



Module code: BMHP6026
Programme: BSc (Hons) Health and Social Care
Module: Digital Transformation in the Health and Care Professions
Assignment Title: Component 1: Written Report
Autonomous Artificial Intelligence (AI) for Diabetic Retinopathy (DR) Screening

[Student Name: Manpreet Kaur
                             Student ID: 2246813 
                            Lecturer’s Name: zakiyyah Ahmed 


Table of Contents
1.	Introduction	1
2.	Discussion	1
2.1.	Background	1
2.2.	Methodology	2
2.3.	Case implementation(s): Real-World Examples	2
2.3.1.	Case 1	2
2.3.2.	Case 2	2
2.4.	Critical Evaluation: Workforce Impacts	4
2.5.	Critical Evaluation: Service Delivery Impacts	4
2.6.	Ethical, Legal and Governance Considerations	5
2.7.	Barriers, Facilitators and Implementation Lessons	5
2.8.	Evaluation Framework and Metrics	6
2.9.	Recommendations (Policy, Workforce, Service Delivery)	6
3.	Conclusion	6
References	8

[bookmark: _Toc211078778]Introduction
Diabetic retinopathy is a major, preventable cause of vision loss affecting millions with diabetes worldwide, imposing substantial burdens; many patients miss screening because of limited access, staff shortages and fragmented services (Murthy and Harini, 2025). Autonomous artificial intelligence screening systems analyse retinal photographs with deep-learning algorithms and provide an immediate diagnostic output at the point of care without clinician interpretation; IDx-DR received FDA De Novo authorisation in 2018 and has since inspired further devices and real-world pilots. This report critically evaluates implementation in health and social care, focusing on workforce effects such as task shifting to technicians and nurses, new competency and training needs, and medico-legal accountability, and on service delivery effects including expanded access, changed referral workflows, throughput, patient outcomes and equity. It synthesises regulatory documents, pivotal trials and implementation studies to weigh benefits, improved coverage and faster results, against risks including false positives, referral burden, data governance challenges and variable performance across populations, and proposes evaluation metrics and recommendations for safe, equitable scale-up. It also supports earlier treatment to prevent vision loss.
[bookmark: _Toc211078779]Discussion
[bookmark: _Toc211078780]Background
Traditional diabetic retinopathy screening relied on ophthalmologists or trained graders who manually examined retinal images in outpatient or community settings (Liu et al., 2021). While effective, these models were resource-intensive and limited in reach, leading to long waiting times and low screening coverage in many health systems. Recent advances in deep learning have introduced automated solutions that analyse fundus images to detect referable diabetic retinopathy, offering either binary or graded results. Autonomous systems such as IDx-DR can deliver a clinical decision instantly without requiring clinician interpretation, unlike assistive AI that supports but does not replace human review (Khan et al., 2025). The pivotal IDx-DR trial led to FDA De Novo authorisation in 2018, marking the first fully autonomous AI diagnostic approved for clinical use, followed by further updates and new devices, establishing a milestone in digital medicine. Clinical studies and meta-analyses have reported high sensitivity and specificity for detecting referable disease, showing strong potential to increase screening adherence and early treatment rates. Economic evaluations further suggest that integrating autonomous AI into primary or community care reduces costs per screen, optimises workforce efficiency, and improves access for underserved populations, making it a sustainable innovation for future health systems.
[bookmark: _Toc211078781]Methodology
This assessment uses a critical review and implementation appraisal approach, examining peer-reviewed trials, real-world case studies, regulatory documents, and grey literature, including FDA access data. Studies published between 2015 and 2025 were included, focusing on autonomous AI diabetic retinopathy screening, workforce adaptation, and service delivery outcomes. Analysis considered clinical effectiveness, workforce competencies, workflow changes, and ethical governance issues. Evaluation frameworks such as NASSS and RE-AIM guided comparison of facilitators and barriers influencing implementation success and long-term sustainability.
[bookmark: _Toc211078782]Case implementation(s): Real-World Examples
[bookmark: _Toc211078783]Case 1
In many U.S. primary care pilots of autonomous AI for diabetic retinopathy, screening moved to the point of care where a patient with diabetes visiting for routine care has retinal photographs taken by a trained technician or nurse using a non-mydriatic camera. The autonomous algorithm processes the images either locally or through the secure cloud connection and the system delivers a clear binary answer referable or non-referral, within minutes enabling the staff to provide immediate referral instructions or write a reassurance. This workflow underwent testing in its landmark multi-site trial which justified regulatory clearance and subsequent rollouts in clinics and other retail clinic rollouts with more exam completes, and a larger rate of on-site screening (Opie, 2021). In real-world reports, they indicate practical gains in better access and more rapid action, as well as key areas of implementation demand. They also include consistent image quality, employee education in acquisition and patient contact, integration of EHRs with other systems, and continued quality assurance and coordination and supervision of follow-up (Lee et al., 2025). These operational concerns make or break point-of-care screening that leads to vision loss or merely transfers the load to latter services.
[bookmark: _Toc211078784]Case 2
Safety-net clinics, autonomous AI diabetic retinopathy screening has been used in community health centres and a screening pilot on school screening to cover areas with no ophthalmologists by providing on-site retinal examination (Wolf et al., 2021). Pilot and cohort studies demonstrate higher levels of uptake and completion of screening in underexplored groups in case staff collect pictures and the software provides the client with an aura or non-referable answer, meaning that the client gets an advice or referral within the identical day. The implementations need a fundus camera, non-mydriatic table or handheld, and certified AI software and proper IT work to combine the outcomes with the electronic health records and reporting frameworks (Kumar and Paul, 2023). Data are to be well governed: explicit consent, transfers to be encrypted, data storage policies and legal. Programs should outline reporting procedures and clinical escalation, thus cases referrable to ophthalmology should arrive there and their further outcome monitored. Training usually involves short, focused sessions for technicians or nurses, competency checks and ongoing quality assurance (Yenice, 2021). Real-world reports warn that without EHR integration and planned specialist capacity, increased detection can overwhelm follow-up services and limit clinical benefit.
Table 1 Case Summary
	Aspect
	Case 1: U.S. Primary Care Point-of-Care Implementation (IDx-DR Pilots)
	Case 2: Community Health / Safety-Net / School-Based Screening

