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Abstract

Background/Objectives: Artificial intelligence (Al) is increasingly embedded within diag-
nostic imaging workflows, reshaping clinical decision-making, health system governance,
and regulatory oversight. While technical advances in radiological Al have accelerated,
governance mechanisms have struggled to keep pace with issues of bias, transparency,
accountability, and lifecycle oversight. This study examines ethical, regulatory, and im-
plementation challenges in Al-enabled diagnostic imaging, building on prior reviews that
have often emphasised technical performance by integrating ethical risk domains with
governance responses across the Al lifecycle. Methods: This study presents a PRISMA-
ScR-informed systematic survey of 156 sources, including peer-reviewed publications,
regulatory documents, policy reports, and professional guidance materials (2018-2025),
synthesised through thematic analysis and lifecycle mapping spanning data acquisition,
model development, deployment, monitoring, and continuous learning. Results: Drawing
on both thematic insights derived from the reviewed literature and established ethical and
regulatory frameworks, we propose a literature-derived conceptual ethical-governance
framework organised around five pillars: equity and bias mitigation, explainability and
transparency, accountability and oversight, privacy-preserving infrastructure, and adaptive
regulatory alignment. Although illustrated through the Australian healthcare context,
the framework is designed to be transferable to federated and multi-jurisdictional health
systems. This review further identifies trust quantification as an underdeveloped but
essential dimension of clinical AI governance, emphasising the need to integrate measur-
able indicators such as calibration, clinician—Al concordance, and patient acceptance into
lifecycle-based evaluation. Conclusions: By bridging technical, ethical, and policy perspec-
tives, this review proposes a structured conceptual governance framework to support safe,
equitable, and trustworthy Al integration in digital health systems.

Keywords: artificial intelligence; medical imaging; diagnostic imaging; ethical AL; Al
governance; algorithmic bias; explainability; healthcare regulation; digital health; clinical
decision support

1. Introduction

In this review, “ethical AI” in diagnostic imaging refers to Al systems that ensure
clinical safety and robustness across diverse populations, meaningful transparency for
clinician interpretation, documented accountability throughout the Al lifecycle, privacy-
preserving data governance, and ongoing monitoring to detect bias, model drift, and
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performance degradation. This definition operationalises ethical principles into practical
governance requirements for the development, deployment, and oversight of clinical Al
systems. In recent years, artificial intelligence (AI), which encompasses machine learning
(ML), deep learning (DL), and foundation models, has triggered transformative changes in
diagnostic healthcare practices [1-10]. These cutting-edge technologies excel in uncovering
diagnostically relevant patterns from high-dimensional medical images, offering levels of
accuracy and processing speed that go far beyond traditional approaches. State-of-the-art
Al architecture, including convolutional neural networks (CNNs), vision transformers
(ViTs), generative adversarial networks (GANs) and large language models (LLMs), have
been successfully integrated into clinical imaging workflows, contributing to diverse
applications such as anomaly detection, segmentation of anatomical structures, disease
classification, radiomic-based feature extraction, individualised risk stratification, and the
automation of diagnostic report generation [11-25].

Beyond isolated algorithmic performance improvements, Al-enabled diagnostic imag-
ing systems now function as components of broader digital health infrastructures. These
systems interact with electronic health records, clinical decision-support platforms, tele-
health networks, and national data repositories. Consequently, governance challenges ex-
tend beyond model accuracy to encompass interoperability, data governance, institutional
accountability, and public trust within digitally connected health ecosystems. Framing Al
in diagnostic imaging as a digital health infrastructure component clarifies why lifecycle
governance and system-level oversight are essential.

Crucially, trust in clinical Al systems should not be assumed solely on the basis of
technical performance or regulatory approval. Instead, trust must be treated as a mea-
surable and context-dependent outcome, requiring evaluation through empirical indica-
tors such as calibration reliability, clinician—AI concordance, and patient acceptance in
real-world settings.

1.1. Scope and Focus of the Systematic Survey

Although the term medical imaging encompasses a broad range of diagnostic modalities,
including radiology, histopathology, cytology, and molecular imaging, the primary focus of
this systematic survey is on Al-enabled radiological imaging workflows. This emphasis
reflects the current maturity of Al deployment, regulatory oversight, and clinical integration
within radiology, where Al systems are most widely evaluated, validated, and deployed
in practice.

While emerging applications in digital pathology and cytology raise important ethical
and governance questions, these modalities are considered outside the core analytical scope
of this review. Where relevant, transferable governance implications for non-radiological
imaging domains are noted to support broader applicability without overstating coverage.
Many of the governance principles identified in this review, including bias mitigation, trans-
parency, accountability, privacy protection, and lifecycle monitoring, are equally relevant
to Al applications in pathology and cytology, although their implementation may require
adaptation to modality-specific workflows, data characteristics, and diagnostic practices.

Al-driven imaging solutions increasingly demonstrate diagnostic performance compa-
rable to expert clinicians in selected tasks and controlled evaluation settings [1,16,21,26-30].
Multimodal Al systems that integrate imaging data with electronic health records (EHRs),
genomics, and clinical narratives signal a paradigm shift toward comprehensive Al-enabled
diagnostic ecosystems. However, this technological progress introduces new sociotechni-
cal complexities in relation to transparency, fairness, liability, and governance [27,31-49].
Opacity remains a central concern; despite high predictive performance, many models
operate as “black boxes,” offering limited insight into decision pathways [14,50-68]. This

https://doi.org/10.3390 /healthcare14131975


https://doi.org/10.3390/healthcare14131975

Healthcare 2026, 14, 1975

3of44

lack of transparency undermines clinician trust, complicates validation, and introduces
medico-legal ambiguity [13,24,31,34,69-75].

Algorithmic bias further complicates the implementation, as unbalanced training data
often perpetuate disparities between demographic groups [76-96]. These biases can lead
to reduced diagnostic accuracy in minority populations, posing serious ethical and public
trust challenges [19,23,44,48,69,70,97-100]. Thus, systematic governance frameworks for
fairness auditing and subgroup validation are urgently needed [101-106]. Meanwhile,
regulatory responses remain fragmented across jurisdictions. Despite promising advances
such as the EU Al Act 2024 and the FDA’s SaMD framework, governance models often
lag behind technical developments, especially adaptive, generative or multimodal Al sys-
tems [27,32,45,48,70,79,101,103,104,107]. Australia currently combines existing medical
device regulation, professional guidance, and voluntary ethical principles; however, im-
portant governance challenges remain regarding adaptive Al systems, post-deployment
oversight, fairness assurance, and accountability mechanisms [13,46,70,77,100,108-117]. Ex-
isting reviews have frequently focused on technical performance, algorithm development,
or isolated ethical and regulatory challenges within diagnostic Al. Comparatively fewer
studies have examined how ethical, governance, regulatory, and implementation consider-
ations interact across the full Al lifecycle, from data acquisition and model development to
deployment, monitoring, and post-market oversight. Furthermore, the rapid emergence of
foundation models, generative Al systems, adaptive algorithms, and evolving regulatory
frameworks has created new governance challenges that are not comprehensively captured
in earlier reviews. This review addresses these gaps through an integrated synthesis of
ethical, governance, regulatory, implementation, and trust-related considerations relevant
to contemporary Al-enabled diagnostic imaging systems. To our knowledge, no previous
review has comprehensively examined these interconnected dimensions across the full Al
lifecycle while simultaneously considering foundation models, generative Al, multimodal
systems, and emerging regulatory developments. In response, this systematic survey
offers a comprehensive interdisciplinary synthesis of 156 sources (2018-2025), including
peer-reviewed publications, regulatory documents, policy reports, and professional guid-
ance materials, across four thematic domains: ethical considerations (52 sources), broader
healthcare applications (57 sources), diagnostic imaging implementation (43 sources), and
governance, policy, and education (4 sources) [12,71,96,118-125]. This categorisation is
summarised in Table 1. The primary evidence corpus comprised sources published between
2018 and 2025. Earlier publications cited throughout the manuscript were used only to
provide foundational, historical, conceptual, or regulatory context and were not included
in the formal evidence synthesis.

Table 1. Distribution of Included Sources Across Thematic Domains and Relative Representation
(2018-2025).

Thematic Domain Sources (n) Percentage (%)
Ethical Considerations 52 33.3
Broader Healthcare Applications 57 36.5
Diagnostic Imaging Implementation 43 27.6
Governance, Policy, and Education 4 2.6

Total 156 100.0

To examine the evolution of research in these domains, Table 2 presents the distribu-
tion of articles by year and thematic area from 2018 to 2025. This analysis reveals a steady
increase in the level of scholarly attention to the ethical, governance, and policy dimensions
of Al integration in medical diagnostics, in addition to continuing advances in broader
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healthcare applications and diagnostic imaging. These trends highlight the growing recog-
nition that governance frameworks must address not only technical performance but also
transparency, fairness, and accountability to ensure responsible and equitable deployment
of Al in clinical practice.

Table 2. Temporal Distribution of Included Sources Across Thematic Domains (2018-2025).

Ethical Broader D1agn9st1c Governance, Integrated in
Year . . Healthcare Imaging . . h
Considerations . . Policy, Education This Study
Applications Implementation

2018 2 1 1 0 4
2019 7 5 4 0 v
2020 10 9 7 1 v
2021 9 10 7 1 v
2022 8 10 7 1 v
2023 8 9 7 0 v
2024 5 8 5 1 v
2025 3 5 5 0 v
Total 52 57 43 4 v (AlD

1.2. Comparison with Previous Studies (2018-2025)

Although several reviews between 2018 and 2025 have examined Al in medical imag-
ing, most have focused narrowly on technical performance, specific ethical concerns, or
isolated governance aspects [16,23,24,103]. Few provide a comprehensive synthesis that
integrates these dimensions between different modalities and jurisdictions [1,13,21]. This
systematic survey addresses this gap by analysing 156 sources published between 2018
and 2025 and categorising them into ethical considerations, healthcare applications, di-
agnostic implementation, and governance frameworks. The trends captured in Table 2
reveal a growing shift toward ethical and policy-oriented concerns along with technical
advances. Crucially, previous studies often overlooked emerging Al paradigms, such
as foundation models, generative Al, multimodal fusion, and federated learning, which
introduce new ethical and regulatory complexities [72,121,122]. Our analysis incorporates
these developments, assessing their impact on key ethical and governance concerns. Al-
though earlier reviews typically stop at general ethical discussions [31,32,70], we advance
the field by offering concrete policy recommendations tailored to the Australian healthcare
system, emphasising regulatory standardisation, adaptive oversight, fairness auditing, and
stakeholder accountability.

1.3. The Role of Al in Medical Imaging

The integration of artificial intelligence (AlI) into medical imaging represents one of the
most consequential evolutions in diagnostic medicine [15,26,69,126-132]. Using large-scale
annotated datasets and advanced computational architecture—such as convolutional neural
networks (CNN), recurrent models, vision transformers, and generative frameworks—AlI
systems are capable of learning abstract, high-dimensional feature representations di-
rectly from raw pixel data [1,6,13,21,54]. These representations allow automated systems
to perform complex image-based tasks with high fidelity, ranging from anatomical seg-
mentation and lesion detection to disease classification, risk stratification, and outcome
prediction [26,70,106,109-117,119,133,134].

1.3.1. Automated Disease Detection and Diagnosis

Al applications in medical imaging have achieved benchmark performance in nu-
merous specialties. In oncology, AI models can detect pulmonary nodules, breast lesions,
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and brain tumours with high sensitivity, often outperforming average radiologists in ret-
rospective settings [1,12,13,15,16]. Similar success has been reported in cardiology and
neurology, where deep learning systems identify ischaemic strokes, atherosclerotic plaque,
and aneurysms from CT angiography and MRI scans [11,21,54,132,135]. In the context of
infectious diseases, such as COVID-19, artificial intelligence has been deployed for the
rapid detection of viral pneumonia from chest radiographs and lung CT, demonstrating
clinical utility in the triage during high volumes of patients [11,13,98,100,107,108,135-138].

1.3.2. Radiomics and Prognostic Modelling

Beyond detection, Al enables radiomics, a domain focused on extracting and analysing
quantitative imaging features that are imperceptible to the human eye [1,15,16,73,135].
These features, when combined with patient-specific clinical data, support precision diag-
nostics by identifying phenotypic signatures associated with treatment response, tumour
progression, or survival outcomes. Predictive models trained on radiometric inputs are
increasingly used in stratifying cancer patients, guiding the selection of personalised
therapy, and forecasting the risk of recurrence in colorectal, breast, and prostate can-
cers [11,13,18,27,61,98,100,107,108,133-138].

1.3.3. Workflow Optimisation and Operational Efficiency

Al systems also contribute to efficiency in clinical workflows. Applications include
automated case triage based on acuity, prioritisation of emergent conditions (e.g., intracra-
nial haemorrhage), real-time quality control in imaging acquisition, and the generation of
structured reports using natural language processing (NLP) [27,36,42,59,139]. Al-powered
integration with Picture Archiving and Communication Systems (PACS) and Radiology
Information Systems (RIS) can reduce reporting delays, improve workflow efficiency, and
mitigate human error. These systems increasingly support multimodal imaging analysis
and the fusion of images with clinical notes or omics data, enabling more holistic diagnostic
insights [9,12,13,72,127].

