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     108  compounds  are 
currently available  

 
     1033 drug-like molecules 
could be synthesized *    

 

How to represent  this huge chemical space 
and to navigate in this space ? 

Chemical universe: Big Data problem 

*  P. Polischuk, T. Madzidov , A. Varnek,  J. Comp. Aided Mol. Des, 2013, 27, 675-679   2 

Présentateur
Commentaires de présentation
Chemical space can be considered as a Universe in its immensity, with chemical compounds instead of stars. To navigate this chemical space, the concept of 'chemography‘ has been proposed. It involves mapping compounds onto coordinates of chemical descriptors of various physicochemical or biological properties in order to identify those regions that are likely to contain biologically active compounds, that is, biologically relevant chemical space. 
Represented in descriptors space, chemical compounds appear to cluster together in galaxies. These regions can be defined by particular chemical descriptors.



Descriptor  Value 

D1 a1 

D2 a2 

…. … 

Di ai 

…. … 

Molecular graph Descriptors Descriptor vector 

…………………… 

> 5000 types of descriptors are used  

Encoding chemical structures by molecular descriptors 
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Présentateur
Commentaires de présentation
L’un de nos produits très connu dans la communauté de modélisateurs sont les descripteurs ISIDA qui représentent les fragments moléculaires de topologie et de taille contrôlés. Différentes propriétés physico-chimiques (les charges sur les atomes, l’hydrophobicité, le potentiel électrostatique) ou biologiques peuvent être codées dans ces descripteurs. L’ensemble des fragments générés forme un vecteur de descripteurs utilisés au sein d’un modèle QSAR.




Data space 
(N-dimensional)   

Latent space 
 (2-dimensional) 
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Chemography: cartography of chemical space 

Data visualization  =>   
 dimensionality reduction problem 

Présentateur
Commentaires de présentation
Mes derniers exemples concernent nos travaux dans le domaine de la cartographie de l’espace chimique. L’idée est de visualiser l’ensemble de molécules d’une base de données sur une carte en deux dimensions de telle sorte que les molécules similaires y apparaissent regroupées. En chémoinformatique une molécule peut être représentée comme un objet dans un espace définit par N descripteurs moléculaires. Afin d’obtenir la carte, il faut donc réduire la dimensionnalité de cet espace.




• minimal information loss, 

• topology preservation, 

• distance preservation 

Dimensionality reduction requirements 
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Présentateur
Commentaires de présentation
The goal of the dimensionality reduction is to provide with a simple data interpretation. However, it is always accompanied by the loss of information. Therefore, an effort should be done to minimize this loss. One of the main requirements is to preserve the structure of data. This presumes that the data points located close to each other in high-dimensional data space should also appear to be neighbors in the constructed low-dimensional latent space. Desirably if different activity classes are separated in the latent space.  




Greenland 
2.2 M km2  

Australia 
7.7 M km2  

Arabian Peninsula 
3.5 M km2  

Dimensionality Reduction: information loss 
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Dimensionality 
Reduction 

Linear 

Principal 
Component Analysis 

(PCA) 

Multidimensional 
Scaling (MDS) 

Nonlinear 

Distance 
Preserving 
Methods  

Sammon 
Mapping 

(SM) 
Isomap 

Kernel Principal 
Component 

Analysis (KPCA) 

Topology 
Preserving 
Methods 

Predefined 
Lattice 

Self-Organizing 
Maps (SOMs) 

Generative 
Topographic 

Mapping (GTM) 

Data 
Driven 

Locally 
Linear 

Embedding 
(LLE) 

Isotop 

Taxonomy of Dimensionality Reduction Techniques 



Dimensionality reduction methods 

Multi-Dimensional 
Scaling 

Canonical Correlation 
Analysis 

Independent 
Component Analysis 

Exploratory Factor 
Analysis 

PCA 

Sammon map 

Kernel PCA 
(polynomial kernel) 

Kernel PCA 
(RBF kernel) 

Isomap Locally Linear 
Embedding 

Laplacian Eigenmaps   t-SNE Autoencoder dimensionality 
reduction  

 SOM  GTM 

Acetylcholinesterase dataset (DUD) : 100 actives and 100 inactives   
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Présentateur
Commentaires de présentation
The goal of the dimensionality reduction is to provide with a simple data interpretation. However, it is always accompanied by the loss of information. Therefore, an effort should be done to minimize this loss. One of the main requirements is to preserve the structure of data. This presumes that the data points located close to each other in high-dimensional data space should also appear to be neighbors in the constructed low-dimensional latent space. Desirably if different activity classes are separated in the latent space.  




