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Deep learning and chemistry

* In 2006, virtual screening could
computationally screen roughly
10> compounds

* In 2018, deep-learning was applied

directly to native molecular
representation

* In 2020, virtual screening with
deep learning screened over 100
compounds in a few days.

Continuous variable
o representation for:
« Interpolation
 Optimization
* Exploration
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Variational
Autoencoder
jointly-trained
on properties
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Summary: Al and Drug Design Key Contributions

Accelerated virtual screening time by two orders of

magnitude with no loss of detection
jCiﬁl s Large-scale virtual screening
el workflows on national

supercomputing
infrastructure at scale

* Discovery of a protease
inhibitor
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Tiered-workflows for increased accuracy over standard
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Workflow and economic analysis

Speedup of tspep relative to tp
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Surrogate throughput (Tspr)
~20\% detection

~70\% detection

VLS campaigns
10,000,000,000 compounds
screened with Al models : latent spac repesenttion
high-throughput bmd{nggammy —> and §
‘ docking (S1) 63.00) steered adv(:nsnzc)ed sampling
250,000,000 poses docked enhanced sampling of
protein target states
J vl e
6,250,000 sygte_ms build ’ petmel
and minimized : $3-70)
l stability I
156,250 systems simulated i R st
(that's about 12H on 1024 summit nodes) eactions

Filter threshold (o)

Sampling strategies with visualizations to drive HPC workflows

Viz platform for chemical
space

Uses LLMs to navigate and
generate large graph
structure efficiently

Based on an atlas of
chemical space through
scaffolds/shape

VLS is bottlenecked by
modeling, not compute
Higher-throughput
experimental techniques
can drive deeper chemical
probes

Active-learning loops may
be able to help with more
complex simulations



Drug discovery and basic science

* Cost per new drug range from less than $1 billion to more than
S2 billion per drug

* The federal government is the primary funder of basic research in
biomedical sciences. That research ultimately increases the supply of
new drugs because drug companies rely on the findings from that
research—for example, the identification of disease targets toward
which new drug therapies can be aimed

* Between 2010 and 2016, every drug approved by the FDA was in
some way based on biomedical research funded by NIH.

Source: Research and Development in the Pharmaceutical Industry, Congressional Budget Office August 2021



DRUG DISCOVERY

~108 products

PRE CLINICAL

11,000 products

CLINICAL TRIALS

6,300 products

FDA APPROVAL

111 products

O

O

_Drug Discovery
Funnel
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Automatic pocket detection

Le Guilloux, V., Schmidtke, P. & Tuffery, P. Fpocket: An open source
platform for ligand pocket detection. BMC Bioinformatics 10, 168
(2009). https://doi.org/10.1186/1471-2105-10-168

TARGETS AND BINDING SITES ™. o

Druggability Score :  0.920
Number of Alpha Spheres : 80
Pocket 2 NSP1 Total SASA :  16.657
Pocket 4~Pocket 3 Polar SASA:  2.165
Apolar SASA : 14.492
& Volume:  599.003
_} Mean local hydrophobic density : 18.690
s Mean alpha sphere radius : ~ 3.963
Mean alp. sph. solvent access : 0.523
Apolar alpha sphere proportion : 0.363
Hydrophobicity score: 33.000
Volume score: 3.143
Polarity score: 4
Charge score: 0
Proportion of polar atoms:  39.583
Alpha sphere density : 5.345
Cent. of mass - Alpha Sphere max dist: 14.313
Flexibility : 0.118

~¢  Pocket 3|

\\@l\

Pocket 2 :
Score : 0.689
Druggability Score :  0.834
Number of Alpha Spheres : 67
Total SASA :  8.089
Polar SASA:  3.259
Apolar SASA : 4.831
Volume : 367.098
Mean local hydrophobic density : 20.545
Mean alpha sphere radius : ~ 3.909
Mean alp. sph. solvent access : 0.483
Apolar alpha sphere proportion : 0.328
Hydrophobicity score: 27.125
Volume score: 2.875
Polarity score: 3
Charge score : 1
Proportion of polar atoms: ~ 40.541
Alpha sphere density : 3.665
Cent. of mass - Alpha Sphere max dist: 10.6
Flexibility :  0.124 N‘gggngokg
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O I RUCTURAL DOCKING

Exhaustive shape fitting - 8

Crystal

= docking is a method which predicts the preferred
orientation of one molecule to a second when bound to
each other to form a stable complex.