1.3.4. Emerging Frontiers: Multimodal, Federated, and Generative Models

The next generation of Al imaging applications involves multimodal fusion: com-
bining radiological data with genomics, pathology slides, or electronic health records to
build richer diagnostic models [27,67,69,72,140]. Moreover, federated learning allows Al
models to train in decentralised hospital datasets without compromising patient privacy,
aligning with global data protection laws such as GDPR [25,27,44,120,141]. Generative
adversarial networks (GANSs) are also being explored to create synthetic training data
sets, expand minority cases, and address bias by balancing underrepresented patholo-
gies [72,98,121,122,125].

1.4. Ethical and Regulatory Challenges

The integration of artificial intelligence (AlI) into medical imaging amplifies long-
standing ethical concerns while introducing new regulatory complexities beyond traditional
healthcare governance [11,12,26,70,79,101-106,142]. Across the reviewed literature, ethical
concerns consistently clustered around five recurring domains: subgroup bias and inequitable
performance, limited model interpretability in high-stakes clinical contexts, ambiguous ac-
countability between clinicians and Al systems, privacy vulnerabilities in multi-institutional
data ecosystems, and regulatory fragmentation across jurisdictions. While these concerns
are widely acknowledged, operational mechanisms for systematic enforcement and lifecycle
oversight remain comparatively underdeveloped [25,32,46,48,70,70,77,108,130,143].

As shown in Table 3, this taxonomy demonstrates that while technical solutions ad-
dressing bias, explainability, and privacy are frequently proposed, their validation often
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remains retrospective rather than prospective. In contrast, governance mechanisms for
post-deployment monitoring and adaptive model updates are comparatively underdevel-
oped. The distribution of validation maturity across lifecycle stages reveals a structural
imbalance: innovation in algorithmic capability frequently outpaces institutional readiness
for oversight and accountability.

Table 3. Solution Taxonomy of Technical and Governance Responses Across the Al Lifecycle, Includ-

ing Validation Maturity and Implementation Limitations.

Solution Category

Representative Methods

Lifecycle Stage

Validation Level

Key Limitations

Bias Mitigation

Reweighting, adversarial
debiasing, subgroup
performance reporting

Development/Validation

Retrospective clinical
testing common

Limited prospective
deployment validation;
dataset imbalance persists

Explainability (XAI)

SHAP, LIME, saliency
maps, counterfactual
explanations

Validation/Deployment

Simulated and
retrospective studies
predominant

Lack of standardised
clinical interpretability
metrics; uncertain impact
on decision-making

Privacy-Preserving
Learning

Federated learning,
differential privacy,
secure aggregation

Data acquisition/Training

Pilot and
simulation studies

Trade-offs between
privacy guarantees and
diagnostic performance

Post-Deployment
Monitoring

Performance dashboards,
drift detection algorithms,

Deployment/Monitoring

Emerging implementation
evidence

Sparse regulatory
standardisation; unclear

audit logging escalation protocols
Regulatory Governance SaMD apll: roval pa{?ways, Deployment/Lifecycle li . Ivi lelt?d integration Wlthl
Tools post-market surveillance, update Policy guidance evolving adaptive and continuously

PCCP frameworks

learning systems

Table 3 demonstrates that while numerous technical and governance interventions
have been proposed across the Al lifecycle, many remain supported primarily by retro-
spective, pilot, simulation, or policy-level evidence, highlighting the need for stronger
prospective clinical validation and post-deployment evaluation.

1.4.1. Algorithmic Bias and Fairness

Bias often arises from unrepresentative data, skewed sampling, and feedback loops that re-
inforce disparities, disproportionately affecting marginalised groups [6,23,69,98,100,106,125,137].
Fairness requires inclusive datasets, continuous bias audits, demographic performance re-
porting, and active stakeholder engagement throughout development [19,24,26,74,143,144].

1.4.2. Transparency and Explainability

Deep learning models often lack interpretability, compromising clinician trust, in-
formed consent, and accountability [34,50,73,117,124,126,127]. Clinicians need not only
accurate predictions but clear reasoning, especially in critical cases such as oncology
and surgical planning [24,40,72,77,144]. Tools such as saliency maps, LIME, SHAP, and
counterfactuals show promise but remain inconsistent and lack clinical validation stan-
dards [14,25,72,73,119,126,134].

1.4.3. Accountability and Liability

Current legal frameworks struggle to assign responsibility when Al errors cause
harm [31,33,79,100,101,145]. This is particularly urgent for autonomous or semi-autonomous
systems, such as triage algorithms [12,51,103,114]. Clear accountability frameworks are
needed, including audit trails, consent processes that recognise algorithmic uncertainty;,
and third-party validation in clinical settings [17,32,107,108].
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1.4.4. Regulatory Fragmentation and Global Inconsistencies

Disparities between regulatory bodies such as the FDA, EMA, and Australia’s TGA
complicate the oversight of Al-enabled medical devices [45,70,103,104,107,108]. Jurisdic-
tions differ particularly in the regulation of adaptive models that evolve after deploy-
ment [35,46,48,70,146]. Meanwhile, ethics frameworks often do not keep pace with technol-
ogy, weakening transparency and accountability [23,49,50,73,86,100].

These challenges highlight the need for globally coordinated and interdisciplinary
governance. Equitable data governance, participatory policy design, and ethically em-
bedded technical development are crucial [71,96,118-125]. As conceptually illustrated in
Figure 1, the reviewed literature suggests that ethical concerns surrounding Al in medical
imaging became prominent earlier than the development of formal governance frameworks,
highlighting a persistent gap between ethical expectations and regulatory readiness.

Conceptual Trend

2018 2019 2020 2021 2022 2023 2024 2025
Year

- - - Ethical Importance Governance Development ‘

Figure 1. Conceptual illustration of the evolving relationship between ethical concerns and gov-
ernance development in Al-enabled medical imaging between 2018 and 2025, based on thematic
patterns identified in the reviewed literature.

1.5. Comparative Analysis of Global Governance Frameworks

The governance of Al in healthcare is evolving unevenly across jurisdictions, shaped by
regional policy priorities, institutional capacity, and historical regulatory paradigms. Although
some regions are adopting proactive, risk-based legislation (e.g., the European Union Al
Act 2024), others continue to operate through legacy medical device pathways or advisory
ethical frameworks. This regulatory fragmentation creates a significant asymmetry in legal
enforceability, ethical accountability, and innovation scalability [32,70,70,101,104,107].

In all jurisdictions, common goals have emerged such as human oversight, explainabil-
ity, transparency, and patient safety. However, the degree to which these goals are legally
binding, operationalised, and aligned with clinical realities remains inconsistent. Emerg-
ing issues such as adaptive algorithmic updates, synthetic data training, and cross-border
compliance raise additional complexity for regulators worldwide [6,27,36,45,77,127]. A com-
parative overview of Al governance strategies related to healthcare from ten representative
frameworks is presented in a later section of this review. This comparison incorporates both
binding legislation and normative ethical guidelines. This comparative lens underscores
the need for transnational coordination, agile co-regulation models, and standards for
continuous algorithmic validation—particularly as Al systems transition from static tools
to dynamic, learning entities deployed at scale [15,26,69,79,100,101,107,108,126-132].

Artificial intelligence (Al) is rapidly transforming medical imaging by enhancing diag-
nostic precision, reducing clinician burden, and optimising radiological workflows [11,12].
During the past decade, Al techniques, particularly deep learning (DL), convolutional
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neural networks (CNNs), and natural language processing (NLP), have enabled automated
image classification, lesion detection, radiomics, and clinical report generation [70]. Al-
though these capabilities have achieved state-of-the-art performance in various tasks, they
also raise urgent ethical and regulatory concerns [13,34,69,101,142]. In the context of the
integration of Al into radiology and diagnostic decision making, it is critical to establish
governance mechanisms that address societal concerns and clinical safety. Current de-
bates around artificial intelligence in healthcare protocols increasingly emphasise not only
technical precision but also the development of systems that are explicable, equitable, and
ethically grounded [11,46,97].

1.6. Key Advances in Al-Driven Medical Imaging

The application of Al in medical imaging has evolved from discrete detection tasks to
complete, end-to-end diagnostic support systems. These systems combine computer vision
techniques with clinical reasoning tools, underpinned by convolutional neural networks
(CNNs), transformers, radiomics, and large language models (LLMs) [11-13,15,16,71,90].

*  Automated Image Interpretation: Al models now reliably identify tumours, fractures,
nodules, and haemorrhages from CT, MRI, PET and X-ray scans, performing on the
same level as experienced radiologists in many settings [1,40,105].

* Radiomics and Predictive Modelling: Advanced radiomic workflows extract latent
image features to stratify patient risk, predict recurrence, and assess therapeutic
responsiveness in oncology and neurology [16,70,73].

¢  Clinical Workflow Optimisation: Al augments PACS/RIS systems by prioritising
emerging findings, automating measurements, and populating structured radiology
reports, thus improving operational efficiency [27,36,139].

¢  Multimodal Integration via Foundation Models: Emerging LLM-powered platforms
synthesise textual and imaging data, allowing queries in natural language, diagnostic
summarisation, and report generation [71,90,140].

Al'models serve as intermediaries between raw image data and downstream diagnostic de-
cision making. Feedback loops ensure continuous learning and calibration of model predictions
based on the input of the radiologist, enhancing robustness and reliability [15,25,40,127].

1.7. Visualising Al's Role in Medical Imaging

To capture the intricacies of Al integration within diagnostic imaging, Figure 2 presents a
comprehensive modular pipeline that represents the flow from raw image acquisition to clinical
decision support. This enhanced schematic emphasises not only the technical progression of
the data, but also the integration of essential components such as explainability, privacy, and
continuous learning, reflecting current research trends and regulatory priorities. The workflow
begins with Image Acquisition, where imaging modalities such as CT, MRI, PET, or X-ray produce
diagnostic scans. These raw images are then passed to the Preprocessing layer, which applies
normalisation, denoising, and contrast enhancement to ensure input standardisation and reduce
artefacts. This step may also include anatomical labelling and harmonisation, especially in
multicentre deployments [71,74,96,97,99,118-125,139,143,144,146-149].

Following preprocessing, data enter the Al Inference Engine, which may consist of con-
volutional neural networks (CNNSs), transformers, or large multimodal language models
(LLMs). These models perform critical computational tasks such as tumour segmentation,
anomaly detection, risk stratification, and report generation. In parallel, an integrated
explainability module operates, employing techniques such as SHAP, LIME, saliency maps,
and counterfactuals to generate human-understandable justifications for model outputs.
This is essential for transparency, regulatory compliance, and the promotion of patient
trust [27,41-49]. A dedicated Privacy Protection Layer protects sensitive health data through
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methods such as federated learning, differential privacy, and homomorphic encryption,
ensuring compliance with GDPR, HIPAA, and related standards without degrading Al
performance. The output of the inference engine is then delivered to a Diagnosis Output
unit, which produces structured results (e.g., classifications, segmentations, heatmaps) for
clinical interpretation. These results are seamlessly integrated into hospital systems such as
PACS (Picture Archiving and Communication Systems) or RIS (Radiology Information Sys-
tems) through a Clinical Decision Support module, allowing real-time triage, prioritisation
of urgent findings, and partially or fully automated reporting [70,109-117].

( 1)
Image Acquisition
CT, MRI, PET, X-ray
- J
( \L g 1)
Preprocessing
Normalisation, De- . oye
noising, Contrasten- [~~~ 7777777 Explainability
hancement, Labelling
J
( \L 1)
Al Inference ( A
Feature extraction, Clas- fF--------------- »  Privacy Protection
sification, Detection ) L )
Diagnosis Output ) f )
Structured di- = F--------------- 3 Continuous Learning
L agnostic results ] L )

Figure 2. Modular Al pipeline for medical imaging illustrating the progression from image acquisi-
tion to diagnostic output and highlighting key governance considerations, including explainability,
privacy protection, and continuous learning.

A crucial component of this pipeline is the human-in-the-loop feedback system, in
which radiologists review Al-generated outputs, validate results, and provide corrective
feedback. This continuous feedback loop supports model retraining, mitigates perfor-
mance drift, and promotes ongoing learning aligned with evolving clinical practice. By
incorporating explainability, privacy safeguards, and feedback-driven iteration, the system
examines not only technical robustness, but also ethical, legal, and social requirements
essential for reliable Al deployment in healthcare. Figure 2 shows a generalised workflow
that illustrates the full pipeline: from raw medical image acquisition (MRI, CT, X-ray)
through preprocessing and feature extraction to Al-driven analysis and diagnostic output.
The modular structure reflects the interdependent stages of Al-assisted diagnostic radi-
ology, underscoring the need for data integrity, transparency, and accountability at each
step [76-85]. Table 4 summarises this functional architecture, detailing how data flow across
acquisition, preprocessing, inference, and decision support while embedding safeguards
for explainability, privacy, and continuous learning. The deployment of Al in medical
imaging, while technically transformative, demands a robust and multilayered governance
framework to ensure ethical sustainability and clinical safety. Governance must extend
beyond voluntary codes or retrospective audits, establishing enforceable mechanisms guid-
ing the entire Al lifecycle, from data acquisition and model development to deployment,
ongoing monitoring, and decommissioning. This framework must remain proactive and
adaptive, ready to address the emerging challenges of rapidly evolving technologies such
as LLM and generative Al [72,73,86-95,133,134,140,141,150-153].
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Table 4 illustrates that ethical and governance considerations emerge throughout
the Al-enabled diagnostic workflow. These considerations extend from data acquisition
and preprocessing to model explainability, clinical deployment, and post-deployment
learning processes.