Generative Topographic 
Mapping approach 



Weighted synapses 

x
1 

x
2 

x
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... 

w
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Teuvo Kohonen 

• Nonlinear unsupervised approach  

• Simple interpretation 

• Topology preservation 

• Can be used for classification purposes 

 

Présentateur
Commentaires de présentation
The self-organizing map (SOM) is a single layer artificial neural network where the outputs are arranged in the form of a low-dimensional (usually 2D) grid. Each input is connected to all output neurons. Corresponding to every neuron there is a weight vector (reference vector) with the same dimensionality as the input vectors.
using unsupervised learning to produce a low-dimensional (typically two-dimensional), discretized representation of the input space of the training space, called a map. Self-organizing maps are different from other artificial neural networks in the sense that they use a neighborhood function to preserve the topological properties of the input space. Practically, it means that the objects close in the input space should be also closed in the map.



Limitations of SOMs  

 the absence of a cost function to be optimized in training; 

 the lack of a theoretical basis for choosing methods 

parameters;  

 the absence of any general proofs of convergence; 

 models do not define a probability density 

 

C.M.Bishop, M.Svensen, C.K.I.Williams, « The Generative Topographic Mapping», Neural Computation, 
10, No. 1, 215-234 (1998) 



Teuvo Kohonen Christopher Bishop 

GTM overcomes most of limitations of SOMs without introducing disadvantages 

Generative Topographic 
Mapping (GTM) Self-Organizing   Maps  (SOM) 
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Insertion a manifold 

Projection of data points 
onto the manifold 

Unbending manifold 

2D latent space 

Generative Topographic Mapping : algorithm 

13 



Initial data space 

• C. M. Bishop Pattern Recognition and Machine Learning, 2006 Springer 
• N. Kireeva, I.I. Baskin, H. A. Gaspar, D. Horvath, G. Marcou and A. Varnek, Mol. Informatics, 2012, 31, 201-312 

  

 GTM generates a data probability distribution in both initial and latent data 
spaces.  
This opens an opportunity to use GTM not only to visualize the data but also for 
structure-property modeling tasks 
 

latent space 

Generative Topographic Mapping (GTM) 
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Présentateur
Commentaires de présentation
Schematiquement,  



Probabilities (responsabilities) 
of acetylcholinesterase ligand  
projected into latent space 

Projection of an object on GTM is described by the probability 
distribution  (responsibilities) over the lattice nodes.  

GTM:  Probability Density distribution in the latent space 
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Présentateur
Commentaires de présentation
11- Nous abordons à présent les modèles de régression, ou la prédiction de valeurs réelles d’activité. Grâce à la GTM, on peut évaluer, pour chaque molécule, sa probabilité de se trouver en un point de la grille. Pour chaque molécule, on a donc une répartition de probabilités dites responsabilités sur une grille. C’est grâce à ces valeurs qu’on attribue une position à la molécule, en général la position moyenne, indiquée ici par une croix. Les ronds de différentes couleurs et tailles représentent des probabilités de présence à cet endroit plus ou moins grande. Ce sont ces valeurs qu’on utilise pour la régression. Deux possibilités s’offrent alors à nous. Soit on utilise ces responsabilités comme descripteurs moléculaires, et on part de ces descripteurs pour faire de la prédiction grâce à d’autres méthodes d'apprentissage, soit on prépare un “activity landscape” ou paysage d’activité qu’on utilise pour faire des prédictions.



