Discovery with deep learning, human
and perturb-seq

Kyle Kai-How Farh, MD, PhD

VP & Distinguished Scientist, Artificial Intelligence

L[]
®
I I I U m I na © 2024 lllumina, Inc. All rights reserved.



Our 5-year plan: to decipher the effect of all variants in the
human genome

Our current knowledge of the clinical effects of ¢ m

Variants with

Known Function
(0.1%)

Variants of

70 million - N _Unl_ﬂjown
rotein-codin Significance

P : 9 | (99.9%)

variants

O

illumina .



PrimateAl-3D resolves variants of unknown significance (VUS) by
leveraging large-scale evolutionary data
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CACNA1A — AA position of primate and ClinVar variants
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PrimateAl-3D: state-of-the-art 3D-NN for variant interpretation
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PrimateAl-3D leads in all clinical variant interpretation benchmarks
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Using protein levels to benchmark Al variant prediction algorithms

n=701 O-link proteins in 50,000 UKBB participants
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Variant interpretation tools improve target discovery power

Clinical biomarkers highly correlate with Prin prediction scores Using PrimateAl-3D predict
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Rare variant PRS generalizes well to non-European populations

Rare variant PRS percentile groups
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Variant interpretation is a key bottleneck for drug target discovery

Develop drugs that mimic natural genetic variants

PCSK9
Loss of , Drug
Function
Mutation >-

Low LDL cholesterol levels

Power to discovery novel drug targets =

Variant Interpretation
X
Cohort Size

|dentification of genetic variants that contribute to human disease

helps improve the odds of success for drug discovery and clinical trials
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Recovery of cholesterol pathway from Al + genetics
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PrimateAl-3D recovers all cholesterol drugs using UKBB 450K exomes
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Al algorithms in development for understanding the noncoding genome

Reduce VUS in coding regions
PrimateAl-3D
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SpliceAl predicts noncoding variants that disrupt splicing
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Clinical validation of SpliceAl noncoding pathogenic variants

Validation rate
o
D
|
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e RNA-seq Validation Experiments with Stephan Sanders (UCSF) —
- Used deep learning to predict noncoding mutations in 28 undiagnosed autism patients
- RNA-seq in patient blood samples validated the predicted aberrant splice event in 75% of case
- Similar validation rate in Genomics England on 5000 undiagnosed rare disease patients

llumina

Jaganathan et al, Cell 2019



PromoterAl variants produce outlier gene expression on both the
RNA and protein levels
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Validation in 50,000 individuals
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PromoterAl variants are enriched in disease genes in the 100,000
Genomics England rare disease cohort
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Contribution of coding & noncoding SNPs to GEL rare disease
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100,000,000+ cell Perturb-seq atlas by end of 2025
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Overloading the 1M kit to get 1.7M single cells in a single experiment

Same amount of data would require ~100 overloaded 10X runs

4M cells loaded — 1.7M recovered
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CRISPRI perturb-seq knockdown vs previously published data
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Genome-wide CRISPRa perturb-seq targets 6M cells in HAP1 with 60,000 guide pairs

3-fold genome-wide for library optimization

Showing 15438 genes with minimal amount of
expression in either perturbed or control cells (> 0.1)
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IPSC perturb-seq: Knockdown of OCT4, SOX2 lead to differentiation
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Perturbation correlation identifies genes with similar functions
(demonstrated by protein-protein interactions)

16,929 genes

Expression profile Perturbation-perturbation Significant correlations
upon gene perturbation correlation matrix enriched in STRING PPIs
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lllumina’s solutions for precision medicine and discovery

a Sequencing platform a Software ecosystem e Al & perturb-seq

* Instrument DRAGENT™ secondary analysis Leading Al algorithms and datasets
* Library prep * lllumina Connected Analytics (ICA) for delivering new insights into human
* Reagents « Emedgene™ genetics at scale

* lllumina Connected Insights (ICl)
* lllumina Connected Multiomics (ICM)
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