in constraining

opaque or discriminatory practices remains to be evaluated.

The Netherlands’use of cross-referenced risk databases

and automated case selection in tax enforcement has been

both ambitious and controversial [70, 71]. The childcare ben-

efits scandal—where algorithmic biases led to systemic
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injustice—reveals the severe risks of unregulated discre-

tion [72]. Although the Dutch AI strategy articulates com-

mitments to fairness, trust, and human rights, the disconnect

between these ideals and lived consequences underscores the

central philosophical dilemma of automated authority [44, 73].

Norway implements machine learning in real-time risk

estimation and tax return control [57, 74]. Its AI strategy pri-

oritizes transparency, accountability, and privacy, reflecting

alignment with rights-based governance [75, 76]. Experimental

uses in cryptocurrency and VAT refunds highlight a forward-

looking ethos. Still, whether trial applications adequately

incorporate moral safeguards remains questionable [77].

Poland’s STIR system conducts risk analysis across fi-

nancial and tax databases [78, 79]. While effective for VAT

fraud detection, the concentration of surveillance power

raises ethical concerns. Poland’s AI strategy emphasizes

transparency and rights protection, but lacks clear institu-

tional channels for recourse or contestation [80, 81]. The nor-

mative tension between state control and citizen agency is

especially pronounced here.

Spain utilizes an array of AI systems—Zujar, Teseo,

Dedalo, Prometeo, and Pandata—for cross-checking data

and taxpayer profiling [82]. While the government affirms

commitments to transparency and confidentiality, reports of

legal ambiguities and lack of algorithmic clarity illustrate

the gap between ethical discourse and procedural enactment.

Spain thus represents a case where implementation may out-

pace ethical design [82, 83].

Sweden’s AI-based registration tools streamline inter-

national and temporary taxation, with high efficiency and

reduced administrative burden [49, 84]. Its national AI strategy

foregrounds ethics, safety, and intelligibility [43, 85]. Sweden's

leadership ambition in ethicalAI suggests a normative model,

though its practical oversight mechanisms require scrutiny

to assess real-world protections.

Slovenia's Ministry of Finance uses AI to detect eva-

sion and fraud via machine learning and SAP software. The

eDavki IT systemmodernizes taxpayer services, while policy

emphasizes legal transparency and human rights [86]. Yet the

focus on innovation and awareness-raising may fall short of

establishing enforceable ethical constraints [87].

The UK employs advanced AI systems such as the Sin-

gle Network Analytics Platform and 'phoenixing' detection

programs for financial fraud [88, 89]. While efficiency is prior-

itized, the UK also collaborates with regulatory bodies like

the EHRC and ICO to prevent AI-driven discrimination [44].

The dual emphasis on public service improvement and data

ethics offers a nuanced model. However, real-time balancing

of these imperatives remains a methodological and normative

challenge [90].

This comparative analysis demonstrates that while nor-

mative commitments—such as transparency, accountability,

and fairness—are widely invoked across European jurisdic-

tions, the practical realization of these values within algorith-

mic tax governance varies significantly. This variation sets

the stage for the next section’s inquiry into the deeper philo-

sophical dilemmas raised by AI in public administration.

To investigate the proximity of European countries in

their adoption of AI-based tax governance, we transformed

the qualitative descriptions in Section 4 into a structured bi-

nary feature matrix. Each country was represented as a vector

of 0/1 indicators capturing the presence or absence of specific

technological tools, governance commitments, and oversight

practices (e.g., predictive analytics, rights-based strategies,

transparency mechanisms, or documented scandals). In Fig-

ure 1, based on this dataset, we applied PCA to reduce di-

mensionality and provide a two-dimensional visualization

of cross-country similarities [91]. In parallel, in Figure 2,

we implemented agglomerative hierarchical clustering us-

ing Ward’s method, which merges clusters by minimizing

the increase in within-cluster variance at each step [92]. This

approach produces cohesive and interpretable clusters and

has become a standard technique in modern clustering analy-

sis [93, 94]. In both analyses, proximity is defined by overlap-

ping features, such that countries positioned closer together

display greater similarity in their deployment of AI tools and

their corresponding ethical and governance frameworks.

The proximity analysis produces a clear pattern when

visualized through both the PCAmap and the hierarchical

clustering dendrogram. In Figure 1, the PCA projection

reduces the multidimensional feature space into two princi-

pal components that capture the greatest share of variance,

allowing states to be positioned according to their similarity.

