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Protein-Ligand Representation
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Protein-Ligand Representation
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Convolutional Neural Networks
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Convolutional Filters
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Protein Ligand Scoring
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Cross-Docked Protein Ligand Scoring

Clustered Cross-validation
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Virtual Screening with GniNna 1.0

by @ Jocelyn Sunseri 8@ and @ David Ryan Koes = &
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GNINA 1.3: the next increment in molecular docking
G N | NA 1 _ 3 with deep learning

Andrew T. McNutt, Yanjing Li, Rocco Meli, Rishal Aggarwal & David Ryan Koes &
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GNINA vs End-to-end Deep Docking
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Generative Modeling
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Generative Adversarial Networks
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Generative Adversarial Networks
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Diffusion Models

Conditional generation
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Diffusion Models
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Keypoint Conditioned Diffusion
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Atomic Message Passing

Keypoint Generation
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[Submitted on 22 Nov 2023 (v1), last revised 8 May 2024 (this version, v2)]

Keypomt-Condltloned Accelerating Inference in Molecular Diffusion Models with Latent
Diffusion Representations of Protein Structure

lan Dunn, David Ryan Koes
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Keypoint Conditioned Diffusion
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Practical Measures of Molecule Quality

Existing literature primarily focuses on validity/valency;
necessary but insufficient dimensions of molecule quality

We propose to evaluate molecule quality at the level
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Practical Measures of Molecule Quality
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Unconditional Generation with FlowMol
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OMTRA: A Multi-Task Generative Model for SBDD

Individual Modalities
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. Chemical
DeepFrag: a deep convolutional neural network for | Science

fragment-based lead optimizationt

Harrison Green, 22 David R. Koes® and Jacob D. Durrant (& *2

https://durrantlab.pitt.edu/deepfrag/
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A Tale of Two Methods

Large-Scale Docking with GNINA  Pharmacophore Screening with Pharmit
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Round 1 Submission

 ZINC20: 20 mil molecules
« MCULE: 45 mil molecules
e MCULE-ULTIMATE: 126 mil molecules

molort -

Molecule Libraries

Large-scale
docking

Pharmacophore

2 screening methods
SClreen

2 scoring methods

1K ligands 3.9k ligands
gnina Scores gnina SCores
vina SCOres vina SCOres
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Round 1 Results

-Autodock Vina Score

Docking
Pharmacophore

4 ) 6 7
GNINA Score (CNN_VS)

+ Selection limited/
skewed by database
availability

+ 84 ligands tested
+ 59 from docking
+ 24 from pharm
screen
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-Autodock Vina Score
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Round 1 Results

Not Tested
12 - Docking
Cq O Pharmacophore
Hit
11 - HJ\/ H
CACHE_1181_33
10 - Kd=123 uM
9 -
8 -
7 -
CACHE_1181_50
. Kd=136 uM
2 3 4 6 7

GNINA Score (CNN_VS)

2/84 were hits
- Both from docking
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Parent Compound

Similarity screen against
Enamine REAL Docking with
Return 5000 most similar - GNINA

igands by tanimoto score

"

Crystal Structure

Computational and Systems Biology

Hit Optimization Pipeline

—

5000 molecules
+

GNINA scores
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Hit Optimization Results
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Final Results

Participant Aggregated

Computational and Systems Biology

Participant ID score
David Koes, University of Pittsburgh 1181 18
Olexandr Isayev & Maria Kurnikova, Carnegie Mellon University & Artem 1209 18
Cherkasov, University of British Columbia
Christina Schindler, Merck KGaA 1193 17
Dmitri Kireev, University of Missouri 1183 16
Christoph Gorgulla, St. Jude Children's Research Hospital and Harvard 1195 16
University
Didier Rognan, Université Strasbourg 1202 16
Pavel Polishchuk, Palacky University 1210 16
Kam Zhang, Centre for Biosystems Dynamic Research, RIKEN 1188 15
Shuangjia Zheng, Shanghai Jiao Tong University (previously Galixir) 1187 14
Carlos Zepeda, Treventis/UHN 1200 14
Fabian Liessmann, Leipzig University 1201 14
1179 13
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* RNA binding site of SARS-COV2 NSP13
- “Deep Docking” of Enamine (4B)

Train XGBoost
Randomly Dock 100k mode] to predict
sample 100k — iqands —> docking scores 0.7 — Batch o
ligands J from ligand . Batch 1
¢ fingerprint | — Batch 2
0.5 / —— Batch 3
l A' —— Batch 4
_430-4 '/ —— Batch 5
Select 100k Predict docking S 03
molecules by .
highest predicted +— scores for entire 0.2
J P database ‘
score 0.1
0.0 T —
0 1 2 3 4 5 6 7
CNN VS
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CACHE #2 Results

5/50 compounds identified as potential hits
>2X the average hit rate

4/5 hits from last round of active learning
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Scalable Screenmg Of Ultra Large Libraries
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Scaling Structure Aware Virtual Screening to Billions of Molecules with SPRINT
Andrew T. McNutt, Abhinav K. Adduri, Caleb N. Ellington, Monica T. Dayao, Eric P. Xing, Hosein Mohimani, David R. Koes
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Enhanced Deep Docking with SPRINT
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Deep learning works for molecules!
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