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Preliminary Remarks

Executive summary 

This white paper conducts a systematic inquiry into the 
philosophical foundations of AI certification, that is, into the 
basic assumptions of the institutionalised endeavour to assess 

AI applications as ethically good or bad. It identifies and 
examines two paradigms of AI governance: the dominant 
principles paradigm and the alternative systems paradigm. By 
clarifying and problematising the foundational assumptions 
of both paradigms, the white paper elucidates their 
respective strengths and weakness. The principles paradigm 
provides an administratively legible, legally predictable, and 
standardised framework for product-level auditing. 
However, it encounters significant challenges regarding 
underdetermination, value arbitration, narrow artefact 
boundaries, and ethics washing. The systems paradigm 
approaches AI applications in a manner that aims to 
capture these as embedded in complex ecological, social, 
and economic systems with inherent standards of good 
functioning. In turn, it faces significant hurdles concerning 
system unboundedness, data opacity, normative projection, 
and temporal bottlenecks. Ultimately, by explicating the 
implicit assumptions and limitations of both paradigms, the 
white paper aims to deepen our understanding of AI 
certification as a complex governance practice, and to 
provide foundational insights for future research, standard-
setting, and policymaking in this field. 

Structure of white paper 

The white paper is divided into four chapters. Chapter 1 
introduces the societal and regulatory landscape of AI 
certification, the notion of inquiring into its foundational 
assumptions, and the two paradigms of AI certification. 
Chapter 2 elaborates and critically evaluates the dominant 
principles paradigm of AI governance. The chapter is 

divided into five sections that spell out and problematise 
the general idea (sec. 2.1) and the four basic assumptions 
of the paradigm: the formulation (sec. 2.2), translation (sec. 
2.3), arbitration (sec. 2.4), and isolation assumptions (sec. 
2.5). Chapter 3 provides a similar treatment of the systems 
paradigm of AI governance. This chapter is also divided into 
five sections that clarify and problematise the general idea 
of systemic AI certification (sec. 3.1) and the paradigm’s 
four basic assumptions: the holism (sec. 3.2), mapping (sec. 
3.3), diagnosis (sec. 3.4), and evaluation assumptions (sec. 
3.5). Finally, chapter 4 concludes by reflecting on and 
synthesising the findings about the two paradigms, and by 
indicating future directions for research, standard-setting, 
and policymaking in AI governance. 

Context 

This publication is the final white paper produced within 
the philosophical sub-project of the KI.NRW flagship 
project Certified AI, funded by the Ministry of Economic 
Affairs, Industry, Climate Action and Energy of the German 
State of North Rhine-Westphalia, and based at the Center 
for Science and Thought at the University of Bonn, from 
2021 to 2026. It builds directly upon the foundational 
research presented in the preceding white papers of the 
project: “Trustworthy Use of Artificial Intelligence”,1 
“Catalog of General Ethical Requirements for AI 
Certification”,2 and “Catalog of Field-Specific Ethical 
Requirements for AI Certification”.3 Having taken over the 
direction of the philosophical sub-project from Nicholas 
Kluge Corrêa and Julia Maria Mönig in April 2026, I have 
dedicated this final white paper to a critical meta-reflection 
on the preceding philosophical work of the project, as well 
as on the broader field of AI ethics and certification. 

 

 

 
1 Cremers et al. 2019 
2 Corrêa and Mönig 2024. See also Corrêa and Mönig 2026b 
3 Corrêa and Mönig 2026a 



Introduction 

 4 

1  Introduction 

Artificial intelligence (AI) has transitioned from speculative 
science fiction into a ubiquitous feature of our daily lives. 
Driven by rapid breakthroughs in deep learning and the 
proliferation of large-scale foundation models, AI 
applications are now deeply embedded in many critical 
social domains. They influence high-stakes outcomes such 
as clinical diagnostics in healthcare,4 risk assessment in 
criminal justice,5 recruitment and worker management in 
human resources,6 creditworthiness evaluation in financial 
services,7 and performance of students.8 Given their 
profound impacts on social relations, individual lives, as well 
as the environment, AI applications raise pressing concerns 
regarding how to progress technologically while remaining 
true to our core ethical values. 
 To address these challenges, society has turned to AI 
certification: the institutionalised endeavour to assess 
whether AI applications live up to a set of standards for 
lawful and ethical use. In essence, AI certification represents 
the institutionalisation of AI ethics. It is the institutionalised 
endeavour to systematically distinguish between good and 
bad, ethical and unethical AI applications.9 This endeavour is 
currently being pursued by national, transnational, and 
international bodies alike. Foremost among these is the 
EU’s Artificial Intelligence Act (2024), which establishes an 
overarching, risk-based framework for conformity 
assessment and certification. Similar standard-setting and 
governance initiatives have been advanced globally, 
including the IEEE’s Ethically Aligned Design (2019), the 
OECD’s AI Principles (2019/2024) and Tools for Trustworthy 

AI (2021), UNESCO’s Recommendation on the Ethics of 

Artificial Intelligence (2021), and the WHO’s Ethics and 

Governance of Artificial Intelligence for Health (2021). On a 
more local scale, the KI.NRW-flagship project Certified AI, 
funded by the German State of North Rhine-Westphalia, 
exemplifies this institutionalised, transdisciplinary 
endeavour to develop concrete audit catalogues.10  

 
4 Ashraf et al. 2025; Bajwa et al. 2021; Fahim et al. 2025 
5 Farber 2026; McGregor Richmond and Primeau 2026; Zuhair et al. 2026 
6 Madanchian et al. 2023; Nguyen et al. 2026; Pranavi et al. 2026; Úbeda-García et al. 2025 
7 Ayari et al. 2026; Genovesi et al. 2024; Goyal et al. 2025 
8 Adewale et al. 2024; Dong et al. 2025; Vieriu and Petrea 2025 
9 Brogle et al. 2025; Corrêa and Mönig 2026b; Cremers et al. 2019; Genovesi and Mönig 2022 
10 See Cremers et al. 2019; Corrêa and Mönig 2024; Corrêa and Mönig 2026a; Corrêa and Mönig 2026b 

 When we ask about the philosophical foundations of AI 
certification, we are asking about the basic assumptions of 
this institutionalised endeavour to assess AI applications as 
ethically good or bad. In other words, we are asking about 
the basic assumptions that enable us to systematically 
identify, categorise, and regulate AI applications in terms of 
ethical goodness or badness. The aim of this white paper is 
to explicate these foundations of the two major paradigms 
of AI certification: 

Principles paradigm: This is the dominant paradigm in 
AI ethics and certification. According to this paradigm, 
ethical governance of AI applications is conceived as a 
process of formulating a set of abstract ethical principles 
(such as ‘fairness’, ‘privacy’, and ‘autonomy’) and 
subsequently translating them into technical criteria 
against which AI applications can be assessed in practice. 

Systems paradigm: This is an alternative paradigm, 
inspired by recent developments in AI ethics, social 
philosophy, philosophy of technology, and complex 
systems theory. It shifts the focus of evaluation from 
isolated technological artefacts to the broader eco-
socio-economic systems in which they are embedded. 
Instead of applying abstract principles in a top-down 
manner, it seeks to evaluate the impact of AI 
applications on the functioning of these systems in light 
of concrete standards already operative in them. 

By clarifying and problematising the basic assumptions 
underlying these two paradigms, the white paper seeks to 
elucidate the philosophical foundations of the institutional 
endeavour of AI certification. The aim is to uncover the 
deep commitments, but also the weak points of this 
endeavour that political and economic actors may seek to 
exploit, thereby contributing to the development of more 
robust, just, and sustainable AI governance frameworks.
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2  The Dominant Paradigm: Principles 

2.1 The General Idea and How It Became 

Dominant 

At its core, the principles paradigm conceives of the ethical 
governance of technologies as a top-down, translational 
procedure.11 The general idea is straightforward: a multi-
stakeholder body, academic cohort, or regulatory authority 
first formulates a set of abstract ethical principles or values, 
such as ‘fairness’, ‘privacy’, and ‘accountability’. These 
principles, often functioning initially as non-binding ‘soft law’ 
or voluntary guidelines,12 are then unpacked into concrete 
technical criteria in audit catalogues. Finally, there is the 
auditing procedure itself, where an AI application is 
assessed against the standardised requirements, and if it 
conforms, it is awarded an ethical certification. 
 This principles-based understanding of the governance 
of technologies is the dominant paradigm in AI ethics and 
certification today. Crucially, it rests on four fundamental 
assumptions: 

Formulation assumption: the general ethical principles 
can be readily formulated. 

Translation assumption: the ethical principles can be 
successfully translated into technical criteria for assessing 
AI applications in practice. 

Arbitration assumption: conflicts between ethical 
principles can be rationally arbitrated. 

Isolation assumption: an AI application can be ethically 
assessed in relative isolation from the broader 
ecological, social, and economic system as part of which 
it is developed and deployed. 

 Before turning to spell out and problematise these basic 
assumptions in more detail, it is worth noting that the 
dominance of the principles paradigm is not a neutral result 

 
11 Bolte et al. 2022; Corrêa et al. 2024; Max 2026. See also the various contributions in Floridi 2021 
12 OECD 2019/2024; Shuju and Aifen 2023; UNESCO 2021; Waelen 2022 
13 See Harris and Dubljević 2025. See also Coeckelbergh 2020 
14 Floridi and Cowls 2019; Harris and Dubljević 2025; Mittelstadt 2019; Waelen 2022 
15 Beauchamp and Childress 2019 
16 See for instance Floridi and Cowls 2019 
17 Sætra and Rogerson 2026; Vinuesa et al. 2020. See also the contributions in Mazzi and Floridi 2023 
18 Larsson 2021; Max 2026 

or an historical accident. Rather, its rise is a consequence 
of powerful philosophical, political, and economic factors: 

a) Philosophical factors: The principles paradigm 
aligns seamlessly with the dominant Anglo-American 
tradition of analytic philosophy, which, in the practical 
domain, is overwhelmingly concerned with formulating, 
systematising, and balancing normative principles.13 
Furthermore, AI ethics did not emerge in a vacuum, but 
rather directly inherited key commitments of pre-existing 
domains of applied ethics, most notably bioethics.14 The 
highly influential pluralistic principlism developed by 
Beauchamp and Childress––which organises moral 
reasoning around four prima facie principles: ‘autonomy’, 
‘beneficence’, ‘non-maleficence’, and ‘justice’––served as 
the direct blueprint for much of AI ethics.15 Consequently, 
there is a large conceptual overlap between the principles 
of bioethics and the core requirements of ethical AI.16 

b) Political factors: For policymakers and state 
regulatory institutions, the principles paradigm presents an 
attractive governance framework. Rapid technological 
breakthroughs often generate profound epistemic and 
social side effects that outpace the structural timelines of 
traditional lawmaking.17 In this context of regulatory lag, a 
principled approach offers policymakers and regulators a 
way to react quickly and, at least on paper, effectively to 
the challenges of AI proliferation.18 It offers both a 
vocabulary for making visible, politically defensible 
commitments to regulating AI applications in the name of 
established ethical values, and clearly implementable 
standards that can easily integrate into existing auditing 
frameworks. 

c) Economic factors: Private corporations and AI 
developers have also embraced the principled approach 
with enthusiasm. Because ethical principles are formulated 
in broad, abstract terms, they deliver standards that are 
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highly flexible.19 This abstract nature works remarkably well 
within a capitalist market economy.20 It allows companies 
to publicly commit to ‘trustworthy AI’ to cultivate brand 
reputation and gain consumer trust, while retaining 
maximum operational flexibility. Furthermore, the 
paradigm synergises well with a liberal political order: 
standardising ethics into flexible benchmarks permits 
market-led innovation to proceed rapidly, allowing 
businesses to treat ethical compliance as a competitive 
advantage rather than an obstacle. 

