Quantifying spatial resolution and assessing impact on tertiary analysis for ex-situ spatial transcriptomics technologies
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Image Registration

We describe the various noise sources that impact the
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Nuclear Transcripts heatmap
(Curated nuclear transcripts genes.

Additional sources of noise include errors in identifying nuclei and

Next, we describe a set of tools to quantify the accuracy of
the various components that impact spatial resolution.
Specifically, we describe a methodology to evaluate the
accuracy of nuclei identification and demonstrate the
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Technology. computation of gene expression counts for cell bins.

®
© 2026 Illumina, Inc. All righ d. . . . | l I I I I l
umina, Inc rignts reserve For Research Use Only Not for use in diagnostic procedures. I I a



