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Digital Solution to Prioritisation and Booking of Patients on a 
Musculoskeletal Physiotherapy Waiting List

Introduction
The Welsh, Scottish and English Governments within the UK have developed waiting list targets in an effort to ensure patients are seen in a timely manner by the many services that are delivered under the NHS. These range from 18 weeks set by the UK Government in England (NHS, 2023) to 14 weeks Set by the Welsh Assembly Government (WAG) in Wales (WAG, 2023) and 4 weeks by the Scottish Government (Public Health Scotland, 2023). In each nation, these waiting lists are breaching (e.g. Sky, 2023). It is worth noting that the recent introduction and growth of direct-access physiotherapy services are a distinct model that is growing in evidence-based support (Demont et al, 2021), but this is not included in this report and would not mitigate the pre-existing waiting list situation. 

The time period a patient spends on a waiting list has significant implications. Deslauriers et al (2019) found that patients that received input from the physiotherapy department sooner tended to have better outcomes compared to those who remained on the waiting list longer. The increased length of time on a waiting list was also shown to cause an increased cost and utilisation of wider healthcare services and a worsening of pain state, disability, psychological well-being and quality of life (Lewis et al, 2018). Conversely, a shorter waiting list duration prior to their assessment also was found to improve patient satisfaction (Rossettini et al, 2020). The time spent on a waiting list prior to being clinical intervention has been shown to have a negative effect on the patients experience and satisfaction with the intervention they receive (Michael et al., 2013). The wait also has a significant negative effect on the clinical staff who have a clear understanding that a shorter wait tends to result in an improved outcome (Lewis et al., 2018). A rich picture diagram is included below, showing the existing situation leading to failures in bookings and the resulting pressure on the service as a result of a managed waiting list (Rich Picture 1).
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Rich Picture 1. Waiting list and failed booking process

The Health Board has employed an external agency to independently assess the experience of patients that are referred to the physiotherapy department in terms of both Patient Reported Outcome Measures (PROM’s) and Patient Reporter Experience Measures (PREM’s). PROM’s examine the differences in objective factors, such as ability to walk distances, ability to wash, or dress or cook, and whether the patient has differences in the levels of pain they were experiencing before and after the physiotherapy intervention. PREM’s examine the experience of attending the department, the wait prior to assessment, the attitude of the staff that they interacted with and how the felt the experience was. As shown above, worsening patient satisfaction is a significant factor in the current model due to a disconnect between capacity and demand.

Worldwide, there many problems with prioritisation of the waiting list for Physiotherapy that has been acknowledged over a significant length of time (Brown, and Pirotta, 2011, Purtillo, 1992). With the long duration of this problem, there are many approaches to this, including the suggestion that there is merit in managing the waiting list in terms of measuring the greatest benefit per unit (Gudex et al, 1990).

Despite evidence-based options becoming available to increase the availability of timely appointments for patients deemed to be “Urgent” (e.g. Harding and Bottrell, 2016), there are only two common processes of waiting list prioritisation frequently used within Physiotherapy departments, being:
1. Minimal screening or triage on receiving the referral (Laliberte et al, 2018, Harding et al, 2011) prior to their being assigned to either “Urgent” or “Routine” waiting lists (Urgent being locally defined and Routine being defined with the waiting list targets described above, dependent on National Government).
· Small number of patients signposted elsewhere, returned to referrer as an inappropriate referral 
· Takes a shorter amount of clinical time that option 2
· Result in increased number of inappropriate referrals or potentially signposted patients attending the department
2. Maximal daily screening on receiving the referral (Deslauriers et al, 2017), often including telephone/virtual contact with the patient, prior to being assigned to either “Urgent” or “Routine” waiting lists.
· Some patients can be provided with immediate advice and education, exercise programmes, etc. and discharged immediately
· Increased number of patients signposted elsewhere or returned to referrer as an inappropriate referral following more comprehensive investigation
· Takes more clinical time that option 1
· Results in more appropriate patients attending the department

Each of these methods has benefits and disadvantages as shown above, but both take significant amounts of clinical time, which results in less patients seen. At this point, it is worth noting that there is a school of thought that prioritisation due to capacity could be entirely mitigated if starting from a zero-waiting list position (Saether et al, 2020). Within this health board, Option 1 is the standard across many Physiotherapy departments across the planet. A conservative estimate of time required for delivery of this methods for the local Health Board (6 sites) would be 11 hours daily per site, equivalent to 1.46 WTE of clinical time per week across the 6 sites. Booking of patients into appropriate slots within the electronic diary system would potentially result in freeing an additional 1.2 WTE per site, or 5 WTE total across the Health Board.

