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Scoring
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Accessible
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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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343 Complexes

Vina Docking

RMSD <2 CSAR

to crystal pose

293 Complexes

Vina Features:

gauss (31)
repulsion (8)

] vdw (1) :
Vi electrostatic (2) B V}[ﬁa
Features hydrogen bond (3) eé 8§es

(58) hydrophobic (4)

non_hydrophobic (1)
ad4 solvation (2)
counts (6)
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Feature Selection
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Crystal Structures
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Scoring
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hydrogen_bond(a,a>,d)
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(¢ dl(f'“l e o) -
W
¢

(duigr(ay,az) —0) |
0, otherwise d

2
.

dair(ay,a2) < 0

a ﬂ‘ﬂ’h 4
(d(,,,,(a] ,a) ) ® 5 (d,,,,,(cu .as) ) G |
d d
partial_charge(a) - partial_charge(a>)
dx
(0, (ay,a;) do not form hydrogen bond
1. daigr(ay,a2) < —0.7
< 0, daig(ay,az) = b
\ d""’"fg";'_z,i_b. otherwise
i1y not_hydrophobic(a, ) or not_hydrophobic(a> )
: I, dd{{/’((ll yaz) < 0.5
0, dagigr(ay,az2) > b
\ dd,;g-gg 2 1% otherwise
( 0. is_hydrophobic(a,) or is_hydrophobic(a>)
l. ddiﬁ"(al ,ap_) < 0.5
< 0, dai (ay,a2) > 1.5
; 1.5 — ddiﬂ'(al ,(lp_), otherwise

\(solv(a) )+ q - partial_charge(a;)) volume(az )+

o .

. (4
(solv(az) + q - partial_charge(a>)) volume(a, )| e (72)
#heavy_atoms, ligand_length, #hydrophobic_atoms,
#torsions, #torsions®, \/#torsions
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Regression Model

Docked Structures

Koes DR, Baumgartner MP, Camacho CJ. Lessons learned in empirical
scoring with smina from the CSAR 2011 benchmarking exercise. J Chem Inf
Model. 2013 Aug 26;53(8):1893-904.
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Input

Hidden

o(W4-x+b4)
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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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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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CiC C|C
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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
* pairwise interactions not explicit * amazingly parallel

* easy to interpret

@ /
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Data Augmentation
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Iraining

(S ,

PDBbind 2016 refined set Pocketome

Computational and Systems Biology

2 Tor

* 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

-

Redocked Training Set

e

Crossdocked Training Set

14
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Iraining

Clustered Cross-validation

AN

OO0 AAICCO

Target seqguence similarity < 0.5
AND
Ligand similarity < 0.9

15



Affinity
Pose
Score

$507 7 $507 21351307 +XEWYOS

pa123uuo)) Ajjn4 pa123uuo?) Ajjn4

8C1%X9%X9X9

U Jesur payndRy

UOIIN|OAUOY) EXEXE

HiRes Pose
HiRes Affinity

Y9X9X9%9

16

>
(®))
o
9O
11]
(7))
S
O
njd
(7]
>
(/p)
©
c
©
©
c
O
i)
©
njd
=
Q.
S
@)
(@)

>N
> e = Q 2
c 2 5 = S 9
3U1|00d DAY TXTXT = o S < o Y
% = 3 <
POXTIXCIXTI $507 J9qNH-opnasd $507 d1ISIS0T4XeWIOS
$sO7 JagnH-opnasd $507 21351807+ XBWIJOS -

U Jesur payndey

pa3123uuo?) A||n4 pa3123uuo?) Ajjndg

Default2018

UOIN|OAUOD) |X|X]|

YOXTIXCIXTI

pa139uuo)) A|n4 pa323uuo’) A|n4

U Jeaur] payinday

BCIXTIXTIXCI

8CIXTXTXC

UOIIN|OAUOD) ¢XEXE

31U Jeaur] payndRy

eS|l 5]

