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Domain
Hospital resources have come into sharp focus across the United Kingdom in recent years with increasing emphasis on prudent healthcare principles. Government bodies continue to seek improved efficiencies to achieve better resource management even as investment in healthcare increases, recognising the changing demographics within the population of the UK (Black & Pearson, 2002). There is a widespread recognition that investment in digitally enabled clinical pathways can deliver opportunities for efficiency and better resource utilisation (Connell et al., 2019).
The safe functioning of any hospital site depends primarily on its bed capacity and its utilisation. The speed and effectiveness of delivery of unscheduled emergency care in healthcare settings remains a key target to assess the overall service quality of secondary care hospitals. Patient flow is a phrase that encompasses the journey of patients moving through the healthcare pathway and the systems that facilitate this journey. Crowding and delays in emergency departments have become a barometer and a surrogate marker for overall pressures within the system (Walker et al., 2016).
Hospital Length of Stay is inversely proportional to efficient patient flow. The average length of stay (AvLOS) of patients within a hospital has come to be a marker of efficiency and performance in recent years. Hospital management teams have come to focus their efforts on driving reductions in AvLOS to create extra capacity to meet increasing demands on hospital bed spaces. AvLOS is a helpful index that has several advantages and disadvantages, as alluded to below (Johnson et al., 2017).
AvLOS
1. Helps to make peer comparisons within directorates or divisions
2. Helps guide and target resource allocation
3. Allows exploration of variations from the mean. 
4. Helps locate areas of concern within services for attention/evaluation
There are some pitfalls to using AvLOS
1. Mean indices tend to be less useful in individual patients with very specific characteristics
2. The index does not take account of specific demographics and risk factors (such as age, comorbidities, deprivation, frailty level etc)
3. Whilst AvLOS allows broad focus on overall performance, it does not lend itself to making intelligent changes to individual clinical pathways and thence observe change (favourable or otherwise)
4. AvLOS tend to be less useful when specialised areas with expertise in a certain area are evaluated, unless high quality peer data is available.
	Illustrative point- A young patient admitted to a certain medical ward with a pneumonia will likely stay for a different duration in hospital to an elderly patient with a stroke on the same ward, but the AvLOS of this area broadly assesses the ward’s general efficiency in terms of internal processes and its general pace of clinical activity. However, a respiratory ward caring for young pneumonia patients will have a likely lower AvLOS compared to a stroke unit caring for patients with disabling stroke, making the index less useful in comparing relative performance.



Hospitals use the concept of predicted date of discharge (PDD) calculation/estimation based on clinical judgement to allow better alignment of various agencies to execute a successful discharge and to avoid delay that can result from poor coordination (Webber-Maybank & Luton, 2009). Within Wales, the capturing of the PDD is mandated through WPAS (Welsh Patient Administration System) which is the patient administration system across the country. The drive to shortening length of stay (LoS) to a large extent depends on the ability of the system to prospectively predict the PDD on an ongoing basis intelligently. The consequences of an actual discharge that does not match the PDD leads to wasted effort and inefficiencies within the system (Barnes et al., 2016). 
	Illustrative point- A patient with multiple sclerosis with a urinary infection maybe predicted by a clinician to stay for 3 days. This estimation allows community carers to be ‘prepared’ to receive the patient in terms of restarting care at the point of discharge. However, if the patient’s mobility is not back to its original baseline by this time, then, the ongoing care requirement will likely be different to its baseline, and therefore the discharge may not be safe. If this mismatch is anticipated or identified, and discharge is cancelled, this leads to a significant waste in the efforts to action a timely discharge. This could be avoided if the discharge date prediction’s accuracy can be improved.