If a digital solution was available to complete either version of the prioritisation task, this would release a significant amount of clinical time in each Physiotherapy Department, with a resultant shortening of the average waiting list duration per patient, leading to improved patient satisfaction and a proportional reduction physical deterioration/deconditioning. Further system benefits would be realised through release of administrative support time, which could be redesigned through a skill mix review to increase the number of clinical staff, which would also increase clinical time available further. 

While development of systems to allow individuals (patients) to self-assess the most appropriate “next step” on their assessment and treatment pathway, I.e., Physiotherapist, GP, self-management, has been suggested as a possibility (Lowe et al, 2022), there is to the best of my knowledge, no equivalent for the next stage of the process. The development of such digital solutions is directly in line with the broader instructions from a national level within the Welsh Assembly Government (WAG) that the NHS should be using new, Digital methods to reduce costs and improve efficiency within the wider system (WAG, 2021), helping to promote digital literacy and inclusion with our patients. Below is a modified Donabedian diagram (Diagram 1), which shows the overall policy driver for change, being the introduction of Prudent healthcare (WAG, 2016).
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Diagram 1. Policy driver for change, plus variable and changes

As such, the introduction of a Clinical Decision Support System to assist with the management of this waiting list complies with both the Digital Strategy for Wales and the priority of development of Prudent Healthcare. While the use of Digital methods to assist in Clinical Decisions is longstanding, it has been mainly focussed on the differential diagnosis and Evidence Based Medicine (EBM) paradigm (Greenes, 2014), both of which lend themselves to the logic-based

Evidence Review
A literature review was completed in two parts using the Pubmed, Google scholar, MedLine, and the Cochrane Library. The two sections under investigation were Clinical Decision Support Systems and Waiting List prioritisation with the use of artificial intelligence and/or machine learning.

The search terms used for the former section were “Clinical Decision Support System”, “Decision Support System”, “Artificial Intelligence” and “Machine Learning”. The search terms used for the later section were “Waiting list”, “Prioritisation”, “Prioritization”, “Physiotherapy”, “Physiotherapist”, “Physical Therapist”, “Artificial Intelligence" and “Machine Learning”. The search was set to examine the article regarding Title, Abstract and key words where applicable. The date range was initially confined between 2013 - 2023, but references were traced forward and backwards to ensure that seminal articles were obtained, where possible, for analysis of the primary research. Where applicable, the search was also limited by language (English) and with access to the abstract. Articles were excluded if a full-text article was unavailable due to access restrictions.

It is worth noting from the outset that, while there was literature examining a combination of waiting lists, prioritisation and artificial intelligence, there was almost none specifically regarding Physiotherapy as a specific profession. A further detail to note is that there was a significant volume of articles between the two aspects of the literature review, and that it was not possible to obtain and review all articles identified in the search due to the short period of time available before the submission date. Details of this process are described using the PRISMA flowchart (Moher et al, 2009), shown below in Flowchart 1.
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Flowchart 1. PRISMA flowchart of evidence review process

Clinical Decision Support Systems
Evidence-based, digitised equivalents of the current Clinical Decision Support Systems have been regularly used in healthcare for over a quarter century (London, 1998), having had an uncertain and ineffective start in the 1970’s (De Dombal, 1992). With the advent of easily available computer-based systems causing rapid proliferation, which has increased significantly with artificial intelligence and machine-based learning. In the context of this section of the assignment, decision support systems occupy three different roles:
1. Clinical decision support systems role, risks and benefits
2. Clinical decision support systems for diagnosis
3. Clinical decision support systems for treatment

