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Deep Learning hits the mainstream
in biomedicine

DEEP
MEDICINE

-
INTELLIGENCE

...........................

Dr. Eric Topol
Scripps Translational Research Institute

FR M
MOLECULE o
PATIENT



Deep Learning — what’s the big deal?
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Deep Learning — what’s the big deal?

Google computer works out how to spot
cats

A Google research team has trained a
network of 1,000 computers wired up like a
brain to recognise cats.

The team built a neural network, which mimics
the working of a biological brain, that worked out

how to spot pictures of cats in just three days. 5-"3’_‘
The cat-spotting computer was created as part ” o

of a larger project to investigate machine

] | |
Millions of images were used to train the neural

learning. Heinipey
Google is planning to use the learning system to
help with its indexing systems and with language translation. Related Stories

http://www.bbc.com/news/technology-18595351
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Miotto R, Li L, Kidd
BA, Dudley JT.
Scientific Reports 6
(2016)
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Deep Learning w/ EHR data

Deep Logistic Regression Network

Disease AUC-ROC

Cancer of Liver
Regional Enteritis and Ulcerative Colitis
Type 2 Diabetes Mellitus
Congestive Heart Failure
Chronic Kidney Disease
Personality Disorders
Schizophrenia
Multiple Myeloma

Delirium and Dementia

Coronary Atherosclerosis

Miotto R, Li L, Kidd BA, Dudley JT. Scientific Reports 6 (2016)

0.93
0.91
0.91
0.90
0.89
0.89
0.88
0.87
0.85
0.84
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Deep Learning and Donald Rumsfeld. Bet
you didn’t expect that.

There are known knowns; there are things we
know that we know.

There are known unknowns; that is to say,
there are things that we now know we don’t

know.

But there are also unknown unknowns - there
are things we do not know we don’t know.

-Donald Rumsfeld
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Learning latent factors and compressed  voL ECULE
representations
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Omic

ANOVA
| feature ranking

Selection of
common top.
features

Filtered omic
dataset
to predict

il

Predicted
survival-risk
subgroups

Test dataset 10-fold CV on the TCGA training
datasets (3-omics test dataset)

1 LIRI-JP (mRNA)
2 NCI GSEI4520 (mRNA) External
3 Chinese GSE31384 (miRNA) > confirmation

4 E-TABM-36 (mMRNA) dataset
5 Hawaiian (methylation)

© 2017 American Association for Cancer Research

Statistics in CCR

AACR

Chaudhary et al. CCR 2018
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————4 <+ DeepVS uses convolutional neural
3309 éoooo N networks to learn abstract features
IS R S RN % R A (i.e. compound atom type, atomic

o e partial charged and distance between
% 7 atoms) that can discriminate active

| | j ligands
¢ ©o | e Thedeep learning method
’ outperforms two well-established
O O RO SIS SO WY virtual screening methods on a
- benchmarking dataset

auc DeepVS-Dock
c =
o
@
[+ N

(=3
Eo

0.0 02 04 0.6 08 1.0
auc Dock6.6

s(x) = W3(Wr+b’)+b*

Janaina Cruz Pereira, Ernesto Raul Caffarena, and Cicero Nogueira dos Santos J. Chem. Inf. Model., 2016
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: Tt . . u[u - (
.9 Forward Enumeration Candidate Ranking S )
, Apply all ® Assess usin @
OC-© —> mar T8 O % i —> & —> Y V.
® g Sljf ey B
Reactants i Canddete  pjo product 0 G
I training, update paramele™ c )
5 ‘ L
* Organic compound synthesis is difficult and requires o 2L -
extensive human planning. 4
* Existing computer-aided techniques essentially just ‘Ofl;j;;;;;f S
iteratively apply known reaction templates v - e
*  Proposed reaction steps which work on paper often fail in e
the laboratory €. B L et e
+  This manuscript uses published reactions from 15,000 US oy SR B TR
patents to generate lists of candidate products from f
reactants O oy .

