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About health and disease, medicine and drugs
Health so dramatically outweighs all other blessings of life that the healthy beggar is truly
happier than the sick king.
A. Schopenhauer (XVII-XVIII centuries)
If the disease is not defined, it is impossible and treat it.
Al Samarkandy (XII century)
What is required of medicine? Just "a little" - the correct diagnosis and good treatment.
N.M. Amosov (XX century)
A conscientious doctor before assigning treatment of patient must learn not only his illness but
also his habits in a healthy condition and properties of the body.
Cicero (I centuty BC)
First do not harm.
Hippocrates (V-VI centuries BC)
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The history of drug discovery, from ancient times
to the XIX century (I)
Ebert Papyrus (XVI century BC): 900 formulations of medicines
containing as components of plants (onion, mint, juniper, aloe, senna,
etc.), minerals (sulfur, antimony, iron, soda, clay, et al.), and various
animal body parts.
Smith Papyrus (XVI century BC): Reviewed 48 traumatic cases, each
with a description of the physical examination, treatment and
prognosis; first described the use of a mold for the healing of
wounds festering.

...

Traditional medicines: Mesopotamia, China, India, and others (XXI - IV
century BC).

Hippocrates: Arrangement of indications for the use of drugs of ancient
medicine (IV - III century BC).

The history of drug discovery, from ancient times
to the XIX century (II)
Galen (II century AD): Development of principles of therapeutic and
prophylactic drugs. The first attempts to clean the drugs of the
ballast elements .

Avicenna (X-XI centuries): Systematics of drugs and indications for
their use.

Paracelsus (XV-XVI centuries): Introduction to practical medicine
metal salts (mercury - for the treatment of syphilis).
Uitering (1785): Introduction of digitalis preparation to
medicine.

The history of drug discovery: XIX century
Sertyuner: Isolation of alkaloid morphine from opium (1806).

Magendie: The introduction of animal experimentation in pharmacology. An
analysis of the action of strychnine (1809).

Pelletier, Kaventu: Isolation of alkaloid quinine from the bark
of cinchona (1820).

Butlerov: Theory of the chemical structure of molecules (1861).

The history of drug discovery: structureaction relationships
Crum-Brown and Fraser: Addition of a methyl group to the nitrogen atom,
causing a significant decrease in alkaloids toxicity. Physiological activity (F)
is a function of the chemical structure (C). The first equation of
quantitative structure-activity relationship (1869): F = f (C)

Mendeleev: «The properties of simple bodies, the constitution of their
compounds, as well as the properties of these last, are periodic functions of
the atomic weights of the elements» (1869-1971).

Fischer: Explained the specificity and high efficiency of the enzymes from the
standpoint of structural correspondence (complementarity) between the
structure of the active center and structure of the substrate - the "key-lock"
model (1884).

The history of drug discovery:
Paul Ehrlich (end of XIX – beginning of XX century)
Formulated a number of statements, which are still the basis of
pharmacological sciences:
- The receptor theory, according to which "Corpora non agunst nisi
fixata" (in other words, in the structure of the drug there are active
chemical groups that interact with specific groups of molecules in
the cell).
- Theory and practice of chemotherapy, which uses substances having a maximal
therapeutic effect against pathogenic microorganisms and minimal action on human
organs and tissues.
- Metabolic activation of drug substances (active pentavalent arsenic derivatives towards
trypanosomes in vitro occurred after preincubation in the presence of animal tissue).
- The ability of microorganisms acquire resistance to the existing drugs acting on them, he
explained by the loss of the receptor groups due to the natural selection.

The number of the launched drugs (1899-2014)
In 2015 (on July 7th) 26 drugs are launched , including:
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Cefrazidime

Dasabuvir (HCV)

O
O
N

O
N

S
N

O

N

O

S

O

Avibactam sodium
O
+

Na O

O
S

O
O

N

N

Dinutuzimab – HMCAB
(neuroblastoma)

O

O

N

+

N

N

In total: 2879 drugs

Source: Thomson Reuters Integrity

From empirical search to computer-aided drug design
Computer-aided
drug design
Molecular and cellular
model systems

Testing on
experimental
animals
Empirical search

Influence of achievements in chemistry and biology
on discovery of new drugs
Highthroughput screening
Double helix
of DNA
Primary
structure
of insulin

