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Geometry, topology, and atom-weights assembly descriptors
to predicting A1 adenosine receptors agonists
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Abstract—The GEometry, Topology, and Atom-Weights AssemblY (GETAWAY) approach has been applied to the study of the
A1 adenosine receptors agonist effect of 32 adenosine analogues: N6-arylcarbamoyl, 2-arylalkynyl-N6-arylcarbamoyl, and N6-car-
boxamido derivatives. A model, able to describe more than 77% of the variance in the experimental activity, was developed with
the use of the above mentioned approach. Five different approaches (Topological, Galvez Topological Charges indexes, Randić
Molecular Profiles, Geometrical, and WHIM descriptors) failed to give satisfactory models (R2 = 0.70) for this property with
the same number of variables in the equation. Although statistically significant models were derived containing descriptors other
than GETAWAY, the best fitted out model was still found with these descriptors.
� 2005 Elsevier Ltd. All rights reserved.
1. Introduction

Extracellular adenosine acts as a local modulator at four
receptor subtypes: A1, A2A, A2B, and A3. These receptor
subtypes are G protein coupled and are able to modulate,
either positively or negatively, the adenylate cyclase acti-
vity. While A1 and A3 adenosine receptor subtypes are
coupled to adenylate cyclase in an inhibitory manner,
A2A, and A2B stimulate this enzyme. Adenosine receptors
are ubiquitously expressed in the body,many cells express
several subtypes, but in different densities.1 A1 and A2A

receptors play important roles in cardiovascular and cen-
tral nervous systems (CNS). On the other hand the A2B

subtype may also have important functions in the regula-
tion of vascular tone and functions of mast cells. Expres-
sion levels for A3 adenosine receptors are generally low
and are highly species dependent and this fact is a limit
in the knowledge about their physiological role.2 Ligands
for the A3 receptor seem to be useful for treatment of
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inflammation, neurodegenerative diseases, asthma, and
cardiac ischaemia.3–5

All receptor subtypes have been cloned, thus providing
tools for studying each receptor subtype solely by using
artificially constructed test systems.6

In this sense, the A1 receptor is the best-characterized
member of the adenosine receptor family. Its medicinal
chemistry is particularly well developed with many ago-
nists, partial agonist, and antagonist reported.7–11 Also
molecular biology aspects of the A1 receptor have been
extensively described, it has been cloned from different
species, including humans.1

Nevertheless, the search of new A1 agonists may be
fruitfully facilitated by a quantitative structure–activity
relationship (QSAR) study, which investigates molecu-
lar properties that can lead to strong binding with the
A1 adenosine receptors (i.e. hydrophobicity, polarizabil-
ity, polar surface, etc.).12–15 In this connection, the main
objective of this research is to demonstrate, for the first
time, how the GEometry, Topology, and Atom-Weights
AssemblY (GETAWAY) descriptors are able to model
this biological property and the higher quality of these
descriptors to study this biological property if compared
with other approaches by means of the statistical para-
meters of the obtained models.
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2. Data sets and computational strategies

A data set of 32 adenosine agonists for which the affin-
ities of A1 adenosine receptors were reported in the liter-
ature was selected to carry out the present study.16 The
parameter studied is the log (Ki) where Ki is the displace-
ment of a specified [3H]R-PIA binding (A1) in rat brain
membranes, expressed in nanomolar concentration. The
compounds as well as the experimental values of Ki are
shown in Table 1.

The DRAGONDRAGON
17 computer software was employed to cal-

culate the molecular descriptors.

In this way, we carried out geometry optimization calcu-
lations for each compound of this study using the quan-
Table 1. Structures and affinities in radioligand binding assays at rat brain
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Compd R1 R2

1 H 4-Biphenyl

2 H 2,4-Cl–Ph–CH2

3 H 4-CH3O–Ph

4 H 2-Cl–Ph

5 H Ph

6 H PhCH2NH

7 H 4-SO2NH2PhNH

8 H 4-CH3CO–PhNH

9 H (R)-a-Phenylethyl–N
10 H (S)-a-Phenylethyl–N
11 H 5-Me–isoxazol-3-yl–

12 H 1,3,4-Thiadiazol-2-y

13 H 4-n-C3H7O–PhNH

14 H Ph–CH2CH2NH

15 H 3,4-MeO–Ph–CH2C

16 H Fur-2-yl–CH2NH

17 H 4-(Pyridin-2-yl-NHS

18 H 4-(5-Me-isoxazol-3-

19 H 4-(Pyrimidin-2-yl-N

20 4-NO2–Ph–NH–CO 4-NO2–Ph–NH

21 5-Cl–pyridin-2-yl–NH–CO 5-Cl–pyridin-2-yl–N

22 H 3-Cl–Ph–NH

23 H 4-MeO–Ph–NH

24 H 3-Cl–Ph–NH

25 H 4-MeO–Ph–NH

26 H 3-Cl–Ph–NH

27 H 3-Cl–Ph–NH

28 H 3-Cl–Ph–NH

29 H 4-MeO–Ph–NH

30 H 4-MeO–Ph–NH

31 H 4-MeO–Ph–NH

32 H 4-MeO–Ph–NH

aDisplacement of specified [3H]R-PIA binding (A1) in rat brain membranes
tum chemical semi-empirical method AM118 included in
MOPACMOPAC 6.06.0.19 Six models were developed using the DRA-DRA-