= |t is a simple problem to understand, figure out how to fit
the ligand onto the protein

= Computational
S analysis @ g
. SO

Electron )
density map 3D proteir
model
Photographic film

displaying
diffraction pattern

Diagram of X-ray crystallography

» The search space in theory consists of all possible Target  Ligand Complex

arientations_and_conformations of the rotein,;aaired
Irl_ﬂu%s: .moleéular' dataset (2D SMILES strings), + ‘_. |
with'the Il_gan :

arget protein structure,
search parameters,

scoring function f ‘ ’f’j -
+ ocking
For ligand pose from strategy

Result = max(Result, f(Protein pose, Ligand pose))

“. % U.S. DEPARTMENT OF _ Argonne National Laboratory is a
@ ENERGY U.S. Department of Energy laboratory 7
managed by UChicago Argonne, LLC.

AAAAAAAAAAAAAAAAAA



(Right) Protein states can «
be clustered and »
modeled. Each point & “’

MD SIMULATION Ciuctore hat the potei

took on during its 20
interactions with itself and -

the ligand. S0 2 40 o » B »

Molecular dynamics
simulation can be used to
observe and model these
different states of a protein
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Al AND VIRTUAL SCREENING HPC WORKEL OV

(A) o Property Models & .
Molecule = Pose == Score Active Learning :

1

'E [ Generative ] n | — Pose — Score

Featurization
[rem——-

1 g
i i
L--.[ ML “Surrogate” Model ]-----F

Featurization

(8) " (C)

Molecule
} i
i ]
: [ Filter Top N Molecules ] weseseeed ML Rescoring Model
i ¥ ‘ A
L

-[ ML “Surrogate” Model J BFE prediction

s nsnnmsur Sny Aigonne National Laboratory is &
GY S. Department of Energy laboratory
managed by UChicago Argonne, LLC.

Springer Protocols

Alexander Heifetz Editor

Artificial
Intelligence
|n Drug Design

Chapter 13

Ultrahigh Throughput Protein-Ligand Docking with Deep
Learning

Austin Clyde

Abstract

Ultrahigh-throughput virtual screening (uHTVS) is an emerging field linking together classical docking
Lechmigcs with high-throughput Al methods. We outine mechanisic dodking models’ goals and suc.
cesses. We present different AT accelerated workflows for WHTVS, mainly through surrogate docking
models We showcase a novel festure representation technique, molecula depictons (images), a o~
gate model for dockis ith

at the tens of billion scale, we outline a future for UHTVS screening pipelines with deep learning.

Key words Drug dis o, Protein-ligand docking, Decp learning, Graph convolution, Virtual
screening, Chemical screenin
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LAYERED WORKFLOW

(ZENERGY o7

Pure ML “constant time” (fast loop)

i > ML Property Prediction Pipeline » UQ Scoring
Filter and
Candidates Optimization
ML < ML Generator of Candidates <
A
< Simulation: Estimation of Properties |« )
Active
Update ML Learnin
Models ) Prioriti tg n
. Experiment: Estimation of Properties [* riorttizatio

Mixed/Variable time (slow loop)
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HIGH THROUGHPUT

DRUG DISCOVERY SCREENING

Generating
= ‘ / Drug Leads \ : .
mmmm mmm

Database
» Generative Neural of Leads « Simulation surrogate
Networks models
« Language modeling * Uncertainty calibrated
» Graphical models * Ranking Neural networks
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Super fast, modern
generative algorithms
10,000 per second

o~ IBM AC922, 6 GPU node. Balanced
Heavily towards GPU, not CPU

Single threaded algorithms for CPU ]
post-processing 5000 Seconds per smiles
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RNN SMILES Modeling

