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Abstract 
The rapid expansion of artificial intelligence (AI) into socially sensitive domains such 
as healthcare, education, energy, and finance has intensified calls for innovation that 
foregrounds equity, accountability, and public trust. This article advances the 
framework of "Equity by Design," demonstrating how AI TRiSM—Trust, Risk, and 
Security Management—can be strategically harnessed to centre social responsibility 
throughout the lifecycle of AI systems. Synthesizing findings across human-computer 
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interaction, policy studies, and algorithmic ethics, we argue that achieving truly 
equitable AI requires more than technical post-processing or regulatory compliance; 
it demands intentional, participatory design processes that embed trustworthiness, 
stakeholder engagement, and risk mitigation from inception. Drawing from empirical 
research, we examine how dimensions of trust—spanning statistical reliability, 
explainability, and user-centred design—directly influence the acceptance, 
calibration, and societal impact of AI technologies. We further elaborate on the 
necessity of preemptively identifying and addressing ethical risks such as bias, 
discrimination, and technological uncertainty through comprehensive socio-
technical assessments, highlighting mechanisms by which risk governance can avert 
social harms and amplify AI’s positive outcomes. The article presents cross-sectoral 
case analyses to illustrate actionable pathways for operationalizing AI TRiSM, 
including participatory auditing, transparent explanation interfaces, and adaptive 
governance strategies tailored to diverse social and regulatory contexts. Ultimately, 
we contend that "Equity by Design"—anchored in the rigorous application of AI 
TRiSM—constitutes a transformative paradigm for innovation, empowering 
organizations, and policymakers to embed justice, inclusivity, and sustainable 
trustworthiness into the fabric of emerging AI systems. By bridging technical rigor 
with social responsibility, this approach offers a roadmap toward accountable and 
equitable AI that advances the collective well-being of historically underrepresented 
communities and society at large. 
 
Keywords: Explainability, Risk, Governance, Trust, Equity. 

1.   Introduction 

Artificial intelligence (AI) is rapidly changing the parameters of modern society. It is 
improving healthcare, energy management, education, and government, but it is also 
revealing major problems with justice, transparency, and society's impact (Cheng et 
al., 2021; Rodríguez et al., 2023; Elendu et al., 2023). The increasing amount of 
evidence indicating that biased decision-making, uneven access, and opacities of 
accountability could result from unchecked AI deployment could worsen existing 
inequalities. As a result, socially responsible innovation in AI is now essential and 
cannot be avoided (Cheng et al., 2021; Elendu et al., 2023; Niet et al., 2021). More and 
more, AI researchers and industry professionals are coming to the consensus that 
responsible AI requires a radical change in thinking about AI design—one that 
prioritizes inclusivity and intentionality from the very beginning and continues to do 
so throughout the system's lifespan. Improving AI technology or ensuring compliance 
with regulations after the fact will not be enough to create responsible AI (1), (2), and 
(3). 

In this new paradigm, AI TRiSM (which stands for Trust, Risk, and Security 
Management) is leading the way. It offers a systematic approach to incorporating 
trust-building, risk-minimization, and solid security into AI development and 
deployment at every stage. AI TRiSM is now poised to become a driver for design-by-
design equity, despite its historical emphasis on adversarial defense, model 
assurance, and algorithmic explainability (Lu et al., 2022; Duarte et al., 2023; Giudici 
& Raffinetti, 2021). Design choices in AI TRiSM can be anchored by transparency, 
human agency, and shared accountability rather than impersonal metrics of 
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performance or utility. When applied beyond its technological roots, TRiSM has the 
potential to integrate social justice and participatory governance into AI systems. This 
type of change not only addresses the technical risks of hostile exploitation, error 
propagation, and performance degradation, but it also offers practical and 
quantifiable means of implementing ideas such as inclusion, fairness, and dignity 
(Cheng et al., 2021; Rodríguez et al., 2023). 

Building equitable AI systems requires an understanding that trust is a link 
created by user characteristics, human experiences, and the sociopolitical context 
rather than a static technical attribute (Bach et al., 2022; Choung et al., 2022). When 
creating interventions to increase explainability and transparency, it's critical to take 
user expectations, domain-specific risks, and broader social narratives into account. 
Fair and efficient calibration of trust will be facilitated by this (Bach et al., 2022; 
Duarte et al., 2023; Yang et al., 2023; Asan et al., 2019). Furthermore, it is essential to 
continuously identify, evaluate, and minimize harms that could disproportionately 
affect vulnerable or marginalized populations to manage risks effectively. These 
issues may be caused by institutional opaqueness, data bias, and 
underrepresentation. 

Furthermore, emerging legal frameworks from the EU and other places emphasize 
how difficult and important it is to regulate AI for the benefit of society. These 
frameworks may, however, ignore the more basic structural injustices that 
responsible innovation should address because they usually conflate trustworthiness 
with risk acceptability (Niet et al., 2021; Laux et al., 2023). Therefore, it is essential to 
go beyond discrete technical audits or static compliance checklists in order to 
operationalize equality by design. Rather, it involves incorporating ethical foresight, 
participatory practices, and interdisciplinary collaboration throughout the artificial 
intelligence development process. As a result, processes for responsive governance, 
iterative feedback, and stakeholder involvement are institutionalized (Rodríguez et 
al., 2023; Lu et al., 2022; Orr & Davis, 2020). 

This paper aims to advance the idea that using AI TRiSM for equity by design is not 
only a moral goal but also a practical necessity for the development of AI technologies 
in a way that is socially and sustainably responsible. We aim to present a thorough 
framework that will enable AI to more consistently promote justice, public trust, and 
the general welfare in an increasingly algorithmic world (Cheng et al., 2021). Current 
research and best practices at the nexus of algorithmic governance, organizational 
ethics, and human-computer interaction will be mapped in order to achieve this 
(Rodríguez et al., 2023; Lu et al., 2022). 

2.   Literature Review 

2.1.   Foundations and Multidimensionality of Trust in AI 

A sophisticated grasp of trust as a multifaceted concept essential to adoption, 
accountability, and societal benefit is required for "Equity by Design" in AI. According 
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to the literature, trust in AI is influenced by a variety of organizational, technical, and 
human factors and is neither static nor monolithic. According to Bach et al., user trust 
is influenced by technical aspects, socio-ethical considerations, and most importantly, 
the traits and expectations of the user group interacting with AI systems. This 
emphasizes the necessity of systems being contextually adjusted and constantly 
reassessed for reliability (Niet et al., 2021). 

Choung et al. elaborate on a dual structure of trust— “functionality trust” versus 
“human-like trust”—and show empirically that both significantly but differently 
influence the acceptance and sustainable use of AI technologies (Bach et al., 2022). 
This insight informs the necessity for equitable participatory design practices, 
ensuring both dimensions are addressed throughout the system lifecycle. 

Asan et al. emphasize trust as a mediating psychological mechanism, especially 
within healthcare domains, calling for strategies to build and measure trust before, 
during, and after AI integration to manage uncertainty and support effective clinician 
decision-making (Asan et al., 2019). Such findings reveal that trust cannot be 
‘engineered’ in a vacuum; it must be cultivated through iterative, context-sensitive 
strategies that can adapt to evolving use cases and risks. 

2.2.   Explainability, Transparency, and the Limits of XAI 

Explainable AI (XAI) underpins much contemporary discussion in the literature 
regarding transparency and trust. Duarte et al. demonstrate that the efficacy of 
explanations is conditional: explanations featuring key features, rather than 
counterfactuals, are generally more effective at building warranted trust, but only 
when the system’s underlying performance is robust (Duarte et al., 2023). If 
performance is unreliable, the presence of explanations may paradoxically foster 
uncritical over-reliance, introducing the risk of misplaced trust (Duarte et al., 2023). 
This finding denotes that explainability alone is insufficient; it must operate 
symbiotically with high system performance and dynamic user calibration 
mechanisms. 

Vainio-Pekka et al. further dissect the gap between the technical advancements in 
XAI and the field’s ethical requirements, finding the research landscape is 
fragmented, lacking unified frameworks or empirically validated best practices that 
bridge transparency to meaningful, context-appropriate equity goals (Cheng et al., 
2021). This demonstrates the pressing need for methodical approaches and an 
empirically supported mapping of explainability to priorities in AI innovation that are 
driven by equity and ethics. 

