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Davis-Marcisak et al, 2021, Cancer Cell
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Example: 10x Visium sample of invasive breast
ductal carcinoma

Retains the spatial context of molecular profiles
of cellular neighborhoods i
— Whole transcriptome 4 \
- High dropouts like scRNAseq
— Spot-based technology (50um dia.)
- One to ten cell per spot
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Quantifying the underlying biological factors .) JOHNS HOPKINS
using matrix factorization mEDICINE
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Wagner et al, Nat. Biotech. 2016
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The algorithm looks for patterns that define the biological
activity in a set of samples (e.g., time points)
and the amplitude at which each gene contributes to
that biological process.

. samples
Genevieve

Stein-O’Brien



CoGAPS as a Bayesian sparse nonnegative matrix JOHNS HOPKINS
factorization for genomics data mEoicine
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Bioconductor Package CoGAPS
Seurat and GenePattern Workflows

Fertig et al Bioinformatics 2010;
Stein-O’Brien et al Bioinformatics 2017;
Genevieve Stein-O’Brien et al Cell Systems 2019; 7
Stein-O’Brien Sherman et al BMC Bioinformatics 2020
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Higher dimensional CoGAPS analysis leads (@) JOHNS HOPKINS
to further resolution of the heterogeneity
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Unsupervised CoGAPS analysis also reveals
spatially overlapping features
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Can we identify markers associated with spatially interacting features?



SpaceMarkers identifies pathways altered
from tumor and immune interactions
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CoGAPS reveals spatially
overlapping patterns

1. The interaction region of two
patterns defined as spots with
overlapping influence from both

2. Identify genes associated with
spatial pattern interaction
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SpaceMarkers identifies interaction region JOHNS HOPKINS
between two spatially overlapping latent features

Feature smoothing Outlier detection Region classification
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2. SpaceMarkers detects molecular changes JOHNS HOPKINS
associated with pattern interactions
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SpaceMarkers output helps identify pathways
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altered from tumor and immune interactions Sun.
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Associating cells in matched scRNAseq data
using transfer learning and SpaceMarkers
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ProjectR Transfers Features to Target Dataset
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* CoGAPS nonnegative matrix factorization can reveal underlying biological features or cell
populations in spatial data.

* SpaceMarkers identifies markers of intercellular interaction associated with spatially
overlapping latent features.

* SpaceMarkers output is dependent on the latent space method.
* Applied SpaceMarkers with features learned from CoGAPS and STdeconvolve.
Availability

* Preprint of manuscript available on biorxiv
(https://www.biorxiv.org/content/10.1101/2022.06.02.490672v1)

* SpaceMarkers R package available at https://github.com/FertigLab/SpaceMarkers

Future Work
* Apply SpaceMarkers with more latent space methods

* Extend the algorithm to more than two overlapping patterns


https://github.com/FertigLab/SpaceMarkers
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