A Clinical Decision Support System for Back Pain in Primary Care

Introduction
Back pain is one of the leading causes of disability within the western world, with the majority of people expected to suffer with back pain at one point in their lifetime(Murray et al., 2012). As such, it represents a large proportion of musculoskeletal pain and therapy referrals, with some estimates as high as 30% (Kongsted et al., 2020). The challenge of management is only furthered by the complex nature of back pain. In light of this, efforts have been made to classify low back pain to ease diagnosis and treatment. The current accepted term for common low back pain, meaning there is no nerve referral or compromise, is “non-specific low back pain” (Kongsted et al., 2020). Associated leg pain can increase complexity, as it often implies nerve involvement, however it may also include vascular or muscular components (Kongsted et al., 2020). In certain instances, a collection of symptoms involving bladder and bowel disturbances whilst also complaining of back and leg pain can be a medical emergency, however this is regularly screened for by referrers. Even in cases of “simple” low back pain, there can be psychosocial elements impacting on the pain, as well as numerous possible physical causes (Benditz et al., 2023). When considering the principles of Prudent Healthcare, more specifically the “right person, right time” arm, finding a tool or method to enhance this process would be universally beneficial (Aylward, Phillips and Howson, 2013). 
A decision support system is a tool, often digitised, that is used to aid the decision-making process. Combining a bank of stored information and guidelines, a clinician is presented with possible assessment or treatment recommendations for consideration, once the patient’s details have been inputted (Bright et al., 2012). Examples of this range from simple alerts, such as notifications of multiple reports on an x-ray or duplicate patient details in an electronic health record, to guidance systems on medication prescription. These are developed based on principles of correctness, aiming to ensure the right person has the right information at the right time, enabling effective decision making (Bright et al., 2012). In the examples, this would mean either at the point of accessing a record, or at the point of writing a prescription. 
Clinical decision support systems aim to improve decision quality, reduce mistakes, and improve patient care (Sutton et al., 2020). Two distinct subtypes of decision support tool exist: knowledge based, and non-knowledge based (Sutton et al., 2020). The former relies on a knowledge bank that allows relationships to be formed, which can be related to guidelines and evidence. When combined with user input, the system is able to formulate recommendations for any given circumstance for which it has an existing knowledge base (Sutton et al., 2020). The latter, non-knowledge based, relies on machine learning and AI to generate recommendations. However, these are still in relative infancy and raise concerns, namely over the credibility of their conclusions (Sutton et al., 2020).
Within musculoskeletal pain there are far fewer prescriptive treatment pathways, which results in a much more “grey” approach instead of the “black or white” nature of medication. For example, the most commonly prescribed treatment within Physiotherapy is exercise, but there is significant debate around which type of exercise is the most effective. Within back pain alone, options could range from floor-based stretches and mobilisations to gym-based strength and conditioning. There is even debate around if one single modality is more effective than others, as some authors report that there is little significant difference between exercises tested (Owen et al., 2020). Alongside associated leg pain, there are other pharmaceutical options to consider, including neuropathic analgesia and spinal injections, each come with an increase in expense for the health service and greater risks to the patient. 
Furthermore, use of diagnostic imaging for back pain must be considered. There is a common misconception in the public that pain must equate to a structural change, and that an x-ray or magnetic resonance imaging (MRI) scan would be able to identify the cause (Deyo, 2013). However, it is now understood that structural abnormalities are commonplace, including spondylolisthesis and herniated intervertebral discs, and are often not associated with pain (Jensen et al., 1994). Despite this, there is an acknowledged relative over-use of imaging by GP’s for back pain (Hayden et al., 2019). There are several negatives to this action, most immediately noticeable are the increase in cost and waiting list times for radiology departments. There is also evidence to suggest that unnecessary imaging for back pain can drive fear avoidant behaviour and increase reliance on healthcare services in the future (Ash et al., 2008).
Therefore, a decision support tool to aid GP decision making regarding back pain management is essential to provide effective, prudent healthcare. A tool would aim to screen for concerning symptoms, classify the type of pain, and recommend interventions. It would also recommend investigations as needed, including imaging or blood tests for underlying inflammatory conditions.
