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introduction 
In the last decade, the use of artificial intelligence (AI) in healthcare has grown substantially 
(Jimma, 2023). AI can be defined as the use of machines to simulate how humans learn 
and think, allowing computers to perform tasks that normally require human intelligence. 
AI technologies include machine learning, deep learning and natural language processing 
(von Gerich et al, 2022). Generative AI (GenAI), a subset of AI, can create new text, images 
or music, with popular tools including Microsoft Copilot and ChatGPT. 

One survey identified that 29% of doctors in the UK had used AI in their practice 
(Hashem et al, 2024), with another reporting that 76% of respondents supported the use of 
AI in clinical care (Thornton et al, 2024). Uses of GenAI in healthcare include undertaking 
administrative duties, answering clinical queries, supporting clinical decision making and 
facilitating diagnostic image analysis (Bajwa et al, 2021). However, GenAI’s widespread 
application in healthcare also raises challenges, including data quality and availability 
(Chomutare et al, 2022), data privacy and security (Elliott and Soifer, 2022), and concerns 
regarding environmental sustainability (Strubell et al, 2020). 

Although existing literature has focused largely on AI’s technical capabilities (Smith et al, 
2021), a key challenge lies in translating AI into tools that can enhance quality improvement 
(Kelly et al, 2019). Quality improvement can be defined as the application of a systematic 
method to work through complex problems, involving the people closest to the issue in 
discovering new solutions, testing these in a structured way and using data to learn about 
the impact (Shah, 2020). Attempts to explore how AI and quality improvement can work 
together include the use of plan, do, study, act (PDSA) cycles to test AI-generated change 
ideas (Smith et al, 2021) and statistical process control charts to monitor GenAI-based 
clinical decision support systems (Feng et al, 2022). However, there has been little attention 
paid to how GenAI could support the use of a quality improvement method to help solve 
complex problems within healthcare; a literature search conducted by the authors in April 
2025, using both PubMed and Google Scholar, yielded fewer than five relevant studies. 
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What, then, is the potential scope for using GenAI to support the application of quality 
improvement in healthcare? This article describes a case study that explored the application 
of GenAI to support the use of quality improvement in an NHS trust in England, focusing 
on two key questions: 
1. What are some of the use cases for GenAI in supporting quality improvement in healthcare? 
2. How helpful can GenAI be in supporting quality improvement in healthcare, and what 

are some of the benefits and drawbacks? 

case study context 
The case study focused on East London NHS Foundation Trust, which provides primary 
care, mental health and community health services to a population of 1.8 million people 
across east London, Bedfordshire and Luton. The trust has been using the Model for 
Improvement (Langley et al, 2009) as its method for quality improvement since 2012. The 
Model for Improvement asks three questions to guide improvement efforts: 
■ What are we trying to accomplish? 
■ How will we know that change is an improvement? 
■ What changes can be made that will result in an improvement? 

PDSA cycles are then used to test ideas (Langley et al, 2009). All improvement work 
at the trust also follows a standard five-step sequence of improvement, which includes 
identifying the quality issue, understanding the problem using tools, developing a strategy 
and change ideas, testing changes and implementation. A range of infrastructure exists to 
support this, including a central quality improvement department that is responsible for 
delivering the organisation’s annual quality improvement plan (Institute for Healthcare 
Improvement, 2024). 

This case study took place within East London NHS Foundation Trust’s quality 
improvement department and was undertaken in three phases, modelled on the Institute 
for Healthcare Improvement’s 90-day innovation cycle, which attempts to bring rapid 
learning to a problem (Martin and Mate, 2018). These phases included a set-up phase in 
December 2023–February 2024, a testing phase in March–August 2024 and a consolidation 
phase in August–September 2024. 

All 16 members of the quality improvement department tested the GenAI tools. The 
team included 13 people in roles that support the application of quality improvement 
methods across the trust and three people in roles that support the operational functioning 
of the team. Seven team members had clinical backgrounds (four registered mental health 
nurses, two allied health professionals and one clinical psychologist), with the remaining 
nine staff being non-clinical. Fourteen team members had been trained in the use of quality 
improvement methods, either via the Institute for Healthcare Improvement’s improvement 
advisor training or a 6-month continuing professional development-accredited improvement 
coach course (Frasquilho et al, 2023). 

