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Abstract

The Radial Distribution Function approach has been applied to the study of the A2 A adenosine receptors agonist effect of 29 adenosine
analogues: N6–arylcarbamoyl, 2-arylalkynyl-N6–arylcarbamoyl, and N6–carboxamido derivatives. A model able to describe around 85% of the
variance in the experimental activity was developed with the use of the mentioned approach. In contrast, no one of nine different approaches,
including the use of Galvez Topological Charges indexes, BCUT, Geometrical, 2D autocorrelations, Topological, Randić Molecular profile,
WHIM, 3D-MORSE and GETAWAY descriptors were able to explain more than 78% of the variance in the mentioned property with the same
number of variables in the equation. Finally, the model support that the bulkiness and stereoselectivity play an important role in the affinity for
this receptor in this kind of compounds.

© 2005 Elsevier SAS. All rights reserved.
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1. Introduction
Adenosine is the native ligand for adenosine receptors (AR),
also referred to as P1 purinergic receptors, which are distinct
from P2 purinergic nucleotide receptors. The adenosine recep-
tor class can be further divided into four receptor subtypes
which have been identified and cloned from several mamma-
lian tissue types: A1, A2 A, A2B, and A3 [1,2]. Agonists and
antagonists of these receptors are being explored as potential
therapeutic agents for: cardiovascular mediation, ischemia-re-
perfusion injury, inflammation, Parkinson’s disease, and schi-
zophrenia [3,4].
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In this connection, we are interested in the impact of adeno-
sine A2 A receptor agonists, because of the many potential bio-
logical implications of stimulating this subclass of AR; much
effort has been spent trying to elucidate the structure-activity
relationships for adenosine analogues. This has led to the
synthesis and evaluation of a great number of A2 A adenosine
analogues [4].

In this sense, the majority of A2 A-selective AR agonists are
2-substituted adenosine derivatives or analogs, frequently bear-
ing an N-alkylcarboxamido modification at the ribose 5′-posi-
tion. Also, some N6-substitution of adenosine with bulky sub-
stituents at N6 have been carried out, but this substitution is
detrimental for AR affinity [5].

However, a limited number of models QSAR have been de-
veloped about this topic [6–10]. In addition, 3D molecular de-
scriptors have shown to be very useful in QSAR problems in
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order to perform a rational analysis of different pharmacologi-
cal activities [11]. In this connection, a kind of 3D molecular
descriptors namely Radial Distribution Function (RDF) have
been introduced for modeling physicochemical and biological
properties of organic compounds [11].

The successful applications of this theoretical approach to
the modeling of affinity of A2B AR [12] have inspired us to
perform a more exhaustive study to improve the results ob-
tained with the data set use in this study and in order to test
and/or validate the RDF descriptors applicability in this area
[10].
2. Materials and methods
2.1. The radial distribution function approach

These descriptors are based on the distances distribution in
the geometrical representation of a molecule and constitute a
radial distribution function code [11].

Formally, the radial distribution function of an ensemble of
N atoms can be interpreted as the probability distribution of
finding an atom in a spherical volume of radius r [11]. The
general form of the radial distribution function code is repre-
sented by:

gðrÞ ¼ f � ∑
N�1

i¼1
∑
N

j>i
AiAje

�Bðr�rijÞ2

where f is a scaling factor and N is the number of atoms. By
including characteristic atomic properties A of the atoms i and
j, the RDF codes can be used in different tasks to fit the re-
quirements of the information to be represented. These atomic
properties enable the discrimination of the atoms of a molecule
for almost any property that can be attributed to an atom. The
exponential term contains the distance rij between the atoms i
and j and the smoothing parameter B, which defines the prob-
ability distribution of the individual distances; B can be inter-
preted as a temperature factor that defines the movement of the
atoms. g(r) was calculated for a number of discrete points with
defined intervals.

The radial distribution function in this form meets all the re-
quirements for 3D structure descriptors: it is independent of the
number of atoms, i. e., the size of a molecule, it is unique regard-
ing the three-dimensional arrangement of the atoms, and it is in-
variant against translation and rotation of the entire molecule.
Additionally, the RDF descriptors can be restricted to specific
atom types or distance ranges to represent specific information
in a certain three-dimensional structure space, e.g. to describe
steric hindrance or structure/activity properties of a molecule.

