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Standfirst (1-2 sentence)
Despite the promise of medical Artificial Intelligence (AI) applications, the acceptance of these applications in real world clinical settings is relatively low – lack of transparency and trust continue to be the enduring barriers that need to be overcome. We offer nuanced insights into collaborative tasks of those experts engaged in medical AI development, and the ways they have come to de-trouble transparency issues and build trust over time.
















Main
The acceptance of Artificial Intelligence (AI) systems in real world healthcare settings remains low, often due to a lack of transparency around the processes by which they reach their output (1; 2; 3). Such ‘black box’ technology – where there is limited or no information on how it analyses data or comes to a conclusion – is not easily explainable  (also known as ‘explainability). While as a society, we have developed ways of living with the opacity of technologies like mobile phones, in medical contexts, as Shortliffe and Sepulveda (4) point out, ‘[b]lack boxes are unacceptable: A CDSS [clinical decision support system] requires transparency so that users can understand the basis for any advice or recommendations that are offered’. What is considered ‘transparent’ or ‘explainable’ lies on the boundaries between the domains of AI producers and consumers, and considerable effort needs to go into bridging across these boundaries. Collaboration is ideal for bridge building. A study by Littman et al. (5) uses co-authorship as a proxy for interdisciplinarity, and indicates that collaboration between authors of three disciplines (computer science, biology and medicine) leads to research that is more scientifically valid, in that it is more correct and reproducible. Although Littman et al. (5) note that high quality of the research being produced does not correlate with publication in higher impact journals, they speculate that these collaborations enable authors to learn from each other and to integrate different kinds of knowledge. 

Learning together is a crucial ingredient in effective validation of AI for medical purposes. The meaning of validation – for example, the specific tests for validation, or the criteria of assessment for validation – varies across contexts and purposes (6). Collaboration is vital for validation that leads to acceptance by the users, especially in medical contexts, where clinical experts are held to high standards of accountability and responsibility.  A standard way of validating studies in medical contexts are clinical trials that follow epidemiological formats. However, only 11% of the 100 top cited papers in medical AI include clinical studies (7). An analysis by Nagendren et al. (8) shows that only a very small proportion of publications on the use of deep learning for medical imaging includes any form of clinical study. Out of an initial 8302 publications identified, only 10 reported included a randomised clinical trial; a further 81 included non-randomised clinical trials but of these only 9 were prospective studies, and only 6 of these were tested in a ‘real world clinical environment’ (8:5). Prospective studies remain the gold standard and can only occur after at least two other stages of validation have been successfully completed: the cross-validation of the algorithm(s) in question against data on which they have not been trained; and validation against data in retrospective studies. Each stage of validation prepares the ground for the next one, and carries the technology development forward to its next stage.  

Our ethnographic study focused on the collaboration between AI developers (computer and data scientists), clinical experts (specialist clinicians, a radiologist, and a consultant nurse), and a biomedical scientist and the three AI applications being developed for use in a Pulmonary Hypertension (PH) Referral Centre at a major NHS Teaching Hospital. Pulmonary Hypertension is a rare and serious lung disease: around 7,000 people in the UK are diagnosed with forms of PH for which specific therapies are available (9). According to the PH Association UK (9), 48% of patients would have waited over a year to be diagnosed after first experiencing symptoms, and about 10% of patients took over three years to be diagnosed from onset of symptoms. In addition, the PHA-UK reports that life expectancy for those living with the condition is between six and seven years, and during this time affects their ability to carry out basic tasks such as climbing the stairs or doing food shopping. Getting an early diagnosis is crucial for improving the quality of life of those with the disease, and increasing life expectancy (9). However, obtaining early diagnosis is the major challenge of this disease area. It is for this reason that a concerted effort is being made to develop AI technologies that will speed up diagnosis. 

The aim of our study is to shine a light on collaborative interactions between people with different skills and backgrounds in developing AI for medical purposes. AI for these contexts, is not only a technical matter, but also a social matter where matters of establishing transparency and trust are gained through collaboration. Transparency and trust are simultaneously epistemic (that is, relating to knowledge) and social (that is, pertaining to the quality of interactions between participants, tools, technologies, disciplines and sectors) (10; 11).  


