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ABSTRACT 

Artificial Intelligence (AI) is increasingly used to support the digital transformation of critical energy infrastructures 

by improving forecasting, grid monitoring, predictive maintenance, and operational decision-making. However, AI 

deployment in public utilities faces challenges related to institutional acceptance, digital maturity, institutional trust, and 

governance mechanisms. This article investigates how these factors interact within Morocco’s National Office of 

Electricity and Drinking Water (ONEE). The methodology is based on 29 semi-structured interviews, thematic coding 

using NVivo, and an exploratory quantitative synthesis. The analytical framework combines a condensed UTAUT2 

framework, the McKinsey AI Maturity Model, and selected AI governance dimensions related to accountability and 

interoperability. The findings suggest a positive association between AI maturity and organisational acceptability, with 

governance strengthening this relationship. However, given the qualitative-dominant design, the small sample size, and 

the exploratory scoring procedure, the correlation results are interpreted as indicative rather than confirmatory. The study 

contributes to applied infrastructure and utility governance research by showing that responsible AI deployment in critical 

energy systems requires not only digital capabilities but also transparent governance, regulatory clarity, cybersecurity 

safeguards, and internal stakeholder trust. 

Keywords: artificial intelligence; AI governance; smart grids; organisational acceptability; digital maturity; public utilities; 

critical energy infrastructure; Morocco 

1. Introduction 

Decarbonisation and digitisation are two central dimensions of the 

global energy transition[1]. In critical energy infrastructures, AI is 

increasingly used to improve demand forecasting, grid monitoring, 

operational optimisation, predictive maintenance, and system 

resilience[2].  

However, in developing countries, the integration of AI 

technologies in public utilities faces many challenges: inconsistent 

institutional digital maturity, ambiguous organisational acceptance 

among internal stakeholders, and governance frameworks that are only 

partially structured, particularly regarding interoperability and 

accountability.  These factors are necessary to ensure a credible and 

legitimate socio-technical transition[3]. 
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In Morocco, since 2016, the National Office of Electricity and Drinking Water (ONEE) has progressively 

integrated AI into the very high-voltage and high-voltage segments of its national grid. AI-related applications 

are associated with: 

- Demand forecasting, using machine learning to refine daily supply–demand balancing; 

- Predictive maintenance to anticipate failures in HV/MV substations; 

- Grid optimisation through anomaly detection and automated control algorithms that reduce technical 

losses. 

Alongside these deployments, several applications remain in pilot or experimental phases, such as real-

time optimisation of renewable generation, intelligent load management in selected regional substations, 

natural language processing (NLP)-based customer interaction tools, and meter system interoperability tests 

within the smart meter (AMI) program[4]. These projects are being developed under a stricter set of rules, 

including Law 82.21 on electrical self-generation and its 2025 implementing decree[5], as well as the 2024 

Smart Meters Decree, which reinforces requirements for transparency, interoperability, and institutional 

control[6]. Even with these technological and legislative improvements, perceptions of AI at the ONEE vary 

by hierarchical level within the institution. This raises the following research question: How does AI 

governance influence the relationship between digital maturity and organisational acceptability within a critical 

public energy utility? 

This study contributes to applied infrastructure and engineering-oriented research by examining the 

governance conditions required for the responsible deployment of AI-based digital systems in critical public 

energy utilities. Although the empirical case focuses on Morocco’s national electric grid, the study addresses 

a broader infrastructure challenge: How AI-enabled digital transformation can be governed in complex energy 

systems where operational reliability, data quality, cybersecurity, interoperability, regulatory alignment, and 

organisational readiness are essential. Accordingly, two hypotheses guide the study:  

1. H1 AI maturity is positively associated with organisational acceptability within ONEE. 

2. H2 AI governance AI governance is expected to strengthen the relationship between AI maturity and 

organisational acceptability. 

