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Abstract

This paper examines the assessment challenges of Respon-
sible AI (RAI) governance efforts in globally decentralized
organizations through a case study collaboration between a
leading research university and a multinational enterprise.
While there are many proposed frameworks for RAI, their ap-
plication in complex organizational settings with distributed
decision-making authority remains underexplored. Our RAI
assessment, conducted across multiple business units and AI
use cases, reveals four key patterns that shape RAI imple-
mentation: (1) complex interplay between group-level guid-
ance and local interpretation, (2) challenges translating ab-
stract principles into operational practices, (3) regional and
functional variation in implementation approaches, and (4)
inconsistent accountability in risk oversight. Based on these
findings, we propose an Adaptive RAI Governance (ARGO)
Framework that balances central coordination with local au-
tonomy through three interdependent layers: shared founda-
tion standards, central advisory resources, and contextual lo-
cal implementation. We contribute insights from academic-
industry collaboration for RAI assessments, highlighting the
importance of modular governance approaches that accom-
modate organizational complexity while maintaining align-
ment with responsible AI principles. These lessons offer prac-
tical guidance for organizations navigating the transition from
RAI principles to operational practice within decentralized
structures.

Introduction
Artificial Intelligence (AI) has become a strategic driver
of innovation across industries, prompting organizations to
adopt AI systems at increasing scale and speed. Alongside
this growth, calls for Responsible AI (RAI), AI that is fair,
transparent, accountable, and aligned with ethical and legal
norms, have moved from abstract principles to operational
necessity (Schiff et al. 2021). Regulatory initiatives such as
the EU AI Act (Dı́az-Rodrı́guez et al. 2023), the OECD
AI Principles (Yeung 2020), and standards like ISO/IEC
42001 (Dudley 2024) reflect a growing consensus that AI
development must be directed not just by technical perfor-
mance but by societal values and institutional accountabil-
ity.
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While many frameworks and guidelines have emerged to
support RAI, a critical implementation gap persists (Reuel
et al. 2024), especially for global organizations composed
of independent or semi-independent business units that
are functionally or geographically diverse. These enter-
prises face a complex landscape with regulatory inconsisten-
cies across jurisdictions, cultural and operational diversity
across regions, and limited centralized control over AI prac-
tices (Al-Maamari 2025). Translating high-level RAI princi-
ples into action in such globally decentralized organizations
remains underexplored in both research and practice.

This paper addresses that gap by presenting a case study
of an RAI assessment collaboration between a group of re-
searcher at a leading university and a global enterprise com-
prised of more than 50 business units, each operating with
significant autonomy across various sectors. In 2024, an in-
dustrial collaborator initiated this assessment to inform the
development of governance structures suitable for their de-
centralized organizational model, particularly focusing on
how to balance centralized guidance with local adaptation.
This objective aligned with the academic interest in studying
implementation challenges in complex organizational set-
tings, creating a foundation for meaningful collaboration.

Rather than developing a new RAI framework, our goal
was to adapt existing frameworks across this diverse ecosys-
tem. We sought to evaluate how well current RAI principles
and tools translate into decentralized environments, what or-
ganizational and cultural barriers arise during assessment,
and how collaboration between academia and industry can
support meaningful evaluation and reflection. While the as-
sessment was carried out as part of an academic partnership,
our findings also translate to other third-party evaluation set-
tings of decentralized companies.

The assessment specifically focused on internally devel-
oped AI systems rather than third-party solutions, address-
ing the unique challenges of a decentralized organization.
We focus on four central questions:
• How do group-level RAI guidelines interact with local

implementation practices in globally decentralized or-
ganizations? Aim: To explore a potential disparity be-
tween centralized guidance and independent interpreta-
tion across diverse business units and usage contexts.

• What specific mechanisms are implemented to translate
abstract RAI principles into operational practices across
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diverse business contexts? Aim: To understand the prac-
tical challenges of moving from high-level values to con-
crete workflows and decision processes.

• How do regional and functional variations shape the in-
terpretation and application of RAI frameworks within a
multinational enterprise? Aim: To examine how cultural,
regulatory, and operational diversity influences RAI im-
plementation across geographies and business functions.

• What governance structures and accountability mecha-
nisms effectively support RAI oversight in organizations
with distributed decision-making authority? Aim: To in-
vestigate how responsibility in AI development and de-
ployment can be appropriately assigned and enforced in
complex organizational settings.

This paper contributes: (1) a detailed account of chal-
lenges encountered during a large-scale RAI assessment in a
global, decentralized organization, (2) reflections on friction
points between corporate standards and local realities, espe-
cially around enforcement, autonomy, and interpretation of
principles, (3) practical insights into the logistics, politics,
and methods of conducting RAI assessments at an enter-
prise scale, and (4) a critical look at the interface between
academia and industry in operationalizing RAI practices.

By sharing lessons learned we aim to inform both future
research and practical governance efforts in similar organi-
zational settings. The resulting Adaptive RAI Governance
(ARGO) framework we propose offers a structured yet flex-
ible approach to balancing centralized coordination with lo-
cal autonomy in complex enterprises.