Results
Our study shows how collaboration between experts involved in developing three AI systems for the early diagnosis of PH works in four tasks. The first three tasks on AI development have been published: Querying Datasets, Building Software, and Training the Model (10). The fourth task on AI development: Validation, has also been published with its focus on how experts build up criteria of evaluation for evaluating the performance of the algorithm in preparation for clinical contexts (11). We have tried below to summarise as best we can each of these four tasks of the development process for the purposes of this Comment piece. 



Querying datasets 
In our study, clinical experts were involved in the process of identifying, accessing and cleaning relevant medical datasets as part of the process of AI development. The cleaning of datasets and checking labels for accuracy, in particular, was seen as a crucial first step for algorithm development. The increased focus on tasks such as these allows us to recognise how the querying of datasets is generative of transparency. This is because the dataset is the first object around which the interplay of transparency and opacity comes to the fore. Without collaboration, clinical datasets remain opaque to computer and data scientists, while suboptimal datasets can continue to circulate in software development, propagating errors (12). Accurate labelling by clinical experts establishes the ‘ground truth’ benchmark against which performances of the algorithms can be assessed (13; 14). Labelling by clinical experts also anchors the datasets in terms that are meaningful in the real world clinical contexts in which the technologies would need to operate. In addition, our research showed that the task of querying datasets by checking the accuracy of labels also rests on the trust that clinical experts have in internal procedures for arriving and agreeing diagnoses with which they are familiar, such as multi-disciplinary team (MDT) meetings. The involvement of clinical experts in MDTs means that they have a good overview of how labels, codes and diagnostic decisions have been achieved and makes this aspect of the development process transparent to them. Computer scientists working with the dataset in turn trust the dataset on the basis of their trust in their clinical collaborators.


Building software 
Our research showed how AI developers enrolled biomedical and clinical experts in three aspects of building the software for the AI application. First, AI developers chose baseline software packages that were more likely to be familiar to biomedical and clinical experts, or which could easily be seen to build on techniques with which they are already familiar, such as regression analysis. Second, AI developers engaged these experts into making a choice between supervised and unsupervised modes of learning, since this goes to the heart of how transparent or opaque the software is to clinical experts. The choice for more supervised approaches was often guided by how comfortable clinical and biomedical experts are with AI systems being introduced into their domains, frequently because of accountability issues. Supervised approaches also created scope for more hands-on involvement by the biomedical or clinical collaborators, as they could, for example, continue to bring in their expertise to refine the grouping and clustering of the algorithm. A third way in which collaboration played a role in building up the software was in choosing which variables would be used for the algorithm. This occurred in different ways, both through the computer and data scientists querying clinical collaborators to draw out which variables are relevant as contextualisation of the diagnostic codes. For example, which other diagnoses might be made, when might they be made, in which kinds of medical encounters. 


Training the model
Long before any form of validation study, the algorithmic model is constantly assessed as it is trained on the dataset. During training, there may be results that are difficult for the computer and data scientists to interpret completely. They are ‘too good to be true’, or may be trivially true. As these results are assessed and interpreted by the computer and data scientists, they need to draw on the expertise of the biomedical or clinical experts. For example, for an AI application aimed at earlier diagnosis, variables relating to the time period to be included in the training set are essential. Variables are most probably not set in stone beforehand, but are tweaked over several iterations of model training. The experience of clinical experts is fundamental in ensuring that the algorithmic model is trained in such a way as to yield results that are genuinely informative in the clinical domain. 


Validation 
Validation is the gateway to technologies being trusted (15; 16; 17). A demand for validation of technologies is a demand for something on which to base trust. This is what brings in social relations. This does not mean that validation is not scientific. However, it does mean that the science of validation studies should be aimed at those who need to be convinced, and conducted on terms that they recognise or share (6). It stands to reason that if clinical experts are told that an AI algorithm can perform a task as ‘good as’ or ‘better than’ they can, the criteria for evaluating the performance of the task must be recognisable to them and be criteria that they can relate to. In line with Nagendran et al. (8) and Topol (18), our study showed that it is quite possible for computer scientists to publish respectably in medical AI without having this collaboration. However, when they do collaborate with clinical and biomedical experts, their work is anchored in the real-world clinical contexts, and gains in meaningfulness and interpretability. In addition, clinical collaborators will ask questions that others may not think of. For example, a clinical expert in our study described the way in which they interrogate the results of a validation test in the same way as they would interrogate other aspects of clinical experience, such as a patient’s reporting of symptoms. This means not necessarily disbelieving, but holding in sight that reports may be misleading or partial for any number of reasons. Another participant in our study, a computer scientist, described collaboration that included these elements as making their work on medical AI ‘real’. Similarly, a data scientist in our study described collaboration as going on a ‘journey’ together and how important this was for establishing and building trust (Box 1).




