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[bookmark: _Toc228659367]Chapter 1: Introduction

[bookmark: _Toc228659368]1.1	Background and context
This dissertation examines how AI-assisted performance reporting in health services can be evaluated. Informed by literature and staff stakeholder perspectives, it focuses on developing and piloting an evaluation framework, with particular attention to whether AI-assisted reporting outputs are considered useful, interpretable, and suitable for assurance and decision-making. The study addresses the problem that, although performance reports are central to governance and organisational oversight, there is currently no agreed standard for judging report quality, including where AI-assisted elements are introduced. 
Performance reporting is a core component of governance, accountability, and organisational oversight within the National Health Service (NHS), supporting the monitoring of strategic objectives, national and local targets, emerging risks, escalation, and decision-making (Audit Commission, 2009). However, the increasing volume, complexity, and frequency of performance data means that reports need to do more than present data accurately, but also support interpretation, prioritisation, and assurance within complex and time-pressured settings. This creates a problem where reporting methods, including AI-assisted approaches, might evolve faster than the standards used to assess whether they are genuinely useful in practice.
Performance data has increased in volume and complexity, with routine reporting drawing on multiple data sources. Whilst this reflects improvements in digital infrastructure and data availability, it also creates the practical challenge of selecting, prioritising, interpreting, and communicating information in ways that support action. This can make reports more demanding cognitively, both for producers and readers, which increases the risk that important patterns may be overlooked or misinterpreted (Dimara et al., 2022; Eppler & Mengis, 2004). This is part of the reason why AI-assisted tools have become attractive in reporting environments as they appear to offer ways of managing complexity and reducing manual burden. However, they also raise the question about how the quality and suitability of such outputs should be evaluated. 
Performance reports are, therefore, not simply summaries of data, but sociotechnical documents impacted by data quality, organisational context, reporting conventions, and assumptions about what counts as meaningful insight (Ammenwerth, Iller, and Mahler, 2006; Dimara et al., 2022).

[bookmark: _Toc228659369]1.2	Challenges in current performance reporting
In practice, the production of NHS performance reports remains largely manual and analyst-intensive. Decisions regarding KPI (key performance indicator) selection, visualisation design, and supporting narrative are often made under time pressure and driven by local practices. This can lead to variation and inconsistency in how performance issues are selected, contextualised, and escalated across reports. From an assurance perspective, such variability could undermine confidence in reported performance, fail to support appropriate scrutiny, or delay the recognition of risk (Audit Commission, 2009; Betsi Cadwaladr University Health Board, 2023). These risks are particularly relevant where reports are intended for diverse audiences, including operational managers and Board members, who may approach the same information with different expectations, professional language, and levels of analytic expertise.
These reporting challenges are particularly relevant because they make report quality difficult to judge consistently. If existing human-produced reports are impacted by variable judgement, presentation choice, analyst capacity, and differing audience expectation, then adding AI-assisted elements does not remove these issues; instead, it amplifies the need to evaluate reporting quality more consistently where outputs might be shaped by both humans and AI. 

[bookmark: _Toc228659370]1.3	Artificial intelligence (AI) -assisted performance reporting: opportunities and risks
Advances in AI have led to increased exploration of their use within performance reporting. In this study, AI-assisted performance reporting refers to the use of AI-enabled tools to support elements of the reporting process, rather than replace professional judgement. This may include support with KPI prioritisation, identifying patterns or anomalies, suggesting visualisations, drafting narrative summaries, and identifying related metrics that could assist with contextual interpretation. Used appropriately, such tools might be able to support analysts with routine or time-consuming tasks, improve consistency, and highlight patterns that might be missed through manual analysis (Soori et al., 2024; Sutton et al., 2020).
However, the use of AI in performance reporting also raises concerns. AI-enabled tools are dependent on the quality and representativeness of the data made available to them, and may reproduce or amplify issues such as missing data and bias if their outputs are not reviewed critically (Alves et al., 2024; O’Leary et al., 2014; Obermeyer et al., 2019). Generative AI also brings concerns about transparency, explainability, and the potential for misleading or ‘hallucinated’ outputs. In performance reporting, where outputs may inform escalation, assurance and decision-making, such risks are particularly significant. If AI-assisted outputs are biased, misleading, insufficiently transparent, or accepted without adequate scrutiny, the consequence is not merely technical weakness, but instead the possibility of skewed or erroneous judgements within the organisational governance and assurance processes. Thus, the issue in question is not only whether AI can support performance reporting work, but how the quality and suitability of AI-assisted reporting outputs can be evaluated before they are relied upon for assurance or decision-making.

[bookmark: _Toc228659371]1.4	Policy and strategic context
The interest in AI-assisted analytics within the NHS reflects a wider policy emphasis on digital transformation and data-driven decision-making. In Wales, the ‘Wales Innovates’ strategy identifies digital infrastructure as a key enabler for improving the use of health data, delivering services digitally and supporting the adoption of AI across public services, and strengthening the sustainability of future service delivery (Welsh Government, 2023). 
Guidance from bodies such as the Department of Health and Social Care and the World Health Organization outlines that AI-enabled technologies should be transparent, fair, interpretable, and accountable (Department of Health and Social Care, 2021; World Health Organization, 2021). Although this guidance largely focuses on clinical applications, the underlying principles are equally relevant to performance reporting, where AI-generated outputs may influence organisational behaviours and resource allocation.
This policy context matters because interest in AI-assisted analytics is no longer only theoretical. If digital and AI-enabled approaches are increasingly encouraged within the public sector then the quality, transparency, interpretability, and suitability of AI-assisted reporting outputs need to be considered before they become embedded within routine governance processes.

1.5	The problem: absence of evaluation standards
The problem addressed in this study has two related parts: firstly, the absence of a clear, consistently applied standard for evaluating traditional performance reports, and secondly, the added uncertainty created by the addition of AI-assisted elements. Despite the central role of performance reporting within NHS governance and assurance, there is limited agreement on what constitutes a ‘gold-standard’ performance report in practice. Whilst characteristics such as accuracy, relevance, timeliness, and clarity are frequently acknowledged, they are rarely operationalised in a consistent or systematic way. As a result, performance reports often vary considerably in structure, emphasis, and interpretative quality, making it difficult to judge whether they support appropriate scrutiny, prioritisation, and escalation, or whether they contribute to information overload and misinterpretation. Existing governance frameworks emphasise the importance of performance intelligence, but provide limited practical guidance on how reports should be designed or evaluated to achieve this in complex organisational settings.
These challenges are further compounded by the emergence of AI-assisted approaches to performance reporting. In the absence of an agreed standard for traditional performance reporting, there is even less clarity regarding what constitutes a high-quality AI-assisted performance report. The gap is not simply a lack of technical evaluation tools, but the lack of a clear evaluative approach for judging whether AI-assisted reporting outputs are useful, interpretable, trustworthy, transparent, and suitable for governance and managerial use. 
Taken together, these issues create a clear evaluative problem. Performance reporting is already difficult to evaluate consistently, and the introduction of AI-assisted elements increases both the opportunity and uncertainty. This study, therefore, focuses not on whether AI can be used in reporting in principle, but on how the quality and suitability of AI-assisted reports can be evaluated in practice.
Figure 1.1 summarises the problem addressed in this study.
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1.6	Rationale and contribution of the study
This study responds to the practical and conceptual problem outlined above by developing and piloting an exploratory evaluation framework for assessing the quality of performance reports that include AI-assisted elements, such as prioritisation, visualisation, and narrative support. The focus is on whether reporting outputs appear useful for interpretation, assurance, and decision-making, rather than assessing organisational readiness for AI or the technical performance of tools themselves.
The rationale for this approach reflects the practical challenges faced by performance teams operating in complex and time-pressured environments. In the absence of agreed standards for performance reporting, and with growing interest in AI-assisted tools, there is a need to look beyond efficiency alone and consider whether reporting outputs are interpretable, transparent, and sufficiently supported by context. 
The contribution of this study is both conceptual and practical. Conceptually, it brings together literature on performance reporting, decision support, human factors, and governance to identify dimensions relevant to evaluating AI-assisted reporting outputs. Practically, it develops and pilots a stakeholder-informed framework using an example AI-assisted output. The framework is exploratory and limited in scope, and is intended to provide an evaluative starting point rather than a final standard or prescriptive implementation model.

1.7	Aim, research question, and scope
The aim of this study was to develop and pilot an evaluation framework for AI-assisted performance reporting in health services.
The primary research question was:
How can an evaluation framework be developed and piloted to assess the quality, interpretability, and practical suitability of AI-assisted performance reports in health services?
The scope of the study was limited to performance reporting used for managerial or governance purposes within health services. It did not seek to develop or validate AI algorithms, assess technical model performance, or evaluate wider organisational readiness for AI adoption. Nor did it attempt to measure downstream effects on decision outcomes. Its focus was on the reporting outputs themselves and on whether these appeared suitable for interpretation, assurance, and practical organisational use.


1.8	Structure
The chapters that follow develop the argument and practical work of the study. The literature review establishes the conceptual basis for evaluating AI-assisted reporting, the methodology chapter explains the design and piloting of the framework, and the later chapters present findings and reflect on the implications for the future use and evaluation of AI-assisted performance reporting in health services. Taken together, the chapters set out the need for a structured approach to evaluating AI-assisted performance reporting outputs and consider what this might mean for future reporting practices.























[bookmark: _Toc228659376]Chapter 2: Literature Review

[bookmark: _Toc228659377]2.1	Introduction
This chapter reviews literature relevant to evaluating AI-assisted performance reporting in healthcare organisations. Rather than providing a general review of AI in healthcare, it focuses on literature that helps to explain how AI-assisted reporting outputs might be judged in practice. The review, therefore, considers evidence on performance reporting, decision support, digital reporting, interpretability, usability, trust, and governance factors, with the aim of identifying the dimensions most relevant to evaluating whether AI-assisted reporting is useful, workable, and appropriate in practice.
Performance reporting is a central part of public-sector performance measurement and management (PMM) intended to support monitoring, accountability, and decision-making (Garengo and Sardi, 2021). In healthcare organisations, however, the production of performance reports is often labour-intensive and dependent on a substantial amount of analytical and interpretative work. This has led to growing interest in whether digital and AI-enabled tools might be able to support elements of the reporting process more efficiently, particularly in systems facing continuing pressure on staff time, service performance, and workforce capacity (Mistry, 2025b; Moulds and Horton, 2024).
At the same time, the literature suggests that the value of AI in health and care cannot be assumed simply because a tool can generate an output. Recent work has instead pointed to the importance of the setting in which these technologies are introduced, including aspects such as infrastructure, data quality, system readiness, and governance arrangements (Mistry, 2025a; World Health Organization, 2021). These considerations are especially important in relation to performance reporting, where outputs are expected to summarise information, as well as support judgement about trends, risks, priorities, and potential action.


[bookmark: _Toc228659378]
2.2	Search strategy

2.2.1	Literature search strategy
A structured literature search was undertaken to identify peer-reviewed evidence relevant to AI-assisted performance reporting within healthcare. The search was deliberately broad because no significant body of literature addresses performance reporting, healthcare, and AI together. For this reason, the search was structured around adjacent conceptual areas that could help to inform the evaluation problem; Table 2.1 shows the BSC search strings by conceptual area. Therefore, literature was selected not only because it used shared terminology, but because it contributed to understanding how AI-assisted reporting outputs might be produced, interpreted, evaluated, or used in practice.
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Business Source Complete (BSC) was used as the primary database because of its strong coverage of management, and organisational literature. Search terms were developed iteratively around these areas and searched separately. Studies were included if they were peer-reviewed journal articles, published in English within the last ten years, and available in full text. Retracted papers were excluded.

2.2.2	Grey literature and supplementary searching
In addition to database searching, grey literature searches were undertaken to identify relevant policy documents and guidance related to performance reporting and the use of AI within healthcare and public-sector settings. These documents were used to provide context on current practice, infrastructure, governance, and assurance issues that were not well represented in the literature. 
Reference list screening was also undertaken to identify additional relevant literature from included papers. This was particularly useful given the dispersed nature of the topic across performance management, digital health, AI implementation and health information technology (HIT). 

2.2.3	Limitations of the search strategy
Only one primary database was used for the structured search, which is a clear limitation given the interdisciplinary nature of the topic. Relevant papers may be indexed across health informatics, management, information systems, and computer science sources. BSC was selected because the study’s focus is organisational and evaluative rather than technical, and because of its coverage of management and organisational literature. It is possible that some relevant papers were not captured directly, and the findings of the review should, therefore, be interpreted within that threshold.

[bookmark: _Toc228659379]2.3	Study selection and PRISMA flow diagram
Search results were exported from BSC and screened in stages. Across the five search areas, 63 records were identified before duplicate and eligibility checks.  Titles and abstracts were reviewed to exclude clearly irrelevant papers. Full texts were then screened to assess eligibility against the purpose of the review, which was to identify literature that could inform the evaluation of AI-assisted performance reporting in practice. Papers were excluded where they mainly focused on technical AI development without organisational relevance, where they were concerned solely with clinical care without implications for reporting or decision support, or where they did not contribute conceptually to the evaluation problem. Citation and grey literature searching were used to supplement the database search.
A key finding from the search process was that there appears to be little directly focused literature on AI-assisted performance reporting in healthcare organisations as a distinct evaluative problem. Instead, the relevant evidence was dispersed across adjacent topics including performance management, digital reporting, decision support, summarisation, usability, and AI implementation. This fragmented evidence base justifies the present review, which brings these elements together to support the development of an evaluative approach suited to AI-assisted reporting practice.
In total, the final review included 28 studies and documents. The study selection process is summarised in Figure 2.1.
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Although this literature is useful conceptually, its relevance to AI-assisted performance reporting is often indirect. Its value in this review is, therefore, not as direct evidence of what works in AI-assisted reporting, but as a way of identifying concepts and evaluative dimensions relevant to this context.

[bookmark: _Toc228659380]2.4	Performance information and decision-making in organisational contexts
Performance information (PI) is often presented as though collecting and reporting it will, in itself, support decision-making. Earlier work on performance measurement systems (PMS) tended to frame performance measurement as a structured process linked to managerial control and strategic alignment, with Neely, Gregory, and Platts stating that “strategy is only realised as decisions are made and courses of action are pursued” (1995, p. 1240), while Micheli and Mura (2017) similarly emphasise the role of PMS in strategy implementation. More recent literature is less confident that the presence of data is enough on its own, and instead draws attention to the conditions under which information is actually used and acted upon (Han and Moynihan, 2022).
Han and Moynihan (2022) argue that the relationship between PI and organisational performance depends partly on how that information is used. In their study, strategic uses of PI were associated with stronger organisational outcomes than more routine uses. They also note several reasons why PI might fail to improve performance, including goal ambiguity, political constraints, difficulty inferring what data means for actions, and the influence of cognitive bias. This suggests that the value of PI is impacted by not only what is measured, but by the setting in which it is interpreted and the extent to which it can be connected to practical decisions and actions.
Healthcare performance reports are rarely produced for their own sake; they are intended to support judgements about performance, risk and improvement, often across complex services under time pressure. A report may be technically accurate and still be of limited use if it does not make clear what matters most, what has changed, or what needs attention. The issue is not only whether data is available, but whether it is presented in a form that supports understanding and action.
The use of PI is selective rather than automatic. Managers do not respond to all information equally, and the same data might be read differently depending on organisational priorities and audience. Han and Moynihan (2022) note that managers need time to follow PI and learn how to use it, and that prioritising a smaller number of goals may help to sustain meaningful engagement with PI. In relation to AI-assisted reporting, this suggests that the value of an output is likely to depend less on the amount of information it contains, and more on whether it is useful in helping users identify significance, context, and potential areas for action.

[bookmark: _Toc228659381]2.5	Digitalisation and the transformation of performance reporting
PI is increasingly produced and communicated through digital systems such as dashboards, reporting platforms, and integrated data systems. Within healthcare and public-sector literature, these systems are often associated with improved visibility, more timely access to information, and stronger support for monitoring and oversight, although these claims are usually tied to wider questions of governance, implementation, and data quality rather than to interpretation alone (Garengo and Sardi, 2021; Moulds and Horton, 2024).
As well as making reporting faster, digitalisation can also change how information is organised, what is made visible, and how findings are presented. Digital systems might, therefore, change how PI can be interpreted and acted upon, rather than simply making reporting faster. Nørreklit and Cinquini (2023) argue that digitalisation should not be considered as a straightforward translation of organisational activity into digital form. They suggest that where digitally produced information is used without reflection, then decision-making could become removed from the actual situation, creating a risk of ‘decontextualisation’. Read in this way, digital systems might increase the apparent clarity of reporting whilst making it easier to overlook the circumstances/context that give PI its meaning. Performance reports are often read quickly and under pressure, and visually clear outputs could still be considered weak if they narrow or divert the reader’s attention.
The visual analytics literature makes a similar point. Qaurooni et al. (2024) note that data relevant to healthcare decision-making is often spread across different systems and that limitations in completeness, quality, and timeliness affect what dashboards can support. They state that “elaborately created data visualizations are not useful unless they can be used to develop and support practical decisions” (Qaurooni et al., 2024, p. 4). This refocuses attention from visual sophistication alone. Reporting tools may be technically advanced and still contribute very little if they do not help users to decide what the information means and what requires attention. 
Digitalisation is not simply a more efficient way of producing the same reports. It changes how PI is produced, presented, and how easily it can be interpreted; it potentially improves access without necessarily improving understanding. For AI-assisted reporting, this means evaluation needs to consider whether outputs make information easier to interpret without stripping away the context needed for evidence-based judgement. 

