Introduction of an Artificial Intelligence based Clinical Decision Support tool in the management of pulmonary nodules in Betsi Cadwaladr University (BCU) Health Board (through participation in the DOLCE study)
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Introduction
Lung cancer remains an illness with a poor prognosis, despite recent advances in diagnostic modalities and treatment approaches. Lung cancer accounts for over 35000 deaths every year in the United Kingdom. The primary reason for the poor prognosis is that patients present at later stages of the illness when a cure is less frequently achievable. Lung cancer staging is classified from 1 (early) to 4 (advanced), and the 5-year survival for stage 4 disease is 5% versus 55% in stage 1 disease.  Therefore, in order to improve outcomes in lung cancer, it is imperative that the disease is diagnosed in the earlier stages by any means possible (Lung cancer survival statistics 2015)
The variance in survival between early and late stages of lung cancer is a strong driver for screening programs for lung cancer. Lung cancer screening has begun in some parts of the world and in the UK and involves offering a low dose CT scan for patients deemed to be ‘at risk’ based on a variety of factors. The primary outcome of these trials studying the effectiveness of lung cancer screening is the identification of asymptomatic pulmonary nodules. Early studies have shown significant improvement in mortality and outcomes (Field, Duffy et al. 2016) from lung cancer as a result of screening.
Pulmonary nodules are defined as focal opacities that are usually noted within the lung parenchyma with or without abutment to the pleura and can measure up to 30 mm in size. These nodules are frequently identified incidentally on CT scans of subjects who may have been scanned for a variety of reasons, or through specific screening programs as alluded to earlier. The fundamental difficulty in managing pulmonary nodules is that greater than 95% of nodules are benign and are of no clinical consequence. Yet, the identification of the malignant nodules remains the goal in order than lung cancer outcomes may improve. (Baldwin, David R., Callister 2015)
This presents the clinicians caring for patients with nodules with significant challenges. There are several risk calculators (clinical decision support tools-CDS) that have been created to help with decision making in these patients. The models that are widely in use across the UK are Brock and Herder calculators devised for two different information sets available to the clinician. The management of pulmonary nodules, utilising the prevalent models for use, have been well set out in the British Thoracic Society (BTS) guidelines in 2015. 
Brock Model- The Brock model uses the following variables to calculate the risk of a nodule being malignant (McWilliams, Tammemagi et al. 2013)
1. Age of subject (older subjects carry higher risk)
2. Gender (male gender is at higher risk)
3. Family history of lung cancer (indicates higher risk)
4. Presence of emphysema (presence indicates a greater risk)
5. Size of nodule (higher size relates to higher risk)
6. Nodule type (solid, part-solid or subsolid)
7. Nodule count (higher nodule count confers a lower risk)
8. Nodule location (within the lung- upper lobe locations carry a higher risk)
9. Presence of spiculation (confers a greater risk)
The Brock model is recommended for risk assessment of the nodules which guides clinicians to offer a surveillance plan or a further risk stratification utilising PET-CT scanning. The PET-CT offers further diagnostic information which can then be inputted into the Herder model.
Herder model- The Herder model utilises the following characteristics to generate further ability to stratify the risk of malignancy (Herder, Van Tinteren et al. 2005)
1. Age of subject (older subjects carry a higher risk)
2. Smoking status (Current and former smokers carry a greater risk)
3. Previous history of extra thoracic cancer (thus carrying a higher risk)
4. Nodule size (risk increases with size)
5. Nodule location (upper lobe nodules carry a higher risk)
6. Spiculation (presence confers a greater risk)
7. PET-CT findings (higher metabolic avidity carries a greater risk)
A composite of the two models presented above offers a risk of malignancy in percentage terms. It is recommended that a risk of malignancy being lower than 10% would result in a recommendation that a surveillance strategy is offered. A risk greater than 70% would lead the clinician to recommend a biopsy and possible treatment of this very likely malignant lesion. An intermediate risk of 10 to 70% would lead to an individualised management plan that might include surveillance or indeed of possible image guided biopsy (Baldwin, David R., Callister 2015).
Although the above risk models are well embedded into practice within the UK, there remains issues with these calculators
1. Subjective variations in measurement of nodule size (Nair, Baldwin et al. 2012)
2. Data entry errors (anecdotal experience)
3. Lack of trust remains within some quarters in applying these models owing to the fact that the evidence was validated in select populations and the generalisability arouses concern  (Winter, Aberle et al. 2019)
4. Identification of spiculations can be subjective (Revel, Bissery et al. 2004)
5. The intermediate category is too wide, allowing significant variation in practice and outcomes (Singh, Pinsky et al. 2011)