As illustrated in Figure 2, governance considerations are not confined to a single
stage of the workflow but must be embedded throughout the Al lifecycle, spanning data
acquisition, model development, deployment, and post-deployment monitoring.

Table 4. Key Functional Modules and Associated Technologies in Al-Enabled Medical Imaging.

Module Core Functions Illustrative Technologies

Captures diagnostic scans from

Image Acquisition . i
& ! various modalities

CT, MRI, PET, X-ray

. Enhances image quality, reduces Denoising, normalisation,
Preprocessing . o L
artifacts, standardises inputs contrast harmonisation
. Analyses patterns, detects CNNss, Transformers,
Al Inference Engine i " L
abnormalities, generates predictions LLMs, radiomics
Explainability Module Improv_es transparency and SHAP, LIME, saliency
model interpretability maps, counterfactuals
. Secures sensitive data and protects Federated learning,
Privacy Layer Lo . . .
patient identity homomorphic encryption
.. .. Delivers actionable insights and PACS/RIS integration, triage,
Clinical Decision Support . . .
integrates into workflows automated reporting
Feedback Loop Ena.bles continuous learning from Human—lp—.the—loop validation
radiologist input and retraining

1.8. Derivation of the Conceptual Governance Framework from the Surveyed Literature

The five-pillar conceptual ethical governance framework proposed in this survey
is derived from the lifecycle-centric synthesis of ethical risks and governance responses
identified across the reviewed literature. As the framework emerged from thematic synthe-
sis of the included evidence rather than empirical implementation or prospective clinical
validation, it is presented as a conceptual governance framework intended to organise
and operationalise governance requirements identified across the evidence base. Draw-
ing on the taxonomy presented in Table 5, recurring governance gaps were traced across
data curation, model development, validation, clinical deployment, and post-deployment
monitoring stages. The resulting pillars reflect intervention points consistently emphasised
across studies, rather than abstract normative principles introduced independently of the
survey findings.

The proposed conceptual framework does not seek to introduce entirely new ethical
principles. Rather, it synthesises and operationalises governance requirements repeatedly
identified across the reviewed literature and aligns them with established international
guidance. Existing frameworks, including the WHO Guidance on Ethics and Governance of
Artificial Intelligence for Health, OECD AI Principles, FDA Good Machine Learning Practice
guidance, the European Union Al Act, and Australian TGA recommendations, provide
important ethical principles, regulatory obligations, and risk-management expectations.
However, these frameworks are predominantly presented as principle-based, regulatory, or
risk-classification approaches and provide limited guidance on how governance activities
should be systematically integrated across the full Al lifecycle.

The principal contribution of the proposed conceptual framework lies in its lifecycle-
centric organisation of governance requirements. By mapping ethical risks, governance
responses, accountability mechanisms, and trust indicators to specific stages of the Al lifecy-
cle, the framework translates broad ethical principles into operational governance activities.
This structure enables continuous oversight across data acquisition, model development,
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validation, clinical deployment, post-deployment monitoring, and adaptive system updat-
ing. In doing so, the framework provides a practical mechanism for identifying governance
gaps, assigning accountability, and supporting trust calibration throughout the lifecycle of
Al-enabled diagnostic systems.

Table 5. Lifecycle-Centric Taxonomy of Ethical and Governance Challenges, Governance Responses,
and Trust Indicators in Al-Enabled Medical Imaging.

Key Limitations

Commonly Proposed Illustrative Trust

Al Lifecycle Stage Dominant Ethical Risks Identified in the .
Governance Responses . Indicators
Literature
Dataset bias, lack of - Limited patient Dataset
. Data governance policies, . .
. representativeness, . involvement, weak representativeness,
Data Collection consent frameworks, bias

and Curation

enforcement mechanisms,
inadequate coverage of

secondary data use
without consent,

demographic coverage,

audits, de-identification R
patient consent

privacy leakage standards minority populations participation rates

Algorithmic bias Model documentation, Limited clinical validation = Calibration error,
Model Development amplification, opacity of explainability tools, of explainability methods,  confidence reliability,
and Training decision logic, interdisciplinary review lack of standardisation subgroup performance

reproducibility concerns committees across institutions consistency

Inadequate external Regulatory certification Static approval models Radiologist—AI

Validation and validation, misalignment processes, clinical trials, that fail to address concordance, external

Regulatory Approval with clinical workflows, performance adaptive or continuously validation stability
unclear accountability benchmarking learning systems across datasets
Automation bias, Human-in-the-loop . s Clinician adoption rate,

. . . . Ambiguous liability .
Clinical Deployment over-reliance on Al requirements, professional . . override frequency,
L S allocation, variable uptake .
and Use outputs, unclear clinician guidelines, role real-world reliance

across clinical contexts

responsibility delineation protocols patterns

Post-Deployment
Monitoring and
Adaptation

Limited regulatory
guidance for adaptive
systems, fragmented
oversight responsibilities

Patient acceptance rates,
incident-triggered review,
longitudinal trust
feedback trends

Post-market surveillance,
audit trails, continuous
monitoring requirements

Model drift, performance
degradation, governance
gaps for system updates

Table 5 demonstrates that ethical risks, governance requirements, and trust indicators
vary across the Al lifecycle, reinforcing the need for stage-specific oversight mechanisms
rather than a single governance approach applied uniformly across all phases of Al devel-
opment and deployment.

Table 6 maps each governance pillar to the evidence signals identified across the
reviewed literature (n = 156), their relative prevalence, and the principal implementation
gaps reported in the evidence base.

Table 6. Mapping of Governance Pillars to Evidence Signals in the Reviewed Literature (n = 156).

Governance Pillar Evidence Signals in Literature Prevalence Observed Gaps
Subgroup performance reporting, dataset Limited prospective validation;

Equity and Bias Mitigation group p -porting, . High underrepresentation of
representativeness analysis, fairness metrics N .

minority populations
. . Use of SHAP, LIME, saliency maps, Limited clinical validation and

Explainability and Transparency . Moderate - . s .
counterfactual explanations standardisation of interpretability metrics
Human-in-the-loop review, audit trails, Unclear delineation of clinician vs. Al

Accountability and Oversight regulatory documentation, clinical Moderate responsibility; limited post-market
governance committees accountability mechanisms

. . Federated learning, differential privacy, . Ll.m ited deployment evidence; trade-offs
Privacy-Preserving Infrastructure Emerging with model performance

secure multiparty computation

insufficiently evaluated

Adaptive Regulatory Alignment

Lifecycle monitoring proposals,
post-deployment surveillance, change
control protocols

Low-Moderate

Sparse empirical guidance for managing
model drift and continual learning systems
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1.  Bias Mitigation and Equity Auditing
*  Address algorithmic disparities caused by skewed or incomplete training data.
e  Mitigate diagnostic bias between race, gender, and age groups [69,99,100].
* Insist on equity audits, demographic benchmarking, and subgroup performance
reporting.
2. Explainability and Transparency

e Combat the opacity of black-box models (e.g., deep neural networks).

e Integrate explainable Al (XAI) tools saliency maps, SHAP values, counterfactuals
to clarify predictions [26,34,73].

*  Make interpretability accessible to both clinicians and patients.

3. Interdisciplinary and Participatory Oversight

* Involve a broad stakeholder base: Clinicians, ethicists, patients, legal experts,
and developers.
*  Promote ethical co-design to improve foresight and system resilience [46,86,97].

4.  Privacy-Preserving Data Infrastructure

e Embed privacy by design using secure techniques: federated learning, differen-
tial privacy, and homomorphic encryption [27,44,120].

*  Ensure compliance with data protection laws (e.g., GDPR, HIPAA) and minimise
re-identification risk.

5. Regulatory and Policy Alignment

*  Harmonise ethical Al practices with global frameworks: EU AI Act 2024, FDA
SaMD guidelines, WHO recommendations [70,101,107].
* In Australia, bridge policy gaps by advancing national regulatory standards.

The prevalence classifications reflect thematic frequency across the 156 reviewed stud-
ies. Ethical concerns related to bias and fairness were widely discussed, whereas structured
governance mechanisms for post-deployment monitoring and adaptive systems were com-
paratively underdeveloped. This distribution highlights a recurring pattern in the literature:
normative recognition of risks often exceeds operationalised governance implementation.

1.9. Real-World Deployment and Governance Challenges in Clinical Practice

While much of the surveyed literature focuses on anticipated ethical risks, several
real-world deployment experiences illustrate how governance gaps materialise in clinical
settings. These cases highlight the importance of lifecycle-aware oversight and reinforce
the practical relevance of the proposed governance framework.

1.9.1. Case 1: Performance Degradation and Post-Market Oversight

Several Al-enabled radiology tools have demonstrated reduced diagnostic perfor-
mance when deployed outside their original training environments, particularly when
applied across different patient populations or imaging devices. Such cases expose gover-
nance gaps at the post-deployment monitoring stage, where model drift and context shift
are insufficiently addressed by static approval mechanisms. These experiences underscore
the need for continuous performance auditing and adaptive oversight, directly motivating
the framework’s emphasis on lifecycle-aware governance and accountability structures.

1.9.2. Case 2: Automation Bias and Clinical Responsibility

Reports of clinicians over-relying on Al-generated outputs in diagnostic workflows
have raised concerns regarding automation bias and unclear responsibility boundaries. In
these instances, Al recommendations were followed despite conflicting clinical judgement,
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revealing weaknesses in human-in-the-loop governance during the clinical deployment
stage. The literature consistently identifies the absence of clear role delineation and account-
ability protocols as contributing factors, reinforcing the framework’s focus on clinician
oversight, responsibility allocation, and institutional governance safeguards.

1.9.3. Case 3: Data Governance and Secondary Use Risks

Real-world controversies surrounding the secondary use of medical imaging data
for Al development without meaningful patient awareness or consent have highlighted
persistent data governance failures. These cases, often emerging during data curation and
post-deployment data reuse stages, demonstrate how privacy risks extend beyond initial
model development. Such examples support the framework’s prioritisation of consent-
aware data stewardship and transparent governance mechanisms that extend across the
full Al lifecycle.

*  Opacity and the Epistemic Black Box: Clinicians often report difficulty in interpreting
model predictions or assessing their reliability in atypical cases [13,34,71,72]. This
epistemic opacity undermines informed consent, impedes error investigation, and
complicates medico-legal accountability.

*  Algorithmic Fairness and Diagnostic Disparities: The lack of fairness metrics in per-
formance reporting perpetuates these blind spots. Bias can also arise from equipment
heterogeneity, annotation subjectivity, and socioeconomic data gaps [69,97,99].

*  Unclear Legal and Professional Accountability: Should a misclassification be at-
tributed to the radiologist, the Al developer, or the deploying hospital? Cur-
rent legal frameworks remain inadequate to address these distributed responsibili-
ties [2,19,31,33]. Without clear attribution mechanisms, accountability becomes dif-
fused, increasing the risk of untraceable harm.

*  Privacy, Consent, and Data Sovereignty: The use of data in Al training and infer-
ence requires stringent privacy safeguards. However, many systems are built on
retrospective datasets collected without explicit consent for Al use [27,44,101,120].
Furthermore, cloud-based services used to train or deploy Al models can transfer data
across jurisdictions, raising concerns about data sovereignty and legal exposure.

*  Regulatory Ambiguity and Lifecycle Oversight: Regulatory frameworks have yet to
fully address the continuous evolution of Al models, particularly those that update
after deployment through online learning or user feedback. This adaptive nature
introduces new risks, such as concept drift and unintended behaviour changes that
escape initial validation [11,46,70,107,108,142]. The absence of standardised lifecycle
governance that covers monitoring, revalidation, and retirement leaves a critical
oversight gap.

e  Risk of Clinical Deskilling and Over-Reliance: Studies have shown that frequent de-
ferral to automated recommendations can diminish diagnostic intuition and reduce the
likelihood of independent verification, especially under time constraints [41,42,139].
This phenomenon raises long-term questions about professional competence and
patient safety.

*  Socio-ethical Disconnects and Lack of Public Trust: The socioethical discon-
nect contributes to mistrust, particularly when patients do not know that their
care is being influenced by algorithms [44,50,58]. Without transparent commu-
nication and participatory design, Al risks deepening existing fault lines in the
patient—clinician relationship.

These ethical challenges are not static; they evolve as Al systems become more so-
phisticated and embedded in clinical infrastructure. Addressing them requires not only
technical interventions, but also institutional readiness, legal reform, and cultural shifts
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toward transparency and inclusion. Governance, therefore, must operate at the intersection
of ethics, policy, and real-world clinical practice. Figure 3 presents a conceptual alignment
between the core governance mechanisms and the main ethical challenges associated with
Al-enabled medical imaging. It consists of two parallel vertical structures: the left side
highlights five foundational pillars of ethical governance, and the right side lists the major
ethical challenges commonly encountered in Al deployments. Each directional arrow rep-
resents a targeted intervention by which a governance component is intended to mitigate

or directly address a corresponding risk or limitation.

Bias Mitigation
Inclusive datasets, demographic
audits, performance stratification

Explainability Mechanisms
XAI tools (SHAP, LIME),
model transparency

Interdisciplinary Governance
Ethicists, clinicians,
engineers, regulators

Privacy-First Architecture
Federated learning, ho-
momorphic encryption

Regulatory Harmonisation
EU AI Act 2024, FDA
SaMD, WHO principles

Algorithmic Bias
Inequitable model perfor-
mance across populations

Model Opacity
Lack of interpretabil-
ity and traceability

Accountability Ambiguity
Unclear liability in
Al-assisted diagnosis

Privacy Risks
Exposure of sensi-
tive health information

Regulatory Fragmentation
Jurisdictional inconsis-
tencies and legal gaps

Figure 3. Conceptual alignment between ethical governance mechanisms and the principal ethical
and operational challenges encountered in Al-enabled medical imaging.