Platforms tested 
The primary platform tested was Microsoft Copilot, integrated within Office365, as this was 
aligned with the organisation’s information governance requirements. Team members had 
the option to test other platforms, such as ChatGPT and Gemini, provided no identifiable 
information was used. To support safe experimentation, the team developed a set of internal 
guidelines, outlining principles for testing, ethical considerations and data protection 
measures. Staff were asked to ensure that their mandated data awareness training was up 
to date and that they were aware of any other relevant trust guidelines and policies. They 
were also asked not to input commercially sensitive or person-identifiable information 
into the AI platforms used. 

Team members interacted with the GenAI tools individually as part of their day-to-day 
work, using them when they felt it might be beneficial to undertake a test. A test in this case 
refers to a member of the department accessing a GenAI platform and using a prompt to 
answer a question or provide support around a quality improvement project. For example, 
a test could include asking a GenAI tool to provide a list of evidenced-based interventions 
to reduce the number of missed appointments in an outpatient clinic. 
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Measuring effectiveness 
Following the completion of a test, team members self-documented each instance of use 
on a structured feedback form to develop an understanding of how GenAI could be used 
to support quality improvement and its perceived helpfulness. This tool was accessible via 
a Microsoft Teams channel and included four questions: 
1. Which GenAI platform did you use? 
2. What was the reason you used GenAI? 
3. Were there any helpful prompts you used? 
4. How helpful or not was the use of GenAI in this instance? (Please write either: very 

unhelpful, unhelpful, helpful, or very helpful). 
The outcome measure was the perceived helpfulness of the GenAI tool in each instance, 

measured using the 4-point Likert scale described in the fourth question. When completing 
the feedback form, team members needed to consider whether the output was relevant to 
the task, accurate, understandable, time-saving and whether it contributed new insights 
or increased their confidence in completing the task. Scores were collated on a Microsoft 
Excel document, with responses thematically grouped by three members of the project 
team. This phase of the project ran from March to August 2024. 

After the testing period, an anonymous survey was undertaken to understand the team’s 
experiences of using GenAI to support their quality improvement work. This survey was 
administered in August 2024 using Microsoft Forms, with questions designed to elicit 
advantages and disadvantages experienced. Questions included: 
■ Choosing from the options below, how has the use of GenAI impacted your quality 

improvement work? (Options: improved time management; improved productivity; 
reduced tasks of low value; enhanced decision making; no significant impact) 

■ Please provide a description of your experience of using GenAI in your quality 
improvement work and how it has helped (free text) 

■ Do you have any negative experiences of using GenAI to support your quality improvement 
work? (Options: yes, no, maybe) 

■ Please describe any negative experiences of using GenAI in your work (free text). 
Responses were initially thematically analysed using Copilot and then manually reviewed 

by two team members for accuracy. 

Use of generative ai tools in quality improvement 
Overall use 
A total of 49 discrete tests were carried out between March 2024 and August 2024, with a 
median of three tests carried out every 2 weeks. Of the 49 tests, 16 were carried out using 
ChatGPT, 30 using Copilot, two with both ChatGPT and Copilot and one with Gemini. 
Tests were grouped into five categories: identifying and understanding the problem; 
developing a strategy and testing; data and measurement; supporting administrative tasks; 
and enhancing creativity. Figure 1 shows the number of tests carried out in each category 
as a Pareto chart (Langley et al, 2009). 

Helpfulness ratings of ai tools 
A total of 13 tests were conducted to identify and understand the problem being explored in 
quality improvement work, with 10 (76.9%) of these being deemed helpful or very helpful 
(Table 1). This included the use of Copilot to summarise articles, conduct literature reviews 
and develop quality improvement tools such as process maps or cause and effect diagrams. 
However, team members noted that the visual tools (such as driver diagrams or fishbone 
diagrams) created often ‘did not reflect their thinking’ or were ‘not in the correct format’. 
Additionally, when Copilot was prompted to interpret a large Pareto chart, the platform 
was unable to read the chart axis and the test was rated unhelpful. 

Eleven tests were conducted to develop a strategy for change, all of which were rated as 
helpful or very helpful. Examples included using GenAI tools to develop aim statements, 
driver diagrams and change ideas. One team member used a GenAI tool to support the 
planning of a PDSA cycle, which was rated as helpful. However, one team member noted 
limitations to creating a driver diagram using GenAI, as although Copilot could reorganise 
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their notes into bullet points that listed primary and secondary drivers, it did not produce 
the actual diagram. 

