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Structure Based
Drug Design Funnel
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Dynamics ﬂ/&t

How does it bind”? (pose prediction)
Does it bind? (virtual screening)
How well does it bind”? (affinity prediction)
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Matching
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Protein-Ligand Scoring
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Trott O, Olson AJ. AutoDock Vina: improving the speed and accuracy of docking with a new scoring function,
efficient optimization, and multithreading. Journal of Computational Chemistry. 2010 Jan 30;31(2):455-61.
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Protein-Ligand Scoring

Pose Prediction

Binding
Discrimination

Affinity Prediction
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Protein-Ligand Representation

(R,G.B) pixel
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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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Why Grids?

Cons Pros
* coordinate frame dependent * clear spatial relationships
* but can be input into * amazingly parallel

equivariant networks :
* easy to Interpret

* pairwise interactions not explicit

® = /
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lIbmolgrid

Caffe Training PyTorch Training
os- 0s- JCIM zz:zzccmsnon
AND MODELING
0.7 0.7
0.6 0.6 libmolgrid: Graphics Processing Unit Accelerated Molecular
8051 8os- Gridding for Deep Learning Applications
% 0.47 % 0.4 7 Jocelyn Sunseri and David R. Koes*
* 0.31 031 @ Cite this: J. Chem. Inf. Model. 2020, 60,3, 1079- Article Views Altmetric Citations
i - 1084
02 02 Publication Date: February 12, 2020 v 429 5 1 5 9
0.1 0.11 https://doi.org/10.1021/acs.jcim.9b01145 LEARN ABOUT THESE METRICS
0.0 | | | | | 0.0 | | | . | Copyright © 2020 American Chemical Society
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0 github.com/gnina/libmolgrid


http://github.com/gnina
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Convolutional Neural Networks

)

)

\——/ N/
Convolution Convolution Fully Connected
Feature Maps Feature Maps Traditional NN

Dog: 0.99
Cat: 0.02

10
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Convolutional Neural Networks

0
4 i ‘
’j - \l
’ Convolution Convolution
N Feature Maps Feature Maps

Computational and Systems Biology

) )

Ragoza M, Hochuli J, Idrobo E, Sunseri J, Koes DR. Protein—ligand scoring with convolutional neural networks.
Journal of chemical information and modeling. 2017 Apr 11;57(4):942-57.

Sunseri J, King JE, Francoeur PG, Koes DR. Convolutional neural network scoring and minimization in the D3R
2017 community challenge. Journal of computer-aided molecular design. 2019 Jan 15;33(1):19-34.

Hochuli J, Helbling A, Skaist T, Ragoza M, Koes DR. Visualizing convolutional neural network protein-ligand
scoring. Journal of Molecular Graphics and Modelling. 2018 Sep 1;84:96-108.

Francoeur PG, Masuda T, Sunseri J, Jia A, lovanisci RB, Snyder |, Koes DR. Three-Dimensional Convolutional
Neural Networks and a Cross-Docked Data Set for Structure-Based Drug Design. Journal of Chemical
Information and Modeling. 2020 Aug 31;60(9):4200-15.
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Traditional NN

Dog:
Cat:

0.99
0.02

10



>
(®))
o
9O
m
7))
S
(O]
jed
»
>
N
O
o
(4]
©
o
O
jd
©
jd
-
Q.
S
O
o

University of Pittsburgh

Protein Ligand Scoring
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Cross-Docked Protein Ligand Scoring
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Computational and Systems Biology

hitps://github.com/gnina/models/tree/master/data/CrossDocked2020

Three-Dimensional Convolutional Neural Networks and a Cross-

Docked Data Set for Structure-Based Drug Design

Paul G. Francoeur, Tomohide Masuda, Jocelyn Sunseri, Andrew Jia, Richard B. lovanisci, lan Snyder, and David R. Koes*

@ Cite this: J. Chem. Inf. Model. 2020, 60, 9, 4200-

4215
Publication Date: August 31, 2020 v

https://doi.org/10.1021/acs.jcim.0c00411
Copyright © 2020 American Chemical Society
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SOFTWARE Open Access

