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Abstract—In this paper, we are presenting a quantitative-structure—activity relationship (QSAR) study performed on 21 selective A
adenosine receptor agonists plus the endogenous substrate, adenosine, so as to identify those predictors which play a key role in
describing the binding of the ligand with the A receptor. A large number of molecular descriptors plus a calculated receptor—agonist
binding energy and atomic charges were taken into account to derive different QSAR models, using different regression techniques.
The results obtained both with linear and nonlinear approaches converge to the selection of the same informative parameters, high-
lighting the correlation of these descriptors with the biological Response. The evaluation ‘a priori’ of these predictors could therefore
represent a useful tool in the screening of large libraries of compounds and in the rational design of new selective agonists.

© 2005 Elsevier Ltd. All rights reserved.

1. Introduction

Adenosine is a ubiquitous neuromodulator in both the
peripheral and the central nervous systems. The effects
elicited by adenosine are mediated by its interactions
with four receptor subtypes termed A;, Asa, Asp, and
Az, which can be distinguished pharmacologically,
based on the rank order of the potency of agonists
and antagonists. These receptors belong to the super-
family of G protein-coupled receptors and contain seven
transmembrane domains (a-helices), interconnecting
loops, an extracellular terminal amino residue, and a
cytoplasmic terminal carboxylate residue.

Adenosine receptors (AR) from different species show a
very high amino acid sequence homology (82-93%),
with the only exception of the Az subtype which exhibits
a 74% primary sequence homology between rat and
human or sheep.!

Many selective agents have been developed until now
for the A receptor subtypes and some of these seem
promising as potential therapeutic agents in the treat-
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ment of neurodegenerative disorders;” however, there
are currently very few A; adenosine ligands under clini-
cal trial.

In this context, as a further development of our research
in understanding the structural basis of ligand—A recep-
tor interactions,>* we have focused our interest in iden-
tifying the molecular properties responsible for affinity
toward A; AR by means of a quantitative-structure—
activity relationship (QSAR) study on a set of A; ago-
nists. As is well known, in these methods correlations
are derived between experimentally determined binding
affinities and a number of different descriptors, which
should variously encode for the thermodynamics of
binding of a set of ligands. The base assumption, in fact,
is that a correlation exists between the enthalpy of bind-
ing of the molecule and its molecular properties. A set of
21 selective A; agonists 2-22 (Fig. 1) selected from the
literature, plus adenosine, 1, the natural endogenous
agonist of the receptor, was thus considered.’

For the prediction, the structural information encoded
by a large number of molecular descriptors for topolog-
ical, electronic, geometric, and polar surface properties,
derived from DRAGON.,° was taken into account
together with atomic charges on those specific positions
of the adenosine skeleton, highlighted as important by
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Figure 1. Molecular formulas of adenosine 1 and selective A agonists 2-22. For each structure, K; values determined on A; AR from rat brain
membranes and expressed as nM are given in parentheses [Ref. 5 and literature cited therein].

previous structure-activity relationship studies.®® In 2. Methods

addition, calculated receptor-ligand binding energies

for compounds 1-22 were included among variables. 2.1. Data set

The versatile chemometric package PARVUS’® was

subsequently applied to handle such information, dis- For this investigation, 21 selective A; AR agonists 2-22
carding all non-informative descriptors and extracting plus adenosine 1 were collected from the literature.
meaningful QSAR models able to identify the most Their molecular structure and their affinity value toward
important predictors accounting for affinity toward A, the A; adenosine receptor from rat cerebral cortex,

receptor. expressed as K; (nM), are reported in Figure 1. The
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reduced availability of affinity data on A; agonists for
the human A, receptor hampers the study of agonist-re-
ceptor interactions in the AjAR model, that is why we
employed a larger data set of affinity values as deter-
mined in rat brain, considering that the sequences of
the A;AR in the two species have a percentage identity
of 94.8% and the amino acid differences are located in
the TM4-5 loop and in the carboxy-terminal cytoplas-
mic segment.

The synthesis and the biological data of compounds
1-22 are reported in Ref. 5. Calculations were per-
formed transforming the original affinity into:

Affinity = —log(1 + X))

and using it as Response variable.

With this transform the distribution of the activities is
almost uniform, without high leverage points, as ob-
served in the case of K histogram, and in any case better
than that obtained using the transform —logK; (pK)),
very commonly employed in QSAR studies (Fig. 2).

The docked energy conformations of compounds 1-22
previously determined by us* were used as input files
for DRAGON and Spartan. All calculations were run
on personal computers.

2.2. Descriptors generation

For each compound the package DRAGON, version
3.0, was used to calculate 1481 molecular descriptors
grouped as follows: constitutional descriptors (47),
topological descriptors (262), molecular walk counts
(21), BCUT descriptors (64), Galvez topological charge
indices (21), 2D autocorrelations (96), charge descrip-
tors (14), aromaticity indices (4), Randic molecular pro-
files (41), geometrical descriptors (58), RDF descriptors
(150), 3D-MoRSE descriptors (160), WHIM descriptors
(99), GETAWAY descriptors (197), functional group
descriptors  (121), atom-centered descriptors (120),
empirical descriptors (3), and properties (3). By means
of the ‘variable exclusion’ option in DRAGON, con-
stant variables, near constant variables, and correlated
pairs were discarded, leaving 730 descriptors. Further-
more, since numerous studies have highlighted the
importance of substitution on specific positions of aden-
osine skeleton (Ref. 5a and literature cited therein),
atomic charges, determined with semi-empirical AM1
calculations using Spartan 'O2°, on positions C2, C6,
N6, X2 (atom of the substituent on position 2 connected
to C2), 2'-ribose, 4'-ribose, and O-ribose atom, were
included. Calculated receptor-ligand binding energies
for 1-22, determined according to the procedure previ-
ously described,* were also added. A final matrix of 22
objects and 739 rows was thus obtained.

