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[bookmark: _Toc241960602]INTRODUCTION 
Diagnostic services are one of the first areas in which Artificial Intelligence (AI) is being used in health and social care services in the UK, which are at an early stage of using digital technologies. Medical imaging is particularly ideal: it produces large amounts of standardised digital information, utilises limited resources, and requires pattern recognition that's ideal for prioritisation and decision support. According to the Royal College of Radiologists (2024), there is a significant shortage of radiologists, and AI has to be built on capacity rather than promise. This report addresses the analysis aspect of AI-assisted medical imaging: the types of applications supporting the diagnosis and/or triage and/or analysis of medical images within UK health services. 
To avoid having a list of non-related tools, it focuses on the use of AI in the context of mammography in NHS breast screening, and of the use of AI in NHS chest diagnostics, for which there is limited UK evidence in Europe. Imaging projects are continuing with real-world evaluation in line with NHS England's (2024) guidance on imaging projects' progress, and a national breast screening trial, 'EDITH', of approximately 700,000 women has been established by the Department of Health and Social Care (DHSC) (2025). The report assesses the impact on the workforce, services provided, patients and communities in relation to implementation and effects. “While AI can enhance human diagnostic skills in certain domains, its efficacy extends beyond mere algorithmic accuracy to factors such as human capacity, workflow integration, oversight, trust and equity. Each point is considered within each dimension, with benefits and limitations assessed in each case.
[bookmark: _Toc241960603]AI IN MEDICAL IMAGING: INNOVATION AND UK IMPLEMENTATION CONTEXT 
In imaging, AI typically refers to deep-learning models used for identifying patterns, assessing cancer risk, or prioritising worklists, models that are trained on labelled images. The important clinical consideration is the role played in a pathway: whether this is a decision support role, a triage role or an independent reading role. The studies presented in this work use prospective breast screening studies in which the human reader remains responsible, although retrospective work has been used to test AI in independent reading mode (Sharma et al., 2023). So, AI is part of a socio-technical system where outcomes are influenced by the interactions between the professionals, the protocols, and infrastructures (Hogg et al., 2023).
[bookmark: _Toc241960604]UK Implementation
Women between 50 years and 71 years of age are invited to be screened in England every 3 years, normally by two readers and arbitration. Two aspects of this pathway will be tested on a large scale: AI assimilation in EDITH (DHSC, 2025) and the evaluation of products like Mia, which will provide earlier learning (NHS England, 2024). As the evidence from the UK is still emerging, this is supplemented by evidence from screening systems in Sweden, Germany and Hungary, although the latter is not always readily transferable.
[bookmark: _Toc241960605]Implementation Maturity
There is a wide variation in maturity. Drivers of transformed practice: NHS England (2024) adds that a product's existence does not indicate transformed practice and so distinguishes between the three drivers of validation, prospective deployment or deployment at multiple sites, and multi-site evaluation. MASAI is a randomised trial (Hernström et al., 2025), PRAIM is a multi-site approach (Eisemann et al., 2025), and NHS chest diagnostics provides an example of the rapid drop in funded tools into routine use (Ramsay et al., 2025). In contrast to the supremacy of outcomes, costs and workforce (Lawrence et al., 2025), radiology AI evidence benefits seem to focus on accuracy.
[bookmark: _Toc241960606]IMPACT ON THE HEALTH AND SOCIAL CARE WORKFORCE 
By using AI as a screening tool, readers move away from uniformity in reading every examination and focus more on the supervisors' responsibility of conducting risk-stratified workflows. In MASAI, the drop in screen reading workload was 44.3% (Lång et al., 2023). However, the impact of saved reading can be negated by related arbitration, verification and governance activities, which depend on the level of complexity being undertaken for the released capacity.
[bookmark: _Toc241960607]Workforce Competencies
There are new skills that have been identified, such as the ability to interpret risk scores, identify failure modes and maintain independent judgement. The concept of accountability, trust and preparedness is a recurring concern among stakeholders in the UK (Fazakarley et al., 2023), while the concept of knowledge gaps is also mentioned, alongside other factors such as the fit of workflows (Hogg et al., 2023) as recurring barriers. 
