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Abstract 

Artificial intelligence (AI) techniques such as deep learning show great potential to enhance medical physics practice by 

supporting diagnosis, treatment planning, and other clinical tasks. However, responsible integration of AI requires 

consideration of both promises and ethical risks to ensure technologies are developed and applied safely and for patient benefit. 

This research review examines opportunities and challenges of integrating AI across various domains of medical physics. 

Promising applications are discussed such as using large datasets to help radiologists interpret images more accurately and 

automating routine analyses to increase efficiency. AI may also expand access to care for rural populations through remote 

services. Potential ethical issues that could hamper responsible integration are also explored. Ensuring AI algorithms avoid 

human biases that unfairly impact patient outcomes is imperative. Other considerations include responsible oversight 

structures, ensuring privacy of patient data, and establishing regulatory and quality standards. This review proposes a 

framework for multidisciplinary collaboration and rigorous testing prior to clinical adoption of AI tools. It concludes that with 

ongoing research and development guided by principles of safety, accountability and fairness, AI can potentially enhance 

medical physics practice while avoiding unintended harms. 
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1. Introduction 

Medical physics is a diverse healthcare discipline encom-

passing applications of physics principles across domains 

such as diagnostic radiology, radiation therapy, and nuclear 

medicine [41]. Within these fields, medical physicists work 

to advance imaging and treatment techniques through spe-

cialized technical and research responsibilities. Medical 

physics is data-intensive, relying on large repositories of 

patient imaging data, treatment records, outcomes data and 

more. As a field experiencing rapid technological change, 

medical physics is well-positioned for digital transformation 

through artificial intelligence (AI). 

AI techniques such as machine learning and deep learning 

exhibit great promise to augment clinical decision-making 

using computational analysis of big data [28]. Systems using 

these methods can continuously learn at vast scales not pos-

sible through human cognition alone, enhancing capabilities 

over time without reprogramming [39]. Within medical im-

aging especially, AI is demonstrating diagnostic value by 

automating detection of conditions from retinal scans [37] to 

pulmonary nodules [49]. Outside of imaging, medical physi-
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cists may find AI useful in applications including treatment 

planning optimization, adaptive radiotherapy, dosimetry ver-

ification, remote patient monitoring, and more [25, 1]. 

While AI promises to fundamentally improve healthcare if 

responsibly adopted, integrating emerging technologies also 

demands consideration of societal impacts to ensure patient 

wellbeing and trust are prioritized [2]. For AI tools specifi-

cally, duties of algorithmic transparency, accountability, and 

fairness are especially paramount given their potential to 

amplify health inequities or erode confidence if not devel-

oped through an equitable, multistakeholder process [17, 34, 

44]. Within medical physics, privacy protections for sensi-

tive genomic and epidemiological data gather through clini-

cal services must also be strengthened [42]. 

This comprehensive review was conducted to support re-

sponsible AI integration across the field of medical physics 

by comprehensively evaluating both its technical potential 

and key ethical risks. Over 65 peer-reviewed sources span-

ning fields including biomedical engineering, clinical infor-

matics, medical ethics and more were analysed [50, 51]. 

Findings aim to guide knowledge exchange between medical 

physicists, clinicians, computer scientists, and policymakers 

on pathways to maximize AI's clinical and operational bene-

fits, while mitigating potential harms through multidiscipli-

nary collaboration and established governance principles [20, 

43]. 

With diligence applied to maintaining oversight, account-

ability, and human oversight; AI possesses great potential to 

augment medical physics work and help the field fulfill its 

mission to apply physical expertise for improving patient 

care, outcomes, safety and access. This review discusses 

strategies and an ethical framework to help realize AI's 

promise while avoiding unintended consequences. 

2. Literature Review 

2.1. Introduction to Literature Review 

Artificial intelligence technologies are advancing rapidly 

with transformative potential across many fields including 

healthcare. Within medical physics specifically, various AI 

applications have been proposed and explored through re-

search efforts. As a data-intensive practice, medical physics 

lends itself well to augmentation using computational ap-

proaches to automation and decision support. 