Evidence
Evidence on clinical decision support tools was sought from a journal search of PubMed. The following searches were conducted:
Physiotherapy AND low back pain AND triage AND decision support – yielded four results
Physiotherapy AND low back pain AND triage – yielded 44 results
Low back pain AND decision support tool – yielded 146 results
Unfortunately, these searches did not yield any directly applicable results to the business area of low back pain and GP practices. Therefore, they will be examined with this in mind and how they may influence the design or application. 
The GRADE tool will be used to examine the evidence provided. The GRADE tool, for Grading of Recommendations, Assessment, Development and Evaluation, is a subjective way of determining the quality of a research paper. There are numerous factors advised on marking up or down in quality, such as risk of bias or a large magnitude of effect, and the grading scores from high to very low (Guyatt et al., 2008).
Clinical decision support tools are widely considered to be a useful and powerful aid to clinical practice. Bright et al. (2012) conducted a systematic review across multiple fields, investigating the impact of decision tools on clinicians. Acknowledging the lack of evidence at the time, Bright et al., (2012) reviewed studies that assessed outcomes in the following areas:
· Clinical, including length of stay, morbidity, mortality and health-related quality of life
· Health care process, involving adherence to guidelines and processes.
· User workload and efficiency
· Cost and cost-effectiveness
· Acceptance and satisfaction by a healthcare provider
Overall, clinical decision support tools were seen as beneficial across all criteria assessed. Mortality was reported as reduced, adverse effects of intervention were noted to be avoided, and guidelines were more stringently adhered to (Bright et al., 2012). Unfortunately, the majority of studies included in this review were based either in academia or pharmacy, limiting the application to therapies and low back pain. A key difference, and limitation, is that the medical and pharmaceutical fields often have more rigid or “black and white” guidelines, whereas therapies have a more flexible approach. For example, treatment for asthma could involve a prescription of one of several specific inhalers, guidelines for treatment for back pain often use umbrella terms such as “exercise”, “manual therapy” or “acupuncture”. Despite not being directly applicable to the specific business case, the GRADE tool suggests the evidence is of High quality and therefore would likely be a valuable consideration. This is due to the paper being a systematic review, allowing for more consistent findings and more applicable results than one study alone.
Low back pain is a notoriously difficult condition to treat, due to the inherently vague nature of the presentation. Unlike other musculoskeletal complaints, such as fractures, no clear classification or diagnosis criteria exist for the majority of back pain presentations. Numerous classification and stratification tools have been trialled with varying success, the most widely implemented being the Keele STarT Back tool (Hay et al., 2008). This is a risk stratification method for back pain, excluding sinister pathology or neurological deficit, aiming to classify the patient into one of three categories. It consists of nine questions, the latter five are classified as a sub-score and are aimed at assessing the emotional or psychological impact of the pain. A score of three or less is low risk, moderate risk is six or less with a sub score of two or less, and high risk is seven or more with a sub score of three or higher. A low risk patient is expected to manage best with advice and self-care, whereas a moderate risk patient is advised to have a course of management within physiotherapy. A high-risk patient is deemed to have a significant psychological influence and requires specialist intervention from a multidisciplinary team (Hay et al., 2008). Whilst not functioning fully as a decision support tool, even in the current form it is able to have a positive impact on patient care. 
