
Computer-Aided Approaches 
to Virtual Screening and Rational 
Design of  Multitargeted Drugs  

Vladimir Poroikov

Department for Bioinformatics, 
Institute of Biomedical Chemistry of Rus. Acad. Med. Sci., 

Pogodinskaya Street, 10, Moscow, 119121, Russia
E-mail: vladimir.poroikov@ibmc.msk.ru

http://www.ibmc.msk.ru



Outline
• Biological activity: many faces of the entity
• Identification of the most promising targets

- Net2Drug
• Identification of the most promising lead compounds

- PASS
- PharmaExpert
- GUSAR 

• Examples of applications
• Summary   



Due to biological 

activity, chemical 

compound may be 

used as a medicine 

for treatment       

of certain disease. 

Due to biological 

activity, chemical 

compound may 

cause adverse    

or toxic effects    

in human.



Depending on the Dose and Route of Administration, 
the Substance May Be either Drug or Poison  



Beginning of XX Century: “Magic bullet” concept

During the XX century 
the dominant 
paradigm in creation 
of new drugs was 
based on suggestion 
about selectivity of 
action on a certain 
molecular target that 
should lead to the 
normalization of 
pathological process.

Paul Ehrlich (14 March 1854 – 20 August 
1915) was a German scientist in the fields of 
hematology, immunology, and chemotherapy, 
and Nobel laureate. He is noted for curing 
syphilis and for his research in autoimmunity, 
calling it "horror autotoxicus". He coined the 
term chemotherapy and popularized the 
concept of a magic bullet.



Beginning of XXI Century: Multitargeting Reality

For example, “… popular statins, prescribed to 
decrease pathologically elevated cholesterol levels, 
interfere with cholesterol biosynthesis at the C5 level 
(hydroxymethyl glutarate), and therefore interfere 
with the biosynthesis of farnesyl residues, cholic 
acids, sexual hormones and corticosteroids; it is 
really surprising that these drugs do not produce 
more severe side effects. Olanzapine, a successful 
neuroleptic and one of the top-selling drugs, acts as 
a highly unspecific, nanomolar antagonist of at least 
ten different neurotransmitter receptors.      

Kubinyi H. Nat. Rev. Drug Discov., 2003, 2: 665.



Pharmacological  targets  of  Olanzapine (IC50<10-7)

Source: Thomson Reuters Integrity



Structure Biological Activity Drug/Chemical

Examples of Adverse and Toxic Effects 
Due to the Multitargeted Drug Action
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If some positive outcomes could 

be found in the multitargeted 

drugs action? 



Needs for Multi-Targeted (Anticancer) Agents

Ø In order to optimize the efficacy of single target
therapy, we should be able to identify in each patient
the oncogene to which the tumor is addicted, if any,
but this is at present unrealistic.

Ø In many tumors, cross-talks between different
signalling networks have been identified and
inhibition of a single pathway might not be sufficient
to hamper tumor progression.

Ø Almost invariably patients treated with single target
agents acquire pharmacological resistance and
undergo relapse, often due to the activation of
alternative signalling pathways.

Petrelli A. et al. Cur. Med. Chem., 2006, 15, 422.



Simple Case of Negative Feedback

Hornberg J.J. et al. BioSystems 83 (2006) 81–90.





“In conclusion, the 
preparation of dual- or 
multiple-ligands on an 
almost rational basis is now 
conceivable and it can be 
expected that many of these
molecules will yield drugs of 
superior clinical value 
compared with monotarget 
formulations”.

Multitargeted Drugs: The End of The 
“One-Target-One Disease Philosophy?”

Wermuth C. Drug Disc. Today, 2004, 9.
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How Many Drug Targets are There?
(Overington J.P et al. Nat. Rev. Drug Discov., 2006, 5: 993-996)



Dichotomic Modeling of Regulatory Networks 
in NetFlowEx program
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Koborova O.N. et al. SAR and QSAR Environ. Res., 2009, 20, 755.



ü HER2/neu-positive 
breast carcinomas.

ü Ductal carcinoma.
ü Invasive ductal 

carcinoma and/or a 
nodal metastasis.

ü Generalized breast 
cancer.

Input Data for Breast Cancer Modeling 
Microarray data for 

breast cancer
Cyclonet database

http://cyclonet.biouml.org

Regulatory network
TRANSPATH® database

Fragment: 2336 edges and 1405 nodes



Simulation of normal cell processes
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Simulation of pathological processes

Generalized breast  cancer
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Identified drug targets
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Cytochrome C

BCL-2

N/A N/A
RAF-1, GRB-2,

PKC, RACK1

Alpha5 Beta1 Fibronectin

receptor, Fibronectin

Caspase-3

MKK4, PI3K, MKK6, P38ALPHA, CRKL, HPK1

N/A N/A

VEGF-A,

VEGFR-2,

HIF-1ALPHA

N/A



No Number of 
compounds

Activity type Activity type Activity type

1 4 Bcl2 antagonist Cyclin-dependent kinase 2 
inhibitor

2 10 Bcl2 antagonist Myc inhibitor

3 10 Bcl2 antagonist Phosphatidylinositol 3-kinase 
beta inhibitor

4 3 Cyclin-dependent 
kinase 2 inhibitor

Myc inhibitor

5 7 Hypoxia inducible 
factor 1 alpha inhibitor

Myc inhibitor

6 10 Hypoxia inducible 
factor 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 
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PASS: Prediction of Activity Spectra for Substances
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The key persons in PASS development 



PASS Approach is Described in Detail:

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 Chemical Journal, 50 (2), 66-75.

