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Al/SciML Platform for Drug Discovery

Generative Al/MLmodels for
cell differentiationand
unsupervised clinical &

phenotype data integration
and phenomapping

and Drug Development

Functional enrichment &
advanced Natural language
processing(NLP) of published
research literature

Novel NLP embeddings for advanced
feature learning/engineering

Discovery

* Analysis of Single Cell data

* Analysis of multi-omic data

e Class assignment for omics &
phenotypic patient cohort
data

e Drug target discovery

Pre-Clinical

e Biological interpretation of
Al/MLfindings

Domain adaptation and
transfer learning methods for
cross-species and/or cross-
cohort signal acquisition

Novel causal inference
and qML models

Advanced deep convolutional
neural network topologies

Clinical

* Drugrepositioning

* Analysis of RWE data

* MOA

* Drug efficacy assessment in
clinical trials

Commercial

e Digital pathology, medical
image analysis for
radiogenomics & patient
inclusion/ exclusion criteria
for clinical trials




Scientific Impact in the Biomedical Sciences

Featured on Cover
Accompanying Editorial
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Identification of driver
genes for critical forms of
COVID-19 in a deeply
phenotyped young patient
cohort

Featured on Cover

JOUNRAL OF
CHEMICAL INFORMATION
AND MOOELING

Enhancing retrosynthetic
reaction prediction with Deep
Learning Using multiscale
reaction classification

Quantum processor-
inspired machine learning
in the biomedical sciences

Journal of,
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-research

Proteomic analysis and
identification of cellular
interactors of the giant

ubiquitin ligase HERC2

Featured at NHLBI

Smooth muscle cell
reprogramming in aortic
aneurysms
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Somatic mutation in single
human neurons tracks
developmental and
transcriptional history

Accompanying Editorial
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FGF-dependent metabolic
control of vascular
development
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How cold temperature
prolongs C. elegans lifespan

Endothelial TGF-8 signaling
drives vascular inflammation
and atherosclerosis

Accompanying Editorial

HOW LIES

SPREAD

Aging & neurodegeneration
are associated with
increased mutations in single
human neurons

Accompanying Editorial

Endothelial ERK1/2
signaling maintains integrity
of the quiescent endothelium

nature
communications

Shear-induced Notch-Cx37-
p27 axis arrests endothelial
cell cycle to enable arterial
specification
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Ensemble Al/ScIML and Precision Medicine

The computational power of modern Al/ML technology is well-positioned to uncover
new and actionable insights from the exponentially growing pool of biological data.

NATURAL LANGUAGE PROCESSING

Intelligent scanning of sentence syntax to understand
and validate findings in context, at scale

Biological
Context

Data Preprocessing FEATURE LEARNING
The intelligent simplification of high-dimensional
multi-omic data without loss of information

Feature

Learning ENSEMBLE MACHINE & DEEP LEARNING

Intelligent algorithms capable of self-optimization to

Combined Machine and achieve incredible accuracy with complex, layered data

Deep Learning CAUSAL INFERENCE

Probabilistic Specialized statistical learning models capable of

Programming elucidating casual dependencies within biological data

The combination of several Al/SciML methods create a proprietary ensemble Al/SciML strategy capable of

revealing novel patterns and causal dependencies in disparate and varied biological data.




COVID-19 Severity Study: Ensemble Al/SciML/gML
approach to compare critical vs non-critical patients

» Unique study design focused on adults younger than 50 without co-morbidities or age-related decline

« During height of first wave (before corticosteroid use), our collaborators at Strasbourg recruited COVID-19
patients with ARDS requiring mechanical ventilation and matched patients who were sick enough to be
hospitalized but required oxygen without assisted ventilation

Group Description Whole blood | Plasma PBMC
RNA-Seq Proteomics Proteomics

Critical
Non-critical
COVID

negative
controls

Severe COVID patients with ARDS
requiring ventilators

Control COVID patients 23 23 21 25
hospitalized and given oxygen
but not ICU care