In sum, the philosophical lineage of Anglo-American 
analytic philosophy and applied ethics, the political demand 
for immediate regulatory tools, and the economic 
incentives of corporate self-regulation have converged to 
make the principled approach the dominant paradigm in AI 
governance today. 

_______________________________________ 

2.2 Formulation Assumption 

2.2.1 Principle Convergence and Variance 

The first basic assumption of the principles paradigm is that 
the general ethical principles by means of which to assess 
AI applications can be readily formulated. On the face of it, 
this assumption seems entirely warrented. When reviewing 
the global landscape of AI ethics, we see a widespread 
tendency of convergence upon a set of core ethical 
principles. Meta-analyses of global guidelines show that 
various private, corporate, state, and intergovernmental 
bodies repeatedly endorse a relatively uniform set of 
principles.21 Again, this convergence is not a historical 
coincidence. Rather, it represents a conscious, multi-
stakeholder endeavour to unify the normative vocabulary 
needed to assess and regulate AI applications, known as 
the standardisation of AI ethics.22 
 The core principles of ethical AI are almost always 
modelled to correspond to, or at least include, the classical 
four principles of bioethics: ‘autonomy’, ‘non-maleficence’, 

 
19 Crawford 2021; Ong and Findlay 2023 
20 Brevini 2023; Crawford 2021; Dauvergne 2020; Orru 2026 
21 Fjeld et al. 2020; Jobin et al. 2019; Corrêa et al. 2023 
22 See Corrêa and Mönig 2026b; Lewis et al. 2020 
23 Beauchamp and Childress 2019 
24 See Hagendorff 2020; Jobin et al. (2019); Corrêa et al. (2023); Corrêa and Mönig 2024 
25 Max 2026; Mittelstadt 2019 

‘beneficence’, and ‘justice’.23 This structural parallel is 
explicitly reflected in several prominent AI governance 
frameworks, such as Floridi and Cowls’ unified framework 
(2019), the EU’s Ethics Guidelines for Trustworthy AI (2019), 
UNESCO’s Recommendation on the Ethics of Artificial 

Intelligence (2021), Microsoft’s Responsible AI Standard 
(2022), and Corrêa and Mönig’s Catalog of General Ethical 

Requirements for AI Certification (2024). Synthesising and 
simplifying this sprawling landscape of governance 
frameworks, we find that twelve principles of ethical AI 
applications are most frequently proposed in the literature: 

Autonomy Accountability Robustness 

Non-maleficence Safety Sustainability 

Beneficence Fairness Transparency 

Justice Privacy Truthfulness 

 Despite this general convergence, there is still a 
considerable variance in the principles proposed in the 
various catalogues presented by researchers, inter- and 
non-governmental organisations, and corporations. While 
certain principles like ‘non-maleficence’ and ‘transparency’ 
are almost universally cited, others such as ‘sustainability’ 
and ‘truthfulness’ are significantly underrepresented, and 
others still only occur in singular catalogues, like ‘awareness 
and literacy’ in UNESCO’s Recommendation.24 
Furthermore, there is a considerable variance in how (some 
of) these principles are defined, a variance, so one may 
suspect, that masks deep, unresolved normative differences 
over what is actually required for an AI application to count 
as fair or sustainable.25 
 This persistent variance in both the catalogues and 
definitions of ethical AI principles raises a fundamental 
problem for the principled approach to AI ethics: how do 
we arbitrate between these different catalogues and 
definitions? That is, how do we decide which principles are 
to be included among the requirements of ethical AI 
applications, and how are we to define them? To establish 
an ethically and legally sound certification scheme, we must 
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be able to justify why we have included certain principles 
in our catalogue and why not others. However, this 
presupposes that we possess a reliable method for 
correctly formulating these principles, a methodological 
hurdle that sits at the very heart of the principles paradigm. 

2.2.2 Method of Stakeholder-Informed Reflective 

Equilibrium 

A striking feature of AI ethics is the relative silence about 
its own methodological foundations. While hundreds of 
policy guidelines, corporate charters, and international 
recommendations confidently put forward lists of ethical AI 
principles, they rarely mention, let alone explicate, the 
method(s) used to formulate these principles. It is often 
treated as a self-evident fact that these are indeed the 
correct ethical principles to govern AI technologies. 
However, if the principled approach to AI certification is to 
be a robust, legally and philosophically defensible 
enterprise, its practitioners must be following some 
method for formulating the principles of ethical AI use in a 
reliable and justifiable manner.  
 Upon closer examination, it becomes clear that 
practitioners operating within the principles paradigm tend 
to use a form of the method of reflective equilibrium that is 
informed by stakeholder deliberation procedures.26 Reflective 
equilibrium is the dominant method in moral and political 
philosophy in the Anglo-American analytic tradition. It was 
first articulated by John Rawls in A Theory of Justice 
(1971/1999), with subsequent proponents declaring it to 
be “the only rational game in town for the moral theorist” 
and “the only defensible method”.27 The method takes the 
form of a process of mutual adjustment of particular beliefs 

and general principles in light of relevant theories and 
empirical evidence. We begin with our “considered 
judgements” or well-informed, non-distorted beliefs about 
specific cases, for example, the belief that racially biased 
sentencing algorithms are unjust, or the belief that 
unreliable chat bots are harmful. We then attempt to 

 
26 This at least seems to be the most charitable interpretation of the method presupposed in the literature reviewed in this white paper. For more on the 
notion of ‘charitable interpretation’, see Davidson 2001, ch. 2; ch. 9; ch. 13; Gauker 1986. 
27 DePaul 1993, p. 6; Scanlon 2003, p. 149 
28 For more on the method of reflective equilibrium, see Cath 2016; Rawls 1999, pp. 42-45; Rawls 2003, pp. 29-32; Scanlon 2003; Scanlon 2014, pp. 69-104; 
Schmidt 2024 
29 Corrêa and Mönig 2026a; Genovesi and Mönig 2022; Genovesi et al. 2024; Marcoccia 2026; Mensch et al. 2026; Redin and Ames 2026 
30 Bolte et al. 2022; Floridi and Cowls 2019; Genovesi and Mönig 2022; Kindylidi and Cabral 2021 
31 EU AI HLEG 2019 

formulate general principles that can accommodate, 
explain, and extend these specific beliefs, ideally done by 
reflecting on a wide range of theories and arguments. 
Crucially, this process is dynamic and iterative: if a general 
principle we formulate conflicts with a deeply held belief, 
or if a specific belief clashes with our principles, we do not 
simply discard one or the other. Instead, we work back and 
forth, revising principles and beliefs until we reach a state 
of equilibrium in which they agree with each other.28 
 What is distinctive of the application of reflective 
equilibrium in the context of AI ethics is that it begins, not 
so much from individually held beliefs, but rather from the 
results of stakeholder deliberations.29 To arrive at the 
correct ethical principles of AI applications requires input 
from multiple stakeholders, including software engineers, 
corporate representatives, academic researchers, legal 
experts, and civil society groups. Through structured 
deliberative processes, such as workshops and public 
consultations, these diverse actors articulate well-informed 
beliefs about the concrete benefits, burdens, risks, and 
opportunities associated with the deployment of AI 
applications. It is based on these beliefs that ethicists may 
then set out to formulate a set of principles of ethical AI.  
 A paradigmatic example of this method of stakeholder-
informed reflective equilibrium is the European 
Commission’s High-Level Expert Group on Artificial 
Intelligence (AI HLEG).30 The AI HLEG convened 52 
stakeholders from across industry, academia, and civil 
society to engage in an extensive social and ethical dialogue. 
On the basis of the well-informed, yet multifarous and 
divergent, beliefs articulated during this stakeholder 
deliberation, ethicists subsequently set out to formulate 
general principles through the aforementioned process of 
mutual adjustment towards equilibrium. The HLEG thus 
combined concrete stakeholder experience and general 
ethical expertise to formulate its widely cited seven key 
requirements for ethical AI.31 
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2.2.3 Three Worries 

Although the method of stakeholder-informed reflective 
equilibrium is operationally convenient and rationally 
justifiable, it faces at least three serious worries:  

1) Mere rationalisation: Because reflective equilibrium 
sets out to bring pre-existing beliefs into agreement with 
subsequently formulated principles, it can easily degenerate 
into a conservative exercise of self-justification. Rather than 
discovering objective standards of ethical AI applications, 
the method risks merely rationalising the contingent, 
historically situated beliefs that the participating 
stakeholders already hold.32  

2) Empty agreement: Since stakeholders often have 
strongly divergent political, social, and economic interests, 
the search for an equilibrium pushes ethicists to formulate 
the principles in very general and rather vague terms. 
Terms like ‘accountability’ or ‘fairness’ tend to be “thick in 
status, thin in content”,33 functioning as mere “applause 
lights”34 that signify tenuous political compromises rather 
than genuine ethical insights. We thus risk ending up with 
conceptually indeterminate, ‘toothless’ principles that do 
not specify what would count as a failure of fulfilment, and 
which are compatible with mutually exclusive technical 
practices.35 

3) Regulatory capture and ethics washing: Under the 
guise of democratically inclusive deliberation and social 
involvement, powerful political and economic actors may 
capture the process of standard-setting.36 They may 
strategically pre-empt, weaken, or delay enforceable 
legislative regulations. At the same time, they may utilise 
the vaguely formulated principles by embracing them as a 
form of ethics washing or reputational management.37 

In sum, while the method of stakeholder-informed 
reflective equilibrium successfully generates a widely 
accepted and rationally justified vocabulary for AI 
certification, it does so at a cost: it risks obscuring deep 
normative conflicts, preserving the socio-economic status 

 
32 See Cath 2016; Scanlon 2003 
33 Lee 2010; Bolte et al. 2022 
34 Max 2026, p. 2 
35 Max 2026; Mittelstadt 2019; Munn 2023 
36 Mensch et al. 2026; Pasetti 2026 
37 Dauvergne 2020; Redin and Ames 2026; Stilgoe 2019 
38 Cath 2016; Scanlon 2003 
39 Maclure and Morin-Martel 2024 
40 Corrêa et al. 2025b; Taddeo and Floridi 2018; Zhou and Chen 2023. See also the contributions in Hoffman and Bansal 2025 

quo, and leaving the most vulnerable stakeholders 
dependent on the self-regulatory goodwill of the very 
corporations whose power they would seek to constrain. 
 That being said, there are response strategies available 
to the proponents of the principles paradigm. In response 
to the first worry, they may emphasise that a properly 
conducted reflective equilibrium does not uncritically 
accept the pre-existing beliefs of stakeholders. Rather, it 
subjects them to continuous, iterative scrutiny by testing 
them against competing theories, empirical evidence, and 
counter-examples, thereby preventing the methodology 
from collapsing into mere conservative self-justification.38 In 
response to the second and the third worry, proponents 
may point out that the ethical principles were never 
intended as either ‘done and dusted’ standards of concrete 
AI applications or as a substitute for concrete legislation 
and regulation. Rather, they are meant to serve as a shared 
normative vocabulary that can subsequently be specified 
into concrete, auditable criteria through standardised 
translational frameworks and be anchored in legislation 
with enforceable compliance measures.39 