2.3. Variables selection

A more accurate selection of the information encoded
by the selected variables was carried out by means of
the CHECK module implemented in PARVUS. Eleven
blocks of predictors have been extracted from the origi-
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Figure 2. Diagram of K; versus —log(l + K;) and histograms of the
distribution of K;, —logK;, and —log(l + K;) values for compounds
1-22.

Table 1. Cut-off correlation coefficient and predictors retained in the
11 X-Blocks

Index Block 7 Retained predictors
1 A 0.99 332
2 B 0.95 173
3 C 0.90 112
4 D 0.85 76
5 E 0.825 60
6 F 0.81 55
7 G 0.80 50
8 H 0.775 43
9 I 0.75 40

10 L 0.725 33

11 M 0.70 28

nal data. The first block (X-block A, Table 1) contains
332 predictors. It was obtained by a preliminary selec-
tion technique based on the elimination of: (i) constant
predictors, (ii) predictor constants in one of the training
sets of cross-validation (CV) performed with five
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cancellation groups, (iii) one of two predictors with lin-
ear correlation coefficient r > 0.99, (iv) the predictors
that have less than four levels so that they cannot be
used in cubic regression.

Other 10 X-blocks (B-M) were obtained with the same
procedure, with a different cut-off value for the correla-
tion coefficient, from 0.95 to 0.7, as shown in Table 1.

As supplementary material available from authors,
Appendix I shows the elimination of the predictors in
detail. For example, predictor 3 (N6) was eliminated
in block H because its correlation coefficient with pre-
dictor 2 (C6) was larger than the cut-off value for exam-
ple of 0.775. Appendix II lists and briefly describes all
predictors used in this study.

2.4. Chemometric strategies

To evaluate the relevance of the selected predictors with
regard to the possibility of prediction of the biologic
activity, the following techniques have been applied:

Partial least-squares (PLS) regression.!'%!!

Stepwise ordinary least-squares (SOLS) regression.!
Iterative predictor weighting PLS (IPWPLS).!?
Iterative stepwise elimination PLS (ISEPLS).!3
Uninformative variable elimination PLS (UVEPLS).!*

0

Generating  optimal  linear PLS  Estimations
(GOLPE).!>:16

Quadratic stepwise regression (QSR).

Alternating conditional expectations (ACE)
regression.!’

Moreover, in the development of data analysis, we also
used principal component analysis (PCA)'%!! and clus-
tering analysis'® with seriation.'”

All these techniques are used as implemented in PAR-
VUS,”® where they are included with minor differences
in comparison to the original algorithms.

Only the first regression technique works with all the
predictors; the other techniques search for a subset of
relevant predictors under the hypothesis of linear rela-
tionships (SOLS, IPWPLS, ISEPLS, UVEPLS, and
GOLPE) or of nonlinear relationships (QSR, ACE).

In the above techniques, the strategies used to select the
relevant predictors are very different. The performances
of these techniques have never been compared before,
only some papers employing two or three techniques
are presented in the literature. For the selection of useful
predictors many other techniques are however available,
as those based on genetic algorithms (GA)?° used with
OLS or PLS?!' or those based on modified techniques
as LASSO.??

Thus, in this work many different selection techniques
were used to search for their consensus regarding the
most important predictors and in order to avoid the pos-
sibility of overestimating the prediction ability. GA selec-
tion was used only in the exploratory analysis. The results

obtained varied greatly depending on the settable param-
eters (number of GA runs, number of epochs, elitism,
mutation probability, maximum number of selectable
predictors, and number of CV groups). The selected pre-
dictors became very different depending on the parame-
ters; the complexity of the models was always being
very large. In fact, GA selects the predictors optimizing
the prediction ability which is always overestimated when
the number of selected predictors and the complexity of
PLS model approach the number of objects. Data were
always autoscaled, that is, for each variable (predictors
or Response) its mean was subtracted and the result
was divided by the standard deviation. Mean and stan-
dard deviation were computed only with data in the train-
ing sets '' and used to scale data in the evaluation sets.
Validation was performed by means of CV!? with the
leave-one-out procedure or with five cancellation groups.

Cross-validation is generally a good method to evaluate
model quality because it consists in the prediction of
the response for each object using a model built without
considering the information related to this object.
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Figure 5. V-GOLPE evaluation of the 332 predictors (X-block A).

