Proteln ngcmd Scorl ~ -ﬂA
Convoluhonal Neural Nty

AmericamChemical Society Meeting
April 3, 2017

ifh
R




University of Pittsburgh Computational and Systems Biology

Structure Based Drug Design

Virtual Screening Lead Optimization

Pose Prediction Binding Discrimination Affinity Prediction



University of Pittsburgh Computational and Systems Biology

Structure Based Drug Design

Virtual Screening Lead Optimization

Pose Prediction Binding Discrimination Affinity Prediction



University of Pittsburgh

gauss, (d)
gauss,(d)

repulsion(d)

hydrophobic(d) =

hbond(d) =

Computational and Systems Biology

Protein-Ligand Scoring
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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
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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




University of Pittsburgh Computational and Systems Biology

Deep Learning
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Deep Learning
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Image Recognition
=S - BT -

ILSVRC top-5 error on ImageNet

Convolutional Neural Networks

201 2012 2013 2014 Muman ArXi 2015

https://devblogs.nvidia.com
A ‘-h-'=iﬂ..
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Convolutional Neural Networks

Convolution
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CNNs for Protein-Ligand Scoring

Pose Prediction

Binding
Discrimination

Affinity Prediction
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CNNs for Protein-Ligand Scoring

Input representation Pose Prediction

Training Binding
Model optimization Discrimination

Visualize and Evaluation Affinity Prediction
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Protein-Ligand Representation
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Protein-Ligand Representation
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(R,G,B) pixel —

(Carbon, Nitrogen, Oxygen,...) voxel

The only parameters for this
representation are the choice of
grid resolution, atom density,
and atom types.
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Atom Density
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Atom
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Training Data

Pose Prediction

337 protein-ligand complexes
e curated for electron density
e diverse targets
o <10uM affinity
* generate poses with Vina

- 745
. 325

<2A RMSD (actives)
1 >4A RMSD (decoys)

GPDR Gy

4056 protein-ligand complexes
e diverse targets
* wide range of affinities
e generate poses with AutoDock Vina
e Include minimized crystal pose
- 8,688 <2A RMSD (actives)
- 76,743 >4A RMSD (decoys)
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Training Data

Binding Discrimination
U D e E

102 targets
o 22,0645 actives
e 1,407,145 decoys
o <10uM affinity
* frue poses unknown
* trust docked poses

Affinity Prediction

GPDR 61/

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

13
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Model Evaluation

CSAR: >90% similar targets Clustered Cross-validation
kept iIn same fold

DUD-E & PDBbind: >80%
similar targets kept in same fold
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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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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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Computational and Systems Biology

Model Optimization

Atom Types Pooling
e Vina (34) B
th
e element-only (18) ?p
e ligand-protein (2) Wiath

Atom Density Type Fully Connected Layers
* Boolean

e (Gaussian
Radius Multiple

Resolution

unitl_pool

label

-

unit2_pool

-

unit3_pool
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Cross-Validation Evaluation
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Pose Prediction (CSAR)
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Computational and Systems Biology

Pose Prediction (CSAR)

Top-1

Top-3
Random HEH CNN Vina

Intra-target ranking

Top-5
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True Positive Rate
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Computational and Systems Biology

Top-1

Top-3
Random [ CNN Vina

Intra-target ranking

Top-5

19



University of Pittsburgh

1.0
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Binding Determination

- Multi-pose CNN (AUC=0.864)
Single-pose CNN (AUC=0.851)
Vina (AUC=0.683)
RF-Score (AUC=0.611)

- NNScore (AUC=0.582)

0.2 0.4 0.6 0.8
False Positive Rate

1.0

Computational and Systems Biology

D UD e E

102 targets

22,645 actives
1,407,145 decoys
<10uM affinity

true poses unknown
use top docked pose
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Combined Training

B Pose Prediction (CSAR)
[ Virtual Screening (DUD-E Singlepose)
B Virtual Screening (DUD-E Multipose)

1.0

AUC

1:0 4:1 2:1 1:1 0:1
Only DUD-E DUD-E:CSAR Training Ratio Only CSAR -
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Binding Determination

Vina

CNN(2:1 DUD-E/CSAR Training Set)

B CNN(DUD-E Training Set)
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unitl_pool

unit2_pool

-

unit3_pool

label

CNN

Computational and Systems Biology

Affinity Prediction

R=0.687 RM5=2.186

Experimen.tal Affinity

Py

Vina

R=0.497 RMS=8.956

A “\ H | 14
Experimental Affinity
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Partially Aligned Poses
Combined 2:1 Training Set
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COMP 290: Visualization of convolutional neural network scoring of pretein-ligand binding
6. 00pm-8.000m Apr 4
COMP 290: Visualization of convolutional neural network scornng of pretein-ligand binding

-

3. 00pm-1C.00pm Apr 3
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Beyond Scoring
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Beyond Scoring
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Beyond Scoring
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Beyond Scormg
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Beyond Scoring
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CNN Summary

Pose Prediction (Selection)
e consistently better than Vina at inter-target ranking
e consistently worse than Vina at intra-target ranking

100
80+ 1
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Top-1 Top-3 Top-5

[JRandom MEECNN [[@Vina

Binding Determination (Virtual Screening) You gel_‘ what
* Generally better than Vina, but you train for...

* the model Is pose-insensitive

Combined Training
e (Get (mostly) best of both worlds
e ...Including affinity prediction

...but you can train
for what you want

28
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