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The combination of molecular electrostatic potential (MEP) surface properties (autocorrelation
vectors) with the conventional partial least squares (PLS) analysis has been used for the
prediction of the human Aj; receptor antagonist activities. Three-hundred-fifty-eight structurally
diverse human Aj receptor antagonists have been utilized to generate a novel ligand-based
three-dimensional structure—activity relationship. Remarkably, our chemical library includes
all 21 important chemical classes of human A; antagonists currently discovered, and it
represents the largest molecular collection used to generate a general human Aj; antagonist
structure—activity relationship. A robust quantitative model has been obtained as described
by both cross-validated correlation coefficient (r, = 0.81) and prediction capability (rpeqa = 0.82).
The proposed MEP/PLS approach can be considered as an alternative hit identification tool in

virtual screening applications.

Introduction

In recent years, we deeply investigated the molecular
pharmacology of adenosine receptors and, in particular,
the human Ajs adenosine receptor by using an interdis-
ciplinary approach to speed the discovery and structural
refinement of new potent and selective As receptor
antagonists.»? Briefly, A3 adenosine receptors (AsRs)
belong to the adenosine receptor (AR) family of G-
protein-coupled receptors (GPCRs), which consists of
four distinct subtypes: Aji, Aga, Agp, and As. ARs are
ubiquitously expressed in the human body.!? The hu-
man AR (h_A3sR), which is the most recently identified
adenosine receptor, is implicated in a variety of impor-
tant physiopathological processes.!:2

Adenosine receptor antagonists, including As-selective
compounds, have been extensively reviewed in previous
articles.!™* From a chemical point of view, all known
As receptor antagonists can be subdivided into two
major groups: (a) purines and structurally related
compounds and (b) nonpurine compounds.* Considering
the “nonpurine derivatives” class, a variety of different
heterocyclic nuclei have been identified as potential Ag
adenosine antagonists that can be classified into six
major chemical classes: (i) flavonoids, (ii) 1,4-dihydro-
pyridines and pyridines, (iii) triazoloquinazolines, (iv)
isoquinoline and quinazolines, (v) pyrazolotriazolopyri-
midines, and (vi) several other minor classes. Even if
several structure—activity relationships (SARs) have
been published on a specific class of human Ag antag-
onists,>”7 a convincing and general quantitative SAR
(QSAR) model is still missing. Consequently, the ab-
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sence of a robust QSAR model drastically limits the
application of all ligand-based virtual screening ap-
proaches.

Nowadays, the comparative molecular field analysis
(CoMFA) methodology is the best known 3D quantita-
tive structure—activity relationship (3D-QSAR) tech-
nique that ultimately allows us to design and predict
activities of molecules.® Typically, a database of mol-
ecules with known properties, the training set, is
suitably aligned in 3D space according to various
methodologies. Superimposition is one of the most
crucial steps in CoMFA, and it is based on several
techniques including those that maximize the steric
overlap, those based on crystallographic data, those
based on pharmacophore theory, those employing a
steric and electrostatic alignment algorithm, those
based on automated field fit methods, and those utiliz-
ing pharmacophore mapping programs.® Once one has
chosen the alignment, charges are calculated for each
molecule at an appropriate level of theory. Steric and
electrostatic fields are consequently derived for each
molecule by the interaction with a probe atom on a
series of grid points surrounding the aligned database
in 3D space.® These field energy terms are then cor-
related with a property of interest by the use of partial
least squares (PLS) with cross-validation, giving a
measure of the predictive power of the model. By the
very nature of the technique, the most crucial step in
this 3D approach is the relative orientation of the test
molecules in space.® That is, the chosen alignment of
the compounds in the training set will have the most
profound impact on the predictive ability of the model.
We have already noted the plethora of available meth-
ods for structural superimposition. We have recently
reported that the combination of a target-based
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Scheme 1. Structure Classification of All Analyzed Human A3 Antagonists

0 o RT O fRe o ] O R4 O
R1 R1 R3 OR
o R2 0o R,trans ° o R2 R2 H Re R2 N/ R6
[1-14,22-24]"0" [15-18]"° [19-21]" [25,28-39]213 [26,27,40-86]6:12-14
_R R SN

© [89-124] 1516

R8
f bR
N)IN>_
—R2
O)\r\‘l N

[125-128]"7

.