UOIIN|OAUOD) EXEXE

3ul|ood XB|\| PXpX}

3U1|00d DAY TXTXT

YIXTIXTIXTI

8C1%X9%X9%9

CEXY Y XY C

3u1|00d X\ TXTXT

3un Jeaur [enuauodxy

UOIIN|OAUOY) GXGXG

YIOXF XY Xy L

F9X9X9X9

Jun Jeaur payndey

31U Jeaur] payndvy

UOIN|OAUOD) |X|X]|

UOIIN|OAUOD) EXEXE

3u1|00d DAY §X8XQ

CEXF YT

U Jesur payndey

CEXP XY TXY

Y9X81 X8 X8

UOIIN|OAUOD) EXEXE

3u1|00d XBA| TXTXT

U Jeaur] payindey

SEXF XY TXY

CEXBY X8 X8

UOIIN|OAUOY) EXEXE

3ul|00d dAY TXTXT

U Jeaur] paynoay

CEXBY X8I X8

UOIIN|OAUOD) EXEXE

U Jesur] payndsy

8TX8 X8 X8

8CX81 X8y X8t

UOIIN|OAUOY) EXEXE

8CX81X8r X8

Optimized Models

(Sw) swi|
o o o o o o
S O O O O S
(@) LN < m @\ —
o
©
>, ©O
N 00 o
— = OO C
O O 0 &«
o N N O % o0
n £ 2o I n
2D O 0N o un o
g g v e
. v 0 X X
®e A QO I T
° ©
Tolad
° o O 4> 0O o c
o ° w
| -
©
S o
O - O
> o ©
= . <&
%
= J e
= A
2] .
= o ® o
o
©
= o
w— LN
4 o LN o LN S
an (00 ™~ ™~ (@)
= 9S0d dO] dSINY MO yiim siabue] juadiad
D



University of Pittsburgh

O
oe

O
~

O

Low RMSD Top Pose
@)

Percent Targets with

O
U

Pose Results

Redocked Pose

O
--opf0 —--

Default2017 Default2018 HiRes Affinity HiRes Pose

Vina

Computational and Systems Biology

17



University of Pittsburgh

o o o
@) ~ 00

Percent Targets with
Low RMSD Top Pose

O
U

Pose Results

Crossdocked Pose

2 e

Computational and Systems Biology

18



University of Pittsburgh Computational and Systems Biology

Affinity Results

HiRes Affinity Default 2018 Vina
12 12
12
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

Clustered Cross Validation
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Affinity Results
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Normalized density

Top Pose RMSD Distribution (Ligand)

!—l
I
1

=
N
1

=
o
I

o
(0]
I

o
(@)
I

_CD
I
1

o
N

RMSD (A)

Rocco Meli

Normalized density

0.50 A

Google
Summer of Code

1.75 A

1.50 -

1.25 A

1.00 -

0.75 -

25

)O

Computational and Systems Biology

Flexible Docking Scoring

Top Pose RMSD Distribution (Flexible Residues)
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Virtual Screening

Protein Family-Specific Models Using Deep Neural Networks and Transfer =
c
Learning Improve Virtual Screening and Highlight the Need for More Data - o - =
[= = = o
Fergus Imriet (), Anthony R. Bradley#75, Mihaela van der Schaar'-, and Charlotte M. Deane*t S S 9 x| |®
T Oxford Protein Informatics Group, Department of Statistics, University of Oxford, Oxford OX1 3LB, U.K. (=1 8.* 8. g+ ‘:’ -+ Qutput
* Structural Genomics Consortium, University of Oxford, Oxford OX3 7DQ, U.K. = = o = =
Y Department of Chemistry, University of Oxford, Oxford OX1 3TA, UK. = s - _g
§ Diamond Light Source Ltd., Didcot OX11 ODE, UK. =]
' Department of Engineering, University of Oxford, Oxford OX1 3PJ, U.K. I(D

