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de novo Drug Design

D 7

ES -1-1-1_1- . '::'i |
Chemical space of drug-like compounds M= S ¥l II.I
: #DrugEx eQSPRpred
~108 synthesized molecule g ":FI."""l

~1033-1060 estimated drug-like molecules _‘FHIFEE
L '..I' v, 4'3:

. . . . Presentation by
A good candidate fulfills multiple properties H.W. van den Maagdenberg

Maximize affinity, efficiency, synthezability, drug-likeness ...
Minimize off-target effect, toxicity ...

= a multi-objective optimization problem

. . }
Generators: genetic algorithms @) 0nm, A
& deep learning (RNNs, VAEs, m o) ¥) T
Transformers) Molecular ™ Expert E’?Z‘EZLT&“J“

L3 L3 0 . . . 0 generator o MOO mOIeCUIar - , - @ .
Training: iterative distribution, o scorer [ Omsective functions & Constraints
adversarial, reinforcement, Yy | f\ \ * 2 M*_hf

o . sChem Structure-based achine
transfer & conditional learning N _ et T odels learning
QEDy - 7 ||— -
clogP | .. ) \7I:I~

Liu et al. (2021) Methods Mol. Bio.

DiSCOVGr the World at Leiden UniVGI’Sity Luukkonen et al. (2023) Curr. Opin. Struct. Biol.; Former and Coley (2023) Patterns 3



DrugEx - the Evolution of the Drug Explorer

DrugEx (v3.4.4)
open-source software library for de novo design of small molecules
with deep learning generative models in a multi-objective reinforcement learning framework

E tﬂ_i_.n ': E DrugEx: Deep Learning Models and Tools for Exploration of Drug-like Chemical Space, 2023, J. Chem. Inf. Model.
ull ; _
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DrugEx - the Workflow
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Drugkx - the Workflow
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Drugkx - 3 Flavors: Sequence RNN

B. Encoding C. Generators
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Drugkx - 3 Flavors: Transformers

A. Fragmentation
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Drugkx - 3 Flavors: Sequence Transformer

A. Fragmentation B. Encoding C. Generators
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Drugkx - 3 Flavors: Graph Transformer

A. Fragmentation B. Encoding C. Generators
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Drugkx - the Workflow
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DrugEx - Pretraining & Finetuning

Pretraining

5 - Pretrained (PT)
AL G E:> NNV ::> generator

x20 IComparlson — Loss $ Provided in Zenodo

Finetuning / transfer learning

A Finetuned (FT)
- ZK/D PT generator [:> O)\t[@ [:>

generator
xX~200

TComparison — Loss 1
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DrugEx - Reinforcement Learning
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Drugkx - the Environment

Objectives Modifiers

MUObJethe e c Over 20 predefined properties All objectives need to be maximisation tasks
Modifier 1 PhysChem MW, logP, QED, TPSA ... and scaled between 0 and 1
Similarity Tversky, Fraggle & 10 predefined modifiers
Objective 1 substructure : . \ :
‘ Synthetic accessibility SA, RA & LED3* - f . . /_\
o Efficiency Ligand & Lipophilic . o “
Modifier 2 e QSPR models from QSPRpred** i e s v w TTrorow oW
Custom scorers with the API Custom modifiers with the API
\ Multiobjective optimisation
o Scalarization
Modifier .. Dynamic{parametric weighted sum - WS
— Pareto ranking with
Crowding distance (NSGA-II) - PRCW
L - | Tanimoto distance - PRTD

Custom methods with the API

“Posters by M. Sicho and A.H. Kai
“*Presentation by H.W. van den Maagdenberg

Deb et al. (2002) IEEE Xplore 14
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Drugkx - the Workflow

Optional filtering |
Valid
Accurate (Tom o= ————--—-— - .
Unique : ( e J Environment !
Desired |\|— _ :
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Drugkx - Three interfaces

‘ A Python package
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interface (API) gD'r'[J""E'X"""
g e
@ github.com/CDDLeiden/DrugEx  [m] el -

Command line interface (CLI)

S
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Graphical user interface (GenUl) %

GenUI

@ github.com/martin-sicho/genui-gui rE]
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e interfaces.py
corpus | . tests.py
' . « datasets.py
4

- interfaces.py
* tests.py
« vocabulary.py

parallel
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DrugEx - Getting Started

Application note Tutorials (API & CLI)

DrugEx: Deep Learning Models and Tools for Exploration of Drug-
Like Chemical Space