However, in some cases, calibration methods need opti-
mization steps based on CV, and the prediction ability
of the computed models becomes overestimated. Conse-
quently, our study was enlarged creating a little external
test set (four molecules). Due to the reduced number of

Table 2. Percent explained variance and cumulative explained variance
with PCA applied to X-Block A plus the Response

Component % Expl. variance % Cumulative
1 66.00 66.00
2 7.85 73.85
3 5.46 79.31
4 3.29 82.60
5 2.97 85.57
6 2.47 88.04
7 2.11 90.14
8 1.74 91.88
9 1.16 93.05

10 1.09 94.13
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available molecules compared to the predictor number,
the external set was chosen in order to permit anyway
an optimal construction of the calibration models. The
training set molecules have been selected to spread
throughout the entire predictor space. The space-filling
Kennard and Stone?* algorithm was applied using the
first 10 principal components of the autoscaled data,
considering 94% of total variance. Seventeen objects
were selected for training set and the molecules 3
(CHA), 5 (R-PIA), 6 (HPIA), and 10 (NNC-901515)
formed the test set. Calibration models have been stud-
ied on the remaining 18 molecules, optimized by means
of cross-validation, and finally tested on the other four
molecules totally stranger to the sequential steps of
model building. All the different selection strategies were
tested on this data set.

In the case of our data matrices, it is impossible to apply
ordinary least-squares regression (OLS), because the
number of variables is larger than the number of objects,
so the information matrix of OLS cannot be inverted.
Thus, biased regression techniques have been applied.

PLS!'%! regression has been widely applied to QSAR
problems in the past few years. It can work with the
complete matrix of the predictors. PLS computes ‘latent
variables,” linear combinations of the predictors. The
first latent variable is the linear combination of predic-
tors with the largest covariance with the Response vari-
able. From the loadings of the predictors on the latent
variable it is possible to obtain the so-called closed form
of PLS, with provisional values of the b coefficients:

j/:b0+b1x1+--~+bvxv+-~-+beV:XTb. (1)
To compute the second latent variable, only the infor-
mation orthogonal to the first one is retained in the
X-block of the predictors, and the vector of the
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Responses is substituted by the residuals, that is, the dif-
ference between the original Responses and the values
estimated by Eq. 1. After the selection of the model
complexity (number of latent variables in the final PLS
model) corresponding to the minimum residual standard
deviation of the prediction of the Response (SEP), the
final values of the b coefficients of Eq. 1 are computed.

SEP, standard error of prediction, frequently indicated
with other acronyms as SDEP for standard deviation
of the error of prediction, or RMSECYV for root-mean-
square error of cross-validation, is measured on the
evaluation sets of cross-validation:

_ Zivzl(yi_j}i)z
SEP = || == (2)

where NV is the number of objects.

SOLS!%8 is probably the oldest biased regression tech-
nique. It first selects the predictor with the largest corre-
lation coefficient with the Response, then the predictor
with the largest correlation coefficient with the residuals,
and so on. In each step, an F test is applied to evaluate
the significance associated with the introduction of a
new predictor in the model. The number of predictors
selected i1s always small. So, the information matrix
XTX can be inverted and the usual algorithm of multiple
linear regression can be applied.

IPWPLS,'? ISEPLS,'® UVEPLS,'* and GOLPE!>! are
techniques developed to eliminate the useless predictors,
associated to the PLS algorithm. The first two methods
found their elimination strategy on an iterative proce-
dure. PLS regression is repeated many times gradually
reducing the number of predictors depending on their
importance, product between the absolute value of the
regression coefficient b, and the standard deviation s,
(1 in the case of autoscaled data). In each step, IPW
modify the effect of each predictor weighting it by its
importance, ISE simply deletes the less important ones
(one or more predictors at time). Figure 3 shows how
the predictive ability varies in ISE, applied on data set
A by eliminating, in each cycle, the worst predictors,
having less than 3% of the residual predictors eliminated
in each cycle. The final model is the one with the maxi-
mum predictive ability.

UVEPLS'# adds random variables, with very small val-
ue, to the original predictors and computes the reliabil-
ity ¢, of each predictor v, original or artificial, as the
ratio between the corresponding PLS regression coeffi-
cient b, and its standard deviation, s,,. The cut-off value
for the elimination of non-informative original predic-
tors is the maximum absolute value of the coefficient
¢, for the added artificial predictor, or the value corre-
sponding to their «% quantile (usually 95%). Figure 4
shows the results obtained by 95%-UVE on data set A.

GOLPE'>! found its elimination strategy on the study
of a large number, M, of ‘PLS reduced models,” obtained
deleting some variables at time. The presence or absence
of the predictors in each model is defined in a ‘design

matrix’ built by means of fractional factorial design
(FFD) scheme.