Finally, the RDF descriptors are interpretable by using sim-
ple rules sets, and thus it provides a possibility for conversion
of the code back into the corresponding 3D structure. Besides
information about interatomic distances in the entire molecule,
the RDF descriptors provides further valuable information, e.g.
about bond distances, ring types, planar and non-planar sys-
tems and atom types.
2.2. Data set

Here, a data set of 29 adenosine derivatives for which their
activities are reported in the literature by Baraldi et al. [13] was
used. Molecular structure, numbering of the substituents and ac-
tivities of the adenosine derivatives are summarized in Table 1.

The displacement of specified [3H]CGS 21680 binding
(A2 A) were measured in rat striatal membranes expressed as
Ki in nM (n = 3 - 6).

2.3. Molecular Descriptors

The molecular descriptors for the given compounds were
calculated using DRAGON software [14] on the (x,y,z)-atomic
coordinates of the minimal energy conformations determined
by the AM1 method in MOPAC 6.0 Package [15]. A total of
511 molcular descriptors of differing types were calculated to
describe compound structural diversity. The descriptor typol-
ogy is as follows: (a) 2D-64 BCUTs, (b) 2D-96 various auto-
correlations from the molecular graph, (c) 3D-41 Randić Mo-
lecular profile index, (d) 3D-160 3D-MORSE and (e) 3D-150,
RDF descriptors.

The list of these molecular descriptors, and their meaning, is
provided with literature references by the DRAGON package;
the calculation procedure is explained in detail, with related
literature references, in the Handbook of Molecular Descriptors
[11]. However, in the Table 2 we provide the meaning of the
descriptors used in the models of the present study.

Descriptors with constant or near constant values inside each
group were discarded. For the remaining descriptors pairwise
correlation analysis for all kinds of descriptors was performed
[10]. This descriptors exclusion method was used to reduce, in
a first step, the collinearity and correlation among descriptors.

2.4. Orthogonalization of molecular descriptors

The pairwise correlation analysis is a good method for
eliminated the collinearity, but in this case the correlation
among the variables persist. For that reason, other method of
elimination of the collinearity is necessary.

In order to avoid collinearity, Randić orthogonalization pro-
cedure was carried out [16–19]. The main philosophy of this
approach is to avoid the exclusion of descriptors on the basis of
collinearity with other variables previously included in the
model. It is known that the interrelatedness among the different
descriptors can result in highly unstable regression coefficients,
which makes impossible to know the relative importance of an
index and underestimates the utility of the regression coeffi-
cients in a model.

The Randić method of orthogonalization has been described
previously [16–19]. Thus, we will give a general overview here.
The first step in orthogonalizing the molecular descriptors is to
select the appropriated order of orthogonalization, which in this
case is the order in which the variables were selected in the for-
ward stepwise search procedure of the linear regression analysis.

In this sense, we used RDF075p = 1ΩRDF075p as the first
orthogonal variable. Afterwards, the successive residuals of
the step–by–step regressions between each variable selected



Table 1
Structures and affinities in radioligand binding assays at rat brain A2 A adenosine receptors used in the current work

Comp R1 R2 R3 log(Ki(A2 A))
a

1 H 4-biphenyl H 3.554
2 H 2,4-Cl-Ph-CH2 H 1.425
3 H 4-CH3O-Ph H 2.375
4 H 2-Cl-Ph H 3.292
5 H Ph H 2.826
6 H PhCH2NH H 3.254
7 H 4-SO2NH2PhNH H 3.072
8 H 4-CH3CO-PhNH H 3.021
9 H (R)-α-phenylethyl-NH H 2.446
10 H (S)-α-phenylethyl-NH H 3.473
11 H 5-Me-isoxazol-3-yl-NH H 2.946
12 H 1,3,4-thiadiazol-2-yl-NH H 2.962
13 H 4-n-C3H7O-PhNH H 2.407
14 H Ph-CH2CH2NH H 3.423
15 H 3,4-MeO-Ph-CH2CH2NH H 3.196
16 H Fur-2-yl-CH2NH H 3.270
17 H 4-(pyridin-2-yl-NHSO2)PhNH H 2.869
18 H 4-(5-Me-isoxazol-3-yl-NHSO2)