N Data Preparation
Martin Sicho, Sohvi Luukkonen, Helle W. van den Maagdenberg, Linde Schoenmaker,

Olivier J. M. Béquignon, and Gerard ]. P. van Westen* In this tutorial, we assume you already extracted the required data and models with the download utility as described in the README file. They should be located in the
E data directory in the current folder.
Cite This: https://doi.org/10.1021/acs jcim.3c00434 Read Online
import os
ACCESS | |l Metrics & More | Article Recommendations | @ Supporting Information

os.listdir('data')

ABSTRACT: The discovery of novel molecules with desirable
properties is a classic challenge in medicinal chemistry. With the
recent advancements of machine learning, there has been a surge of
de novo drug design tools. However, few resources exist that are user-
friendly as well as easily customizable. In this application note, we
present the new versatile open-source software package DrugEx for
multiobjective reinforcement learning. This package contains the
consolidated and redesigned scripts from the prior DrugEx papers
including multiple generator architectures and a variety of scoring

GeneraleH Reinforce E{::E’r“e

DATASETS_PATH = 'data/data’
tools and multiobjective optimization methods. It has a flexible
application programming interface and can readily be used via the

\—‘ Score os.listdir(DATASETS_PATH)
command line interface or the graphical user interface GenUL The

DrugEx package is publicly available at https://github.com/ . ded', op ' 'A2AR LIGANDS.tsv'
CDDLeiden/DrugEx. Liencoded’, fgsart. TPapyrust. - e

DrugEx

['models’, "logs', 'download.json', 'datasets', 'download.log']

RNN
Seq-Trans
Graph-Trans

Standardize
Clean [ Encode We will only be preparing a fine-tuned model in this tutorial so we just need one data set that closely relates to our target of interest, which is the adenosine A2A

receptor (A2AR) in this case. Data about ligands extracted from the Papyrus dataset is saved in the following folder:

Focused
Virtual
Library

Lets take a look at the data set file itself:

Documentation

Recurrent neural network

@& » Welcome

The most simple model is the RNN-based generator. This model gets the ‘go’ token as input and
Welcome from there generates SMILES strings. Therefore, this model does not use input fragments for
) ) ) ) ) ) training or sampling. To preprocess the data for training an RNN-based generator the molecules are
Welcome DrugEx is a collection of deep learning models for directed generation of molecules. Here you will . )
T find the installation guide (Installation), usage examples (Usage) and APl documentation (DrugEx standardized and encoded based on the vocabula ry of the [JI’EtI'aIHEd model -vf
R Papyruses.s_smiles voc.txt , but no fragmentation is done -nof . To fine-tune an RNN-based

Usage

CLI Example Contents:

DrugEx Python API e tuned on the A2AR set and then used to generate new compounds.
. elcome

generator on the A2AR set, the algorithm needs to be specified -2 rnn . Here the generator is fine-

« Installation

« Usage
« CLI Example python -m drugex.dataset -b ${BASE DIR} -1 A2AR_LIGANDS.tsv -mc SMILES -o rnn-example -nof -vf Papyruset
python -m drugex.train -tm FT -b $/BASE DIR} -i rnn-example -ag #{BASE DIR}/models/pretrained/smiles-rnr
® [EEEEE python -m drugex.generate -b #/BASE DIR} -g rnn-example smiles _rnn_FT -vfs Papyruse5.5_ smiles voc.txt -g
o Advanced

3
« DrugEx Python API

o drugex package
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A case for
Adenosine A2B receptor
selective ligands
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Adenosine A2B Receptor o _ S

NH2

(1)
4 Adenosine receptors (ARs) - A1, A2A, A2B and A3 ® "N o. h v

Class A GPCRs . = ®
Endogenous ligand: adenosine §~A R
Known antagonists: xanthine-derivatives (caffeine) o AZA
Conserved binding sites & N i “>
. L : : A /
Situated in different organs - varied functions 07 >N~ N

Adenosine A2B receptor (A,,5R)
Lower affinity to adenosine than other ARs
Activation linked to hallmarks of cancer . |nteresting to selectively inhibit

Known antagonist scaffolds with some selectivity

13
1f *2 \ /ll\l\- ~

0 ™ N~ | g
| /[ I = LN
/\H N J\N/ ~*2

N

k Py’razineamide Y, Xanthine —

Sun and Hugan (2016) Front. Chem.
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AR data

