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Abstract

Responsible Al (RAI) governance is increasingly understood
not as a static checklist of principles, but as a dynamic
process embedded in institutional, organisational, and
sociotechnical contexts. While several ethical frameworks
exist, translating high-level principles into situated
organisational practices remains challenging. Empirical
studies examining how public sector organisations
operationalise RAI remain fragmented, limiting cumulative
insights. To address this gap, we conduct a realist synthesis
review of 21 empirical studies. Our analysis shows that
similar interventions in different contexts activate distinct
mechanisms and produce divergent outcomes with varying
degrees of alignment to RAI principles. From these
variations, we identify three cross-cutting dynamics
explaining outcomes: organisational embeddedness, power-
expertise tensions, and trust-transparency relationships.
Together, we term it the situated dynamics of RAI
governance. This approach moves beyond asking whether
interventions “work” to explain why similar interventions
succeed in some contexts and fail in others.

Introduction

Responsible Al (RAI) is commonly described as a set of
ethical principles, such as fairness, accountability, and
transparency, intended to guide the development and use of
Al systems (Jobin, Ienca, and Vayena 2019; Hagendorff
2020; Morley et al. 2020). Rooted in socio-technical
perspectives, RAI rejects the idea of treating Al as a neutral
technological artefact and instead emphasises how
technologies are shaped by social, political, and institutional
conditions (Verbeek 2006; Winner 1980). Responsible Al
governance builds on this view: it is increasingly understood
not as a static checklist of principles but as a dynamic
governance process embedded in organisations and shaped
by governance structures, technical realities, political
contexts, and institutional capacity (Dignum 2019; Floridi
and Cowls 2022).
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In recent years, governments, companies, and
international bodies have issued over 100 ethical
frameworks for AI (Jobin, Ienca, and Vayena 2019).
However, translating these high-level principles into
actionable organisational practices remains a significant
challenge (Hagendorff 2020; Morley et al. 2020; Taeihagh
2021). The issues include a lack of concrete methods or
metrics (Mittelstadt 2019; Peters et al. 2020), spread of
responsibility across teams, blurring accountability (Schiff
et al. 2021), and organisational dynamics that discourage
ethical reflection or whistleblowing (Hagendorff 2020;
Morley et al. 2023). In response, the RAI research focus has
shifted from defining abstract ideals to investigating how
responsibility is operationalised (Morley et al. 2020, 2023).

The practice of RAI is even more pressing in the public
sector. Governments and institutions must uphold key
public values such as fairness, justice, democratic
participation, and accountability (Bozeman 2007; Symes
1999). Their value-driven mandates require approaches that
align Al development and use with public service
obligations (Fatima, Desouza, and Dawson 2020). At the
same time, they face unique organisational constraints, legal
obligations, and political pressure.

Recent studies focus on different aspects of Responsible
Al practices in public sector organisations. Some investigate
national or municipal strategies, such as algorithm registers
or oversight instruments to enhance transparency
(Kuziemski and Misuraca 2020). Others explore internal
practices, such as fairness in predictive analytics (Veale,
Van Kleek, and Binns 2018; Dankloff et al. 2025) or
governance routines during system design (Henriksen and
Blond 2023). A growing number of studies investigate
sector-specific implementation challenges, such as welfare
automation (Rinta-Kahila et al. 2021), predictive policing
(Donatz-Fest 2025) and infrastructure planning in low-
capacity settings (Nisar et al. 2022).



Yet, most research relies on single or small-n case studies,
which offer rich detail but limited generalisability, leaving
findings scattered. While there are emerging systematic
reviews of RAI governance (Batool, Zowghi, and Bano
2023; Lu et al. 2024) and of Al use in governments
(Zuiderwijk, Chen, and Salem 2021), none focus on
empirical public sector implementation or the factors behind
different outcomes. This review addresses the gap by
examining how public sector organisations put Responsible
Al into practice.

Research Design

To do so, we adopt a realist synthesis approach (Pawson et
al. 2005), which explains how interventions embedded in
specific contexts activate mechanisms that lead to divergent
outcomes (ICMO). This method is well-suited to
understanding complex interventions (Rycroft-Malone et al.
2012; Sheldon 2005) to move beyond whether interventions
work to understanding why their effects vary.

Search Strategy and Study Selection

Following RAMESES guidelines for realist and meta-
narrative evidence syntheses (Wong et al. 2013), we
conducted a systematic literature search in March 2024
using Dimensions database. We selected Dimensions
because it indexes peer-reviewed and policy-relevant
publications across disciplines, capturing diverse RAI
governance literature. We aimed to identify empirical
studies on Responsible Al operationalisation within public
sector organisations.

Search terms (Table 1) were structured around three core
themes: Al, RAI concepts, and public sector settings. RAI
search terms were based on established Al ethics and
governance terminology (Dignum 2019; Hagendorff 2020;
Schiff et al. 2020). Initial search produced 1,301 documents.

