June 23, 2017



University of Pittsburgh Computational and Systems Biology

Removing barriers to computational drug discovery one bit at a time

B3LYP/6-311+G(2d,p)
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Structure Based Drug Design

Virtual Screening Lead Optimization
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Structure Based Drug Design

Virtual Screening Lead Optimization
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Protein-Ligand Scoring

AutoDock Vina

gauss, (d) = wguassle—(d/O.Sh
gauss,(d) = wguassze—((d—3)/2)2
_ - _ ’wrcpu.lsiond2 d<0
repulsion(d) = { 0 d>0 )
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005 ||
( Whydrophobic d<0.5 0| —
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| Whydrophobic(1.5 — d) otherwise £ el
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| steric + hydrophobic ——
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\ whbond(—%d) otherwise 1 0 1 2 3 4 5 6

Surface distance (A)

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 4
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State of the Art

Vina
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Vina Vinardo 4 6 8 10
Experimental binding affinity (pKd)

Pose Prediction Binding Discrimination Affinity Prediction

Quiroga R, Villarreal MA (2016) Vinardo: A Scoring Function Based on Autodock Vina Improves Scoring, Docking, and Virtual Screening. PLoS ONE 11(5): e0155183. doi:10.1371/journal.pone.0155183 5
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Can we do better?

Accurate pose prediction, binding discrimination, and affinity
prediction without sacrificing performance?
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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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Neural Networks
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Neural Network Example
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Neural Network Example
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Neural Network Example
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Neural Network Example
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Input

Hidden

o(W4-x+b4)

Computational and Systems Biology

Neural Networks

The universal approximation theorem

states that, under reasonable assumptions,
a feedforward neural network with a finite
number of nodes can approximate any
continuous function to within a given error
over a bounded input domain.
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Deep Learning

A
é

7\ A\
~( 7 Ve eSe

09 O>®

O el o NS BN SN
P o )&

NG S A A LY /N .
el QL oK
Nl Sl 1 S S e

(W é’ V@:‘é g:i‘;!' Vﬁ:‘é @’IW \Vé é’:ﬁ@l’ \Vé é’

V‘ \/ \' \/ \' \'
.é’é‘i & ,«l‘* 5}(‘\,{&"\ ,«l‘* 5}(‘5{&"\ c{‘/ /&"\ c{‘/ X
X /“‘ )\‘*‘ X0 4\"\‘0\ X0 4\"\‘0\ /) ')\ 4"\‘0\ /) "\ )\" /)
NS ORY —ORY KR RE R R X
YAX AN AR YRAS TAN IAAY X /7 O\ e

—>

JAK

/m§\ NS NS R ll"l\\
//:{\\a';z‘?&m ‘Mﬁo‘ Al
_ YAAN '

2O
\\ ///;“ N\ ///;“\\\ ///

11



University of Pittsburgh Computational and Systems Biology

Deep Learning
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Image Recognition

Computational and Systems Biology
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Convolutional Neural Networks
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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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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

(R,G,B) pixel
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Computational and Systems Biology
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Protein-Ligand Representation

(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 Types

Ligand Receptor
AliphaticCarbonXSHydrophobe AliphaticCarbonXSHydrophobe
AliphaticCarbonXSNonHydrophobe AliphaticCarbonXSNonHydrophobe
AromaticCarbonXSHydrophobe AromaticCarbonXSHydrophobe
AromaticCarbonXSNonHydrophobe AromaticCarbonXSNonHydrophohe
Bromine Calcium
Chlorine lron
Fluorine Magnesium
lodine Nitrogen
Nitrogen NitrogenXSAcceptor
NitrogenXSAcceptor NitrogenXSDonor )
NitrogenXSDonor NitrogenXSDonorAcceptor (25 =
NitrogenXSDonorAcceptor OxygenXSAcceptor
Oxygen OxygenXSDonorAcceptor
OxygenXSAcceptor Phosphorus
OxygenXSDonorAcceptor Sulfur
Phosphorus VAlgle
Sulfur

