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Structure Based Drug Design

Virtual Screening Lead Optimization
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Structure Based Drug Design
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Scoring

Dynamics
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Accessible
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Can we do better?

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




University of Pittsburgh Computational and Systems Biology

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

Input

Hidden

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
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Deep Learning
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Image Recognition

Computational and Systems Biology
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Convolutional Neural Networks
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Convolutional Filters
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CNNs for Protein-Ligand Scoring

Pose Prediction

Binding
Discrimination

Affinity Prediction

12
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Protein-Ligand Representation

(R,G,B) pixel
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Computational and Systems Biology

13



University of Pittsburgh

C|C O
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CICIC|C
ClLC | C

CiC C|C

CiC C|C

Computational and Systems Biology

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.

13
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Training Data

GPDR fin s

Pose Prediction

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

Affinity Prediction

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

14
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Augmentation
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Why Grids?

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

* easy to interpret

@ /

16
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Prediction (pK)
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Computational and Systems Biology

Results
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Prediction (pK)

Results

Computational and Systems Biology
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What about water?
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Grid Inhomogeneous Solvation Theory
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GIST analysis of 3BGS (purine nucleoside phosphorylase) active site

Anthony Cruz-Balberdy

21



University of Pittsburgh Computational and Systems Biology

Grid Inhomogeneous Solvation Theory

| 34 1
1l | b 3

&

Tom Kurtzman

.-1 _‘*r':': . -
|

R g .

-
!
.

l:m@ \

Eric Chen

GIST analysis of 3BGS (purine nucleoside phosphorylase) active site

Anthony Cruz-Balberdy

21



University of Pittsburgh Computational and Systems Biology

Beyond Scoring
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Beyond Scoring

unit3 convl output fc
IS 63 2
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Beyond Scoring

unit3 convl output fc
I ox 63 2
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Beyond Scoring
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Beyond Scoring
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Beyond Scoring
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Minimizing Low RMSD Poses
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lterative Refinement

4500
4000 -
3500 -
3000 -

# Poses

Best
First Minimization

-1 0
RMSD Cha

1 2 3
nge

Computational and Systems Biology
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lterative Refinement
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lterative Refinement
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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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Grand Challenge 3 - CatS_stage2
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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

29



and now for something
completely different...
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Discriminative Models

active/decoy

Discriminator

receptor & ligand grid predicted class

31
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Generative Models

Generative models approximate a data distribution directly. They can
map samples from one distribution (noise or input data) to realistic
samples from an output distribution of interest.

/\ Generator

noise sample generated receptor & ligand grid
32
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Context Encoding

~_ Generator .

receptor grid generated ligand grid
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Hn 11
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| o —

http://peop\e.eecs.berke\e.ed u/~pathak/context_encoder/
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O

O
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O

data_dim (24)
resolution (0.5, 1.0)
n_levels (3.4, 5)
conv_per_level (1, 2, 3)
n_filters (16, 32, 64)
width_factor (1, 2)
n_latent (512, 1024)
pool_type
max pooling
average pooling
strided convolution
depool_type
nearest-neighbor
strided deconvolution

loss_types
L2 loss

Model Architecture

n latent

n_levels

r
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AUOD
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O -8 O
D O -
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R
depool_type

joodap

n filters

AUQD

AUQOD

SSO|
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Context Encoder Examples

sdf file ground truth cell 24 2 3 64 m n cell 24 3 3 64 a n

1a30

1ai5_ligand

36
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Generative Adversarial Networks

A discriminator network is trained to distinguish real vs. fake receptorligand grids

A generator network (context encoder) is trained to produce output that fools the discriminator

Encoder

—

» Decoder

Discriminator

real/fake

37



PROGRESSIVE GROWING OFGANS FORNIMPROVED
QUALITY, STABILITY, AND VARIATION

Tero Karras  Timo Aila  Samuli Laine  Jaakl o Lefitinen
NVIDIA NVIDIA NVIDIA - NVIDIA
_ Aalto University

SANVIDIA. - /

https://voutu.be/GO06dEc/Z-QT
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_ Aalto University
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Preliminary GAN Examples

ligand ground truth GAN fit atoms

1a30

1aid

39
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Preliminary GAN Examples

ligand ground truth GAN fit atoms

1a30

1ai5

http://torch.ch/blog/2015/11/13/gan.html
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() github.com/gnina
http://bits.csb.pitt.edu
) @david_koes

SIX MONTHS LATER:
OUR FIELD HAS BEEN STRUGGLE NO MORE! | =
STRUGGLING WITH THIS T'M HERE TO SOLVE. WOW, THIS PROBLEM
PROBLEM FOR YEARS. IT JITH-ALGORITFHIMS! 1S5 REALLY HARD,
| DEEP LEARNING! L You DONT \54)(
R (s

L
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Ligand Atom Types
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