In this study, this method was used as implemented in
V-PARVUS, as V-GOLPE. The design matrix is
obtained by random generation (at a pre-selected
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Table 3. Results of regression techniques, grouped for X-block

X-Block Technique Predictors Complexity % Fitting R? SEC % Prediction R* CV SEP
A PLS 332 4 94.74 0.169 43.71 0.576
SOLS 6 6 95.30 0.189 90.21 0.237
IPW 7 5 93.70 0.185 91.70 0.221
ISE 24 6 99.67 0.043 95.62 0.158
UVE 6 4 48.66 0.529 31.12 0.627
UVE 99% 22 4 88.61 0.249 69.62 0.417
UVE 95% 36 4 91.11 0.220 71.86 0.401
UVE 90% 36 4 91.11 0.220 71.86 0.401
QSR 3 6 89.80 0.236 86.72 0.280
ACE 8 99.46 0.067 95.60 0.151
B PLS 173 3 85.80 0.278 38.89 0.600
SOLS 9 9 97.43 0.118 95.88 0.153
IPW 7 5 93.69 0.186 91.72 0.221
ISE 30 6 99.81 0.021 96.42 0.143
UVE 95% 20 9 96.22 0.144 68.88 0.422
QSR 5 10 91.85 0.211 91.38 0.225
ACE 8 99.97 0.014 96.29 0.139
C PLS 112 10 99.92 0.019 39.60 0.597
SOLS 10 10 96.62 0.136 92.96 0.169
IPW 13 9 98.65 0.086 96.94 0.134
ISE 21 8 99.79 0.034 97.77 0.113
UVE 95% 16 11 96.15 0.145 49.37 0.538
QSR 5 10 91.85 0.211 91.38 0.225
ACE 10 99.96 0.020 95.55 0.152
D PLS 76 10 99.90 0.024 46.55 0.561
SOLS 4 4 77.12 0.393 68.55
IPW 12 10 98.49 0.091 91.85 0.219
ISE 19 10 99.81 0.033 98.53 0.092
UVE 95% 11 7 91.80 0.212 76.06 0.370
QSR 5 10 91.85 0.211 91.38 0.225
ACE 10 99.97 0.017 96.05 0.143
E PLS 60 13 99.98 0.011 53.18 0.525
SOLS 4 4 77.12 0.393 68.55 0.340
IPW 7 7 96.06 0.147 90.71 0.234
ISE 30 6 98.86 0.079 85.30 0.290
UVE 95% 7 2 64.28 0.441 49.02 0.540
QSR 5 10 91.87 0.211 92.76 0.207
ACE 10 99.94 0.025 96.16 0.141
F PLS 55 9 99.84 0.030 47.58 0.556
SOLS 4 4 77.11 0.393 68.55 0.424
IPW 13 9 98.57 0.088 91.41 0.225
ISE 17 8 99.60 0.047 97.16 0.127
UVE 95% 10 2 81.55 0.317 70.60 0.410
QSR 4 8 91.85 0.211 91.38 0.225
ACE 9 99.79 0.043 91.11 0.215
G PLS 50 9 99.84 0.029 49.92 0.543
SOLS 4 4 76.76 0.396 64.64 0.333
IPW 13 9 98.60 0.087 91.42 0.225
ISE 17 8 99.60 0.047 97.16 0.127
UVE 95% 8 2 70.24 0.403 44.27 0.564
QSR 5 10 91.85 0.211 91.38 0.225
ACE 8 99.72 0.048 88.63 0.243
H PLS 44 10 99.81 0.032 50.00 0.543
SOLS 4 4 76.76 0.396 64.64 0.333
IPW 9 4 94.20 0.178 90.46 0.237
ISE 17 9 99.06 0.072 96.21 0.147
UVE 95% 5 1 62.31 0.453 49.56 0.537
QSR 5 10 91.85 0.211 91.38 0.225
ACE 8 99.51 0.063 86.94 0.261
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X-Block Technique Predictors Complexity % Fitting R? SEC % Prediction R* CV SEP
I PLS 40 10 99.75 0.037 49.83 0.540
SOLS 4 4 76.76 0.252 64.64 0.333
IPW 7 4 93.12 0.194 87.49 0.271
ISE 17 10 99.65 0.044 97.63 0.116
UVE 95% 6 2 59.56 0.470 47.95 0.545
QSR 5 10 91.85 0.211 91.38 0.225
ACE 8 99.69 0.050 85.82 0.272
L PLS 33 9 99.49 0.053 51.71 0.533
SOLS 4 4 76.76 0.396 64.64 0.333
IPW 7 4 93.03 0.195 86.94 0.277
ISE 18 9 98.94 0.076 96.49 0.142
UVE 95% 3 2 48.66 0.529 40.37 0.584
QSR 5 10 91.85 0.211 91.38 0.225
ACE 7 99.69 0.048 88.95 0.240
M PLS 28 2 76.31 0.359 33.78 0.625
SOLS 4 4 73.06 0.426 20.62 0.674
IPW 5 3 72.83 0.385 66.80 0.442
ISE 14 1 71.89 0.392 54.21 0.512
UVE 95% 4 1 51.63 0.514 46.20 0.555
QSR 5 10 91.85 0.211 91.38 0.225
ACE 10 99.83 0.040 91.41 0.211
probability level) of the predictor condition used-not ¥y =by + bisxs + szxf. 4)

used. M is as large as desired (not a power of 2 as in
FFD) and it is possible to explore more combinations
of used predictors.

The effect of each predictor v, E,, is computed relating
the prediction ability of the models (SDEP values ob-
tained by means of cross-validation procedure) with
the presence or the absence of the predictor. The ob-
tained values are then compared to the effect of some
dummy variables, introduced in the design matrix, by
means of the CID, confidence interval of the effect of
the dummies (95% value of the Student distribution),
computed in V-GOLPE as:

D ™2
CID = ,/—Zdzl(f; 5 (3)

where Ej is the effect of each dummy variable E is their
mean effect (about 0 when D, the number of dummy
variables is large). The number of dummy variables
has no effect on the computer time.

