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Chemoinformatics: 
 new disciline combining several „old“ fields  

• Chemical databases 

• Structure-Activity modeling (QSAR) 

• Structure-based drug design 

• Computer-aided synthesis design 

Peter Willett Michael Lynch 

Corwin Hansch Johann Gasteiger 

Irwin D. Kuntz 

Elias Corey Ivar Ugi 

Hans-Joachim Böhm 



• Fundamentals of chemoinformatics 

• Structure-Property modeling: case studies 
• Anti-thrombotics 

• Tautomeric equilibria 

• Ionic Liquids 

• Chemical reactions  

• Materials design   

OUTLOOK 



Chemoinformatics:   
   fundamentals 
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Chemoinformatics is defined as individual discipline 
characterized by its own molecular model, basic concepts, 

major applications and learning approach   
 



Molecular Model 

Quantum Chemistry 

Force Field  
Molecular Modelling 

Chemoinformatics 
objects in chemical space  

(graphs, vectors) 

electrons and nuclei 

atoms and bonds 



Molecular Model 

Quantum Chemistry 

Force Field  
Molecular Modelling 

Chemoinformatics 
•   molecular graph 
•   descriptor vector 

electrons and nuclei 

atoms and bonds 



Basic mathematical approaches 

Quantum Chemistry 

Force Field  
Molecular Modelling 

Chemoinformatics 

Schrödinger equation,  
HF, DFT, … 

Classical mechanics 
Statistical mechanics 

 

- Graph theory,  
- Statistical Learning 



Chemical Space paradigm 

graphs-based descriptors -based 

SPACE = objects + metric 

Présentateur
Commentaires de présentation
Schematiquement,  



Molecular Descriptors :  
 
 

ensemble of topological, electronic, geometry parameters calculated directly from 
molecular structure 

Descriptors 

D1 

D2 

… 

Di 

… 

Molecular graph 

-Topological indices, 

-  Atomic charges, 

- Inductive descriptors, 

- Substructural fragments,  

- Molecular volume and surface, … 

Descriptor vector 

> 5000 types of descriptors are reported 

Présentateur
Commentaires de présentation
In chemoinformatics, the molecules are represented as an ensemble of molecular descriptors, encoding both structure and some related properties. We develop such called ISIDA descriptors which encode a molecule as an ensemble of its structural patterns, which could be colored by some physical, chemical or biological properties. 



Strong binders Weak binders 

Chemical space visualization 

Generative Topographic Mappping of 
the set of Lu3+ binders 
Contours correspond to different logK values 

H. Gaspar, I. Baskin, G. Marcou, A. Varnek  unpublished results 

+  Lu3+  
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Chemoinformatics:  Learning from Data 
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H-Cube® Continuous-flow Hydrogenation 
Reactor 

Up to 100 reactions a day  
≈ 30.000 reactions a year  

.  

A revolutionary bench-top standalone hydrogenation 
reactor combined with automated liquid   handler and 
laboratory automation software 



Virtual screening : finding the needle in the haystack 
 

CHEMICAL DATABASE 

~106 – 109 
molecules 



Chemoinformatics:  
   pattern recognition in chemistry 

CHEMICAL DATABASE 

~106 – 109 
molecules 

model 

- Specific structural motifs, 

- Selected molecular properties (shape, fields, …), 

- Interaction patterns, 

- Mathematical equations 
Activity =  F (structure) 



VIRTUAL  
SCREENING 

INACTIVES 

 HITS 
~106 – 109 
molecules 

CHEMICAL DATABASE 

Chemoinformatics:    Virtual screening “funnel” 

Similarity search  

Filters 
 

(Q)SAR 
 

 Docking  

Pharmacophore 

~101 – 103 
molecules 
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(Quantitative) Structure-Property Relationships 
 (Q)SPR 

Property=  F (structure) 
 =  F (descriptors) 

• Two main types of models: 
    - classification (prediction of classes) 
            - regression (prediction of numbers)  

know- 
ledge 

information 

data 

Présentateur
Commentaires de présentation
Now, I’ll turn toward Quantitative Structure-Activity Relationships (QSAR) linking particular biological activity or any other property with the molecular structure encoded by descriptors. In our studies we use various machine-learning methods (neural networks, support vector machine, multiple linear regression and others) and we contribute to the development of such called “meta-methods” - special techniques aiming to increase prediction performance of the models. 



