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Size of explored and enumerated chemical space
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Hoffmann, T.; Gastreich, M., The next level in chemical space navigation: going far beyond enumerable compound libraries.
Drug Discovery Today 2019, 24, 1148-1156. (https://doi.org/10.1016/j.drudis.2019.02.013)
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Polishchuk, P. G.; Madzhidov, T. I.; Varnek, A., Estimation of the size of drug-like chemical space based on GDB-17 data.
Journal of Computer-Aided Molecular Design 2013, 27, 675-679. (http://dx.doi.org/10.1007/s10822-013-9672-4)
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Virtual screening vs. de novo design

Virtual screening

10°-10*! compounds 10-100 compounds

De novo design

10-100 compounds

~1036 drug-like compounds
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Issues of de novo design

1. Structure generation - how to create/assembly new structures

2. Compound scoring - how to estimate/predict a property of a
compound

3. Search strategy - how to find compounds with optimal properties

structure generation

compound scoring iterative strategy

selection

END



De novo structure generation

using machine learning
YES NO

generative deep learning models atom-based
fragment-based
reaction-based

» atom-based - uses simple rules like add/change/remove atom/bond to perturb structures
* fragment-based - uses fragment library to create structures

* reaction-based - uses a set of reaction rules and a library of reactants



Atom-based structure generation
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Figure 2 Morphing operators. Morphing operators represent simple structural changes (mutations) that lead to the transformation of the
‘reactant’ molecule (left) to the ‘product’ molecule (right)
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Hoksza, D.; Skoda, P.; Vorsilak, M.; Svozil, D., Molpher: a software framework for systematic chemical space exploration.
Journal of Cheminformatics 2014, 6, 7, 10.1186/1758-2946-6-7



Atom-based structure generation
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Figure 9 An example of the path between pentamidine (CID 4735) and 2-imino-3-(1H-indol-3-yl)propanoic acid (CID 5599) from
dataset D3. The path was generated using Morgan fingerprint, Tanimoto coefficient, and synthetic accessibility filter turned an. The arrows’ labels
show the used morphing operators (see Figure 2). The depiction of the path was done by OpenBabel [74].
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Hoksza, D.; Skoda, P.; Vorsilak, M.; Svozil, D., Molpher: a software framework for systematic chemical space exploration.
Journal of Cheminformatics 2014, 6, 7, 10.1186/1758-2946-6-7



Atom-based structure generation

bt
exhaustiveness of chemical very small steps;
space search more suitable for systematic exploration

of local chemical space

*

structure novelty 4+
structure diversity +++
chemically valid structures -

synthetically feasible -

combinatorial explosion / ---
time consuming

atom-based = ab initio



Reaction-based structure generation
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Hartenfeller, M.; Zettl, H.; Walter, M.; Rupp, M.; Reisen, F.; Proschak, E.; Weggen, S.; Stark, H.; Schneider, G.,
DOGS: Reaction-Driven de novo Design of Bioactive Compounds. PLOS Computational Biology 2012, 8, e1002380.




Reaction-based structure generation
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Hartenfeller, M.; Zettl, H.; Walter, M.; Rupp, M.; Reisen, F.; Proschak, E.; Weggen, S.; Stark, H.; Schneider, G.,
DOGS: Reaction-Driven de novo Design of Bioactive Compounds. PLOS Computational Biology 2012, 8, e1002380.



Reaction-based structure generation
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Merk D., et al. J. Med. Chem., 2018, 61 (12), pp 5442-5447



Reaction-based structure generation

exhaustiveness of chemical
space search

structure novelty
structure diversity
chemically valid structures

synthetically feasible

combinatorial explosion /time
consuming

+
depends on reactant library and reaction rules;
only grow molecules

++
++

+++

+++

+++

reaction-based = empirical



Fragment-based structure generation

GROW

MUTATE

LINK

REDUCE




Fragment-based structure generation

Pierce A.C., Rao G., Bemis G.W. J. Med. Chem., 2004, 47 (11), pp 2768-2775



Fragment-based structure generation

BREED: HIV-1 protease inhibitors
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Pierce A.C., Rao G., Bemis G.W. J. Med. Chem., 2004, 47 (11), pp 2768-2775



Fragment-based structure generation

CONCEPTS
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Pearlman D.A., Murcko M.A. J. Med. Chem., 1996, 39 (8), pp 1651-1663



Fragment-based structure generation

CONCEPTS: HIV-1 protease inhibitors
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Pearlman D.A., Murcko M.A. J. Med. Chem., 1996, 39 (8), pp 1651-1663



Fragment-based structure generation
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Kutchukian, P. S.; Lou, D.; Shakhnovich, E. I., FOG: Fragment Optimized Growth Algorithm for the de Novo Generation of
Molecules Occupying Druglike Chemical Space. Journal of Chemical Information and Modeling 2009, 49, 1630-1642.



