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Online resources (PASS Online, SuperPred, SwissTargetPrediction and DRAR�CPI) for
the prediction of biological activity of organic compounds from their structural formulas were
considered. Based on a test set of drugs approved by 2014, the accuracies of predictions were
compared. The four web resources can be arranged with respect to the quality of prediction
(sensitivity, S) as follows: SwissTargetPrediction (S = 0.37) < DRAR�CPI (S = 0.41) < Super�
Pred (S = 0.53) < PASS Online (S = 0.95). A conclusion was made that PASS Online employs
superior machine learning algorithms based on MNA descriptors and Bayessian classifier in
contrast to the similarity�based methods used in SuperPred and SwissTargetPrediction or the
molecular docking methods used in DRAR�CPI. Possible reasons for the low prediction quality
of SuperPred, SwissTargetPrediction, and DRAR�CPI are discussed and the development
perspectives of this area of computational chemistry are given.

Keywords: structure�property relationship analysis, biological activity profile prediction,
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Introduction

The number of synthesized and available organic com�
pounds currently exceeds 60 million,1 that of virtual (com�
puter generated) organic compounds being more than 166
billion.2 Theoretically, there can be an infinite number of
organic molecules, because the addition of a methyl group
to an existing molecule results in a new one.

As full member of RAS N. S. Zefirov repeatedly noted,
there are two fundamental problems in chemistry, name�
ly, to perform structural transformations (organic synthe�
sis, studies of reaction mechanisms, search for new reac�
tions and reactants, etc.) and to study the structure and
properties of matter. "The object of medicinal chemistry is
to search and create physiologically active compounds, to
find the relationships between the chemical structure and
physiological activity and, finally, to solve the inverse prob�
lem, that is, to design the desired structures with specified
properties".3

Computational methods are now widely used to search
for and to design novel physiologically active compounds
with preset properties.4 Computational chemistry meth�
ods aimed at evaluating the properties of organic com�
pounds began to develop about six decades ago.5—8 The

search queries "structure—activity relationship" or, struc�
ture—property relationship or, molecular modeling" in the
PubMed informational system give more than 200 thou�
sand references to publications. Actually, there are much
more studies in the field because many of them were car�
ried out on commercial basis in chemical, pharmaceutical
and biotechnological companies and the results obtained
are subject to IP protection.

The scientific school headed by acad. Zefirov has made
a considerable contribution to the development of com�
putational chemistry, viz., the addition of "Zefirov" to the
query mentioned above results in 53 references (this is also
incomplete data; for the full publication list see the web
site9). These studies, in particular, concern the develop�
ment of methods for the description of organic reactions
through formal logics,10 computer�aided solvation of mo�
lecular design problems,11 computer generation of struc�
tural formulas of organic compounds,12 virtual synthesis
of organic compounds based on structural fragments,13

conversion of molecular graphs to 3D structures,14 solu�
tion of the inverse analysis problem of Quantitative Struc�
ture—Activity Relationships (QSAR) and Quantitative
Structure—Property Relationships (QSPR),15 approxi�
mate calculations of electrostatic potentials for QSAR,16

application of graph theory in organic chemistry,17 for�
mation of algebraic criteria for chirality and their applica�
tion for classification of rigid molecular structures,18 ap�

* Dedicated to Academician N. S. Zefirov on the occasion of his
80th birthday.
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plication of artificial neural networks for QSAR studies,19

molecular field topology analysis for QSAR,20 generation
of molecular graphs for the "structure—property" stud�
ies,21 etc.

Recently, the group headed by N. S. Zefirov has not
only been developing computational chemistry methods,
but also applying them to solving the practical problems of
medicinal chemistry. For example, they performed mo�
lecular modelling of the interaction of various ligands with
GABA receptor,22 molecular design of o�phosphorylated
oximes of selective butyrylcholinesterase inhibitors,23 the
search for the flaviviruses reproduction inhibitors using
molecular dynamics simulations,24 the design of allosteric
modulators of metabotropic glutamate receptors,25 etc.

Among various properties of organic compouns that
can be predicted by computational chemistry methods,
biological activity occupies a particular position. Mani�
festation of certain pharmacological effects by particular
substances allows one to use their structures as the basis
for the development of novel drugs, but adverse effects and
toxicity may restrict their utilization.26 All currently regis�
tered physiologically active compounds are known to pos�
sess several (sometimes many) types of biological activi�
ty.27 Therefore, it is important to perform a complex
computational evaluation of the biological activity profile
(or spectrum) based on the structural formula of an organ�
ic compound — a "single�point (Q)SAR" (according to
N. S. Zefirov). Evaluation of biological activity on the
basis of structural formulas is very important because it
can be done for virtual (not yet synthesized) molecules,
which allows one to considerably reduce the time and
costs of synthetic studies.