It follows that appropriate management pathways for managing pulmonary nodules that is devoid of the above-mentioned difficulties is a critical precursor to any national lung cancer screening protocols that maybe implemented, given that the significant proportion of findings will likely be benign. Practice that is not adherent to guidance will likely result in significant increase in healthcare costs and physical and psychological morbidity to subjects as a consequence of investigations in ‘excess’ of what the guidelines recommend (Grogan, Weinstein et al. 2011).
It is clear that this area of practice is blessed with clear guidelines  (Baldwin, David R., Callister 2015)that present the opportunity to translate the knowledge in the domain into Computable Biomedical Knowledge (CBK). This could pave the way to establishing a digital clinical decision support tool that has the following features
1. A digital model with the capability to apply the Brock and Herder model without any subjective variance
2. Utilisation of Artificial Intelligence (AI) based analysis of CT images to accurately measure the pulmonary nodules
3. Utilisation of AI based interpretation to eliminate subjective variability of identification of spiculation within the nodule.
Nottingham University NHS hospitals have partnered with Optellum UK to develop an AI based application that has shown early promise and validation, and have presented BCU with an opportunity to participate in a clinical trial (DOLCE study) which is looking at evaluating the effectiveness of this tool. This opportunity is explored in this essay as the domain promises to advance the CDS agenda in a significant manner.
Evidence review 
Domain related evidence
The management of pulmonary nodules have presented respiratory clinicians with significant difficulties in decision making owing to the double pronged issue of avoiding failure to act on a nodule with malignant features whilst avoiding excessive investigations and actions for benign nodules. There have been consensus statements to guide clinicians to help make decisions and the evidence base for management has slowly improved over the past two decades (MacMahon, Austin et al. 2005). The earlier versions of guidance have been updated to include better predictive models (Baldwin, David R., Callister 2015).
The strongest predictive model that is widely utilised in the UK is the Brock predictive model developed in Canada in 2013 (McWilliams, Tammemagi et al. 2013). This has become the basis for the British Thoracic Society (BTS) to provide comprehensive guidance on managing pulmonary nodules in 2015, with the provision of an internet based Clinical Decision Support tool in its website. This remains the tool of choice for respiratory clinicians across the UK.
The Herder model performs well with addition information over standard CT scanning images in the form of a Positron Emission Tomography (simply known as PET-CT), but this resource is an extremely expensive method to utilise for risk stratification for a large population. 
The BTS, in its 2015 guidelines, proposed a combined model which allows a first level of risk stratification based on Brock model, which allows clinicians to reserve PET-CT for those in the higher risk strata to employ the Herder model. This combination is the current standard of care within the UK and several health systems across the world. 
The challenge with decision making in pulmonary nodules management is the difference in prognosis as a nodule progresses. For instance, IASLC (International Association for the Study of Lung Cancer) highlights the 5 years survival of patients with tumours greater than 10 mm size is 9 percentage points lower than if the tumour is less than 10 mm in size (Goldstraw, Chansky et al. 2016). 
This highlights two particular challenges that need to be overcome whilst managing nodules 
1. Diagnosing the malignant nodules earlier with greater consistency with the available decision support tools
2. Avoidance of harm and cost associated with investigations relating to benign nodules.
It is also well established that treatment of an earlier stage lung cancer is estimated to be 50% less expensive compared to later stage diagnosis (Incisive Health 2014). There is, of course, the additional cost of investigating and surgically treating cases that turned out to be benign disease which would indeed be wasteful and potentially harmful (Grogan, Weinstein et al. 2011).
Patients with an incorrect high estimate of risk may be subjected to unnecessary imaging and invasive procedures which carry the risk of high radiation exposure, subsequent procedure related complications and avoidable stress and anguish. Some studies show that 30 to 40% of invasive diagnostic procedures are performed on benign nodules which could be avoided with the correct application of risk stratification protocols (Grogan, Weinstein et al. 2011). These procedures often tend to be transthoracic needle lung biopsies that are associated with the risk of developing a pneumothorax and subsequent hospital admission of approximately 2 to 4% and a mortality rate of 1 in 1000 (Wiener, Wiener et al. 2013).
There is evidence of significant variability in interpretation of CT images relating to pulmonary nodules, and this results in substantial variation in the recommendations offered by Radiology experts. This particular aspect may explain some of the variations in practice and potentially the outcomes. Tackling inter and intra-observer variation has been a challenge for healthcare delivery for decades, even as the evidence/guideline-based healthcare movement has emerged as a significant guiding force in modern medicine (van Riel, Sánchez et al. 2015). 
