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Introduction Figure 1: Consort Diagram

A diagram showing the exact reasons for exclusion, the number of

Machine learning (ML) can support multidisciplinary team (MDT) decision- repeat decisions excluded and the out-of-training-distribution cases.

making in oesophageal cancer, and we have previously developed and
externally validated two ML clinical decision support tools (v1, v2). The next
challenge is successful implementation into routine clinical practice. This study
evaluates prospective real-world deployment of the tool in shadow mode to

identify barriers to clinical implementation f 421 MDT decisions )
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Results:

Twenty-three MDTs generated 421 discussions, with 137 unique eligible oesophageal cancer treatment decisions analysed. Twenty-four percent
(33/137) of decisions were out-of-training-distribution, predominantly definitive chemoradiotherapy, leaving 104 decisions suitable for algorithm
evaluation. Only 76/104 had complete input data. Within these 76 cases containing complete input data, the model achieved an overall accuracy of 49%.

Model v2 Figure 2: Confusion Matrix Figure 3: ROC Curves Figure 4: Time - Entropy
_Lln uts: Total 34 18 3 2 19 Total Multiclass ROC Curves Model 2
Staging (T/N/M) S o . ) . . N 7 f /;/"" 800 - . If.r::;}rre;tct
Histology L[] e 700 -
(SCC/adeno) S o ) X § . " T
g & 2 o061 600 -
SeX g fg ,// —
& g s % 500 - o
Age 4] 1 7 32 3 /,,/ E
e & 400 .
Performance status 02 ] Jj e - [ ‘ .
ECOG 0- 4 . Ieh — fuememesario | LT g e "t
Co-morbidities (7) &Q@a < e - - R — e"d°;A8U°=°-615’ - 200 - ° s ° : ) o‘.. ° af )
Outputs mdt_outcome 100 ‘ o
. . 0 1
Endoscopicresection | Tpis confusion matrix shows the results This diagram shows the ROC curves for 00 01 02 03 04 05 06 07
SRy €y for model V2 when input data was each outcome. Only cases with complete B
Surgery + complete (73%, 76/104) and CRT and data were used. CRT and chemo were This diagram shows correlation between
chemotherapy chemotherapy are combined. combined. MDT decision time (a proxy for complexity)
Surgery + and algorithm entropy. There is poor
chemoradiotherapy correlation.
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Flgur.e 5 Model Confidence and || conclusions: Lessons Learned:
Prediction Accu racy Although the decision support tool demonstrated - High model performance # successful
T, reasonable performance on recognised treatment _ _
200 =3 neomec pathways, prospective deployment exposed implementation
. important real-world implementation challenges - Registry datasets capture outcomes, not
including out-of-training-distribution decisions, - _
§ 100 incomplete input data and evolving clinical clinical reasoning
7.5 pl’aCtlce MOdel Confidence was aSSOC|ated W|th ° Clinical practice eVOIVQS, models must evolve
prediction accuracy, but entropy did not reflect
| . , | MDT decision complexity. These findings too
> wmax demonstrate that successful clinical Al depends - Real MDT decisions are iterative, not point-in-
_ as much on representative training data, robust _ o
;';h;g%i:ts?ﬁe"vscmi‘é‘;hﬁnhﬁgie”r‘OdeI (v2) 1| routine clinical data capture and workflow time classifications
' integration as predictive performance. - Missing and ambiguous data challenge Al
Successful clinical Al is an implementation th linici
challenge as much as a machine learning more than clinicians
challenge. * Decision support requires workflow
integration, not just prediction
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