“So what can I solve myself by looking at the data and then what can I raise to him to say ‘this looks kind of strange?’ So yeah and I think that’s what’s hugely valuable is if you can have a clinical expert to be part of the development procedure I found that to be just priceless because he and the team they saw all of the things that we did, they saw when we were worried, they saw when we were like ‘no this actually looks okay now’ and I think you can’t put a price on the value of that in growing the trust.
 
But also you want them to see that you’re being really careful and if I just go to him with a polished product at the end I think all of those kind of like moments where you go ‘oh I don’t know what’s happening, this is very strange!’ those kind of like moments where you really try to stress test what you’re doing, they don’t- they’re not apparent to the user and they don’t need to be apparent to all the users, but I think you need your key clinical champions to be part of it and to say ‘I’ve been on this journey with this development and I get it, and I’ve contributed and I can see where it’s going’, I think it's so important.”
      (Participant 2, Data Scientist)
















Describing collaboration as a journey highlights the social and iterative nature of AI development - this narrative was particularly evident in the process of validation. Rather than seeing validation as a stand-alone test at the end of the process of development, we see validation as not having any specific ‘position’ in the development process. We argue that validation is a process that begins from the outset, with the collaborator’s agreeing on a question together. As a process, it continues through each of the collaborative tasks and activities we have described. At the core of the collaboration is the creation of a shared understanding of the functioning of the algorithm properly contextualised in clinical expertise and experience. The validation tests that were included in our study were retrospective, and the datasets labelled by clinical experts, which established the ‘ground truths’ of the study, are the crucial reference point held in common by all collaborators. The processes of building the software and training the model informed by the expertise of end users add to the process of establishing the criteria for interpreting and assessing the results of validation tests. Validation tests do not abruptly end the process of development, since their results feed back into refining it. Finally, the whole process, undertaken collaboratively, simultaneously builds up the robustness and relevance of validation tests for their clinical contexts, and the trust of all concerned in the results. No part of the process is completely transparent, from end-to-end, to any one of the collaborators, as each ‘sees’ with their own expertise. However, ultimately, collaboration brings a gain in transparency, as understandability, for all concerned. Finally, we hypothesise that collaborations that include clinical end-users in the process of development stand a better chance of reaching prospective clinical studies, not least because clinical experts involved may become ‘champions’ of the AI application, forging a path for them to become at least candidates for such studies (See Box 1). 


Discussion
Our study shows four specific tasks which can be undertaken collaboratively. When collaboration includes computer scientists, data scientists, biomedical scientists and clinical experts, the AI algorithm becomes less black boxed and more understandable for the biomedical and clinical collaborators. Here, the clinical context becomes more accessible for the data and computer scientists who are able to produce AI algorithms that are more anchored in and interpretable in the real-world scenarios where they will need to operate. Clinical experts’ involvement with these tasks is precisely the form of interdisciplinarity that ultimately leads to a better result, more quickly, since the querying by clinical experts is brought in earlier, on a better-informed basis. This process builds up trust between the collaborators, which we hypothesise will lead to a greater likelihood of validation being followed through to prospective clinical studies, which require significant buy in from a greater number of clinical and health care workers. 

Successful AI technology depends on bringing together people with the right skills and expertise: scientific, technological, clinical and collaborative skills. The collaborative skills are broadly social, and span interpersonal and pragmatic relations, as well as organisational and institutional aspects, and sometimes economic too. When a collaboration works well, the knowledge and rich contextual experience of each contributor, shapes the technology as much as the strictly technological factors. These are not ‘soft’ skills. Rather, they result in core features of technology and its performance as a decision support. We suggest that thinking of AI applications for clinical use as an intricate combination of scientific, technological and social inputs will ultimately make research and development in this area more robust, more trustable, and successful.  
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