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From desktop to experimental applications

Protein target

Crystal structure
Cryo-EM structure
Homology model

Structure preparation

Docking parameters
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— Default: 221
— Optimized 1: 14.84
— Optimized 2: 24.22

— Optimized 3: 36.40
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Bender, B. J.; Gahbauer, S. et al. A Practical Guide to Large-Scale Docking. Nat. Protoc. (2021)




Molecular docking: searching for small molecule
design

Target Ligand Complex
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Drug designh becomes an ennumerative problem
based on increasing number of combinations

Confirmed hits
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Does the solution fit the problem?

SeE TVE GOT A REALLY GOOD SYSTEM:
IF T WANT To SEND A YOUTUBE. VIDEO
TOo SOMEONE, T GO TO FiLE— SAVE, THEN
IMPORT THE SAVED PAGE INTD WORD. THEN
T GO TO “SHARE THIS DOCUMENT " AND
UNDER “RECIPIENT™ I PUT THE EMAIL
OF THIS VIDEO EXTRACTION SERVICE ...

QJ

TLL OFTEN ENCOURAGE. RELATIVES To TRY T SOLVE
COMPUTER PROBLEMS THEMSELVES BY TRIAL AND ERROR

HOWEVER, TVE LEARNED AN [MRORTANT (ESSON: IF THEY
SAY THEYVE SOLVED THEIR PROBUEM, VEVER ASK HOW.



Machine learning: pattern searching and
dimensional reduction of the data

Interaction network (2,985 proteins)

Score potential edges
Adjacency matrix (NxN) (4.5 million)




Machine learning: pattern searching and
dimensional reduction of the data

Benchmark (direct interactions; PDB)
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Aji Palar



The triad of machine learning approaches

Unsupervised Supervised Reinforcement
Learning Learning Learning

H ]
M: a model generates

a specific output
given some input

discover patterns
in the data

Dr. Franziska Horn

environment



Drug design is a problem/environment largely
denoted by a large amount of noise

v" Predicting 3D structure of target protein
v" Predicting drug—protein interactions

v Al in determining drug activity

v" Al in de novo drug design

Al in drug design

v Designing biospecific drug molecules
v" Designing multitarget drug molecules

Alin
polypharmacology

Al in prediction of reaction yield
/ Al in prediction of retrosynthesis pathways
Al'in chemical v Developing insights into reaction mechanisms
synthesis v Al in designing synthetic route

Al in drug
discovery

Al in drug

repurposmg v Identification of therapeutic target

v" Prediction of new therapeutic use

Al in drug screening Prediction of toxicity

Prediction of bioactivity
Prediction of physicochemical property
Identification and classification of target cells

Drug Discovery Today



De novo drug design by exploration of
alternative synthetic pathways
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De novo drug design by exploration of
alternative synthetic pathways

RELATION: A Deep
Generative Model for
Structure-Based De
Novo Drug Design

Wang, M. et al. J. Med. Chem. 2022, 65 (13), 9478-9492.
https://github.com/micahwang/RELATION



3D conformer generation to assist in prediction
of molecular properties

SMILES

SDF

Auto3D: Automatic Generation
of the Low-energy 3D
Structures with ANI Neural
Network Potentials

automatic task segmentation duplicate filtering and ranking
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Liu, Z.; Zubatiuk, T.; Roitberg, A.; Isayev, O. J. Chem. Inf. Model. 2022, 62 (22), 5373-5382.
https://qithub.com/isayevlab/Auto3D_pkg
Lenselink, Eelke B., and Pieter FW Stouten. Journal of Computer-Aided Molecular Design 35
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https://github.com/isayevlab/Auto3D_pkg

Case 1: Plurality of binding sites

Identify ligand
pocket

o 2
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Verify activity 28 @
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with assays 7 ~
-0 - Light

Optimize ligand
design

J. F. Hultquist & K. J. F. Satchell

Multi-functionality of viral proteins =multiple pockets

SSYA-10-001
IC50 = 0.6uM

Tideglusib
IC50 = 25-50uM

13



Case 2: Multi-state proteins increase search
space for ligand discovery

Additional conformations in ligand pocket(s) Expanding range of potential ligand pockets

PDB: 7QGI (-SAH),
7R2V (+SAH)

Surabhi Rathore; Fujimori; Vedadi, Shoichet Labs



