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Abstract

The rapid development of artificial intelligence (Al) applications for the healthcare setting confronts providers and practitioners
with the challenge of choosing those applications that have the best chance to reduce the burden of care in their context. Thisis
challenging due to a general lack of evaluation metrics and because the evidential claims provided by Al vendors are not always
in line with the forms of evidence needed by healthcare providers and practitioners. This evidence gap currently harms the
development of trust in and acceptability of Al, and thereby hampers the successful implementation and adoption of Al in
healthcare. In this viewpoint, we argue that closing this evidence gap is crucia to helping Al achieve its full potentia in the
healthcare context and we provide practical guidance towards this objective.
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Abstract

The rapid development of artificial intelligence (AI) applications for the healthcare setting confronts
providers and practitioners with the challenge of choosing those applications that have the best
chance to reduce the burden of care in their context. This is challenging due to a general lack of
evaluation metrics and because the evidential claims provided by Al vendors are not always in line
with the forms of evidence needed by healthcare providers and practitioners. This evidence gap
currently harms the development of trust in and acceptability of Al, and thereby hampers the
successful implementation and adoption of Al in healthcare. In this viewpoint, we argue that closing
this evidence gap is crucial to helping Al achieve its full potential in the healthcare context and we

provide practical guidance towards this objective.
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Introduction

A large and growing number of artificial intelligence (AI) applications have been developed and
launched for healthcare in recent years'. These innovations claim to offer significant advances over
current services in healthcare relating to the quadruple aim® namely cost reduction, reduced
workforce pressures, improved productivity, and safety and quality of care. Such advances are much
needed as healthcare systems face significant workforce shortages and consistently rising,
economically unsustainable resource demands®. These shortages, and overall resource scarcity in the
healthcare landscape, represent a wicked problem for managers facing complex investment decisions
with uncertain outcomes under financial and political pressures®. Consequently, healthcare providers
and practitioners face the ‘huge challenge’ of needing to evaluate and choose among many new Al
applications to reduce the burden of care in their specific context, with insufficient clinical and
system validation evidence’. This is particularly challenging because the relevant evaluation metrics
are largely unknown®, and the evidential claims provided by Al vendors currently fall short of the
evidence forms demanded by healthcare providers and practitioners’. In this viewpoint, we define
and evaluate the evidence gap for Al applications in healthcare and explore this gap by comparing
the evidence required and the evidence currently available for Al applications in healthcare settings.
We then discuss how to start closing this evidence gap by identifying lessons learned from the
development and implementation of previous disruptive technologies that faced similar unique
challenges, such as audit and feedback applications like dashboards’. Closing AI’s evidence gap can
help to reduce the ‘chasm’ between Al-development and Al-implementation and adoption in
healthcare®, reducing global spending and time-to-market for relevant applications that can make a
difference. Although closing this gap may seem easier said than done due to AI's complex nature and
particular challenges, there are parallels to be drawn between the nature and implementation of Al
applications and previous disruptive technologies that faced similar unique challenges as AI. We will
therefore finish with recommendations for future work that emphasize the importance of the
adopting context in generating the embedded clinical and system evidence needed to evaluate
whether particular Al applications are capable of addressing the wicked problem of resource scarcity

highlighted above.

The Al evidence gap in healthcare

Al applications are considered one of the most disruptive technologies to date’. The development, but
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especially the implementation and adoption of Al in a complex context such as healthcare, is

therefore a time-consuming, potentially expensive, and challenging process®™

that requires trans-
disciplinary solutions®. Some of these challenges are well described in the literature and can,
amongst others, be of a regulatory, ethical, technical, societal, psychological, structural and financial
nature™. They can be a significant barrier to the implementation and use of Al, causing perceived
uncertainty and ambiguity of how Al applications function or interact. Furthermore, the commercial
organisations that are often in the lead of the development and initial testing of Al applications for
healthcare can be reluctant to reveal too many details as this could jeopardize their competitive
advantage over similar companies’. As a result, Al applications currently face greater mistrust from
prospective adopters and users than conventional applications (e.g. predictive analytics, dashboards).
This puts an increased pressure on healthcare managers, practitioners, and providers to use accepted

forms of evidence to overcome this mistrust, to select appropriate Al applications for their context™,

and to build a strong case for the deployment of Al applications in healthcare®.

