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Abstract

Artificial intelligence is becoming a defining force in public governance, yet many insti-
tutions still struggle to adopt it in ethical, sustainable, and scalable ways. This article
reports on a systematic literature review in line with PRISMA 2020 guidelines, covering 67
peer-reviewed studies published between 2014 and 2024. The review shows that AI can
help public institutions work faster and more transparently, but it also reveals several com-
mon problems. Many organizations still face fragmented data, weak connections between
systems, limited digital tools, a lack of staff skills, and ethical risks such as bias and privacy
concerns. To address these problems, the study introduces the AI Integration Capability
Model, a framework based on the Technology Acceptance Model, Digital-Era Governance,
and Dynamic Capabilities theory. The model highlights four institutional pillars: data
access and interoperability, digital infrastructure and redesigned processes, workforce
skills and learning capacity, and leadership and management reform. Its relevance was
tested through a three-round Delphi study with 15 senior experts from Moroccan public
institutions, who agreed on the feasibility and urgency of all four pillars. The findings
offer policymakers practical guidance for AI adoption and outline a roadmap for aligning
innovation with institutional readiness and public trust.

Keywords: artificial intelligence; public governance; decision-making; digital-era gover-
nance; institutional readiness; AI integration capability model; Delphi study; responsible
AI adoption

1. Introduction
Over the past decade, artificial intelligence (AI) has progressively reshaped how

public administrations operate, make decisions, and deliver services. AI is increasingly
embedded in public sector operations, from traffic optimization and fraud detection to
automating administrative tasks. Countries like the United States (USA), China, and
Singapore have launched pilot initiatives in justice, healthcare, and urban planning [1,2].
However, many public institutions face challenges, including outdated infrastructure,
fragmented digital strategies, and growing concerns over transparency, accountability, and
algorithmic bias [3,4].

While interest in integrating AI into governance has expanded rapidly, existing re-
search remains disjointed across domains and perspectives. Most studies are sector-specific
or grounded in conceptual models with limited empirical validation, often neglecting the
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dynamic interplay between public institutions and private technology providers. This
fragmentation underscores the need for an integrated synthesis to capture institutional
readiness and support sustainable AI adoption [5,6]. Despite these growing contribu-
tions, most studies remain narrow in focus. They often explore AI’s technical, ethical,
or sectoral aspects without linking them to broader institutional reforms. Few attempts
combine theoretical, managerial, and governance dimensions in a single framework. This
lack of integration makes understanding how AI transforms public organizations and
decision-making practices difficult.

These limitations open a key research question: How is AI transforming decision-
making, institutional structures, and regulatory models in public governance, and what
lessons can guide its ethical and inclusive adoption?

Previous literature reviews have offered practical foundations, but they also show
limitations. Sharma et al. [6] proposed a broad theoretical agenda for AI in governance, but
lacked concrete examples of institutional change. Zuiderwijk et al. [7] focused on ethical
and procedural issues but concentrated mainly on Western countries and did not explore
how strategies vary globally.

Previous research has provided valuable insights into how AI supports efficiency,
transparency, and innovation in the public sector. However, these studies often remain lim-
ited in scope and lack a comprehensive understanding of the institutional and governance
mechanisms that enable ethical and sustainable AI use. Building on these contributions,
this study aims to provide a broader, more integrated perspective that connects practice,
perception, and policy within public governance systems.

This article addresses those gaps through a systematic literature review (SLR) of
67 peer-reviewed articles published between 2014 and 2024. It offers a dual-level analysis:
the Technology Acceptance Model (TAM) explores user-level factors like trust and per-
ceived usefulness, while the Digital-Era Governance (DEG) framework captures broader
organizational reforms. These two perspectives are combined through the Dynamic Capa-
bilities (DC) lens to assess how institutions adapt, learn, and transform in the face of digital
change.

Building on the review’s findings, this article introduces the AI Integration Capability
Model (AICM), which conceptualizes four institutional capabilities essential for ethical,
inclusive, and scalable AI adoption: access to quality and interoperable data, modern
digital infrastructure and process redesign, staff competencies and learning agility, and
institutional leadership and change management.

The model was tested through a structured Delphi study involving fifteen senior
experts from Morocco’s public administration to assess its practical relevance. The results
confirmed the model’s applicability and revealed key strategic priorities for governments
with evolving digital ecosystems.

Based on the theoretical frameworks discussed (TAM, DEG, and DC) and the gaps
identified in the literature, this study formulates four research hypotheses that guide the
analysis. These hypotheses reflect the institutional conditions that support ethical and
practical AI integration in public governance.

Hypothesis 1 (H1). The availability of high-quality and interoperable data positively influences
the adoption and scalability of AI systems in public institutions.

Hypothesis 2 (H2). Advanced digital infrastructure and redesigned administrative processes
strengthen institutional efficiency and facilitate AI implementation.

Hypothesis 3 (H3). Workforce competencies and learning agility enhance trust, acceptance, and
the effective use of AI technologies within public organizations.
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Hypothesis 4 (H4). Institutional leadership and change management capabilities are critical in
ensuring ethical oversight and sustainable AI-driven transformation.

These hypotheses connect individual acceptance factors (TAM), institutional reforms
(DEG), and strategic adaptability (DC), forming the analytical basis for the AI Integration
Capability Model.

The rest of the paper is structured as follows: Section 2 reviews the main theoretical
foundations and previous studies that inform the background and theoretical framework;
Section 3 presents the synthetic literature review methodology. Section 4 analyzes statistical
trends and emerging research on AI-driven governance. Section 5 reports the results and
discussion. Section 6 provides the empirical findings and thematic synthesis; Section 7
introduces the AI Integration Capability Model. Section 8 validates the AICM through the
Delphi study conducted in Morocco. Section 9 discusses managerial and policy implications,
and Section 10 concludes with final reflections and directions for future research.

2. Background and Theoretical Framework
Public institutions increasingly adopt AI to enhance service delivery, streamline

decision-making, and support evidence-based policy development [6]. In practice, it
facilitates the automation of routine tasks, enables real-time data analysis, and supports
predictive planning in domains such as urban development, public health, and taxation [7].
However, its integration goes beyond technical innovation; it raises crucial questions
about how institutions manage information, support accountability, and maintain public
trust. Table 1 summarizes the main systematic literature reviews that have examined AI
integration in governance, highlighting their aims, strengths, and gaps.

Table 1. Overview of the findings of previous SLRs on integrating AI in governance.

Study No. of Papers Focus
Area PeriodCovered Key

Findings Strengths Weaknesses Main
Contributions

[6] 74
Theoretical

frameworks for
AI governance

1983–2019

AI improves
public

governance
through

automation,
transparency,

and predictive
analytics.

Provides a broad
conceptual
agenda and

identifies critical
research gaps.

Limited
empirical data;

lacks connection
to operational

contexts.

Established a
theoretical

foundation and
encouraged

empirical
extensions for AI

governance.

[7] 26
Public

governance and
AI ethics

2010–2020

Investigate
transparency,
accountability,

and privacy
challenges in

public AI
applications.

Strong
interdisciplinary

design and
robust theoretical

grounding.

Limited
empirical and
quantitative

analysis; mostly
Western contexts.

Designed a
comprehensive
research agenda

focused on
procedural and

normative issues.

[5] 59
AI adoption
barriers in
healthcare

2000–2023

Identifies six key
barriers: ethical,

technological,
legal, workforce-

related, social,
and safety
concerns.

Offers actionable
insights into
overcoming

sector-specific
obstacles.

Focused solely
on healthcare,

lacks
applicability to

broader
governance

settings.

Synthesized
implementation

barriers and
provided a

sectoral
framework for
healthcare AI
integration.

[8] 47
AI adoption in

industrial
production

2010–2024

Highlights 35
adoption factors

across skills,
data, ethics, and

leadership
themes.

Structured
categorization of

influencing
factors and

strategic
implications.

Based only on
academic

literature, it lacks
validation
through

real-world case
studies.

Proposed an
adoption

framework and
identified gaps in

training and
institutional

preparedness.
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2.1. Theoretical Framework: TAM, DEG, Dynamic Capabilities, and Delphi

This study draws on four complementary frameworks to analyze AI adoption in public
governance: the TAM, DEG, the DC approach, and the Delphi method. They offer a multi-
level perspective linking individual acceptance, institutional reform, strategic adaptation,
and expert validation.