As a standard process for assessing back pain, clinicians are taught to screen for what are known as “red flag” symptoms. These are suggested to indicate serious pathology such as infection, fracture or cancer, which may mimic musculoskeletal presentation. With back pain, this also includes cauda equina syndrome, a condition affecting the nerves to the bladder and bowel and is a medical emergency to treat. However, guidelines for assessing and screening red flag symptoms can be conflicting or too broad, for example a patient under 19 years of age or pain on lying down (Cook, George and Reiman, 2018). This, arguably, could lead to over-utilisation of imaging and instil unnecessary fear and anxiety in a patient, fostering hypervigilance. In turn, this becomes a negative prognostic indicator and may worsen their outcome. Downie et al. conducted a systematic review of correlation between red flag reporting and diagnosis of serious pathology, and found a negative likelihood ration of near 1.0 on clinical examinations intended to screen for fractures and malignancy. This suggests that the measures in place by clinicians are currently insufficient, and could arguably be a waste of time or harmfully inaccurate (Downie et al., 2020). Roman et al concur, and recommend a robust system should be developed to aid clinicians in red flag assessment (Roman et al., 2010). Roman et al devised a screening tool for osteoporotic wedge fractures, by analysing data of 1400 patients retrospectively across a four year period. They identified five indicators, which if a patient presents with two or less inferred negative likelihood, whereas four or more indicated positive likelihood for fracture (Roman et al., 2010). Whereas Downie et al scores high on the GRADE tool, arguably Roman et al score moderate instead. Downie et al provides a systematic review of red flag assessment, whereas Roman et al provided a moderately large cohort sample. A sample of 1400 patients from would increase confidence in results, however the population was only drawn from a single hospital site which can lead to an inherent bias and reduce the ability to extrapolate to a wider group. However, the reported high sensitivity of 99% in the negative likelihood tool gives credibility to wider application of a screening tool. 
One such tool is the Optimal Screening for Prediction of Referral and Outcome (OSPRO) (George et al., 2015). The OSPRO was developed following a systematic review of 105 articles to identify red flag screening prompts and symptoms. After review, they discovered 97 key symptoms that would allow a “review of systems” approach (George et al., 2015). Once established, the authors then broke the symptoms up into clusters of three, five and ten to generate a screening tool. The application is, for each system, to initially ask three questions and if positive to continue to a further in-depth screening. This correlates with existing research, that red flag screening should be used to direct assessment instead of acting as a standalone measure (Cook, George and Reiman, 2018). The second phase of the study involved a cohort of 431 patients across 11 clinics in Florida. Patients were initially screened for red flags with a dichotomous questionnaire of the full list of 97, but were also assessed for comorbidities using the Charlson Comorbidity Index (George et al., 2015). The authors state this is to reduce confounding of results, as existing medical conditions can cause false positive reporting of red flag symptoms (George et al., 2015). The authors then compared the collated data bank of reported red flags, to those gleaned from the clinical examination. The results, as expected, demonstrated that the tools with more items to screen resulted in a higher detection rate. When asked ten items across all systems, the most accurate result found in the tool variations used was 100% detection. This was then compared to an existing tool of 23 items which, as could be expected, also had a 100% detection rate within this cohort (George et al., 2015). The GRADE classification places this study as moderate, despite including a systematic review. The low sample size of 431 reduces the confidence and increases the risk of bias. 
The OSPRO is more general than a back pain specific tool, as it encompasses all systems including gastrointestinal and cardiopulmonary. Whilst not necessarily specific to back pain, in that clinicians would be screening for musculoskeletal masqueraders, it initially shows promise of a concise tool existing to screen for general red flag symptoms. Unfortunately, there are two key flaws in this research. Firstly, there is no mention of correlation between symptom and sinister diagnosis. The paper only investigates the ability to detect already reported symptoms, effectively streamlining the process of data collection. It does not, however, suggest that this increases the sensitivity of screening by using the OSPRO. Without evidence of improved accuracy, it becomes challenging to accept the OSPRO as a recommendation for use in widespread clinical practice. Secondly, it makes no reference as to whether any comorbidities presented with red flag symptoms, which would act as red herrings. Whilst it does note that those who reported more red flag signs had more comorbidities and were older, it makes no effort to differentiate. Without further clinical reasoning, it is impossible to tell whether, for example, bilateral pins and needles in the feet are caused by metastatic cord compression or progressed type two diabetes. Yet, demonstrating that those of older age with more comorbidities are more likely to present with red flag symptoms correlates with existing understanding of patients who are at higher risk of fractures and cancer (Roman et al., 2010). This allows more confidence to be given to a knowledge based system, with access to patient history and demographics, to correctly highlight patients with possible sinister pathology with fewer questions or examinations being conducted. 