AI related evidence
AI generated algorithms have started to emerge at pace within radiology across the world, and several applications have entered the healthcare market in recent years (Panch, Szolovits et al. 2018). This rapid evolution provides several opportunities for use cases to emerge to take advantage of the possibilities on offer. However, a majority of applications represent keen advances but without the robust evidence base required for widespread adoption (van Leeuwen, Schalekamp et al. 2021). Global increase in healthcare costs provide a strong argument for embracing AI models to provide improvements in efficiency, but this urgency needs to be tempered by the need for robust scrutiny and generation of an evidence base to enable widespread trust and adoption.
In particular, AI with deep learning capability has the potential to make a significant impact on knowledge generation, at a rate beyond the capability of human cognition (Panch, Szolovits et al. 2018). The deep learning that AI can achieve with complex neural networks (CNN) can aid the development of a variety of capabilities within image science that range from simple detection to interpretation and application of clinical reasoning. The ‘learning’ that a machine can achieve maybe ‘supervised’ or ‘unsupervised’ by human monitoring (Hosny, Parmar et al. 2018).
AI offers a huge range of possibilities within the sphere of radiology, and the terminology used can often be confusing as to what the role of the ‘computer’ is in the process (Tang, Tam et al. 2018). The following table by Tang et al in 2018 is a helpful guide to clarify understanding of the various terms utilised in describing the evidence available.
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Table 1
It is well recognised that an integral pillar of CDS is ‘improve’ the knowledge of the system in order that a learning health system is achieved (Sutton, Pincock et al. 2020). A well-constructed AI system is well placed to employ deep learning to continually ‘improve’ detection, diagnosis or any other function that it is built to achieve, given the ability of the system to learn at pace.
Radiology PACS systems have increased the availability of data, paired with human interpretation at an exponential rate in the past 2 decades, and this is a fertile ground for AI systems to thrive (Mansoori, Erhard et al. 2012). 
Evidence of AI in the domain
An AI-based computer-aided diagnostic (CADx) model in the hands of trained respiratory physicians or thoracic radiologists can help address these challenges. An AI model can account for nodule size, shape, location and other radiological factors consistently, and without requiring subjective judgement or data entry on the part of the reading respiratory physician or radiologist. Moreover, the ability to systematically train and refine the model on tens of thousands of images with a known diagnosis confers AI models with an edge in terms of diagnostic accuracy over non-AI models  (LeCun, Bengio et al. 2015).
There is emerging evidence that AI has already made inroads in the management and prognostication of lung cancer, and this increases the prospect of better uptake of this technological advance in this particular area of practice (Oh, Kang et al. 2023)
Nottingham University Hospitals (NUH), in partnership with Optellum have developed and extensively validated an AI-based convolutional neural network called the ‘LCP’. The model was derived and internally validated using data from the US’ National Lung Screening Trial (NLST) and hospitals in the UK (Kramer, Berg et al. 2011). The model was then externally validated in two independent cohorts of patients with incidentally detected pulmonary nodules, amounting to over 1500 patients in aggregate. In these studies, the LCP model demonstrated greater accuracy than the Brock model and Mayo model (a risk calculator used for incidental nodules in the US). 
A further study has shown that respiratory physicians and radiologists interpreting pulmonary nodules on CT scans with the aid of the LCP make more accurate predictions and appropriate clinical decisions than without it (Dotson, Filippini et al. 2020). In the same study, the LCP also improved the consistency of malignancy risk estimation and clinical decision making between physician readers of a CT scan 
The NIHR-funded IDEAL study is strengthening this clinical validation base even further by examining the diagnostic performance of the LCP with smaller pulmonary nodules (5-15mm) under a prospective observational study design (Oke et al., 2018). Specifically, the study has been examining the performance of the LCP as a risk score and with a pre-defined threshold for ruling out patients from further testing. It is understood that results from the trial are expected in 2023.
The evidence review suggests that an AI generated evaluation of pulmonary nodules has the potential to eliminate some existing pitfalls in the management pathway, but this assertion requires further exploration, which is the object of the DOLCE study.
Implementation issues
Implementation of a new approach to managing a fairly common respiratory problem with extensive guidance and clinical support tools already in place is subject to several inherent challenges. The development of LCP by leading experts based at Nottingham University Hospitals NHS Trust in partnership with Optellum Clinical Research have led to the funding of an exciting research project named DOLCE (Determining the Impact of Optellum’s LCP Artificial Intelligence Solution on Service Utilisation, Health Economics and Patient Outcomes).
