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alignment. These principles are often framed as concrete, 
attainable benchmarks, underpinning ethical guidelines, 
technical standards, and public expectations. However, 
blending this vision with the complex realities of sociotech-
nical AI systems reveals a more fragile foundation shaped as 
much by tension and contradiction as by aspiration. In this 
context, sociotechnical systems foster a multifaceted inter-
action between relevant user stakeholders and the techni-
cal and tangible components (data, algorithms, and system 
interfaces), all of which are operationalised to align with 
the social constructs (cultures, customs, and values) and 
specificities of the user communities [9]. Recent empirical 
reviews like [10] underscore how algorithmic distortion and 
discrimination can entrench, rather than remedy, existing 
social inequalities [11]. Simultaneously, efforts to design 
comprehensive oversight frameworks struggle to keep pace 
with rapid technological advancement and messy, real-
world deployments, thereby highlighting the urgent need 
for adaptive supervisory mechanisms [12].

Similarly, policy responses such as the European Union’s 
Artificial Intelligence Act [13] illustrate these contradictions 

1  Introduction

The growing deployment of artificial intelligence (AI) 
across critical sectors such as healthcare [1, 2], finance [3], 
agriculture [4], business [5], environmental sustainability 
[6], education [7], governance or through super intelligent 
innovations [8] has intensified calls for “Responsible AI”, 
a normative vision grounded in principles like fairness, 
transparency, accountability, privacy, safety, and value 
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vividly. Although the Act seeks to encode principles of fair-
ness, transparency, accountability, privacy, safety, and value 
alignment into law, its implementation has revealed persis-
tent challenges in enforceability and interpretability, particu-
larly in defining risk categories, ensuring compliance across 
diverse sectors, and managing the gap between high-level 
principles and technical application. Governance dilemmas 
become even more acute as AI systems move from con-
trolled research settings into high-stakes, real-world appli-
cations, where entrenched institutional and infrastructural 
vulnerabilities often escape the reach of conventional risk-
management frameworks [14]. This landscape suggests that 
Responsible AI frameworks may be operating on unstable 
terrain. They frequently presume that ethical ideals can be 
systematically realised within sociotechnical environments 
marked by complexity, unpredictability, and deep-seated 
human and institutional biases. Such conditions prompt a 
critical question: Are the pillars of Responsible AI built on 
solid foundations, or are they, in practice, constructed on 
sand?

At its core, Responsible AI aspires to mitigate the social, 
ethical, and technical risks associated with increasingly 
autonomous systems [15]. Frameworks proposed by organ-
isations such as the European Commission [16], UNESCO 
[17], and IEEE [18] outline comprehensive lists of princi-
ples intended to guide the design, deployment, and gover-
nance of AI technologies. While the structural risk dynamics 
inherent in artificial intelligence systems require careful 
navigation to prevent abuse and guarantee safety [19], these 
principles have gained widespread acceptance across pol-
icy, industry, and academic discourse. However, the near-
consensus on what values AI systems should embody often 
obscures critical questions about whether and how these 
values can be meaningfully operationalised. In practice, 
attempts to instantiate Responsible AI ideals encounter not 
only technical limitations but also epistemic uncertainties, 
sociocultural divergences, and shifting political contexts. 
Each principle is subject to multiple interpretations and 
trade-offs, and these become especially visible when AI 
systems interact with existing institutional biases, uneven 
power dynamics, and pluralistic moral norms.

This research undertakes a critical examination of the 
fragility of Responsible AI’s foundational pillars within 
contemporary sociotechnical systems. Each principle, 
fairness, transparency, accountability, privacy, safety, and 
value alignment, is analysed in turn, drawing on estab-
lished frameworks such as Fairness in Machine Learning 
[20], Explainable AI [21], algorithmic accountability and 
Accountability for Reasonableness [22, 23], human rights-
based approaches to AI [24], and value-sensitive design 
[25]. These frameworks help expose the conceptual con-
tradictions and operational challenges that undermine the 

consistent and coherent realisation of Responsible AI in 
practice. These challenges are not merely implementation 
issues but reflect deeper structural tensions within human 
and technological systems. Building on this critique, the 
study proposes a reconceptualisation of Responsible AI as a 
dynamic, negotiated process of continuous human–machine 
co-adaptation, one that calls for reflexivity, adaptability, and 
ethical humility in the design and governance of AI, offer-
ing a more resilient framework for future innovation. The 
central research question guiding this inquiry is: Can the 
core values of Responsible AI, such as fairness, transpar-
ency, accountability, privacy, safety, and value alignment, 
be meaningfully defined and implemented within the com-
plexity of contemporary sociotechnical systems?

Rather than offering yet another framework or toolkit, 
this research interrogates the foundational assumptions 
underlying existing approaches to Responsible AI. By criti-
cally examining the internal contradictions and structural 
limits of each principle, the analysis reveals these pillars to 
be less solid than commonly assumed. This contribution is 
both conceptual and practical: it deepens theoretical under-
standing of Responsible AI as a sociotechnical construct 
and provides a new lens for researchers, practitioners, and 
policymakers navigating the ethical complexity of real-
world AI. Ultimately, this research advocates for a shift 
from checklist-based responsibility toward a more adap-
tive, participatory, and reflexive approach, one that better 
accounts for uncertainty, diversity, and the evolving nature 
of human–machine interaction. To support this argument, 
the article proceeds as follows. Section 2 provides a critical 
analysis of the six core pillars of Responsible AI, examining 
the conceptual and practical fragilities of fairness, transpar-
ency, accountability, privacy, safety, and value alignment. 
Section 3 offers a reframing of Responsible AI as a negoti-
ated, evolving process situated within sociotechnical com-
plexity. Section 4 discusses the broader implications of this 
perspective for researchers, developers, and policymakers. 
Finally, Sect. 5 concludes by summarising the key insights 
and identifying directions for further inquiry in the pursuit 
of more resilient and reflective AI governance.

