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System for Registration and Biological Testing 
of New Chemical Compounds

“The system of biological tests of physiologically 

active substances developed under the supervision 

of Piruzyan allows the use of relatively simple 

methods of investigation requiring minimal 

expenditures of time and substances to eliminate 

substances that are of little promise for 

pharmacology from a great number of new 

compounds and select those that may become 

medicinal drugs”. Lev Aramovich Piruzyan (On his 70th birthday) 
http://link.springer.com/article/10.1134/S0362119707050192



Some historical reminiscences



1972 Collection of the training set started (USSR National System 
of New Chemical Compounds Registration).

1976- Early versions of different computer programs for biological activity
1992 spectra prediction (V.A. Avidon, V.E. Golender & A.B. Rosenblit).

1993  First version of PASS: 9,314 compounds; 114 activities,
accuracy of prediction AP=76%. 

1998 PASS C&T version 4.0: 30,537 compounds; 541 activities, AP=82%.

2005 PASS Pro 2005: >60,000 compounds; >2500 activities, AP=89%.

PASS History: Persistent updating and improvement

2009 PASS Pro v. 9.1: >200,000 compounds; >3500 activities, AP =95%. 

2014 PASS Pro 2014: >950,000 compounds; >7000 activities, AP =95%. 
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Requirements for a computer program evaluated
biological activity profiles (spectra) 

Predicts
(ideally) all known 

activities

Prediction on the basis 
of structural formulae 

(MOL or SDF) 

Possibility of 
training  with a new 

data

User-friendly interface



Reliable data on structure and activity of drug-like molecules

Training 
procedure

New Molecule Prediction Results

MNA Descriptors Bayesian algorithm

Computer program PASS: 
Prediction of Activity Spectra for Substances

SAR knowledgebase

Full text publications, databases, presentations at conferences etc.

Filimonov D.A. et al. Chem. Heterocycl. Comps., 2014, 50: 444-457.  



PASS 2014 Characteristics

1. Filimonov D.A. et al. J. Chem. Inform. Computer Sci., 1999, 39: 666-670.
2. Filimonov D.A., Poroikov V.V. Chemoinformatics Approaches to Virtual Screening, 

2008, 182-216. 
3. Poroikov V.V. et al. J. Chem. Inform. Computer Sci., 2000, 40: 1349-1355.

Training Set 959,801 drugs, drug-candidates, pharmacological 
and toxic substances comprise the training set

Biological Activity 7,158 biological activities can be predicted (Active 
vs. Inactive)

Chemical Structure Multilevel Neighborhoods of Atoms (MNA) 
descriptors [1, 2]

Mathematical 
Algorithm

Bayesian approach was selected by comparison of 
many different methods [2]

Validation Average accuracy of prediction in LOO CV for the 
whole training set is ~95% [2]; robustness was 
shown using principal compounds from MDDR 
database [3]



Concept of biological activity spectrum



Non-synonymous definitions in literature 
Lewi P.J. Spectral mapping, a technique for classifying biological
activity profiles of chemical compounds. Arzneimittelforschung.
1976; 26 (7):1295-1300.

Battistini A. et al. Spectrum of biological activity of interferons.
Annali dell'Istituto Superiore di Sanità. 1990; 26 (3-4):227-253.

Gringorten J.L. et al. Activity spectra of Bacillus thuringiensis delta-
endotoxins against eight insect cell lines. In Vitro Cell. Dev. Biol. Anim.
1999; 35 (5):299-303.

Fliri A.F. et al. Biological spectra analysis: Linking biological activity
profiles to molecular structure Proc. Natl. Acad. Sci. USA. 2005; 102
(2): 261–266.

Rana A. Benzothiazoles: A new profile of biological activities. Indian
J. Pharm. Sci. 2007; 69:10-17.

Fedichev P., Vinnik A. Biological Spectra Analysis: Linking Biological
Activity Profiles to Molecular Toxicity. 2007; http://www.q-pharm.com.



Chemical Structure Representation

Spatial configuration of a free uncharged molecule in the ground state 

in vacuum is the necessary and sufficient description of its structure.

To use this molecular structure description one needs the substantial 
computational resources for molecular modeling and/or quantum-chemical 
calculations.