PhNH
H 2.990

19 H 4-(pyrimidin-2-yl-NHSO2)PhNH H 1.225
20 4-NO2-Ph-NH-CO 4-NO2-Ph-NH H 3.403
21 5-Cl-pyridin-2-yl-NH-CO 5-Cl-pyridin-2-yl-NH H 2.903
22 H 3-Cl-Ph-NH Cl 2.746
23 H 4-MeO-Ph-NH Cl 1.771
24 H 3-Cl-Ph-NH I 4.025
25 H 4-MeO-Ph-NH I 2.415
26 H 3-Cl-Ph-NH n-C4H9-C≡C 3.853
27 H 3-Cl-Ph-NH Ph-C≡C 4.688
28 H 4-MeO-Ph-NH n-C4H9-C≡C 3.367
29 H 4-MeO-Ph-NH Ph(CH2)3-C≡C 3.223
a Displacement of specified [3H]CGS 21680 binding (A2 A) in rat striatal membranes expressed as Ki in nM.
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in the model and the others in order of statistical significance
were calculated. All these residuals were used as the remnant
orthogonal variables in the Eq. 3. In this analysis the least
squares method selected all orthogonal analogs of collinear
variables. It ensured us that, in spite of variables collinearity,
each variable have an amount of information do not encoded
in the others.

2.5. Statistical methods

2.5.1. Genetic algorithm (GA) analysis
Five models were developed using the descriptors obtained

by Dragon computer software. All statistical analysis and data
exploration was carrying out using the Statistic 6.0 [20]. The
most significance parameters were identified from the data set
using Genetic Algorithm Analysis (GA) [21,22].

GA is a class of methods based on biological evolution
rules. The first step is to create a population of linear regression
models. These regression models mate with each other, mutate,
crossover, reproduce, and then evolve through successive gen-
erations toward an optimum solution. The GA simulation con-
ditions were 10 000 generations and 300 populations. The
models were linear combinations of 5 descriptors. The GA pro-
cedure was repeated n-times to confirm that the selected de-
scriptors are the most optimal descriptor set for describing the
modelled property.



Table 2
BCUT, 2D autocorrelations, Randić Molecular profile, 3D-MORSE, and RDF descriptors of the QSAR regression reported in this study

Symbol Meaning
BELv7 Highest eigenvalue n. 7 of Burden matrix / weighted by atomic van der Waals volumes
BEHe7 Highest eigenvalue n. 7 of Burden matrix / weighted by atomic Sanderson electronegativities
ATS6v Broto-Moreau autocorrelation of a topological structure – lag 6 / weighted by atomic van der Waals volumes
ATS1e Broto-Moreau autocorrelation of a topological structure – lag 1 / weighted by atomic Sanderson electronegativities
ATS7e Broto-Moreau autocorrelation of a topological structure – lag 7 / weighted by atomic Sanderson electronegativities
MATS3e Moran autocorrelation – lag 3 / weighted by atomic Sanderson electronegativities
GATS7e Geary autocorrelation – lag 7 / weighted by atomic Sanderson electronegativities
DP04 Molecular profile no. 04
RDF100 m Radial distribution function – 10.0 / weighted by atomic masses
RDF135 m Radial distribution function – 13.5 / weighted by atomic masses
RDF140 m Radial distribution function – 14.0 / weighted by atomic masses
RDF130v Radial distribution function – 13.0 / weighted by atomic van der Waals volumes
RDF075p Radial distribution function – 7.5 / weighted by atomic polarizabilities
Mor31u 3D-Morse – signal 31 / unweighted
Mor05 m 3D-Morse – signal 05 / weighted by atomic masses
Mor14 m 3D-Morse – signal 14 / weighted by atomic masses
Mor02v 3D-Morse – signal 02 / weighted by atomic van der Waals volumes
Mor10p 3D-Morse – signal 10 / weighted by atomic polarizabilities
BEHm3 Highest eigenvalue n.3 of burden matrix / weighted by atomic masses
BEHm6 Highest eigenvalue n.6 of burden matrix / weighted by atomic masses
BELp7 Lowest eigenvalue n.7 of burden matrix / weighted by atomic polarizabilities
DP01 Molecular profile no. 01
DP02 Molecular profile no. 02
DP05 Molecular profile no. 05
DP07 Molecular profile no. 07
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Examining the regression coefficients, the standard devia-
tions, the significances and the number of variables in the
equation determined the quality of the models.

2.6. Validation of the models

Lineal models were validated by calculating q2 values. The
q2 values are calculated from “leave-one-out” (LOO) and leave–
group–out (LGO) testiness, also known as cross–validation.
One, or a group of compounds (in this case the 25% of the data
set) is removed from the set and the regression recalculated; the
predicted value for that point is then compared to its actual va-
lue. This is repeated until each datum or data group has been
omitted once; the sum of squares of these deletion residuals
can then be used to calculate q2, an equivalent statistic to R2.
The q2 values can be considered a measure of the predictive
power of a regression equation: whereas R2 can always be in-
creased artificially by adding more parameters (descriptors), q2

decreases if a model is overparameterized [23], and is therefore
a more meaningful summary statistic for QSAR models.

