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[bookmark: _Toc243142809]1. Introduction 
The use of AI in diabetic retinopathy screening offers opportunities to transform the way we think about and organize screening capacity, clinical ability and referral. Joseph et al. (2024) showed strong diagnostic accuracy across real-world studies. However, important variations across different settings show that the presence of technical accuracy does not always guarantee clinical utility. Therefore, when assessing AI, we must consider the image quality, the level of human oversight, and the socio-technical context within which it is being implemented. 
In England, the same process has happened with diabetic retinopathy screening. The NHS has funded an evaluation of AI but has not resulted in the wholesale substitution of human grading. Macdonald et al. (2025) contend that AI should not be integrated into diabetic eye screening until more evidence is available to support its safety. Thus, the critical challenge is not to become first to market with a new technology but implement an effective solution to address the challenges faced by the current diabetic eye screening program. 
This report analyses AI-assisted diabetic retinopathy screening by looking at the workforce, service delivery, and the patient experience. Risks include professional accountability, readiness to implement, diagnostic uncertainty, and patient trust. The main question here is whether AI-support automates and improves existing diagnostic screening processes, or does it meaningfully transform the service? 
[bookmark: _Toc243142810]2. Case Study Background 
Diabetic retinopathy screening faces a capacity challenge because of the sizeable number of retinal images that must be assessed systematically while sight-threatening disease must be identified on time. Joseph et al. (2024) showed that in real world situations, certain AI-based screening systems can achieve a strong level of diagnostic performance. Variation in clinical environments limits the assurance that improved diagnostic performance through AI means improved healthcare. The problem is whether AI can increase capacity while maintaining integrity and equality in clinical judgment and safety. 
AI-assisted diabetic retinopathy screening started with algorithms that could assess image assessment and is moving towards real world NHS screening. Heydon et al. (2021) showed that AI could be used to perform automated screening on 30,000 cases, thus demonstrating the potential for automation at scale. However, the integration of AI-based screening in the NHS is still questionable because Macdonald et al. (2025) argued that while diagnostic accuracy is important, other aspects like real world safety and effectiveness must be addressed. Recently, NHS England (2024) launched the AI in Health and Care Award to incentivise the real-world testing of AI technologies to increase the pace of the evidence-based innovation within the NHS. 
Many people, including patients, diabetes eye screening staff, ophthalmologists, those who develop and commission the technology within the framework of the NHS England program, have acknowledged the potential benefits of improving the efficiency of diabetes eye screening. However, they have expressed concerns about the security of personal data and the potential for professional accountability and liability. The main question in the case of the integration of AI in diabetes eye screening is whether such technologies should be integrated to support human graders or to fully replace human graders. The UK National Screening Committee (2021) has stated the need for stronger evidence before embedding automated grading. Therefore, in the case of the NHS integrating such technologies, the focus should be on the clinical outcomes, governance, and equity, rather than the technology’s performance. 
[bookmark: _Toc243142811]3. Evaluation of Workforce Impact 
AI has the potential to fully automate processes and subsume some or all the tasks currently performed by humans. Farahat et al. (2024) proved that in the case of diabetic retinopathy screening, AI has the potential to achieve high diagnostic performance. As a consequence, the rapid and large-scale screening of the diabetic population, which currently relies on human graders, may be fully automated. However, various activities, from first assessment of the quality of the image to clinical escalation of significant cases, will remain the responsibility of health care professionals. Therefore, the potential of AI in this case should best be regarded as the rapid automation of certain processes currently performed by human graders. 
Equally significant are the implications for professional competence. Tahir et al. (2025) showed AI outperforming manual screening in a range of comparisons, but positive comparative performance against manual screening does not warrant practitioners disengaging from clinical decisions. Staff should be able to identify inappropriate classifications, discern when algorithmic outputs are inadequate and unreliable, and maintain clinical judgment. This means a dual digital and clinical expertise divide is required. Consequently, the initial requirement may be an increase in training and supervision. 
Automation of decision-making processes in diagnostic services could enhance productivity and allow staff to focus on more complex work, as noted in the assessment of AI for chest x-ray interpretation. Alqahtani et al. (2025) reported strong performance of AI in the field of neonatal screening. This offers the possibility that services may be able to respond to increasing demand for diagnostic screenings. Yet, releasing staff capacity is context dependent, and may require a risk-benefit assessment. NHS England (2024) states that for AI to be fully integrated within healthcare, its performance, integration, and governance must be assessed. Unreliable automation may require staff to perform assessments to ensure patient safety. 
AI-based screening may further enhance capacity of workforce by minimizing repetitive image-grading workflows and enabling human experts to focus on more complicated cases, quality control and clinical escalation. Farahat et al. (2024) found good diagnostic performance in AI screening research, and Heydon et al. (2021) showed automated assessment over 30,000 patients. These are some interesting findings to note that AI may enable services to handle volumes of images without staff increases in tandem with demand. But the result of capacity gain will be affected by the redesign of roles. Willis et al. (2026) reported that healthcare professionals (HCPs) identified potential efficiency gains, but most were against substituting human grading. This helps to foster an augmentation model of automation that is one in which the professional skill set is not displaced or superseded by automation. The most important indicator should be if staff time is reallocated for higher value clinical work and competence and accountability are maintained. To improve the workforce in routine screening by translating the capability into training, clear escalation responsibilities and monitoring of net workload. 