From this comparison the predictors are labelled as
excellent, retained, excluded or uncertain.

V-GOLPE computes PLS models after the elimination
of Excluded predictors (Elimination level I), then after
the elimination of Uncertain predictors (Elimination le-
vel II), and finally only with the Excellent predictors
(Elimination level III). Figure 5 shows the results ob-
tained by V-GOLPE on data set A.

QSR is a stepwise procedure that selects in each step the
variable that best predicts (CV) Response values (or
residual values) by means of least-squares quadratic
regression, using a model as:

The difference with SOLS is not only in the form (qua-
dratic instead of linear) but also in the predictive evalu-
ation of the best predictor in each step.

ACE'" is a nonlinear regression method. It can be ap-
plied when the ratio between the number of objects
and number of variables is very high (at least 10).

In the ACE model, the Response variable is the sum of
smoothed functions of the predictors:

j/:b0+2tv(xy), (5)

The smoothed functions ¢, (x,) are not explicit functions
of the predictors, as the usual transforms, squares, log-
arithms, roots used, for example, in nonlinear OLS.
They are, instead, the result of ACE algorithm, and they
are obtained as piecewise linear functions of the
predictors.

In our case, ACE cannot be directly applied. So, a genet-
ic algorithm?® has been used to select a subset of predic-
tors with the best predictive ability.

Principal component analysis (PCA) and cluster analysis
(CA) have been used to help in the interpretation of the
results.

PCA was performed on the autoscaled data, to avoid the
effect of the different scale of the predictors (the ranges
are between 0.06 of 2’-ribose and 280,000 of pilD).
Table 2 shows how the first component explains a very
large fraction of the variance (66%). The second and
the third components explain a significant fraction of
the variance, then the eigenvalues decrease almost
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regularly that which usually indicates that they do not
carry interesting information.

The Biplot in Figure 6 indicates that the Response has a
very small loading on the first component, so that the pre-
dictors with large loadings on this component and small
loading on the other components are non-informative.

In CA, the similarity between two variables (predictors
and Response) has been described by the absolute val-
ue of their correlation coefficient. The matrix of the
similarity can be used to single out clusters of similar
variables by means of the agglomeration technique ‘sin-
gle linkage unweighted.”'® The dendrogram was modi-
fied by means of ‘seriation,’’® a procedure that swaps
the predictors in the similarity matrix to obtain a better
order of their position in the abscissa of the dendro-
gram of similarities. Part of the so-obtained histogram
is shown in Figure 7. In the dendrogram, only the two
extremes are represented. In the upper part, it is possi-
ble to recognize the Response, so that the upper part of
the dendrogram contains the predictors with a general-
ly high correlation with the Response. Instead, the low-
er part of the dendrogram contains the predictors with
a generally poor correlation to the variables in the
upper part.

3. Results and discussion

The most important results of the regression techniques
are listed in Table 3. The results obtained with GOLPE
are given in a separate table (Table 4) because of the
multiple possibility of selection for a given X-block.
The eight techniques can be divided into three groups:
(a) PLS, working on the complete matrix of the predic-
tors; (b) SOLS, IPWPLS, ISEPLS, UVEPLS, and GOL-
PE that perform, with a different criterion, the selection
of the relevant predictors; (¢) QSR and ACE that are
nonlinear techniques working with a selection of
predictors.

The results of all the techniques more or less depend on
the value of the following selectable parameters:

o the criterion used to select the optimum complexity of
the model in PLS and related methods;

e the number of CV groups in PLS and related
methods;

e the critical value of F-to-enter and of F-to-remove in
SOLS;

e the number of predictors cancelled in each cycle in
ISEPLS;

o the value of «, the number of noisy artificial predic-
tors, and the randomization seed in UVEPLS;

e the number of reduced models and of dummy vari-
ables in GOLPE.

Therefore, results are not very indicative of the ‘good-
ness’ of a selection technique even if the technique is
correctly applied. Moreover, a regression model must
be evaluated not only with reference to the predictive
ability, but also on the basis of the number of predictors

Table 4. Results obtained with GOLPE

X-Block

Elimination Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction Predictors % Prediction

R?CV

R?CV

R CV

R CV

R CV

R CV

R CV

R?CV

R?CV

R CV

(6%

level

33.78
55.35
78.87

28
23
13

51.71
81.20
85.64

77.21

49.83
86.78
88.16

40
31
17

8

50.00
81.71
80.19

43
32
21

49.92
5111
62.82

50
43
25

47.58
58.26
75.28
68.48

55
46
29
14

53.18
60.83
64.38

60
51
30

53.60

46.55
68.54

76
69
37

39.60
57.21
73.89

112
54
14

103

38.99
57.94
70.55

173
156
82
21

47.71
56.58
78.38

332
317
167

None

62.89

8

72.02

62.34 11 87.74

10

11 58.32

14 59.29

35.84

63.53

21 4837

I
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Table 5. Predictor selected by SOLS

A B C D,E, F G, H ILL M
E binding E binding E binding E-binding E-binding E-binding
HATSm * C6 4/-Ribose 4/-Ribose 2’'-Ribose 2’'-Ribose
RDF070v 4’-Ribose RBN NCIC TIE T(N-CI)
RDFO085u O-Ribose Ram HATSm HOm TE2
Mor04u D/Dr06 SRWO05
RDF025u SP02 RDF060m
L2m RDF120m HATSm

HATSm RTu

nCaH nHDon

The gray background indicates predictors that are eliminated in the next X-block(s).