Software for the prediction of biological activity profiles

The development of methods for evaluation of biologi�
cal activity profiles began in the 1970s.28,29 It was shown
that the "decision rules" for the prediction of biological
activity profiles for novel compounds can be formulated
upon analysis of "structure—activity" relationship.30,31

Our research activity in this field was initiated by the
need to solve some problems within the framework of the
USSR State System for registration of chemical com�
pounds32 because attempts to use the approaches devel�
oped by other authors had failed.26 The PASS (Prediction
of Activity Spectra for Substances) Version one software
was released in the early 1990s.33,34 It was based on the
analysis of "structure—activity" relationships for a train�
ing set including about 10 000 substances and allowed one
to predict 114 biological activity types with an average
accuracy of ~75%. We are continuosly upgrading the PASS
software and currently it is based on a training set of about
a million compounds and can predict more than 7000
types of biological activity with an average accuracy of

more than 95%.35 A detailed description of PASS, its vali�
dation, and many examples of its practical use were a
subject of a separate publication.35

Since 2000 we are maintaining the PASS Online web�
site,36—38 which allows registered users to obtain the on�
line prediction results for about 4000 biological activity
types.39. The system is currently used by 12949 research�
ers, graduate students, and students from 91 country, and
more than 500 000 structural formulas have been analyzed
(Fig. 1). Over 250 publications with experimental proofs
of computational predictions have been published (see a
review35).

The creation of online databases of physiologically ac�
tive compounds (PubChem,40 ChEMBL,41 DrugBank,42

etc.) made it possible to develop a number of internet re�
sources aimed at evaluating biological activity profiles of
organic compounds. They employ computational meth�
ods that either evaluate the similarity of the analyzed struc�
ture to the structures of the compounds from the training
set (for example, SuperPred43,44 and SwissTargetPredic�
tion45,46) or perform molecular docking of the analyzed
structure to a pre�selected set of 3D models of target pro�
teins and subsequent analysis of associations compared to
the reference set of biologicaly active compounds (for in�
stance, DRAR�CPI47,48). More detailed information on
the evaluation methods used and references to relevant
publications is available at corresponding websites.43,45,47

Evaluation of the accuracy of biological activity prediction
using different online resources

The existence of different online resources causes the
need to compare the accuracy of predictions using the
biological activity profiles. We constructed the test set on
the basis of information on the structure and biological
activity of medicinal drugs approved by the FDA in 2014.49

The total number of drugs was 41; however, computed
predictions can not be obtained for 11 of them and four
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Fig. 1. Percentage of the PASS Online users from the world
countries (12949 registered users by 01.06.2015).
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compounds are mixtures of two or more medicinal sub�
stances. Taking into account this fact, the test set includ�
ed 36 different mono�component structural formulas (see
below).

Table 1 summarizes the data on the known molecular
action mechanisms and pharmacotherapeutic applications
of these drugs.49,50 The action mechanism is unknown for

three drugs (Doxidopa, Miltefosine, Pirfenidone).46 How�
ever, it is obvious that Doxidopa exhibits an adrenergic
effect because it is a precursor of adrenaline (a prodrug).
As to the other two drugs, the Integrity database contains
information that Miltefosine is an angiogenesis inhibitor
(it is not clear whether this is related to its antileishmanial
effect), while Pirfenidone inhibits transforming growth fac�

Dapagliflozin Tasimelteon

Droxidopa

Florbetaben�F18

Apremilast

Ceritinib

Vorapaxar

Dalbavancin
Efinaconazole

Miltefozin
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tor beta and the production of tumor necrosis factor (these
mechanisms may be related to therapy of idiopathic pul�
monary fibrosis). For some drugs (Efinaconazole, Tedi�
zolid, Tavaborole, Ceftolozane), only data on the chemi�
cal classes of antimicrobial drugs are available,46 while the
data on their mechanisms of action we retrieved from the
Integrity database. Data presented in Table 1 demonstrate
the variety of chemical structures and biological activity
types for the compounds of the test set, thus indicating a
good representativity of this set. Since our research was
aimed to evaluate the quality of prediction, whether the
compounds from the test set were or were not included in
the training sets of the online resources studied was nones�

sential — all of them were tested under identical condi�
tions. Moreover, we showed earlier51 that exclusion of
equivalent structures from the training set of the PASS
software does not significantly influence the quality of
prediction.

