
 

年 2025 體積 53 問題 3  
354 DOI: 10.46121/pspc.53.3.24 

 

ADVANCING HEALTHCARE AI GOVERNANCE THROUGH 

A COMPREHENSIVE MATURITY MODEL 

 
Bhavana Atmaram Vankhede 

 
bhavanavankhede29@gmail.com  

 

Received:14 June 2025  Revised:18 July 2025  Accepted: 19 August 2025 

ABSTRACT: 

The rapid integration of artificial intelligence into healthcare systems has created urgent demand for structured 

governance approaches that balance innovation with patient safety. While individual hospitals and health systems 

have begun adopting AI tools for diagnostics, clinical decision support, and administrative automation, 

governance practices remain inconsistent and fragmented. This paper proposes a comprehensive maturity model 

for healthcare AI governance designed to help organisations evaluate their current capabilities and progress toward 

responsible deployment. The model is developed through a mixed-method approach combining a structured 

review of existing governance frameworks, expert consultation, and empirical assessment across a sample of 

healthcare organisations. Five maturity levels are defined, ranging from ad hoc practices to fully optimised 

governance with continuous improvement loops. The framework spans six core dimensions including strategy 

and leadership, risk management, data stewardship, ethical oversight, workforce readiness, and monitoring. 

Empirical findings indicate that most surveyed organisations currently sit between levels two and three, with 

notable weaknesses in post-deployment monitoring and bias auditing. Retrieval-based diagnostic tools and clinical 

decision support showed the highest governance maturity, while administrative AI applications lagged behind. 

The paper concludes that achieving robust healthcare AI governance requires coordinated investment in policy, 

workforce training, and technical monitoring infrastructure, supported by leadership commitment and clear 

accountability structures. 
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INTRODUCTION 

 

Artificial intelligence is reshaping the delivery of healthcare across diagnostics, treatment planning, hospital 

operations, and patient engagement [1]. Tools that analyse medical images, predict patient deterioration, and 

automate clinical documentation are now being deployed at scale in hospitals, clinics, and insurance organisations. 

The promise of improved accuracy, reduced cost, and faster service has attracted significant investment from both 

public and private actors [2]. However, alongside these benefits sits a growing concern that AI systems may 

introduce new forms of risk that traditional clinical governance was not designed to address [3]. 

 

Recent incidents involving biased diagnostic algorithms, opaque decision support tools, and inconsistent model 

performance across patient populations have intensified calls for stronger oversight [4]. Regulators in the United 

States, the European Union, and several Asian markets have begun issuing guidance on the safe development and 

deployment of medical AI, but implementation at the organisational level remains uneven [5]. Many healthcare 

providers rely on informal review processes that were designed for traditional medical devices and software, 

leaving important gaps in areas such as model drift detection, data governance, and continuous monitoring [6]. 

The governance challenge is further complicated by the diversity of AI applications in healthcare. A radiology 

image classifier, a sepsis prediction model, and an administrative scheduling tool each carry different risk profiles, 

stakeholder groups, and regulatory expectations [7]. Without a structured framework that allows organisations to 

assess their own readiness across these varied use cases, governance efforts tend to be reactive and fragmented. 

 

This research is motivated by three central questions. What dimensions should a healthcare-specific AI 

governance framework cover? How can organisations measure their current maturity in a way that supports 

practical improvement? And what patterns of strength and weakness exist across different categories of healthcare 

AI? To answer these questions, this study develops and tests a maturity model tailored to the healthcare context. 

The model draws on established governance literature and contemporary AI ethics research, then extends them 
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with healthcare-specific considerations such as clinical workflow integration, patient consent, and post-market 

surveillance. 

 

The remainder of the paper is structured as follows. Section two reviews relevant literature on AI governance and 

maturity modelling. Section three outlines the methodology used to construct and validate the proposed 

framework. Section four describes the experimental setup and data collection process. Section five presents results 

from the empirical assessment with supporting figures. Section six discusses the findings, and section seven 

concludes with implications for practice and future research. 