#HATSm removed by F-to-remove F test after L2m entered.

selected and of its complexity (the number of latent vari-
ables in the case of PLS).

However, some general trends can be observed and,
finally, the objective of the selection is to have a reliable
evaluation of the most important predictors and of the
validity of the associated regression models (Tables 3
and 4).

With PLS, the predictors fit the Response almost per-
fectly, but the predictive ability is very poor. The
explained variance increases from 40% to about 50%
with the decreasing number of predictors (from
X-block A to X-block L), if the elimination based on
the correlation coefficient is not too heavy, as in
X-block M. The elimination of very correlated predic-
tors seems to have a positive effect, although it is not
sufficient to obtain a model with good predictive
performances.

Other linear biased techniques generally behave better
than PLS. SOLS selects a very small number of predic-
tors and shows a good predictive ability, while IPWPLS
selects more predictors but with a significant improve-
ment of the predictive importance in comparison with
SOLS. ISEPLS chooses about a double amount of the
predictors selected by SOLS and IPWPLS, but with
the highest predictive ability. However, the increase of
predictive ability from IPWPLS to ISEPLS seems not
so large to justify the increase in the number of predic-
tors. GOLPE produces good results when the prelimin-
ary selection has been rather important so that it works
on only 43 variables (X-block H) or less. The results ob-
tained with UVEPLS are rather irregular. Contrary to
GOLPE, UVEPLS behaves better when the number of
original predictors is rather large.

It must be noticed that IPWPLS not only selects but also
weighs predictors. On the contrary, ISEPLS in the PLS
algorithm uses the autoscaled predictors without further
weighting. Suitable weights applied to the predictors can
improve the prediction ability and generally the weights
applied by IPWPLS decrease SEP in a significant way.
Moreover, as concerns UVEPLS it should be underlined
that it does not use the prediction ability to select the
predictors. In ISEPLS, IPWPLS, and GOLPE
techniques, the evaluation set is more a set of predictive
optimization than a true evaluation set. So, it can be

concluded that these techniques are optimistic and
UVEPLS ‘honest.’

A further element that should be evaluated is that SOLS
and IPWPLS do not select very correlated predictors.
When two or more predictors are useful but bring al-
most the same information, SOLS always and IPWPLS
generally select only one of them. On the contrary, both
UVEPLS and GOLPE select all the similar useful
predictors.

Moreover, it is necessary to recognize that with the
above-discussed techniques, based on the selection of
useful predictors, a large predictive ability can be ran-
dom when the number of objects is low and the number
of predictors is very large. The effect of chance can be
lower than that foreseen because of the correlation be-
tween the predictors, so that we do not have 332 or
173 or 112 or less independent predictors but as many
as the number of significant components of the X-blocks
(18, 16, and 14, respectively, for X-blocks A-C, accord-
ing to the Kaiser criterion®*).

A further encouraging feature is that the different
regression techniques applied in this study produce
similar results also in the selection of the predictors,
as shown in Tables 5-7. In fact, many predictors are
selected among those ones in the upper part of the den-
drogram in Figure 7 (high correlation with the Re-
sponse), some among those ones in the lower part
(low correlation with the Response), and few of them
in selected regions not shown in Figure 7. This means
that different approaches converge on seclecting the
same predictor or, in any case, very similar predictors,
generally from the same cluster.

The selection of predictors with small correlation with
the Response seems a nonsense. Referring to the case
of SOLS, after the first predictor has been selected, the
second predictor will be the one most correlated with
the residuals. Obviously, the residuals and the first pre-
dictor are orthogonal (no correlation between them), so
that the second predictor will preferably be orthogonal,
with very small correlation with the first one.

Figure 8 and Table 8 show the predictors selected by
SOLS, IPWPLS, UVEPLS, and GOLPE with reference
to the dendrogram in Figure 7.
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Table 6. Predictors selected by IPWPLS, with their weight

