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Imaging

Machine vision

Genomics

Protein structure and
engineering

Drug discovery




Deep Neural Networks for Genomics

A Short History

2015

Convolutional networks
(DeepBind, DeepSEA, Basset)
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Medical Images are Simple Compared with Genomics
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GENETICS

Deep learning: new computational
modelling techniques for genomics

4 Major Classes of Neural Networks Used in Genomics

Fully connected

Convolutional Recurrent Graph convolutional

M. S0 TN 2

Predefined features such as
number of k-mer matches,
total conservation

Feed forward

Translation Time Node index permutation
* DNA sequence * DNA sequence * Protein—protein interaction network
* Amino acid sequence * Amino acid sequence e Citation network
* Image e Time series measurements ¢ Protein structure
Parameterized information flow = Link O Node in the neural network (scalar or tensor)

Eraslan G et al, July 2019




Deep learning: new computational
modelling techniques for genomics
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BAM processing

A unified haplotype-based method for accurate

Genotype models

Calling model

and comprehensive variant calling

Octopus higher sensitivity and specificity that prior variant callers
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Predicting Splicing from Primary Sequence with
Deep Learning
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Detection of Pathogenic Variants With Germline Genetic Testing
J AM A Using Deep Learning vs Standard Methods in Patients
With Prostate Cancer and Melanoma
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Detecting repeated cancer evolution from multi-
region tumor sequencing data

Giulio Caravagna®'?*, Ylenia Giarratano®?3, Daniele Ramazzotti®, lan Tomlinson®53,

Trevor A. Graham©¢, Guido Sanguinetti®®?* and Andrea Sottoriva®™
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EXCLUSIVE Experts hail ‘exciting’ medical breakthrough

ROBGT WAR
ON CANCER

@ Artificial Intelligence
predicts tumour growth

@ Scientists hope to stay
one step ahead of disease

A COMPUTER tool that By Giles Sheldrick
uses artificial intelligence Chief Reporter
could save the lives of thou- 1, Jjikely it is to respond to
sands of cancer patients. treatment and what drug com-
The machine, designed in pinations might work.
Britain, can learn to predict The new technique, which has
how tumours will grow, evolve  been shown to work in tests on
and spread, scientistsrevealed historic tissue samples, could
last night. be inuse in cancer clinics within
That will enable doctors to afewyears. )
tackle the disease earlier and  The work is being carried out

_tailpr_ drug treatment to each by ateam led by tk_le Institute of
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Tracking the Covid Code Ultracheap DNA sequencing could help end the pandemic — and reshape the future of health care. By Jon Gertner
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Learning the language of viral evolution and escape

) Local fitness landscape Viral escape H H
: , Viral protein sequences
g High fitness, High fitness, H 1
E an%igenically similar an%igenically different v L S A K A A Fltness Immune Semantlcs
ﬁ P —— >0 o
S . " N
= Originalo"(‘)'"g'o CSCs o ® OO o V L S I K A A ngh Slmllar
£ . : Immune
= ° °o0 o VLSYKAA High Distant «—
= o (@)
g ZLoss of fitness OOOOOOO © X = escape
£ ° VLSKKAA  Low
0]
Semantic landscape (antigenic variation) * ...................................................

had Original: australian dead in bali . =
Semantically closest: aussie dead in bali PredICt immune escape

CSCSchange: australian ballet in bali

Original: blast off of apollo 8

Semantically closest: blast off of apollo 13

CSCS change: blast victims of apollo 8

SARS-CoV-2 Spike

RBD

N-terminal domain _ i

Escape enrichmenté

P=1 %10 90°
R binding d e .
eceptor binding domain § S
Escape enrichment, ‘ Esz - Clence
P=27x10? Predicted scape depletion,

5
escape potential P<1x10

- -+

14 January 2021




THE

NEW YORKER

THE PASTRY Al THAT
LEARNED TO FIGHT
CANCER

In Japan, a system designed to distinguish croissants from
bear claws has turned out to be capable of a whole lot more.

pasn g

By James Somers
March 18, 2021

Transfer learning

Meta-learning for genomics to reduce

the amount of data for models
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Brain tissue Single cell isolation

(CO0000000000000000000)

Large labeled source dataset

Using transfer learning from prior
reference knowledge to improve
the clustering of single-cell RNA-
Seq data

Unlabeled target dataset
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Clustering and visualization

Clustering and visualization
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Exploring single-cell data with deep multitasking
neural networks

