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Aneurin Bevan University Health Board (ABUHB) is one of Wales largest integrated health providers, delivering acute, community, primary and mental health services to 543,563 residents across the Gwent Region according to the latest mid-year population data from (StatsWales, 2026). As part of the NHS Wales, ABUHB is committed to advancing its digital capabilities in line with “A Healthier Wales”, the national long-term plan emphasising digital transformation, integration of care, workforce sustainability and improved efficiency across the system (Welsh Government, 2021).
Within outpatient services, clinical documentation remains predominantly manual, current workflows include Dictaphone-based dictation followed by transcription, or handwritten notes scanned and typed by administrative staff, before being checked and approved by clinicians. Despite digital systems such as the Welsh Clinical Portal (WCP), Welsh Patient Administration System (WPAS) and Clinical Workstation System (CWS), documentation processes remain fragmented, labour intensive, and prone to delays, inefficiencies and transcription errors. These hybrid analogue-digital workflows do not support real-time documentation and generate substantial administrative burden. 
The literature reinforces these challenges. A systematic review of artificial intelligence (AI)-based transcription reported that traditional clinical documentation is time-consuming, error-prone, and associated with clinical burnout  (Ng et al., 2025a). These inefficiencies can compromise communication, introduce delays in clinic letter turnaround, reduce staff capacity for Referral to Treatment Time (RTT) pathway management, and increase cognitive load, factors closely linked to clinician dissatisfaction and burnout (Zhao et al., 2025). 
Ambient AI clinical documentation offers a potential solution, unlike conventional dictation or manual transcription, ambient AI systems automatically capture and structure clinical conversations into draft notes, enabling real-time documentation with reduced manual intervention. Evidence from multiple pilot studies demonstrates measurable operational and wellbeing benefits. For example, The Permanente Medical Group reported 15,791 hours of documentation time saved over a year of ambient AI use, the equivalent to 1,794 eight-hour workdays. Representing a substantial reduction in administrative workload and a meaningful increase in organisational capacity (Tierney et al., 2025). A randomised clinical trial at University of California, Los Angeles (UCLA) demonstrated a 9.5% reduction in documentation time per note, saving 41 seconds for each clinical encounter compared with usual care (Lukac et al., 2025a). These savings, if replicated within ABUHB outpatients’ services, could meaningfully expand both clinical and administrative capacity. 
Additional studies show improvements in workflow timelines. A quality improvement evaluation at UCI health demonstrated that ambient AI significantly reduced note-writing time and improved same-day encounter closure rates, supporting faster clinical communication and reduced backlog (Guo et al., 2026a). Ambient AI further reduces after-hours documentation, with 30% reduction, equivalent to approximately 15 minutes saved per clinician per day (Duggan et al., 2025). These improvements are directly transferable to outpatient letter production and could reduce backlogs that impede continuity of care. 
Beyond task-level efficiencies, ambient AI has demonstrated significant wellbeing benefits. Large-scale multisite evaluations at Mass General Brigham and Emroy Healthcare show a 21.2% absolute reduction in clinician burnout after 84 days and a 30.7% improvement in documentation-related wellbeing at 60 days (You et al., 2025a). In in outpatient settings, clinicians “undivided attention scores” increased from 3.5 to 4.1, indicating improved clinician-patient interaction and reduced cognitive burden (Harvey et al., 2025). These findings align with the Welsh policy agenda, which emphasises staff wellbeing, integrated care, and the reduction of administrative burden as enablers of high-quality service delivery (Welsh Government, 2021).
The aim of this programme is to implement an organisation-wide ambient AI Clinical documentation solution across ABUHB to improve documentation efficiency, accuracy, administrative capacity and clinician wellbeing. Beginning with outpatients’ services as the initial structured implementation environment. 
Quantitative evidence from similar health systems suggest ABUHB could expect benefits of: {Figure table showing benefits to be included for final submission} Reduced document workload, aiming for outcomes similar to TPMG’s 15791 hours saved annually (Tierney et al., 2025). Faster documentation turnaround, reflected in improved same-day closure rates as demonstrated at UCI health (Guo et al., 2026a). Reduced after hours workload, targeting a 30% reduction in out-of-hours’ time (Ng et al., 2025a). Improved clinician wellbeing, informed by multisite findings of a 21.2% burnout reduction and 30.7% improvement in wellbeing (You et al., 2025a). Enhanced patient experience, supported by improved clinician focus and engagement, as evidenced by increases in “undivided attention cores” from 3.5 to 4.1 in outpatient settings (Harvey et al., 2025). 
