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lesion detection, DLR consistently improves d’ over FBP, with
gains rising as denoising strength increased.

iy / Patient-data-based virtual imaging trials with CHO evaluation

- N FBP IR DLR-Weak  DLR-Medium  DLR-Strong demonstrated that DLR can degrade lesion characterization

Projection-domain | N Image | performance at low contrasts and very low doses, despite

_hoise insertion ___reconstruction improvements in lesion detection, warranting caution when applying
) s . strong DLR under such challenging conditions.
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