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Protein-Ligand Scoring

AutoDock Vina
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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 3
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State of the Art
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Quiroga R, Villarreal MA (2016) Vinardo: A Scoring Function Based on Autodock Vina Improves Scoring, Docking, and Virtual Screening. PLoS ONE 11(5): e0155183. doi:10.1371/journal.pone.0155183 4



University of Pittsburgh Computational and Systems Biology

Can we do better?

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

Hidden
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/ 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

(
e Y/ e/ aN

P o SN =
L eSS, 5SS, -8, S - ;
& ™ e Soo »
I = et 2 |
At last — a computer program that
can beat a champion Go player PAGE484
e g P’ 1 -

VoY mYSY D “EEe  ALL SYSTEMSG
D% ﬁl\‘&w et = [
/',/

S BN/ NG A=
\\‘)& /:l/!’ "j‘\‘ l/‘\\l ‘ : . , ) .'.’ | ” cccccccccccccccccccccccccc T

XX O O W Y'Y Y'Y Raiap DO R SRR prrme
\\"Q‘( /) \\'é‘g&& }";':‘ \\'é‘g‘& }';':‘ \é‘\\ )Q’:‘ \é‘\') \“ 2 ' : iigrenons o | o I
RUINL RN RN XA X . -
NS S . | _
,’w \ /) 6{&‘6\ { /) 6{ M { / \6\ { 7A\ [
T 1 e e o 1
O S o v
_ YAV AR WA 094 /N |

@

A
BN A B
i

N TAXY AKX \‘\t}'///’/"
» \‘/;;&\\\‘//,}“\\\://

V7
(—

(YN //
;{ )‘3}\ //"‘\

A
\ 75X\
_

%

\

et



University of Pittsburgh

//
PV
NV

v
W" :
‘?’A K/

AN

X
KRN AT
R,
0 W
\é A)
X

—>

— /
JX>

N\
RN

Y

OL
3w§ L

b

/4 A\ (Y Y )

l il ((,wl+1 )T5l+1) ® 0"(Zl) \

— ai‘ldl. and

NN T

Deep Learning

0L _

7 Bbg.: 7

‘CP

Computational and Systems Biology

o NN

0
ALA CARTE TRANSPARENCY GOT ‘SELFISH’ J
Mliegal ’I‘:.H‘\:c":\'f z.g,fllli!}'if.rl{.* Daon't let I'lfl',‘l_‘!!"ll_":\'.\';}dL'k,ﬁ.’t' Hu\'.kmwx ‘(j'(l{l.l-ll;;:' ’IJJIN!‘N)
9 0

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

At last — a computér program that
can beat a champion Go player PAGE484

ALL SYSTEMS GO

ssssssssssssssssssssssssss O NATURE.C

POPULAR SCIENCE D AT
SONGBIRDS SAFEGUARD WHEN GENES VoL 529 1o, 7587

on individuals
lllll

e

RS

M/NATURE
£10
8

i



University of Pittsburgh Computational and Systems Biology

Image Recognition
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Convolutional Neural Networks
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CNNs for Protein-Ligand Scoring

Pose Prediction
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Protein-Ligand Representation
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Protein-Ligand Representation
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Computational and Systems Biology

(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
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Atom Types

Ligand Receptor
AliphaticCarbonXSHydrophobe AliphaticCarbonXSHydrophobe
AliphaticCarbonXSNonHydrophobe AliphaticCarbonXSNonHydrophobe
AromaticCarbonXSHydrophobe AromaticCarbonXSHydrophobe
AromaticCarbonXSNonHydrophobe AromaticCarbonXSNonHydrophohe -
Bromine Calcium \
Chlorine lron
Fluorine Magnesium
&g o lodine Nitrogen
I Nitrogen NitrogenXSAcceptor
| NitrogenXSAcceptor NitrogenXSDonor
NitrogenXSDonor NitrogenXSDonorAcceptor
NitrogenXSDonorAcceptor OxygenXSAcceptor
Oxygen OxygenXSDonorAcceptor
OxygenXSAcceptor Phosphorus
OxygenXSDonorAcceptor Sulfur
Phosphorus VAlgle
Sulfur

SulfurAcceptor
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Training Data

Pose Prediction

337 protein-ligand complexes
e curated for electron density
e diverse targets
o <10uM affinity
* generate poses with Vina

- 745
. 325

<2A RMSD (actives)
1 >4A RMSD (decoys)

GPDR Gy

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

16
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Data Augmentation

train - no augmentation
train - random rotation & translation |_
test - random rotation & translation
test - no augmentation
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Data Augmentation

train - no augmentation
train - random rotation & translation |_
test - random rotation & translation
test - no augmentation

2000 4000 6000 8000 10000

training iterations -
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CSAR: >90% similar targets

Model Evaluation

kept in same fold

DUD-E & PDBbInd: >80%

True Positive Rate
o o

AUC

2 4 . .
False Positive Rate

Computational and Systems Biology

Clustered Cross-validation

O0IAASY
similar targets kept in same fold mmm
OO0 AARQ

Train

Test
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Pose Prediction (CSAR)
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Pose Prediction (CSAR)
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True Positive Rate
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Visualization
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Pose Sensitivity

S 120y
= .

C Y |
RN /AN
\'k“v o

Partially Aligned Poses

23



University of Pittsburgh Computational and Systems Biology

Beyond Scoring
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Beyond Scoring
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Beyond Scoring
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Beyond Sco

2Q89
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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

30



University of Pittsburgh

lterative Refinement

# Poses

Best
First Minimization
Second lteration

—1 0
RMSD Cha

1 2 3
nge

Computational and Systems Biology

30



University of Pittsburgh

lterative Refinement

# Poses

Best
First Minimization

Second lteration
Third lteration

—1 0
RMSD Cha

1 2 3
nge

Computational and Systems Biology

30









University of Pittsburgh Computational and Systems Biology

Minimizing Random Poses
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Minimizing Random Poses
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Minimizing Random Poses
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