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ABSTRACT 

This article examines the institutional implementation of explainable artificial intelligence (XAI) within 

public healthcare governance through a comparative analysis of the European Union and Singapore between 

2020 and 2026. The study argues that explainability has evolved from a technical interpretability problem 

into a broader computational governance mechanism shaping accountability, trust, clinical adoption, 

regulatory legitimacy, and digital resilience. The European Union and Singapore represent analytically 

significant comparative cases because both have aggressively expanded AI-enabled healthcare systems while 

adopting distinct regulatory and governance strategies. The European Union prioritizes rights-based AI 

governance, algorithmic accountability, and regulatory harmonization through the AI Act, GDPR, and 

medical device regulation. Singapore emphasizes adaptive governance, state-led innovation, regulatory 

experimentation, and implementation-oriented digital health infrastructure. The findings indicate that 

explainability effectiveness depends on institutional interoperability among clinical systems, data governance 

mechanisms, computational auditability, and socio-technical integration between developers, regulators, and 

healthcare providers. The article contributes to computing and information sciences by conceptualizing 

explainability as computational governance infrastructure linking machine learning systems, healthcare 

institutions, regulatory accountability, and public trust within digitally transformed healthcare ecosystems. 
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INTRODUCTION 

  Artificial intelligence has become a foundational computational infrastructure within healthcare 

systems worldwide. Between 2020 and 2026, hospitals, insurance systems, public health agencies, and 

clinical decision-support platforms increasingly adopted machine learning for diagnostic imaging, predictive 

analytics, triage prioritization, resource allocation, drug discovery, and patient monitoring. According to 

OECD digital health assessments, AI-enabled healthcare systems expanded rapidly after the COVID-19 

pandemic due to pressures for efficiency, automation, predictive capability, and data-driven governance 

(OECD, 2024). Simultaneously, concerns regarding algorithmic opacity, bias, safety, explainability, and 

accountability intensified across both technical and policy communities. 

  This article argues that explainable artificial intelligence (XAI) must be understood not merely as a 

computational interpretability technique but as a governance infrastructure embedded within socio-technical 

healthcare systems. In public healthcare contexts, explainability shapes whether clinicians trust machine 

learning outputs, whether regulators approve AI systems, whether patients perceive systems as legitimate, 

and whether institutions can identify harmful or discriminatory outcomes. Consequently, explainability has 

become a central issue linking computing, information systems, digital governance, ethics, institutional 

implementation, and socio-economic transformation. 

  The European Union and Singapore provide analytically powerful comparative cases for evaluating 

this transformation. The European Union represents a rights-based computational governance regime 

emphasizing algorithmic transparency, accountability, risk classification, and regulatory harmonization. 

Through the AI Act, GDPR, Medical Device Regulation (MDR), and European Health Data Space 

initiatives, the EU has developed one of the world’s most comprehensive regulatory environments for 

healthcare AI. Singapore, by contrast, represents a state-coordinated innovation-oriented governance model 

emphasizing adaptive regulation, implementation agility, public-sector coordination, and healthcare 

digitalization through initiatives such as the National AI Strategy and Smart Nation programs. 

  These cases were selected because they exhibit significant institutional divergence despite shared 

commitments to digital healthcare transformation. The EU prioritizes precautionary governance, rights-based 

safeguards, and multi-level regulation across heterogeneous member states. Singapore prioritizes rapid 

deployment, centralized coordination, interoperability, and innovation capacity within a highly integrated 

digital state. Comparing these systems enables examination of how institutional and computational design 

influence healthcare AI implementation. 

  The global context underscores the importance of this inquiry. WHO guidance on AI for health 
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emphasizes transparency, accountability, inclusiveness, and explainability as prerequisites for trustworthy 

healthcare systems (WHO, 2021). UNESCO’s Recommendation on the Ethics of Artificial Intelligence 

similarly identifies explainability as essential to public accountability and human oversight (UNESCO, 

2023). At the same time, computational research increasingly demonstrates that high-performing deep 

learning systems often operate as opaque black-box models, complicating interpretability and clinical 

validation (Rudin, 2019). 

  Existing scholarship has made important contributions to explainability research. Doshi-Velez and 

Kim (2017) conceptualize explainability as the capacity to render AI systems understandable to humans. 