SulfurAcceptor
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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 41/

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

19
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CSAR: >90% similar targets

Model Evaluation

kept in same fold

DUD-E & PDBbInd: >80%

True Positive Rate
o o

AUC

2 4 . .
False Positive Rate

Computational and Systems Biology

Clustered Cross-validation

O0IAASY
similar targets kept in same fold mmm
OO0 AARQ

Train

Test
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Model Training

Custom MolGridDatalayer

Parallelize over atoms to obtain a mask of atoms that overlap each grid region
Use exclusive scan to obtain a list of atom indices from the mask
Parallelize over grid points, using reduced atom list to avoid O(Natoms) check

For example, consider subgrid 5:

Atom mask: 1 1 O O 0
Exclusive scan: 0 1 2 2 2

Final indices: 0 1

NVIDIA.

21
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AUC
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Computational and Systems Biology

Data Augmentation

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

2000 4000 6000 8000 10000

training iterations o
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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 o
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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
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-

unit2_pool

-

unit3_pool
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Computational and Systems Biology

Model Optimization

training time(ms) per iteration

O
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unitl_pool
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-
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Model Optimization
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Grid Resolution

0.85

o
0
=,

]
O

@, o
0.75|. 0.5/& 0.25A
%
0.70 [

Cross Validation AUC

0.60;
Parameter Evaluated
055 —@— atom types O pooling type A
—@®— depth @ radius multiple
0.50! —@— fully connected layer —@— resolution
~@ - atom density type @ width
0-4% 500 1000 1500 2000 2500

training time(ms) per iteration

O reference model 1 [ reference model 2 V reference model 3

25



University of Pittsburgh

Computational and Systems Biology

Atom Types
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Visualization

1 KoRy T

]

Delete single
ligand atoms

Delete ligand
fragments

single . ‘
residues 27
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Pose Prediction (CSAR)
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Pose Prediction (CSAR)

Top-1

Top-3
Random W CNN

Vina

Intra-target ranking

Top-5
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Pose Prediction (PDBbind)

1.0 . . 100
0.8| 3 80|
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1.0

True Positive Rate
)
0

O
N

O
o

O
v

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

32
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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 23
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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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fpps (farnesyl diphosphate synthase)

CHEMBL 457424 DUD-E Training Set
Top Vina Pose (-8.2 kcal/mol) Score = 0.93 = 0.03
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fpps (farnesyl diphosphate synthase)

CHEMBL 457424 DUD-E Training Set
Top Vina Pose (-8.2 kcal/mol) Score = 0.93 = 0.03
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Pose Sensmvﬂy

Partially Aligned Poses
Combined 2:1 Training Set
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Affinity Prediction

unitl_pool
14 T T T T T T 14 T T T T -
label
12 12
unit2_pool
10 | 10 |
* y y :
= O
< =
unit3_pool O 6 |- > 6|
4} 4}
2 2
Spearman=0.687 RMS$=2.159 Spearman=0.503 RMS$=8.956
% 2 2 5 B 10 12 14 % 2 4 5 B 10 12 14
Experimental Affinity Experimental Affinity
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Examples

__;,\ A

Vina (12.71A) CNN (0.96A)
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Beyond Scoring
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Beyond Scoring

unit3 convl output fc
128 x 6°3 2
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Beyond Scoring

unit3 convl output fc
[ESx 63 2
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Beyond Scoring
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Beyond Scoring
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4000+
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SIX MONTHS LATER:
OUR FIELD HAS BEEN STRUGGLE NO MORE! | ol
STRUGGLING UITHTHIS || I'™M HERE TO SOLVE WO, THIS PROBLEM
PROBLEM FOR YEARS. IT \JITH-ALGORITHIMS! 15 REALLY HARD.
| N L You DOIVT\SA)./
R (s

L
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