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1. Introduction and rationale
Artificial intelligence (AI) is increasingly being used in healthcare to support activities such as diagnosis, risk prediction, image interpretation, and clinical workflow. Within the NHS, AI is being considered one response to rising demand, workforce pressures, and the increasing volume of clinical information. The potential value of AI is not limited to replacing a task; clinical decision-support systems (CDSS) can provide additional information to clinicians so that professional judgement is informed by data-derived predictions or recommendations. UK policy has supported the evaluation and adoption of AI, including diagnostic applications. In 2025, the Department of Health and Social Care described direct-care applications such as diagnostic decision support as an area for AI testing, while NHS England guidance states that AI should support professional practice and that final decisions about patient care remain subject to professional judgement.
However, the existence of a technically accurate algorithm does not establish that it improves care. Clinical decisions take place within complex systems involving patients, clinicians, staffing, information technology, organisational processes and professional accountability. An AI system may perform differently when used by clinicians than it does in a retrospective dataset. It may also create false positives, false negatives, automation bias, additional workload or uncertainty about responsibility. These issues are particularly relevant in the NHS, where implementation must work across diverse organisations and patient populations.
The evidence base is developing quickly. Research has reported benefits in diagnostic accuracy and workflow, but other studies show limited effects on meaningful patient pathways. For example, the 2026 LungIMPACT randomised controlled trial found that AI prioritisation of primary-care chest X-rays did not significantly reduce time to CT or lung-cancer diagnosis across five NHS trusts. This illustrates why evidence needs to consider clinical outcomes and implementation rather than technical performance alone.
This scoping review therefore maps selected peer-reviewed evidence concerning AI-supported clinical decision-making in UK/NHS healthcare. It focuses on reported benefits, challenges and ethical considerations and considers implications for safe implementation.
2. Review question
What is known about the use of artificial intelligence to support clinical decision-making in NHS healthcare, and what benefits, challenges and ethical considerations are reported in the peer-reviewed literature?
3. Objectives
The objectives were to:
1. identify peer-reviewed research examining AI or AI-enabled clinical decision support relevant to NHS healthcare;
2. Describe the clinical settings and forms of decision support represented in the literature;
3. Map reported benefits for clinicians, services and patients;
4. Identify implementation, professional and technical challenges;
5. examine ethical issues including safety, bias, transparency, privacy and accountability; and
6. Identify implications for future NHS implementation and research.
4. Background
AI in clinical decision-making includes a wide range of technologies. Machine-learning models can estimate risk from structured clinical data; computer-vision systems can identify abnormalities in medical images; and more recent generative or large multimodal models can process text, images and other information. Clinical decision support does not necessarily mean that AI makes the final decision. In many NHS applications, the intended model is assistive: the system produces an alert, prioritisation, prediction, or recommendation that is reviewed by a healthcare professional.
The policy context emphasises both opportunity and control. The UK Government's 2025 AI Opportunities Action Plan identified NHS diagnostic AI as an area in which successful technologies could be scaled. NHS England guidance advises health and care professionals to use professional judgement and states that the final decision about care should be made in consultation with the patient or service user. The World Health Organization similarly identifies benefits in diagnosis and clinical care while highlighting risks associated with inaccurate outputs, bias, privacy, automation bias and cybersecurity.
These principles are important because clinical decision-making involves uncertainty. A prediction may be statistically useful without being correct for every individual. Performance can also change when a system is introduced into a different hospital, population or workflow. Consequently, evaluation should include external validation, prospective testing, clinical outcomes, usability, equity and monitoring after deployment.
5. Methods

5.1 Design
A focused scoping-review approach was used to map the available literature rather than estimate a single pooled treatment effect. The structure was informed by the principles of PRISMA-ScR. The review question was broad enough to include different AI technologies, clinical settings, and research designs.
