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Data storage and model development: http://ochem.eu 
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Support of mixtures 



QSPR/QSAR modelling in OCHEM 



Comprehensive Modeling 



Comprehensive View 



275k Melting Point Datasets (Big Data) 

Bergström 277
Bradley     2886

OCHEM     22404
Enamine   21883
PATENTS   228079

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

COMBINED:	OCHEM	+	Enamine	+	Bradley	+	Bergström		



Extraction of MP information from patents 



Modeling of MP data 

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	



Prediction and experimental errors for consensus model 
based on the PATENTS set 

Experimental accuracy was based on N = 18058 duplicated measurements  
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Prediction of Huuskonen set using ALOGPS logP and 
MP based on 230k measurements 

	
logS	=	0.5	–	0.01(MP-25)	–	log	Kow	*	

Feature	net	model:	uses	other	models	as	descriptors	



Transfer	
Learning	

Labeled	data	are	available		
in	a	target	domain	

Inductive	
Transfer	
Learning	

No	labeled	data		
in	a	source	domain	

Self-taught	
Learning	

Labeled	data	are	available			
in	a	source	domain	

Multi-task		
Learning	

Labeled	data	are	available		
only	in	a	source	domain	

Transductive	
Learning	

Different	domains	
but	single	task	 Domain	

adaptation	

Single	domain	
and	single	task	

Sample		
selection	bias	

No	labeled	data	

Unsupervised
Transfer	
Learning	

Adapted	from:	Pan,	S.J.;	Yang,	Q.	A	survey	on	transfer	learning.	IEEE	
Transactions	on	Knowledge	and	Data	Engineering	2010,	22,	1345-1359.	



Multi-task learning 

  		A/B
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Multi-task learning 
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Problem:	
	
• 	prediction	of	tissue-air	partition	
coefficients		
• 	small	datasets	30-100	molecules	
(human	&	rat	data)	
	
Results:	
	
simultaneous	prediction	of	several	
properties	increased	the	accuracy	
of	models	

Varnek,	A.	et	al	J.	Chem.	Inf.	Model.	2009,	49,	133-44.	

																													



Prediction of toxicity of chemical compounds: 
REGISTRY OF TOXIC EFFECTS OF CHEMICAL SUBSTANCES (RTECS®)  

 

Different species
–  Rat
–  Mouse
–  Rabbit
–  …
–  Human

•  Different toxicities
–  LD50
–  TDL 
–  NOEL
–  LDLo

•  Administartion
–  Oral
–  IPR (intraperitoneal)
–  IVR (intravenous)

~ 129k records
~ 87k compounds
29 properties

Sosnin,	S.;	Karlov,	D.;	Tetko,	I.V.;	Fedorov,	M.V.	A	comparative	study	of	prediction	of	
multi-target	toxicity	for	a	broad	chemical	space.	Chem.	Res.	Toxicol.	2018,	in	prep.		



RMSE for different toxicities using CDK descriptors 
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Sosnin,	S.	et	al.	A	comparative	study	of	prediction	of	multi-target	toxicity	for	a	broad	
chemical	space.	Chem.	Res.	Toxicol.	2018,	in	prep.		



Comparison of different models to predict toxicity (RMSE) 

single	 multi	 single	

Sosnin,	S.	et	al.	A	comparative	study	of	prediction	of	multi-target	toxicity	for	a	
broad	chemical	space.	Chem.	Res.	Toxicol.	2018,	in	prep.		



Profile-like QSAR 

Martin,	E.;	Mukherjee,	P.;	Sullivan,	D.;	Jansen,	J.	Profile-QSAR:	A	novel	meta-QSAR	
method	that	combines	activities	across	the	kinase	family	to	accurately	predict	
affinity,	selectivity,	and	cellular	activity.	J.	Chem.	Inf.	Model.	2011,	51,	1942-1956.		



Non-neural network approaches to multi-learning: 
Least Squares Support Vector Regression (LSSVM) 

Suykens,	J.A.K.;	Vandewalle,	J.	Least	squares	support	vector	machine	
classifiers.	Neural	Process.	Lett.	1999,	9,	293-300.	
Xu,	S.;	An,	X.;	Qiao,	X.;	Zhu,	L.;	Li,	L.	Multi-output	least-squares	support	vector	
regression	machines.	Pattern	Recognition	Letters	2013,	34,	1078-1084.	



Chainer Chemistry (“ChemChainer”) 

•  Chainer - one of popular frameworks for Deep Learning
•  Algorithms provided by Chainer developers

•  Can be installed using Python tools
•  https://github.com/pfnet-research/chainer-chemistry 



DEEPCHEM 

•  Based on TensorFlow (google)
•  Available as part of Python (Anaconda) or as a Docker

•  Supports multiple MTL and STL approaches
•  https://github.com/deepchem/deepchem

 

Wu,	Z.	et	al	Moleculenet:	A	benchmark	for	molecular	machine	learning.	
Chem	Sci	2018,	9,	513-530.		



Summary of “readily” available methods 

Package	 Examples	of	supported	algorithms	

Chainer	Chemistry	 NFP,	GGNN,	RSGCN,	WeaveNet,	SchNet	

	

DeepChem	 DAG,	NNF,	MPNN,	TEXTCNN,	WEAVE,	IRV	

	

OCHEM	 Above	methods	+	DNN,	LSSVM,	Macau,	feature	net	

as	well	as	use	of	tasks	classes	as	descriptors	

NFP/NNF	-	Neural	Fingreprint;	GGNN	-	Gated	Graph	Neural	Network;	MPNN	-	Message	
Passing	Neural	Networks;	SchNet	-	continuous-filter	convolutional	neural	network	for	
modeling	quantum	interactions;	DAG	-	Directed	Acyclic	Graphs;	IRV	-	Influence	Relevance	
Voters	;	LSSVM	–	Least	Squares	Support	Vector	Machines	



Comparison of MTL and STL  
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big	data	in	chemistry	+	informatics	=	chemoinformatics	

The	 increasing	 volume	 of	 biomedical	
data	 in	 chemistry	 and	 life	 sciences	
requires	development	of	new	methods	
and	approaches	for	their	analysis.		
The	 BIGCHEM	 project	 will	 provide	
innovative	education	in	large	chemical	
data	analysis.	 The	 innovative	 research	
program	will	be	implemented	with	the	
target	users,	 large	pharma	 companies	
and	SMEs,	which	generate	and	analyze	
large	 chemical	 data	 as	 well	 as	 will	
promote	 technology	 transfer	 from	
academy	to	industrial	applications.	
	

Marie Skłodowska-Curie European Industrial Doctorate (EID) 

http://bigchem.eu	



Beneficiaries 





Summary 

•  OCHEM is powerful extendable platform for data storage

•  Works with millions of datapoints

•  Provide an integrated support of various (multi-learning) 

algorithms

•  Very useful for ADMETox and (Q)SAR studies
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