	Setting
	U.S. primary care and retail clinics
	Community health centres, safety-net clinics, and school screening pilots

	Workflow
	Patient attends for routine diabetes care → nurse/technician captures fundus images → AI analyses locally/cloud → result (referable/non-referable) returned in minutes → immediate referral or reassurance
	Technician/nurse captures retinal images → AI provides on-site referable/non-referable result → patient receives same-day advice/referral

	Equipment & Technology
	Non-mydriatic fundus camera, autonomous AI software, EHR integration
	Fundus camera (tabletop/handheld), certified AI software, IT system linked with EHRs and reporting frameworks

	Key Benefits
	Faster access, increased screening completion, reduced referral delay, improved workflow efficiency
	Expanded screening coverage in underserved areas, improved uptake, faster diagnosis and referral

	Implementation Challenges
	Image quality consistency, staff training, EHR integration, follow-up coordination, quality assurance
	Data governance (consent, storage, encryption), limited specialist capacity, need for IT interoperability and clear escalation protocols

	Training Requirements
	Structured training in image acquisition, patient communication, and system use
	Short, focused training with competency checks and ongoing quality audits

	Outcomes & Lessons
	Demonstrated regulatory justification and clinical impact; practical success depends on sustained QA and integration
	Effective for increasing access, but risks overwhelming downstream services without capacity planning



