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Purchasable Accessible Drug Discovery Funnel

® @ [ 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
. X ot Pharmacophore MolPort-035-395-691  0.125 607 15
Sco rl n g T , u HydrogenDonor ) MolPort-002-509-936  0.132 314 0
R (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 ("1'! f',ffgggg':adius - ) MolPort-003-892-015  0.157 288 0
y n a m I Cs . @ ) Hvdrophobic = MolPort-003-941-332  0.164 272 0
O | 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 © 14 MolPort-002-509-704  0.169 312 1
_Shapdll s = Rty
MolPort-002-506-898  0.172 288 0
» Inclusive Shape
MolPort-006-069-030 0.173 607 15

» 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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Pharmer

Hycrogen
PDONOK
Eeattire

Hydrophobic
Features

Pharmacophore

A spatial arrangement of molecular
features essential for biological activity

Koes, D. R., & Camacho, C. J. (2011). Pharmer: efficient and exact pharmacophore search.

Journal of Chemical Information and Modeling, 51(6), 1307-1314. doi:10.1021/ci200097m

Koes, D. R., & Camacho, C. J. (2012). ZINCPharmer: pharmacophore search of the ZINC database.
Nucleic acids research, 40(Web Server issue), W409-414. doi:10.1093/nar/gks378
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® @ (L] pharmit.csb.pitt.edu/search.htmi & th m) (4] | n
Search PubChem v | ¢ r E Pharmacophore Results (%

Name RMSD v Mass RBnds
Pharmacophore Search -> Shape Filter PubChem-13960682 0.223 392 5
Load Receptor... Load Features... PubChem-23673360 0.223 391 4
Pharmacophore PubChem-13960682 0.223 392 5
- PubChem-23673360 0.223 391 4
- , Aromatic o
i A, PubChem-13960684  0.243 388 6
b u , HydrogenAcceptor o PubChem-13960684  0.243 388 6
/' (47.17,41.23,-5.87) Radius 0.5 A ‘_
PR~ N ae / PubChem-13960684 0.243 388 6
- “j, HydrogenAcceptor o I&,‘?‘j‘%
g e e VAN e ' PubChem-13960684  0.250 388 6
. @  Negativelon o PubChem-50810304 0.311 481 8 -
/' (48.21,40.91,-5.92) Radius 0.75 ‘4 4 — 4
Wa bl T, PubChem-10000399 0.325 389 6
, \ Hydrophobic
ﬁ (49.4,41.67,-2.93) Radius 1.0 9 ' 7 fas SR E? \ / J PubChem-10000399 0.327 389 6
-Hydrophobic PubChem-59081061 0.349 875 15
’ ﬁ (52.08,44.85,-2.15) Radius 1.0 o
PubChem-10250942 0.379 387 3
Hydrophobic
3 ﬂ (48.19,39.88,-1.88) Radius 1.0 © PubChem-23686481 0.379 386 2
", Hydrophobic PubChem-13960681  0.442 385 7
’ ﬁ' (55.14,47.7,-1.04) Radius 1.0 0
PubChem-13960681 0.442 385 7
. Hydrophobic
. ﬁ' (5(!03,43?31,-5.25) Radius 1.0 & PubChem-13960681 0.444 385 7
- Hydrophobic PubChem-88181354  0.449 698 10
\ “ (46.4,37.97,-1.96) Radius 1.0 o |
. PubChem-842716 0.462 319 8
- - Aromatic
3 kﬁ’: (49.4,41.67,-2.93) Radius 1.1 ge Showing 1 to 19 of 38 hits
== Aromatic Previous | 1| 2 Next
> \_JOFF) (52.08,44.85,-2.15) Radius 1.1 o

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

Display a menu

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

Dynamics

Accessible Drug DiSCOVer)’ Funnel

0.1

Score (kcal'mol)

0.15

-0.25

hydrophobic(d)

hbond(d)

gauss, (d) =
gauss,(d) =

repulsion(d) =

—(d/0.5)?
Wenass, € (d/0.5)

wguassz e— ( (d—3)/2)2

wrcpulsiond2 d<0
0 d>0

whydrophobic d < 0.5
0 d>15

Whydrophobic (1.5 — d)  otherwise

Whbond d < —=0.7
0 d>0

Whbond (— %) d) otherwise

0.05

-0.05

0.1

02 |

-1

/72

0 1

SIENC e
steric + hydrophobic ——
steric + H-bond

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
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Protein-Ligand Scoring

Pose Prediction

Binding
Discrimination

Affinity Prediction
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Neural Networks

A
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W,

X —— output
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..sigmoi
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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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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

1 10 1 R
0 0 O 10 1 48 -
11 10 1 S
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Protein-Ligand Representation

(R,G,B) pixel —
e = (Carbon, Nitrogen, Oxygen,...) voxael
G|G|GIG R R
G|G/G G 3R
GG GG - The only parameters for this
G 2 g g ‘ representation are the choice of
clalala grid resolution, atom density,
G|G|G|G / and atom types.
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Training

(S ,

PDBbind 2016 refined set Pocketome

2o

* 4056 protein-ligand complexes o 2923 distinct pockets

e diverse targets o 27,142 receptor structures

» wide range of affinities e 4,138,117 non-redundant poses

* generate poses with AutoDock Vina » generate poses with AutoDock Vina
* Include minimized crystal pose e include minimized crystal pose

C-» e

Redocked Training Set Crossdocked Training Set

18
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Training

Clustered Cross-validation

AN

OO0 AAICCO

Target sequence similarity < 0.5
AND
Ligand similarity < 0.9

19
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Optimized Models
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Pose Results
2 e

Crossdocked Pose
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Affinity Results