Compliance with estimation of PDD by clinicians is hugely variable, and in an audit conducted within Betsi Cadwaladr University Health Board (Andrews, 2017) completion of PDD rates varied from 13% to 76% across a variety of clinical areas. Reasons for poor compliance was explored within the audit, and these included 
1. Poor understanding on the part of the clinicians as to the overall significance of estimating PDD
2. The significant variance of the PDD from the actual date of discharge led to a sense of ‘futility’ with this endeavour
3. Getting the estimated PDD incorrectly leads to sense of failure, which feeds negatively into a circle of behaviour that promotes reticence to engage with this exercise.
4. A perceived lack of clinical value in estimating discharge dates, as it was seen predominantly as a ‘bed management initiative’
The prediction of length of stay as an index to first capture and subsequently drive reductions in overall length of stay has been an objective within the NHS for several decades (Bithell & Devlin, 1968). The accuracy of clinical judgement based prediction has historically been poor and there have been attempts to apply machine learning (Barnes et al., 2016) and artificial intelligence (Tsai et al., 2016)to improve the accuracy and consistency. However, there haven’t been any consistent method/approach that has been shown to be widely accepted in day to day practice to date. In particular, there is no evidence that ‘big data’ has been utilised to address this function within the literature review undertaken.
Welsh government’s Informed Health and Care strategy (2016) recognises the opportunities presented by ‘big data’ to promote prudent healthcare. There are several aspirational governmental documents promoting the use of data (Wachter, 2016), but progress in this domain remains disappointing (Scott et al., 2021). There is a wealth of data available within existing hospital systems including admission statistics, coded clinical information relating to comorbidities, data on reason for admissions, demographics etc, but the power of the available data is yet to be harnessed in a significant way within Wales. 
The exact definition of ‘big data’ is not widely agreed upon, but in health informatics context, Demchenko et al (2013) have utilised the 5 Vs approach. Volume, veracity, variety, velocity and value represent the 5 Vs. Volume clearly points to huge datasets, velocity represents the speed at which data is accumulated, veracity the genuineness, variety indicates complexity and value looks at data quality (Demchenko et al., 2013).
The data held in data warehouses within NHS systems have the necessary characteristics to be classified as ‘big data’, and generally fulfils the 5 Vs criteria. There is certainly vast data available with sufficient complexity, accuracy and genuineness. The idea of velocity is less relevant in the context of use of retrospective data for the objectives of this project. The analytical ability to process big data requires more sophisticated platforms that are unavailable within NHS resources. There are commercial partners who have evolved complex systems to assimilate large data to provide intelligent detail and predictive modelling applications to assess impact of changes in complex systems.
Length of stay for a particular patient for a specific condition may vary from one healthcare system to another. There is significant variation in the breadth of services and their respective level of maturity across different sectors, and these factors will likely have a significant impact on the length of stay. It is therefore a logical step to utilise local historic data rather than a generic dataset from a distant source to predict length of stay within the context of existing services within an area.
	Illustrative case example- A middle aged male with chronic obstructive pulmonary disease with a flare up of his chronic condition may stay for 2 days in hospital A                                      if there is a robust community care model in one area, but may stay for 9 days in a different area in Hospital B with limited facilities for community care                 