TAM [9] explains how public employees evaluate AI tools based on perceived use-
fulness, ease of use, and trust [10]. It informs the analysis of frontline acceptance and
user-level engagement.

DEG focuses on institutional transformation, emphasizing administrative efficiency,
integrated service delivery, and citizen responsiveness [11]. It guides the examination of
structural and procedural adaptations to digital change.

DC theory addresses organizations’ strategic capabilities to sense, seize, and reconfig-
ure in dynamic environments [12]. It highlights how public institutions develop agility to
integrate AI despite rigidities, skill gaps, or fragmented infrastructures.

Finally, the Delphi method supports expert consensus-building in uncertain or data-
scarce contexts [13]. Applied here in a three-round study with Moroccan public sector
experts, it validates the AI Integration Capability Model and strengthens the study’s
practical relevance.

These frameworks collectively support a layered understanding of AI adoption, from
micro-level user acceptance to macro-level institutional readiness and strategic capability.

Table 2 summarizes how each theoretical framework contributes to the main dimen-
sions of AI adoption in public governance. While TAM and DEG address user acceptance
and institutional transformation, respectively, the Dynamic Capabilities framework high-
lights the need for strategic agility, and the Delphi method reinforces expert-informed
decision-making in uncertain or rapidly evolving contexts.

Table 2. TAM, DEG, DC, and Delphi contribute to key dimensions of AI governance.

Analytical Dimension TAM (Individual) DEG (Institutional) DC Delphi

Perceived usefulness ✔

Trust and fairness ✔ ✔ ✔

Ease of use ✔

Institutional efficiency ✔ ✔ ✔

Integrated service delivery ✔

Transparency and
accountability ✔ ✔

Adaptive capacity ✔ ✔

In parallel, Dospinescu and Buraga [14] examined the determinants of enterprise
resource planning (ERP) adoption in organizations. They demonstrated that technological,
organizational, and managerial factors jointly shape institutional readiness for digital
transformation. Their conclusions are consistent with the capability-based reasoning
adopted in this study, reinforcing the multidimensional perspective of the AICM.

2.2. Core AI Technologies in Public Governance

AI is a technology suite that simulates human cognitive functions such as reasoning,
learning, and decision-making [15]. AI covers various technologies and approaches, includ-
ing Machine Learning (ML), deep learning (DL), Natural Language Processing (NLP), and
computer vision [16]. ML is an indispensable tool for advancing industry efficiency and
decision-making [17].
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• ML enables systems to identify patterns and make predictions based on large datasets,
without being explicitly programmed [18]. It supports fraud detection, policy forecast-
ing, and automated classification in various administrative domains [19]. Applications
include fraud detection in finance and predictive analytics in governance [20].

• DL, as a specialized branch of ML, employs artificial neural networks with multiple
layers to mimic the functioning of the human brain [21]. It excels at processing
unstructured data, such as images and text, making it essential for applications like
facial recognition, autonomous vehicle navigation, and healthcare diagnostics.

• Generative AI: refers to models designed to generate new content by learning patterns
and structures from existing data. These models can create text, images, music, and
more, often indistinguishable from human-created outputs [22].

• Large language models (LLMs), based on transformer architectures such as BERT and
other generative models, can process, summarize, and generate language fluently.
Their applications span public administration, education, and legal analysis, providing
advanced tools for communication and document management [23].

Figure 1 illustrates interconnections between AI, ML, and DL. AI represents the largest
domain, with ML and DL forming specialized subsets. Generative AI and LLMs are specific
applications that apply these foundational technologies to expand AI’s capabilities.

 

Figure 1. Hierarchical representation of AI, ML, and DL.

Recent research shows that artificial intelligence increasingly converges with enter-
prise systems such as ERP and the Internet of Things (IoT). Jawad and Balázs [24] found
that machine learning enhances ERP performance through predictive analytics, data opti-
mization, and real-time adaptation supported by Industrial IoT. Wijesinghe et al. [25] also
confirm that combining IoT and AI improves interoperability and responsiveness. These
findings show that AI capability depends not only on algorithms but also on connecting
diverse data sources and enabling automated learning.

3. Systematic Literature Review Methodology
The research methodology follows a five-step process (Figure 2) and builds on es-

tablished protocols for systematic reviews [26]. This approach ensures analytical depth
and methodological transparency. The review focuses on how AI is integrated into pub-
lic governance, particularly in decision-making, transparency, ethics, and institutional
transformation [27].
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Figure 2. Mapping and review methodology steps.

Before defining the mapping and research questions, a scoping review was conducted
following the PRISMA 2020 protocol and the guidance for evidence-based research pro-
vided by Kitchenham and Charters [26]. It identified key themes, gaps, and issues in AI
governance. The findings helped align the study’s objectives: to analyze AI integration in
public governance, identify barriers and enablers, and propose an institutional readiness
framework. Two questions were developed: mapping questions (MQs) to classify the
literature and research questions (RQs) to guide analysis.

3.1. Mapping and Studying Questions

To guide the analysis, this study relies on two sets of structured questions: four MQs
and five RQs. The MQs are designed to frame the selected literature’s scope, characteristics,
and methodological patterns. In contrast, RQs allow a deeper analytical exploration of how
AI is adopted in governance, focusing on efficiency, stakeholder perceptions, and ethical
risks.

The Mapping Questions are as follows:

MQ1: What are the publication trends, thematic areas, and key sources in AI-related
governance research?
MQ2: What types of contributions are presented in the paper?
MQ3: What research methodologies are used in the studies?
MQ4: In which governance sectors and institutional settings is AI being studied?

These MQs help categorize the literature and trace the evolution of research themes
over time. Building on this foundation, the study uses five RQs to examine the challenges
and opportunities of AI adoption:

RQ1: How does AI improve efficiency and automation in governance decision-making?
RQ2: What are AI integration’s main challenges, risks, and opportunities?
RQ3: How do institutional stakeholders such as policymakers, administrators, legal experts,
and citizens perceive AI’s impact on governance processes?
RQ4: How does AI reshape institutional autonomy and the balance between automation
and human oversight?
RQ5: What governance models and best international practices exist to support ethical and
responsible AI adoption?
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These questions form the analytical backbone of the review and ensure a balanced
exploration of both technical and governance dimensions.

3.2. Search Strategy

To ensure comprehensive coverage, we used a defined search string based on Boolean
logic applied across three digital databases: Scopus, the DGRL, and Google Scholar (used
only for supplementary searches). The strategy prioritized peer-reviewed literature relevant
to AI’s role in governance from 2014 to 2024.

3.2.1. Search String

Significant terms and their synonyms were selected and combined into a search string
using Boolean operators (OR and AND) based on the mapping and research questions.
Table 3 outlines these terms, grouped into two main categories: the first relates to AI, while
the second focuses on the concept of governance.

Table 3. Search terms used in the search string.

Scope Terms

AI

AI, ML, DL, Neural networks, NLP, LLMs,
Computer vision, Algorithmic transparency, AI

fairness, Bias mitigation, AI security, Explainable
AI, and Responsible AI.

Governance

Governance, Public administration, Policy,
Transparency, Accountability, Ethics, Regulatory
compliance, Risk mitigation, Digital governance,

Regulation, Fairness, Auditing, Public trust.

Decision-making

Decision-making, Predictive analytics, Human
oversight, Decision autonomy, Administration,

Efficiency metrics, Strategic planning, Risk-based
decisions, public services.

3.2.2. Search Process

After identifying the search string, a comprehensive search was conducted in Decem-
ber 2024 across Scopus, the Digital Government Reference Library (DGRL), and Google
Scholar. In total, 1368 records were retrieved (817 from Scopus, 31 from DGRL, and 520
from Google Scholar). All records were exported into Excel, where metadata such as title,
authors, publication year, abstract, source, and type were systematically stored.

Duplicate records (n = 758) were removed before screening. The remaining 610 records
were screened by title and abstract, excluding 359 papers that did not meet the inclusion
criteria. At the eligibility stage, 251 full-text articles were assessed. Among these, 184
papers were excluded for the following reasons: not written in English (n = 42), full text
unavailable (n = 28), or focusing exclusively on technical aspects without governance
relevance (n = 114). Finally, 67 studies were included in the review.

