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Introduction: 

Radiology is a key clinical diagnostic service utilised to investigate, monitor and treat diseases and injuries. It is integral to most clinical services where hospital based clinicians and general practitioners refer patients to radiology departments to undergo a wide range of imaging examinations. Radiology is used to identify and diagnose fractured bones, detect injuries and infections or locate foreign objects in soft tissue. Following the examination, the images are reviewed by a clinical radiologist, radiographer or sonographer to produce a clinical report, which the requesting clinician will use to guide management of the patient. 

The radiology service across Wales is delivered in a number of settings. Most activity is delivered through general hospitals and community sites at the University Health Boards (UHBs) and Trusts. Radiography is dependent on imaging technology; without the technology to identify and view images, and book patients into an imaging scan, radiology as we know it would not exist.

Choplin et, al. (1992) argues that as radiology departments grow with the demand for increasing imaging, health departments are at risk of failing, as the previously used film based imaging systems were unable to meet this demand. From this need evolved new systems in an attempt to provide economical storage, quick image retrieval, and access to imaging on multiple sites. Choplin et, al. (1992) identified that radiology systems consist of an image acquisition device which allows a gateway into the system, image storage devices, a network to transmit images between terminals, display stations to view images, and that these functionalities allowed organisations to meet the increasing demand. 
Schilling (1993), supported Choplin et, al. (1992), by identifying that the main drivers for organisations to develop new radiology systems were the need for improved communication amongst clinicians, fast and reliable access to current and past images, and the need to reduce the large storage requirements that film images required. 
Whilst radiology systems have helped clinicians store and analyse images, the sheer volume of referrals means that there is a backlog of imaging and patients are waiting longer and longer for images to be undertaken and then reported on. This is where recent research into AI has been developed. 

There are several challenges facing radiology and imaging services across Wales, however this paper focuses on one area in particular:  

How Artificial Intelligence (AI) as a decision support system in radiology, could be used to support radiologists to reduce the backlog of outstanding radiology image requests and waiting lists



Demand

Demand for radiology services in the form of continuous growth for CT scans, MRI scans etc. is outstripping reporting capacity, with the current workforce struggling to deliver the increase. A Royal College of Radiologists’ (RCR) census report in 2020, highlights this demand, identifying a backlog of 10,000 examinations across the UK, a long wait to get patients results and a chronically understaffed department. This is supported by Pollard (2021) who argues that the biggest pressure on healthcare settings post Covid 19 pandemic, is addressing the backlog in waiting lists. 

The RCR report also identifies that despite many imaging doctors staying in the NHS due to the Covid 19 pandemic, the NHS radiologist workforce is now under staffed by circa 33% and needs at least another 1,939 consultants to meet safe staffing levels. 

This demand is compounded by a lack of modernisation in the current digital infrastructure across Wales. Whilst there have been some developments in terms of digital systems, they have not been fully maximised to their full digital potential. To address some of these challenges, Trendall (2021) identified that the UK government has committed £250m to help ease NHS diagnostics waiting lists. 

This funding is designed to help the NHS digitised diagnostic tests and related processes, in a bid to help tackle waiting lists that have grown to unprecedented lengths as a result of the coronavirus pandemic. The £250m is intended to support the deployment of digital technologies that would allow radiologists to remotely assess high-resolution images provided by x-ray machines, as opposed to requiring them to be in a hospital setting. However, as the Royal College of Radiologists’ (RCR) census report in 2020 identified a shortage of radiologists, it maybe argued that having £250m to invest in digital technologies is futile, as there are not enough staff remotely assess images. 

Therefore, another solution maybe required to help radiologists, and this could be AI. 
AI is already being used in the NHS; for example, GP surgeries are using it to help prioritise patients most in need and identify the right level of care and support needed for patients on waiting lists. In other areas of the NHS, AI is being used to improve workflows which supports better patient outcomes, better collaboration and reduce costs. Pollard (2021) argues that AI is enabling doctors to use voice recognition to type up notes, saving hours in burdensome administration.  

This view is supported by Sutton (2020) argues that AI is an enabler and can be used to free up valuable resources, which can be spent on more complex cases. Sutton (2020) also argues that by enabling radiographers and radiologists to make effective and appropriate decisions based on improved digital systems, healthcare delivery and efficiency could be improved. 