Adadi and Berrada (2018) review XAI methods and identify tensions between interpretability and 

performance. Floridi et al. (2018) argue that trustworthy AI requires accountability, transparency, and 

human-centered governance. Topol (2019) highlights the transformative potential of AI in medicine while 

warning that trust remains fragile without explainability. Other scholars emphasize that healthcare AI 

implementation depends on socio-technical integration rather than algorithmic performance alone (Jiang et 

al., 2021). 

  However, current scholarship remains limited in several respects. While previous studies emphasize 

computational interpretability methods such as SHAP, LIME, saliency mapping, and attention visualization, 

they often under-theorize institutional governance. Other scholars focus on ethical principles but fail to 

explain how explainability operates within clinical workflows, regulatory systems, and information 

infrastructures. Existing comparative research also remains limited because the EU and Singapore are 

typically studied independently rather than comparatively as distinct computational governance regimes. 

  This article identifies five major research gaps. First, a theoretical gap persists concerning 

explainability as governance infrastructure rather than purely technical transparency. Second, an empirical 

gap concerns how explainability affects institutional trust and healthcare adoption. Third, a comparative gap 

exists regarding how different governance systems operationalize AI accountability. Fourth, a technological 

governance gap concerns interoperability between AI systems, healthcare data infrastructures, and regulatory 

frameworks. Fifth, an implementation gap concerns how explainability interacts with clinical workflow 

integration, procurement, and healthcare administration. 

  The novelty of this article lies in conceptualizing explainability as computational governance 

infrastructure embedded within healthcare ecosystems. Rather than treating XAI as a technical add-on, this 

article demonstrates that explainability mediates institutional trust, clinical legitimacy, regulatory 

compliance, and digital resilience. The study contributes to computing and information sciences by 

integrating machine learning governance, socio-technical systems theory, information systems analysis, and 

comparative digital governance. 

  The analytical framework of this study links machine learning architecture, explainability 

mechanisms, institutional accountability, healthcare trust, and socio-economic resilience. The causal logic is 

as follows: AI system architecture influences explainability capacity; explainability shapes institutional 
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accountability; accountability affects clinician and patient trust; trust determines adoption and governance 

legitimacy; and legitimacy influences healthcare innovation and socio-economic resilience. The objective of 

this article is to examine how the European Union and Singapore implemented explainable AI governance in 

healthcare systems between 2020 and 2026 and to evaluate the implications for computational governance, 

institutional accountability, and digital health transformation. 

 

METHODOLOGY 

This  

This study employs a comparative computational governance methodology integrating socio-technical systems 

analysis, comparative information systems analysis, AI governance evaluation, and institutional process tracing. The 

European Union and Singapore were selected because they represent globally influential but institutionally divergent 

healthcare AI governance systems. The European Union operates through a multi-level regulatory architecture 

emphasizing rights-based governance, risk categorization, algorithmic accountability, and harmonized digital 

regulation across member states. Singapore operates through a centralized adaptive governance model emphasizing 

rapid implementation, public-sector coordination, healthcare digitalization, and regulatory experimentation. The unit 

of analysis is the healthcare AI governance ecosystem, including explainability frameworks, machine learning 

deployment practices, regulatory mechanisms, healthcare information systems integration, interoperability structures, 

cybersecurity safeguards, and institutional accountability processes. 

The empirical analysis draws on European Commission AI policy documents, Singapore Smart Nation and Ministry 

of Health reports, OECD and WHO digital health frameworks, AI governance guidelines, healthcare information 

system documentation, public datasets, peer-reviewed computing and information systems literature from 2020–

2026, and institutional digital health indicators. Analytical techniques combine comparative institutional analysis 

with computational governance evaluation focusing on explainability architectures, model interpretability 

approaches, risk classification systems, interoperability protocols, and healthcare implementation outcomes. 

Triangulation is achieved through comparison of technical standards, institutional reports, adoption metrics, and 

scholarly analyses. Ethical considerations focus on algorithmic bias, patient privacy, informed consent, automation 

risk, and explainability limitations in high-dimensional machine learning systems. The principal limitation is that 

proprietary healthcare AI systems restrict visibility into internal architectures and performance benchmarks. 