2  The pillars of responsible AI and their 
fragilities

The discourse on Responsible AI has coalesced around a 
core set of normative principles, fairness, transparency, 
accountability, privacy, safety, and value alignment, widely 
upheld as the ethical foundations for the development and 
governance of artificial intelligence. These principles, 
often formalised through industry standards, policy frame-
works, and academic toolkits often influenced by regional 
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values, political ideologies, and technological capabilities, 
are presented as stable benchmarks against which systems 
can be audited and improved. However, emerging critical 
scholarship [26, 27] reveals that these pillars are far from 
universally defined or consistently operationalised. Their 
implementation in practice frequently exposes internal con-
tradictions, context-dependence, and unresolved value ten-
sions that challenge the coherence of Responsible AI as a 
unified framework [28, 29]. This section reviews some liter-
ature on each of these principles while critically examining 
the conceptual and practical fragilities that undermine their 
effectiveness in real-world settings.

2.1  Fairness, equity, and sociotechnical complexity 
in responsible AI

Fairness is often positioned as a cornerstone of Responsi-
ble AI, aiming to ensure that algorithmic decisions do not 
reinforce or exacerbate existing social inequities [30, 31]. 
Yet closer examination reveals that fairness is a deeply 
contested and multifaceted concept, lacking a univer-
sally accepted definition. Turing’s 1950 work, Computing 
Machinery and Intelligence, indirectly addresses fairness by 
questioning how AI might replicate human intelligence and 
behaviour. While not explicitly focused on fairness, Turing 
raised foundational issues about whether AI systems could 
interact with people in fair and equal ways, highlighting 
concerns about bias and equity in AI interaction [32]. For-
mal fairness metrics, such as demographic parity, equalised 
odds, and predictive parity, often conflict, making it math-
ematically impossible to satisfy all fairness criteria within a 
single model [33]. Moreover, such interventions frequently 
rely on historical datasets imbued with societal biases [34], 
raising concerns that “correcting” data alone cannot undo 
the deeper structural injustices encoded within it. The com-
plexities of equity in AI are further highlighted by the myth 
of data neutrality. The assumption that data can be objective 
or bias-free is increasingly challenged, as training datasets 
often reflect entrenched social hierarchies and historical 
injustices [35]. Scholars have argued that the ideal of neu-
tral data serves as a myth that obscures the power-laden ori-
gins and implications of AI systems [36, 37]. This reinforces 
the importance of adopting a more refined and contextual 
understanding of equity, one that recognises its variability 
across stakeholders, from developers and policymakers to 
end users and affected communities [38].

Contextuality is key: what constitutes a fair or equitable 
outcome is not universal but varies across cultural, institu-
tional, and political settings. Attempts to “solve” fairness 
through technical means risk ignoring its normative and 
political dimensions. Consequently, the pursuit of fairness 
often entails unavoidable trade-offs between stakeholder 

groups, between model accuracy and social equity, and 
between short-term system performance and long-term 
justice goals. Rather than a fixed property of algorithms, 
fairness becomes a dynamic site of moral judgment, nego-
tiation, and contestation. These tensions, specifically within 
the domain of fairness, point to the need for ethical frame-
works capable of balancing AI’s benefits and risks while 
promoting equity and justice across the system’s lifecycle, 
including fairness in how humans perceive machines and the 
fairness of machines in representing human interaction [39, 
40]. However, practical implementation remains fraught 
with challenges. Reviews of responsible AI practices docu-
ment systemic obstacles and propose actionable strategies 
to address them [26]. Effective governance demands cross-
sectoral cooperation to ensure that high-level ethical guide-
lines are meaningfully translated into enforceable policies 
[41].

From a sociotechnical perspective, researchers empha-
sise the narratives and human choices that shape what is 
considered “fair” in AI systems, underscoring the necessity 
of human oversight to mitigate algorithmic harms [42, 43]. 
In navigating these layered complexities, fairness cannot 
be reduced to a checklist of abstract principles. Instead, it 
demands ongoing collaboration among diverse stakehold-
ers and sustained engagement with the structural, cultural, 
and institutional conditions in which AI is developed and 
deployed [43]. This highlights the importance of embed-
ding fairness not as a retrospective fix but as a design 
commitment, through participatory design, context-aware 
assessment, and iterative feedback loops that enable shared 
ownership and co-governance of AI systems [44].

2.2  Transparency: the illusion of explainability in 
complex systems

Transparency is frequently cited as a key requirement for 
fostering trust, accountability, and fairness in AI systems 
[45]. In principle, transparency entails that AI decision-
making processes should be understandable, interpretable, 
and accessible to affected stakeholders [46]. For design-
ers, this may mean creating models that are both inherently 
interpretable and relationally explainable, supporting not 
only structural transparency but also interactive under-
standing with users. These models should be designed to 
promote open communication and meaningful disclosure 
to the individuals and communities affected by their deci-
sions. This ensures that the user community knows and 
understands the implications of their engagement with AI 
technologies and helps them to make informed decisions on 
possible adoption and utilisation [44, 47]. Yet in practice, 
achieving meaningful transparency is profoundly challeng-
ing, especially as machine learning models, such as deep 
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as a technical property to be engineered but rather as a rela-
tional and contested practice, one that demands reflection on 
the sociopolitical contexts of deployment, the power struc-
tures it reinforces or disrupts, and the stakeholders it truly 
serves [43, 54]. Ultimately, authentic transparency requires 
not just technical clarity but also institutional willingness 
to support dialogue, scrutiny, and participatory oversight. 
Navigating this complexity remains essential to the ethical 
advancement of AI.

2.3  Accountability: the problem of agency and 
responsibility in AI systems

Accountability is widely recognised as a critical mechanism 
for ensuring that the actions and outcomes of AI systems 
can be traced, evaluated, and, when necessary, sanctioned 
[61]. It is often assumed that by establishing clear lines of 
accountability, harms caused by AI can be prevented, miti-
gated, or fairly addressed. However, the diffusion of agency 
across complex sociotechnical systems poses significant 
challenges to traditional notions of accountability. AI sys-
tems do not possess moral or legal agency; they cannot be 
held responsible in the way that human actors can. Instead, 
responsibility must be traced back to developers, deploy-
ers, organisations, or regulatory bodies, each of which may 
play only a partial role in the design, deployment, and over-
sight of a given system. This fragmentation of responsibil-
ity, sometimes referred to as the “problem of many hands,” 
complicates efforts to assign blame or credit when AI sys-
tems produce unintended or harmful outcomes [62].