0,0 0,003 ,,, ,,, 0,0 0,0001 0,005 0,006 0,008 0,006 

GTM descriptors for molecules  and datasets 

Map resolution: Nnodes = K*K 

Dataset   ▬► normalized cumulated responsibilities’ vector of  Nnodes   length  

Standard setting: K =25, Ngrid = 625 

Molecule   ▬► responsibilities’ vector {Rtk} of  Nnodes   length  
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Présentateur
Commentaires de présentation
In such a way, each molecules could be represented by a responsibilities’ vector of Ngrid  length. One can also cumulate the responsabilities of the whole dataset and to represent it also as a vector of Ngrid  length. 



GTM : areas of application 

Data visualisation and analysis  

Virtual screening 

Structure-Activity modeling Library design 

Libraries comparison 

Inverse QSAR 

Conformational space  
Analysis 
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Extraction of privilege patterns  



Chemical data analysis and 
activity prediction 



political map 

population density CO2 emission 

physical map 

Properties mapping 
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GTM property (activity ) landscape  
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dataset 

- Activity value assigned to a node k 
one molecule 

Dataset ▬► property lanscape vector {Ᾱk} of  Nnodes   length  
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Présentateur
Commentaires de présentation
Another way to incode a molecule is to add its activity as a 3d axis of the latent space.   This allow us to represent one individual molecule and entire dataset as a vector of  Ngrid  length. Both activity landscape vectors or responsibility vectors could be considered as a special GTM descriptors which could be used in the modeling or similarity analysis.  



logKLu 

GTM activity landscape 

Stability of Lu3+ complexes with organic molecules 

H. A. Gaspar , I. I. Baskin, G. Marcou, D. Horvath, A. Varnek Mol. Informatics, 2015, 34 (6-7), 348-356 
21 



logKLu 

22 



Strong binders Weak binders 

H. Gaspar, I. Baskin, D. Horvath, G. Marcou, A. Varnek  Mol. Informatics, 2015, 34 (6-7), 348-356 

Activity landscape for Lu3+ complexation 
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GTM for the training set Responsabilities’ distribution 
of a test set cmpd 

( ) ( ) ( )∑
k

jkkj RA testtraining = testÂ

Predictions on a test set 

Activity landscape: prediction on a test  
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Présentateur
Commentaires de présentation
This activity landscape can be directly used to predict activities of test compounds using its responsibilities’ distribution.  More particularly, in each node the product of activity landscape value for the training set and responsibility of the given test compounds is calculated  followed by the  summation over all nodes of the map. 



Performance of GTM-based QSAR models  

R2 R2 R2 

GTM-based models preform similarly to those obtained with popular machine-learning methods 

Regression models for LogK (Lu3+) using ISIDA descriptors 

Popular methods GTM 

H. A. Gaspar , I. I. Baskin, G. Marcou, D. Horvath, A. Varnek Mol. Informatics, 2015 25 

Présentateur
Commentaires de présentation
14- Cette diapositive permet de comparer les performances de nos deux méthodes, à savoir l’approche “activity landscape” et celle des  descripteurs GTM. De gauche à droite sont représentées d'abord les performances de 4 méthodes d’apprentissage classiques utilisant les descripteurs initiaux, puis la performance de la méthode activity landscape, et enfin celle des 4 méthodes d’apprentissage partant des descripteurs GTM. On voit que toutes ces modèles ont des performances très proches, la prédiction par GTM peut donc être efficace que ce soit avec l'une ou l'autre méthode. 



Class landscape for antiviral activity 

K. Klimenko, G. Marcou, D. Horvath, A. Varnek J. Chem. Inf. Model. 2016, 56, 1438−1454 

actives 
inactives 

Class landscape can be used to predict a class 
(“active”/”inactive”) for any new compound 
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Présentateur
Commentaires de présentation
Unlike popular visualization methods as PCA, SOM, Sammon mapping where an object is projected in one single  point on the map, in GTM the projection of an object is described by the probability distribution over the lattice nodes.  Probability values in each node are called responsibilities. They can be used to compare molecules or datasets, and to build regression or classification models.   



K. Klimenko, G. Marcou, D. Horvath, A. Varnek J. Chem. Inf. Model. 2016, 56, 1438−1454 

actives inactives 

Responsabilities’ distribution of a 
test set cmpd 

Probabilities to be “active” or ”inactive”) for a new 
compound is estimated using the Bayes equation  

Class landscape for antiviral activity 
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Présentateur
Commentaires de présentation
Unlike popular visualization methods as PCA, SOM, Sammon mapping where an object is projected in one single  point on the map, in GTM the projection of an object is described by the probability distribution over the lattice nodes.  Probability values in each node are called responsibilities. They can be used to compare molecules or datasets, and to build regression or classification models.   



