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Structure Based Drug Design

Virtual Screening Lead Optimization
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Protein-Ligand Scoring

AutoDock Vina
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O. Trott, A. J. Olson, AutoDock Vina: improving the speed and accuracy of docking with a new scoring
function, efficient optimization and multithreading, Journal of Computational Chemistry 31 (2010) 455-461 3
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Can we do better?

Accurate pose prediction, binding discrimination, and affinity
prediction without sacrificing performance?

Key ldea: Leverage “big data”
« 231,655,275 bioactivities in PubChem
» 125,526 structures in the PDB
* 16,179 annotated complexes in PDBbind
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University of Pittsburgh

Deep Learning

[' :
Uber self-driving car crashes into another car in ﬁ
Pittsburgh

Uber disputes a key element of the other driver's story.
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Image Recognition

Computational and Systems Biology
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Convolutional Neural Networks

2013

ILSVRC top-5 error on ImageNet

2014

Human ArXiv 2015
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Convolutional Neural Networks
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CNNs for Protein-Ligand Scoring

Pose Prediction

Binding
Discrimination

Affinity Prediction
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Protein-Ligand Representation

(R,G,B) pixel —
GG - (Carbon, Nitrogen, Oxygen,...) voxel
G|G|GIG R R
G|G/G G R R
GG GG i The only parameters for this
G 2 g 2 ‘ representation are the choice of
clalale grid resolution, atom density,
G|G|G|G / and atom types.
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Why Grids?

Pros Cons
* clear spatial relationships * coordinate frame dependent
* amazingly parallel * pairwise interactions not explicit

* easy to interpret

@ /
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Training Data

GPDR fin s

Pose Prediction

4056 protein-ligand complexes

diverse targets

wide range of affinities

generate poses with AutoDock Vina
include minimized crystal pose

Affinity Prediction

e 8,688 low RMSD poses
* assign known affinity
* regression problem
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AUC
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Data Augmentation

train - no augmentation
train - random rotation & translation |_
test - random rotation & translation
test - no augmentation

2000 4000 6000 8000 10000

training iterations -
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Model

Affinity

Pose
Score
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Results

15 / 1.0
o CNN (R=0.74, RMSE=1.44)

Vina (R=0.55, RMSE=1.86)

~

J

12 | 0.8
/

g Clustered Cross-Validation
= RMSE = 1.69
= R =0.57
n 6 AUC = 0.90

3 0.2 —— CNN (AUC=0.89)

—— Vina (AUC=0.61)
0 0.0 ‘
9 12 15 00 02 04 06 08
Experiment FPR

Trained on PDBbind refined: tested on CSAR

1.0
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Visualization
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masking

layer-wise relevance
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Beyond Scoring

optimize
with prior

https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html o
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Beyond Scoring
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Minimizing Low RMSD Poses
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lterative Refinement

# Poses

Best
First Minimization
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Computational and Systems Biology
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Docking

vina/smina/gnina

Sampling Refinement
Rescoring
CNN
pDOSE
affinity
best
Soses

N (50) independent Monte Carlo chains
Scored with grid-accelerated Vina
Best identified pose retained
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Prospective Evaluation: D3R
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Grand Challenge 3

Spearman Correlation

cnn_docked_affinity cnn_rescore_affinity cnn_docked _scoring cnn_rescore_scoring

cat 0.0701 0.154

p38a -0.0784 -0.116

vegfr2 0.366

-0.0351

-0.329

0.434

0.39

-0.372

0.136

0.005

Computational and Systems Biology

0.178

-0.305

0.448

0.27

0.159

-0.07/8

0.182

vina

0.414

0.106

-0.633

0.561

0.713
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Grand Challenge 3

Grand Challenge 3 - JAK2 SC2
Affinity Ranking - Kendall's Tau
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Grand Challenge 3

Grand Challenge 3 - VEGFR2
Affinity Ranking - Kendall's Tau
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Grand Challenge 3