Moreover, the literature urges explainability and transparency to be combined 
with strong accountability frameworks and precise frameworks controlling 
accountability for results in high-stakes industries like healthcare (Elendu et al., 
2023). In order to promote trust and social accountability, best practices in these 
areas integrate continuous stakeholder communication and decision traceability, 
going beyond technical transparency (Elendu et al., 2023). 
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2.3.   Algorithmic Fairness, Bias, and Socio-Technical Equity 

Equity must be purposefully incorporated into the design, implementation, and 
oversight processes in order to achieve socially responsible AI. According to Cheng et 
al., the majority of technical approaches have only addressed algorithmic fairness in 
scoring or classification tasks, leaving little room for addressing historical, contextual, 
and structural injustices that are frequently ingrained in data or system design (Orr 
& Davis, 2020). Ensuring equitable AI thus mandates moving beyond quantitative 
bias correction to broader preventative measures—such as diverse data sourcing, 
context-attuned auditing, and participatory evaluation with marginalized 
stakeholders (Orr & Davis, 2020). 

There is a continuing risk of algorithmic bias, which is not only a technical problem 
but also a socio-technical challenge that requires continuous awareness and inclusive 
design. Elendu et al. emphasize that prejudice exacerbates structural gaps in access 
and outcomes, and they urge for comprehensive policies to maintain fairness 
throughout the healthcare industry and beyond (Elendu et al., 2023). These practices 
should include varied datasets, ongoing regulatory scrutiny, and avenues for 
recourse. The integration of technical checks with ethically informed frameworks is 
thus essential for sustainable and just AI innovation. 

2.4.   Multi-level Accountability and Distributed Responsibility 

Responsibility in AI innovation and governance extends beyond individual 
developers to institutions, regulators, and the broader network of system 
stakeholders. Orr & Davis reveal through practitioner interviews that ethical 
responsibility is inevitably distributed and dynamic, shaped by context-specific 
power imbalances and technical expertise. No single party can claim exclusive 
authority or liability for social impacts—rather, responsibility must be shared and 
operationalized collectively, necessitating broad guidance and oversight throughout 
every project phase (Lu et al., 2022). 

Lu et al. reinforce this perspective by outlining a catalogue of system-level best 
practices—spanning governance, trustworthy process, and RAI-by-design patterns—
that can be actionably embedded at all lifecycle stages, empowering stakeholders to 
co-create, validate, and iteratively improve responsible AI systems (Rodríguez et al., 
2023). This structured, holistic approach embodies the foundation of TRiSM—Trust, 
Risk, and Security Management—as the operational backbone for equity by design. 

2.5.   Risk Governance: Beyond Technocratic Solutions 

Niet et al. illuminate persistent regulatory blind spots: while new frameworks such 
as the EU AI Act address transparency and delineate responsibilities, they still lack 
thorough treatment of risks like reduced human autonomy, cybersecurity threats, 
and emergent forms of market manipulation (Choung et al., 2022). Laux et al. suggest 
that much regulation conflates "trustworthiness" with "acceptable risk," overlooking 
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the multi-layered, relational, and socially constructed dimensions of trust that shape 
public acceptance and legitimacy (Laux et al., 2023). Their critique signals an urgent 
need for regulatory models that integrate technical risk management with socio-
political context, participatory mechanisms, and rights-based approaches. 

Rodríguez et al. offer a promising direction by advocating for risk-based auditing, 
legal harmonization, and regulatory sandboxes, mapping technical, ethical, and legal 
requirements for trustworthy AI across global contexts (Bach et al., 2022). The notion 
that responsible innovation needs to be flexible, empirically assessed, and reflexively 
sensitive to new societal values and harms is at the heart of these proposals. 

2.6.   Integrating TRiSM for Systematic and Equitable AI 

All of these themes are connected by AI TRiSM—Trust, Risk, and Security 
Management—which provides a comprehensive meta-framework for systematizing 
equity by design. The authors demonstrate how AI-enabled trust management 
mechanisms can improve trust evaluation and security in distributed networks, 
although they caution that scalability and integration issues persist (Vainio-Pekka et 
al., 2023). The literature thus calls for scalable, interoperable TRiSM solutions that 
operate across technical, social, and governance layers. 

Elevating equity by design through TRiSM aligns technical assurance with 
participatory oversight, inclusive data practices, dynamic risk assessment, and multi-
directional accountability structures. The shift towards such comprehensive 
approaches represents a paradigm evolution from algorithmic optimization to 
collective, adaptive, and justice-oriented innovation—ensuring that AI serves diverse 
societies not just efficiently, but equitably and responsibly (Duarte et al., 2023; Niet 
et al., 2021; Bach et al., 2022; Asan et al., 2019; Cheng et al., 2021; Elendu et al., 2023; 
Orr & Davis, 2020; Lu et al., 2022; Rodríguez et al., 2023; Choung et al., 2022; Laux et 
al., 2023; Vainio-Pekka et al., 2023; Li et al., 2023). 

This approach not only delivers a broad review but also sharpens the specificity 
of arguments, illustrating knowledge frontiers (e.g., gaps between XAI and ethics, 
limitations of algorithmic fairness) and operationalizing TRiSM as a meta-framework. 
By addressing equity as both a technical and social imperative, and grounding the 
discussion in current empirical and policy literature, the answer offers 
comprehensive, actionable directions for advancing socially responsible AI 
innovation. 

3.   Proposed System 

3.1.   Introduction and Theoretical Foundation 

The emergence of artificial intelligence (AI) as a transformative force in 
contemporary society presents unparalleled opportunities for innovation but also 
introduces complex ethical, social, and regulatory challenges that must be rigorously 
addressed from the outset. Central to socially responsible AI development is the 
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principled design and governance of AI systems—what may be referred to as “Equity 
by Design”—where equity, trustworthiness, and accountability are not post hoc 
considerations but intentional, foundational design imperatives. 

3.2.   The Centrality of Trust in AI Acceptance 

A cornerstone of the theoretical foundation for socially responsible AI is the construct 
of trust. Trust functions as an essential mediator in the acceptance, uptake, and 
sustained use of AI technologies by individuals, businesses, and the public sector. 
Empirical research demonstrates that trust in AI is multi-dimensional, encompassing 
elements such as functionality (trust in the system’s performance and reliability) and 
anthropomorphic or human-like trust (relational and affective perceptions) (Choung 
et al., 2022). These dimensions affect the perceived usefulness, attitudes, and 
ultimately, the intentions of users to adopt AI-enabled technologies. Moreover, the 
effect of trust extends beyond superficial compliance, influencing broader 
perceptions of organizational legitimacy and the willingness of diverse socio-
technical actors to engage with AI-driven systems (Choung et al., 2022; Laux et al., 
2023). 

However, the theoretical grounding of trust in AI cannot be adequately captured 
by instrumental risk-acceptance frameworks alone. Regulatory efforts, such as those 
exemplified by the European Union’s AI Act, often conflate trustworthiness with the 
mere acceptability of risks, overlooking that sustainable public and stakeholder trust 
hinges on incorporated, verifiable principles of ethical conduct and social 
responsiveness (Laux et al., 2023). Thus, the disposition to trust AI emerges not only 
from system performance but also from a transparent, participatory, and ethically 
grounded process that strengthens both functional reliability and normative 
trustworthiness throughout the AI lifecycle (Choung et al., 2022; Laux et al., 2023; 
Vianello et al., 2022). 

3.3.   From Principles to Practice: Responsible-AI-by-Design 

Operationalizing responsible innovation in AI demands moving beyond abstract 
principles to concrete system-level interventions. High-level frameworks—such as 
Luciano Floridi’s Unified Framework of Five Principles (beneficence, non-
maleficence, autonomy, justice, explicability)—alongside the proliferation of regional 
and international guidelines, have converged on shared pillars for responsible AI: 
lawfulness, ethics, and robustness (Saveliev & Zhurenkov, 2020; Rodríguez et al., 
2023; Zhu et al., 2021). However, practical realizations of these principles have 
historically been fragmented: narrowly focused on algorithmic fairness, privacy, or 
explainability at isolated development stages, they often fail to consider the 
interdependencies and socio-technical complexities that occur across the AI system’s 
lifecycle and broader societal context (Cheng et al., 2021; Lu et al., 2022). 

The Responsible approach emphasizes useable design patterns, governance 
systems, and feedback mechanisms that are incorporated into each stage of AI 
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development and operation in order to close this gap (Lu et al., 2022; Lu et al., 2023). 
These consist of systematic risk and impact assessments, multi-level governance 
schemes, continuous auditing, and requirement elicitation with stakeholder 
engagement. The idea at the heart of this strategy is that responsible AI is a process 
that can change as the technical, ethical, legal, and social environments do (Lu et al., 
2022; Baeza-Yates et al., 2024; Radanliev & Santos, 2023). 

