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Outline 

Overview of existing on-line services on the web
•  Individual groups web servers

•  Projects web servers

•  Model repositories
•  Model development platforms

OCHEM
•  Typical uses of OCHEM
•  Model development
•  Model interpretation
•  Model evaluation



Individual groups web servers 



http://cdb.ics.uci.edu 

Prof. P. Baldi, UCI 



http://infochim.u-strasbg.fr/webserv/VSEngine.html 

Prof. A. Varnek, Strasbourg 



http://tox.charite.de/tox 

Dr. R. Preissner, Charite University of Medicine 



Projects web servers 



http://www.vcclab.org 



A first QSAR web tool: Polynomial Neural Networks  

I. V. Tetko, T. I. Aksenova, V. V. Volkovich, T. N. Kasheva, D. V. Filipov, W. J. Welsh, D. J. Livingstone, A. E. P. Villa,  
SAR QSAR Environ. Res. 2000, 11, 263-280.  



http://knimewebportal.cosmostox.eu 



http://cosmosspace.cosmostox.eu/app/space/cosmosshare/ckwdprojects?pn=2 



http://www.vega-qsar.eu/ 



http://toxpredict.org  



Model repositories 



http://qsardb.jrc.it/qmrf/ 



http://qsardb.org 



Model development platforms 



http://chembench.mml.unc.edu 



Data storage and model development: http://ochem.eu 



Typical use of OCHEM 





Working with ToxAlerts 



ToxAlerts  

•  Screening of compounds against published 
toxicity alerts, groups, frequent hitters 

•  Filter alerts by endpoints or publications 
•  Create or upload custom SMARTS rules 
 

Sushko et al, JCIM, 2012, 52(8):2310-6. 



Analysis of virtual libraries 

An easy fast way to identify possibly problematic compounds 
Comprehensive grouping of compounds according to a given feature 



Functional groups 



Screening Artefacts 

singlet oxygen 
quenching 
color quenching 
auto-fluorescence 
disruption of the 
interaction between 
the tag of the protein 
and binding site of the 
detection system  

Pan- Assay Interference Compounds (PAINS) filters by Baell and Holloway, 2010. 
 
HIS tag frequent hitters, Schorpp, K. et al J. Biomol. Screen. 2014, 19(5):715-726. 
GST tag frequent hitters, Brenke, J.K. et al J. Biomol. Screen. 2016, 21(6):596-607. 



MOA of AlphaScreenTM-HIS-FH 

Schoorp et al, J Biomol Screen. 2014, 19(5):715-726. 



SetCompare tool for data analysis 



Examples of scaffolds analysis 

HIV Envelope glycoprotein GP120 Pyrolysis vs. melting point 



Application of models 



Modeling framework 



Creation of QSAR/QSPR models 

•  It is easy to create new models from uploaded data 
•  More than 10 Machine learning algorithms 

•  Neural networks, KNN, SVM, MLR, PLS, random forests, J48 

•  More than 20 descriptor packages 
•  0D to 3D descriptors, academic and commercial  

•  New descriptor packages can be easily integrated 

•  Packages can be easily combined (mix & match) 

•  Dragon, CDK, ADRIANA.CODE, Chemaxon, E-state, MERA, … 

Models can be updated without complete rebuilt of model 
Estimation of accuracy for each prediction 



Modeling iterative workflow 

Select dataset 
• Over >1M measured 
values 

• Over 400 properties 

Select descriptors 
 (24 packages:0D, 1D, 2D 

3D) 

Build model 
(MLR, ANN, KNN, Random 

Forest, SVM, FSMLR, 
WEKA-J48) 

Validate 
Internal (N-Fold cross-
validation, Bagging) 
External validation 



LogP of Pt(II) + Pt(IV) complexes 

Tetko et al., J. Inorg. Biochem., 2016, 156(3), 1-13. 



Model statistics 

•  Multiple statistical measures + confidence intervals 
•  Export for offline inspection 
•  Interactive scatter plot 



Accuracy of prediction 

There are NO universal computational models that work well 
on the whole chemical space If x is small, 

Sin(x) ≈ x 



Outlying point on the Applicability Domain plot 

•  Estimation of applicability domain of models 
•  Identification of outliers 



Accuracy of predictions for classification model 



Solubility in DMSO classification 

Example of a published solubility in DMSO model 
 
ü  based on >163k compounds (provided by UCB and Enamine) 
ü  nine folds decrease number of non-soluble in DMSO compounds 

Tetko et al J. Chem. Inf. Model. 2013, 53(8):1990-2000. 