Search Terms

("artificial intelligence" OR "AI" OR "machine learning" OR
"Large language model*" OR "Natural language processing"
OR “algorithmic decision-making" OR "algorithmic
governance") AND (ethic* OR responsib* OR trustworth* OR
accountab* OR privacy OR fair* OR safe* OR transparen*
OR robust* OR just* OR explainab* OR “human oversight”
OR “human autonomy” OR diversity OR discriminat* OR
“bias””) AND ("Al governance" OR "Artificial Intelligence
Governance" OR "public admin*" OR "public sector" OR
"public service*" OR “public agenc*” OR “public
organisation”)

Table 1. Search Keywords used in Dimensions Database
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We manually screened abstracts in Rayyan using the
following inclusion criteria: Focus specifically on Al (not
general digital technologies), address RAI concerns (e.g.,
fairness, transparency), take place in public sector settings,
be empirical in nature (e.g., interviews, case studies), and
examine Al implementation at the organisational level. This
process identified 89 studies for full-text review. After
reapplying the inclusion criteria, 21 studies were retained
for final analysis (Figure 1).

Records Identified 1301
in Dimensions Databased,
March 2024

Records excluded before screening:
Language (n=42), Publication type (n=19),
Duplicates (n=7)

Records excluded at abstract screening (n
v =1144)
- Not empirical (n=415)
- Not about organizational process on Al
(n=267)
- No Responsible Al lens (n=133)
- Not Al-specific (n=124)
- Not about public sector (n=80)

1233 records retrieved for >
abstract Screening

v Records excluded at full-text screening (n =
68)
- Not empirical (22)
o - No organizational process focus (13)
— Not focused on public sector (11)
- Not Al-specific (10)
- Neo Responsible Al lens (9)

89 Records Included
for Full-Text Screening

v

21Records Included
in Final Synthesis

Figure 1. Study identification and selection process

Data Analysis

For the 21 selected studies, we first adapted realist synthesis
definitions of intervention, context, mechanism, and
outcome (ICMO) to the focus of this review (Table 2). Using
these definitions, we extracted relevant data in the original
language of the source materials, then applied inductive
thematic analysis within each ICMO element (Braun and
Clarke 2006) in Atlas.ti. This process involved
familiarisation, coding, and iterative refinement, with
interpretive judgement particularly important for identifying
mechanisms, which were rarely explicit in source materials
(Greenhalgh et al. 2011; Wong et al. 2013). The resulting
themes were organised into typologies for each ICMO
element, also presented in Table 2. These typologies then
served as the basis for constructing ICMO chains, allowing
us to link elements across studies and identify recurring
cross-case patterns (Figure 2).
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Fig 2. Analytical process for thematic classification and
synthesis of ICMO elements across 21 empirical studies

Intervention types were grouped according to their nature
in RAI governance: 1) Policy and Legal, (2) Organisational,
(3) Participatory, (4) Technological.

Contexts were grouped as internal or external factors.
Internal factors included organisational culture and norms,
role definitions, workforce capacity, and technological
infrastructure. External factors captured influences beyond
organisational control, including regulatory frameworks,
political priorities, and socio-cultural conditions, which
created opportunities and constraints for RAI governance.

Mechanisms were grouped by the responses they
activated: Proactive Compliance (anticipatory alignment),
Symbolic Compliance (performative actions), Reactive
Compliance  (crisis-driven  responses), Ad  Hoc
Implementation (inconsistent or improvised application of
rules), Reliance Mechanisms (delegation of decision-
making to AI systems), Oversight and Contestation
(enabling challenge), and Learning and Adaptation
(iterative improvement).

Outcomes were coded inductively from empirical
patterns while aligning with established RAI principles:
Accountability (formal oversight and responsibility),
Transparency (visibility of system operations), Fairness &
Bias Mitigation (preventing discrimination), Privacy & Data
Protection (data governance compliance), and Public Trust
(perceived legitimacy). Each outcome was examined for
both intended and unintended effects. Working definitions
were developed to address variation in how these principles
are interpreted across studies. These categories provide the
structure for the cross-case synthesis presented in the
findings.

Findings

The 21 papers span diverse countries but are notably
concentrated in Western contexts, particularly Scandinavia
(9 studies), suggesting that both research and documented
applications of RAI are predominantly situated in Western,
high-income countries. Most studies focus empirically on
Al-based decision-support systems within domains such as
welfare, immigration, education, and public safety. Across
the sample, no single use case emerged as dominant,
highlighting the exploratory and experimental stage of
public-sector Al deployment. Publication outlets cover
policy, public administration, information systems, and
socio-technical fields, highlighting the interdisciplinary
nature of research on public sector Al governance. An
overview of selected papers is presented in Table 3.

Across these studies, we identified 75 distinct
interventions: Policy/Legal (12), Internal Governance
Interventions (24), Participatory (16), and Technological
(22). The most frequently cited contexts were workforce
capacity & literacy (33) and structures & roles (23), while
common activated mechanisms included contestation &
oversight (19) and learning & adaptation (14).

ICMO element  Definition Types

Intervention Organisational actions undertaken to Policy & Legal, Internal Governance, Participatory, Technological
support RAI governance.