[bookmark: _Toc241960608]Potential Benefits
AI could target the highest-risk exams and boost the rate of detection. AI as an additional reader also identified cancers missed by double reading in Hungary (Ng et al., 2023). AI assistance for reading was correlated with higher detection rates in Germany without an increase in detection rates (Eisemann et al., 2025). 
[bookmark: _Toc241960609]Negative Consequences
The first risk is the potential for automation bias, as radiologists' misreading of AI-generated BI-RADS suggestions was evident in a reduced accuracy rate, especially among less experienced readers (Dratsch et al., 2023). Without dependence, skill is weakened, and so is the safety guard, which current implementations rely on: human supervision. There is also an uncertain sense of accountability in cases where the reader does not agree with the algorithm (Fazakarley et al., 2023). The measurement of workforce transformation should be by redistribution, not task reduction. 
[bookmark: _Toc241960610]IMPACT ON SERVICE DELIVERY  
With AI, two unique redesigns come (Figure 1). Triage, like in MASAI, assigns one reading to low-risk examinations and double reading to high-risk examinations; in the additional-reader model, there is a check for double reading (Ng et al., 2023). The first is the reallocation of effort, and the second is an increase in scrutiny. It's not the presence of AI that makes changes; it's the design of the pathway.
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[bookmark: _Toc242549047]Figure 1. Screening Pathway Comparison
[bookmark: _Toc241960611]Efficiency and Capacity
Even though work was reduced by approximately 44% among the participants, there can be substantial capacity gains in a majority of cases (Hernström et al., 2025); reading is only one resource, and recall, assessment, and arbitration are still required. Vargas-Palacios et al. (2023) present results indicating that the cost-effectiveness of the UK service takes into account the performance of AI in comparison to human readers and the cost per screen. 
[bookmark: _Toc241960612]Diagnostic Performance
The AI detection rate was found to be higher for all three designs in Figure 2, although this cannot be compared directly with specific studies (Table 1). 
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[bookmark: _Toc242549063]Table 1. Key Evidence on AI-Supported Breast Screening
[Source: Own Illustration]
MASAI reported an increase in detection, matched by false positives (Hernström et al., 2025), whereas Screen Trust CAD showed non-inferiority (Dembrower et al., 2023), PRAIM showed higher detection with no increased false positives (Eisemann et al., 2025), and a retrospective study concurred (Sharma et al., 2023). However, the ability to detect cancer is performance, not outcome; additional cancers could become asymptomatic, and interval-cancer and mortality effects are not demonstrated in these analyses.
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[bookmark: _Toc242549048]Figure 2. Cancer Detection per 1,000 Screened, AI-Supported vs Standard Reading
[bookmark: _Toc241960613]Interoperability and Infrastructure
Ramsay et al. (2025) reported that the process of procurement and early deployment was not as rapid or smooth as initially expected for chest AI in NHS England due to integration with local IT systems and governance and capacity challenges. That makes it essential to define infrastructure, cyber security and maintenance as part of the intervention, not its surroundings.
[bookmark: _Toc241960614]Positive vs Negative Service Outcomes
Table 2 matches up each service improvement with the condition that each relies on. The allocation of reading tasks has been transformed more convincingly by AI than the delivery of services across the board, and claims made for the services must be substantiated by corresponding waiting times, recall, costs, and outcomes data, which is far rarer in most studies.
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[bookmark: _Toc242549064]Table 2. Service Delivery Improvements and Their Limiting Conditions
[Source: Own Illustrations]
[bookmark: _Toc241960615]IMPACT ON PATIENTS/SERVICE USERS 
While earlier detection and reduced bottlenecks could lead to a decrease in time to results, there is little evidence to date regarding time to results that relates to patient experience. According to Lawrence et al. (2025), there is insufficient evidence to suggest benefit because it has not been demonstrated. Conditional acceptance (Gatting et al., 2024) was indicated during focus groups in England, where participants appreciated the possible gains in accuracy but had concerns about human oversight and transparency. It was also found that acceptability can differ based on the type of role AI is playing in a randomised survey (Gatting et al., 2025). 