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

1.0 1.0 — AutoDock Vina (AUC = 0.093)
—— Baseline CNN  (AUC = 0.263)
——— Densel (AUC = 0.368)
—— DenseFS (AUC = 0.443)
ol oe —~ ==~ Random (AUC = 0.019)
Q
42
&
0.6 — 0.6
2 5
= n
n o
O @
o o
)
5 0.4 0.4
—
// - AutoDock Vina (AUC = 0.703)
0.2 s —— Baseline CNN  (AUC = 0.862) 0.2
oF —— Densel (AUC = 0.904)
# —— DenseF5 (AUC = 0.917)
/’ ~ == Random (AUC = 0.500)
0-8.0 0.2 0.4 0.6 0.8 1.0 &0 : :
False Positive Rate Recall
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Virtual Screening

10 In Need of Bias Control: Evaluating Chemical Data for Machine Learning
| in Structure-Based Virtual Screening
0.8 Jochen Sieg (-}, Florian Flachsenberg (-}, and Matthias Rarey"
' Universitat Hamburg, ZBH - Center for Bioinformatics, Research Group for Computational Molecular Design,
Bundesstralle 43, 20146 Hamburg, Germany
O 0.6 R v A K il
= Hidden Bias in the DUD-E Dataset Leads to Misleading
04 Performance of Deep Learning in Structure-Based
. Virtual Screening
0.9 Preprint submitted on 24.03.2019, 15:39 and posted on 25.03.2019, 12:58 by Lieyang Chen, Anthony Cruz,
00 CNN Vina
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Virtual Screening

10 In Need of Bias Control: Evaluating Chemical Data for Machine Learning
| in Structure-Based Virtual Screening
0.8 Jochen Sieg (-}, Florian Flachsenberg (-}, and Matthias Rarey"
' Universitat Hamburg, ZBH - Center for Bioinformatics, Research Group for Computational Molecular Design,
Bundesstralle 43, 20146 Hamburg, Germany
O 0.6 R v A K il
= Hidden Bias in the DUD-E Dataset Leads to Misleading
04 Performance of Deep Learning in Structure-Based
. Virtual Screening
0.9 Preprint submitted on 24.03.2019, 15:39 and posted on 25.03.2019, 12:58 by Lieyang Chen, Anthony Cruz,
00 CNN Vina
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Visualization
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Anatomy of a deep learning paper

> N
Strong empirical Post hoc theoretical
results explanation

Computational and Systems Biology
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Visualizing with Atomistic Probes

AliphaticCarbonHydrophobe

AliphaticCarbonNonHydrophobe

AromaticCarbonHydrophobe

Receptor Atom Type

AromaticCarbonNonHydrophobe

NitrogenAcceptor

NitrogenDonor

OxygenAcceptor

OxygenDonorAcceptor

Computational and Systems Biology
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Visualizing with Atomistic Probes

)

Oxygen Acceptor Nitrogen Acceptor
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Visualizing with Atomistic Probes

AR A

Aliphatic Carbon Aromatic Carbon
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Visualizing with Atomistic Probes
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Visualizing with Atomistic Probes
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Vlsuallzmg Network Decisions

masking layer-wise relevance gradients
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Masking: Enzyme Mutants

Z AV, " N

4 ! » _

_|PDB ID: 1YZ3 - .. |PDB ID: 3C3U
Wild Type K;: 1.55 nM / § AL | Wild Type K;: 5.9 nM
E219AK:  1375nMQ 4 /|L308AK: 2800nM| 7

" D267AK: 999 nM 4 . Ca L\
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Pose Sensitivity
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Layer-wise Relevance
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del+1 dcl
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iej T T\ *T T
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On Pixel-Wise Explanations for Non-Linear Classifier
Decisions by Layer-Wise Relevance Propagation .