This study is organised as follows. Section 1 presents the research context, the conceptual and analytical 

framework, and the main prior research. Section 2 describes the methodological framework. Section 3 reports 

the empirical results. Section 4 discusses the theoretical and practical implications of the findings. Finally, 

Section 5 concludes the article by summarising the main contributions, limitations, and avenues for future 

research. 

1.1. Literature Review and Theoretical Framework 

1.1.1. Smart Grids and Governance 

Smart grids are a major transformation in contemporary energy systems, because they combine traditional 

electrical infrastructure with digital technologies, data-driven monitoring, automation, and intelligent decision-

support systems[7]. AI contributes to this transformation by supporting demand forecasting, predictive 

maintenance, anomaly detection, automated control, and real-time optimization[8]. However, energy literature 

increasingly shows that the smart grid deployment cannot be reduced to technical performance alone. The 

success of smart grid projects also depends on governance mechanisms that assure transparency, accountability, 

and institutional trust in sociotechnical transitions[9]. In this way, Smart grids should be understood as socio-

technical systems, and their effectiveness depends not only on the quality of algorithms and infrastructure, but 

also on the organisational and institutional conditions that make these technologies usable, legitimate, and 

accepted by internal and external actors. 
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1.1.2. Organisational Digital Maturity in Energy utilities 

Digital maturity refers to the organisational capacity to align advanced and intelligent technologies with 

its strategic goals, operational processes, skills, data infrastructure, and governance arrangements[10]. The 

McKinsey AI Maturity Model provides a useful framework for assessing this transition through dimensions 

such as strategy, culture, data, technology, and governance[2,10]. In energy utilities, digital maturity extends 

beyond the availability of digital tools. It also includes the clear allocation of responsibilities, data quality, 

cybersecurity preparedness, and the interoperability of legacy operational technologies with AI-enabled 

information systems[12]. In developing economies, uneven digital maturity may result in fragmented data 

practices, siloed projects, and weak alignment between strategic intent, technical capabilities, and governance 

arrangements[13]. 

1.1.3. AI Acceptability and UTAUT2 framework 

Technology acceptance models emphasise that user perceptions strongly influence the adoption and use 

of digital systems[14]. UTAUT and UTAUT2 extend earlier acceptance models by integrating dimensions such 

as performance expectancy, effort expectancy, social influence, facilitating conditions, and user-related 

factors[14]. In public utilities, however, AI acceptability cannot be reduced to individual intention alone. It is 

also shaped by institutional trust, perceived legitimacy, training, and the perceived alignment between AI 

systems and organisational missions. In the context of AI-enabled smart grids, employees’ perceptions of 

usefulness, ease of use, and institutional trust are therefore critical determinants of whether AI systems are 

accepted, integrated, or resisted[15]. 

1.1.4. AI Governance 

AI governance refers to the set of institutional, technical, legal, and organisational mechanisms through 

which AI systems are designed, deployed, monitored, and controlled. In the public sector and infrastructure 

context, AI governance frameworks emphasise that AI systems should be transparent, robust, accountable, 

human-centred, and aligned with public values[16].   

International AI governance frameworks emphasise several key principles for trustworthy AI, including 

transparency, accountability, data protection, inclusion, human oversight, and institutional capacity[17]. For 

public energy utilities, two governance dimensions are especially critical: accountability and interoperability. 

Accountability clarifies who is responsible when AI-supported decisions influence operational or managerial 

processes. Interoperability ensures that AI applications can function across legacy infrastructure, sensors, 

legacy systems, data platforms, operational technologies, and information systems[18]. 

1.1.5. Toward an Integrated Conceptual Model 

Although prior research has examined digital maturity, organisational acceptability, and AI governance 

separately, their interaction remains under-theorised in the context of public energy utilities. Few studies 

explicitly conceptualize how governance mechanisms condition the way institutional readiness for AI 

translates into internal acceptance of AI-enabled systems[19]. 