Input of the structural formulas in order to get the
predictions was performed in the format of the MOL files
(PASS Online), SMILES notation (SuperPred and
SwissTargetPrediction), and MOL2 files (DRAR�CPI).52

Conversion from the MOL format to other formats was
made by the MarvinSketch software.53

The computed predictions of biological activity of
36 molecules from the test set and comparison with the

Tedizolid Belinostat Tavaborole

Idelalisib Olodaterol Empagliflozin

Orivatancin

Eliglustat

Suvorexant

Lumason
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experimental data are given in Table 1. Possible predicted
actitity types were chosen based on the default criteria
used by the particular websites.

An analysis of the data in Table 1 shows that for PASS
Online the number of prediction rejections was 3 of 36.
Since the drug Lumason contains less than 3 carbon at�
oms, while Dalbavancin and Orivatancin have a molecu�
lar weight exceeding 1250, both cases are treated by the
PASS system as exceptions going beyond the applicability

range determined by the training set. The DRAR�CPI
system rejected a prediction for two drugs — Dablavancin
and Orivatancin, because the size of the corresponding
MOL2 files exceeded 12 KB (this limitation was stated on
the website). The SwissTargetPrediction system rejected a
prediction only for Lumason.

Below we compare the output data for the PASS On�
line, SuperPred, SwissProt and DRAR�CPI online re�
sources taking Tasimelteon as an example, because all

Naloxegol Netupitant Palonosetron

Ledipasvir

Sobosbuvir Pirfenidone

Nintedanib

Finafloxacin

Olaparib
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four prediction systems gave proper evaluation of the
known activitiy types.

The PASS Online gives the result of prediction in the
form of a table (Table 2) containing the possible actitity
types with the corresponding probabilities of activity (Ра)
and inactivity (Pi).

As can be seen, the mechanism of action of this drug is
melatonin receptor agonist, which is predicted with Pa in
the range of 0.618—0.686, while its application for treat�
ment of sleep�awakening disorders, is predicted with Pa =
= 0.307. By default, all activity types with Pa > Pi are
considered possible in the PASS system.

The SuperPred resource43,44 performs the prediction
in two modes, drug classification and target prediction. In
the first mode, Tasimelteon was predicted with a proba�
bility of 70.59% (similarity by the Tanimoto coefficient52

is 0.44) to be a melatonin receptor agonist (N05CH) by

the ATC drug classification. The second mode predicted
two targets, namely, melatonin receptor 1B (E�value:
1.972•102) and melatonin receptor 1A (E�value:
2.712•102). Therefore, both the molecular target and the
pharmacotherapeutic application for this drug were pre�
dicted correctly.

The SwissTargetPrediction system45,46 evaluates only
the interaction of a particular structure with molecular
targets. Along with the target name it gives its identifiers
in the UniProt and ChEMBL databases, the probability of
assignment of the compound to the particular target, and
the number of similar compounds having the same target
(based on the 2D and 3D analyses). The targets (83.3%)
for Tasimelteon are melatonin receptor 1A, melatonin
receptor 1B, melatonin receptor (by homology). It should
be noted that in all three cases there are 450 and
147 similar compounds according to the 2D and 3D analy�

Ombitasvir Paritaprevir

Dazabuvir Ritonavir

Ceftozolan

Tazobaktam Peramivir
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Table 1. Comparison of the biological activity profile prediction accuracy for the test compounds set by different online web resources

Drug name Action mechanism Pharmacotherapeutic effect Prediction accuracy (mechanism/effect)
(application area)

PASS Super� Swiss� DRAR
Online Pred Target* CPI

Dapagliflozin Sodium glucose 2nd type Second type diabetes +/+ +/+ + –/+
cotransporter inhibitor

Tasimelteon Melatonin receptor agonist Sleep�awakening disorders +/+ +/+ + +/+
Droxidopa Synthetic amino acid Precollaptoid state +/+ +/– – +/+

noradrenalin precursor of patients with neurogenic
orthostatic hypotension

Florbetaben�F18 Radioactive diagnostic Brain studies for evaluation –/– –/– – –/–
agent of beta�amyloid

hemolyth density
Miltefozin Angiogenesis inhibitor Leishmaniosis +/+ –/– – –/–
Apremilast Phosphodiseterase 4 inhibitor Psoriatic arthritis and +/+ –/– – +/+

psoriatic plaque
Ceritinib Inhibitor of ALK kinase, ALK�positive +/+ +/– + +/+

insulin�like growth factor 1 receptors, metastatic
insulin receptors parvicellular lung
and protooncogenic cancer
tyrosin kinase ROS