O\
»| QSAR models

N

5507 compounds

apyrus

AA2BR active dataset

® Pyrazine
40 1 ® Xanthine o
MNeither ﬁ
207 . 1204 compounds : :
o . s Finetuning
= o5 @ .
© f"gt o "
g, 3" o . _
_20_
3 2"
—40 : : : :
—40 —20 0 20 40
t-SNE 1
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QSAR Models for ARs with QSPRpred

Random forest classifiers
= Objectives during RL

Random forest regressors
= Filtering of de novo compounds

A2A

Experimental pChEMBL

A3

4 6 8 10 1
Experimental pChEMBL

AAZBR AA3R

A2A A2B Al
5-fold random 0] ] o
cross-validation g os1 2 10
Scaffold-based ¢ osf g o
test set 3§ ,. B 8]
: N
g 02 % 6
o 5l
0.0- &
- - 4
€ o o f P W2 ® o " o P WP SR ' ' ‘
False positive rate False positive rate Experimental pChEMBL
10+ - q ; 12 AZB
§ 0.8 111
G @ 10
8 06+ = | Py
b~ % ° .',",
o 04 9 g o -
-JL_,Q) 2 71 ‘
% 02 g
« 5 67 &
0.0 :‘f’ 51 hd
T T T T T 1 T T T T T | 44 o
¥ oF o &® o A° ® oF ¥ ® o AP 34— . . ;
Predicted probability Predicted probability 4 6 8 10
Experimental pChEMBL
AAZAR AAZBR AA1 R AAZAR
MCC .70 (.03) .70 .78 (.01) .73 RMSE .68 (.04) .64 .68 (.02) .67
ROCAUC .92 (.01) .88 .96 (.01) .94 R? .55 (.04) .52 .69 (.01) .54
MCA .06 (.01) .06 .07 (.03) .12 p .76 (.02) .69 .84 (.01) .73

.60 (.03) .60 .67 (.04) .74
.69 (.03) .52 .66 (.03) .54
.84 (.02) .70 .82 (.02) .76
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Creating the Environment

Dynamic weighted sum = Environment

AA2BR classifier\
(target)

AA2BR

AA2AR classifier\
(anti-target)

AA2AR

QED
(drug-likeness)

QED

VS

SA
(complexity)

SA

N
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Training the Generator

—————

1.0 | Unique ratio i N
W — Desired ratio |I K\lN \:
: \/ N —— QSPRpred_CLS_RF_A2B \ \)/’
0.8 ; QSPRpred CLS RF A2A Saqer?
W ' — QD
S 0.6 ; — SA
% ----- Best epoch
= : .
% 044 g Agent Reinforcement
: & Learning
0.2 ~ ) 110 epochs
0.0 -
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1st try* - Generation & Experimental Results

10 000 generated molecules

= 3 791 novel unique desired compounds Top 10 compounds (average score)
I T LUF8065 LUF8096 LUF8095
10 X I e
5 by R N A L) e
N /5 N\\N/“ X ._e— / / B \/\N/ { | ‘I‘ N \\\N"{;\/-‘ i N B g N [ ’\;——f 3
=10
-15 =
=10 0 10 20
UMAP1 \
= \N N f =N J>\ . .“(’/\N
/ 7 N “I‘ f M e / .o N\\f A/ ;O N\\\\—-"""\
CHO-hAgg at 10 ug/25pl, 1.5 nM [3HIPSB-603, AL “ N YL PSYA U A AT N\
25°C ligands at 10 uM L - St () = N \/\ - -\
L " \— o L/
200- S
150+ T

100+

Top 3 compounds overall

Specific
[3H]PSB-603 binding (%)

50+ -

*Differences in workflow
- Finetuning: AR active compounds
&K QSAR: less well optimised model
Extra objective: MW (200-500 Da)

Early stopping: mean score

0-
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Ligand-based Filtering

22,200 molecules saved during the RL process

898 pyrazineamide scaffold

547 without macrocycles, with logP € [-2,3] & MW € [0,500]
429 achiral
340 selective compounds (A>0.5 log units)
184 solved by AiZynthFinder ]

0
m Ranking: a geometric mean between AA2BR activity and selectivity

D-iscover the World at Le-iden Un-ivers-ity Genheden et al. (2022) Mach. Learn.: Sci. Technol. 26



Structure-based Filtering

Docking
184 compounds
AR - 4EIY
AR - AlphaFold inactive model from GPCRdb

mt-stacking with Phe173
+ 2 H-bonds with Asn254

mt-stacking with Phe173
+ 1 H-bond with Asn254

Missing mt-stacking with Phe173
/ H-bond with Asn254 / both

Reference compound: ZMA241385

Molecular Dynamics
A,,gR complexes (A,\R: 5/7771/4)