Sebastian Bach B [E), Alexander Binder 8, Grégoire Montavon, Frederick Klauschen, Klaus-Robert Miller =],
Wojciech Samek [E]

Published: July 10, 2015 « https://doi.org/10.1371/journa l.pone.0130140 P O S
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Deep Dreams of Molecules
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Screening with Pseudo Ligands
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Gradients: Beyond Scoring
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Gradients: Beyond Scoring
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lterative Refinement
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gnina

gnina is not smina/vina WA,

cheminformatics computational-chemistry drug-discovery

®c++ W35 ¥26 Updated 11 days ago

scripts

@ Jupyter Notebook * 1 ? 13 bIt'a BSD-3-Clause Updated on Sep 17, 2018

models

Trained caffe models

w6 %9 Updatedon Aug 23, 2018

Computational and Systems Biology

Protein-Ligand Scoring with Convolutional Neural Networks

TDepartment of Neuroscience, ¥Department of Computer Science, 1Department of Biological Sciences, and 'Department
of Computational and Systems Biology, University of Pittsburgh, Pittsburgh, Pennsylvania 15260, United States
5 Department of Computer Science, The College of New Jersey, Ewing, New Jersey 08628, United States

@cite this: J. Chem. inf. Model. 2017, 57, 4, 942-957

| (I) RIS Citation m
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DOI: 10.1021/acs.jcim.Bo00740

Publication Date (Web): April 3, 2017

Copyright © 2017 American Chemical Society
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Networks
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Submitted on 20 Oct 2017!
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Caffe Training
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Keras

e = molgrid.ExampleProvider(balanced=True,shuffle=True)
e.populate('examples.txt"')

gmaker = molgrid.GridMaker()
batch = e.next_batch(batch_size)

gmaker.forward(batch, input_tensor,
random_translation=0, random_rotation=True)

Maximum GPU Memory (MB)

Caffe PyTorch Keras

O github.com/gnina/libmolgrid
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Case 1: Profilin-Actin
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/A\ ®
7 = Proﬁ I 18
)= 4 *‘4 ) |
v  Actin-binding protein

* Accelerates actin polymerization In

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

e Sequesters actin otherwise

Dave Gau Partha Roy

52



University of Pittsburgh Computational and Systems Biology

Virtual Screen

* \Whole protein docking of early hit

e |dentified 5 sites

 Pharmacophore screen (Pharmit)

e Ranked with Vina and CNN
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Results

57 compounds tested, 3 actives identified

1 uM 10 UM 50 uM 100 uM
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Results

57 compounds tested, 3 actives identified

1 (Vina) didn't work in cells

1 uM 10 UM 50 uM 100 uM
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Results

57 compounds tested, 3 actives identified

1 (Vina) didn't work in cells

All predicted to bind to different sites
1 uM 10 uM 50 uM 100 uM
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Case 2: TIGIT
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Can we block TIGIT/
PVR Interaction with a
small molecule?

Cancer Cell

The Immunoreceptor TIGIT Regulates Antitumor
and Antiviral CD8" T Cell Effector Function

Robert J. Johnston,’ Laetitia Comps-Agrar,? Jason Hackney,® Xin Yu,' Mahrukh Huseni,* Yagai Yang,® Summer Park,°®
Vincent Javinal,® Henry Chiu,” Bryan Irving,’ Dan L. Eaton,? and Jane L. Grogan'*

Computational and Systems Biology

=5

/ anti-PD-L1
small

Gibran Biswas .
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Does anything bind to this pocket”

Fragment Docking

-

O W
o| P |2

(90400 3443120 Mtk 13 -
R cop | ACUMADE o
. (BT %M Nk L2
2 - MiMMOaI)Rade 10 o
’- (0T "adn 10 o
A O Sort =
» Explushe Shage

|

pttedy

S 30 30 10 M AR WADA O Y

S HLAN D L Sedn 0 s

Ml

(632 38 13 & AN mada 08
HLB N B4 madn 08
01N A& Rade 1 0
M2 330 e mada 10

Adwinass
(40 W30 804 4X) Macke L1

As wriemin

» Ht Reducton

» M Screening
\.' sualizatson ,

Upang. ES o~
LORS Saraaeee Save Sexeon
0
25
]
=
4=
<
.g
S
Th
-10

Different molecules’ binding affinites to different conformations of TIGIT

Computational and Systems Biology

[a]
P i
@
. '
o
a ' . 0 (o]
o
8! . o [ :
! . w " ' at
s ® Iy a o
' o
srapsol 4 stzpshal 22 snapshel 36 snapshol 47 stizpsha 77
siagshol 12 srepshot 27 snapshct 42 snapshol 5€ snépshot 94