G N I N A 1 . O GNINA 1.0: molecular docking with deep -2

learning

Andrew T. McNutt', Paul Francoeur', Rishal Aggarwal?, Tomohide Masuda', Rocco Meli®, Matthew Ragoza',
Jocelyn Sunseri' and David Ryan Koes'"

https://github.com/gnina/gnina
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Computational and Systems Biology
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Default CNN Ensemble
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Exhaustiveness

90 - .
exhaustiveness
B 4
80 - Bl S (Default)
B 16
—— Detfault Ensemble
e B P Vina
B 4 -_-=__=_.=_-=_______=________=._=-_=-_-_-.-.=-.:'.=‘-'-'-'-ﬁ:
40 - Hl 3 (Default) :_‘__._:-_:'.=‘.='-=_"-=_:_=_-:- ____________________________________ -
B 16 .
—— Default Ensemble
304 —=en Vina
1 2 3 4 5 6 7 3 9 6 7 3 9

Redocking Crossdocking

18



University of Pittsburgh

30 1

20 1

exhaustiveness
8 (Default)

16

32

04

Default Ensemble

Vina

Redocking

Computational and Systems Biology

whole Protein Docking

gnina -r rec.pdb -1 lig.pdb --autobox ligand rec.pdb -o docked.sdf.gz

70 -

60 1

exhaustiveness

8 (Default)

16

32

64

Detfault Ensemble

Vina

Crossdocking

19



University of Pittsburgh Computational and Systems Biology

whole Protein Docking

gnina -r rec.pdb -1 lig.pdb --autobox ligand rec.pdb -o docked.sdf.gz
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Flexible Docking

gnina -r rec.pdb -1 lig.pdb --autobox ligand lig.pdb -o docked.sdf.gz --flexdist 3.5 --flexdist ligand lig.pdb
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Recommendation: Use flexible docking for specific, intelligently selected residues

gnina -r rec.pdb -1 lig.pdb --autobox ligand lig.pdb -o docked.sdf --flexres A:84,A:88 50
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Virtual Screening with Gnina 1.0

by @ Jocelyn Sunseri 8@ and @ David Ryan Koes = &

. o . Model DUD-E LIT-PCBA
50 AUC | NEF1% | EF1% | AUC | NEF1% | EF1%
RFScore-4 0.683 | 0.0514 3.02 0.6 0.013 175
RFScore-VS 1965 | 0857 oi2 1 0047 | BUUZES | U735
Vina 0.745 | 0.118 7.05 | 0.581 0.011 11
Vinardo 0.764 | 0.187 114 | Do/7 | BUIDS 099

General (Affinity) | 0.756 | 0.179 116 [ 006/9 1 087 2.06
General (Pose) D702 | 0 196 103 | 0498 | 0.014/ I £%6.
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Dense (Pose) 0.767 | 0.313 204 | 0.514 | 0.0238 1.81
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Default (Pose) 0.744 | 0.241 158 [UO12 1 D014/ 1.47
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Pose Sensitivity
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Simple Descriptors

1.0 DUD-E MUV

‘ molecular weight
number of hydrogen bond acceptors | number of hydrogen bond acceptors
0.8 number of hydrogen bond donors number of hydrogen bond donors

' number of rotatable bonds
logP logP
net charge
number of all atoms

number of heavy atoms
number of boron atoms
number of bromine atoms
number of carbon atoms
number of chlorine atoms
number of fluorine atoms
number of iodine atoms
number of nitrogen atoms
number of oxygen atoms
number of phosphorus atoms

lj—_‘ j;—J ’7:‘] E“Q be%s —_—-—_—9 —— ——'-:‘—— —— number of sulfur atoms

(.| SRR TR Soeeecstlit focetooht ~Soedie— —eedi— number of chiral centers

ECFP4/ ECFP4/ DUD-E; MUY/ ECFP4/ MUV/ MUV/ DUD-E/ DUD-E/ Default - fll;lrfnb:i of ring systems
Refined CrossDock CrossDock CrossDock General  Refined  General  Refined — General (Affinity) eatures eatures