However, responsibly integrating emerging tools also de-

mands consideration of societal impacts. For AI, concerns 

regarding transparency, fairness, and accountability are espe-

cially important. As the field evaluates opportunities present-

ed by these technologies, guidance is needed on how to max-

imize benefits while safeguarding against risks. 

This structured literature review aims to synthesize current 

knowledge on applying AI within medical physics as estab-

lished through peer-reviewed research. Both technical capa-

bilities and ethical issues are examined. Different application 

areas and technical approaches are surveyed. Standards and 

frameworks to support innovation that prioritizes equity and 

wellbeing are also explored. Outlining the state of scientific 

literature on this topic can help inform next steps toward 

progress managed prudently and for the benefit of all stake-

holders. 

2.1.1. AI Applications in Medical Imaging 

Several studies have demonstrated the potential for AI to 

automate analysis and interpretation tasks in medical imag-

ing domains. [37] developed a deep learning model surpas-

sing human experts in detecting diabetic retinopathy (DR) 

from retinal scans. The Convolutional Neural Network mod-

el evaluated over 128,000 scans and achieved an area under 

the receiver operating characteristic curve score of 0.9996 

for referable DR detection, exceeding average ophthalmolo-

gist performance [21]. 

 
Figure 1. Diagrammatic of AI Applications in Medical Imaging. 

In another study, [49] found a deep learning model 

achieved radiologist-level effectiveness in identifying pul-

monary nodules from low-dose CT scans, which could help 

address workforce shortage issues impacting timely reviews 

[7, 23]. As large curated datasets become available through 

initiatives like the National Institute of Health's Image Re-

pository and Distribution System, AI-enabled content-based 

image retrieval may expedite treatment planning by identify-

ing relevant prior cases for reference [29, 11]. The collective 

findings suggest AI has reached human-level accuracy for 

select routine tasks and shows promise for automating other 

perception-based duties to support medical physicists and 

radiologists. 

2.1.2. AI Applications in Treatment Planning and 

Optimization 

Several studies have explored applying AI techniques to 

complex treatment planning problems in radiation oncology. 

[23] used a deep reinforcement learning model for fully-

automated radiotherapy treatment planning across a variety 
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of cancer types. By directly optimizing the dose distribution, 

their method achieved near-optimal plans competitive with 

expert quality and considerably faster than conventional in-

verse planning approaches. Similarly, [31, 32] trained a deep 

convolutional neural network to predict optimal beam angles 

for intensity-modulated radiation therapy (IMRT) planning 

using only the target and organ-at-risk contours as input [6]. 

Their model identified beam arrangements comparable to 

expert plans in a fraction of the time required for conven-

tional optimization. For adaptive radiotherapy, [30] devel-

oped a planning approach using neural networks to learn 

dose patterns and selection of plan sequences for maximum 

tumor coverage while reducing organ-at-risk exposure. The 

studies suggest AI may accelerate labor-intensive planning 

and optimization processes through automated learning from 

previous best practices. 

 
Figure 2. Diagrammatic explanation of AI applications in treat-

ment planning -Densitry (pic. Courtesy. Craniocatch). 

2.1.3. AI for Treatment Verification and Quality 

Assurance 

Ensuring delivered radiation doses accurately reflect pre-

scribed treatment plans is a critical medical physics role. 

Some research suggests AI may facilitate more efficient dose 

verification than current measurement-based methods. [13] 

first used basic machine learning algorithms to predict deliv-

ered IMRT doses within 2% agreement compared to meas-

urements by leveraging DICOM-RT data and beam geome-

try without requiring further setup [35, 36]. Staging more 

sophisticated AI model testing specifically for clinical QA, 

[24] developed a deep neural network to directly calculate 

dose from linear accelerator control parameters alone and 

achieved reduced errors versus measurement-based verifica-

tion. Staying within clinically relevant thresholds without 

measurements could expedite routine QA workflows. Most 

recently, [27, 10] combined a generative adversarial network 

with a 3D dose convolutional neural network to verify 

VMAT plans in silico in real-time with 0.5% dose-volume 

histogram agreement compared to measurements. 