Within the healthcare setting, Clinical Decision Support systems have been developed to assess and support the diagnosis and management of a multitude of condition but all have the same inherent risks, being that they rely on the inputting of real world data, risking the compounding of racial, sexual, religious, disability or gender bias, plus financial/social inequalities, with resulting amplification of these problems inherent in society (Panch, Mattie and Atun, 2019). This inherent risk has a multitude of levels of problem. Taking the example of an area that has lower socio-economic status, there are inherent, frequent problems with attendance (e.g. Hynes et al, 2014, Mitchell and Selmes, 2007) related to:
· Reliance on public transport
· Ability to pay for public transportation
· Difficulty gaining permission to leave employment
· Inability to leave employment due to financial pressures
· Reliance on informal networks for childcare

The realisation that those who most need to access the health system are often those who struggle the most to access the health system has been an acknowledged, ongoing problem since it initial identification by Hart (1971). While his focus was on the fact that healthcare in the USA was regarding the drift of financial investment from the area that makes the highest profit to the patients that need the help the most, the fact remains as true now as it did then. 

These results, when inputted to the algorithm, could result in changes in service provision, or the delivery of such provision, should be modified when compared to an area that has a different socio-economic environment, with a different level of “compliance” and “reliability”. There are some that argue that this duty of care in design rests significantly with the software developers, with Kazzazi (2022) arguing very effectively that there is a potential legal basis for this, resulting in not just a duty of care from a professional perspective, but also from a business/litigious point of view. 

As a wider point regarding the basic scientific principles, the scientific method and formal reporting quality, the risks of poor validity and reliability to the clinical indicators have been raised as an issue. In an excellent review of published on the subject, specifically examining the attention to measurement practice, Scott et al (2019) found that only 7% of studies showing direct measurement of validity.

In a fascinating, but extremely complex article, Ngiam (2019) highlights the significant benefit of the use of machine learning with the development of Decision Support Systems over the historic methodology. Machine learning allows for the collection and analysis of a wide range of information; Collection of “Yes/No” or specific button selection is simple for integration with the analysis, the acquisition of clinical assessment and decision making in the form of a matrix of information between blood test results, radiological investigation and free text analysis, with the individual clinician's idiosyncratic methods for documentation, abbreviation, etc. lends itself to the machine learning form of analysis. It is hard to avoid the influence of human factors and these clinicians will not change their routine documentation methods as it is an integral part of their clinical practice. 

This view is reinforced by the Van de Veld (2018), who approach the topic with the intent of minimising the risk of failure. In this process, they developed a checklist of key factors for implementors following an exhaustive literature review and reviewing a significant number of articles examining the reasons why other support systems have failed. Named the GUIDES checklist, they state that there were some factors of the list that were significantly more important than others, but that there were concerns because a number of those involved in its development were researchers or researcher/clinicians. They further suggested that updates to the GUIDES checklist should also provide mitigation strategies and guidance on whether some areas do not require decision support. 

In some areas of healthcare, Clinical Decision Support Systems are integrated with patients electronic health records, allowing for functional, automated suggestions or recommendations to be flagged to clinicians, as described by Sutton et al. (2020). Another benefit listed is that this will positively effect both patient safety and cost efficiency within the healthcare setting, as the development of new guidelines or recommendations can be integrated within this system immediately upon their acceptance, while also being able to immediately update systems for e.g., newly discovered medication interaction problems. 

It is the process of integration that the management and financial leadership of a healthcare organisation will focus on with the anticipation of direct benefits for the organisation, as found by Lindsell, Stead and Johnson (2020). In their brief but interesting article, they recommend that these benefits should then have a direct, measurable effect on the patient journey, while also cautioning that the introduction of an Artificial Intelligence (AI) algorithm has to be designed specifically to effect a change, rather than trying to introduce a software solution and then find a problem for it to fix. Ultimately, they suggest that the algorithm should monitor the change, providing evidence whether it had had an effect and therefore giving evidence to the management and financial teams regarding the replacement or removal of a failed AI tool.

In summary, Clinical Decision Support Systems have a significant history, and are increasingly proving themselves both valid and sensitive to the nuances of the assessment, diagnostic and treatment methodologies around the healthcare sphere. The significant benefits are inarguable, however the risks are very rarely referred to in the training models, etc. This lack of awareness is significant in it’s implications across the many uses that AI could be used for.