The PRISMA 2020 flow diagram (Figure 3) summarizes the records flow through the
different stages of identification, screening, eligibility, and inclusion.
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Figure 3. PRISMA 2020 flow diagram of the study selection process.

3.3. Study Selection

This review focuses on how AI is integrated into public governance, particularly
in decision-making, transparency, ethics, and institutional transformation. As shown in
Table 4, specific inclusion and exclusion criteria were applied to ensure the relevance and
quality of selected studies.

Table 4. Inclusion and Exclusion Criteria.

Inclusion Criteria Exclusion Criteria

IC1: Papers analyzing the integration of AI in governance
decision-making processes, including case studies, frameworks,
or empirical analysis of AI governance models (e.g., risk-based,
self-regulation, hybrid).

EC1: Documents not written in English.

IC2: Studies comparing AI-driven governance models to
traditional decision-making approaches. EC2: Unavailability of the full text.

IC3: Research discussing ethical, operational, regulatory, or
technical challenges, as well as governance strategies (e.g., AI
audits, transparency laws, risk mitigation frameworks).
IC4: Studies evaluating AI’s impact on decision autonomy,
transparency, accountability, and efficiency in governance.
IC5: Only the most recent and comprehensive version of
duplicate works will be included.

EC3: Papers focusing solely on AI’s technical aspects (e.g.,
algorithmic performance, model optimization) without

relevance to governance decision-making.
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3.4. Quality Assessment

To assess the quality of the selected studies, we used a six-question scoring frame-
work [28]. As shown in Table 5, the questionnaire includes six key questions designed to
evaluate each paper’s relevance and reliability. This quality assessment confirms that only
rigorous and meaningful studies are included in the final review. Papers must score above
3.5 out of 7 (50% of the total) to be retained, helping maintain a high standard and ensuring
that the review focuses on valuable insights into AI’s impact on governance.

Table 5. Quality assessment criteria.

ID Question Answer & Score

QA1

Does the study primarily focus on AI’s impact on
governance decision-making structures (risk-based,
centralized, hybrid), processes, or administrative
frameworks?

‘Yes: +1’, ‘No: 0’

QA2
Does the study assess how AI enhances policymaking
and/or operational decision-making in governance
institutions?

‘Yes: +1’, ‘No: 0’

QA3
Does the study evaluate ethical, legal, regulatory
challenges, AI auditing, and transparency laws in
AI-driven governance?

‘Yes: +1’, ‘No: 0’

QA4
Does the study propose frameworks, models, or best
practices (e.g., EU AI Act, US AI Bill of Rights) for AI
integration in governance decision-making?

‘Yes: +1’, ‘No: 0’

QA5
Does the study discuss AI risks (e.g., algorithmic bias,
decision opacity, accountability concerns) and
propose mitigation strategies?

‘Yes: +1’, ‘No: 0’, ‘Partially: 0.5’

QA6 Has the study been published in a recognized source
(high-impact journals/conferences)?

Conferences: A: +1.5, B: +1, C: +0.5, Not classified: +0
Journals: Q1: +2, Q2: +1.5, Q3 or Q4: +1, Not

classified: +0

3.5. Data Extraction Strategy and Synthesis

A structured form captured metadata and findings aligned with the MQs and RQs.
The synthesis combined three techniques: (1) vote counting to quantify themes; (2) narrative
synthesis to organize qualitative insights, supported by visual tools (charts, maps); and
(3) reciprocal translation, allowing comparison across studies: this thematic depth and
comparative clarity.

3.6. Theoretical Frameworks

The study mobilizes three complementary theoretical frameworks to guide the the-
matic analysis conducted in this systematic literature review: the TAM, DEG, and the DC
perspective. These frameworks were not applied a priori to filter studies but were used
during the coding and interpretation phase, allowing for a structured, multi-level reading
of the empirical material. This theoretical triangulation supports the identification and
organization of themes across three analytical levels:

• At the individual level, TAM helps assess how civil servants interact and accept AI
systems, particularly regarding perceived usefulness and ease of use.

• At the organizational level, DEG captures how public agencies evolve in structure,
processes, and service delivery in response to AI technologies.
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• At the institutional level, DC theory examines how public institutions develop the ca-
pacity to sense digital opportunities, seize them strategically, and reconfigure internal
resources in response to change.

This layered approach ensures conceptual consistency across the 67 reviewed articles
and strengthens the interpretive rigor of the findings. Figure 4 maps each theoretical
framework to the relevant level of analysis and associated thematic codes, providing a
transparent analytical structure for the review process.

Figure 4. Multi-level theoretical mapping in the SLR framework.

4. Statistical Trends in AI-Driven Governance Research
This section outlines the core characteristics of the 67 peer-reviewed articles selected

for this review. Data sources, temporal distribution, and types of contributions organize
the trends. These insights provide context on how academic interest in AI governance has
evolved over time and across disciplines.

4.1. Data Sources and Selection

The research began with an extensive search across three primary databases: Scopus,
the DGRL, and Google Scholar, which are usually used in systematic reviews. These
databases were chosen for their comprehensive coverage of academic and peer-reviewed
articles relevant to AI and governance.

After the selection and screening steps, all final articles were sourced exclusively from
Scopus. This decision was based on the database’s ability to require the highest-quality
and relevant studies for this review. Some articles from DGRL were initially considered but
excluded during the quality assessment phase due to limited applicability or overlapping
with Scopus findings. Also, articles from Google Scholar were excluded as they often
overlapped with those retrieved from Scopus. By focusing exclusively on Scopus, the final
dataset ensured consistent, peer-reviewed, and relevant content.

This systematic approach ensured the inclusion of high-quality research articles, form-
ing a consistent foundation for this review.

4.2. Statistical Trends

As shown in Figure 5, the number of publications increased significantly after 2019.
While early studies primarily addressed technical aspects of AI, more recent work has
been oriented to governance, ethics, and institutional implementation. In 2024 alone, 29
studies were published, confirming the growing relevance of AI as a central theme in public
administration research.
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Figure 5. Yearly distribution of publications on AI in governance (2019–2024).

4.3. Contribution Types

Figure 6 presents the typology of the reviewed literature. Hybrid studies dominate
the sample (41%), combining conceptual, empirical, or technical dimensions. Review
articles account for 21%, while empirical assessments and solution-oriented proposals
represent smaller shares (13% and 11%, respectively). This distribution highlights a strong
focus on theoretical development but also points to a gap in validation and real-world
application [29]. This imbalance indicates that while theoretical contributions are grow-
ing, practical applications and tested models remain limited, reinforcing the need for
frameworks like the AICM to bridge theory and institutional practice.

Figure 6. Typology of contributions in the selected studies.

4.4. Research Methods

Figure 7 highlights a strong preference for qualitative methods (72%), including case
studies and document analysis. Quantitative designs represent 22% of the sample, while
systematic reviews remain limited (7%). This methodological imbalance suggests that
the field is still formative and could benefit from more mixed-method studies to deepen
empirical understanding [30]. These findings confirm that AI governance research is domi-
nated by qualitative inquiry, which provides contextual depth but limits generalizability,
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supporting the need for complementary empirical validation, such as the Delphi study
conducted in this paper.

Figure 7. Distribution of methodological approaches in the selected studies.

4.5. Geographic Distribution

Figure 8 shows where most studies on AI governance come from, highlighting six
central regions: Europe, North America, Asia, the Middle East, Africa, and a cross-regional
category. These results show differences between areas and help explain how politics,
policies, and resources affect AI research.

Figure 8. Regional contribution to AI governance research.

Europe leads with 36% of all studies. This is primarily due to the European Union’s
focus on ethical and legal rules, such as the EU AI Act. Many European papers discuss
fairness, transparency, and keeping humans in control [31]. However, this focus on ethics
also challenges staying innovative while following strict rules [32].

Cross-regional studies account for 20% of the research. These studies focus not on one
country but on global issues like shared rules, cooperation, and building systems that work
across borders. They offer ideas for working together on ethical and technical standards for
AI worldwide [33].

The United States leads North America, representing 18% of publications. This region
emphasizes technological innovation and practical deployment of AI in public services,
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supported by significant funding, partnerships with major tech firms, and mature digital
infrastructure [5]. Nonetheless, concerns persist around inclusiveness, algorithmic bias,
and transparency, especially in contexts where speed of implementation may outpace
regulatory oversight [34].