Evidence review: 
Policy Context

A Healthier Wales is the Welsh Government’s plan setting out a long-term vision of ‘a whole system approach to health and social care’, which highlights the need for making better use of digital, data, and communication technologies.

In March  2018,  the  Cabinet  Secretary of Wales, launched the  Imaging  Statement  of Intent  (ISoI),  the  purpose  of  which  was  to  address  the  current  challenges  in diagnostic and therapeutic imaging in NHS Wales. The ISoI identified Informatics &  Information  as  a  priority  area  with  effective  and  high-quality  informatics systems  and  information  being  critical  to  the  delivery  of  a  world-leading, sustainable, effective, and efficient imaging service. Unfortunately there was no funding to invest significantly in digital systems, meaning that it is challenging for the NHS to deliver in the key areas of digital and informatics. 

A Wales Audit Office report on Radiology Services published November 2018, highlighted some of the challenges in the NHS meeting the Welsh Governments long term vision, including Wales-wide radiology IT system challenges and weaknesses in local IT infrastructures inhibit radiology services’ efficiency. The report also identified that radiology services are well managed operationally but there is scope to strengthen board level scrutiny and the strategic planning of services.

Decision Support Systems (DSS) in radiology

According to a study in the July issue of the Journal of the American College of Radiology, DSS for radiologists can assist in the provision of information during image interpretation that may improve diagnostic accuracy and lead to improved diagnosis. This view is shared by Hemmerling (2012) who argues the importance of decision support systems in healthcare in order to deal with complex medical problems. 

Stivaro et, al (2010) argues that DSS in radiology supports and prompts radiologists through various diagnostics, and does not undertake any image processing or analysis. Instead, a DSS should aim to facilitate optimal human performance by utilising the most efficient features of a computer system, to support radiologists own decision-making skills and abilities. Stivaro et, al. (2010) is arguing that DSS should not be used to replace radiologists; instead DSS should be used as a tool that can support the decision making for radiologists. 
[bookmark: _Hlk127778474]Stivaro et, al. (2010) published a paper in entitled Decision support systems for clinical radiological practice - towards the next generation, in the National Library of Medicine. The risk of bias is low, and using the evidence is rated HIGH when using the GRADE profile.

Long (2020) argues that radiology is increasingly becoming complex, and radiologists need to use their expertise to make more complex decisions. Long (2020) goes on to argue that technology forms the cornerstone of the solution to many of todays modern challenges that radiologists face, including increased demand. This is not a new concept in the radiology world; in 2010 Stivaro et, al (2010) argued that there is a large amount of information that needs to be evaluated and assimilated in order for clinicians to make informed decisions about patient care. 
However this sheer volume of information, makes decision making challenging, and points to decision support systems that can be used to help resolve complex problems. 

Stivaro et, al (2010) argues that unless the application of DSS is fully integrated into radiology practice, then technological advances such as improved image visualisation, will not be fully realised in the clinical setting. Shaikh et, al (2021) supports Stivaro et, al (2010), and argues that AI can augment a radiologists ability to collect, understand and make conclusions on an large volume of patient data to reach the optimal clinical decision.

Artificial Intelligence in radiology 
Mohan (2018) argues that AI has become the flavour of the month and the buzz word in the radiology community. Mohan (2018) defines AI in radiology as what computers interpret, understand, and identify medical diagnostic images after learning from examples. Sutton (2020) agrees with Mohan (2018) by suggesting that AI could identify and report on common themes within images, which is often labour intensive for radiologists. 
Hardy and Harvey (2020) identify AI as a broad umbrella term that encompasses the theory and development of computer systems which are able to perform tasks normally requiring human input, such as visual perception, speech recognition, decision-making, and prediction. Hardy and Harvey (2020) argue that radiologists have accepted some automated technologies (such as speech recognition), which maybe argued is an erosion of their skills, however this is now a bedrock of todays modern radiology services. Supported by Mohan (2018), Hardy and Harvey (2020) argue that AI solutions provide automation in terms of decision making to tasks in radiology, but require both clinical evidence and acceptance by a radiologist before they can be widely deployed. Again, similar to the argument made by Stivaro et, al (2010), Hardy and Harvey (2020) argue that AI is not designed to replace radiologists, but to aid in their decision making. 
Maryann Hardy is Professor of Radiography and Imaging Practice Research in Bradford. The risk of bias is low, and using the evidence is rated HIGH when using the GRADE profile.
According to the AI in radiology study, published by Hosy and Parmer et al. (2022), AI can plan an integral role in recognising complex patterns and imaging data. The results of this study show (with a 95% confidence interval) that AI has potential to integrate and support workflows and free up capacity of radiologists. Hosy and Parmer et al (2022) argue that this improves patient experience through improved patient care and reduced waiting times. 

