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Visualizing convolutional neural network
protein-ligand scoring

Joshua Hochuli, Alec Helbling, Tamar Skaist, Matthew Ragoza, David Ryan Koes A &
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But first...
Novel Insights from Data Visualization with
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REPORT

Pedagogical Active Learning

Improved Learning in a Large-Enroliment Physics

Class

Louis Deslauriers'2, Ellen Schelew?, Carl Wieman™#
+ See all authors and affiliations

Science 13 May 2011:
Vol. 332, Issue 6031, pp. 862-864
DOI: 10.1126/science.1201/83
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Pedagogical Active Learning

Contents lists available at ScienceDirect

Computers & Education

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

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,
USA

“Overall, we found small but significant effects of
using ARS-based technologies on a number of desirable
cognitive and non-cognitive learning outcomes.”

Go to this URL: http://3dmol.csb.pitt.edu/viewer.html?session=GRC



http://3dmol.csb.pitt.edu/viewer.html?session=GRC

University of Pittsburgh Computational and Systems Biology

Pedagogical Active Learning

https://github.com/dkoes/asker. js

© @ & mdanzlysis slides b -+ @ S & mdanzlysis slides b ER

3 C (O Not Secure | mscbio2025.csb.pitt.edu/notes/mdanalysis.slides.html#/25 W ®) & € C (O Not Secure | mscbio2025.csb.pitt.edu/notes/mdanalysis.slides.html#/25 W ®) &

If frame 40 is ~2 RMSD from the start and

frame 80 is ~2 RMSD from the start. What can 3
be said about the RMSD between frames 40
and 807 >
It is ~0 )
It is < ~2 ’
It is < ~4 .
Nothing ‘
14 Answers Submit . it is ~0 It is < ~2 tis < ~4 Nothing
), ),

Go to this URL: http://3dmol.csb.pitt.edu/viewer.html?session=GRC
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® O ® @ 30moljs-Amodern, object-c X =+

C (® Not Secure | 3dmol.csb.pitt.edu x4 o nJ 3

View Embed Jupyter Develop Feedback Download
m o J S A modern, cbject-oniented JavaScript library for visualizing molecular data

= Aromatic

Go to this URL: http://3dmol.csb.pitt.edu/viewer.html?session=GRC
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Molecular Active Learning

Demo

@p en (Google Summer of Code

Chemistry

Go to this URL: http://3dmol.csb.pitt.edu/viewer.html?session=GRC
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Structure Based Drug Design

Pose Prediction Binding Discrimination Affinity Prediction

Virtual Screening Lead Optimization
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Purchasable

Scoring

Dynamics

Accessible
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Drug Discovery Funnel

[ Pharmit Search £ngine

@ pharmit.esh.pitt.edu/zecarch htm/Z2SESSION=cxamples/dppz. son

Search MolPort

“harmacophore Search - Shape Filter

ARAARAARA

Load Receptor...

HydrogenDonor
(9.53,3 02 55.32) tadiun 0.8

HydrogenAcceptor

(953,592 35.22) ladius 0.5

HydrogenAcceptor
(20.0,4 .36 33.13) adiuz 0.5

Hydrophobic
(1217 4.27,25.2) Radius 1.0

Hydrophobic

(R 22 308 5%4) Rlius 1 Y

Hydrophobic
{1788 3.44.32.8) Radiuw 1.0

Hydrophobic

(16.21.14.83,33.9:) Radius L0

Add O Sort <

¢+ Incdusive Shape

» Exclusive Shape

r Hit Reduction

» Hit Screening

Load Features...

0

Load Sessicn..