_______________________________________ 

2.3 Translation Assumption 

2.3.1 The Principle-Practice Gap 

The second basic assumption of the principles paradigm is 
that, once formulated, the general principles can be 
successfully translated into technical criteria for determining 
the ethical goodness or badness of AI applications in 
practice. In contrast to the task of principle formulation, the 
task of translation is explicitly recognised in the literature as 
a serious challenge, known as the principle-practice gap.40 
The gap refers to the disparity between, on the one hand, 
the general ethical principles formulated in abstract, 
humanistic, and qualitative terms in requirement 
catalogues, and on the other hand, the practical 
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implementation of these principles in machine learning 
models that are trained on quantitative data sets using 
statistical objectives and mathematical parameters. Bridging 
this gap is the challenge of translating the general ethical 
principles into technical criteria for successful practical 
implementation.41  
 Although a number of translational frameworks have 
been proposed in recent years, there is a disconcerting 
tendency for the difficult task of actually translating 
principles into good practices to be “kicked down the road 
like the proverbial can”.42 The translation task is often left 
to the software developers, who are given little to no 
guidance on how to actually implement the general 
principles. What makes this tendency so disconcerting is 
the fact that, unlike other areas of ethical concern such as 
medical practice, AI development lacks a professional 
history, shared norms, fiduciary duties towards the public, 
and robust accountability mechanisms. In other words, the 
field of AI development lacks the professional background 
or culture that, in other fields, helps practitioners in 
responsibly translating general ethical principles into 
practice.43 As a consequence, developers may translate and 
implement the same principles, not only in incompatible 
ways, but also in ways that prioritise efficiency and profit at 
the expense of the values actually intended by the 
requirement catalogues.44 

2.3.2 Frameworks of Principle-To-Practice 

Translation 

The principles paradigm of AI certification thus requires a 
robust framework for translating general principles into 
technical criteria for assessing AI applications in practice. 
Without such a framework, the translation assumption is at 
best tenuous. Responding to this need, researchers, 
corporations, and NGOs alike have set out to develop and 
propose translational frameworks. Indeed, proposing such 
frameworks has become a rather active field of academic 
research, standard-setting, and corporate strategy, with a 
growing number of frameworks now available. These 
include: 

 
41 Corrêa and Mönig 2024; Corrêa et al. 2025a. See also Barøe 2014 
42 Mittelstadt 2019, p. 3 
43 Mittelstadt 2019; Munn 2023 
44 Corrêa et al. 2025a; Griffin et al. 2025 
45 Corrêa and Mönig 2024; Corrêa et al. 2025b; OECD 2021. See also Corrêa 2026; Ramachandran 2026 

Translational Ethics, proposed by Taddeo and Floridi 
(2018) 

People + AI Guidebook, proposed by Google’s 
multidisciplinary People + AI Research team (2019) 

Ethics Framework, proposed by Digital Catapult (2021) 

Ethics as a Service (EaaS), proposed by Morley et al. 
(2021) 

Tools for Trustworthy AI, proposed by OECD (2021) 

Trustworthy Artificial Intelligence Implementation 
(TAII), proposed by Baker-Brunnbauer (2021) 

Responsible AI Standard, proposed by Microsoft 
(2022) 

VCIO Framework (standing for Values, Criteria, 
Indicators, and Observables), proposed by the AI Ethics 
Impact Group (2020) and Peylo et al. (2022) 

Ethical Problem Solving (EPS), proposed by Corrêa et 
al. (2025b) 

Tripartite Ethical Policy Framework, proposed by 
Nakano (2026) 

 These frameworks vary considerably with respect to 
both the general principles to be translated and the specific 
means proposed to translate the former in practice. Yet 
they all share a common understanding of the principle-
practice gap as, at bottom, an engineering problem: 
translating general principles into technical criteria for 
practical assessment, and thereby ensuring that AI 
applications are ethical, is simply a technical challenge that 
requires the right ‘toolbox’.45 The shared core objective of 
these otherwise divergent frameworks is to present 
practitioners with such a toolbox to replace unreliable ad 
hoc translations with standardised and trustworthy 
translation procedures. Though the specific tools proposed 
by each framework vary, the toolboxes typically include: 
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a) Foresight and auditing tools: Worksheets, impact 
assessment surveys, and qualitative troubleshooting 
questionnaires designed to map out risks prior to and 
during development. 

b) Procedural gates and checklists: Iterative design-
thinking exercises, stakeholder engagement matrices, and 
model documentation templates (such as model cards or 
data sheets) to ensure that compliance is actively recorded 
across product life cycles. 

c) Technical diagnostics: Code repositories, bias-
detection toolkits, and software-level intervention methods 
aimed at validating and correcting mathematical or 
algorithmic anomalies (such as model drift, opacity, or 
disparate impact). 

By presenting practitioners with such standardised 
toolboxes, the translational frameworks are meant to guard 
the work towards creating ethical AI applications from 
unreliable and skewed translations of the ethical principles, 
and to turn this work into a standardised and reliable 
engineering practice. 

2.3.3 Four Worries 

For the principled approach to AI certification, the most 
pressing task is the development of a robust framework for 
translating general ethical principles into technical criteria 
for successful practical implementation. However, this 
effort faces at least four serious worries:  

1) Framework shopping: The proliferation of 
divergent translational frameworks mirrors and intensifies 
the familiar problem of divergent requirement catalogues. 
Just as the early waves of AI ethics produced a ‘market for 
principles’,46 where stakeholders could ‘shop’ for the most 
politically or reputationally convenient ones, the 
contemporary landscape runs the risk of degenerating into 
a similar ‘market for translations’. The unregulated 
development of differing translation frameworks allows 
political and economic actors to selectively adopt 
whichever one is least disruptive to their interests, thereby 

 
46 Floridi 2019 
47 Max 2026; Mittelstadt 2019 
48 Mittelstadt 2019, p. 3 
49 Genovesi et al. 2024 
50 Max 2026; Mittelstadt 2019 
51 Crawford 2021; Kong and Chang 2026; Mittelstadt 2019 
52 Bolte et al. 2022; Bolte and van Wynsberghe 2024; 
53 Crawford 2021 

enabling a sophisticated form of ethics washing under the 
guise of rigorous assessment. 

2) Underdetermination of successful translation: It is 
underdetermined what actually counts as a successful 
translation.47 Ethical principles are “essentially contested 
concepts” without a single, universally agreed-upon 
definition.48 Consequently, it is possible to provide multiple, 
internally coherent, but mutually incompatible translations 
of the same principle. For example, in translating ‘fairness’, 
one developer might translate it into ‘demographic parity’ 
(which prioritises equal group outcomes), another into 
‘equalised odds’ (which prioritises equal predictive 
accuracy). Both are internally coherent translations of 
fairness, yet they are mathematically incompatible.49 

3) Normative displacement: A closely related worry 
is that the translation frameworks shift the site of 
judgement about ethically good or bad AI applications into 
normatively loaded micro-decisions about measurement 
thresholds, baseline data selection, and acceptable risk 
parameters.50 To enable practitioners to perform 
standardised translations, the frameworks must presuppose 
a host of normative background assumptions about what 
qualitative, ethical terms actually amount to in quantitative, 
technical ones. These background assumptions, in turn, 
become hardcoded into the AI applications by the 
practitioners, shielded from public contestation in virtue of 
being implicit in the apparently neutral tools of the 
framework.51 

4) Limited toolbox mentality: A more general worry 
is that the underlying conception of ethical issues of AI 
applications as mere engineering problems fails to 
appreciate the complex and systemic character of these 
issues.52 Utilising statistical fairness metrics to adjust 
algorithmic weights does nothing to dismantle the 
structural and historical roots of social inequality that are 
imprinted in the data.53 Similarly, calculating a model’s 
carbon footprint via tracking softwares like CodeCarbon is 
superficial, since it fails to account for the human and 
ecological costs of raw material extraction, premature 
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hardware obsolescence, and the global distribution of 
electronic waste.54 By framing complex social, economic, 
and ecological problems as discrete technical ones, the 
‘toolbox mentality’ neglects the systemic character of tech-
driven harm. 

In sum, the translational frameworks proposed to make 
good on the translation assumption are far from 
uncontentious. Though the frameworks may successfully 
provide reliable and technically feasible guidelines for 
briding the principle-practice gap, they do so based on a 
host of normative background assumptions that 
surreptitiously shape the criteria of ethical AI applications, 
as well as the reduction of complex social, economic, and 
ecological problems to discrete technical ones. By reducing 
normativity to optimisation, the translational frameworks 
risk serving to disguise contested ethical-political issues as 
indisputable technical necessities.55 
 Once again, there are response strategies available to 
the proponents of the principles paradigm. In response to 
the first worry, they may emphasise that ‘framework 
shopping’ is being pre-empted, at least partially, through 
international standards such as ISO/IEC 42001 and 
regulatory frameworks like the EU’s AI Act.56 In response to 
the second worry, proponents may point out that what 
counts as a successful translation is context-dependent, 
meaning that the normative choice among mathematically 
incompatible translations of ethical principles will become 
clearly settled in the context of a specific domain, such as 
healthcare, law, or social media.57 In response to the third 
worry, proponents may simply deny that standardised 
translational frameworks covertly hide normative 
background assumptions behind apparently neutral 
technical tools. They may point out that the frameworks 
explicitly mandate multi-stakeholder deliberation and ethics 
boards to ensure that baseline data selection, 
measurement thresholds, and risk parameters remain 
transparent, auditable, and subject to continuous expert 
and public contestation.58 Finally, in response to the fourth 
worry, proponents may simply deny that the ‘toolbox 

 
54 Van Wynsberghe 2021 
55 See Feenberg 1999; Feenberg 2017 
56 EU 2024; ISO 2023 
57 Corrêa and Mönig 2026a; Brogle et al. 2025. See also sec. 2.4.2 
58 See Corrêa et al. 2025b 
59 See Corrêa et al. 2025b; Falk et al. 2026 
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mentality’ is limited or problematic. They may instead 
emphasise this mentality as a virtue, one that makes the 
approach open to incorporating tools such as Life-Cycle 
Assessment (LCA) (see sec. 3.4) into the certification 
scheme in order to take the broader environmental, social, 
and economic impact of AI applications into account.59 

_______________________________________ 

2.4 Arbitration Assumption 

2.4.1 Value Monism and Value Pluralism  

The third basic assumption of the principles paradigm is 
that conflicts arising between ethical principles can be 
rationally arbitrated. In other words, when ethical values 
conflict in specific AI applications, there is a reliable way of 
resolving the conflicts by determining which principles 
should restrict or override others. To properly understand 
this assumption, we must briefly take a step back and see 
it against the background of the meta-ethical discussion on 
value monism and value pluralism:60  

Value monism is the view that there is a single, ultimate 
ethical value or principle––such as ‘utility’ in utilitarianism 
or the ‘categorical imperative’ in Kantian deontology––
to which all other ethical values can be reduced. On a 
monistic view, ethical arbitration is theoretically 

straightforward: when values appear to conflict, they can 
be reduced to the master value, thereby allowing a 
single correct decision procedure to resolve the conflict. 