However, the basis of all calculations is the traditional structural formula. 

http://upload.wikimedia.org/wikipedia/commons/9/99/Clopidogrel_3D.png
http://upload.wikimedia.org/wikipedia/commons/9/99/Clopidogrel_3D.png


Chemical structure representation

The structural formula unambiguously determines all properties of the 
organic molecule.

Environment? – Structural formula determines at least potential, “intrinsic” 
properties.

http://upload.wikimedia.org/wikipedia/commons/d/dd/Clopidogrel_chemical_structure.png
http://upload.wikimedia.org/wikipedia/commons/d/dd/Clopidogrel_chemical_structure.png


The most biological activities of organic compounds are the 
result of molecular recognition, which in turn depends on the 
correspondence between the particular atoms of the ligand and 
the target.

MOLECULAR BIOLOGY

QUANTUM CHEMISTRY

QUANTUM FIELD THEORY

M = V + VgM = V + VgV + VgVgV + VgVgVg + …

Mi = Vi + VigM = Vi + Vig(M1 + M2 + … + Mm)

Descriptors are based on the concept of atoms’ of molecule 
taking into account the influence of the neighborhoods:
MNA - multilevel neighborhoods of atoms
QNA - quantitative neighborhoods of atoms

Filimonov D.A., Poroikov V.V. Probabilistic approach in activity prediction. In: Chemoinformatics Approaches to 
Virtual Screening. Eds. Alexandre Varnek and Alexander Tropsha. Cambridge (UK): RSC Publishing, 2008, 182-216.
Filimonov D.A., Zakharov A.V., Lagunin A.A., Poroikov V.V. QNA based ‘Star Track’ QSAR approach. 
SAR and QSAR Environ. Res., 2009, 20 (7-8), 679-709.

Neighborhoods of atoms descriptors



MNA: Multilevel Neighborhoods of Atoms

MNA/0:   C

MNA/1:   C(CN-H)

MNA/2:   C(C(CC-H)N(CC)-H(C))
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Filimonov D.A. et al. J. Chem. Inform. Computer Sci., 1999, 39: 666-670.
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Activity Spectrum of Clopidogrel

Abdominal pain

Acute neurologic disorders treatment

Agranulocytosis

Allergic reaction

Anaphylaxis

Anemia

Angioedema

Angiogenesis inhibitor

Antianginal

Antiarthritic

Anticoagulant

Antineoplastic

Antipsoriatic

Antithrombotic

. . .

112 known activities in PASS SAR Base

HC

CHHHO

CHHCC

CHHCN

CHCC

CHCCN

CHCS

CCCC

CCCS

CCCCl

CCOO

NCCC

OC

OCC

SCC

ClC

C(C(CCC)C(CC-H-H)S(CC))

C(C(CCC)C(CS-H)-H(C))

C(C(CCC)N(CC-C)-H(C)-H(C))

C(C(CCS)C(CC-H)C(CN-H-H))

C(C(CCS)C(CN-H-H)-H(C)-H(C))

C(C(CC-H-H)N(CC-C)-H(C)-H(C))

C(C(CC-H)C(CC-H)-H(C))

C(C(CC-H)C(CC-C)-H(C))

C(C(CC-H)C(CC-C)-Cl(C))

C(C(CC-H)C(CC-Cl)-H(C))

C(C(CC-H)C(CC-Cl)-C(CN-H-C))

C(C(CC-H)S(CC)-H(C))

N(C(CN-H-H)C(CN-H-H)-C(CN-H-C))

S(C(CCS)C(CS-H))

-H(C(CC-H))

-H(C(CC-H-H))

-H(C(CN-H-H))

-H(C(CS-H))

-H(-C(CN-H-C))

-H(-C(-H-H-H-O))
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-C(-C(CN-H-C)-O(-C)-O(-C-C))

-O(-C(-H-H-H-O)-C(-C-O-O))

-O(-C(-C-O-O))

-Cl(C(CC-Cl))

MNA Descriptors of Clopidogrel
Structural formula of Clopidogrel

Substance representation



Prediction of Biological Activity Spectra

According to the Bayes' theorem, the probability P(A|S) that the 

compound S has activity (or inactivity) A, equals to:

P(A|S) = P(S|A)•P(A)/P(S)

If the descriptors of organic compound D1, ..., Dm are independent, then:

P(S|A) = P(D1, ..., Dm|A) = ПiP(Di|A)

P(A) and P(A|Di) are calculated as sums through all compounds of the 

training set:
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Filimonov D.A. et al. Chem. Heterocycl Compnds., 2014, 50: 444-457.
Filimonov D.A., Poroikov V.V. (2006). Rus. J. Gen. Chem., 2006, 50: 66-75.