Save Scasion..,

p (=)
b SR S

p Y7 > Pharmacophore Resulis o
/ Name RMSD ° Mass RBnds
Mol’crt-002-9:1-158 0,113 3¢5 1 -

MalPort-D00-705-595  0.124 330 0

MolPort-035-395-591  0.125 607 15

MalPort-002-509-936  0.132 34 0

Mol?ort-D03-347-099 0.134 278 0

MolPort-D02-741-818 0,147 351 0

MolPe-DO2-515-416  0.148 330 0

MolPor-D0S-018-993  0.150 300 1

Mol?ort-003-352-015 0,157 288 0

Mol?ort-003-941-332  0.164 272 0

L MolPort-D06-318-930  0.164 202 0

‘\‘ Mol?ort-D00-720-575  0.164 277 0

MolPert-000-725-407 0,165 256 0

MolPert-039-348-092 0.169 378 1

y Mol#ort-D02-509-/04 0.168 312 1

MolPort-D02-520-538  0.170 375 3

-’_\ MolPort-002-506-898 0,172 288 0

o MolPert-006-069-030 0,173 607 15

Smowing 1 to 135 of 1,336 hits
Primcuse A2 Mext

b H >

Minimize

Query took 2.23= seconcs

Save..,

http://pharmit.csb.pitt.edu
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Purchasable () Accessible

Drug Discovery Funnel

gauss; (d) = Wiyass, o—(d/0.5)7
gaussy(d) = Wgas,e (@2
“© ‘] N — 'tl’rcz:_)'llzs'ic)rld2 d<(
. repulsion{d) = { 0 >0
Scoring
_ Whydrophobic d <05
hydrophobic(d) = 0 d> L5
DynamiCS Wiydrophobic( 1.9 — d)  otherwise
Whbond d < —0.7
hbond(d) = 0 d >0

Wabora(—2d)  otherwise

0.1

0.05
C
: -
g e \/
£
8 0.1
o .
0.1E £ (2| oe—
storic + hydrophobic
stenc + -H-bone
0.2
025

0 1 2 3 4 S 6
Surface detance (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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Input

Hidden

o(W4-x+b4)

Computational and Systems Biology

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.

13
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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

SN 10 1 S
0 0 O 10 1 18 -
11 10 1 S
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Protein-Ligand Representation

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

17
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Why Grids?

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

* easy to interpret

@ /

18
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Caffe Training

libmolgrid

0.8
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|
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|
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Caffe PyTorch

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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(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

20
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Results

100

80

L r 1 I

60

40

Vina
CNN

20

Prediction

Percent Targets with
Low RMSD Top Pose

Redocked Crossdocked

Computational and Systems Biology

Clustered Cross-validation

00[AAQ O

OO0JA A[C O
00 A A

Clustered Split

e

Spearman = 0.570, RMSE = 1.686

2 . 6 8 10 12

Experiment

Prediction

PDBbind Core Set

Spearman = 0.789, RMSE = 1.336

2 4 6 8 10 12
Experiment
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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
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Computational and Systems Biology
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Visualizing with Atomistic Probes

Receptor Atom Type
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NitrogenAcceptor

Receptor Atom Type

NitrogenDonor

OxygenAcceptor

OxygenDonorAcceptor
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Hydrogen Bonds... or Not

Ligand Atom Type
NitrogenDonor
NitrogenAcceptor

Ligand Atom Type
OxygenDonorAcceptor
OxygenAcceptor
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Visualizing with Atomistic Probes

AR A

Aliphatic Carbon Aromatic Carbon




University of Pittsburgh Computational and Systems Biology

Visualizing with Atomistic Probes

)

Oxygen Acceptor Nitrogen Acceptor
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Visualizing with Atomistic Probes

Oxygen Donor/Acceptor Nitrogen Donor
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Visualizing with Atomistic Probes
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Vlsuallzmg Network Decisions

masking gradients layer-wise relevance

WGX._ W
=~ Score: 0.62°" u

<L>
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O _OH Ox._-OH
S| lon
O

i
- 0.84 = 0.02

Delete single
ligand atoms

Delete ligand
fragments

single
residues
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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\

PDB ID: 2DOR

Wild Type Kq: 2.9x10*

N193A K,: 1.16x10°
Fw
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Pose Sensitivity
X CA S
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Partially Aligned Poses
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Gradients
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Pseudoligand From Gradients
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Layer-wise Relevance
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Another Aside...
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Another Aside...
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