Moreover, the opacity of machine learning models and 
the unpredictability of their behaviour in real-world envi-
ronments further obscure causal relationships between 
design choices and outcomes, such as decisions about data 
selection, model architecture, objective functions, and opti-
misation trade-offs. Even when audit trails or model doc-
umentation are available, establishing clear causal links 
between specific human decisions and specific AI behav-
iours can be extraordinarily difficult [63, 64]. As AI systems 
become more autonomous and adaptive, the gap between 
human intent and machine action widens, exacerbating 
accountability gaps [15]. Legal frameworks have begun to 
grapple with these challenges, proposing mechanisms such 
as algorithmic impact assessments, liability assignments, 
and corporate responsibility standards. However, these 
mechanisms often remain reactive rather than proactive, 
addressing harms after they occur rather than structuring 
systems to prevent them. In many cases, they also fail to 
account for the distributed, networked nature of AI ecosys-
tems, where responsibility is shared across multiple actors 
operating at different stages and levels [65].

neural networks and large-scale generative architectures, 
grow increasingly complex and opaque [48, 49]. Technical 
approaches to interpretability, such as feature importance 
scores, saliency maps, or surrogate models, offer only par-
tial glimpses into model behaviour. While they may provide 
surface-level insight, these methods often obscure deeper 
systemic issues and can convey an illusion of understanding 
[50]. This pseudo-explainability becomes particularly prob-
lematic when it reinforces misplaced trust in high-stakes 
domains such as healthcare, where decision-making must 
be accountable and transparent to patients and practitioners 
alike [51].

Furthermore, transparency for technical experts, such as 
data usage and model development, may not equate to trans-
parency for non-expert users [52], policymakers, or affected 
communities. The gap between effective explainability and 
perceived transparency can distort stakeholder understand-
ing, leading to ethical and practical risks [53, 54]. Scholars 
warn that when users believe they comprehend AI systems 
based on seemingly transparent interfaces, they may over-
estimate the system’s competence and reliability, ultimately 
misattributing responsibility [48, 49]. The pursuit of trans-
parency also introduces significant trade-offs. Enhanced 
interpretability, particularly in inherently interpretable mod-
els such as decision trees or linear models, can come at the 
cost of model accuracy, especially in domains requiring 
high-dimensional feature representations. While post-hoc 
explainability tools such as saliency maps, Local Interpre-
table Model-agnostic Explanations (LIME), or SHapley 
Additive exPlanations (SHAP) offer retrospective insights 
into model behaviour, they often fall short of true interpret-
ability, as they do not reveal the internal decision logic of 
complex models like deep neural networks. This distinc-
tion between explainability and interpretability is crucial: 
the former approximates understanding through model-
agnostic or model-specific heuristics, while the latter entails 
model architectures that are transparent by design [55, 56]. 
Despite their growing popularity, explainability techniques 
can sometimes obscure more than they reveal, reinforcing a 
false sense of transparency and trust in systems that remain 
fundamentally opaque [57]. Furthermore, efforts to increase 
transparency must be carefully calibrated; in some contexts, 
excessive transparency may inadvertently reveal propri-
etary information, compromise model security, or facilitate 
adversarial attacks [58, 59]. This underscores that transpar-
ency is not an unqualified virtue but rather a value that must 
be carefully balanced against other system objectives.

Some scholars further caution that calls for transpar-
ency may be co-opted as superficial compliance with ethi-
cal checklists, rather than fostering substantive engagement 
with how decisions are made and whose interests are served 
[60]. As such, transparency should not be understood solely 
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anonymisation alone is no longer a sufficient guarantee of 
privacy in high-dimensional data environments. The very 
architectures that drive AI's learning potential also enable it 
to uncover hidden patterns and identities, often beyond the 
scope of the data subjects' original consent.

This raises critical questions about agency, control, and 
consent. Many individuals are unaware of how their data 
is collected, processed, and repurposed, leading to a phe-
nomenon described as “structural invisibility” and “consent 
fatigue” [74]. Regulatory responses such as the General 
Data Protection Regulation (GDPR) and the California 
Consumer Privacy Act (CCPA) have sought to address this 
through rights to explanation, erasure, and informed con-
sent. However, these frameworks often presume a level of 
user comprehension and agency that may not exist in real-
world contexts, especially where systems are opaque or 
deployed in low-resource settings [78]. The deeper episte-
mological challenge lies in the architecture of AI systems 
themselves: they do not merely store data, they learn from 
it, infer from it, and generalise beyond it. Thus, even when 
consent is granted, downstream uses may exceed original 
expectations and generate new privacy harms [79]. Islam 
and Shin [80] argued that data-driven learning pipelines in 
AI can violate contextual privacy [81], norms, simply by 
functioning as designed.

These concerns are amplified in next-generation AI-
driven infrastructures such as 6G networks, where data 
flows continuously and autonomously across intercon-
nected platforms. Rifa-Pous et al. [82] emphasises that such 
environments demand new models of trust and security that 
embed privacy as a fundamental design principle, not an 
afterthought [83]. Moreover, privacy and transparency often 
exist in tension. As [73] observes, explainable AI (XAI) can 
inadvertently expose private information under the guise of 
interpretability, complicating efforts to align transparency 
with privacy-preserving practices. Protecting privacy in AI 
thus requires a reconceptualisation of both technical safe-
guards and governance strategies. This includes limiting 
unnecessary data collection, embedding contextual integ-
rity [84], advancing privacy-preserving machine learning 
(PPML) techniques, and developing user-centric policies 
that empower rather than overwhelm. As [74] and [76] con-
tend, privacy is no longer just a legal or technical issue; it 
is a sociotechnical and political concern that demands sys-
temic thinking and proactive design.

2.5  Safety: managing uncertainty in complex and 
adaptive systems

Safety is often framed as a non-negotiable pillar of Respon-
sible AI, grounded in the imperative to prevent unintended 
harm to individuals, communities, and infrastructures [85]. 