Context Internal or external conditions as part Organisational Culture & Norms, Structures & Roles, Workforce Capacity
of the setting in which an intervention & Literacy, Technological Capacity; Regulatory & Policy Environment,
was implemented Political and Economic priorities, Public Trust & Socio-cultural Norms

Mechanism Underlying processes triggered by Proactive Compliance, Symbolic Compliance, Reactive Compliance, Ad-
interventions explain how they lead to hoc Mechanism, Discretionary Mechanism, Contestation & Oversight,
outcomes Reliance Mechanism

Outcome Intended or unintended effects related Accountability, Transparency, Fairness & Bias Mitigation, Privacy and

RAI Data Protection, Public Trust and Legitimacy

Table 2. Adapted ICMO Definitions (from Pawson et al., 2005) and Inductive Typologies Derived from Empirical Findings
in RAI Governance



No. Study

Journal/Conference

Case Country

1 Kuziemski and Misuraca (2020)

2 Rinta-Kahila et al. (2021)
Saxena and Guha (2023)

4 Nisar et al. (2022)

Criado, Valero, and Villodre (2020)
Alshahrani, Dennehy, and Méntymaiki (2022)
Dankloff et al. (2025)

Henriksen and Blond (2023)

(oIS B Y

CHI - Conference on Human Factors in
Computing Systems

9  Veale, Van Kleek, and Binns (2018)

Telecommunications Policy

Canada, Poland, Finland

European Journal of Information Systems Australia
Journal of Responsible Computing USA

ACM Conference on Equity and Access in India
Algorithms, Mechanisms, and Optimization

Information Polity Spain
Government Information Quarterly Saudi Arabia
Al & Society Netherlands
Social Studies of Science Denmark

5 OECD country

10 Leikas et al. (2022) Frontiers in Artificial Intelligence Finland

11 Chenou and Rodriguez Valenzuela (2021) The Law, State and Telecommunications Review Colombia

12 Kinder et al. (2023) Government Information Quarterly Finland

13 Jergensen and Nissen (2022) Big Data & Society Denmark

14 Koskimies and Kinder (2022) Public Management Review Finland

15 Mahomed et al. (2023) pre-print UK

16  Tangi, van Noordt, and Rodriguez Miiller (2023) Conference on Digital Government Research Various EU countries
17  Hinton (2023) International Journal of Technotics Estonia

18  Figueras, Verhagen, and Cerratto Pargman (2022) Scandinavian Journal of Information Systems Sweden

19 Berman, de Fine Licht, and Carlsson (2024) Technology in Society Sweden

20 Tsourma et al. (2023) ;I;Ilclkilzoi())éi S— Human Interaction & Emerging Italy, Greece, Norway
21 Festet. al (2023) Public Management Review Netherlands

Table 3. An overview of Selected Studies

Notably, intended outcomes focused on transparency (26)
and accountability (14), while unintended outcomes
clustered around accountability failures (28) and fairness
issues (17). The following sections examine each subtype of
intervention, tracing how contexts, mechanisms, and
outcomes interact. Findings are organised by intervention
type to compare how similar interventions produced
different effects across settings.

Policy and Legal Interventions

Policy and legal interventions appeared 12 times across 10
studies, including impact assessments, audit procedures, and
Al-specific mandates. While they achieved transparency
and accountability (3 cases each), they also frequently
resulted in compliance failures (5 cases) due to the symbolic
implementation or bureaucratic obstacles. Two contextual
factors shaped these outcomes: regulatory clarity and
enforcement (5 cases) and organisational culture and
structure (4 cases). These conditions activated different
proactive, symbolic, ad hoc, or reactive compliance
mechanisms, leading to divergent outcomes (Table 4).
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Audit procedures were mentioned four times across three
studies. In contexts with stronger regulatory frameworks
and capacity (Studies 5, 7), audits activated proactive
compliance that supported accountability and fairness,
though with added burdens or externalised responsibility.
By contrast, in fragmented organisational settings (Study
14), audits slipped into symbolic compliance, improving
external transparency but failing to secure accountability.

Impact assessments (Studies 13, 15, 21) showed a similar
drift from proactive to symbolic compliance. While in the
design phase, gains in transparency and privacy protection
were recorded, they eroded during implementation as
organisational cultures prioritised documentation over
action.

Al-specific mandates further presented regulatory
dependence: Canada's Automated Decision-Making
Directive (Study 1) triggered transparency through
proactive compliance, yet weak enforcement and limited
organisational embedding led to biased testing. Australia's
absent framework (Study 2) activated reactive responses
only after Robodebt's public backlash, resulting in
unfairness and financial hardship for affected citizens.



Intervention Context

Mechanism

Outcome

Audit>714 Regulatory environment;

Organisational Structure & Capacity —compliane

Impact Assess- Organisational Culture & Norms

ments!31521

Al Legal
Safeguards!->16

Regulatory & policy environment

Proactive, Symbolic

Proactive, Symbolic

Proactive,Reactive

v Accountability, Transparency, Fairness &
Bias Mitigation; X Accountability

v Transparency, Privacy & Data Protection

compliance

v Transparency; X Accountability

Compliance

Table 4. An overview of the policy and legal interventions and their most associated contexts, mechanisms, and outcomes

Internal Governance Interventions

Internal Governance interventions appeared 25 times across
16 studies, including capacity building and role design.
While achieving transparency (12 cases) and accountability
(9 cases), they also notably created accountability gaps (16
cases) through eroded professional discretion and
misaligned roles. Two contextual factors shaped outcomes:
Workforce Capacity and Literacy (11 cases) shaped whether
staff could interpret and challenge new responsibilities,
while Organisational Structures and Role Distribution (9
cases) influenced whether governance roles were clearly
defined and practically supported. As a result, these
conditions activated learning and adaptation or discretionary
mediation mechanisms (Table 5).