How to analyze 11 million T cells from 180 samples, 40 patients
(and control for batch effects, different sample preps)
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Machine learning for deciphering cell

heterogeneity and gene regulation

1. Input data

sCATAC-seq
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2. Low-dimensional
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3. Common embedding
(for integrative methods)

* Linked self-organizing maps
+ Non-negative matrix

factorization

+ Manifold alignment
* Bipartite matching
+ Nearest-neighbor mapping

o

Dimension 1

Dimension 2 Dimension 2

Dimension 2

4. Analysis

Cluster analysis

e Cluster 1
# o Cluster 2
B, e Cluster 3
Cluster 4
.j:s
&

Dimension 1

Trajectory inference
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o

Dimension 1

Regulatory networks inference
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Dimension 1

"Opportunities to
understand epigenetic

regulation”
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Predictable an
CRISPR editing

Max W. Shen!"2!12) Mandana Arbab>%>12 Jona
Christopher A. Cassa®1, David R. Liu>*>#, D:

Following Cas9 cleavage, DNA repair wit
impractical beyond gene disruption. Here
repair to a predicted genotype, enabling ¢
of 2,000 Cas9 guide RNAs paired with DI
genotypes and frequencies of 1- to 60-ba
five human and mouse cell lines. inDelp
‘precise-50’, yielding a single genotype
experimentally confirmed precise-50 inse
in primary patient-derived fibroblasts of
and Menkes disease. This study establishe

Clustered regularly interspaced short palindromic
Cas9 has revolutionized genome editing, providin;
tools and promising agents for the potential treat:
eases'®. The DNA-targeting capabilities of Cas9 h
by the development of guide RNA (gRNA) desig)
elling of factors leading to off-target DNA cleavag
Cas9 sequence fidelity by modifications to the n
and the evolution or engineering of Cas9 variar
PAM sequences®. Similarly, control over the proc
genome editing has been advanced by the develoj
ing to achieve precise and efficient single-nucle
and the improvement of template-directed homol
(HDR) of double-stranded breaks®. Despite these

editing does not mediate insertions or deletions, «
by low efficiency, particularly in non-dividing cell
by-products. As many human genetic variants assc
arise from insertions and deletions®!'°, methods to ¢
insertions and deletions to alleviate pathogenic mu
able manner with a major single-genotype outcom¢
field of genome editing.

Non-homologous end joining (NHE]) and
mediated end joining (MME]) processes are majo1
in the repair of Cas9-mediated double-stranded b1
in highly heterogeneous repair outcomes comp
repair genotypes. Although end-joining repair of C
ble-stranded DNA breaks has been harnessed to f
DNA templates'!"? or deletion of intervening seq
cleavage sites®, NHE] and MME] are not generally ¢
precision genome editing applications. Previous v
the heterogeneous distribution of Cas9-mediated ¢
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Large dataset enabl
CRISPR-Cas9 editir

Ryan T. Leenay'"’, Amirali Aghazadeh
Ryan Apathy?, Eric Shifrut®, Judd F. Hul
Hera Canaj', Manuel D. Leonetti®’, Ale
James Zou ®"215*

Understanding of repair outcomes after Cas9-i
cleavage is still limited, especially in primary hur
sequence repair outcomes at 1,656 on-target ger
primary human T cells and use these data to tra
learning model, which we have called CRISPR Rej
(SPROUT). SPROUT accurately predicts the leng
ity and sequence of nucleotide insertions and d
will facilitate design of SpCas9 guide RNAs in th
important primary human cells.

Primary T cells are a promising cell type for theraj
editing, as they can be engineered efficiently ex vivo
transferred to patients’. However, detailed informat
genomic outcomes of Cas9-dependent editing in pr
cells is lacking. Here we systematically characterize
pyogenes Cas9 (SpCas9) repair outcomes in primary "
healthy blood donors (Supplementary Fig. 1).

Targeted sequencing was applied to 1,656 un
locations within 559 genes in primary CD4* T cells
(gRNAs) were combined with SpCas9 to assembl
protein complexes (RNPs) and electroporated into 1
was isolated from cells after 6d of recovery and exg
180- to 260-base-pair region around each site was I
and sequenced (Fig. 1). We quantified the distribu
outcomes at each target site from the generated an
using CrispRVariants® (Fig. 1). In total, 31% of reads ¢
tions centered around the cut site with an average dels
13 base pairs. We also found that 20% of the reads ha
the cut site, and 95% of these insertions were exactl
(Supplementary Fig. 2). Only 0.008% of reads cont
insertion and a deletion.