Consequently, accountability in AI cannot be reduced to 
simple cause-and-effect chains or single points of responsi-
bility. It must instead be reconceptualised as a distributed, 
collective practice requiring new forms of governance, 
institutional design, and ethical deliberation, a practice 
that acknowledges the complex interdependencies between 
humans, machines, and societal systems [66]. The implica-
tions of agency in AI systems raise critical questions about 
responsibility. As AI systems permeate more decision-
making processes, understanding who holds responsibility 
for their actions becomes fundamental. Hypothetically, this 
may suggest the need for AI to assume some level of per-
sonhood, which makes it answerable and share in the liabil-
ity and gains that may arise during deployment and usage. 
This view is supported by one previous study, which argues 
that legal efficiency, market efficiency, legal certainty, and 
accountability are some of the moral reasons and strong 
legal rationales to granting some forms of legal liability 
to AI systems [67]. The study in [68] proposes strategies 
to guarantee equity and responsibility throughout the AI 
lifecycle, including implementing Explainable AI (XAI), 
promoting open data sharing, using fairness metrics, ensur-
ing diverse training data, establishing ethical governance, 
and maintaining human-in-the-loop oversight. Heaton [69] 
discusses the social implications of decision-making algo-
rithms, highlighting the influence of agency on public trust 
and blame. Furthermore, [43] connects ethical principles 
with regulatory needs, advocating for responsible AI sys-
tems. Yazdanpanah et al. [15] explores the challenges of 
determining responsibility in autonomous systems, empha-
sising the need for continuous dialogue. Meduri et al. [70] 
underscores the relationality in responsibility, asserting 
that a solid understanding of social contexts is essential to 
address accountability in an algorithmic society.

2.4  Privacy: the vanishing boundary in data-driven 
AI systems

Privacy has long been foundational to ethical technology 
design, grounded in the individual's right to control personal 
information [71, 72]. In the context of artificial intelligence, 
this principle becomes increasingly complex and precari-
ous. Modern AI systems are data-hungry, drawing exten-
sively from social media, sensor networks, smart devices, 
and online interactions. This pervasive data collection blurs 
boundaries between public and private domains, intensify-
ing tensions between technological progress and privacy 
preservation [73–75]. Even with traditional safeguards like 
de-identification, AI models can often re-identify individu-
als or infer sensitive information via sophisticated tech-
niques such as de-anonymisation, model inversion, and 
membership inference attacks [76]. As [77] highlights, 
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safety, as [96] proposes, must be grounded in the recogni-
tion that harm is relational, context-dependent, and never 
fully eliminable, but always subject to collective mitigation.

2.6  Value alignment: the elusive goal of making AI 
reflect human values

Value alignment is often positioned as the culminating ideal 
of Responsible AI: the proposition that artificial intelligence 
systems should act in ways consistent with human values, 
goals, and intentions [97]. This principle supports a broad 
array of technical and philosophical efforts aimed at ensur-
ing that AI promotes human flourishing rather than under-
mining it. Yet, despite its rhetorical appeal, value alignment 
remains one of the most abstract, contested, and structurally 
elusive pillars of Responsible AI. A foundational challenge 
lies in the plurality and fluidity of human values. Ethical 
norms vary widely across cultures, communities, and his-
torical moments. What one group perceives as a moral 
imperative, another may view as unethical or oppressive. 
This value plurality undermines the notion of a universal 
benchmark for alignment and forces us to confront the 
political dimensions of whose values AI systems ultimately 
reflect [98, 99].

Technical approaches to alignment, such as inverse 
reinforcement learning, preference modelling, and human-
in-the-loop systems, typically presume that values can be 
extracted, encoded, and optimised computationally. How-
ever, these systems often reflect the values of designers or 
data annotators, rather than the diverse publics they affect 
[100]. Even well-intentioned models risk reinforcing struc-
tural biases if deployed without mechanisms for continu-
ous reflection, contestation, and correction [101]. Moreover, 
the assumption that AI can “mirror” human values implies 
a kind of epistemic certainty that misrepresents the messy, 
negotiated, and contextual nature of moral life [102]. Values 
are not static inputs to be coded into systems, but dynamic 
social practices, shaped through deliberation, dissent, and 
lived experience [103]. When AI systems are treated as neu-
tral arbiters of value, there is a danger of encoding dominant 
ideologies under the guise of alignment.

Thus, value alignment should not be treated as a final 
destination but as an ongoing sociotechnical process, a 
continuous negotiation between designers, users, regula-
tors, and broader communities. It requires interdisciplinary 
collaboration, institutional plurality, and the willingness to 
engage in ethical discourse rather than defer to computa-
tional proxies [104]. As [88] and [99] suggest, alignment 
strategies must embrace complexity and uncertainty, lever-
aging adaptive models that evolve alongside shifting social 
conditions. In practice, the pursuit of value alignment inter-
sects with risk management, resilience, and decision-making 

In theory, AI safety involves designing systems that per-
form reliably under expected conditions and fail gracefully 
when the unexpected occurs [86]. In practice, however, the 
very qualities that make AI powerful, adaptivity, autonomy, 
opacity, and deployment in open-ended environments, ren-
der safety a complex, unstable, and contested concept [19]. 
Defining “safety” in AI is itself problematic. In high-stakes 
applications such as autonomous vehicles or medical diag-
nostics, safety is often quantified through error rates or risk 
reduction [87]. Yet in domains like content moderation, 
predictive policing, or recommendation systems, safety is 
entangled with normative, social, and political concerns, 
including trust, mental well-being, and public discourse 
integrity. Systems optimised for one form of risk (e.g., 
reducing false negatives) may simultaneously increase oth-
ers (e.g., false positives), thereby redistributing harm [88, 
89].

One key challenge arises from assuming that AI systems 
operate in closed, predictable environments. In reality, these 
systems often function within dynamic sociotechnical land-
scapes, characterised by adversarial actors, evolving data 
distributions, and shifting institutional expectations [90]. 
Under such conditions, emergent behaviours can arise that 
were not explicitly programmed, and even rigorous valida-
tion may fail to anticipate downstream consequences [91]. 
Technical approaches to safety, such as robustness testing, 
reinforcement learning with human feedback, and out-of-
distribution detection, offer valuable tools [92]. Yet these 
remain largely reactive and narrow in scope, often failing 
to account for ethical dimensions of harm such as justice, 
dignity, or autonomy. Moreover, safety trade-offs are not 
purely technical; they require deliberative decisions about 
whose safety is prioritised and how harm is distributed [93].