Fragment-based structure generation
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Fragment-based structure generation

CReM: chemically reasonable mutations

exhaustive fragmentation
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Fragment-based structure generation

CReM: chemically reasonable mutations
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Generated structures are always chemically valid!




Fragment-based structure generation

exhaustiveness of chemical space ++

search variable, controlled by the size of fragments to replace
structure novelty ++

structure diversity ++

chemically valid structures (+++)

synthetically feasible (+4)

combinatorial explosion /time ++

consuming

fragment-based = semi-empirical



Reaction-based vs. fragment-based

Reaction-based Fragment-based

Prerequisites: reaction rules set database of fragments
database of building blocks

* molecules are more likely to be feasible  do not control synthetic feasibility
Abilities & issues: * not all moves are allowed * many moves are allowed
* usually only increase complexity e arbitrary direction of exploration
* some molecules can be unreachable e cover larger chemical space
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exhaustiveness of

chemical space search

structure novelty

structure diversity

chemically valid
structures

synthetically feasible

combinatorial
explosion /time
consuming

De novo structure generation

Summary

++++ ++
very small steps; variable, controlled
more suitable for by the size of
systematic exploration of  fragments to replace
local chemical space

4 ++
ot ++
- (+++)
--- (++)
- ++

+

depends on reactant

library and reaction
rules;

only grow molecules
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+++
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Deep learning models for structure generation

Recurrent neural network (RNN)
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Segler, M. H. S.; Kogej, T.; Tyrchan, C.; Waller, M. P., Generating Focused Molecule Libraries for Drug Discovery with
Recurrent Neural Networks. ACS Central Science 2018, 4, 120-131.



Deep learning models for structure generation

unsupervised generation transfer learning
whole ChREMBL whole ChREMBL
RNN RNN
subset of actives
generate \
compounds

fine-tuned RNN

generate
compounds

Segler, M. H. S.; Kogej, T.; Tyrchan, C.; Waller, M. P., Generating Focused Molecule Libraries for Drug Discovery with
Recurrent Neural Networks. ACS Central Science 2018, 4, 120-131.



Deep learning models for structure generation

unsupervised generation
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Segler, M. H. S.; Kogej, T.; Tyrchan, C.; Waller, M. P., Generating Focused Molecule Libraries for Drug Discovery with
Recurrent Neural Networks. ACS Central Science 2018, 4, 120-131.



Deep learning models for structure generation

exhaustiveness of chemical space ++
search

structure novelty ++
structure diversity ++
chemically valid structures ++
synthetically feasible ?
combinatorial explosion /time +++
consuming

Issue of SMILES based representation -
the same structure can be represented by different SMILES

O— CHj

Q O/CH3 COc1cc2CC(CC3CCN(Cc4cccecd)CC3)C(=0)c2cc10C
@/\ COclcc2c(cc10C)C(=0)C(CC1CCN(Cc3cceee3)CC1)C2



Scoring/objective functions

Can be any but preferably smooth to follow the chemical similarity principle:

~
physicochemical properties

similarity measures - ligand-based scoring functions

QSAR model prediction

pharmacophore fit
docking scoring structure-based scoring functions

molecular dynamics

score
score

Y

Y



Search algorithms

Can be any, for example:

greedy search

Monte Carlo

evolutionary algorithms, e.g.:
e genetic algorithm

simulated annealing



Iterative workflow of de novo design

1. Structure generation - how to create/assembly new structures

2. Compound scoring - how to estimate/predict a property of a
compound

3. Search strategy - how to find compounds with optimal properties

structure generation

compound scoring iterative strategy

selection

END



Inverse QSAR

STRUCTURE ?
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Inverse QSAR

Atom signhatures

00//?:3 S //\

01 c.2 N_3 H H_ H HH H
_____________//____\,\ _____ /___L‘_____ ___________________________ / \
02 03 02 HA HA (@)