I, L

Weight Variable Weight Variable ~ Weight

Variable

0.123884 E binding

Weight
0.084999 C6

Variable

Weight
0.086869 E binding
0.000000 N6

Variable

0.089708 E binding

Weight
0.085405 C6

Weight Variable

Variable

0.110533  E binding

Weight
0.168778 C6

Variable

E binding 0.329658

2'-Ribose

0.159024  4'-Ribose
0.177862 TE2
0.101614

0.089465
0.046947 RDF060m 0.051634 RDF060m 0.081783

E binding
0.142211

0.087201

E binding

N6

0.095121
0.045941

E binding

Co

0.090472
0.195265
0.197576
0.187029

0.136242 Co6

0.164908 4’-Ribose
0.172910 SPI

0.081830 4’-Ribose
0.083952 SPI

0.084936 2'-Ribose

0.062060 N6
0.040533

0.051492  2'-Ribose

0.087295 N6

4/-Ribose
DELS

0.068206 4’-Ribose

0.037000 4’-Ribose nDB
0.050556 0.068873

0.112098 2'-Ribose

RDF030m 0.165517 4/-Ribose

nCrHR

0.103327 T(O-O)

0.093647 T(O-O)

nDB

0.079042 T(N-N)

0.047321

nDB

0.290725 SEigp
0.109260 RDF030m 0.105222 RDF030m 0.092484 L2m

RDF045u

0.171681 nDB 0.082616 DELS

u
nCaH

0.248040

nCrH2

0.034548
0.249215
0.000014

0.075777 RDF045u

0.184099 SP04

nCrH2
H-046

0.295170 RDFO050m 0.084577

0.214682 RDFO030m 0.092640 RTu

RDF045u
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RDF060m 0.072155

RDF030m 0.076305 RDFO050m 0.055277

RT

RDF070m 0.041496

0.170777
0.098335
0.069643

0.191036 RTu

0.050873
0.028602

u

0.057413
0.080100
0.056516

Rtu

RTv

nCrH2

nCrH2

nCrH2

nHAcc

nCrHR

#The same predictors have been selected, with about the same weights (the weights in the table refer to X-blocks A, F, and I).

E binding, the predictor with the largest correlation
coefficient with the Response, is always selected. In addi-
tion, among the predictors with high correlation with
the Response, C6, 2'-ribose, 4’-ribose, RDF060m,
nCrH2, H-046, and RTu are very frequently retained.

Among the predictors with the minimum correlation
with the Response, the selection techniques usually
chose at least two lowest in the family HATSm,
RDFO030m, SPI and two or three predictors in the family
nCrHR, BAC, nDB, T(O-0).

So the following predictors can be considered the set of
surely informative predictors: E binding, C6, 2’-ribose,
4'-ribose, HATSm, RDFO030m, SPI, nCrHR, BAC,
RTu, T(O-0).

The PLS model derived from these 11 predictors has a
leave-one-out explained variance of about 70% with
only two latent variables: it is economical (11 predic-
tors), simple (2 latent variables), and its predictive abil-
ity, compared with the extreme values of 95% or more
reached by ISEPLS, IPWPLS, and SOLS, can be con-
sidered reasonable.

The loadings of the two latent variables are shown in
Figure 9A. The first PLS component is clearly associat-
ed to the predictors with a large correlation to the Re-
sponse, the second component is associated to the
predictors with a small correlation to the Response.
The second PLS component is mainly used to improve
the prediction of objects 2 and 13 (Figure 9B), much less
that of objects 3, 14, and 21. The prediction error of the
other objects is almost the same as with one or two la-
tent variables.

Nonlinear techniques are more sensitive than linear ones
to chance correlation. So their results can be accepted
only in the case of very clear relationships. In spite of
the apparently excellent prediction power, the results
obtained with ACE are not so important. Frequently
ACE confirms a linear relationship between Response
and predictor. A good model has never been obtained
just with 1-3 predictors.

The effect of chance is important in Quadratic stepwise
selection. The selection of a new predictor continuously
decreases the leave-one-out prediction error. The num-
ber of selections for data in Table 3 has been obtained
by a procedure similar to the Scree test!%!":!° shown in
Figure 10 for X-Block B. After the fifth predictor is
entered, the CV explained variance increases almost
linearly, and it seems that this fact indicates casual cor-
relation, so only the first five predictors selected can be
considered as significant. However, in spite of this test,
the results of nonlinear regression can be considered
positive because they generally confirm the choice of
the predictors selected by the linear methods, so that
we can conclude that there is not any clear nonlinear
relationship with a small number of predictors.

The results obtained with the 18 molecules of the
reduced calibration set are less homogeneous than those
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Table 7. Predictors selected by UVEPLS

A B C D E F G H 1 L M
E binding E binding E binding E binding E binding E binding E binding E binding E binding E binding E binding
C6 C6 C6 C6 C6 C6 C6 C6 C6 RDF060m C6
C2 C2 C2 nBM nBM RBN RDF030m RDF060m RDF060m nCrH2 nDB
R2 nDB nBM nDB RDF045u »DB RDF050m »nCrH2 nCrH2 T(0-0)
nBM nAB BAC RDF045u RDFO030m TIE RDF060m H-046 NCrHR

nDB SMTI VRALI RDF030m RDF060m RDF030m RDF070m H-046

nAB BAC RDF045u RDF060m nCrH2 RDF060m nCrH2

SMTI TE2 RDF070u  RDF070m RDF070m H-046

TII RDF045u RDFO030m RTu nCrH2

TI2 RDF060u RDF050m RTe H-046

D/D RDF070u  RDF060m nCrH2PLS

BAC RDF050m RDF070m

EiglZ RDF060m RDFO030v

Eiglv RDF070m RTu

TEl RDFO030v  nCrH2

TE2 L2m H-046

HOMT RTu

DP09 nCrH2

DPI2 nCaH

SP0O7 C-024

SP09

SP10

SP11

RDFO035u

RDF070u

RDFO050m

RDF070v

RDF060p

RDF070p

Am

Av

Vm

HTv

HTp

RTu

nCaH

obtained with total set because the loss of four mole-
cules is important. However, it is possible to find some
fairly good models, generally built on intermediate data
set, where the more correlated predictors have been
already deleted.