Machine learning: Regression models 
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Multiple Linear Regression (MLR) 

i

k

i
ii Xaa ⋅+= ∑

=1
PropertyProperty 

Associative Neural Networks (ASNN) 

 Ensemble of Neural Networks  

Support Vector Regression (SVR) 

0 

Présentateur
Commentaires de présentation
Pour les méthodes quantitatives, nous avons utilisé dans ce travail  les méthodes MLR, ASNN et SVR.La méthode MLR est une méthode simple qui définit la propriété comme la somme des occurrences de chaque fragment pondéré par son coefficient aiASNN permet la réalisation d’un modèle consensus, constitué de modèles non linéaires utilisant la méthode par réseau de neurones. Le réseau de neurones constituant le modèle consensus mime le réseau de neurone biologique. Un réseaux de neurones est constitué de trois couches, une couche d’entrée , couche cachée et une couche de sortie.La régression par vecteur de support (SVR) est une méthode non linéaire, elle minimise 1 fonction de coût , dans laquelle les erreurs de prédictions des modèles supérieures a epsylon sont comptabilisées. Cette méthode essaie de minimiser la différence entre les valeurs prédites et les valeurs expérimentales si elles sont supérieures a zéta, de facon a ce que le maximum de prédictions soient contenues dans un tube. La méthode SVM est une méthode à noyaux : une fonction k qui à deux objets est appelé un noyau définit positif si et seulement si pour n’importe quel couple d’objets xi, xj:Eq.7Quelque soit n, n’importe quel choix d’objets x1, …, xp et n’importe quel choix d’objets c1…cn . On appelle k le noyau. Si k est un noyau, alors toute matrice de similarité est une matrice définie positive. 
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Machine learning: Clasification Models 

Support Vector Classification (SVC) 

Support vectors 

Hyperplane 

Naive Bayes (NB) 

Probabilistic Method 
 

P(Y|a,b) = 
P(a|Y) x P(b|Y) x P(Y) 

P(a) x P(b) 

Decision Trees 

Présentateur
Commentaires de présentation
Pour les méthodes qualitatives, nous avons utilisé les méthodes de classification par vecteur de support – SVC- et la méthode Bayésienne naive –NB-.Le but d’une SVC est d’identifier un hyperplan capable de séparer plusieurs classes de composés, ici une classe de composés représenté en noir et une classe représentée en blancLe principe de l’approche bayésienne naive repose sur le théorème de Bayes, qui consiste à calculer la probabilité a postériori d’appartenance d’une molécule à une classe en sachant les descripteurs a et b.
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Main challenges of machine learning methods in chemoinformatics 



predictions of > 20 physico-chemical 
properties and  NMR spectra for each 
individual compound 

Chemoinformatics tools in SciFinder: 



ISIDA  property prediction WEB server 
infochim.u-strasbg.fr/webserv/VSEngine.html 



CoMet project 
models for stability constants of metal-ligand complexes in water 

in red: the models are available  



Toxtree 

Commericial and Public Software  



REACh regulation 

• The European Union adopted Regulation on the Registration, 
Evaluation, Authorisation, and Restriction of Chemicals (the “REACH 
Regulation”), which entered into force on June 1, 2007. 

 
• REACH imposes requirements of information of physico-chemical, 

toxicology and eco-toxicology parameters for the chemicals, 
production of which exceeds 1 ton.  
 

• More than 30.000 compounds must be tested. Total cost estimated 
(EU Commission) over a 11 -15 year period is €2.8 - €5.2 bn 
 
 No Data, No Market! 