12
10
: | 1.0
S PDBbind Core Set
S 6
= 4 )
0.9
12 '
2 S
Spearman = 0.570, RMSE = 1.686 e
00 2 4 6 8 10 12 10 f_U
Experiment g 0.8
8 @)
Random Split = O
S 6 =
-
. g g 0.7 0
Q.
m - - -
10 4 )
o
. Vp
g e < 2 0.6
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
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https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html






Deep Dreams of Molecules
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Gradlents Beyond Scoring
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— 4&i€Gy 9G, oD 0A
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— -1 0
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Computational and Systems Biology

Minimizing Low RMSD Poses

worse o9
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lterative Refinement

# Poses
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First Minimization
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—1 0
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G N I N A ‘I . O GNINA 1.0: molecular docking with deep R

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

ment +
‘i\(\e 44@/
& G
b e
&2 )
9 =

4 > : o T o o) =

” Monte Carlo Chaln/ C Q3 =

D O < e
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Virtual Screening

DUD-E Virtual Screening Performance

. - I DUD-E LIT-PCBA
AUC | NEF1% | EF1% | AUC | NEF1% | EF1%

RFScore-4 0683 | 0.0514 | 302 | 0.6 | 0.013 | 1.28
RFScore-VS | 0.963 | 0.857 | 51.9 | 0.542 | 0.00733 | 0.733

Vina e Dl L e e

Vinardo 0.764 | 0.187 | 114 | 0.577 | 0.0103 | 0.99

General (Affinity) | 0.756 | 0.179 | 11.6 | 0.579 | 0.037 | 2.06
General (Pose) | 0.702 | 0.156 | 103 | 0.498 | 0.0147 | 1.3
Dense (Affinity) | 0.795 | 027 | 17.7 | 0.616 | 0.037 | 2.58

Dense (Pose) | 0.767 | 0.313 | 204 | 0514 | 0.0238 | 1.81
Default (Affinity) | 0.795 | 0.258 | 15.6 | 0.611 | 0.0238 | 1.88
Default (Pose) | 0.744 | 0241 | 158 | 0512 | 0.0147 | 1.47

Vina Vinardo Default Consensus
(CNNaffinity) Default (Affinity)

1.0 +* 1.0

—  No enrichment

0.8 * 0.8
. $4 |
5 0.6 ** +*++ 0.6
8 Hothebadss,
0.4 + 0.4
0.2 +++++*+++¢++*¢***+++‘+ 0.2 *
+’*++++¢°++++++¢§+¢;¢; +:+}i
N e e e T Y epe T o s =TTy pe ey s s ey =g BT Hgggzzgg- 0.0 o;gﬂggﬁyﬁiizﬁ;:xr
CHE=T s HaoM = R N e o e R R SHOMGOT S o g~ ak 5 a0 O QOO Qo EM RSSO E0 T E RS Be s oa 29— Qg0 = oS &0 i ) M
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/A\ ®
. Proﬁ I 18
) 4 *‘4 R
v « Actin-binding protein

* Accelerates actin polymerization in

oresence of proline-rich proteins
(e.g. formin, WASP, VASP)

e Sequesters actin otherwise

Dave Gau Partha Roy

34
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Virtual Screen

o Scaffold Hop Early Hit

 Pharmacophore screen (Pharmit)

e Ranked with Vina and CNN

—aatth
JOURNAL OF

o . o o g ) BIOLOGICAL  oren Jaccess
Structure-based virtual screening identifies JBC EVE S

Il a small-molecule inhibitor of the profilin 1-
BIOLOGICAL . . )
CHEMISTRY actin interaction

CELL BIOLOGY | VOLUME 295, ISSUE 46, P15636-15649, NOVEMBER 2020

( Actin-binding protein profilin1 promotes aggressiveness of clear-cell renal
David Gau' ', Taber Lewis", Lee McDermott ', Peter Wipf +, David Koes ' and cell carcinoma cells

Partha Royitv“-**2

Abigail Allen » David Gau * Paul Francoeur ¢ ... David Koes » Walter J. Storkus * Partha Roy 2 Show all authors
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C2
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Generative Modeling
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Discriminative Model

Features X =——> —3 Predictiony

"/
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Generative Model

y?

39



University of Pittsburgh Computational and Systems Biology

Generative Adversarial Networks

True Examples Mﬁvv, e |

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

Discriminator

(Generator
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Generative Adversarial Networks

.. : "-’?".'%" ¥ “p 1F
4 ' - ‘ "

T

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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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
42
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Enc

e

Automatic Chemical Design Using a Data-Driven Continuous
Representation of Molecules

®

SMILES input

ENCODER

Neural Network

CONTINUOUS

MOLECULAR

REPRESENTATION
(Latent Space)

DECODER

Neural Network

SMILES output

Computational and Systems Biology
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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

44



University of Pittsburgh Computational and Systems Biology

Variational Autoencoding Examples

Atom

Vi Fitting

2BES
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Variational Autoencoding Examples

mol_4,5,6
Around a target mol

> Random
Z’ ;
')
o
=
E
4
LD
O
Q.

0

0.2 0.4 0.6
Tanimoto similarity

rigid body alignment
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Context Encoding
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Context Encoding

GAN loss

~_ Generator .

receptor grid generated ligand grid
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Condlhonlng on ,the Receptor
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Context Encoding with Fully Convolutional Network

Tmbw

AR v .. S AR
Generated Fit Densities Fit Atoms
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Context Encoding with Fully Convolutional Network

3bXxg

Generated Fit Densities
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Context Encoding with Fully Convolutional Network

&/ Sl

Generated Fit Densmes F|t Atoms

&/ Sl
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