Nevertheless, the comparative framework provides a robust basis for evaluating explainability as a socio-technical 

governance mechanism. 

 

Findings and Discussion 

1. Explainability as Institutional Accountability Infrastructure 

  The first finding is that explainability functions as institutional accountability infrastructure rather than 
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merely technical interpretability. In the European Union, explainability is embedded within broader legal obligations 

concerning transparency, accountability, and human oversight. The AI Act classifies many healthcare AI systems as 

high-risk systems requiring documentation, traceability, risk management, and human supervision (European 

Commission, 2024). GDPR additionally strengthens informational rights concerning automated decision-making and 

data processing. 

  This governance approach positions explainability as part of legal accountability architecture. AI systems 

must not only produce outputs but also support traceability, auditability, and institutional review. Consequently, 

explainability is connected to regulatory legitimacy rather than solely clinical usability. 

  Singapore adopts a different model. Its AI governance strategy emphasizes practical implementation, 

adaptive standards, and operational trust. Explainability is framed less as a legal entitlement and more as an 

implementation mechanism supporting clinician confidence, operational integration, and institutional reliability. 

Singapore’s Model AI Governance Framework encourages explainability proportional to risk and context rather than 

universal interpretability requirements. 

  The comparison reveals two governance logics. The EU conceptualizes explainability through rights-based 

accountability. Singapore conceptualizes explainability through adaptive operational governance. Both systems 

recognize explainability as necessary, but they institutionalize it differently. 

  This finding extends prior XAI literature by demonstrating that explainability is socially situated. The 

effectiveness of XAI depends not only on computational transparency but on how institutions interpret, regulate, and 

operationalize explanations. 

2. Computational Trade-offs Between Accuracy and Interpretability 

  The second finding is that healthcare AI governance is shaped by persistent computational trade-offs 

between predictive performance and interpretability. Deep learning systems often achieve high predictive accuracy 

in medical imaging and diagnostics but remain difficult to interpret. Simpler interpretable models may enhance 

transparency but sometimes sacrifice predictive capability. 

  The EU governance framework tends to privilege explainability and traceability in high-risk healthcare 

environments. Regulatory expectations encourage developers to document training data, validation procedures, and 

model behavior. This creates incentives for hybrid systems combining interpretable components with high-

performance models. 

  Singapore’s implementation-oriented approach demonstrates greater tolerance for operational 

experimentation where explainability can be contextual rather than fully intrinsic. Hospitals and agencies prioritize 

systems that improve efficiency and clinical support while maintaining sufficient interpretability for practitioner 

oversight. 

The comparative evidence indicates that explainability is not a binary property. It is context-dependent and socially 
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negotiated. Clinicians may trust opaque systems if performance is consistently validated and workflows remain 

understandable. Conversely, technically interpretable systems may fail institutionally if explanations are not 

clinically meaningful. 

  This finding challenges simplistic transparency narratives. Explainability is constrained by computational 

complexity, data dimensionality, clinical urgency, and institutional workflow requirements. Consequently, 

governance systems increasingly adopt layered accountability involving model documentation, post-hoc explanation 

tools, audit trails, human oversight, and performance monitoring rather than requiring fully transparent models in all 

contexts. 

3. Interoperability and Healthcare Information Systems Integration 

  The third finding is that explainable AI implementation depends heavily on healthcare information systems 

interoperability. AI systems require structured, high-quality, interoperable data from electronic health records, 

imaging systems, laboratory systems, and administrative databases. Fragmented information systems reduce 

explainability effectiveness because contextual information becomes incomplete or inconsistent. 

  The European Union faces substantial interoperability challenges because healthcare governance remains 

partially decentralized across member states. The European Health Data Space initiative seeks to improve data 

portability, standardization, and cross-border interoperability. However, heterogeneity in healthcare systems, data 

standards, and procurement structures creates implementation complexity. 

  Singapore benefits from stronger centralized coordination and integrated digital health governance. National 

healthcare digitization efforts support standardized data exchange and centralized infrastructure planning. This 

improves implementation consistency and institutional coordination. 