Capacity building and learning programs appeared in 10
studies. In low-literacy, high-turnover contexts, they
activated learning mechanisms that improved transparency
by helping staff interpret Al outputs (Studies 4, 7, 12).
However, training sometimes increased Al reliance and
weakened oversight, leading to accountability failures
(Studies 3, 14, 15). Where organisational roles were better
defined, programs activated discretionary mediation,
strengthening professional discretion and improving
accountability (Study 12). Yet they also revealed context-
specific trade-offs: persistent scepticism (Study 5),
decision-making imbalances (Study 12), disconnects
between system design and day-to-day application (Study
21), and ethics training often failed to translate into concrete
oversight practices (Study 19). In these cases, training raised
awareness but lacked contextual adaptation and support.

Organisational structures and role design appeared in 13
studies, including ethics boards and newly created Al units.
In defined structures, they activated oversight and
discretionary =~ mediation = mechanisms, improving
transparency  (study 3,16), accountability (study
6,9,10,14,17,18,21), and fairness (study 9, 17). For instance,
Finland's AuroraAl ethics board enabled cross-disciplinary
deliberation and supported anonymised data use (Study 10),
while expert-led quarterly validations  improved
employment service fairness (Study 16). However, even
effective structures faced constraints like late-stage setup
limiting influence (Study 10). In these cases, accountability
was not fully realised due to a lack of institutional power
(Study 3), leadership misalignment (Study 6), unclear
enforcement (Studies 9, 16), and role confusion or
procedural fragmentation (Studies 17, 18, 21).

Participatory Interventions

Participatory interventions appeared 16 times in 12 studies,
including citizen engagement (co-design workshops, citizen
panels), internal stakeholder processes (feedback loops,
workshops), and ecosystem initiatives (open data
publishing). They most frequently achieved transparency
(10 cases), and public trust & legitimacy (9 cases). Yet also
produced accountability failures and fairness limitations (4
cases each). Outcomes were shaped by two key contexts:
Public Trust and Socio-Cultural Settings (8 cases)
influenced participatory process uptake and inclusiveness,
while organisational structures and workforce capacity (7
cases) shaped whether the input was formally embedded or

Intervention Context Mechanism Outcome

Capacity Building & Learning Structures & Roles, Learning & Adaptation; v Transparency, Accountability; X
Programs >4 371213, 14 15.17.19,  Workforce capacity &  Discretionary Mediation;  Accountability

21 Literacy Reliance

13

Structures & Role Design >
10, 14,16, 17, 18, 21

Contestation & Oversight;
Discretionary Mediation

V' Accountability, Fairness & Bias
Mitigation, Transparency; X Accountability

Table 5. An Overview of Internal Governance Interventions and their associated contexts, mechanisms, and outcomes



remained advisory. These conditions activated learning and
adaptation or contestation and oversight mechanisms (Table
6).

Citizen-facing participatory interventions appeared in 8
studies. In high-trust contexts with strong participatory
expectations, they activated contestation and oversight
mechanisms, achieving transparency and legitimacy
(Studies 1,10,12). For example, Finland's co-design
workshops (Study 10) integrated diverse stakeholders into
Al service development, with participants seeing their input
shape features. However, outcomes were often partially
realised due to coordination burdens and limited integration
capacity. In contrast, in developer-driven contexts, the same
interventions activated a reactive compliance mechanism,
focusing on technical fixes while excluding broader fairness
concerns (Study 17). Similarly, weak institutional structures
undermined initial gains: involving children in design
created developer reflection (Study 15) but lacked follow-
through mechanisms to embed input into final decisions.

Beyond citizen input, Internal Stakeholder-Oriented
Interventions appeared in 5 studies (6 times). In well-
regulated contexts, they activated learning mechanisms that
improved fairness by integrating local expertise into
prediction models (Study 9), reorienting priorities from
cost-efficiency toward child protection ethics (Study 13)
and facilitating stakeholder alignment on fairness principles
and data-sharing protocols (Study 14). However, they
revealed context-specific trade-offs. These included
decision paralysis from competing priorities (Study 14),
exclusion of vulnerable voices when technically confident
stakeholders dominated agenda-setting (Study 12), feedback
manipulation due to weak validation (Study 16), and
unrealistic expectations as political shifts forced frontline
staff beyond institutional capacity (Study 13). In low
literacy contexts, developer dominance similarly led to
misaligned fairness considerations when technical teams set
priorities without challenge from domain experts (Study 7).

At a broader level, ecosystem-oriented participatory
interventions appeared in 2 studies. In high-trust, open
collaboration contexts, they improved public trust and
transparency by enabling citizen scrutiny (Studies 12, 16).
However, opening data infrastructure to private companies
created accountability ambiguity when responsibility for
Al-driven decisions remained unclear (Study 12).