Broader approaches to uncertainty management in com-
plex adaptive systems underscore the importance of adaptive 
strategies, resilience, and stakeholder engagement. As [88] 
argues, simulation-based optimisation can support decision-
making under deep uncertainty. Similar insights from sup-
ply chain and infrastructure resilience research underscore 
how adaptive, real-time risk management, rather than static 
design criteria, is essential for safety [94, 95]. In contexts 
such as financial systems, climate resilience, or urban gov-
ernance, predictive analytics and dynamic modelling are 
being leveraged to enhance systemic safety and respon-
siveness [90, 91]. These domains demonstrate the value 
of multi-scale, cross-sectoral approaches that treat safety 
as an evolving practice rather than a one-time engineering 
achievement. Ultimately, Responsible AI safety cannot be 
understood as a singular goal or certification checkpoint. 
It is a sociotechnical process, one that requires continu-
ous monitoring, participatory governance, and institutional 
mechanisms for accountability and learning. Adaptive 
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3  Reconceptualising responsible AI from 
static pillars to dynamic practice

As demonstrated in the previous section, the six founda-
tional pillars of Responsible AI, fairness, transparency, 
accountability, privacy, safety, and value alignment, are 
conceptually appealing but operationally unstable. The ten-
sions observed are not isolated implementation challenges; 
they point to deeper systemic issues that demand a funda-
mental shift in how responsibility in AI is understood and 
enacted. This section offers such a shift, structured in three 
parts. First, it synthesises the recurring tensions observed 
across the pillars. Second, it critiques the limitations of the 
dominant paradigm that treats Responsible AI as a check-
list-based, outcome-driven model. Finally, it proposes a 
reframing: Responsible AI as a dynamic, participatory 
sociotechnical process, grounded in context, pluralism, and 
adaptive governance.

3.1  Synthesising structural tensions across 
responsible AI pillars

The critique of the six foundational pillars, fairness, trans-
parency, accountability, privacy, safety, and value align-
ment, reveals a set of recurring structural tensions that are 
not incidental but endemic to the dominant Responsible AI 
paradigm. Despite their differences, as presented in Table 1, 
the core pillars of Responsible AI reveal consistent limita-
tions that recur across domains and contexts. These limi-
tations point to broader structural issues in how ethics is 
conceptualised in AI development and governance.

These tensions reflect the following meta-level structural 
dynamics:

1.	 Contradictions and trade-offs: Pursuing one prin-
ciple can undermine another. For instance, increasing 
transparency may reduce privacy; enforcing fairness 
through statistical parity may decrease model accuracy 
for minority groups.

2.	 Context-dependence of ethical judgments: Ethi-
cal values are not universal. The meaning of fairness, 
safety, or accountability varies across sociocultural and 
institutional settings, making standardised solutions 
inadequate.

3.	 Technological vs. sociopolitical limits: Many Respon-
sible AI tools focus on technical interventions, audits, 
explainability modules, and privacy-preserving algo-
rithms, while neglecting institutional power structures, 
stakeholder conflict, and systemic inequality.

4.	 Fragmented responsibility and governance: Respon-
sibility is rarely traceable to a single actor. From data 
sourcing to deployment, AI development is a distributed 

under uncertainty. For example, advanced risk assessment 
frameworks that combine expert judgment with algorith-
mic insights have been shown to improve context-sensitive 
evaluations in complex systems [101]. Similarly, research 
in smart manufacturing and health systems underscores the 
need for flexible, iterative feedback loops that can dynami-
cally adjust to new ethical or operational constraints [102, 
104]. Ensuring that AI reflects human values requires mov-
ing beyond technical implementation toward participatory, 
context-aware governance. Only by treating alignment as a 
political, ethical, and adaptive process can we ensure that AI 
genuinely serves diverse human communities.

The analysis of Responsible AI’s foundational pillars, 
fairness, transparency, accountability, privacy, safety, and 
value alignment, reveals a shared pattern of conceptual 
ambiguity, operational instability, and unresolved ethical 
tensions. While each principle carries normative weight, 
attempts to implement them consistently within complex 
sociotechnical systems expose deep contradictions and prac-
tical limitations. These are not merely technical challenges 
to be engineered away, but structural dilemmas rooted in the 
dynamic, contested, and value-laden nature of both human 
societies and intelligent technologies. Taken together, these 
critiques suggest that the prevailing model of Responsible 
AI, as a set of fixed, measurable goals to be checked off, is 
insufficient. What is needed is a more flexible and reflexive 
framework that can account for uncertainty, pluralism, and 
the evolving relationship between humans and machines. 
The following section advances such a reframing, propos-
ing a shift from static principles to a dynamic process of 
negotiation and co-adaptation.

Table 1  Cross-cutting tensions in responsible AI principles
Principle Key tensions Underlying 

challenge
Fairness Competing defini-

tions; accuracy, equity 
trade-offs

Ethical pluralism; 
conflicting stake-
holder goals

Transparency Explainability vs. 
performance; audience 
mismatch

Epistemic asym-
metry; model 
complexity

Accountability Distributed responsibil-
ity; unclear liability 
chains

Fragmented gov-
ernance; lack of 
oversight

Privacy Data utility vs. protec-
tion; consent fatigue

Structural invis-
ibility; power 
imbalance

Safety Known vs. emergent 
risks; adversarial 
environments

Complexity and 
unpredictability

Value alignment Whose values? How to 
represent them?

Cultural pluralism; 
moral uncertainty
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3.3  Reframing responsible AI as a sociotechnical 
process

In response to these limitations, this research proposes a 
reframing, stating that Responsible AI should be treated not 
as a set of fixed ethical outcomes but as a sociotechnical 
process grounded in participation, context, and iteration. 
To situate the reframing in broader scholarly discourse, we 
embed it within existing critical critiques of Responsible AI. 
On explainability, [105] argue that transparency requires 
targeted, stakeholder-informed communication of uncer-
tainty rather than simplistic post-hoc tools. In the realm of 
accountability, the AI Now Institute [106] advocates for 
dedicated Algorithmic Impact Assessments coupled with 
external auditors, while scholars like [107] and [22] further 
emphasise the necessity of institutional design to ensure 
third-party auditing is both independent and effective. On 
value pluralism, participatory design research demon-
strates that stakeholder inclusion is essential for contextual 
integrity and interpretative flexibility. While these works 
critically engage with individual pillars of Responsible AI, 
our contribution lies in synthesising these tensions across 
multiple principles and offering a layered, sociotechnical 
ecosystem model that frames responsibility as an ongoing, 
systemic, and reflexive process, not simply a collection of 
siloed remedies. Key dimensions of this reframing include:

1.	 From outcome to process: Rather than defining suc-
cess as compliance with static values, responsibility 
should be understood as an ongoing process of ethical 
negotiation, before, during, and after deployment.