Value pluralism is the view that there are multiple, often 
incommensurable values––such as ‘autonomy’, ‘justice’, 
and ‘well-being’––that cannot be reduced to any other 
value. According to pluralism, conflicts between values 
are not so easily resolved, since satisfying one value often 
requires sacrificing or compromising another. 
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 The historical trajectory of AI ethics is that of a field 
which used to be dominated by monistic theories, but 
which underwent a structural shift towards pluralism.61 In 
the early decades of the field, most theories were value 
monistic, including notably Asimov’s fictional ‘three laws of 
robotics’ (1950), Wiener’s consequence-sensitive welfare 
framework (1988), and Maner’s utilitarian computer ethics 
(1999). Over time, as AI applications transitioned from 
speculative fiction to actual technologies, the field 
underwent a decisive turn towards pluralism. Key 
milestones in this trajectory include: Beauchamp and 
Childress’ pluralistic principlism (1979/2019), which 
profoundly shaped modern AI ethics; Moor’s just 
consequentialism (1995; 2006), which combines 
deontological constraints of justice and rights with 
consequentialist calculations; and Dubljević and Racine’s 
Agent-Deed-Consequence (ADC) model (2014), which 
integrates virtue ethics, deontology, and consequentialism 
to evaluate character, rules, and outcomes.  
 Today, value pluralism is undisputedly the dominant 
view in AI ethics and certification. Virtually every major AI 
governance framework presents a catalogue of multiple 
irreducible ethical principles.62 However, by subscribing to 
value pluralism, these frameworks all recognise, at least 
implicitly, that the principles they put forth can, and 
routinely do, come into conflict with one another.63 Which 
raises the crucial question: how do we arbitrate in cases 
where principles conflict with each other? Consider for 
instance conversational AI companions designed to 
alleviate loneliness, where optimising for beneficence 
through simulated affective reciprocity risks creating a form 
of structural deception that directly compromises the user’s 
autonomy and dignity. Similarly, consider a clinical AI 
recommendation system that may suggest an aggressive, 
high-risk drug dosage to maximise therapeutic beneficence, 
thereby coming into direct conflict with strict non-
maleficence parameters and the patient’s right to 
autonomous informed consent. To pretend that such 

 
61 The following overview of the historical trajectory of AI ethics is based on Harris and Dubljevic 2025 
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63 Corrêa and Mönig 2024; Corrêa and Mönig 2026a; Cremers et al. 2019. See also D’Acquisto 2020 
64 Max 2026, p. 2 
65 See EU 2024; Floridi and Cowls 2019; Floridi et al. 2021; UNESCO 2021; WHO 2021 
66 Beuchamp and Childress 2019 
67 Clouser and Gert 1990 
68 Mittelstedt 2019. See also Corrêa et al. 2025a; Griffin et al. 2025 
69 See for instance IEEE 2019 

conflicts will resolve themselves, or that all the principles 
can somehow be equally respected afterall, is to invite the 
illusion of a “moral free lunch”, namely, that all of the ethical 
principles can be simultaneously maximised without any 
costs or trade-offs.64 If it is not to invite this illusion, or to 
leave the task of conflict resolution to the unguided ad hoc 
discretion of downstream software developers, a pluralistic 
principled approach to AI certification is obligated to 
provide a reliable method of arbitration in case of conflicts 
between principles. 

2.4.2 Proposals for Principle Conflict Arbitration 

However, when faced with the issue of conflicts between 
principles, proponents of the principles paradigm tend to 
resort to a series of vague proposals that fail to provide a 
reliable method of arbitration: 

a) The balancing metaphor: A common response in 
the literature is that conflicting principles must be ‘balanced’ 
against one another.65 This response, directly inherited 
from bioethical principlism, treats principles as prima 

facie duties that are ethically binding unless they conflict 
with an equal or weightier duty.66 Yet, as Clouser and Gert 
famously argue in their critique of principlism, simply listing 
principles and instructing auditors to ‘balance’ them offers 
no systematic method for doing so.67 In practice, the 
balancing metaphor functions as a rhetorical blank check: 
we are offered a checklist of values, but no objective 
weighing procedure. Downstream developers and auditors 
are left to rely on their own potentially inconsistent ad hoc 
judgements when deciding which principle must yield 
under which circumstances.68 

b) Hierarchies and constraints: Another response is 
to establish rigid lexical hierarchies or constraints, where 
certain principles, such as ‘autonomy’ or ‘safety’, are treated 
as inviolable, and thus cannot be overridden by calculations 
of utility or ‘beneficience’.69 This proposal is exemplified by 
Moor’s “just consequentialism” and Gros et al.’s 
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“augmented utilitarianism”, where a set of deontological 
constraints function as initial screening conditions.70 
However, establishing a universally accepted hierarchy of 
principles has proven to be not only highly contentious, but 
in practice politically impossible.71 A hierarchy of principles 
or context-insensitive constraints risks introducing a level 
of rigidity into the framework that prevents it from 
accommodating situations where, for example, a minor 
infraction of one principle could prevent a major loss of 
aggregate welfare. 

c) Methodological contextualism: The most 
defensible view found in the academic literature and among 
the available AI governance frameworks seems to be a 
form of methodological contextualism. This view assumes 
that the relative weights of the different principles, and the 
specific trade-offs allowed in any given scenario, are 
contextually determined by the facts of a specific AI 
application.72 A good example of this method in action is 
Mönig and Corrêa’s Catalogue of Field-Specific Ethical 

Requirements for AI Certification, which systematically 
outlines how overarching principles should be weighted 
and which trade-offs are permissible in specific fields like 
arts, law enforcement, and social media.73 The strength of 
such a contextual approach lies in its flexibility and 
sensitivity to domain-specific risks and duties. However, a 
contextualist approach also runs the risk of simply 
delegating the hard task of actual arbitration downstream. 
By asserting that weights and trade-offs are contextually 
determined, principled approaches avoid making difficult 
normative commitments at the framework level, once again 
effectively ‘kicking the can down the road’.74 

In sum, the varied proposals for principle conflict arbitration 
reveal that the principles paradigm suffers from a persistent 
problem of “underdetermination with respect to 
conflict”.75 General ethical principles do not come with 
clear rules of priority, and the catalogues of these principles 
typically do not offer such priority rules or general ways of 
arbitrating conflicts among the principles. The closest thing 
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to a reliable method of arbitration that the principled 
approach has to offer seems to be a localised, 
contextualised application of the same method of 
stakeholder-informed reflective equilibrium that is used to 
formulate the ethical principles in the first place. In practice, 
this means that the task of resolving difficult ethical and 
political trade-offs is left to consensus-seeking deliberations 
in localised development settings. Because these local 
compromises are unconstrained by clear, systematic 
arbitration procedures, they remain highly 
underdetermined and, as such, prone to capture by political 
and economic actors that seek to further their own 
strategic and commercial interests. 

_______________________________________ 

2.5 Isolation Assumption 

2.5.1 Individual Artefact as Unit of Assessment 

The fourth basic assumption of the principles paradigm is 
that an AI application can be ethically assessed in relative 
isolation from the broader ecological, social, and economic 
system as part of which it is developed and deployed. On 
the principled approach, the basic unit of ethical assessment 
is the AI application viewed as an individual artefact. The AI 
application is approached as a discrete, self-contained, and 
static entity whose ethically relevant characteristics can be 
identified relatively independently of the broader 
ecological, social, and economic contexts of its 
development and use.76 In other words, the ethical profile 
of the technology is taken to reside within the boundaries 
of the individual model or software application itself, and 
thus to have nothing to do with the material and social 
infrastructures upon which it relies. 
 Consequently, ensuring the ethical goodness of AI 
applications is viewed primarily as an engineering problem: a 
technical challenge of reining in the ‘sharp edges’ of a given 
model by optimising its technical parameters, adjusting 
algorithmic weights, and securing safe data inputs.77 All of 
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these interventions, so the idea goes, can be successfully 
performed on individual AI applications in the relative 
vacuum of programmer workshops and development 
laboratories. By extension, ethical auditing and certification 
procedures are designed to evaluate compliance on a case-
by-case or application-by-application basis. If an individual 
AI application can be validated for domain-specific 
technical criteria for accountability, fairness, robustness, and 
so on, it is deemed ethically compliant and awarded a 
stamp of approval.78 

2.5.2 Two Worries 

The assumption that an individual AI application can be 
ethically assessed and certified in relative isolation from its 
broader social, economic, and ecological context is beset 
by serious worries. Two worries in particular deserve to be 
emphasised: 

1) Blind to cumulative macro-impacts: By focusing 
exclusively on the design and performance of isolated AI 
applications, the principled approach is blind to cumulative 
macro-impacts.79 An individual machine learning model can 
be optimised to be highly efficient in a local setting, yet 
when such models are deployed at scale across society, 
they trigger macro-level changes that may counteract local 
benefits. An example of this problem is the so-called 
rebound effect, where incremental gains in algorithmic or 
hardware efficiency lower the cost of computation and 
expand its accessibility, which in turn drives up the 
aggregate demand for data centres, model training, and 
continuous scaling, thereby accelerating the sector’s overall 
environmental footprint.80 Because the principled approach 
restricts its focus to individual, isolated artefacts, it neglects 
such macro-level dynamics. It evaluates the ‘trees’ of 
immediate software performance, while failing to see the 
‘forest’ of an expanding, resource-intensive planetary 
infrastructure.81 

2) Concealing environmental and human costs: By 
viewing the individual AI application as the basic unit of 
assessment, the principled approach tends to conceal the 
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human and environmental costs of these technologies. 
Despite what metaphors like ‘the cloud’ and ‘virtual 
assistants’ might suggest, AI is not an ethereal, disembodied 
phenomenon.82 Rather, it depends on physical data centres, 
mineral extraction, global supply chains, toxic waste 
disposal, and cheap labour, all on a massive scale. For 
example, the production of specialised GPUs and batteries 
requires the extraction of rare-earth elements, lithium, and 
cobalt, which takes place under conditions that often 
involve slavery-like labour, soil pollution, and severe water 
depletion in local communities.83 Another example is how 
the development of AI systems relies on a massive, highly 
precarious, and underpaid workforce of data annotators.84 
By taking the individual AI application as its basic unit of 
assessment, the principled approach is able to treat such 
facts as ‘externalities’ that are divorced from the ethical 
profile of the application itself. Consequently, an AI 
application that relies on ethically problematic 
infrastructures may still become certified as a ‘trustworthy 
AI’, as long as it conforms to the narrow technical criteria 
spelled out in a given certification scheme. 