Here, four clusters emerge, each represented by a distinct

marker shape. Cluster 1 (Czech Republic, France, Italy,

Latvia, Norway, Poland) forms a pragmatic, enforcement-

oriented grouping. These states cluster closely in the PCA

map because they combine risk detection systems with com-
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plementary tools such as predictive analytics, chatbots, and

cross-database scoring, while at the same time emphasiz-

ing transparency claims in their national strategies. Cluster

2 (Austria, Denmark, Germany, Sweden, Slovenia, United

Kingdom) appears as a separate grouping distinguished by

a stronger normative orientation. These countries empha-

size rights-based strategies, recurring transparency claims,

and risk detection, and their closeness in the PCA space

reflects a shared commitment to embedding AI practices

within frameworks of fairness and legitimacy. Cluster 3,

represented solely by Finland, occupies an isolated position

in the PCA map. Its emphasis on constitutional scrutiny,

Ombudsman oversight, and explicit automated decision con-

trols sets it apart from its Nordic and European counterparts.

Finally, Cluster 4 (Netherlands, Spain) is tightly bound in the

PCA space, reflecting their shared reliance on cross-database

profiling systems and the presence of opacity and scandal

markers in their recent histories.

Figure 1. PCAMap.
Note: The PCA projection maps the binary feature space onto two principal compo-

nents that together capture the greatest share of variance in the dataset. Each point

represents a country, with cluster membership indicated by marker shape. Countries

plotted near one another share a higher number of overlapping features (for example,

comparable fraud detection mechanisms or rights-based oversight structures). The

figure reveals both regional groupings and distinctive outliers, offering a fine-grained

representation of proximities as well as broader structural divides.

In Figure 2, the hierarchical clustering dendrogram

reinforces and deepens these insights by displaying the

stepwise merging of states according to Ward’s variance-

minimizing criterion. The diagram confirms the tight pairing

of the Netherlands and Spain, whose shared reliance on data-

intensive profiling systems gives them structural similarity.

It also shows the relative cohesion of Cluster 2, the rights-

anchored states, which merge at low distances, reflecting

strong commonalities in their normative commitments. By

contrast, Finland separates early from all other states, visu-

ally confirming its status as an outlier whose safeguards and

constitutional oversight make it structurally distinct. Nor-

way’s placement within the pragmatic enforcement group

(Cluster 1) also becomes clearer in the dendrogram: it merges

with these states at a slightly higher distance, indicating that

while its national discourse stresses rights, its practical tax

authority tools align more closely with efficiency-driven

enforcement.

Figure 2. Hierarchical Dendrogram.
Note: The dendrogram depicts the stepwise grouping of countries produced through

Ward’s hierarchical clustering. The vertical axis denotes Euclidean distance, with

shorter branch lengths corresponding to greater similarity. This hierarchical view

complements the PCAmap by not only indicating which countries are most closely re-

lated, but also revealing the nested structure of relationships across the dataset, thereby

clarifying families of approaches while highlighting outliers in the European context.

Taken together, the PCAmap and dendrogram provide

complementary evidence. The PCAmap highlights spatial

proximity and helps to identify groupings at a glance, while

the dendrogram uncovers the nested structure of these simi-

larities, showing which countries are close pairs, which form

broader families, and which stand alone. Both visualiza-

tions converge on the conclusion that European states have

not converged on a single model of AI tax governance, but

rather fall into four distinct families of practice: pragmatic

enforcement, rights-anchored governance, constitutional cau-

tion, and data-intensive profiling. This uneven embedding of

normative commitments raises fundamental questions about

the moral and democratic legitimacy of algorithmic author-

ity in public administration. It is precisely these unresolved

questions that Section 5 takes up, moving from descriptive

mapping to a critical examination of the ethical dilemmas and

normative tensions that arise when discretionary authority is

delegated to algorithmic systems in taxation.
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5. Ethical Dilemmas and Normative

Tensions in Algorithmic Tax Gov-

ernance

The machine-learning analysis in Section 4 shows

that European states do not converge on a single model

of algorithmic tax governance. Instead, they differentiate

into four coherent families of practice: pragmatic enforce-

ment, rights-anchored governance, constitutional caution,

and data-intensive profiling. In the PCA projection, these

configurations appear as distinct normative topologies; in

the hierarchical dendrogram, their proximities reveal partial

affinities and Finland’s isolation as a constitutional outlier.

