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The Cancer Dependency Map (DepMap)

e Assayed genetic vulnerability for 800 cell lines

~30 cancer types), genome-wide

e Proven to be an extremely useful resource:

o novel drug targets

o specificity of vulnerability to cancer type

o informs novel cancer biology
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Limited by Scalability of CRISPR screening
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more essential

e CRISPR (Cas9) Loss-of-function screens
o Requires 20-200 million slides

e Severely limits utility for:
o screens in vivo

o screens across large panels of drugs



Goal: A Representative Gene Set for Genetic Dependencies

e High functional redundancy

across genes 8\8 8}9
e “Representative” gene set that

captures the genome-wide

landscape -
e Demonstrated with L1000

(LINCS) gene set

o 1000 transcripts reconstruct 87% of
non measured transcripts



My Approach: Concrete VAE (CAVE)
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Figure 3. CAVE architecture. Cave contains a

selector layer that chooses & genes, a variational
embedding layer, and 2-layer decoder.
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Recently, efficient feature
selection by concrete
relaxation (gumbel softmax)
for VAE

Built for task of compression
Learns probability distribution
of latent layer

Multitasking



How To: Hybrid in silico CRISPR Screens

1. Selection of gene set for
‘compressed’ screening from
genome-wide training data
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How To: Hybrid in silico CRISPR Screens

1. Selection of gene set for
‘compressed’ screening from
genome-wide training data
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2. Perform compressed screen with guide
library targeting selected genes only



How To: Hybrid in silico CRISPR Screens

1. Selection of gene set for
‘compressed’ screening from
genome-wide training data
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2. Perform compressed screen with guide
library targeting selected genes only

3. Predict non-measured
genes from results of
compressed screen
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200 Genes Infer Genome-Wide Dependencies

CAVE prediction with 200 genes
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Improving CAVE with Lineage Specificity and Gene

Expression

e Lineage prediction task increases
prediction 0.05 - 0.1 R?

e Adding Gene expression increases
prediction ~0.05 R?
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Future Directions

e Test generalizability to CRISPRIi LOF screens

e Experimental validation:
o Run a compressed screen in tandem with genome-wide screen

e Test compressed screening approach across panel of drug conditions
e Test compressed screen in mouse xenograft
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