  The comparison demonstrates that explainability cannot be separated from information systems 

architecture. Explanations depend on data lineage, metadata consistency, model versioning, and system 

interoperability. Weak infrastructure produces unreliable explanations even when algorithms are technically 

interpretable. 

  This finding contributes to information systems scholarship by linking explainability to infrastructure 

governance. AI governance therefore requires not only ethical principles but interoperable digital architectures 

capable of supporting traceability and auditability across institutional environments. 

4. Public Trust, Healthcare Legitimacy, and Socio-Technical Resilience 

  The fourth finding is that explainability significantly shapes public trust and socio-technical resilience in 

digital healthcare systems. Healthcare differs from other AI application domains because clinical decisions involve 

high stakes, asymmetric expertise, and moral legitimacy. Patients may accept AI-assisted healthcare only when 

institutions appear trustworthy, accountable, and transparent. 

  The European Union’s rights-oriented governance model strengthens legitimacy by embedding AI systems 
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within broader regulatory safeguards. However, extensive compliance obligations may slow innovation and create 

implementation burdens for smaller healthcare providers and AI developers. 

  Singapore’s adaptive governance model accelerates implementation and experimentation but depends 

heavily on institutional trust in public authorities. Strong coordination can improve efficiency and adoption, yet 

centralized governance may generate concerns regarding surveillance, concentrated authority, and insufficient 

external oversight. 

  The comparative evidence suggests that socio-technical resilience emerges when explainability, governance 

legitimacy, and institutional trust reinforce one another. Healthcare AI systems are more resilient when clinicians 

understand system limitations, patients trust governance institutions, and regulators maintain adaptive oversight 

capacity. 

  This finding aligns with socio-technical systems theory emphasizing that technological systems cannot be 

separated from organizational structures, governance norms, and social expectations. Healthcare AI resilience 

depends not solely on algorithmic robustness but on institutional legitimacy. 

 

Table 1. Analytical Matrix of Comparative Computing Governance and Information Systems Development 

Variable Case 1: 

European 

Union 

Case 2: 

Singapore 

Empirical 

Evidence 

Analytical 

Interpretati

on 

Governance 

Model 

Rights-based 

AI 

governance 

Adaptive 

implementati

on-oriented 

governance 

AI Act, 

GDPR, 

MDR; 

Singapore 

AI 

Governan

ce 

Framewor

k 

Governance 

priorities 

shape 

explainabilit

y 

implementati

on 

Explainabili

ty Logic 

Legal 

accountabilit

y and 

transparency 

Operational 

trust and 

clinical 

usability 

EU AI 

regulation; 

Smart 

Nation 

health 

initiatives 

Explainabilit

y functions 

differently 

across 

institutional 

systems 

Information 

Systems 

Structure 

Multi-level 

heterogeneo

us systems 

Centralized 

coordinated 

infrastructure 

European 

Health 

Data 

Space; 

Singapore 

digital 

health 

integration 

Interoperabil

ity shapes AI 

governance 

capacity 

Computatio

nal Trade-

off 

Strong 

emphasis on 

traceability 

Greater 

implementati

on flexibility 

Regulator

y 

complianc

e 

requireme

Performance 

and 

explainabilit

y remain 

negotiated 
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nts 

Institutional 

Coordinatio

n 

Distributed 

across 

member 

states 

Strong 

centralized 

coordination 

EU health 

governanc

e 

complexit

y; national 

coordinati

on in 

Singapore 

Coordination 

affects 

implementati

on efficiency 

Clinical 

Adoption 

Slower but 

highly 

regulated 

deployment 

Faster 

implementati

on with 

adaptive 

oversight 

Healthcare 

AI policy 

reports 

Governance 

affects 

adoption 

pathways 

Cybersecuri

ty and 

Privacy 

Strong data 

protection 

and rights 

safeguards 

Strong 

operational 

cybersecurity 

emphasis 

GDPR 

and health 

data 

protection

s 

Different 

trust 

mechanisms 

emerge 

Innovation 

Ecosystem 

Diverse but 

compliance-

intensive 

State-

supported 

agile 

experimentati

on 

AI startup 

ecosystem

s and 

healthcare 

innovation 

reports 

Regulation 

influences 

innovation 

structure 

Public Trust 

Mechanism 

Regulatory 

legitimacy 

and legal 

safeguards 

Institutional 

trust and 

implementati

on reliability 

OECD 

and WHO 

trust 

framewor

ks 

Trust is 

socio-

technical 

rather than 

purely 

technical 

Socio-

Economic 

Implication 

High 

accountabilit

y but 

implementati

on friction 

High 

scalability but 

governance 

concentration 

risk 

Comparati

ve 

healthcare 

digitalizati

on 

outcomes 

Different 

governance 

systems 

generate 

different 

resilience 

models 

  The table demonstrates that the European Union and Singapore represent two distinct computational 