Postgenomics sciences
and technologies

Human
genome
Combinatorial
chemistry
X-ray structure
of vitamin B6
X-ray structure
of insulin and
myoglobin

Development of computer-aided drug design methods
Molecular
graphics

QSAR models of Hansch
and Free-Wilson

Molecular
dynamics
Molecular
docking

Active site mapping
Molecular
mechanics

Network
pharmacology

Innovations in pharmaceutical industry
(1820-1990)
Alkaloids
Analgesics /
Antipyretic
Hypnotics
The first vaccines
Local anesthetics

Semi-synthetic antibiotics
Nonsteroidal anti-inflammatory drugs
Oral contraceptives

Antihistamines
Antibiotics
Corticosteroids
Antiprotozoals
Vitamins
Sex hormones
Sulphonamides

Antiparkinsonian drugs
Serotonin inhibitors
Antivirals
Antitumor drugs
Biologicals (growth hormone)

Calcium blockers
ACE inhibitors
Hypolipidemics
Antiulcer drugs
Antiemetics

Diuretics
Beta blockers
Tranquilizers
Antidepressants
Anxiolytics

Pharmaceutical Innovation. Chemical Heritage Foundation, 1999.

Each person has sometimes to look into pharmacy

~ 15 000
drug substances

~ 300 000
trade names

Why do we need new drugs: arguments and facts
 If the society stops to treat people after 5 years on the Earth will be about 200
million people, 60-70% of children born will die, and the rest will live an average of
50 ± years (WHO).
 At the beginning of the XXI century. standard pharmacotherapy did not give
effective results in the treatment of depression (20-40% of patients), ulcer (20-70%),
asthma (40-75%), diabetes (5-75%), oncology (70-100%) migraine (30-60%),
hypertension (10-75%), schizophrenia (25-75%) (WHO).

 The greatest damage to the world economy is death and disability due to the cancer:
895 billion dollars. Each year about 1.5% of world GDP are direct costs of treating
cancer patients. In second place are heart diseases - 753 billion dollars.
Davydov S. Healthcare - the ways of development. Part 1. Remedium, December 2014, p. 35-39.

Difficult path from initial idea
to the registration of a new drug
15

Medicine

10

5

years

Idea

(Indridi Benediktsson, 2007)

Creation of new medicines complex multidisciplinary problem
The successful solution of this problem depends on many scientific disciplines:
-

Biochemistry, Molecular Biology, Physiology

-

Chemical Technology

-

Bioinformatics and Chemoinformatics

-

Pharmacology

-

Medicinal Chemistry

-

Toxicology

-

Organic Synthesis

-

Pharmaceutical Studies

-

...

(according to the literature*, the process of creating a drug includes about 800 individual stages
of research and development).

*Thesing Y. Naturwissenschaften, 1977, 64: 601-605.

Some Nobel Prize winners,
whose work had an impact on drug discovery

http://www.nobelprize.org/

Four constituents of medical-biological knowledge

Prof. Dr. Oleg Gomazkov
"Biomedical knowledge is made up of four conjugated layers:
FIRST - how "it“ arranged? – Structure (molecules, cells, organs, bodies, etc.).
SECOND - how "it" (which is so arranged) works? - Function.
THIRD - how and where "it" ("like this" and arranged "like that" works) broken? - Pathology.
FOURTH - how "it" (which is so arranged, worked and damaged) may be fixed? - Pharmacology.
Therapy. Prevention, etc. "

Paradigm of monotarget drugs

Target

Ligand

Disease

Information about diseases
(International Classification, X Revision)

To identify pharmacological targets genomic and postgenomic technologies are currently used
Genomics
Transcriptomics
Proteomics
Metabolomics
Cellomics
Tissue-/Organomics
Physiomics
The result of post-genomic research is the accumulation of a vast and diverse information, which has
to be processed by the bioinformatics methods for searching biomarkers and pharmacological targets.

Information about drug targets (2003)

About 500 molecular targets are currently known; in the near few years,
it is expected to discover 5,000-10,000 new targets.

Mueller G. Drug Discovery Today, 2003, 8: 681-691.