Figure 3 illustrates that effective governance requires targeted interventions that
directly address specific ethical and operational risks, rather than relying on generic gover-
nance controls applied uniformly across the Al lifecycle.

* Bias Mitigation (Algorithmic Bias). Bias mitigation strategies involve curating de-
mographically inclusive datasets and applying subgroup-level performance tests to
prevent discriminatory results. This governance pillar responds to algorithmic bias, a
challenge stemming from unbalanced or non-representative training data, which may
lead to diagnostic inaccuracies in under-represented groups [69,99,121-125].

*  Explainability (Opacity of Al Systems). The use of model-agnostic interpretability
techniques such as SHAP (Shapley Additive Explanations), LIME (Local Interpretable
Model-Agnostic Explanations), and saliency maps aims to make opaque Al systems
clearer to clinicians. This evaluates the lack of interpretability associated with black-
box models, particularly deep neural networks, and supports informed clinical use
and regulatory scrutiny [26,73,97,99,139,144,147,148].

¢ Interdisciplinary Oversight (Accountability Ambiguity). Establishing shared gov-
ernance across clinical, ethical, legal and technical domains enables clarity around
responsibility and liability in Al-enabled diagnostic pathways. This is critical to
solving the accountability vacuum that arises when Al errors occur, especially when
models operate autonomously or in critical contexts [31,79].

*  Privacy-first infrastructure (data privacy violations). Federated learning, differential
privacy, and homomorphic encryption are part of a privacy-first architectural approach
that protects sensitive patient data during Al training and deployment. These safe-
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guards directly respond to concerns about unauthorised access and reidentification
risks in distributed or cloud-based imaging environments [27,44].

*  Policy alignment (Regulatory fragmentation). Policy harmonisation with frameworks
such as the EU AI Act 2024, the US FDA’s SaMD Action Plan and WHO's Al ethics
guidance is vital to bridge inconsistencies between jurisdictions in regulation. This
ensures consistent lifecycle oversight, improves interoperability, and fosters transna-
tional trust in Al systems deployed in various health systems [70,107]. The figure
underscores how a proactive and modular governance strategy can preemptively miti-
gate downstream risks, creating the ethical infrastructure necessary for a responsible,
scalable, and clinically safe deployment of Al in medical imaging.

Taken together, these ethical challenges do not arise in isolation but emerge across
the full AI lifecycle in medical imaging, from data acquisition and model development
to deployment and post-market monitoring. Issues frequently co-occur, reinforcing one
another and complicating clinical governance. Rather than treating these concerns as
discrete risks, the literature increasingly frames them as interdependent sociotechnical
failures requiring coordinated regulatory, institutional, and technical responses.

2. Review Plan and Conduct

This systematic survey of the literature was conducted and reported in accordance
with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses Exten-
sion for Scoping Reviews (PRISMA-ScR) guidelines where applicable to interdisciplinary
governance-focused evidence synthesis.

Although this study employed a systematic search strategy, predefined eligibility
criteria, and structured evidence synthesis procedures, PRISMA-ScR reporting guidance
was selected instead of the standard PRISMA framework because the primary objective of
this review was to map and synthesise a broad and heterogeneous body of evidence rather
than evaluate the effectiveness of a specific intervention or undertake quantitative outcome
comparison. The review incorporated diverse evidence sources, including peer-reviewed
studies, regulatory documents, policy reports, and professional guidance materials span-
ning clinical, technical, ethical, and governance domains. Given this interdisciplinary scope
and the emphasis on identifying, categorising, and synthesising ethical and governance
challenges across the Al lifecycle, PRISMA-ScR was considered more appropriate than stan-
dard PRISMA, which is primarily designed for systematic reviews focused on intervention
effectiveness and quantitative evidence synthesis. Accordingly, this study is presented as a
systematic survey of the literature informed by PRISMA-ScR reporting principles.

A completed PRISMA-ScR checklist, including corresponding manuscript page refer-
ences, has been provided as Supplementary File S1 to support reporting transparency and
facilitate assessment of compliance with PRISMA-ScR reporting recommendations. Full
database-specific search strategies and corresponding search dates have been provided in
Supplementary File S2 to enhance methodological transparency and reproducibility.

While systematic search, screening, eligibility assessment, and structured synthesis
procedures were employed, the review was designed to identify, classify, and synthesise
heterogeneous evidence relating to ethical, governance, regulatory, technical, and imple-
mentation challenges in Al-enabled diagnostic imaging. Consistent with the objectives of
a systematic survey, the emphasis was placed on evidence mapping, thematic synthesis,
and governance analysis across diverse evidence types rather than quantitative outcome
comparison or intervention-effectiveness assessment.

The methodology was designed to support interdisciplinary thematic synthesis and
lifecycle-oriented governance analysis across scholarly, clinical, ethical, and regulatory
literature relating to Al-enabled diagnostic imaging. This research design was selected
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because the study sought to systematically identify, classify, and synthesise heterogeneous
evidence spanning technical, clinical, ethical, governance, and regulatory domains. A
PRISMA-ScR-informed systematic survey was considered the most appropriate approach
for addressing the research questions because it enables broad evidence mapping, thematic
synthesis, and lifecycle-oriented governance analysis across diverse evidence types that
would not be suitable for quantitative review or meta-analysis.

To ensure a robust and thematically comprehensive methodological foundation for
this review, this section details the systematic approach used in the identification, selection,
classification, and synthesis of the relevant literature. Given the interdisciplinary nature of
Al in medical imaging, spanning computer science, clinical medicine, ethics, and regulatory
science, the review protocol was designed to accommodate heterogeneity across sources
while preserving reproducibility and conceptual coherence.

The review was designed to capture not only technical model development but also
scholarship addressing Al integration within digital health systems, including regula-
tory policy, health informatics governance, clinical workflow redesign, and institutional
accountability structures.

2.1. Objectives and Research Questions

The overarching objective of this review is to investigate the ethical and governance
implications of Al integration in diagnostic medical imaging. The study is guided by the
following research questions:

*  RQ1: What are the dominant ethical challenges associated with the clinical deployment
of Al in medical imaging?

*  RQ2: How do national and international governance frameworks address issues such
as accountability, transparency, and patient rights in Al-driven diagnostics?

*  RQ3: What practical recommendations can be synthesised to support the integration
of Al based on ethical principles and policy within the Australian healthcare system
and beyond?

These questions form the backbone of the literature selection, coding taxonomy, and
thematic analysis presented in the subsequent sections.

2.2. Search Strategy and Data Sources

An integrative multiphase search strategy was implemented to capture the interdis-
ciplinary literature at the intersection of artificial intelligence, medical imaging, ethics,
and health policy. The search covered publications from January 2018 to April 2025 and
was designed to capture both foundational and contemporary contributions relevant to
the evolving Al landscape. Recognising the rapid advancement of Al technologies and
regulatory frameworks, this timeframe provided a balance between historical context and
current relevance. All database searches were conducted and finalised in April 2025, af-
ter which the retrieved records were exported for screening, eligibility assessment, and
thematic synthesis.

The search was carried out in three iterative phases to maximise coverage and minimise
omission bias.

1. Systematic Database Search: Core academic repository was queried using con-
trolled vocabulary and Boolean keyword combinations. The databases included
PubMed/MEDLINE, ACM Digital Library, IEEE Xplore, SpringerLink, Elsevier Sci-
enceDirect, and Google Scholar. PubMed /MEDLINE was included to ensure com-
prehensive coverage of biomedical, clinical, and healthcare-focused literature, while
the remaining databases captured technical, interdisciplinary, and policy-oriented re-
search. Keywords were selected to reflect both technical and normative domains (e.g.,
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‘Al in radiology’, ‘algorithmic bias’, ‘SaMD regulation’, ‘explainability in diagnostics’),
including trust-related terms such as ‘trust’, ‘adoption’, ‘acceptance’, ‘calibration’, and
‘clinician—Al concordance’.

2. Snowball Sampling: To ensure the inclusion of high impact and often cited studies,
backward snowballing (mining reference lists of key papers) and forward snowballing
(identifying cited works) were used. This phase enriched the dataset with both seminal
and emergent literature not captured through standard indexing.

3.  Gray Literature and Policy Integration: In recognition of the growing influence
of regulatory bodies and think tanks in shaping Al governance, authoritative non-
academic sources were incorporated. These included white papers and guidance
documents from the World Health Organisation (WHO), the OECD, the European
Commission, the US Food and Drug Administration (FDA), and the Therapeutic
Goods Administration of Australia (TGA), among others.

This multisource, temporally inclusive search protocol ensured that the resulting
literature corpus was comprehensive and representative of the diverse scholarly, regulatory,
and clinical perspectives surrounding Al in medical imaging.

2.3. Inclusion and Exclusion Criteria

To maintain thematic integrity and ensure academic rigor, we applied clear eligibility
parameters during the screening process. These criteria were designed to include inter-
disciplinary perspectives in ethics, governance, and Al applications in healthcare. The
primary evidence corpus comprised sources published between January 2018 and April
2025. Earlier publications cited throughout the manuscript were used only to provide
foundational, historical, conceptual, or regulatory context and were not included in the
formal evidence synthesis.

* Inclusion Criteria: Peer-reviewed journal articles, regulatory documents, white pa-
pers, and institutional reports published between January 2018 and April 2025. The
included works addressed the ethical, legal, governance, or sociotechnical dimensions
of Al in medical diagnostics, with specific relevance to imaging modalities.

¢ Exclusion Criteria: Technical Al research lacking ethical, clinical, or policy consid-
erations; publications not related to healthcare domains (e.g., industrial or military
AlI); and non-English-language sources. English-language publications were included
to ensure consistent screening, interpretation, and thematic synthesis across a large
interdisciplinary body of literature spanning technical, clinical, ethical, legal, and
policy domains. Given resource and translation constraints, non-English publications
were excluded. While this may have resulted in the omission of some relevant studies,
English-language sources were considered sufficient to capture major international
developments in Al ethics, governance, and diagnostic imaging.

2.4. Keyword Matrix and Search Query Design

The search strategy was guided by a structured matrix of keyword clusters aligned
with the conceptual pillars of the study. This matrix ensured comprehensive semantic
coverage and supported consistent query formulation across diverse databases.

V77

* Al Application Domains: “medical imaging”, “radiology Al”, “diagnostic automa-

i

tion”, “deep learning in healthcare”, “computer-aided diagnosis”

7 ”ou

¢ Ethical Constructs: “algorithmic bias”, “Al fairness”, “explainability”, “accountability
in Al”, “clinical transparency”, “informed consent”

*  Governance and Legal Constructs: “Al regulation in healthcare”, “FDA Al policy”,
“EU AI Act 2024 healthcare”, “SaMD compliance”, “data protection law”, “health

Al governance”
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Database-specific syntax (e.g., proximity operators, Boolean logic) was used to tai-
lor query execution. Synonyms and regional variations (e.g., “ethics” and “bioethics”,
“regulation” and “compliance”) were included to ensure cross-disciplinary relevance.

2.5. Screening and Classification Protocol

All retrieved sources were imported into a central reference manager and screened
at the level of title, abstract, and full text. Eligibility was assessed by two independent
reviewers. Disagreements regarding study eligibility or thematic classification were re-
solved through discussion and reviewer consensus. During title and abstract screening,
records were assessed against predefined eligibility criteria to determine their relevance
to Al-enabled diagnostic imaging and associated ethical, governance, regulatory, clinical,
or implementation considerations. Potentially eligible records subsequently underwent
full-text review. Sources were included when they provided substantive discussion of
ethical, legal, governance, regulatory, technical, clinical, or sociotechnical issues relevant to
the development, deployment, oversight, or responsible implementation of Al in diagnostic
imaging. The selected articles were coded using a tripartite classification system:

a. Ethics-Focused: Literature emphasising bias mitigation, transparency, patient auton-
omy, or clinician-patient trust.

b. Governance-Orientated: Works discussing regulatory instruments, legal liability,
institutional policy, or compliance frameworks.

c. Clinical Utility: Studies examining the impact of Al in the real world on diagnostic
performance, efficiency, or clinical workflows.

This taxonomy facilitated cross-sectional synthesis and enabled the triangulation of
ethical principles with policy and practice dimensions.

2.6. Thematic Domain Classification

Following full-text review, all included sources were categorised according to their primary
thematic focus. An inductive thematic classification process was used to organise the literature
into four overarching domains: (1) Ethical Considerations, (2) Broader Healthcare Applications,
(3) Diagnostic Imaging Implementation, and (4) Governance, Policy, and Education.

Studies examining fairness, transparency, accountability, privacy, trust, informed con-
sent, and related ethical issues were classified under Ethical Considerations. Publications
exploring Al applications across broader healthcare contexts beyond diagnostic imaging
were categorised as Broader Healthcare Applications. Studies focusing on the development,
validation, deployment, or clinical integration of Al systems within diagnostic imaging
workflows were grouped under Diagnostic Imaging Implementation. Sources primarily
addressing regulatory frameworks, governance mechanisms, policy development, profes-
sional guidance, workforce preparedness, or educational considerations were assigned to
Governance, Policy, and Education.