“8e +$ A O S

Mininization Rewlts (v ]

Aame

Kore

" mEMSD

MOPO02-5T0650 J09 3%
MO U S0 S -1 A58 L5y
MOlPon 000738128 40 39
MolPort 00804 710 471 2656
LotNeem 000 747 454 a5t 2442
LolPort 35746549 640 1637
MotPon 02635011 £36 3583
MolPort 27873 340 622 28%
MOlPon 002656064 421 asn
MoiPort 20073507 612 4340
MOIPORL00. 7263568 L09 4a1n
MolPort000-712091 600 am
ctP et 004204 300 590 2074
LolPort 04-584 333 596 230
MolPon 19790281 585 4814
MeiPert 00221 101 A7 2078
NP Q02157 294 S5 4082
MolPort {19 T00529 569 4124
MOPonL20073507 S567 4103
MolPort Q05975319 566 Jaw
MotP 003040297 Z54 PREN
MolPort Q00- 740 9468 55 2458
MolPondL9.TE3 688 54 5033
Erowing 1 10 2¢ of 646 seaee
3 Mem
Nax Scare b
Max R AS0 Aoty

Pharmacophore Search

N23-273-303
0Ud 74C k8
004-534-3C7
002-072-115
003-352-5C0
002-57C-510
035-74€-0E9
003-34C-248

Consensus Scoring (CNN and Vina

57



Screening

10 diverse compounds
selected for screening
 top ranked by Vina
- top ranked by CNN

Name CNN Affinity| CNN Score Vina

Compound 1 7.69807 0.994763 85.95
Compound 2 5.57909| 0.0180277| -8.12632
Compound 3 6.73692| 0.0624742| -9.81935
Compound 4 6.87897 0.953488| -3.81378
Compound 5 6.32813 0.209807| -8.60293
Compound 6 5.689 0.0437 -8.991
Compound 7 4.368 0.022 -9.34722
Compound 8 4.81 0.072| -6.81787
Compound 9 5.22 0.032 -6.264
Compound 10 6.67 0.361 6.1053




% Activity

Results €

110
100
90
80
70
60
50
40
30
20
10

-10

Fold Induction

TIGIT:CD155 Interaction

§ § -— N ™ < (7o (o) N~ (e 0) o S
g 5
°© 9 Test Compound #
2 2 (allat 100 uM except #2 and #3 at 50 uM)
= B
> 3
= (a
1.5+
1.0 e
0.5-
cellular assay

ﬁ—' H*qu—r-!-mmq—mm

§ -3 -2 -1 0 1 2

S Compound 1 (Log [pM])

Bioscience

cientist Founded, Scientist Driven

TIGIT:CD155 Interaction

120
110
1004 &

90

80

70

60

50

40 |IC50 =1
30

20

10

0

uM
-10 [ —— —
-9 -8 -7 -6 -5 -4

% Activity

no inhib

log(|[Compound 1]/M)

PD-1:PD-L1 Interaction

150
21004 e i \
> °
B
< IC50 > 100 uM
= 30 16% inhibition at 100 uM
0 [ —— —

no inhib

log([Compound 1]/M)

% Activity

% Activity

TIGIT:CD155 Interaction

130
120

1104 —— $ o
1004 &
90

80

70

0
21  1C50 ~ 14 uM

gg 65% inhibition at 100 M

20

10

0 - e ——
2 9 8 7 6 5 4
£
e log([Compound 4]/M)

PD-1:PD-L1 Interaction

130

120

110 e

100 ®

90

80

70

60

50 IC50 =14 uM

40

30

20

10

0 e ——

9 8 7 6 5 -4

no inhib

log([Compound 4]/M)



University of Pittsburgh

But...