The distribution of benefits may also be uneven. Even if AI for diagnostic imaging is able to safely make clinical decisions, it is likely that not all services, especially those with limited capacity and resources, would experience benefits evenly. Resource and implementation considerations are also cited in the NICE (2021) diagnostic reporting guidelines in conjunction with clinical evidence. The assessment and assurance of quality are as important as productivity. In general, AI should be viewed to increase the capacity of the workforce rather than as a substitute for professional expertise. According to Young et al. (2021), the public’s attitudes to clinical AI reflect expectations of human involvement and concern for responsibility, showing the importance of having a professional expert in oversight. The benefit for the workforce therefore rests on whether the NHS services make automation work for them by safely re-allocating staff time, including providing staff with the appropriate training, governance and oversight. 
[bookmark: _Toc243142812]4. Evaluation of Service Delivery 
The introduction of AI-supported diabetic retinopathy screening into a service could greatly improve service delivery by helping to increase screening capacity, speeding up identification of patients requiring referral and reducing the need for manual assessment of routine images. As per Tufail et al. (2017), the use of automated image assessment software for screening could help meet the demands for a cost-effective way to automate image assessment, thus releasing staff time and improving the use of screening resources. The findings of the study referenced should not be seen as evidence that AI can automatically deliver equivalent benefits across the NHS. 
A primary advantage of being a central service delivery is the potential to process larger volumes of retinal images consistently. According to Macdonald et al. (2025), there is a need to provide evidence on the use of AI in diabetic eye screening to demonstrate it operates effectively within the screening pathway and improves the overall efficiency of the service rather than focusing on diagnostic accuracy. An AI algorithm can be embedded in a workflow to help improve service delivery; however, there is a risk of service disruption if integration of the technology creates delays, increases verification requirements, or defines referrals vaguely. 
Service delivery efficiency also hinges on how uncertain and abnormal results are managed. The UK National Screening Committee (2021) reported continuing evidence requirements on the automation of grading, especially in the context of the type of results that may be safely embedded in national screening pathways. The NSC also highlighted the need to take a systems approach to evaluate service delivery, for example false negatives may mean that an individual does not get referred for an eye test and may need to be seen by an ophthalmologist, and false positives may mean an individual gets referred for an eye test unnecessarily which adds stress on already strained eye services. The overall objective should be to optimize the overall system rather than fully automate the pathway. 
In the context of service delivery, AI-based screening might enhance efficiency and uniformity by analyzing retinal photos and flagging those that require further clinical evaluation. Heydon et al. (2021) proved it possible to perform automated screening at scale, and Tufail et al. (2017) showed that automated image-assessment software may be a potentially cost-effective alternative to human scoring. These results help to develop a more effective allocation of the overall resource, but do not constitute evidence of savings from every contemporary system. Macdonald et al. (2025) pointed to the need to assess the performance of AI throughout the screening process and not just based on diagnostic accuracy. Only when referrals are appropriate, follow-up occurs in a timely fashion and downstream eye services can respond will the faster grading be a meaningful source of service value. Similarly, NHS England (2024) emphasises the need for real-world evaluation. Instead, success should be measured in pathway performance, safety, referral outcomes and costs; these should provide evidence of service improvement at a measurable level across NHS screening services as a result of automation. 
Additionally, there are financial and operational impacts of the investment in the technology. NICE (2021) highlighted that a trade-off exists between the impacts on resources and the positive impact on clinical outcomes, and this should be considered. A system may appear cost saving in the short term due to eliminating the need for manual grading; however, this may not be the case if the service still requires significant infrastructure and human oversight. Hence, to ensure that a service is cost effective in the long term, the overall pathway, including referral and clinical workload, should also be considered. 
NHS England (2024) uses real-world AI evaluations to assert that technology must be assessed in a real-world operational environment, rather than a controlled environment. This supports a key judgement. AI could strengthen the capacity and consistency of delivery of the diabetic eye screening service. However, this depends on the translation of technical performance into safer and more efficient pathways. Service transformation is dependent on integration, governance, and downstream capacity rather than automation. 
[bookmark: _Toc243142813]5. Conclusion and Recommendations 
AI-supported diabetic retinopathy screening has the potential to positively impact eye health within NHS England. Despite the strong potential of the technology, the benefits will be largely dependent on the implementation. The AI-supported diabetic retinopathy solution evaluated within the scope of this report has the potential to increase the capacity of the eye health screening workforce, reduce mundane, repetitive and time-consuming grading work, and increase the timeliness of identification of patients requiring urgent referral. The development and integration of this and similar solutions to address 'burning platform' challenges, should be prioritized. Equity and safety will still be important considerations. Given the strength and potential of the technology, confidence should not be of primary concern.
There are three recommendations. First, AI should not fully replace human judgment in NHS screening services. Adequate human judgment should remain to oversee uncertain, abnormal and technically unsuited cases. There should be clear accountability for decisions. Second, AI should be coupled with structured workforce development to understand limits of AI, escalation processes and their continuing responsibility. Third, there should be ongoing evaluation of safety, equity, cost effectiveness of AI-enabled services, rather than relying on assessments of improvements in accuracy and speed. Overall, AI has a positive impact on a number of services supported by evidence, but sustainable transformation should be anchored on protection of accountability of the workforce and confidence of service users. 
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