[bookmark: _Toc241960616]Human vs Technological Care, Safety and Diagnostic Risk
AI may augment the human-centred approach to care when it saves time that can be devoted to communication or diminish it when decisions are made remotely and are not transparent to humans. They assert that it is a design choice, not a technological inevitability (Gatting et al., 2024). Necessary delays in cancer care due to missed and unnecessary recalls cause anxiety. All of this has been done in support of the safety analysis of AI-supported reading (Lång et al., 2023), yet automation bias (Dratsch et al., 2023) enlightens us about how appropriate reliance can break down. In situations where there is disagreement between AI and a clinician, the responsibility for such decisions must be clearly established prior to deployment.
[bookmark: _Toc241960617]Privacy, Data and Equity
Mammograms are sensitive personal information; model development, vendors' access to the models, and potential for secondary sharing of data generate privacy and cybersecurity concerns. Transparent governance becomes a necessity for rights legitimacy, rather than just adherence, due to public worries regarding data usage (Gatting et al., 2024). With strong performance at the aggregate level, there may be imbalance in performance in the smaller parts contributing to it, and it may also be subject to bias from data collection to deployment (Drukker et al., 2023). The trial evidence does not provide a picture of performance in UK ethnic, age or socioeconomic groups, so there is no evidence of equity, with the implication that this is for whom AI is improving performance in screening.
[bookmark: _Toc241960618]IMPACT ON COMMUNITIES AND POPULATION HEALTH 
When the reporting process operates through AI, it can be separated from place and location, so it can extend limited capacity beyond major centres (Royal College of Radiologists, 2024). In the UK, it is potentially available as it relies on connectivity and interoperable systems (Ramsay et al., 2025).
[bookmark: _Toc241960619]Family, Carers, Co-Production and Public Involvement
Improved turnaround may decrease the level of uncertainty, over-appointment and travel for families and carers. The time spent on false-positive recalls contributes to distress for families. Public engagement in the cited work is mainly in the form of consultation (Gatting et al., 2025), with the Christian party taking attitudes rather than affecting design decisions or governance. Consultation is not a form of co-production.
[bookmark: _Toc241960620]Health Inequalities and Public Health Implications
Screening uptake is different across deprivation, ethnicity and geography and occurs with women who attend screening only. Inequalities may be exacerbated if there is greater accuracy for attendees in a situation where there is continued non-attendance, or if training data under-represents minorities of people (Drukker et al., 2023). AI is not an equity-neutral program. It is important to detect at an early stage to affect population outcomes, but it is important to avoid overdiagnosis; recalls and resource requirements should not be overlooked. While we did see similar false positive rates with MASAI (Hernström et al., 2025), interval cancers will be used to make a comparison of population benefit with stage and mortality, and may be evidence that EDITH provides (DHSC, 2025).
[bookmark: _Toc241960621]INTEGRATED EVALUATION 
It is found that without putting the four dimensions together, you end up with a set of dependent conditions (Figure 3). Efficiency is related to the skills of the human workforce, because supervision of the AI is crucial to whether its output or lack of it serves to enhance or interfere with the ability for that human to make a judgment (Dratsch et al., 2023). There is a dependency between service quality and the integration and validation and the cost (Vargas-Palacios et al., 2023), between patient outcomes and treatment and the establishment of trust (Gatting et al., 2024), and between community equity and the representative data and governance structure (Drukker et al., 2023). The links are capable of failing independently. The apparent contradiction in encouraging trials and immature implementation evidence (Lawrence et al., 2025) can be explained by the fact that trials demonstrate efficacy when the variables are controlled, while implementations require effective use within diverse systems in the NHS.
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[bookmark: _Toc242549049]Figure 3. Conditional-Benefit Model Linking Efficiency to Community Equity
[bookmark: _Toc241960622]CONCLUSION 
So far, AI-assisted mammography has revealed more practical changes in the way that mammography is read than that its outcomes actually change. Trials demonstrate increased detection rates and a significant reduction in reading workload. However, there is not enough evidence regarding interval cancers and waiting times, and there is limited evidence on impact in the UK. In all dimensions, demands for workforce relief are balanced by competency requirements and automation bias; gains for services are contingent on integration; gains for patients depend on oversight; gains for communities depend on the representativeness of data and equal use. The impression is thus qualified: AI can support the ability to diagnose where there are training, local validation, infrastructure, governance, and equitable analyses, and the outcomes rather than accuracy should be used to judge trials.
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