The study protocol has been provided to Betsi Cadwaladr University Health Board Central Area Respiratory department inviting the team to consider recruitment of patients from the Virtual Nodule Clinic (VNC) that has been operational for over 4 years.
The VNC was established to deliver a guidelines-based service to manage patients with pulmonary nodules, and have existing pathways and management plans in place. The VNC utilises Brock and Herder risk stratification models on all patients in addition to the application of clinical judgement and is well placed to trial the LCP that is being made available as part of a research study.
The VNC is served by the following arrangements
1. Four respiratory consultants delivering the service
2. Each clinic is run by two respiratory consultants to reduce bias
3. Radiology reports of all CT images with an interpretation & recommendation by the Radiologist
4. A digital radiology PACS (Picture Archiving & Communication System)
5. Risk scoring models available in a separate web-based application delivered by the British Thoracic Society (BTS)
6. Admin support to advice patients of the outcome of analysis by the physicians
The VNC does not benefit from the presence of a Radiology expert within the service to discuss/debate cases where the conclusions maybe reliant on interpretation. Whist the physicians are experienced in the assessment of pulmonary nodules, the expert within the domain remains the Radiologist. To mitigate the absence of a radiologist within the clinic, selected cases are drawn out of the VNC for discussion with the radiologist in a separate forum.
DOLCE is a proposed multi centre prospective observational cohort study that is seeking to recruit 2000 patients across the UK and has been funded by NHSX to the tune of circa £1.5 million. The study has been through rigorous scrutiny by various agencies including the funding body and the protocol has been approved for trial recruitment across several centres in the UK.
The level of quality assurance provided for the decision support system has already been very high, and this study will further establish the role of AI generated recommendations. It is envisaged that this will add efficiency to services and improve patient outcomes. Whilst considering the implementation strategy of this solution, it is important to note that it remains currently under evaluation, and hence is only available to centres with the ability to recruit patients into the study. 
It would be helpful to view the challenges of the new solution through the paradigm offered by Middleton et al in 2016, in the form of the ‘six axes’ of CDS (Middleton, Sittig et al. 2016). 
Middleton arrives at six axes (data, knowledge, inference, architecture and technology, implementation and integration, users) to discuss barriers and facilitators to the implementation of CDS systems.
In the context of the DOLCE study, the rigorous research protocol has managed to harness the data to conceive the LCP, which has now been clinically validated by the Nottingham University Hospitals team (Baldwin, David R., Gustafson et al. 2020). Radiology images provide ample opportunity to be utilised in computable knowledge generation, as the typical structure of every radiology image is accompanied by human interpretation information. Most hospitals across the world have access to radiology PACS, which lends itself to vast amounts of data that can be used to ‘train’ AI systems and for validation (Mazurowski 2020). It is therefore not a surprise to see radiology endeavours taking the lead in AI initiatives across healthcare. Optellum have a track record in codifying radiology knowledge and have been active in lung cancer detection software development in partnership with lung cancer screening trials. This has led to the harnessing of the data required to become the platform upon which LCP appears to have been built (Baldwin, David 2022)
The knowledge in this domain is fairly extensive, and several generations of guidelines have been deployed with progressive iterations over the years. The current BTS guidelines and the models utilised are generally regarded as well validated trusted sources of knowledge. The AI- based LCP has been conceived by the Nottingham team, which was heavily involved in authoring the BTS guidance, and has natural ability to tap into the trust that this body of knowledge has developed. This trust will be invaluable as adoption is contemplated for the future.
Perhaps most importantly, the study is designed to look at patient outcomes of the ‘standard’ pathway and the differences identified in the AI-generated conclusions. The fact that patient outcomes will feed into the neural networks following the study creates a ‘learning health system’, whereby the AI- algorithm ‘learns’ from outcomes in a way that is not easily achievable in other domains.
The current CDS tools in place in this domain are ‘rule-based’ and have been validated against the data input points as referred to earlier. These tools remain the guiding ‘logic’ for this AI-based LCP and hence is not subject to the barriers that inference issues can cause. Although the Brock & Herder models are ‘opaque’ (provides a risk score without an explanatory narrative), clinicians in this domain have become used to this outcome as an accepted statistical model, and therefore, the AI-generated output is unlikely to be any different. Further the risk factors that make up existing models are generally ‘accepted’ as high-risk features of developing lung cancer through prior experience.