TCR
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The first trial was promising, but
the maximum does was limited
by DMSO concentration. Future
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showed No response.
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But...
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Case 3: Mystery Target



Approach

unbiased MD
simulations

\ 4
pocket identification

(mdpocket)

pharmacophore query
from fragment docking

filters:
energy
minimized RMSD
Lipinski
PAINS

I
\ 4

hits

I
v

minimization w/Vina

consensus scoring

select receptor using pocket
volume/druggability

CNN

v

v

Vina

HBD <=5
HBA <= 10
MW <= 500
logP <=5

\ 4

best min-rank

GlideXP

v

best max-rank

N

select ~20 final hits per
pocket

v

sort by sum-rank

I
\ 4

diversity filter

at most 2 cmpds w/
Tanimoto > 0.7




Screening Hits

B TS

-25

0.0° 01 | 10 100 1E3 10E3100E3 | E6

* 50 compounds tested
* designed against 3 putative @
allosteric pOCketS : & P RN,

00° 04 1 10 100 1E3 10E3{00E3{E6

* 4 hits (3 from P2, 1 from P4)

* P2 was potentially a very
desirable pocket to hit for A I L
target-specific reasons 00011 0 10 e 0E0es

125 4
100
5 751
é 50 -

P2 102000 ; 25 3 |

Conc (nM)




Screening Hits

B TS

-25

0.0° 01 | 10 100 1E3 10E3100E3 | E6

* 50 compounds tested
* designed against 3 putative @
allosteric pOCketS : & P RN,

00° 04 1 10 100 1E3 10E3{00E3{E6

* 4 hits (3 from P2, 1 from P4)

* P2 was potentially a very
desirable pocket to hit for A I L
target-specific reasons 00011 0 10 e 0E0es

125 4
100
5 751
é 50 -

P2 102000 ; 25 3 |

Conc (nM)




52uM

10

11

12

13

14

15

16

17

18

19

MolPort ID

CNNScore

7.35853

6.36562

6.14087

5.66284

6.02615

5.32736

5.80743

5.93622

6.20744

5.06070

4.77866

5.72094

7.55155

3.84854

4.29961

3.34137

2.77562

5.70688

5.92500

7.52880

-Vina

9.73614

9.25733

8.73366

9.40722

8.82225

10.18550

7.26154

8.75104

6.18992

10.32670

10.32050

8.76388

8.26183

10.19640

7.43586

7.79760

8.26298

8.80796

8.53183

6.05508

-GlideXP

6.68

6.56

6.94

6.76

6.21

6.51

8.24

6.38

6.68

5.20

5.32

6.24

4.26

5.99

8.18

8.21

8.17

4.77

4.25

3.26

cnn_rank
3.0

4.0

6.0

13.0

7.0
14.0

10.0

8.0

5.0

15.0
16.0

11.0

1.0

18.0

17.0
19.0
20.0
12.0
9.0

2.0

vina_rank
5.0

7.0

12.0

6.0

8.0
4.0

18.0

11.0

19.0

1.0
2.0

10.0

15.0

3.0

17.0
16.0
14.0
9.0

13.0

20.0

glide_rank
7.5

9.0

5.0

6.0

13.0
10.0

1.0

11.0

7.5

16.0
15.0

12.0

18.0

14.0

3.0
2.0
4.0
17.0
19.0

20.0

sum_rank
15.5

20.0

23.0

25.0

28.0
28.0

29.0

30.0

31.5

32.0
33.0

33.0

34.0

35.0

37.0
37.0
38.0
38.0
41.0

42.0




University of Pittsburgh Computational and Systems Biology

But...

Sorry to be the bearer of potentially bad news but ... it seems that
there may have been some interference (quenching of the product
fluorophore) with the compounds/samples.
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But...