Waiting lists
The vast majority of waiting list literature that is shown following deals with prioritisation through routine measurement of factors that are relatively easy to quantify. Some examined risk of mortality due to defined changes to biochemical markers in blood results, others the risk of physical deterioration while waiting for surgery or in the management of organ transplantation. Given the vast range of PROM’s and PREM’s, it is entirely plausible to collect and analyse suitable metrics to allow for equivalence to the studies described below.

In a recent article, Jegatheeswaran and Tolley (2022), using datasets of hundreds of millions of patients to develop individualised mortality and morbidity rates in relation to endocrine surgical waiting list, validated the COMPASS SLT, an augmented intelligence-based system, with patients that are waiting for endocrine surgery. The use of this system allowed for immediate and flexible changes within the waiting list, dependent on variations of new patients, deceased patients, etc. It also gave clear data on the implications of the waiting list duration. Despite the small sample size, the results were promising. A further benefit of the design of these algorithms allows for transferability between conditions. The modifications in inputted data can allow for validation for patients with different conditions as the recording of certain biochemical data occurs routinely, as does the recording of mortality/morbidity data. The COMPASS SLT had previously been validated for low-risk cardiopulmonary exercise testing patients and in endocrine procedures (Jagatheeswaran and Trolley, 2022).

In the above example, the algorithm allowed for real time management of the waiting list through evidence-based understanding of the risks associated with the duration of the wait. Other examples of AI or machine learning include the ability to predict risk of development on heart failure in patients that have diabetes (Segar et al, 2019), who developed an algorithm that could correctly predict the highest risk patients with a 20% risk of heart failure within 5 years through the analysis of specific variables, including BMI, previous history of coronary artery bypass graft (CABG), Age, QRS interval (as taken from an ECG), previous MI and a variety of blood tests. These factors and results are routinely taken and, through effective integration of the algorithm within the patients Electronic Health Records, this would allow for flagging of patients changes, resulting in increased risk and therefore a more pressing urgency for being seen sooner. In a similar way, Silva-Aravena, Delafuente and Ceasar (2022) prioritised patients awaiting review with chronic cardiac conditions (e.g. Atrial Fibrillation, Heart failure, etc), reviewing any acute incidents that may have occurred (e.g. hospitalisation, angina, etc.) and providing successful, automated prioritisation of 99.96% of the 5507 anonymised patients, with reasoning, allowing clinicians to then validate the prioritisation and any subsequent reprioritisation due to new data.

A further example of this paradigm is that of Baltruschat et al. (2020), who used AI diagnosis of specific conditions, learnt through simulation, prioritised by AI diagnosis using clinician defined “Highest priority” to “Lowest priority”, versus the routine prioritisation method of chronological (unless the technician has highlighted the image as “critical” in some way) interpretation. With the introduction of a “maximum time waiting” to ensure that the lowest priority images do not remain unreported in perpetuity, their research showed a significant reduction in reporting time of conditions that had a significant “time sensitive” aspect (I.e. If reporting takes too long the patient has an increased risk of negative effect on their mortality or morbidity). The potential for AI integration in this sphere on both prioritisation/workflow and on reducing the risk of a false negative report has been acknowledged to the degree that there has been significant investment by Medicare and Medicaid (Van Leeuwen et al, 2022).

Perris and Labib (2004) describe a two-stage approach, shifting precise facts and values into a “fuzzy logic” system, which they state allows for infinitely variable inputs, allowing for subjective characteristics. While they strongly argue that the modelling is for academic purposes and not for clinical action, and they were not clinicians themselves, they show the benefit of this model being something that can respond to the criteria at that moment, as judged by the clinicians themselves, service pressures and priorities from the level of government. They also show that these models do not need to be redesigned significantly for additional data input, allowing for simple introduction of improved diagnostic criteria, development of new diagnostic processes or removal of outdated or proven-inaccurate diagnostics, etc.

[bookmark: _Int_IonIXO2q]It is worth noting that there was no literature found specifically examining physiotherapy waiting list prioritisation through the use of artificial intelligence or machine learning-based algorithms. This is likely due to the relative low cost of physiotherapy versus the significant cost of surgery or organ transplantation. As such, there is nothing that highlighted the specific task of this assignment. A further factor could be the generalised nature of the referrals to a Musculoskeletal (MSK) Physiotherapy department. As these referrals can vary between rapid, within 24 hours, follow-up following hand surgery to patients who have managed a chronic disability over many years with multiple interventions from physiotherapists and other professionals, it would be reasonable to make the argument that the prioritisation of this varied workload is more complex than the waiting list for a specific condition.