Connor Coley, Regina Barzilay, Tommi Jaakkola, William Green, Klavs Jensen ACS Central Science, 2017
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» 2  Prediction
>,
2
) ’ y
o ¥ °
v # neighbors  # hydrogens  Formal charge
D Structure
Depth-n Depth_-n Depth-n Depth-n Fingerprint Features Property l | Node 1 | 6 1 3 0
Attributed graph Atom attnbutes Atom fingerprints  Fingerprint R512 R50 R!
Natom - RNreatu Natom - R512 RS12 Ho Node2 |6 2 2 0
0 C
J\ HH H >< iR H _ HsC~  T~OH Node3 |8 1 1 0
e Sum >< T O
T 0o O Dense DD D IZI D Derse. T pense | Attributed Graph | | Order Aromatic Conjugated Inring Connects
\ | Edge 1 | Single No No No (1,2)
1 2
Exchange neighbor @:@:@ Edge 2 | Single No No No (2,3)
information
6,1,3,0,0,0,0,0,0 6,2201,0001 000,000,000
Methanot = |6,1,3,0,1,0,0,0,1 6,2,2,0,0,0,0,0,0 81,1,0,1,0,0,0,1
0,0,0,0,0,0,0,0,0 6,2201,0001 81,1,0,0,0,0,0,0

Connor Coley, Regina Barzilay, William Green, Tommi Jaakkola, and Klavs Jensen J Chem Inf Model 2017
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https://thispersondoesnotexist.com/
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scenario

* On average 4 repeats per treatment

* 6 images form each repeat

* 10~50 cells from 1 images

» 2 TB of image patches (64x64)

cell 1
Endoplasmic

reticulum

Cytoplasmic
RNA
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GAN applied to phenotypic screening
scenario

Generated images Real images

FR ‘M

MOLECULE o
PATIENT

RNA Nucleus Actin mitochondria ER RNA Nucleus Actln mitochondria



Mitochondria

Actin/Golgi

Nucleus

Cytoplasmic
RNA

Endoplasmic
reticulum

» ®~ Moving from one image to another in M®LECULE o
oo ¥ PATIENT
s the latent space
075
» *  Embedding 1 » Embedding 2

. ¥
e
- il
‘."_
. y
¥
F i |
n [
|
o
"
R |




Image manifold

GANSs encode “action” on the images
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»®  bioactive chemicals
>
o

Discriminator network

dense Real or generated ?

Images conv conv conv conv

%se this layer as features
Phenotypes that are different
Novelty discovery —— from those of untreated cells ——— Classify if bioactive

o Benchmark on classifying 30 selected
Untreated cells (actin filament) Novel phenotypes (actin filament) bioactive chemicals

ENEEN e
GAN 0.989+0.007 0.991+0.007

Autoencoder 0.981+0.005 0.985+0.004

cell-profiler 0.967+0.020 0.970+0.019
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Molecules

Estimate a continuous latent space for molecular
structures by the variational autoencoder

(a)
SMILES input

ENCODER
Neural Network

CONTINUOUS
MOLECULAR
REPRESENTATION

(Latent Space)

DECODER
Neural Network

SMILES output

cleccec]

?:)A PROPERTY

PREDICTION

cleccect

Search similar molecular structures in the latent space

€ Closer Molecules sampled in a neighborhood of Ibuprofen Farther &

(ot Ao AP 1By Y o S

2.58 5.75 7.49 11.02 1311 15446\ )i/19.96

{—O—% ot P dow PP C’{:n A i

0 3.07  6.08 9.25 11.07  14.07 15.77 | 20.94
Ibuprofen 1y
ROy Aoy R MO0 oy Ay ,vjé
2.74 5.89 8.71 12.29 1443 17.16 ,’ 19.60

Average distance between ZINC molecules latent space(19.66)

Interpolate between two structures in the latent space

Start End
Pj})x Y {23‘ pﬁ\ % &PO s
> { =Q
Acebutolol Propafenone
Generate a molecule that optimizes given properties
Start (QED, SAS, Percentile) Finish
o Oy 2
ety _ 7~
(0.65,3.56,18.06%) Intermediate path (0.89,2.09,98.23%)
et > |
A{O 4*{} ANLD fj} %HO ALY
(0.57,3.67,9.21%) (0.74,4.46,10.16%) ' (0.52,3.17,12.64%)
(0.57,3.67,9.21%) (0.49,4.57,1.35%) (0.84,3.42,54.03%)
QED: Quantitative Estimation of Drug-likeness Gomez-Bombarelli, Rafael, et