2.	 Situatedness and pluralism: Ethical evaluations must 
account for local values, histories, and contexts. This 
requires abandoning universalist assumptions and 
embracing interpretive flexibility.

3.	 Interdisciplinary and participatory engagement: 
Responsible AI requires input from a broad coalition of 
actors, data scientists, social scientists, policymakers, 
civil society, and affected publics. Ethics cannot be the 
domain of engineers alone.

4.	 Dynamic governance: Instead of relying on fixed regu-
latory rules, adaptive governance models should allow 
for continuous oversight, re-interpretation, and correc-
tion. Institutions must be designed to learn from fail-
ure, respond to emergent harms, and incorporate public 
deliberation.

While this reframing offers a new lens on what Responsible 
AI could mean, a key question remains: how do we transition 
from the current static, technocratic models of Responsible 
AI to this dynamic, contextual, and participatory socio-
technical approach? The solution demands methodological 

process involving developers, deployers, platforms, 
regulators, and users, none of whom hold full control or 
foresight.

These suggest that the ethical challenges of AI are systemic, 
not just technical or procedural, and that the foundational 
principles of Responsible AI are not solid ground but shift-
ing terrain, demanding a more flexible, grounded, and adap-
tive ethical approach. These recurring tensions across the 
core pillars point to deeper structural flaws in how Respon-
sible AI is currently conceptualised and implemented. To 
understand the roots of these limitations, we must critically 
examine the assumptions embedded in the dominant para-
digm in Sect. 3.2.

3.2  Critique of the dominant paradigm: static ethics 
and technocratic oversight

The dominant approach to Responsible AI tends to frame 
ethics as a checklist of static principles or a set of modu-
lar compliance tools. This model has enabled the rise of 
“ethics-washing,” where institutions perform surface-level 
adherence to ethical principles without meaningful account-
ability or systemic change.

Three interrelated flaws are characteristics of this 
paradigm:

1.	 Epistemic oversight: Current frameworks often over-
look the construction and contestation of knowledge, 
values, and risk. Who defines what counts as “fair”? 
What counts as “harm”? These are not neutral design 
decisions but sociopolitical choices.

2.	 Normative oversight: The assumption of ethical uni-
versality masks moral pluralism. It sidelines margin-
alised communities and imposes dominant cultural 
logics under the guise of neutral standards.

3.	 Institutional oversight: The Responsible AI discourse 
often fails to interrogate how power flows through the 
AI ecosystem, who is empowered to make decisions, 
whose interests are served, and who bears the burden 
when systems fail.

As a result, Responsible AI becomes both over-technol-
ogised and under-politicised, leaning on governance-
through-design without governance-through-democracy. As 
[14] argues, this paradigm is insufficient for navigating the 
sociotechnical messiness of AI in the real world. In light of 
these epistemic, normative, and institutional oversights, a 
new framing is required, one that does not treat ethics as an 
external constraint but as an integral, evolving part of the AI 
lifecycle. The following subsection proposes such a refram-
ing, grounded in sociotechnical systems thinking.
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reorientation and theoretical grounding. Table 2 is a synthe-
sis of four core shifts, each mapped to practical strategies 
and supported by relevant academic theories.

Each of these transitions reflects a broader move from 
control-based ethics to co-evolutionary responsibility. 
Rather than assuming AI ethics can be predefined, these 
theories underscore the importance of responsiveness, 
iteration, and negotiation across time and social contexts. 
By grounding the reframing in established theoretical tra-
ditions across philosophy, governance, design, and science 
and technology studies (STS), this study provides a meth-
odological roadmap, a novel theoretical synthesis to the 
field of Responsible AI, one that supports not only critique 
but constructive transformation of how Responsible AI is 
practised and governed. Drawing on theories from process 
ethics [108], situated knowledge [110], participatory design 
[115], and adaptive governance [113], this model integrates 
normative reasoning, stakeholder participation, and institu-
tional responsiveness into a unified framework. The result 
is a composite theory of Responsible AI that moves beyond 
checklist ethics toward iterative, context-aware, and reflex-
ive responsibility. This contribution bridges conceptual and 
practical domains, offering both a critique of current para-
digms and a structured pathway for more inclusive, adap-
tive, and resilient AI governance as outlined through the 
model discussed in Sect. 3.4.

3.4  A layered model for dynamic responsible AI

To operationalise this reframing, as presented in Fig. 1, we 
propose a layered model of Responsible AI governance, 
one that spans the full lifecycle of system development and 
embeds ethical engagement at each stage.

Figure 1 visualises Responsible AI as a layered, iterative 
process involving four interconnected domains: Design, 
Deployment, Governance, and Public Deliberation. Each 
layer represents a site of ethical negotiation, decision-mak-
ing, and adaptation, emphasising that responsibility in AI is 
not a fixed attribute but an ongoing sociotechnical practice.

1.	 Design forms the foundational layer, where value-sen-
sitive choices are embedded into data selection, model 
objectives, and evaluation metrics. Ethical consider-
ations must be addressed from the outset, recognising 
that design decisions shape downstream impacts.

2.	 Deployment introduces real-world complexity. Here, 
models interact with unpredictable environments, 
necessitating mechanisms for monitoring, collecting 
feedback, and dynamically mitigating risk. Ethical 
issues often emerge at this stage, necessitating reflexive 
adaptation.

Table  2  Moving from static to dynamic responsible AI; theoretical 
backing and practical pathways
From Toward Supporting 

theories
How to transition

Static 
values and 
outcomes

Ethical 
process and 
iteration

Process ethics 
[108], and 
Reflective 
equilibrium 
[109]

Design ethics as an 
ongoing dialogue; 
embed iteration into 
policy review cycles 
and product life-
cycles (e.g., ethics 
sprints, living labs)

One-size-
fits-all 
frameworks

Contextual 
and situated 
ethics

Situated 
knowledge 
[110], and 
Value-sensitive 
design [25]

Conduct context-
specific value 
elicitation; tailor AI 
governance to sec-
toral, cultural, and 
geographic contexts

Expert-
driven 
decisions

Participa-
tory and 
inclusive 
deliberation

Deliberative 
democracy 
[111], and 
Co-design and 
STS participa-
tory methods 
[112]

Involve stakeholders 
through structured 
co-design, citizen 
panels, and par-
ticipatory foresight 
exercises

Technocratic 
compliance

Adaptive 
gover-
nance and 
reflexivity

Adaptive gov-
ernance [113], 
and Reflexive 
law [114]

Replace static 
regulatory checklists 
with feedback-based 
regulation, sunset 
clauses, and anticipa-
tory auditing models

Fig. 1  Responsible AI as a dynamic sociotechnical ecosystem
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domains, design, deployment, governance, and deliberation, 
emphasising not just what must change, but how.