N )\FN\
N%Nw (Nj/N\(N@R
\N o

/

[129-233]° [234-252]"

2
X \N
R3 H N
N—\ /
R2 N X
o
7
R1 R N N ©

[253-256,258-262]"® [257]"® [262,263,267,
270-274]"° [264-266]"°
R [268-269]°
NH v 0 R
p X/S‘\{\J N7 N AN =N R ™
x \ [ > AT Y
o & oSS
CZHS
HNYO HJKQ\
R OMe Y R1 1
[275,276,228-297]*' [2771% [298-320]22 [321-331]2  [332-337]% [338-358]

approach, such as high-throughput docking with a
quantitative ligand-based methodology such as CoMFA,
can improve the capability of discovering new potent
and selective human Aj; antagonists.” However, the
superimposition of chemically diverse classes of com-
pounds, as well as the superimposition of large chemical
libraries, can drastically limit the use of CoMFA analy-
sis in all virtual screening applications.

Interestingly, we have recently demonstrated that the
application of molecular electrostatic potential (MEP)
autocorrelation vectors in tandem with the conventional
multivariate PLS analysis approach can be considered
a possible alternative strategy to the conventional
CoMFA analysis.? The peculiarity of this approach is
the introduction of autocorrelation vectors as molecular
descriptors for the PLS analysis. In particular, the
autocorrelation allows the comparison of molecules (and
their properties) with different structures and with
different spatial orientation without any previous align-
ment.?

In the present paper the combination of molecular
electrostatic potential (MEP) surface properties with the
conventional partial least squares (PLS) analysis has
been used for the prediction of the human As receptor
antagonist activities. Three-hundred-fifty-eight struc-
turally diverse human As receptor antagonists have
been used to generate a new ligand-based 3D-QSAR.
Remarkably, our chemical library includes all 21 im-
portant chemical classes of human Az antagonists
discovered at present, and it currently represents the

largest molecular collection used to generate a quan-
titative model for the human Az antagonists (see
Scheme 1).

Results and Discussion

Virtual screening of chemical databases is now a well-
established method for finding new hit candidates in
the drug discovery process. In the present paper, we
have developed an integrated approach incorporating
the combination of molecular electrostatic potential
(MEP) surface properties with the conventional partial
least squares (PLS) analysis with the crucial aim of
employing a rigorously validated QSAR model for a
possible application of virtual screening of available
chemical databases for new compounds with high
predicted activity.

Gasteiger and collaborators investigated the MEP on
a molecular surface as being a particularly useful
method for rationalizing the interactions between mol-
ecules and molecular recognition processes.?° Indeed,
values and spatial distribution of MEP might strongly
influence the binding of a ligand to its active site.
Obviously, MEP’s property values, as well as other
molecular properties, strongly depend on the spatial
orientation of the different molecules. Therefore, it is
not possible to compare MEP properties of a set of
compounds without a previous alignment. As already
anticipated, when the compounds in a series are rather
similar to one another, it is easy to find a set of
hypothetical anchor points and attempt a superimposi-
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Figure 1. Flowchart describing our combined MEP/PLS QSAR approach.

tion. When the compounds are not so similar, the
superimposition is not obvious. The introduction of the
autocorrelation vector allows us to overcome this incon-
venience, making the MEP information invariant to the
spatial rotation and translation of molecules.3%:31 In fact,
autocorrelation vector descriptors represent a chemical
structure with a vector of fixed length independent of
the size of the molecule. Since only internal coordinates
(topological or spatial distances of atom pairs or pairs
of points on the molecular surface) are taken into
account, the resulting descriptors are also independent
of the orientation of the molecules in space (translation
and rotation invariant). Therefore, no preprocessing
alignment of the molecules in a data set is necessary.3%:31
Consequently, we consider this strategy to be very
promising for screening very large chemical libraries
and to speed the identification of new hit compounds.
Even if autocorrelation is potentially useful in medicinal
chemistry and, in particular, in developing QSAR
models, nowadays only few interesting studies have
been reported.31-37