The overall aim of this project is to combine the powerful nature of the big local data held within NHS systems and our commercial partners’ ability to analyse complex data to develop a clinical application with the following characteristics.
The newly derived application as an output of the project will/should have the ability to predict the length of stay of an individual patient that is aided by historic local data on several variables including frailty score, age, comorbidities, admission reason, previous hospital spell data and any other relevant variable that falls out of the data analysis.
The scope of the project will include the analysis of risk factors, cause for admissions drawn from clinical coded data (from NHS coding systems based on ICD-10 conventions- International Classification of Diseases) from historic admission spells to look at relationships to length of spell, and seek to apply the relationship to a subsequent year’s spells to validate the strength of the conclusions with confidence intervals. 
Whilst harnessing a large volume of data, the temptation to broaden the scope of the analysis exists to utilise in several domains to include other outcomes, but it is vital that a clear focus and a use case driven approach is needed to succeed in the journey of data science in an organisation (Howells, 2021)
Literature review
A literature search was undertaken utilising the search tools available at University of Wales Trinity St. David’s Library service, Google scholar and PubMed. In addition, the references and citations provided in the coursework as part of the curriculum in BMDS7000 were added to the returns from the searches. The following keywords were used for the searches, and results are represented in the displayed Prisma diagram. 
· AvLOS (Average Length of Stay)
· Predicted Length of stay 
· Predicted date of discharge (PDD)
· Big data
· Comorbidity index
· Risk stratification
The returned results were screened for relevance and adjacency to the subject of this essay. Some results included other comorbidity indices that are within use (Charlson Comorbidity Index is a fairly well established model for evaluation of Comorbidities) and these were excluded as they were scoring systems without the merit of relative weighting. Some additional strategy documents were specifically sought to provide context to the choice of the subject matter itself. 
The results were screened and some records had to be removed owing to time constraints, but most records were at least very superficially scanned through to ensure relevant material was not discarded.
37 records were used in synthesising this essay.
In addition to the above, specific searches were conducted to seek definitions of specific words/phrases/concepts where relevant.
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Aims and Objectives
Aim
The overall aim is to derive a new clinical application that has the ability to predict length of stay in hospital, based on local historic data to target further business change and improvement.
Objectives 
1. To Identify and procure a partner with expertise in information management and a credible track record to provide the information analysis platform.
2. To utilise 5 years dataset of inpatient admissions within one acute hospital with completed coded clinical data (using ICD 10) to create a risk modelling table (2013 to 2017 data)- Phase 1 within 6 months of project initiation
3. To apply multivariate regression modelling to the above dataset on the procured platform to derive relative weighting of various factors contributing to prolongation and shortening of length of stay- Phase 2 within 12 months
4. To create a risk based, condition specific LOS prediction model- Phase 3 within 15 months
5. To validate the new risk based LOS prediction model on 2018-2019 dataset to evaluate accuracy and confidence intervals- Phase 4 within 21 months
6. To create a device agnostic, user friendly risk modelling digital app for use in clinical settings to predict LOS- Phase 5 within 24 months
7. To integrate the newly derived tool into day to day practice with ongoing validation and utilisation whilst embedding a data driven culture across the organisation- Phase 6 (measurement of success/recalibration) within 36 months  
Methodology
Given that the output the project seeks to achieve is fairly well defined and the approach towards this output has been mapped out, PRINCE2 structure and methodology is seen as the most suitable strategy to be deployed (Bentley, 2012). In particular, there is a clear separation of phases within the project, which allows the project management board to have clear authorising ability to move to the next phase and ensure the tight timelines are met.
This project involves procurement of a commercial partner with the appropriate capabilities in the very early stages. Once the project finds approval from the health board as a viable initiative following an appropriate mandate process, and funding arrangements are agreed, an ‘expression of interest’ procedure needs to be triggered to identify partners with the appropriate capability alongside establishment of the project team. This process needs to be completed in line with Welsh government guidelines on procurement of services from external agencies.
The project seeks to be a phased piece of work, and hence requires robust project management to ensure smooth progression through the various phases.
The composition of the project board will include a senior executive member of the health board (possibly a member of the Office of the Medical director) as the senior sponsor, director for digital services, senior clinicians (users) and members of the management team. The project will be costed and necessary funding arrangements will be agreed in line with the process of approval for business cases within the health board. The project has a strong initial plan with clear costs, timelines and a clearly defined scope and will be delivered by the project board in line with PRINCE2 methodolgy.
The composition of the technical members of the delivery group will be carefully chosen to ensure the scientific principles of risk based LOS prediction as a concept remains justifiable within the project context. In particular a Senior leader from our commercial partners (Senior Supplier), Senior Statistician, Clinicians with a broad scope of practice (senior users), Informatician and a data scientist will be required to be enlisted to the project management team. The costings for the professional time required for the project to succeed will be factored in to the business case prior to approval, thus mitigating the risk of delays owing to lack of dedicated technical time from relevant experts. 
 Figure 1