Vorapaxar Protease�activated receptors 1 Thrombotic cardiovascular +/+ +/– + –/+
antagonist complications

Dalbavancin Semisynthetic Acute bacterial NP –/+ – NP
lypoglicopeptide skin infections

Efinaconazole Sterol�14� Onychomicosis of feet nails +/+ +/+ – –/+
alfa�demethylase inhibitor

Tedizolid Antibacterial agent of the Acute bacterial +/+ –/+ – –/+
oxazolidinone class, protein skin infections
biosynthesis inhibitor

Belinostat Hystone deacytilase Peripheral +/+ +/+ + –/+
inhibitor T�cell lymphoma

Tavaborole Antimycotic of the oxaborole class, Onychomicosis of +/+ –/– – –/+
leycyl tRNA syntase inhibitor feet nails

Idelalisib Phosphoinosytyl� Chronic lymphocytic leukimia, +/+ +/– + +/+
3�OH kinase inhibitor B�cell non�Hodgkin´s lymphoma,

small lymphocytic lymphoma
Olodaterol Beta�2 adrenoreceptor prolonged Chronic obstructive +/+ +/+ – –/+

agonist lung disease
Empagliflozin Sodium glucose 2nd type Second type diabetes +/+ +/+ + –/+

cotransporter inhibitor
Orivatancin Semicynthetic Acute bacterial NP –/+ – NP

lypoglicopeptide skin infections
Suvorexant Orexine receptor antagonist Insomnia +/+ +/– + –/–
Eliglustat Glucosylceramide synthase Gaucher disease +/+ +/+ + –/+

inhibitor
Naloxegol Opiod receptor antagonist Opioid�induced +/+ +/+ + –/–

ileus
Lumason Ultrasound contrast agent Cardiovascular NP +/+ NP –/–

ultrasound studies
Netupitant Neurokinyne receptor NK1 Antiemetic +/+ +/– – –/+

antagonist
Palonosetron 5�HT(3) receptor antagonist Prevention of induced nausea +/+ +/+ + –/+

and vomitting
Ledipasvir Viral hepatitis C protein NS5A Viral hepatitis C +/+ –/– – –/–

inhibitor
Sobosbuvir RNA�dependent RNA polymerase Viral hepatitis C +/+ –/– – –/–

(NS5B) inhibitor
Pirfenidone Beta tumor growth factor Idiopathic pulmonary +/+ –/– – +/–

and tumor necrosis factor inhibitor fibrosis

(to be continued)
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ses, respectively. With a lower probability (60%)
NADH�dehydrogenase 1 (by homology) is identified as the
target, as well as ribosylnicotinamide dehydrogenase etc.

The DRAR�CPI resouce47,48 evaluates the association
of the analyzed molecule with the possible pharmacother�
apeutic effects by computing its interaction with a set of
target proteins by the molecular docking methods. The
reference set includes 254 ligands that interact with
385 targets. The evaluation is given as real numbers from
�1 to +1 and represents the consistency/inconsistency of
the reference interaction profiles with the interaction pro�
file of the analyzed molecule. The Kolmogorov�Smirnov
statistical analysis is used to calculate the «p�values» which
range from 0 to 1 (the lower the «p�value» the higher the
probability for association to exist). The results of Tasim�
elteon evaluation are given in Table 3.

Table 1 (continued)

Drug name Action mechanism Pharmacotherapeutic effect Prediction accuracy (mechanism/effect)
(application area)

PASS Super� Swiss� DRAR
Online Pred Target* CPI

Nintedanib Kinase (PDGFR, Idiopathic pulmonary +/– +/– + +/–
FGFR, VEGFR, and FLT3) inhibitor fibrosis

Finafloxacin Fluoroquinolone type antimicrobial Acute external otitis +/+ +/+ – –/–
(swimmer´s ear)

Olaparib poly�ADP ribosepolymerase BRCA�mutant ovary +/+ +/– – +/+
inhibitor cancer

Ombitasvir NS5A protein inhibitor Viral hepatitis C +/+ –/– – –/–
Paritaprevir NS3 protease inhibitor Viral hepatitis C +/+ –/– – –/–
Dazabuvir RNA�depentent RNA polymerase Viral hepatitis C +/+ –/– – –/–

(NS5B) inhibitor
Ritonavir HIV protease inhibitor HIV infection +/+ +/– – +/+
Ceftozolan Antibacterial, bacterial cell wall Complicated intraabdominal +/+ +/+ – –/–

synthesis inhibitor infections and complicated
urinary tract infections

Tazobaktam Beta�lactamase inhibitor Complicated intraabdominal +/+ +/+ – –/–
infections and complicated
urinary tract infections

Peramivir Neuraminidase inhibitor Flu +/+ –/– – –/–

* SwissTargetPrediction predicts only the interaction with molecular targets.
NP — not predicted; «+» — prediction conforms to the experiment; «–» — prediction does not agree with the experiment.

