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Computational/AI approaches streamlining early drug discovery

Sadybekov & Katritch (2023) Nature, 616: 7958



Core Computational Technologies in Drug Discovery

Molecular Dynamics

Molecular Mechanics

Molecular Docking Structural data/Bioinformatics 

CheminformaticsMachine Learning & AI

Physics -Based  AI/Data -Based  
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From Structure -Function to Discovery  of Novel Ligands and Drugs  

3D structure Molecular Modeling Virtual Screening Drug Discovery

Rational Design



Classical HTS approach and optimization (3-5 years)   

Ultra-Large Screening Paradigm (weeks) 

Lyu  et al (2019) Nature 566:224-229;  Stein et al (2020) Nature 579:609-614; Gloriam DE (2019) Nature 566:193-194

Size Matters: Ultra -Large Screening for Lead Discovery

AmpC beta-lactamase and D4 dopamine receptor

Melatonin MT1 receptor 



Drug-Like space: 

1023 ï 1063

REAL Space: On Demand Virtual Libraries for Screening

> 1015-18

Tangible REAL Space

>3*1010

REAL Space

107 
VLS 

Stock770M

Tangible (MADE)

Building Blocks

>125K

Building 

blocks

üVirtual, but REAL:

3-4 weeks, 80% rate 

üDrug Likeness

üDiversity

106

HTS

Drug

Lead

>180 optimized

reactions

Drug

Lead

WuXi, Otava, Merck, GSK, AstraZeneca

>$1,000,000 computing cost! 



Concept : Use chemical modularity of REAL libraries
Standard Ultra-Large Virtual Screening:

1. Fully enumerate and prepare the ligand library:

D>10B cmpds ï hard to work with 

2. Screen by docking each molecule to the pocket 

DYears on a cluster or  ~$1M on a cloud   

Modular chemical library Virtual Screening:

1. Screen for best scaffold-synthon combinations:

CMedium size library suitable for docking

2. Enumerate only best scaffolds

CMedium size library suitable for docking

R2R1

R2R1

R2R1

R3

Ndock~ N(R1) x N(R2) Ndock~  N(R1) + N(R2)

Ndock ~ N(R1) x N(R2) x  N(R2) Ndock ~ N(R1) + N(R2)  + N(R3)

R1 REAL Space Synthons

Target Pocket

R2 REAL Space Synthons



9Sadybekov et al. (2022) Nature 601:452-459

V-SYNTHES:

Virtual SYNThon Hierarchical 

Enumeration Screening



V-SYNTHES: How relevant are binding poses of MEL fragments?

2-comp 3-comp
bridge
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cPLA2_ICM: top scored 30K compounds 
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Pose reproduced in >90% of 100K top-ranking enumerated molecules!

Manuscript in preparation
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EF100 = 40

Random Enumerated Subset, 1M

Standard VLS

V-SYNTHES: How relevant is MEL fragments selection in Steps 1 -2? 

Sadybekov et al. (2022) Nature 601:452-459



V-SYNTHES: How relevant is MEL fragments selection in Steps 1 -2? 

EF100 ~ 250
EF100 ~ 450

Sadybekov et al. (2022) Nature 601:452-459



V-SYNTHES: Does it work in prospective screening?
(Discovery of selective CB2 Antagonists)

Bryan Roth

V-SYNTHES for 11B Enamine REAL Space

ü Synthesized and tested 60 cmpds 

ü 19 hits Ki<10mM 14 hits Ki<1mM

Alex 

Makriyannis

SAR-by-catalog for 3 best hits 

ü Made and tested 109 cmpds (#523- best series) 

ü 5 hits Ki<10nM, best Ki =0.9nM, CB2/CB1>200x

Sadybekov et al. (2022) Nature 601:452-459



V-SYNTHES application to ROCK1 kinase

Blake 

Houser 

Nikos 

Petasis
6 hits (28.5% hit rate) better than Ki<10mM, 

best IC50 and  Ki < 10nM   

Sadybekov et al. (2022) Nature 601:452-459



ü Extremely challenging target: best hits are 15-150 mM potency

ü Methods:  combination of physics-based docking,  machine learning, 

and ñcrowdsourcingò ï contributing to the best results

Critical assessment of computational hit -finding experiments
(CACHE Challenge 2) 

https://cache-challenge.org/results-cache-challenge-2 

Mikola 

Protopopov

Olga 

Tarkhanova

Manuscript in preparation (including CACHE #4 results)

ChemSpace was one of the top 5 teams, used 

V-SYNTHES/ICM-Pro (best cmpd 21 mM, selective):

https://cache-challenge.org/results-cache-challenge-2


On-hj{]|h fqj{rf]z «§]fj« ]« ň¯|zr{r®jhŉ «~¯ªfj o~ª hª¯p hr«f~´jª·Ī
the Bigger, the Better!!!
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HTS Standard VLS V-SYNTHES
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On-hj{]|h fqj{rf]z «§]fj« ]« ň¯|zr{r®jhŉ «~¯ªfj o~ª hª¯p hr«f~´jª·Ī
the Bigger, the Better!!!
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xREAL

~3 Trillion Compounds

V More diverse

V More non-planar

V Suitable for larger pockets

>$100K,

No IP

~$20K

Unrestricted IP

On-hj{]|h fqj{rf]z «§]fj« ]« ň¯|zr{r®jhŉ «~¯ªfj o~ª hª¯p hr«f~´jª·Ī
the Bigger, the Better!!!



How to scale from Billions to Trillions & more? 

Deep Learning - 

accelerated 

screening

3 Trillion

<2M

10K-100K

>100M

V-SYNTHES-DL:  

AI to the rescue!

RTCNN Docking

Score



V-SYNTHES-DL accelerator: 
Deep Learning filter yields additional >200 -fold speedup

10K-100K

<100M

3 Trillion

Manuscript in preparation

Hits

NonHits

Model
Predicts
Hits

Graph-CNN model

Train on 0.5M compounds

Apply to 100M compounds

>90% recovery

>200-fold speedup

>1,000,000 total speedup!!

<2M

Anastasiia

Sadybekov