[bookmark: _Toc228659382]2.6	Automation, analytics, and AI as decision support
In organisational and public-administration literature, AI is more often discussed in terms of efficiency, automation, and decision support than as a direct replacement for human judgement (Raisch and Krakowski, 2021; Wirtz and Müller, 2019; Wirtz, Weyerer, and Geyer, 2018). In this context, the distinction between automation and augmentation is important. Raisch and Krakowski (2021) describe automation as situations where “machines take over a human task” (p. 193), whereas augmentation refers to situations where “humans collaborate closely with machines to perform a task” (p. 193). Their wider argument is that automation and augmentation should not be treated as completely separate options. In practice, if an organisation pushes too far towards automation, it may remove too much human judgement or oversight, whereas if it relies only on augmentation, it might miss chances to make systems more efficient. This distinction is important in relation to performance reporting. In this study, AI is, therefore, considered as a support mechanism within the reporting process itself, including prioritising indicators, identifying patterns, suggesting visualisations, drafting narrative, or highlighting related metrics for contextual interpretation.
These activities can be supported by AI, but that does not remove the need for human review. Performance reporting still involves interpretation, contextual judgement, and professional accountability. Raisch and Krakowski (2021) also note that more complex tasks cannot simply be handed over because domain experts need to remain ‘in the loop’ when rules are not fully known or readily available. 
In practice, performance teams work with large volumes of data, with changing and often short deadlines, to produce reports for managers who have little time to read and properly absorb the information contained within them. Han and Moynihan (2022) argue that, where managerial attention is stretched across competing demands, PI may be more useful when it is tied to a smaller number of priorities rather than a broad set of competing goals. This points to one possible role for AI in helping to identify and prioritise issues that require attention. Such a role should remain supportive rather than autonomous though, because priority still needs to be interpreted in relation to organisational context, audience, and risk. 
Moulds and Horton (2023) discuss technology and AI in terms of how different tools may support, strengthen, substitute, or supersede existing work. Their framework, visualised in Figure 2.2, shows that AI tools might assist with drafting narrative, or prioritising metrics without removing the need for human judgement and accountability. It helps distinguish between the augmentative uses of AI and those that may be more automatic. 
[bookmark: _Toc228663756][image: ] 












A related body of literature concerns automatic text summarisation (ATS). El-Kassas et al. (2021) and Mridha et al. (2021) both outline that ATS can condense multiple sources, classified as ‘multi-document’ systems, or a single source with perhaps large volumes of material via a ‘single-document’ system, into shorter narrative outputs. They, and other review papers, distinguish between extractive, abstractive, and hybrid approaches. Liu and Lapata explain that abstractive summarisation aims to produce shorter versions of text using “novel words and phrases not featured in the source text” (2019, p. 3730). Where several indicators, updates, or contextual points need to be amalgamated, it is likely that performance reporting would involve more than just selecting and reproducing text, so is perhaps more likely to use an abstractive or hybrid approach. However, performance reporting is not only a summarisation task. It also involves judgement about significance, priority, and context, which means that ATS literature is useful but not fully transferable.
This summarisation literature is particularly concerned with technical performance above practical use. The main emphasis tends to be on model development and approach comparison, with less attention on whether generated summaries are appropriate or useful within an organisational setting (Liu and Lapata, 2019; El-Kassas et al., 2021; Mridha et al., 2021). Even where ATS performs well technically, its value in reporting is limited if readers cannot interpret it clearly.
As well as being interpretable, summaries also need to represent the data and contexts fairly, reliably, and appropriately. This is where a wider set of concerns in the AI literature come to the fore, particularly around bias, transparency, and accountability. Bias remains a recognised concern in AI-assisted systems, particularly where outputs might influence judgement or prioritisation (Ntoutsi et al., 2020). In health-related settings, this is particularly relevant as unequal performance across groups might affect the fairness and reliability of AI-assisted outputs (Nazer et al., 2023). Other public-sector literature raises concerns about transparency and accountability, especially when systems operate as ‘black-box’ and their decision-making processes are difficult to explain or examine (Wirtz, Weyerer, and Geyer, 2018).
Overall, the literature suggests that AI in this area is better understood as decision support rather than automatic decision making. Its value is, therefore, unlikely to depend only on whether it can prioritise indicators, draft narrative, or suggest visualisations, but on whether these outputs can be reviewed, interpreted, contextualised, and used appropriately within existing reporting processes. This reinforces the need to evaluate AI-assisted reporting as a part of a wider sociotechnical process rather than a technical output alone.
[bookmark: _Toc228659383]
2.7	Human factors
Recent literature has also considered the human factors associated with AI adoption and use, particularly in relation to usability, trust, and workflow (Abareshi et al., 2025; Alami et al., 2024; Kamel Rahimi et al., 2024). In performance reporting contexts, AI-assisted outputs still need to be understood, interpreted, and worked with by people in practice. Literature on HIT suggests that poor usability may increase workload, inefficiency, and the risk of error, which makes it difficult to treat technical performance as the sole basis for evaluation (Abareshi et al., 2025). Where reporting is intended to support interpretation and decision-making, usability is, therefore, part of what determines whether the output is clear, meaningful, and suitable for use in practice.
Workload and cognitive burden are part of the problem. Performance teams are working with large volumes of information, tight deadlines, and competing priorities. In these circumstances, one possible benefit of AI-assisted reporting is that it may help users identify patterns or focus attention more quickly. Although focused on sports analytics, O’Brien and O’Keeffe (2022) make a transferable argument, in that where large datasets create cognitive overload, AI used alongside human judgement might help to identify and decipher patterns that are otherwise difficult to see through the ‘noise’. Thus, AI-assistance may be useful where the amount and complexity of information has itself become part of the issue. However, the opposite is also possible; if outputs are vague, difficult to verify, or poorly aligned with user preference, it could add to workload rather than reduce it, which is consistent with wider literature linking poor usability in HIT to inefficiency, increased workload, and greater risk of error (Abareshi et al., 2025).
Trust and interpretability are also key. A recurring concern in the literature is the ‘black-box’ problem, where systems generate outputs without making their reasoning transparent. Sousa et al. (2024) linked black-box models to lower trust and weaker practical uptake in healthcare settings. Reddy (2022) argues that in medicine, highly accurate models might still be difficult to accept if they cannot be interpreted properly, and limited explainability creates problems for trust, accountability, and regulation. Although clinically focused, the issue is transferable. Similar concerns appear in implementation work on explainable clinical decision support, where opacity may discourage use in practice if users cannot judge whether outputs are reliable or appropriate (Pumplun et al., 2023). If users cannot understand why a summary has been framed in a particular way, why one issue has been prioritised over another, or even what information has been omitted, then confidence in the output will be lower. Thus, interpretability is not just a technical issue, as producers and users ultimately remain responsible for explaining and using report contents. Qaurooni et al. make a related point from a visual analytics perspective, describing biomedical informatics as “fundamentally a sociotechnical discipline” (2024, p. 2), and arguing that systems need to take users into account throughout the design cycle if they are to be useful and usable. They also note that easier access to underlying data sources might improve user trust in visualisations, partly because users are better able to judge where information has come from and how it should be read.
Hesitation around AI may reflect organisational fit as much as technical concern. Kamel Rahimi et al. (2024) identify barriers and enablers that include staff capability, training, workflow integration, compatibility with existing systems, and processes for user feedback. Alami et al. (2024) make a similar argument, suggesting that difficulties with AI in healthcare are often rooted in wider sociotechnical conditions rather than in the technology itself. Workload and workflow are important human factors, but a full assessment of their operational impact is outside the scope of this study. Instead, they are considered where they shape how AI-assisted reporting outputs are likely to be interpreted, trusted, and judged by users. The evaluation, therefore, focuses on whether outputs appear clear, useful, sufficiently contextualised, credible, and transparent enough to scrutinise.

[bookmark: _Toc228659384]2.8	Evaluative frameworks for AI-assisted performance reporting
Existing literature does not appear to offer a framework designed specifically for evaluating AI-assisted performance reporting. Existing health information system evaluation frameworks are useful in identifying relevant sociotechnical dimensions, but they tend to focus on issues such as adoption, usability, implementation, technical performance, and organisational fit, rather than on whether a reporting output supports interpretation, assurance, prioritisation, and governance decision-making in practice. 
However, a number of frameworks and approaches are useful in identifying the dimensions likely to be significant. One of the clearest is the NASSS (Non-adoption, Abandonment, Scale-up, Spread, and Sustainability) framework, which has been used to examine the integration of AI in healthcare, and highlights the importance of the interaction between technology, the organisation, the value proposition, the intended adopters, the wider system, and adaptation over time (Alami et al., 2024). Alami et al.’s (2024) adapted version is visualised in Figure 2.3. This suggests that, although accuracy and efficiency are obviously important, AI-assisted reporting should not be evaluated as a standalone technical tool, but as something whose value depends on how it fits with existing systems, roles and practices.
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Nair et al. (2024) make a similar point; they identify a range of factors affecting AI implementation in healthcare, including leadership, buy-in, workflow, training, data, legal issues, evaluation and monitoring, maintenance and ethics. The OneLondon framework is more directly focused on implementation in practice, bringing together issues such as partnership working, infrastructure and data, use cases, delivery, and workforce development (OneLondon, 2025). Kamel Rahimi et al. (2024) argue that, as well as analytical capability, the use of AI in hospitals depends on infrastructure, interoperability, and organisational readiness. Similar concerns appear in policy and implementation literature, where weak infrastructure, fragmented systems and poor-quality data are presented as barriers to the practical use of AI tools, even where they seem promising technically (Mistry, 2025a; Department of Health and Social Care, 2021).
Implementation frameworks are useful for understanding conditions for adoption, but they do not, on their own, explain what good reporting outputs should look like, though some of the literature around PMM within the public sector goes some way to exploring this, suggesting that reporting is not simply a technical exercise in presenting data. Instead, it is part of a wider system intended to support monitoring, accountability, and decision-making (Garengo and Sardi, 2021). In the context of AI-assisted performance reporting, this shifts attention from output generation alone towards the quality, contextualisation, and practical usefulness of what is produced.
A further set of principles comes from guidance on trustworthy and well-governed AI in healthcare. Although this work is not specific to performance reporting, it is still relevant because it identifies concerns likely to be important regardless of whether AI is used to support professional or managerial judgement. These include transparency, accountability, fairness, safety, and the continued role of human oversight (World Health Organization, 2021). The Department of Health and Social Care guidance also gives importance to ethical design, usability, data protection, interoperability and evidence generation (Department of Health and Social Care, 2021). These concerns overlap with issues already discussed earlier in the chapter, particularly usability and interpretability. If outputs are difficult to understand, poorly aligned with workflow, or not transparent enough to scrutinise properly, then their practical value is likely to be limited even where model performance appears acceptable (Abareshi et al., 2025).
Taken together, these frameworks and related approaches do not provide a ‘ready-made’ model for evaluating AI-assisted performance reporting. Their value lies instead in identifying dimensions that are relevant across implementation, governance, and use, including organisational fit, usability, interpretability, transparency, trust, and meaningful human oversight. The literature does not yet provide a direct or settled evidence base for AI-assisted reporting in healthcare, so these dimensions need to be brought together and adapted cautiously for the specific problem of assessing AI-assisted reporting outputs. This provides the justification for the exploratory evaluation framework developed in this study.
[bookmark: _Toc228659385] 	2.9	Summary 
The literature reviewed in this chapter does not provide a settled model for AI-assisted performance reporting, but it does suggest that such outputs need to be viewed holistically and cannot be assessed effectively in technical terms alone. Existing work on PI and decision-making shows that data does not become useful simply by being available, but depends on how it is interpreted and linked to action within organisational settings. Literature on digitalisation further suggests that reporting formats can impact on what is made visible and how easily information can be understood. Research on AI as decision support indicates that such tools may assist with prioritisation and drafting, but do not remove the need for human judgement. Human factors literature adds that usability, trust, interpretability, and organisational fit are likely to be key in whether AI-assisted outputs are workable in practice. Together, these themes provide the conceptual basis for the exploratory evaluation framework developed in this study, which considers whether AI-assisted outputs are clear, contextualised, useful, credible, and sufficiently transparent to support scrutiny and decision-making in healthcare organisational contexts.
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Chapter 3: Methods

[bookmark: _Toc228659387]3.1	Study design and methodological approach
This chapter describes the exploratory study design used to develop and pilot an evaluation framework for assessing an AI-assisted performance output. The study examined both the practical usefulness of the draft framework and stakeholder response to a single AI-assisted reporting example.
A sequential mixed-methods design was adopted. Questionnaire findings were used to inform the development of the use cases, the draft evaluation framework, and subsequent semi-structured interviews. The evaluation framework was applied to a single AI-assisted performance reporting output, which was reviewed through the semi-structured stakeholder interviews. This sequencing meant that early findings could inform later stages of the project in a structured way.
In this study, AI-assisted functions were operationalised through prompted outputs that supported prioritisation, metric triangulation, narrative drafting, and elements of visual presentation, whilst interpretive judgement and final decisions remained with human stakeholders. This allowed AI to be evaluated as assistive to reporting, rather than as an autonomous decision-making system.

[bookmark: _Toc228659388]3.2	Stakeholder questionnaire
A short questionnaire was administered to stakeholders involved in performance reporting and review processes. The questionnaire sought to capture views on current reporting practice, perceptions of good-quality PI, and attitudes towards the use of AI in reporting. The questionnaire was intended to inform the development of the use cases, the evaluation framework, and subsequent interview design, rather than function as a standalone validated measurement tool. 
The questionnaire was pragmatically designed to reflect issues relevant to the production and interpretation of performance reports in a Welsh health service context. Its content was informed by relevant literature and by the researcher’s professional experience, and it was refined following informal review by five colleagues to improve clarity and ease of completion.
The questionnaire consisted of a combination of closed questions and free-text responses. Closed questions were used to capture engagement with performance reports and views on specific report elements and AI-assisted reporting. Free-text questions were included to allow respondents to elaborate on their views.
Participants were recruited purposively through existing performance reporting distribution lists in order to reach individuals with direct experience of receiving, producing, or using performance reports. A small number of additional participants were invited where relevant roles were not represented within those lists. Recruitment was constrained by the project timeframe, but the sampling approach sought to include a range of stakeholder roles relevant to performance reporting.
Information about the study purpose, data handling, and consent procedures was provided to participants in advance of participation, as set out in Appendix C. Participation in the questionnaire was voluntary, and submission of the completed questionnaire was taken as confirmation of consent to participate. Responses were collected anonymously unless the participant opted to leave their contact details for future involvement. 
Questionnaire data was analysed using descriptive statistics and simple content coding, as outlined in Section 3.8. 

[bookmark: _Toc228659389]3.3	Identification and selection of AI-assisted use cases
Use cases were informed by three sources: the aims and scope outlined within the project brief, that is provided in Appendix A, findings from the staff stakeholder questionnaire, and the researcher’s professional experience of healthcare performance reporting. Together, these inputs were used to define AI-assisted activities that reflected routine reporting practice, and remained consistent with stakeholder expectations about oversight, trust, and contextual interpretation.
An initial longlist of potential AI-assisted activities was developed to reflect common tasks undertaken during the production of healthcare performance reports. These activities aligned with the project brief, which identified prioritisation, narrative generation, visualisation selection, and triangulation as candidate areas for evaluation. 
Table 3.1 presents the candidate AI-assisted activities that are considered for inclusion, alongside the corresponding human task, the potential role of AI as a supportive tool, and also where the activity would typically appear within a performance report. AI was intended to remain as augmentative, with outputs still subject to human review and validation.  
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3.3.1	Shortlisting criteria and rationale
Given the exploratory scope of the study, candidate activities were shortlisted using five criteria: (1) alignment with the stated aims of the project brief, (2) relevance to routine performance reporting tasks, (3) perceived usefulness based on questionnaire findings, (4) feasibility of implementation using publicly available data and open-source tools, and (5) suitability regarding the maintenance of human review.
Questionnaire findings indicated strong stakeholder support for AI-assisted tasks that improved efficiency, consistency, and clarity. Activities such as narrative summarisation, triangulation across indicators, and visual recommendation were, therefore, prioritised. Activities requiring a greater degree of automated judgement, independent data validation, or technically complex implementation were excluded because they fell outside the practical, governance, and feasibility boundaries of the present study.

3.3.2	Shortlisted use cases for evaluation
Based on the criteria detailed above, five AI-assisted use cases, seen in Table 3.2, were selected for evaluation. These use cases represented a balance between stakeholder-informed priorities and areas of potential value identified through professional practice.
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KPI prioritisation for review was retained as an advisory use case as it represents a time-intensive element of performance reporting. Although questionnaire findings highlighted caution regarding AI-generated judgement, the prompt used pre-defined criteria to suggest priorities only. Escalation and decision-making, therefore, remained the responsibility of human reviewers.
Metric triangulation and visual recommendations were selected to support contextual interpretation and clearer presentation of complex information; reflecting respondents’ emphasis on bringing multiple data sources together and communicating findings clearly. KPI summarisation and executive summary synthesis were included due to their repetitive and time-intensive nature, alongside evidence from questionnaire findings that clear narrative and synthesis are highly valued elements of effective reports.
	