Table 2. Prediction results of Tasimelteon drug bio�
logical activity by PASS Online resource

Pa Pi Activity name

0.707 0.011 Neurotransmitter uptake inhibitor
0.686 0.001 Melatonin receptor МТ1 agonist
0.674 0.000 Melatonin receptor МТ2 agonist
0.618 0.001 Melatonin receptor agonist
0.571 0.021 Trombocyte adhesion inhibitor

...
0.307 0.011 Sleep disorder treatment
0.303 0.009 Serotonin uptake inhibitor

Since the evaluations made for Tasimelteon by the
DRAR�CPI system show an association with Ramelteon
which is a melatonin receptor agonist used to treat sleep
disorders, we concluded the prediction to agree with the
experimental data.

A comparison of the evaluations given by all four on�
line resources are given in Table 1, which demonstrates
that the PASS Online system gives a correct prediction of
the action mechanisms for 32 and 31 compounds of 33,
respectively. Predicions made by the SuperPred system for
the action mechanisms were correct for 22 of 36 test com�
pounds, while the effect predictions were correct in
16 cases. The SwissTargetPrediction resource correctly
evaluates the mechanisms for 13 compounds out of 35,
while the DRAR�CPI system predicted correct mecha�
nisms in 9 cases and correct effects in 19 cases out of 34.

Since the information on the biological activity of the
test set compounds is presented in terms of the major
pharmacotherapeutic effect and the molecular action
mechanism and we have no screening data for these drugs
for other activity types, the only attribute for the averaged
quality assessment is "sensitivity":

S = TP/NA,

where TP is the number of correctly predicted activity
types and NA is the number of the known activity types.

Thus, the prediction quality for the test set analyzed is as
folliws: SwissTargetPrediction (S = 0.37) < DRAR�CPI
(S = 0.41) < SuperPred (S = 0.53) < PASS Online (S = 0.95).
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Conclusion

We reviewed a number of free online resouces for the
prediction of biological activity profiles of organic com�
pounds from their structural formulas. The accuracy of
computer predictions depends both on the quality of the
training set and on the evaluation criteria. Obviously, the
training sets used by the four online resources studied are
significantly different from one another.

At the same time, if there existed a perfect training set
containing information about all the known biologically
active compounds (in our case, about all medicinal drugs),
the methods based on similarity should recognize the struc�
tures of the known drugs. An example is provided in this
study, namely, a contrast agent for ultrasonic studies was
correctly identified by the SuperPred system as belonging
to the "Ultrasound contrast agent" (V08DA) category of
the ATC classification. The PASS Online and SwissTar�
getPrediction systems gave no biological activity predic�
tions in this case, because the substance was out of the
applicability domain, while the DRAR�CPI resource gave
an incorrect prediction. Therefore, our results indicate that
the training sets of SwissTargetPrediction and SuperPred
are far from being perfect. However, it is known that the
similarity methods of evaluation of biological activity do
not possess high predictive power.54

Seemingly, low prediction quality for the compounds
of the test set given by the DRAR�CPI system can be
explained by the limitations of the docking procedures
(the difference of the 3D structure of the target protein in
crystal and in solution, errors in binding energies evalua�
tion) and by the imperfection of the training set (small
number of the reference ligands and target proteins). It
should be noted that molecular docking methods are time�
consuming (prediction for a single molecule performed by
PASS Online, SuperPred, or SwissTargetPrediction takes
less than a minute, while DRAR�CPI needs several hours).

Based on the accuracy comparison performed in this
study, a conclusion can be made that the PASS Online
system uses superior machine learning methods, based on
the MNA descriptors and Bayessian classifier in compari�
son to the similarity�based methods used in SuperPred
and SwissTargetPrediction or molecular docking employed
by DRAR�CPI. However, the training set and functional�
ity of the PASS Online resource still require further devel�
opment because new data on physiologically active com�
pounds are obtained continuosly and the user demands to
web resources tend to grow.

As new online resources for the prediction of biological
activity and properties of organic compounds appear,55—59

the question of integration arises, because the results ob�
tained from multiple sources can be used to achieve higher
prediction quality and extended functionality, which would
be appreciated first of all by the academic researchers in�
volved in the search and development of novel medicinal
drugs.60,61

This work was financially supported by the Funda�
mental Research Program for 2013—2020 of the Russian
Academy of Sciences.
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