Implementation Issues
The aim of this assignment is to examine the potential use of an AI/machine learning algorithm on prioritisation of patients waiting to see the physiotherapist and booking them into appropriate slots within the electronic diary system, freeing clinical time currently spent screening patient referrals. The current method involves the use of a Microsoft Form to collect specific factors, including some “Red Flags”, being patients that could have time-sensitive conditions that require surgical intervention to resolve the condition. 

These are then collected by the administrative support staff and clinical staff screen these during daily scheduled sessions. The screened referrals are then registered on the Patient Administration System (PAS) and, in due course, contacted for an appointment based on the level of prioritisation. An urgent referral is specified as being seen within 2 weeks, a routine referral in 14 weeks. The only exception to this process would be if the referral is expedited by another clinician, relative, or the patient themselves.

[bookmark: _Int_fTGww3Xl]Based on the current practice, there would be very low levels of data for the machine learning process to take place. While the data from referrals is mainly (approximately 80%) digital, but there are >150 paper-based referrals per month, which would have to be transcribed to allow the decision support to occur. Even excluding this, the referral forms have much narrative, often with colloquial language, spelling mistakes and non-standardised abbreviations. Therefore, there are a number of changes that would be required prior to starting the training aspect of the process.

The first and simplest of these changes would be the introduction of specific PROM’s and critical test questions to the existing self-referral form. These would need to correctly filter and highlight potentially time-sensitive conditions to administrative or clinical staff to ensure, the outcome of the clinician screening process and the level of prioritisation that is attributed to the patient following this process provides information that could be encoded for the algorithm to learn from. One example of these critical “Red Flag” conditions is Cauda Equina, which requires surgical intervention to decompress the spinal cord within 48 hours of diagnosis (Quaile, 2018).

The second would be to contact any referrers that are not currently using the electronic referral and offer a clear rationalisation of the benefits and see if there are ways to encourage them to make the transition. The most difficult of these would be the Orthopaedic/Fracture clinic patients, who are given a paper referral with minimal demographics or information. In this case, there could be a drive for patients to self-refer, which saves medical colleagues time creating the referral and administrative colleagues in the transposition of information from the paper-referral to the digital system.

[bookmark: _Int_X9vbAgrD]Once these changes were in place and given a suitable period of time to develop a sufficiently robust dataset, this learning database could then be encoded into the algorithm. Once the dataset was fully integrated with the algorithm and showed sufficient integrity and stability, this could then be progressed to allowing the Decision Support System to be tested on a second, clinician-validated dataset to ensure safety and accuracy of prioritisation within this patient cohort. Once the prioritisation aspect is robustly ensured, the secondary component, one of issuing appointments to patients directly, could be tested through diary management of a test site, with a specified number of assessment and follow up sessions built into the diary as standard, ensuring efficacy prior to roll out across the Health Board. It is essential that the numbers for this section of the trial are correct, as these departments often suffer with “bottlenecking” for patients, where an excess of assessments causes an excess of follow-up sessions and a resulting lack of new patient slots.

Evaluation
[bookmark: _Int_791J8D1U][bookmark: _Int_EJAYR6d1]The introduction of any new system must adhere to the NHS principles of clinical governance (Scally, 1998), to ensure that the service provided is subject to continuous improvements in quality and safeguarding high standards of care in an environment that encourages excellence in clinical care. Through the use of audit, a quality control process can ensure that errors in prioritisation are remedied, and the new data encoded into the algorithm to ensure that the identified errors are not repeated in the future, potentially using a process similar to the software updates that are integrated into driverless cars operating systems to correct software errors (Ayres, Deka and Paluszczyszyn, 2021).

These audits would initially require frequent assessment of the algorithm-reviewed referrals and their assigned prioritisation by experienced clinical staff. It would be essential to have frequent assessment from both an organisational liability/accountability perspective, as well as to assess the efficacy of the algorithm and to improve acceptance within the clinicians. Without clinician approval, there is a risk of development of resentment or concern within the department. However, there should also be an increased sense of security, as a perennial problem in clinical practice with human staff is that, with a new influx of staff, especially those without previous experience in the area, there is an increase in the risk to patients (Weignart et al, 2000). 