To address this gap, the present study develops an integrated conceptual framework that combines three 

complementary lenses: the McKinsey AI Maturity Model, a condensed UTAUT2, and selected AI governance 

dimensions inspired by international responsible AI governance frameworks. Institutional AI maturity is 

conceptualised as the structural enabler capturing ONEE’s strategic alignment and organisational culture 

regarding AI (Figure 1). Organisational acceptability is understood as the perceptual response of staff, 

reflected in perceived usefulness, ease of use, and institutional trust. AI governance, operationalised here 

through accountability and interoperability, is theorised as a potential moderating mechanism that may shape 

the strength of the relationship between maturity and acceptability in smart grid settings. 
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Figure 1. Conceptual framework of the potential moderating role of AI governance in the relationship between institutional AI 

maturity and organisational acceptability. 

This framework is used as an analytical guide for the empirical study. The potential moderating role of 

AI governance is examined exploratorily through qualitative coding and descriptive correlation analysis, 

without claiming confirmatory statistical validation. 

1.1.6. Prior research in public energy institutions and research gap  

The integration of AI into energy systems no longer concerns technical performance alone. It also entails 

organisational, institutional, and governance changes[19]. Early work on AI in energy focused on predictive 

maintenance, anomaly detection, and network automation. More recent literature highlights three critical 

conditions for successful deployment: institutional digital maturity, social legitimacy, and governance of 

algorithmic systems[20]. 

In mature markets such as the United States and Germany, empirical studies report persistent challenges 

linked to regulatory fragmentation, ethical uncertainty, and declining public trust in AI technologies[21]. 

According to the ENERDATA report, issued in 2022, China, despite its progress in optimizing its power grids, 

still continues to confront constraints and limits due to the opacity of AI algorithms and the weak governance 

of data flowing on its networks[22].  

However, in the African setting, Melani and Tabaa highlight structural obstacles such as the limitation of 

digital infrastructure, the poor interoperability, and the shaky governance frameworks that hinder the 

implementation of AI in energy public services[23]. 

Morocco holds a particular hybrid position. The African country hosting COP 22 is committed to energy 

transition and sustainable development goals. Morocco has structural issues characteristic of growing 

economies, while maintaining a generally stable and dedicated institutional architecture that is yet inadequate. 

Even though Morocco has a public monopoly on energy, it reveals aspects of modernization and openness to 

technology through its smart grid and smart meter projects, and the ONEE research laboratory, which is 

working on energy AI technologies. However, Morocco remains exposed to organisational inertia, unlike 

public energy services that depend on external donors, like the Senegal and Mali cases, or like countries with 

completely liberalized energy systems, such as South Africa[24]. 

AI governance

(Accountability 

& interoperability

Institutional AI Maturity
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Previous research has examined the AI maturity, governance, and AI acceptability as separate concepts. 

Empirical studies that integrate these dimensions into a unified framework remain rare, particularly in 

monopolised energy services in emerging economies. The study of Rhardas and Habachi and their teams 

highlights that the gap between technological readiness and social acceptance is often caused by the absence 

of effective governance mechanisms capable of bridging these domains, and that the emergence of AI as a 

pillar of socio-technical projects makes this governance even less obvious[25,26].  

This study addresses this gap by analysing how AI governance processes, particularly accountability and 

interoperability, may influence the relationship between AI maturity and organisational acceptability within 

Morocco’s national electric utility. In doing so, it will contribute to offering practical advice for critical energy 

systems in emerging economies. 

2. Materials and methods 

2.1. Research design and conceptual framework 

This study adopts an exploratory single-case study focusing on ONEE, a vertically integrated public utility 

engaged in smart grid transformation. A qualitative-dominant mixed-methods strategy was used. Qualitative 

interview analysis constitutes the primary empirical basis of the study, while quantitative synthesis is used 

only as a complementary exploratory tool to identify broad patterns across organisational levels. 