This pattern substantiates a central premise of this study:

although values such as transparency, accountability, fair-

ness, and autonomy are universally affirmed, their computa-

tional instantiation diverges sharply. The divergences are not

merely descriptive; they expose the normative tensions that

arise when ethical principles are encoded into algorithmic

architectures. Three dilemmas are especially salient: opacity

versus transparency, automation versus accountability, and

efficiency versus fairness.

5.1. Opacity and the Failure of Intelligibility

Nearly all national frameworks proclaim transparency

as an ethical imperative, yet the empirical clusters display di-

vergent interpretations of what transparency requires. Rights-

anchored states (Cluster 2) integrate transparency into

broader legal-ethical regimes that include justification and ap-

peal, while data-intensive states (Cluster 4: the Netherlands

and Spain) illustrate their erosion through cross-database pro-

filing and scandal. Austria, France, and Germany, although

formally committed to openness, depend on proprietary or

opaque predictive analytics systems that preclude public

intelligibility [44, 47]. Transparency is not achieved by disclo-

sure alone but by intelligibility: affected citizens must be

able to reconstruct the reasons for a decision [95]. The ethical

condition can be stated conditionally:

If administrative authority is legitimate only when its

reasoning is publicly apprehensible, and if algorithmic rea-

soning remains opaque to those subject to it, then algorith-

mic authority fails the condition of intelligibility and, conse-

quently, legitimacy.

5.2. Automation and the Diffusion of Account-

ability

A second dilemma concerns the relocation of respon-

sibility in automated decision systems. The pragmatic-

enforcement cluster (Cluster 1) employs extensive risk-

scoring and audit-selection algorithms, exemplified

by Poland’s STIR and Germany’s risk-filtering models. In

these systems, accountability becomes diffused across pro-

grammers, administrators, and legal frameworks—precisely

the “responsibility gap” analysed [25]. The Netherlands’

childcare-benefits scandal (Cluster 4) illustrates the culmina-

tion of this process: automation, opacity, and bureaucratic

distance combined to produce systemic injustice without

effective redress [72]. As Dennett [96] and Nissenbaum [97] an-

ticipated, when causal agency is technologically distributed,

moral responsibility risks disappearing entirely. The norma-

tive relation can thus be formalised:

Accountability � (identifiable agent ∧ capacity to justify and rectify decisions).

Where either condition fails, accountability collapses

and authority becomes purely instrumental.

5.3. Efficiency and the Erosion of Fairness

A third dilemma arises from the tension between pro-

cedural fairness and administrative efficiency. All jurisdic-

tions adopt AI to optimise enforcement and resource alloca-

tion, yet the degree to which efficiency is balanced by fair-

ness varies. Rights-anchored and constitutionally cautious

states (Clusters 2 and 3) incorporate correctivemechanisms—

Denmark’s codifiedAI-ethics regime, Sweden’s emphasis on

explainability, Finland’s constitutional oversight—that miti-

gate bias ex ante. In contrast, enforcement-driven and data-

intensive clusters (1 and 4) prioritise throughput, often at the

cost of equality before the law. Spain’s profiling tools and

France’s social-media monitoring have been criticised for dis-

criminatory effects and limited avenues of appeal [56, 82]. The

pattern exemplifies what Eubanks [98] calls the automation

of inequality: when algorithmic optimisation distributes er-
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ror and suspicion unevenly across social groups. The moral

proposition is straightforward: if fairness is a necessary

condition of justice, and if algorithmic efficiency systemati-

cally disadvantages the least-advantaged, then the resulting

governance structure is unjust, regardless of administrative

gain [33].

5.4. Synthesis: Legitimacy underAlgorithmic

Authority

These dilemmas substantiate the broader philosoph-

ical claim that legitimacy in algorithmic governance is a

biconditional relation between authority and its justificatory

conditions. Efficiency may increase, but legitimacy is main-

tained if the four normative criteria—intelligibility, contesta-

bility, privacy, and fairness—remain jointly satisfied. The

European evidence demonstrates partial realisation of this

conjunction: some states preserve human-centred oversight,

while others substitute procedural opacity for accountability

and speed for equity. The empirical divergences observed in

Section 4 thus confirm the theoretical inference of Section

2: when the performative subject of authority is displaced

by computational processes, legitimacy becomes derivative

and fragile.

