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The Lipinski-graben ?
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Pharma molecules

Small

Simple

Limited options?

Useful

Academic molecules

Large

Complex

Unlimited options

Useless?
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4) ChEMBL-likeness score ≥ 3.3 

1. Constructing GDB
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GDB-17: Molecules

166.4 B

Hydrocarbons

5.4 M

2) Unsaturations

Graphs 

114 B 

1) Ring strain / topologies

Skeletons

1.3 B

3) Heteroatoms

26.2 B Subset

ChEMBL-like

5) Uniform sampling

GDBChEMBL

10 M

Tobias Fink et al. Angew. Chem. Int. Ed. 2005, 44, 1504-1508, J. Chem. Inf. Model. 2007, 47, 342-353 (GDB-11)

Lorenz C. Blum et al.,  J. Am. Chem. Soc. 2009, 131, 8732-3 (GDB-13);

Lars Ruddigkeit et al., J. Chem. Inf. Model. 2012, 52, 2864-2875 (GDB-17)

Ricardo Visini et al., J. Chem. Inf. Model. 2017, 57, 700-709 (FDB17), J. Chem. Inf. Model. 2017, 57, 2707-2718 (GDB4c)

Mahendra Awale et al., Mol. Inf. 2019, 38, 1900031 (GDBMedChem)

Sven Bühlmann et al., Front. Chem. 2020, doi:10.3389/fchem.2020.00046

Claus Benzol 

(1867)

Trinorbornane

(2007)



Ring Systems
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GDB4c3D

6,555,929 carbocyclic 

ring systems 

(as sdf files /SMILES)

728,391 saturated

carbocyclic ring systems

≤ 4 cycles, ≤ 30 atoms

2) Aromatization

GENG 

93,463 graphs

≤ 4 cycles, ≤ 16 nodes
1) Ring enlargement

+ filters

GDB4c

916,130 carbocyclic 

ring systems 

(as SMILES)

3) Stereoisomers

Ricardo Visini, Josep Arùs-Pous et al., J. Chem. Inf. Model. 2017, 57, 2707-2718

RDB

12,536 known

ring systems



→ sampling chemical space using AI

6Josep Arus-Pous et al., J. Cheminf. 2019, 11, 20



→ transfer learning
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LSTM 

Generative Neural Network

ChEMBL

DrugBank
FDB17 

commercial fragments One known drug

1) Training

2) Transfer learning

New drug analogs

3) Generate new SMILES

- retain correct SMILES
- remove duplicates

- remove undesirable functional groups

4) Select high similarity analogs

Mahendra Awale et al., J. Chem. Inf. Model. 2019, 59, 1347-1356

Table 2. Number of unique/total high similarity drug analogs produced by the different LSTM neural networks.  

Neural Network LSTM1 LSTM2 LSTM3 LSTM4 LSTM5 LSTM6  

Source database ChEMBL ChEMBLs DrugBank Commercial 

Fragments 

FDB17 All 

databases 

Unique 

across 

LSTMs training cpds. 344,319 40,000 5,104 40,986 500,000 890,409 

Nicotine 0/23 32/82 1/32 32/93 9/47 16/67 166 

Fencamfamine 15/42 126/218 40/96 130/231 92/164 41/114 580 

Aminophenazone 5/26 34/96 23/71 38/99 22/66 19/65 223 

Sulfadiazine 6/27 19/59 11/37 28/74 8/30 2/25 124 

Miconazole 2/10 301/500 268/438 174/336 0/0 153/256 1134 

Roflumilast 8/15 319/557 117/283 351/585 0/0 45/166 1126 

Lovastatin 0/1 631/986 460/757 352/625 487/728 289/530 2729 

Epothilone D 0/1 911/1301 561/831 807/1160 1595/2039 1163/1511 5707 

Nilotinib 0/1 506/666 180/321 218/381 0/0 243/355 1362 

Erythromycin 0/2 832/1042 174/243 524/709 1243/1444 1105/1288 4190 

 



Josep Arus-Pous, PhD thesis, 2020

LSTM or 

Transformer

GDBscaffolds

c1(c2c(c3ccccc3)ccc2)ccccc1

O=S(c1ccc(n2c(c3ccc(F)cc3)cc(C(F)(F)F)n2)cc1)(N)=O

→ enumeration + sampling



2. Visualizing and searching GDB
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Polar groups
H-Bond donor atoms 3   1
H-Bond donor sites 3   1
H-Bond acceptor atoms 3   4
H-Bond acceptor sites 3   7
Positive charges 1   0
Negative charges 0  1