Background
As AI systems become central to organizational decision-
making, concerns about their ethical, legal, and societal im-
pacts have prompted the development of numerous RAI
frameworks and guidelines (Papagiannidis, Mikalef, and
Conboy 2025). These frameworks typically define princi-
ples such as fairness, transparency, accountability, and hu-
man oversight, and offer tools for assessing and mitigat-
ing risks across the AI lifecycle (Schiff et al. 2021). While
these efforts provide high-level guidance for AI governance,
they often presume implementation conditions that are mis-
aligned with the realities of globally decentralized organiza-
tions. This section examines how existing frameworks ad-
dress, or fail to address, critical challenges of RAI imple-
mentation in complex organizational settings.

Governance and Accountability
The “Many Hand” problem (Nissenbaum 1996) represents
a fundamental challenge in AI governance; when respon-
sibility is distributed across departments, geographies, and
levels of autonomy, clear accountability becomes difficult to
establish. Current RAI frameworks take varying approaches
to this challenge. The NIST AI Risk Management Frame-
work (AI RMF) acknowledges organizational complexity by
emphasizing multi-stakeholder involvement and continuous
improvement cycles (Tabassi 2023). However, it provides
limited guidance on how to assign specific responsibilities
across organizational boundaries.

ISO/IEC 42001:2023 takes a more structured approach,
introducing a certifiable management system standard that
positions RAI as a systems-level, auditable process (Ben-
raouane 2024). This standard offers clearer accountability
structures but assumes an implementation capability that
may not exist in organizations with highly decentralized
decision-making. The diffusion of responsibility in complex
organizations often undermines even well-designed account-
ability mechanisms (Lo Piano 2020).

Translating Principles to Practice Across Contexts
A second challenge involves operationalizing abstract ethi-
cal principles in specific development contexts. The OECD
AI Principles establish five high-level tenets: inclusive
growth, human-centered values, transparency, robustness,
and accountability (Yeung 2020). While these principles
have been adopted by over 40 countries, they offer limited
operational guidance for implementation teams. Similarly,
the IEEE Ethically Aligned Design (EAD) articulates de-
tailed ethical guidelines but leaves substantial interpretive
latitude for implementing teams (How 2018).

This interpretive latitude leads to inconsistent implemen-
tation, as units within the same company may interpret prin-
ciples like fairness or transparency differently based on re-
gional context, (R)AI maturity (Reuel et al. 2024), or sec-
toral norms (Morley et al. 2020). This creates significant
variation in practice, even when common corporate policies
exist. Current frameworks rarely address the question of how
much variation in interpretation is acceptable or how orga-
nizations should balance consistency with contextual appro-
priateness.

Balancing Local Autonomy with Coordination
Decentralized organizations face a particular challenge in
balancing local operational autonomy with the need for cen-
tral coordination of standards (Knol 2025). Several integra-
tion challenges have been identified when attempting to em-
bed RAI into heterogeneous local processes, especially in
organizations with decentralized IT, compliance, or model
development structures (Lu et al. 2024). Existing frame-
works typically emphasize either centralized governance (as
seen, e.g., in the EU AI Act’s approach to high-risk systems)
or local flexibility (as in principle-based approaches such
as (Corea et al. 2023)), but few address how to effectively
combine these approaches (Dı́az-Rodrı́guez et al. 2023).

This integration challenge affects how RAI considera-
tions are prioritized against competing business objectives.
Without clear incentives or internal accountability structures
(e.g., audit processes or ethical review gates), RAI consider-
ations may be given lower priority, especially in fast-paced
product teams that often prioritize faster system or product
deployment. Current frameworks offer limited guidance on
creating balanced governance structures that respect opera-
tional autonomy while ensuring meaningful oversight.

Managing Cross-Jurisdictional Regulatory
Variation
Global firms must comply with multiple AI governance
regimes simultaneously, creating complex regulatory chal-
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lenges. For example, the EU AI Act introduces legally bind-
ing requirements for “high-risk” AI systems that are be-
ing placed on the European market, including documen-
tation, human oversight, and conformity assessments (Ed-
wards 2021). the EU AI Act represents a shift from volun-
tary to regulatory governance. However, organizations oper-
ating across multiple jurisdictions must navigate these over-
lapping regulatory requirements alongside differing regional
expectations.

This regulatory inconsistency complicates efforts to cre-
ate uniform internal RAI protocols. A single AI system may
need to satisfy different standards depending on where it op-
erates, who it serves, or what use case it is being used for.
Current frameworks typically acknowledge this challenge
but provide limited practical guidance on designing gover-
nance systems that can efficiently address multiple regula-
tory regimes while maintaining operational coherence.

RAI Implementation Gap
Despite the depth of current RAI literature (Batool, Zowghi,
and Bano 2025), there is limited empirical work on how
these frameworks perform in organizationally complex and
globally distributed contexts. Researchers have produced in-
creasingly sophisticated metrics, documentation standards,
and auditing tools (Schiff et al. 2021), but these often fail to
account for the practical constraints and organizational dy-
namics of large enterprises with decentralized structures.

This gap underscores the need for empirical studies that
examine how organizations actually implement RAI across
complex, multi-entity structures. Our research directly ad-
dresses this gap by studying the application of existing
frameworks in a multinational corporation with highly inde-
pendent business units, focusing on governance structures,
implementation processes, and organizational adaptations
that enable RAI practices across diverse operational con-
texts.