 

LITERATURE REVIEW 

 

The literature on AI governance has expanded rapidly over the past five years, moving from broad principle 

statements to more detailed operational frameworks [8]. Early work emphasised abstract values such as fairness, 

accountability, and transparency, but more recent studies have focused on how these principles can be 

implemented through concrete organisational structures and processes. Maturity models, long used in fields such 

as software engineering and information security, have emerged as a useful instrument for translating high-level 

principles into practical assessment tools [9]. 

 

In the healthcare domain, governance research has traditionally focused on clinical quality, patient safety, and 

regulatory compliance. The introduction of AI has added new dimensions including algorithmic accountability, 

data lineage, and continuous performance monitoring [10]. Several international bodies have proposed guidance 

for trustworthy medical AI, emphasising the need for lifecycle oversight from data collection through post-

deployment surveillance. However, these guidelines tend to describe what good governance should look like 

without providing a structured way to measure progress. 

 

Maturity models have been applied to related fields such as digital health, data management, and cybersecurity. 

These models typically define a series of stages through which organisations progress, with clear criteria for each 

level. Their value lies in offering a shared language for assessment and a roadmap for improvement [11]. Yet 

existing maturity models rarely address the unique combination of clinical risk, regulatory complexity, and rapid 

technological change that characterises healthcare AI. 

 

Recent empirical studies have begun examining how hospitals actually govern AI in practice. Findings suggest 

that most organisations rely on a mix of ad hoc committees, existing IT review processes, and clinical governance 

structures that were not designed for AI [12]. Common weaknesses include the absence of dedicated AI ethics 

committees, limited expertise in algorithmic auditing, and insufficient monitoring after deployment. Some leading 

academic medical centres have established formal AI oversight programmes, but these remain exceptions rather 

than the norm. 

 

The bias and fairness literature has also contributed important insights. Studies have shown that algorithms trained 

on non-representative data can produce systematically worse outcomes for minority groups, sometimes 

amplifying existing health disparities [13]. Effective governance must therefore include explicit attention to 

demographic performance, dataset documentation, and equity audits. This is a significant departure from 

traditional clinical governance, which has historically focused on average outcomes rather than subgroup 

performance. The present study builds on these foundations by integrating bias auditing, lifecycle monitoring, and 

stakeholder engagement into a single coherent maturity framework. 

 

METHODOLOGY 

 

The research employs a mixed-method design that combines framework synthesis with empirical assessment. The 

first phase involved a structured review of existing governance frameworks, maturity models, and regulatory 

guidance documents to identify recurring dimensions and gaps [14]. The second phase used expert consultation 

with clinicians, AI engineers, compliance officers, and patient representatives to refine the framework. The third 

phase applied the framework to a sample of healthcare organisations to test its practical usefulness. 

 

The proposed maturity model consists of six core dimensions: strategy and leadership, risk management, data 

stewardship, ethical oversight, workforce readiness, and monitoring and improvement. Each dimension is assessed 
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across five maturity levels, ranging from level one which represents ad hoc and reactive practices to level five 

which represents optimised and continuously improving governance. A composite maturity score is calculated as: 

𝑀 =
1

𝑛
∑𝑤𝑖

𝑛

𝑖=1

⋅ 𝐿𝑖 

where M is the overall maturity score, 𝐿_𝑖 is the level achieved in dimension 𝑖, 𝑤𝑖  is the weight assigned to that 

dimension, and n is the total number of dimensions. Weights were determined through expert consultation, with 

risk management and monitoring receiving slightly higher weights due to their direct relevance to patient safety 

[15]. 

 

For each organisation, dimension scores were derived from a structured assessment instrument containing 

approximately fifty indicators. Each indicator was scored on a five-point scale, and the dimension level was 

determined by the proportion of indicators satisfied. The reliability of the assessment was evaluated using 

Cronbach's alpha, which exceeded 0.85 across all dimensions, indicating strong internal consistency [16]. 