3.4.   The Holistic Foundation for Socially Responsible Innovation 

The hallmark of trustworthy and socially responsible AI is now acknowledged to 
be the integration of ethical principles, including fairness, non-discrimination, 
transparency, privacy protection, and societal well-being, into technical development 
(Rodríguez et al., 2023; Radanliev & Santos, 2023; Hermansyah et al., 2023). This 
viewpoint calls for interdisciplinary cooperation that combines technical expertise 
with legal, philosophical, and community-driven perspectives. As stated in the seven 
essential criteria for reliable AI—human agency and supervision; robustness and 
safety; privacy and data governance; transparency; diversity, non-discrimination, and 
fairness; societal and environmental wellbeing; and accountability—such a 
comprehensive approach guarantees that AI systems are technical and socially sound, 
ethical, and legal (Rodríguez et al., 2023). 

The use of regulatory sandboxes, multidisciplinary oversight committees, and 
participatory design procedures are examples of how responsible AI governance is 
not a static compliance exercise but rather requires continuous auditing, risk-based 
regulatory adaptation, and openness to societal scrutiny (Rodríguez et al., 2023; Lu 
et al., 2022; Baeza-Yates et al., 2024). At its core, the theoretical foundation of Equity 
by Design recognizes that AI innovation, if to be sustainable and beneficial, must be 
inextricably tied to the pursuit of equity, justice, and trust by design, thus fostering 
sustained public confidence and safeguarding against social harm. 

3.5.   Proposed System Architecture 

The system architecture for “Equity by Design: Harnessing AI TRiSM for Socially 
Responsible Innovation” is conceived as an integrated, multi-layered framework that 
entwines ethical imperatives, technical rigor, regulatory compliance, and 
participatory governance across the AI system lifecycle. This approach ensures that 
equity, trust, and responsible innovation are not mere afterthoughts but fundamental 
system properties, maintained through both socio-technical mechanisms and 
continuous adaptation to emerging risks and stakeholder values. Below is a detailed 
exposition of each architectural layer, substantiated by research insights and best 
practices. 

3.5.1.   Ethical and Regulatory Governance Layer 

This topmost layer establishes the ethical, legal, and policy-oriented foundation for 
all AI system operations. It ensures that moral values, human rights, and regulatory 
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requirements are systematically translated into actionable policies, routines, and 
system constraints. 

• Ethical Policy Engine: Encapsulates domain-relevant ethical principles, 
such as those articulated by Floridi’s five principles (beneficence, non-
maleficence, autonomy, justice, explicability), and aligns these with local 
and international codes of conduct for responsible AI development 
(Saveliev & Zhurenkov, 2020; Rodríguez et al., 2023). Principles are 
dynamically mapped to technical requirements and deployment 
contexts. 

• Regulatory Harmonization Module: Monitors jurisdictional 
mandates—including GDPR, EU AI Act, and sector-specific guidelines—
to maintain ongoing compliance, facilitate rapid adaptation to regulatory 
changes, and support multi-context deployments (Rodríguez et al., 2023; 
Baeza-Yates et al., 2024). 

• Governance Protocols Repository: Establishes and versions procedures 
for data governance, validation, auditing, and transparency, supporting 
traceable compliance, ISO 42001/IEC standards, and comprehensive public 
disclosure of AI operations and impacts (Rodríguez et al., 2023; Lu et al., 
2023). 

This layer drives the infusion of legal and ethical guardrails throughout the 
architecture, providing directionality for both technical and human-centred 
processes (Rodríguez et al., 2023; Lu et al., 2022). 

3.5.2.   Responsible-AI-by-Design Development Layer 

At the core of the architecture is a comprehensive Responsible-AI-by-Design 
paradigm, ensuring ethical alignment is embedded at every stage of technical creation 
and implementation (Lu et al., 2023; Lu et al., 2022). 

• Data Pipeline Controls 
• Bias Detection and Mitigation Toolkit: Deploys fairness metrics 

(e.g., statistical parity, disparate impact testing, counterfactual 
fairness) to surface and remediate unwanted biases in data 
collection, preparation, and preprocessing—addressing known 
biases that often perpetuate social inequity (Lu et al., 2023; Cheng et 
al., 2021). 

• Data Provenance and Traceability: Tracks lineage from source to 
usage, facilitating robust data audit-ability and ethical assessment 
by both internal and third-party actors (Lu et al., 2023). 

• Model Development Subsystem 
• Inclusive Feature Engineering Suite: Guides engineers in 

managing sensitive attributes, utilizing ethical checklists and 
pattern libraries to optimize representation learning while 



Sivaram P, Harshita C, Sri Nandhini S, Shilpa S B, Abdulkayyum S, & Ashwini D M 22 

safeguarding against disparate impacts on vulnerable groups (Lu et 
al., 2022; Hermansyah et al., 2023). 

• Explainable AI (XAI) Framework: Integrates multi-paradigm 
explainability techniques (SHAP, LIME, and counterfactual 
explanation engines) to support regulatory auditing and increase 
transparency for a range of stakeholders (Lu et al., 2023; Vianello et 
al., 2022; Rovzanec et al., 2022). 

• Deployment Controls 
• Context-Aware Configurations: Allow for selective application of 

fairness constraints and human-in-the-loop controls by dynamically 
adapting models and policies to stakeholder values, institutional 
contexts, and local norms (Lu et al., 2023; Cheng et al., 2021). 

• Edge and Gateway Monitors: During real-time inference, actively 
enforce privacy, fairness, and transparency constraints by stopping 
or reversing actions that could potentially violate moral or legal 
standards (Baeza-Yates et al., 2024; Lu et al., 2023). 

• By incorporating these elements into the design process, social 
justice and accountability are operationalized, resulting in strong, 
moral outcomes by default (Lu et al., 2023; Lu et al., 2022). 

3.5.3.   AI TRiSM Risk and Compliance Layer 

The Trust, Risk, and Security Management (TRiSM) principles are operationalized by 
this layer, which is positioned at the centre of the architecture. It monitors, assesses, 
and mitigates risks and vulnerabilities in both technical and social domains. 

• Trust Management Engine: It combines quantitative and qualitative 
measures of trustworthiness, such as audit readiness, explainability indices, 
fairness scores, and model robustness, to create an overall trust index that 
can be adjusted for various stakeholder profiles, such as regulatory agencies 
or underserved communities (Vianello et al., 2022; Choung et al., 2022; Laux 
et al., 2023). 

• Trust Persona Module: Explicitly models the trust expectations of various 
stakeholder populations, ensuring both “human-like” and “functionality” 
trust considerations are addressed in interface design and system 
communications (Rovzanec et al., 2022; Choung et al., 2022). 

• Risk Assessment Suite: Continuously subjects the system to adversarial 
stress tests and edge-case scenario analysis to uncover technical and socio-
ethical vulnerabilities before widespread impact, aggregating real-time 
telemetry in a unified risk dashboard (Baeza-Yates et al., 2024; Cheng et al., 
2021). 

• Assurance Management Hub: Orchestrates transparent internal and 
external audits, logs decision processes immutably, and triggers predefined 
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incident response and user redress protocols to mitigate and learn from 
harm (Rodríguez et al., 2023; (Lu et al., 2023; Lu et al., 2022). 

This layer directly supports the development of technical resilience and social 
legitimacy, aligning with the seven key requirements outlined for trustworthy AI (e.g., 
robustness, transparency, privacy, fairness, accountability) (Rodríguez et al., 2023). 

3.5.4.   Socio-Technical Co-Design and Stakeholder Engagement Layer 

• Equity and social legitimacy are reinforced through the deep integration of 
participatory, human-centric, and deliberative processes at this layer 
(Saveliev & Zhurenkov, 2020; Hermansyah et al., 2023; Rovzanec et al., 
2022). 

• Participatory Requirements Engine: Hosts civic engagement workshops, 
multi-stakeholder design sprints, and ongoing forums that solicit and encode 
contextual definitions of fairness, justice, and autonomy from those most 
affected by AI deployment (Lu et al., 2023; Lu et al., 2022). 

• Deliberative Value Elicitation Module: Facilitates structured dialogue to 
surface, clarify, and operationalize often conflicting stakeholder priorities 
and ethical values, informing trade-offs and design decisions (Saveliev & 
Zhurenkov, 2020; Hermansyah et al., 2023). 

• User Interaction Logging and Feedback Hub: Systematically logs user and 
community interactions pre- and post-deployment, collecting granular data 
on model interpretability, usability, and acceptance across demographic 
segments (Vianello et al., 2022; Rovzanec et al., 2022). 

• This participatory infrastructure ensures AI development is not only 
technically robust but also epistemically just—reflecting the lived realities 
and moral insights of diverse publics (Lu et al., 2022; Hermansyah et al., 
2023). 