Sorry to be the bearer of potentially bad news but ... it seems that
there may have been some interference (quenching of the product
fluorophore) with the compounds/samples.
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Case 4: DUSPé6
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BCI 1- Maya’s Site
Drug score = 0.14

(s

BCIl 2- Tamar’s Site
Drug score = 0.9

net’s Site

score =0.02
y 74
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Results

34 compounds tested at the highest possible concentration (300 uM or 75
UM depending on solubility) and 1/10 that

24 hour exposure
Stain for phospho-ERK
Selected hits with >1.5-fold increase in pERK over DMSO

Of the six visually possibles, three were from the Maya (BCI1) and three
from the Ahmet site (BCIl4)

5 hits selected by Vina and 1 by the CNN
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Possible positives

1 ug/mleTPA* . 300 uM C15 300 uM C17

PKC activator
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Possible positives

- .

300 UM D11 - |
-

300 uM 3923 300 uM KO3

* s »
1" ’ P
"3

..‘..

¥ L b
[ ) . ' B §
& ‘ 3 . e
%

25 uM BCI2150 *

/2



University of Pittsburgh Computational and Systems Biology

Possible positives
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Generative Modeling
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Discriminative Model
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Generative Model
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Generative Model
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Generative Adversarial Networks
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University of Pittsburgh

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 6
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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
/79
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Encoder

Latent
Space

Autoencoding

(Generator

Computational and Systems Biology

o L2 Loss
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D

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

Computational and Systems Biology

SMILES input

ENCODER

Neural Network

Enc

CONTINUOUS
MOLECULAR

REPRESENTATION

e

(Latent Space)

DECODER

Neural Network

SMILES output
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\ ele00l® 4
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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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Variational Autoencoding Examples

Atom

Vi Fitting

2BES
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Variational Autoencoding Examples

PDB True structure True density Gen. density Fit density Fit structure G.e"' L2 .F't L2 Fit RMSD
distance distance
e ¢ C
3h78 . 9.4053 8.3141 0.6160
* e e\
4jxS 13.8545 9.7198 0.8820
3igp 14.8525 12.5245 1.2066
4cewf 11.4730 90564 0.6725
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Context Encoding

s | LLEION
»~

Hih
>

http://people.eecs.berkeley.edu/~pathak/context_encoder/
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Context Encoding

GAN loss

~_ Generator .

receptor grid generated ligand grid
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Condlhonlng on ’the Receptor

86



University of Pittsburgh Computational and Systems Biology

Condlhonlng on ’the Receptor
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Context Encoding with Fully Convolutional Network

AR .. SN \ AR
Generated Fit Densities Fit Atoms
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Context Encoding with Fully Convolutional Network

AR .. SN \ AR
Generated Fit Densities Fit Atoms
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Context Encoding with Fully Convolutional Network

3bXxg

Py - | - Y -
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

&/ o | &/ <

Generated Fit Densmes Flt Atoms

89



University of Pittsburgh Computational and Systems Biology

Context Encoding with Fully Convolutional Network

&/ Sl

Generated Fit Densmes Flt Atoms
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Do | have more time?
Do you care about chemistry education?
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Molecular Active Learning

Contents lists available at ScienceDirect

Computers & Education

journal homepage: www.elsevier.com/locate/compedu
e

A meta-analysis of the effects of audience response systems
(clicker-based technologies) on cognition and affect

Nathaniel J. Hunsu', Olusola Adesope, Dan James Bayly

Educational Leadership, Sport Studies, Educational and Counseling Psychology, Washington State University, Pullman, WA 99164-4530, ‘ I l
USA
n

Chemistry

“Overall, we found small but significant effects of

using ARS-based technologies on a number of desirable G()ogle Summer of Code
cognitive and non-cognitive learning outcomes.”

Go to this URL: http://3dmol.csb.pitt.edu/viewer.html

Computational and Systems Biology
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() github.com/gnina

() github.com/3dmol

@ http://bits.csb.pitt.edu
) @david_koes
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