3.3.3	Scope and exclusions
The scope of this study was limited to examining how AI might support routine activities involved in the interpretation and communication of PI, rather than evaluating the technical performance of AI tools specifically. The focus was on the acceptability, perceived usefulness, and interpretability of performance reporting outputs, including those produced with AI-assistance, within existing performance reporting practices.
AI involvement was deliberately restricted to assistive functions, such as highlighting potential areas for review, suggesting related metrics, and supporting narrative and summary production. Activities such as AI-led data quality validation, automated visual production, thematic analysis of free-text, and any form of unsupervised escalation were excluded, as they would require autonomous judgement or validation beyond the scope of this evaluation. These exclusions reflected both stakeholder concerns about governance, and the practical limits of the study. 

[bookmark: _Toc228659390]3.4	Development of the evaluation framework
The evaluation framework was developed as a structured tool for assessing how performance reporting outputs are interpreted, trusted, and used in practice. Although the wider study focused on an AI-assisted output, the framework itself was intended to assess reporting quality more broadly rather than AI as a technology in isolation. 
The framework was developed iteratively, drawing upon three main inputs: relevant literature, findings from the staff stakeholder questionnaire, and the researcher’s professional experience of producing and reviewing healthcare performance reports. These inputs helped to identify aspects of reporting that stakeholders consistently described as important when interpreting and using PI. 
The domains reflected recurring themes identified in the questionnaire findings, including clarity of interpretation, contextual explanation, usefulness for decision-making, trust and oversight, visual presentation, and perceived limitations. These domains are interrelated, for example, clear presentation supports interpretability, contextual information supports appropriate judgement, and trust is influenced by transparency and oversight. When viewed in aggregate, the domains represent stakeholder-defined characteristics of effective performance reporting in practice.
These domains were translated into a draft evaluation framework tool comprising domain descriptions, example prompts, scoring guidance, and space for qualitative comment, as shown in Figure 3.1. In this study, the tool was applied to an AI-assisted report, although the domains were concerned with reporting quality more broadly rather than AI-assistance alone, and so could potentially be applied to other reporting outputs.
The framework was subsequently applied during stakeholder interviews to a single AI-assisted report. The structured scoring and prompts were used to guide reflection on the report and to explore whether the domains captured aspects of reporting that participants considered meaningful when interpreting and using PI. Interview data was analysed separately using a qualitative Framework Analysis approach, as described in Section 3.8.
The framework was also considered in relation to established sociotechnical and interoperability models during interpretation, including those concerned with fit between technology, users, tasks, and organisation, although a full formal comparative mapping was outside the scope of this study.
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3.5	AI-assisted report production and operationalisation
AI-assisted elements were incorporated within a single performance reporting output to reflect how such tools could be used alongside existing reporting processes, rather than as a complete replacement for them. The intention was to examine how AI-assisted functions could operate within routine reporting practice, whilst retaining human oversight and professional judgement. This was in line with the wider aim of piloting the evaluation framework rather than undertaking a full comparison between human-only and AI-only reporting.
AI-assisted outputs were generated using ChatGPT (OpenAI, GPT-5 series model, March 2026). Appendix D summarises the main prompt structure used to guide the AI-assisted report production. The prompt drew on the shortlisted use cases identified in Section 3.3.2 and was used alongside a researcher-supplied Excel workbook, with screenshots shown in Appendix E. The prompt included contextual instructions to guide narrative generation, visual recommendations, and advisory escalation prompts. The AI was not permitted to access external data sources and was directed to the Excel workbook. All outputs were treated as draft and subject to manual review and editing prior to the stakeholder evaluation.
Prompt development was iterative. Initial design was informed in part by a MS training module on effective prompt construction (Microsoft Learn, 2024, Write effective prompts to achieve optimal results). A first draft was developed based on the identified reporting requirements and refined through testing and adjustment to improve clarity of instruction and alignment with the expected output structure. The final prompt was intentionally detailed because the task required linked outputs, including data interpretation, chart recommendation, PowerPoint production, validation checks, and timing. This specificity helped define the task limits, keep the output linked to the Excel workbook, align it with familiar reporting structures, and reduce the risk of unsupported interpretation, given that large language model outputs can vary according to model version, context available, and prompt framing.
As testing progressed, refinements were also made in response to variation observed in the narrative sections of the report. Earlier prompt versions gave clear direction on the dataset, analytical steps, and report structure, but allowed greater flexibility in how summary content and triangulated commentary were organised and expressed. Later iterations introduced more explicit instructions, including the prioritisation of statistical process control (SPC) charts unless there was a clear reason not to use them. This reflected familiar performance reporting practice and the value of SPC in supporting interpretation of variation and direction of travel over time. The triangulation instructions were also revised to encourage a more integrated system narrative, with greater emphasis on interdependencies across demand, capacity, flow, and outcomes, rather than a series of separate metric linkages. These refinements were intended to improve consistency in presentation and synthesis, whilst retaining human review of the final outcome.
The production process involved drafting and refining prompts, generating AI-assisted output, manual review for accuracy and contextual fit, making minor amends where necessary, producing visual elements in line with AI-recommendation, and integration into a single reporting output. Prompt refinement was not recorded as a separate timed stage within the final workflow.
To reduce the risk of priming prior to the interview, the report was presented as an example performance report for stakeholder evaluation rather than emphasising AI-assistance within the main title. However, a footnote was included to advise about the draft report being AI-assisted to retain transparency.
In addition to qualitative stakeholder evaluation of the reporting output, the production process was observed by the researcher. The time required for the final stages of the AI-assisted production process was noted, including AI output generation, manual review, and integration of visual elements. Prompt development formed part of the wider development process and was iterative, but not systematically timed. AI-reported processing time was recorded as a supplementary indicator only. Overall production time was compiled by the researcher on the basis of observed workflow stages rather than as a formal time-and-motion study. 
The example report was also developed with supporting artefacts, including charts, chart build lists, self-validation checks, and timing data. These supported exploratory assessment of transparency, reviewability, format alignment, and timeliness, rather than full technical validation of the AI tool.

[bookmark: _Toc228659392]3.6	Production of performance reporting outputs
A single AI-assisted example performance report was produced for stakeholder review. The purpose of this report was to provide an example reporting artefact that participants could use during the interviews, rather than to reproduce a full organisational reporting pack. This was consistent with the project brief, which outlined the use of one representative AI-generated report for exploratory evaluation.
The report incorporated selected AI-assisted elements within a familiar format. It included an executive summary, prioritised risks and improvements, escalation content, KPI-focused triangulation, a scorecard, and caveats. These components reflected the shortlisted use cases identified in Section 3.3 and were intended to give participants sufficient material to comment on clarity, context, usefulness, trust, and presentation.
The report was produced in PowerPoint format because this reflects the Board-style format in which performance reports are commonly encountered in practice. The slides were styled to resemble the general structure and tone of a Board report so that stakeholders could focus on the content rather than unfamiliar format. However, they were not intended as exact replicas of official organisational reports and did not include official logos or corporate branding. 
The final report was not presented as raw AI output. Material generated was reviewed during report compilation, and minor amendments were made in order to improve local understanding and fit within the reporting context. In line with AI recommendations, charts were produced manually within Power BI using the same dataset that had been supplied to ChatGPT. This ensured that visual elements reflected AI-assisted suggestions whilst remaining subject to human construction and review. These changes did not materially alter the analytical content of the report and replicated how the outputs may be utilised in reality. The final version, therefore, represented an AI-assisted and researcher-reviewed report, and formed the basis of subsequent stakeholder interviews.

[bookmark: _Toc228659393]3.7	Data collection: semi-structured interviews
Semi-structured interviews were undertaken with stakeholders who had experience of producing, reviewing, or using performance reports. Recruitment was constrained by the project timeframe, but the sample was intended to provide sufficient representation across relevant stakeholder roles. In line with the project brief, the interviews were intended as an exploratory means of assessing both the usefulness of the draft evaluation framework, and participant responses to the AI-assisted example report.
During each interview, participants were asked to review the example report and apply the evaluation framework to it. The framework consisted of six domains: interpretability and clarity; contextualisation of performance; usefulness for decision making; trust, credibility, and oversight; presentation and visual support; and perceived limitations and risks. Each domain was scored on a four-point scale, with space for a brief justification, followed by an overall assessment. The framework was used to structure discussion and to support a degree of consistency across interviews, whilst still allowing participants to explain their judgements in their own words.
The structured scoring was not treated as a validated measure. Rather, it functioned as a practical tool to support systematic discussion of the report and to explore whether the framework domains were meaningful and usable in practice. This was consistent with the project aim of assessing framework usefulness rather than conducting full validation.
A participant information sheet was provided with the interview booking invite email and verbal informed consent, including consent to recording, was obtained at the start of each interview. Interviews were conducted via Microsoft Teams and in person, and typically lasted 30-40 minutes. Interviews were audio recorded in full, and auto-transcription used for Teams meetings. Auto-transcriptions, where available, were checked for accuracy before anonymising, and the in-person recordings were transcribed prior to deleting the audio recording.
Interviews were guided by the framework domains and supplemented by follow-up questions on practical use, governance, and implementation. Whilst all participants applied the same framework to the same report, prompts were adapted slightly to reflect participant role and experience. This allowed participants to comment on issues most relevant to their experience without changing the core domains under review.


[bookmark: _Toc228659394]3.8	Data analysis
This section describes the approach used to analyse questionnaire and interview data. Given the exploratory and evaluative aims of the project, analysis focused on descriptive and interpretive approaches. Questionnaire and interview data was analysed separately. Findings are presented separately in the Results chapter and considered together in the Discussion.
Within the questionnaire, categorical variables were summarised using frequencies and percentages to describe response patterns. Likert-scale items were treated as ordinal data and analysed using median and interquartile ranges. Responses were numerically coded and then interpreted using the original response category. 
Free-text questionnaire responses were analysed using a simple descriptive coding approach informed by the organising principles of Framework Analysis (Gale et al., 2013). The aim was to identify recurring issues relevant to the study rather than to undertake a full independent qualitative analysis of questionnaire text. Free-text responses were reviewed iteratively to gain familiarity with the data, and an initial coding framework was developed based on the study aims and the content of the responses. Responses were coded descriptively, with some comments contributing to more than one category. Coding was used to support descriptive interpretation and identify recurring themes across responses. 
Interview data was also analysed using Framework Analysis. To support comparison across study stages, the analysis drew on the same broad evaluative domains that had informed the questionnaire and interview framework, while remaining open to additional issues raised by participants. Transcripts were then coded in line with the analytical framework, with attention to how participants interpreted the report, applied the framework domains, and identified strengths, limitations, and risks in AI-assisted reporting. Domain scores were considered alongside qualitative comments with a view to supporting interpretation of the interview data. Analysis, therefore, focused on the perceived usefulness, interpretability, trustworthiness, and practical applicability of both the example report and the draft evaluation framework. 


[bookmark: _Toc228659395]3.9	Ethical and governance considerations
Ethical considerations were addressed throughout the study. Questionnaire participants were provided with information in advance, and submission of a completed response was taken as consent. Interview participants received written information and gave verbal consent, including for recording, prior to interview. Questionnaire responses were anonymous unless participants chose to provide contact details for follow-up. Interview data was anonymised during analysis and stored securely in line with organisational and university requirements. In relation to AI use, only publicly available data was used, and no unpublished, identifiable, or sensitive data was entered into publicly accessible AI tools. Ethical approval for the study was obtained through UWTSD, reference: Appendix B.



[bookmark: _Toc228659396]Chapter 4: Results
	
[bookmark: _Toc228659397]4.1	Introduction 
This chapter presents the findings from the questionnaire first, followed by the interview findings. Results are presented descriptively and organised around key aspects of performance reporting and views on the potential use of AI-assisted reporting. 

[bookmark: _Toc228659398]4.2	Respondent characteristics
A total of 37 questionnaire responses were received from stakeholders involved in the production, review, and use of performance reports. Most respondents described themselves as working in managerial or business roles, with smaller numbers reporting clinical or corporate responsibilities. 
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Most respondents (n=26, 70.2%) had at least weekly involvement with performance reports, and 97.2% (n=36) reported at least monthly involvement. This reflects the intended focus of the questionnaire on individuals with direct experience of performance reporting processes.
Figure 4.1 summarises respondent involvement in performance reporting activities. Respondents were able to choose more than one option as applicable. The majority of respondents reported involvement in more than one aspect of performance reporting, most commonly viewing reports.
This indicates that the questionnaire captured views from respondents with direct experience of performance reporting processes.
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[bookmark: _Toc228659399]4.3	Questionnaire findings: quantitative perceptions of value and confidence in interpreting performance reports
This section presents questionnaire findings on respondents’ views of the value of commonly used performance report components and their confidence in interpreting them. 

4.3.1	Perceived value of performance reporting components
Respondents rated the importance of a range of performance reporting components commonly used in routine reports. As shown in Table 4.2, median ratings for most items fell between ‘somewhat important’ and ‘very important’, indicating that respondents generally regarded these report components as useful features of routine performance reporting. 
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When combined positive responses were examined in more detail, charts or visualisations and performance against national targets attracted the highest ratings, followed by narrative summary and comparison with last year. Looking only at ‘very important’ responses also highlighted forward projections as particularly valued. These results can be viewed in Figure 4.2. 
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In contrast, despite their routine use, SPC charts and RAG (red, amber, green) rating attracted a lower proportion of positive responses, as did KPI focus. RAG rating received the lowest number of ‘very important’ ratings. This suggests that respondents valued the report elements that support interpretation and comparison over those that display the status alone.
It is worth noting that the only component to receive responses in the ‘Unsure/Not applicable’ category was ‘SPC charts’ (n=4). Given that SPC charts are routinely included in Performance Team reporting, this might suggest some uncertainty about how they support interpretation and decision-making, and might indicate a possible training need.

4.3.2	Confidence in interpreting performance reporting components
Respondents reported high levels of confidence across all elements with the median ratings falling into the ‘very confident’ category throughout. Upper quartile values were similarly high, although lower quartile values showed some variation, indicating that confidence was not uniform across all elements. This matters to later review of the AI-assisted report because variation in confidence might influence how different report elements are interpreted and valued in practice. 
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When the proportion reporting high confidence (‘somewhat confident’ and ‘very confident’) was examined, clearer differences emerged. As shown in Figure 4.3, ‘run charts’, ‘performance versus target tables’, and ‘narrative commentary’ garnered particularly high confidence, whereas confidence was lower for more technical visualisations such as SPC charts. This pattern was reinforced by responses to the question asking which chart types were hardest to interpret, where SPC charts were selected frequently alongside other technical chart types, including radar and scatter plots, which were entered under ‘other’.
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SPC charts displayed the highest number of negative responses (8.1%), and similarly to the importance metric, four respondents selected ‘unsure/not applicable’.
When confidence and importance ratings were compared, most report components showed broadly similar levels of positive responses across both measures. RAG rating was the clearest exception: although 89.2% of respondents felt confident interpreting it, only 78.4% rated it positively in terms of importance.

[bookmark: _Toc228659400]4.4	Questionnaire findings: quantitative views on AI-assisted performance reporting 
This section presents quantitative questionnaire findings relating to respondents’ views on AI-assisted performance reporting. These questions were intended to gather stakeholder views prior to any exposure to the example AI-assisted output used later in the study.
Respondents were asked if they had previously used or reviewed AI-assisted content or insights within their work. Responses indicated a broadly even split in prior exposure: 44.4% (n=16) reported they had, 41.7% (n=15) reported no prior experience, and 13.9% (n=5) indicated that they were unsure. 
Additionally, respondents were asked how comfortable they would feel using AI-assisted report content in their work. Although positive responses predominated, only half of respondents (50.0%, n=18) reported feeling somewhat or very comfortable using AI-generated report content in their work. The remaining responses were evenly divided between discomfort and uncertainty.