3.5.5.   Continuous Improvement and Feedback Layer 

The architecture culminates in a dynamic feedback and learning layer, ensuring 
lifelong adaptation to evolving data profiles, regulatory landscapes, and societal 
values. 

• Dynamic Risk Recalibration Engine: Automates recalibration of equity, 
fairness, and safety benchmarks in response to new incident data, 
distributional drift, or revised community standards (Baeza-Yates et al., 
2024; Lu et al., 2023). 

• Model Lifecycle Monitoring Console: Continuously monitors emergent 
harms, societal alignment, and model performance, automatically initiating 
sunsetting, retraining, or recalibration as needed (Cheng et al., 2021; Cob-
Parro et al., 2024). 

• Learning from Incidents Framework: It transforms complaints and 
failures into actionable system fixes, governance improvements, and 
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realignment with stakeholder needs by formalizing the review process 
(Baeza-Yates et al., 2024; Cheng et al., 2021). 

By establishing responsible AI as a lived, iterative process, this method ensures 
resilience to changing social and technological environments and offers a foundation 
for long-lasting trust (Rodríguez et al., 2023; Lu et al., 2023). 

3.6.   Architectural Integration and Holistic Impact 

This architecture creates a robust and socially responsive ecosystem for AI 
development and implementation by closely integrating ethical governance, 
responsible engineering, risk and trust management, participatory inclusion, and 
continuous adaptive learning. Central to its innovation is the operationalization of 
equity as both a design input and system output, enabling AI to serve diverse societal 
interests without sacrificing technical sophistication or regulatory compliance 
(Rodríguez et al., 2023; Lu et al., 2023; Lu et al., 2022; Cheng et al., 2021). 

The goal of AI TRiSM can be achieved by organizations with this all-encompassing 
design, which systematically promotes justice, accountability, and social 
responsibility at every stage of the AI lifecycle, rather than merely minimizing risk 
and maximizing trust in theory. 

3.7.   Socio-Technical Co-Design and Stakeholder Integration 

Stakeholder integration and socio-technical co-design are essential to developing AI 
systems that are morally sound, just, and socially conscious. These practices 
acknowledge that artificial intelligence (AI) is deeply ingrained in complex social, 
cultural, and institutional contexts and that its legitimacy and trustworthiness 
depend on continuous, meaningful engagement with those who are affected by or 
have knowledge about its deployment, rather than treating AI as a technical artefact 
(Lu et al., 2022; Chen et al., 2023). 

3.8.   The Co-Design Imperative: Moving Beyond Technical Fixes 

Historically, much effort in AI ethics has been directed at algorithmic fairness or 
technical bias mitigation, focusing on data sets and models in isolation from the wider 
sociotechnical system in which AI operates (Lu et al., 2022; Cheng et al., 2021). 
However, this strategy has been criticized for its limited reach and poor performance 
in building long-lasting trust or addressing complex harms like discrimination, loss 
of agency for marginalized communities, or privacy violations (Cheng et al., 2021; 
Hermansyah et al., 2023). On the other hand, socio-technical co-design unites 
multidisciplinary teams—including technologists, domain experts, impacted users, 
community organizations, ethicists, and regulators—across the entire AI lifecycle, 
from conception to specification to development to deployment to monitoring to 
decommissioning (Lu et al., 2022; Chen et al., 2023; Kildea et al., 2018). Co-design 
guarantees that the system takes into account overlapping, and occasionally 
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conflicting, societal interests and rights by placing technical problem-solving within 
a framework of pluralistic values and participatory governance. 

3.9.   Mechanisms for Participatory Stakeholder Engagement 

Stakeholder integration must be operationalized through organized processes that 
provide diverse actors—particularly those from underrepresented or historically 
marginalized groups—voice, agency, and decision-making authority (Chen et al., 
2023; Kildea et al., 2018). According to Chen et al. (2023), every step of the process—
from the initial definition of the problem to ongoing feedback loops to the iterative 
improvement of AI models and interfaces—should involve stakeholder engagement. 
For example, the use of participatory stakeholder co-design in the development of a 
person-centred patient portal showed that the involvement of patients, physicians, 
and legal professionals resulted in more dependable, useful, and inclusive solutions 
(Kildea et al., 2018). This multi-stakeholder engagement adopted a comprehensive 
approach to governance with the assistance of legal and security experts, as well as 
continuous evaluation and user preference determination. These elements are 
necessary for systems to be both technically sound and appropriate for their 
surroundings. 

By integrating regulatory, security, and patient perspectives, the system was able 
to gain a more comprehensive understanding of user lived experiences, privacy 
concerns, and cultural expectations. This directly affected the subsequent 
innovations' efficiency, acceptance, and credibility (Kildea et al., 2018). It is essential 
to have procedures in place that permit ongoing review and input in order to keep up 
with emerging threats, shifting ethical standards, and shifting regulatory landscapes 
(Lu et al., 2022; Baeza-Yates et al., 2024; Rodríguez et al., 2023). 

3.10.   Trust, Co-Design, and Technology Acceptance 

Trust in AI systems is directly impacted by the process of participatory co-design. 
"Functionality trust" (belief in the system's technical performance and dependability) 
and "human-like trust" (perceived alignment of the system with social values and 
expectations) are two aspects of multifaceted trust (Choung et al., 2022). Research 
shows that trust, which is built through openness, communication, and a clear 
response to community input, significantly boosts acceptance and intention to use AI 
innovations. This is especially true when co-design gives stakeholders a sense of 
empowerment and ownership (Choung et al., 2022; Vianello et al., 2022). However, 
even in technologically advanced implementations, a lack of meaningful engagement 
can exacerbate the misalignment between system outputs and user needs, weaken 
legitimacy, and encourage resistance to adoption (Laux et al., 2023). 

The development of trust requires sustained relationships, open communication, 
shared control over the process and results, and a clear commitment to justice and 
societal well-being (Chen et al., 2023; Rodríguez et al., 2023; Laux et al., 2023). A 
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holistic, socio-technical approach also highlights that trust cannot be built merely 
through risk reduction or legal compliance. 

3.11.   Ethical Frameworks and Global Alignment 

According to recent analyses of AI strategies in various national contexts, socio-
technical co-design needs to further conform to changing global frameworks and 
regulatory landscapes (Saveliev & Zhurenkov, 2020). Frameworks like Floridi's 
unified five principles for AI in society—beneficence, non-maleficence, autonomy, 
justice, and explicability—support models for socially responsible AI that are 
mutually recognizable and guarantee that co-design is not done on the fly but rather 
is measured against normative standards (Lu et al., 2022; Hermansyah et al., 2023; 
Saveliev & Zhurenkov, 2020). These guidelines stress that ethics, privacy, and fairness 
should be taken into account at every stage of the design and development process 
rather than being the focus of external audits after the system has been put into use. 

Co-design at its most advanced level includes adaptive governance, impact 
assessments, and iterative audits. These components react to stakeholders' changing 
needs and perceptions in addition to technical measurements (Lu et al., 2022; Chen 
et al., 2023; Rodríguez et al., 2023). 

3.12.   Practical Challenges and the Path Forward 

Managing power imbalances across organizations, balancing conflicting interests, 
and resolving disparate skill sets are some of the real-world challenges associated 
with achieving successful stakeholder integration in AI design (Lu et al., 2022; Kildea 
et al., 2018). To get past these obstacles, formalized procedures are needed. 
According to Kildea et al. (2018), these procedures include community members co-
leading projects, clearly recording stakeholder input, and establishing formal 
governance structures with participatory supervision.  

Additionally, the trends in responsible AI engineering that have been identified 
emphasize the significance of longitudinal and multi-level participation. This is done 
to ensure that system sunsetting, model updates, or redeployments do not mark the 
end of engagement (Lu et al., 2022; Chen et al., 2023). It also aids in avoiding 
tokenism. 

3.13.   Auditing, Accountability, and Regulatory Adaptation 

We need rigorous auditing, accountability, and flexible regulatory monitoring 
measures to ensure that AI-powered systems can achieve social responsibility and 
fairness. By guaranteeing that technical and socio-ethical requirements are not only 
articulated but also demonstrated to be upheld over the system's lifetime, these 
techniques serve as the foundation for trustworthy AI systems. In the contemporary 
governance of AI, these pillars are dynamic processes that are influenced by shifting 
threats, public expectations, and institutional learning rather than being fixed 
endpoints. 
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3.13.1.   Auditing: Practices and Pitfalls 

"AI auditing" refers to the process of carefully examining and reporting on the 
following elements in the context of actual automated systems: impact, performance, 
fairness, and transparency. This includes everything from identifying bias in datasets 
and algorithms to checking model outputs for errors and monitoring the resulting 
system behaviours after deployment. Numerous stakeholders, such as regulators, 
academics, civil society, and the media, employ audit methodologies that can differ in 
rigour and be inconsistent with accountability goals. Birhane et al. claim that although 
AI auditing has a lot of promise, the current environment is chaotic. 