Toward « universal » map 
of chemical space 



Map of the chemical space should:  

• be representative with respect to the variety of known chemotypes; 

• be able to distuinguish different activity classes and different chemotypes; 

• be able to accomodate novel structures and activities in agreement with the 

neighborhood behavior principle 
 

What do we expect from an “universal” map of 
the  Chemical  Space? 

29 
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Hecataeus of Miletus (c. 550 – 476 BCE) 

Examples of Frame Sets  

contour lines world map  

Universal map of chemical space 

• As any machine-learning method, GTM is limited by the data size.  For 
very large data sets, only part of molecules can be used for the 
manifold construction.  Thus, a representative subset (a “Frame” Set) 
must be selected for this purpose.  

Representative  Non-representative  



Choice of descriptors – a vital issue for chemical space 
construction 

• Positioning of objects in the initial and latent 
spaces depends on the choice of molecular 
descriptors 
 

• Is there a way to select some « optimal » 
descriptors for maps construction ? 

31 



ISIDA descriptors MOE descriptors 

Γ = 0.88 Γ = 0.82 

Topological 
Indices 

Γ = 0.70 

Random 
numbers 

Γ = 0.37 

Γ-score – measures the ability of a model to produce clustering of similar structures in latent space. 
For ideal classes separation, Γ = 1. 

DUD dataset:  GTM as a function of type of descriptors 
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Chemical space construction driven by (Q)SAR models 

 
• Optimal descriptors are  supposed to provide 

with the best GTM-based regression or 
classification models built on some  « scoring » 
dataset(s). 

 

P. Sidorov,  H. Gaspar, G. Marcou,  A. Varnek, D. Horvath J Comput Aided Mol Des, 2015, 29(12),1087-1108 33 



ISIDA fragment descriptors 

Sequences  
containing  2  < N < 15  atoms 

Augmented Atoms: 
selected atoms with their 

closest neighbours 



ISIDA fragment descriptors 

Several hundreds types of fragment descriptors can be 
generated for one same data set 



Toward universal map(s) of chemical space 

P. Sidorov,  H. Gaspar, G. Marcou,  A. Varnek, D. Horvath J Comput Aided Mol Des, 2015, 29(12),1087-1108 36 

Activity Model’s 
performance 

Act1 BA1 
Act2 BA2 
……. 

SCORE <BA> 

More activities are used, more universal is a map  



Descriptors type MAP SCORE 

Descr1 Map1 SCORE1 

Descr2 Map2 SCORE2 

……. ……. 

DescrN MapN SCOREN 

Toward universal map(s) of chemical space 

P. Sidorov,  H. Gaspar, G. Marcou,  A. Varnek, D. Horvath J Comput Aided Mol Des, 2015, 29(12),1087-1108 37 

Decriptors leading to largest score are selected 
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Basic assumption:  
If the manifold is trained on activity  predictions of 
ligands for  >100  different biological targets, it may 
also accommodate other biological activities and 
compounds. 

Chemical space of druglike compounds 

2.2 M cmpds 
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Building of an universal 
manifold 

Projection of all DB cmpds 
onto the manifold 

Building new activity or class 
landscapes, extraction of 
privilege motifs, … 

Chemical space of druglike compounds 

Universal manifold:  
• Optimized for 144 sets 

(GPCR, kinases, …) 
• Validated on > 450 sets 
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ChEMBL: chemical space of antiviral compounds 

3 “universal” maps based on different types of ISIDA descriptors  

actives inactives 

K. Klimenko, G. Marcou, D. Horvath, A. Varnek J. Chem. Inf. Model. 2016, 56, 1438−1454 



Privilege patterns extraction 



From responsibility vector to binned pattern 
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Responsibility Vector 

Présentateur
Commentaires de présentation
In such a way, each molecules could be represented by a responsibilities’ vector of Ngrid  length. One can also cumulate the responsabilities of the whole dataset and to represent it also as a vector of Ngrid  length. 
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ChEMBL: chemical space of antiviral compounds 