Based on the work of Mathews et al.®, we can distinguish three types of validity evidence that, if
acquired during a transparent, standardized, and rigorous process, can contribute to creating the
aforementioned necessary insight into the real-life embedded performance of Al applications in
healthcare. Firstly, technical validation provides evidence on the accuracy and precision of an Al
application, including information on security and interoperability”. Secondly, clinical validation
provides insights in whether the AI application contributes to improved clinical outcomes when used
in the real-world clinical setting. Thirdly, system validation refers to the extent to which the Al
application is successfully integrated into clinical pathways, patients’ lives, and broader healthcare
systems®. This includes real-world utility, which means a reduction in overall morbidity, costs or

workload upon deployment®.

Technical, clinical, and system validation evidence are three critical success factors for effective
implementation and adoption of AI in healthcare®. Yet, technical validity evidence is thus far the
most common type of evidence provided by AI manufacturers', and much less attention has been
paid to the other evidence types. There seem to be multiple factors explaining this predominant role
for technical validation. Firstly, such evidence is relatively easy to acquire once an Al-algorithm is
developed as its technological properties and performance can be tested on an existing dataset’.
Secondly, the innovation process of Al — ranging from the development of the technology to its

12,13 _

embedding and acceptance into clinical pathways is still predominantly conceptualized as a
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linear process in which the technical validation is most prominent at the start and provides the
initial evidence required to facilitate market-launch (Figure 1). Thirdly, the rapid technological
developments underlying Al applications have outrun the development of accompanying regulatory
frameworks with the result that AI manufacturers have been able to produce and market Al
applications while fulfilling only the bare minimum requirement of validation®**. This has enabled Al
developers motivated by commercial concerns to exaggerate the technical effectiveness of AI* or to
market their Al applications as effective, whereas the Al might not (yet) work as promised, or only

under conditions representative of the training data.

Initiation/Development Implementation Adoption/Termination

Technical validation Clinical validation System validation

Figure 1. The innovation-journey of Al (blue) and the corresponding evidence necessary at each

stage of the journey (orange).

Compared to technical evidence, clinical and system validity evidence is much harder to gather and
is therefore only available for a small subset of Al applications in healthcare. Acquiring this kind of
evidence is particularly challenging as it requires the collection of real-world data relating to actual
Al usage in context. This means the AI application needs to be implemented in the clinical context
in which it is expected to perform, and real-time data must be collected to assess the application’s
performance and to determine if the AI will improve patient care, outcomes, or processes. This is not
only time-consuming, but also challenging when upfront investment costs are high, and mistrust due
to the lack of evidence prevents sufficient use of the technology. Furthermore, local differences in
patient case-mix as well as practice pose significant contextual nuances that can heavily impact the
performance of Al applications, especially when trained on data originating from another context™*,
Overall, this can result in negative first experiences and calibration issues that pose significant
hurdles to implementation for the purpose of evidence generation. The wider context in which

clinical decisions are made, including how information is integrated and combined by healthcare
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practitioners, the available systems, pathways, and resources to act on information and available
treatments mean there is much more to Al improving outcomes than its technically validated

“accuracy”.

This lack of available evidence on how Al applications interact with the clinical context in which
they are implemented, represents the so-called evidence gap. This evidence gap suggests that current
Al applications marketed today are not always accurate, robust or useful from a clinical practice
perspective™. Moreover, without accepted clinical and system validation evidence, the

1", Healthcare managers,

implementation and adoption of Al applications is more likely to fai
providers and practitioners thus need transparent, real-world testing of Al applications in situ to
generate situational and external validity evidence®, which can help them to choose suitable Al for
their needs. This will enable them to trust AlY’, to better understand how the Al works and to

understand the impact that Al applications have on healthcare pathways and clinical outcomes®*.

Closing the evidence gap

To theorize how future research can close the Al-evidence gap, we draw parallels between the nature
and implementation of AI and audit-and-feedback technologies like performance dashboards®*.
Such technologies, like Al applications, evaluate and visualize data on local processes or outcomes,

and provide situated guidance intended to steer clinical action”*.

Both types of applications share their ‘black boxed’ nature, meaning that the underlying mechanisms
through which (effective) outcomes are achieved can be obscure, as staff can e.g. ignore or override
the advice provided by the application if they think it is unsuitable to the given circumstances. Lack
of trust, testing, or embedding of these technologies have all been found to act as barriers to use,
preventing causal changes in outcomes, processes, or performance’. For these reasons, we argue that
the implementation of non-Al digital performance applications can provide significant insights for

the production of relevant evidence relating to Al implementation.