0.2 ; | | »i i

® Default (Affinity)
O Best simple descriptor model

gzj “la ! I g ! “ !i! | - No enrichment
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Using GNINA

Colab Notebook

O CO gnina.ipynb - Colaboratory X : Home Page - Select or create - X | + O O CO gnina.ipynb - Colaboratory X : Home Page - Select or create - X | +

& C @ colab.research.google.com/drive/1QYo5QLUESON_G28PIpYs60KGddhhd931?usp=sharing#scrollTo=sMTknhig... ¥ @& ® § ¢ C @ colab.research.google.com/drive/1QYo5QLUE8ON_G28PIlpYs60OKGddhhd931?usp=sharing#scrollTo=WctyMpd...

& gnina.ipynb & gnina.ipynb
Y 9 Py B comment &% Share 1 ) 9 Py B commer

File Edit View Insert Runtime Tools Help Allchanges saved File Edit View Insert Runtime Tools Help

RAM 1 , . RAM I
= + Code + Text v Disk EEE g Editi = + Code + Text v Disk mmm
° import py3Dmol i

Qv ° !./gnina -r rec.pdb -1 lig.pdb --autobox ligand lig.pdb -o docked.sdf --seed 0 Q v = py3Dmol.view()

v.addModel (open( 'rec.pdb').read())

<> O o <> v.setStyle({ 'cartoon':{}, 'stick':{'radius':.1}})
() v.addModel (open( 'lig.pdb').read())
SR it (ERY EDREE R ) e v.setStyle({ 'model':1},{'stick':{'colorscheme': 'dimgrayCarbon', 'radius':.125}})
{x} Lol N E N {x} v.addModelsAsFrames (open( 'docked.sdf').read())
POl ] v.setStyle({ 'model':2},{'stick':{'colorscheme': 'greenCarbon'}})
- L BB T - v.animate({'interval':1000})
= L
| / v.zoomTo({ 'model':1})
v.rotate(90)

gnina v1.0.1 HEAD:aa41230 Built Mar 23 2021.
gnina is based on smina and AutoDock Vina.
Please cite appropriately.

Commandline: ./gnina -r rec.pdb -1 lig.pdb --autobox ligand lig.pdb -o docked.sdf --seed 0

*** QOpen Babel Warning in PerceiveBondOrders
Failed to kekulize aromatic bonds in OBMol: :PerceiveBondOrders

Using random seed: 0

0% 10 20 30 40 50 60 70 80 90 100%

R EEEE R EEEEEEEEEEEE L EEEE L EEEEEEEEEEEEEEEEEEEEEEEEE L

mode | affinity | CNN | CNN
| (kcal/mol) | pose score | affinity
----- S
1 -8.50 0.8963 6.783
= 2 -8.08 0.6049 6.600 =
3 -8.31 0.4536 6.456 5
4 -6.59 0.2824 6.080 Ve
o 5 -6.75 0.2072 5.836 = N

v 48s completed at 12:16 AM v 48s completed at 12:16 A


https://colab.research.google.com/drive/1QYo5QLUE80N_G28PlpYs6OKGddhhd931?usp=sharing
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: Retrospective Lead Optimization: 5 : Leave One Protein Family Out CV:
Example Congeneric Series; e gnf D Q O No-shot: Training Set

# of Ligand

Improving AAG predictions with a multi-task b LM

convolutional Siamese network

N Training Set
- Few-shot: (1 Additional Ligand Example)
: Test 2 Ligands

Training Set

Andrew T. McNutt and David Ryan Koes*

BindingDB Congeneric Series

1082 congeneric series

943 unique receptor structures

. - e se aw, aw, v, W, s
. * . N . . .
. * * < v: '- 2

1 External Datasets

, Mobley et al. K : -~ o ﬁnetune
d . . K : “._ (no-shot) .7
2+ I 1 congeneric series : . R

P t 1 9 .‘"" ", . """"""" Evaluate on
ToLeln — YAAG ) Wang et al. ! . [Siamese Network] | : 2 hgands - o congeneric
‘I‘ : 8 . , ., : | Trained on All """""""""""" remaisr?;egs after
2 .::" congeneric series -':: : BlndlngDB Data 311gands removing 7
' — YAG) 3 K ligands
nga’nd A yaa Schindler et al. s : e 7 hgands ______
¢ [Soongonericsoris | b it St i

BindingDB Data

Shared Weights

.