The study does not aim to produce statistically generalisable findings. Rather, it seeks to generate 

analytically transferable insights into the governance conditions that shape AI deployment in critical public 

energy infrastructure. 

The research pursues three objectives: (1) to assess ONEE’s AI maturity; (2) to analyse internal 

perceptions of AI in the smart grid context; and (3) to explore the role of AI governance in the relationship 

between institutional maturity and organisational acceptability. The conceptual framework combines three 

complementary models that informed both the interview guide and the coding scheme: (1) the McKinsey AI 

Maturity Model, used to assess institutional readiness through strategy, culture, and digital capabilities; (2) a 

condensed UTAUT2 framework, focused on perceived usefulness, ease of use, and institutional trust; and (3) 

selected AI governance dimensions related to accountability and interoperability. These dimensions were 

selected because they are particularly relevant in early-stage AI deployment within critical energy 

infrastructures and were consistently reflected in the empirical material. 

Together, these models structured seven main analytical dimensions (NVivo nodes): AI Strategy, 

Organisational Culture, Perceived Usefulness, Ease of Use, Institutional Trust, Accountability, and 

Interoperability. 

2.2. Data Collection and Participants 

Fieldwork was conducted at ONEE between October 2022 and October 2025. Institutional access was 

facilitated by long-standing collaboration with the Ministry of Energy Transition and Sustainable Development 

and prior academic partnerships with ONEE. 

A purposive sampling strategy was adopted. Participants were selected because of their direct or indirect 

involvement in digital transformation, smart grid deployment, AI-related initiatives, data systems, grid 

operations, or technical maintenance. The objective was to capture different organisational viewpoints across 

strategic, technical, and operational levels. In total, 29 semi-structured interviews were conducted with internal 

actors occupying different positions within the organisation: 

 

 



6 

Table 1. Profile of interview participants. 

Participants category 
Number of 

participants 
Organisational level Relevance to the study 

Senior managers and decision-

makers 
4 Strategic level 

AI strategy, digital transformation priorities, 

governance and regulatory alignment 

Middle managers/project 

coordinators 
5 

Strategic-technical 

level 

Coordination of smart grid projects, implementation 

constraints and organisational readiness 

Smart grids and electrical 

engineers 
7 Technical level 

AI integration, grid optimisation, operational 

technologies, interoperability, and cybersecurity 

IT and data engineers 6 Technical level 
Data infrastructure, AI tools, information systems, 

technical governance, and system interoperability 

Maintenance 

technicians/operational staff 
7 Operational level 

Field implementation, training needs, perceived 

usefulness, and operational acceptability 

Total 29 Multi-level sample 
Internal perceptions of AI maturity, governance, and 

organisational acceptability 

All interviews followed a semi-structured guide organised around the seven analytical dimensions derived 

from international frameworks mentioned above: AI strategy, organisational culture, perceived usefulness, 

ease of use, institutional trust, accountability, and interoperability (Table 1). 

Interviews were fully transcribed and imported into the NVivo framework for thematic coding. The Excel 

was used for the subsequent quantitative analysis. Data were anonymised during the transcription stage. 

2.3. Coding Procedure and Qualitative Analysis 

A deductive thematic coding strategy was applied in the NVivo framework, using a pre-defined codebook 

structured around the seven parent nodes: AI Strategy, Organisational Culture, Perceived Usefulness, Ease of 

Use, Institutional Trust, Accountability, and Interoperability. The initial codebook was developed directly from 

the three international theoretical models used in the study and was tested on a small subset of transcripts.  

After this pilot coding phase, the definitions and inclusion–exclusion criteria of each code were refined 

to reduce overlap between categories and improve coding consistency.  

In the first coding cycle, interview excerpts were assigned to these seven primary nodes. In the second 

coding cycle, we refined and regrouped emerging subthemes under each parent category.  