SAS: Synthetic Accessibility score al., ACS central science, 2018



Starting with chemogenomic drug-
disease relationships

Reference Database of Drug Gene Expression
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- Sirota, M., Dudley, J. T, et al. (2011). Discovery and Preclinical Validation of Drug Indications Using
Compendia of Public Gene Expression Data. Science Translational Medicine, 3(96).
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Starting with chemogenomic drug-
disease relationships

drugs (1,309) subset
\ tissue
genetic
. M time
\ [l perturbation

28 mature subsets

cell states (304)

17 immature subsets

/203, stim-specific drugs

@
immunemod score unstim-specific drugs

-1 I | +1
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Kidd BA, Wroblewska A. Boland MR, Agudo J, Merad M, Tatonetti NP, Brown BD, Dudley JT. Mapping the effects of drugs on the immune

system. Nature Biotechnology 34, 47-54 (2016)
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TNBS + topiramate

B : ¢ D E 28+
@ 4 - %2'0' T
? 3 £ 1.5 * .
e T Dudley, J. T., Sirota, M., et al. (2011).
% 2 = 9 . e .
s 3 8 o5, Computational Repositioning of the
8 . é 0.0 = Anticonvulsant Topiramate for

R . .
c,x“éo %ﬁ“b & < & Inflammatory Bowel Disease. Science
3 . .
< & < Translational Medicine, 3(96).
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Molecules

Estimate a continuous latent space for molecular
structures by the variational autoencoder

(a)
SMILES input

ENCODER
Neural Network

CONTINUOUS
MOLECULAR
REPRESENTATION

(Latent Space)

DECODER
Neural Network

SMILES output
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Search similar molecular structures in the latent space

€ Closer Molecules sampled in a neighborhood of Ibuprofen Farther &

(ot Ao AP 1By Y o S

2.58 5.75 7.49 11.02 1311 15446\ )i/19.96
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0 3.07  6.08 9.25 11.07  14.07 15.77 | 20.94
Ibuprofen 1y
ROy Aoy R MO0 oy Ay ,vjé
2.74 5.89 8.71 12.29 1443 17.16 ,’ 19.60

Average distance between ZINC molecules latent space(19.66)

Interpolate between two structures in the latent space

Start End
Pj})x Y {23‘ pﬁ\ % &PO s
> { =Q
Acebutolol Propafenone
Generate a molecule that optimizes given properties
Start (QED, SAS, Percentile) Finish
o Oy 2
ety _ 7~
(0.65,3.56,18.06%) Intermediate path (0.89,2.09,98.23%)
et > |
A{O 4*{} ANLD fj} %HO ALY
(0.57,3.67,9.21%) (0.74,4.46,10.16%) ' (0.52,3.17,12.64%)
(0.57,3.67,9.21%) (0.49,4.57,1.35%) (0.84,3.42,54.03%)
QED: Quantitative Estimation of Drug-likeness Gomez-Bombarelli, Rafael, et

SAS: Synthetic Accessibility score al., ACS central science, 2018
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Input layer | Hidden layers ‘

Aliper, Alexander, et al., Molecular pharmaceutics, 2016
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Multi-Task Learning
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o Multi-Task Learning

| Semantic
Decoder

Encoder

| Instance

Decoder

Semantic
Task
Uncertainty

Instance

$ ldk- l'r‘_ Task

Uncertainty

Depth
Depth Task
Decoder AL

Uncertainty
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Multi-Task

Loss

Source: http://ruder.io/multi-task/



FR M

b ' : MOLECULEo
%% 5 Multi-Task Learning BATIENT
%‘ lJ|::I:)|L'IIREAI:/IEI'Fl:AL INFORMATION

) O'f*. " AND MODELING pubs.acs.org/jcim

&

Is Multitask Deep Learning Practical for Pharma?

Bharath Ramsundar,’® Bowen Liu,*® Zhengin Wu,* Andreas Verras,! Matthew Tudor,’
Robert P. Sheridan,'® and Vijay Pande**
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