Biological activities predicted by PASS
 Pharmacotherapeutic effects 

(antihypertensive, hepatoprotective, antiinflammatory etc.); 

 Mechanisms of action 
(5-HT1A agonist, cyclooxygenase 1 inhibitor, adenosine uptake inhibitor, etc.); 

 Specific toxicities 
(mutagenicity, carcinogenicity, teratogenicity, etc.);

 Interaction with Antitargets 
(HERG channel blocker, etc.);  

 Metabolic terms 
(CYP1A substrate, CYP3A4 inhibitor, CYP2C9 inducer, etc.);

 Influence on gene expression 
(APOA1 expression enhancer, NOS2 expression inhibitor, etc.);

 Action on transporters 
(Dopamine transporter antagonist, Sodium/bile acid 
cotransporter inhibitor, etc.). 



PASS algorithm description   

Filimonov D.A., Lagunin A.A., Gloriozova T.A., Rudik A.V., Druzhilovskiy D.S.,

Pogodin P.V., Poroikov V.V. (2014). Prediction of the biological activity spectra of

organic compounds using the PASS online web resource. Chemistry of Heterocyclic

Compounds, 50: 444-457.

Filimonov D.A., Poroikov V.V. (2008). Probabilistic Approach in Virtual Screening.

In: Chemoinformatics Approaches to Virtual Screening. Alexander Varnek and

Alexander Tropsha, Eds. RSC Publishing, 182-216.

Filimonov D.A., Poroikov V.V. (2006). Prediction of biological activity spectra for

organic compounds. Russian Journal of General Chemistry, 50: 66-75.

Descriptors (1999)  Robustness (2000)  PASS Online (2000)   Drug-likeness (2001) NCI Browser (2003)



Threshold selection: active/inactive?
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PASS: Selection of the desirable activities



Rheumatoid arthritis treatment: PASS activities
5-Lipoxygenase inhibitor
Adenosine A3 receptor agonist
Adenosine deaminase inhibitor
Angiogenesis inhibitor
Antiinflammatory
Antimetabolite
Antioxidant
Apoptosis agonist
Autoimmune disorders treatment
Beta amyloid protein antagonist
Bisphosphonate
Bruton tyrosine kinase inhibitor
Calcineurin inhibitor
Cannabinoid receptor agonist
Cathepsin K inhibitor
CC chemokine 1 receptor antagonist
CC chemokine 2 receptor antagonist

Cell adhesion inhibitor
Cell adhesion molecule inhibitor
Chemokine receptor antagonist
Collagenase inhibitor
Complement inhibitor
Corticosteroid-like
Corticotropin releasing factor antagonist
CXC chemokine 2 receptor antagonist
CXC chemokine 4 receptor antagonist
Cyclin-dependent kinase 1 inhibitor
Cyclin-dependent kinase 2 inhibitor
Cyclin-dependent kinase 5 inhibitor
Cyclin-dependent kinase 7 inhibitor
Cyclin-dependent kinase 9 inhibitor
Cyclooxygenase 2 inhibitor