The architecture and technology axis presents some interesting discussion points within the area of CDS within BCUHB. BCUHB does not benefit from a unified Clinical Data Repository or an Electronic Patient Record. Whist certain functions within the organisation are digital, the digital maturity of the organisation remains low, and there is some difficulty in imagining an AI-based system at work for a specific function. However, the low maturity level also means that complex integrations do not present themselves as barriers at this stage of its development. The AI initiative could well act as an impetus to increase pace in the digital agenda within the organisation.
The integration of the LCP does not immediately feature as an implementation challenge, as it is merely observational at the research stage. In other words, the AI-based reasoning algorithm will be ‘distant’ to the clinicians and hence not present any immediate workflow challenges. However, when the research study is completed, an appropriate integration of the AI into existing workflow is required, and this needs further exploration. It is envisaged that the learning from the participation in the study will provide some guidance with regards to this transformation.
It has to be recognised that the study may not prove cost effective and easily usable, in which case, targeting a significant change without the evidence may prove to be an unwise proposition.
With regards to the users, the existing four respiratory clinicians within the VNC are unanimous in their view that AI- driven enhancements are a much-needed intervention in this domain, and have expressed a strong assent to the participation in this study. Given the relatively small number of users, this use-case may well not face this barrier as this area of decision making is likely to remain highly specialised in terms of its complexity.
Evaluation
User experience
The users, in the DOLCE study, are exposed to very little variation from their standard practice and hence may not report any impact at all. However, the construct of the study is such that the LCP score is provided to the clinicians, albeit slightly later in the process ( after real time decision making in standard care ) to avoid the risk of changing behaviour.
However, such studies have the potential impact of causing performance bias (Spieth, Kubasch et al. 2016). There are two particular phenomena that have been described as part of performance bias- the Hawthorne effect (the experimental group) and the John Henry effect (control group). These effects relate to subjects (users in this case) changing/altering their behaviour owing to the knowledge that an AI-generated decision will follow belatedly. This could lead to underperformance owing to the ‘pressure’ of having to perform better than a ‘machine’ or indeed overperformance as a result of a competitive instinct. In this study, the users represent the control group, but are also affected by the experiment (AI generated recommendation to follow).
Having stated the above potential impacts, based on personal knowledge and experience within the team, these effects are unlikely to be significant factors, as all four respiratory members of the team are of fairly similar mindset and are keen to embrace a tool that has the potential to reduce the ‘cognitive load’ that team appears to be carrying since the coronavirus crisis.
However, there are several potential unforeseen consequences that are possible, but not deemed to be probable. Some examples include
1. Radiology teams/skilled readers of images may feel threatened or undervalued
2. Investment in the AI technology may ‘tempt’ corporate layers of the organisation to consider disinvesting in staff time
3. Clinicians may feel disempowered if algorithmic approach is felt to have the potential to ‘replace’ key elements of the workforce
4. Clinicians could potentially feel less ‘valued’ or ‘respected’ by other layers in healthcare as the potential to replicate skilled roles arrives.
The overall risk of the above factors playing out as a result of participation in this trial is felt to be extremely low, but it is imperative that an evaluation exercise includes these aspects. In addition to the detailed data collection approach, an accompanying semi structured qualitative evaluation will be undertaken to include
1. How AI interaction is perceived by clinicians (respiratory and radiology), nursing and AHPs (who play a key part in administering the VNC at present)?
2. How does the AI generated conclusions sit with clinicians’ own judgement?
a. Are there any significant anomalies in the AI interpretation?
b. Is there a strong agreement/disagreement with the AI conclusions?
3. How does the AI introduction contribute to efficiency (positive/negative impact)?
4. Are there any other factors to consider in the role of AI within this domain in the future?
Data collection (covering efficacy & cost effectiveness)
In line with the DOLCE study protocol, an extensive data collection approach is planned with strict adherence and monitoring arrangements in place, which are pre-requisites for BCU to participate in this research study. A table (drawn from the research protocol, but simplified for the purposes of this essay) shows the data points that will be recorded for each participating subject.
The table shows the data that is collected (albeit in a less structured way) in standard practice and the additional data that will be collected as part of the research study.
	 Data point
	VNC
(Standard practice)
	Research study