Of the seven tests to support information and data handling/analysis, six (85.7%) were 
rated as helpful or very helpful. This included developing measurement plans, creating 
fictitious data for educational purposes, picking the correct control chart for a set of data and 
theming qualitative data. Although Copilot was unable to create a pareto chart, ChatGPT 
was able to do this. The unhelpful test occurred when a team member attempted to calculate 
the number of days between two events from a set of data, which was unsuccessful because 
of an inaccurate calculation by the tool. 

Of the 11 tests intended to enhance creativity, nine (81.8%) were rated as helpful or 
very helpful. These activities included support with planning activities and icebreakers and 
agendas for team building. The two unhelpful tests occurred when trying to create an image 
to illustrate a concept for a training session and to generate an icebreaker exercise. In the 
latter instance, the ideas produced were rated unhelpful because they had been previously 
used, rather than being unsuitable. 

Seven tests were carried out to support administrative tasks, with five (71.4%) being 
deemed helpful or very helpful. Tasks included removing word repetition from reports, 
summarising long topics and developing a title for a questionnaire. GenAI was also 
considered helpful for summarising a list of articles from a website. However, these tools 
were deemed unhelpful for summarising a set of notes, with the team member stating that 
the notes generated were too short, with ‘too much of less relevant information’. GenAI was 
also unable to summarise a table in a book and, when inserting the picture into ChatGPT, 
it was unable to recognise it. 

Table 1. Summary of tests carried out with generative artificial intelligence tools 

Domain Number of tests 

Helpfulness rating, n (%) 

Helpful or very helpful Unhelpful or very unhelpful 

Identifying and understanding 
the problem 

13 10 (76.9%) 3 (23.1) 

Developing a strategy and testing 11 11 (100.0) 0 (0.0) 

Information and data handling/analysis 7 6 (85.7) 1 (14.3) 

Enhancing creativity 11 9 (81.8) 2 (18.2) 

Operational efficiency 
(administrative tasks) 

7 5 (71.4) 2 (28.6) 
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Figure 1. Pareto chart of categories of generative artificial intelligence tests carried out (n=49). 
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team member feedback 
Of the 16 team members, 14 responded to the anonymous survey about their experiences. 
Twelve team members reported that GenAI had helped them to improve efficiency or 
productivity in relation to their quality improvement work, while four reported that it 
improved time management. 

In response to the question asking whether they had any negative experiences of using 
GenAI during the project, four team members said no, eight said yes and two said maybe. 
Three themes emerged from the qualitative feedback (given in the free-text responses) 
regarding team members’ positive and negative experiences of using GenAI to support 
quality improvement work: operational efficiency; enhanced creativity; and information 
retrieval and data handling (Table 2). 

Operational efficiency 
Using GenAI was described as having a considerable impact on time efficiency and productivity 
across a range of tasks. Team members noted how GenAI tools had helped to speed up 
administrative tasks, such as typing up notes and creating documents, with one writing: 

‘I can craft an excellent document… in a fraction of time that it would take me 
otherwise without AI.’ 

Another team member mentioned that these tools helped to sense check work, to see if 
they had missed anything in their root cause analysis or driver diagram. Others commented 
on the use of GenAI tools to make written documents more concise and reduce the time 
taken to edit, which was seen as leading to higher quality outputs. 

However, one respondent reported that some tasks took longer to complete with GenAI: 

‘[It takes] more time to think of the right prompt… And the time would have been 
better used thinking myself than trying to come up with a prompt that didn’t help 
me anyway.’ 

enhanced creativity 
GenAI tools were seen as a catalyst for creative thinking, helping the team to generate 
ideas and reducing thinking time: 

‘It’s faster to get ideas, I can then go and research them.’ 

Table 2. Summary of themes emerging from the anonymous survey 

Theme Positive experiences Negative experiences 

Operational efficiency Reducing time to type notes and 
create documents 

Ability to sense check work to see if there 
are gaps 

Making written documents more concise 

Crafting the right prompt can take longer 

Enhanced creativity Quickly generating aim statements, driver 
diagrams and measurement plans 

Creating icebreakers and designs for 
facilitated sessions 

Generating ideas not previously thought of 

None reported 

Information retrieval 
and data handling 

Acting as a starting point for thinking 

Ability to quickly recall and retrieve facts 
and figures 

Ability to theme large datasets 

Retrieving Microsoft Excel formulas 

Can hallucinate sources 

Retrieves sources that are not relevant 

Cannot visualise data in appropriate graphs 
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This included crafting aim statements, change ideas, driver diagrams, measurement 
plans and PDSA plans. One team member summarised their experience, saying: 

‘AI can create driver diagrams… that need further editing but will often have a 
good starting structure.’ 

information retrieval and data handling 
Team members felt that GenAI was useful for summaring information, with one stating: 

‘It helped me get hold of key information… such as names, references, or quotes.’ 