. . .
VLA-4 antagonist

Totally: 110 activities



Selection of activities for RA treatment



PASS Pro: Creating new SAR Base



PASS Pro: Training



PASS Pro: Selection procedure



PASS Pro: Ready for Prediction



PASS Pro: 20-fold validation



PASS Pro: Quality Control



PASS predictions for Clopidogrel



Clopidogrel: predicted vs. known activities
Abdominal pain

Acute neurologic disorders  

treatment

Agranulocytosis

Allergic reaction

Anaphylaxis

Anemia

Angioedema

Angiogenesis inhibitor

Antianginal

Antiarthritic

Anticoagulant

Antineoplastic

Antipsoriatic

Antithrombotic

Anxiety

Arthralgia

Atherosclerosis treatment

Back pain

Behavioral disturbance

Blindness

Bronchoconstrictor

Cardiotoxic

Cataract

CCL4 expression enhancer

CCL5 expression enhancer

Chest pain

Colic

Colitis

Conjunctivitis

Consciousness alteration

Constipation

Cough

CYP2 substrate

CYP2C substrate

CYP2C19 inhibitor

CYP2C19 substrate

CYP2C9 inhibitor

CYP3A substrate

CYP3A4 substrate

Cytochrome P450 inhibitor

Dermatitis

Dermatologic

Dizziness

Drug eruption

Dyspepsia

Emetic

Eosinophilia

Erythema

Erythema multiforme

Exanthema

Flatulence

GP IIb/IIIa receptor antagonist

Hallucinogen

Headache

Heart failure

Hematotoxic

Hemorrhage

Henoch-Schonlein purpura

Hepatic failure

Hepatitis

Hepatotoxic

Hypertensive

Hyperthermic

Hypotension

Infection

Insomnia

Lassitude

Leukopenia

Lichen planus

Lichenoid eruption

Malaise

Menstruation disturbance

Myalgia

Nausea

Necrosis

Nephrotoxic

Neuroprotect

Neutropenia

Ocular toxicity

Pain

Pancreatitis

Pancytopenia

Platelet aggregation inhibitor

Platelet antagonist

Pruritus

Pulmonary embolism

Purinergic P2 antagonist

Purinergic P2T antagonist

Purinergic P2Y antagonist

Purinergic P2Y12 antagonist

Purinergic receptor antagonist

Purpura

Renal colic

Reproductive dysfunction

Rhinitis

Sensory disturbance

Serum sickness

Shock

Sinusitis

Sleep disturbance

Stomatitis

Syncope

THBS1 expression enhancer

Thrombocytopenia

Toxic

Toxic epidermal necrolysis

Toxic, gastrointestinal

TP53 expression enhancer

Urticaria

Vasculitis

Vertigo

Vision disturbance

Blue – predictions coincided with the experiment.
Black – unpredictable activities. Red – unpredicted activities. 
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PharmaExpert: Tool for analysis of PASS predictions



PharmaExpert: Statistics of predicted activities 



PharmaExpert: Search for multitargeted 
antineoplastic agents



PharmaExpert: Link to the KEGG Pathway (example)
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According to the Hellman-Feynman theorem, interatomic and 

intermolecular forces are electrical in nature.

Feynman R. Ph. Phys. Rev., 1939, 56, 340-343.

Pi = Bi∑k(Exp(-½C))ikBk

Qi = Bi∑k(Exp(-½C))ikBkAk

A = ½(IP + EA)

B = (IP – EA)-½

IP is the first ionization potential,

EA is the electron affinity.

Robert G. Parr et al. J. Chem. Phys., 1978, 68(8), 3801-3807.

Gasteiger J, Marsili M. Tetrahedron, 1980, 36, 3219-3228.

Rappe A K and W A Goddard III. J. Ph. Ch., 1991, 95, 3358-3363.

Filimonov D.A., Zakharov A.V., Lagunin A.A., Poroikov V.V. QNA based 

‘Star Track’ QSAR approach. SAR and QSAR Environ. Res., 2009, 20: 679-709.

QNA: Quantitative Neighborhoods of Atoms



QNA descriptors’ space

Carbon

Phosphorus
Sulfur

Bromine

Iodine

Hydrogen

Oxygen

Fluorine

Chlorine

Nitrogen



Filimonov D.A. et al. SAR and QSAR Environ. Res., 2009, 20: 679-709.

GUSAR: General Unrestricted Structure-Activity Relationships



GUSAR: Superiority in performance in comparison 
with some other (Q)SAR methods
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delta R2 test
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delta R2

Filimonov D.A. et al. SAR and QSAR Environ. Res., 2009, 20: 679-709.



Impacts of atoms into particular activity

For each atom in a molecule all MNA/QNA descriptors are generated. Using 

these descriptors for each particular activity Pa и Pi values are calculated. 