As an additional layer of security, any patients that were incorrectly identified as “Routine” would, upon discovery, be specifically examined and the process of misdiagnosis/mis-prioritisation reviewed. Any learning gleaned from this process would subsequently be encoded into the algorithm. An additional benefit of this process is that having validated and improved on the algorithm, errors in prioritisation will be corrected immediately, distributed amongst the areas that the prioritisation programme is reviewing, and not be repeated. This entire process would be run as a Plan-Do-Study-Act (PDSA) cycle (Leis and Shojania, 2017), allowing for an organic and reactive iterative development and quality assurance process. Initially, this cycle would have to be conducted weekly to ensure both confidence and quality, with the interval between sessions increasing as the team become increasingly comfortable with the algorithm.

Regarding the system itself, it would require several further assessments. The first of these would be the use of the System Usability Scale (SUS) by both the clinical and the administrative staff to ascertain the degree of measuring the level of perceived ease of use (Brooke, 1986). Initial SUS scores would be collected and then, following a “bedding in period” with sufficient time for staff to become accustomed to the system, these would be repeated to review their opinion on the system at that point. The perceived usefulness of the system is directly linked with the acceptance of a new technology (Davis, 1993) and, following a period of familiarisation and realisation that the system works, it would be anticipated by both the clinical and administrative teams.

The experience of the patients between the current situation and the algorithm-driven situation is difficult to assess from either a subjective or objective point of view as the individual experience of each patient will be unchanged from their perspective; The patient is referred and, after an undefined period of time, they are called for an assessment. The individual experience will be unchanged as patients are very rarely anticipating an immediate assessment. However, the ongoing use of PREM’s to assess patients experience of the process of being on the waiting list, the treatment intervention and the interactions with the physiotherapist.

The experience of the clinicians and administrative staff would need to be collect and analysed in the test sites using a qualitative analysis to gather personal opinion and experience amongst the staff. This would most efficiently be completed through the use of focus groups (Wilkinson, 1998) using a semi-structured interview methodology, allowing for a combination of both guided and unstructured interactions. The methodology of these groups would call for assessment of different staff groups individually, as there is potential for more junior or less confident members of staff to fail to voice their opinions due to either the pressure of a large group or the risk of being seen to disagree with the senior members of staff or manager of the department. All sessions would be transcribed and results anonymised.

Having conducted the focus group sessions, the transcript would then be subject to thematic analysis (Maguire and Delahunt, 2017). This would then allow for the major elements of feedback to be grouped into the topics, allowing for the results to potentially change the practice of the department going forward or to prove the staff have now accepted the change and the value that it brings into the system.

Further evaluation is required specifically looking at metrics such as waiting lists duration, numbers of patients on the waiting list, number of new patients per clinician per month and number of patients that have breached on the 2 week “Urgent” waiting list are all routinely recorded. It is highly anticipated that the introduction of a prioritisation algorithm and booking system would have measurable changes in the metrics regarding breaches of the Urgent priority patients at the point that the system went live. As it is these patients that hold the highest risk exposure for the service, and wider Health Board, this would also have a measurable impact on the risk register for the Therapies directorate. 

Conclusion
The aim of this assignment was to discuss the introduction of a Clinical Decision Support System to assist in the prioritisation of the physiotherapy waiting list. Safety and efficacy will be ensured through us of the PDSA cycle to ensure rigorous investigation, using a combination of safety audit, outcome measures such as the SUS and the routine PREM’s collected by the external contractor and focus group
The development of this system would be anticipated to help to release clinical time currently spent screening referrals, allowing for an increased number of patients to be seen. A secondary benefit of this would be that the booking system will also release time for the administrative support staff to be able to further support the clinical staff. 
Further benefits would be that this system will effect PREM’s routinely collected by the Health Board’s external, independent contractor, improving satisfaction due to more effective waiting list management and increased throughput. The introduction of this system is also anticipated to give a level of assurance that patients with a time-critical condition can be directed to the suitable pathway for immediate management.
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