Academic–Industry Collaboration on RAI
Several recent efforts have called for deeper collabora-
tion between academia and industry to close the gap in
RAI between principle and practice (Septiandri, Constan-
tinides, and Quercia 2024). Three predominant collabora-
tive models have emerged: knowledge transfer partnerships,
where researchers develop tools later implemented by in-
dustry (Raji and Buolamwini 2019); co-creation approaches,
where frameworks are jointly developed by leveraging com-
plementary expertise (Holten Møller, Shklovski, and Hilde-
brandt 2020); and action research, where researchers par-
ticipate in organizational change processes while studying
implementation dynamics (Sloane et al. 2022).

Despite these approaches, tools developed in academic
settings often encounter resistance when they conflict with
established workflows or business priorities (Rakova et al.
2021). While researchers have developed sophisticated mea-
surement and auditing tools, these often ignore the practical
realities of large organizations. Meanwhile, companies typ-
ically lack the time or expertise to implement these tools
effectively without external help.

Collaborations between research institutions and industry
create testing grounds for evaluating how well frameworks
translate to applied settings. They enable mutual learning be-
tween researchers and industry partners: Researchers gain
insight into institutional challenges and implementation re-
alities, while industry partners benefit from structured state-
of-the-art research and assessment methods as well ass ex-
ternal support and validation. However, existing research
typically focuses on single organizational units or central-
ized governance, overlooking implementation challenges in
decentralized, multi-unit organizations–a gap this research
addresses through our collaborative assessment.

RAI Assessment Context
Decentralized Global Enterprise
The industry collaborator is a multinational corporation,
composed of over 50 distinct business units operating across
various industries such as retail, and hospitality. These busi-
ness units function with a high degree of operational inde-
pendence. Each maintains its own data infrastructure, devel-
opment pipeline, and decision-making authority over the de-
velopment and deployment of AI systems while still being
officially affiliated with the enterprise and subsumed under
and umbrella with the other business units.

This organizational structure presents specific governance
challenges: AI systems are built and used in heterogeneous
contexts, with varying levels of maturity, oversight, and reg-
ulatory exposure. An important organizational context worth
noting is that more than half of the AI systems deployed
across business units were co-developed at the enterprise
level, creating both opportunities for centralized expertise
and implementation testing, as well as challenges in adapt-
ing these systems to diverse business contexts.

At the corporate level, a group-wide RAI Charter has been
issued, outlining high-level principles such as explainability,
fairness, and privacy. While the Charter was formally ap-
plicable to all business units, which were accountable for
building internal implementation mechanisms to be com-
pliant, centralized compliance assessment mechanisms were
still under development during the study period in 2024.

In this context, assessing the state of RAI practices re-
quires attention not only to technical systems but also to the
relationships between group-level structures and individual
business units. The decentralized nature of this global enter-
prise thus provides a relevant case for examining the chal-
lenges of applying RAI frameworks across complex, multi-
entity organizations.

Collaboration Scope and Structure
In 2024, the industry collaborators initiated a collaborative
assessment effort with the academic collaborators at a re-
search university to evaluate RAI practices across selected
business units and use cases. The objective was to examine
how existing RAI frameworks could be applied or adapted in
a globally decentralized organizational setting, and to iden-
tify process-level and structural barriers to RAI implemen-
tation efforts.

The collaboration included the following components:
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Figure 1: Responsible AI assessment process.

• Framework alignment: Mapping the structure and con-
tent of existing RAI frameworks to the operational con-
text of the global enterprise.

• RAI dimension-based assessment: Focusing on evaluat-
ing dimensions such as governance, transparency, and
accountability across selected AI systems adapted from
(Reuel et al. 2024).

• Stakeholder interviews: Conducting interviews with in-
ternal stakeholders involved in AI development, legal and
compliance functions, and oversight roles.

• Documentation and process review: Analyzing available
model documentation, AI development workflows, and
AI governance materials at both the group and business
unit level.

This structure allowed for a comparative and iterative pro-
cess to explore how RAI-related principles were being in-
terpreted and operationalized across varying contexts within
the organization. The initiative was also intended to in-
form the gradual development of the organization’s RAI
Office and governance structures, including internal self-
assessment processes and shared documentation practices.

Scope of the Assessment
The assessment was structured as a multi-phase process
developed jointly by the industry and academic collabo-
rators, with the aim of evaluating RAI practices across
a representative set of algorithmic systems and organiza-
tional units (Fig. 1). The approach combined both top-down
(group-level governance) and bottom-up (project or use-case
level implementation) perspectives, reflecting the decentral-
ized nature of the organization’s structure.

Rather than pursuing a comprehensive audit, the focus
was on identifying key challenges and gaps in translating
RAI principles into practice within a complex organizational
setting. The process included:
• Mapping existing governance structures and documen-

tation: The initial phase involved reviewing internal AI
policies (such as the group-wide AI Charter), existing
RAI-related roles, and development workflows, particu-
larly as they varied across business units.

• AI use case and portfolio scoping: AI use cases for as-
sessment were selected through a scoping exercise con-
ducted by the industry collaborators. Priority was given
to frequently used or high-risk algorithms, with an em-
phasis on client-oriented or decision-critical use cases
(e.g., product recommendation, sales forecasting, audi-
ence targeting). This process was organized in waves,
beginning with a first batch of algorithms from selected
business units.