Protein
_I_

Ligand B

2
Liotation = m ZE (f(xz) - f(szOtatGd))
n 2
Lcon31stency 71’/7,21 ((9(3324) o g(sz)) o h(xz))
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Pearson's R

Computational and Systems Biology

ANG Results
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Generative Modeling
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Discriminative Model

Features X =——> —3 Predictiony

"/
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Generative Model

o - -
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Generative Model
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Generative Model

- [catures X

VAN
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Generative Adversarial Networks

True Examples Mﬁvv, e |

= \ Loss
| IS this a
q
real dog
picture”?

Discriminator

(Generator
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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
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Learning a Continuous Representation of 3D
NeurlPS 2020 Workshop

Molecular Structures with Deep Generative Models
Machine Learning for Structural Biology

David Ryan Koes

Matthew Ragoza*™ Tomohide Masuda*
Comp. & Systems Biology Comp. & Systems Biology Comp. & Systems Biology
University of Pittsburgh University of Pittsburgh University of Pittsburgh
Pittsburgh, PA 15213 Pittsburgh, PA 15213 Pittsburgh, PA 15213
mtr220pitt.edu tmasuda@pitt.edu dkoes@pitt.edu
4 . N -
OpenBabel+RDKit ViolGi [orch Prior
r \ e 2 distribution
= Atom oo Atom !
& typing L gridding Encoder !
Input molecule .' N Real atom types ." - Real density E
\ J 1 \L J 1 \L J I
Validit ¢ ilarit : # at t¢ t : L2I¢ Y ¥
alidity, similarity, , # atoms, type coun X 0SS,
drug-likeness 1 difference, RMSD | GAN loss [ Latent vector J
( T ) ,: ( T ) ,: )
£ Bond | - Atom |
\ adding o fitting Decoder )
o < - o, € - <
7 Ry v
KL divergence
Output molecule Fit atom types Generated density loss
\ J \ J \ J
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Goal: Create a generative model of 3D molecular structures

0=CINC(=S)N/C1=C/clcccc(0Cc2ccc([N+](=0)[0-])cc2)c1
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Assign atom types based on element, aromaticity, and neighbor atoms
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Assign atom types based on element, aromaticity, and neighbor atoms
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Represent atoms as Gaussian densities using their atomic radius
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Represent atoms as Gaussian densities using their atomic radius
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Sum atomic density on a 3D grid with channels for each atom type
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Sum atomic density on a 3D grid with channels for each atom type
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Provide density grids of real molecules to a deep neural network

'
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Map from input densities to normally distributed latent variables

.
.,
™
e,
“u
e
.
*e
e,
‘e,
.
‘e
*e
.,
.
.
.
‘e,
.
.
.
e
.
.

.................................................. =
.................. RO
............ N
| _ | 2%IXD ave 3x3x3 conv 3x3x3 conv 3x3x3 conv ave conv || conv | conv H § fully
3x3x3 convolution 3x3x3 convolution 3x3x3 convolution oolin 128 filters 128 filters 128 filters | | PoQl...- 256 256 256 R conn.
64 filters 64 filters 64 filters PO g .......................... § sample
............................ o

41



University of Pittsburgh

Computational and Systems Biology

.
.
-
.
.
s
.
.
ot
....
.
.
-t
.
-
.
.

e
........

“
s
..
e
.......
et
.
want
e
et

conv
256

conv
256

conv
256

el
“ee
e,
.
........
e
eas

e
-
“
.~
e
AL
.
e
.
.....
e
L
L0
e
-
..
.
ey

3x3x3 conv
128 filters

3x3x3 conv
128 filters

3x3x3 conv
128 filters

.

o
----
et
et
et
.t
oot
....
et
....
-
....
....
et
o
-
‘‘‘‘
.t
o

et
.
.
wer
e
ansr
s
e
e
e
------
e
e
e
et
.....
.
.
e
e

2x2x2 nearest
neighbor upsampling

.
N
e
.y
.
........
ea
eu
.