Together, these benefits align with ABUHB’s strategic aims and national policy goals, providing a compelling rationale for the introduction of ambient AI-supported clinical documentation. (Welsh Government, 2021; ABUHB, 2025). 
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Ambient AI clinical documentation is a socio-technical capability that captures live clinician-patient conversation via a secure microphone or approved client, transcribes and structures it in real time, and produces draft clinical notes and a clinic letter for review, amendment and approval before saving to local electronic patient records (EPR). In practice the only on when explicitly activated; consent signage and opt-out are standard; audio is encrypted in transit and at rest; and no autonomous diagnostic or prescribing actions are made(Kumar, 2024). The current practices rely on Dictaphone dictation followed by central transcription and clinician approval, or handwritten notes scanned and typed by administrative staff for approval. This creates a multi-step. Latency-prone process with duplication, rework and error risk. The new workflow would make same-day encounter closure the default: ambient capture, AI drafting notes/letters, clinician verification in clinic, auto storing notes to local EPR’s and automatic letter generation, with administrative staff managing exceptions and quality assurance sampling. {figure as is and to be mapping to be included for final submission} The evidence base supports the case for change while cautioning for human oversight. A systematic review reports that conventional clinical documentation and generic speech recognition can be time-consuming and error prone, with word error rates (WER) ranging from 0.0087% in controlled dictation to over 50% in conversational, multi-speaker settings, hence the need for clinician verification (Ng et al., 2025b). A second systematic review focused on AI voice-to-text in primary/outpatient care stating improvements in efficiency, timeliness and patient-centredness, but flagged safety/generalisation concerns, to which it recommends human reviews (Alboksmaty et al., 2025). Quantitatively, several rigorous studies now underpin the expected efficiency and wellbeing gains from ambient AI documentation. A multisystem Journal of the American Medical Association (JAMA) network open study found significant improvements in burnout after 30 days of ambient scrive use, along with reductions in after-hours documentation and improved focused attention on patients (Olson et al., 2025). Another piece of literature from JAMA evidence’s net burnout reduction and perceived cognitive load improvements across multiple vendors and settings, whilst also highlighting the need for ongoing safety, coding and governance controls (Shah and Johnson, 2025). In a randomised clinical trial at UCLA health, physicians using an ambient scribe reduced documentation time by 9.5%, it also reported modest favourable changes in burnout and workload measures (Lukac et al., 2025a). Complementing the trial data, a JAMIA analysis demonstrated statistically significant reductions in note-writing time and improvements in perceived efficiency and cognitive demand, reinforcing that time savings persist in real-world rollouts (Guo et al., 2026a). A similar Stanford led quality-improvement study showed reduced time per note, and daily reductions in time spent in EPR’s, indicating system-level capacity release with routine ambient AI use (Ma et al., 2025). Other deployments likewise report a decrease in note taking time and improved satisfaction and workload, with speciality effects and adoption heterogeneity that underscore the importance of iteration and local optimisation (Albrecht et al., 2024).