How many and which targets are studied now?
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0
Transcription Factor Ligands
VEGF Expression Inhibitors
Hemagglutinin (HA) Inhibitors (Viral)
CD44 Expression Inhibitors
Anti-Neuraminidase
P (Viral) Expression Inhibitors
GABA(A) Receptor Subunits alpha3beta2…
Casein Kinase II (CK2) Inhibitors
Mitogen-Activated Protein (MAP) Kinase…
Carnitine O-Palmitoyltransferase Inhibitors
Protein Tyrosine Phosphatase PTP-1C…
Kallikrein 2 Inhibitors
Focal Adhesion Kinase 1 (FADK1; PTK2)…
RET/PTC1 Fusion Oncogene Expression…
NADPH Oxidase (NOX) Inhibitors
Rho Kinase Inhibitors
Drugs Acting on Ryanodine Receptor (RyR)…
Tyrosine-Protein Phosphatase Non-…
Nicotinic alpha4beta2 Antagonists
Carnitine O-Palmitoyltransferase 1 (CPT-1)…
MexAB-OprM Inhibitors
Anti-Hemagglutinin (HA) Influenza A Virus)
IL-23 Receptor Ligands
HIV-1 Protease Inhibitors
Complement Factor D Inhibitors
Adenosine Deaminase (ADA) Inhibitors
CLU Expression Inhibitors
Chemokine CXCR4 (SDF-1 Receptor)…
HMGCS2 Expression Inhibitors
mTOR Complex 1 (mTORC1) Inhibitors
MIR24 Inhibitors
alpha-Synuclein (ASYN; NACP) Aggregation…
Leptin Receptor (OBR) Antagonists
HGFR (MET; c-Met) Activators
ITGAM Expression Inhibitors
Anti-Alpha-Synuclein
Runt-Related Transcription Factor 3…
mu-Opioid Agonists
Nicotinic alpha1 Antagonists
Focal Adhesion Kinase 2 (FADK2; PTK2B;…
5-Lipoxygenase-Activating Protein (FLAP)…
CDK1/Cyclin B1 Inhibitors
Cytochrome b5 Reductase Inhibitors
Retinoid RARbeta2 Ligands
GHR Expression Inhibitors
Interferon alpha Receptor 1 (IFNAR-1)…
OCD1 Expression Inhibitors
Phosphatidylinositol 3-Kinase Catalytic…
Anti-BMP1 (Bone Morphogenetic Protein 1)
DNA-Directed DNA Polymerase Inhibitors
Chemokine CXCR5 Antagonists
ABCA1 Expression Enhancers
Tachykinin NK1 Receptor Ligands
Catechol-O-Methyl Transferase (COMT)…
Reverse Transcriptase Inhibitors
Anti-CD25 (IL-2 Receptor)
BIRC4 Expression Inhibitors
HIF1A Expression Inhibitors
Neuropilin 2 (NRP2) Ligands

What is behind the term "other targets"?
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In total: 2,969 records
Source: Thomson Reuters Integrity

The targets studied with a purpose
of hypertension treatment

In total: 50 records

Source: Thomson Reuters Integrity

Earlier known targes

New targets
новые
мишени

Validation of new and utilization of known
pharmacological targets

Overington J. et al. Nature Reviews Drug Discovery, 2006, 5: 993-996.

Information about ligands (for treatment of hypertension)
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In total 20,932 records (hypertension treatment)
Source: Thomson Reuters Integrity

The number of registered drug
and pharmacological agents (ligands)

~ 440 000 records

In total: 2,879 registered drugs

Source: Thomson Reuters Integrity

Modern approaches to the discovery of new
pharmacological agents
 Both 3D structure of target and
structural formulae of ligands are
known

Target-based drug design

 3D structure of target is unknown,
but structural formulae of ligands
are known

Ligand-based drug design

 3D of target is known, but
structural formulae of ligands are
unknown

De-novo design

 Both 3D structure of target and
structural formulae of ligands are
unknown

Combinatorial chemistry
and HTS

Ivanov A.S., Poroikov V.V., Archakov A.I. Bioinformatics: way from genome to drugs in silico.
Bulletin of RSMU, 2003, № 4 (30), 19-23.

Various approaches to experimental screening
Of biological activity

Biochemical screening

Phenotypic screening

Highthoughput screening (HTS)

The proportion of active substances in a random screening:
<0,1%

Ligand-based drug design
Prerequisites:
Set of ligands with known activity (training set).
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Methods:
(Quantitative) Structure-Activity Relationships (Q)SAR, pharmacophore models,
etc.