Chemoinformatics:  
   areas of application 

- Drug design (pharmacodynamics and pharmacokinetics), 

- Prediction of physico-chemical properties, 

- Materials design, 

- Synthesis design, 

- Molecular spectra simulations  



Structure-Property modeling: 

case studies 



Virtual 
Sreening 

Database 

Experimental 
Tests 

Hits 

N
OH

N
OH

N
OH

O

COOH

Br

Screening and hits selection 

Model 

Useless 
compounds 

O

Cl
COOH

Br



P. Polishchuk 

T. Khristova 

V. Kuzmin 

S. Andronati 

University of Strasbourg  -  Bogatsky Institute in Odessa 

In silico design of new antithrombotics 

Co-supervised PhD project 

A. Varnek  



S. Andronati and A. Krysko. Bulletin of Pharmacology and Pharmacy (Ukraine). 2007, № 10. 17 - 27 

Platelets aggregation 



Protein-Protein interactions: 
Complex of Integrin αIIbβ3 and Fibrinogen 

Integrin αIIbβ3 

Fibrinogen 

Protein-protein docking with Hex 6.3 

αIIb – 870 amino acids, ~94 kDa 
β3 – 762 amino acids, ~84 kDa 

α chain – 640 amino acids, ~70 kDa 
β chain – 461 amino acids, ~52 kDa 
γ chain – 411 amino acids, ~46 kDa 



Arg-Gly-Asp-Phe 
(RGD) 

Residues of fibrinogene interacting with binding 
site of integrine  αIIbβ3  

Asp-Phe 

Arg 
O

H
N

O

OH

O

N
H

H2N

O

H
N

NH

H2N

H
N

OHO

Présentateur
Commentaires de présentation
RGD:   Argenyl-Glicyl-Aspartic acid Phenyl-Alanine 



Protein-Ligand complex: 
Binding of RGD-mimetic to integrin αIIbβ 

Ligand to protein docking with MOE 



Protein-Ligand complex: 
Binding of RGD-mimetic to integrin αIIbβ 

Ligand to protein docking with MOE 



What is in common between these two molecules ? 

HN

O
NH

OH

O

S OO

O

H
N

O

OH

O

N
H

H2N

O

H
N

NH

H2N

H
N

OHO

- 

+ 

+ - 

- 
Arg-Gly-Asp-Phe 

Tirofiban 



Pharmacophore model of ligand complementary to 
integrine  αIIbβ3  

Positive charge, 
H-donor 

Negative charge, 
H-acceptor 

15.5 Å 

5 Å - + 

Hydrophobic 
interactions 

O

H
N

O

OH

O

N
H

H2N

O

H
N

NH

H2N

H
N

OHO

- 

+ 
HN

O
NH
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O

S OO

+ - 

Présentateur
Commentaires de présentation
RGD:   Argenyl-Glicyl-Aspartic acid Phenyl-Alanine 



pKi = 7.51 
TanimotoCombo = 0.74 

pKi = 7.82 
TanimotoCombo = 0.67 

pKi = 7.82 

N

N

O

O

HO

F

N

N

O

HO

O

O

N

N

F

OH

F

Br

Molecular Shape similarity analysis 



Krysko A.A. et al. Bioorganic & Medicinal Chemistry Letters, (2011), 21, 5971–5974 

Experimental validation: 
inhibition of platelet aggregation in human platelet-rich plasma 

O

O

O

N

O

NN

Affinity of integrin αIIbβ3  inhibition  (IC50)  
exp = 6.5 nM; 
pred = 9.3 nM 



Pharmacophore model 

QSAR 

Docking 

6930  
(24066 stereisomers) 

6783 

143 

42 

19 

H
N
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N H
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O
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S

Virtual library generation 

Predicted affinity for αIIbβ3  pIC50 >= 8 
Predicted antiaggregation activity  pIC50 >= 7 

Synthetic feasibility 
ADME/Tox 
  

Virtual screening of designed RGD-peptidomimetics 



Eight potent αIIbβ3 antagonists with two types of 
binding modes were developed:  

 
    4 “classical”      4 “non classical” 

Closed headpiece Open headpiece 
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Affinity for αIIbβ3  

Tirofiban 

Présentateur
Commentaires de présentation
To summarize, 4 classical and 4 non-classical potent anthagonists of integrin AIIbBIII designed theoretically  have been synthesized and tested.