DE130

A
ASH

A 254
Hz0 PHE

J4 Charged inegative) Polar
Hydraphobec Water

= PP stacking
Solvent exposure

ACY - acyclic
HAR - heteroaryl
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Conclusions & Perspectives

- a production-ready open-source software library for de novo design of small molecules with deep
learning generative models in a multi-objective reinforcement learning framework

Perspectives
MOO with uncertainty quantification
Many-objective optimization
Scorers based on docking/pharmacophores

First results were disappointing - to be smarter!
Second try + ligand- and structure-based - better selection of compounds

Next step: continue synthesis and validation of pyrazineamine (xanthine and scaffoldless) series

Discover the world at Leiden University
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DrugEx RNN architecture

Output SMILES

Output SMILES

Discover the world at Leiden University

<EQS>
token 1 — token 2 —_ T
Softmax Softmax Softmax
r 3 A A
Linear Linear Linear
(512, |V)) (512, |V) (512, |V])
A A A
hs hz hs
4 N ) 4 ) ( )
LSTM (hs )| LSTM B N P N » LSTM
- (512,512) - (512,512) (512,512)
|h: |- |h:
o LSTM (th, ¢2) LSTM (hz, ¢2) LSTM
tho,co) 1 (512, 512) ™ 12,5120 [Ty 1l 12,512
hi h hs
_ LSTM (hy, c1) LSTM L. (hc) N LSTM
- (512,512) g (512,512) (512,512)
g J J ' J \_ S
A A A
Input embedding Input embedding Input embedding
(128) (128) (128)
<GO> “—> SMILES token 1 N L » SMILES token »



DrugkEx Transformer architectures

Atom output
Probabilities

1

Linear
(512, |V))
vy Bond output  Connected atom  Current atom
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Add & Norm T T 1
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Feed A A lr
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A 3
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r

Linear Linear
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Output SMILES

1

[ Softmax ]

1

Linear
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r 3
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At

o J

Positional
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Input
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DrugEx GraphTransformer statistics (exploration)

Table 2: the performance of the Graph Transformer with different exploration rates in the RL

framework.
€ Accuracy Desirability Uniqueness Diversity
0.0 99.7% 74.6% 60.7% 0.879
0.1 99.7% 66.8% 75.0% 0.842
0.2 99.8% 61.6% 80.2% 0.879
0.3 99.7% 56.8% 89.8% 0.874
0.4 99.7% 54.8% 88.8% 0.859
0.5 99.7% 46.8% 88.5% 0.875
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DrugEx Pretrained model statistics

Fragmentation Relative sam-

Model Type Training set method Validity Accuracy Uniqueness Novelty oling time Ref.
SMILES GRU RNN ChEMBL (v31) - 1.000 - 0.996 0.999 0.705+0.040
SMILES GRU RNN Papyrus (v05.5) - 1.000 - 0.992 0.999  0.706+0.052 8
SMILES LSTM RNN  ChEMBL (v27) - 0.999 - 0.600 0.865 1.000+0.000 °
SMILES LSTM RNN  ChEMBL (v31) - 1.000 - 0.994 0.999  0.470+0.038 1°
SMILES LSTM RNN  Papyrus (v05.5) - 1.000 - 0.988 0.998 0.4744+0.050 U
SMILES transformer  Papyrus (v05.5) BRICS 0.947 0.622 0.591 0.995 86.628+50.843 1°
SMILES transformer  Papyrus (v05.5) RECAP 0.963 0.675 0.649 0.996  86.376+50.629 13
Graph transformer ChEMBL (v27) BRICS 1.000 0.796 0.791 1.000 23.292+10.249 1*
Graph transformer ChEMBL (v31) BRICS 1.000 0.786 0.775 1.000  25.253+10.373 P
Graph transformer Papyrus (v05.5) BRICS 1.000 0.762 0.751 1.000  24.694+10.270 1©
Graph transformer Papyrus (v05.5) RECAP 1.000 0.814 0.810 1.000 24.843+10.378 U