Where publications addressed multiple thematic areas, classification was based on the
dominant focus identified during full-text review. Any uncertainties regarding thematic as-
signment were discussed among the review team and resolved through consensus. Thematic
classification was undertaken through an iterative coding and synthesis process. Recur-
ring concepts identified across the included sources were initially coded and subsequently
grouped into higher-order thematic categories. These concepts included fairness and bias,
explainability and transparency, accountability and oversight, privacy and data governance,
regulatory alignment, clinical implementation, stakeholder trust, and post-deployment moni-
toring. The resulting thematic structure informed both the synthesis of governance challenges
presented throughout the review and the development of the proposed conceptual gover-
nance framework.
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2.7. Study Selection Summary

The database search initially yielded 642 records. After removal of duplicates (98),
544 titles and abstracts were screened. Full-text assessment was conducted for 213 articles,
resulting in 156 studies included in the final synthesis.

Exclusions at the full-text stage were primarily due to: (i) studies focused solely
on algorithmic performance without ethical or governance analysis, (ii) Al applica-
tions outside diagnostic imaging, (iii) non-peer-reviewed sources, and (iv) insufficient
methodological transparency.

The final data set consisted of 156 sources, including peer-reviewed publications, reg-
ulatory documents, policy reports, and professional guidance materials, all of which were
subjected to thematic coding and interdisciplinary synthesis. To enhance methodological
rigour, study selection and eligibility assessments were conducted collaboratively by all
authors using the predefined inclusion and exclusion criteria. Any uncertainties regarding
article eligibility, classification, or thematic relevance were discussed among the review
team and resolved through consensus. This adjudication process helped ensure consistency
and transparency throughout the screening, selection, and synthesis stages of the review.

2.8. Thematic Synthesis Methodology

Following study selection, the included sources underwent full-text review, thematic
coding, and interdisciplinary synthesis. A thematic synthesis approach was employed,
allowing identification of cross-domain patterns, emergent policy gaps, and unresolved
ethical concerns. Each source was assessed for the presence of normative frameworks (e.g.,
fairness principles, transparency standards), empirical validation (e.g., model evaluation in
diverse populations), and governance positioning (e.g., regulatory stance, oversight mecha-
nisms). These sources were systematically classified into four thematic domains: ethical
considerations, broader healthcare applications, implementation of diagnostic imaging,
and governance, policy, and education.

In addition, where reported in the literature, indicators related to trust and real-
world adoption, including clinician uptake, patient acceptance, calibration reliability, and
concordance with expert judgement, were considered as part of the thematic synthesis. A
supplementary data extraction matrix listing the included sources, evidence classifications,
and thematic coding categories has been provided as Supplementary File S3 to support
transparency, traceability, and reproducibility of the thematic synthesis.

2.9. Assessment of Evidence Types

Given the interdisciplinary nature of the included studies, a single quantitative risk-of-
bias instrument was not applied. Instead, sources were categorised according to evidence
type (empirical deployment study, clinical validation, technical method development,
policy or regulatory guidance, and conceptual analysis).

Empirical deployment studies and regulatory documentation were prioritised when
deriving governance implications, while conceptual and technical works informed ethical
domain synthesis. This structured evidence categorisation strengthened interpretive con-
sistency and supported alignment between proposed governance pillars and documented
implementation challenges.

2.10. Methodological Considerations and Limitations

Several methodological limitations warrant consideration:

a. Language Scope: The study included only sources in English, which may have excluded
relevant regional insights.
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b. Technological Rapid Evolution: The review may not fully reflect the latest advances
in foundation models and real-time Al deployment.

c. Stakeholder Diversity: Perspectives from patients, frontline clinicians, and minority
populations were limited in the peer-reviewed literature and were supplemented by
grey literature and institutional reports where feasible.

The review was not prospectively registered because it was designed as a PRISMA-
ScR-informed systematic survey focused on thematic synthesis, governance analysis, and
interdisciplinary policy integration rather than quantitative intervention evaluation. Given
the interdisciplinary and predominantly conceptual nature of the included literature, quan-
titative meta-analysis and formal effect-size synthesis were not appropriate.

Despite these limitations, the review methodology aligns with best practices in sys-
tematic and scoping reviews and reflects the interdisciplinary depth required to interrogate
both the technical and normative dimensions of Al in medical imaging.

2.11. Example Search Strategy

To strengthen methodological transparency and reproducibility, an example Boolean
search strategy used during the PRISMA-ScR-informed systematic survey process is pro-
vided below Box 1. Search queries were iteratively refined across databases to account
for differences in indexing systems, controlled vocabularies, and platform-specific search
functionalities. Complete database-specific search strategies, including database-adapted
Boolean search strings, are provided in Supplementary Material S1 to support methodolog-
ical transparency and reproducibility.

Additional keyword variations and database-specific adaptations were applied where
appropriate to maximise interdisciplinary coverage across technical, ethical, regulatory,
and clinical literature sources.

Box 1. Example Database: PubMed /MEDLINE.

(“artificial intelligence” OR “machine learning” OR “deep learning” OR “large language models”
OR LLM OR CNN)

AND

(“medical imaging” OR radiology OR diagnostics OR “diagnostic imaging”)

AND

(ethics OR governance OR fairness OR explainability OR transparency OR accountability OR
privacy)

AND

(healthcare OR clinical OR hospital)

2.12. Synthesis Summary and Methodological Contribution

The structured methodology adopted in this survey enables a comprehensive and
rigorous interrogation of ethical and governance challenges in Al-enabled diagnostic
imaging. By integrating multi-source data, a clear classification scheme, and a robust
synthesis strategy, this section forms the empirical foundation for the findings presented in
Section 3.8. It directly supports the development of ethically grounded and policy-aware
recommendations for the implementation of Al in healthcare. Importantly, this survey does
not treat the reviewed literature as a collection of independent contributions, but as an
interconnected body of work that reflects shared assumptions, recurring governance gaps,
and divergent regulatory approaches. The synthesis presented in the following sections
therefore emphasises cross-study comparison, thematic convergence, and points of tension
between technical innovation and ethical oversight, rather than isolated summaries of
individual publications.
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3. Survey Results

The results presented in this section come from a comprehensive synthesis of scholarly
and regulatory sources identified through a methodologically rigorous literature review
protocol (see Section 2). The findings are mapped to the research questions described
in Section 2 and provide a thematic distillation of current practices, ethical concerns,
governance models, and stakeholder perspectives on Al integration in medical imaging.

For clarity, the results are presented in six linked parts: (1) search and selection
outcomes, (2) characteristics of the included sources, (3) contemporary Al-enabled diag-
nostic imaging workflows, (4) ethical and governance risks identified across the literature,
(5) stakeholder perspectives and trust-related findings, and (6) emerging governance mod-
els and synthesis of key findings. This structure distinguishes descriptive search outcomes
from thematic findings and framework-relevant synthesis.

3.1. Search and Selection Summary

The literature search and screening process identified 642 records across the selected
databases and supplementary sources. After removal of 98 duplicate records, 544 records
underwent title and abstract screening. Following eligibility assessment, 213 full-text
articles and documents were reviewed, resulting in the inclusion of 156 sources in the
final synthesis. The included evidence comprised peer-reviewed publications, regulatory
documents, policy reports, and professional guidance materials. The study selection process
is summarised in Figure 4.

[Records identified through database and supplementary searching}

(n=642)
( J/ 7
Duplicates removed
(n=98)

S J
( J/ 7
Records screened by title and abstract
(n=544)

- J
( J/ 7
Records excluded
(n=331)

- J
( J/ 7
Full-text articles assessed for eligibility
(n=213)

S J
( l M)
Full-text articles excluded
(n=57)

Technical-only focus

Outside diagnostic imaging

Insufficient ethical/governance relevance

Sources lacking methodological relevance
S J
( J/ 7

Studies included in final synthesis
(n=156)

S J

Figure 4. PRISMA-ScR flow diagram illustrating the study selection process for the systematic survey
of sources published between 2018 and 2025.
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3.2. Characteristics of Included Sources

The final dataset comprised 156 sources published between 2018 and 2025, reflecting
the interdisciplinary nature of Al governance in diagnostic imaging. Sources included
peer-reviewed journal articles, regulatory documents, policy reports, professional guidance
materials, and institutional publications. For thematic synthesis, the included sources
were categorised into four primary domains: ethical considerations (52 sources), broader
healthcare applications (57 sources), diagnostic imaging implementation (43 sources), and
governance, policy, and education (4 sources). Although some sources addressed multi-
ple thematic areas, each was assigned to the domain representing its primary analytical
focus. The distribution of included sources is presented in Table 1. To support transparent
interpretation of the findings, evidence sources were analysed according to their primary
contribution to the review. Empirical studies were used to identify reported implementa-
tion challenges, clinical outcomes, and deployment experiences. Regulatory documents,
policy reports, and professional guidance materials informed the analysis of governance
mechanisms, regulatory approaches, and accountability structures. Conceptual and nor-
mative publications primarily contributed to the synthesis of ethical principles, theoretical
concerns, and emerging governance considerations. This evidence classification was main-
tained throughout the synthesis to ensure that policy recommendations and governance
implications were interpreted in the context of the underlying evidence type.

3.3. Contemporary Al Workflows in Medical Imaging
3.3.1. Al-Integrated Diagnostic Pipelines

Analysis of the reviewed literature indicated that Al integration in diagnostic imaging
most commonly occurs across four interconnected workflow stages: (i) image acquisition,
(ii) data preprocessing and harmonisation, (iii) Al model inference, and (iv) clinical decision
support [12,70]. Across the included studies, this modular workflow architecture emerged
as the dominant model for incorporating Al into radiological practice. The literature further
showed that convolutional neural networks (CNNs), transformers, and more recently
large language models (LLMs) were the technologies most frequently applied within these
workflows. These systems were commonly used for tasks including anomaly detection,
segmentation, disease classification, risk stratification, and automated reporting.

3.3.2. Data Harmonisation and Preprocessing Techniques

The reviewed literature consistently identified data harmonisation and preprocessing
as critical prerequisites for reliable Al performance across clinical settings. Commonly
reported approaches included contrast normalisation, artefact removal, and anatomical la-
belling [44,70,109-117]. These steps reduce scanner variability and improve generalisability
across institutions, key to multicentre Al deployment.

3.3.3. Al Inference and Clinical Integration

Across the included studies, Al inference systems were most commonly applied to
disease classification, risk stratification, and treatment prioritisation tasks. Several studies
also reported increasing use of multimodal approaches [13,101]. LLMs are increasingly
used to synthesise multimodal input (e.g., images + EHR notes), generating clinically
actionable insights. However, this introduces complexities in interpretability and legal
accountability [34,71].

3.3.4. Systemic Feedback and Lifecycle Integration

The reviewed studies indicated a growing trend towards integrating Al systems with
radiology infrastructures such as PACS and RIS. Feedback mechanisms from clinicians
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support continuous learning, but pose challenges regarding data provenance, system
auditability, and over-reliance [10,14,112,142,144].

3.4. Ethical and Governance Risks Across Workflows
3.4.1. Opacity and Interpretability Deficits

The reviewed literature consistently identified the black-box nature of deep learning
systems as a prominent challenge, undermining clinician trust and the post hoc justification
of Al decisions [70,73]. Studies further highlighted implications for patient consent, shared
decision-making, and medico-legal responsibility [40,144].

3.4.2. Bias and Underrepresentation

The reviewed studies consistently reported algorithmic bias arising from unbalanced
or non-representative datasets [69,99]. Disparate performance in subgroups, particularly
among under-represented populations and rare pathologies, risks perpetuating inequities
in healthcare provision [11,26].

3.4.3. Governance Fragmentation and Lifecycle Blind Spots

The reviewed literature identified a lack of consensus regarding risk classification,
post-market surveillance, and model update mechanisms, resulting in persistent regulatory
gaps [101,103]. Studies further indicated that few jurisdictions adequately address the
dynamic nature of Al systems, particularly those capable of real-time learning, continual
adaptation, or performance drift [70,107].

3.4.4. Data Security and Privacy Exposure

The reviewed literature highlighted data security and privacy risks associated with the
large volumes of sensitive health data required by Al systems, including concerns relating to
reidentification, consent, and regulatory compliance [27,44]. Studies further indicated that
although federated learning and encryption-based approaches offer potential mitigation
pathways, their adoption in operational clinical environments remains limited [70].

3.5. Stakeholder Perspectives on Ethical Al
Stakeholders express various perceptions based on professional roles.

*  Clinicians and Radiologists: Supportive of Al's diagnostic potential but cautious due
to trust and accountability concerns [13,149].

*  Patients: Recognise benefits of speed and personalisation but express concern about
the misuse of data and the opacity of decisions [11,41].

*  Developers: Focus on technical efficacy and data access, often underestimating ethical
downstream effects [46,74].

This misalignment requires the participation of multiple stakeholders in Al design
and deployment [73,97].

3.6. Trust as a Measurable Dimension of Clinical AI Governance

Although trust is frequently invoked in discussions of artificial intelligence (Al) gov-
ernance in healthcare, it is often treated as a broad normative aspiration rather than as
a measurable implementation outcome. In Al-enabled medical imaging, this creates an
important translational gap. A system may satisfy high-level expectations relating to fair-
ness, transparency, privacy, and accountability, yet still fail to achieve meaningful clinical
adoption if clinicians do not trust its outputs, patients do not accept its use, or institutions
cannot verify its reliability under real-world conditions [41,109,117]. Trust should therefore
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be understood not only as an ethical objective, but also as an operational dimension of
governance that can be assessed through empirical indicators across the Al lifecycle.

