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BACKGROUND RESULTS
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intracellular phosphorylated Tau.

* With recent advances in anti-Amyloid antibody
treatment, there is an increasing need for an accurate (Eoaise Grali Bea)
and sensitive monitoring tool to assess disease

progression and treatment effectiveness.
* Even the FDA-approved biomarker, like PiB PET
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green. FRCNN, the specialized contextual detector is more capable in finding
core plaque hiding within other amyloid (yellow arrows), where the UNet
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the segmentation masks for the classifier.
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