Imaging for low back pain is often unnecessary, yet is still relatively overprescribed. In some instances, as many as 66% of MRI requests for back pain have been deemed inappropriate by radiology (Peters et al., 2022). This is turn increases waiting list times for other patients, and incurs costs within the NHS. X-ray usage is even higher, with some reports showing 80% of patients receiving an x-ray within one month of back pain onset (Peters et al., 2022). However, this is reported in America, and therefore differences in healthcare structures must be considered. Min et al studied the effects of implementing a decision support tool in emergency departments for back pain, and the effect on subsequent imaging requests (Min et al., 2017). This single site study reviewed the difference in imaging requests of 43 clinicians, measuring the following metrics:
· Number of imaging requests
· Number of patients discharged without imaging, who later returned 
· Number of patients who were discharged without imaging who later had imaging
The decision support tool in question was a checklist screening for red flag symptoms and concerning signs. Their results indicated that whilst the number of patients who returned or later had imaging stayed largely consistent, the number of imaging requests actually fell by 22%. This reduction was observed in both the overall number of requests, as well as for the individual clinicians (Min et al., 2017). However, the authors note that the relative rate of imaging for each individual clinician stayed consistent. Those that tended to order fewer images stayed fewer, and those that tended to order more frequently remained high. Existing research suggests that education alone is ineffective at changing clinician behaviour therefore it is interesting to note that individual patterns of behaviour stayed consistent post implementation (Belavy et al., 2022a). An integral part of clinical practice is clinical reasoning, where information is synthesised and decisions are made for patient care. Practitioners are trained how to do this throughout their careers, and the methods progress towards pattern recognition as they become more experienced. This would suggest that older clinicians rely more on pattern recognition and experience, and may explain a lack of behaviour change. Lack of trust in new systems is a noted point of failure in new digital implementations, with clinicians tending to trust their own judgement in the absence of sound reasoning behind a new support tool (Gwaltney, Shields and Shiffman, 2008). Furthermore, clinicians are trained to consider existing tools as guidelines instead of absolute, under the assumption that not all patients will present “by the book”. Therefore, in the case of Min et al, a more robust system may be needed to see further reductions in imaging requests and, in the case of higher averaging clinicians, maintaining a closer personal average to that of the department. Regarding classification, GRADE would also suggest this is of moderate quality. The sample size of clinicians is significant, however the inability to blind the participants leaves this piece vulnerable to bias. 
Despite this, Min et al demonstrates that decision support tools are a useful instrument in reducing unnecessary investigations for back pain. However, there are two considerations for applying this to a GP practice. Firstly, the study takes place in an emergency department, where acute back pain will be the primary complaint. A GP is far more likely to see a mix of acute, sub-acute and chronic low back pain, which all have different clinical considerations and presentations, as well as risks. It will also alter the likelihood of seeing each particular red flag. For example, a fracture would much more likely present to an emergency department than a GP due to the traumatic mechanism, whereas metastatic bone disease would likely present over time. Secondly, whilst useful as a proof of concept, the tool relies on patient reported data only and is paper based.  A digitised system in a GP practice, with access to a patients records, would be able to automatically include a patients history and demographics, leaving the GP to only need to collect the current complaint. 
In conclusion, the proposed system would be a knowledge based framework, using current guidelines with the following features:
· Ability to cross reference demographic details and available history
· Provide a short red flag checklist, and advise of if onward referral or investigation is warranted
· Provide a risk stratification tool and symptom checklist to determine appropriate care

Implementation
Implementing a new digital tool into a GP office has several considerations to be cautious of. These can largely be grouped into social and technical. Social encompasses the human element of the process, including trust in the software, training, and usage. Technical, on the other hand, refers to whether the tool does the job correctly, and as intended. 