To strengthen analytical reliability, a subset of transcripts was double-coded independently by two 

researchers. Coding differences were discussed during calibration sessions until agreement was reached on the 

interpretation of each category. The codebook was then stabilised and applied to the full corpus. 

The calibration of the Likert-type scores was also conducted explicitly and systematically. After thematic 

coding, each parent node received a five-point score per interview, derived from an anchored rubric that 

combined the frequency, intensity, and valence of references in the coded data (from 1 = very low or negative 

to 5 = very high or positive ).  

Two researchers independently assigned preliminary scores for a subset of interviews, then compared and 

reconciled their assessments to harmonize the application of the rubric before scoring the full corpus. The 

resulting scores should therefore be understood as a structured synthesis of qualitative evidence rather than as 

survey-based measurements. 

Thematic saturation was reached after 18 interviews, with fewer than 5% new codes emerging thereafter, 

in line with Guest et al. (2020). The qualitative analysis, therefore, provides the main empirical foundation of 

the study, while the quantitative synthesis serves only to visualise and compare patterns across organisational 

levels. 



7 

2.4. Scoring rubric, Spearman correlation and Exploratory Quantitative Synthesis 

After thematic coding, each interview was assigned a 5-point score for each of the seven analytical 

dimensions (Table 2). To support cross-category comparison and identify broad patterns, the coded material 

was subjected to a quantitative synthesis. For each interview and each of the seven parent nodes, the calibrated 

5-point scores described above were compiled in Excel. Mean scores were then aggregated by organisational 

level (strategic, technical, operational) to construct comparative profiles of AI maturity, perceptions, and 

governance. 

Table 2. Scoring rubric used for qualitative-to-quantitative synthesis. 

Score Interpretation Coding meaning 

1 Very low The theme is absent, weakly present, or expressed mainly through negative perceptions 

2 Low The theme is present but limited, fragmented, or associated with uncertainty 

3 Moderate The theme is clearly present but expressed with mixed or cautious perceptions 

4 High The theme is strongly present and generally positive 

5 Very high The theme is consistently present, strongly expressed, and positively evaluated 

Spearman rank correlations were computed to explore the association between institutional AI maturity 

and organisational acceptability and to examine how these associations vary under different perceived levels 

of governance (accountability, interoperability). Governance scores were represented as a visual gradient in 

scatter plots to illustrate potential moderating patterns, without estimating formal interaction terms. 

Given the limited sample size (N = 29), the non-probabilistic sampling strategy, and the qualitative-

dominant design, these quantitative results are interpreted strictly as exploratory. Correlation coefficients and 

associated p-values are used as descriptive indicators of the strength and direction of associations, not as 

evidence of causality or as the basis for confirmatory statistical inference. The quantitative component thus 

complements the thematic analysis by highlighting internally consistent patterns rather than by testing 

hypotheses in a statistically generalisable way. 

2.5. Ethical Considerations 

The study received formal institutional approval from ONEE. All participants were informed of the 

study’s scope, provided voluntary and written consent, and were assured of the confidentiality and 

anonymisation of all data. No personal identifiers were retained at any stage of analysis. 

3. Results 

In this section, we present the empirical results organised around three main dimensions: organisational 

profiles of AI maturity and perceptions, the exploratory association between AI maturity and organisational 

acceptability, and the role of governance as a potential moderating mechanism. The results are interpreted 

cautiously, in line with the exploratory nature of the study and the qualitative origin of the scoring procedure. 

3.1. Organisational profiles of AI maturity and perceptions 

The analysis reveals a clear hierarchical disparity in AI maturity and AI-related perceptions within ONEE. 

The strategic level participants obtained the highest scores across several dimensions, including AI maturity, 

institutional trust, accountability, and interoperability. This result reflects their active role in digital 

transformation strategies, regulatory discussions, and institutional narratives, presenting AI as a tool for grid 

modernisation and energy transition. 