Poroikov V., Filimonov D. (2005). PASS: Prediction of 
Biological Activity Spectra for Substances. In: 
Predictive Toxicology. Ed. by Christoph Helma. 
N.Y.: Taylor & Fransis, 459-478.

http://pharmaexpert.ru/passonline
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Structure of new compound

Estimating the probability that it has a 
particular  biological activity   

Predicted biological 
activity spectrum

How PASS Predicts Biological Activity Spectrum?

Pa Pi Action:
0.853 0.020 Anxiolytic
0.694 0.035 Sedative



Structural Formula of Acetylsalicylate



MOL File of Acetylsalicylate



MNA Descriptors of Acetylsalicylate



Biological Activity Predicted for Acetylsalicylate



Online Biological Activity Prediction with PASS

http://pharmaexpert.ru/passonline



Input of the Structural Formula (Clopidogrel)



Results of Prediction for Clopidogrel
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Over Forty Publications with Independent 
Confirmation of PASS INet Predictions

For review see: Geronikaki A. et al. SAR & QSAR Environ. Res., 2008, 19, 27.



PharmaExpert: Selection of Multitargeted Ligands



GUSAR: General Unrestricted Structure-
Activity Relationships

Filimonov D.A., et al. (2009). SAR and QSAR Environ. Res., 20 (7-8), 679-709.



http://pharmaexpert.ru/gusar

Multitargeted QSAR
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Finding of New Antihypertensive Agents 
with Dual Mechanisms of Action

About 30 mechanism of antihypertensive action 
was available in PASS in 2001.   
Prediction of Biological Activity Spectra were 
performed for ~180,000 compounds from
ChemBridge и AsInEx databases. 
Compounds with predicted dual mechanisms of 
antihypertensive action were identified. 
Four selected compounds were tested in vitro as 
inhibitors of ACE and NEP.
Some unknown combinations of the 
antihypertensive mechanisms were found.  

Lagunin A.A. et al. J. Med. Chem., 2003, 46, 3326.
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All four studied compounds were shown to be the inhibitors 
of both ACE and NEP with IC50 in range 10-7 - 10-9 М.

Lagunin A.A. et al. J. Med. Chem., 2003, 46, 3326.



ChemNavigator Library: The Biggest 
Source of Commercially Available Samples



Finding of Multitargeted Anticancer 
Agents in ChemNavigator Library

PASS prediction of selected anticancer activities were 
executed for 24 mln chemical compounds from 
ChemNavigator  library (http://chemnavigator.com).

About 335,000 chemical compounds were identified as 
probable anticancer hits at cutoff Pa > 50%. 

Hits for 23 double and 4 triple combinations of targets 
with Pa>50% were found (~6,500 compounds).

Sixteen GUSAR models were applied for identification of 
probable mechanisms of action.

Net2Drug program was used for the analysis of double and 
triple nodes’ blockade influence on the network behavior.

64 chemical compounds were selected on the basis of 
PASS predictions; 26 samples were purchased for 
anticancer testing in Karolinska Institute (Sweden).



Out of 16 soluble compounds only one (Molecule I, CPI) 
showed growth suppression in 3 different breast cancer cell 
lines - at 10 uM. Quite good killing of breast cancer cells, but 
still 1 uM RITA was much better (it was used in parallel as a 
positive control). The effect appears to be p53-independent 
(kills p53-null colon cancer cells) and it does not affect the 
growth of non-transformed mammary epithelial cells.

One more compound  (Molecule II)  could be interesting -
but not in breast cancer. Out of panel of 7 different cancer 
lines it killed only melanoma cells. It kills only melanoma 
cells without any effects in other cell lines.

Results of Biological Testing in Cancer Cell Lines

Galina Selivanova, Karolinska Institute, Sweden



Synergistic effect was observed between CPI and Rita 
in several breast cancer cell lines, but not in non-

transformed mammary epithelial cell line

Galina Selivanova, Karolinska Institute, Sweden



Molecular mechanisms of Rita action and potential 
target proteins for a complementary compound  

PI3-kinase
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Chemogenomics: Chemical Space (Estimated)

H. Kubinyi, 2004



For each atom in a molecule all MNA 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.

Influence of Individual Atoms on a Particular Activity



Antibacterial Activity

Example: sulfathiazole has antibacterial activity, 
and also it is a weak antagonist of ETA receptors 

ETA Receptor Antagonist
PASS PREDICTIONS



Wermuth C. J. Med. Chem., 2004, 47, 1303-1314.

The fragment of sulfathiazole 
identified by PASS as having 
“positive” influence on   ETA

antagonistic activity:
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From Sulfathiazole to Potent ETA Antagonist  



Afternoon session, 16:00-16:15

Olga Filz, IBMC 
In silico fragment-based design of novel 

anti-inflammatory agents



Summary
1. Multi-targeted agents may have advantages 

comparing to the ligands acting on a single target.
2. The most prospective targets and their combinations 

can be identified by different simulations of 
processes in regulatory pathways. 

3. Compounds that likely have the targeted activities 
can be found by virtual screening in the databases of 
available samples.

4. In silico fragment-based design may be another 
prospective way of finding multitargeted ligands.
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