By automating parameter-based dose reconstruction and 

comparisons to treatment plans, AI shows promise to stand-

ardize and accelerate dosimetry verification processes while 

reducing resource demands. Continued testing will establish 

methods for clinical adoption with sufficient accuracy and 

applicability across modalities. 

 
Figure 3. Diagrammatic of Artificial Intelligence Improve Clinical 

Trials (pic. Courtesy. Heathcaredaily). 

2.1.4. Standards and Safeguards for Responsible 

Integration 

While AI portends many benefits, integrating emerging 

technologies into healthcare also demands consideration for 

ethical, legal, and social impacts to ensure patient wellbeing 

and trust are prioritized. [2] emphasize core values of benefi-

cence, non-maleficence, autonomy and justice should guide 

AI design and development processes through multi-

stakeholder engagement. Ensuring transparency of model 

recommendations is also paramount to facilitate oversight 

and accountability as discussed by [15, 40]. For healthcare in 

particular, measures like identity-blind algorithms to prevent 

direct or inadvertent harms from unequal treatment are espe-

cially important as pioneered by [18]. Privacy protections are 

likewise crucial considering the sensitive genetic and clinical 

information contained in patient data, as outlined through 

techniques like differential privacy by [19]. Emerging stand-

ards and frameworks for model reporting from groups like 

the Mitre Corporation provide another avenue for helping 

establish regulatory and professional standards to build con-

fidence in medically applicable AI (Mitre, 2022). Collective-

ly, these studies illustrate core principles that should be fol-

lowed for equitable and responsible innovation. 

2.1.5. Multidisciplinary Research Directions 

The most impactful studies navigating AI integration into 

medical fields employ multidisciplinary collaboration be-

tween medical, technical and social domains. [38] adopted 

this approach to outline a framework for technical, clinical 

and policy standards to realize AI's promise while avoiding 

unintended consequences. Focusing on medical imaging ap-

plications, key recommendations centered on multistake-

holder involvement throughout the AI product lifecycle, with 

priority on transparency, oversight, and mitigation of impact. 

Three specific priority research areas were identified: expli-
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cating model rationales for clinical decision support, opti-

mizing AI-human teams, and understanding AI's sociotech-

nical effects to further responsible innovation [3, 52]. Em-

ploying mixed-methods research integrating technical model 

development with qualitative input from affected populations, 

[17] likewise gained helpful insights on bias mitigation 

through what they termed "responsible ML". Collaborations 

between Harvard Medical School and MIT produced studies 

advancing AI techniques for brain tumor segmentation while 

fulfilling stringent ethical guidelines like complete model 

transparency and continuous oversight [22, 12]. Interdisci-

plinary integration will likely be most crucial going forward 

for complex problems like these with direct clinical implica-

tions. 

2.2. Conclusion 

The studies analyzed demonstrate significant promise, but 

also vulnerabilities, in integrating artificial intelligence into 

medical physics practice. While AI portends advances 

through automation and decision support, diligently address-

ing sociotechnical risks will decide whether its integration 

proves transformative or toxic. As technologies mediate in-

creasingly consequential aspects of health and wellbeing, 

instilling a shared multidisciplinary responsibility throughout 

the innovation lifecycle emerges as pivotal [53, 33]. No sin-

gle group can navigate technical and social progress alone in 

such high-stakes domains. Continued focus on oversight 

structures, technical and humanistic evaluation, multi-

stakeholder governance models, and equitable standards - as 

set forth in research insights reviewed - may optimize chanc-

es for AI to augment rather than displace medical physics 

work or compromise patient-centered care [48]. With collab-

orative efforts to understand advantages and shortcomings, 

establish safe and just development norms, and promote in-

put from all affected communities, a more equitable practice 

enhanced through responsible innovation can come closer to 

reality. Progress lies in pooling complementary expertise, not 

protectionism over discrete professional silos. Interdepend-

ence across boundaries presents the surest path forward, 

guided by vigilance, humility and communal wellbeing over 

isolated returns. 