In sum, the isolation assumption is a deeply problematic 
assumption. By viewing individual AI applications in 
abstraction from their social, economic, and ecological 
contexts, principles-based certification schemes risk 
concealing systemic harms and thereby helping to insulate 
corporate power from critique. Assessing AI applications in 
isolation allows developers and standard-setting bodies to 
award stamps of ethical compliance to applications that are, 
in virtue of the material and social infrastructures on which 
they rely, deeply unjust and unsustainable. 
 However, there are ways for the proponents of the 
principles paradigm to respond to these worries and 
defend the isolation assumption. In response to the first 
worry, proponents may argue that certification is 
fundamentally a product-level conformity mechanism 
designed to hold specific developers and deployers 
accountable for issues within their direct operational 
control. Macro-level dynamics reflect broad socio-
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economic trends that cannot be governed through 
individual product testing alone. Hence, rather than 
overburdening individual product audits, these macro-
impacts are more effectively addressed through 
overarching legislative frameworks such as the EU’s Green 

Deal. In response to the second worry, proponents may 
contend that taking the individual AI application as the unit 
of assessment does not require treating supply-chain 
harms, mineral extraction, or precarious data labour as 

mere ‘externalities’. In fact, contemporary AI certification 
schemes increasingly integrate life-cycle metrics, supply-
chain tracking, and social labour audits into their 
compliance requirements.85 In this way, AI certification can 
enforce transparency about, and accountability for, 
systemic issues without sacrificing the advantages of clearly 
defined audit boundaries. 
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3  An Alternative Paradigm: Systems 

3.1 The General Idea of Systemic AI 

Certification 

In recent years, the dominant principles paradigm in AI 
ethics has increasingly been challenged by what may be 
called the systems paradigm. This paradigm is being 
promoted particularly by researchers in Sustainable AI86 
and critical AI studies,87 and it is inspired by recent 
developments in social philosophy,88 philosophy of 
technology,89 and complex systems theory.90 It shifts the 
focus of assessment from AI applications viewed as isolated 
artefacts to the complex social, economic, and ecological 
systems in which they are embedded. And instead of 
applying abstract principles in a top-down manner, it 
evaluates the impact of AI applications on the functioning 
of these systems in light of concrete standards already 
operative in them. As such, the systems paradigm 
constitutes a direct response to the perceived 
shortcomings of the principles paradigm. 
 Despite the growing prominence of the systems 
paradigm in both foundational and interdisciplinary 
research, there are no full-fledged systemic certification 
schemes yet available. The vast majority of current 
certification frameworks remain firmly anchored in the 
principles paradigm. Nevertheless, given that the systems 
paradigm is a serious alternative to the dominant principled 
approach in the field of AI ethics, and given that AI 
certification is essentially an institutionalised version of AI 
ethics, it is worth exploring and articulating the basic 
assumptions of a systemic approach to AI certification. 
 The systems paradigm is based on the idea that AI 
applications must always be viewed in relation to the 
complex social, economic, and ecological systems in which 
they are embedded.91 These systems are understood, not 
as normatively neutral substrates, but rather as historically 
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emergent, normatively constituted contexts of processes 
and practices, governed by implicit norms of good 
functioning.92 Accordingly, the ethical assessment of an AI 
application focuses, not on its conformity to a predefined 
set of ethical principles, but rather on its impact on or 
contribution to the functioning of the complex system in 
which it is embedded. This assessment procedure begins 
with mapping the relevant system and explicating its implicit 
norms.93 The auditors then diagnose the AI application’s 
concrete impacts on the system, tracing how its life cycle 
interacts with, reproduces, modifies, or transforms the 
system, assessing not only direct technical inputs and 
outputs, but also indirect, cumulative, and long-term 
effects.94 On this basis, an AI application may be certified 
only if it can be systemically justified, that is, if its socio-
technical and material life cycle contributes positively to, or 
at least does not actively undermine, the well-functioning 
of the complex system of which it forms a part. 
 Like the principles paradigm, the systems paradigm 
relies on significant basic assumptions. Specifically, any 
future systemic AI certification scheme must operate with 
the following four foundational assumptions: 

Holism assumption: an AI application is only ethically 
assessable relative to the complex social, economic, and 
ecological system in which it is structurally embedded. 

Mapping assumption: the complex system within which 
an AI application is embedded can be mapped. 

Diagnosis assumption: the impact of an AI application 
on the complex system can be reliably diagnosed. 

Evaluation assumption: an AI application’s systemic 
impact can be reliably evaluated in light of the complex 
system’s implicit norms. 
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 Before turning to elaborate and problematise these 
basic assumptions, it is worth noting a further respect in 
which the systems paradigm would change the nature of AI 
certification. Under the principles paradigm, a certificate is 
typically awarded as a one-off stamp of approval, treating 
an AI application as a finished product that consumers can 
henceforth trust. However, because complex systems are 
inherently dynamic, a systemic approach to AI certification 
would regard such one-off audits as structurally inadequate. 
Instead, certification would have to take the form of a 
continuous, dynamic process involving periodic inspections 
throughout an AI application’s entire life cycle. This model 
can be compared to the health and safety inspection 
schemes applied to restaurants. A restaurant is not certified 
as safe once and for all when its kitchen is built. Rather, it 
must pass regular, unannounced inspections by public 
health authorities, who audit its day-to-day practices, supply 
chains, and hygiene standards under real-world operating 
conditions. Similarly, systemic AI certification would require 
continuous monitoring of the impacts of an AI application 
on the complex social, economic, and environmental 
system of which it forms a part. If an inspection were to 
reveal that a previously certified AI application had 
generated unforeseen distortions or systemic harms, its 
certificate could be suspended, prompting repeated calls 
for technical modifications or broader structural changes to 
the system itself. 

_______________________________________ 

3.2 Holism Assumption 

3.2.1 Complex System as Unit of Assessment 

The first basic assumption of the systems paradigm is that 
an AI application is only ethically assessable relative to the 
complex social, economic, and ecological system in which 
it is structurally embedded. In contrast to the principles 
paradigm, the systems paradigm emphasises that the 
development and operation of AI applications inevitably 
rely on a vast, global infrastructure of material and social 
processes. On the material level, training and running 
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contemporary AI applications require large-scale extraction 
of metals and rare-earth minerals, energy-intensive data 
centres, substantial water withdrawals for thermal cooling, 
and the eventual disposal of toxic electronic waste.95 On 
the social level, AI applications rely on global pipelines of 
precarious human labour, including the ‘ghost labour’ of 
crowdsourced data annotators, data scrapers, and content 
moderators.96 All such structural dependencies, so the 
systemic idea, are just as integral to the ethical profile of an 
AI application as its algorithmic logic or statistical 
performance.  
 Accordingly, the systems paradigm takes the basic unit 
of ethical assessment to be, not the individual AI 
application, but rather the complex system of ecological, 

social, and economic processes in which it is embedded. 
These systems are understood as dynamic orders of human 
and non-human co-existence, encompassing the structured 
interactions of manifold and diverse elements, including 
organisms and natural environments, individuals and 
groups, social instutitons and technologies. The complex 
systems are analysed into three interconnected spheres:97 

Ecological sphere: encompassing organisms, eco-
systems, climate cycles, and raw material flows. 

Social sphere: encompassing human communities, social 
practices and institutions, labour relations, cultural 
orientations, and structures of social cohesion. 

Economic sphere: encompassing processes of 
commodity production, resource allocation, and market 
exchange. 

That being said, in real-world cases, these three spheres are 
tightly interwoven and continuously interact. When an AI 
application is introduced as a new commodity in the 
economic sphere, it draws on raw materials and energy 
from the ecological sphere and affects labour practices and 
power asymmetries in the social sphere. Accordingly, to 
ethically assess an AI application requires us to evaluate the 
impacts of its entire life cycle across all three spheres, which 
is to say, on the complex system as a whole. 
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3.2.2 Implicit Normativity of Complex Systems 

A key feature of the systems paradigm’s conception of 
complex systems is that these are not neutral or value-free 
substrates that provide the resources needed to develop 
and deploy AI technologies. Rather, complex eco-socio-
economic systems are normatively constituted.98 The idea is 
this: we understand a given system—whether an education 
system, an ecosystem, or a labour market—not merely by 
listing its various elements, but by observing how the 
system functions as an organised whole. Specifically, we 
look at what purpose(s) the interactions of a system’s 
elements serve. For example, the goings-on of an education 
system serve the purpose of cultivating human social and 
cognitive capacities; those of an ecosystem serve the 
purpose of preserving the biospheric carrying capacity that 
supports present and future life; and those of a labour 
market serve the purpose of securing the dignified 
livelihood of individuals and productive economic 
cooperation. Crucially, there is no neutral or value-free 
ways of achieving these purposes, only better or worse 
ones. That is to say, the goings-on of a system are governed 
by implicit norms of what counts as good functioning. To 
return to the examples, teacher-pupil interactions are 
governed by implicit norms of critical inquiry, pedagogical 
care, and open dialogue; ecosystem interactions are 
governed by norms of ecological integrity, biophysical 
resilience, and regenerative balance; and labour market 
interactions are governed by norms of fair compensation 
and non-exploitative cooperation. We can only properly 
understand the interactions of a system’s elements, and by 
extension the system as a whole, with reference to such 
constitutive standards of good functioning or “ethical-
functional norms”.99 
 This recognition of implicit yet concrete norms already 
operative in the very systems we seek to assess marks a 
fundamental departure from the principles paradigm. 
Whereas the principles paradigm seeks to govern AI 
applications by imposing general ethical principles from the 
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outside, the systems paradigm recognises that context-
specific norms of good functioning are always already 

operative within the host systems themselves. Although 
these norms can only be properly specified in relation to 
actual, concrete systems, we may roughly specify the kinds 
of norms that govern the three aforementioned spheres: 

Ecological sphere: governed by norms of ecological 
integrity, biophysical resilience, and planetary 
boundaries.100 

Social sphere: governed by norms of social cohesion, 
human dignity, equity, and democratic self-
determination.101 

Economic sphere: governed by norms of sustainable 
resource allocation, fair distribution, and non-
exploitative labour.102 

The crucial point is that these norms do not constitute an 
external checklist along the lines of the familiar catalogues 
of minimal requirements. Rather, they are internal to the 
very ways in which the different spheres function and in 
which their elements interact with each other.103 They are 
the norms that make a complex system what it is, namely, 
a system with a specific (set of) purpose(s) that it purports 
to achieve well. 
 Accordingly, on a systemic approach, an AI application 
can only be ethically assessed as an integral part of a 
complex system. This is so, not only because the AI 
application is embedded in and depends upon the broader 
ecological, social, and economic infrastructure, but also 
because it is the complex system itself that supplies the very 
standards or norms in terms of which the AI application 
must be evaluated. An AI application cannot be ethically 
assessed on its own as an isolated artefact, because its 
ethical profil depends entirely on whether its socio-
technical life cycle supports and enhances, or disrupts and 
degrades, the well-functioning and long-term viability of the 
overarching system of which it forms a part. 
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3.2.3 Advantage and Two Worries 

By shifting the focus from isolated artefacts to complex 
eco-socio-economic systems as the basic unit of 
assessment, the systems paradigm directly responds to and 
seeks to overcome the two worries raised against the 
principles paradigm’s isolation assumption. By expanding 
the analytical horizon beyond individual artefacts to the 
complex systems in which they are embedded, the holism 
assumption enables a systemic approach, firstly, to capture 
the cumulative macro-impacts of the development and 
deployment of AI applications. Secondly, the holism 
assumption enables a systemic approach to make explicit 
the vast supply chains, and thereby the great environmental 
and social costs, involved in the development and 
deployment of AI applications.104 
 Despite this advantage, taking complex systems as the 
basic unit of assessment invites two serious worries:  

1) Incompatible with certification: The first worry is 
that complex eco-socio-economic systems are simply too 
vast, too dynamic, and thus too poorly bounded to be 
subjected to certification. Traditional certification regimes 
rely on clear boundaries, standardised testing 
environments, and static compliance thresholds applied to 
discrete products before market entry. If the unit of 
assessment encompasses planetary extraction networks, 
fluctuating energy grids, and evolving social practices, the 
audit boundary, so the worry goes, appears to expand 
infinitely, rendering certification practically impossible. 