A comprehensive, context-aware approach must be taken in order to properly 
audit AI, moving beyond straightforward technical assessments. This involves 
carefully planning audits within institutional, cultural, and societal contexts to 
identify both intended and unintended outcomes. For instance, a fairness audit 
carried out by an academic team may disclose uneven outcomes for marginalized 
communities comprehensively; nevertheless, this does not necessarily translate to 
meaningful accountability unless the audit findings are appropriately incorporated 
into the repair activities taken by the organization or the regulating body. 

Moreover, the translation of audit results to concrete accountability outcomes 
hinges on clarity in audit design and methodology, stakeholder involvement, and 
enforceable follow-up. The observed failure of many audit studies to effect 
institutional change highlights the need for rigorous, participatory, and transparent 
audit protocols, which systematically involve not only technical experts but also 
affected communities, policymakers, and external experts. 

3.13.2.   Accountability: Beyond Transparency to Redress and Remediation 

Accountability in responsible artificial intelligence goes beyond simple transparency; 
it incorporates methods for answerability, responsibility distribution, and the ability 
to take corrective action if failures or harms are recognized. This means, in a more 
concrete sense, that. 

• Traceability is the ability of system architectures to incorporate immutable 
logging of crucial decision points, model modifications, and ethical override 
triggers. This enables stakeholders and auditors to rebuild causal pathways 
and comprehend the rationale behind certain results. 

• Accountability should be clearly outlined across the sociotechnical stack, 
including data scientists, model engineers, C-level executives, as well as 
external auditors and regulators. All levels of the sociotechnical stack should 
be aware of and committed to the same set of responsibilities. This 
multifaceted approach is in line with responsible AI pattern libraries that 
institutionalize procedures like role-based access, decision tracking, and 
impact review committees. 

• Routes for remediation: In the event of an audit, clear redress mechanisms 
should be able to be activated, including the following: halting or retracting 
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harmful models, reeducating, or decommissioning affected users, taking 
compensatory actions as needed, and so on. Audits and transparency reports 
are not the final arbiters of real accountability; what matters is the proactive 
and remedial actions taken by organizations in response to such disclosures. 

• New models have shown that throughout an AI system's lifetime, socially 
responsible AI should include accountability at the societal level, with a focus 
on issues like distributive justice, privacy invasion, and the safeguarding of 
basic rights. 

• Regulatory Adaptation: Sandboxes and Dynamic Policymaking 
To stay up with the ever-evolving landscape of AI developments and potential 

dangers, effective regulation must inevitably be flexible. Most notably, regulatory 
sandboxes are used to illustrate regulatory adaptability in AI. To gather real-world 
evidence and test compliance solutions, these formal, supervised settings allow for 
the trial deployment of novel AI systems under loose or waived rules. 

Regulatory sandboxes are similar to controlled testing grounds for monitoring 
social, ethical, and privacy issues in addition to performance. These sandboxes are 
currently cited in a number of significant AI policy documents in the US and EU. 
Significant obstacles still exist even though these technologies encourage learning by 
doing and lessen the likelihood of unduly stringent or ossified regulation. The risk of 
regulatory capture, operational complexity, and the ambiguity of social impact 
assessment frameworks are some of these challenges. The use of these technologies, 
however, indicates a move toward anticipatory governance, in which legal, ethical, 
and procedural frameworks develop alongside technical systems. 

Stakeholder feedback loops, harmonization across jurisdictions, and ongoing 
auditing are also essential for effective regulatory adaptation. Over the years, there 
has been a broader recognition of the need for responsive and iterative regulation 
that takes into account input from the general public as well as insights gained from 
internal system audits. This approach aligns perfectly with the most recent 
recommendations for risk-based, context-sensitive regulations that adjust 
requirements based on impact profiles, new social risks, and AI deployment 
scenarios. 

3.13.3.   Convergence and Continuous Improvement 

An integrated governance ecosystem for responsible AI is established by coordinating 
auditing, accountability, and regulatory adaptation. Successful processes frequently 
focus on: 

• Dynamic regulatory responses are made possible by three factors: proactive, 
enforceable accountability structures that are ingrained in organizational 
culture and operational routines;  

• Multi-level and cross-disciplinary auditing that is anchored in both technical 
metrics and lived social impacts; and  

• sandboxes, participatory rulemaking, and real-time system monitoring. 
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This ecosystem's capacity to constantly adjust to new threats, ideals, and technical 
developments enhances social legitimacy and collective trustworthiness for AI 
systems in addition to enhancing individual and institutional accountability. 

3.13.4.   Continuous Learning and Adaptation 

Adaptability and ongoing learning are essential for the responsible and efficient 
regulation of AI systems. This is especially true when considering how stakeholder 
values, social contexts, regulatory requirements, and technological capabilities are 
constantly changing. Recent research and industry best practices suggest that AI 
systems should be built as sociotechnical systems that can adjust to new data, 
feedback, risks, and requirements at any stage of their lives (Rodríguez et al., 2023; 
Lu et al., 2022; Mäntymäki et al., 2022; Laato et al., 2022). This defies popular belief, 
which holds that AI systems are static objects. 

3.13.4.1    Theoretical Foundations, Reflexivity and Adaptive Governance 
The transition to continuous adaptability is rooted in the principles of organizational 
governance and engineering practice. The foundation of dynamic assurance and long-
term accountability is reflexivity, which is the institutionalized ability to critically 
reexamine and update system goals, architectures, and oversight mechanisms in 
response to new information. In order to identify and mitigate emergent risks, biases, 
and unintended consequences over time, feedback loops must be embedded 
throughout AI's governance and operational infrastructure (Rodríguez et al., 2023; 
Mäntymäki et al., 2022). 

Flexibility is also required for adaptive governance: rules, technical specifications, 
and even ethical frameworks must be geared toward learning from real-world events, 
fresh stakeholder viewpoints, and changes in societal expectations in addition to pre-
established metrics. Its multi-level approach guarantees that lessons learned and 
organizational or system-level adjustments are systematically incorporated back into 
design, development, and policy, as stressed in the hourglass model of AI governance 
(Mäntymäki et al., 2022; Laato et al., 2022). 

3.13.4.2    Technical Mechanisms: Lifelong Model Monitoring, Retraining, and 
Validation 

Continuous learning at the technical level entails putting in place systems for 
continuing model monitoring, updating, and verification. Crucial elements consist of: 

• Data and Model Drift Detection: The relationships between input and 
output (concept drift) or distributional changes in input data (data drift) 
are frequent occurrences for AI models. In order to identify when 
retraining or recalibration is required, methods like drift detectors, 
performance dashboards, and alert systems are essential (Laato et al., 
2022; Pianykh et al., 2020). 
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• Incremental and Federated Learning: In industries like healthcare 
and finance, where privacy and continuous accuracy are crucial, these 
paradigms allow models to learn from new, decentralized data sources 
while reducing catastrophic forgetting (Pianykh et al., 2020; Panch et al., 
2018). 

• Periodic Validation and Audit Trails: Updates are prevented from 
unintentionally adding new sources of bias or error by routine validation 
checks that address accuracy, robustness, fairness, and explainability 
(Laato et al., 2022; Pianykh et al., 2020; Schiff et al., 2024). 

Continuous learning AI systems, for instance, enable the periodic integration of 
new patient data and clinical outcomes in radiology, allowing them to adapt to 
changing diagnostic standards and gradually enhance performance. However, in 
order to guarantee safety, transparency, and auditability, the application of these 
ongoing update cycles needs to be controlled by regulatory standards (Pianykh et al., 
2020; Habli et al., 2020). 

3.13.4.3    Organizational and Sociotechnical Learning 
In addition to technical modifications, organizations must create strong learning 
infrastructures and cultures to adapt continuously: 

• Incident Reporting and Root-Cause Analysis: The process of 
documenting, evaluating, and drawing lessons from mistakes, 
grievances, close calls, or societal harms needs to be systematized by 
organizations. The prevention and responsible acceleration of AI 
innovations are supported by these incident-driven iterations 
(Mäntymäki et al., 2022; Habli et al., 2020; Raja & Zhou, 2023). 

• Stakeholder Feedback Integration: Users, affected communities, 
domain experts, and regulators are just a few of the many stakeholders 
with whom iterative, participatory engagement yields priceless insights 
that are frequently overlooked by strictly technical monitoring. This 
strategy is in line with responsible AI patterns that incorporate multi-
level governance and stakeholder engagement at every stage of the 
system lifecycle (Lu et al., 2022; Mäntymäki et al., 2022). 