The Radiological Society of North America (2022) identified that chest x-rays are amongst one of the most common images produced for radiology purposes; they are a quick and easy way to determine diagnosis and treatment for a variety of lung, heart and chest conditions. If AI could be used to help clinicians quickly identify a common diagnosis for some of the more common (less life threatening) conditions, then this could potentially free up clinicians time to respond to some of the more complex issues. Subsequently this could help address some of the demand challenges facing radiologists and reduce the backlog of 10,000 examinations across the UK.

Another way in which AI can support help prioritise patients and ensure those who need attention the most, get it, is to identify what scans should be top of the list for radiologist to review. Mohan (2018) argues that this triaging approach would help clear the backlog of images that radiologists have to review. 
This view is supported by Hardy and Harvey (2020), who argue that a consequence of increased digitisation and automation, has been an increase in efficiency across radiology departments. 
AI could also review patient histories and identify any relevant findings. This is further developed by Hosny et al. (2018), who argues that AI excels at automatically recognising complex patterns in imaging data. This could help radiologists easily identify and prioritise which patients need further analysis, and which could be delegated to a radiographer.
Mohan (2018), supported by Hosny et al. (2018), highlights that one of the current limitations of AI in radiology, is the ability for it to take into account a number of different factors simultaneously, and then come to a cohesive diagnosis. This is an important limitation, and when linked to accountability i.e. if AI makes an error, who is accountable and what process should be followed, is an important criticism of AI in this field. 
Chander Mohan is a radiologist with 25 years experience.  The risk of bias is moderate, and using the evidence is rated HIGH when using the GRADE profile.
From a patients perspective, AI may get patients access to results quicker when compared to waiting for a radiologist to review and respond to a scan; for example AI could integrate with email and text messaging services, in order to advise patents if their scans reveal nothing to be concerned about. However, Mohan (2018) argues that patients would prefer to speak to a person when hearing about their scan results in case they have follow up questions. 
Hosny et al. (2018) argues that AI utilises deep learning when presented with more patient data, similar to what radiologists do with the more images they review; essentially getting smarter with the more images they process.   
Long (2020) argues that AI systems can help radiologists identify hidden insights and recover data that could support different diagnosis and/or improve future decision-making. It is capable of improving the efficiency of workflows, learning and evolving within specific practice guidelines, supporting radiology in clinical diagnosis and adherence to guidelines. Long (2020) argues that AI is not a replacement for the human factor, as this is not feasible with the current technical capability, but more of an additional support tool to aid clinical decision making. 
Long (2020) goes on to argue that AI-enabled radiology DSS can help identify at-risk patients, reduce errors or mis-diagnoses and help reduce the need for repeat examinations. AI can sift through the huge quantities of data produced by the radiology departments in hospitals, potentially locating missed abnormalities and providing possible insights that can help radiologists make important decisions, in a  speedier fashion.
Haar (2014) argues that it is difficult to determine if DSS supports radiologists in terms of quality and safety outcomes. However, Haar (2014) argues that DSS has its advantages and the same and can be a welcome addition developing clinical workflows.
There are a number of DSS in radiology, often from private companies wanting to support healthcare organisations in improving efficiency. One example of this is a tool called iRefer that helps radiologists reduce inappropriate imaging, by providing radiographers with information from patient records, so they can determine whether they need e.g. another x-ray. iRefer aims to reduce inappropriate testing and unwarranted radiation exposure, and is currently being piloted in Scotland and the East Midlands.
Another example of a DSS in radiology is STATdx, which is a tool used by clinicians to compare medical images with other images which have confirmed medical diagnosis. This enables clinicians to make more informed and accurate diagnosis, particularly where scans reveal atypical issues. 
Challenges of AI implementation in radiology services in Wales 
Workforce and Morale
The Royal College of Radiologists (RCR) annual workforce survey highlights key concerns for Wales. It suggests Wales' radiologist workforce is understaffed by 38% - the biggest shortfall in any UK nation. It means Wales lags significantly behind the EU average for the number of radiologists per patient. Wales has 7.8 radiologists per 100,000 people, the UK average is 8.6, the EU average is 12.8. The RCR 2021 Workforce report identified that whilst there has been a steady growth in the UK Radiologist workforce over the last 5 years, the report highlights that Wales has had some of the slowest growth in the UK in terms of Consultant Radiologist numbers at only 2% per annum. This is further compounded by Wales having an older Clinical Radiology workforce, with the highest number due to retire in the next five years (23%). (Taken from page 23 of the 2021 census report). 
Wales also has the most severe radiologist shortage of any UK nation. If nothing improves, the Royal College of Radiologists (RCR) predicts the UK’s 33% actual radiologist shortfall will hit 44% by 2025. 
At the start of April, the RCR polled 1,089 consultants around the UK about their feelings on working in the NHS post-Covid. 37 were from Wales, and of those:
· 41% felt demoralised (individuals)
· 43% intended to cut their hours
· 11% say they planned on leaving the NHS in the next 12 months – according to the RCR, this is three times the normal leaving rate.