4.1  For researchers and developers (design layer): 
designing for ethical iteration

In current practice, design often begins with a prescriptive 
notion of fairness or explainability and ends with static com-
pliance checklists. The reframing advanced here suggests 
that ethical design must instead be iterative, value-sensitive, 
and reflexively open-ended. Researchers and developers 
must treat ethical principles not as pre-baked modules, but 
as ongoing inquiries that evolve with project scope, stake-
holder input, and system use. This requires:

1.	 Building iterative ethical reviews into design sprints.
2.	 Applying value-sensitive design (VSD) approaches 

early and often.
3.	 Creating channels for feedback loops from deployment 

and user experience back into design decisions.

By embracing this approach, the design layer becomes a site 
of continuous ethical negotiation, rather than a front-loaded 
ethical boundary-setting exercise.

4.2  For practitioners and deployers (deployment 
layer): monitoring emergent risk

Deployers often rely on assumptions of system stabil-
ity or use-case predictability, yet this reframing highlights 
how ethical risk is emergent and situational. The deploy-
ment stage is not an endpoint, but an inflexion point where 
systems meet real-world users, infrastructures, and power 
dynamics. To operationalise this:

1.	 Institutions must implement post-deployment ethical 
monitoring protocols.

2.	 Establish cross-functional incident response teams 
that include ethical, legal, and user-representative 
perspectives.

3.	 Deploy “minimum ethical viable products” (MEVPs) 
with pathways for evolution.

This shifts the notion of responsible deployment from 
“release readiness” to “ethical readiness”, a dynamic com-
mitment to monitoring and adapting systems in context. 
Together, these practices help reframe deployment from a 
moment of hand-off to a phase of ongoing ethical steward-
ship, one that sees responsibility not as static compliance, 
but as a responsive, situated relationship with the world AI 
systems inhabit.

3.	 Governance includes institutional structures, policies, 
and regulations that frame how AI systems are managed 
over time. This layer must be flexible and adaptive, 
enabling oversight that evolves alongside technologies 
and societal norms.

4.	 Public deliberation sits at the top, representing demo-
cratic engagement and pluralistic input. This includes 
affected communities, civil society, and interdisciplin-
ary stakeholders who bring diverse perspectives to bear 
on what values AI should serve and how responsibility 
should be shared.

Each layer involves different actors and mechanisms, but 
all must be interconnected, iterative, and responsive to 
real-world conditions. The bidirectional arrows between 
each layer signal continuous feedback loops, reflecting that 
ethical responsibility is not a linear sequence but a recur-
sive and co-constructed process. Decisions at the design 
stage affect governance debates, while public discourse 
can reshape deployment strategies or regulatory priorities. 
Together, the model embodies the research’s core argument: 
Responsible AI must be understood as a dynamic, partici-
patory ecosystem, not a static set of principles. It calls for 
rethinking responsibility as an adaptive and negotiated 
practice, responsive to complexity, pluralism, and change. 
This model acknowledges that no principle can function 
in isolation, and that the pursuit of Responsible AI is not 
about solving ethics, but practising it, negotiating it, and 
constantly adapting to new challenges. This model treats 
Responsible AI not as an endpoint but as an ecosystem, an 
evolving set of relationships, practices, and structures that 
must be continuously re-evaluated in light of new chal-
lenges. Therefore, with this composite sociotechnical model 
in place, the next section explores its broader implications, 
how this reframing can shape the work of researchers, prac-
titioners, and policymakers working toward more just and 
adaptive AI systems.

4  Implications: reorienting practice, policy, 
and research in responsible AI

Reframing Responsible AI as a dynamic, sociotechnical 
process is not merely a conceptual shift; it offers a practi-
cal redirection for how ethical responsibility is understood, 
shared, and enacted across the AI ecosystem. While cur-
rent approaches often remain anchored in principles, audits, 
or compliance metrics, the framework proposed in this 
study opens new possibilities for rethinking professional 
practices, designing adaptive governance models, and 
broadening public engagement. This section explores the 
implications of this reframing across four interdependent 
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becomes a core mode of ethical sense-making in AI, not a 
peripheral gesture. Realising this vision involves:

1.	 Supporting citizen juries, participatory foresight, and 
public AI assemblies.

2.	 Funding community-based participatory research to 
surface lived experience.

3.	 Designing accessible public interfaces for AI explana-
tion, contestation, and redress.

In this view, ethics is not what experts declare; it’s what 
societies negotiate. Publics are not obstacles to innovation, 
but co-creators of responsibility. They are not just passive 
beneficiaries of ethics; they are co-authors of Responsible 
AI.

4.5  Connecting the layers: toward an 
interdependent ecosystem of responsibility

Each layer, design, deployment, governance, and delibera-
tion holds unique responsibilities, but none are sufficient 
in isolation. Figure 2 visualises the distribution of respon-
sibilities across the four ecosystem layers of Responsible 
AI, illustrating key stakeholders, actions, and goals at each 
level.

Where:

	● VSD: value-sensitive design
	● MEVP: minimum ethical viable product

What this reframing makes clear is that ethical responsibility 
is a distributed and negotiated achievement across domains. 
Feedback must flow upward and downward. Governance 
must inform design. Public concerns must reshape policy. 
Design insights must update governance assumptions.