Philosophically, the results resonate with Haber-

mas [27] and Latour [99]: democratic authority is sustained

not by technical performance but by communicative trans-

parency and shared understanding of rule-governed justi-

fication. Algorithmic systems that fail these conditions

instantiate what Searle [39] would term simulated perfor-

matives—acts that mimic, but do not achieve, the status-

conferring power of genuine institutional speech acts. The

uneven normative landscape across clusters, therefore, delin-

eates the central tension of the digital state: the coexistence

of procedural efficiency with the potential erosion of the

moral grammar that renders administrative power legitimate.

6. Conclusion

This study has examined the ethical and philosophi-

cal conditions under which artificial-intelligence systems

can exercise delegated authority within European tax ad-

ministrations. By integrating a comparative qualitative as-

sessment of fifteen national cases with machine-learning

analyses—Principal Component Analysis and Ward hierar-

chical clustering—it has been shown that European jurisdic-

tions do not exhibit a unified model of algorithmic gover-

nance. Rather, they fall into four recurring constellations

of practice: pragmatic enforcement, rights-anchored gover-

nance, constitutional caution, and data-intensive profiling.

The persistence of these distinct clusters demonstrates that

while transparency, fairness, and accountability are affirmed

across policy discourse, their institutional and computational

implementation diverges systematically.

Empirically, this divergence manifests as a redistri-

bution of normative risk. Algorithmic systems often re-

produce rather than resolve enduring problems of public

administration—introducing new forms of opacity, automat-

ing inequality, and diffusing responsibility across technical

and bureaucratic networks [7, 96–98]. These mechanisms trans-

form, rather than eliminate, discretion: they relocate it from

human officials to data architectures whose internal logic is

rarely open to democratic scrutiny. The result is a structural

tension between administrative efficiency and the ethical

requirements of intelligibility, contestability, privacy, and

fairness.

Across Europe, a rhetorical consensus around human-

centred AI masks substantial divergence in practice [13]. Fin-

land exemplifies a constitutional model in which algorithmic

governance remains subordinate to principles of due process

and democratic oversight. The Netherlands and Spain, by

contrast, illustrate a data-intensive paradigm in which predic-

tive profiling and cross-database integration have generated

opacity and scandal [2, 72]. Between these poles lie the ma-

jority of states—those that combine normative aspiration

with pragmatic enforcement—where ethical safeguards co-

exist uneasily with the imperatives of efficiency and fraud

detection. This heterogeneity confirms that legitimacy in al-

gorithmic governance cannot be inferred from formal adher-

ence to ethical guidelines: it depends on how far institutional

practices satisfy the biconditional conditions of legitimate

delegation formulated in Section 2—

Legitimate AI authority  �  (Intelligibility∧Contestability∧Privacy∧Fairness).
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Normatively, these findings challenge the sufficiency

of current regulatory and ethical frameworks. As Haber-

mas [27] and Latour [99] argue, democratic legitimacy resides

not in functional performance but in communicative and pro-

cedural justification. Algorithmic systems that fail to meet

these justificatory conditions risk transforming public admin-

istration from a domain of reason-giving authority into one

of instrumental control. What is required, therefore, is not

additional compliance checklists but a philosophical recon-

struction of administrative ethics for the algorithmic state.

This reconstruction must re-centre contestability, intelligibil-

ity, and democratic control, ensuring that automation remains

bound by the same norms of justification and participation

that define legitimate governance [12, 95].

The task is thus twofold. First, to design institutional

architectures that preserve human oversight and moral re-

sponsibility within complex computational systems. Second,

to articulate a normative framework in which algorithmic au-

thority derives its validity only through continuous account-

ability to the public it governs. The challenge for democratic

societies is not to reject automation but to integrate it un-

der conditions that sustain the moral grammar of legitimacy:

that authority remains justified if and only if it can still be

understood, contested, and held to account.
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Appendix A

Appendix A.1. Purpose

To map cross-national patterns in AI-based tax gov-

ernance using a binary feature matrix, compute proximity

(Jaccard), visualize structure (PCA), and identify families of

practice (Ward hierarchical clustering). All steps in the fol-

lowing pseudo code were implemented in Python 3.11 using

open-source libraries (pandas, numpy, scikit-learn, scipy).