Each atom is colored in accordance with the following:

Red : = 0.3+0.7*Pi (negative impact on activity) 
Green : = 0.3+0.7*Pa (positive impact on activity) 
Blue : = 1-0.7*(Pi+Pa) (neutral impact on activity) 

This can be interpreted in the following way:

If Pa = 0 and Pi = 1, then Red = 1, Green = 0.3, Blue = 0.3   – bright red color;

If Pa = 1 and Pi = 0, then Red = 0.3,  Green = 1, и Blue = 0.3   – bright green color;

If Pa = 0 and Pi = 0, then Red = 0.3, Green = 0.3, Blue = 1      – bright blue color;

If Pa = 0.33 and Pi = 0.33, then Red = 0.53, Green = 0.53, Blue = 0.53 – grey color.



Case study: Sulfathiazole

Antibacterial Activity ETA Receptor Antagonist



“Critical fragment” remains unchanged  

Wermuth C. J. Med. Chem., 2004, 47: 1303-1314.
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GUSAR Application to the antifungal activities

Kokurkina G.V. et al. Eur. J. Med. Chem., 2012, 46: 4374-4382.



Drug repositioning



Which predictions are confirmed?

(informational search, September 2014) 

Sertraline

Amlodipine

Oxaprozin

Ramipril

Cocain dependency treatment + [2]

Antineoplastic enhancer (moderate 

BCRP/ABCG2 inhibitor)

+ [3]

Ref.

Interleukin 1 antagonist (Inhibitor 

of production of Interleukin 1β )
+ [4]

Antiarthritic + [5]

1. Poroikov V. et al. SAR and QSAR Environ. Res., 2001, 12: 327-344. 

2. Mancino M.J. et al. J. Clin. Psychopharmacol., 2014, 34: 234–239.

3. Takara K. et al. Mol. Med. Rep., 2012, 5: 603-609.

4. Rainsford K.D. et al. In�flammopharmacology, 2002, 10: 85–239.

5. Shi Q. et al. Arthritis Res. Ther., 2012, 14: R223. 

In 2001 we published predictions 

of new effects for 8 medicines 

from the list of Top200 Drugs [1].

Drug repositioning based on PASS prediction



Name
Pa 

(Nootropic effect), %

Captopril 44,6

Enalapril 65,5

Lisinopril 61,8

Perindopril 60,9

Quinapril 65,1

Ramipril 63,3

Monopril 30,9

Piracetam 81,7

Amlodipin -

Hydrochlorothiazide -

Nootropic effect in some antihypertensive drugs?

Perindopril in dose of 1 mg/kg, and
quinapril and monopril in doses of 10
mg/kg improved the patrolling
behavior in the maze, like piracetam
and meclofenoxate (in doses of 300
and 120 mg/kg, respectively).

Kryzhanovskii S.A. et al. Pharm. Chem. J.,  2012, 45: 605-611. 



Effect

S(0)

S(n)

State of 
node i Si=1

bik=-1bik=1

Edge 
property

Sk=1 Sk=0k

i

k

Active node

Inactive node

Inactive edge of activation
Active edge of inhibition
Active edge of activation

Primary states

Fi (S1, S2, … ,Sn) = Θ(ai + ∑kSkbki)

Koborova O.N. et al. SAR and QSAR Environ. Res., 2009, 20: 755-766.

Dichotomic modelling of regulatory
networks behavior



HER2/neu-positive 
breast carcinomas.

Ductal carcinoma.

Invasive ductal 
carcinoma and/or a 
nodal metastasis.

Generalized breast 
cancer.

Microarray data for 
breast cancer

Cyclonet database
http://cyclonet.biouml.org

Regulatory network
TRANSPATH® database

Fragment: 2336 edges and 1405 nodes

Input Data for Breast Cancer Modeling 

Koborova O.N. et al. SAR and QSAR Environ. Res., 2009, 20: 755-766.



No Compounds Action 1 Action 2 Action 3

1 4 Bcl2 antagonist CDK-2 inhibitor

2 10 Bcl2 antagonist Myc inhibitor

3 10 Bcl2 antagonist Phosphatidylinositol 3-kinase 

beta inhibitor

4 3 CDK-2 inhibitor Myc inhibitor

5 7 HIF-1 alpha 

inhibitor

Myc inhibitor

6 10 HIF-1 alpha 

inhibitor

Phosphatidylinositol 3-kinase 

beta inhibitor

7 10 Myc inhibitor Phosphatidylinositol 3-kinase 

inhibitor

8 10 Bcl2 antagonist Myc inhibitor Phosphatidylinositol 3-

kinase beta inhibitor

Some Double and Triple Targets’ Combinations 
Identified for Breast Cancer 

Koborova O.N. et al. SAR and QSAR Environ. Res., 2009, 20: 755-766.