Because ambient AI documentation is an organisation-wide capability spanning multiple specialties, technical estates, clinical safety, and information governance, the proposed transformation will follow a programme approach, namely a Managing Successful Programme (MSP) programme rather than a single project {Figure MSP diagram to be included for final submission}. A systematic review of healthcare transformation found that structured governance, leadership and clear accountability are critical to success, and supports the use of MSP (Hastings, 2025). In practical terms: Tranche 1 establishes the technical infrastructure needed for the foundations of the implementation through on-prem server storage, the completion of a Data protection impact assessment and clinical safety case, integrates with WCP/CWS/WPAS, and pilots in 2-3 high-dictation outpatient clinics. Tranche 2 expands with speciality-tuned templates, same day closure SOP’s and automated letters, redeploying admin capacity. Tranche 3 stabilises BAU, raises accuracy thresholds, and explores structured data extraction for coding and MDT summarisation. The blueprint defines the target operating model, ambient capture, in-clinic verification, same-day letters, technical architecture, and process changes; A benefits map links products such as configured AI tenant, audio clients, templates, training and dashboards to outputs such as AI drafts and same-day closure, and outcomes of reduced time in notes, faster turnaround, fewer after-hours minutes and improved attention. The 	Programme board governs tranches and benefits realisation. MSP is justified because benefits will be realised progressively across many services, with learning loops and policy alignment that exceed a single products boundary (NHS Transformation unit, 2026).  {programme plan on a page to be included for final submission}
Prince 2 will be used to govern each implementation wave for roles clarity, product-based planning and stage control. The business case is anchored to expected published benefits and updated each boundary. (Shaw, Hughes and Greenhalgh, 2019) Products include those shown in the table below;

	Product type
	Product

	Technical
	· configured ambient tenant
· secure audio clients
· roles-based access control
· encryption
· immutable logs
· EPR adaptors
· Dashboards

	Clinical
	· Speciality notes and letter templates
· Safety prompts
· Consent signage
· Exception SOPs

	Assurance
	· Data Protection Impact Assessment 
· Clinical safety case
· Hazard log
· ABUHB Change advisory board
· Medical records assurance assessment 
· Information services assurance assessment
· Cyber security impact assessment
· Supplier security
· Training and adoption training information



Project stages flow from milestone 1 Initiation, 4-6 weeks of baselining current processes such as, documentation time, same day closure cases, letter turnaround time, after hours working, and clinician burnout.  Whilst also delivering on locally agreed governance documentation such as the project initiation document. Milestone 2 planning and readiness, providing a detailed project plan along with capacity modelling and dependencies. Milestone 3 product delivery, building and testing the configuration and integration. Milestone 4 Go-Live, implementing the new AI ambient listening tool and transitioning it to business as usual (BAU). Milestone 5 Project closure, documenting realised capabilities and benefits, whilst drafting agreed local governance documents such as project closure report (ABUHB, 2024a). With regards to project tolerances, they would abide by local agreed tolerances of: Time ±10%, Cost ±10% Benefits variance ±15%, Risk/Issue appetite of 12+ being reported as per (ABUHB, 2024b). With quality and scope being agreed at the project initiation stage in line with the expected benefits. 
{project plan on a page to be included for final submission}
Digital health deployments benefit from iterative testing because accuracy and editing burden vary by context and speciality (Brewster et al., 2015). Delivery will integrate Prince 2 Agile principles, the rationale to combine Prince 2 with Prince 2 agile is echoed by the evidence base showing speciality variability and context specific tuning requirements (Alboksmaty et al., 2025; Ng et al., 2025b). Implementation will use; daily stand-ups of the implementation team, clinical champions and floor walkers. A Kanban with work in process limits for configuration, integration and onboarding. Fortnightly retrospectives to update templates, prompts, and MoSCoW prioritisation. This operationalises an Implement → Learn → Adapt → Scale loop: pilot implementations test the hypothesis that the benefits can be achieved, metrics decide whether to scale or re-work, and tranche gates make evidence-based decisions, evidence from a healthcare focused systematic review concludes that blending structured stage-gate controls such as Prince 2 and MSP with iterative Agile cycles improves the fit and responsiveness (Shahi and Ud Din, 2025). The need for this adaptive loop is reinforced by the empirical studies as an example of expected benefits (Ma et al., 2025; Olson et al., 2025; Palm et al., 2025; You et al., 2025b; Guo et al., 2026a; Memon et al., 2026; Van Tiem et al., 2026).
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Implementing ambient AI documentation at ABUHB presents a compelling opportunity, but its success depends on a clear appreciation of risks, proactive stakeholder engagement, and a measured pathway to downstream value. The principal risks fall into four categories. First, accuracy and safety: Systematic reviews and evaluations show wide variability in transcription and summarisation performance across specialties and settings, with error rates rising in conversational, multi speaker clinics, underscoring the non-negotiable need for clinician verification and ongoing quality controls (Ng et al., 2025b; Olson et al., 2025). In experimental and real-world implementations, ambient systems reduce documentation time and burnout, but occasional clinically significant inaccuracies and omissions have been reported, requiring clear exception pathways and audit trails (Lukac et al., 2025b; Guo et al., 2026b). Second, information governance and privacy: NHS guidance emphasises lawful bases, DPIA completion, transparency, and human decision making for direct care use of AI; governance processes remain heterogeneous across organisations, complicating cross-site deployments (Gilbert et al., 2025; NHS England, 2025a). Thirdly, clinical safety assurance: compliance with DCB0129/DCB0160 and the designation of a clinical safety officer are essential, with hazard logs and safety cases maintained through change cycles (NHS England, 2025b). Fourth, adoption heterogeneity: effects differ by speciality, room acoustics, and clinician preferences; early phases may transiently increase out of hours work before improvements accrue, implying careful runway and expectation management (Moura et al., 2025; Guo et al., 2026b). 
