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e Paired same-section Xenium + H&E colorectal cancer: 2 patients, 8
sections, 3.23M cells, 322 genes

e Train Patient A (60,000 cells) — evaluate on Patient B (300,344)

e Four-Part Error Framework

Image encoding + Prediction targets

e Extracted 40 um H&E crops centered on individual cells Folel

e Frozen UNI pathology foundation model converted each crop into a i R o e BT UG T ULRaR e ot andl s LI AbIG he.Brabe o (pparbaun
1024-D feature vector

e Final targets: 20 gene programs (8 curated + 12 Enrichr)

Model

e Small MLP: 1024 — 512 — 256

e Qutputs for each pathway: Predicted pathway score + Cell-specific
variance (aleatoric uncertainty)

e Trained with heteroscedastic Gaussian loss
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MC dropout  +0.190 +0.413
0.0 0.013 e Single-cell VRI can recover meaningful molecular signal from H&E,
m  lable T: Five uncertainty but performance varies substantially by pathway.
methods performed similarly o _ e o
e Prediction accuracy and uncertainty reliability are distinct, an
accurate prediction can still have uninformative confidence.

e Conformal calibration can restore reliable coverage even when the

0.93

0.75 -

model's own uncertainty is miscalibrated.

e In our frozen-UNI setup, ensemble epistemic uncertainty missed
an unfamiliar patient, despite patient novelty being present in the
feature representation.

e Model-reported uncertainty captures only part of the failure

landscape; patient/setup effects and unexplained d. t
eQlil.
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AUC: distinguishable from held-out training cells
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residuals require external evaluation.
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