4.4.1	Perceived usefulness of AI-assisted content
Respondents were asked to rate how useful AI-assisted content could be in supporting performance reporting. Responses to this item were generally positive, with most respondents indicating that AI-assisted content could be useful in supporting performance reporting. No respondents rated it as not useful. These results can be seen in Figure 4.4.
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4.4.2	Confidence in AI-generated summaries of performance data
Respondents were also asked how confident they were that AI could summarise performance data accurately. Responses indicated a broader spread of answers than for perceived usefulness but were still weighted to positive. Just over half of respondents (52.8%, n=19) reported feeling ‘somewhat confident’ or ‘extremely confident’ in AI’s ability to summarise performance data accurately. However, this leaves a notable minority who reported either low confidence or uncertainty. Taken alongside the perceived usefulness findings, this suggests that respondents were more positive about the potential usefulness of AI than about its ability to summarise performance data accurately.
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4.4.3	Agreement with statements on AI-assisted reporting
Respondents were asked to indicate their level of agreement with a series of statements relating to the potential benefits and limitations of AI-assisted performance reporting. As shown in Table 4.4, median responses indicated agreement across all statements.
The strongest agreement related to the assistive use of AI. Most respondents agreed that AI could save staff time (80.6%), support decision-making (80.6%), improve consistency in reporting (77.8%), and help make narrative reports clearer (72.2%). The statement that AI-assisted reports would still require human review attracted the strongest agreement overall, with a median of ‘strongly agree’ and 97.2% (n=35 of 36) in agreement, including 72.0% who selected ‘strongly agree’. Similarly, there was a high level of agreement that AI-assisted outputs should be used only with clear oversight (94.4%, n=34 of 36). Taken together, these findings suggest support for AI as an augmentative aid to reporting rather than as an autonomous system.
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Agreement was also common for statements highlighting the potential limitations and risks associated with AI-assisted reporting. A substantial proportion of respondents agreed that AI may overlook important contextual factors (77.8%), and that it could introduce inaccuracies or misinterpretations (66.7%). For these items, interquartile ranges were wider, which reflects greater variability in views from respondents. The pattern of the responses suggests greater support for AI as an aid to reporting than as a tool for judgement.

[bookmark: _Toc228659401]4.5	Questionnaire findings: qualitative free-text responses
This section presents findings from the free-text responses included within the questionnaire. A framework analysis approach was used, with responses coded across the six predefined categories of interpretation, context, trust, usefulness, visualisation, and limitations. Individual responses could be coded to more than one category where relevant.
Findings are presented below according to these framework categories.


4.5.1	Interpretation 
Many respondents linked good performance with clarity, understanding, and ease of interpretation. For example, one respondent described a strong report as having “readability and clarity” and being easy to take in quickly, whilst another referred to the importance of a “concise and easily identifiable position at a point in time against the target or objective”.

4.5.2	Context
The need for contextual explanation and narrative emerged consistently across the free-text responses. In many comments, narrative and context appeared closely linked, with respondents describing explanatory narrative as necessary for understanding why performance was changing rather than simply reporting what had happened. Several contributors referred to the role of narrative in linking information and supporting interpretation, for example, expressing how valuable “a narrative that draws together data from a number of sources converting it into a coherent interpretation” is. Context was also discussed in relation to trends over time and comparison with targets or expectations.

4.5.3	Trust
Trust emerged as a prominent theme across the qualitative responses regarding AI-assisted performance reporting in particular. Respondents consistently associated confidence in report quality with human oversight, validation, and assurance processes. Accuracy and data quality were consistently identified as important factors influencing trust.
Many comments emphasised the importance of professional judgement in validating both the data and the narrative produced by AI tools. Human review was viewed as essential to assuring accuracy, interpretation, and relevance, with contributors referring to the need for reports to be “quality checked / DQ checked” and signed off. In this context, trust was closely linked to accountability, oversight, and assurance processes.

4.5.4	Usefulness
Usefulness was one of the most consistently emphasised themes, and effective performance reporting was often described in terms of its practical value. Reports were viewed as more useful when they linked PI to actions, milestones, or improvement plans. As such, usefulness was closely associated with reports that enabled readers to move beyond data review towards decision-making.
In relation to AI-assisted reporting, usefulness was most often linked to time-saving. Contributors described potential benefits including staff time, faster synthesis of large volumes of data, and the identification of trends and insights that may otherwise be overlooked. These benefits were linked to practical benefits such as reducing administrative burden, and allowing staff to focus time on interpretation.

4.5.5	Visualisation
Visualisation, including charts, layout, and presentation, was generally discussed less frequently than the other themes and was rarely raised as a standalone issue. Where visual elements were mentioned, they were usually discussed in relation to their role in supporting interpretation or usefulness. Simplicity, and consistency of presentation were noted as valuable features.
Where concerns were raised, these related to specific tools rather than visualisation broadly speaking. In particular, some respondents expressed reservations about the use of RAG ratings, describing these as difficult to interpret, or unhelpful when overused. Overall, visualisation was described as a supporting element that could aid interpretation when used appropriately, rather than as a primary driver of perceived report quality or usefulness.

4.5.6	Limitations
As might be expected from the framing of the question, limitations, also taken as risks, concerns, or bias, were most evident in the responses about the perceived risks of using AI for performance reporting. Contributors highlighted the risk of over-reliance on AI outputs, particularly where data quality issues may be present, for example, “garbage in, garbage out”, or where outputs might not be adequately reviewed and validated. The loss of contextual understanding and the potential for misleading or inaccurate narrative were also cited.

4.5.7	Summary of qualitative questionnaire findings
Overall, the qualitative questionnaire findings emphasise clarity, contextual narrative, trust, and usefulness as central to how respondents engage with performance reports. Although AI-assisted reporting was perceived to offer potential benefits, in terms of efficiency in particular, confidence in outputs remained closely linked to human oversight, validation, and the preservation of contextual understanding. These findings informed the subsequent interview evaluation, where participants were asked to apply the pilot evaluation framework tool to an AI-assisted example report using domains relating to interpretability, contextualisation, usefulness, trust, presentation, and perceived limitations.

[bookmark: _Toc228659402]4.6	Interview findings: evaluation of the AI-assisted performance reporting output
The draft evaluation framework tool, shown in Figure 3.1, was both a study output and a practical way of structuring stakeholder review of the example AI-assisted report. Participants scored each domain and provided qualitative commentary whilst doing so. Findings are presented below by domain, followed by overall assessments. Participants frequently compared the example report with reports they routinely receive or produce, particularly in relation to readability, level of detail, and practical usefulness. 
Although broad themes were consistent across interviews, some differences in emphasis appeared to reflect participant role, particularly between those in senior management positions and those in more analytical roles.
Participants also commented briefly on the framework itself after applying it to the report. Overall, the six domains appeared to cover the main issues that participants considered relevant, and no additional domains were clearly identified as necessary. Regarding the scoring approach, although one participant suggested that a slightly wider scale may have allowed for greater flexibility, another felt this would have been “too much”, with the existing four-point scale generally viewed as simple and acceptable.

4.6.1	Interpretability and clarity
Participants commented on report clarity in their initial impressions, before the framework domains were introduced. Interpretability and clarity were generally rated positively, as one participant noted, “the message is clear and concise. It takes you straight to the point without the waffle”. 
However, some areas for improvement were identified, and these appeared to vary to some extent by participant role. Participants with more senior responsibilities were more likely to emphasise the need to avoid or explain jargon, particularly for public-facing use, whereas others were more likely to comment on layout preferences, including whether additional visuals would aid interpretation. There was mixed opinion about the narrative-based pages, with some participants advising they would prefer the inclusion of visuals, but others noting that they liked the layout.

4.6.2	Contextualisation of performance
Participants generally felt that the report provided some contextual explanation of performance, particularly through the executive summary, escalation sections, and triangulated slides, though this was generally viewed more positively by managerial participants than by those with an analytical background. Interviewees though repeatedly commented that deeper service-level context was missing; one participant observed, it “feels like it’s data rather than telling a story and understanding the service”. Several participants also wanted more forward-looking intelligence, including trajectories and action planning. 

4.6.3	Usefulness for decision-making
Participants generally considered the report to be helpful in identifying areas requiring attention. The summary and escalation sections in particular were often seen as useful in focusing attention and supporting preparation for meetings. Overall, the report was viewed as a useful starting point for highlighting issues and preparing for discussion, but not as a sufficient basis for formal decision-making on its own. Additional context, detail, and discussion with colleagues closer to the issue were usually seen as necessary before formal decisions could be made.  

4.6.4	Trust, credibility, and oversight
Trust, credibility, and oversight were central to participants’ evaluation of the report. Confidence in the report output was notably linked to its having been reviewed by a human analyst. Several participants were clear that AI-assistance was not necessarily a problem in itself, but that trust depended on the quality of the underlying data, confirmed checking processes, and keeping “a professional critical eye on it”. Human review, fact-checking, and validation were repeatedly described as essential if such reporting were to be used confidently in practice. More than one participant also viewed the report’s objectivity positively, particularly where it appeared to avoid apportioning blame.
Concerns in this domain related mainly to transparency and governance. Some participants questioned how AI had prioritised issues or generated particular statements, and others highlighted concerns about wider governance arrangements, and data/source quality. A number of comments suggested that an assurance process and ‘kite-mark’ would be useful, as trust in the report was dependent on having confidence in the check procedures. Overall, trust was present, but conditional on review, oversight, and data assurance.
 
4.6.5	Presentation and visual support
Presentation and visual support were generally viewed positively, with first impressions often referring to these points in a positive way. Participants described the report as clean, easy to read and professional. Several commented positively on the fact that the report looked similar to reporting formats already used in practice, and also that visuals were explained. The layout and overall organisation were also helpful in making the report easier to read. 
Even so, some interviewees felt like presentation could be strengthened. These were potentially areas of personal preference and not widely recurring. Suggestions included a greater use of colour, more visual highlighting of areas of concern, and a closer pairing of visuals with associated narrative. Additionally, feedback suggested that some pages, such as the executive summary, were too word-heavy. A particular oversight noted was a lack of legend for the SPC charts, including the icons that also featured within the scorecard. Overall though, despite the suggested improvements, presentation was widely regarded as a strength of the report.

4.6.6	Perceived limitations and risks
Several of the issues raised within this domain had already been touched on in earlier discussion of contextualisation, usefulness, and trust. When asked to consider limitations and risks specifically, participants largely reiterated concerns about the depth of context available within the report, the level of analysis it could support, and the level of human involvement required if participants were to trust it.
Over-reliance was also identified as a potential risk, especially where the readers may be less familiar with the underlying data or service context. Another concern related to the expertise of those developing the prompts. Some participants questioned whether prompt writers would always understand the full range of services well enough to frame appropriate prompts, and whether they would then be able to check and challenge the outputs effectively. This linked to wider concerns about skills, training, and governance.
Security was not a major concern for most interviewees, with only one participant raising it explicitly. For that individual, governance included assurance around security, storage and how AI tools use the data made available to them.

[bookmark: _Toc228659403]4.7	Overall suitability for use in practice
Overall, participants’ assessments of the example report were generally positive, particularly in relation to clarity, conciseness, and ease of reading. The report was often viewed as useful for providing a high-level overview, highlighting issues, and supporting preparation. Several participants also commented that it compared favourably to some of the reports they were used to receiving, particularly in relation to length and layout.
At the same time, participants did not generally view the report as sufficient on its own for more detailed interpretation or operational use. Instead, stronger contextual narrative, forward-looking information, and human review would be required if such reporting were to be relied upon routinely in practice. Overall, the example report was viewed most positively as a high-level, AI-assisted, human-reviewed reporting output that could support preparation and early interpretation, rather than as a replacement for detailed reporting or professional judgement. 

 

















[bookmark: _Toc228659404]Chapter 5: Discussion

[bookmark: _Toc228659405]5.1	Overview
Health and care organisations are increasingly exploring AI-assisted tools to support the efficiency, consistency, and interpretability of performance reporting. However, concerns remain around reliability, contextual understanding, how much oversight is required, and whether such tools add value for assurance and decision-making. This study explored whether AI-assisted outputs met stakeholders’ expectations for effective performance reporting, and whether such approaches appeared suitable in routine practice. The findings point to a potential role for AI in supporting reporting, whilst reinforcing the importance of human oversight, contextual review, and governance processes.
This chapter will first provide a summary of key findings, followed by an exploration of stakeholder views on AI-assisted reporting. It will then assess the pilot framework’s usefulness, before discussing the implications for practice, including workforce, governance, and future research.

[bookmark: _Toc228659406]5.2	Summary of key findings	
The study found that stakeholders were generally receptive to AI-assisted performance reporting, but that this acceptance was conditional. Whilst participants were open to the potential for AI to assist with performance reporting, they emphasised the importance of human oversight in ensuring that AI outputs were accurate, relevant, and contextually meaningful. As highlighted in earlier sections, the AI-assisted example report was seen as clear and concise, but there were concerns about its ability to fully capture the complexity and context required for informed decision-making.

5.2.1	Stakeholder expectations of effective performance reporting
Stakeholders generally expressed a preference for performance reports that go beyond just showing performance status, instead prioritising report elements that help with decision-making and interpretation. This reflects concerns in some performance measurement literature that simple measures can be useful in drawing attention to particular performance issues, but might also narrow understanding if they are not supported by context (Bevan and Hood, 2006). In this study, participants valued reporting components that supported contextual understanding, such as charts, trends, and benchmark comparisons. This is also consistent with Nadj and Schieder’s (2017) discussion of business intelligence, where the value of reporting lies in supporting timely interpretation and action as well as presenting data. The importance of clarity and visual presentation was also a recurring theme in the interviews, reinforcing the finding that effective performance reporting needs to help users understand what the data means, rather than simply indicate whether performance is above or below target. This fits with Han and Moynihan’s (2022) argument that PI only becomes useful when it can be interpreted and linked to action within organisational settings.

5.2.2	Conditional acceptability of AI-assisted reporting
Whilst participants were generally open to AI-assisted reporting, they emphasised that its acceptance was conditional on the inclusion of human review, contextual review, and accountability. This supports the idea that AI in decision support should not replace human judgement, but rather augment it (Raisch and Krakowski, 2021). Participants appeared confident in AI’s potential to assist with drafting and summarisation, but there was clear preference for ensuring that the final report incorporated sufficient contextualisation, and human-led intelligence and oversight. This is consistent with Sutton et al. (2020), who present AI as most useful when it supports human decision-making rather than operating autonomously.

[bookmark: _Toc228659407]5.3	Stakeholder views of AI-assisted reporting
Stakeholders’ views suggested that AI-assisted reporting was acceptable where there were clear limits on what AI would be used for. Participants appeared open to it where it was used as a support for tasks such as summarising performance, suggesting visualisations, and identifying key issues, providing it did not replace human judgement, contextual understanding, or governance oversight. 
A key limitation to note is that these findings are based on stakeholder views of AI-assisted reporting rather than its specific use in practice, meaning that the results relate to perceived acceptability rather than proven operational performance. These views may differ once AI-assisted reporting is used in practice, where factors such as real-time data, workflow integration, governance requirements, and variable user expertise could potentially impact both the quality of the output and the level of trust placed in it. However, understanding how such tools are anticipated and interpreted remains an important step in evaluating their potential role within performance reporting.
The conditional support from participants was particularly evident in responses to the AI governance items. In Section 4.3.3, 94.4% of respondents agreed that AI-generated outputs should only be used with clear oversight, whilst 97.2% agreed that AI-assisted reports would still require human review. Although these figures should not be treated as generalisable beyond the sample, they suggest that respondents were not opposed to AI-assisted reporting in principle, but they viewed human control, checking, and accountability as essential, meaning stakeholders aligned with an augmentative model of AI use rather than with an autonomous one (Raisch and Krakowski, 2021). It also reflects wider decision-support literature, with Sutton et al. (2020) suggesting that AI can improve analytical efficiency where it is used to support human judgement rather than replace it. For performance reporting, this suggests that AI might be most acceptable where it helps with drafting and suggesting prioritisation, whilst interpretation, contextual judgement, assurance, and accountability remain the responsibility of staff.

5.4	Pilot of the draft evaluation framework	
Overall, the pilot suggested that the framework could provide a useful structure for assessing AI-assisted reporting outputs. Participants were able to apply it to the example report in a structured way, and the domains generally reflected issues that were important to stakeholder judgement, particularly trust, contextualisation, and usefulness. However, the pilot also suggested that further refinement would be needed before wider testing, particularly around domain wording and overlap between domains. Although the framework’s domains were separate for the purpose of evaluation, in practice they often overlapped. For example, a poorly designed chart could affect clarity, contextual understanding, and usefulness for decision-making at the same time. This indicates that whilst the framework used separate domains for evaluation, these domains are interdependent in routine reporting practice. Nørreklit and Cinquini (2023) argue that when evaluating performance, domains like contextual understanding and clarity often overlap in practice, making it difficult to assess them in isolation.
The pilot also suggested that trust, credibility, and oversight should be treated more distinctly in future versions of the framework. These were grouped together in the draft framework, though the pilot has highlighted that they are different in practice. For example, stakeholders may trust the figures in an AI-assisted report, but still question whether the narrative interpretation is credible, or whether the report has been subject to sufficient review and sign-off. This distinction is also reflected in wider AI governance literature, where trust is linked to accountability, transparency, and appropriate human review as much as the accuracy of an output (Reddy, 2022; Wirtz, Weyerer, and Geyer, 2018). Future iterations of the framework should, therefore, consider separating this domain so that confidence in the data, credibility of the reporting process, and oversight arrangements can be assessed more distinctly.
In addition to the framework’s structure, interviewees provided feedback on the rating scale used to assess the AI-assisted report. Most felt that a 1 – 4 rating scale was clear and usable, providing a simple structure for evaluating the domains. However, some participants suggested that more points might allow for greater precision. This highlights a trade-off between simplicity and precision, which should be considered in future versions of the framework. Further testing could explore whether additional scale points improve discrimination between reports, or whether they make scoring less consistent between reviewers. Additionally, future iterations might include clearer guidelines on how to apply the rating scale consistently where domains overlap.
The framework also shows some alignment with established sociotechnical and implementation evaluation models, which emphasise that digital tools need to be assessed in relation to users, tasks, workflow, organisational context, and wider implementation conditions. This is reflected in the framework’s attention to interpretability, contextualisation, usefulness, trust, presentation, and risk, rather than just the technical performance of the AI. However, the framework differs from models such as FITT, FITTE, HOT-fit, and NASSS, because its primary focus is on evaluating the output of AI-assisted reports rather than on implementation or organisational readiness (Alami et al., 2024; Ammenwerth, Iller and Mahler, 2006; Prgomet et al., 2019; Yusof et al., 2008). Wider implementation issues such as infrastructure, workflow, security and governance, sustainability, and training were out of scope for this study. The contribution of the draft framework is, therefore, not that it replaces wider sociotechnical or implementation models, but that it provides a more focused structure for assessing the reporting output itself. In particular, it supports judgement about whether an AI-assisted performance report appears useful, interpretable, trustworthy, and decision-relevant to stakeholders. This narrower focus was appropriate for the present study, although future work would need to test whether the framework remains useful across different reporting contexts and organisational settings.