Within diagnostic imaging, trust is shaped by both technical and sociotechnical condi-
tions. At the technical level, clinicians are more likely to rely on Al systems when predicted
probabilities are well calibrated, when performance remains stable across settings, and
when outputs are consistent with expert judgement in clinically meaningful tasks. At the
sociotechnical level, trust is influenced by interpretability, accountability, and stakeholder
understanding of Al-supported decisions [40,74,116]. These factors have been widely iden-
tified as barriers to trustworthy deployment, particularly where systems remain opaque or
poorly integrated into clinical workflows.

To address this gap, trust can be integrated into lifecycle evaluation through a set of
measurable indicators that connect governance principles to observable outcomes. During
model development and validation, calibration measures can assess whether predicted
probabilities align with true outcome frequencies, thereby indicating whether the system
communicates confidence in a clinically reliable manner. During validation and deploy-
ment, radiologist-Al concordance can provide an empirical signal of alignment between
model outputs and expert interpretation. During clinical use and post-deployment mon-
itoring, patient acceptance rates, clinician uptake patterns, and override behaviour can
help determine whether the system is trusted in practice rather than merely approved in
principle [89,109].

These indicators should not be interpreted in isolation. Calibration without fairness
may reinforce inequitable trust, while concordance without interpretability may conceal au-
tomation bias. For this reason, trust should be conceptualised as a cross-cutting governance
outcome emerging from the interaction of ethical and regulatory dimensions identified
in this review, including fairness, transparency, accountability, and privacy [48,69]. Trust
therefore functions as an evaluative layer that determines whether governance mechanisms
are effective in real-world clinical contexts.

From a governance perspective, integrating trust metrics strengthens the practical
relevance of policy recommendations. Rather than recommending transparency, fairness
auditing, or post-market monitoring only as normative safeguards, institutions can attach
measurable trust-related indicators to each stage of implementation. This enables a shift
from principle-based governance toward evidence-informed governance capable of evalu-
ating whether Al systems are not only technically functional and legally compliant, but
also clinically credible and socially legitimate.

In this sense, trust quantification does not replace ethical governance; rather, it pro-
vides the missing bridge between governance design and real-world adoption. For Al in
medical imaging to be deployed responsibly, governance frameworks must demonstrate
not only what safeguards exist, but also whether those safeguards produce trustworthiness
that is visible, measurable, and sustainable in practice.

3.7. Emerging Governance Models

Several jurisdictions have introduced Al-specific regulatory or guidance frameworks.
The European Union’s Al Act classifies medical Al as high-risk and mandates conformity
assessments and post-market monitoring. The U.S. FDA regulates Al-enabled medical
devices through Software as a Medical Device (SaMD) pathways, increasingly incorporating
adaptive oversight mechanisms. The United Kingdom and Canada have emphasised
lifecycle governance and algorithmic transparency, while China has introduced targeted
algorithm regulations for clinical and consumer-facing systems.

Despite structural differences, these models share common themes: risk-based classifi-
cation, documentation requirements, and increasing attention to post-deployment monitor-
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ing. However, operationalisation of adaptive oversight for continuously learning systems
remains underdeveloped across jurisdictions. The European Union (EU), United States (US),
and Australia were selected for detailed analysis because they represent three influential
and contrasting approaches to Al governance in healthcare. The EU provides a comprehen-
sive risk-based regulatory framework through the Al Act, the US adopts a sector-specific
and lifecycle-oriented regulatory model centred on FDA oversight, and Australia represents
an emerging governance environment that combines existing regulatory mechanisms with
voluntary ethical principles. Together, these jurisdictions offer a useful comparison of
mature, evolving, and hybrid governance approaches, while providing insights relevant to
the responsible implementation of Al in healthcare systems internationally.

3.7.1. The European Union (EU)

The EU leads globally with its proposed Al Act 2024, a landmark regulatory initiative
that introduces a risk-based classification framework for artificial intelligence applications.
In this approach, Al systems are classified into unacceptable, high, limited, and minimal
risk levels, with healthcare applications—especially those that involve diagnosis or clinical
decision support—typically falling into the high-risk category [13,107]. This classification
triggers stringent requirements, including mandatory conformity assessments, algorithmic
transparency obligations, data quality standards, cybersecurity safeguards, and provisions
for human oversight and intervention [1-10,15,26,59,60,64,69,126-132].

A defining feature of the EU Al Act 2024 is its emphasis on upstream risk mitigation.
High-risk systems must comply with technical documentation rules that enable traceability
and reproducibility, including logging mechanisms and lifecycle performance reporting.
The Act also mandates post-market surveillance obligations and empowers national su-
pervisory authorities with enforcement capabilities in EU member states [62,65]. This
comprehensive framework represents a shift away from reactive and harm-based regula-
tion to anticipatory governance based on system design, deployment context, and intended
functionality [61,63]. However, implementation challenges persist. The different levels of
digital maturity, regulatory capacity, and healthcare infrastructure in EU member states
threaten to create inconsistencies in enforcement and interpretation [67,68]. Furthermore,
the Al Act currently lacks explicit mechanisms for dealing with adaptive or self-improving
algorithms, such as continual learning systems or foundation models, that evolve after
market approval. This regulatory gap raises concerns about auditability, accountability,
and model drift in real-world clinical settings [72,107,108].

In addition, the Act does not yet provide detailed technical criteria for explainability,
fairness, or robustness, leaving open questions about how these principles should be
operationalised in clinical workflows [34,73]. Stakeholders have also expressed concerns
about the compliance costs of smaller Al developers and healthcare institutions, who may
lack the legal and technical resources required to meet these obligations [70,100]. Despite
these limitations, the EU Al Act 2024 sets an important precedent in establishing a unified,
legally binding framework for ethical Al governance. Its influence is already observable
in other jurisdictions, prompting parallel efforts in Canada, Brazil, and parts of Southeast
Asia to design risk-based Al regulation [11,13,19,44,70]. If effectively implemented and
continuously updated to account for technological advancements, the Act could serve as a
global benchmark for responsible Al deployment in healthcare and beyond.

3.7.2. The United States (US)

The US adopts a lifecycle-centered approach to Al governance in healthcare, regulated
primarily through the Food and Drug Administration’s (FDA) Software as a Medical Device
(SaMD) framework. This model emphasises real-world performance monitoring, benefit-
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risk assessments, and update traceability throughout the product lifecycle. Rather than
approving Al systems based solely on static pre-market submissions, the FDA encourages
adaptive oversight through its AI/ML-Based SaMD Action Plan, which lays out principles
for algorithm transparency, performance evaluation, and a total product lifecycle (TPLC)
approach [16,17,103,104]. Central to this framework is the requirement for manufacturers
to demonstrate analytical and clinical validation through real-world evidence (RWE),
including post-market surveillance data, to support safety and effectiveness in various
clinical environments [19,20]. The model also promotes transparency around algorithmic
changes, particularly for systems employing machine learning (ML) or deep learning (DL)
techniques that may evolve after deployment. The concept of a “Predetermined Change
Control Plan” (PCCP) has been introduced to allow for regulated, pre-approved updates
without the need for full resubmission, an essential mechanism for supporting continuous
learning systems [24,25].

Despite these innovations, several regulatory gaps remain. The FDA currently lacks a
dedicated Al-specific regulatory category different from traditional SaMDs, which can lead
to interpretive inconsistencies, especially in cases involving generative models or complex
multimodal inference engines [18,22]. This ambiguity complicates clinical integration,
particularly when Al systems serve as autonomous agents in classification, diagnosis, or
therapeutic decision-making [21,23]. Furthermore, concerns persist around the scalability
and timeliness of FDA approvals, with critiques citing long review timelines and high
evidentiary burdens that disproportionately affect smaller developers and startups [17,23].
The voluntary nature of some transparency recommendations, such as sharing model
performance between demographic subgroups or disclosing the explainability limitations,
also raises concerns about enforceability and accountability [16,24].

Unlike the centralised approach of the European Union, the US relies on a more
fragmented and market-driven regulatory environment, often mediated by state laws,
private sector ethics boards, and institutional review bodies. This fragmentation leads to
variable enforcement between jurisdictions and institutions, undermining consistent ethical
safeguards [19,25]. Despite these challenges, the FDA's iterative evidence-based model
holds promise for aligning innovation with safety and efficacy, particularly if supported by
clearer federal legislation that examines the unique risks posed by adaptive Al systems.
Ongoing legislative discussions, including proposals for an AI Bill of Rights and updates to
HIPAA to account for Al-driven analytics, suggest a growing political will to strengthen
regulatory clarity and public trust [17,21,23,25,103].

3.7.3. Australia

Australia’s approach to Al governance in healthcare is characterised by a progres-
sive, innovation-friendly orientation. The Australian Health Practitioner and Regulation
Agency (AHPRA), Australia’s principal medical regulator, has embraced regulatory agility
through the use of regulatory policies and pilot programmes that allow Al developers to test
technologies in a controlled environment without facing full regulatory burdens. This has
enabled experimentation with high-risk adaptive Al systems while mitigating immediate
legal risk [3,6,70].

Complementing this technical flexibility, Australia has developed a set of voluntary
ethical principles in Al under the auspices of the Department of Industry, Science and
Resources. These principles emphasise values such as human-centered design, explainabil-
ity, privacy, and accountability, in order to guide ethical Al development across sectors,
including healthcare [4,46]. Furthermore, the Australian Alliance for Artificial Intelligence
in Healthcare (AAAiH) has issued sector-specific frameworks to support Al adoption in
clinical settings while maintaining transparency and public trust [5,10]. Despite these
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forward-leaning initiatives, significant regulatory gaps remain. One of the most pressing
challenges is the lack of binding Al-specific legislation governing medical Al tools. Current
approval pathways are still mainly grounded in traditional medical device frameworks,
which are not well suited to address the unique risks associated with complex multimodal
platforms [1,2,7]. This has led to inconsistency in the oversight practices between institu-
tions and states, and some rely on institutional ethics boards or vendor self-assessment to
evaluate Al systems, often without formalised national guidance [8,9]. This raises serious
concerns about the long-term accountability, safety, and fairness of Al once integrated
into routine clinical workflows. Current frameworks also do not assess demographic
fairness, cultural safety, and accessibility for Aboriginal and Torres Strait Islander popula-
tions, exacerbating existing healthcare inequalities [26,70]. However, Australia is uniquely
positioned to become a regional leader in Al governance. Its robust public health infras-
tructure and early engagement with Al ethics provide a foundation for crafting agile and
context-sensitive regulatory frameworks [31,48,49,107].

Efforts such as the Australian Government’s Digital Health Strategy and the Al Action
Plan signal the growing political recognition of these challenges. However, translating
voluntary principles into enforceable sector-specific regulations will be critical to avoiding
a governance vacuum as Al becomes ubiquitous in diagnostic imaging, triage, and clinical
decision support systems [13,44,70,74]. In federated systems such as Australia, regulatory
responsibilities are distributed across national and state authorities, creating additional
coordination challenges [14,35,50,70].

Other jurisdictions, including the United Kingdom, Canada, and China, have intro-
duced guidance frameworks emphasising transparency, lifecycle oversight, and algorithm
accountability, though operational standards for adaptive systems remain in develop-
ment [31,32,35,46,48,50].

3.8. The Need for a Structured Al Governance Model

Rapid integration of artificial intelligence (AlI) into medical imaging has catalysed
significant advances in diagnostic precision, workflow optimisation, and clinical decision
support. However, these innovations also introduce profound ethical dilemmas and
regulatory ambiguities that existing governance structures are ill-equipped to handle. In the
absence of comprehensive oversight, the deployment of Al risks undermining public trust,
exacerbating healthcare disparities, and enabling opaque decision-making that challenges
traditional notions of clinical accountability.

As Al systems transition from static tools to adaptive, continuously learning entities,
the regulatory demands placed on them increase exponentially. These technologies often
operate in high-stakes environments, such as radiological triage, cancer screening, and
surgical planning, where the cost of error can be life-changing. Moreover, the “black box”
nature of many deep learning architectures complicates transparency and explainability,
two essential prerequisites for ethical and safe implementation. Consequently, gover-
nance must evolve from fragmented, reactive measures into a proactive, lifecycle-aware
framework that can anticipate and mitigate both known and emerging risks.

A structured and context-sensitive governance model for Al in Australian medical
imaging should reflect not only international best practices but also the unique sociotechni-
cal, cultural and legal dimensions of the local healthcare system. Drawing on comparative
insights from global frameworks and recent regulatory experiments, such a model must
rest on the following foundational pillars [6,13,70,101,103,104]:

*  Regulatory Standardisation: Al governance must be codified through enforceable
sector-specific legislation. These laws should define approval pathways for medical
Al tools, establish pre-market testing protocols, mandate real-world performance
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monitoring, and incorporate mechanisms for dynamic reevaluation, especially for
models that evolve over time. Regulatory alignment with international norms (for
example, the EU Al Act 2024 or the FDA’s SaMD framework) can facilitate global
interoperability, but must be adapted to local contexts and ethical expectations.

* Bias Mitigation and Equity Assurance: Structural bias in training data, model ar-
chitecture, and clinical deployment perpetuates health inequities, disproportionately
affecting historically marginalised groups. Governance should require fairness audits,
demographic performance stratification, and equity impact assessments throughout
the Al lifecycle. In addition, funding mechanisms and incentives for data sharing
must be created to support the inclusion of under-represented populations in clinical
data sets.