Similarity principle: “Me-too-drugs” design

Wermuth C. The Practice of Medicinal Chemistry, 3rd edition, 2008, p.126.

Search for active compounds based on chemical similarity

Search by similarity of acetylsalicylic acid analogs
in ChemNavigator library

TC=87%

TC=86%

If structurally similar molecules really
have the same biological activity?

Yvonne C. Martin

…”there is only a 30% chance that a compound that is > 0.85 (Tanimoto)
similar to an active is itself active”.
Martin Y.C. et al., J. Med. Chem., 2002, 45: 4350-4358.

“The best material model for a cat is another
[cat], or preferably the same cat".
Norbert Wiener, The Role of Models in Science.

Ligand-based drug design:
development of pharmacophore model
(non-nucleoside inhibitors of HIV RT)

Designations: blue – aromatic center, magenta – HB donor on the ligand; green on the top – HB
acceptor on the ligand, три green on the bottom – presumable locations of HB donors on the
protein.

Target-based drug design
(3D structure of CYP 17 A1 with abiraterone + docked ligand)

Target-based drug design
(non-nucleoside inhibitors of HIV RT)

Examples of pharmaceuticals developed using
target-based drug design
HIV protease inhibitor (HIV/AIDS)

AChE inhibitor (Alzheimer disease)
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Nelfinavir, Pfizer

Donepezil, Eisai
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Target-based drug design: haloperidol as a new
HIV protease inhibitor
F
N
O
O
Cl

Haloperidol is well-known antipsychotic agent

Haloperidol: predicted binding
mode in HIV-1 protease pocket.

X-ray structure of HIV-1 protease
complex with haloperidol.

Rose J.R., Craik C.S. Am. J. Crit. Care Med., 1994, 150: S176-182.

Examples of drug discovery due to «serendipity”
Medicine

Initial application

Phenolphtalein

Determination of wines’ acidity

Sulfonamides as sugar-lowering
agents

Antibacterial agents

Antabuse (Disulfiram)

Rubber vulcanization

Iproniazid as an antidepressant

Antituberculosic

Levamisole as an
immunostimulant

Vermicidal

Viagra

The treatment of angina and
coronary artery disease

The history of Pravastatin development by Sankyo

HMG-CoA
reductase inhibitor

CS-514, pravastatin - derivative ML236B (compactin), which was
extracted from fungies Penicillium citrinum in 1970 by Sankyo Pharma
Inc.
In
1989
Pravastatin
sodium
was
registered
as
hydroxymethylglutaril-CoA-reductase inhibitor for treatment of familial
hypercholesterolemia and hyperlipidemia. In 2005 Pravachol
(Pravastatin sodium) became blockbuster in US with annual sales 1,3
billion dollars.

+

-

+

+
-

+

+

Research and development of new medicines
By pharmaceutical companies

Virtual screening significantly (n x 10 times)
increases the hit rate.

The cost of the development and market launch of a new drug: 1-3.5 billion dollars.

The growth of the global pharmaceutical market,
billion dollars
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The demand for drugs is growing constantly, despite
incidents and crises

Unfortunately, sometimes drugs are removed
from the market (e.g., Vioxx)

Gap between the R&D expenses and registration
of new drugs

Service R.F. Science, 2004, 303: 1796-1799.

In which fields the academic researchers may
produce a significant impact on drug discovery?
 Basic research of novel pharmacological targets.
 Search of pharmaceutical agents for treatment of
neglected diseases.
 Development of novel approaches to drug discovery.
 Training of young researchers in solving practical tasks
of drug discovery and translational biomedicine.

Frearson J. and Wyatt P. Expert Opin. Drug Discov., 2010, 5: 909-919.

Pro’s & Contra’s for participating of academic
researchers in drug discovery
 Conjugating the creativity of academic researchers with the
experience of professionals in the field of drug discovery
generates extremely strong teams.
 Participation in these teams of students, PhD students and
postdocs.
 The need to shift priorities and work schedules as well as the
termination of ineffective projects.
 The need for the simultaneous preparation of diplomas and
theses, and, accordingly, the publication of results.
 Lack of experience of young researchers limit the ability to
meet tight schedules of work.
Frearson J. and Wyatt P. Expert Opin. Drug Discov., 2010, 5: 909-919.

«Патентовать нельзя публиковать»
Popular topic “Drug repositioning”

Drug repositioning based on PASS prediction
In 2001 we published predictions
of new effects for 8 medicines
from the list of Top200 Drugs [1].