The flowchart of our combined MEP and PLS ap-
proach is described in Figure 1. As anticipated, 358
structurally diverse human Aj receptor antagonists,
including all 21 important chemical classes of human
As antagonists currently discovered, have been utilized
to generate our MEP/PLS QSAR. A robust quantitative
model has been obtained as described by the cross-
validated correlation coefficient (r., = 0.81, Table 1,
Figure 2). To obtain statistical confidence limits, the
non-cross-validated analysis was repeated with 10
bootstrap groups, which yielded an r of 0.81 (optimum
number of components was 6) and a standard deviation

Table 1. Human A3 MEP/PLS Model: Summary of the
Statistic

number of molecules 358
principal components 6

r 0.82
Tev @ 0.81
s © 0.81
slope 0.68
offset -0.61
RMSECe 0.76
RMSEP,¢ 0.79
SECe 0.77
SEPy 0.79
bias? 537e8

@ Cross-validated r? after leave-one-out procedure: r., = [(SD
- PRESS)/SD] 1/2, SD = (Yactual - ifmean)2 and PRESS = Z(Ypredicted
— Yactual). ® rbs after bootstrapping. ¢ Root-mean-square error of
calibration: RMSEC. ¢ Root-mean-square error of prediction after
bootstrapping: RMSEPy,. ¢ Standard error of calibration: SEC.
' Standard error of prediction after bootstrapping: SEP}s. & Sys-
tematic difference between predicted and observed values: bias.
For further explanation of these mathematical terms, see ref 45.

of 0.022. Consistently, a high bootstrapped r value and
a small standard deviation suggest a high degree of
confidence in the analysis. The bootstrapping method
determines the confidence level of a predicted value
when a small number of data points are present. An
example would be a cross-validation study where the
number of points in the training set should be large.
This leaves a number of data points in the test set
insufficient to generate a confidence level of the ac-
curacy. Instead of using a single set of N data points,
the bootstrap method creates a very large number of
sets by randomly choosing N members of the set of data
points (which obviously means that a single data point
may be present more than once in a particular set of
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Scheme 2. Structure Classification of the Human A3 Antagonists Used as Test Set
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data). This result was unexpected considering both the
high level of chemical diversity among the analyzed
antagonists and the absence of any molecular alignment
procedure (essential and crucial step of the CoMFA
methodology).

To validate the obtained MEP/PLS model, we have
selected 40 human As receptor antagonists (not included
in the original training set) with a different spectrum
of structure and affinity (test set, shown in Scheme 2).
The selected test set was used to evaluate the predictive
power of our MEP/PLS model. As in the calibration step,
a similar good predictive ability was obtained (rpreq =
0.82) (Table 2). The predicted pK; were very closed to
the experimental values, as shown in Figure 3. Indeed,
this is a convincing evidence that the autocorrelated
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Figure 2. Experimental vs predicted pK; values obtained by
using our combined MEP/PLS QSAR approach.

Table 2. Human A3 MEP/PLS Model: Validation Protocol

number of compounds 40
T'pred ¢ 0.82
slope 0.57
offset -0.92
RMSEP? 0.76
SEP¢ 0.75
bias? 0.17

@ The “predictive” rpreq Was based only on molecules not included
in the training set and is defined as explained in ref 34. ® Root-
mean-square error of prediction: RMSEP. ¢ Standard error of
prediction: SEP. ¢ Systematic difference between predicted and
observed values: bias.
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Figure 3. Comparison of experimental pK; values () with
those predicted by MEP/PLS QSAR model (®).

MEP/PLS model is a robust and efficient alternative tool
to generate a 3D-QSAR model.

Interestingly our combined MEP/PLS model is able
to efficiently discriminate between active and inactive
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Figure 4. Flowchart describing our combined MEP/PLS
QSAR approach in virtual screening applications.

compounds, and this aspect can positively influence its
usefulness in virtual screening applications. Considering
the peculiarities of our combined MEP/PLS approach,
we consider this method to be particularly useful for the
hit identification process rather than for lead optimiza-
tion. In fact, the transformation of MEP surfaces into
autocorrelation vectors produces a unique fingerprint
of each molecule under consideration. Each fingerprint
can be used as input for our combined MEP/PLS model,
providing the predicted activity as output. This ap-
proach can be considered very useful for a large molec-
ular database screening. Indeed, we are running an
intense virtual screening program to validate the real
capability of our MEP/PLS model to discover new
chemically diverse As antagonists using large (available
or virtual) chemical libraries (see Figure 4).