*  Explainability and Clinical Transparency: Regulatory bodies must enforce explain-
ability as a legal requirement for high-risk Al systems. This includes mandates for
interpretable output, model rationale reporting, and user-level documentation that
clinicians and patients can understand. The explanation should extend beyond tech-
nical traceability to include meaningful and context-relevant communication that
supports informed consent and shared decision making.

*  Accountability and Legal Clarity: Legal responsibility for Al-induced harm must be
clearly allocated throughout the Al value chain. This includes defining the liability
between developers, healthcare providers, institutions, and vendors. Governance
frameworks should require documentation of Al decision-making processes (e.g.,
audit trails), robust incident reporting mechanisms, and third-party validation of
safety claims. Without these measures, accountability becomes diffused, hindering
redress, and eroding public trust.

* Adaptive and Participatory Oversight: Given the pace of technological innovation,
static regulatory models will quickly become obsolete. A future-proof governance
model must incorporate mechanisms for continuous learning, stakeholder consul-
tation, and adaptive policy revision. Public and professional involvement, through
citizen juries, ethics boards, and clinical feedback loops, should be embedded into the
oversight infrastructure to ensure that evolving standards reflect societal values and
frontline realities.

This governance vision must be co-designed through interdisciplinary collaboration,
involving not only clinicians and technologists, but also patients, ethicists, policymakers,
and legal experts. Such inclusive design processes are crucial for ensuring that ethical
safeguards are embedded from the outset rather than retrofitted after deployment. In
addition, Australia is well positioned to contribute to leadership in this area by developing
a hybrid governance model that bridges ethical principles with enforceable regulation,
tailored to its healthcare infrastructure, policy landscape, and digital maturity.

Table 7 presents a comparative overview of emerging Al governance models across
major jurisdictions and international organisations. The table highlights differences in
regulatory approaches, enforceability, governance mechanisms, and implementation chal-
lenges, providing a structured basis for understanding how various healthcare systems
are responding to ethical, legal, and operational challenges associated with Al-enabled
medical technologies [46,70,103,104,107]. This comparison informs the development of the
proposed governance framework by identifying common strengths, recurring limitations,
and opportunities for regulatory harmonisation across healthcare Al governance systems.

Table 7 demonstrates that while regulatory approaches differ substantially across
jurisdictions, common challenges persist regarding adaptive Al oversight, accountability
mechanisms, transparency, and post-deployment governance.
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Table 7. Comparative Overview of Emerging Al Governance Models in Healthcare Across Major

Jurisdictions and International Organisations.

Jurisdiction/Body Regulatory Model Enforceability Core Governance Features  Key Limitations and Gaps
tcrzrriojﬁel;}é Chcfactka S No standards for adaptive
European Union (EU) AI Act (risk-based) Legally binding P Y AT country-level variation;

traceability, post-market
surveillance

high compliance burden

United States (FDA)

Lifecycle-centered (SaMD)

Medium (sectoral)

Total Product Lifecycle
(TPLC), real-world
evidence, model change
protocols (PCCP)

No dedicated Al category;
slow approvals;
fragmented oversight

Innovation + voluntary

Policies, Al Ethics

No binding Al law; weak

Australia (TGA) . Low-Medium (hybrid)  Principles, pilot post-market monitoring;
ethics . .

testing pathways fairness not enforced

MHRA oversight, No central Al body; unclear
United Kingdom (UK) Sector-led soft governance Low (principles-based)  explainability, public accountability;

trust initiatives legal ambiguity

Bias audits, Early stage; uncertain
Canada (Health Canada) Draft AI Act (AIDA) Low (pending) non-discrimination, scalability; overlaps

clinical validation in jurisdiction

g No enforcement power;

Singapore (PDPC) Co-regulatory policies Low (voluntary) Exp.l a1nab1l.1 t.y’ robustness, redress unclear for

flexible policies highori

igh-risk use

Algorithm registration, Limited transparency;
China (NHC/Cyber Law)  State-centered mandates High (state-controlled)  performance audits, opaque approvals; weak

data localisation civil oversight

Algorithm traceability, Slow on LLMs and
Japan (PMDA) Post-market focused Medium fotv-first regulation ! generative Al; limited

safety-first regulatio stakeholder feedback

. . Advisory only; no

WHO/OECD Normative guidance None Rights-based ethics, enforcement; limited

transparency, sustainability

uptake in LMICs

3.9. Synthesis of Key Findings

Thematic synthesis of the 156 included sources revealed several recurring patterns

across the Al lifecycle. Although technological capabilities continue to advance rapidly, the

literature consistently identified ethical, governance, and implementation challenges that

may limit safe, equitable, and trustworthy deployment in clinical practice. The principal

findings are summarised below.

Al workflows in medical imaging are increasingly modular and multimodal, but
remain constrained by ongoing challenges relating to explainability, transparency,
and accountability.

Ethical risks, including algorithmic bias, opacity, and privacy exposure, are widely doc-
umented but remain insufficiently addressed in many real-world clinical deployments.
Stakeholders express divergent priorities and expectations, underscoring the impor-
tance of participatory, interdisciplinary, and lifecycle-aware governance approaches.

Regulatory strategies remain fragmented, predominantly premarket-oriented, and
insufficiently equipped to support continuous oversight of adaptive and continuously
learning Al systems.

Trust emerged as a cross-cutting governance concern, with the literature highlighting the
need for measurable indicators such as calibration reliability, clinician—AI concordance,
patient acceptance, and real-world adoption to support responsible implementation.

These findings reinforce the need for robust, enforceable, and interdisciplinary gover-

nance frameworks capable of balancing innovation with trust, safety, accountability, and

patient-centred care.
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To support analytical synthesis across the reviewed literature, ethical and governance
challenges were organised according to the Al system lifecycle. This lifecycle-centric
taxonomy enables systematic comparison of risks, governance responses, and recurring
limitations reported across studies, providing a structured foundation for the thematic
analysis and governance recommendations presented in the following sections.

Rather than treating ethical challenges as isolated concerns, the taxonomy highlights
how governance gaps recur and evolve across different stages of the Al lifecycle. This
structure is used throughout the remainder of the survey to guide comparative analysis
and to inform the development of governance recommendations.

4. Integrated Findings and Synthesis

The systematic analysis of 156 scholarly and regulatory sources highlights deeply
embedded and intersecting ethical and governance challenges surrounding the adoption
of Artificial Intelligence (Al) in medical imaging and diagnostics. Although Al-driven
technologies demonstrate growing promise in improving diagnostic accuracy, workflow
efficiency, and personalised care, significant unresolved vulnerabilities persist in multiple
dimensions. These include enduring deficits in algorithmic transparency and interpretabil-
ity, structural biases arising from unrepresentative training datasets that risk exacerbating
healthcare disparities, insufficient privacy-preserving mechanisms for handling sensitive
medical data, and fragmented regulatory frameworks ill-equipped to govern rapidly evolv-
ing Al systems. The increasing deployment of sophisticated Al architecture, such as
foundation models, generative systems, large multimodal models, and continuously learn-
ing algorithms, further intensifies these challenges by introducing adaptive behaviours,
real-time model drift, and accountability ambiguities that transcend the capabilities of
existing governance structures. Despite emerging governance efforts in select jurisdictions,
current regulatory models often remain reactive, pre-market focused, and lack enforceable
lifecycle oversight capable of managing the complex sociotechnical risks posed by Al-
enabled diagnostic systems in diverse clinical environments [70,72,101,122]. Algorithmic
bias remains a central concern, as many Al models are trained in data sets that do not
adequately represent diverse populations, leading to unequal diagnostic outcomes between
demographic groups [23,69,98]. The opacity of deep learning systems, often described
as “black-box” models, continues to undermine trust and informed clinical decision mak-
ing, despite advances in explainability tools such as saliency maps and local surrogate
models [25,73,126,127].

A cross-cutting finding of this review is that while trust is frequently invoked as a
central objective of ethical and regulatory frameworks for clinical Al, it is rarely opera-
tionalised through measurable or auditable indicators. Across the reviewed literature,
trust is often assumed to emerge from model performance, transparency mechanisms, or
regulatory compliance, yet few studies provide concrete approaches for evaluating trust
in practice. Where measurable proxies are discussed, they tend to include factors such
as model calibration reliability, clinician—AlI concordance, patterns of clinical adoption or
override behaviour, and patient acceptance in real-world contexts. This gap highlights
a critical limitation in current governance approaches, where trust remains a normative
aspiration rather than an empirically grounded dimension of Al system evaluation.

Legal accountability remains poorly defined in scenarios where autonomous Al sys-
tems contribute to clinical errors, raising unresolved questions about the allocation of
responsibility among developers, vendors, and healthcare providers [100,103,145]. In par-
allel, data privacy concerns persist, driven by the scale and sensitivity of medical data
aggregated for Al training. Existing consent models and anonymisation frameworks of-
ten lag behind technical developments, which requires more robust privacy preservation
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approaches, such as federated learning and secure multiparty computation [27,44]. At
the governance level, regulatory fragmentation remains a global obstacle, with divergent
standards and inconsistent oversight mechanisms between jurisdictions such as the FDA
(USA), EMA (Europe), and TGA (Australia) [45,104,146]. Although some progress has been
made toward developing international regulatory frameworks, these efforts often struggle
to keep up with the rapidly evolving Al capabilities [46,70,77]. Crucially, these findings
highlight a growing temporal gap between emerging ethical challenges and the slower insti-
tutional development of governance capacity. This is particularly relevant in the Australian
healthcare context, where Al-driven imaging technologies are advancing, but governance
mechanisms are still in the early stages [79,101]. Addressing these gaps requires not only on-
going interdisciplinary dialogue, but the formulation of adaptive, context-sensitive policy
frameworks that prioritise fairness auditing, transparent accountability, and participatory
oversight structures [31,86,108].

To facilitate interpretation of the integrated findings, Figure 5 presents a conceptual
synthesis of the principal ethical and governance challenges identified across the reviewed
literature. The figure illustrates how recurring concerns relating to bias and equity, explain-
ability and transparency, privacy and consent, accountability and liability, and regulatory
fragmentation collectively influence stakeholder trust and the responsible implementation
of Al in medical imaging and diagnostics.

Responsible Al in Medical Imaging and Diagnostics

~

Bias and Equity Explainability Privacy and Consent Accountability Regulatory
Fairness auditing and Transparency Data sharing risks and Liability Fragmentation
Subgroup validation Clinician interpretability | | Cross-border governance Audit trails Adaptive Al gaps

Stakeholder Trust
Clinicians, Patients, Developers, Regulators

Figure 5. Conceptual synthesis of the principal ethical and governance challenges identified across
the reviewed literature and their collective influence on stakeholder trust and the responsible imple-
mentation of Al in medical imaging and diagnostics.

Figure 5 illustrates that stakeholder trust emerges from the interaction of multiple
ethical and governance domains rather than any single challenge in isolation, reinforcing
the need for integrated lifecycle governance approaches.

4.1. Al Ethics vs. Technical Safety: Conceptual Divergence

In the reviewed literature, the terms ethics, governance, and safety are often conflated,
although they serve distinct functions. Technical safety relates to robustness and perfor-
mance; ethics considers fairness, autonomy, and rights; and governance refers to policy
structures that ensure ethical compliance [13,70,101]. This conceptual ambiguity often
results in fragmented strategies that neglect the full scope of responsible Al integration.
For example, explainability methods are frequently promoted for clinical acceptance, but
insufficient attention is paid to their ethical implications in decision-making [24,34,73].

4.2. Data Privacy and Consent in Al Imaging Systems

Al models in medical imaging are predominantly trained on large datasets contain-
ing sensitive patient information. However, a significant portion of the literature omits
or marginalises privacy-preserving mechanisms such as federated learning, differential
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privacy, or secure multiparty computation [27,44]. Moreover, while HIPAA and GDPR are
cited as guiding standards, implementation in jurisdictions remains inconsistent [32,70].
The use of cloud-based systems further exacerbates these concerns, especially when data is
stored and processed across international borders with varying legal protections [13,101].

4.3. Algorithmic Bias: The Unresolved Equity Challenge

Numerous articles reported bias in the output of the Al model due to the under-
representation of minority populations in training data [69,98,99]. This includes dispar-
ities in image quality, scanner types, and annotation accuracy in geographies. Despite
growing awareness, systematic fairness auditing and demographic performance bench-
marking remain largely absent from commercial and academic systems. Some studies
advocated for debiasing techniques, but these approaches lack consensus on metrics and
standards [26,34,97].

4.4. Opacity and the Need for Explainable Al (XAlI)

Deep learning models used in imaging diagnostics often function as black-box systems.
This opacity undermines trust and obstructs the legal and clinical validation of Al deci-
sions [71,72,127]. XAl techniques such as saliency maps, Shapley values, and counterfactual
explanations have been proposed, yet they are inconsistently adopted and insufficiently
evaluated in medical contexts [24,31,73]. The literature reveals a tension between model
performance and interpretability, with most clinical stakeholders favouring transparency
over marginal gains in accuracy.

4.5. Governance Models and Global Fragmentation

The governance of Al in medical imaging lacks uniformity between jurisdictions. Our
analysis revealed divergent policy frameworks, ranging from voluntary ethical principles
(e.g., Australia’s Al Ethics Principles) to formal regulatory instruments (e.g., the EU Al
Act 2024, FDA SaMD) [70,104,107]. Table 7 summarises these frameworks. In particular,
Australia currently lacks enforceable legislation specifically addressing Al in healthcare
protocols, making legal harmonisation, standards development, and multi-stakeholder
oversight an urgent need [46,101].