This vision of Responsible AI requires:

1.	 Institutional connectors, such as ethics boards or 
interdisciplinary councils.

4.3  For policymakers and regulators (governance 
layer): governing for reflexivity

Most current AI policy assumes that pre-defined legal stan-
dards can govern post-deployment behaviour. However, 
governance structures must shift from command-and-con-
trol regulation to adaptive oversight, a model that learns 
from deployment, adjusts over time, and accommodates 
pluralism in ethical interpretation. This framing is insuffi-
cient for systems that learn, evolve, and operate in multi-
jurisdictional environments. The proposed reframing calls 
for governance models that are themselves adaptive, plural-
istic, and reflexive. Pathways forward include:

1.	 Designing regulatory sandboxes that allow experimen-
tation under supervision. These controlled environments 
allow developers to test high-risk AI systems under 
real-world conditions and public oversight [116, 117], 
fostering innovation while maintaining accountability.

2.	 Embedding sunset clauses in AI policy to require peri-
odic review, like including expiry dates in AI-related 
legislation to trigger mandatory re-evaluation in light of 
technological or societal changes [118].

3.	 Shifting from reactive enforcement to proactive ethi-
cal scaffolding, i.e. Policies should include ethical risk 
forecasting, participatory governance structures, and 
anticipatory audits, tools designed to prevent harm 
before deployment, rather than remediate after failure 
[119, 120].

This pushes governance beyond audit culture and toward 
policy as infrastructure, living systems that can accom-
modate new risks, norms, and expectations over time. 
Governance, in this model, is not control from above but a 
coordinated, evolving infrastructure of accountability.

4.4  For civil society and the public (deliberation 
layer): ethics as collective sense-making

Responsible AI cannot be meaningfully achieved with-
out democratic deliberation and public participation. Civil 
society organisations, journalists, community advocates, 
and affected publics must be empowered with platforms 
and protections to influence how AI systems are evalu-
ated, contested, and redesigned. This demands investment 
in civic infrastructure, inclusive policy forums, and AI lit-
eracy that reflects diverse lived experiences. Yet too often, 
public participation is treated as symbolic, something to be 
“consulted” after technical and policy decisions are already 
in motion, rather than meaningfully shaping them from the 
outset. These reframing demands that public deliberation 

Fig. 2  Responsible AI responsibilities across ecosystem layer
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combine technical and ethnographic insights. It encour-
ages designers to treat value conflicts not as implementation 
bugs, but as features of democratic contestation to be sup-
ported, not smoothed over. This reframing makes possible a 
field of Responsible AI that is more aligned with real-world 
complexity, more humble in its epistemic claims, and more 
ambitious in its commitment to justice, pluralism, and col-
lective responsibility. It offers a path forward not by sim-
plifying ethics, but by giving us the tools to engage with it, 
together, over time.

5  Conclusion

As artificial intelligence systems continue to shape the con-
ditions of daily life, from public services to private markets, 
the call for Responsible AI has never been more urgent. Yet 
as this research has shown, the dominant model of Respon-
sible AI, built on static pillars like fairness, transparency, 
accountability, privacy, safety, and value alignment, rests 
on fragile conceptual and operational ground. These pil-
lars, while normatively powerful, often fracture under the 
pressures of real-world deployment, sociopolitical con-
testation, and institutional complexity. While the vision 
of Responsible AI as a dynamic and participatory process 
is compelling, its realisation is constrained by entrenched 
political and institutional power dynamics. Stark asymme-
tries between tech companies, regulators, and the public 
persist, with major firms shaping ethical narratives while 
resisting enforceable oversight, what scholars have termed 
ethics-washing [121].

This resistance is not new, nor limited to any one region. 
Across multiple jurisdictions, sustained lobbying efforts by 
industry actors have frequently challenged the implemen-
tation of binding regulatory measures, particularly those 
involving algorithmic audits, impact assessments, and 
external oversight [122]. These objections often cite trade 
secrecy, innovation risk, or administrative burden as rea-
sons for resisting more accountable frameworks. Similarly, 
proposals for comprehensive AI regulation, such as those 
debated in the European Union, have faced corporate push-
back, especially in high-stakes areas like biometric surveil-
lance and predictive analytics. Without robust structural 
mechanisms for enforceability, transparency, and redress, 
adaptive and participatory approaches to Responsible AI 
risk becoming symbolic rather than substantive. For these 
frameworks to be truly effective, they must be anchored 
not only in sociotechnical understanding but also in a clear-
eyed political realism, recognising the power asymmetries, 
institutional inertia, and economic incentives that shape the 
governance of AI systems.

2.	 Shared vocabularies, to bridge technical, legal, and 
social perspectives.

3.	 Iterative communication loops, where all layers can 
respond and adapt.

In doing so, responsibility becomes not a property of sys-
tems, but a relationship between actors, practices, and pub-
lics, a condition that must be cultivated, not imposed.

4.6  Why this reframing matters and what it makes 
possible

By moving away from static principles and toward proce-
dural ethics, this framework reorients how AI systems are 
built, evaluated, and governed. It provides a blueprint for:

1.	 Researchers to rethink what ethical inquiry means in 
practice.

2.	 Policymakers need to design governance structures that 
can evolve.

3.	 Developers to embed responsibility into product 
lifecycles.

4.	 Civil society to assert agency in shaping technological 
futures.

Crucially, this reframing does not call for more principles, 
but for better practices, shared commitments, and institu-
tional reflexivity. It invites the field to move beyond asking 
“Are we being responsible?” toward continually negotiating 
“How must responsibility evolve here, now, with whom?” 
It further matters because it challenges the illusion that 
responsibility can be standardised, automated, or externally 
imposed upon AI systems. By exposing the structural fragil-
ity of Responsible AI’s traditional pillars, this work redi-
rects attention away from abstract principles and toward the 
lived realities of AI development and deployment, realities 
shaped by uncertainty, institutional complexity, and power 
asymmetries. Rather than reinforcing a technocratic logic of 
checklist compliance, this model affirms that ethics must be 
co-produced, relational, and reflexive.

But this reframing is not merely critical; it is construc-
tive. It makes possible a different trajectory for the field, one 
rooted in ecosystemic thinking, procedural responsibility, 
and collective sense-making. It allows institutions to move 
from risk-avoidance to responsiveness. It empowers devel-
opers and researchers to build AI systems that can learn 
ethically, not just perform technically. It invites funders, 
regulators, and civil society actors to collaborate in shaping 
ethical infrastructures, not just evaluating ethical outcomes. 
Moreover, it opens new space for research innovation: lon-
gitudinal studies of institutional adaptation, participatory 
evaluations of AI in use, and hybrid methodologies that 
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