Asia makes up 13% of the studies, led by China. The country invests heavily in smart
cities and digital government, often choosing fast deployment over openness [35]. China
wants to lead in AI by 2030 [4]. Other Asian countries, like Jordan, are trying to adapt AI to
local needs [36].

Middle East and Africa: These regions contribute less, accounting for 7% and 6%,
respectively. Restricted funding, infrastructure gaps, and shortages of technical expertise
limit research efforts in these regions [37]. Despite these challenges, there are growing
opportunities across global initiatives that encourage partnerships and resource sharing.
Expanding AI research and governance efforts in these regions is critical to ensuring
balanced global representation and addressing local governance needs.

These trends illustrate the dominance of high-income regions in shaping AI gover-
nance discourse and underline the importance of amplifying voices from underrepresented
areas. Comparative insights across regions can inform more equitable and inclusive ap-
proaches to AI regulation. These differences also reflect varying levels of digital maturity
and policy commitment. Regions such as Europe and North America reached earlier stages
of AI institutionalization, while Africa and the Middle East remain in formative phases.
This suggests that research activity mirrors each region’s stage of adoption rather than its
overall performance in AI governance

5. Results and Discussion
This section presents the insights from 67 peer-reviewed studies on integrating AI in

governance decision-making. Findings are structured around the research questions and
supported by figures and tables highlighting emerging patterns. Each part addresses a
specific dimension of the analysis, ranging from AI applications and implementation stages
to efficiency outcomes, risks, stakeholder roles, and governance models.

5.1. RQ1: How Does AI Improve Efficiency and Automation in Governance Decision-Making?

AI enhances administrative efficiency and decision accuracy in public governance by
simplifying administrative routines, enhancing decision quality, and accelerating service
delivery. Two main dimensions emerge from the analysis of 67 studies: (i) how AI is applied
across sectors, and (ii) how its impact is measured through performance metrics.

5.1.1. Areas of Application

As shown in Figure 9, predictive analytics and decision-support systems are the most
frequently cited use cases, appearing in 39% of the reviewed studies. These systems help
anticipate citizen needs and guide resource allocation. Robotic Process Automation (RPA),
referenced in 26% of cases, facilitates repetitive administrative tasks, such as document
verification or permit processing, thereby reducing staff workload [38]. Robotic process
automation [39], found in 26% of studies, streamlines routine tasks such as form approvals,
easing the burden on administrative staff [40].

Around 15% of the studies highlight using chatbots and NLP tools to improve citizen
interaction and access to information [41]. AI also supports policy design (11%) and is used
in education and healthcare through machine learning and deep learning applications [42].
These examples demonstrate the broad reach of AI tools beyond back-office automation,
extending into strategic governance areas.
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Figure 9. AI Applications in Governance.

5.1.2. Efficiency Metrics

Figure 10 illustrates five core metrics through which AI enhances efficiency in public
governance. The most frequently cited gain is time savings (37%), especially in health-
care and administrative tasks, where automation accelerates service delivery [43]. Cost
reduction (25%) is also significant, as AI-driven processes help cut expenditures, notably in
financial and budgeting systems [44]. In 20% of the studies, AI’s capacity to process vast
datasets improves decision quality, with practical examples in urban mobility and infras-
tructure planning [22]. Error reduction (16%) contributes to more reliable services, such as
tax administration [45]. Although less frequent (2%), the use of AI in detection is emerging,
particularly in identifying anomalies within financial or benefits systems [43]. These met-
rics confirm AI’s role in building more responsive, transparent, and citizen-focused public
systems [46].

Figure 10. Efficiency metrics in AI implementation.

The dominance of time-saving use cases indicates that most institutions are still in an
early phase of AI adoption, focusing first on automating administrative routines. As digital
capabilities and institutional maturity improve, more advanced applications, such as fraud
detection or predictive analytics, appear later.
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5.2. RQ2: What Are AI Integration’s Main Challenges, Risks, and Opportunities?

While AI integration yields significant public value, it simultaneously introduces
complex institutional and ethical dilemmas and barriers. This section synthesizes the
67 reviewed studies to map out the key opportunities, challenges, and risks linked to AI
adoption.

5.2.1. Opportunities for Governance

Figure 11 highlights five significant benefits associated with adopting AI in public
governance. A first and widely reported opportunity is the capacity of AI to drive ser-
vice innovation (38%), notably by enhancing access and participation. In Estonia, fully
deploying digital public services has saved over 13 million working hours and increased
voter engagement through online platforms [47]. Efficiency gains (36%) represent another
clear advantage: AI tools have helped the UK reduce fraud by £2 billion, while in the US,
automated systems cut processing times by 30% [48]. Transparency and accountability
improvements (14%) are also significant, with real-time tracking tools reducing corruption
by 32% in Estonia and increasing budget visibility by 25% in Sweden [49]. Additionally,
automating routine administrative tasks (9%) has freed staff for more strategic roles and
improved pandemic coordination by 40% in several countries [50]. Finally, although still
limited (4%), international collaboration is emerging, as illustrated by the EU AI Act, which
promotes a shared regulatory and ethical framework across borders [51]. These cases
illustrate how AI can enable more responsive, coordinated, and transparent governance,
provided that institutional capacities are in place to sustain and scale these innovations.

Figure 11. Opportunities presented by AI in governance.

5.2.2. Key Challenges

Figure 12 highlights five significant barriers to AI adoption in public governance.
Ethical concerns top the list (36%), driven by biased decision tools like COMPAS in the
USA and massive data breaches, including one that exposed 30 million public records [37].
Technical challenges follow (27%), as many governments still rely on outdated infrastruc-
ture; in the EU, over 60% of municipalities lack adequate digital systems [36]. There are
institutional gaps (15%) in staff training; only 25% of civil servants have received AI-related
instruction [52]. Transparency remains limited (13%), with weak labeling and oversight,
although initiatives like Explainable AI and impact assessments are being tested in Swe-
den [53]. Lastly, resistance to change (9%) restricts fears over job security, with nearly half
of European public employees expressing concern [54].
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Figure 12. Challenges in AI Adoption for Institutional Governance.

Addressing these challenges requires targeted training, infrastructure, and institutional
culture reforms. Based on the 67 studies reviewed, Table 6 summarizes the main categories
of barriers and outlines strategic responses for responsible and effective AI integration.
This table bridges the gap between observed obstacles and practical strategies to overcome
them, based on the 67 articles reviewed.

Table 6. Barriers and Enablers for AI Adoption in Public Governance.

Category Barriers Strategic Responses References

Ethical Algorithmic bias, opaque decisions, and
fairness concerns

Ethical audits, explainable AI (XAI),
fairness by design [37,55–57]

Technical Legacy systems, data quality issues, and
lack of interoperability

Infrastructure upgrades, robust data
governance, and standardized APIs [18,36]

Institutional Lack of training, siloed departments,
resistance to change

Digital literacy programs,
interdepartmental coordination, and

agile teams
[52,58]

Transparency Absence of audit trails, hidden
algorithms

Algorithm registers, public dashboards,
and participatory audit mechanisms [53,59]

Social acceptance Citizen mistrust, fear of surveillance, or
job displacement

Co-design processes, citizen
engagement, and clear communication

strategies
[54,60]

5.2.3. Risks

As shown in Figure 13, four key risks require sustained attention. Bias and discrimina-
tion (37%) remain the primary concern, as automated systems can produce unfair outcomes
that disproportionately affect vulnerable groups [60]. Loss of human oversight (29%) is
another critical issue, particularly in sectors like justice, healthcare, and finance, where
safeguards can amplify errors [61]. Privacy violations and data misuse (22%) raise serious
ethical and legal challenges, including breaches of sensitive information such as patient
records [62]. Finally, job displacement and rising inequalities (12%) highlight the risk of
excluding low-skilled workers when automation advances without adequate retraining or
support policies.
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Figure 13. Risks of AI integration in governance.

5.3. RQ3: How Do Institutional Stakeholders Perceive AI’s Impact on Governance Processes?

This section explores how different stakeholders view AI’s impact on governance
processes. It considers their distinct roles, concerns, and levels of trust. Insights from
the Technology Acceptance Model and Digital-Era Governance help explain these varied
perspectives.