[bookmark: _Toc228659409]5.5	Interpretation of the example AI-assisted performance report
Participants commented positively that the example report looked similar to reporting formats they were accustomed to. The report was deliberately produced using a familiar Board-style format so that stakeholders could focus on the content, interpretation and usefulness of the AI-assisted output rather than be distracted by unfamiliar presentation style. This design choice aligns with human factors literature, which suggests that usability, fit, and user expectations influence how health information technologies are interpreted and accepted (Abareshi et al., 2025; Kamel Rahimi et al., 2024). However, this also introduces a possible familiarity effect, as participants may have responded positively because the report resembled existing Board-style formats rather than because the AI-assisted content was strong independently. Positive views on usability should, therefore, be interpreted cautiously and separated from claims about analytical quality.
Questionnaire responses suggested that RAG ratings were not rejected, but they were not as strongly valued as components that support understanding around change, variation, and comparison, such as charts, trends, and benchmarks. As seen in the results, RAG ratings received the lowest number of ‘very important’ ratings, suggesting that stakeholders placed greater value on elements that supported interpretation or decision-making rather than those that simply indicated a snapshot performance status.
A related point concerns the use of SPC charts in the example AI-assisted performance report. The AI prompt instructed the tool to prioritise SPC charts unless there was a clear reason not to use them, reflecting the increasing expectation within NHS Wales performance reporting that they should feature as a way of showing variation and direction of travel. Although questionnaire findings showed comparatively lower confidence and some uncertainty in relation to interpreting them, this was not a dominant issue in the interviews. Taken together, the findings suggest that the issue is not simply whether SPC charts are used, but how they are introduced and explained. This points to a possible training need, alongside clearer supporting features such as legends, explanatory narrative, and visual cues.
This also links to wider visual analytics literature, which highlights that the quality, completeness, and timeliness of data shapes the usefulness of visualisations, and that siloed data can limit more joined-up interpretation (Qaurooni et al., 2024). This is relevant to the present study because stakeholders recognised some value in the slides that brought together multiple related indicators, but still wanted deeper contextual explanation of the relationships between those indicators. As a result, the issue was not only whether the visualisations were clear, but whether the available data allowed them to bring together enough related information to support meaningful interpretation.
Contextualisation was one of the areas where the example report was judged more critically. Participants recognised that the report provided some useful elements of contextual explanation through the executive summary, escalation material, and triangulated slides, however, several felt that this was not detailed enough to fully explain the performance or allow for confident decision-making. This reinforces Han and Moynihan’s (2022) argument that PI does not become useful simply by being available, and its value depends on how it can be interpreted, prioritised, and linked to action within organisational settings. It also reflects Nørreklit and Cinquini’s (2023) concerns regarding the decontextualisation of digital PI when it is removed from the wider situation it is meant to represent. In this study the limitation partly reflected the deliberate use of publicly available data and the absence of internal operational intelligence, as unpublished or sensitive internal information could not appropriately be shared with publicly accessible AI tools. As Hamidi and Jusoff (2009) highlight, organisational memory plays a crucial role in enhancing data interpretation by integrating past knowledge and decisions into current performance reporting. This suggests that AI-assisted performance reporting might be more useful if it can draw on historical data, internal reporting repositories, previous management narratives, and current action updates. In contrast, an output generated from a single dataset is likely to remain limited, because the tool can only use the context made available to it. The central implication is that AI-assisted reports are not inherently context-rich; they depend on access to relevant, reliable, and appropriately governed contextual information. This also links to wider implementation guidance, which suggests that AI creates greater value when it is embedded into workflows and operational processes rather than used as a standalone tool (KPMG, 2025).

5.6	Implications for practice
The findings suggest several practical considerations for any future use of AI-assisted performance reporting. These relate not only to the quality of the report itself, but also to staff skills, review processes, governance, and the data available to the tool. 
The findings have implications for staff education and capability. Participants’ emphasis on human review, prompt quality, contextual judgement, and avoiding over-reliance suggests that AI-assisted reporting would require more than just access to an AI tool. Staff would need sufficient AI literacy to understand the limitations of generated outputs, challenge unclear or unsupported narrative, and recognise where service context or data quality issues may affect interpretation. This aligns with Health Education and Improvement Wales’s (HEIW) ‘Artificial Intelligence Education and Skills within NHS Wales Landscape Review’ (2025), which identified fragmented and insufficient AI education across NHS Wales and recommended foundational AI education alongside tailored role-specific learning pathways. Within this context, the use of AI would still depend on a skilled workforce. Staff need enough data, service, and prompt-design knowledge to validate AI-generated narrative, recognise unsupported claims, interpret visualisations, and judge whether risks warrant escalation. 
There may also be wider workforce implications to consider. In the interviews, concerns were raised about whether those staff developing prompts would have enough service-specific knowledge to frame appropriate instructions and then check the outputs were true to context. This indicates that AI-assisted reporting may change, rather than remove, aspects of performance reporting work, so should be understood as a catalyst for role redesign, not simply as an efficiency tool. If AI undertakes more of the initial drafting, summarisation and prioritisation, this does not remove the need for human review, but may shift staff time towards prompt design, validation, challenging outputs, and assurance. This is consistent with Mertens et al. (2026), who found that AI capability appears to be improving across a wide range of text-based tasks, but warned against treating task success as evidence of workforce replacement because adoption still depends on workplace integration, implementation costs, and how work is organised. Such a shift in work could be beneficial if it allows analysts to focus more on higher-value interpretation, but it may also impact how staff develop core analytical skills, particularly in junior or entry-level roles. As a result, AI-assisted reporting should be considered as a potential change to the fundamental nature of performance work as well as a technical or process change.
Reproducibility is a practical issue requiring awareness. Although a structured prompt was used in this study, it cannot be assumed that narrative would be reproduced identically if run repeatedly. Abstractive summarisation could generate fresh wording rather than simply reproducing the source material (Liu and Lapata, 2019; El-Kassas et al., 2021). This variability could potentially be amplified if larger volumes of historic local narrative were provided to improve contextualisation. In performance reporting, variation in wording, order, or emphasis is significant as it might influence interpretation of risks, improvements, or priorities. This links to wider concerns about explainability and accountability in AI-assisted outputs, especially where users need to understand, and be able to challenge, how information has been generated (Reddy, 2022). Organisational use in routine performance reporting would, therefore, require controls such as prompt versioning, retained outputs, documented review, audit trails, and human sign-off on accuracy, interpretation, and emphasis.
Bias should also be considered as part of the review process. In this study, using publicly available aggregated data reduced the information governance risks associated with patient-level information, but the reporting output could still be shaped, and potentially biased, by which indicators were selected, how data was grouped, and what was omitted. Nazer et al. note that aggregation can create bias “when a ‘one-size-fits-all’ model is used for groups with different conditional distributions” (2023, p. 4). In performance reporting, this could occur if an aggregated organisational position masks important variation between sites, specialties, or services. This reinforces the need for human review, particularly where reports are used to identify risk, prioritise action, or escalate concerns. 
A further implication is that human oversight should not be understood as a simple proofreading stage. In this study, human review could check whether the report reflected available information accurately, but it could not add missing operational intelligence where the reviewer did not personally hold that knowledge, or have access to it through governed internal sources. In practice, reviewers would need to assess factual accuracy, data interpretation, narrative emphasis, missing context, service plausibility, and the appropriateness of any escalation suggested by the report. A practical consequence is that future AI-assisted reporting would need review by people with both analytical skills and sufficient domain understanding. It also reinforces the importance of secure access to relevant internal information, as AI outputs can only reflect the context made available to the tool. This aligns with Alami et al.’s (2024) argument that AI should be considered in relation to organisational knowledge and workflows, rather than treated as a standalone technical tool. 

5.7	Strengths and limitations of the study
Several strengths and limitations need to be considered when interpreting the findings of this study. A key strength is that it moved beyond a theoretical discussion of AI-assisted reporting by developing an example report, piloting a draft evaluation framework, and gathering stakeholder views on usefulness, trust, contextualisation, and governance. However, the findings should also be interpreted alongside limitations in sample size, scope, and the artificial nature of the pilot setting. 
The study was limited by its modest sample size. Although the questionnaire captured responses from stakeholders with direct experience of performance reporting, the number of respondents was not sufficient to support inferential statistical analysis or claims of statistical generalisability. Thus, the findings are descriptive of the particular stakeholder group rather than evidence of the wider views across NHS Wales or healthcare performance reporting more broadly. This limitation also applies to the interview phase, meaning the findings should be seen as an initial test of the evaluation framework rather than evidence of its wider applicability. 
The project brief originally proposed that visualisation recommendations would be assessed by experienced performance analysts. Although visualisation choices were reviewed by the researcher, who had professional experience as a performance analyst, they were not independently reviewed by multiple analysts. The assessment of visual presentation, therefore, combined researcher judgement with stakeholder feedback, but did not include separate expert validation of the visualisation choices.
Some elements originally included in the project brief, for example, prioritisation, were addressed through the development of the example report, researcher review, and stakeholder feedback, rather than through a direct comparison with human-only reporting. This was appropriate for the scope of the study, but as a result, it cannot conclude that the AI-assisted report was faster, more accurate, more consistent, or more useful than an equivalent report produced through existing manual processes. 
A further limitation is that participants evaluated a single example AI-assisted report, meaning responses might have been influenced by the particular topic, dataset, format, and visual choices used. The researcher also contributed to the design of both the example report and the draft evaluation framework. Although this was appropriate for a practice-based pilot, future testing would benefit from applying the framework across different reporting topics and involving more independent review.

5.8	Recommendations for further research and future development	
The findings suggest several areas for future development before AI-assisted performance reporting could be considered for wider use. These can be grouped into five areas: further testing of the evaluation framework, staff education and capability, assurance processes, secure infrastructure for internal data use, and sustainability if AI-assisted reporting becomes routine or high-volume.
Future work should include further testing and refinement of the evaluation framework. This could involve applying it to a wider range of manual and AI-assisted reporting outputs and stakeholder groups, alongside more formal mapping against established sociotechnical and implementation evaluation models, such as HOT-fit, FITT/FITTE, and NASSS. This would help to assess whether the framework remains useful across different reporting contexts, and whether it sufficiently captures wider implementation issues such as workflow, infrastructure, governance, training, and organisational readiness.
Alongside framework development, NHS Wales organisations considering AI-assisted performance reporting should develop role-specific education for analysts, managers, and reviewers, covering AI literacy, prompt design, output validation, data quality, governance, and safe escalation. This would be consistent with HEIW’s recommendation for foundational and tailored AI learning pathways across NHS Wales. In the short term, any use of AI-assisted reporting should include a defined assurance process, specifying the requirements surrounding human review, data quality checks, narrative validation, reviewer accountability, and a visible assurance sign-off marker indicating that the report has been checked before use.
Further work could test specific areas of the AI-assisted reporting process more directly. Areas include prioritisation, visualisation selection, production time, consistency of framework scoring between different stakeholder groups, and readability of AI-assisted narrative. Although participants commented on clarity and conciseness of the example report, this study did not apply a readability index to compare it with human-produced counterparts. Including a measure such as readability alongside stakeholder judgement could provide a more structured assessment of whether AI-assisted narrative is accessible to different audiences.
Future development of AI-assisted reporting would also depend on secure infrastructure. This study intentionally used publicly available data because unpublished or sensitive information could not be shared with publicly accessible AI tools. This was appropriate for the study, but it also limited the extent to which the AI-assisted report could include internal operational intelligence, previous narrative, or plan and action updates. It also creates a timeliness issue, as publicly available performance data is usually released in arrears so will likely be too old to support routine performance management or timely assurance. In practice, much of the information needed for meaningful PI is both sensitive and time-critical. Wider public-sector AI literature also identifies privacy, safety, and cybersecurity as key implementation challenges, requiring governance structures that define responsibility, accountability, and safe data handling (Wirtz, Weyerer, and Geyer, 2018). Therefore, without a secure and governed AI infrastructure that will support the use of sensitive information, AI-assisted reporting is likely to remain limited to low-risk structural drafting, such as templates, but not be viable for timely assurance or operational decision-making.
Finally, future development of the framework could consider whether sustainability should be included as an additional evaluation domain or implementation consideration. Sustainability was not addressed within the scope of the present study, but the increasing use of AI-assisted tools raises concerns about the energy, water, and infrastructure demands associated with digital technologies. The World Health Organization (2021) highlights that AI and other digital health tools can lead to significant resource demands if not managed carefully. If AI-assisted reporting became routine or high-volume, then environmental sustainability could become a relevant consideration within the framework.
Overall, the findings indicate that AI-assisted performance reporting should be approached as a support to reporting practice rather than a reporting solution in itself. The example report was generally viewed as clear and useful as a starting point, but its limitations around context, judgement, and assurance show why AI-generated outputs cannot be separated from the people and processes that review them. The draft framework, therefore, offers a useful starting structure for asking these questions more systematically, whilst also showing that future use would require clear governance, appropriate staff capability, secure access to relevant information, and explicit sign-off.





Chapter 6: Conclusion

This study set out to develop and pilot an exploratory framework for evaluating AI-assisted performance reporting in health services. It was not intended to test whether AI could replace existing reporting practice, or to validate a particular AI tool or the framework. Instead, it focused on a more practical issue in how the quality and usefulness of AI-assisted reporting outputs might be evaluated before they are relied upon within performance assurance, or decision-making processes.
Overall, the findings indicate that AI-assisted performance reporting might have a useful role, but that this role is likely to be augmentative rather than autonomous. The areas where AI appeared most relevant were routine but time-consuming elements of reporting, particularly identifying possible priorities, supporting narrative, suggesting visual approaches, and supporting triangulation between related indicators. However, these outputs still required human review, particularly in relation to contextual accuracy, relevance, emphasis, and the possible implications for escalation or assurance. This is significant because performance reporting is not only a technical process of presenting data, but also an interpretive process impacted by organisational context, professional judgement, and audience need.
The evaluation framework developed in this study offers one way of structuring assessment. By focusing on interpretability, contextualisation, usefulness for decision-making, trust, presentation, and perceived limitations, it provides a practical starting point for considering whether the report is clear, credible, and suitable for use. However, the piloting also suggests that some domains might need clearer separation or refinement in future versions. The framework should not be viewed as finished, or validated, but as an exploratory tool that can be refined through future use. Its value is, therefore, in helping to make the assessment of reporting quality more structured, rather than providing a definitive conclusion about the role of AI in this area.
Although developed in response to the introduction of AI into reporting practice, the framework may also have value in reviewing existing performance reports. In that sense, the study highlights that AI does not create the underlying need to assess report quality in itself, but brings existing issues around clarity, context, assurance, and accountability into sharper focus by prompting closer attention to why a report is considered reliable, useful, or suitable for decision-making.
There are clear limitations to this study. The framework was piloted using a single AI-assisted report and a limited stakeholder sample, so the findings should be interpreted cautiously. The study cannot establish whether AI-assisted reporting is more accurate, efficient, or useful than existing approaches. It does though, provide evidence that structured criteria may help focus the review of AI-assisted outputs on the issues that matter in practice, including clarity, trust, context, and usefulness, rather than technical capability alone.
To conclude, AI-assisted performance reporting might be useful within health service reporting, but only where it remains subject to human judgement, transparent review, and clear governance. Its future usefulness will also depend on secure and governed environments that allow sensitive performance information to be used safely. Without this, AI-assisted reporting is likely to remain limited in its practical value. The framework should, therefore, be tested across different types of reports, services, and stakeholder groups, with clear governance and sign off arrangements in place, before it is considered suitable for wider use.
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Appendix A: Project Brief

This appendix contains the project brief, which was used to define the initial aims and scope of the project.