One key lesson from the implementation of audit and feedback applications is that the commonly
conducted quantitative studies, designed to establish sought-after validity evidence, were often
insufficient to gain a good understanding of the performance of the applications in situ’. One reason
for this was that the performance of these applications varied across contexts, and quantitative
investigations were not sensitive enough to the role of these contexts®®. As a result, qualitative and

mixed-method approaches gained popularity, and supplemented quantitative studies to establish a

https://preprints.jmir.org/preprint/63087 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Silkenset a

holistic understanding of the performance of and mechanisms underlying audit and feedback
applications. Furthermore, realist evaluations were used to understand how, why and under what
circumstances the applications worked or not*, rather than only trying to establish whether the audit
and feedback applications were effective, on average, in a technical sense. Whilst large-scale,
quantitative studies were able to establish average effects, they were unable to explain why some

implementations were highly effective and others failed.

In closing the evidence gap for Al applications, it is crucial that we take these lessons forward to
encourage the development of a grounded understanding of how the AI functions within a local
context™. We should embrace and adopt approaches that emphasize context and circumstance in
generating embedded clinical and system evidence to evaluate if, how and why AI might address the
wicked problem of resource scarcity in the current healthcare landscape*. This is particularly
relevant for AI applications as they interact with the healthcare system in which they are
implemented and continuously evolve together with these systems, rather than being stand-alone
technologies that can be imposed onto healthcare contexts to achieve desired effects. This suggests
that the innovation-journey needs to be seen as iterative and continuous, instead of linear, and as

being affected by the context (i.e. the system) in which the Al is implemented.

Based on these insights, we propose a new way of viewing the role of validity evidence within this
iterative and continuous innovation-journey of Al (Figure 2). As Figure 2 suggests, both the
innovation-journey of Al and the acquisition of relevant evidence are inextricably linked via a
cyclical and interconnected process in which each stage can inform and impact the other stages. For
example, a clinical validation may clarify that AI’s training data does not match real-world patient
populations in particular contexts, thereby hampering implementation and adoption. This could
subsequently inform and improve a following technical wvalidation, increasing the accuracy,
feasibility, and accuracy of the AI in various clinical contexts and thus improving the chances of

successful implementation.
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Adoption/

Termination

Initiation/

Development

System Technical
validation validation

Clinical
validation

Implementation

Figure 2. The iterative innovation-journey of Al (blue) and the corresponding evidence necessary

throughout the innovation-journey (orange).

We see an opportunity to take these lessons learned forward by integrating them into governance and
legislation frameworks for AI applications in healthcare. We are in dire need of standardized
regulatory frameworks that hold Al applications in healthcare to the same or — considering that Al
applications might access sensitive personal medical information — even stricter standard of evidence
than other diagnostic and therapeutic tools and applications used in medicine, such as medical
devices'. This means that Al applications would need to be subjected to technical and clinical
investigations and then registered before bringing them to the market. In agreement with Vasey et
al.%, we argue for the introduction of early and small-scale clinical evaluations that sit between the in-
silico algorithm development and the larger-scale clinical trials. The focus of such evaluations would
be to assess the real-world impact of an Al application on its users’ decisions at an early stage when
changes to the application are still feasible, as this has been found to facilitate the implementation of
performance dashboards”®. Furthermore, this could help to identify the application’s safety profile
therefore avoiding exposing large groups of patients to harm®. Regulatory frameworks should also
dictate the route to legal approval for clinical use, such as a CE marking, which would most likely
depend on the risk associated with the Al. Such frameworks would hold the Al-manufacturers’

accountable for tracking the performance of the Al longitudinally within the various implementation
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contexts, to handle complaints, and to improve the Al, thereby delivering the much-needed system
level validation evidence. By making sure upcoming regulatory frameworks require ongoing
technical, clinical and systems validity evidence on a continuous basis, we not only gain a clearer
understanding of what Al applications can realistically achieve, but also make it more difficult for Al

developers to embellish their AI's performance for profitability.

Conclusion

The current evidence gap of Al applications in healthcare poses a significant challenge to healthcare
providers and practitioners who have to choose among new applications with uncertain efficacy.
Without accepted and appropriate technical, clinical, and system validation the implementation and
adoption of these applications is unlikely to succeed. To close AI’s evidence gap, we should draw on
key lessons learned from the implementation of previous disruptive technologies that bear semblance
to Al applications. This includes encouraging the gathering of contextually specific evidence to help
us understand how, why and under what circumstances Al applications are fully successful or not.
Implementing standardized regulatory frameworks mandating the longitudinal collection of
technical, clinical, and system validity evidence is imperative to ensure robust accountability for Al
manufacturers. Such frameworks not only foster accountability but also enable practitioners and

society to develop a more comprehensive and realistic understanding of Al's potential in healthcare.
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Theinnovation-journey of Al (blue) and the corresponding evidence necessary at each stage of the journey (orange).
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The iterative innovation-journey of Al (blue) and the corresponding evidence necessary throughout the innovation-journey

(orange).
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