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PNNs in brain tissue without physically staining it. Validation by Neuropathologlsts
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We administered a Visual Turing Test, tasking 2 board-certified Neuropathologists to distinguish real (N=20) from
Al-generated (N=20, 5 from each model) images. All images were randomized.
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A) In vessel-only cores, Al-FFPE produced spurious PNN-like signal. Adding perceptual loss improved fidelity but residual
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