• Dimension-based assessment: The assessment was orga-
nized around a set of predefined RAI dimensions: Di-
versity & Fairness, Transparency, Privacy & Data Gov-
ernance, Human Interaction, Accountability, Reliability,
Leadership & Culture, and Societal and Environmental
Wellbeing. Each dimension was explored through inter-
views, documentation review, and gap analysis.

• Stakeholder interviews: Interviews were conducted with
individuals across group-level functions (e.g., legal, dig-
ital, AI governance) and unit-level teams (e.g., data sci-
entists, product owners, project leads). The aim was to
understand both strategic intentions and operational real-
ities related to RAI.

• Iterative analysis and feedback: Insights were shared
at key milestones, including internal presentations to
stakeholders and contributions to organization’s inter-
nal events. The collaboration allowed for periodic refine-
ment of both methodology and recommendations based
on feedback.

The assessment was explicitly designed as a learning pro-
cess, both to support internal reflection and to gather insights
that help to adapt existing RAI frameworks for use in decen-
tralized global enterprises.

The project plan spanned a one-year timeline (June 2024–
May 2025), with structured checkpoints and thematic fo-
cus areas aligned to different calendar months. Rather than
producing unidirectional, conclusive results, the assessment
focused on context-aware observations and recommenda-
tions intended to inform internal strategy development, es-
pecially as the organization formalizes its RAI governance
structures. This collaborative process also provided practical
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inputs that enabled the industry collaborator to iteratively
define and implement key elements of their RAI strategy
throughout the assessment.

Methodology
The evaluation framework covered nine dimensions of RAI,
selected to align with major industry and regulatory frame-
works based on the dimensions outlined in (Reuel et al.
2024), while also reflecting internal governance discussions.
These dimensions were: Reliability, Privacy & Data Gover-
nance, Diversity & Fairness, Transparency, Human Interac-
tion, Societal & Environmental Wellbeing, Accountability,
Compliance & Lawfulness, Leadership, Principles & Cul-
ture (Reuel et al. 2024). The assessment was carried out in
waves, each focused on a selected group of algorithms used
across different business units. Each wave involved gath-
ering input from relevant stakeholders and investigating all
nine RAI dimensions for each use case.

It is worth noting that at the time of collaboration, the
industry partner was working with evolving definitions of
these principles and dimensions rather than a fixed, shared
taxonomy.

Data Collection Methods
Three primary data sources informed the assessment:

Written responses and interviews. The assessment be-
gan with semi-structured interviews, preceded by the distri-
bution of question sets (see example questions in Appendix
A) to key stakeholders. Midway through the process, this ap-
proach was revised. To increase efficiency and broaden par-
ticipation, the team began requesting written responses to
the assessment questions in advance, followed by targeted
interviews to clarify and elaborate on specific points. This
change enabled the inclusion of more contributors across
functional and geographic boundaries and allowed for more
contextualized follow-up discussions.

Document review. Supporting documentation, including
AI development and deployment workflows, internal gover-
nance materials, and project-level documentation, was re-
viewed to cross-check reported practices and identify po-
tential gaps. A standardized model card template, adapted
from (Mitchell et al. 2019), was used to guide the docu-
mentation of selected AI systems across the organization. A
blank version of the model card is provided in the Appendix
A.

Internal tools and governance artifacts. Where avail-
able, platform-level governance tooling and group-wide
governance documentation (e.g., an RAI Charter, policy
templates) were reviewed to understand the mechanisms in
place to support or monitor RAI practices.

Analysis Process
For each dimension, findings were synthesized and docu-
mented in a dimension-specific report. These reports:
• Summarized best practices from academic and industry

literature,
• Assessed the current status of RAI-related practices

within the organization,

• Identified strengths and implementation gaps,
• And included targeted suggestions for improvement

This structured reporting process ensured a consistent, re-
peatable evaluation format across dimensions and use cases.
It also served to ground organization-specific recommenda-
tions in state-of-the-art RAI research and emerging regula-
tory expectations.

Limitations
The assessment was qualitative and formative in nature. It
did not include direct access to system-level data or code,
quantitative validation of model performance, fairness, or
robustness, and application of automated RAI audit tools.

Findings were based on interviews, written responses, and
supporting documentation and should be interpreted as in-
sights into current implementation practices and challenges,
rather than as conclusive assessments of system compliance
or technical performance.

RAI Implementation Patterns
Through a cross-functional assessment of RAI practices
across the large, globally distributed organization, we iden-
tified four recurrent areas where implementation approaches
diverged. Each reveals important dynamics that affect how
RAI principles are interpreted, applied, and maintained
across business units operating with a degree of indepen-
dence.

Group-Level Guidance and Local Implementation
Organizations with a decentralized structure often define
central principles or charters to guide RAI development at
the group level. These high-level documents typically artic-
ulate shared commitments, and are intended to provide co-
herence across diverse business units.

However, our assessment revealed highly variable adop-
tion of such guidance. Many group-level frameworks are ad-
visory in nature, lacking sufficient implementation details or
enforcement mechanisms. Business units are left to inter-
pret and apply these principles according to their own prior-
ities, AI maturity levels, and risk perceptions, with influence
depending heavily on internal relationships and local RAI
champions.

This results in variation in how (and whether) RAI prac-
tices are implemented at the operational level. While flex-
ibility is respecting business units autonomy and local de-
ployment contexts, it can also lead to uneven application of
responsible safeguards and limited visibility into aggregated
system-level risks.