2.3. Research Methodology 

2.3.1. Introduction 

This structured review applied rigorous systematic meth-

ods to thoroughly interrogate the existing body of literature 

exploring applications of artificial intelligence within medi-

cal physics domains. A well-designed methodology ensures 

high-quality, unbiased synthesis of evidence to inform prac-

tice. Several steps were followed to identify pertinent re-

search sources, appraise their validity, compile findings, and 

analyze results in a standardized, reproducible manner re-

flective of best practices. 

A search strategy was implemented across multiple data-

bases to achieve comprehensive identification of applicable 

studies from key publication venues. Eligibility criteria and 

study selection procedures incorporating dual reviewer as-

sessment with statistical agreement measures maintained 

strict inclusion parameters and quality control. Critical ap-

praisal of investigative rigor provided nuanced insights be-

yond bibliographic data alone. Structured data extraction 

and compilation into a relational database supported trans-

parent reporting and retrieval of synthesized evidence. 

Thematic synthesis techniques allowed identified themes to 

emerge directly from qualitative data interrogation in an 

inductive manner, interpreted within the review's conceptual 

framework. Consistent methodology strengthened reliability 

and generalizability of conclusions. Limitations were also 

acknowledged to uphold review rigor and integrity. Adhering 

to established systematic review and meta-synthesis report-

ing standards like PRISMA and ENTREQ realized transpar-

ency highly valued within evidence-based field [26]. s. Over-

all, the employed strategies aimed to yield research insights 

optimally informing responsible innovation through a trust-

worthy synthesis process. 

1) Search Strategy 

PubMed, IEEE Xplore, Web of Science and ACM Digital 

Library were queried to access multidiciplinary literature [4, 

9, 5, 30]. PubMed provided medical research while engineer-

ing literature emerged through IEEE and computer science 

through ACM. Web of Science indexed publications across 

domains. Search strings paired controlled biomedical vocab-

ulary with free-text AI/ML terms to maximize sensitivity [8]. 

Terms focused on intersections between AI/ML techniques, 

medical physics practice areas and healthcare applications. 

Reference lists supplemented the search to avoid overlooking 

related work. Thorough searches across cross-disciplinary 

databases with tailored phrases helped ensure comprehensive 

identification of applicable evidence. 

2) Eligibility Criteria 

Inclusion of primary studies, reviews and conferences 

from 2010-2022 centered analysis on current technical capa-

bilities and frameworks directly informing practitioners [19]. 

Exclusion of editorials and commentaries focused on robust 

investigations into specific applications or solutions. Re-

stricting to medical physics domains aligned with the re-

view’s question. Parameterizing publication type, date range 

and relevance to the field via included aspects like partici-

pants and interventions established a strict but inclusive 

framework for interrogating emerging innovations in a me-

thodical manner reflective of expert guidance. 

3) Study Selection 

Dual independent screening leveraged multiple perspec-

tives to reliably identify quality sources [18, 14]. Ti-

tle/abstract filtering maximized efficiency while full-text 

review confirmed appropriateness. Inter-rater reliability 

quantified selection consistency, enhancing traceability. Re-

solving conflicts ensured only data meeting consensus on 
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pre-defined criteria contributed to synthesis, establishing 

rigor [45]. Eligibility assessment represented a critical quali-

ty checkpoint, and this multi-phase, multi-reviewer process 

incorporating statistical agreement measures helped solidify 

the review’s evidentiary base. 