5.3.1. Key Stakeholders and Roles

Figure 14 presents five key stakeholder groups involved in shaping digital gover-
nance. Government officials and policymakers set the regulatory frameworks and oversee
implementation. Their perception of usefulness strongly influences whether digital tools
are adopted [63]. Citizens and public users engage with services such as healthcare and
welfare, and their trust and perceptions of fairness are essential for broader acceptance [34].
Technical staff and AI experts design and maintain systems, shaping usability and per-
ceived reliability [64]. Academic and legal experts are critical in defining ethical standards
and legal boundaries to ensure transparency and uphold democratic principles [65]. Finally,
the private sector brings innovation and technical expertise, but must comply with public
regulations and ensure accountability [66]. Coordinating these diverse actors is essential to
ensure that digital governance reforms are compelling and socially legitimate.

Figure 14. Stakeholder types in AI governance.
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5.3.2. Stakeholder Priorities and Concerns

Stakeholders differ in their priorities based on institutional roles. These concerns
reflect individual expectations and system-level needs. Table 7 synthesizes this diversity by
mapping stakeholder roles, main concerns, and the theoretical lens through which these
priorities are best understood. The table illustrates how stakeholder concerns align with
institutional roles, revealing distinct priorities shaped by individual perceptions or systemic
goals.

Table 7. Stakeholder roles, priorities, and theoretical perspectives.

Stakeholder Group Main Concerns Theoretical Lens References

Government
officials

Efficiency, strategic
alignment, and service
delivery performance

DEG [5,63]

Citizens and service
users

Trust, fairness, privacy,
transparency TAM [34,37,67]

Technical experts System reliability, ease of
use, and cybersecurity TAM [46,64]

Legal and academic
experts

Ethical safeguards, the
rule of law, and

democratic
accountability

DEG [53,65]

Private sector actors

Innovation, market
viability, and

public-private
compliance

TAM + DEG [66,68]

Beyond these theoretical alignments, stakeholder priorities also reveal which concerns
dominate in practice. Figure 15 presents a visual breakdown of the most cited concerns,
based on the 67 reviewed articles. Trust and accountability are the most cited issues, raised
by 39% of citizens and 33% of academic and private sector actors. Trust influences percep-
tions of fairness and shapes the legitimacy of AI in public systems [37]. Privacy and security
are key concerns for technical experts (23%) and citizens (22%), who demand stronger
data protection measures. These issues relate to GDPR standards and TAM’s emphasis on
system trustworthiness [46]. Efficiency and service performance are top concerns for public
officials (29%) and technical staff. While these groups focus on operational gains, citizens
place more value on outcomes than speed. Within DEG, this reflects digital maturity; within
TAM, it helps explain adoption behaviors [5]. While less frequently cited, concerns about
ethics and system rollout remain present. AI perceptions depend on user-level trust and
the institutional capacity to support responsible implementation.

Beyond the descriptive frequencies, a comparative reading of the 67 studies was
conducted to identify conceptual interrelations between AI readiness, institutional trust,
and governance efficiency. This interpretive synthesis enriches the empirical narrative by
connecting statistical patterns to theoretical constructs.
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Figure 15. Stakeholders’ priorities in ethical AI governance.

5.4. RQ4: How Does AI Reshape Institutional Autonomy and the Balance Between Automation
and Human Oversight?

This section critically examines the institutional trade-offs in balancing AI’s decision
support with human oversight to maintain trust, accountability, and regulatory coher-
ence [69].

5.4.1. Risks of Over-Reliance on AI

Figure 16 highlights the top risks identified across the studies. The most reported
risk across the reviewed studies is the loss of autonomy (27%), raising concerns about
reduced human judgment in public decisions. Related to this, automated decision-making
(24%) may weaken individual responsibility, especially in critical sectors like justice or
healthcare. Other significant concerns include over-reliance on AI systems (18%) and the
reduction in oversight (18%), reflecting discomfort with opaque technologies handling
sensitive public tasks. Lastly, ethical ambiguity (13%) highlights challenges in assigning
responsibility when automated processes fail. These risks call for robust human oversight
and clear accountability frameworks to ensure that AI strengthens, rather than undermines,
public governance [70].

Figure 16. Key concerns of AI and human autonomy in governance.
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5.4.2. Balance Between AI and Human Decisions

Figure 17 shows that 58% of institutions value AI for its role in supporting decision-
making, while 38% highlight the importance of maintaining human oversight [71]. This
balance is key. While AI enhances efficiency and insight, unchecked automation risks
eroding public trust and ethical governance. Models blending AI with human review
ensure legitimacy and adaptiveness. Nicola Palladino [72] argues that responsible AI
integration requires clear oversight frameworks to protect citizens’ rights and ensure public
accountability.

Figure 17. AI decision support vs. human oversight.

5.5. RQ5: What Governance Models and International Frameworks Support Responsible AI
Decision-Making?

As AI becomes imperative to public sector transformation, effective governance frame-
works must align innovation with ethical, legal, and societal expectations. This section
presents leading regulatory initiatives and compares governance models used worldwide.

5.5.1. Key Regulatory Frameworks for AI Governance and Ethical Compliance

Figure 18 presents the most influential frameworks currently shaping AI regulation in
public governance. The EU AI Act (30%) uses a risk-based approach, restricting high-risk
applications like biometric surveillance while supporting innovation in safer areas [48].
The GDPR (25%) sets data protection, transparency, and user consent standards, especially
in sectors such as health and finance [51]. The OECD AI principles (20%) promote fairness,
accountability, and openness in digital public services [68]. National AI strategies (15%)
reflect each country’s context; Canada prioritizes ethical research, while China focuses on
control and economic growth [73]. Finally, the Global Partnership on AI (10%) supports in-
ternational cooperation to defend human rights and shared values [74]. These frameworks
combine legal, ethical, and strategic models to safeguard AI and support innovation while
minimizing risks. Countries progressively adapt their regulatory tools to match national
goals and global responsibilities.
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Figure 18. Global AI regulatory frameworks: adoption and influence on governance.

5.5.2. Governance Models for Responsible AI Decision-Making

Figure 19 provides a comparative overview of the five main governance approaches
shaping the global landscape. Five key governance models currently shape how AI is regu-
lated across different regions. Hybrid governance (30%) blends legal rules with industry-led
ethics, as seen in the EU, where formal laws work alongside corporate responsibility ef-
forts [68]. Risk-based approaches (25%) classify tools by their potential impact on society;
frameworks like the GDPR and the AI Act follow this model to protect rights while support-
ing innovation [56]. Self-regulation (20%) depends on tech companies such as Google and
Microsoft setting internal ethical guidelines, though weak oversight limits public account-
ability [55]. Mixed governance (15%) is shared in places like the US, where regional laws let
firms influence policy, encouraging innovation but leading to inconsistent standards [74].
Finally, centralized control (10%) is used in China [75], where the state tightly manages AI
development to safeguard national interests and political goals [76]. A balanced governance
strategy should blend legal safeguards, institutional flexibility, and inclusive design to
ensure AI systems remain accountable, equitable, and trustworthy.

Figure 19. Different AI governance models.

The distribution shown in Figure 19 should be interpreted as a reflection of regional
governance traditions and research focus rather than as an indicator of superiority or
performance. For example, the prominence of hybrid and risk-based models largely reflects
the strong presence of European and North American studies, while regions with emerging
regulatory systems, such as Africa and the Middle East, contribute fewer publications but
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provide unique contextual insights. This variation highlights how academic production
often mirrors each region’s institutional priorities and policy maturity.

6. Empirical Findings and Thematic Synthesis
This section synthesizes evidence from 67 peer-reviewed studies on how AI is applied

in public governance. The findings are structured around three key themes: administrative
efficiency, decision-making, transparency, and accountability. These are interpreted through
the TAM [9] and DEG [58] to better understand institutional and user-level dynamics in AI
adoption.

6.1. Administrative Efficiency and Service Delivery

AI tools such as robotic process automation RPA and chatbots help governments
reduce repetitive tasks and improve response times. Deloitte found that RPA can cut work-
loads by 30% [77]. In Saudi Arabia, AI boosted tax auditing efficiency by 84%. Decision-
making and policy formulation [78]. In Los Angeles, a chatbot handled over 40,000 citizen
requests, and Indonesia reported 25% cost savings. These benefits reflect TAM’s core
concepts: usefulness and ease of use. However, successful adoption still requires adequate
infrastructure and staff training.