03 Table 6 // \ / \
H A Constraint equations for the height one amino acid signatures in the H G

training set

{52}

A1) =xa 4 xap = 0

(2) —rag+ w7 =0

(3) —xn -yt xas +xp =0

(4) —xpo+ Xas + x4 =10

(3) =x3g = x37 + xqy + vaz ok vaz F xaa =10
(6) =xa; + xg3 =0

(7)) =xe+xap =0

(8) —xi3 4 ¥39 + xa2 =0

(9) —x2 — x5 + 2w + xap + v =0

{10) —x25 = 130 = 23] + 133 + X35 + 136 + 137 + 435 = 0
(1) —x15 — %24 — %26 — Iy + 211+ 136 =0

(12) —x14 + 235 = 0 {b‘} {d]

(1) -3 —x—-2rs+xu+rntry=0

(14) —a15 =316 + 2azy 130 = 0 C C\
(17) s 4 a4 205 = 0 H/I-’;’ \I:I\c ﬂc\ H/C/ \C c
,J"'? k "-"“‘-1

(18) =x12 = 2w + x99+ am3 +an =0 /’}l \ "/']f\\ llr_'::._‘_““":

(19) —xg + 247 + 219 + 220 + 221 + 122 = 0 /I/ 1'[

(20) =3 —xq+ X7+ 15 =0

21 —xg 4+ + 32413 =0 H H C HH HHH CHH
22) =xz 4 ap =10

(23) (x7 + x5 + 19 + 110)%2 = 0
(24) —x1 — a2+ a7 =0

Eqs. (16) and (23) are modulus equations, which can be expressed as ho-
mogeneous equations by adding a dummy variable. For example Eq. (16)
would read xap + x25 + 26 — 22y = 0. The % sign indicates the modulus
is to be used.

Faulon J-L, Churchwell CJ, Visco DP, The Signature Molecular Descriptor. 2. Enumerating Molecules from Their Extended
Valence Sequences —J. Chem. Inf. Comput. Sci., 2003, 43 (3), pp 721-734



Inverse QSAR

Inverse QSAR with monotonically changed descriptors

1.Construct QSPR/QSAR
models

2. Analyze inversely
QSPR/QSAR models

: \~
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distributions

Linear Gaussian
models

3.Generate
structures

Miyao, T.; Arakawa, M.; Funatsu, K., Exhaustive Structure Generation for Inverse-QSPR/QSAR.

Canonicalized construction
path method

descriptor 1

Molecular Informatics 2010, 29, 111-125.
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Inverse QSAR: deep learning

Autoencoder

Learned
representation

Original
mushroom




Inverse QSAR: deep learning
(a)

SMILES input @
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Gomez-Bombarelli, R.; Wei, J. N.; Duvenaud, D.; Hernandez-Lobato, J. M.; Sanchez-Lengeling, B.; Sheberla, D.; Aguilera-
Iparraguirre, J.; Hirzel, T. D.; Adams, R. P.; Aspuru-Guzik, A., Automatic Chemical Design Using a Data-Driven Continuous
Representation of Molecules. ACS Central Science 2018, 4, 268-276.



Inverse QSAR: deep learning

PCA of latent space Objective
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Gomez-Bombarelli, R.; Wei, J. N.; Duvenaud, D.; Hernandez-Lobato, J. M.; Sdnchez-Lengeling, B.; Sheberla, D.; Aguilera-
Iparraguirre, J.; Hirzel, T. D.; Adams, R. P.; Aspuru-Guzik, A., Automatic Chemical Design Using a Data-Driven Continuous
Representation of Molecules. ACS Central Science 2018, 4, 268-276.



Control over synthetic feasibility
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Gao, W.; Coley, C. W., The Synthesizability of Molecules Proposed by Generative Models. Journal of Chemical Information and Modeling 2020



Assessment of synthetic feasibility

htpeidolorg/10.1186/41 32102000471 Journal of Cheminformatics
SOFTWARE Open Access
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Examples of SA scores (ChEMBL22)
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Control of synthetic feasibility within CReM

Content of fragmented library Context radius
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V-SYNTHES
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V-SYNTHES
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Take home message

* De novo design can efficiently explore much larger chemical space than virtual
screening

* There are multiple approaches to generate chemically valid structures, all of
them have their pros and cons

* The main issue of de novo design is synthetic feasibility of generated compounds

* There are several ways how to control synthetic feasibility



Thank you for your attention