	Identifiers
	Real
	Anonymized

	Clinico-demographic features (age, sex, smoking history)
	
	

	CT scan images
	
	

	Basic nodule features (location, size (for solid & for sub-solid component), type)
	
	

	Additional patient & nodule features (family history of lung cancer, personal history of cancer, emphysema, other pre-existing lung conditions, nodule spiculation, nodule number)
	

	

	LCP risk score
	
	

	LCP recommendations
	
	

	Brock model risk scores
	
	

	Standard care clinical decisions
	
	

	LCP-guided clinical recommendation (with rationale)
	
	

	Changes to standard care decision including reason (including the original and new decision)
	
	

	Index and follow-up CT scan dates
	
	

	PET/CT scan dates
	
	

	Types of biopsy and dates
	
	

	Surgical resection details and dates
	
	

	Details of other treatments and dates (SABR, CFRT, RFA, MWA, chemotherapy, other)
	
	

	Details and dates of any peri- or post-procedural adverse events5
	
	

	PET lung nodule(s) SUVmax results and qualitative lung nodule activity scores
	
	

	Histology results / diagnosis (stage, substage, histological subtype, molecular markers)
	
	

	Diagnosis impact on nodule management (whether or not the diagnosis, e.g., an infection impacted nodule management pathway, and how)
	
	

	Patient questionnaire results
	
	



Table 2- reproduced in part from DOLCE study protocol (to illustrate the detailed data collection plan).

In addition to the above-mentioned data points, the study team will be collecting further data through a combination of access to primary and secondary care records to assess service usage costs to provide insights into cost effectiveness of the AI.
A detailed proposal to administer quality of life measurements of participants is in place, and this will be combined with the cost data to deliver on the study’s secondary end-points.
The study’s primary objective is to measure the difference between standard and AI generated LCP based care in discharge rates of patients in the ‘benign nodules’ group and ‘malignant nodules’ group. The study intends to compare threshold data from previous studies to evaluate the discordance rate based on standard practice model vs AI-generated LCP model with the help of McNemar’s test. The study size of 2000 subjects has been calculated to ensure it is sufficiently powered to demonstrate the difference.
The following flow chart illustrates the differences in standard care and highlighting the additional activities that will be undertaken as part of the study.
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The following diagram provides a timeline for the study and highlights the flow of data into and out of Optellum service as part of the study
[image: Graphical user interface, text, application

Description automatically generated]

Safety
The safety of patients and staff are well protected in this study, as the study has been configured to the highest of standards, and rigorous reporting arrangements are in place for the duration of the study. All adverse events will be logged and appropriate safety clauses are in place to pause/discontinue the research if any evidence of harm is encountered in line with the research protocol. The study has the relevant research ethics committee approval, which provides further assurance to the BCU team that the protocol is in line with standards.
Conclusion
The DOLCE study represents an exciting opportunity for BCU respiratory team to embrace emerging technology that involves AI-generated clinical decision support, albeit in a research capacity. The prospect of contributing to the evidence base in AI science is of immense attraction to the service and the domain which lends itself to computable biomedical knowledge generation. The AI component which aids radiology interpretation has the potential to achieve increasing levels of accuracy as further knowledge is gained, contributing positively to the generation of a learning health cycle.
The study, with BCU’s participation, can prove to be a catalyst in the development of AI in radiology branching into other domains. There are significant potential advantages to service development in this domain, as it is a critical enabler for lung cancer screening services across the UK and beyond (one of the key considerations of a potential national screening program is limitations in respiratory and radiology expertise to deliver the service at scale).
If the study demonstrates superiority of the AI over human evaluation, there is a strong argument for adoption of AI technology across the NHS, and this will contribute favourably to the national digital agenda.
The study also ushers in AI into a health board in Wales for the first time. The technology development is already at a fairly mature stage and this could prove to be a helpful case study to enable further development. The lessons learnt from this will be fed back into various educational, service, research and expert fora to foster further interest. 
It is believed that DOLCE represents a significant landmark in UK’s journey into the world of AI assisted healthcare.
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