For instance, in Estonia, the KrattAI program integrated machine learning tools into
administrative workflows to automate public service delivery [79]. The system streamlined
citizen–government interactions by automating permit requests and document verification,
reducing processing time by nearly 40%. Similarly, in the United Arab Emirates, the
Ministry of Health applied AI-driven chatbots to manage patient inquiries, improving
response rates and freeing staff for higher-value tasks [80]. These examples demonstrate
how AI implementation moves beyond theoretical design to deliver measurable efficiency
and improvements in the citizen experience.

6.2. Decision-Making and Policy Formulation

AI supports evidence-based policymaking among tools like predictive analytics and
scenario simulations. In France, municipalities used AI to assess the social impact of
urban projects [81]. These applications line up with DEG principles of agility and integra-
tion. However, risks persist; AI may appear neutral, but biased data can harm vulnerable
groups [82]. To protect fairness and trust, transparency and human oversight are essen-
tial [60]. Beyond strategic planning, several countries have already applied AI in policy
formulation with measurable results. In France, predictive analytics systems were in-
troduced in urban planning to evaluate the social and environmental impacts of new
infrastructure projects, supporting data-driven decision-making and reducing approval
delays [83]. In Canada, the Treasury Board’s Algorithmic Impact Assessment (AIA) frame-
work guided the design of policy tools that balance efficiency with ethical safeguards,
helping policymakers assess risks before AI deployment [84]. These experiences show
that combining predictive analytics with ethical review processes can strengthen trust and
transparency in public decision-making.

6.3. Transparency and Accountability

AI enhances transparency through anomaly detection and public audit trails. AI
recovered $375 million in the USA by detecting government overpayments [85]. Several
European cities now use algorithmic registers to disclose decision rules [59]. These initia-
tives align with the goals of algorithmic transparency and civic engagement. Zuiderwijk
et al. [7] state that such applications can increase public trust and participation with clear
communication and accessible data formats. However, the literature also warns of false
positives and the ethical risks of over-reliance on automated systems. Iuga and Socol [86]
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point out the need for human validation and transparent audit trails to ensure due process
and protect civil liberties.

6.4. Discussion and Synthesis

The reviewed studies confirm AI’s potential to improve efficiency, policy accuracy, and
transparency. However, success depends on aligning user trust with institutional capacity.
The deployment of AI in governance remains institutionally fragmented, raising concerns
over stakeholder acceptance and legitimacy without strong infrastructure, regulation, and
engagement. A key insight is the gap between technical deployment and governance
alignment. Many projects lack ethical review or citizen feedback mechanisms, reducing
legitimacy. Sustainable adoption needs to integrate micro-level acceptance and macro-
level oversight. AI’s impact on governance will remain limited and uneven without this
dual focus.

The results clearly show these dynamics. For instance, the regional differences in
Figure 8 align with variations in institutional maturity and governance approaches, while
the efficiency metrics in Figure 10 show how technical gains depend on data quality
and leadership capacity. These connections illustrate that the challenges identified in the
literature are conceptual and directly reflected in the patterns observed across regions and
applications.

7. AI Integration Capability Model
AI holds significant promise for enhancing how public institutions make decisions,

deliver services, and engage with citizens. However, this potential depends on strong
internal capabilities that enable ethical, sustainable, and scalable adoption. Drawing on our
systematic literature review findings, we introduce the AI Integration Capability Model
(AICM), which synthesizes insights from the Dynamic Capabilities framework [12], TAM,
and the DEG model. These frameworks help bridge individual-level perceptions with
institutional readiness and systemic reform [27].

7.1. SLR Findings

The SLR of the 67 peer-reviewed studies reveals that barriers to AI adoption in public
governance are predominantly institutional rather than technical. Recurring issues include
data fragmentation, outdated digital infrastructure, skill deficits, and leadership inertia.
These findings underscore the absence of an integrated framework to assess institutional
readiness for ethical and scalable AI deployment.

In response, we propose AICM, a conceptual framework that translates empirical
insights into a structured model for public-sector transformation. Grounded in the TAM,
DEG, and DC theory, the AICM defines four interdependent pillars shown in Figure 20:

➢ Pillar 1. Data access and interoperability: Ensures institutions can collect, share, and
leverage high-quality, interoperable datasets across agencies and domains.

➢ Pillar 2. Digital infrastructure and process redesign: Focuses on upgrading legacy
systems and reengineering workflows to accommodate AI-driven service delivery.

➢ Pillar 3. Workforce competencies and learning agility: Emphasizes capacity-building
in digital literacy, algorithmic accountability, and continuous learning for public
employees.

➢ Pillar 4. Institutional leadership and change management: Promotes strate-
gic alignment, participatory governance, and adaptive leadership to drive and
sustain AI reforms.
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Figure 20. Essential pillars for AI integration in public governance.

Collectively, these pillars form a multi-level readiness framework tailored to the
specific challenges of AI integration in public governance. The AICM bridges theoretical
constructs with practical imperatives, offering a replicable tool for diagnostic assessment,
policy design, and institutional capacity development.

7.2. Comparative Positioning with Existing AI Assessment Models

To contextualize the contribution of the AICM, we compare it to two prominent
frameworks: the AI Readiness Index and commercial AI Maturity Models (e.g., IBM, PwC).
While both are widely used, they fail to address the institutional complexity of AI adoption
in public governance.

The AI Readiness Index offers national-level benchmarking but lacks granularity and
operational guidance for individual institutions. Commercial AI Maturity Models, rooted
in private-sector transformation logic, emphasize automation and ROI but often neglect
public-sector concerns such as transparency, equity, and regulatory compliance.

In contrast, the AICM introduces a governance-specific, capability-oriented frame-
work tailored to the needs of public institutions. It emphasizes internal enablers, data
infrastructure, digital systems, human capital, and leadership, while grounding its design
in established theories (TAM, DEG, and DC).

As summarized in Table 8, the AICM distinguishes itself through its institutional focus,
high actionability, theoretical coherence, and contextual adaptability, particularly for public
sectors in the Global South. It bridges diagnostic assessment with transformation planning,
offering a practical roadmap for responsible and scalable AI integration.

Table 8. Comparative Mapping of AI Governance Assessment Models.

Dimension AI Readiness
Index

AI Maturity
Models AICM (Our Study)

Level of analysis National (macro) Organizational (mainly
private)

Institutional (public
sector, multi-level)

Approach Benchmarking/scoring Stage-based
transformation

Capability-building and
transformation roadmap

Actionability Low Moderate High

Public governance orientation Limited Generic Strong (contextualized
and governance-specific)

Theoretical basis None Implicit/variable TAM, DEG, DC

Adaptability to the Global South Weak Moderate Strong
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7.3. Limitation

This study has certain limitations that should be acknowledged. Although the litera-
ture review examined a broad range of international sources, the Delphi validation was
limited to the Moroccan public sector. This national focus enabled a detailed understanding
of the local institutional and governance context. Yet, it constrains the extent to which the
findings can be generalized to countries with different administrative systems or higher
levels of technological maturity. Nevertheless, many African administrations face compara-
ble structural challenges, including fragmented information systems, limited infrastructure,
and shortages of digital skills, which suggests that the AICM framework retains relevance
beyond the Moroccan case.

A second limitation concerns language and data accessibility. The review relied pri-
marily on English-language databases, which may have excluded valuable studies or policy
documents published in French or Arabic, particularly those produced in Francophone
African countries. Expanding linguistic coverage and including local sources in future
reviews would allow for a more inclusive and representative evidence base.

A third limitation relates to the composition of the Delphi panel. Although the
participating experts represented diverse disciplines and professional backgrounds, the
sample size was relatively small. This may not fully capture the variety of perspectives
across Morocco’s higher education and public sector institutions. Future studies could
broaden the panel to include additional stakeholders, thereby enhancing the robustness
and balance of the consensus.

Despite these limitations, this research offers a coherent and adaptable analytical
framework that can serve as a foundation for comparative studies and inform the design of
AI governance strategies in developing and developed contexts.

8. Validating the AICM: Delphi Study in the Moroccan Public Sector
To assess the proposed AICM’s contextual relevance and institutional feasibility, a

three-round Delphi study was conducted between December 2024 and February 2025. As
introduced in the theoretical framework (Section 2.1), the Delphi method enabled structured
consensus-building among a panel of 15 Moroccan public sector experts. This phase aimed
to evaluate the model’s clarity, applicability, and strategic value in the context of AI-driven
governance reform.