Conclusion

In conclusion, for the first time we have proposed a
very general 3D-QSAR model able to rationalize the
activity of all known chemical classes of human Ag
adenosine antagonists. We have developed an integrated
approach, incorporating the combination of MEP surface
properties with conventional PLS analysis to employ a
rigorously validated 3D-QSAR model. We are now
testing it in possible applications of virtual screening
of available chemical databases to discover new com-
pounds with high predicted activity.

Experimental Section

Computational Methodologies. All 3D-QSAR studies
were carried out on an eight CPU (PIV 2.0—3.0 GHz) Linux
cluster running under openMosix architecture.?® Autocorrela-
tion MEP studies have been done using the ADRIANA (version
1.0) suite.®”

Molecular Structure Building. The 3D models of all 358
A; antagonists were obtained by using the 3D structure
generator Corina. Corina is an integral part of the ADRIANA
QSAR suite.?® Conformer generation and best conformer
selection have been carried out using standard parameters of
Corina.

Molecular Electrostatic Potential Calculation. In the
present work MEPs are derived from a classical point charge
model. The electrostatic potential for each molecule is obtained
by moving a unit positive point charge across the van der
Waals surface, and it is calculated at various points j on this
surface by the following equation:

Moro et al.

atoms q;
-y -
[2 r Ji
where g; represents the partial charge of each atom i and rj; is
the distance between points j and atom i. Starting from the
3D model of a molecule and its partial atomic charges, the
electrostatic potential or another appropriate property is
calculated for points on the molecular surface. Partial atomic
charges were calculated by the PEOE method,* and its
extension to conjugated systems*' was implemented by the
Petra module of the ADRIANA suite.® Connolly’s solvent
accessible surface with a solvent radius of 2.0 A has been used
to project the corresponding MEP. For the pyrazolotriazolopy-
rimidine derivative 1, about 3500 points are obtained that are
characterized by their Cartesian coordinates and the value of
the electrostatic potential. After application of the autocorre-
lation function, the autocorrelation vector is obtained. Con-
nolly’s solvent accessible surface and the corresponding MEP
have been calculated by Surface module of ADRIANA.3°
Autocorrelation Vector. The first application of these
vectors as molecular descriptors has been published by Moreau
and Broto,*?>%3 who applied the classical mathematical notion
of an autocorrelation function to the topology of molecular
structures. The autocorrelation vector is presented as an
intrinsic descriptor of the distribution of an atomic property
along the molecular graph. Each component of the autocorre-
lation vector is calculated as follows:

Ad) = pp;
1

where A is the autocorrelation coefficient referring to atom
pairs ij, p; is the atomic property, and d is the i—j topological
distance.

Starting from this concept, a new 3D descriptor has been
introduced that is based on the autocorrelation of properties
at distinct points on the molecular surface.!! The different
components of the autocorrelation vector are derived in this
way:

(dlower <d;<d

1

A(dlower’dupper) = Zzpipj i upper)
where the i—j distance d belongs to the diower and dypper interval
and L is number of distances in the same interval. The
application of this concept made it possible to compare
different molecular properties because this 3D descriptor
represents a compressed expression of the distribution of the
property p on the molecular surface.'! The parameters for the
calculation of the autocorrelation coefficient are the follow-
ing: dlgwer =1 A; dupper = 13 A; L = 12; point density is 10
points/A2; vdW radius reduction factor is 1.000. All parameters
have been changed in various ways to see if it was possible to
improve the model capability, but no significant results were
derived. Considering distances from 1 to 13 A with a step width
of 1 A, 12 autocorrelation coefficients are calculated. This
transformation produces a unique fingerprint of each molecule
under consideration. Autocorrelation vector have been calcu-
lated by Surface module of ADRTANA.3°

Partial Least Squares (PLS) Analysis. All PLS analyses
have been carried out using The Unscrambler statistical
software.

Test Sets. The test sets consisted of 40 molecules for the
considered training set (359—399; Table 2 of Supporting
Information). All predicted activities for the test set molecules
were calculated using the autocorrelation MEP/PLS model.
The results of the non-cross-validated calibration model on the
test sets are summarized in Table 2.
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