Figure 1 represents a schema of the way the project will be structured in various phases. Establishment of a project board following mandate approval should lead to the procurement process for a viable data scientific partner. 
Hypothesis
The utilisation of local historic inpatient spells data inclusive of clinical and other risk factors has the potential to improve accuracy of predicted length of stay compared to conventional judgement based methods.
The project initiation notice will be submitted to the project board when the partner agency commits to the timeline of the project. The most significant first step is to seek appropriate permissions from the Caldicott guardian of the organisation and Information governance colleagues to utilise historic data. An initial engagement process is to be established to seek senior sponsorship from within the organisation to initiate the journey of data driven transformation.
With appropriate permissions in place, the data held in the data warehouse of all inpatient admission spells in our acute hospital from 01/01/2013 to 31/10/2017 (5 years) will need to be identified. The head of Information will be invited to be a member of the project management team and will ‘own’ the process of providing the data for our partner to progress with the data analysis.
It is vital for robust Information governance (IG) that a Data Protection Impact Assessment (DPIA) is carried out to ensure that risks are identified and mitigated. Senior colleagues from Information governance will have a position within the project management team to ensure that robust IG principles will be adhered to at all times during this project. 
The first significant milestone for the project will be when data anonymization is complete. This dataset will then be supplied through a secure sharing arrangement to our commercial partners who would be in readiness to ingest the data into their platform. A secure test will be carried out with mock data to ensure no leaks or loss of integrity prior to the actual transfer. Appropriate advice from cyber security team will be taken to ensure no lapses occur during this transfer.
Figure 2 represents the flow in terms of steps involved in processing the data.

Figure 2
It is important to ensure that an organisational data scientist is involved in every step despite the partner agency being primarily responsible for the data cleansing and ontologising (Ontologising represents the appropriate classification of comorbidities, risk factors and cause for admission in a manner that can be utilised for the regression modelling exercise) the data elements. Senior clinical advice will be available to our partner to ensure that correct categorisation of data elements, and the hierarchy of clinical risks are appropriately coded and categorised.
	Illustrative case example- The purpose of providing clinical input into categorising/Ontologising is to classify certain groups of codes into a single illness or category, although they may be represented differently within coded data- Urosepsis, urinary tract infection, cystitis, pyelonephritis are all conditions with significant overlap, and maybe regarded in a single group for the purposes of treatment and its duration. This type of grouping maybe essential to facilitate statistical analysis of distinct groups of illnesses and their attendant risk factors



At this stage, the project technical team, in line with the Project Initiation Document (PID), will commence regular meetings facilitated by the project manager to allow the planning phase to commence. The planning will broadly include agreeing disease categories, classifying comorbidities into major/minor categories, and initiate engagement with relevant specialists to resolve difficult areas to categorise. This process presents an opportunity to ‘coproduce’ this project with senior thought leaders within the organisation on a consultative basis, which will assist with promotion of adoption of the output of the project.
Data cleansing is a critical step when dealing with big data. Data scientists within our organisation will work closely with colleagues within our partner agency to ensure diligent cleansing is undertaken to reduce ‘noise’ and incomplete data to provide the final dataset that will be utilised to create the statistical analysis.
Data analysis will be undertaken with the guidance of a statistician to facilitate a multivariate regression analysis to sift through various risk factors and establish the relative weighting and relationship with length of stay within a spell for each diagnostic group. The completion of this step will require several steps to reduce errors in interpretation.
One common error when analysing big data is to interpret association as causation, and it is believed that the project’s validation phase is critical to eliminate any erroneous associations that have been included within the assumptions of the modelling exercise. In some instances causality may not be essential for the success of the modelling exercise, if the association is true and consistent.
	Illustrative point- In the statistical analysis, a 90 years old lady with limited mobility, a background of diabetes may get admitted to hospital for heart failure and stay for 9 days. It is quite likely that limited mobility is unrelated to heart failure, but may still be relevant to the length of stay. To put simply, it isn’t significant if one risk is unrelated to another, as long as the relationship between the combination of risks and the LOS as an outcome is consistent.