A stakeholder strategy must therefore be multilayered, and data driven. From the clinician perspective, multicentre studies report reductions in burnout and out of hours work within weeks, alongside improved perceived attention to patients, powerful messages for clinical engagement; yet they also highlight the need for speciality-specific template tuning and explicit controls for editing burden (Olson et al., 2025; You et al., 2025b). From the patient perspective, emerging JAMIA work signals that acceptability is enhanced by transparency and clinician oversight, an argument for visible consent signage and clear opt-out processes in ABUHB clinics (Bakken, 2026). For IG and Digital teams, NHS Ai governance materials and local policies provide a common language for DPIA, data minimisation, retention, and supplier assurance; aligning programme gates to these artifacts reduces rework (Doncaster and Bassetlaw Teaching Hospital, 2025; Gilbert et al., 2025). For finance and operations, evidence now extends beyond wellbeing to operational and financial metrics, reduced documentation delays, lower out of hours works, and improved productivity, supporting a benefits case that is meaningful at board level (Moura et al., 2025; Holmgren et al., 2026). Practically, a power-interest map that names senior clinicians as sponsors, clinical managers as process owners, IG/Safety as gatekeepers, and medical records as QA partners should be accompanied by Awareness Desire Knowledge Ability Reinforcement (ADKAR)-Style Engagement tailored to each group and measured via adoption and outcome dashboards (Mazariego et al., 2026).
Downstream improvements are plausible but should be framed as hypotheses to test rather than guaranteed benefits. There is converging evidence that well-run programmes sustain reductions in documentation time and after hours work while improving same day closures for capacity release and patient communication timelines (Stults et al., 2025; Guo et al., 2026b). A pragmatic AI “playbook” demonstrates how to operationalise continuous monitoring and respond to drift, exactly the kind of learning system ABUHB needs across its specialities to address potential concerns (Afshar et al., 2025). As ambient systems stabilise, secondary use becomes thinkable: coding support and structured data extraction, multi-disciplinary team summarisation, and targeted prompts to mitigate omissions, yet each step re-opens safety and IG questions and must pass formal change control (Afshar et al., 2025). Importantly, evaluation literature also cautions that accuracy and equity can vary, for example, accent related errors and speciality specific documentation nuances, so ABUHB should plan audits for bias and institute corrective tuning cycles (Schmidt et al., 2024; Ng et al., 2025b).
In methodological reflection, the ABUHB design, MSP with Prince 2 projects and Agile adaptation, appears proportionate and evidence aligned. Randomised and quasi-experimental studies show modest but reliable reductions in documentation time and signals of wellbeing benefit at 30-60 days but also highlight early accuracy concerns and the need for ongoing human oversight (Lukac et al., 2025a; Olson et al., 2025). Programme level governance is justified where outcomes accrue tranche by tranche and where IG and safety artifacts must be consistently managed across services (NHS England, 2025b, 2025a; NHS Transformation unit, 2026). Agility is not optional in this domain: speciality heterogeneity and workflow variability predict that templates, prompts, and training need short feedback loops; empirical reports from UCI health and Mass General Brigham corroborate that speciality tunes iteration is pivotal to sustain gains and to minimise rework (You et al., 2025a; Guo et al., 2026a). At the same time, commentary warns against hype and urges disciplined evaluation, including documentation quality, coding compliance, and safety monitoring, areas that should be codified into ABUHBs tranche gates and benefits profiles (Afshar et al., 2025; Shah and Johnson, 2025).
In summary, the literature supports a cautiously optimistic stance; ambient AI documentation can reduce documentation time, after hours work, and burnout while improving perceived patient attention, provided implementations are safety led, IG complaint, and iteratively tuned to clinical contexts. For ABUHB, that means setting explicit, measurable hypothesis per tranche; embedding DCB0129/0160 assurance and DPIA into programme gates; resourcing speciality level iteration; and committing to transparent reporting of outcomes. This is the route most likely to convert promising pilots into durable, organisation wide benefits. 
I confirm this essay is my own original work and does not include text created by a generative artificial intelligence tool
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