GONGON computer software, the Topological, Galvez Topo-
logical Charges indexes, Randić Molecular Profiles,
Geometrical, WHIM, and GETAWAY descriptors were
calculated.20 All statistical analyses and data exploration
were carried out using the STATISTIC 6.0STATISTIC 6.0 software.21 The
statistical processing to obtain the QSAR models was
carried out by using the genetic algorithm method; all
the parameters such as population size mutation proba-
bilities, cross-over probabilities, and smoothing were
fixed at their default values. Analysis of residuals and de-
leted residuals from the regression equations was used to
identify outliers. The statistical significance of the models
was determined by examining the regression coefficient,
the standard deviation, the number of variables, the
A1 adenosine receptors of compounds used in the current work

N

N

R2

O

OH

R3 Ki(A1)
a/nM

H 5.92

H 16

H 86.4

H 1170

H 252

H 171

H 453

H 72.7

H H 433

H H 537

NH H 146

l–NH H 208

H 247

H 129

H2NH H 1770

H 419

O2)PhNH H 292

yl-NHSO2)PhNH H 901

HSO2)PhNH H 725

H 89.1

H H 761

Cl 90

Cl 22

I 103

I 29.4

n-C4H9–C„C 2040

Ph–C„C 1330

PhCH(OH)–C„C 814

n-C4H9–C„C 428

Ph–C„C 4790

PhCH(OH)–C„C 75.1

Ph(CH2)3–C„C 14,400

, expressed as Ki in nM (n = 3–6).
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cross-validation leave-one-out statistics, and the propor-
tion between the cases and variables in the equation.
3. Quantitative structure–activity relations

The best QSAR model obtained with the GETAWAY
descriptors is given below together with the statistical
parameters of the regression.

logðK iÞ ¼ 23:886� 8:143 � ðH8vÞ � 45:062 � ðREIGÞ
� 10:686 � ðR2uþÞ þ 91:678 � ðR7uþÞ
� 11:937 � ðR5vÞ þ 29:425 � ðR1vþÞ

N ¼ 32; S ¼ 0:383; R2 ¼ 0:773;

F ¼ 14:188; p < 0:0001; Scv ¼ 0:501;

q2 ¼ 0:664 ð1Þ
where N is the number of compounds included in the
model, S is the standard deviation of the regression,
R2 is the squared correlation coefficient, F is the Fischer
ratio, p is the significance of the variables in the model,
Scv is the standard deviation of the cross-validation,
and q2 is the square of the correlation coefficient of
the cross-validation.

One of the most important variables in this equation is
REIG. This descriptor has a negative influence in the
studied property and, for this reason, increases the affi-
nity of the adenosine analogues for the A1 receptors.

The REIG descriptor is defined as the first eigenvalue of
the influence/distance matrix of the magnitude in study.
This descriptor has larger values for branched mole-
cules, for this reason according to this behavior; adeno-
sine analogues with branched groups might have a high
affinity for these kinds of receptors in special N6-
position.

On the other hand, a group of two variables R2u+ and
R5v decreases the log (Ki) and for this reason increases
the affinity for A1 adenosine receptor subtypes. Espe-
cially the term R5v is expected to have a high depen-
dence on conformational changes as encoding
information on pairs of atoms near each other. For that
reason, according to our model and the previous report,
the stereoselectivity plays an important role for the affi-
nity at A1 adenosine receptors.

In addition, the model establishes a strong relationship
among GETAWAY descriptors and the property under
study characterized by a good squared regression coeffi-
Table 2. The statistical parameters of the lineal regressions models obtained

Descriptors Variables

Topological MSD, CIC1, VRA1, MPC09, pi

Galvez Topological Charges indexes GGI2, GGI3, GGI8, GGI9, GG

Randić Molecular Profiles DP01, SP03, SP04, SP07, SP12,

Geometrical W3D, AGDD, DDI, ADDD, M

WHIM E3u, P2m, G3m, L2s, E2s, Gu

GETAWAY H8v, REIG, R2u+, R7u+, R5v, R
cient (0.773), which explains around 77% of the variance
of data. In our opinion this fact is a determining factor
at the time of selecting the best model to be used later;
besides it presents the greatest F of Fischer
(F = 14.188) and the lowest standard deviation for the
data (S = 0.383), which confirms the former selection.