4.6. Clinical and Stakeholder Perceptions

Clinicians value the ability of Al to accelerate diagnosis and improve decision making,
but express concerns about its reliability and the risk of deskilling [41,42,139]. Patients
want faster and more accurate diagnoses, but remain sceptical of data misuse and lack of
transparency [44,58]. Developers prioritise model accuracy and data access, but often overlook
ethical design and regulatory fit. These perspectives underscore the misalignment between
technical advancement and societal readiness [11,13,46,70,79,98,100,107-117,135-138].

4.7. Discussion

Our systematic survey identifies six critical and interlinked findings that reflect both
thematic convergence and persistent fragmentation across ethical, technical, and governance
domains in Al-driven medical imaging. These insights underscore the urgent need for a com-
prehensive and enforceable governance framework geared to national contexts like Australia,
while informed by global best practices [71-73,76-96,118-125,133,134,140,141,150-153].

*  Conceptual Misalignment Between Ethics, Safety, and Governance. Across juris-
dictions, ethical concerns (for example, fairness, consent), technical safety (for exam-
ple, robustness), and governance (for example, regulation, liability) are frequently
conflated, resulting in misaligned priorities, patchwork accountability, and unclear
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deployment standards [13,69,70,101]. Lack of definitional clarity inhibits stakeholder
collaboration and weakens policy coherence.

*  Privacy Gaps and Cross-Border Data Vulnerabilities. Despite increasing use of
cloud-based infrastructure and transnational training pipelines, privacy-preserving
techniques (e.g., federated learning, homomorphic encryption) remain underused
or poorly regulated [27,44,120]. International divergence in data protection laws
further complicates cross-jurisdictional compliance and undermines trust in Al
systems [11,13,32,70,98,100,107,108,135-138].

*  Systemic Algorithmic Bias and the Absence of Equity Auditing. Disparities in model
performance across demographic subgroups, often resulting from non-representative
training data, persist as one of the most widely cited and least addressed concerns
in the literature [26,69,99]. Most regulatory frameworks do not mandate fairness
benchmarking, leaving bias mitigation dependent on voluntary developer prac-
tices [31,100,154].

e  Explainability Remains a Bottleneck Despite Technical Progress. While saliency
maps, SHAP/LIME, and counterfactual explanations offer interpretability pathways,
their clinical utility and reliability remain contested. Moreover, explanation tools have
not yet been standardised or required by most governance regimes, posing risks to
informed consent, clinician trust, and medicolegal defence [34,72,73].

*  Regulatory Fragmentation and Lifecycle Blind Spots. Most jurisdictions lack compre-
hensive and enforceable governance structures that cover the entire Al lifecycle, includ-
ing real-time learning, adaptive updates, and post-deployment monitoring [103,107].
Table 7 highlights the spectrum of maturity in governance, with only the EU proposing
legally binding lifecycle oversight through its AI Act [104].

e  Stakeholder Priorities are Misaligned and Under-represented. Clinicians emphasise
interpretability and workflow integration; patients prioritise consent and data control;
and developers focus on precision and scalability, yet few governance models institu-
tionalise mechanisms for participatory co-design [41,46,58,155]. This misalignment
exacerbates socioethical disconnects and delays real-world adoption.

Collectively, these findings reaffirm the necessity of a structured and interoperable ethical
governance model outlined in Section 1.4 that incorporates enforceable standards, equity
auditing, explainability benchmarks, and multistakeholder oversight. This model is essential
to ensure that Al innovations in Australian healthcare are not only technically robust but also
ethically sound, legally accountable, and socially trustworthy [13,70,100,156].

An important implication of this review is that trust in clinical Al is predominantly
treated as a normative or aspirational concept rather than a measurable property of sys-
tem performance and governance. While ethical and regulatory frameworks consistently
emphasise the importance of trust, they rarely provide mechanisms for assessing it across
different stages of the Al lifecycle. This study highlights the need to conceptualise trust
as an evaluative dimension that can be examined through indicators such as calibra-
tion reliability, clinician—Al concordance, patterns of adoption and override behaviour,
and patient acceptance in real-world clinical settings. Embedding such measurable trust
indicators within governance frameworks can strengthen policy relevance, support imple-
mentation readiness, and enable more accountable and transparent integration of Al in
diagnostic practice.

4.8. Implications for Digital Health Systems

The findings underscore that Al-enabled diagnostic imaging should be governed
as part of an integrated digital health ecosystem rather than as isolated medical devices.
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Governance mechanisms must therefore align with electronic health record interoperability
standards, institutional risk management structures, and national digital health strategies.

Lifecycle monitoring, subgroup performance transparency, and adaptive regulatory
pathways are not solely technical safeguards; they are institutional capabilities that deter-
mine whether digital health systems can sustain public trust and clinical reliability. Without
coordinated system-level oversight, technological innovation risks outpacing governance
maturity across interconnected digital infrastructures.

4.9. Transferability Beyond the Australian Context

Although the proposed conceptual governance framework is illustrated using the
Australian regulatory environment, its structural components are intentionally jurisdiction-
agnostic. The lifecycle-centric approach, bias-auditing mechanisms, subgroup-performance
reporting, human-in-the-loop oversight, and post-deployment monitoring requirements
can be adapted across federated and centralised health systems.

Jurisdiction-specific elements such as privacy statutes or medical device pathways
may vary, but the underlying governance architecture remains applicable to digital health
ecosystems facing similar challenges of regulatory fragmentation, adaptive Al systems,
and cross-institutional data flows.

Although the framework is informed by Australian healthcare governance arrange-
ments and regulatory mechanisms, its underlying governance principles are derived from
a broader international evidence base, including guidance from the World Health Orga-
nization, OECD Al Principles, FDA Good Machine Learning Practice guidance, IMDRF
recommendations, and the European Union Al Act. Consequently, the framework is in-
tended as a transferable conceptual structure that can be adapted to different healthcare
systems while incorporating jurisdiction-specific legal, regulatory, organisational, and
cultural requirements.

5. Conclusions and Future Research Directions

The rapid integration of Al into diagnostic imaging presents not only technical inno-
vation but also increasing governance complexity across digital health ecosystems. This
review synthesised 156 studies to identify recurring ethical risks and regulatory gaps across
the Al lifecycle. The reviewed literature consistently highlighted challenges relating to
explainability, algorithmic bias, accountability, privacy protection, stakeholder inclusion,
and limitations in existing regulatory approaches for adaptive Al systems.

These findings directly reflect the thematic patterns identified throughout the Results
section, where recurring governance gaps, stakeholder concerns, lifecycle management lim-
itations, trust-related challenges, and regulatory fragmentation emerged consistently across
the reviewed evidence base. Building directly on the findings synthesised from the re-
viewed literature, our lifecycle-centric governance framework translates widely recognised
ethical principles into practical oversight mechanisms spanning development, deployment,
monitoring, and adaptive updating. Although illustrated through the Australian context,
the framework is transferable to federated and multi-jurisdictional health systems facing
similar governance challenges.

The governance framework and policy recommendations presented in this review
represent the authors’ synthesis and interpretation of evidence derived from empirical
studies, regulatory documents, policy reports, and conceptual analyses rather than direct
findings reported uniformly across all included sources. As a literature-derived conceptual
framework, the proposed governance framework provides a structured foundation for
future implementation and evaluation. Future research should assess its applicability,
usability, and effectiveness across diverse clinical, organisational, and regulatory settings.
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Future digital health governance should prioritise post-deployment surveillance, sub-
group performance transparency, adaptive regulatory mechanisms for continuously learn-
ing systems, and measurable trust indicators, including calibration reliability, clinician—Al
concordance, adoption and override behaviour, patient acceptance, and post-deployment
monitoring signals. Without such institutional readiness, technological advancement may
outpace the safeguards required for equitable and trustworthy clinical Al integration.

5.1. Persistent Limitations Hindering Ethical Al Integration

Despite growing scholarly attention and emerging regulatory initiatives, several
structural and interrelated limitations continue to hinder the ethical integration of Al
in medical imaging.

e Absence of Clinically Grounded Explainability Standards: While explainable Al
(XAI) has advanced methodologically, most current techniques remain insufficient for
clinical decision-making settings. Tools such as saliency maps, Grad-CAM, SHAP, and
counterfactuals often do not align with clinicians’ reasoning processes and risk com-
munication needs. The lack of standardised explainability benchmarks perpetuates
legal ambiguity around liability and undermines clinician trust.

*  Systemic Algorithmic Bias and Equity Gaps: Persistent underrepresentation of minor-
ity populations and structurally marginalised communities in training data contributes
to unequal diagnostic performance across demographic subgroups. Despite increased
awareness, regulatory mandates for fairness auditing, demographic validation, and
post-deployment equity monitoring remain limited across most jurisdictions.

* Fragmented and Reactive Governance Architecture: Global governance frameworks
remain fragmented, with significant variability in regulatory maturity, enforceability,
and risk stratification approaches. Most existing models focus heavily on premarket
approval while offering limited mechanisms for ongoing oversight, model drift detec-
tion, and adaptive regulatory updates. Australia, despite its innovation-friendly ethos,
exemplifies this governance gap through the absence of comprehensive Al-specific
healthcare legislation.

¢  Underdeveloped Privacy-Preserving Infrastructure: Although privacy-preserving
approaches such as federated learning, homomorphic encryption, and secure multi-
party computation offer promising pathways to ethical data sharing, their operational
implementation remains rare. Institutional interoperability, technical complexity, and
resource disparities continue to impede broader adoption in clinical practice.

*  Weak Stakeholder Engagement and Participatory Oversight: The development
and deployment of Al systems in healthcare remain largely siloed within technical,
regulatory, or commercial domains, with insufficient participation from patients,
clinicians, and marginalised communities. Stakeholder consultations often occur late
in the design process or operate in advisory roles without decision-making authority,
undermining the legitimacy and social robustness of Al governance structures.

5.2. Strategic Research Priorities for Responsible Al Governance

Addressing these limitations requires a coordinated and multidisciplinary research
agenda that extends beyond technical optimisation to ethically embedded innovation. Key
research priorities include:

¢  Co-Governance Framework Development: Future research should focus on empiri-
cally grounded governance models that integrate regulators, developers, clinicians,
patients, ethicists, and civil society into ongoing governance processes. These frame-
works should support adaptive regulation, continuous auditing, and sector-specific

https:/ /doi.org/10.3390/healthcare14131975


https://doi.org/10.3390/healthcare14131975

Healthcare 2026, 14, 1975

36 of 44

accountability while balancing domestic legal requirements with international har-
monisation efforts.

*  Clinically Relevant Fairness and Explainability Metrics: Research should prioritise
fairness metrics that extend beyond technical parity to incorporate clinical relevance,
subgroup stratification, and context-sensitive outcome evaluation. Likewise, explain-
ability tools should be assessed not only for transparency but also for their alignment
with clinical reasoning and medicolegal requirements.

e Institutionalisation of Participatory AI Design Practices: Structured stakeholder
inclusion methodologies should be developed to ensure that patients, marginalised
groups, and frontline clinicians have meaningful input throughout the Al lifecycle,
from problem formulation to post-market surveillance.

e  Ethical Evaluation of Privacy-Preserving Al Infrastructure: Technical assessments
of privacy-preserving technologies should be complemented by ethical evaluations
examining real-world feasibility, institutional trustworthiness, and alignment with
diverse data protection regimes.

e Lifecycle Accountability and Post-Deployment Governance: New governance mech-
anisms are needed to address post-market challenges, including ethical sunset clauses,
adaptive decommissioning protocols, real-time auditing tools, and responsive regula-
tory triggers aligned with evolving system behaviour and clinical environments.

5.3. The Australian Context: A Normative Governance Imperative

For Australia, the ethical integration of Al into healthcare is at a regulatory crossroads.
Although the Therapeutic Goods Administration (TGA) has demonstrated leadership
through regulatory initiatives and voluntary ethics principles, the absence of enforceable
Al-specific legislation remains a significant vulnerability as adaptive and generative Al
systems enter clinical workflows. Continued reliance on institutional discretion, self-
regulation, and fragmented pilot initiatives risks creating an uneven governance landscape
characterised by inconsistent standards, limited post-market accountability, and unresolved
liability concerns.

Australia’s strong healthcare system, research capability, and early engagement with
Al ethics position it to pioneer a globally relevant governance model. Such a model should
combine the following:

*  Legally enforceable sector-specific Al legislation, incorporating risk-tiered approval
pathways, mandatory fairness audits, real-world evidence generation, and adaptive
post-market surveillance.

*  Codified explainability and accountability standards, which require human-interpretable
model rationales that support both clinical safety and patient autonomy in informed
consent processes.

e  Participatory and culturally responsive governance structures, ensuring that indige-
nous populations, rural communities, and marginalised stakeholders are actively
included in the governance of Al tools deployed in their healthcare contexts.

* Global interoperability aligned with international best practices, drawing selec-
tively from leading models such as the EU Al Act 2024, FDA SaMD frameworks
and WHO ethical principles, while tailoring implementation to Australia’s unique
sociotechnical ecosystem.

5.4. Toward a Governance Foundation for Ethical Al Innovation

Ultimately, trustworthy Al in healthcare is not solely a technical objective but also a
governance and societal imperative. Without enforceable mechanisms that embed fairness,
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transparency, and accountability throughout the Al lifecycle, public trust and clinical
confidence may be undermined.

Sustainable Al integration in diagnostic imaging therefore depends on strengthening
digital health governance infrastructures capable of coordinating innovation, regulation,
and clinical accountability across interconnected healthcare systems.
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