5.2 Search strategy
A structured search strategy was developed around four concepts: AI, clinical decision support/decision-making, healthcare and the UK/NHS. Key terms included “artificial intelligence”, “machine learning”, “AI”, “clinical decision support”, “clinical decision-making”, “diagnosis”, “NHS”, “National Health Service” and “United Kingdom”. PubMed was used as the principal academic database for identifying eligible peer-reviewed studies, with journal and publisher records used to verify bibliographic details. The search was supplemented by citation checking of relevant studies.
The review was deliberately focused on recent evidence, reflecting the rapid development of AI. Publications from 2019 to September 2026 were considered, with particular attention to research conducted in NHS or UK settings. Peer-reviewed primary research and systematic reviews were eligible. Policy documents and guidance were not treated as review studies; they were used only for background and interpretation because the assignment instructions exclude them from the analytical sample.
5.3 Inclusion and exclusion criteria
Studies were included when they: (1) were peer-reviewed journal research; (2) examined AI, machine learning or AI-enabled clinical decision support; (3) related to clinical decision-making, diagnosis, prediction, prioritisation or treatment decisions; and (4) were conducted in, directly involved, or had clear relevance to UK/NHS healthcare.
Editorials, commentaries, conference abstracts, policy papers, government reports and studies without a clinical decision-support component were excluded from the analytical sample. Studies focused only on administrative AI were also excluded unless their findings directly informed clinical decision-making.
5.4 Study selection and synthesis
After screening for relevance to the review question and applying the eligibility criteria, five peer-reviewed UK/NHS studies were selected for detailed synthesis. These included a large NHS randomised controlled trial, a UK radiography experimental study, a Scottish qualitative implementation study, a South West London NHS implementation study, and an English NHS primary-care qualitative study of AI-supported prescribing. The studies represented radiology, diagnostic decision-making, implementation and primary care. Because the studies differed substantially in design, population, AI application and outcomes, a narrative thematic synthesis was used rather than statistical meta-analysis.
6. Results

6.1 Characteristics of included studies
The five studies demonstrate the breadth of AI-supported decision-making.
Woznitza et al. (2026) conducted the LungIMPACT prospective multicenter randomised controlled trial across five NHS trusts in England. It evaluated AI prioritisation of primary-care chest X-rays for suspected abnormalities and measured time to CT and lung cancer diagnosis. The study analysed 93,326 chest X-rays from 86,945 patients.
Rainey et al. (2025) investigated how AI feedback affected diagnostic accuracy, decision switching and trust among student and qualified diagnostic radiographers. Participants assessed skeletal radiographs with different forms of AI feedback, including visual explanations and confidence information. The study is particularly relevant to the human factors of decision support.
Farič et al. (2024) examined early implementation of Veye Lung Nodules, an AI system supporting detection, classification and measurement of pulmonary nodules on CT. The qualitative study used interviews and observations involving clinicians, strategic decision-makers, suppliers, patients and academics. Thirty-nine interviews were conducted across early adopter sites.
Hassan et al. (2021) conducted a systematic review of AI-based prediction of infection and sepsis. Seventeen primary studies were included after searching MEDLINE, CINAHL and Embase. The review identified 194 predictors used in machine-learning algorithms and found considerable variation in predictive performance, with average sensitivity of 75.7% and specificity of 63.1%. Although the studies were not restricted to NHS settings, the findings are relevant to UK clinical decision support because sepsis prediction is a major potential use of AI.
Waldock et al. (2026) conducted a systematic review and meta-analysis of predictive AI-based clinical decision-support systems across 50 studies and 17 clinical specialties. The review found moderate pooled discriminatory performance, substantial heterogeneity and limited prospective deployment. It provides broader context for interpreting the NHS-specific evidence.
