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Purpose »  Methods » Our Experience
To describe key factors contributing to successful implementation of artificia AS part pf a rmxgd methods study, we deployed .the gXR Al solution in a.rar?domsed sﬁepped wedge trial We found that successtul CXR Al implementation relies on several critical factors.
intelligence (Al) in chest X-ray (CXR) imaging. With Al's potential to enhance . design, mtroducmg an Al—enabled .pathvyay.that integrates automated triaging of acquired CXR to.enable  bobust IT Infractruct
diagnostic accuracy and workflow efficiency', it is crucial to establish a framework faster reporting and workflow efficiency in line with NOLCP targets. We highlight some of the key insights 50 U|S | tn raSt.I‘UC l]:l‘Ae| AN » | o
. o . o . . " thic | i . Seamless integration of Al outputs into existing platforms is essential for
for effective clinical integration?. We highlight the conditions necessary for . we have learntin this implementation. ; . Jrat P 0 EXIHNG Ple - .
deploying CXR Al successfully and achieving meaningful improvements in . . . . . usability. Embedding Al-generated priority scores into existing worklists and
oy . Y . Figure 2 — Current State USoC diagnostic pathway ' appending Al interpretation to the original CXR DICOM allowed easy case
radiological services. . o e . . » .
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ok ' Stakeholder Engagement and Training
The Optimal Lung Cancer Diagnostic Pathway in Scotland and the National - rocare CXRs would usually be reported in order of acquisition. " Early involvement of stakeholders, including department champions and
Optimal Lung Cancer Pathway in England aim to streamline lung cancer o 4T l | - superusers, alongside comprehensive staff training is key to ensure
diagnosis, recommending an optimised radiology pathway in which CXR and CT S — G e | | vt eento aﬂce fa reportis geﬂf"atedqthe results are returned to - proficient use of Al tools. Departmental flowcharts further supportec
scan reporting occurs within the first week (Week 0) of referral. To address these | [§  * e | o the referring GP or the respiratory team depending on " decision-making.
: : . | i) | local protocols, who then submit a request for an |
recommendations, we implemented an Al CXR evaluation tool called gXR by i b urgent CT. causing further delays in the pathway i
qure.ai®, for prioritisation of urgent suspicion cancer (USoC) cases across 3 of Ot | o | . Ongoing refinement of Al algorithms
sectors which combined acquire over 70,000 outpatient CXRs annually. The 72-hour target to CT is not met. '~ Initial model calibration with local datasets reduced false positives.
5 . Continuous evaluation based on real-world data led to improved diagnostic
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s s | | f | - to trim known abnormal cases from the USoC list.
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g usicr Spirometry o . - g p——— p———— E— Fthe suspicion of cancer persists, a CT request - systems integration, staff training, workflow optimisation, and continuous
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