governance models for healthcare AI. The EU prioritizes legal accountability, rights protection, and regulatory 

harmonization, while Singapore prioritizes implementation agility, interoperability, and operational trust. The deeper 

analytical insight is that explainability effectiveness depends not solely on machine learning techniques but on 

institutional integration among technical systems, governance mechanisms, healthcare workflows, and public 

legitimacy structures. 

 

Theoretical Propositions 

Proposition 1: Explainability functions as computational governance infrastructure rather than purely 

technical transparency. 
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  Healthcare AI explainability mediates relationships among algorithms, institutions, clinicians, patients, and 

regulators. Its governance role extends beyond interpretability into accountability, legitimacy, and trust production. 

Proposition 2: Institutional interoperability mediates the relationship between explainability and healthcare 

adoption. 

  AI systems become trustworthy only when interoperable healthcare information systems support 

traceability, auditability, and contextual interpretation. 

Proposition 3: Rights-based governance and adaptive governance generate different explainability regimes. 

  Rights-based systems prioritize formal accountability and legal safeguards, while adaptive governance 

systems prioritize operational usability and implementation flexibility. 

Proposition 4: Socio-technical resilience emerges from alignment between computational architecture and 

institutional legitimacy. 

  Healthcare AI systems are resilient when explainability mechanisms align with governance structures, 

public trust, and clinical workflow integration. 

 

CONCLUSION 

  This article examined explainable AI governance in healthcare systems through a comparative 

analysis of the European Union and Singapore between 2020 and 2026. The study directly answers the 

research objective by demonstrating that explainability operates as a socio-technical governance 

infrastructure connecting machine learning systems, institutional accountability, healthcare implementation, 

and public trust. 

  The findings reveal substantial institutional divergence. The European Union employs a rights-based 

governance regime emphasizing transparency, accountability, and regulatory harmonization. Singapore 

employs an adaptive governance regime emphasizing implementation agility, interoperability, and 

operational trust. Both models demonstrate strengths and limitations. The EU strengthens legal legitimacy 

and rights protection but may increase compliance complexity and implementation friction. Singapore 

accelerates innovation and deployment but faces challenges concerning concentrated governance authority 

and external oversight. 

  The theoretical contribution lies in conceptualizing explainability as computational governance 

infrastructure rather than a purely technical property. This framework advances computing and information 

sciences scholarship by integrating machine learning governance, socio-technical systems analysis, 

healthcare information systems, and digital institutional theory. 

  The empirical contribution lies in demonstrating how explainability interacts with interoperability, 
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institutional coordination, regulatory systems, and healthcare adoption. The findings indicate that healthcare 

AI governance cannot rely solely on technical interpretability methods. Effective governance requires 

interoperable information systems, institutional auditability, human oversight, cybersecurity safeguards, and 

trusted accountability mechanisms. 

  The technological governance implications are substantial. Policymakers should prioritize 

interoperable digital health infrastructures, explainability standards proportionate to clinical risk, algorithmic 

audit systems, and transparent procurement frameworks. Healthcare AI developers should integrate 

explainability into system architecture rather than treating it as a post-hoc compliance requirement. 

  This study is limited by restricted access to proprietary healthcare AI systems and by the evolving 

status of AI regulation between 2020 and 2026. Future research should examine explainability 

implementation in low-resource healthcare systems, comparative AI procurement governance, multimodal 

medical foundation models, and patient-centered explainability interfaces. 

  Ultimately, the future legitimacy of AI-enabled healthcare systems will depend not only on 

predictive accuracy but on whether computational systems can remain understandable, accountable, and 

institutionally trustworthy within increasingly complex digital health ecosystems. 
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