Technological Interventions

Technological interventions covered: Al model design, data
practices, and explainability tools, appearing 22 times
across 13 studies. While achieving public trust (5 cases) and
privacy protection (4 cases), unintended effects were more
common than intended ones (17 vs. 11), particularly fairness
failures (9) and transparency limitations (6). These
interventions consistently improved operational efficiency
(10 cases) but at the cost of due process and professional
judgment, manifesting in rigid assessments. Workforce
capacity (7 cases) and technological infrastructure (5 cases)
frequently shaped outcomes, often activating contestation
mechanisms where users challenged system use (Table 7).

Explainability features and transparency tools appeared
in 7 cases, including interpretability methods and tailored
communication interfaces. In contexts with front-line
discretion and high public trust, they activated contestation
mechanisms that increased public trust and legitimacy
(Studies 9,10,12,13). For example, Finnish municipal staff
adapted explanations for different audiences (Study 12),
while citizen-facing tools helped users understand how data-
informed recommendations (Study 10). However, these
tools consistently fell short of their transparency goals
across multiple cases: Explanations constrained enabling
understanding (Study 13), weak organisational support for
training left non-technical staff unable to translate outputs
and act on outputs (Study 12), and formal compliance
measures provided visibility =~ without substantive
understanding (Study 10, 19).

Intervention Context

Mechanism

Outcome

Public Trust & Socio-Cultural;
Structures & Roles; Workforce
Capacity & Literacy

Citizen
Oriented!410.12,15.16,17,18

Internal Stakeholder
oriented 7-%-12.13.14

Structures & Roles; Workforce
Capacity & Literacy; Regulatory &
Policy environment, Political and
Economic Priorities

Ecosystem Oriented '>!¢  Public Trust & Socio-Cultural

Contestation & Oversight, Ad
& Hoc, Reactive

Contestation & Oversight,
Learning & Adaptation

Contestation & Oversight,
Learning & Adaptation

v Transparency; Fairness &
Bias Mitigation; Public Trust &
Legitimacy; X Accountability

v Transparency; Public Trust &
Legitimacy; Fairness & Bias
Mitigation; X Fairness & Bias
Mitigation, Transparency

v Transparency; Public Trust &
Legitimacy; X Accountability

Table 6. Overview of Participatory Interventions along with their most associated contexts, mechanisms, and outcomes
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Intervention Context Mechanism Outcome

Al Model Design & Data Technology Capacity & Proactive, v Privacy & Data Protection X

Practices3:89:12,13,16,17,20, 21 Infrastructure; Structure; &Roles; Discretionary, Fairness & Bias Mitigation,
Workforce Capacity & Literacy Symbolic Privacy & Data Protection

Explainability features &

transparency Tools%1%12:13.16,19

Public Trust & Socio-Cultural
Setting; Organisational Culture

v Public Trust & Legitimacy; X
Transparency

Contestation &
Oversight

Table 7. An Overview of Technological Interventions and their most associated contexts, mechanisms, and outcomes.

Al model design and data practices appeared in 14 cases,
including input simplification, exclusion of sensitive
variables, and model repurposing across domains. In
capacity-limited settings, they activated mixed mechanisms
with predominantly poor outcomes: only 1 of 5 cases
achieved intended results, anonymization enhancing privacy
(Study 21), while 4 resulted in fairness failures through
inappropriate design choices: transferring a financial Al
model to healthcare without domain adaptation (Study 8),
and using simplistic income averaging that systematically
overestimated casual workers' earnings (Study 1). Similar
patterns emerged in contexts with rigid structures or
workforce constraints, again producing fairness failures (4
cases). Across both contexts, interventions consistently
achieved efficiency gains but at the cost of fairness,
professional judgment, and procedural consistency.

Discussion

Our findings show that interventions intended to advance
Responsible Al principles rarely worked in straightforward
ways. For example, audits and impact assessments
improved transparency only when supported by regulatory
enforcement and organisational embedding; otherwise, they
drifted into symbolic exercises. Training initiatives, meant
to enhance professional judgment, sometimes deepened
automation bias when not adapted to local capacity.
Organisational structures like ethics boards created spaces
for deliberation yet often lacked authority to translate
recommendations into practice. Participatory processes
provided voice, but too often without uptake, reinforcing
existing role ambiguities and power asymmetries.
Explainability tools, which in high-trust contexts improved
visibility, frequently delivered little more than symbolic
transparency. Taken together, these patterns highlight a
central insight: interventions cannot be judged in isolation,
as their effects depend on the mechanisms they activate
under specific internal and external contexts.

What became visible across cases is that certain cross-
cutting dynamics consistently shaped whether interventions
were sustained or drifted into symbolic forms. We refer to
these as the Situated Dynamics of Responsible Al
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Governance, which consists of three recurrent and
interconnected dynamics: organisational embeddedness,
power-expertise, and trust-transparency.