Effective governance requires mechanisms that establish
minimum shared standards while preserving space for con-
textual adaptation.

From Principles to Practice
RAI frameworks often emphasize transparency, fairness,
and accountability as guiding values. Yet, translating these
into practical workflows, such as model documentation and
risk assessment, remains challenging.
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Figure 2: Adaptive RAI Governance (ARGO) Framework.

Technical teams have access to various tools for RAI im-
plementation, including group-developed resources for ex-
plainability, fairness assessment, and environmental impact
measurement. However, teams often struggled to connect
these tools with high-level charter principles in ways that
provided clear, actionable guidance for specific contexts.

Implementation varies widely across units. Some units
incorporate fairness metrics into their model evaluation
pipelines; others focus solely on performance indicators.
Documentation quality and depth also vary significantly, in-
fluenced by team expertise, resource availability, and the
perceived use case importance and riskiness. Teams ex-
pressed uncertainty about operationalizing principles in spe-
cific contexts– questions like “Which RAI metrics matter for
this use case?” often go unanswered without clear institu-
tional guidance.

While frameworks and tools exist, their effective use de-
pends on stronger integration into organizational processes
and clearer mapping between abstract values and practical
actions.

Regional and Functional Variation
Large enterprises often operate across multiple regulatory
environments and cultural contexts, introducing complexity
into RAI implementation. Consent and disclosure expecta-
tions differ between jurisdictions, and some customer-based
systems may be adjusted to comply with local norms incon-
sistently. Practices around demographic subgroup analysis,
fairness testing, or localization of recommendations are not
uniformly applied.

This variation also appears within functional domains.
AI applications in marketing, personalization, forecasting,
or customer service are often developed using different as-
sumptions and risk thresholds, even within the same organi-
zation. The extent to which RAI principles are operational-
ized depends on both geography, and the nature and per-
ceived sensitivity of specific use cases.

Governance approaches must accommodate legitimate

contextual variation while maintaining organizational
alignment and shared accountability standards.

Roles and Responsibilities in RAI Oversight
Oversight of AI development and deployment is typically
distributed across strategy, risk, legal, and engineering func-
tions. In decentralized organizations, these roles are often
held across different teams, and business units, making re-
sponsibility for identifying and mitigating AI risks rarely
centralized.

Risk identification and response processes remain frag-
mented. There is often no single escalation path for high-risk
projects, and post-deployment incidents may be addressed
within business units without feedback loops to the broader
organization. Documentation and learnings from past chal-
lenges are inconsistently – if at all – shared across teams.

Some organizations have begun piloting self-assessment
frameworks or peer review mechanisms to strengthen ac-
countability (Drach et al. 2024). However, these efforts are
emergent and lack standardization, while the growth of gen-
erative AI and other high-impact technologies increase pres-
sure to formalize roles, processes, and escalation proto-
cols (Leslie and Perini 2024).

Clear role definition and escalation pathways are essen-
tial for distributed accountability, requiring formal mech-
anisms that connect local oversight with organizational
learning.

These four patterns point toward the need for governance
approaches that can balance central coordination with lo-
cal autonomy, translate abstract principles into actionable
guidance, accommodate contextual variation while main-
taining alignment, and distribute accountability in coordi-
nated ways.

Toward Adaptive Governance
The four patterns identified in our assessment represent
interconnected dimensions of a complex implementation
ecosystem. Group-level guidance establishes the normative
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foundation that local implementation depends on. This rela-
tionship is bidirectional; local implementation experiences
inform the evolution of central guidance over time if chan-
nels for communicating and sharing such learnings between
business units and group-level entities exist.

The translation from principles to practice occurs at this
intersection between group guidance and local implementa-
tion. How well this works depends on available resources,
expertise, and organizational priorities in each setting. This
translation process is also shaped by regional and functional
variations, which introduce contextual factors that influence
how abstract principles are interpreted in specific opera-
tional environments.

Accountability mechanisms span across these dimen-
sions and can create feedback loops that either reinforce
or weaken implementation consistency. When accountabil-
ity is clearly assigned, it strengthens the connection between
group-level guidance and local practices. When left under-
specified, it widens the gap between principles and practices,
allowing greater regional and functional divergence.

These patterns form a dynamic organizational system
where changes in one dimension influence others. For exam-
ple, strengthening role clarity in RAI oversight directly im-
pacts how effectively principles translate to practice, while
acknowledging regional variation can lead to more contex-
tually appropriate central guidance.

Based on these findings, we propose an adaptive frame-
work that addresses the governance gaps identified in our
assessment. Unlike centralized models that create bottle-
necks or fully decentralized approaches that result in in-
consistent safeguards, our framework establishes a balanced
governance structure combining central guidance with lo-
cal adaptation. This three-layer approach directly responds
to implementation challenges: a shared foundation layer ad-
dresses inconsistent interpretation of principles, an advi-
sory layer bridges the gap between abstract values and op-
erational practices, and a local implementation layer ac-
knowledges contextual adaptation while maintaining orga-
nizational alignment.