[bookmark: _Toc211078785]Critical Evaluation: Workforce Impacts
AI Autonomous AI screening moves the reading of regular images off ophthalmologists and graders networks onto nurses and technicians. This task moving-around would release specialist time and expand the scope of screening, but introduces the burden of image taking, patient communication, and referral handling. Good quality images are clearly crucial; poor quality image will lower the accuracy of the algorithms and lead to false outcomes, resourceful personnel must be structured, skilled and audited (Peker et al., 2023). The models of training are different, but short-term courses are supported by the practice under the supervision and revalidation. When software already provides a conclusive result without the supervision of a clinician, then professional boundaries are weakened. Responsibility of false negatives or positives is debated and needs concrete organisational procedures, purposeful intended use in regulatory guidelines and contractual transparency of clinical supervision. Paying and credentialing should take into consideration emerging positions and reimbursement and authorisation of staff (Chappell et al., 2021). Automation has both positive and negative impacts on work satisfaction: it prevents repetitive grading while it can induce panic in losing a job or deskilling among experts. To optimise the benefit, they should plan to remodel workforce, train graders to become quality assurers, track outcomes and integrate governance, funding and training.
[bookmark: _Toc211078786]Critical Evaluation: Service Delivery Impacts
The autonomous AI modifies daily screening by providing opportunistic retinal examinations in routine primary care; and an imaging technician takes pictures, and the AI makes an instant referable or non-referable decision, which results in referral or reassurance on the same visit. The patient used to wait and miss exams because before AI, it was possible to have several ophthalmology visits or centralised grader programs (Wolf et al., 2024). It is a more rapid route to detention which saves on time-to-result and may increase the number of treatable diseases hence decrease referrals places a strain on referral systems as more sensitive algorithms raises referrals and false positives results in patient anxiety. Implementations address this with triage thresholds, confirmatory human review pathways and staged referrals, but these require capacity planning. Evidence shows improved screening uptake and throughput in underserved areas, yet benefits depend on camera availability, staff training, and patient communication; without these, inequalities may worsen (Kotronoulas et al., 2025). Seamless service delivery needs EHR integration, secure reporting of AI outputs, audit trails and routine monitoring for model drift and camera failure. Effective scale-up requires IT interoperability, defined escalation pathways, and revalidation to maintain safety and benefit.
[bookmark: _Toc211078787]Ethical, Legal and Governance Considerations
Autonomous AI screening raises immediate questions about who is legally and ethically responsible for screening decisions, since devices can return a diagnostic result without clinician review. Regulatory documents for IDx-DR and FDA guidance emphasise the device’s intended use, the need for clear clinical workflows, and the requirement that organisations set local oversight and referral protocols (Nguyen et al., 2022). Patient retinal images are sensitive health data and must be handled under privacy rules such as HIPAA and GDPR; secure storage, honest patient information and explicit consent or lawful bases for processing are essential to keep data safe and to maintain trust. Algorithms may not perform equally across ethnic groups, camera types or settings, as validation studies in diverse populations and reviews of sociodemographic reporting show, so continuous monitoring, subgroup audits and retraining plans are needed to avoid worsening inequities. Evidence shows patients and clinicians are more likely to accept AI screening when benefits, limits and follow-up pathways are explained and when human oversight is preserve (Macheka et al., 2024). Therefore, transparent communication, data-processing agreements and governance structures are vital to ensure responsible, equitable deployment.
[bookmark: _Toc211078788]Barriers, Facilitators and Implementation Lessons
Successful implementation of autonomous AI screening depends on clear regulatory approval, evidence of clinical safety, efficient point-of-care workflows, and staff training supported by strong leadership and EHR integration. Common barriers include high equipment costs, IT incompatibility, unclear reimbursement models, and clinician liability concerns (Adler-Milstein et al., 2022). Pilot studies show these can be reduced through phased rollouts, funding partnerships, and continuous quality assurance. Long-term sustainability requires structured governance for software updates, maintenance, and model revalidation to ensure reliable and equitable performance over time.
[bookmark: _Toc211078789]Evaluation Framework and Metrics
Evaluation should measure clinical outcomes (sensitivity, specificity, rates of referable DR detected and sight-saving interventions), service metrics (screening coverage, time-to-result, referral rates and specialist wait times). It should also measure workforce indicators (role changes, training completion, staff competence and satisfaction), economic measures (cost per screen, cost per case detected); equity (coverage by socioeconomic and ethnic groups). Data governance must mandate routine audits, periodic random human reads for QA, logging AI failure and no-result rates, and a patient outcome follow-up registry. Short-term evaluation is 6–12 months; medium term 1–3 years to assess impact and sustainability.
[bookmark: _Toc211078790]Recommendations (Policy, Workforce, Service Delivery)
Policymakers should fund the necessary capital cameras and validated software and create commissioning pathways (Althaus et al., 2021). These pathways reimburse AI-enabled screening as part of routine diabetes care, since without funding and clear payment models services cannot scale. Health service managers should run phased rollouts with pilot evaluations to test local workflows, invest in training for image acquisition and quality-assurance roles, and plan specialist capacity to handle any rise in referrals; pilots should include predefined success criteria and contingency plans for referral surge. Clinicians and workforce planners must reskill grader staff into QA, oversight and care-coordination roles, clarify medico-legal responsibilities so staff know who signs off on pathways, and preserve clinician oversight for complex or ambiguous cases. Technical teams must prioritise EHR interoperability, secure data governance, and contract terms that guarantee timely software updates, performance monitoring and vendor accountability (Khan, 2022). To protect equity, deployment should prioritise underserved communities, require algorithms to be validated across diverse populations and camera types, and track equity metrics routinely; implementation funding and community engagement are essential to prevent widening disparities.
[bookmark: _Toc211078791]Conclusion
Autonomous AI screening for diabetic retinopathy is a validated, regulatorily authorised innovation that can extend screening reach, speed detection, and shift screening into primary care and community settings. Successful adoption depends on workforce adaptation with clear training and competency frameworks, robust IT interoperability, and strong governance for accountability, consent and data protection. Implementation must monitor diagnostic performance, downstream referral impact and equity outcomes to avoid unintended harms such as specialist overload or differential performance across groups. Commissioners should fund equipment and service pathways while managers plan phased rollouts, training and capacity for follow-up. With careful governance, evaluation and equitable deployment, autonomous AI can be a valuable, sustainable component of programmes to prevent vision loss from diabetes globally and locally effectively.
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