O
N

O

N

N

NH

N

NH

N O
N

O

3 different maps are needed in order to extract the privilege patterns for 
main classes of antivirals   

3 “universal” maps based on different types of ISIDA descriptors  

Présentateur
Commentaires de présentation
This approach has been used for automatized detection of privileged patters on all  3 maps. Overall, 8 patterns have been discovered, all they  corresponds to specific structural motifs. As you may see from this slide, neither sole map allows to detect all 8 privileged patterns -all 3 maps are needed.
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Evolution of privileged structural motifs of 
GPCR ligands in ChEMBL 

ChEMBL: class landscape for GPCR ligands 

GTM: extraction of privilege structural patterns 

actives 

inactives 

S. Kayastha, D. Horvath, E. Gilberg, M. Gütschow, J. Bajorath, A. Varnek J. Chem. Inf. Model., 2017, 57, 1218−1232 



Big Data challenge 



GDB-17  – computer-generated virtual molecules containing up to 17 
heavy atoms * 

* L. Ruddigkeit et al. J Chem Inf Model 2012, 52, 2864–2875 

• whole set:  1.66 *1011 virtual molecules 
• « lead-like » subset used in this study: 10 M molecules 

PubChem-17 – subset  of 10.8 M  real molecules containing up to 17 
heavy atoms exracted from the PubChem database 

Comparison of databases: GDB vs PubChem  
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PubChem-17 

GDB-17 

PubChem-17 

GDB-17 

Comparison of databases: GDB vs PubChem  

21*106  cmpds 
How can we select 

unique GDB  molecules ? 
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PubChem-17  vs  GDB-17 

21*106  cmpds 0.65*106 cmpds 2.5*103 cmpds 

Chemography: hierarchical GTM  

48 



Databases comparison and 
properties profiling 



~ 2.2 M  cmpds from 37 subsets 
 (samples from the catalogs of 36 suppliers + NCI) *    

Comparison of suppliers databases 

* Data from:  T. Petrova et al. Med. Chem. Commun., 2012, 3, 571-579 50 

Présentateur
Commentaires de présentation
The database containing more than 2 million compounds was taken from the literature. It contains 37 subsets coming from catalogues of 36 chemicals suppliers and NCI database.  Notice that the database size of subsets varies from several hundred (Focus Synthesis) to 300 hundred thousand (Abamachem). 



GTM  for the Suppliers DB (> 2 M cmpds) 

Data density  distributions built on responsibility vectors  

H.Gaspar, Igor I. Baskin, G.Marcou, D.Horvath and A.Varnek  J. Chem. Inf. Model., 2015, 55 (1), 84–94 51 

Présentateur
Commentaires de présentation
The density maps could also be built for the individual libraries. Here you may see that compounds of Focus Synthesis, Maybridge and NCI are mostly located at the left side of the map (low molecular weight) , whereas those of FCHGroup – on the right side (large molecular weight).  




Max 

Min Chiral centers Aqueous solubility (logS) Molecular Weight 

Suppliers DB:  GTM property landscapes 
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Présentateur
Commentaires de présentation
Similarly, one can colour one same GTM map by different properties or activities. This slide shows 3 different property landscapes: Mol Weight, the number of chiral centres and calculated aqueous solubility.  



Max 

Min 

Number of  
chiral centers 

Aqueous 
solubility (logS) 

Molecular Weight 

High molecular weight  &  High chirality   &  Low solubility 

Suppliers DB:  GTM property landscapes Suppliers DB:  GTM property landscapes 
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Présentateur
Commentaires de présentation
26. Superposition of different activity landscapes helps to select areas populated by compounds with particular activity profiles. For example, if we want to identify the areas populated by useless for medicinal chemistry compounds - high Mol Weight, low solubility and high number of chiral centers, we superpose these 3 maps. 
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& 

High chirality 
 & 

 Low solubility 

Suppliers DB map: regions of interest 

Analyticon   

NCI 

H.Gaspar, Igor I. Baskin, G.Marcou, D.Horvath and A.Varnek  J. Chem. Inf. Model., 2015, 55 (1), 84–94 54 