Bonds
Acyclic single bonds 3   8
Acyclic double bonds 0   3
Acyclic triple bonds 0   0
Cyclic single bonds            18 11
Cyclic double bonds 4   3
Cyclic triple bonds 0   0
Rotatable bonds 0   4

Topology
Acyclic monovalent nodes 3   6
Acyclic divalent nodes 0   2
Acyclic trivalent nodes 0   2
Acyclic tetravalent nodes 0   0
Cyclic divalent nodes 8   6
Cyclic trivalent nodes 9   6
Cyclic tetravalent nodes 1   1
3-Membered rings 0   0
4-Membered rings 0   1
5-Membered rings 1   1
6-Membered rings 4   1
7-Membered rings 0   0
8-Membered rings 0   0
9-Membered rings 0   0
 10 membered rings 0   0
Atoms shared by fused rings 7   2
Bonds shared by fused rings 6   1

Atoms
Carbon 17 16
Fluorine 0 0
Chlorine 0 0
Bromine 0 0
Iodine 0 0
Sulphur 0 1
Phosphor 0 0
Acyclic nitrogen 0 1
Cyclic nitrogen 1 1
Acyclic oxygen 2 4
Cyclic oxygen 1 0
Heavy atom count    21 23

HO

O

HO

NMe

H

H

Morphine

N

S

CO2H

H
N

O

O

Penicillin G

Kong Thong Nguyen et al., ChemMedChem 2009, 4, 1803-1805



PubChem
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Oligosaccharides

Diamondoids

Graphenes

Small Molecules

Acyclic Alkanes

Fraction Cyclic Atoms

(Rigidity)

DNA

Peptides

Ro3

Ro5

Ruud van Deursen et al., J. Chem. Inf. Model. 2010, 50 1924-1934



PubChem

11

Oligosaccharides

DNA

Diamondoids

Graphenes

Acyclic Alkanes

Carbon Fraction 

(Polarity)

Peptides

Ro3

Ro5

Ruud van Deursen et al., J. Chem. Inf. Model. 2010, 50 1924-1934
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Mahendra Awale, Ruud van Deursen et al, J. Chem. Inf. Model. 2013, 53, 509-518

GDB13 (Mapplet)



GDBChEMBL (Faerun)
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Daniel Probst et al., Bioinformatics, 2018, 34, 1433-1435, J. Chem. Inf. Model. 2018, 58, 1–7



NN-searches in MQN-space
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A90 211/0A14 0A107206204A1303005010000300A16; C13H14N3  255 C1C2C[NH2+]CC1C1=CC3=C(C=C21)N=CC=N3

MQN-sum

MQN 1-3/ MQN 4-5 Formula

Mask

SMILES

rest MQN to last non-zero value

A93

A92

A91

A90

A89

A88

A87

A86

.

.

.

.

.

.

A93

A92

A91

A90

A89

A88

A87

A86

.

.

.

.

.

.

165

200

210

211

220

221

222

.

.

.

.

.

.

165

200

210

211

220

221

222

.

.

.

.

.

.

0A12

0A13

0A14

0A15

0A16

0A17
.
.
.

.

.

.

0A12

0A13

0A14

0A15

0A16

0A17
.
.
.

.

.

.

....0A107206204A1303005010000300A16;

C13H14N3....255 .....C1C2C[NH2+]CC1C1

=CC3=C(C=C21)N=CC=N3;....

File 0A14 (83,799 MQN-bins, 41,761,344 SMILES):

Folders (one per MQN sum, 120 MQN sums)

Files (one per MQN 4-5 combination, 45 files in subfolder 211) 

Subfolders (one per MQN 1-3 combination, 264 subfolders in folder A90) 

b) Hash table file entry

File A90:

211/0A14 0A107206204A1303005010000300A16; C13H14N3  239 111  255 116 

Mask 1

number of molecules with Mask values

Mask 2

a) X-MQN string

c) MOLTREE

Lars Ruddigkeit, Lorenz C. Blum et al. J. Chem. Inf. Model. 2013, 53, 56-65



15Lorenz C. Blum et al., J. Chem. Inf. Model. 2011, 51, 3105-3112
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11
CBDMQN = 9 
antagonist 