.
.
v
.....
.
-
.....
e
"~
.....
.....
.
.....
.

.....
e,
N
.
..,
.
e,
.
.....
..

.
L
....
LT
.
ey

3x3x3 convolution
64 filters

3x3x3 convolution
64 filters

3x3x3 convolution
64 filters

ot
.
et
o
et
.
.
.
-
.
et
.
.
-t
-
.
ant
et
.
.
.

.
et
.
et
et
.......
et
et
e
s

ey
ean
.
T
eay
....
ose
ea,
..
“ea,
.

-
L
‘e
-~
.
.
.
"
.
.
.
“ea,
.
i
"~
.
.
.
.
"
.
.

42



University of Pittsburgh

Computational and Systems Biology

ot
et
-
.t
E
.
ot
.
.t
et
.t
.t
.
ot
.
oot
o
.
..
ot
ot
ot
et
et
.
.
et
.
.
.
et
.
.
.
ot
.
.

e
e
e
ane
et
-------
aenr
et
e
aunr

want
et
nrr
.....
.
.....
e
et
et
e
aner
..
.......
e
s
annt
.
e
e
eant
ant
et
et
CLA
e

2x2x2 nearest neighbor
upsampling

..
es
ey,
..
..
e
vee
"ae
.
.
“as
“ee
e,
e
ey
----
e,
.
ey
.
vy
..
e
‘e
e
..
ey
.
“ee
L

.
.
.
L0
L
“v.
"~
.
.
.
.
LN
‘e
.
"
.
.
-
.
.
.
.
.
.
L
.
‘e
.
.~
.
.
ey
"~
.
.
.
.
.
v
e,
.
.
"~
.
.
“
.
.
.
.
L
"
“ae
"~
i
.
™
"~
‘e
.
L0
e
.
L
LN
.
.
L
.
.
.
.,
e
.
.
E

3x3x3 convolution
32 filters

3x3x3 convolution
32 filters

3x3x3 convolution
19 filters

43



University of Pittsburgh Computational and Systems Biology

Train the model to reconstruct its input and generate realistic densities
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Train the model to reconstruct its input and generate realistic densities
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Detect and fit atoms to generated densities with gradient descent
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Detect and fit atoms to generated densities with gradient descent
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Add bonds to fit atoms based on their atom types and geometry
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Add bonds to fit atoms based on their atom types and geometry
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AE

Same input molecules
VAE

AE

VAE

Different input molecules
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AE

Same input molecules
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structure density

3D CNN

= libmolgrid

OO0OO00O0O

o ROYAL SOCIETY
PP OF CHEMISTRY

Chemical
Science

View Article Online
View Journal | View Issue

EDGE ARTICLE

Generating 3D molecules conditional on receptor

{'.) Check for updates ‘
binding sites with deep generative modelst

Cite this: Chem. Sci., 2022, 13, 2701

& All publication charges for this artice  Matthew Ragoza, 2 *2 Tomohide Masuda® and David Ryan Koes®

have been paid for by the Royal Society

latent space

concatenate1

concatenate?2

density
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Posterior
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Reference molecule

Prior

| Reference 1.0 . 0.6
molecule (Posterior) Bias factor
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MOLUCINATE: A Generative Model for Molecules

in 3D Space
Michael Arcidiacono David Ryan Koes
mixarcidiacono@gmail.com Comp. & Systems Biology

University of Pittsburgh
Pittsburgh, PA 15213
dkoes@pitt.edu

Machine Learning for Structural Biology Workshop, NeurIPS 2021
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. Chemical
DeepFrag: a deep convolutional neural network for | Science

fragment-based lead optimizationt

Harrison Green, 22 David R. Koes® and Jacob D. Durrant (& *2

https://durrantlab.pitt.edu/deepfrag/
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