Which predictions are confirmed?
(informational search, September 2014)

Sertraline

Cocain dependency treatment

+

Ref.
[2]

Amlodipine

Antineoplastic enhancer (moderate
BCRP/ABCG2 inhibitor)

+

[3]

Oxaprozin

Interleukin 1 antagonist (Inhibitor
of production of Interleukin 1β )

+

[4]

Antiarthritic

+

[5]

Ramipril

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
f lammopharmacology, 2002, 10: 85–239.
5. Shi Q. et al. Arthritis Res. Ther., 2012, 14: R223.

Nootropic effect in some antihypertensive drugs?

Name
Captopril
Enalapril
Lisinopril
Perindopril
Quinapril
Ramipril
Monopril
Piracetam
Amlodipin
Hydrochlorothiazide

Pa
(Nootropic effect), %
44,6
65,5
61,8
60,9
65,1
63,3
30,9
81,7
-

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. Pharmaceutical Chemistry Journal, 2012, 45: 605-611.

The manuscript was prepared in 2005,
but published only in 2011

The majority of pharmaceutical substances have
pleiotropic effects that may result to:
For example,
Acetaminophen

a) Treatment of certain pathologies,
due to the desirable effects.

б) Adverse/toxic effects, that may
cause some complications or even
death of patient.
Antipyretic

O

Analgesic

H3C
N

OH

NSAID
Antiosteoporotic
Antineoplastic
COX inhibitor
...

Hepatotoxic
...

Pharmacological profile of acetaminophen
O
H3C
N

OH

http://integrity.thomson-pharma.com/

A paradigm shift from the "target-centric" approach
to the analysis of regulatory networks
XX century
Disease → Target → Drug

XXI century
Multitargeted Drugs

Nature 2009, 462: 175-181.

Influence of negative feedback on pharmacological effect

Hornberg J.J. et al. BioSystems, 2006: 83, 81–90.

“Walking Pathways” (© Alexander Kel)

Groussin L. et al. J. Clin. Endocrinol. Metab., 2000, 85: 345-354.

The discovery of drugs in the era of systems biology

Iskar M. et al., Cur. Opin. Biotechnol., 2011, 23: 609-616.

We live in era of “big data”
Potential biomarkers and pharmacological targets

23 chromosomes

≈2 mln proteins
≈20-25 thousand genes

≈650 thousand PPI1

Potential reagents (“chemical probes”) and pharmacological substances

≈12-15 thousand
drug substances

≈1,5 mln biologically
active substances

1. PNAS, 2008, 105: 6959-6964.

≈60 mln commercially
available
chemical samples

2. JCIM, 2012, 53: 56-65.

≈ 166 bln
structures
generated
in silico 2

≈ 10120
theoretically
possible
structures 3

3. JCICS, 2003, 43: 374-380.

Requirements for a computer program that evaluates
biological activity profiles (spectra)
Predicts
(ideally) all known
activities

Possibility of
training with a new
data

Prediction on the basis
of structural formulae
(MOL or SDF)

User-friendly interface

Computer program PASS
Full text publications, databases, presentations at conferences etc.
Reliable data on structure and activity of drug-like molecules

PASS Training Set

MNA Descriptors

New Molecule

Training
procedure

Bayesian algorithm

SAR knowledgebase

Prediction Results
www.way2drug.com

PASS 2014 Characteristics
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]

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.

www.way2drug.com

GUSAR: General Unrestricted Structure-Activity Relationships

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

www.way2drug.com

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

HQSAR

delta Q2

CoMFA

delta R2

EVA
CoMSIA
3D Cerius2
2D Cerius2
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Filimonov D.A. et al. SAR and QSAR Environ. Res., 2009, 20: 679-709.
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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
approaches.
www.way2drug.com

PASSOnline
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.

www.way2drug.com/passonline

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

www.way2drug.com/gusar

DIGEP-Pred
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.
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.
mRNA-based training set LOO CV: 0.853

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

http://www.way2drug.com/ge

CLC-Pred
Web-service for in silico prediction of
cytotoxicity to the tumor and non-tumor celllines 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, submitted.

www.way2drug.com/Cell-line

SMP
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.

http://www.way2drug.com/SMP

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
CYP3A4
CYP2D6
CYP2C9
CYP2C19
CYP1A2
UGT
Rudik A.V. et al. Bioinformatics, 2015, 31: 2046-2048.
The study is supported by RSF grant No. 14-15-00449.