Technical level participants obtained intermediate scores. They recognize the usefulness of AI for the 

modernisation and improvement of the national power grid. However, they also identify persistent constraints 
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related to interoperability between operational technologies (OT) and information technologies (IT). These 

constraints were perceived as limiting the effective integration of AI into Smart grid projects. 

Operational level participants scored the lowest. They reported limited training on AI-related tools, 

insufficient communication about the purpose and implications of AI deployment, and limited transparency 

regarding AI-supported decision-making processes. 

These responses suggest that operational acceptability remains fragile when employees do not clearly 

understand how AI systems will affect their roles, responsibilities, or daily work routines. 

 
Figure 2. Comparative analysis of organisational levels across a range of AI-related dimensions. 

These profiles indicate a hierarchical difference between strategic intent and operational implementation. 

In the ONEE’s case study, the results reveal that AI is strongly supported at the strategic level but partially 

integrated by the personnel of the technical and operational levels (Figure 2). This gap may limit the effective 

deployment of an AI-enabled Smart grid system if it is not addressed through training, internal communication, 

clearer responsibility structures, and stronger interoperability mechanisms. 

3.2. Relationship between AI maturity and organisational acceptability 

The exploratory quantitative synthesis indicates a moderate positive association between institutional AI 

maturity and organisational acceptability (Spearman’s ρ = 0.58). Units that report higher perceived maturity 

in terms of strategic alignment, cultural readiness, and digital capabilities also tend to express greater 

confidence in AI systems and a greater willingness to adopt them in their daily work.  

This result suggests that organisational acceptability depends not only on individual attitudes towards AI, 

but also on how employees perceive the institution’s overall readiness to support AI deployment.  

 
Figure 3. Relationship between AI maturity and organisational acceptability under governance conditions. 

When observations are differentiated by perceived governance levels, particularly accountability and 

interoperability, the association between AI maturity and organisational acceptability appears stronger. This 
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pattern provides preliminary exploratory support for H2 (Figure 3). However, because no formal interaction 

model was estimated, the study cannot claim to demonstrate a statistically robust moderation effect. 

From a practical perspective, the findings suggest that digital maturity may be more likely to translate 

into organisational acceptability when employees perceive that AI deployment is accompanied by clear 

responsibility structures and technically coherent systems. In other words, governance may help translate AI 

maturity into organisational trust and acceptance, but this mechanism should be examined further through 

larger, more confirmatory studies. 

3.3. Governance as a potential moderating mechanism: Thematic evidence 

Qualitative findings suggest that governance acts as an important organisational catalyst for AI 

deployment. The interview results highlight two fundamental dimensions: accountability and interoperability. 

The first dimension, accountability, indicates that AI-related responsibilities must be clearly defined, including 

who is responsible for AI-supported decision-making processes. The second theme (interoperability) suggests 

that the successful integration of operational (OT) and information technologies (IT) through the generation 

of reliable data flows and stable interfaces between existing infrastructure and AI-enabled applications may 

facilitate the successful use of AI technologies within the organisation. The following interview excerpts 

illustrate these concerns: 

- “AI technologies will be an enhancement to the strategic plan of ONEE; however, we still need to find 

ways to coordinate operations more effectively.” (P1, P12) 

- “The workforce at ONEE needs greater clarity on how AI will influence their current jobs and the jobs 

they will hold in the future.”(P19) 

-“The lack of interoperability between operational technology and information technology continues to 

create a major obstacle to the successful implementation of AI technologies. ” (P7, P10) 

Across organisational levels, accountability and interoperability appear closely related to perceived 

usefulness and institutional trust. When responsibilities are unclear or systems seem fragmented, employees 

may be reluctant to rely on AI-supported decisions. Conversely, clearer governance arrangements and better 

technical interoperability may strengthen internal trust and facilitate the organisational integration of AI in 

Smart grid transformation. 