There were an average of 98 discrete repair outc
get site that were observed at a frequency greater t
reads, and different sites were highly variable in the p
length distribution of insertions and deletions. The re
from each target site were similar between donors, but
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Deep learning improves
prediction of CRISPR-Cpfl
guide RNA activity

Hui Kwon Kim!2?, Seonwoo Min??, Myungjae Song!-4,
Soobin Jung!2, Jae Woo Choil»>, Younggwang Kim!:2,
Sangeun Leel?, Sungroh Yoon*®® & Hyongbum
(Henry) Kim1-2>78

We present two algorithms to predict the activity of AsCpfl
guide RNAs. Indel frequencies for 15,000 target sequences
were used in a deep-learning framework based on a
convolutional neural network to train Seq-deepCpfl. We then
incorporated chromatin accessibility information to create the
better-performing DeepCpf1 algorithm for cell lines for which
such information is available and show that both algorithms
outperform previous machine learning algorithms on our own
and published data sets.

Cpfl (from Prevotella and Francisella 1) is an effector endonuclease
protein of the class 2 CRISPR-Cas system and allows genome edit-
ing in various species and cell types, including human cells!-7. We
previously reported a high-throughput method for evaluating Cpfl
activity in human cells, which allowed the development of a prototype
computational algorithm for predicting the activity of AsCpf1 (Cpf1l
from Acidaminococcus sp. BV3L6) based only on target sequence com-
positiond. However, our initial program was based on conventional
(non-neural network) machine learning trained on a medium-scale
(1,251 target sequences) data set of Cpfl activities. Here we developed
programs with significantly improved accuracy for predicting AsCpf1
activity at endogenous target sites.

We first obtained large-scale data sets of AsCpf1 activity at 16,292
(experiment A) and 2,963 (experiment B) lentivirally integrated tar-
get sequences using our high-throughput method and 20-nt guide
sequences® in HEK293T cells. The high-throughput experiments A
and B led to the generation of data sets HT 1 and HT 2, respectively,
which consist of target sequence compositions and corresponding
indel frequencies (Supplementary Tables 1 and 2). Data set HT 1
was split into data sets HT 1-1 (n = 15,000) and HT 1-2 (n = 1,292)
by random sampling.

To build Seq-deepCpfl, a deep-learning-based regression model
that predicts AsCpf1 activity based on target sequence composition,

we used an end-to-end deep-learning framework based on a con-
volutional neural network (Fig. 1a and Supplementary Fig. 1). We
performed nested cross-validation with data set HT 1-1 to evaluate
the generalization performance of model selection and training of
Seq-deepCpfl (Supplementary Figs. 2 and 3 and Supplementary
Table 3). We found that 34 bp was adequate as the input target
sequence (Supplementary Fig. 4).

nature
a biotechnology

High-throughput profiling of

Cpf1 activity Deep learning training
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Figure 1 Deep learning outperforms conventional machine learning for the
task of predicting Cpfl activity based on the target sequence composition.
(a) Schematic representation of deep learning for the target-sequence-
dependent Cpfl activity prediction. (b) Nested cross-validation of Cpfl
activity prediction models trained on different size data sets. Each point
represents the average result of ten outer folds. The Spearman correlation
coefficients between experimentally obtained indel frequencies and
predicted scores from Seq-deepCpfl and other conventional machine
learning approaches are plotted for six different training data set sizes.

For the sake of clarity, results from statistical significance testing are shown
only between the best model and the two next-best models (Seq-deepCpfl
vs. L1L2 regression, ****P = 6.5 x 10-%; Seq-deepCpf1 vs. L2 regression,
*xxp— 5 b x 10-6; Steiger’s test). The confidence intervals are described
in Supplementary Table 7. (c) Performance comparison of prediction
models. For three independent test data sets (HT 1-2, HT 2, HT 3), the
Spearman correlation coefficients between measured indel frequencies and
predicted Cpfl activity scores are shown. For the sake of clarity, results from
statistical significance testing are shown only for the pair of the best and
the next-best models (left to right; *P=0.015, *P=0.026, and ns = not
significant; Steiger’s test). Error bars represent 95% confidence intervals,
which are also described in Supplementary Table 7. Boosted RT, gradient-
boosted regression trees.