Several team members commented on how GenAI tools could speed up thinking and 
information retrieval, with one noting that this was a faster way of generating ideas, 
which they could then research themselves, ‘rather than trawling the internet’. It was also 
used to request recommended reading related to the topic of how to write articles about 
improvement work. That said, some team members highlighted that the GenAI tools also 
created fictious sources or ‘hallucinated’ answers, and that this was not immediately clear, 
leading to potential for inaccurate outputs. It could also provide outputs that were not what 
team members had requested. 

Team members described finding GenAI helpful for aspects of data analysis, such as 
‘improved time taken for theming large qualitative data sets’ and ‘supporting me to do 
complex Excel formulas’. However, others shared examples of inaccurate information 
being generated, such as the tool selecting an inappropriate statistical process control 
chart for the data type provided. Two respondents noted that the tool used was unable to 
visualise data very well, with one commenting that it was unhelpful for data synthesis, 
analysis and visualisation. 

Potential benefits of using artificial intelligence 
in quality improvement work 
Team member notes and feedback regarding the 49 tests conducted during this project can 
provide insights into the potential uses of GenAI tools to support quality improvement 
in healthcare. From the work carried out, a driver diagram (or theory of change; Langley 
et al, 2009) was developed to demonstrate these potential uses (Figure 2). Based on both 
the quantitative data on the types of tests conducted and the qualitative data on team 
member experiences, the authors believe that GenAI tools could support four areas related 
to quality improvement: 
■ Use of quality improvement tools or methods 
■ Information and data handling/analysis 
■ Enhancing creativity 
■ Operational efficiency. 

Although quality improvement projects rely on a diverse range of stakeholders to 
provide different perspectives (Silver et al, 2016), the learning from this project suggests 
that GenAI could supplement this by generating ideas that were previously unconsidered 
and supporting the rapid retrieval of evidence to inform effective development of change 
ideas for testing. The latter element has previously been noted as a barrier to effective 
quality improvement work (Solomons and Spross, 2011). 

Change is a socio-technical endeavour, and GenAI may be able to support the technical 
aspects of quality improvement work, while also offering a starting point for certain steps 
in an improvement project. For example, several team members reported using GenAI 
to support the initial development of artefacts to understand a problem, such as fishbone 
diagrams. They also used these tools to develop strategies through driver diagrams and 
build initial measurement plans. The view that AI tools can offer a starting point, rather 
than end point, for tasks has been suggested previously (Thomson Reuters, 2024). This 
is important to consider in the context of its use in quality improvement, which typically 
involves people closest to the problem developing solutions. Additionally, the authors 
observed that GenAI could help to stimulate creative thinking by retrieving ideas that 
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others may not have thought of, which has also been noted in the literature, particularly in 
the field of education (Koivisto and Grassini, 2023; Liu et al, 2023). 

Several team members reported that using GenAI helped to speed up their work. This is 
important, as a commonly cited barrier to effective quality improvement is the time available 
for frontline staff to undertake it meaningfully (Alexander et al, 2022). Team members in this 
case study found that GenAI could reduce the time burden of quality improvement-related 
tasks, particularly in areas such as information retrieval, summarising and analysing data 
and generating ideas. These tasks are common when understanding a problem or developing 
a strategy for quality improvement work, and are often time consuming. Similar efficiency 
gains from the use of AI have been reported in other fields, such as education (Noy and 
Zhang, 2023) and manufacturing (Okpala et al, 2023). 

Taking a structured approach to experimenting with the potential uses of GenAI to support 
quality improvement could benefit other organisations looking to undertake similar work. 
Adopting a structured and phased approach could help healthcare leaders to understand 
when and where GenAI could add value in a controlled way. The importance of small-scale 
iterative testing for AI has been emphasised in the literature (Sundberg and Holmström, 
2024), with quality improvement frameworks such as PDSA cycles potentially offering a 
practical and safe way to do this. 

