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€© Background @ Research Questions Main Findings
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e Artificial intelligence (Al) is 1.How were Al tools for chest diagnostics Implementation qnd use of Al tools | 4 Factors influencing implementation A
being used in radiology to procured, deployed, and implemented at * Used as a second reader. Varied across .networks anq trustin e Contextual factors: Network maturity and system pressures
support the early detection of network and trust level? terms of Al focus (e.g., X-ray/ CT), supplier and function (e.g, influenced the need for implementation and Al purpose
cancer [1]. lung c.anc.er diagnoses/other, prioritisat 0”). o e Barriers: Time, resources/capacity, complexities of tailoring

e Existing evidence suggests 2.What were stakeholder experiences of e Variation in the Al pathway (e.g., referral, eligibility) Al to local contexts (e.g., lack of organisational readiness)
that Al may have benefits, the use of Al in chest diagnostics and * Several tasks had to be completed across various stages e Facilitators: Stakeholder engagement, shared learning,
such as improving detection associated care pathways? orior to implementation which took longer than originally champions/experts (e.g., with more advanced knowledge of
accuracy. However, findings . planned Al) and having resources to support implementation
are mixed and there are 3.How can services best measure the \_ / \_ /
imitations in the current impact of Al Gep oyment on patients 4 Experience of using Al tools ) 4 Measurement and evaluation A

: : and the clinical pathway?
f;/tlfoesnCeeckt)iisees(teu.ii’e?alilrr;li}’/ced e Unable to evaluate this in detail due to delayed e A range of sources could be used to measure the impact
evidenpce " real—worlc’j 4.What were the key cost components implementation of Al tools (e.g., local radiology datasets, linked data and
settings) [2. 3] of Al tools for chest diagnostic that are e Arange of perceived benefits for staff (e.g., faster data from suppliers)

. In Junge 202’3 NHS Enolang necessary for an economic evaluation? reporting), patients (e.g., quicker care) and trusts (e.g., cost e But - need to consider data availability and granularity,
AMnoUnced t,qe Al Diagnostic savings) but some unintended consequences (e.g., challenges isolating impact, varied implementation and
Fund (AIDE). investin g£21 5 Which factors influenced additional workload) comparators
Hillion to ac;celeratef’ihe irﬁplementation’? e Mixed views on implementation (excitement vs scepticism) e Need to measure costs relating to the Al tool, staff
implementation of Al \_ ° Some gaps/inconsistencies in training Y \_  capacity and productivity Y
diagnostic tools for chest X- g N e - - - -
ays and CTs [4]. € Methods Conclusions and implications

Study aim: To evaluate the early * 10-month rapid mixed-methods study | e Al for chest diagnostics is being implemented in various ways across England, with different aims, pathways and
aeployment and. |mplementat!on * Da’Fa from 10 networks. & 3 case stu.dy sites (hospital trusts) approaches. Many networks are learning on the job, given the innovative and complex nature of Al.
of Al for chest diagnostics, being * 49 interviews, 57 meeting observations e Many factors can influence implementation, including barriers such as time and facilitators such as stakeholder
\_ rolled out as part of AIDF. . e Analysed 166 key documents engagement and support.
* Interview data was analysed using Rapid Assessment Procedure e Monitoring the impact and cost-effectiveness of Al is constrained by data gaps and limitations of data
)i \___(RAP) sheets [5]. Yy, infrastructure.
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