St

= a=

===/ e —XVY

AN

N =y
@] =)
=Y

E===="Y

Mﬂ/jﬁﬂ ~ — S S -4 =

(S ZE

GTC 2019

- = —— —

San Jose, CA
March 20, 2019

\I"



University of Pittsburgh

BASIC DRUG PRE- FDA HOST,ARRROMAL
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THE BIOPHARMACEUTICAL RESEARCH AND DEVELOPMENT PROCESS
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Structure Based Drug Design

Pose Prediction Binding Discrimination Affinity Prediction

<
Virtual Screening Lead Optimization
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Purchasable Accessible D ru g D i scove ry F unne I

® @ [ Pharmit Search Engine X ()

& C @® pharmit.csb.pitt.edu/search.htm|?SESSION=examples/4pps.json Y N

Search MolPort - | < ' | . _| » Pharmacophore Results %)
Name RMSD “ Mass RBnds
Pharmacophore Search -> Shape Filter P 02911 1§‘8 9/(13 = h
olPort-002-911- »
. Load Receptor... Load Features... MolPort-000-705-695  0.124 330 0
_ g T Pharmacophore MolPort-035-395-691  0.125 607 15
Sco rl n g A . u HydrogenDonor o MolPort-002-509-936  0.132 314 0
i (9.53,3.92,35.82) Radius 0.5
R ; MolPort-003-847-099 0.134 275 0
T S HydrogenAcceptor
m (9.53,3.92,35.82) Radius 0.5 0 MolPort-002-741-818 0.147 351 0
R m HydrogenAcceptor o MolPort-002-515-416 0.148 330 0
(20.0,4.36,33.43) Radius 0.5
MolPort-009-018-993  0.150 300 1
D — ’ m :Zgrfggg!’)l:adius 1.0 (%) MolPort-003-892-015 0.157 288 0
y n a m I CS Won ¢ Hydrophobic = MolPort-003-941-332  0.164 272 0
e L | MolPort-006-318-980  0.164 272 0
. Hydrophobic -000-720-
N o~ @ e s 1.0 %) \ MolPort-000-720-875  0.164 272 0
S ophobic MolPort-000-725-407 0.165 296 0
b ) (%)
a" (16.24,4.83,33.93) Radius 1.0 MolPort-039-348-092 0.169 378 1
Add © Sort © / MolPort-002-509-704 0.169 312 1
X e a el
MolPort-002-506-898 0.172 288 0
» Inclusive Shape
MolPort-006-069-030 0.173 607 115

» Exclusive Shape

» Hit Reduction

Showing 1 to 18 of 1,336 hits

Presiouc 1 2 2 25 Moxt

Query took 2.235 seconds

» Hit Screening

Load Session... Save Session... Minimize Save...

http://pharmit.csb.pitt.edu
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Purchasable

Scoring

Dynamics
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Accessible Drug Discovery FUnneI

gaussl (d) — wgua’ssl e_(d/0.5)2
gauss, (d) B wguass2 e—((d—3)/2)2
: _ wrcpulsiond2 d<0
repulsion(d) = { 0 d>0
whydrophobic d<0.5
hydrophobic(d) = 0 d>1.5
Whydrophobic(1.D — d)  otherwise
Whbond d < —0.7
hbond(d) = 0 d>0
whbond(—%’d) otherwise
0.1

0.05 |
o
_‘% 005 | /
§ 01} |

e stericmydropts;e;cc -

steric + H-bond
02 |
026 L—u . —
1 0 1 2 3 4 5 -

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
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Protein-Ligand Scoring

Pose Prediction

Binding
Discrimination

Affinity Prediction
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Neural Networks
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Hidden

o(W4-x+b4)

Computational and Systems Biology

Neural Networks

, ..
v v
/ f\

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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Convolutional Neural Networks

) )

Dog: 0.99
Cat: 0.02
Convolution Convolution Fully Connected
Feature Maps Feature Maps Traditional NN
Convolution Fully-connected
' ‘ ‘ weight 1 ——  weight 1
— Weight 2 weight 2
— Weight 3 — Weight 3
— Weight 4
— weightb

O OO 0OC OO
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Convolutional Filters
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Protein-Ligand Representation

(R,G,B) pixel
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Computational and Systems Biology
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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.
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Atom Density

L, . 4

Boolean (Gaussian
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Why Grids?

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

* easy to interpret

@ /
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Data Augmentation
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Data Augmentation
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Iraining

Clustered Cross-validation

JANWANRO IR

GPDR Gy

PDBbind 2016 refined set
* 4056 protein-ligand complexes
* diverse targets
* wide range of affinities
* generate poses with AutoDock Vina

* Include minimized crystal pose O O A A m

Target sequence similarity < 0.5
AND
Ligand similarity < 0.9

16
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tfinity Results

HiRes Affinity Default 2018 Vina
12 12
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10 10
10
8 8
S S s 8
O O O
5 © 5 © S 6
9 9 g
al al al
4 4 4
2 2 2
Spearman = 0.598, RMSE = 1.714 Spearman = 0.570, RMSE = 1.686 0 Spearman = 0.473, RMSE = 1.887
0 0
0 2 4 §) 8 10 12 0 2 4 §) 8 10 12 0) 2 4 §) 8 10 12
Experiment Experiment Experiment

20



University of Pittsburgh Computational and Systems Biology

Affinity Results
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S 6 P Spearman = 0.789, RMSE = 1.336 O
£ A 0 f=.'.=
4 Pty * 0 2 4 6 8 10 12
Experiment 0.5
. Clustered Random Core Set
Spearman = 0.690, RMSE = 1.496
00 2 4 6 8 10 12

Experiment

21



University of Pittsburgh

Protein Family-Specific Models Using Deep Neural Networks and Transfer
Learning Improve Virtual Screemng and Highlight the Need for More Data

T Oxford Protein lnformatlcs Group Department of Statistics, University of Oxford, Oxford OX1 3LB, U.K.
* Structural Genomics Consortium, University of Oxford, Oxford OX3 7DQ, U.K.