RCR census 2021 identified that 98% of clinical directors are worried about morale, stress and burnout.
To address some of these issues, Finlayson (2002) argues that good staff morale is important in achieving NHS objectives, so Trusts should listen to staff, offer appropriate levels of support and recognise good work. Finlayson (2002) identified that quality starts to drop when there is pressure within the system, which is understandable given the current pressures facing the NHS post Covid. 
In regards to the RCR, the risk of bias is high, and the evidence is rated HIGH when using the GRADE profile.

Hardy and Harvey (2020) argue that whilst the emergence of AI across radiology has been seen as a positive step in the digital progression of decision support systems, many clinical staff are less receptive to its emergence. They argue that clinicians feel threatened by AI as some see it as a direct threat to their profession, as bureaucrats look towards digital solutions in the quest for service and cost efficiencies. 
Initially, whilst AI may appears to threaten the role of the radiologist, its universal adoption offers important opportunities for better autonomy if the radiology profession welcomes the inevitable changes to role and culture.
Mohan (2018) argues that AI is not designed to replace radiologists, but instead support their work as it has complex perceptive algorithms, which can process larger amounts of date more efficiently than a human. Controversially, Mohan (2018) argues that more time and effort should be put into training these complex algorithms within AI, rather than training human radiologists, as they can work around the clock, 365 days a year to reduce the outstanding backlog.  This is supported by Tang et, al. (2018) who argues that there is a misconception by prominent researchers that the development of AI will result in the demise of radiologists.
ESR (2019) argue that radiologists’ job opportunities and workloads are expected to both increase and decrease with the development of AI. The report found that AI should save clinicians time, which in turn could be used to increase communication with patients. 
As Mohan (2018) argues that AI is the new buzz word around the radiology sector, it is important to manage the messages around any potential AI integration as clinicians may be put off by yet another concept that is designed to solve their problems. This is supported by Lovell (2019) who identified that clinicians can either be helped or hindered by technology, depending on how it is integrated into their workflows. 
Reporting Costs 
Halliday (2020) argues that in order to meet the rising demand for reporting, health boards are turning to insourcing (additional payment to contracted consultant radiologists to report outside of core contracted hours) and private sector outsourcing companies. Expenditure on outsourcing and insourcing has quadrupled since 2014 to an estimated £8.3 million in 2018 and is forecast to continue to rise. 
The RCR identified that in 2020/21, £178m was spent on insourcing, outsourcing and ad-hoc locums, the equivalent to 1,876 CR Consultant salaries (or half the entire current CR workforce). These short-term fixes are helping to manage workload, but demand for imaging in the UK continues to increase, and these measures will ultimately not be sustainable. For Wales, Health Education and Improvement Wales have again committed to fund 22 additional training places, but this won’t be sufficient to meet demand, with there being an estimated shortfall of 77 consultants currently, rising to 146 by 2026.