While this study was limited to a single team in one NHS trust, the use of widely 
recognised improvement methodologies and generic digital tools such as Office365 
suggests that this approach, and the subsequent learning, could be broadly transferable to 
other, similar organisations. However, generalisability may depend on factors such as local 
context, digital infrastructure and local quality improvement capability. Future work should 

Creating icebreakers 

Developing agendas for training sessions 
and meetings 

Figure 2. Driver diagram demonstrating uses of generative artificial intelligence (GenAI) tools to 
support quality improvement (QI) work. PDSA=plan, do, study, act. 
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thus explore similar approaches across a broader range of settings and evaluate additional 
outcomes, such as time saved by using GenAI tools and, crucially, the accuracy of outputs. 

challenges and drawbacks of artificial intelligence 
Despite several benefits being observed, team members also encountered limitations in 
using GenAI to support quality improvement in practice. For example, the phenomenon of 
hallucinations, where the GenAI platform produces incorrect, misleading, or nonsensical 
information (Nah et al, 2023), was an important challenge noted by users. This emphasises 
the importance of manually checking sources provided by these tools to ensure that they 
are accurate. 

The authors also observed that GenAI was limited in its ability to create specific visuals, 
with literal representations of the words inputted during the prompt being provided, rather 
than a quality improvement tool output. For example, GenAI was unable to create a visual 
representation of a fishbone diagram, but was able to produce an organised list that could 
then be translated into a visual. While providing a good starting point, users require some 
quality improvement knowledge to accurately assess these lists. This emphasises the need 
for human oversight of outputs, as well as the development of a large language model that is 
trained to answer domain-specific problems in quality improvement (Noy and Zhang, 2023). 

Team members who participated in this project had varying levels of AI literacy, and 
it was realised early on that supporting people to develop well-constructed prompts was 
vital. In such situations, developing a continuously updated prompt library can help to 
support learning (Bansal, 2024). A summary of some prompts developed as part of this 
work are shown in Table 3. 

These challenges were more pronounced in real-time applications, where GenAI outputs 
required human validation, slowing decision making. Switching between platforms also 
disrupted workflow continuity, and varying levels of AI literacy and trust in outputs 
made seamless integration into live meetings difficult. For GenAI to be used effectively 
in real-time settings, it would need to be embedded into existing workflows, with efforts 
made to build user confidence. 

Further limitations and ethical considerations 
This work was undertaken as an explorative study to support the practical application of 
GenAI to support quality improvement work; as such, several limitations exist. First, the 
sample size of 49 tests alongside qualitative feedback from 14 people is relatively small and 
it is thus not possible to draw significant generalisable conclusions about the usefulness of 
GenAI in supporting quality improvement. The authors would encourage others to conduct 
large, longitudinal research studies to understand this issue more fully. 

Second, the authors were unable to quantify any efficiency or productivity gains made 
from this work. Although team members noted this as a benefit in the qualitative feedback, 
future work should incorporate measurement of time saved to further asses gains associated 
with using GenAI. 

Third, all tests were conducted by individuals who were experienced in the use of quality 
improvement methodology. The outcomes may not reflect the experiences of those with 
limited quality improvement knowledge, who may require more guidance in interpreting 
or applying GenAI outputs. The authors would encourage others to test the use of GenAI 
in supporting quality improvement work with a wide range of different individuals. 

Fourth, the tests were conducted over a 6-month period. As both GenAI and user knowledge 
evolves, results captured early in the study may differ from those produced later in the 
process. It is possible that a test initially rated as unhelpful might be considered more helpful 
if repeated after the user had gained more experience or the GenAI model had improved. 

Fifth, although the authors’ primary motive was not to understand which GenAI platform 
works best in supporting quality improvement work, the fact that most tests were carried 
out with either Copilot or ChatGPT limits the ability to understand if different platforms 
would produce different results. Future work should consider intentionally experimenting 
with different platforms or considering a design that allows the assessment of how different 
platforms perform. 
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In addition to these practical limitations, there are important ethical considerations 
related to this work. The use of AI to support decision making, particularly in safety 
critical settings, is prone to scrutiny because of potential impact on human lives (Wang 
and Chung, 2022). In a study of public perception of AI by the UK government, healthcare 
was rated as the industry that should be subject to most oversight when it comes to AI use 
(Department for Science, Innovation and Technology, 2024). The ‘black box’ nature of AI 
can lead to concerns around the trustworthiness of results generated (Cutillo et al, 2020), 
with potential for bias driven by these tools being trained on broad datasets that reflect 
societal systemic biases (Gallegos et al, 2024). According to a global study published by 
the University of Melbourne, many users do not check the outputs of AI (Gillespie et al, 
2025), meaning there is a risk that users who are unfamiliar with such limitations will 
accept the information provided without scrutiny. 