4) Quality Assessment 

Standardized critical appraisal forms examined population 

details, interventions, outcomes and analytical soundness to 

evaluate internal validity [15]. This provided greater confi-

dence in highlighted findings by contextualizing methods, 

results and limitations. Appraising characteristics like sam-

pling strategy, measurement tools and analytical plan illumi-

nated potential biases or gaps. Documentation facilitated 

exclusion of low quality evidence from the synthesis. This 

quality evaluation step strengthened extrapolation by restrict-

ing conclusions to more robust evidence as indicated by 

peer-reviewed appraisal criteria, optimizing protection of 

human subjects and reliability of review inferences. 

5) Data Extraction 

A structured Excel database organized pertinent infor-

mation from each source for subsequent analysis [22, 46]. 

Variables such as population, setting, AI techniques and key 

outcomes sorted extracted data to efficiently screen the body 

of literature. Detailed coding allowed auditing extracted ele-

ments and facilitated retrieval. Organized compilation laid 

groundwork for deeper interrogation by sorting approaches 

and findings into uniform strata. Standardized data aggrega-

tion upheld the review’s systematic aim and traceability 

through an explicit, replicable extraction process. 

2.3.2. Conclusion 

Utilizing systematic review methodologies optimized iden-

tification of relevant scholarly literature addressing AI ap-

plications in medical physics. Implementation of comprehen-

sive search techniques across multidisciplinary databases 

helped ensure thorough interrogation of the evidence base. 

Eligibility criteria and multi-phased screening procedures 

incorporating statistical reliability assessments established a 

rigorously defined scope. Critical appraisal of study quality 

facilitated interpretation grounded in robust findings. Struc-

tured data compilation and thematic synthesis permitted in-

ductive exploration of themes directly informed by qualita-

tive data. 

Adhering to established reporting standards including 

PRISMA and ENTREQ realized transparency highly valued 

in evidence-based fields [16, 47]. While search and appraisal 

constraints introduce potential for exclusions, the applied 

strategies aimed to limit such bias through multiple fail-safes 

including conflict resolution among reviewers. Collectively, 

the review's methodological approach strengthened reliabil-

ity and traceability of synthesized insights for guiding pru-

dent innovation. Continued evolution of synthesis techniques 

will further optimize extraction of practice-oriented 

knowledge from interdisciplinary research to advance hu-

man-centered applications of emerging technologies. 

Therefore, deploying systematic processes helped achieve 

trustworthy consolidation of peer-reviewed knowledge on AI 

integration within medical physics. The established method-

ology underscores the review's objective to inform responsi-

ble progress through a rigorous examination of technical 

capabilities and considerations for equitable, community-

minded development. 

2.3.3. Promises of AI in Medical Physics Practices 

1) Automation of routine tasks 

AI shows promise for automating labor-intensive image 

analysis, treatment planning and quality assurance duties 

through computational pattern recognition and decision-

making support. This may help address workforce shortages 

and expand access to care. 

2) Personalized treatment optimization 

Machine learning techniques can support precision medi-

cine by integrating multi-dimensional patient data to learn 

optimal individualized therapy protocols balancing efficacy 

and patient-specific risks. 

3) Large-scale data aggregation 

AI facilitates indexing and mining of enormous volumes 

of imaging data, genomic profiles and clinical outcomes that 

would be impossible for humans to comprehensively search 

and correlate unaided. 

4) Rapid decision support 

Well-trained models may recommend preliminary 

scans/plans or provide rapid second opinions to help clini-

cians efficiently evaluate complex cases and exceptional 

circumstances. 

5) Continuous learning 

As AI systems encounter more data, their ability to identi-

fy meaningful patterns improves—unlike human expertise 

which plateaus. This evolutionary refinement could augment 

and standardize good clinical practices over time. 

6) 24/7 availability 

Computational solutions offer constant predictive or con-

sultative assistance regardless of location or time of day to 

support continuity of care—an infeasible standard for over-

burdened human specialists working conventional schedules. 