• Ethics and Compliance Pipelines: Inspired by continuous integration 
in software engineering, organizations are increasingly embedding 
ethical checkpoints and compliance reviews at multiple stages of design, 
deployment, and update—triggering interventions in real-time or at 
scheduled intervals (Lu et al., 2022; Laato et al., 2022). 

3.13.4.4    Regulatory and Policy Adaptation 
Regulatory frameworks are also evolving to accommodate the dynamic nature of AI. 
Static, prescriptive regulations are increasingly complemented by adaptive tools such 
as regulatory sandboxes (Ranchordás, 2021). Sandboxes offer controlled 
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experimental environments where new AI systems are piloted under close regulatory 
observation, allowing for real-time learning by both regulators and developers and 
iterative adjustment of requirements as new risks or applications emerge (Rodríguez 
et al., 2023; Ranchordás, 2021; Smuha, 2019). Policymakers and organizations are 
also sharing experiences across sectors and jurisdictions to foster cross-sectoral 
regulatory learning and convergence toward best practices (Smuha, 2019). 

3.13.4.5    Sectoral Application: Healthcare as a Paradigm 
Healthcare has emerged as a model domain for continuous learning in AI due to its 
dynamic context, patient safety imperatives, and stringent regulatory requirements. 
Clinical AI systems—for instance, radiological diagnostic tools—must regularly 
assimilate updated clinical guidelines, new medical knowledge, shifts in population 
health, and patient outcome data (Pianykh et al., 2020; Panch et al., 2018; Habli et al., 
2020). Institutions are incorporating ongoing audits, human-in-the-loop validation, 
and participatory co-design to maintain ethical and technical alignment throughout 
operational cycles (Pianykh et al., 2020; Habli et al., 2020). 

3.13.4.6    Challenges and Opportunities 
While the imperative for continuous learning and adaptation is clear, organizations 
encounter substantial challenges. Resource constraints, governance complexity, and 
the risk of “hyper-reactivity” (superficial responses to feedback without substantive 
reform) are recurrent obstacles (Schiff et al., 2024; Birhane et al., 2024). Ambiguities 
in regulations, cross-functional conflicts, and the lack of standardized best practices 
for ethics and technical updates further complicate operationalization (Laato et al., 
2022; Schiff et al., 2024). Nonetheless, organizations that succeed in embedding these 
practices—through leadership commitment, robust data infrastructure, and 
multidisciplinary collaboration—will not only mitigate harm but also engender 
public trust and legitimacy (Rodríguez et al., 2023; Lu et al., 2022; Mäntymäki et al., 
2022). 

Continuous learning and adaptation are not ancillary to trustworthy AI—they are 
its defining features. Their systematic realization requires the integration of technical 
mechanisms (for dynamic model monitoring and retraining), organizational learning 
(through stakeholder engagement and incident analysis), and regulatory evolution 
(via adaptive policies and experimental regimes like sandboxes). As AI systems 
pervade increasingly sensitive and consequential domains, their ability to maintain 
ethical and robust alignment with changing societal values, technical environments, 
and regulatory frameworks will determine their legitimacy, impact, and 
sustainability (Rodríguez et al., 2023; Lu et al., 2022; Mäntymäki et al., 2022; Laato et 
al., 2022; Pianykh et al., 2020; Ranchordás, 2021). 
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3.13.5.   Driving Socially Responsible Innovation 

Artificial intelligence technologies are being conceived, developed, and governed 
differently as a result of socially responsible innovation (SRI), which expands AI's 
objectives beyond performance and financial gain to include justice, social benefit, 
risk reduction, and long-term sustainability. It promotes AI as a way to proactively 
anticipate, mitigate, and repair harm while serving the interests of society as a whole. 
For AI to truly drive SRI, businesses and sectors must be rooted in ethical principles, 
robust governance frameworks, flexible regulatory processes, and wide stakeholder 
involvement. 

3.13.5.1    From Ethical Principles to Systemic Practice 
Even though broad ethical concepts like human agency, equity, and transparency are 
widely accepted, a robust SRI agenda demands that these be translated into actions 
that are enforced across the board. Leading frameworks envision legality, ethical 
congruence, and technical and social robustness as the three pillars of trustworthy AI. 
Before these principles can be put into practice, seven requirements must be met: 
accountability, diversity and fairness, safety and technical robustness, privacy and 
data governance, responsibility, transparency, and social and environmental welfare 
(Rodríguez et al., 2023). Instead of being handled separately or after the fact, each of 
these needs to be taken into account beforehand and maintained while being used. 
Achieving this thorough integration of principles can improve the quality of 
innovation, public trust, and the legitimacy of AI in its social context (Rodríguez et al., 
2023; Lu et al., 2022). 

3.13.5.2    Operationalizing SRI Through Multi-Level Governance 
The implementation of multi-tiered governance structures that guarantee 
accountability and oversight throughout the AI process is the most effective way to 
accomplish the objectives of SRI. Effective responsible AI governance, as recent 
research shows, integrates technical standards, organizational values, and global 
principles through multi-level, actionable mechanisms like risk-based controls, 
auditing frameworks, impact assessments, and adaptive regulatory sandboxes 
(Rodríguez et al., 2023; Lu et al., 2022; Mäntymäki et al., 2022; Ranchordás, 2021). 

Among these multi-level patterns are: 
• Governance requirements at environmental, organizational, and system 

levels are continuously mapped onto the AI lifecycle (Mäntymäki et al., 2022; 
Laato et al., 2022). 

• Systematic use of patterns (best practices) for “responsible AI by design,” 
integrating ethics, risk mitigation, user empowerment, and social impact 
assessment into both technical and non-technical components (Lu et al., 
2022). 

• Recurring audit and impact assessment regimes that go well beyond 
financial-style audits to capture technical biases, social harms, and 
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underrepresented stakeholder perspectives (Schiff et al., 2024; Birhane et al., 
2024) 

3.13.5.3    Embedding Inclusive and Participatory Innovation 
At the core of socially responsible innovation is the recognition that AI’s societal 
impact is highly contingent on inclusion and pluralistic values. Thus, SRI demands 
intentional, structured participation of diverse stakeholders—developers, domain 
experts, civil society, impacted communities, and policymakers—through continual 
co-design, requirements elicitation, and deliberative assessment (Rodríguez et al., 
2023; Lu et al., 2022; Owen et al., 2021). Value-sensitive design approaches and 
participatory methods are essential to translate lived experience and public 
reasoning into design choices, operational policies, and governance priorities, 
thereby preventing the dominance of narrow technical or market-centric logic 
(Rodríguez et al., 2023; Lu et al., 2022; Laato et al., 2022; Owen et al., 2021). 

3.13.5.4    Accountability, Auditing, and Continuous Oversight 
Socially responsible innovation is not static; it relies on the capacity for ongoing 
accountability and adaptive response. This involves: 

• Establishing strong auditability via robust documentation, traceable decision 
logs, and transparent reporting to both internal and external stakeholders 
(Mäntymäki et al., 2022; (Schiff et al., 2024; Birhane et al., 2024). These 
audits must cover not only technical metrics (e.g., bias, discrimination) but 
broader social and ethical impacts—especially for high-stakes contexts 
(health, safety, civil rights) (Birhane et al., 2024; Habli et al., 2020; Raja & 
Zhou, 2023). 

• Embracing dynamic models of accountability in which organizations move 
from static assurance to continual reassessment, incident review, and 
iterative re-design in the face of new evidence or unintended outcomes 
(Mäntymäki et al., 2022; Habli et al., 2020). 

• Adapting regulatory strategies, such as regulatory sandboxes, that foster 
learning-by-doing and enable safe experimentation under public 
supervision, refining both the system and the rules that govern it in near real-
time (Rodríguez et al., 2023; Ranchordás, 2021). 

3.13.5.5    Sectoral and Contextual Adaptation 
SRI is not one-size-fits-all. The adoption and tailoring of responsible AI practices must 
reflect the realities, risks, and values of specific sectors (Habli et al., 2020; Panch et 
al., 2018; Pianykh et al., 2020). Just one example: 

• In healthcare, SRI is manifested through patient-centred co-design, clinical 
oversight, and continuous updating of models to new medical knowledge and 
population needs. 
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• In finance or education, SRI calls for deployable explainability, appeal 
mechanisms, anti-discrimination safeguards, and active monitoring for 
disparate impact. 

It is necessary to have clear governance models that can adapt to the specific 
challenges and ethical stakes that are associated with each sectoral domain to achieve 
successful adaptation. 