Adaptive Responsible Governance Framework
Our proposed Adaptive RAI Governance (ARGO) Frame-
work is designed to align central coordination with local
autonomy, addressing the challenges observed in our study,
particularly variability in implementation, unclear account-
ability, and inconsistent tool adoption, by offering a struc-
tured but adaptable approach. The ARGO Framework rec-
ognizes that AI development, deployment, and use occur
across multiple organizational levels (Fig. 2). It defines three
interdependent layers that work together to support consis-
tent and contextually appropriate RAI practices.

Shared Foundation (Group-Level Standards). The
goal at this level is to define a minimum set of expectations
across the organization, including:

• A shared charter or document outlining RAI principles
• Standard templates for model and use case documenta-

tion
• A checklist or triage tool to identify high-risk use cases

• Legal and regulatory baseline guidance
• Clear definition of roles and responsibilities for RAI

oversight at both group and business unit levels

This layer addresses the need for consistent normative foun-
dations while acknowledging that implementation will vary.
By establishing minimum requirements rather than prescrib-
ing uniform processes, it respects the autonomy of business
units while ensuring essential safeguards are in place, in par-
ticular for high-risk use cases, across all organizational units.

Advisory and Tooling Layer (Central Resources). At
this level, centralized group-level teams provide:

• RAI toolkits (e.g., fairness metrics libraries, explainabil-
ity dashboards)

• Training programs and playbooks
• Technical assets integrated into core development plat-

forms
• Lightweight reporting mechanisms to improve visibility

across units
• Centralization of common AI assets at the group level

with applied RAI practices to serve as implementation
models

• Validation of guidelines through application to group-
level AI assets

• Standardized templates and documentation guidelines
for consistent implementation across business units

• Feedback channels for business units to report if any
group-level assets are not working for their specific use
case – or if they do particularly well.

This layer addresses the need for consistent normative foun-
dations while acknowledging that implementation will vary.
By establishing minimum requirements and feedback pro-
cesses rather than prescribing uniform processes in a unidi-
rectional manner, it respects the autonomy of business units
while ensuring essential RAI structures and safeguards are
in place.

Local Implementation and Oversight (Business Unit
Level). Individual teams or business units retain responsi-
bility for:

• Applying tools and processes to their context
• Monitoring model behavior and risks
• Conducting internal reviews or self-assessments
• Reporting incidents or deviations

This layer acknowledges the necessity of contextual adapta-
tion while maintaining alignment with organizational com-
mitments. By explicitly designating local responsibilities, it
addresses the accountability challenges observed in our as-
sessment.

Implementation Recommendations
Drawing on observed challenges and best practices, we of-
fer the following design recommendations for multi-entity
organizations seeking to implement or improve a decentral-
ized RAI framework with central support.
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Governance Dimension Traditional Centralized
Approach

Fully Decentralized
Approach ARGO Framework

Decision Authority Concentrated in central ethics
boards or committees

Dispersed across autonomous
units with limited coordination

Layered authority with shared
minimum standards and local
contextualization

Implementation
Guidance

Prescriptive, uniform processes
across the organization

Ad hoc, varying widely
between units

Modular toolkits with core
requirements and optional
components

Regional/Cultural
Adaptation

Limited accommodation of
regional differences

High variation with limited
cross-regional learning

Explicit support for contextual
implementation with shared
learning mechanisms

Risk Assessment Standardized criteria applied
uniformly

Inconsistent approaches based
on local perceptions

Risk-based tiering with common
assessment frameworks and local
interpretation

Knowledge Sharing Formal channels with limited
practitioner input

Fragmented knowledge with
limited cross-unit transfer

Communities of practice and
lightweight feedback mechanisms

Table 1: Comparing the ARGO Framework against existing RAI governance models.

• Define a core set of minimum practices that all units
must follow, regardless of risk level (e.g., model docu-
mentation, data provenance tracking).

• Invest in shared, reusable tools that make RAI efforts
practical and efficient to implement, rather than burden-
some or abstract.

• Embed flexibility through modular toolkits, allowing
decentralized teams to select components based on their
use case, maturity, and risk profile.

• Create lightweight feedback and escalation mecha-
nisms, particularly for surfacing incidents, near misses,
unexpected model behavior, or issues with group-level
assets that arise at the business-unit level.

• Prioritize visibility over control, ensure the organiza-
tion knows where AI is being used, how it is evaluated,
and by whom, without overly prescriptive oversight.

• Encourage shared learning, such as cross-unit peer re-
views or communities of practice, to prevent duplication
of effort and accelerate ethical innovation.

Positioning Relative to Existing Models
The ARGO framework with central support builds on and
complements emerging RAI standards. Unlike centralized
governance models (e.g., where all risk review flows through
a single ethics board (Schuett, Reuel, and Carlier 2024)), it
avoids bottlenecks by distributing ownership. Unlike fully
decentralized models (where every unit develops its own
practices), it ensures alignment through shared infrastruc-
ture.

Compared to ISO/IEC 42001 or the NIST RMF, this
framework emphasizes organizational fit; integrating princi-
ples into existing workflows and allowing for gradual adop-
tion across heterogeneous units. We illustrate the key differ-
ences between these approaches in Table 1.

The ARGO Framework is compatible with certifiable
management systems but focuses more explicitly on cross-
unit coordination, accountability layering, and sociotechni-
cal alignment in complex organizational settings.