S . Comprehensive AAV capsid fitness landscape
CICIICC reveals a viral gene and enables
machine-guided design
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IN SITU SEQUENCING

Expansion sequencing: Spatially precise in situ
transcriptomics in intact biological systems

Register and analyze

Expand and sequence

Super-resolution in situ
sequencing

Nano-compartment analyses
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In situ sequencing of physically expanded specimens enables multiplexed mapping of RNAs at
nanoscale, subcellular resolution throughout intact tissues.

SCience Alon S et al, January 2021
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Multiview learning for understanding
functional multiomics
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A Digital Twin Infrastructure for Cancer

The Cancer Genome Atlas
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~200,000 patients
sequenced, multi-omics,
EHR, treatment, outcomes,
path and scans digitized

~400,000 patients EHR and
molecular diagnostics

~800,000 imaging digitized
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Scripps Research Imputation Project

2p21
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Chromosome 22*

¥

Whole genome

*~1,000 very complex regions
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A Lesson on Data Inputs

Synthetic Data: 30,000 “Virtual Babies”

Read vcf file Retrieve genotype matrix

Phased VCF file [—) (readVCF) _
Filter by minor allele frequency (etieveGERl es) Q

Compute pairwise marker Simulate individuals in a — -
correlations pedigree
(startSimulation) (mate)
Convert base pair positions to Simulate unrelated Q
Genetic map :> centimorgan Individuals
(startSimulation) (generateUnrelated|ndividuals)
(a) overview of simulation workflow (b) Recombination process for the

simulation of related individuals

Genomic data Augmentation | . o
. . L. sim1000G: a user-friendly genetic variant
|\/|ore admlxed, dOUbled S|ze Of tralnlng data simulator in R for unrelated individuals and

family-based designs

Dimitromanolakis et al. BMC Bioinformatics (2019) 20:26
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Improving Performance with Genomic Data Augmentation
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Deep Learning-Based Polygenic Risk Prediction
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Genotypes

Output Neuron

Hidden Encoding

Extend to:

 Deeper networks

* Inclusion of clinical risk factors
* Multi-task deep learning
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A GPU Guzzler

4 models per GPU

Project for chromosome 22 with 18 GPUs
running in parallel

Each model takes 3-5 days to train

Extrapolation for Whole genome
~500,000 GPUs







NVIDIA CORP

Nvidia VCX 900-21001-0000-000 A100 40GB CoWoS HBM2 PCle 4.0 Passive Cooling
Mfg Part Number: 900-21001-0000-000 , ltem #: 4162417

NVIDIA A100
for NVLink
Peak FP64 9.7TF
Peak FP64 19.5TF
Tensor Core
Peak FP32 19.5TF

Tensor Float32 156 TF | 312 TF*
(TF32)

Peak BFLOAT16 312TF | 624 TF*
Tensor Core

Peak FP16 312TF | 624 TF*

Tensor Core

Peak INT8 624 TOPS | 1,248

Tensor Core TOPS*

Peak INT4 1,248 . . . .

Tensor Core TOPS | 2,496 Price: $1 3,209.07 + Free Shipping
TOPS*

GPU Memory 40GB 80GB
GPU Memory 1,555 2,039

Quantity: 1 FGLEGK:]y:

Bandwidth GB/s GB/s
More to Come
Interconnect NVIDIA NVLink
600 GB/s**

PCle Gen4 64 GB/s Last Updated: Mar 26, 2021

Multi-Instance  Various instance

GPU sizes with up to
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Form Factor 4/8 SXM on

NVIDIAHGX™ A100
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Rapid Al Medicine for Critically Ill Infants Childre .

Inst1tute§§

Genomic Medicine

Every minute without a diagnosis counts

The fastest possible diagnosis in 13.5 hours for these babies,
using Al tools to optimize for speed and performance

Times: 748’ @ 12’ (<60’)
) S
b tion + S Alignment and | Automated Diagnosis (Fabric
Sample reparation + Sequencing variant calling GEM, InVitae MOON)
from Rapid
infant Medicine
./ Clinical feature extraction by CliniThink Natural GTRx automated
Language Processin
R =Ubported by guag g management \ /

Al / machine
learning 1’




Clinical Natural Language Processing (CNLP)

CliniThink or CLAMP, transforms unstructured EHR data into a structured list of Human Phenotype

Ontology Terms

CliniThink has been iteratively trained on Rady Children’s electronic health records for optimum

performance in extraction of terms relevant to rare genetic diseases

CC: Bilateral knee pain

HPI:
The patient is a 24 yo African-American man with h/o sickle cell disease who presented to the
in. be; 00

e pain began Thursday mornis

in after being hit with basketball, but
in and fevers requiring
hospitalization for approximately and received 3U PRBCs. Patient unclear
er he had peumonia or acus yndrome