Substrate
amount
960
588
446
388
573
592

LOO CV
0.89
0.92
0.92
0.93
0.92
0.98

www.way2drug.com/SOMP

Way2Drug available online
91 country
12 949 users

Over 250 papers published citing our web-services (>50%
with the experimental confirmation; the other 50% - just
with the prediction results without experimental testing)

Computer-aided analysis of hidden potential
in traditional Indian medicine Ayurveda
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.
Contents:
(1) 50 medicinal plants;
(2) structural formulae of 1906 phytochemicals;
(3) biological activity of 288 phytochemicals.
Criteria:
(1) Ayurvedic /traditional medicinal use;
(2) adequately explored for phytochemical
analysis;
(3) unexplored for pleiotropic pharmacological
studies.

Lagunin A.A. et al. Biomedical Chemistry, 2015, 61: 286-297.
Supported by RFBR-DST grant No. 11-04-92713_IND

http://way2drug.com/plants

Examples of biological activity prediction for
phytocomponents of 50 medicinal plants from
Traditional Indian medicine Ayurveda

Additive/synergistic action of
extracts from four medicinal plants

http://ayurveda.pharmaexpert.ru

Statistics of biological activity prediction for ~ 2000
phytocomponents (coincidence with the known activity
of the species is marked in blue)

More information could be found in our joint publications

Publications with experimental confirmation
of prediction results for natural products
№

Natural product

Activity

Experimental
confirmation

1

Spirosolenol from roots of Solanum anguivi

Antiinflammatory

in vitro

2

Phytocomponents of Vitex negundo

Antioxidant, antineoplastic

in vitro

3

Phytocomponents of Ficus religiosa L.
(Moraceae)

Anticonvulsant GABA ,
Aminotransferase inhibitor

in vitro

4

Quercetin

Antiinflammatory, antibacterial

in vitro

5

Polyketides from marine-derived fungus
Ascochyta salicorniae

Protein phosphatase inhibitor

in vitro

There is dozen publications where the authors used our web-services for prediction
of the biological activity spectrum of natural products with the experimental
confirmation of the prediction results.
Lagunin A.A. et al. Nat. Prod. Rep., 2014, 31: 1585-1611.
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Integration of all web-services (I)
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Integration of all web-services (II)
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Integration of all web-services (III)
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Training set

PREDICTION

(Q)SAR Method

FALSE
FALSE
TRUE
POSITIVES
NEGATIVES
POSITIVES
Accuracy of prediction depends on both issues

Lighthouses drawing by Olga Kiseleva (IBMC)
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Study on quality of data in publicly
and commercially available databases

ABSTRACT
Large-scale databases are important sources of training sets for various QSAR modeling approaches. Generally, these databases contain
information extracted from different sources. This variety of sources can produce inconsistency in the data, defined as sometimes widely
diverging activity results for the same compound against the same target. Because such inconsistency can reduce the accuracy of
predictive models built from these data, we are addressing the question of how best to use data from publicly and commercially accessible
databases to create accurate and predictive QSAR models. We investigate the suitability of commercially and publicly available databases
to QSAR modeling of antiviral activity (HIV-1 reverse transcriptase (RT) inhibition). We present several methods for the creation of
modeling (i.e. training and test) sets from two, either commercially or freely available, databases: Thomson Reuters Integrity and ChEMBL.
We found that the typical predictivities of QSAR models obtained using these different modeling set compilation methods differ
significantly from each other. The best results were obtained using training sets compiled for compounds tested using only one method
and material (i.e., a specific type of biological assay). Compound sets aggregated by target only typically yielded poorly predictive models.

Summary
 Discovery of a new drug is a complex multi-disciplinary process that
requires the concerted work of many researchers.
 Research in this area are highly innovative, requires the use of the
cutting-edge technologies of chemistry, biomedicine and other fields of
science.
 Despite the large arsenal of existing drugs, the search for new drugs
remains high-priority task.
 In this work, there is a worthy place for professionals from the
pharmaceutical and biotechnology companies, as well as researchers
from academic institutes and universities.
 Freely-available web-resources may help to academic researchers to find
the optimal way for application of their findings.