Grand Challenge 3 - TIE2
Affinity Ranking - Kendall's Tau
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Grand Challenge 3

Grand Challenge 3 - CatS_stage2
Affinity Ranking - Kendall's Tau
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GC3: Pose Prediction

Cathepsin Phase 1b
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Score Crystal Poses (24)

CNN:
- - Vina:
5 10
RMSD
— Best Sampled —— CNN affinity
Vina —— CNN pose score

cross-docking

R =0.377
R =0.319 - - -
10 15 20
RMSD
— Best Sampled —— CNN affinity
Vina —— (CNN pose score

redocking
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Grand Challenge 3

Grand Challenge 3 - p38a
Affinity Ranking - Kendall's Tau
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Prospective Evalution: TIGIT




Can we block TIGIT/
PVR Interaction with a
small molecule?

Cancer Cell

The Immunoreceptor TIGIT Regulates Antitumor
and Antiviral CD8™ T Cell Effector Function

Robert J. Johnston,’ Laetitia Comps-Agrar,? Jason Hackney,® Xin Yu,' Mahrukh Huseni,* Yagai Yang,® Summer Park,°®
Vincent Javinal,® Henry Chiu,” Bryan Irving,” Dan L. Eaton,? and Jane L. Grogan'-*
Department of Cancer Immunology

2Department of Protein Chemistry

SDepartment of Bioinformatics and Computational Biology

“Department of Oncology Biomarker Development

SDepartment of Translational Oncology

SDepartment of Translational Immunology

"Department of Biochemical and Cellular Pharmacology

Genentech, 1 DNA Way, South San Francisco, CA 94080, USA

*Correspondence: grogan.jane@gene.com

http://dx.doi.org/10.1016/j.ccell.2014.10.018




Screening

10 diverse compounds
selected for screening
 top ranked by Vina
- top ranked by CNN

Name CNN Affinity| CNN Score Vina

Compound 1 7.69807 0.994763 85.95
Compound 2 5.57909| 0.0180277| -8.12632
Compound 3 6.73692| 0.0624742| -9.81935
Compound 4 6.87897 0.953488| -3.81378
Compound 5 6.32813 0.209807| -8.60293
Compound 6 5.689 0.0437 -8.991
Compound 7 4.368 0.022 -9.34722
Compound 8 4.81 0.072| -6.81787
Compound 9 5.22 0.032 -6.264
Compound 10 6.67 0.361 6.1053
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But...
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and now for something
completely different...
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http://peop\e.eecs.brke\e.ed u/~pathak/context_encoder/
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Molecular Context Encoding

[
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COMP 191: Alternative network architectures for
protein-ligand scoring

COMP 320: GPU molecular docking with
caonvolutional neural network scoring functions

Abstract
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Visualization of Convolutional Neural Network Scoring of Protein-Ligand Binding
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Gefine finers. We developed A COMVOLLONN newry
network model for protein-hgand scorng Tas takos a 4-
D represeniation of a proten-dgand structure. MHece we
desdnibe mehods iy viseling the decieon Drocess
of & Unned network Dy progecing heatimags oo the
st sTuchae using masiong,  ayermise relevance
propagaton, and gradect-based pproaches.
Adancnally. we provide drect visualzations of the frst
Covoiusonal layer of he netwark, which revesl the
low-iovel feanures that mamally actvate this ths neal
layor

Joshua Hochuli,* Alec Hel bhng Matthew Ragoza and David Ryan Koes
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Conserved Layer-Wise Relevance Propagation (CLRP)

How the CNN scores the unchanged structure
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scoring of protein-ligand binding
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() github.com/gnina
http://bits.csb.pitt.edu
) @david_koes

i£4 Computer Facts v
"'unMuuuumum;- @ compu terfact

concerned parent: if all your friends
jumped off a bridge would you
follow them?

machine learning algorithm: yes.

2:20 PM - Mar 15, 2018
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