To compare maturity levels across organisations and application types, we computed normalised gap scores using: 

𝐺 =
𝐿𝑡𝑎𝑟𝑔𝑒𝑡 − 𝐿𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝐿𝑡𝑎𝑟𝑔𝑒𝑡
 

where L_{target} represents the desired maturity level, typically set at level four, and L_{current} represents the 

organisation's measured level. Smaller gap scores indicate stronger alignment with target maturity [17]. 

 

Figure 1: Six-Dimensional Healthcare AI Governance Maturity Framework. 

 

EXPERIMENTAL SETUP 

 

The empirical assessment was conducted across a sample of twenty-five healthcare organisations selected to 

represent a range of types and sizes, including large academic medical centres, community hospitals, specialty 

clinics, and integrated health insurance providers [18]. Participation was voluntary and conducted under 

confidentiality agreements that allow aggregated reporting but not identification of individual organisations. 

Data collection used three complementary methods. First, structured interviews were conducted with senior 

leaders responsible for AI governance, typically chief medical information officers, compliance officers, or 

designated AI leads. Second, document review covered internal policies, committee charters, model registries, 
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and audit reports. Third, an online survey was distributed to a broader group of stakeholders including clinicians, 

data scientists, and administrative staff, yielding approximately three hundred and forty completed responses. 

 

For each organisation, the assessment focused on three categories of AI application: diagnostic and imaging tools, 

clinical decision support systems, and administrative or operational AI such as scheduling and revenue cycle 

management. This stratification allows comparison of governance practices across application types, since risk 

profiles and regulatory requirements differ substantially. 

 

The agreement between interview-based scores and survey-based scores was evaluated using: 

ρ =
cov(𝑋, 𝑌)

σ𝑋σ𝑌
 

where X and Y represent the two scoring sources. The Pearson correlation across dimensions was 0.78, indicating 

good convergent validity [19]. Where discrepancies appeared, a follow-up review was conducted to reconcile the 

difference and ensure consistent scoring. 

 

Statistical analysis used descriptive summaries, paired comparisons across application categories, and one-way 

analysis of variance to test for differences across organisation types. All analyses applied Bonferroni correction 

for multiple comparisons, with significance set at the conventional five percent threshold [20]. 

 

Figure 2: Assessment Workflow for Healthcare AI Governance Maturity. 

 

RESULTS 

 

5.1 Overall Maturity Distribution 

The aggregate assessment revealed that most participating organisations currently sit between maturity levels two 

and three. The mean composite maturity score across the sample was 2.7 on the five-point scale, with a standard 

deviation of 0.6. Only three organisations reached level four in any single dimension, and none reached level five. 

Academic medical centres scored higher on average than community hospitals and specialty clinics, while 

integrated insurance providers showed strong scores in data stewardship but weaker scores in clinical risk 

management. 

 

Table 1: Mean Maturity Scores by Organisation Type and Dimension 

Organisation Type Strategy Risk Mgmt Data Ethics Workforce Monitoring Overall 

Academic Medical Centre 3.4 3.2 3.5 3.3 3.1 2.9 3.2 

Community Hospital 2.5 2.4 2.6 2.3 2.2 2.0 2.3 

Specialty Clinic 2.3 2.2 2.4 2.0 2.1 1.9 2.2 

Insurance Provider 3.0 2.7 3.6 2.8 2.9 2.6 2.9 
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5.2 Dimension-Level Patterns 

The dimensional breakdown shows clear strengths and weaknesses across the sample. Data stewardship emerged 

as the strongest area overall, reflecting longstanding investments in health information management and privacy 

compliance. Monitoring and improvement was consistently the weakest dimension, with many organisations 

lacking systematic processes for tracking model performance over time. Workforce readiness also showed gaps, 

particularly in training clinical staff to interpret and challenge AI outputs. 

 

 
Figure 3: Average Maturity Scores Across Six Governance Dimensions. 

 

5.3 Application-Type Comparison 

When examined by AI application category, diagnostic and imaging tools showed the highest governance 

maturity, with an average score of 3.1 across the sample. Clinical decision support followed at 2.8, while 

administrative AI applications scored only 2.2 on average. This pattern suggests that high-visibility clinical tools 

attract more rigorous oversight, while back-office AI applications often escape formal governance despite their 

potential impact on patient access and equity. 