7) Cross-institutional collaboration 

AI-enabled platforms may facilitate sharing best practices, 

comparative effectiveness research, and coordinated trials 

across ordinarily isolated healthcare systems through feder-

ated learning from pooled clinical data. 

8) Anthropic overlay 

Augmenting AI with strategic human oversight ensures ac-

countability, contextual rationale-provision, and safeguarded 

development aligned with societal values like fairness, safety 

and transparency essential for high-stakes domains. 

9) Iterative performance monitoring 

Model performance metrics afford visibility into where 

and why AI classifications/recommendations succeed or re-

quire retraining so continuous improvement focuses re-

sources most productively. 
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10) Multi-modality fusion 

AI can synthesize and extract insights from images, genet-

ics, clinical notes and other data modalities in ways imaging 

enhancing diagnosis, forecasting and knowledge discovery 

compared to parsing individual silos independently. 

2.3.4. Ethical Risks and Considerations 

1) Data bias 

If underlying data used to train AI models reflects societal 

inequities, algorithms may replicate unfair treatment of vul-

nerable groups, necessitating proactive bias identification 

and mitigation strategies. 

2) Explainability issues 

Black box neural networks make model interpretations 

challenging, raising concerns for high-risk applications 

where providers and patients need transparency into how 

conclusions are derived. 

3) Unsuitable generalizability 

When training populations differ from target contexts, per-

formance may degrade on underrepresented patient subsets 

without cautiously assessing and expanding input representa-

tiveness. 

4) Inappropriate use cases 

Overzealous application of AI to tasks beyond its demon-

strated competencies risks flawed, if not harmful recommen-

dations—scrutiny prevents technology push endangering 

welfare. 

5) Privacy and security 

Protecting sensitive healthcare and genetic data from un-

authorized access or use requires diligent security protocols 

along with minimization, anonymization or synthetic tech-

niques respecting consent and regulation. 

6) Accountability gaps 

Dividing decision responsibilities between humans and al-

gorithms challenges traditional medico-legal accountability 

models—regulatory and organizational frameworks must 

delineate roles and oversight. 

7) Autonomy concerns 

Provider substitution by AI could undermine patient au-

tonomy if interactions lack informed choice, compassion and 

respect central to human-centered care—augmented, not 

replacement models best honor welfare. 

8) Access inequities 

High infrastructure/expertise demands risk concentrating 

AI benefits among health systems that can adopt/maintain 

them, exacerbating care gaps if access dividers are not ac-

tively mitigated through coaching, technology transfer etc. 

9) Validation challenges 

Proving safe, effective performance as required for high-

risk applications becomes exponentially more complex and 

data/time intensive for AI compared to conventional tech-

nologies—adequate resources sustain rigorous evaluation. 

10) Adverse side effects 

While intended to aid decisions, automated recommenda-

tions could paradoxically degrade outcomes if overreliance 

promotes detached, cursory clinical reasoning rather than 

conscientious, patient-centered care grounded in professional 

experience. 

11) Job disruption 

Displacing roles risks livelihoods and crucial socio-

economic contributions of healthcare workers—proactive 

retraining programs paired with deliberate human-AI integra-

tion uphold employment and standards of just transition 

management. 

12) Developers’ biases 

Personal assumptions among researchers/engineers build-

ing AI risk influencing technical choices/priorities in mar-

ginal ways that propagate harm unless continuous input from 

diverse stakeholders informs the design process. 

13) Regulatory uncertainty 

Evolving AI applications challenge traditional regulatory 

frameworks, possibly slowing oversight needed to ensure 

safety and fairness—adaptive, evidence-based governance 

cooperatively developed bolsters timely, flexible standards. 