3. Results and discussion

3.1. Quantitative structure activity relationships models

The model selection was subjected to the principle of parsi-
mony. The five-dimensional models are characterized by the
best compromise between predictive power and model com-
plexity. The addition of another variable does not lead to such
an increase in predictive power such that the complexity in-
crease is counterbalanced. In addition, the relation between
cases and variables should be 5:1, reason why the addition of
new variable violates this principle.

The best QSAR model obtained with the RDF descriptors is
given below together with the statistical parameters of the re-
gression.

� log ðKiÞ ¼ 1:372þ 0:209 � RDF075p
� 0:156 � RDF135m� 0:293
� RDF130v þ 0:215
� RDF100m� 0:121 � RDF140m

(1)

N = 29 S = 0.351 R2 = 0.806 F = 19.073
q2 (LOO) = 0.731 SLOO = 0.411 q2 (LGO) = 0.705
SLGO = 0.431

where N is the number of compounds included in the mod-
el, R2 is the correlation coefficient, S the standard deviation of
the regression, F the Fisher ratio, q2(LOO); SLOO and
q2(LGO); SLGO the correlation coefficient and the standard de-
viation of the cross – validation leave one out and leave group
out respectively.

The meaning of the variables included in the model and the
whole of the other descriptors used in the current work appear
in Table 2.

Although, the model presents good statistical parameters,
the outliers removed from a QSAR are essential. An outlier
to a QSAR is identified normally by having a large standard
residual and can indicate the limits of applicability of QSAR
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models. There are several reasons for their occurrence in
QSAR studies, for example, chemicals might be acting by a
mechanism different from that of the majority of the data set.
It is also likely that outliers might be a result of random experi-
mental error that might be significant when analyzing the large
data sets. Although it is acceptable to remove a small number
of outliers from QSAR it is noted that it is not acceptable to
remove the outlier repeatedly from a QSAR analysis simply to
improve a correlation. From this data, after the application sev-
eral statistical techniques for the detection of outliers, the com-
pound 23 present large residual and should be considered as
outlier. The outliers’ number were extracted considering that
a number of outliers lower than 10% of the general data are
classically accepted in the literature as threshold limit value
for outliers’ extraction. In our case the outlier number repre-
sented only a 3.5% of the whole data.

Analysis of the residuals and deleted residual for equation 1
identified to compound 23 as significant outlier. Table 3
Table 3
Observed and predicted activity, residual and deleted residual of the
compounds used in this study according to the equation 1

Compounds Observed
activity

Predicted
activity

Residual Deleted
Residual

1 3.554 3.415 0.139 0.149
2 1.425 1.661 –0.237 –0.331
3 2.375 2.911 –0.536 –0.585
4 3.292 3.245 0.047 0.054
5 2.826 2.675 0.151 0.166
6 3.254 3.224 0.029 0.035
7 3.072 2.694 0.378 0.514
8 3.021 3.463 –0.441 –0.482
9 2.446 2.017 0.428 0.522
10 3.473 3.408 0.064 0.071
11 2.946 2.736 0.210 0.239
12 2.962 3.146 –0.184 –0.211
13 2.407 2.649 –0.242 –0.293
14 3.423 3.491 –0.068 –0.074
15 3.196 2.668 0.528 0.589
16 3.270 2.984 0.286 0.309
17 2.869 2.948 –0.078 –0.088
18 2.990 2.834 0.156 0.176
19 1.225 1.536 –0.310 –0.523
20 3.403 3.475 –0.071 –0.109
21 2.903 2.625 0.278 0.402
22 2.746 3.055 –0.309 –0.341
23 1.771 2.615 –0.844 –1.026
24 4.025 3.495 0.530 0.609
25 2.415 2.394 0.021 0.052
26 3.853 3.695 0.158 0.176
27 4.688 4.890 –0.203 –0.395
28 3.367 3.466 –0.099 –0.146
29 3.223 3.005 0.218 0.692

Table 4
Correlation Matrix of the variables in the model 2

RDF075p RDF1
RDF075p 1.00 0.61
RDF135 m 1.00
RDF130v
RDF100 m
RDF140 m
Removal of these compounds and subsequence re-analysis
of the dataset produced a following QSAR.