Peters et al suggest a five-stage approach to implementation of a new framework, in an attempt to facilitate the “knowledge to practice gap” (figure 1). The five stages are:
1. Identification
2. Context Analysis
3. Develop implementation plan
4. Evaluation
5. Sustainability (Peters et al., 2020)
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Figure 1: A 5 step approach for implementation (Peters et al., 2020)
Identification has been completed as part of the evidence chapter of this assignment, therefore implementation will begin with Context Analysis. Specifically, Identifying barriers and facilitators
Barriers 
Barriers to implementation would initially be resistance from the practitioners themselves. GP’s are already pressured for time due to high workload, so the introduction of new software could easily be seen as too arduous and avoided immediately. This is represented in literature across multiple sectors. When therapists are questioned around not completing outcome measures, which are often required or strongly encouraged, a significant proportion of staff report that they do not have enough time (Meirte et al., 2020). Similarly, when introducing a new electronic patient record, if features are deemed too time consuming then staff quickly either abandon them or find workarounds (Gwaltney, Shields and Shiffman, 2008). Whilst not directly applicable, it is reasonable to assume this can be extrapolated to other areas across healthcare, especially to those who arguably have the busiest workload. This is especially true if a task falls outside of the usual workstream, as the perceived effort is greater. In order to avoid this, the support tool would need to be implemented into the routine care of back pain patients. Embedded into the patient record would mean it is most readily available, with the screening beginning when the GP selects back pain as the presenting condition for the patient. This would allow them to complete the tool and receive guidance during a regular flow of consultation and mitigate the impact this might have on routine care. However, some practitioners may prefer to complete the consultation without accessing the records or writing any notes, only to write them afterwards. To account for this, thorough training and education would need to be completed during the early stages of implementation to encourage usage, although education is often not adequate to change behaviour fully (Belavy et al., 2022). 
Distrust is a second barrier to usage. GPs are often very experienced and are used to relying on their own knowledge and skills to complete their work. Some practitioners may feel threatened that this is attempting to simplify or replace an element of their job, whereas others may feel they cannot fully rely on the guidance offered. Thorough training and early stakeholder engagement would likely be the solution to this barrier. Engaging GP’s early in development and guiding them through the working process would allow them to fully understand the decision-making logic, in turn increasing their confidence in the tool.
Facilitators
During stakeholder engagement, facilitators may be identified in the form of digital “champions” who may way to lead engagement or rollout within their practice. This enables a more locally led team, able to lead from a more personal level and possibly improve user engagement (Peters et al., 2020). It would also be wise to involve radiology at this stage. Within Cardiff and Vale, the health board where this is based, there is currently disconnect between radiology and GP practices. Unfortunately, due to a high number of returned or inappropriate referrals, as well as changing healthcare pathways, GPs have been less able to request imaging directly from radiology and are being forced to refer to other practitioners first, including Physiotherapy. By agreeing decisions across services, it may enable GPs to refer directly to radiology again, with several downstream benefits. 
Implementation Plan
A systematic review of implementation strategies for frameworks, conducted in 2008, provides the guideline for this plan (Prior, Guerin and Grimmer-Somers, 2008). Decision support tools were included in their own category, but of interest are the alternative methods listed. Of note, the most effective were mixed methods or multifaceted, educational outreach and educational meetings (Prior, Guerin and Grimmer-Somers, 2008). Therefore, these are the methods to be utilised, alongside supporting documentation for future reference. 
Educational meetings involve teaching or learning session with the users or clinicians (Prior, Guerin and Grimmer-Somers, 2008). For this implementation, an initial large stakeholder meeting would take place to establish sound reasoning for the new tool, demonstrate robust reasoning and take the opportunity to seek further feedback. In practice, this meeting could take two forms. The first assumes the product is already developed and would consist of a demonstration of the working functions.  In this instance, education regarding the reasoning and justification is highly important, as clinicians could feel threatened or conflicted by new guidance and change in practice. The second is a more Agile approach to development and would be an initial stakeholder meeting to discuss content, logic, and functions. This would allow users to develop more trust as they have contributed meaningfully, however challenges may arise if staff have conflicting ideas. The Delphi method could also be utilised to develop the knowledge base. The Delphi  method involves a collection of experts collaboratively building a criteria or list of values, but each expert works independently of the rest. This is aimed to reduce conflict and maintain objectivity amongst professionals. At the end, the main themes are collated and if there is any contradiction, this can be discussed as a panel (Williamson, 2002).