X Y

Z

G

Y Z

X

G

IUPAC definition 

where the isomers (called tautomers) are readily interconvertible 

Isomerism of the general form:  

KT 

Prediction of Tautomer Equilibrium Constants  

T.I. Madzhidov, A.S. Petrovsky, R.I. Nugmanov, T.R. Gimadiev, I.I. Baskin, I.S. Antipin, A. Varnek in preparation 

Goal: to build a model predicting logKT   



• Keto-Еnol  

• Amino-Imino  

• Azo-Hydrazine  

• Pyridol-Pyridone  

• Pyridinoid-Pyridonoid 

• Phenol-Imine – Keto-Amine  

• Thione-Enol – Keto-Thiol 

• Amine-Thione – Imine-Thiol 

• Nitro-Acid 

• Classical Form -Zwitterion 

• Ring-Chain 

CONSIDERED TAUTOMERIC 
EQUILIBRIA 
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Data workflow 

Database 
723 tautomeric equilibrium (logKT) 
11 types of tautomerism 
12 pure solvents 
7 water-organic solvent mixtures 

Reactions 
1

2
H3C3

O
4

5

6 CH37O8

CH39

6

2H3C7

OH
8

5

CH39

1

CH33O4

Condensed Graph of 
Reaction (CGR) 

log KT 



Tautomers: Models Performance   

Our model 
(cross-val) 

Our model 
(ext set) 

QM (semi-
empirical)1 

QM (DFT) 2 ChemAxon 

# molecules 723 31 643 31 127 

Correct most stable 
tautomer (%) 

85 81 55 45 56 

RMSE (log KT)  
 

0.86 1.34 5.99 8.99 5.38 

1 IEF-PCM/PM6 
2 IEF-PCM/B3LYP/6-311++G(d,p)  

 
 
  



Ionic Liquids 
Ionic Liquids are composed of 

large organic cations: 

PF6
-, Cl-, BF4

-, CF3SO3
-, [CF3SO2)2N]- 

and anions: 

N RR 12
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N R
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There exist             combinations of ions 
that could lead to useful ionic liquids  

Ionic Liquids 
Large organic cations: 

PF6
-, Cl-, BF4

-, CF3SO3
-, [CF3SO2)2N]- 

anions: 
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Viscosity predictions on 23 new ILs 

Solvionics 
company 

None of these Ionic 
Liquids have been used 
for model preparation 



Ionic Liquids viscosity:  
Experimental validation of the Neural Networks models 

 

 
• prediction error (~70 cP) is 
similar to the “noise” in the 
experimental data used for the 
training of the model  

exp 

pred 

G. Marcou, I. Billard , A. Ouadi and A. Varnek, 
 J. Phys. Chem. B, 2011, 115 (1), 93–98 
 

RMSE=73 cP 



Prediction of optimal reaction conditions 
 



What is a reasonable way to encode a chemical reaction ? 

+ + 

 
-  many species; 
 - two types of species: reactants and products; 
-  multi-step reactions,  
-  dependent on experimental conditions 
 

Chemical reactions are difficult objects : 



O

N

O

O

+     H 2

Conditions 1 

Conditions 2 

Conditions 3 

O

H2N

CH3

HO

N

O

O

CH3

HO

H2N

A 

B 

C 

Example reaction leading to products A, B and C under specific conditions. 
 

 The goal is to predict reaction conditions leading selectively to product  A. 