1ngpling RNN Generator on 4 V100 GPU (first approx., T=1.1)
e
I

1.0 Total Sam ‘
pled /
—— Valid Sampled //
@ GCICCCCCLEAAARAAA | sampling i ’\rﬁ‘ 0.8 ' —— Unique to Trn Data
{  cictcocicamann g " =
O oo | I, g e o =06 ~
on 1 Training D-0-0-0-0 - o=clcccecl 0 E / T
() cleccccieananann _”m enlc()ccec(o)cl /
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NS 0C1CCCCCLEAAAAAAA _U = 0.4
CNICeN(c(OC)ccle  Output =
Gupta, Anvita, et al. "Generative recurrent networks for de novo drug 02 P /
design." Molecular informatics 37.1-2 (2018): 1700111. ’ /
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Samples from RNN on single GPU (<6 minutes) (Predicted) Unique Molecules as a % of Sample Rate
2000000 A 1.0
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0 1500000 A %] 0
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025 050 075 100 125 150 175 200 Days Sampling Run
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WORKFLOW ANALYSIS
Surrogate Prefilter then Dock (SPFD)

= With TD we understand that pL hits

generally gets an active lead rate 5000 |

around X% =

-16 -14 -12 -10 -8 -6 - 2 0

] HOW can we be sure the top O-L Surrogate ML Chemgauss4 Scores Against MPro Receptor

compounds that come from the model  «o]

capture all those pL compounds we

want?

0 ; : . )
-16 -14 -12 -10 -8 -6 -4 -2 0
Chemgauss4 Scores Against MPro Receptor

L Molecules oL Hits pL Hits Active leads

oy

V=
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OpenEye
[ Autodock J [ FRED J

Receptor w

preparation J

Ligand-library W 6.5 million

MD simulations ]

A

preparation J

X-ray
Crystallography

[ ALCF ] [ TACC ] [ SDSC ] [ OLCF ]

A

[Consensus Scoring }—»‘

Experimental
characterization

O(1000)
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Four docking models...
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Asn142)) 27}
Clyde, Austin, Stephanie Galanie, Daniel W. Kneller, Heng Ma, Ye

Blaiszik, Alexander Brace et al. "High-throughput virtual screening
sars-cov-2 main protease noncovalent inhibitor." Journal of chemi

modeling 62, no. 1 (2021): 116-128.

@ Candidate
2 @ Candidate
2w
s 2 8 PC 100...
5T 8 NC .
g% :
£ S o] "
3 .é Inhibitors g 50- ICsp = 4.2 UM [3.8, 4.7]
= p
z é i
K ® o . . .
2® 8% 0% 42 42 o o ,0% 0% 0P 6° 1 10 100 1000
Z-score bin center MCULE-5948770040 Concentration (uM)

Blaiszik, Alexander Brace et al. "High-throughput virtual screening and validation of a
16  sars-cov-2 main protease noncovalent inhibitor." Journal of chemipalg’@‘,qﬁ*eaon and
modeling 62, no. 1 (2021): 116-128. AL ARORATORY



COMPUTATIONAL AND EXPERIMENTAL DESIGN
PLATFORMS

Physics-based and Al/ML models to

assess design fitness

Structure- and sequence-driven
generative models for iterative design

SARS-CoV-2 Spike vs RBD: Ace2-huFc

25
vgvil

Starting points: g;j;' Outputs:

s Crystal structures and structura Ty T * Designs with probability of:
models — * Desired activity

* Multiple antibody templates Platform capability build funded over time through DOE, * Desired biological effect

* Databases of purchasable small LDRD, DARPA, DOD, and other funding sources * Good physical and safety
molecules parameters
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Explore the Chemical Space Home

SUBMIT CLEAR

Command:

UPPER SCAFFOLD O=C(OcTcncc(Cl)c1)cTcccc2[nH]ccc12

Sample Size:

Supported graph B

operations

—

LOWER

EXPAND ¥ EXPORT
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&

<

If a compound is generated by applying a

graph operation on another compound,
the 2 compounds are connected

The color bars represents attribute encoding
on nodes. Here we used Wildman-Crippen
LogP value of the compound.
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