Educational outreach, simply put, are site visits by those delivering education. This would involve project leads, developers, or superusers visiting GP practices to deliver bespoke education to each practice. This gives the opportunity to address specific concerns that may be unique to individuals or practices and may yield a higher level of engagement (Prior, Guerin and Grimmer-Somers, 2008).  
Evaluation
Evaluation of the suggested tool is paramount to successful implementation long term. It is important to consider multiple facets of use for evaluation, including safety, effectiveness, and usability. 
Effectiveness can be measured simply with pre and post implementation statistics. Referral data is easily accessible and is already recorded currently, so can be readily identified. With the intent of this tool being to improve patient care in regard to low back pain, and reduce inappropriate referrals, the following metrics will be measured:
· Number of referrals made to radiology pre and post implementation
· Number of back pain referrals redirected to other services from Physiotherapy at triage pre and post implementation
·  Number of imaging requests returned by radiology pre and post implementation
The number of radiology requests overall will give insight into whether guidance is being followed. If Cardiff and Vale GPs follow the same trend as literature suggests in over-utilising imaging, then a reduction would be expected overall. The number of requests returned would imply that GPs are sending higher quality, more appropriate requests overall which, hopefully, would return the rights of GPs to request more types of imaging directly.  Finally, the referrals redirected from Physiotherapy would give even greater insight into the decision-making process. Currently all referrals from a GP are triaged prior to being accepted, with the option of redirecting to imaging or to alternative services including rheumatology or specialist back pain multi-disciplinary teams. Core physiotherapy is unable to adequately treat all cases of musculoskeletal back pain, such as those classified as high risk on the Keele StarT Back. These patients require specialist psychological input concurrently and are at risk of worsening within core physiotherapy. Similarly, patients may present with back pain with inflammatory causes, which are unable to be resolved without pharmaceutical treatment. These present with specific patterns and are able to be detected at triage. Therefore, a reduction in redirections would indicate more appropriate referrals, and greater consideration by a GP.
Safety would need to be established to determine the risk of missing a sinister diagnosis. Taking inspiration from Min et al, investigating the number of patients who required imaging at a later date would be a key component (Min et al., 2017). To capture all eventualities, this would need to be measured at regular intervals. Initially comparisons should be made at 30 days to capture any acute causes missed, such as fracture, discitis or cauda equina syndrome. Later, at three and six months, data should be gathered to capture any emergent inflammatory or rheumatology causes such as ankylosing spondylitis. It would also be prudent to give patients questionnaires at this stage to assess if their symptoms had changed since initial contact. It is feasible to assume that, in some cases, symptoms would have developed into a clearer picture that may not have been missed initially. 
Usability is key to sustainability. To avoid abandonment, GPs must be comfortable using and understanding the system without it interrupting or adding burden to their workload. Disruption of workflow is an understood complication of a decision support tool, which will be considered in the design stages alongside the stakeholder engagement (Sutton et al., 2020). Further analysis post implementation would be carried out by satisfaction surveys at structured intervals. Based upon the FITT principle, a survey would be completed at three-month intervals to ascertain any user issues, flaws, or workflow difficulties in use (Tsiknakis and Kouroubali, 2009). A standardised measure such as the Systems Usability Scale could also be used in the design and early use phases to evaluate the technology itself (Grier et al., 2013). Alongside usability would be the overall user experience. As well as evaluating if the system is usable, for example is the user interface intuitive, the experience of the logic is also necessary. As part of the satisfaction survey, questions would be asked around the guidance and the recommendations offered. These would then be compared to the usual care decisions of a GP, captured separately within an interview, to assess for contrast. In particular, significantly contrasting care would need further thematic analysis to determine meaning. 
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