� log ðKiÞ ¼ 1:509þ 0:198 � RDF075p
� 0:141 � RDF135m� 0:285 � RDF130v
þ 0:219 � RDF100m� 0:151 � RDF140m

(2)

N = 28 S = 0.299 R2 = 0.849 F = 24.812
q2 (LOO) = 0.786 SLOO = 0.368 q2 (LGO) = 0.749
SLGO = 0.407

In this case, the improved of statistical parameters of the
equation 2 (standard deviation, the regression coefficient and
the q2 of the cross validation LOO and LGO) justified broadly
from statistical point of view the remove of this compound.

On the other hand, we carry out a Pairwise Correlation Ana-
lysis of the variables to eliminating the correlation among the
descriptors, however this persists. For that reason, before mak-
ing the interpretation of the model we need to orthogonalize
the molecular descriptors included in such models due to the
intercorrelation existing among some of them as shown in the
following Table 4 for the RDF descriptors.

As a result of the orthogonalization process of the equation
2 we obtain:

�logðKiÞ ¼ 0:226þ 0:07�1ΩRDF075p� 0:11�2ΩRDF135m
� 0:098�3ΩRDF130vþ 0:184�4ΩRDF100m
� 0:151�5ΩRDF140m

(3)

N = 28 S = 0.299 R2 = 0.849 F = 24.812
q2 (LOO) = 0.786 SLOO = 0.368 q2 (LGO) = 0.749
SLGO = 0.407

The most important variable in this equation are weight with
the atomic masses, van der Waals volumes and atomic polar-
izabilities. In this model, the negative contributions to the log
(Ki), reason way decrease the affinity of the adenosine analo-
gues for the A2 A receptors, of the indexes that conform the
model are weight with the atomic masses and radius of van
der Waals, but the most significant behavior is that these de-
scriptors are correspond to a radius of 13.0 to 14.0 Å. For-
mally, the RDF of a molecule of A atoms can be interpreted
as the probability distribution of finding an atom in a spherical
volume of radius R. In this sense, according to our model a
spherical molecular volume with these dimensions could have
certain restrictions to the addition of bulky substituents. This
interpretation suggests that the adenosine analogues not be able
to accommodate large substituents in the N6 and C2 positions
35 m RDF130v RDF100 m RDF140 m
0.66 0.62 0.48
0.44 0.54 0.42
1.00 0.83 0.44

1.00 0.51
1.00
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at the same time for example. This observation agrees with the
explanation reported by Müller et al. [24] some years ago.

On the other hand, the variable1Ω1RDF075phas a positive
influence in the studied property, reason way increase the affi-
nity of the adenosine analogues for the A2 A receptors. This
descriptor is weight with atomic polarizability and suggests
that adenosine analogues might accommodate atoms or atoms
group in different positions such as Iode and benzene that pos-
sess certain dimensional restrictions, because very bulky sub-
stituents do not be tolerate. This behavior was observed by
Erica W. van Tilburg et al. [25] in a set of 2, 5’-disubstituted
adenosine derivatives. These authors reported that the adeno-
sine A2 A receptor accommodate only 2-substituents with a re-
strained spacer. In this sense, Cristalli et al. [26] in a set of 2-
aralkynyl and 2-heteroalkynyl derivates of adenosine-5’-N-
ethyluronamide, reported that the affinity was reduced by in-
troducing the bulkier naphthyl ring in position C2 and Viziano
et al. [27], at the same position, reported that the presence of a
bulky chain as the diphenyl derivates instead of benzene deri-
vates is detrimental for A2 A affinity. A similar report was in-
troduce by Gungor et al. in a set of N6-Substituted AR Ago-
nists where noticed that the 2-position substituent’s size may
influence the activity on A2 receptors [28].

Therefore, according to we model, the previous report and
the criterion of Homma et al. one of the major determinants for
the affinity at A2 A ARs would be bulkiness of substituents
attached at the different positions and the combinations of
these in the adenosine derivatives [29].

3.2. Comparison with other approach

As we previously explain, one of the objectives of the cur-
rent work is to compare the reliability of the RDF descriptors
to describe the property under study as compared with other
different descriptors and methods. Consequently, we have de-
veloped other four models using the same data set that was
included in the RDF QSAR model. The results obtained with
the use of BCUT, 2D autocorrelations, Randić Molecular pro-
file, 3D-MORSE and RDF descriptors and models reported
previously for us are given in Table 5.