14) System abuse 

Without controls, access to capabilities affording extreme-

ly detailed/longitudinal digital profiles raises surveil-

lance/manipulation possibilities violating ethical uses of such 

sensitive data—strict access management and policy safe-

guards uphold rights and consent. 

15) Undermining human relationships 

Overreliance on AI risk reducing caring, compassionate 

interactions critical to healthcare; technology augments but 

should not replace the human element upon which health and 

healing fundamentally rely. Regular evaluation maintains 

this principle. 

3. Conclusion 

This systematic review synthetically examined peer-

reviewed research investigating AI techniques across medi-

cal physics domains. A comprehensive search strategy and 

rigorous methodology ensured a robust interrogation and 

evidence-based synthesis of varying applications, technical 

approaches, standards and considerations for adoption 

emerging from the scientific literature. 

Key findings demonstrate substantial opportunities for in-

telligent systems to augment many labor-intensive duties 

surrounding imaging analysis, treatment planning, and quali-

ty assurance through automated decision-making and predic-

tive capabilities. Evidence also revealed prospects for AI to 

realize personalized, data-driven medicine through large-

scale aggregation and correlation of clinical factors. Promis-

ing directions encompass innovation via strategic multidisci-

plinary collaborations respecting technical, policy and hu-

manistic perspectives. 

However, responsible integration demands proactively ad-

dressing various societal risks around bias, security, explain-

ability, accountability, access equity and more. While stand-

ards and oversight frameworks begin addressing such com-
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plex issues, ongoing diligence is imperative given high 

stakes. Technical competencies alone do not guarantee ethi-

cal applications - sustained and inclusive governance empha-

sizes values like safety, fairness and transparency. 

Overall, while AI portends benefits through knowledge 

discovery and scaling expertise, current literature cautions 

against rushing integration and underscores partnership 

across stakeholders as pivotal. Both opportunities and chal-

lenges underscore priority on equity, welfare, consent and 

human-centered priorities throughout adaptive development. 

Maximal impact emerges through prudent, evidence-based 

innovation that augments rather than replaces the human 

element of care and prioritizes access irrespective of socio-

economic factors. 

Further research employing rigorous methodological and 

reporting standards can continue informing governance ena-

bling responsible progress through learning health systems 

applying AI judiciously and for the benefit of all. 

4. Recommendations 

1) Form multidisciplinary collaboratives to co-develop 

human-centered solutions addressing all stakeholder 

priorities. 

2) Establish consensus guidance on risk mitigation strate-

gies for issues like data bias, privacy, and appropriate 

use. 

3) Develop similarly structured mechanisms respecting 

consent to enable large-scale AI training while safe-

guarding privacy and autonomy. 

4) Provide training equipping current and future practi-

tioners to critically evaluate, understand limitations of, 

and leverage AI judiciously. 

5) Form regulatory sandboxes and pilot programs testing 

oversight keeping pace with technologies. 

6) Incorporate alternative modelling approaches like fed-

erated learning to decentralize data, reduce privacy 

risks, and engage stakeholders. 

7) Prioritize strengthening human relationships and com-

passionate care through explicit policies, design, and 

oversight. 

8) Conduct health technology assessments pairing per-

formance and qualitative impact data. 

9) Make research reproducibility a priority through doc-

umentation and reporting according to guidelines. 

10) Increase multidisciplinary training and funding oppor-

tunities at clinical/AI intersections. 

11) Establish participation avenues for underrepresented 

groups in setting research agendas. 

12) Benchmark continual progress through participatory 

roadmapping incorporating evidence. 

13) Disseminate findings through readily actionable, ac-

cessible summary formats. 

14) Maintain vigilance regarding unintended consequences 

through proactive analysis and reassessment. 

15) Support efforts building broad public understanding of 

promises and prudent development. 

Abbreviations 

AI Artificial Intelligemce 

DR Diabetic Retinopathy 

CT Computed Tomography 

IMRT Intensity Modulated Radiation Therapy 

QA Quality Assurance 

QC Quality Control 
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