2) Ontologically spooky: Another, more theoretical 
worry is that complex systems are ontologically spooky or 
strange.105 Talking about complex systems as the basic unit 
of assessment seems to suggest that they are a special class 
of normatively constituted macro entities existing over and 
above the individual elements of which they consist. Yet, 
unlike its elements, such macro entities lack clear empirical 
boundaries and are therefore difficult to study. To treat 
complex systems as real and, indeed, normatively 
constituted entities, so the worry goes, would be to impose 
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an artificial unity on what is merely an ad hoc collection of 
discrete physical objects and human choices.  

We shall return to the first worry again below (see sec. 
3.3.3). At present, it will suffice to note that this worry 
seems to rest on the false premise that certification must 
take the form of a one-time, static, pre-deployment stamp 
of approval, which is far from the case. Consider for 
example health and safety certification of restaurants or the 
environmental impact certification of companies. 
 As for the second worry, proponents of the systems 
paradigm can point out that the existence of macro entities, 
and normatively constituted entities, is widely accepted 
across both the natural and the social sciences. For 
example, in ecology and environmental science, 
ecosystems are routinely analysed as complex, self-
organising systems that possess literal, non-metaphorical 
health structures and functional dependencies, even though 
their spatial boundaries are interdetermined and defined 
relative to research scales.106 Similarly, economists and 
sociologists routinely study macroeconomic networks, 
labour markets, and urban socio-ecological systems that 
cannot be understood merely by aggregating micro-level 
individual transactions. These systems exhibit emergent 
systemic behaviours, feedback loops, and structural crises 
that operate ‘behind the backs’ of individual agents.107 
Ultimately, the justification for adopting the complex 
system as the basic unit of ethical assessment is that it yields 
greater explanatory power than restricting oneself to the 
individual artefact. It enables AI ethicists and auditors to 
explain and respond to real-world harms––such as 
rebound resource depletion, global e-waste accumulation, 
and structural labour precarity––that a strictly artefact-
focused approach would remain blind to. 

_______________________________________ 
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3.3 Mapping Assumption 

3.3.1 Systems Cartography 1: Elements, Relations, 

Dynamics, and Boundaries 

The second basic assumption of the systems paradigm is 
that the complex system within which an AI application is 
embedded can be mapped, at least to a relevant degree of 
accuracy. To evaluate an AI application’s impact on the 
functioning of a host system, auditors must first be able to 
construct a comprehensive ‘map’ of that system. This is the 
task of what may be called systems cartography: to gather 
and organise all relevant information about a given eco-
socio-economic system into an integrated visual-
conceptual representation.108 Perhaps the best example of 
this is Crawford and Joler’s “Anatomy of an AI System”, 
which is a detailed representation of the complex system 
in which the Amazon Echo Dot is embedded.109 
 In the first instance, systems cartography sets out to 
map the following four dimensions of a complex system: 

a) Elements: The map must identify the system’s 
elements, at different scales and across the aforementioned 
ecological, social, and economic spheres. At the micro-level, 
this includes organisms, human actors, and discrete 
technical components; at the meso-level, it includes 
ecosystems, resource deposits, and companies; and at the 
macro-level, it includes climate, labour markets, and 
institutional legal frameworks.110 

b) Relations: The map must trace the diverse relations 
between the system’s elements, both within and across the 
three spheres. These include causal interactions, such as 
data centre energy demands causing an increase in regional 
grid emissions; functional dependencies, for example the 
way an algorithmic model’s operational accuracy depends 
on human content moderation or specialised thermal 
cooling systems; and emergent properties, such as systemic 
power asymmetries, environmental lock-ins, or institutional 
bias, which cannot be reduced to relations among singular 
elements but arise from the interactions of the whole.111 

 
108 Bambgoye and Avellán 2025; Castellani et al. 2025; Crawford 2021 
109 Crawford and Joler 2018 
110 Crawford and Joler 2018; Wang and Blok 2026 
111 Chouksey et al. 2026; Robbins and van Wynsberghe 2022; Waelen 2022; Waelen and van Wynsberghe 2025 
112 Chouksey et al. 2026; Coeckelbergh and Sætra 2025; Mills and Sætra 2025; Sætra 2021 
113 Bolte et al. 2022; Falk et al. 2026; Onder 2026; Raworth 2012; Röckström et al. 2009 
114 See the contributions in van Wynsberghe et al. 2023 

c) Dynamics: The map must also chart feedback loops 
and other non-linear dynamics that unfold over time. Key 
examples include the aforementioned rebound effect, 
where gains in computational or hardware efficiency lower 
processing costs, inadvertently driving up the aggregate 
demand for data centres, model training, and energy; and 
user-system feedback loops, where adaptive machine 
learning models alter user behaviour, which in turn 
generates new training data that reshapes subsequent 
model outputs.112 

d) Boundaries: Finally, the map must also draw the 
spatial, temporal, and organisational boundaries of the 
system. In ecological terms, this involves setting so-called 
Life-Cycle Assessment (LCA) inventory boundaries, such 
as Scope 1, 2, and 3 emissions spanning raw material 
extraction, hardware manufacturing, distribution, use, and 
e-waste disposal (we shall return to this in sec. 3.4); in social 

and economic terms, it involves drawing jurisdictional and 
sectoral boundaries.113 

Notably, to construct such a systems map is an 
interdisciplinary endeavor.114 It requires insights that can only 
be gained by combining methods from multiple disciplines, 
including computer science, environmental engineering, 
supply-chain logistics, critical political economy, science and 
technology studies (STS), and philosophy. Only through 
such interdisciplinary collaboration can auditors make 
visible the full socio-material realities of AI applications. 

3.3.2 Systems Cartography 2: Explicating Implicit 

Norms 

Since the complex systems in which AI applications are 
embedded are normatively constituted, the second and 
indispensable aspect of systems cartography is the 
explication of a system’s implicit norms of good functioning. 
This is an interpretative endeavour, yet not one that is 
detached from or secondary to the mapping of a system’s 
dynamically interrelated and interacting elements. For in 
doing so, we are always already interpreting these various 
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elements as forming norm-governed processes or 
subsystems that serve specific purposes. As such, the task 
of systems cartography would be left incomplete without 
the explication of the system’s implicit norms. 
 The general idea is simple enough: we first explicate the 
purposes that specific processes or subsystems serve, and 
then explicate the implicit norms that govern these 
processes or subsystems from within, defining what counts 
as good versus bad functioning.115 We can illustrate this 
procedure with two examples:  

Processes of power draw, power distribution, and 
server cooling on which data centres depend  
What we must explicate here is what allows us to 
understand these processes as contributing to the 
functioning of a data centre. This involves, firstly, 
recognising that they serve the purpose of ensuring 
effective and stable data processing; and secondly, 
identifying the implicit norms that govern them: energy 
efficiency, biophysical resource conservation, and local 
hydrological balance. These are the norms that define 
what counts as a well-functioning data centre. 

Processes of rare-earth mineral mining, chemical 
refining, and semiconductor fabrication on which the 
hardware manufacturing industry relies  
Again, we must explicate what allows us to understand 
these processes as contributing to the functioning of the 
hardware manufacturing industry. This involves, firstly, 
recognising that they serve the purpose of supplying the 
specialised hardware required to run AI models; and 
secondly, identifying the implicit norms that govern them: 
worker safety, non-exploitative labour, environmental 
remediation, and supply-chain justice. These are the 
norms that define what counts as a well-functioning 
hardware manufacturing industry. 

 Explicating these implicit norms amounts to explicating 
the conditions of fulfilment of the system and its constituent 
processes and subsystems, that is, the conditions of 
successful reproduction of the system over time.116 
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Successful reproduction means that the system maintains 
its internal structure over time and continues to fulfill its 
current purposes. But it also means that the system keeps 
multiple pathways of evolution open, allowing it to adapt 
and transform in response to shifting social needs and 
ecological feedback, and not become trapped in path-
dependent environmental or institutional lock-ins.117 
 Hand in hand with this explication of fulfilment 
conditions goes the explication of the minimal conditions of 

system reproduction. These represent the non-negotiable 
ecological, social, and economic preconditions without 
which the complex system could not continue to function 
as a system, that is, to reproduce its internal structure over 
time. In the ecological sphere, these minimal conditions are 
set by biophysical carrying capacities and planetary 
boundaries, such as greenhouse gas concentration limits, 
freshwater withdrawal caps, and chemical pollution 
thresholds.118 In the social and economic spheres, they 
encompass basic human rights, non-exploitative labour 
conditions, community health, and equitable resource 
distribution.119 Explicating these minimal conditions 
identifies the critical tipping points and limits beyond which 
we would face systemic collapse. 

3.3.3 Advantage and Two Worries 

With the procedure of mapping of complex systems, and 
specifically of explicating their implicit norms of good 
functioning, the systems paradigm responds to and seeks 
to overcome the shortcomings of the principles paradigm’s 
formulation and translation assumptions. The mapping 
assumption replaces the top-down formulation and 
checklist translation of general ethical principles with the 
interdisciplinary endeavour of mapping the concrete 
goings-on of a system and to explicate the ethical-
functional norms that govern them. As such, the systems 
paradigm avoids the worries about the underdetermination 
of principles and translations, normative displacement, and 
a limited toolbox mentality. 
 Despite these advantages, the mapping assumption is a 
weighty one, and it gives rise to two serious worries: 
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1) System unboundedness: The first worry is that it is 
practically impossible to draw the boundaries of a complex 
system in a non-arbitrary manner. Such systems do not 
possess self-evident boundaries or natural cut-off points. 
Indeed, when we set out to construct a comprehensive 
map of a system in which an AI application is embedded, 
we seem to face two infinite regresses. When we try to 
map the material and human supply chains required to 
build, train, and run an AI application, we seem to face an 
upstream regress of virtually endless supply-chain 
dependencies. Similarly, when we try to map the effects of 
deploying an AI application, we seem to face a downstream 

regress of an equally endless web of socio-political 
interactions and environmental impacts unfolding over 
time. This creates a dilemma for systemic AI certification. If 
auditors refuse to set arbitrary boundaries, systems 
cartography becomes an impossible quest to map the 
entire global infrastructure. Conversely, if auditors do set 
arbitrary boundaries to make the audit manageable, they 
risk excluding upstream supply-chain dependencies and 
downstream effects, thereby reintroducing the worries 
associated with the isolation assumption of the principles 
paradigm (see sec. 2.5.2).120 

2) Projection of norms: The second worry is that we 
might project our own subjective norms and values onto 
the complex systems and their constituent processes and 
subsystems.121 That is, how can we be sure that auditors 
are genuinely explicating a system’s implicit norms, rather 
than projecting their own subjective values, cultural 
expectations, or political biases onto it?122 For example, an 
auditor with neoliberal convictions might view an 
agricultural system’s implicit norms as crop yield 
optimisation and financial gain, whereas an 
environmentalist auditor might instead view them as 
biophysical resilience and planetary health. If the explication 
of a system’s conditions of fulfilment is merely a covert 
vehicle for personal or institutional normative preferences, 
then the systems paradigm fails to provide a reliable basis 
for the ethical assessment of AI applications. 
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Both of these worries highlight critical pitfalls of systems 
cartography. Nevertheless, proponents of the systems 
paradigm can respond to them by proposing a set of 
methodological safeguards. The worry of system 
unboundedness may be assuaged by pointing out that 
system boundaries need not be self-evident or natural in 
order to be non-arbitrary and objective. There are several 
non-arbitrary ways of drawing such boundaries available, 
including adopting LCA inventory boundaries that establish 
explicit, standardised evaluative cut-offs,123 or anchoring the 
mapping in non-negotiable biophysical and social ceilings, 
such as planetary boundaries and the Doughnut Economics 
framework.124 
 The worry of normative projection, in turn, may be 
assuaged by emphasising that the explicaiton of implicit 
norms is not a top-down exercise conducted by isolated 
experts. Furthermore, the risk of subjective projection may 
be mitigated through participatory infrastrucures that 
enable affected communities and domain experts to 
contribute to the process of defining, verifying, and 
contesting the system’s implicit norms. It may also be 
mitigated through independent oversight or meta-auditing 
bodies to “audit the auditors themselves”,125 ensuring that 
the process of norm explication remains transparent, 
subject to peer-review, and protected against regulatory 
capture and individual bias. 