8.1. Methodology and Delphi Design

A three-round Delphi process was implemented to validate the AICM:

➢ Round 1: Experts independently assessed each pillar, mentioned in Figure 20, on three
evaluative dimensions (feasibility, urgency, and applicability) using a 5-point Likert
scale (1 = very low; 5 = very high). Initial variability in scores was particularly evident
for data interoperability and leadership feasibility.

➢ Round 2: Participants received anonymized feedback comprising median scores and
interquartile ranges (IQRs). This controlled feedback allowed experts to reconsider
their ratings regarding group trends.

➢ Round 3: Final evaluations were submitted, and qualitative feedback was collected.
This round also invited targeted strategic recommendations for operationalizing each
pillar.

Figure 21 presents the structure of the Delphi process, outlining how each round builds
progressively toward convergence. Following best-practice Delphi criteria, consensus was
defined as a median score ≥ 4.0 and IQR ≤ 1.0 [87]. Where less than 2% of responses
were missing, mean imputation within expert profiles was applied to maintain internal
consistency [88].



Digital 2025, 5, 59 26 of 36

Figure 21. The four institutional pillars of the AI integration capability model.

A purposive sampling strategy was employed to recruit 15 senior experts, each with
at least 10 years of experience in public-sector modernization, digital transformation, or AI
governance. The selection of 15 experts followed Delphi research standards, recommend-
ing panels of 10–20 participants to ensure diversity and manageability [89]. Experts were
chosen using purposive sampling and met four main criteria: (i) at least ten years of profes-
sional experience, (ii) proven expertise in governance, AI, or digital transformation, (iii)
participation in national reform or digital policy programs, and (iv) voluntary commitment
to the study.

The final panel represented Morocco’s public sector diversity, including senior officials,
data protection regulators, policy advisors, and academics. Each expert contributed prac-
tical insights into AI readiness, governance, and policy implementation. All participants
gave informed consent, and their answers were treated confidentially. The study was
voluntary and not financially rewarded, but each expert received formal acknowledgment
and a summary of the main results.

Institutional representation included the following: (1) Moroccan ministries (20%),
(2) public digital agencies (13%), (3) academic and research institutions (33%), (4) interna-
tional organizations (13%), and (5) national IT/AI agencies (20%).

8.2. Consensus Results

The Delphi panel reached a high level of consensus across all four AICM pillars by
the conclusion of the third round. As shown in Table 9, all pillars achieved a median
score of 5.0, with interquartile ranges (IQRs) ranging from 0.0 to 0.5, indicating both strong
agreement and minimal variance among expert responses:

➢ Pillar 1: Data Access and Interoperability (Median = 5.0, IQR = 0.5).
➢ Pillar 2: Digital Infrastructure and Process Redesign (Median = 5.0, IQR = 0.5).
➢ Pillar 3: Workforce Competencies and Learning Agility (Median = 5.0, IQR = 0.0).
➢ Pillar 4: Institutional Leadership and Change Management (Median = 5.0, IQR = 0.0).

Table 9. Delphi consensus on the four pillars of the AI integration capability model.

AICM Pillar Median IQR Consensus Level

Data access and interoperability 5.0 0.5 Strong

Digital Infrastructure and process redesign 5.0 0.5 Strong

Workforce competencies and learning Agility 5.0 0.0 Unanimous

Institutional leadership and change
management 5.0 0.0 Unanimous
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The zero IQR recorded for Pillars 3 and 4 indicates unanimous expert consensus,
underscoring the urgency and feasibility of enhancing human capital and leadership
structures in Morocco’s AI governance landscape. These pillars were seen as universally
applicable across ministries and sectors, likely to reflect widespread gaps in digital skills
and strategic coordination, as previously highlighted in regional assessments [90,91].

While still within the consensus threshold, the slightly higher IQR (0.5) observed for
Pillars 1 and 2 suggests moderate variation in expert perceptions, particularly regarding
operational challenges such as data fragmentation and system interoperability. This may
reflect the persistence of siloed information systems and legacy IT infrastructure, which
were frequently cited as institutional barriers in the literature review and qualitative
feedback.

Overall, the results validate the AICM’s constructive alignment with real-world gover-
nance challenges and demonstrate its adaptability across diverse administrative contexts.
The model’s structure was theoretically sound and practically implementable, bridging indi-
vidual capabilities (e.g., staff competencies) and systemic reforms (e.g., data infrastructure,
leadership).

Building on expert recommendations from Round 3, Table 10 outlines actionable
strategies for operationalizing each AICM pillar. These suggestions aim to support public
administration transitioning from conceptual design to implementation.

Table 10. Evolution of expert consensus across Delphi rounds.

AICM Pillar Round 1
(Median/IQR)

Round 2
(Median/IQR)

Round 3
(Median/IQR)

P1 4.0/1.0 4.5/0.5 5.0/0.5

P2 4.0/1.0 4.5/0.5 5.0/0.5

P3 4.5/0.5 5.0/0.0 5.0/0.0

P4 4.0/1.0 5.0/0.5 5.0/0.0

The Delphi panel’s convergence confirms the AICM model’s internal coherence and
operational resonance with current governance challenges. The theoretically robust and
empirically grounded model offers a viable roadmap for adopting AI in public institutions
and navigating fragmented digital ecosystems.

These results should be viewed as an analytical generalization rather than a statistical
one. While they are grounded in the Moroccan public sector, they remain relevant to
other countries facing similar governance structures, digital challenges, and institutional
constraints, particularly within the broader African context.

8.3. Strategic Recommendations

Experts proposed concrete actions to operate the four pillars in the final round. These
are summarized in Table 11 and include the following:

➢ Pillar 1: Digitize legacy records and adopt national metadata and interoperability
standards [90,91].

➢ Pillar 2: Integrate disconnected platforms (e.g., Chikaya, Mahakim) through APIs,
ensuring compliance with Law 09-08 on data protection [92].

➢ Pillar 3: Develop a national competency framework in collaboration with universities,
including training in AI ethics, algorithmic accountability, and explainability [93].

➢ Pillar 4: Establish a High Council for AI Governance with cross-sectoral authority,
modeled on Finland’s AuroraAI initiative [94].
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These recommendations reinforce the AICM’s utility as a conceptual framework and
a pragmatic tool for strategic planning and reform. They demonstrate how institutional
capabilities can be systematically enhanced to enable ethical, scalable, and inclusive AI
integration in public governance.

Table 11. Strategic recommendations for the implementation of AICM Pillars.

AICM Pillar Strategic Recommendations Illustrative Examples

Pillar 1: Data Access and Interoperability

Launch a national digitization
programme to convert paper-based
archives into interoperable digital

records.
Less than 20% of Moroccan institutions
use interoperable systems; the majority
still rely on manual documentation [90].Establish a national metadata standard

and enforce inter-agency data exchange
protocols.

Pillar 2: Digital Infrastructure and
Process Redesign

Integrate existing digital platforms (e.g.,
Chikaya, e-Huissier, Mahakim) using

standardized APIs. The Court of Accounts [92] highlighted
duplication and inefficiency due to

disconnected systems.Ensure all digital services comply with
Law 09-08 on personal data protection

and follow national cybersecurity norms.

Pillar 3: Workforce Competencies and
Learning Agility

Develop a national competency
framework for public employees in

partnership with universities.
Aligns with TAM3: improving perceived

ease of use and building trust through
user literacy

[93,95].
Introduce training on AI ethics,
algorithmic accountability, and

explainability principles.

Pillar 4: Institutional Leadership and
Change Management

Create a High Council for AI Governance
under the Prime Minister, with

cross-sectoral coordination powers. Inspired by initiatives like Finland’s
AuroraAI, combining AI strategy with

participatory governance [94].
Mandate sector-specific AI

implementation roadmaps, with
performance indicators and citizen

feedback mechanisms.

Building on expert recommendations from Round 3, Table 12 outlines actionable
strategies for operationalizing each AICM pillar. These suggestions aim to support public
administration transitioning from conceptual design to implementation.

Table 12. Strategic operational roadmap aligned with AICM Pillars.