Discover the world at Leiden University



DrugEx Pretrained model distribut

ions
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8.00%107% 4 5.00%1072 2.50%1073
0% 0.00 0.25 050 075 1.00 2 4 Y
6.00x10-4 ] 4.00x102 2.00%10- ] NumHeteroatoms NumAromaticRings NumSaturatedRings
2z 2z 2 10 12 4
@ T 3.00x1077 T 1.50x10 354
& 4,00x107 1 & 3 \ 304 8 - 101
2.00%x1072 4 1.00x1073 4/
2.00x107* 251 81
1.00%1077 5.00%107* 4 6
) 20 [ | | 6
0.00 — , — , 0.00 - . : T . 0.00 — , 15 1 | ‘ 4 b )¢
0 200 400 600 800 -5.0 =25 0.0 25 50 75 10.0 0 100 200 300 1 | ] 2] ‘
HeavyAtomCount FractionCSP3 FpDensityMorgan3 1041 | A 2 4 t 9 Pl ol
1.20x10-2 ] 27 ¢ P> 290 4 by
4.00x107" 3.00x10° 51 ) * ¢ [ . SRS B
1.00%107% 4 1 4 | 'y ] l ! P T
2.50x1071 ] 0 0 ‘ | & 0 - 4
8_00)(10*3 ] 3.00)(10_1 4 T T T T T T T T T T T T T T T T T T T T T T
z 2z 22.00x107" 4 NumRotatableBonds NumHDonors NumHAcceptors
v _ [ w B 20.0 -
f= 3 | 1= [
g 6.00x10 & 2.00x1071 ] 8 1.50x10-1 1 100 30 4
4.00%1073 1759
3 X b -1
1.00x107- 4 4 25
1.00x10°1 4 80 15.01
2.00x1073 4 | 5.00x1072 4
60 12.54 201
0.00 ! —i T 0.00 . - — - 0.00 : . -
0 20 40 60 0.00 025 050 075 1.00 0 1 2 3 10.04 15 1 |
|
qed SAscore 1
3.50x10-1 ] NumValenceElectrons 40 7.5 10] 3 ‘ o
3.50x107* 4 ' 600 4 504 | N ! !
1] 3.00%10"! 20 | ! | P! ] t 2 |
. . 500 1 L L) 2540 | |} P4 158 %% f
2.50%107 2:50x107" 4 'Y ) i-t\ ’,jt\ & i ‘ l : : , 3; + + ‘
o ) 1 4004 0 v ¥ b g 0.04 | S - 4 0
g 2.00x1071 4 % 2.00x107" 4 —— — T T — : — —
© 1.50x10-1 S 150x10°" 3007 | | Model
! | ChEMBL 27 sequence LSTM RNN -
1.00x10-1 3 1.00%10-1 4 200 { ) \ \ ChEMBL 27 graph transformer BRICS ChEMBL 31 sequence LSTM RNN -
5.00%10-2 ] 5.00x10-2 | 100 ] A |: | b ChEMBL 31 graph transformer BRICS Papyrus 05.5 sequence SMILES transformer RECAP ChEMBL 31 sequence GRU RNN -
. : I T [ A Papyrus 05.5 graph transformer BRICS Papyrus 05.5 sequence SMILES transformer BRICS
- . /2 ! I Papyrus 05.5 graph transformer RECAP Papyrus 05.5 sequence LSTM RNN -
0.00 e - . . 0.00 . ————— 0] . R
000 025 050 075 1.00 0 2 4 6 S — Papyrus 05.5 sequence GRU RNN

Discover the world at Leiden University



	DrugEx: deep learning �for de novo drug design
	de novo Drug Design
	DrugEx – the Evolution of the Drug Explorer
	DrugEx – the Workflow
	DrugEx – the Workflow
	DrugEx - 3 Flavors: Sequence RNN
	DrugEx - 3 Flavors: Transformers 
	DrugEx - 3 Flavors: Sequence Transformer
	DrugEx - 3 Flavors: Graph Transformer
	DrugEx – the Workflow
	DrugEx – Pretraining & Finetuning
	DrugEx – Reinforcement Learning
	DrugEx – the Environment
	DrugEx – the Workflow
	DrugEx – Three interfaces
	DrugEx – Getting Started
	A case for �Adenosine A2B receptor �selective ligands
	Adenosine A2B Receptor
	AR data
	QSAR Models for ARs with QSPRpred
	Creating the Environment
	Training the Generator
	1st try* – Generation & Experimental Results
	Ligand-based Filtering
	Structure-based Filtering
	Conclusions & Perspectives
	Aknowledgements
	DrugEx: deep learning �for de novo drug design
	DrugEx RNN architecture
	DrugEx Transformer architectures
	DrugEx GraphTransformer statistics (exploration)
	DrugEx Pretrained model statistics
	DrugEx Pretrained model distributions