_______________________________________ 

3.4 Diagnosis Assumption 

3.4.1 Life-Cycle Assessment 1: Overarching 

Framework 

The third basic assumption of the systems paradigm is that 
the impact of an AI application on the complex system can 
be reliably diagnosed. In other words, there is a robust 
methodology or framework for diagnosing an AI 
application’s systemic impact. The systems paradigm 
assumes that this framework is Life-Cycle Assessment (LCA). 
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Derived from environmental engineering and standardised 
by international protocols (such as ISO 14040, ISO 14044, 
and ITU-T L.1410), LCA is a comprehensive methodology 
for assessing the systemic impacts of a product or service 
across every stage of its life cycle. Although originally 
developed for environmental impact assessments, LCA has 
come to be seen as the overarching framework for 
diagnosing the systemic impact of AI applications across the 
ecological, social, and economic spheres.126 
 To perform a comprehensive cradle-to-grave impact 
assessment of an AI application, auditors must examine it 
across the five interconnected stages of its life cycle:127 

S1)   Raw material extraction: mining of lithium, cobalt, 
copper and rare-earth minerals. 

S2)   Hardware manufacturing: semiconductor 
fabrication, GPU assembly, and server production. 

S3)   Logistics and distribution: global air and freight 
transport of specialised hardware. 

S4)   Use and operation: algorithmic model training, 
fine-tuning, and real-world deployment. 

S5)   End-of-life processing: decommissioning of 
hardware, informal dismantling, and e-waste collection and 
disposal. 

To systematically diagnose an AI application’s systemic 
impact across these five stages, the LCA framework 
classifies impacts along two formal axes. Along the first axis, 
it distinguishes between three orders of impact: 

O1) First-order impacts: the direct biophysical and 
computational footprint of the hardware and infrastructure 
required to build, run, and dispose of an AI application. 
Examples: data centre electricity consumption, operational 
greenhouse gas emissions, water withdrawals for server 
cooling, and e-waste generation.128 

O2) Second-order impacts: the indirect operational, 
environmental, and social changes induced by deploying AI 
applications in specific real-world contexts. Examples: 
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industrial energy optimisation, precision agricultural yield 
forecasting, automated medical diagnostic triage, and 
supply-chain logistics streamlining.129 

O3) Third-order impacts: long-term systemic 
transformations, behavioural feedback loops, and structural 
realignments that emerge over time as a result of 
widespread adoption of AI applications. Examples: rebound 
effects, consumerist speed-up, market power centralisation, 
and path-dependent infrastructural lock-ins.130 

Along the second axis, the LCA framework diagnoses how 
these impacts manifest across three different levels of 

analysis:131 

L1)   Micro level: the level of individual human actors, 
localised tasks, and immediate end-user interactions. 
Examples: the working conditions of data annotators, the 
decision-making autonomy of local clinicians, or individual 
users’ interactions with chatbots.132 

L2)   Meso level: the level of organisational bodies, 
supply-chains, and industries. Examples: data centre 
operations, hospital administrative workflows, regional 
energy grid utilities, or labour markets.133 

L3)   Macro level: the level of global biophysical 
systems, geopolitical trading structures, and large-scale 
societal institutions. Examples: global carbon budgets, 
biospheric carrying capacities, international mineral supply 
chains, and democratic public spheres.134 

 Taken together, the life-cycle stages, orders of impact, 
and levels of analysis constitute the formal core of the LCA 
framework by means of which auditors may reliably 
diagnose an AI application’s systemic impact. To be sure, 
such impacts are rarely uniform or unequivocal across an 
application’s life-cycle stages and the two axes. A 
comprehensive diagnosis must therefore also account for 
structural tensions and trade-offs, where, for example, 
positive impacts on one axis may coincide with, or actively 
drive, negative impacts on another.135 
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3.4.2 Life-Cycle Assessment 2: Sphere-Specific 

Diagnostics 

Within the overarching LCA framework, a systemic 
approach must employ specific diagnostic methods for the 
ecological, social, and economic spheres. Specifically, to 
properly diagnose an AI application’s impact within each 
sphere, auditors must invoke distinct impact categories: 

Ecological sphere: categories invoked here include 
global warming potential (GWP), abiotic resource 
depletion potentials (ADPs), water footprint and water 
stress, toxicity metrics, eutrophication, acidification, and 
land use.136 

Social sphere: categories invoked here include human 
rights, non-discrimination, labour rights, user autonomy, 
privacy, power (a-)symmetries, and social cohesion.137 

Economic sphere: categories invoked here include 
market diversity, capital concentration, distribution 
effects, structural labour shifts, and circular economy 
(CE) metrics.138 

It is by means of such sphere-specific categories and 
corresponding scientific methods that auditors can 
measure the systemic impact of an AI application across its 
life-cycle stages and along the formal axes of impact orders 
and levels.  
 To be sure, it is no easy task to combine all of these 
parameters, which are based on such diverse categories 
and measured using such diverse scientific methods––
spanning environmental engineering, empirical socio-
technical auditing, political economy, and qualitative 
psychological interviews––into a single, overarching cradle-
to-grave impact assessment. Doing so is a difficult but 
indispensable interdisciplinary undertaking. Only on the 
basis of such a comprehensive diagnosis of an AI 
application’s systemic impact, and by invoking the implicit 
norms that constitute the system and its constituent 
processes, can auditors evaluate whether an AI application 
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is ethically good or bad, that is, whether it makes a positive 
or negative contribution to the functioning of the system. 

3.4.3 Advantage and Two Worries 

The primary advantage of the comprehensive LCA 
framework is that it grounds AI certification in the concrete 
reality of complex eco-socio-economic systems. With this 
framework, the systems paradigm overcomes the problems 
associated with the principles paradigm’s translation 
assumption, principally those of underdetermination, 
normative displacement, and limited toolbox mentality.  
 That being said, the diagnosis assumption also faces 
serious worries, not least the worry of system 

unboundedness, already familiar from the mapping 
assumption: namely, the risk of infinite regress when tracing 
upstream supply-chain dependencies or downstream 
effects and feedback loops. Since this worry has already 
been treated at length above (see sec. 3.3.3), it need not 
be elaborated again here. Beyond unboundedness, two 
further worries confront the diagnosis assumption: 

1) Framework shopping (again): The diagnosis 
assumption faces one of the same worries as the principles 
paradigm’s translation assumption, namely, the proliferation 
of competing LCA frameworks, background databases, and 
impact metrics. The problem here is that audits performed 
using different frameworks may lead to divergent or 
incompatible impact assessments. In the absence of 
universally standardised LCA protocols for AI applications, 
developers and auditing bodies can strategically select or 
‘shop’ for whichever LCA framework yields the most 
favorable compliance score, thereby once again enabling a 
sophisticated form of ethics washing under the guise of 
rigorous assessment.139 

2) Primary data deficit: Another worry is that LCA-
based diagnosis is severely constrained by the pervasive 
data deficit that results from corporate secrecy across the 
tech sector.140 The empirical data required to conduct an 
accurate cradle-to-grave impact assessment––including bill 
of materials (BOM) for specialised GPUs, power usage 
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effectiveness (PUE) figures for data centres, and the 
composition of training data sets––are often guarded as 
trade secrets by major AI developers and hardware 
manufacturers. Consequently, LCAs of AI applications are 
currently forced to rely heavily on secondary proxy 
estimates, scaled commercial baselines, or unverified 
corporate self-reporting. This opacity obscures the true 
environmental and human costs of AI applications, leaving 
auditors unable to properly assess their systemic impact. 

In response to the first worry, proponents of the systems 
paradigm can point out that widely accepted international 
standards for LCA already exist, most notably the ISO 
14040, ISO 14044, ITU-T L.1410, and the UNEP’s 
Guidelines for social and socio-economic LCA.141 These 
established standards provide a consensus-based 
framework for defining system boundaries, life-cycle 
inventories, and impact characterisations, thereby offering 
a clear baseline for harmonised systemic auditing.  
 In response to the second worry, proponents of the 
systems paradigm may contend that the lack of primary 
data is not an inherent flaw in the LCA framework. Rather, 
it serves as a reminder that certification can only operate 
against the background of binding governmental and 
intergovernmental regulation and legislation.142 With the 
right regulatory frameworks in place to legally compel 
corporations to disclose primary life-cycle data, this worry 
could be substantially alleviated. 