6.2 Potential benefits
[bookmark: _Int_YXdX1FNh]A recurring potential benefit was improved access to information at the point of clinical decision-making. In radiology, AI can process images rapidly and identify features that may warrant attention. In the Lung IMPACT trial, AI prioritisation reduced median time from chest X-ray acquisition to reporting from 47 hours to 34.1 hours. However, this did not translate into a significant reduction in time to CT or cancer diagnosis. This distinction is important: an improvement in an intermediate workflow measure does not automatically produce an improvement in the wider patient pathway.
Rainey et al. found that AI feedback generally improved diagnostic accuracy in the experimental radiography task, although the benefit was not universal. The exception was important: when AI was incorrect, its presence could negatively affect decision-making. This suggests that AI can augment clinical performance but can also introduce new forms of error. The study also found changes in self-reported trust, demonstrating that the psychological relationship between clinician and AI matters.
Farič et al. reported that clinicians generally found the pulmonary-nodule tool easy to use and that it caused little disruption to workflow. Expert clinicians were observed to critically evaluate recommendations and compensate for limitations, while less experienced users interacted with the system differently. Patients were also generally positive about technology. These findings indicate that AI may provide practical support when it is integrated into established clinical processes rather than treated as a stand-alone technology.
Hassan et al. showed that machine-learning systems can use multiple predictors to identify patients at increased risk of infection or sepsis. Such systems could potentially help clinicians concentrate on monitoring and resources on higher-risk patients. However, the review also demonstrated variability between algorithms and concluded that further work was needed to improve sensitivity and specificity. The potential benefit is therefore best understood as decision support rather than autonomous clinical decision-making.
Waldock et al. provide a broader contemporary synthesis of predictive AI-CDSS across 50 studies and 17 clinical specialties. Their meta-analysis reported moderate pooled discriminatory performance and substantial heterogeneity, while only 24% of studies involved prospective deployment and 64% reported technical metrics without clinical workflow data. Although this review was not restricted to the UK, it strengthens the finding from the NHS-specific studies that technical performance and clinical utility are different questions. For NHS decision-makers, the implication is that evidence of discrimination or accuracy should be accompanied by evidence that the intervention changes care safely and beneficially in practice.
6.3 Challenges and limitations
The most consistent challenge across the evidence is the gap between algorithmic performance and real-world clinical benefits. The Lung impact trial is particularly informative because it evaluated AI in routine NHS pathways at a large scale. Despite faster reporting, there was no significant effect on the main clinical outcomes. The authors suggested that downstream capacity, including access to CT and the wider diagnostic pathway, limits the effect of AI prioritisation. This shows that technology cannot necessarily overcome bottlenecks elsewhere in a healthcare system.
False-positive and false-negative outputs are another challenge. In Lung impact, AI and radiology reports were discordant for 30.3% of chest X-rays. Expert review demonstrated both false-positive and false-negative findings. A false-positive result can create additional work and potentially increase unnecessary investigation, while a false-negative result can provide false reassurance. The safety implications depend not only on the algorithm but also on how clinicians interpret and respond to it.
Rainey et al. similarly demonstrated the risk of inappropriate reliance on AI. When AI was wrong, the expected benefit was reduced. This is relevant to automation bias, where clinicians may give excessive weight to an automated recommendation. Conversely, repeated inaccurate alerts may lead to alert fatigue or reduced trust. Safe systems therefore require clinicians to understand both the strengths and limitations of the tool.
Implementation is also organisational. Farič et al. identified challenges involving integration with existing information systems, data protection, procurement costs and variation between sites. The same software did not operate identically across contexts because infrastructure, workflow, professional roles and patterns of use differed. This supports the argument that AI implementation should be treated as a service change rather than simply a software installation.
Evidence quality is another concern. Hassan et al. identified variation in predictor selection and model performance across sepsis studies. More broadly, AI research often emphasises retrospective technical validation. A model can perform well on historical data but still fail to improve outcomes when introduced into practice. Waldock et al. similarly found limited prospective deployment and substantial heterogeneity. This reinforces the need for prospective, clinically meaningful evaluation.