Condition  =  
• catalyst,  
• solvent, 
• additives  

Selective  hydrogenation 



 

Reactions representation::  Condensed Graphs of Reactions 

Conventional bonds: single, 
double, aromatic, … 

Dynamical bonds: 
created single, broken single, … 

Notice: atom-to-atom mapping is required  





Experimental validation 

Sub A 

Conditions suggested by the program 
 

Expérimental validation 
  

catalyst solvent additif Yield (Exp) 
1 Pt/C (10%) THF None  A : 98 % 
2 Pt/C (10%) DMF None  A : 90 %, Sub : 2% 
3 Ir/CaCO3 (5%) EtOH NEt3 (5 %)  A : 100 % 
4 Ir/CaCO3 (5%) Hexane None  INSOLUBLE 
5 Ir/CaCO3 (5%) DMF None  A : 27%, Sub : 69 % 

+ H2 

A. Varnek,  in “Chemoinformatics and Computational Chemical Biology", J. Bajorath, Ed., Springer, 2010 
 



Materials design 
 



Why material informatics is difficult 

• Materials data is more inconsistent - different measurements and 
different conditions are used by different labs.  

• Materials data is more unpredictable  - many properties can not be 
calculated by higher level methods (DFT), especially for amorphous 
materials. MD is not appropriate for electronic properties. 

• Materials data is more process-dependent  -  material properties 
depend not only on their chemical composition but also on how they 
are fabricated 

Descriptors can be used to quantify the controllable parts of the 
factors involved, but not the effects of defect and impurities 

 
Courtesy of Prof. C. M Breneman 

Présentateur
Commentaires de présentation
We also have the force field parameter problem.



𝑴𝑴𝑴𝑴𝑴𝑴𝑴𝑴 𝑷𝑴𝑷𝑷𝑴𝑴𝑴𝑷 = 𝐟 (𝒅𝑴𝒅𝒅𝑴𝑴𝑷𝑴𝑷𝑴𝒅) 

Material Quantitative Structure-Property 
Relationship (MQSPR) 

Descriptors Model Property 

Molecular Descriptors 

Physicochemical Descriptors 

Macroscopic properties 

Morphology information 



Representing Potential-Energy Surfaces 
by Artificial Neural Networks 



Guo’s Permutation-Invariant Neural Network for 
Approximating Potential-Energy Surfaces 

Three- and four-atom 
reaction systems (J. Chem. 
Phys., 2013, 139, 054112; 
J. Chem. Phys., 2013, 139, 
204103; J. Chem. Phys., 
2014, 140, 044327) 

Molecule-surface 
interactions H2 + Ag(111) 
and H2 + Cu(111) (J. Chem. 
Phys., 2014, 141, 034109) 



Behler’s Permutation-Invariant Symmetry-Adapted Neural 
Network for Approximating Potential-Energy Surfaces. 

 
Applications 

Large-scale MD simulations of phase change materials  
GeTe (J. Phys. Chem. Lett., 2013, 4, 4241)  

Water clusters (J. Chem. Phys., 2012, 136, 064103; J. Phys. 
Chem. A, 2013, 117, 7356; Z. Phys. Chem., 2013, 227, 1559) 

Molecule-surface interactions (J. Chem. Phys., 2007, 127, 
014705) 

Metadynamics simulations of the high-pressure phases 
of silicon (Phys. Rev. Lett., 2008, 100, 185501) 



The First Permutation-Invariant Neural Network 
Initially developed for chemoinformatics purposes (QSPR modeling) 

I.I.Baskin et al., J. Chem. Inf. Comput. Sci., 1997, 37, 715 

General architecture Application to 3-atom system 

Properties of 
atoms (on 
diagonal) 

Distances or 
bond orders 

(off-diagonal) 

Output is invariant with 
respect to permutation of 
identical atoms 



Jörg Behler, Energy Landscapes, Chemnitz 2010 
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