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Spatial genomics captures both the spatial and
“parts list” variation of living matter in images
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Deep learning is changing how we interpret
niological images

Moen et al, biorxiv 2019
Greenwald, Miller et al, In preparation



Deep learning and spatial genomics is a path
to integrating heterogeneous measurements
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Host-virus interactions govern the viral life cycle

Phage binds and delivers DNA
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Cell lysis A chromosome circularizes Cell undergoes growth and division

Phages multiply



Imaging-based reverse genetics can reveal the
role of the host in the viral lifecycle
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What about mammalian viruses?

Boersma et al Cell 2020

* We can phenotype the life cycle
of mammalian viruses with
imaging

* Mammalian organisms have ~10
times more genes than bacteria

* CRISPR makes genome wide
perturbation possible, but ...

* Arrayed screens require laboratory
automation

* Pooled screens require a method
to identify which cell received
which guide RNA



Optical barcodes can link cells to their
perturpation
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Generating optical barcodes with
CRISPR-Display and RNA FISH
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