Organisational Embeddedness Dynamics

Across the cases, interventions achieved their goal when
embedded into internal contexts, with external conditions
such as regulatory clarity acting as enablers. For instance,
audits and impact assessments, for instance, increased
transparency when reinforced by clear regulatory oversight
and supported by organisational structures for follow-up
(Studies 5, 7). Yet in other contexts, the same interventions
drift into symbolic compliance when they were reduced to
documentation exercises without enforcement or role clarity
(Studies 13, 14, 15, 21). Ethics boards and newly created
governance roles showed a similar split: Finland’s AuroraAl
board enabled cross-disciplinary deliberation and supported
anonymised data use (Study 10), but in settings where such
bodies lacked institutional power, leadership alignment, or
enforcement mechanisms, leaving accountability gaps
(Studies 3, 6, 9, 16). Similarly, technological interventions
such as explainability tools depended on this embedding:
when frontline staff had the literacy and organisational
support to adapt outputs for different audiences, they
fostered trust and transparency (Studies 9, 10, 12). Without
training or structural follow-through, however, the same
tools produced only symbolic transparency (Studies 10, 12,
19).

We call this recurring pattern Organisational
Embeddedness Dynamics. It captures how the effectiveness
of Responsible Al interventions depends less on their nature
than on whether they are internalised into structures, roles,
and everyday routines of organisations. When embedded,
interventions became part of decision-making processes,
activating mechanisms such as proactive compliance or
learning, and leading to accountability and transparency.
When left as one-off fixes, trainings without follow-up,
audits reduced to documentation, or ethics boards without
authority, they drifted into symbolic or ad hoc responses,
producing accountability gaps and oversight failures.
External conditions, such as regulatory clarity or public
trust, shaped whether embedding was sustained. Still, they



were not sufficient on their own: without organisational
routines that embedded new practices, interventions
remained fragile and easily eroded.

The gap between Responsible Al principles and practice
is well recognised in the literature (Mittelstadt 2019; Morley
et al. 2023), often explained through the difficulty of
translating broad ethical commitments into situated
organisational routines. Our findings resonate with this
observation but point to a deeper root: an Organisational
Embeddedness Dynamic that shapes whether interventions
consolidate or erode in practice. This dynamic reflects what
institutional theory terms incomplete institutionalisation,
practices introduced but not yet stabilised as norms (Tolbert
and Zucker 1996; Scott 2014) and in some cases approaches
decoupling, where changes are maintained primarily for
symbolic legitimacy (Meyer and Rowan 1977). Rather than
being separate or sequential, our analysis shows how these
processes intersect: decoupling pressures are especially
strong in early stages of institutionalisation, when practices
remain fragile and norms are absent (Bromley and Powell
2012). This is precisely where Responsible Al governance
currently sits, which explains why Responsible Al
interventions are so vulnerable. Novelty, technical opacity,
and the absence of established standards mean that
embedding inevitably takes time (Hajer 2003; Klievink, van
Wegberg, and van Eeten 2017), yet regulatory timelines and
legitimacy demands (AI HLEG 2019; OECD 2022) push
organisations into strategic survival mode, adopting
interventions as one-off fixes rather than integrating them
into workflows. In this sense, organisational embeddedness
is not only about internal structures and roles but about the
capacity to resist drifting into symbolic compliance under
persistent external pressure. Therefore, RAI governance
depends on whether organisations can reduce decoupling
pressures and strengthen institutionalisation by embedding
interventions into everyday organisational practices.

Power-Expertise Dynamics

Another dynamic that consistently shaped the outcomes of
Responsible Al interventions concerned the distribution of
power and expertise. Across cases, authority over
interventions frequently rested with technical teams,
narrowing the scope of influence for other actors. The
design and implementation of audits and impact
assessments, for example, were defined by developers,
sidelining organisational and domain expertise (Studies 4,
15, 21). In model design and data practices, authority
concentrated in technical specialists or blurred by role
ambiguity led to expertise dominance, including the transfer
of systems across domains without contextual adaptation,
which excluded practitioners with local knowledge (Studies
3,8,9,15). Participatory interventions reflected similar
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asymmetries: in low-literacy settings, technically confident
stakeholders dominated deliberations, while vulnerable
voices were marginalised and fairness priorities primarily
set by developers (Studies 7, 12). Thus, interventions
intended to broaden accountability instead reinforced
epistemic hierarchies, with technical authority outweighing
other perspectives.

We refer to this recurring pattern as Power-Expertise
Dynamics. It captures how Responsible Al interventions are
shaped by how authority and expertise are distributed
among technical teams, domain practitioners, and affected
stakeholders. When technical expertise dominated, defining
the scope and interpretation of audits, leading model
transfers without contextual adaptation, or steering
participatory ~ processes, interventions  undermined
accountability and fairness. Where expertise was shared
across domains, roles were clearly defined, and follow-up
mechanisms ensured that input translated into practice,
interventions led to accountability and fairness.