Although data privacy was carefully managed in this project by ensuring that no identifiable 
information was inputted into the GenAI models, this remains a critical concern, particularly 

Table 3. Summary of prompts developed as part of this work 

Domain Topic Prompt 

Using quality 
improvement tools 

Developing a cause and 
effect diagram 

A quality improvement project would like to understand 
the main causes for missed appointments in older adults 
memory clinics. 

Can you create an Ishikawa analysis, based on the clinical 
literature, around the main causes for missed appointments 
for older adults memory clinics in the following domains? 
Please add at least three subdomains, with four causes in 
each subdomain – people, process, resources, environment, 
culture 

Developing a driver diagram Imagine you are an experienced improvement advisor 
trained with the Institute for Healthcare Improvement. 
Develop a detailed driver diagram for an equity project 
to improve access to community podiatry services for 
homeless people 

Develop a plan-do-study-act 
(PDSA) cycle 

Imagine you are a team of specialist diabetes nurses 
and health psychologists. Please design a PDSA test 
for the change idea ‘providing clear pre-appointment 
communication, including potential benefits’. The purpose of 
this test is to learn what should be included in the letter 

Information and 
data handling 

Creating a measurement plan A memory clinic is starting a quality improvement project 
with the following aim: ‘By 31 December 2024, reduce the 
rate of missed appointments in memory clinics by 50%’. 

Their primary drivers are: 

Primary driver 1: improve patient communication, primary 
driver 2: enhance accessibility, primary driver 3: streamline 
appointment scheduling 

Can I have a measurement plan on a table, which includes 
the following columns: 

a) Type of measure (it can be outcome, process or balancing 
measure), b) name of the measure, c) operational definition 
of the measure, d) summary of data collection plan 

Enhancing creativity Sourcing ideas for the causes 
behind a problem 

Can I have a 500-word literature review around the causes 
of missed appointment in in the UK? Please ensure there are 
in-line citations with number in brackets ‘()’, as a full list of 
references in the end (Vancouver style) 

Developing an icebreaker Please suggest some ideas for an icebreaker activity. 
The activity will be delivered virtually and will need to 
last 10 minutes 
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in healthcare settings (Bajwa et al, 2021). This work reinforces the notion that GenAI should 
support, not replace, human judgement in quality improvement, with human oversight 
remaining essential. Future research should explore how to build trust in GenAI tools 
over time, how to mitigate bias in quality improvement-specific use cases and how to 
establish governance frameworks for the safe and ethical use of these tools in healthcare 
improvement work. 

conclusions 
By following a structured and deliberate testing approach, this work was able to identify 
ways in which GenAI could be used to support quality improvement work in healthcare. 
The feedback from team members indicates that GenAI can be a valuable tool, supporting 
key activities in quality improvement such as understanding a problem, enhancing creativity 
and developing strategies. Despite some limitations, the ability of these tools to retrieve 
and summarise information, generate ideas and save time underscores its practical uses 
in healthcare settings. 

That said, several key challenges remain with AI-generated outputs, including 
hallucinations that produce incorrect information and difficulties in creating accurate quality 
improvement-specific visuals. The learning from this work highlights the importance of 
improvement skills and experience in iteratively developing prompts when using GenAI 
platforms to support this work. Developing a large language model that is specifically 
trained on quality improvement tools could potentially help to address this challenge and 
improve the usefulness of GenAI in this context. 

In future, research should prioritise longitudinal assessments of GenAI’s effectiveness 
and explore additional ways of measuring its impact beyond those explored in this 
project, such as time saved, accuracy and trust. Specific areas for future work could 
include enhancing user confidence, improving integration into existing workflows and 
developing training programmes to build AI literacy among healthcare professionals. 
Addressing these areas will be crucial for scaling the safe and effective use of GenAI in 
healthcare quality improvement. 
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Key points 
■ The project described in this article suggests that use of generative artificial intelligence 

(GenAI) tools can support the application of quality improvement methodology in a 
healthcare organisation. 

■ GenAI can be a useful starting point to support thinking or complete routine tasks, but 
should not replace human expertise and judgement. 

■ Structured iterative testing can be useful in supporting the safe use of GenAI in quality 
improvement work. 
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