Additionally, a low susceptibility to over-fitting, due to
excess in variable input, is ensured by a highly adjusted
squared regression coefficient (0.758), which decreases
only 1.94 % with respect to the squared regression
coefficient.

On the other hand, one of the objectives of the current
work is to compare the reliability of the GETAWAY
descriptors to describe the property under study as com-
pared with other different descriptors and methods.
Consequently, we have developed other five models
using the same data set that was used in the GET-
AWAY QSAR model. The results obtained with the
use of Topological, Galvez Topological Charges in-
dexes, Randić Molecular Profiles, Geometrical, and
WHIM descriptors and the meaning of these are given
in Tables 2 and 3.

As can be seen, there are remarkable differences con-
cerning the explanation of the experimental variance
given by these models compared to the GETAWAY
one. While the GETAWAY QSAR model explains more
than 77% of activity, the rest of the models are unable to
explain more than 70% of such variance; all these mod-
els also have important statistic parameters of a lower
quality compared to the GETAWAY approach, such
as the Fischer ratio (F) and the standard deviation
(S).

The GETAWAYmodel not only overtakes the other five
models in the statistical parameters of the regression but
its most important feature is also related to the stability
to the inclusion–exclusion of compounds as measured by
the correlation coefficient and standard deviation of the
cross-validation. These statistics of the leave-one-out
cross-validation might be considered as a good measure-
ment of the predictability of the models. As can be seen
in Table 2, the value of the determination coefficient of
leave-one-out cross-validation for the model obtained
with the GETAWAY descriptors (q2 = 0.669) was the
highest for the whole set of models, proving the predic-
tive power of this approach and the stability of the
model. In addition this model presents the lowest value
of the standard deviation in the cross-validation (Scv =
0.501); therefore the previous criteria are reaffirmed.
for the six kinds of descriptors

S R2 F q2 Scv

PC09, T(N..S) 0.439 0.701 9.750 0.491 0.573

I10, JGI5 0.464 0.666 8.302 0.427 0.608

SP13 0.482 0.640 7.387 0.403 0.620

AXDP, FDI 0.493 0.623 6.878 0.366 0.640

0.481 0.642 7.471 0.371 0.637

1v+ 0.383 0.773 14.188 0.669 0.501



Table 3. Topological, Galvez Topological Charges indexes, Randić Molecular Profiles, Geometrical, WHIM, GETAWAY descriptors of the QSAR

regression reported in this study

Symbol Definition

CIC1 Complementary information content (neighborhood symmetry of 1-order)

SP12 Shape profile no. 12

SP03 Shape profile no. 03

SP04 Shape profile no. 04

SP12 Shape profile no. 12

FDI Folding degree index

H8v H autocorrelation of lag 8/weighted by atomic van der Waals volumes

REIG First eigenvalue of the R matrix

R2u+ R maximal autocorrelation of lag 2/unweighted

R7u+ R maximal autocorrelation of lag 7/unweighted

R5v R autocorrelation of lag 5/weighted by atomic van der Waals volumes

R1v+ R maximal autocorrelation of lag 1/weighted by atomic van der Waals volumes

T(N..S) Sum of topological distances between N..S

piPC09 Molecular multiple path count of order 09

MPC09 Molecular path count of order

VRA1 Randic-type eigenvector-based index from adjacency matrix

MSD Mean square distance index (Balaban)

DP01 Molecular profile no. 01

SP07 Shape profile no. 07

SP13 Shape profile no. 13

JGI5 Mean topological charge index of order 5

GGI10 Topological charge index of order 10

GGI9 Topological charge index of order 9

GGI8 Topological charge index of order 8

GGI3 Topological charge index of order 3

GGI2 Topological charge index of order 2

W3D 3D-Wiener index

AGDD Average geometric distance degree

DDI D/D index

ADDD Average distance/distance degree

MAXDP Maximal electro topological positive variation

Gu G total symmetry index/unweighted

E2s Second component accessibility directional WHIM index/weighted by atomic electro topological states

L2s Second component size directional WHIM index/weighted by atomic electro topological states

G3m Third component symmetry directional WHIM index/weighted by atomic masses

P2m Second component shape directional WHIM index/weighted by atomic masses

E3u Third component accessibility directional WHIM index/unweighted
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4. Concluding remarks

We have shown that the GETAWAY approach is able to
explain the A1 agonist effect for this set of compounds. In
fact, we have developed a model for predicting the ago-
nist activity of a data set of 32 adenosine analogues:
N6-arylcarbamoyl, 2-arylalkynyl-N6-arylcarbamoyl, and
N6-carboxamido derivatives. This model is statistically
and chemically sound and explains more than 77% of
the variance in the experimental activity with a good pre-
dictive power. These features are significantly better than
others obtained from five different methodologies con-
tained in the Dragon Software. For these reasons, we
can assert that the GETAWAY approach should be used
as an efficient alternative to develop new analogues of the
A1 adenosine receptor agonists.
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