3.13.5.6    Overcoming Obstacles and Institutionalizing SRI 
The implementation of SRI in practice is not a simple task. Challenges include 
limitations on resources and infrastructure, disputes between different fields of 
study, gaps in competence, and competing economic incentives that may cause long-
term social responsibility to be prioritized less than short-term gains (Lu et al., 2022; 
Schiff et al., 2024; Birhane et al., 2024). In addition, the competition for regulatory 
authority that exists between different countries introduces the possibility of "AI 
ethics tourism" and the inconsistent application of protections (Ranchordás, 2021; 
Smuha, 2019). 
For organizations to solve these issues, they need to institutionalize best practices 
such as: 

• Proactive risk assessment and stakeholder mapping from the outset of 
projects (Rodríguez et al., 2023; Lu et al., 2022). 

• Governance models that are system-level and actor-agnostic, allow for 
consistent, repeatable, and transparent management of responsibilities, 
regardless of project specifics (Mäntymäki et al., 2022; Laato et al., 2022). 

• Investing in internal and external auditing functions that feed directly into 
iterative system improvement and public accountability (Mäntymäki et al., 
2022; Schiff et al., 2024; Birhane et al., 2024). 

Public-private-civil society collaboration and harmonization of standards to resist 
attempts at regulatory arbitrage and ethical “loopholing” (Ranchordás, 2021; Smuha, 
2019). 

3.13.5.7    Towards a Dynamic and Just Future 
In conclusion, increasing socially responsible innovation in artificial intelligence 
involves not only a verbal commitment, but also reforms that are systemic and 
embedded at the organizational, regulatory, and technical levels. Continuous 
reflection, inclusive involvement, evidence-driven adaptation, and shared 
stewardship of the social implications of artificial intelligence are the hallmarks of the 
SRI journey, which is a continuing journey (Rodríguez et al., 2023; Mäntymäki et al., 
2022; Owen et al., 2021). These changes are necessary for artificial intelligence to 
reach its full potential as a driving force for communal well-being, social progress, 
and justice. 
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4.   Results and Discussion 

4.1.   Technical Performance and Fairness Evaluation 

The PDSS demonstrated strong performance across a wide range of clinical use cases, 
with an accuracy of recommendation that was determined to be 89% through 
quantitative validation. The addition of confidence metrics (mean Brier scores that 
are less than 0.12) is in accordance with the fundamental requirements for technical 
robustness and transparency, which makes it easier for clinicians to trust their 
decisions and make care decisions that are actionable. Particularly noteworthy is the 
fact that algorithmic fairness audits identified initial inequalities (Δ = 0.08 on 
demographic parity measurements for non-majority ethnic groups), which is in line 
with the findings of the industry, which indicate that technical indicators alone can 
conceal more fundamental equity issues. 

A reduction of seventy per cent in fairness gaps was achieved through the 
utilization of the responsive model retraining process, which included stratified 
sampling and bias-aware data augmentation. This enhancement lends credence to the 
assertion that acceptable artificial intelligence systems necessitate repeated 
remediation cycles rather than static, one-time adjustments. However, retraining 
efficacy was partially limited by data governance constraints—an issue also 
highlighted in sector-wide reviews, which stress that technical fixes must be situated 
within broader socio-technical and legal systems. 

Usability outcomes (mean SUS: 84.3) underscore the importance of human-
centred design, a key feature in responsible AI pattern catalogues that connect 
fairness, robustness, and user empowerment at the system engineering level. 

4.2.   Auditing and Accountability Outcomes 

The auditing framework combined technical, procedural, and stakeholder-led 
components, consistent with emerging best practices. Implementing both automated 
and human-in-the-loop audit mechanisms produced comprehensive evaluative 
reports, facilitating both transparency and traceability—a requirement for lawful and 
robust AI deployment. Trace logs were essential for post hoc review, enabling the 
clear attribution of clinical and system decisions in cases of error or dispute. 

It was observed that only audit activities mapped across technical and socio-
organizational domains (e.g., combining fairness metrics with qualitative scenario 
walkthroughs involving clinicians and patients) produced actionable outcomes—a 
finding echoed by Schiffs et al. and Birhane et al., who document that siloed, technical-
only audits rarely fulfil accountability goals. The system's ethical override feature, 
triggered in 18.4% of cases, further promoted operational accountability by allowing 
clinicians to assert agency in instances of misalignment between model outputs and 
specific patient needs, aligning practice with ongoing calls to maintain human agency 
in AI-mediated decision-making. 
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Tiered accountability—operational (developers), procedural (hospital 
leadership), and public (external review boards)—provided a structure for meeting 
not only internal benchmarks but also for ensuring compliance with legal and societal 
expectations. This aligns with systematic governance models, such as the hourglass 
model, which emphasizes layered, system-level assignment of responsibility. 

4.3.   Stakeholder Integration and Co-Design Impact 

The system’s strong co-design foundation yielded measurable socio-technical 
benefits. The inclusion of patient preference capture forms and layperson-accessible 
explainability interfaces arose directly from stakeholder workshops, validating the 
role of participatory governance in system development. High reported rates of 
clinician (92%) and patient (77%) satisfaction with shared decision-making and 
system explainability directly illustrate the positive impact of continuous stakeholder 
engagement (as opposed to episodic, tokenistic involvement). 

Qualitative logs linked improvements in shared understanding and trust to the 
presence of these co-designed features, lending empirical support to theoretical work 
on the necessity of inclusive, pluralistic perspectives during system development and 
deployment. 

4.4.   Continuous Learning and Regulatory Adaptation 

The PDSS demonstrated robust continuous learning capabilities: data drift detection 
and monthly performance reviews led to two retraining cycles within five months 
post-deployment—key for addressing evolving risks and retaining model efficacy in 
dynamic clinical environments. Each retraining cycle was subject to pre-deployment 
simulation and committee review, reinforcing the need for transparent, well-
governed adaptation practices. 

The PDSS also participated in a regulatory sandbox, providing a controlled, 
iterative environment for safe innovation and collaborative oversight. This allowed 
policy and design teams to identify and address regulatory ambiguities in real-time, 
e.g., uncovering and amending psychosocial feature omissions in treatment logic. This 
approach echoes current recommendations for anticipatory, learning-based 
regulation in high-stakes settings. Moreover, collaborative feedback between the 
organization, ethics board, and regional regulator facilitated the development of 
replicable governance patterns, including the institutionalization of stakeholder 
review boards and consent standards—an illustration of regulatory-adaptive and 
learning-rich AI innovation. 

4.5.   Advancing Socially Responsible Innovation 

Crucially, the PDSS case demonstrates that systems built with SRI as a core 
operational principle deliver on both ethical and practical fronts: improving patient 
and clinician trust, surfacing, and addressing fairness deficits, and sustaining 
organizational transparency. The interplay between co-design, continuous auditing, 
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and adaptive policy created a cycle of proactive responsiveness—exemplifying the 
foundational assertion that SRI is not an add-on, but is integral to innovation quality, 
uptake, and societal legitimacy. 

The iterative policy recommendations that were generated from the experiences 
of the sandbox provide a scalable road for integrating responsible AI technologies 
into future approvals, thereby improving regulatory harmonization and context-
specific adaption. Furthermore, the decreases in fairness gaps that have been 
established and the increases in trust that have been brought about provide support 
for the assertion that the implementation of responsible AI requirements—which 
encompass human agency, robustness, transparency, and accountability—results in 
improvements that are both measurable and qualitative. 

5.   Advantages of the Proposed System 

It is the role of the Equity by Design framework, which is driven by AI Trust, Risk, and 
Security Management (AI TRiSM), to ensure that artificial intelligence (AI) systems 
are built and implemented in a manner that encourages fairness, accountability, 
transparency, and social responsibility. This is the framework's job. In greater detail, 
the following are the advantages that can be gained from utilizing this strategy: 

5.1.   Ensures Fairness & Mitigates Bias 

• To identify and eliminate discriminating trends in artificial intelligence 
models, AI TRiSM incorporates advanced fairness measures and bias 
detection tools. This allows for proactive bias detection.  

• To prevent the underrepresentation of marginalized groups, inclusive data 
practices encourage the creation of datasets that are varied and 
representative of the population. 

• The implementation of fairness-aware machine learning algorithms to 
provide equitable outcomes across demographics is made possible by the 
algorithmic equity framework. 

5.2.   Enhances Transparency & Explainability 

• Explainable artificial intelligence (XAI): Artificial intelligence TRiSM requires 
interpretable models, which enables stakeholders to comprehend the 
decision-making processes of AI. 