_______________________________________ 

3.5 Evaluation Assumption 

3.5.1 Method of Immanent-Critical Evaluation 

The fourth basic assumption of the systems paradigm is that 
an AI application’s systemic impact can be reliably evaluated 
in light of the complex system’s implicit norms. Although 
the literature on systemic AI ethics, and on Sustainable AI 
in particular, frequently insists that AI applications should be 
evaluated in light of their systemic impact, it specifies next 
to nothing about how exactly such an evaluation is to be 
carried out, that is, what concrete methodological 

 
141 ISO 2006a; ISO 2006b; ITU 2014; UNEP 2009 
142 Maclure and Morin-Martel 2024. See also Corrêa and Mönig 2026b 
143 Adorno 2018, p. 32 (translation modified, V.W.) 
144 For more on the method of immanent critique, see Jaeggi 2018, ch. 6; Schauer 2023, pp. 338-344; Stahl 2013a; Stahl 2013b 

procedure it should follow. To fill this methodological void, 
we propose that a systemic approach to evaluating the 
systemic impact of AI applications is best understood as 
operating by means of a method adopted from critical 
social philosophy, known as immanent critique. 
 The general idea of immanent critique is to “measure 
what is being criticised against its own presupposition, 
against its own law of form”,143 that is, against its own 
implicit norms.144 This is precisely the driving idea behind 
systemic impact evaluation: to evaluate the impact of an AI 
application on the complex system in which it is embedded 
in light of the system’s implicit norms of good functioning. 
Rather than measure an AI application against abstractly 
formulated ethical principles applied in an external, top-
down manner, immanent critique evaluates whether the 
application, as part of a complex system across its entire 
life cycle, contributes positively or negatively to the 
functioning of the host system, that is, whether it supports 
and enhances, or disrupts and degrades, the successful 
reproduction of the system. 
 This immanent-critical evaluation procedure relies 
directly on the inputs from the two procedures elaborated 
in the preceding sections. First, it relies on an understanding 
of the system’s functioning and implicit norms, which systems 
cartography makes explicit (see sec. 3.3). Second, it relies 
on an understanding of the AI application’s impact on the 

system’s functioning, which is diagnosed by means of the 
LCA framework (see sec. 3.4). With these two inputs in 
hand, the auditors can proceed to evaluate the application’s 
systemic impact as ethically good or bad, that is, as 
contributing positively or negatively to the functioning and 
long-term viability of the host system. We can illustrate this 
procedure with the following toy model: 
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Evaluation of an AI precision-farming application’s 
impact on an agricultural watershed145  
Systems cartography explicates that the implicit norms 
of an agricultural watershed include ecological integrity, 
soil fertility retention, hydrological balance, and farmer 
livelihood security. LCA diagnosis shows that an AI 
precision-irrigation and crop-yield optimisation 
application increases short-term commercial output, but 
drives regional groundwater depletion, relies on 
hardware supply chains mired in toxic mineral 
extraction, and triggers third-order rebound dynamics 
that incentivise monoculture. Measured against the 
watershed’s implicit norms, the AI application represents 
a negative contribution: it optimises the depletion of finite 
natural resources and pushes the local ecosystem 
towards biophysical tipping points. Conversely, an AI 
application configured to operate within established 
water-table limits and support regenerative soil rotation 
would represent a positive contribution by reinforcing the 
watershed’s ecological integrity. 

 As the toy model illustrates, evaluating an AI 
application’s impact on the functioning of its host system as 
good or bad, in light of the latter’s implicit norms, has a 
relatively precise structural meaning. An AI application has 
a good impact across its life cycle insofar as it supports the 
system in maintaining its internal structure, reproducing the 
latter’s vital ecological, social, and economic conditions, and 
continuing to fulfill its constitutive purpose. Its impact is 
even better if the application’s life cycle enables the 
system’s constituent processes to fulfill their purposes 
more effectively than before. Crucially, a good impact also 
involves keeping multiple pathways of evolution open, 
preserving the system’s capacity to adapt and transform in 
response to shifting social needs and ecological feedback, 
and to avoid becoming trapped in path-dependent lock-
ins.146 Conversely, an AI application has a bad impact across 
its life cycle insofar as it disrupts or erodes the system’s 
structural integrity and impairs its successful reproduction. 
Bad impacts arise when an application’s life cycle locks the 

 
145 The toy model draws on insights from Hamdaoui et al. 2024; Karn et al. 2024; Vinod Chandra et al. 2024 
146 Bolte et al. 2022; Bolte and van Wynsberghe 2025; Robbins and van Wynsberghe 2022 
147 Crawford 2021; Robbins and van Wynsberghe 2022 
148 Collingridge 1980; Genus and Stirling 2018 
149 See Jaeggi 2018, ch. 7-8; von Redecker 2018 

system into pathways of development that are unviable or 
self-undermining in the long term. Examples of this include 
infrastructural lock-in, resource voracity, structural labour 
precarity, and systemic rebound effects that undermine the 
very purpose of the (sub-)systems in which the AI 
application partakes across its life cycle.147 

3.5.2 Advantage and Two Worries 

The advantage of the immanent-critical method is that it 
grounds the evaluation of an AI application in the concrete 
implicit norms of the system in which it is embedded, rather 
than relying on abstract ethical principles applied to isolated 
artefacts in an external, top-down manner. In doing so, the 
immanent-critical method allows the systems paradigm to 
overcome several shortcomings of the principles paradigm, 
notably the problems of normative underdetermination 
and displacement, ethics washing, and concealed human 
and environmental costs. 
 Despite these advantages, the method of immanent-
critical evaluation faces two serious worries: 

1) Collingridge dilemma: The first worry concerns the 
temporal mismatch between the deployment and the 
evaluation of an AI application. Because an immanent-
critical evaluation concerns how an AI application actively 
shapes, supports, or undermines the functioning of 
complex systems, the application’s full ethical-functional 
impacts can often only be diagnosed after it has already 
been deployed and become an integral part of the complex 
system. This exposes immanent-critical evaluation to the 
so-called Collingridge dilemma:148 during the early 
development phase, when an AI application’s trajectories 
are still malleable, its long-term systemic impacts are 
difficult to foresee; but by the time the application has 
operated long enough in the wild for its systemic impacts 
to be empirically measured, the application and its 
accompanying political and economic interests may already 
have become structurally locked in and institutionalised.  

2) Functionalist conservatism: The second worry 
concerns the potential conservatism of an immanent 
approach to evaluation.149 If the evaluative standards we 
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use are derived from within the host system itself, how can 
we critically evaluate systems that are themselves 
fundamentally unjust, ecologically destructive, or 
structurally exploitative? If an AI application is deployed 
within a hyper-extractive market economy, a biased judicial 
system, or an authoritarian surveillance state, evaluating the 
application based on how well it contributes to the 
‘successful reproduction’ and ‘good functioning’ of that host 
system risks legitimising and optimising systemic 
pathologies. The worry is that, without a set of context-
transcending ethical principles, evaluation risks collapsing 
into a functionalist validation of the status quo, evaluating 
whether an AI application helps an intrinsically bad system 
function more efficiently. 

Both of these worries present genuine challenges to the 
immanent-critical method of evaluation. In response to the 
first worry, proponents of the systems paradigm can point 
out that there are means available to deal with the 
temporal gap between early development and long-term 
systemic visibility, including phased deployment, dynamic 
auditing, and continuous post-market oversight.150 

 In response to the second worry, proponents of the 
systems paradigm may emphasise that immanent critique 
is, fundamentally, a transformative methodology rather than 
a conservative validation of existing practices.151 Grounded 
in critical social philosophy, immanent-critical evaluation 
does not merely affirm a host system’s explicit self-
understanding. Rather, it exposes the operational 
pathologies and crisis tendencies of a system’s structure.152 
A structurally unjust, hyper-extractive, or authoritarian host 
system is inherently self-undermining and crisis-prone, 
because its constituent processes and practices tend to 
undermine its own non-negotiable conditions of 
reproduction. Consequently, using an AI application to 
streamline or accelerate an exploitative system would not 
constitute ‘successful reproduction’ or ‘good functioning’. 
On the contrary, it would intensify the system’s inherent 
dysfunctionality and accelerate its failure as a sustainable 
system. 
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4  Conclusion and Outlook 

This white paper has examined and problematised the 
foundational assumptions of two paradigms of AI 
certification: the principles paradigm and the systems 

paradigm. The principles paradigm represents the dominant 
approach in public policy and industrial standard-setting, 
seeking to govern AI technologies through top-down, 
product-centric frameworks that evaluate individual 
software applications against general ethical principles. In 
contrast, the systems paradigm offers a structurally minded 
alternative, shifting the evaluative focus from isolated 
artefacts to the complex eco-socio-economic systems in 
which AI applications are embedded throughout their life 
cycle. 
 The central insight of this inquiry is that both paradigms 
rest on a series of basic assumptions, none of which are 
uncontentious, but also not rationally indefensible. The 
principles paradigm faces serious worries regarding 
underdetermination, ethics washing, and blindness to 
environmental and human costs. Yet it can be justified as 
an administratively manageable, legally predictable, and 
standardised framework for product-level accountability. 
Conversely, the systems paradigm faces significant worries 
concerning system unboundedness, corporate data 
secrecy, normative projection, and temporal bottlenecks. In 
turn, it offers a methodology capable of capturing global 
supply chains, precarious labour conditions, and cumulative 
environmental impacts. 
 Despite their divergent philosophical foundations, the 
two paradigms should not be viewed as irreconcilable 
dogmas. Afterall, they are both conceptions of how to 
assess AI applications in terms of ethical goodness and 
badness. Beyond this shared goal, there are at least two 
significant points of connection between the paradigms: 

a) Origin of norms: On the surface, the principles 
paradigm appears to arrive at its principles or norms in a 
manner external to its subject matter, whereas the systems 
paradigm derives them internally from the complex systems 
in which AI applications are embedded. However, when 
we examine how the principles paradigm actually 
formulates its principles––namely, through stakeholder-

informed reflective equilibrium––it becomes clear that it, 
too, is ultimately concerned with working out the norms 
that the processes and practices in which we are constantly 
involved always already presuppose. Hence, the difference 
between the two methods seems to be mainly one of 
emphasis: whereas immanent critique is explicit about the 
immanent origin of the norms, reflective equilibrium simply 
takes it for granted that the norms are already operative in 
our beliefs and practices. 

b) Importance of context: When proponents of the 
principles paradigm defend their approach against worries 
about underdetermination of successful translation and 
conflict arbitration, they consistently fall back on the idea 
that these issues are settled by the context of an AI 
application. Yet, adopting methodological contextualism 
means recognising that an AI model cannot be evaluated in 
a vacuum, but only relative to the specific purposes, norms, 
and risk profiles of a concrete deployment domain. In doing 
so, the principles paradigm already points the way towards 
a more systemic view of AI applications as technologies 
that cannot be properly assessed apart from the ecological, 
social, and economic systems in which they are embedded. 

These points of connection indicate the possibility of 
combining insights from both paradigms in future AI 
certification schemes. Realising such integrative governance 
frameworks requires continuous, empirically-informed 
philosophical reflection, particularly regarding the 
methodological foundations of AI certification. 
 It has been a guiding idea of this white paper that any 
inquiry into the philosophical foundations of AI certification 
must confront the hard realities of the current world order. 
As highlighted at the outset, the dominant principles 
paradigm has developed within a political economy marked 
by severe asymmetries of political and corporate power. 
Political and economic actors routinely take advantage of 
principled certification schemes, exploiting abstract ethical 
principles, checklists, and stakeholder deliberation 
procedures as instruments of ethics washing and regulatory 
capture, publicly signalling virtue while strategically pre-
empting, weakening, or delaying binding state regulation. 
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 To be sure, the systems paradigm is not inherently 
immune to ethics washing and regulatory capture: 
developers and auditors could attempt to draw convenient 
system boundaries or selectively interpret implicit norms. 
However, the systems paradigm explicitly aims at 
countering these pitfalls. By expanding the audit boundary 
to encompass cradle-to-grave raw material extraction, 
labour precarity, energy grid draw, and non-negotiable 
planetary ceilings, a systemic approach unmasks the 
otherwise hidden costs of AI applications and denies 
political and corporate actors a ‘moral free lunch’. 
 It remains an essential task for researchers and civil 
society stakeholders to expose the various ways in which 
political and economic actors may seek to exploit and co-
opt AI certification schemes. Uncovering the weak points 
in the deep structure of AI ethics and certification that such 
actors may exploit is a key step towards counteracting 
ethics washing and regulatory capture, and guarding against 
similar vulnerabilities in future governance frameworks. 
Only by continuously bringing to light the hidden 
assumptions of these frameworks can we chart a viable 
path forward towards better, more robust, just, and 
sustainable governance of technologies such as AI. 
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