Toward Standardization in Practice
One of the key challenges in operationalizing RAI is ensur-
ing that assessments are comparable across diverse projects
and teams. The ARGO framework supports this by defin-
ing common inputs and outputs (e.g., standardized model
cards or RAI metrics), encouraging consistent documenta-
tion across projects, and allowing different units to tailor
implementation while still enabling portfolio-wide visibility
and benchmarking.

Ultimately, this enables leadership to assess the state of
RAI maturity at both the unit and enterprise levels, without
requiring full centralization of development or control.

The ARGO framework offers a practical path forward for
global organizations managing AI across multiple dispersed
entities. It acknowledges that RAI cannot be fully standard-
ized nor entirely devolved. Instead, it must be layered; sup-
ported by shared infrastructure, guided by clear principles,
and adapted locally through accountable implementation.

The next sections reflect on the academic–industry collab-
oration that informed this work, and offers targeted recom-
mendations for both practitioners and researchers seeking to
strengthen RAI practices in complex organizational settings.

Academic–Industry Collaboration
This project was structured as a collaborative assessment of
RAI practices, conducted jointly by academic researchers
and an enterprise organization operating across multiple
business units. The collaboration aimed to produce action-
able insights for the organization while contributing gener-
alizable knowledge to the broader research and policy com-
munities.

Elements that Supported Collaboration
Complementary roles and knowledge. The collaboration
was informed by a shared interest in RAI, though each
side contributed different forms of expertise. Academic re-
searchers brought knowledge of state-of-the-art frameworks,
standards, and broader field developments, and benchmark-
ing insights from similar implementation efforts at other or-
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ganizations. Industry participants provided access to orga-
nizational context, diverse use cases, and implementation
details. This combination created a reciprocal dynamic that
helped bring about questions and observations that might not
have emerged from a single perspective.

Structured process and ongoing coordination. The col-
laboration followed a phased timeline with regular check-
points. This structure helped accommodate different work-
ing styles and allowed for periodic reflection and adjust-
ment. Meetings and milestones helped balance short-term
needs with longer-term analytical goals.

Joint development of insights. Rather than applying an
external framework in a static way, the process involved
adapting tools and interpretations through discussion. Ques-
tions were refined based on organizational feedback, and ex-
isting practices were clarified in response to structured in-
quiry. This allowed both sides to contribute to shaping the
analysis.

Clarifying Motivations and Expectations
An important observation from this project is that academic
and industry participants often approach collaboration with
different goals, constraints, and timeframes. Academic re-
search typically emphasizes theoretical development, gen-
eralizable findings, and public dissemination. Timelines are
often flexible, and researchers may not be positioned to pro-
vide direct operational recommendations. Industry partici-
pants, in contrast, may prioritize performance or operational
improvement, regulatory compliance, or internal guidance.
Timelines are often shorter, and information sharing may
be subject to internal review processes or confidentiality re-
strictions.

These differences are not inherently problematic, but they
can create misunderstandings if not discussed. Clarifying
goals and expectations at the outset can help avoid such dis-
connects. This includes: discussing what each side aims to
gain, identifying acceptable outputs, reviewing data access
and privacy limitations, and defining what timelines and suc-
cess indicators look like.

Another important consideration is how research findings
are presented to internal stakeholders. Framing the assess-
ment as a learning process rather than an audit significantly
impacts stakeholder engagement and openness. When stake-
holders perceive the process as evaluative (“what did you do
wrong?”) rather than collaborative, defensive responses may
limit meaningful exchange.

Having these conversations early and revisiting them pe-
riodically can help both sides structure the collaboration in
a way that reflects their respective priorities and responsibil-
ities.

Considerations for Future Collaborations
Structured collaborations between academia and industry
provide mutual value. They support grounded interpreta-
tions of RAI frameworks and help organizations articulate
internal practices. Researchers gain access to real-world as-
sets and an understanding of operational constraints while
generating approaches that balance theoretical rigor with
practical considerations.

Partners should co-design collaboration structure and
scope from the onset. Developing shared documentation
tools that adapt across contexts proved valuable. Creating
channels for structured reflection allowed both sides to dis-
cuss emerging insights and limitations. Most importantly,
acknowledging different timelines and forms of value helped
adapt communication accordingly.

Academia and industry partnerships on RAI require clear
communication and shared understanding of roles, con-
straints, and expectations. When structured thoughtfully,
such collaborations contribute to more robust and context-
sensitive approaches to AI governance.

Lessons Learned for Practice and Research
Drawing on organizational assessment conducted across
multiple semi-independent business units, this section syn-
thesizes patterns observed in the implementation of RAI
practices. These insights are presented as considerations for
both practitioners working within complex enterprise struc-
tures and researchers studying or contributing to the devel-
opment of RAI governance approaches.

The observations presented here are intended to inform
future efforts by highlighting approaches that either fre-
quently emerged or served as enabling conditions within the
assessment context, rather than offering prescriptive guid-
ance.

Considerations for Practice
Contextualizing shared principles across units. Several
organizations maintain group-level charters or principles for
AI governance that serve primarily as normative references
rather than enforceable rules (Papagiannidis, Mikalef, and
Conboy 2025). These shared RAI commitments function
as coordinating mechanisms, though their operationalization
requires contextual adaptation. Local teams translate high-
level principles differently depending on domain, region,
and project maturity.