Proposed Title
Evaluating AI-Assisted Performance Reporting: Developing and Piloting an Evaluation Framework

Introduction
Context
This dissertation will focus on the development and initial validation of an evaluation framework for AI-assisted performance monitoring reports in health services. The framework will define the key characteristics of effective reports and evaluate how AI may be able to contribute to achieving these standards through automated KPI prioritisation, visualisation selection, the generation of supporting narrative, and suggestions of relationships for triangulation so that report authors can explore additional context. Whilst AI driven tools are emerging, their performance remains under-evaluated and there is currently no structured method to determine whether they genuinely enhance prioritisation, visual interpretation, narrative generation, or triangulation suggestions. Existing reporting processes remain manual, administratively heavy, and inconsistent, contributing to the wider pressures facing performance teams. This project addresses a clear gap by piloting an evidence-based evaluation framework that examines both the technical capabilities of AI tools and some of the human factors influencing their use.
The framework is intended as an initial step toward a validated, scalable tool that can inform future organisational adoption and wider research.
Across the NHS, the increasing volume and complexity of performance data presents challenges for timely interpretation and action. Performance monitoring teams must synthesise hundreds of indicators spanning access, safety, quality, and efficiency. However, these teams often operate under resource and time pressures, as well as an increased level of under-performance against key performance indicators (KPIs) and targets. Consequently, emerging and/or high-priority risks may be overlooked or reported without sufficient context. Often, existing performance reporting is inadequate to support timely and meaningful decision-making. Rather than adaptive and insight driven, it is more likely retrospective data and static in format, where risk and prioritisation are interpreted via manual processes.
Artificial Intelligence (AI) and data analytics offer opportunities to enhance these processes. AI tools have the potential to assist in identifying patterns of deterioration, recommending appropriate visualisations, generating supporting narrative, and even suggesting other relevant datasets that provide further context through triangulation. Integrating these capabilities into performance reporting could help establish an evaluation approach for timely, accurate, and interpretable information to support decision-making. 
Whilst existing literature acknowledges administrative burden across the health sector, highlighting bureaucratic inefficiencies such as duplication, there remains limited empirical work that evaluates whether AI tools can reliably assist with and streamline tasks in a health based administrative setting. Much of the current literature focuses on the clinical field or tool design rather than establishing transparent, role-specific evaluation criteria. This dissertation offers an original contribution by developing a pilot evaluation framework to assess AI-assisted performance reporting.
Aim
The project aims to develop and pilot an evaluation framework for AI-assisted performance reporting in health services, encompassing the prioritisation of key indicators, generation of supporting narrative, suggestion of appropriate visualisations, and integration of complementary data for contextual interpretation. The study evaluates the usefulness of the framework rather than performing a full technical evaluation of AI tools. Whilst full organisational validation would be ideal, the timeframe of this dissertation will allow for only the development and piloting of the framework. The intention is to establish an initial evaluative structure that can subsequently be validated, expanded, adapted, and embedded through further research and operational testing.
Success for the dissertation will be defined as stakeholders being able to apply the framework consistently to assess an AI-generated performance report. Accordingly, they would also be able to successfully apply the framework to human-generated reports to establish good quality.



Research Question
How can an evaluation framework be developed and piloted to guide the use of Artificial Intelligence in generating, prioritising, and communicating performance monitoring information within BCUHB?
Scope
Problem Summary
Traditional performance reports rely heavily on manual compilation, requiring analysts to extract, clean, and interpret multiple datasets under tight deadlines. This can be time-consuming and vulnerable to human bias and inconsistencies. As the volume and complexity of data grows, it can become increasingly difficult to maintain a timely oversight of risks and trends. A structured, evidence-based framework is needed to evaluate and guide how AI can enhance these processes while maintaining interpretability, ethical integrity, and stakeholder trust.
Stakeholders
Stakeholders will play a critical role in shaping the interpretation and use of performance data within health services. These include those responsible for supplying data or compiling reports, those who rely on them for decision making, and those who govern performance reporting. Their perspectives are essential in defining what constitutes a gold-standard report and ensuring that the proposed framework reflects operational realities, decision-making needs, and ethical considerations regarding AI use. Each stakeholder group contributes specific insights that will be essential to the evaluation. Performance Analysts can assess technical accuracy, ease of use, and interpretability; Service and Business Managers can comment on operational relevance; Board and Committee members can provide information regarding effectiveness, ease of interpretability, and expectations linked to assurance; HR may be able to contribute regarding potential workforce impacts, training needs, and acceptability; and Data Digital and Technology Team staff can speak to data governance and integration.
Defining the Performance Report (Working Definition)
At present, no evidence-based definition exists within the NHS for what constitutes a gold-standard AI enabled report. For the purposes of this project, a performance report can provisionally be defined as one that communicates performance information that is accurate, timely, interpretable, transparent, and ethically produced. It will integrate quantitative data, appropriate visualisations, and concise narrative to highlight risks, trends (positive and negative), and organisational priorities to enable decision-makers to act on a concise and reliable evidence base.
This definition will serve as a starting point but will be refined through the study via review of the literature and stakeholder feedback gathered via questionnaires and interviews.

Objectives
i) Conduct a literature review to explore the current challenges, best practices, frameworks, standards, and ethical principles relevant to AI in performance monitoring
ii) Gather stakeholder insights via questionnaires and interviews to define what constitutes a real-world ‘gold-standard’ performance report for health care
iii) Develop an evaluation framework integrating academic and stakeholder perspectives
iv) Use AI tools to generate example performance reports using publicly available data (for example, StatsWales, and published NHS Board reports)
v) Evaluate AI outputs against the framework for clarity, interpretability, and value
vi) Begin to evaluate the framework through stakeholder review and thematic comparison with established interoperability models
vii) Make recommendations regarding practical implementation, governance, and future research.
Methods
Ethical Approval
Ethical aspects of the project are referenced in the separate document ‘Application for Ethical Approval’ (see Appendix G).
Literature Review
The study will begin with a structured literature review to identify existing frameworks, evaluation criteria, and best practices relevant to AI-assisted performance reporting. This will serve to both establish the theoretical foundation for the research, and also inform the design of the pilot evaluation framework. Initial searches will begin with Business Source Complete and expand to further databases if required. Literature sources will include peer-reviewed journals via the database/s, and also include quality grey literature, including NHS and Governmental documents and standards.
Data Sources
Only publicly available (for example, StatsWales or published Board Report papers) will be used. Ethical considerations will include ensuring that no unpublished, identifiable, or sensitive data will be shared with public / open-access AI tools. AI outputs will be reviewed for accuracy, bias, and interpretability.
Stakeholder Mapping
Stakeholders will be identified through mapping with the NHS ‘9 Cs’ Model (NHS England, 2021). Key groups are likely to include Performance Analysts, Service Managers, Business Leads, Programme Leads, Board and Committee members, Data, Digital and Technology Team members, and Information Governance Team members.
Stakeholders will be involved in the exploratory phase via questionnaires to identify valued features of effective performance reports, and also perceptions about AI use. They will then, through interviews and framework testing, be involved in the initial validation phase to assess feasibility, interpretability, and perceived trustworthiness of AI-generated outputs.
Questionnaires
Structured mixed question questionnaires (ethical approval required and questionnaire to include informed consent) will be employed with staff stakeholders to identify valued attributes of performance reports. It will also explore stakeholders’ perceptions, perceived benefits, and potential concerns regarding the use of AI in performance reporting, providing context for the framework’s ethical and practical dimensions. A purposive sampling approach will be used to recruit staff stakeholders who have direct experience of producing, reviewing, or using performance reports. The questionnaire will be distributed via existing performance reporting distribution lists, potentially supplemented by targeted invitations to relevant stakeholders whose roles are not captured within these lists. A target of approximately 30-50 questionnaire responses is anticipated. Given the limited sample size, results will undergo descriptive analysis and content analysis to identify the frequency and patterns of themes, rather than formal inferential statistics. Recruitment will be limited by the project timeframe and sufficient role representation.
Framework Development
The key themes generated from the questionnaires will be used in conjunction with insights from the literature to produce a framework for effective performance monitoring reports.

AI Tools
A single representative AI-generated report will be used for evaluation. It is envisioned that the AI tool/s utilised will be influenced by the literature, as well as access. Publicly accessible models such as ChatGPT, Microsoft Copilot, or Google Gemini are an initial reserve option where privacy will be protected by using only publicly available aggregated data. The tool/s will be used to prioritise KPIs, generate narrative, suggest appropriate visual outputs, and suggest appropriate datasets for effective triangulation. Best practice regarding AI prompts will be noted. Subsequently, visualisations based on AI suggestions will be created manually with software such as Power BI or Excel and integrated into reports, unless an appropriate alternative tool is highlighted through the literature.
Each AI task category will be evaluated against predefined performance expectations. These will be developed further following insights from the stakeholder feedback and literature, but broadly:
· Prioritisation AI: Success will be assessed by the extent to which the tool can reduce the requirement for manual triaging. A prioritisation model could be considered successful if it can consistently rank indicators with a minimum of, for example, 90% alignment to the decisions made by experienced performance analysts. 
· Narrative generation: Success will be assessed by the extent to which the tool can reduce the requirement for manual narrative writing and editing. For instance, AI output may be viewed as successful if it produces a clear, accurate and insightful first-draft summary that requires minimal editing. The number of relevant points referenced, readability (potentially using a readability index), and context will be scrutinised by experienced performance analysts. Stakeholder interviews will also support in this assessment.
· Visualisation AI: What success looks like will be impacted partly by the AI tool used and whether its role will involve the creation of or suggestions regarding the charts. Reliability, appropriateness, clarity and interpretability will be assessed by experience performance analysts. Stakeholder interviews will also support in this assessment, in particular by measuring comprehension.
· Additional elements, such as timeliness, will also be observed as part of the success criteria.
Framework Validation
An AI-generated performance monitoring report will be evaluated against the pilot framework by multiple stakeholders to assess quality and perceived usability. Given the scope of the project, this validation will be exploratory rather than full, with the intention of laying the groundwork for future testing and exploration.
Semi-structured interviews with staff stakeholders (ethical approval required and informed consent obtained) will be carried out with subsequent transcription and thematic analysis using tagging/coding. Comparative mapping will also take place to established interoperability or quality models found in the literature.
Stakeholder Interviews
Semi-structured interviews with staff stakeholders will explore perceptions of the AI-generated performance reports and gather feedback on the proposed framework. Interviews will be audio recorded, transcribed, anonymised, and analysed using thematic coding. Data will be stored securely on Microsoft cloud infrastructure, and deleted a year after the project is completed. Recruitment will be limited by the project timeframe and sufficient role representation.
Integration of Findings
The study will adopt a mixed-methods approach, integrating quantitative and qualitative data analysis. A mixed-methods approach is necessary because the success and effectiveness of AI-assisted reporting will depend on not only technical performance, which can be quantified more readily, but also on human factors such as trust and acceptance, which will necessitate the capture of qualitative insights. While the specific integration model will be refined as the project progresses, convergence of findings will follow a broadly sequential explanatory approach. 
Risks and Mitigation
Several practical risks are identified in relation to the project. A key risk is limited stakeholder participation, which may impact on the breadth of perspectives that are captured, either generally with respect to total numbers, or relating to distribution across job roles and experiences. This will be mitigated through targeted distribution via established performance reporting networks. 
There is also a risk that participants may be influenced by prior attitudes towards AI, which may influence their evaluation of AI-assisted reports. This will be mitigated by focussing discussion on specific report outputs and evaluation domains, rather than general views on AI technology.
Time constraints represent another risk, particularly in relation to the qualitative data collection. This will be mitigated by focussing interviews on a single AI-assisted report with a defined set of use-cases.
Deliverables
· Literature review.
· Stakeholder questionnaire analysis
· Pilot evaluation framework
· AI-generated sample performance monitoring report.
· Stakeholder interview analysis.
· Integrated discussion and recommendations.
The project will contribute a piloted, transferable framework for evaluating AI-assisted reporting in healthcare, providing a basis for full validation, ethical adoption and future digital innovation in NHS performance monitoring. Further work will be required to refine and fully validate the framework, embed it within performance-reporting processes, scale it to other service areas or Health Boards, as well as adapt it as AI technologies evolve.
Draft Timeline
[image: ]A draft project outline in the form of a Gantt chart can be viewed overleaf. This covers the key stages of the study and will be used to guide project planning.
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Appendix C: Questionnaire Informed Consent Form

This appendix contains the patient information form provided to interview participants before data collection.

Participant Informed Consent Form

	Study Title:
	Evaluating AI-Assisted Performance Reporting: Developing and Piloting an Evaluation Framework

	Researcher:
	Jenny Jones (Performance Officer, BCUHB)

	Institution:
	University of Wales Trinity Saint David

	Contact email:
	jenny.jones24@wales.nhs.uk

	
	



What is the study about? 
You are invited to take part in a project that aims to develop and pilot an evaluation framework for AI-assisted performance reporting in health services.
Specifically, this questionnaire will gather information about what elements you consider important within a gold-standard performance monitoring report and also explore your opinions about the use of AI in performance reporting.
In addition, it may be used to inform future development work undertaken by the BCUHB Performance Team with respect to performance monitoring and reporting.

What will my involvement be? 
You will be asked to complete a questionnaire that will take approximately 10 minutes. 
Your questionnaire feedback will be grouped with that from other respondents and analysed for common themes.
You will also be asked if you consent to being contacted about taking part in a short interview (approximately 15 minutes) later on in the study, where we will discuss your views of a sample, AI-generated performance report and your opinions about the evaluation framework (a separate information sheet and consent form would be supplied at a later date if you opt in to this).

Do I have to take part? 
Participation is voluntary and there are no negative consequences if you choose not to take part. 
There are no anticipated risks and you may skip any question that you would prefer not to answer.
There are no direct personal benefits to taking part, however, your responses will help to inform the development of an evaluation framework for AI-assisted performance reporting and may contribute to improvements in performance monitoring and reporting within BCUHB.

Will my information be anonymous? 
Your questionnaire responses will be treated as confidential and will be anonymised for analysis and reporting. Your name will not be used in the dissertation or in any subsequent development work undertaken by the Performance Team.
Your staff group will be used so the researcher can monitor the range of participation. It will not be reported in a way that could identify you.
If you choose to provide your email address for follow-up contact or to receive a summary of findings, this will be stored separately from your questionnaire responses and will not be linked to your anonymised data.
Only the author will have access to the raw data. Data will be stored securely in line with data governance policies and relevant data protection legislation. It will be retained for 1 year following project submission and will then be deleted securely.

What will my information be used for? 
Aggregated information will be used within the author’s dissertation, and potentially subsequent presentation of the dissertation content.
It will also be used, where relevant, to inform future development work undertaken by the BCUHB Performance Team regarding performance monitoring and reporting.

Who has reviewed this study?
This study has undergone ethics review in accordance with the UWTSD Research Ethics Policy and Procedure.

How do I withdraw from the study? 
You can withdraw from the study without giving reason at any point while completing the questionnaire by closing your browser window.
If you choose to provide your email address, you may request the removal of your data up until 16th Jan 2026. To do this please contact the researcher by email. 
If you do not provide an email address, your response will be anonymous, and it will not be possible to withdraw it after submission.
Appendix D: ChatGPT Prompt Structure

This appendix summarises the main instruction areas used to guide AI-assisted report production.
Role:
You are a performance analyst working in the health sector in Wales.

Task:
Produce a concise Board-style sample performance report for stakeholder interview use. The report should resemble the tone, structure, and analytical style of an NHS Board Integrated Performance Report, but it should be shorter, selective, unbranded, and proportionate to the number of metrics included. The purpose is to support piloting of an evaluation framework for AI-assisted performance reporting, enabling stakeholders to comment on content, interpretability, usability, trustworthiness, presentation, and missing context.

Use the uploaded Excel workbook named “Data”.

Data source:
- Worksheet “Data”, Table1: Row 1 contains KPI short names; rows 2–22 contain time-series data from April 2024 onwards.
- Worksheet “Targets”, Table2:
- Column A = KPI short name
- Column B = full metric name
- Column C = target or threshold
- Column D = direction of improvement
- Column E = whether the metric is a Performance Framework KPI or supporting metric

Use Table2 as the authoritative source for metric names, targets, direction of improvement, and KPI/supporting metric classification. Treat the latest uploaded workbook and prompt as authoritative. Do not carry forward assumptions from previous iterations.

Do not invent data, targets, thresholds, causes, or explanations. All statements must be supported by the workbook data or, where an external target is required, by official NHS Wales or Welsh Government sources only, with the source stated. If information is ambiguous, state the assumption clearly. All outputs must be concise, evidence-led, and suitable for Board-style presentation.

Before writing the report, analyse the dataset and produce a short analytical findings table for each metric showing:
- latest value;
- direction of improvement;
- change from previous period;
- change over the latest 12 months;
- variance versus target, where available;
- variance versus 3-month average and 6-month median;
- whether the metric is improving, deteriorating, breaching target, or showing meaningful/sustained change.

Meaningful change should be identified using one or more of the following:
- SPC signal detected;
- movement across a defined target threshold;
- ≥10% change versus the 6-month median.

Where the target is narrative, trajectory-based, milestone-based, or year-end rather than a simple monthly numeric threshold, assess assurance using a simple linear regression over the latest 12 months. If the slope is in the required direction, assign positive assurance (A+). If the slope is not in the required direction, assign negative assurance (A-). This indicates whether the metric is moving in the required direction, not whether it has reached the final target.