300k Melting Point Datasets 

Bergström 277
Bradley     2886

OCHEM     22404
Enamine   21883
Patents   228079

data 

Bergström 
Bradley 
OCHEM 
Enamine 
Patents 

Tetko et al J. Chemoinformatics, J. Cheminform. 2016, 8, 2. 



Comprehensive modeling 

Package 
name	

Type of 
descriptors	

Number of 
descriptors	

Matrix 
size, 

billions	

Non zero 
values, 
millions	

Sparseness	

Functional 
Groups 	 integer	 595	 0.18	 3.1	 33	

QNPR	 integer	 1502	 0.45	 6.3	 49	

MolPrint	 binary	 688634	 205	 8.1	 7200	

Estate count	 float	 631	 0.19	 10	 14	

Inductive	 float	 54	 0.02	 11	 1	

ECFP4	 binary	 1024	 0.31	 12	 25	

Isida	 integer	 5886	 1.75	 18	 37	

ChemAxon	 float	 498	 0.15	 23	 1.5	

GSFrag	 integer	 1138	 0.34	 24	 5.7	

CDK	 float	 239	 0.07	 27	 2	

Adriana	 float	 200	 0.06	 32	 1.3	
Mera, 
Mersy	 float	 571	 0.17	 61	 1.1	

Dragon	 float	 1647	 0.49	 183	 1.5	



Comprehensive modeling 



Outliers identified with applicability domain (AD) plot 



Functional group analysis of pyrolysis and MP data 



Outliers have higher percentage of predicted 
decomposing compounds 

20% of ~5k outliers are predicted as pyrolysis
vs.

17% of ~223k PATENTS compounds 



Use of MP for water solubility prediction 
 
 

Yalkowsky equation: 
 

logS = 0.5 – 0.01(MP-25) – log Kow  

Why do we need the Melting Point (MP)? 
 



Prediction of Huuskonen set using ALOGPS 
logP and MP based on 230k measurements 

Best models based on this set have RMSE ~ 0.6  



Data for mixtures Data for mixtures 

Modeling of mixtures 
 



Compound A 
{D1

A, D2
A , …, Dn

A} 

Compound B 
{D1

B, D2
B , …, Dn

B} 

Mixture A-B (One mixture – > one descriptor vector) 
Each mixture has only one property value 

{(Di
A+Di

B)/2}   

 OR  
{Di

A+Di
B, |Di

A-Di
B|} 

{(XA*Di
A+XB*Di

B)/2} 

 OR 
{XA*Di

A+XB*Di
B, |XA*Di

A-XB*Di
B|} 

Mixture A-B (One mixture – > several descriptor 
vectors) 
The property of one mixture depends on the composition of its pure 
compounds  

Weighted 
descriptors 

Unweighted 
descriptors 

+ 

Mixtures’ descriptors 
 



Interpretation of models 



Molecular Matched Pairs 

A molecular matched pair (MMP) is a pair of molecules that have 
only a (minor) single-point difference.  
The typical way is to define a minor difference as a changed 
molecular fragment with less than 10 atoms.



MMPs for classification data (AMES mutagenicity) 



Analysis of rules that were learnt by models  



LogP of Pt(II) + Pt(IV) complexes 



Model for LogP for Pt complexes 



Model for LogP for Pt complexes 



Outlying point on the Applicability Domain plot 



Prediction of logP for Pt complexes 



Outliers of the model (functional groups descriptors) 



Outliers of the model (Functional groups descriptors) 



Storage of Chemical Reaction as Condensed 
Graph of Reaction (CRG) 



Modeling of SN2 reactions using OCHEM 



Consistent data: t = 20-40, solvent =  methanol 



SN2 vs. SN1 reactions 

rate determining step 

SN2: one step 

http://www.wikipedia.org/ 

SN1: one step 



SN2 vs. SN1 reaction 

SN2 

SN1 



Evaluation in challenges 







Modeling capabilities 

•  Top-I rank submission model (May 2014) – entry 
by Sergii Novotarskyi*

•  Two Top-I rank individual sub-challenges and 
overall best balanced accuracy for all targets 
(January 2015) – entry by Ahmed Abdelaziz**

*Novotarskyi, S. et al. Chem. Res. Toxicol. 2016, 29, 768-75. 
**Abdelaziz, A. et al. Front. Environ. Sci. 2016, 4, 2.  



Conclusions 

o  On-line tools are important for dissemination
o  OCHEM

•  Can used for chemical data searching
•  ToxAlerts for understanding of hemical data 

•  SetCompare can be useful for comparison of sets of 
molecules

•  Has a powerful modeling framework
•  Easily handles millions of compounds

•  Contribute highly predictive models 
•  MMP analysis can complement modeling efforts
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