It is estimated that the project will have reached the stage of statistical analysis around 12 months from initiation. A further 3 months will be utilised to construct the risk tables to support the application that is to be created. Clinical input will be sought at this stage to ‘sense check’ the veracity of the tables and to challenge the statistical basis for any assumptions/modelling anomalies. It may be a valuable step to peer review the tables if this can be achieved through engagement with national thought leaders and academics before the final design is completed. 
Concurrent to the construct of the risk tables, the 2018-2019 dataset from the same institution will be transferred utilising the same process as before to prepare for the validation exercise. 
At this stage (15 months from initiation), the risk tables will be utilised to predict length of stay for the spells from 2018-2019, and the variance from actual length of stay will be calculated to calculate the measured confidence intervals. If the confidence intervals are unacceptably wide, then a further evaluation of the tables will need to be undertaken to identify and remove any erroneous assumptions that may have contributed to the width of the intervals. This phase has been allocated a total of 6 months to allow possible revisiting of the original calculations.
The hypothesis stated earlier will be tested at this stage, and if proven correct with the multivariate regression analysis of variables available within the dataset, the project will move to the final stage of designing an application for clinical use. Confirmation of this evaluation is to be presented to the project board to authorise completion of this critical phase of the project. 
At this stage, the partner’s involvement will be complete and the risk tables, and the intellectual ownership of the data will be returned to the host organisation after fulfilling any contractual obligations with the partner agency.
The designing of the application will take into account the principles within the NASSS framework to identify areas of complexity that requires management (Greenhalgh et al., 2018). The end product will need to device agnostic, user friendly and web based to ensure widespread applicability. The time that has been allocated to this phase is 3 months, which includes the time to build and test the functionality in test conditions. User Acceptance Testing (UAT) will be promoted to involve as many users as possible to establish usability and take feedback into account. It is believed that this will be a key enabler for successful implementation.
Once the application has been tested and declared to be fit for purpose, the project board will be notified of completion of the design and testing phase of the application development. When project board approval has been completed, the final phase of the project will commence to proceed with implementation and rollout. It is expected that this position will be reached 24 months from initiation.
The application will be demonstrated in key fora across the organisation to garner support and promote the tool and its use in clinical areas. The application will be made available for management and clinical (nursing and medical) staff to utilise in clinical areas. It is envisaged that the uptake of the tool will be low initially with gradual rise in its use through the year as staff begin to trust the prediction provided by the application. In some ways, the accuracy of the prediction in itself will increase the users’ confidence as time goes. The health board’s push for higher compliance with PDD completion may well prove beneficial in the application’s successful rollout.
Measures for implementation
Implementation of this project will mean very different things at different phases of the project. The earlier phases are key to ensure that a successful data enabled decision making/predicting modelling can be constructed. The keys to succeeding in this initiative is to establish robust liaison with thought leaders and academics within/beyond Wales to ensure the scientific assumptions are sound and the methodology is fit for purpose to deliver the output desired. 
It is considered an essential step to subject the project plan to a peer review process to ensure the scientific value of this exercise is upheld and to verify the assumptions and our hypothesis. This step may well provide some modifications to the project plan and its delivery, and a fundamental rewrite of the plan if required. 
The first two years of the project represent the preparatory phase before a clinical tool is derived, and this time will offer a valuable opportunity to derive a robust engagement strategy to prepare the ground for clinicians across the board to consider the value of scientifically derived data driven tool that would fulfil a clinical and management need.
The COM-B framework of the behavioural change wheel would be an ideal structure to base the implementation strategy (Michie et al., 2011). The following table outlines the factors that are at play to influence the slow behavioural change that is required to adopt this application into clinical use.
	Capability
	Provision of video training packages to use the tool
	Behaviour


Promoting the use of the new tool for PDD calculation/Estimation

	
	Allowing the tool to be used by non -clinical staff will encourage clinicians to seek to retain ownership of this exercise
	

	Motivation
	Health board has mandated the PDD estimation as part of its core functions
	

	
	The scientific veracity will appeal to clinicians to promote evidence based prediction
	

	Opportunity
	Provision of the tool on mobile devices
	

	
	[bookmark: _GoBack]Availability of the tool in every desktop across the health board
	