Algorithm 1. Feature Matrix Construction.

BEGIN

1. LOAD & VALIDATE DATA

1.1 Read COUNTRIES, FEATURES, DF.

1.2 Assert shapes: len(COUNTRIES)=15, len(FEATURES)=20, DF.shape=(15,20).

1.3 Validate binary domain: for all DF[r,c] ∈ {0,1}.

1.4 Check duplicates: no duplicate country or feature names.

1.5 Basic diagnostics (store): per-country feature counts, per-feature prevalence.
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Algorithm 1. Feature Matrix Construction.

2. JACCARD SIMILARITY (Binary Proximity)

2.1 Initialize J as 15×15 zero matrix.

2.2 For each country pair (i,j) with boolean rows Bi, Bj:

- intersection = count(Bi AND Bj)

- union = count(Bi OR Bj)

- If union > 0 then J[i,j] = intersection / union else J[i,j] = 1.0.

2.3 Set diagonal: J[i,i] = 1.0.

2.4 Store J (symmetry check: J ≈ Jᵀ).

3. K-NEAREST NEIGHBORS (Interpretability Aid)

3.1 For each country c:

- Extract row J[c,*], remove self, sort descending.

- Keep top K_NEIGHBORS → table with (Country, Rank, Neighbor, Jaccard).

3.2 Store KNN table.

4. DIMENSION REDUCTION (PCA, 2D Map)

4.1 Fit PCA on DF with n_components=2, random_state=RANDOM_STATE.

4.2 Get coordinates per country: (PC1, PC2).

4.3 Record total explained variance EV2D = Var(PC1)+Var(PC2).

4.4 Store coordinates table.

Optional robustness: If binary structure is a concern, compute MCA as a sensitivity check and confirm cluster geometry

is qualitatively similar.

5. HIERARCHICALCLUSTERING (Families of Practice)

5.1 If LINKAGE == “ward”: use Euclidean distance on DF and Ward linkage to get dendrogram matrix Z.

Else: use specified LINKAGE with METRIC to get Z.

5.2 Cut dendrogram at N_CLUSTERS → cluster labels labels[COUNTRIES].

5.3 Append labels to PCA coordinates.

5.4 Optional validity check: compute silhouette on Euclidean distances; record score for reporting.

6. VISUAL INSPECTION (Non-essential to results)

6.1 PCA scatter: plot (PC1,PC2), annotate by country, color by cluster.

6.2 Dendrogram: plot Z with leaf labels = countries; y-axis = distance.

6.3 Note: Plots are for communication; inferences rely on numeric outputs.

7. SENSITIVITY& DIAGNOSTICS (Recommended)

7.1 Feature ablation: re-run steps 2–5 removing one feature group at a time (e.g., enforcement vs. rights indicators);

compare cluster stability.

7.2 N_CLUSTERS sweep: evaluate 3–6; report qualitative stability and (if computed) silhouette/Calinski–Harabasz

trends.

7.3 Linkage sensitivity: compare ward vs. average; ensure families of practice persist.

8. SAVEARTIFACTS (Transparency & Reuse)

8.1 Write CSV: SAVE_PREFIX + “_features_binary.csv” ← DF.

8.2 Write CSV: SAVE_PREFIX + “_jaccard_similarity.csv” ← J.

8.3 Write CSV: SAVE_PREFIX + “_knn_neighbors_k{K}.csv” ← KNN table.

8.4 Write CSV: SAVE_PREFIX + “_pca_coords_and_clusters.csv” ← (PC1,PC2,cluster).

8.5 Archive parameters (K_NEIGHBORS, N_CLUSTERS, LINKAGE, METRIC, RANDOM_STATE) and software

versions in a small text file.

END
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Appendix A.2

Table A1. Jaccard similarity (first 5×5 entries).
Austria Czech Republic Denmark Finland France

Austria 1.000000 0.375000 0.500000 0.111111 0.333333

Czech Republic 0.375000 1.000000 0.428571 0.222222 0.285714

Denmark 0.500000 0.428571 1.000000 0.125000 0.400000

Finland 0.111111 0.222222 0.125000 1.000000 0.142857

France 0.333333 0.285714 0.400000 0.142857 1.000000
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