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Receptors process signals from the environment

Ligand binds to a receptor

. Ligand-receptor complex triggers signal
pathway

Extracellular

00000000 00000060® 90000000
Cell Membrane

Intracellular

Intracellular Response



Understanding combinatorial receptor-ligand interactions

Ligands Receptors




Similar chemicals activate similar sets of receptors
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Motivation

Ligands

Receptors

Predicting ligand-receptor
interactions

\/
Ability to control intracellular
behaviors
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Low-level representation schemes: molecular fingerprints

1024 or 2048 bits

Extracts molecular
substructures and

converts to bit vector



Low-level representation schemes: SMILES

Simplified Molecular-Input Line-Entry System
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Machine learning models typically require high quantities of
data

> 10°
ligands

> 10° receptors



In the absence of a large dataset, feature
abstraction is necessary



Recent trend: feature abstraction with variational
autoencoders (deep neural network)
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Current models

Junction Tree Variational Autoencoder

Grammar Variational
for Molecular Graph Generation

Autoencoder
Kushner et al. 2017 Jinetal. 2018
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Automatic Chemical Design Using a

Data-Driven Continuous
Representation of Molecules

Gomez-Bombarelli et al. 2016

Syntax-Directed Variational
Autoencoder for Structured Data

Dai et al. 2018




Issues with existing SMILES-based models

N NTs vs N AN
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Current models overemphasize molecular geometry

GrammarVAE latent space visualization

Y\ NH2

Kushner et al. 2017



Evaluating the latent space of current models

Morgan Fingerprint
r=0.4159

Receptor activation correlation (Hallem et al.)

Ligahds Receptors:
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Fingerprint similarity

Molecular fingerprint still
performs the best

Receptor activation correlation (Hallem et al.)

Gdémez-Bombarelli et al. VAE Kushner et al. VAE (original)
r=-0.2915 r=-0.3319
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Correlation between distance in
latent space and receptor activity

Data from Hallem, Ho, Carlson. Cell 2004.



Our Approach



Incorporating prior knowledge helps the model
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Our model: two-tower approach

Tower 2

Tower 1

Functional group encoding
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Two-tower architecture

input_4: InputLayer

input:

(None, 150, 76)

output:

(None, 150, 76)

|

input: | (None, 150, 76)
conv_1: ConvlD
output: | (None, 142, 9)
input: one, 142, 9 input: one, 50, 1
conv_2: ConvlD 3 @ ) input_5: InputLayer e o )
output: | (None, 134, 9) output: | (None, 50, 1)
input: (None, 134, 9) input: | (None, 50, 1)
conv_3: ConvlD tower_2_dense_1: Dense
output: | (None, 124, 10) output: | (None, 50, 20)
. ,
input: | (None, 124, 10) input: | (None, 50, 20)
flatten_1: Flatten tower_2_flatten_1: Flatten
output: (None, 1240) output: | (None, 1000)

.

input: | [(None, 1240), (None, 1000)]
concatenate_2: Concatenate
output: (None, 2240)
input: | (None, 2240)
dense_1: Dense
output: | (None, 435)

input: | (None, 435) input: | (None, 435)
z_mean: Dense z_log_var: Dense
output: | (None, 64) output: | (None, 64)
input: None, 64), (None, 64
lambda: Lambda 2 it ). € U
output: (None, 64)

latent_input: Dense

input: | (None, 64)

output: | (None, 64)

/
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input: (None, 64) input: | (None, 64)
repeat_vector: RepeatVector dense_tower_1: Dense
output: | (None, 150, 64) output: | (None, 50)
input: | (None, 150, 64) input: | (None, 50)
gru_1: GRU dense_tower_2: Dense
output: | (None, 150, 501) output: | (None, 50)
input: | (None, 150, 501) input: (None, 50)
gru_2: GRU decoded_mean_2: Reshape
output: | (None, 150, 501) output: | (None, 50, 1)
input: | (None, 150, 501)
gru_3: GRU
output: | (None, 150, 501)
§ . input: | (None, 150, 501)
decoded_mean(dense_2): TimeDistributed(Dense)
output: | (None, 150, 76)




Our results
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ecap

input_4: InputLayer

conv_1: ConvlD |

input_5: InputLayer

l |

conv_2: ConviD |

Two-tower model VAE
=-0.3449

tower_2_reshape_enc: Reshape

| !

©
@ 084
repeat_vector: RepeatVector dense_tower_2: Dense €
conv_3: ConviD ‘ tower_2_dense_1: Dense | 3
T 4
L 1 l l 2 o
I gru_1: GRU | decoded_mean_2: Reshape g
flatten_1: Flatten tower_2_flatten_1: Flatten ‘E 0.4 4
K
=
o
gru_2: GRU G 0.24
:
2
S 0.0
2
9}
d 1: Dense N
ense_1: 5 —0.24
2
a
I
| decoded_mean(dense_2): TimeDistributed(Dense) g 0.4
z_mean: Dense 2_log_var: Dense
T T T T T
0.0 0.5 1.0 1.5 2.0

Latent space distance

lambda: Lambda

Combinatorial Feature abstraction with VAEs: Predicting receptor

Ligand-receptor binding Two-tower approach activities