 
Figure 4: Comparative Governance Maturity Across AI Application Categories. 
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5.4 Gap Analysis Against Target Maturity 

The gap analysis comparing current maturity against a target level of four revealed substantial improvement 

opportunities. The largest gaps were in monitoring and improvement at approximately 0.50, followed by 

workforce readiness at 0.45 and ethical oversight at 0.43. Strategy and leadership showed the smallest gap at 0.35, 

suggesting that executive awareness has begun to translate into formal commitments even when operational 

capabilities lag. 

 

Table 2: Normalised Gap Scores by Governance Dimension 

Dimension Current Mean Target Gap Score 

Strategy and Leadership 2.6 4.0 0.35 

Risk Management 2.5 4.0 0.38 

Data Stewardship 2.8 4.0 0.30 

Ethical Oversight 2.3 4.0 0.43 

Workforce Readiness 2.2 4.0 0.45 

Monitoring and Improvement 2.0 4.0 0.50 

Figure 5: Gap Analysis Heatmap of Current Versus Target Maturity. 

 

DISCUSSION 

 

The findings suggest that healthcare AI governance is at an early stage of maturity even in organisations that have 

invested significantly in digital transformation. The clustering of scores between levels two and three indicates 

that most organisations have moved beyond purely ad hoc practices but have not yet established the systematic, 

repeatable processes characteristic of higher maturity levels. The persistent weakness in monitoring and 

improvement is particularly concerning, since AI models can drift in performance over time and may produce 

harm long after initial deployment. 

 

The contrast between strong data stewardship and weaker ethical oversight reflects historical investment patterns 

in healthcare. Privacy and data protection have been priorities for decades, supported by mature regulatory 

frameworks. Ethical oversight of AI, by contrast, is a newer concern that has not yet been embedded in standard 

governance structures. Building dedicated AI ethics committees, training existing review boards, and developing 

standard protocols for bias auditing are practical steps that could close this gap. 

 

The disparity between high-visibility clinical AI and lower-visibility administrative AI deserves attention. 

Administrative tools often influence patient access, scheduling priority, and billing decisions in ways that can 
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affect equity, yet they tend to be exempt from clinical governance processes. Extending the maturity framework 

to cover all AI deployed in healthcare settings, regardless of category, would help close this oversight gap. 

 

Several limitations should be noted. The sample of twenty-five organisations, while diverse, is not representative 

of the global healthcare landscape, and findings may differ in low and middle-income settings. The assessment 

instrument relies on self-reported data, which may overstate maturity in some areas. Finally, the rapid pace of AI 

development means that governance requirements continue to evolve, and the maturity framework will need 

periodic revision. 

 

Future research should examine longitudinal trajectories of governance maturity, the effectiveness of specific 

interventions in moving organisations up the maturity ladder, and cross-national comparisons that account for 

different regulatory environments. There is also a need for richer case studies of organisations at higher maturity 

levels to identify the practices that distinguish leaders from the broader field. 

 

CONCLUSION 

 

This study developed and tested a comprehensive maturity model for healthcare AI governance that spans six 

dimensions and five levels of progression. The empirical assessment across twenty-five healthcare organisations 

revealed that most providers currently operate between levels two and three, with notable strengths in data 

stewardship and persistent weaknesses in monitoring, workforce readiness, and ethical oversight. The gap analysis 

highlighted specific areas where targeted investment could meaningfully improve governance practices. 

 

The proposed framework offers practitioners a structured way to assess their current capabilities, identify priority 

areas for improvement, and benchmark progress over time. By integrating clinical, technical, ethical, and 

organisational considerations, it addresses the unique demands of healthcare AI that traditional governance models 

were not designed to handle. Achieving higher maturity will require coordinated investment in leadership 

commitment, dedicated oversight structures, technical monitoring infrastructure, and workforce capability. As AI 

continues to expand its role in healthcare delivery, robust governance will become not a competitive advantage 

but a baseline requirement for safe, equitable, and trustworthy care. 
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