The health board audit recognises the reticence of clinicians to fulfil this important function that facilitates good planning and service alignment to ensure safe and successful discharges. There are several factors that contribute to clinicians’ reluctance to predict discharge date. Predictions based on judgement are subject to wide variation and error, and this leads to a pattern of behaviour that results from a sense of futility as errors sometimes leads to a sense of failure. This pattern leads to reluctance to make the predictions in the first place, and this phenomenon is believed to be a fundamental barrier to successful implementation.
The COM-B framework allows targeted opportunities and inherent motivations that has the potential to reverse the loop of negative behaviour. The target behaviour can be fostered by successful and accurate predictions with the tool, which will give clinicians a sense of success leading to positive feedback which in turn will reinforce the implementation. Clinicians are generally comfortable in changing practice in response to evidence based changes, and further, the motivation to move towards a data driven practice is already widely prevalent.
Reduction of the complexity of the intervention, in line with the Non Adoption, Abandonment and challenges to Scale-up, Spread and Sustainability framework (NASSS) is inherently planned with the design of the application to ensure the maximisation of opportunity to overcome the barriers to successful implementation. The Normalisation process theory (NPT) principles of Coherence, cognitive participation, collective action and reflexive monitoring, will be an appropriate model to follow to ensure that embedding of this tool is achieved over time ( (May et al., 2018). It is estimated that a period of 12 months will likely achieve the desired behavioural and cultural change which will conclude the lifetime of this project.
Evaluation of success of the project will be critical to ensure that the gains from the project are built upon to achieve ongoing data driven business change. This will be achieved by applying the following principles
1. Evaluation of end users’ (Clinical, managerial and leaders) satisfaction with tool, the implementation process and its usefulness by surveys
2. Assessment of PDD completion rates before and after the implementation of the tool
3. Capturing feedback and requests for further development and iteration of the tool
4. Assessment of PDD accuracy rates (variance from actual) will be monitored on an ongoing basis and individual areas can have dashboards to visualise their performance (promotion of use, uptake, accuracy)
5. Record of number of downloads of the application across the organisation over time.
Improvements
This project represents the first use case of a data driven predictive modelling within our health board. It is very much believed that this represents the first step in a journey towards creating a learning health system (LHS) within our organisation, which is a well-established model of cyclical learning and improvement (Foley et al., 2021). The progression of harnessing data leading to learning being gathered and fed into practice represents the first completion of the circle within the LHS framework. It is envisaged that this will stimulate the culture of utilising data to drive decision making on an ongoing basis to drive further business change.
The project presents an opportunity to be ambitious with the use of big data, and creating a link between risks, conditions and outcomes (LOS in this instance), and quite possibly pave the way for further research into specific outcome measures that maybe of interest in the future. This vision is ambitious yet pragmatic with a clearly defined goal and objectives. 
The model of stratifying risk and stapling it to an outcome lends itself to further important applications within the patient flow paradigm and beyond. In patient flow context, this could serve as a baseline index to evaluate service changes and their impact on resource utilisation on an ongoing basis 
	Illustrative case example- a female patient who is 84 years old with type 2 diabetes being admitted with pneumonia could have a predicted length of stay of 11 days in hospital. Utilising this baseline information, the effectiveness of a specialist diabetes clinic for the elderly could be evaluated (as poorly controlled diabetes increases the risk of having poor outcomes from pneumonia) by measuring the actual impact on length of stay of diabetes patients for a variety of conditions to establish any favourable changes or otherwise.



The paradigm of data driven transformation could be applied to outcomes from procedures or interventions. A risk stratification approach could be evaluated to predict outcomes from specific interventions and has the potential to improve accuracy of informed consent taking. As the NHS continues to face the upcoming challenge of mounting waiting lists, a risk stratification exercise could be quite instructive and be invaluable for validation of existing waiting lists.
	Illustrative case example- a 91 year old man with heart disease and diabetes waits for a hip surgery on the waiting list. Prior to risk stratification, an operative risk of 3% mortality may have been quoted to the gentleman, which may have been acceptable to him. If risk factors for factored in, the operative mortality could be 14% (hypothetical), which may not be acceptable to him, and he may choose an alternative therapy option. This would avoid disappointment, manage expectations and empower citizens to evaluate risk of procedures in a very individualised risk paradigm.



The improvement potential of drawing significant clinical, economic, evidence based value from coded big data is limitless and this project very much represents the first step in a journey that has a long way to go to realise the ambitions of the nation’s digital vision. 
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