Participants: 9 teams  
from 8 countries

European project «From analysis of gene 
regulatory networks to drug» (Net2Drug)

ChemNavigator database
(~24,000,000 structures of organic 

compounds)

Virtual screening of potential 
multitarget anticancer substances  

(PASS, GUSAR)

11 compounds tested in cellular 
assays

2 active compounds
(BC, melanoma) 

Synergism with RITA.

Activity confirmed in experiments 
on mouse xenograft models

ALab – resident of «Skolkovo» (2012) 

Grant of«Skolkovo» (2013)

Further progress:

More active analogs (2014)

,, ,,Mechanism(s) of action (2015)



http://www.ibscreen.com/

InterBioScreen library of natural compounds



Predictions of RA associated activities for IBS library 



Search for multitargeted agents for RA treatment 



One promising hit for experimental validation 



The search for 
new compounds 
with multiple 
mechanisms of 
action

J. Med. Chem., 2003, 

46(15), 3326-3332

J. Med. Chem. 2008, 

51(6), 1601-1609

Drug repositioning Pharmaceut. Chem. J., 

2011, 45 (10), 605-611

Assessment of 
drug-drug 
interactions 
and between 
natural 
compounds -
components of 
medicinal 
plants

Curr. Pharm. Des. 2010, 
16(15), 1703-1717

PASS + PharmaExpert

Med. Chem. Res. 2011,  

20(9), 1509-1514

Cardiovascul. Therap. 
Prof., 2008, 7(5), 100-104

The search for 
new compounds 
with specific 
therapeutic 
effect(s) or/and 
interaction with 
specific target(s)

J. Med. Chem., 2004, 

47(11), 2870-2876 

Bioorg. Med. Chem., 

2004, 12(24), 6559-6568

Eur. J. Med. Chem., 

2009, 44 (2), 473-481



More info: way2drug.com/suc_stor.php

. . .
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Way2Drug web platform

We have proposed the local
correspondence concept, which is based
on the fact that most biological activities
of organic compounds are the result of
molecular recognition, which in turn
depends on the correspondence between
the particular atoms of the ligand and the
target.

Using this concept, we have developed
a consistent system of atom-centered
neighborhoods of atoms descriptors
including MNA, QNA, and LMNA, and
have implemented them in several
SAR/QSAR/QSPR modeling app-
roaches.



Predicts about 4000 biological activity types of organic
compounds by their structural formulas, including
pharmacological effects, mechanisms of action, toxicity
and side effects, interaction with metabolic enzymes,
effects on gene expression, etc.

Training set with more than 313,000 known
biologically active substances, belonging to different
chemical classes.

Constantly working to improve the quality of
prediction, updating the training set, and making
changes in calculation methods.

average training set LOO CV: 0.95

Filimonov D.A. et al. Chem. Heterocycl. Comp., 2014, No. 3, 483-499.

PASSOnline



Developed to create QSAR/QSPR models on
the basis of the appropriate training sets
represented as SDF file format contained
data about chemical structures and
different endpoints in quantitative terms.

- Prediction of acute rat toxicity;
- Prediction of antitarget interaction

profiles for chemical compounds;
- Prediction of ecotoxicity for chemical

compounds.

Zakharov A.V. et al. Chem. Res. Toxicol., 2012, 25: 2378-2385.

GUSAR online presents: consensus
prediction, applicability domain
assessment, internal and external models
validation and clearly interpretations of
obtaining results.

GUSAR Online



DIGEP-Pred

Training sets:
mRNA-based - 1385 compounds for 952
genes (500 up- and 475 downregulations);
Protein-based - 1451 compounds for 129
genes (85 up- and 51 downregulations).

Results of prediction are linked to CTD
(Comparative Toxicogenomics Database)
for the purpose of their interpretation.

Gene expression profiles are used to solve
various problems in pharmaceutical
research, such as the repositioning of
drugs, overcoming resistance, estimating
toxicity and drug-drug interactions.

mRNA-based training set LOO CV: 0.853

Lagunin A.A. et al. Bioinformatics, 2013, 29: 2062-2063.