Public administration scholarship has long examined how
discretion shifts across levels of bureaucracy. In Lipsky's
(1980) account, street-level bureaucrats exercise judgment
in direct encounters with citizens, while later work
highlighted the rise of system-level bureaucracy, where
discretion is encoded upstream in IT systems and central
procedures (Bovens and Zouridis 2002). More recent studies
describe screen-level bureaucrats, whose interactions with
citizens are mediated by system outputs, leaving them with
limited scope to contest or reinterpret decisions
(Landsbergen 2004). Our cases suggest that Al governance
pushes this trajectory further, into what might be called
code-level bureaucracy: developers and data scientists
embed rules and value-laden choices directly in code and
model parameters. Discretion did not simply relocate from
frontline staff to administrators. Still, it was consolidated in
technical design, narrowing the role of domain expertise and
concentrating authority in technical specialists, who not
only implement but also define the parameters that shape
accountability and fairness outcomes, an intensified form of
the information asymmetries highlighted by agency theory
(Jensen and Meckling 1976).

Al amplifies these dynamics in three ways. First,
expertise is unstable: models degrade, and standards shift,
making knowledge of fairness or privacy quickly obsolete
(Veale, Van Kleek, and Binns 2018). Second, opacity
persists even for developers, who nevertheless arbitrate
decisions (Pasquale 2015; Lipton 2018; Passi and Barocas
2019). Third, in contexts of role ambiguity and uneven
literacy, technical staff assumed de facto responsibility, not
by mandate but by default. Together, these conditions
concentrate authority in technical teams, displacing domain
expertise and embedding normative choices in system
design. The result is that interventions meant to strengthen



Responsible Al struggle to deliver accountability and
fairness when expertise remains unevenly distributed.

Trust-Transparency Dynamics

Across cases, we also found that the trajectory of RAI
interventions pivoted on how trust and transparency were
configured. Across intervention types, we observed a
recurring pattern: interventions that were expected to build
public trust through greater transparency often produced
very different results depending on context. Transparency
took the form of both technical explainability measures
(dashboards, feature visualisations) and information-
oriented efforts (training and literacy sessions intended to
help staff or citizens interpret Al outputs). Yet across these
variants, when introduced without sufficient interpretive
capacity, transparency measures tended to trigger misplaced
reliance and automation bias rather than fostering
contestation and critical oversight (Studies 2, 3,7, 9, 13, 19).
At the same time, baseline trust relations shaped whether
transparency landed as meaningful. In supportive
environments, transparency measures could be reinforced
through participatory norms and feedback loops, enabling
contestation and strengthening legitimacy (Studies 1, 10). In
less supportive settings, however, formal or technical
transparency was more likely to collapse into symbolic
compliance, producing reliance rather than scrutiny (Study
19).

We refer to this recurring pattern as Trust-Transparency
Dynamics, a dynamic that helps explain why interventions
often diverge in practice. It captures how interventions
oriented toward openness and visibility, whether through
technical explainability tools or broader information-
oriented measures, could either foster or erode Responsible
Al, depending on whether transparency was rendered
meaningful. In some cases, trust was framed as the intended
outcome of transparency, yet visibility without
understanding tended to produce reliance or symbolic
compliance instead. In other cases, trust acted as a
contextual condition: supportive trust relations and
interpretive capacity amplified the effectiveness of
transparency measures, while their absence redirected them
into misplaced reliance. This dynamic underscores that
transparency cannot be treated as a straightforward lever for
legitimacy, but as a relational process contingent on the
social and organisational scaffolding that makes information
actionable.

Seen in this light, Trust-Transparency Dynamics resonate
with but also complicate existing assumptions in
Responsible Al frameworks. These frameworks consistently
position transparency as a pathway to trust, operating under
the assumption that visibility generates confidence and
legitimacy (AI HLEG 2019; OECD 2022). This view -
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transparency as input, trust as output - is reinforced by
experimental studies showing positive correlations between
explanation provision and user trust (Ribeiro, Singh, and
Guestrin 2016; Dodge et al. 2019; Park and Yoon 2024). Yet
these studies typically examine individual user responses to
isolated interventions in controlled settings, overlooking the
institutional and contextual conditions our synthesis reveals
as critical. Where visibility existed without enabling
scrutiny (Ananny and Crawford 2018), our cases showed
that transparency not only failed to deliver its intended
outcomes but could also reshape user relations to Al in ways
that discouraged critical engagement. Explainability tools
often created technical transparency, making system
operations visible, but without interpretive scaffolding, they
tended to encourage reliance and narrow the space for
contestation. In this sense, our cases highlight the gap

between  technical transparency and  democratic
transparency: the former delivers visibility, the latter
enables  meaningful  oversight and institutional

accountability. Realising the latter requires governance
arrangements that anchor transparency in deliberation and
democratic control over Al (Wong et al. 2025).

This conditional relationship between trust and
transparency reflects but also extends existing critiques. Al
trust research increasingly acknowledges the contextual and
multi-dimensional character of trust (Knowles, Richards,
and Kroeger 2022) yet has not examined how these
dimensions interact with transparency in institutional
settings. Organisational studies emphasise that trust depends
not on disclosure alone but on the conditions under which
information is interpreted (Schnackenberg and Tomlinson
2014) but these accounts were developed for traditional
organisational contexts. Public-sector Al adds new
challenges: technical opacity, automated decision-making at
scale, and the difficulty of explaining algorithmic logic to
diverse stakeholder groups. Our findings suggest that the
trust-transparency dynamic in Al governance cannot be
understood as a simple input-output relation but as an
interdependent process shaped by both institutional context
and the form of transparency enacted. For practitioners, the
implication is clear: transparency is not the destination but
the start of a process. Unless it is paired with interpretive
capacity and conditions for contestation, it risks producing
only symbolic visibility or misplaced reliance, rather than
the legitimacy Responsible Al aspires to secure.