AICM Pillar Objective Recommended Actions

Pillar 1. Data Infrastructure and
Interoperability

Create a reliable, machine-readable,
standardized data infrastructure

Digitize paper records; create an
interoperable national data platform;
enforce metadata and data-sharing

standards

Pillar 2. Digital Infrastructure & Process
Redesign

Redesign services to be AI-ready,
integrated, and user-focused

API-based integration of existing systems;
aligning new projects with privacy and

security standards

Pillar 3. Workforce Competencies Train public servants for ethical and
effective AI governance

Develop training in AI ethics, audit, and
explainability; deploy competency
frameworks through universities

Pillar 4. Institutional Leadership Ensure strategic coordination and
political ownership

Create a High Council for AI Governance;
mandate sectoral AI roadmaps with

evaluation and feedback mechanisms
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Ultimately, these recommendations offer more than technical guidance. They reflect
a shared vision among experts for what responsible and inclusive AI governance should
look like in practice. By focusing on the systems and the people behind them, the AICM
helps public institutions move from abstract ambition to concrete action, one step at a time.

9. Managerial and Policy Implications
AI transforms tools or processes and reshapes how governments think, act, and relate

to citizens. The AICM we propose offers more than a conceptual framework: it allows
institutions to think strategically about their capacity to govern emerging technologies.

9.1. Strategic Urgency and Institutional Gap in Morocco

Despite increasing attention to artificial intelligence in public administration, Morocco
has yet to adopt a formal national AI strategy. This institutional gap emerged promi-
nently during the Delphi study, where experts cited fragmented data systems, paper-based
archives, and the absence of shared metadata standards as persistent structural barriers to
digital transformation.

These challenges underscore the importance of institutional readiness as a prerequisite
for AI deployment. Rather than focusing solely on technological capacity, experts em-
phasized the need for coordinated reform, interoperability frameworks, and cross-agency
alignment. The AICM directly responds to this need by offering a structured, empirically
grounded roadmap for strengthening core governance capabilities.

By situating AI integration within the realities of administrative fragmentation and
digital unevenness, the AICM enables governments, particularly in emerging economies,
to build a scalable foundation for ethical and practical AI adoption.

9.2. AICM as an Action-Ariented Readiness Framework

Public institutions often struggle to translate digital ambitions into coherent strategies.
The AICM gives them a practical starting point. It can be used as a diagnostic tool to assess
readiness, highlighting strengths and gaps across four critical areas: data, infrastructure,
people, and leadership. Ministries can integrate it into internal planning cycles, maturity
assessments, or digital audits.

In countries like Morocco, where institutional maturity varies widely, the model also
helps bridge national priorities with sectoral constraints. It offers a structure for building a
national AI strategy or, at the very least, a common roadmap. Such a framework ensures
that AI integration is not reduced to isolated pilots but becomes part of a shared long-term
vision.

9.3. Anticipating Workforce Transformation in the Public Sector

One of the clearest signals from our literature review and the Delphi panel is that AI
will fundamentally alter the composition of the public workforce. Routine administrative
roles are already being automated. However, new needs are emerging for data stewards,
explainability experts, legal engineers, and algorithmic auditors.

Institutions must anticipate these shifts. Training should go beyond technical skills, in-
cluding ethical reasoning, legal safeguards, and the ability to interpret algorithmic outputs.
Pillar 3 of the AICM points directly to this challenge. Working with universities and public
service academies, governments can begin designing competency frameworks that reflect
the skills of tomorrow’s civil servants.

9.4. Institutional Leadership for Ethical and Accountable AI

The transition to AI-enhanced governance requires more than operational change; it
demands political coordination and clear public accountability. This is where Pillar 4 comes
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in. Leadership in this space means creating legitimate institutions that oversee algorithmic
systems, respond to public concerns, and adjust policies as technologies evolve.

One recommendation that emerged strongly from the Delphi panel was the creation
of a High Council for AI Governance, linked directly to the head of government. Its
mission would include setting standards, coordinating across ministries, and establishing
ethical oversight mechanisms, such as algorithmic registers, public impact assessments,
and external audits of high-risk systems.

These are no longer optional. As AI moves closer to the heart of public decision-
making, citizens will demand more visibility, fairness, and recourse. Institutions must be
ready to deliver them.

9.5. Toward a Coherent National AI Strategy

Finally, and perhaps most urgently, many governments operate without a national AI
strategy, or with one that remains disconnected from administrative realities. This creates
fragmentation, inefficiency, and missed opportunities. AICM connects top-down planning
with bottom-up capacity. It can help ministries align digital investments with governance
goals and offer a shared language for policy dialogue between central authorities, regulators,
sectoral agencies, and local governments. Simply, it helps move from ambition to execution.

10. Conclusions and Future Work
This review of 67 peer-reviewed studies (2014–2024) demonstrates that AI increasingly

shapes public governance’s operational, strategic, and normative dimensions. Addressing
RQ1 and RQ2, the findings confirm that AI can improve decision-making quality, service
efficiency, and predictive capacity across multiple domains. However, these benefits
are mediated by institutional readiness, as persistent challenges, such as fragmented
data systems, legacy infrastructure, and skill deficits, constrain scalable and responsible
implementation.

In response to RQ3, the review highlights heterogeneous stakeholder perceptions of
AI’s legitimacy, trustworthiness, and operational utility, shaped by role-specific priorities
and governance maturity. Addressing RQ4, the study finds that automation introduces
significant risks to human oversight, autonomy, and accountability, necessitating a care-
ful balance between efficiency and normative safeguards. In examining RQ5, the review
synthesizes regulatory models and international frameworks and identifies a lack of op-
erational convergence between high-level principles and institutional realities in many
settings.

To integrate these insights into a coherent diagnostic and planning tool, the study
introduced the AICM: a multi-level capability framework that links individual acceptance,
organizational process redesign, and institutional reform capacity. The model, grounded in
TAM, DEG, and DC theory, was empirically validated through a three-round Delphi study.
Strong to unanimous consensus from a panel of senior Moroccan public-sector experts
confirmed the four core pillars’ feasibility, urgency, and adaptability. While the empirical
setting was Morocco, the model is scalable and transferable, providing a structured pathway
for governments seeking to align AI initiatives with institutional capacity and public
accountability.

While the Delphi validation focused on Morocco, the findings may extend to other
African countries facing similar governance and digital maturity challenges. The model’s
four pillars—data, infrastructure, workforce, and leadership—address issues common
across low and middle-income contexts, where institutions often struggle with fragmented
data, limited resources, and uneven digital transformation. This regional perspective shows
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that AICM can support broader efforts to design ethical and inclusive AI governance across
Africa and comparable settings.

Future research should extend this foundation in six directions. First, robust perfor-
mance metrics are needed to assess AI implementation regarding efficiency (RQ1), fairness,
and transparency. Second, longitudinal designs can investigate how AI shapes institutional
legitimacy and systemic resilience over time (RQ3, RQ4). Third, participatory AI gover-
nance practices, including explainable AI tools and civic auditing mechanisms, require
further study to enhance democratic accountability (RQ5). Fourth, ethical risks associated
with emergency AI deployment should be examined, particularly where oversight and
proportionality may be compromised. Fifth, global regulatory frameworks such as the EU
AI Act must be adapted for application in low-capacity environments. Finally, institutional
models for secure, interoperable, and auditable public-sector data governance remain
underexplored and deserve systematic attention.
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API Application Programming Interface
BERT Bidirectional Encoder Representations from Transformers
ERP Enterprise Resource Planning
CAF Canadian Armed Forces
CNSS National Social Security Fund (Morocco)
COMPAS Correctional Offender Management Profiling for Alternative Sanctions
DGWGR Data Governance Working Group Report
CORE Computing Research and Education Association
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DEG Digital-Era Governance
DL Deep Learning
ENA National School of Administration Morocco
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GDPR General Data Protection Regulation
GDS Government Digital Service (United Kingdom)
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HITL Human-in-the-Loop
INDH Initiative Nationale pour le Développement Humain (Morocco)
INPT National Institute of Posts and Telecommunications
IoT Internet of Things
LLM Large Language Models
MEAE Ministry of Economic Affairs and Employment
ML Machine Learning
NLP Natural Language Processing
OECD Organization for Economic Co-operation and Development
ROI Return on Investment
SLR Systematic Literature Review
TAM Technology Acceptance Model
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UN United Nations
USA United States
XAI Explainable Artificial Intelligence
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