Chart and visualisation requirements:
- Recommend and produce appropriate charts for all KPI metrics.
- Also produce charts for supporting metrics where the analysis identifies significant change.
- Use SPC charts where there are at least 15 sequential data points and SPC is appropriate.
- Use run charts where SPC is not appropriate, there are fewer than 15 data points, or trend direction is the main objective.
- Use column charts for categorical comparison where appropriate.
- Use combo charts where two related series need to be compared.
- Explain briefly why each chart type is suitable.

Create an Excel workbook containing one chart per worksheet. Use XlsxWriter if generating charts programmatically. Each chart worksheet should be named clearly. For each chart, provide a chart build list showing:
- chart name;
- source data range;
- chart type;
- axis fields;
- target lines;
- sort/order;
- filters.

For SPC charts, apply XmR rules and identify:
- points above the upper control limit or below the lower control limit;
- seven or more consecutive points on one side of the mean;
- six consecutive points increasing or decreasing;
- two of three consecutive points between 2 and 3 sigma.

Use the direction of improvement to determine whether special cause variation is positive or negative:
- positive special cause variation = SC+;
- negative special cause variation = SC-;
- common cause variation = CC.

Where a target exists, classify assurance as:
- positive assurance = A+;
- negative assurance = A-.

Use clear, colour-blind-friendly chart formatting:
- primary chart colour: Blue Accent 1, 50% Darker;
- chart text: Blue Accent 1, 50% Darker;
- target lines: Orange Accent 2;
- control limit lines: Blue Accent 5;
- mean line: Blue Accent 1;
- white background;
- x-axis as time period, formatted as mmm yy or Q# yy/yy;
- font Arial;
- legend bottom centre, Arial size 9;
- no axis titles unless essential.

Produce a compact Board-style performance scorecard for all KPI metrics. Include:
- full metric name;
- latest value;
- target or expected level;
- variance to target, absolute and percentage where possible;
- comparison with previous period;
- comparison with same period in previous year, where available;
- direction of travel;
- domain, where identifiable;
- status indicator.

Where SPC charts are appropriate, include NHS Making Data Count-style variance and assurance indicators. Where SPC is not appropriate, use a clear visual status indicator for improving, stable, or deteriorating performance.

Order the scorecard as follows:
1. Metrics breaching target and deteriorating.
2. Metrics breaching target but improving.
3. Metrics meeting target.
4. Metrics with no defined target.

Below the scorecard, include no more than 75 words summarising:
- number of KPIs improving versus deteriorating;
- domains showing consistent deterioration;
- domains showing system-wide improvement.

Use triangulation to produce integrated system narratives. Use all relevant KPI and supporting metrics to explain featured KPIs through:
- upstream pressures;
- downstream consequences;
- demand, capacity, flow, outcome, quality, finance, or workforce links where relevant;
- Board-level operational implications.

Avoid isolated metric-by-metric commentary. Do not claim causality unless directly supported by the data. Where causality is plausible but not demonstrable, use cautious wording such as “consistent with”, “may be contributing to”, or “occurs alongside”.

Produce a valid PowerPoint presentation using python-pptx. The presentation should be saved as a .pptx file and reopened programmatically to confirm it loads without error before returning it.

Use the following PowerPoint style:
- white background;
- Arial font throughout;
- title font size 32;
- body font size 18;
- text colour: Blue Accent 1, 50% Darker;
- concise Board-facing wording;
- no official branding;
- no methodological narration on visible stakeholder-facing slides.

Visible slide wording should prioritise:
- current position;
- trend;
- target or expected level;
- operational implication;
- action or assurance requirement.

Avoid reproducing full analytical reasoning on slides. Avoid discovery-style wording. Use full metric names. Write out abbreviations in the first instance. Use full sentences where possible and bullet points only where they improve readability.

PowerPoint slide structure:
1. Front page: report title, reporting period, date produced in dd-mm-yyyy format.
2. Contents page.
3. Executive Summary: Summary Position. One continuous paragraph of no more than 5 sentences. Start with the overall position, present risks first, then counterbalancing improvements. End with a sentence beginning exactly: “Board attention required:”
4. Executive Summary: Key Risks. Select the top 3 risks, ranked by Board materiality. For each risk, show the metric heading followed by a compact Board-facing paragraph covering current position, meaningful comparator, trend or signal interpretation, and operational consequence. End each risk with a short sentence beginning exactly: “Implication:”
5. Executive Summary: Key Improvements. Select the top 3 improvements, ranked by organisational significance. Improvement does not require the metric to be on target. For each improvement, show the metric heading followed by a compact paragraph covering latest position, evidence of improvement, meaningful comparator or baseline, and service significance. End each improvement with a short sentence beginning exactly: “Service significance:”
6. Header page: “Performance Escalations Report”.
7. Priority Escalations: show escalation items ranked 1–3 in a table.
8. Priority Escalations: show escalation items ranked 4–6 in a table.
9. KPI deep-dive using system triangulation.
10. KPI deep-dive using system triangulation.
11. KPI deep-dive using system triangulation.
12. Header page: “KPI Scorecard”.
13. KPI Scorecard.
14. Header page: “Appendix”.
15. Caveats, data quality concerns, and how AI was used in producing the report.

For Slides 7 and 8, escalate metrics where one or more of the following apply:
- breaching target and deteriorating over 2 consecutive periods;
- ≥10% adverse variance versus target or 6-month median;
- material access, safety, flow, quality, finance, or operational risk.

Rank escalation items by patient risk and system impact. Present the visible table using only these columns:
- Metric
- Current Position
- Target
- Trend
- Immediate Implication
- Immediate Action
- Medium-term Action
- Risk Level

For the Trend column, use a short plain-English phrase beginning with one of:
- Worsening
- Improving
- Stable
- Sustained deterioration
- Sustained improvement
- No material change

For Slides 9–11, each slide should focus on one featured KPI and explain:
- the current KPI position;
- relevant upstream pressures;
- downstream consequences;
- whether the evidence suggests demand pressure, capacity shortfall, flow blockage, outcome deterioration, or recovery offset by pressure elsewhere;
- the operational implication for the Board.

Suggest one main chart and up to three supporting charts for each deep-dive. The narrative should read as a connected system pathway, not as separate metric updates.

Do not include methodological artefacts such as chart build lists, validation notes, analytical workings, or timing data on stakeholder-facing slides unless specifically requested. Provide these separately for dissertation analysis.

Before finalising, complete a self-validation check:
- confirm every narrative statement is supported by a metric value or trend from the dataset;
- confirm escalated KPIs meet the escalation criteria;
- confirm no targets or policy thresholds have been invented;
- confirm all charts reference real data columns from the workbook;
- verify calculations including variance, percentages, change, averages, and medians;
- confirm threshold polarity is taken from the current Targets table;
- correct any issues before returning the final output.

Record:
- task start time;
- task completion time;
- total duration.

Return:
1. the PowerPoint file;
2. the chart workbook;
3. the analytical findings table;
4. the chart build list;
5. the validation summary;
6. the timing information.












Appendix E: Screenshots of the Data Table Used in the Generation of the AI-Assisted Report

This appendix contains screenshots the publicly available performance data compiled for use alongside the prompt to generate AI outputs.
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Figure 1.1: Rich text picture of the study problem and rationale
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Table 2.1: Literature review search strings
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Figure 2.3: An adapted version of the NASSS framework (Alami et al., 2024, p. 4)
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Table 3.1: Candidate Al-assisted activities in healthcare performance reporting
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Table 3.2: Short-listed Al-assisted use cases
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Evaluation Framework Tool
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in practice, and can be applied to reports produced through different approaches.

The following rating scale should be applied for each of the evaluation domains in the table overleaf:

Score Rating Description
1| Does not meet expectations Significant weakness / substantial concerns,
2| Partially meets expectations Some strengths present, but notable gaps of inconsistency
3| Largely mests expectations Clear strengths with minor limitations evident
4| Fully mests expeciations Strong performance / no significant concerns identified

For each evaluation domain, please select the most appropriate score and include a brief comment (a short phrase or comment is
sufficient) to indicate what most influenced your judgement

Scores across domains should be considered collectively when forming an overall judgement regarding the suitability of the report
for decision-making purposes.

Reviewers may wish to consider their experience of current performance reporting when forming their judgements
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Figure 3.1: Draft evaluation framework tool used in stakeholder interviews
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Table 4.1 Primary role of questionnaire respondents

Reported Role |_Number | Percentage |

Manager business lead 13 35.1%
Clinical Professional 7 18.9%
Performance Team 6 16.2%
Other 6 16.2%
Analyst 2 5.4%
Board member 2 54%
Finance Team 1 27%
People and OD Team 0 0.0%
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Figure 4.1 Respondent involvement in performance reporting activities
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Table 4.2: Perceived importance of performance report components|

Report Component Median Response | 25™ percentile | 75™ percentile
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Figure 4.2: Positive perceived importance of performance report components
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Table 4.3: Cor e report elements Interquartile Range

Report Component 25" percentile | 75™ percentile

RAG Very confident Very confident Very confident
up/down arrows Very confident Somewhat confident Very confident
run charts Very confident Somewhat confident Very confident
performance v target tables Very confident Very confident Very confident
SPC charts Very confident Somewhat confident Very confident

Narrative commentary Very confident Very confident Very confident
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Figure 4.3- Positive responses about confidence in interpreting report components
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Table 4.4: Agreement with statements about Al-assisted reporting
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paid or voluntary capacity? mploys YES o NO o

8 | Is the research being undertaken | If YES then the
within an existing UWTSD Athrofa. | permission question | ves | 5 | no | o
Professional Leamning Partnership | below does not need
(APLP)? to be answered

9| Has permission to undertake the | (If YES attach copy)
research has been provided by the | IfNO the application | YES | O | No | O
partner organisation? cannot continue
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is carried out in collaboration with an external organisation

10

Does this organisation have its own ethics approval system? | YES | O No | O

If Yes, please attach a copy of any final approval (or interim approval) from the organisation (this
may be a copy of an email if appropriate).

SECTION E: Details of Research Activity

P Evaluating Al-Assisted Performance Reporting: Developing and Piloting|
an Evaluation Framework

2 Proposed start date: 01/11/2025 Proposed end date: 04/05/2026
Introduction to the Research (maximum 300 words per section)
Ensure that you write for a Non-Specialist Audience when outlining your response to the
points below:
Purpose of Research Activity
Proposed Research Question
Aims of Research Activity
Objectives of Research Activity
Demonstrate, briefly, how Existing Research has informed the proposed activity and explain
What the research activity will add to the body of knowledge
How it addresses an area of importance.
Purpose of Research Activity
This dissertation will focus on the development and initial validation of an evaluation
framework for Al-assisted performance monitoring reports in health services. The
framework will define the key characteristics of effective reports and evaluate how Al may
be able to contribute to achieving these standards through automated KP! prioritisation,
visualisation selection, the generation of supporting narrative, and suggestions of
relationships for triangulation so that report authors can explore additional context. Whilst Al
driven tools are emerging, their performance remains under-evaluated and there is currently
no structured method to determine whether they genuinely enhance prioritisation, visual

5 |interpretation, narrative generation, or triangulation suggestions. Existing reporting
processes remain manual, administratively heavy, and inconsistent, contributing to the
wider pressures facing performance teams. This project addresses a gap by piloting an
evidence-based evaluation framework that examines both the technical capabilties of Al
tools and some of the human factors influencing their use.
Adtificial Intelligence (Al) and data analytics offer opportunities to enhance these processes.
Much of the current literature focuses on the clinical field or tool design rather than|
establishing transparent, role-specific evaluation criteria. This dissertation offers an originall
contribution by developing a pilot evaluation framework to assess Al-assisted performance|
reporting
Research Question

, | How can an evaluation framework be developed and piloted to guide the use of Artficial
Intelligence in generating, prioritising, and communicating performance monitoring
information within BCUHB?

5 Aims of Research Activity

[modified July 2024] 3
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The project aims to develop and pilot an evaluation framework for Al-assisted performance
reporting in health services, encompassing the prioritisation of key indicators, generation of
supporting narrative, suggestion of appropriate visualisations, and integration of
complementary data for contextual interpretation. Whilst full organisational validation would
be ideal, the timeframe of this dissertation will allow for only the development and piloting of
the framework. The intention is to establish an initial evaluative structure that can
subsequently be validated, expanded, adapted, and embedded through further research
and operational testing
Objectives of Research Activity
o Conduct a literature review to explore the curent challenges, best practices,
frameworks, standards, and ethical principles relevant to Al in performance monitoring|
o Gather stakeholder insights via questionnaires and interviews to define what]
constitutes a ‘gold-standard performance report for health care
5 o Develop an evaluation framework integrating academic and stakeholder perspectives
Use Al tools to generate example performance reports using publicly available datal
(for example, StatsWales, NHS published Board reports)
Evaluate Al outputs against the framework for clarity, interpretability, and value
Make recommendations regarding practical implementation, governance, and future|
research

Proposed methods (maximum 600 words)

Provide a brief summary of all the methods that may be used in the research activity, making it clear|

what specific techniques may be used. If methods other than those listed in this section are deemed

appropriate later, additional ethical approval for those methods will be needed. You do not need to

justify the methods here, but should instead describe how you intend to collect the data necessary

for you to complete your project

Literature Review.
The study will begin with a structured review of the literature to identify existing|
frameworks, evaluation criteria, and best practices relevant to Al-assisted performance|
reporting. This will serve to both establish the theoretical foundation for the research,
and also inform the design of the pilot evaluation framework. Initial searches will begin|
with PubMed and expand to further databases as required. Literature sources will
include peer-reviewed journals via the databasels, and also include qualty grey|
literature, including NHS and Governmental documents and standards.

Data Sources
Only publicly available (for example, StatsWales or published Board Report papers) o
synthesised data will be used. Ethical considerations will include ensuring that no|
unpublished, identifiable, or sensitive data will be shared with public / open-access Al
tools. Al outputs will be reviewed for accuracy, bias, and interpretability

7 |Stakeholder Mapping
Stakeholders will be identified through mapping with the NHS 9 Cs’ Model (NHS|
England, 2021). Key groups are likely to include Performance Analysts, Service|
Managers, Business Leads, Programme Leads, Board and Committee members,
Data, Digital and Technology Team members, and Information Governance Team|
members.
Stakeholders will be involved in the exploratory phase via questionnaires to identify|
valued features of effective performance reports, and also perceptions about Al use.
They will then, through interviews and framework testing, be involved in the initial
validation phase to assess feasibility, interpretability, and perceived trustworthiness of
Al-generated outputs.

Questionnaires
Structured mixed question questionnaires (ethical approval required and questionnaire|
to include informed consent) will be employed with staff stakeholders to identify valued
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attributes of performance reports. It will also explore stakeholders’ perceptions)
perceived benefits, and potential concers regarding the use of Al in performance]
reporting, providing context for the framework’s ethical and practical dimensions. Given|
the limited sample size, results will undergo descriptive analysis and content analysis|
toidentiy the frequency and patterns of themes, rather than formal inferential statistics.

Framework Development
The key themes generated from the questionnaires will be used in conjunction with
insights from the literature to produce a framework for effective performance]
monitoring reports

Al Tools
Assingle representative Al-generated report will be used for evaluation. It is envisioned|
that the Al tools utilised will be influenced by the literature, as well as access. Publicly
accessible models such as ChatGPT, Microsoft Copilot, or Google Gemini are an initial
reserve option where privacy will be protected by using only publicly available]
aggregated data. The tool/s will be used to prioritise KPIs, generate narrative, suggest
appropriate visual outputs, and suggest appropriate datasets for effective triangulation.
Best practice regarding Al prompts will be noted. Subsequently, visualisations based|
on Al suggestions will be created manually with software such as Power BI or Excel
and integrated into reports, unless an appropriate alternative tool is highlighted through|
the literature
Each Al task category will be evaluated against predefined performance expectations.
These will be developed further following insights from the stakeholder feedback and
literature, but broady:

« Prioritisation Al: Success will be assessed by the extent to which the tool can|
reduce the requirement for manual triaging. A prioritisation model could bel
considered successful if it can consistently rank indicators with a minimurn of|
for_example, 90% alignment to the decisions made by experienced|
performance analysts

« Narrative generation: Success will be assessed by the extent to which the tool
can reduce the requirement for manual narrative writing and editing. Fo
instance, Al output may be viewed as successful if it produces a clear, accurate]
and insightful first-draft summary that requires minimal editing. The number of
relevant points referenced, readability (potentially using a readability index)|
and context will be scrutinised by experienced performance analysts.
Stakeholder interviews will also support in this assessment

o Visualisation Al: What success looks like will be impacted partly by the Al tool
used and whether its role will involve the creation of or suggestions regarding|
the charts. Reliability, appropriateness, clarity and interpretability will be]
assessed by experience performance analysts. Stakeholder interviews will alsol
support in this assessment, in particular by measuring comprehension

« Additional elements, such as timeliness, will also be observed as part of thel
success criteria

PG2/E1FORM

Framework Validation:
Al-generated performance monitoring reports will be evaluated against the pilof
framework by multiple stakeholders to assess quality and perceived usability. Given|
the scope of the project, this validation will be exploratory rather than ful, with thel
intention of laying the groundwork for future testing and exploration
Semi-structured interviews with staff stakeholders (ethical approval required and|
informed consent obtained) will be carried out with subsequent transcription and|
thematic analysis using tagging/coding. Comparative mapping will also take place to
established interoperabilty or quality models found in the literature.