IC50 = 7.0 M

18
CBDMQN = 11 

antagonist 
IC50 = 9.2 M

NH2

31504 MQN-neighbours

60 purchased and tested

Lorenz C. Blum et al., J. Chem. Inf. Model. 2011, 51, 3105-3112



Menthol – ZINC isomers
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Menthol – GDB-13 isomers
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→ MHFP6
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Daniel Probst et al., J. Cheminf. 2018, 10, 66

encoding precise atom environments



a) DUD, MUV, ChEMBL b) Mutated and scrambled peptides c) All datasets

→ MAP4

22
Alice Capecchi et al, J. Cheminf. 2020, 12, 43

MAP4 encoding of jk

j

k

r1: O=c |15| c(c)c

r2: O=c(c)[nH]|15|c(cc)cc



MHFP → LSH → k-NN-graph → MST → 2D-layout

23
Daniel Probst et al., J. Cheminf. 2020, doi:10.1186/s13321-020-0416-x

http://tmap.gdb.tools

http://tmap.gdb.tools/


FDB17 + ChEMBL (11,261,085×232)

24
Daniel Probst et al., J. Cheminf. 2020, doi:10.1186/s13321-020-0416-x
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Menthol isomers from GDB-13

Sven Bühlmann



27
Mahendra Awale et al., Mol. Inf.. 2019, 38, 1900031
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CONTACT: Dr. Jingwen Shi, CEO 

GDBspace AG

Aeschengraben 29

4051 Basel

Switzerland

jingwen.shi@gdbspace.com

www.gdbspace.com

„GDBspace helped us to better understand the relationship

between various structures and specific biological activities

as well as to identify previously unexplored regions of this

chemical space“ - Lonza

“The map of molecules”, 
predictive power at your fingertips

GDBspace



3. Synthesizing GDB

29E. Luethi et al.,  J. Med. Chem. 2010, 53, 7236-7250 

C O 2 H

N H 2

H O 2 C
H O 2 C

C O 2 H

N H 2

L - G l u t a m a t e
K M  =  1 8  µ M

L - A s p a r t a t e
K M  =  7  µ M

CO2H

CO2H

NH2 rac-25a
IC50 = 1.4 M

1. Diversify: 101026 Asp and 151282 Glu from GDB-11

2. Virtual screening: HT Docking to GLT-1 (1XFH)

3. Synthesis, testing, optimization
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PDB:  3LXK (JAK3)

Kris Meier et al., Angew. Chem., Int. Ed. Engl. 2020, doi:10.1002/anie.202012049

Table 1: JAK kinase inhibition profiles. 

IC50 (nM) JAK1 JAK2 JAK3 TYK2 

Delgocitinib[45] 2.8 2.6 13 58 

Tofacitinib[45] 2.9 1.2 1.1 42 

PF-06651600[41] >10,000 >10,000 33 nM >10,000 

rac-9a) 1.0 13 29 26 

rac-10a)  30 53 9 183 

(R)-9a)  0.8 5.4 14 52 

(S)-9 b) >1,000 >1,000 >1,000 >1,000 

 



Enantioselective synthesis of KMC420
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Kris Meier et al., Angew. Chem., Int. Ed. Engl. 2020, doi:10.1002/anie.202012049



Predicting GDB synthesizability with RAscore
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Amol Thakkar et al., ChemRxiv. 2020, https://doi.org/10.26434/chemrxiv.13019993.v1

Table 1: Percentage of solved compounds for each dataset and the run timea) required using 

AiZynthFinder. 

 ChEMBL GDBChEMBL GDBMedChem 

Percentage Solved 75.21 25.54 20.79 

Size 200,000 100,000 100,000 

AiZynthFinder Run Time 

(days) 

239 149 151 

Score Run Time (mins) 79 b)
 30 c)

 30 c)
 

a) Expressed in days taken on a single machine with 8 CPUs and 64 GB of RAM, rounded to the nearest 

day. The time taken in minutes for the neural network classifier with ECFP6 counted fingerprints is also 

given for comparative purposes. The neural network classifier, RAscore, is able to reproduce the results 

obtained from AiZynthFinder in a fraction of the time taken to predict full retrosynthetic routes. 
b)RAscore 
c)GDBscore 

 

AiZynthfinder



> Constructing GDB

– From graphs to molecules

– Exhaustive enumeration vs. Sampling

– Novelty in ring systems and scaffolds

> Visualizing and searching GDB

– MQN

– Faerun

– MHFP6 and MAP4

– TMAP

– NN-searches with MQN

> Synthesizing GDB

– Virtual screening hits

– Novelty oriented synthesis

– CASP

Summary and Outlook

34