4. Discussion 

This section discusses the main findings in relation to the study’s conceptual framework and the literature 

on AI governance, digital maturity, and organisational acceptability in public utilities. It highlights the 

theoretical and practical implications of the results while taking into account the exploratory nature of the 

empirical analysis. 

The findings show that AI deployment in critical energy infrastructure cannot be reduced to technical 

readiness alone. In the case of ONEE, strategic actors express stronger confidence in AI because they are more 

directly exposed to digital transformation priorities, policy objectives, and institutional modernisation 

narratives. By contrast, technical and operational actors appear more cautious because they are more directly 

confronted with implementation constraints, limited training, interoperability issues, and uncertainty regarding 

accountability. 

This discrepancy highlights a central governance challenge: AI maturity at the strategic level does not 

automatically translate into organisational acceptability at the technical and operational levels. For AI-enabled 

Smart grid systems to become institutionally legitimate, employees need clear information about the purpose 
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of AI tools, the rules governing data use, the distribution of responsibilities, and the technical compatibility 

between operational and information systems. 

From an applied infrastructure perspective, accountability and interoperability should not be considered 

secondary governance concerns. They are operational conditions for responsible AI deployment. 

Accountability helps clarify decision-making responsibilities, while interoperability ensures that AI tools can 

be integrated into existing technical systems. Without these conditions, AI deployment may remain fragmented 

and weakly accepted by internal stakeholders. 

The study also shows that governance may play a bridging role between digital maturity and 

organisational acceptability. Digital maturity creates the technical and organisational basis for AI adoption, 

but governance helps make this maturity understandable, legitimate, and usable for internal actors. This finding 

is particularly relevant for public utilities in emerging economies, where AI deployment often takes place 

within evolving regulatory frameworks, uneven digital capabilities, and complex institutional structures. 

These findings contribute to the literature on AI-enabled digital transformation in public utilities by 

showing that the internal acceptability of AI depends on the interaction between technical maturity and 

governance conditions. They also extend technology acceptance perspectives by demonstrating that, in critical 

infrastructure contexts, perceived usefulness and ease of use are insufficient unless they are supported by 

institutional trust, accountability, and system interoperability. 

5. Conclusion 

This study examined the relationship between AI maturity, organisational acceptability, and AI 

governance in a national energy utility in Morocco. Based on 29 semi-structured interviews and a qualitative-

dominant exploratory design, the findings suggest that AI-enabled digital transformation in public energy 

utilities depends not only on technical capabilities, but also on governance mechanisms, organisational trust, 

regulatory clarity, and system interoperability. 

The results reveal a visible gap between strategic, technical, and operational perceptions of AI within 

ONEE. Strategic actors support the digital transformation and AI integration in Smart grid projects, while 

technical and operational staff remain more cautious due to concerns related to interoperability, accountability, 

training, transparency, and the practical integration of AI tools into existing work routines. This gap suggests 

that AI maturity at the institutional level does not automatically produce organisational acceptability unless it 

is supported by clear governance mechanisms. 

The exploratory quantitative synthesis indicates a positive association between perceived AI maturity and 

organisational acceptability. This relationship appears stronger when governance mechanisms, particularly 

accountability and interoperability, are effectively mobilised in energy projects. However, these findings 

should be interpreted with caution. The Spearman correlation analysis was based on scores derived from 

qualitative coding and a small non-probabilistic sample. It therefore provides exploratory support rather than 

confirmatory statistical evidence or proof of causal moderation. 

The main contribution of the study is to propose an integrated triangular model connecting AI maturity, 

organisational acceptability, and governance in a critical energy infrastructure context. 

The study remains limited by its single-case design, its focus on internal organisational actors, and the 

absence of consumer-level data. Future research should extend this framework to other public utilities, 

compare different national contexts, and examine how AI governance affects both internal organisational 

acceptance and broader social acceptability of Smart grid technologies. Longitudinal research would also be 

useful to assess how governance mechanisms evolve as AI applications become more widely integrated into 

energy infrastructure management. 
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