Allergies: NKDA

Medications:
: mg qd
et (5/325mg) 1 tab q4-6hr PRN for pain

Review of Systems:

Clinithink

HPO Code HPO Term Frequency
hp0000152 Abnormality_of _head_or_neck 10
hp0000234 Abnormality_of the_head 10
hp0002086 Abnormality_of_the_respiratory_system S
hp0000765 Abnormality_of _the_thorax 8
hp0001438 Abnormality_of _abdomen_morphology 8
hp0002170 Intracranial_hemorrhage 8
hp0000707 Abnormality_of_the_nervous_system 7
hp0001892 Abnormal_bleeding 7
hp0001928 Abnormality_of coagulation 7
hp0002088 Abnormality_of_lung_morphology 7
hp0002107 Pneumothorax 7
hp0003256 Abnormality_of_the_coagulation_cascade 7
hp0003270 Abdominal_distention 7
hp0100750 Atelectasis 7
hp0001298 Encephalopathy 6
hp0001342 Cerebral_hemorrhage 6
hp0012443 Abnormality_of brain_morphology 6
hp0000969 Edema 5
hp0001626  Abnormality_of_the_cardiovascular_system 5
hp0001941 Acidosis 5
hp0002118 Abnormality_of the_cerebral_ventricles 5
hp0002615 Hypotension 5
hp0011024  Abnormality_of the_gastrointestinal_tract 5
hp0025031 Abnormality_of_the_digestive_system 5
hp0030746 Intraventricular_hemorrhage 5

Infant Deaths (n=30)

OMIM CNLP

15.7
148.6 (10.5%) 204.46

Infants who did not die (n=122)

OMIM
CNLP

9.0
158.9 (5.7%) 127.0




Automated Interpretation Reduces Analytic Time

GEM (Fabric Genomics) and MOON (InVitae)

Prioritizes and ranks variants

HPO TERMS CASE INFO

Hydrocephalus Encephalopathy

Death in infancy Respiratory failure

Feeding difficulties in infancy

7 HPO terms

D

GEM accurately made
this diagnosis of isolated
sulfite oxidase
deficiency due to a
mutation in the SUOX
gene

(.

SUOX
ENST00000394109

Condition: SULFITE OXIDASE DEFICIENCY, ISOLATED ~ m

Autosomal Recessive

(.

" 0.8

USP7
ENST00000344836

LYST

ENST00000389793

Condition: CHROMOSOME 16P13.2 DELETION SYNDROME ~ m

Autosomal Dominant

Condition: CHEDIAK-HIGASHI SYNDROME ~ m




Rapid, Precision Management for Rare Genetic Conditions

Genome-To-Treatment
(GTRX)

an automated system for
immediate, 24-hour management
of newly diagnosed genetic
conditions

Al was used to pull references for
a list of 358 severe, treatable
genetic conditions and extract
relevant interventions

Available in a web resource for
frontline clinicians

Step 1

Gene list generated

l

Step 2 > Step 4 Development of

Extraction and Compilation of genetic
disease information resources

wetadat I

Orphanet Monarch Mondo
OMIM Monarch HPO
MedlinePlus GHR HGNC

DrugBank PubMed

GARD INXIGHT

. [REDCap

Al curation of
interventions

ALEXION

Expert Panel
Development of Curation

review interface

ALEXION

I Rancho

GENOMENON?®

bioAgciences

epam:

Curation Partners

user interface [ ) &y 79 F P
«dncno

ORNITHINE TRANSCARBAMYLASE ==&
DEFICIENCY v
ARernate Name (s)

Intravenous lipids




Individualized Medicine
from Prewomb to Tomb Genome

Transcriptome

Proteome

Metabolome

™

Microbiome
\

Epigenome

Exposome

Phenome

Physiome

Anatome

Topol
CEI March 27, 2014




he Virtual Medical Assistant

Inputs

Social, behavioral
Genomics and omic layers
Biosensors

Immune system

Gut microbiome

Anatome

Environmental

Physical activity, sleep, nutrition
Medication, alcohol, drugs
Labs, plasma DNA; RNA
Family history

Output

Communication, speech @ ) O
% : ONRAZFELD KL
Cognition, state of mind PR A\ 7 ‘3\1‘%‘?
)/ NN “ll \“ ] .
All medical history o 2 e Virtual health guidance

World’s medical literature,
continually updated

/ Jan 2019
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