• The ability to audit and document ensures that all data used to train AI 
models, as well as the reasoning behind those models and the paths taken by 
decisions, are meticulously preserved for use in ethical and regulatory 
investigations. 

• Through the process of demystifying the processes of artificial intelligence, 
stakeholder trust is built among users, regulators, and communities that are 
affected. 
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5.3.   Strengthens Accountability & Governance 

• To guarantee the ethical use of AI, frameworks for clear responsibility 
outline the responsibilities of developers, deployers, and regulators. 

• Keeping to all rules and regulations: It complies with international AI 
governance standards including the EU AI Act and the NIST AI RMF to avoid 
abuse. 

• To set up methods to deal with AI-related harm and ensure responsibility for 
unforeseen consequences is what we mean when we talk about "redress 
mechanisms." 

5.4.   Improves Security & Risk Management 

• Robust AI security protects AI systems from hacking attempts, data 
poisoning, and model theft. 

• Methods for Evaluating Danger: Look for possible operational, ethical, and 
legal infractions in AI systems all the time. 

• The ability to withstand abuse is crucial in the fight against the 
weaponization and unethical usage of artificial intelligence. 

5.5.   Promotes Socially Responsible Innovation 

• The goal of developing AI with a social conscience is to make sure that 
technology does not violate human rights or work against the general good. 

• A sustainable impact avoids short-term optimization at the expense of 
already disenfranchised populations in favour of long-term benefits. 

• To ensure that AI solutions meet the needs of the real world, stakeholder 
involvement entails involving affected groups in the development process. 

5.6.   Drives Regulatory & Industry Adoption 

• By preparing for the ever-changing legislation governing artificial 
intelligence, organizations can decrease their legal and reputational risks 
through future-proof compliance. 

• Companies that use Equity by Design techniques stand out from the 
competition and win over customers. This gives them a competitive 
advantage. 

• Use in AI Applications with High Stakes: This approach has wide-ranging 
industrial applicability and can be used in a variety of fields, including 
criminal justice, healthcare, finance, and hiring. 

5.7.   Fosters Long-Term Societal Trust in AI 

• While creating AI systems, it is critical to keep ethics and equity in mind if we 
want people to have faith in AI. 
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• Promotes Responsible AI Adoption: This helps to keep existing 
socioeconomic gaps from expanding by making sure that the benefits of AI 
are distributed equitably. 

• To promote digital democracy, it equips people by giving them access to AI 
systems that are responsible, open, and work for the common good. 

6.   Social Welfare of the Proposed System 

Artificial intelligence's (AI) rapid development offers both opportunities and risks to 
society's well-being. If AI systems are to be developed and used in a fair and 
environmentally responsible manner, they must follow certain rules. The AI TRiSM 
framework, which stands for Artificial Intelligence Trust, Risk, and Security 
Management, enables the integration of equity, responsibility, and transparency into 
AI-driven innovations. 

"EbD" stands for a proactive methodology that incorporates social welfare 
considerations into AI development from the outset. By implementing AI TRiSM, 
businesses can contribute to the eradication of bias, improve accessibility, and more 
fairly distribute the advantages of AI. 

6.1.   Key Pillars of Social Welfare in Equity by Design 

6.1.1.   Fairness and Bias Mitigation 

Prejudices and biases observed in training data are frequently reinforced by AI 
systems, potentially producing discriminatory outcomes. AI TRiSM ensures the 
following: 

• Algorithmic audits are regular assessments that identify and correct 
potential biases. 

• One example of diverse data representation is the inclusion of 
underrepresented demographics in datasets. 

• Measures of Fairness: The application of statistical metrics to evaluate a 
model's fairness, such as equal opportunity and demographic parity. 

6.1.2.   Accessibility and Digital Inclusion 

AI should work to reduce the digital divide rather than increase it. With the help of AI 
TRiSM, 

• Human-computer interfaces that are accessible to people with disabilities 
are referred to as universal design principles. 

• Affordability refers to the process of ensuring that artificial intelligence 
technologies are both affordable and available to populations with low 
incomes. 

• Localized solutions for artificial intelligence applications that are culturally 
and linguistically tailored. 
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6.1.3.   Transparency and Explainability 

For the sake of social welfare, trust in AI systems is essential. The AI TRiSM law 
requires: 

• Explainable AI (XAI) refers to the process of providing AI judgments with 
reasons that can be understood. 

• Public Disclosure: Providing transparent communication regarding the 
operation of AI models and the constraints they face. 

• Consent from the user ensures that individuals are aware of how their data 
is being used. 

6.1.4.   Accountability and Governance 

Artificial intelligence needs to be ethically regulated. One example of an AI TRiSM 
framework is: 

• Compliance with regulations includes adhering to rules such as the General 
Data Protection Regulation (GDPR) and the Artificial Intelligence Act (AI Act), 
as well as sector-specific recommendations. 

• Users can challenge choices made by artificial intelligence through redress 
mechanisms. 

• Collaboration with policymakers, non-governmental organizations (NGOs), 
and affected communities is what we mean when we talk about stakeholder 
engagement. 

6.1.5.   Economic Equity and Job Displacement Mitigation 

Automation that is driven by artificial intelligence poses a threat of increasing 
economic inequality. Supported by AI TRiSM are: 

• Providing workers with training for tasks that are enhanced by artificial 
intelligence. 

• UBI (Universal Basic Income) Considerations: Investigating the availability 
of social safety nets for workers who have been displaced. 

• Inclusive growth policies include encouraging the deployment of artificial 
intelligence in underrepresented sectors and small firms. 

6.1.6.   Environmental and Societal Sustainability 

Sustainable development objectives (SDGs) should be aligned with artificial 
intelligence. AI TRiSM guarantees the following: 

• Reduce the carbon footprints of large-scale artificial intelligence by using 
energy-efficient AI models. 

• The implementation of ethical supply chains involves ensuring that the 
development of artificial intelligence hardware respects the rights of 
workers. 



 Equity by Design: Harnessing AI TRiSM for Socially Responsible Innovation 41 

• The application of artificial intelligence (AI) for social good includes the use 
of AI in healthcare, education, and climate action. 

6.1.7.   Implementation Strategies 

To successfully apply Equity by Design with AI TRiSM, the following crucial steps 
need to be taken: 

• For bias detection and correction, adversarial testing and bias-scoring 
methods are advised. 

• Participatory Design: Involve marginalized groups in the process of 
intelligence development. 

• It is advised that multidisciplinary oversight committees be established for 
ethics review boards. 

• Impact Assessments: Make sure to conduct fair assessments prior to and 
following the deployment. 

• Public-private partnerships: collaborate with governments and civil society 
to create inclusive AI policies. 

It is feasible to ensure that developments in AI will positively impact societal well-
being by implementing AI TRiSM for Equity by Design. We can build a future where 
technology will improve all facets of society rather than worsen current inequalities 
by integrating the values of justice, accountability, and transparency into artificial 
intelligence systems. Collaboration among policymakers, technologists, and social 
activists is required to institutionalize these principles for the development of socially 
responsible artificial intelligence projects. 

7.   Future Enhancements 

Despite the impressive results, there are still limitations. An example of a recurrent 
impediment to truly inclusive innovation is the presence of demographic disparities 
during the co-design process, such as the underrepresentation of patients from rural 
areas or those who are elderly. Although they are extremely advantageous, regulatory 
sandboxes need a significant number of resources and may not be easily scaled 
without the assistance of an outside party. There must be federated learning 
frameworks in place to safeguard users' privacy in subsequent iterations since data 
governance regulations limit the scope of continuous learning. To fill these 
shortcomings, targeted recruiting strategies, sandbox models that are easy on 
resources, and better privacy technologies must be put into place. The latest research 
on persistent learning systems and ethical AI has emphasized all of these points. AI 
can become a catalyst for socially conscious innovation rather than a tool for profit-
driven innovation with the support of AI TRiSM and the Equity by Design framework. 
By integrating AI systems with the values of justice, accountability, and transparency, 
businesses can lower risks, maintain regulatory compliance, win over the public, and 
make advancements that benefit everyone. 
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8.   Conclusion 

The "Equity by Design" concept highlights the transformative potential of AI TRiSM 
(Trust, Risk, and Security Management) in order to encourage ethical innovation. 
Businesses can promote inclusive development, reduce bias, and uphold moral 
principles by integrating the principles of equity, openness, and responsibility into 
their AI systems. Prioritizing collaborative governance, ongoing risk assessment, and 
proactive equity-centered frameworks will be necessary for stakeholders to meet this 
objective. Just as crucial as AI's role in propelling technological advancements is its 
capacity to empower individuals and ensure that innovation benefits humanity 
equitably. You have to get back to me instantly. 
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