Stakeholder Interviews:

PG2 EM
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Semi-structured interviews with staff stakeholders will explore perceptions of the Al
generated performance reports and gather feedback on the proposed framework
Interviews will be audio recorded, transcribed, anonymised, and analysed using
thematic coding. Data will be stored securely on Microsoft cloud infrastructure, and
deleted a year after the project is completed
Integration of Findings:

The study will adopt a mixed-methods approach, integrating quantitative and
qualitative data analysis. A mixed-methods approach is necessary because the|
success and effectiveness of Al-assisted reporting will depend on not only technical
performance, which can be quantified more readily, but also on human factors such as|
trust and acceptance, which will necessitate the capture of qualitative insights. While|
the specific integration model will be refined as the project progresses, convergence|
of findings wil follow a broadly sequential explanatory approach.

Location of research activity
Identify all locations where research activity willtake place

8 |Betsi Cadwaladr University Health Board
Research activity outside of the UK
If research activity will take place overseas, you are responsible for ensuring that local ethical
considerations are complied with and that the relevant permissions are sought. Specify any local
quidelines (e.g. from local professional associations/leamed societies/universities) that exist and
whether these involve any ethical stipulations beyond those usual in the UK (provide details of any
licenses or permissions required). Also specify whether there are any specific ethical issues raised
by the local context in which the research activity s taking place, for example, particular cultural
andlor legal sensitivities or vulnerabiliies of participants. If you live in the country where you will do
the research then please state this
9 |NnA
Use of documentation not in the public domain: Are any documents NOT | No =
10 | publicly available?
YES o
TFYes, please provide defails here of how you will gain access to specific documentation that is not
in the public domain and that this is in accordance with the current data protection law of the
41 | country in question and that of England and Wales
NIA
Does your research relate to one or more of the seven aims of the Well-being
of Future Generations (Wales) Act 20152 YES | NO
12 | A prosperous Wales o| o
13 | Aresilient Wales o| o
14 | Ahealthier Wales o|o
15 | Amore equal Wales o| o
16 | A Wales of cohesive communities o| o
17 | AWales of vibrant culture and thriving Welsh language o | o
18 | A globally responsible Wales o| o

12022° [modified July 2024]
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SECTION F: Scope of Research Activity

Will the research activity include: YES | NO
1| Use of a questionnaire or similar research instrument? = | O
2 | Use of interviews? = | O
3 | Use of focus groups? o | =
4| Use of participant diaries? o | =
5 | Use of video or audio recording? = | O
6 | Use of computer-generated log files? o | =
7 | Participant observation with their knowledge? o | =
8 | Participant observation without their knowledge? o | =
o | Access to personal or confidential information without the participants’ specific z =
consent?
40 | Administration of any quesfions, test sfimuli, presentation that may be o =
experienced as physically, mentally or emotionally harmful / offensive?
11_| Performance of any acts which may cause embarrassment or affect selffesteem? | O | @
12 | Investigation of participants involved in illegal activities? o | =
13 | Use of procedures that involve deception? o | =
14 | Administration of any substance, agent or placebo? o | =
15 | Working with live vertebrate animals? o | =
16 | Procedures that may have a negative impact on the environment? o | =
17 | Other primary data collection mefhods. Pleass indicate the type of data collection
method(s) below. g | =
Details of any other primary data collection method:

ITNO to every question, then the research activiy is (ethically) low risk and may be exempt from some of the
following sections (please refer to Guidance Notes).

If YES to any question, then no research activity should be undertaken until full ethical approval has been
obtained.
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If there are no participants then do not complete this section, but go directly to section H

Who are the intended participants:
ves | no
1 | Students or staffat the University? o | =
2 | Adults (over the age of 18 and competent to give consent)? ERIE
3 | Vunerable aduits? o | =
Children and Young People under the age of 187 (Consent from Paren, Carer or
4 o | =
Guardian vil be required)
5 | Prisoners? EHEE
6 | Young offenders? o | =
Those who could be considered o have a parficularly dependent relationship with
7 o | =
the investigator or a gatekeeper?
8 | People engaged inillegal activities? EHEE
Others. Please indicate the participants below, and specifically any group who
9| may be unable to give consent
o| =
Details of any other participant groups:
Participant numbers and source
Provide an estimate of the expected number of participants. How will you identify participants and
how will they be recruited?
How many participants are
10 | expected? 8-15
NHS Wales staff members who are stakeholders in performance
, | monitoring reporting (for example, Performance Leads (other
11 | Who will the participants be? | g vicos ang Performance Team), Business Leads, Programme
Leads, Service Managers, Analysts, Board or Commitiee
members, and Digita, Data and Technology Team members)
By performing a stakeholder mapping (using a tool such as ‘6 Cs'
12 | How will you identiy the (NHS England and NHS Improvement, 2021), and subsequently
participants? invited via organisational email. Participation will be voluntary,

and informed consent obtained.

April 2022° [modified July 2024]
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Information for participants:
YES | NO | NA
13 | Willyou describe the main research procedures fo participants in = = =
advance, so that they are informed about what to expect?
14 | Wil you tell participants that their participation is voluntary? = o o
15 | Wil you obtain written consent for participation? = o o
16 | Will you explain to participants that refusal to participate in the = = =
research will not affect their treatment or education (if relevant)?
17 | ifthe research is observational,will you ask participants for their - = =
consent to being observed?
Will you tell participants thaf they may withdraw from the research at
18 = o o
any time and for any reason?
19 | With questionnaires, will you give participants the option of omitting = = =
questions they do not want to answer?
20 | Willyou tell partcipants that their data will be treated wih full = = -
confidentiality and that, if published, it will not be identifiable as theirs?
1 | Will you debrief participants at the end of their paricipafion, in a way = = z
appropriate to the type of research undertaken?
22 | If NO to any of above questions, please give an explanation
NA
24 | Will participants be paid? o = o
25 | Is specialist electrical or other equipment to be used with participants? | 0 = o
26 | Ave there any financial o ofher interests to the invesfigator or = = =
University arising from this study?
27 | Will the research activiy involve delberately misleading participants in | = -
any way. or the partial or full concealment of the specific study aims?
28 | If YES to any question, please provide full details
NA
9 PG2 Ethical al Form
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Gutline any anficipated risks that may adversely affect any of the participants, the
researchers and/or the University, and the steps that wil be taken to address them.

If you have completed a full isk assessment (for example as required by a laboratory, or external
research collaborator) you may append that to this form.

Yes [ O

1 Full risk assessment completed and appended?
¥ 5t No R

Risks to participants
2| For example: sector-specific health & safety, emotional distress, financial disclosure, physical harm,
transfer of personal data, sensitive organisational information

Risk to participants: How you wil migate T ik 1o paricipants.
«Transcribe, anonymise and code, then delete
any interview recordings as soon as possible
«Report only aggregated/generalised resuits
«Restrict access to, and password protect data
«Store data securel

Identification of questionnaire responders /
interview participants via indirectly identifiable
data

T research activity may include sensitive, embarrassing or upseting opics (€.g. sexual actvity,
drug use) or issues likely to disclose information requiring further action (e.g. criminal activiy), give
5| details of the procedures to deal with these issues, including any support/advice (e.g. helpline

numbers) to be offered to participants. Note that where applicable, consent procedures should
make it clear that if something potentially or actually illegal is discovered in the course of a project,
it may need to be disclosed to the proper authorities

NA

Risks o the investigator
4| For example: personal health & safety, physical harm, emotional distress, risk of accusation of
harm/impropriety. conflct of interest

Risk to the investigator: How you wil miigate he fsk (0 the investigator

NA

5 | Universityfinstitutional risks
For example: adverse publicity, financial loss. data protection

Risk to the University How you wil miigate he 1k (o fhe Universiy:

NA

& | Environmental risks
For example: accidental spillage of pollutants, damage to local ecosystems

Risk to the environment: How you will mitgate the fisk 1o environment

NA

Disclosure and Barring Service

TFihe research activity involves children or vulnerable adults, a Disclosure:
and Barring Service (DBS) certificate must be obtained before any YES | NO | NIA
contact with such participants.

7 | Does your research require you to hold a current DBS Certificate? o| o =

TFYES, please give the certificate number. If the certiicate number s not
8 | available please write “Pending’; in this case any ethical approval will be
subiect to providing the appropriate certificate number.

pril 2022° [modified July 2024] 10 PG2 Ethical Approval Form
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SECTION I: Feedback, Consent and Confidentiality

1 | Feedback
What de-briefing and feedback will be provided to participants, how will this be done and when?

To note: it will only be possible to provide feedback to stakeholder participants who opted

in to providing contact details via questionnaires

«Provide a short summary report with key findings pertinent to stakeholder feedback, via
email

*Reiterate details from informed consent form regarding confidentiality and data storage

eResearcher contact information for any queries

2 | Informed consent
Describe the arrangements to inform potential participants, before providing consent, of whatis
involved in participating. Describe the arrangements for participants to provide full consent before
data collection begins. If gaining consent in this way is inappropriate, explain how consent will be
obtained and recorded in accordance with prevailing data protection legislation.

An information sheet will be supplied to all prospective responders that will detail

+a statement that participation is completely voluntary and can be withdrawn at any time
without detriment

othe purpose and duration of the study

ewhat participation will entail

«how data will be used (including how it will be reported)

how data will be stored

where results will appear and who will have access to them

«details of approvals and contact details for queries

«procedures for any complaints

~advising that where participation is electronic (for questionnaires), that submission will be
presumed as informed consent

3| Confidentiality / Anonymity
Set out how anonymity of participants and confidentiality wil be ensured in any outputs. If
anonymity is not being offered, explain why this is the case.

Optin to contact details on stakeholder questionnaires (so can receive summary feedback or
volunteer for interviews)

Coded participants in interviews

Password protected and controlled access to data

SECTION J: Data Protection and Storage

Does the research activity involve personal data (as defined by the General
Data Protection Regulation 2016 “GDPR" and the Data Protection Act 2018 YES | NO
“DPA")?

“Personal data” means any information relafing fo an identified or identifiable
natural person (‘data subject). An identifiable natural person is one who can
be identified, directly or indirectly, in particular by reference to an identifier

1| such as a name, an identification number, location data, an online identifieror | B o
to one or more factors specific o the physical, physiological, genetic, mental,
economic, cultural or social identity of that natural person. Any video or audio
recordings of participants is considered to be personal data.

If YES, provide a description of the data and explain why this data needs to be collected

12022° [modif
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[*Regarding questionnaires, stakeholder participants will have the option of including contact details
if they would like to receive a summary feedback report or be involved in the stakeholder
interviews.

2 |+Staff group and specialty/area will be collected on stakeholder questionnaires. These fields are
required for analysis, and will also be important to assess representation.

«Brief interviews with staff stakeholders will be audio recorded. The recordings will be transcribed
and any direct identifiers removed, then the recording will be deleted

Does it involve special category data (as defined by the GDPR)? YES | No

“Special category data” means sensifive personal data Gonsisting of information as
o the data subjects'~

(a) racial or etfnic origin,

(b) politcal opinions,

(¢ religious beliefs or other beliefs of a similer nature,

3| (d) membership of a trade union (within the meaning of the Trade Union and Labour o =
Relations (Gonsolidation) Act 1992),

(e) physical or mental health or condtion,

(9 sexual ife

(g) genetics,

(1) biometric data (as used for ID purposes),
I YES, provide a description of the special category data and explain why this data needs to be
collected

4 |NA

'Will data from the research activity (collected data, drafts of the thesis, or | YES NO
materials for publication) be stored in any of the following ways?

Manual files (i.e. in paper form)?

University computers?

Private company computers?

Home or other personal computers?

o|lo|~|o|a

Laptop computers/ CDs/ Portable disk-drives/ memory sticks?

®lojo| ool o
Ol B ®¥ ¥ ® ®

3

“Cloud" storage or websites?
11 | Other— specify - =

For all stored data, explain the measures in place {0 ensure the security of the data collected, data
12 | confidentiality, including details of backup procedures, password protection, encryption,
anonymisation and pseudonymisation:
Secure Health Board cloud storage via Microsoft. Documents will be password protected where
there is any sensitive or confidential information included, and access restricted to the author only

Data Protection

Willthe research activity involve any of the following activities? YES | NO

13 | Electronic transfer of data in any form?

14 | Sharing of data with others at the University outside of the immediate research
team?

15 | Sharing of data with other organisations?

16 | Export of data outside the UK or importing of data from outside the UK?

17 | Use of personal addresses, postcodes, faxes, emails or telephone numbers?

18 | Publication of data that might allow identification of individuals?
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19 | Use of data management system? o =
20 | Data archiving? o =
If YES to any question, please provide full details, explaining how this will be conducted in
21 | accordance with the GDPR and Data Protection Act (2018) (and any intemational equivalents,
where appropriate).
« Data used within the study will be publicly available or synthesised (by the author) only,
thus any electronic transfer required will not pose a data protection risk
« Reslts generated and reported within the study may be transferred as part of participant
requested report summary feedback. All resuits will have been anonymised and
generalised
22 | Listall who will have access to the data generated by the research activity
‘Author only (pre-submission)
23 | Listwho will have control of, and act as custodian(s) for, data generated by the research activity:
“Author only
Give details of data storage arrangements, including security measures in place to protect the data,
24 | where data will be stored, how long for, and in what form. Will data be archived — if so how and if
not why not
‘Al data will be password-protected and stored within the author's BCUHB cloud space,
which sits within Microsoft secure servers. Access will be restricted to the author
Project data will be retained for one year after the project is completed.
25 | Please indicate if your data will be stored in the UWTSD Research Data Repository (see
htips:/iresearchdata.uwtsd.ac.uk/ ). If so please explain. (Most relevant to academic staff)
NIA
Confirm that you have read the UWTSD guidance on data management (see
26 | https://www.uwisd ac ukllibrary/research-data-management/) YES =
Confirm that you are aware that you need to keep all data unfil after your
27 | research has completed or the end of your funding YES =

SECTION K: Declaration

The information which | have provided is correct and complete to the best of my knowledge. | have
attempted to identify any risks and issues related to the research activity and acknowledge my
obiigations and the rights of the participants.

In submitting this application | hereby confirm that | undertake to ensure that the above named
research activity will meet the University's Research Ethics and Integrity Code of Practice which is
published on the website: hitps://www.uwtsd.ac uk/research/research-ethics/

Date: 20/11/2025

Supervisor name: _ Date: 19/11/2025

12022° [modified July 2024] 13 PG2 Ethical Approval Form
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Signature:

Checklist: Please complete the checklist below to ensure that you have completed the form according to the
guidelines and attached any required documentation

I have read the guidance notes supplied before completing the form.

I have completed ALL RELEVANT sections of the form in full

1 confirm that the research activity has received approval in principle

ofoflo|m

I have attached a copy of finaliinterim approval from extemal organisation (where appropriate)

o

| have attached a full risk assessment (where appropriate) ONLY TICK IF YOU HAVE
ATTACHED A FULL RISK ASSESSMENT

I understand that it is my responsibilit to ensure that the above-named research activity will meet
the University's Research Ethics and Integrity Code of Practice

| understand that before commencing data collection all documents aimed at respondents
(including information sheets, consent forms, questionnaires, interview schedules etc.) must be
approved by the Supervisor and the Programme Director.

STUDENTS ON UNDERGRADUATE OR TAUGHT MASTERS PROGRAMMES should submit this form
(and receive the outcome) via systems explained to you by the supervisorimodule leader.

Apiil 2022° [modified July 2024] 1 PG2 Ethical Approval Form
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Apr24 260 56.8% 5.661 30563 14662

May 24 294 60.0% 5.748 31539 15314

Jun 24 254 56.8% 5.913 28620 14457 8.00%
Jul 24 288 55.8% 6.386 32221 15200

Aug24 254 57.2% 5.851 27898 14639 8243 22517 36.6%

Sep 24 236 53.4% 5.845 29371 14194 8467 22797 37.1% 8.90%
Oct24 247 52.9% 6.241 33499 15106 8182 24003 34.1%

Nov 24 248 54.4% 6.507 30619 15019 8684 24269 35.8%

Dec 24 282 60.9% 6.860 26843 15401 10185 24841 41.0% 8.70%
Jan 25 277 54.2% 6.758 30537 14246 10999 25584 43.0%

Feb25 258 57.8% 6.340 29199 13227 10067 26341 38.2%

Mar 25 286 60.6% 5.597 30599 14727 10950 27400 40.0% 9.20%
Apr25 277 57.9% 5.707 30444 13839 12612 28028 45.0%

May 25 246 53.8% 5.448 30548 14167 13998 28753 48.7%

Jun 25 263 57.3% 5.879 31521 14412 13716 29721 46.1% 9.00%
Jul 25 324 58.8% 6.046 34011 15115 15055 31840 47.3%

Aug 25 248 58.6% 6.020 28339 14391 16927 32829 51.6%

Sep 25 287 55.7% 6.112 31415 14791 18826 37002 50.9% 8.40%
0Oct 25 224 51.7% 32887 15279 19534 40350 48.4%

Nov 25 221 52.4% 28581 14407 19237 41773 46.1%

Dec 25 229 51.2% 27786 15315 21679 42592 50.9%