6.4 Ethical considerations
Patient safety is the central ethical issue. AI-supported decisions can influence diagnosis, referral, treatment, and prioritisation. A system that is poorly validated or used outside its intended population may cause harm. Ethical implementation therefore requires appropriate validation, monitoring, and mechanisms for clinicians to override AI outputs.
Bias and equity are also important. AI systems learn from data, and if training data underrepresents groups, performance may vary between populations. This is especially relevant to the NHS because its patient population is diverse. Evaluation should therefore consider performance across relevant demographic and clinical groups rather than reporting only overall accuracy.
Transparency is linked to both safety and professional accountability. Clinicians need to know what a system is intended to do, its limitations and how its output should be interpreted. Explainability may be particularly important when an AI recommendation conflicts with clinical judgement. However, transparency does not mean that every clinician must understand the underlying mathematics. It means that the system's purpose, evidence base, performance, uncertainty and appropriate use should be understandable enough to support responsible clinical oversight.
Data protection is another ethical concern. AI development and deployment can require large quantities of sensitive health data. Farič et al. identified data protection as an implementation concern. NHS organisations must therefore ensure that data are used lawfully, securely, and for clearly defined purposes.
Accountability remains human and organisational. NHS England guidance states that AI should support professional practice and that final decisions about care should be made using professional judgement. This is important because delegating a decision to an algorithm does not remove the consequences of that decision. Clear governance is required concerning who approves a system, who monitors performance, who responds to incidents, and when a tool should be withdrawn.
Patient autonomy and trust also matter. Patients may accept AI when it supports clinicians but may be concerned if they believe technology is replacing professional judgement. Communication about the role of AI should therefore be proportionate and understandable. Where AI materially affects a patient's care, patients should have appropriate information about its use and the opportunity to raise concerns.
6.5 Cross-study comparison
Taken together, the studies identify four connected levels of benefit and risk. At the algorithm level, AI may identify patterns or risk factors that are difficult to process manually at scale. At the clinician level, AI may improve access to relevant information, but its usefulness depends on the user's ability to interpret uncertainty and detect errors. At the organisational level, implementation depends on infrastructure, procurement, training, and workflow design. At the patient level, the important question is whether these changes improve safety, experience, access, or outcomes. Evidence is strongest for the first two levels and less consistent for the final patient-outcome level.
The studies also demonstrate that the term “AI” covers very different interventions. Sepsis prediction, pulmonary-nodule detection, radiography feedback, and chest-X-ray prioritisation have different clinical purposes. Consequently, conclusions should not be generalised from one application to all AI. A tool designed to prioritise images should be evaluated differently from a predictive deterioration model or a generative system that summarises clinical information. This distinction is important for NHS governance because the level of clinical risk associated with an AI application should influence the intensity of validation and monitoring.
6.6 Review limitations
This review has limitations. First, it is a focused scoping review based on a small number of selected studies rather than a full systematic review with a comprehensive database search across every available source. The aim was to map representative evidence closely related to NHS clinical decision-making within the word limit. Second, the included studies were heterogeneous, so direct comparison of outcomes is inappropriate. Third, some evidence was generated in radiology, meaning the findings may not represent AI use in primary care, nursing, mental health, surgery or other services. Fourth, the field is changing rapidly; evidence available at the time of searching may become outdated as algorithms and clinical workflows change. Finally, the inclusion of a broad systematic review of sepsis prediction means that not every underlying study was conducted in the NHS. Its findings were therefore interpreted as supporting evidence rather than direct evidence of NHS effectiveness.
These limitations reinforce the need for careful interpretation. A scoping review is useful for identifying patterns and evidence gaps, but it does not establish that a particular AI product should be adopted. The evidence instead indicates the types of outcomes and safeguards that should be considered when NHS organisations assess individual technologies.