Présentateur
Commentaires de présentation
This results to two zones shown on this slide. One can easily identify the libraries contributions. In our case, one can be particularly surprised by the fact that relatively small Analyticon (5000 molecules)  contributes to this zone more than relatively large NCI database containing 35000 compounds.




each library is described by GTM descriptors 

Meta-GTM:  individual libraries as datapoints  
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G T M 
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Descriptors space 

Activities space 

Act1 Act2 Act3 

Mol 1 6.24 9.35 7.11 

Mol 2 7.32 10.22 8.53 

Mol 3 6.03 6.78 7.11 

Descr1 Descr2 Descr3 

Mol 1 0.22 5.43 1.12 

Mol 2 7.18 0.96 -5.42 

Mol 3 -1.01 7.41 10.63 

Stargate GTM (S-GTM) setup  
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Descriptors space 

Activities space 

Act1 Act2 Act3 

Mol 1 6.24 9.35 7.11 

Mol 2 7,32 10,22 8,53 

Mol 3 6.03 6.78 7.11 

Descr1 Descr2 Descr3 

Mol 1 0.22 5.43 1.12 

Mol 2 7.18 0.96 -5.42 

Mol 3 -1.01 7.41 10.63 

Mol 1 

Stargate GTM (S-GTM) setup  
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Descriptors space 

Activities space 

Descr1 Descr2 Descr3 

Mol 1 0.22 5.43 1.12 

Act1 Act2 Act3 

Mol 1 ?? ?? ?? 

Mol 1 

S-GTM: prediction of pharmacological profile  

59 



Descriptors space 

Activities space 

Descr1 Descr2 Descr3 

Mol 1 ?? ?? ?? 

Mol 2 ?? ?? ?? 

Mol 3 ?? ?? ?? 

Act1 Act2 Act3 

query 6 9 6 

S-GTM: discovery of structures corresponding to a given 
pharmacological profile  

60 



ID Target name Mol 1 Mol 2 … Mol 1325 

A2a Alpha-2a adrenergic receptor AFFINITY  VALUES  

D2 Dopamine D2 receptor AFFINITY  VALUES  

D3 Dopamine D3 receptor AFFINITY  VALUES  

D4 Dopamine D4 receptor AFFINITY  VALUES  

S1a Serotonin 1a (5-H1a) receptor AFFINITY  VALUES  

S2a Serotonin 2a (5-H2a) receptor AFFINITY  VALUES  

S7 Serotonin 7 (5-HT7) receptor AFFINITY  VALUES  

ST Serotonin transporter AFFINITY  VALUES  

Case study: S-GTM models for a set of 8 GPCR activities  
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S-GTM: retrieval of structures corresponding to a given 
pharmacological profile  

EXP 

H. A. Gaspar , I. I. Baskin, G. Marcou, D. Horvath, A. Varnek J. Chem. Inf. Model., 2015, 55 (11), 2403–2410 

Descriptors space Activities space 
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S-GTM: retrieval of structures corresponding to a given 
pharmacological profile  

Descriptors space Activities space 

H. A. Gaspar , I. I. Baskin, G. Marcou, D. Horvath, A. Varnek J. Chem. Inf. Model., 2015, 55 (11), 2403–2410 63 



ISIDA-GTM Software 

H. Gaspar, G. Marcou,  D. Horvath, A. Lin, F. Bonachera  and A. Varnek, University of Strasbourg  

•  GTM Algorithms: 
     « classical », incremental and kernel, 

 
• Modeling: 
      regression and classification models 
 
• Visualization: 

data points, data probability 
distribution, activity landscapes, 
chemical structures 
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Présentateur
Commentaires de présentation
15- Dans le cadre de ce projet , j’ai développé plusieurs outils regroupés sous le nom d’ISIDA/GTM. Ils permettent de créer des modèles structure-activité par GTM, de les optimiser, de les visualiser, et de cartographier l’activité. Dans le visualiseur, si l’on clique sur un point, la structure moléculaire s’affiche, et on peut voir sa répartition de responsabilités sur la carte. 





Présentateur
Commentaires de présentation
Merci pour votre attention.  
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