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* Feature Engineering methods Cancer and Control samples according to breast NPV 0.897 NPV 0.736
. Modeltuning and threshold assessment ~ 4ens'%: age group and BMigroup. BpY 0474 PPV 0,558
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Based on technical variation from analytical validation (10,000 simulations)
*PPV/NPV reflect validation-cohort prevalence and were not adjusted to the ~0.6% invasive breast cancer detection prevalence observed in routine BreastScreen Australia

participants aged 50-74 attending subsequent screening rounds (AIHW, 2026).
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