As can be seen there are remarkable differences concerning
the explanation of the experimental variance given by these
models compared to the RDF one. While the RDF QSAR mod-
el explains around the 85% of the experimental activity the rest
Table 5
The statistical parameters of the lineal regressions models obtained for the five kin

Descriptors Variables
Galvez Topological Charges indexesa GGI4, GGI6, GGI7, JGI4, JGI6
BCUT BEHm3, BEHm6, BELv7, BEHe7, BELp
Geometricala AGDD, SPAN, FDI, G(O..O), G(Cl..Cl)
2D autocorrelations ATS6v, ATS1e, ATS7e, MATS3e, GATS
Topologicala X5 A, PW5, IC2, IC5, T(N..I)
Randić Molecular profile DP01, DP02, DP04, DP05, DP07
WHIMa G3v, G3e, G1p, Tv, Ds
3D-MORSE Mor31u, Mor05 m, Mor14 m, Mor02v, M
RDF RDF100 m, RDF135 m, RDF140 m, RD
GETAWAYa HGM, HATS3u, R6u+, R1v+, R5e+
a Models obtained in a previous work [10].
of the models are unable to explain more than 80% of such
variance activity. Moreover, important statistic parameters such
as the Fischer ratio (F) and the standard deviation (S) are of
higher quality in the case of RDF model.

According the previous result is important highlight that the
kinds of 3D descriptors explain better the property under study
than the 2D ones, therefore this behavior suppose that the
stereochemistry of the adenosine analogues play an important
role in the affinity for these receptors. Jacobson et al. [30] pre-
pared a pair of methanocarba-adenosine analogues for explor-
ing the role of sugar puckering in ligand recognition. The (S)-
methanocarba analogue of adenosine was only weakly active in
binding to A2 A adenosine receptors, presumably because of an
unfavorable conformation that decreases receptor binding. In
contrast, the methanocarba analogues constrained in the (N)-
conformation, displayed high receptor affinity. PHPNECA
possesses an asymmetrical carbon in the side chain in 2-posi-
tion. For that reason Klotz et al. [31] investigated the stereose-
lectivity of the respective diastereomers. These authors demon-
strated that the S-diastereomer is about 20-fold more potent at
A2 A-receptor than the R-form. Reason why, confirm we con-
clusion about the importance of the stereoselectivity for the
affinity at A2 A adenosine receptors.

Finally, the RDF model not only overtakes the other models
in the statistical parameters of the regression but more impor-
tantly in the stability to the inclusion–exclusion of compounds
as measured by the correlation coefficient and standard devia-
tion of the cross-validation. Because of that these statistics of
the leave-one-out cross validation might be considered as a
good measurement of the predictability of the models. As can
be seen in the Table 5 the value of the determination coeffi-
cient of leave-one-out cross validation for the model obtained
with the RDF (q2 = 0.786) was the highest for the all analyses
model proving the predict power of this approach and the sta-
bility of the model. These results have shown that the RDF
descriptors not only explain the experimental data, but seem
to be the best one in doing so.

4. Concluding remarks

We have shown that the RDF approach is able to describe
the A2 A agonist activity of different N6–arylcarbamoyl, 2-ar-
ylalkynyl-N6–arylcarbamoyl, and N6–carboxamido of adeno-
sine derivatives. In fact, we have developed a model for pre-
ds of descriptors and others reported in the literature for the same training set

S R2 F q2 Scv
0.591 0.450 3.759 0.011 0.801

7 0.463 0.663 9.014 0.404 0.615
0.436 0.701 10.760 0.515 0.555

7e 0.402 0.745 13.437 0.582 0.515
0.474 0.646 8.396 0.391 0.621
0.544 0.534 5.268 0.204 0.711
0.570 0.487 4.381 0.130 0.743

or10p 0.385 0.767 15.128 0.665 0.461
F130v, RDF075p 0.299 0.849 24.812 0.786 0.368

0.375 0.778 16.149 0.681 0.464



[12

[13
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[17
[18
[19

[20
[21

[22
[23
[24
[25

[26

[27

[28

[29

[30

[31
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dicting this effect of a data set of 29 compounds, which is both
statistically and chemically sounded. This model explains more
than 84.5% of the variance in the experimental activity with a
good predictive power. These features are significantly better
than that obtained from other different methodologies. In addi-
tion, according to the model interpretation, the major determi-
nants for the affinity at A2 A adenosine receptors would be
bulkiness of substituents in different positions and the stereo-
selectivity of the adenosine analogues.
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