7. Discussion
The evidence suggests that AI can support clinical decision-making in NHS healthcare, but its value depends strongly on context. The five studies show a progression from technical capability to real-world implementation. Hassan et al. demonstrate the predictive potential of machine learning; Rainey et al. show effects on clinician performance and trust; Farič et al. demonstrate the organisational work required to integrate AI; LungIMPACT provides large-scale evidence that a technically plausible intervention may not improve the wider clinical pathway; and Waldock et al. demonstrate that the broader evidence base remains heterogeneous and is still dominated by technical evaluation.
A key finding is that AI should not be evaluated as an isolated algorithm. Clinical outcomes are produced by pathways. If AI identifies a potentially abnormal scan more quickly but there is insufficient capacity for CT, specialist review or treatment, the benefit may not reach the patient. Conversely, an AI tool may create additional alerts and workload without improving outcomes. Evaluation should therefore measure the whole pathway, including unintended consequences.
The literature also indicates that human-AI interaction is a central determinant of safety. The most appropriate role for AI in many NHS contexts appears to be augmentation, where clinicians remain responsible for interpreting outputs in combination with patient history, examination and other evidence. However, this model only works if clinicians are trained to recognise AI errors and uncertainty. Training should therefore cover not just how to operate the software but also when not trusting it.
There are also implications for NHS procurement and governance. Organisations need evidence that a tool works in a population and workflow similar to the intended setting. Local validation should assess technical performance, usability, workflow impact, equity, and clinical outcomes. Monitoring should continue after implementation because algorithms, patient populations, and workflows can change. Governance should include clear escalation routes when performance deteriorates or unexpected harms occur.
The evidence base remains limited in several respects. There are relatively few large prospective NHS evaluations compared with the number of retrospective model-development studies. Many studies focus on radiology because imaging provides structured digital data and measurable outputs, meaning evidence from other clinical areas may be less mature. There is also limited evidence about patient outcomes, cost-effectiveness, and long-term effects on clinicians. These gaps make it difficult to generalise results from one AI application to another.
8. Recommendations
1. NHS organisations should require prospective evaluation of AI decision-support tools before widespread implementation, including clinically meaningful patient and pathway outcomes rather than technical accuracy alone.
2. Evaluation should include external validation in the intended NHS population and assessment of performance across relevant patient groups to identify potential inequities.
3. AI tools should be implemented as part of a clinical pathway. Organisations should assess whether downstream capacity is sufficient to realise any benefit created by faster detection or prioritisation.
4. Healthcare professionals should receive structured training covering system purpose, limitations, uncertainty, common failure modes, automation bias and appropriate override of AI recommendations.
5. Governance should define responsibility for procurement, validation, monitoring, incident reporting, data protection, and withdrawal of unsafe systems.
6. Patients should receive clear, accessible information where AI materially contributes to their care, with opportunities to ask questions or raise concerns.
7. Research should priorities prospective multicenter studies, patient-centered outcomes, cost-effectiveness, equity and longer-term effects on professional decision-making.
8. AI performance should be monitored after deployment, because changes in data, software, clinical practice or patient populations may alter performance.
9. Conclusion
AI has a growing role in supporting clinical decision-making in NHS healthcare. The evidence reviewed demonstrates potential benefits in prediction, image interpretation, and clinical workflow, but also shows that these benefits are not automatic. The large NHS Lung IMPACT trial found that AI prioritisation shortened reporting time without significantly improving time for CT or lung cancer diagnosis. Other UK research indicates that AI can improve aspects of diagnostic performance and can be acceptable to clinicians and patients, but successful use depends on workflow integration, professional judgement, trust and organisational infrastructure.
The main implication is that AI should be evaluated as part of a sociotechnical healthcare system rather than a stand-alone algorithm. Safety, effectiveness, equity, transparency, data protection, and accountability must be considered alongside technical performance. For the NHS, responsible implementation therefore requires prospective evidence, human oversight, appropriate training, and continuous monitoring. Further UK research should move beyond demonstrating that AI can make accurate predictions and establish when, where and for whom AI-supported decisions improve patient care.
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