CLC-Pred

Web-service for in silico prediction of
cytotoxicity to the tumor and non-tumor cell-
lines based on structural formula of chemical
compound.

Training sets on the basis of DB ChEMBLdb
(ver.17) were collected from 76804 chemical
compounds, which reflected the current level
of knowledge of the cytotoxicity of chemical
compounds in relation to the 44 tumor and
48 non-tumor cell-lines.

In this case, the spectrum of biological activity
is the assessment of cytotoxicity in relation to
different cell lines.

Training set LOO CV: 0.96

Konova V.I. et al. SAR and QSAR Environ. Res., 2015.



Prediction of interaction with 18
cytochrome P450 and UGT isoforms:
CYP1A2, CYP2C9, CYP2C19, CYP2D6,
CYP3A4, UGT1A10, UGT1A1, UGT2B7,
UGT1A7, UGT2B15, UGT1A8, UGT1A4,
UGT2B17, UGT2B10, UGT1A3,
UGT1A9, UGT1A6, UGT2B4.

Substrate training set –
3411 compounds. 

Metabolite-based training set –
2104 compounds. 

Training set LOO CV: 0.934

Rudik A.V. et al., 2015, in preparation. 

Meta-Pred



SOMP

Prediction of sites of metabolism for
drug-like compounds for (five major
human) cytochrome P450s: CYP1A2,
CYP2C9, CYP2C19, CYP2D6 and
CYP3A4. Also in the training set were
included the sites of glucoronidation,
catalyzed by UGT.

Enzyme
Substrate
amount

LOO CV

CYP3A4 960 0.89
CYP2D6 588 0.92
CYP2C9 446 0.92

CYP2C19 388 0.93
CYP1A2 573 0.92

UGT 592 0.98

The study is supported by RSF grant No. 14-15-00449.

Rudik A.V. et al. Bioinformatics, 2015, 31: 2046-2048. 



12 949 users

91 country

>500 K predictions



About 300 papers published citing our web-services 
(>50% with the experimental confirmation; the other 50% -

just with the prediction results without experimental testing)



Overview

1. Historical reflections 

2. PASS (Prediction of Activity Spectra for 
Substances)

3. PharmaExpert

4. GUSAR (General Unrestricted Structure-Activity 
Relationships) 

5. Some examples of applications 

6. Our web-services based on PASS, GUSAR, etc.

7. Way2Drug.com: further progress



Integration of all web-services (I)



Integration of all web-services (II)



Integration of all web-services (III)



Computer-aided analysis of hidden potential 
in traditional Indian medicine Ayurveda

Criteria:
(1) Ayurvedic /traditional medicinal use;
(2) adequately explored for phytochemical

analysis;
(3) unexplored for pleiotropic pharmacological

studies.

Contents:
(1) 50 medicinal plants;
(2) structural formulae of 1906 phytochemicals; 
(3) biological activity of 288 phytochemicals.

Lagunin A.A. et al. Biomedical Chemistry, 2015, 61: 286-297.

Supported by RFBR-DST grant No. 11-04-92713_IND

Natural products are used in folk medicine since
many thousands year. They represent a
significant, though often underappreciated
resource for the development of new medicines.



New Features in PharmaExpert adopted to 
analysis of phytoconstituents of medicinal plants 



More information could be found in our joint publications



Accuracy of prediction depends on both issues

Training set (Q)SAR Method

Lighthouses drawing by Olga Kiseleva (IBMC)

DATA

FALSE 
POSITIVES

FALSE 
NEGATIVES

TRUE 
POSITIVES

PREDICTION



Study on quality of data in publicly 
and commercially available databases 



 Based on long-term projects in chemoinformatics (local
correspondence concept, PASS, PharmaExpert, GUSAR, etc.),
we have developed several web-services useful in computer-
aided drug discovery.

 These web-services are widely used by many researchers
from over 90 countries; more than 300 papers published with
citations of our web-resources.

Summary

 Further development of these resources requires integration,
curation of the information, improvement of functionality, etc.

 Active cooperation with the Way2Drug users will significantly
enhance our initiatives.
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We are open for collaboration; please, address your suggestions to:
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