Kavanos (2022) argues that healthcare across the globe is rapidly becoming digitalised, and by 2025 global spend on digital health is predicted to be £1trillion. Kavanos (2022) argues that healthcare organisations quickly need to adapt to changes in technology and become accustomed to sharing data in order to achieve better patient outcomes. 
Becker and Arenson (1994) argue that todays modern healthcare organisations are under great scrutiny for procuring new, technological systems, with radiology’s expensive technology, making it a target for budget conscious administrators. 
Hardy and Harvey (2020) argue that further research is needed in the area of cost/benefit analysis for AI implementation; potentially looking at where there are areas of backlog and attributing a cost for an AI solution to review certain aspects of the backlog and compare against a radiologist completing the same work. This view is supported by Tyler (2020) who argues that cost is a reason why healthcare organisations may choose not to take up AI opportunities.  
Haas (2014) argues that the implementation of a DSS can be challenging, and in order overcome these challenges, suggests the need to develop a comprehensive plan, quantify financial efforts, manage evidence trade-offs, respect provider autonomy and acknowledge apparent conflicts of interest.
Wolff et, Al. (2020) identified that very few publications have thoroughly addressed the economic impact assessment on AI implementation costs, especially in a healthcare setting. Therefore further study needs to be completed in analysing the costs of implementing AI. Whilst the Welsh Governments Imaging Statement  of Intent  (ISoI),  identified some areas for addressing  the  current  challenges  in diagnostic and therapeutic imaging in NHS Wales, it did not detail any specific technological advancements that could be used (or how to fund them). In order to overcome this, strategic commitment is needed at both a local and national level. 
Therefore it is difficult at present to identify the cost benefit of implementing AI; technical investment would be required in order to use AI in a hospital setting, and it is not yet clear if this investment would be worth it given the unknown potential cost savings that AI could generate. 
Integration
Long (2020) argues that AI needs to be system agnostic in order for it to be integrated into any system. This is of particular relevance to the NHS in Wales, as each health board uses different radiology systems.  
There are technological challenges involved in the implementation of AI, which Ahmadian et, al. (2014) argues are a lack of appropriate hardware, internet speeds and powerful data networks. These are required in order to share complex images across a network and enable easy communication between clinicians. There needs to be funding allocated at both a local and national level in order for health boards to invest in the required infrastructure that will allow AI to embed and function. There could be the option for health boards to work with private companies who develop AI, in order to trial or pilot their services, in order to demonstrate benefit. 
Khajouei et, al (2019) identified that key to successful implementation of digital systems, is identifying and prioritising challenges from a patient and staff perspective. Khajouei et, al (2019) also identified that using AI has may challenges, including requirement of substantial capital investment, inflexibility of the system and interoperability with other systems. Interestingly, Khajouei et, al (2019) identified that two similar healthcare settings, my face two different and similar challenges implementing AI, due to the complex nature of integrating digital solutions to organisational culture. 
Reza Khajouei is a Professor of Informatics, the risk of bias is low, and the evidence is rated HIGH when using the GRADE profile.