Together, these dynamics form the Situated Dynamics of
RAI Governance, interacting forces that shape how
responsible Al interventions are enacted, sustained, or
derailed in the public sector. While each dynamic captures
a distinct dimension, embeddedness, expertise distribution,
and the trust-transparency relationship, they are deeply
interdependent: shifts in one can reinforce, destabilise, or
reconfigure the others. Current evidence suggests that Al-



specific characteristics such as technical opacity, model
fluidity, and the scarcity of relevant expertise amplify all
three. Yet, the precise causal pathways linking these
dynamics remain underexplored.

Limitations

As with all realist syntheses, our findings depend on the
quality and completeness of the source studies. The
literature in the public sector RAI is fragmented, with
inconsistent terminology, reporting standards, and causal
framing. Because many studies did not clearly define
mechanisms or outcomes, we often had to make interpretive
inferences during coding. Ambiguity was common; for
instance, it was sometimes unclear whether a passage
described a mechanism or a context, or whether outcomes
reflected unintended effects or weak implementation. While
this introduced subjectivity, such inference is an accepted
and necessary feature of realist synthesis. As Pawson et al.
(2005), Wong et al. (2013), and Greenhalgh et al. (2011)
emphasise, realist reviews rely on theory-informed
judgement to surface plausible explanations of how
interventions work across varying contexts. To mitigate
bias, we used memoing, collaborative review, and repeated
checks of the source material. These interpretive judgments
are particularly essential in value-laden domains such as
Responsible Al governance, where institutional norms, legal
ambiguities, and sociopolitical dynamics shape causal
pathways. Although realist synthesis originated in health
and social care (Jagosh et al. 2012; Pawson et al. 2005), and
it is increasingly used in education, policy, and public
health, the RAI governance literature remains less coherent
than in those fields, where interventions tend to be more
standardised. Additionally, we acknowledge that not every
observed pattern can be attributed to a single context
shaping a mechanism. As in other forms of causal inference,
confounding factors may be present, unmeasured variables
that influence both the intervention and the outcome,
making it difficult to establish direct causality. Our aim is
therefore not to claim definitive causal relationships, but to
propose plausible, theory-informed explanations for how
particular outcomes may arise in different contexts. Finally,
we note that our focus on English-language, peer-reviewed,
and policy-relevant empirical work may have excluded
valuable insights from non-academic or non-English
sources, particularly from underrepresented regions.

Conclusion

Based on a realist synthesis of 21 empirical studies on RAI
governance in public sector settings, our analysis shows that
widely promoted interventions - such as audits, training
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programs, and participatory processes - are not inherently
effective. Their outcomes are shaped by organisational
norms and structures, capacity and expertise, and the
broader sociotechnical contexts. Moreover, interventions
intended to advance RAI principles often generated trade-
offs that undermined those same principles: transparency
tools obscured more than they clarified, training reinforced
reliance on Al rather than critical oversight, and
participatory initiatives that offered voice without
meaningful uptake. These examples highlight that what
matters is not the intervention in isolation, but the
mechanisms it activates under particular conditions.

To explain these patterned effects, our synthesis develops
three interdependent dynamics of Situated RAI Governance:
organisational embeddedness dynamics, power-expertise,
and trust-transparency dynamics. These dynamics were
made visible by applying realist synthesis, rarely used in Al
governance, and by developing an inductive ICMO
taxonomy that structured comparisons across cases.
Together, they show that responsible Al governance is not
secured through design alone but requires continuous
reinforcement ~ within  organisational routines and
institutional structures. Even well-aligned interventions can
erode over time, sliding into symbolic compliance when
capacity, follow-through, or role clarity weaken. Rather
than offering a prescriptive checklist, this paper explains
why interventions succeed or fail across different
conditions, contributing to a more explanatory, practice-
informed understanding of Responsible Al governance.

At the same time, we note important gaps for future
research. Despite the large and growing literature on Al
governance, only 21 empirical studies directly examine
what works in practice, most situated in high-income
Western contexts. Very little is known about how RAI
governance operates in low-resource or non-Western
settings. While this paper contributes to the emerging focus
on how to operationalise RAI governance, what constitutes
RAl itself is also evolving. The reviewed studies centred on
transparency, accountability, fairness, privacy, and trust,
while environmental considerations were notably absent.
Future research should examine their intersections
empirically, tracing how they unfold over time and across
governance contexts. Rather than asking which intervention
“works,” the critical question is under what conditions
interventions are maintained as substantive practices rather
than reduced to symbolic gestures. This shift helps move the
field from isolated implementation fixes toward a systemic,
practice-informed understanding of RAI governance as an
evolving socio-technical practice and, through that, more
responsible Al governance in the public sector.
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