Provision of non-prescriptive central resources. Cen-
tral teams frequently provide toolkits, documentation tem-
plates, and training materials without mandating their use.
This non-prescriptive approach facilitates voluntary adop-
tion while respecting local autonomy. Resources can in-
clude defined RAI metrics, model documentation structures,
and internal review checklists. Centralization of such as-
sets, as envisioned in the “Advisory & Tooling Layer” of
the ARGO Framework, supports broader internal alignment
without rigid standardization.

Integration of tooling into existing workflows. Tool us-
ability emerges as a critical factor in adoption. Resources
embedded into platforms already used for model develop-
ment or monitoring demonstrate higher likelihood of appli-
cation in practice. This observation reinforces prior findings
that practical integration matters more than policy mandates
in enabling responsible practices during development.

Clarification of roles and governance responsibilities.
Variability exists in how responsibility for RAI is distributed
across business units and functions. In cases where gover-
nance responsibilities are explicitly defined (e.g., with re-
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spect to documentation, review, or monitoring) implemen-
tation appears more consistent. The absence of role clarity
often leads to ambiguity about whether, when, and how RAI
processes should be applied.

Lightweight feedback and documentation mecha-
nisms. Several teams implement informal feedback loops,
such as sharing unexpected post-deployment model behav-
ior or reflecting on incidents. While these mechanisms are
often ad hoc, they support internal learning and normal-
ization of ethical and responsible review. Structured but
lightweight processes such as short model retrospectives or
peer sharing of documentation serve as scalable entry points
into more formal RAI governance practices.

Focus on reusability and scalability. Reusable templates
and modular assessment tools demonstrate greater adapt-
ability across units than customized or one-off resources.
This aligns with a broader shift toward creating foundational
infrastructure that can support variation in organizational
structures and model types.

Considerations for Research
Attention to distributed organizational structures. Much
of the existing literature on RAI governance focuses on
centralized organizations or technology firms. The findings
from this assessment suggest that distributed governance
structures present distinct challenges and implementation
patterns, including role ambiguity, inconsistent risk assess-
ment practices, and varying local interpretations of shared
principles. Future research can benefit from examining how
governance operates across different business units, geogra-
phies, or product domains.

Exploration of governance mechanisms beyond cen-
tral review boards. Organizational AI governance ap-
proaches may not rely on centralized review bodies. In-
stead, organizations employ self-assessments, team-led peer
reviews, and embedded tooling. These practices raise ques-
tions about which governance models are feasible or effec-
tive in different contexts, and under what conditions more
distributed accountability structures function effectively.

Design of modular, context-aware tools. Assessment
tools that allow teams to select relevant components rather
than apply a uniform checklist appear more compatible with
local needs. Researchers developing toolkits or frameworks
should consider how modularity and adaptability influence
adoption, especially across teams with varying levels of RAI
expertise.

Value of co-designed evaluation approaches. Collab-
orative development of evaluation processes between re-
searchers and practitioners facilitates mutual understanding
and local ownership. Co-design processes improve the rel-
evance of academic frameworks and increase their applica-
bility in operational environments. Further research can ex-
plore how co-design practices influence implementation out-
comes in RAI settings.

Support for standards translation rather than pre-
scription. While international standards (e.g., NIST,
ISO/IEC 42001) offer valuable reference points, their appli-
cation in decentralized organizations often involves adapta-
tion. Researchers can contribute by studying how standards

are interpreted or adjusted across sectors, and by clarifying
which components are commonly operationalized.

Interdisciplinary engagement. The governance of AI in
organizations intersects with legal compliance, systems en-
gineering, social science, and computer science. Research
efforts that integrate these perspectives are better positioned
to identify friction points between ethical and responsible
commitments and operational constraints

The observations presented in this section reflect the prac-
tices and governance dynamics in a large, distributed organi-
zation undergoing an RAI assessment. While not exhaustive
or universally applicable, these lessons illustrate key consid-
erations for designing governance approaches that balance
structure and flexibility. They intend to inform ongoing re-
search into how RAI principles translate into practice within
diverse organizational contexts.

Conclusion
This study reveals that successful RAI implementation in
globally decentralized organizations requires governance
approaches that balance centralized guidance with local
adaptation. Through our collaborative assessment across
50+ business units, we identified four key implementation
patterns: the interplay between group-level guidance and lo-
cal interpretation, challenges translating abstract principles
into operational practices, regional and functional variation
in approaches, and inconsistent accountability in risk over-
sight.

The proposed ARGO Framework addresses these chal-
lenges through three interdependent layers: shared founda-
tion standards, central advisory resources, and contextual lo-
cal implementation. This approach establishes minimum re-
quirements while respecting operational autonomy. This of-
fers a critical balance for enterprises operating across multi-
ple jurisdictions and business contexts.

Our findings demonstrate that practical implementation
often matters more than policy articulation. Tool adoption
depends critically on integration into existing workflows,
role clarity significantly impacts consistency, and modular
resources enable adaptation across diverse contexts. The col-
laboration between academia and industry proved essential
for generating insights that bridge theoretical frameworks
with operational realities.

As AI capabilities advance and regulatory expectations in-
crease, organizations need governance frameworks that can
evolve. The ARGO approach offers a structured yet flexi-
ble path for ensuring AI systems align with societal values
across complex organizational environments, contributing to
the broader effort of closing the gap between RAI principles
and practice.
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