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Objective Methods

H&E stained tissue sections are widely used in clinical We benchmarked three published H&E-to-expression methods (GHIST?3,
pathology due to their ability to provide fast, reliable, and  Pixel2Gene*, SpatialEx>) against ridge-regression baselines on the
inexpensive assessment of tissue structure and cellular same image-encoder embeddings (16 models total), across three skin
organization'. Recent advances in machine learning have  datasets with matched H&E and Xenium spatial transcriptomics.
substantially expanded their utility, enabling prediction of @ Models were trained on one section and tested on a held-out section
spatial omics directly from H&E images?. Yet independent from a different individual. Predictions were evaluated per gene using
benchmark assessing whether published state-of-the-art  Pearson correlation coefficient (PCC), Spearman correlation coefficient
methods can accurately predict single-cell gene expression  (SCC), and Structural Similarity Index Measure (SSIM), and by whether
from H&E images is still missing. cell-level annotations were preserved.
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Figure 1. Graphical summary of the study’s workflow.
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datasets: per-gene PCC for grouped cell-type markers.
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Figure 3. Cell-type structure in predicted gene expression for the two best-performing models,
Hidradenitis Suppurativa dataset.

Conclusion

e We provide an independent benchmark of state-of-the-art e Complex deep learning architectures provide little
H&E-based single-cell gene expression prediction methods in improvement over simple linear models built on
human skin. pretrained image embeddings.

e Current methods accurately predict only a limited subset of e Biological cell-type structure and spatial organization are
genes, predominantly those associated with keratinocytes. not reliably preserved in predicted expression profiles.
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