Healthy controls from blood donors 22 22 22 22
at same hospital

Carapito, R et al., Science Translational Medicine 2021
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Cohort 1 RNA-seq: Critical(ARDS) vs non-critical groups with ensemble
strategy comprising 7 different Al/ML algorithms including Quantum SVM

(69 patients total) — Leads to stable gene feature sets to allow for subsequent
causal inference (other methods produce variable gene lists)
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Integrated Al/SciML and Structural Causal Modeling on top of
600 RNA-seq genes from critical (ARDS) vs non-critical groups
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COVID-19 project - Experimental Validation of Al/SciML Findings
(effects of ADAMS silencing on viral uptake and replication)

« Silencing Gene X inhibits SARS-CoV-2 uptake and replication Ift: :1
iIn human lung epithelial cells: strong empirical evidence of Gene X
molecular mechanism of action driving complex disease A Q* f
etiology =
A549-ACE2 cells . . 1 supernatant
- Actively pursuing a possible first Al/ML-based repositioning E =
of a drug currently in Phase Il trials ADAM9+ tumors
Vero76 A549-ACE2 Vero76 A549-ACE2
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In Silico Phenotype Projection: Identifying Causal Drivers of
CvD (Hypertension, Vascular Hemorrhage, and Renal Failure)

(Ricard et al., JEM 2019)

(__(i) Perturb ERK1/2 in vitro _$——{__(ii) Data Pre-Processing & Normalization _s——>{ (i) Feature Learning s—{ (iv) Deep Learning & Sens. Maps )
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3 ’_‘z SIERK1/2 \
e = : I i @ i / Deep Artificial Neural Nework \
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Calibration

Example of integrated in vitro *supervised*
classification and structural causal modeling

Test Data
(20%)

(SCM) of bulk RNA-seq data to predict in vivo
h A I 1 A Held Out During Training
phenotype. Analogous to reverse genetics e L
with added systems biology context I
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Research Collaboration with Yale Cardiovascular Research Center
Deep Learning, Structural Causal Modeling, and NLP of Bulk and Single Cell RNA-seq Data



In Silico Phenotype Projection: Identifying Causal Drivers of CVD
Hypertension, Vascular Hemorrhage, and Renal Failure)

Example of causal structural modeling (SCM) of bulk RNA-seq analysis, which is downstream

. o ) : : : ) : ) )
s_uperwsed bulk RNA-seq analysis on pervious slide to derive putative causal drivers of disease (Ricard et al., JEM2019)
etiology, phenotype, etc.

‘Driver Genes’ Overall Direction of Predicted Conditional Dependence ‘Response Genes’
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Pathway Related Reg.

Research Collaboration with Yale Cardiovascular Research Center
Deep Learning, Structural Causal Modeling, and NLP of Bulk and Single Cell RNA-seq Data



In Silico Phenotype Projection: Identifying Causal Drivers of CVD
(Hypertension, Vascular Hemorrhage, and Renal Failure)
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Research Collaboration with Yale Cardiovascular Research Center
Deep Learning, Structural Causal Modeling, and NLP of Bulk and Single Cell RNA-seq Data



Disease-related
guestions

* NASH

* Alzheimer’s

» Oncology

* Lupus

*« COVID-19

« Cardiovascular
* Biology of Aging

* Rare Diseases
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Innovation Accelerator

An opportunity to fail early / fast

A Novel Alf/SciML R&D Innovation Engine

* |terative Innovation
* Novel Insights

 True Discovery



Causal Al and Digital Twin Technology Roadmap:

The future of drug target discovery and drug development

World'’s first Exascale Casual Al platform
(Oracle)
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Probabilistic Graphical Networks of thousands of
disease-relevant variables from patient cohort
data

Engineer Digital twins
from patient data to
create virtual patient
populations for in silico
drug efficacy assessment
for thousands of
therapeutics

Pathology

Modified from Bjornsson et al. Genome Medicine (2020)
S i

Putative digital cure based on probabilistic programming and
structural causal modeling of virtual patient population data
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