1 Department of Chemistry, University of Oxford, Oxford OX1 3TA, U.K.

§ Diamond Light Source Ltd., Didcot OX11 ODE, U.K.

' Department of Engineering, University of Oxford, Oxford OX1 3PJ, U.K.

+ Alan Turing Institute, London NW1 2DB, U.K.

Max pooling
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// —— AutoDock Vina (AUC = 0.703)

0.2 o —— Baseline CNN  (AUC = 0.862)

7 —— DenseU (AUC = 0.904)

// —— DenseFS (AUC = 0.917)

// -~ == Random (AUC = 0.500)
090 0.2 0.4 0.6 0.8

False Positive Rate

Virtual Screening
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Max pooling
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O
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o
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Computational and Systems Biology

Y

Max pooling

—— AutoDock Vina (AUC = 0.093)
— Baseline CNN (AUC = 0.263)
~——— DenseU (AUC = 0.368)
—— DenseFS (AUC = 0.443)
-== Random (AUC = 0.019)

T U525 crrem g~ .

0 0.2 0.4 0.6 0.8 1.0
Recall

" Global max pooling |

Y

Linear

> Qutput
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Visualization
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Beyond Scoring

Affinity

H PECE
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Fully Connected
Pseudo-Huber Loss
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Rectified Linear Unit

3x3x3 Convolution

o g

B - 8]

= Pose
S Score
DN
E

Softmax+Logistic Loss

optimize
with prior
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https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html
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Beyond Scormg
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Beyond Scormg
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Computational and Systems Biology

Minimizing Low RMSD Poses

worse "
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lterative Refinement
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lterative Refinement
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Generative Modeling
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Discriminative Model

Features X =—> E —3 Prediction y
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Generative Adversarial Networks

\ Loss
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Generative Adversarial Networks

lan Goodfellow @goodfellow_ian - 2h
4.5 years of GAN progress on face generation. arxiv.org/abs/1406.2661
arxiv.org/abs/1511.06434 arxiv.org/abs/1606.07536 arxiv.org/abs/1710.10196

arxiv.org/abs/1812.04948

https://thispersondoesnotexist.com

38



University of Pittsburgh Computational and Systems Biology

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.

A <_ Generator

noise sample generated receptor & ligand grid
39



University of Pittsburgh

Encoder

Latent
Space

Autoencoding
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Computational and Systems Biology

o L2 Loss
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Model

K -
n]()'gnd 2%2%? ave 3x3x3 conv 3x3x3 conv ave cony conv
12x12x12A 3x3x3 conv + LRelU 3x3x3 conv + LRelLU 200l +LRelU +LRelU pool | | 128 128
0.5A resolution 32 filters 32 fiters 64 fiters 64 filters 1024
19 channels N
conv conv exexe Ix3x3 conv + | |3x3x3 conv +
f.c nearest-
- 128 128 neighbor LRelU LRelU 2x2x2 nearest-neighbor 3x3x3 conv + LRelLU 3x3x3 conv + LReLU
1024 upsample 64 filters 64 fiters upsample 32 filters 19 filters
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Varlahonal Autoencodlng Examples

28
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Varlahonal Autoencodlng Examples
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Variational Autoencoding Examples
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Varlahonal Autoencodlng Examples

—

43



Computational and Systems Biology

Atom Fitting

a* = argmin||d — D(a)||5 + A\E(a)
a
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Atom Fitting

a* = argmin||d — D(a)||5 + A\E(a)
a
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Variational Autoencoding Examples
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Variational Autoencoding Examples

PDB True structure True density Gen. density Fit density Fit structure (%en. L2 .F't L2 Fit RMSD
distance distance
]
“ C
3h78 o o 9.4053 8.3141 0.6160
°e o\
4jx9 - Je 13.8545 9.7198 0.8820
. .
VAR A .
3igp °® e * J s 14.8525 12.5245 1.2066
.
y
d Iy °°°
4cwf ;’, ° 11.4730 90564 0.6725
o>

46



University of Pittsburgh Computational and Systems Biology

Context Encoding
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Context Encoding

GAN loss

receptor grid generated ligand grid
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VAE VS. CE

Loss function
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——  Loss function —«——

Encoder Decoder
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Condlhonlng on ’the Receptor

50



University of Pittsburgh Computational and Systems Biology

Condlhonlng on ’the Receptor
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Molecular ML - Now With Promiscuity!

Cafte

grid

libmol
providing support for:

balanced, randomized, stratified batches
- temporal and spatial recurrences

generation of tensors from molecular

iInput data, and not just grids either! 51
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Molecular ML - Now With Promiscuity!
PYTORCH

Deep Learning with PyTorch

Cafte

libmolgridl Coming soon!
providing support for: |

- palanced, randomized, stratified batches

- temporal and spatial recurrences

- generation of tensors from molecular
iInput data, and not just grids either!
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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. WOL, THIS PROBLEM

PROBLEM FOR YEARS. T JITH-ALGORITFMS! 15 REALLY HARD.
| DEEP LE ( YOU DONT SAY

§ll
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