Evaluation: Explain and justify how you would assess the user experience, effectiveness, safety and efficiency of the proposed decision support tool. Critically evaluate how improved decision-making enhances the service user’s experience.
Assessing user experience of AI in the radiology sector is going to be challenging as Mohan (2018) argues that some radiologists feel threatened by the use of digital technology, so their negative perceptions of AI maybe difficult to overcome. However, this is a topic that is not going away, which Hardy and Harvey (2020) argue that the arrival of AI into the radiology sector, has focused clinicians attention and sparked much debate on the role and responsibilities of the radiologist; forcing radiologists to have discussions about AI whether they want to or not. Hardy and Harvey (2020) argues that there is limited research about the impact of such technology on the radiographer role is missing, and that the role of a radiologist needs to change and develop as AI evolves into the radiology world. 
A study by Jennifer (2019) into decision support tools in the US identified that such tools can provide clinicians with clinical decision making, particularly for complex patients. This is done through the alignment of clinical workflows and provision of patient care. This would suggest that AI can help clinicians in their role, but in order to successfully do this, there are a number of complex factors that need to be considered. 
Hurlen et, al. (2010) argue that further research was required in order to determine the impact of AI in hospital settings, noting that the research completed, did not include any longitudinal studies on the effect of these systems. Hurlen et, al. (2010) was aware that analysing the impact in a new hospital can be challenging as there are many factors that can influence the results. They did record an increase in examinations, but noted that this could be due to the increase in FTE in radiology staff. This is supported by Emerson et, al. (2013) who identified that clinicians who have a special interest in AI, believe that user experience is still lacking and could be improved. 
Souza et, al. (2019) argues that one method of evaluating user experience for AI is using mouse tracking technology to identify how many clicks users make on a system, before and after the implementation of AI. This could be used to identify if radiologists spend more or less time assessing an image, before and after the implementation of AI; noting that if they spend less time, then AI could be argued is having a positive impact on the amount of time spent on images, and potentially reducing the backlog of image requests. 
User experience questionnaires could be used to assess the impact of AI, by asking users on a fixed scale, how they believe the impact of AI as a decision support tool is improving effectiveness, safety and efficiency. Schrepp (2019) argues that such questionnaires can be used with minimum effort and provide valuable insights. 
Stivaros (2010) argues that the aim of decision support systems in radiology is to improve the clinical performance and function of radiology systems, through their interaction with the user. However Stivaros (2010) argues that there are limited systems that directly interact with patients. 
Stivaro et, al (2010) argues firstly, the most successful DSS must not attempt to replace the radiologist. Rather, they should harness the excellent skills and abilities of humans in image assessment and feature extraction; these data are then passed on to the DSS. In some instances, users are not necessarily radiology domain experts, but can include students, interns and non-radiologists. This finding highlights a further important feature that must be implemented in the next generation of DSS, the symbiotic relationship with the user. The use of DSS in clinical radiological practice is set to continue and increase as we see an explosion in health informatics and e-science. However, further work is required to look at outcome indicators, determinant features and the integration of improved techniques for feature identification

There are some opportunities for the NHS to develop some elements of decision support systems that would enable patients to make informed decisions about their care. For example, developing technology where results of imaging are directly sent to patients, so they don’t have to wait for a clinician or healthcare worker to get in contact with them to e.g. tell them their scan was clear. This may help alleviate some of the anxiety for patients in waiting for scan results. 
Tang et, al. (2018) argues that the implementation of AI in radiology over the next decade will greatly improve the value, quality, and complexity of radiology's contribution to patient care and person centred outcomes. Tang et, al. (2018) goes on to argue that by actively involving all stakeholders in the implementation of AI, will ensure it stands the best chance of being fully integrated into radiology services. 
Ongena et, al. (2020) argues that the patients view on the implementation of AI in radiology is mainly unexplored, and that the unilateral development of AI systems in radiology should not ignore the needs and expectations of patients.  Ongena et, al. (2020) study identified that there was a negative distrust amongst patients when it came to AI taking over diagnostic interpretation tasks, which are typically undertaken by radiologists. It was concluded, that there needs to be human interaction when it comes to communicating with patients.  
Bader & Kaiser (2019) argue that when human and AI become unbalanced in regard to users attachment to decision-making, three performative effects happen: deferred decisions, workarounds, and (data) manipulations. It is essential that AI if implemented as a decision support tool in the radiology community, is used to support and not replace decision making of radiologists. There are enough workarounds currently in place with the existing systems in place, and anecdotal evidence suggest that workarounds only happen when they a digital system is not performing as well as it should. 
Van de Velde et, al. (2018) argues that research on the effectiveness of computerised decisions support is mixed, due to the multifaceted systems in which they operate. Van de Velde et, al. (2018) developed a 16 factor checklist that can aid the implementation of computerised decisions support. Considering the ‘system’ domain in relation to AI and radiology, this approach suggests that AI needs to be easy for radiologists to use and delivered well to the right person i.e. supporting radiologists to help make informed decisions about prioritising those patients who need further clinical support and involvement. 
In terms of assessing user experience Wintermark et, al. (2020) argues that Clinical Decision Support is “decision support,” not “decision replacement,” and it does not overrule physician judgment. This is supported by Mohan (2018) who argues that people want to speak to people, so although AI can support decision making, it should not replace it. Otherwise the users of the system (i.e. the radiologists), will not value AI, and may feel threatened by it, potentially resulting it AI not being adopted by the radiology community. 
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