Once more PLS regression gives models with very
good fitting ability but poor prediction, the best re-
sult having been obtained on data set E. Other tech-
niques based on PLS algorithm, as ISE, IPW, UVE
or GOLPE, can give best results choosing accurately
setting parameters. Table 9 shows, as an example,
some obtained results.

More important considerations can be made about the
predictors selected by all the applied techniques since
all the 11 predictors underlined as important in the first
part of this study are included between the first variables
selected by each regression method.

PLS regression applied considering only these 11
variables gives results similar to those obtained on the
complete set, without relevant variation in the » model
coefficients. Model explains, with two latent variables
82% of total variance in fitting, 64% in leave-one-out

cross-validation, and 84% of total variance of the exter-
nal test set.

Thus, the results of our chemometric approach con-
verge in identifying 11 predictors, selected both by lin-
ear and nonlinear methods, which are extremely
important in determining a good affinity of the ligand
toward the receptor. The E binding predictor, namely
the receptor—agonist binding energy calculated with
the docking program QXP,*23 is the descriptor which
displays the highest correlation with the biological Re-
sponse. Its important role could be deduced from the
fact that this predictor should encode more clearly
than other ones the enthalpy of binding and thus
for the affinity. However, as it has widely been dis-
cussed in the literature,?® many different docking pro-
grams are not able to correctly evaluate the various
terms contributing to the quantification of the free
energy of the binding process, due to the ‘goodness,’
of their scoring functions. In this study, the chemo-
metric results confirm the ability of the docking pro-
gram QXP to correctly evaluate binding free
energies, in order to rank different ligand-receptor
complexes. Moreover, they give further evidence to
the reliability of the theoretical model of the human
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Figure 8. Scheme of different selections of predictors with different
techniques. Black boxes correspond to the selected predictors ordered
as in the dendrogram of similarities (Fig. 7).

A, receptor recently published by some of us.* Be-
sides, the descriptor C6, atomic charge on carbon
atom on position 6 in the adenosine ring, and the
descriptor N6, charge on position N6, are highlighted
as important parameters. This result is in agreement
with previous SAR studies®® and with our recent find-
ing,* and underlines the importance of specific substit-
uents at position 6 of the purine core for determining
a high affinity toward A, receptor. The descriptors 2'-
ribose and 4'-ribose, namely the atomic charge on
positions 2’ and 4’ of the ribose ring, according to
our recent docking studies* were expected to be relat-
ed to the affinity toward A, adenosine receptor. How-
ever, docking studies did not allow estimating their

real importance in comparison with the influence
exerted by modifications of electronic features on
other key positions of the adenosine structure. This
information is now ‘extractable’ from the dendrogram
of Figure 7, which underlines that electronic proper-
ties on the positions 2’ and 4’ clearly play an impor-
tant role in determining the A; affinity value. In this
study, GETAWAY (GEometry, Topology, and
Atoms-Weighted AssemblY) descriptors,>’-*® imple-
mented in DRAGON, were able to decode a large
part of the information deriving from the A; AR-li-
gand interaction. They are based on a leverage matrix,
similar to the one defined in statistics and employed
for regression diagnostics, called molecular influence
matrix (MIM). This MIM is used as molecular repre-
sentation calculated from the spatial coordinates of
the molecule atoms in a chosen conformation. The de-
rived descriptors try to match 3D-molecular geometry,
provided by the MIM and atom relatedness by molec-
ular topology, with chemical information by using dif-
ferent atomic weightings (e.g., atomic mass,
polarizability, van der Waals volume, and electronega-
tivity). GETAWAY descriptors are divided into two
different sets: H-GETAWAY, derived by using only
the information provided by the MIM and R-GET-
AWAY, derived by joining the MIM information with
the geometric interatomic distances in the molecule. In
this study, the HATSm (leverage-weighted total index/
weighed by atomic masses) and RTu (R total index/
unweighted) descriptors became the most predictive
ones. Since these variables take into account different
important contributes, the information deduced from
their correlation with the A, affinity value is not as
neat as in the case of E binding. In any case, these re-
sults underline that 3D-information, derived from the
conformations selected by our docking studies,* is
essential for describing in a complete way the binding
event. In addition, radial distribution function (RDF)
descriptors,?® implemented in DRAGON, and encod-
ing for 3D-structure information, became useful in
describing the same event. Interestingly, a very recent
study published by Gonzales’® on A,z agonists has
identified RDF descriptors as important for deriving
a useful QSAR model. Taking into account the high
degree of similarity existing among adenosine recep-
tors and among adenosine agonists, the agreement of
our results with those from Gonzales states, once
more, the role of RDF descriptors and confirms the
validity of the chemometric results obtained. More-
over, for an optimal predictive ability of the above-
discussed regression models, some topological
descriptors, namely superpendentic index (SPI), bal-
aban centric index (BAC), and T(O~O) (sum of topo-
logical distances between O-0), plus some functional
and constitutional descriptors, namely nCrHR (num-
ber of ring tertiary C (sp3)) and #nDB (number of dou-
ble bonds), are required. They can all be included in
the large family of 2D descriptors, extensively used
in QSAR and in the screening of virtual libraries,
since they are rapidly computable from the molecular
formula, without doing any experiment. 2D descrip-
tors do not consider information deriving from
conformational aspects but encode very important



P. Fossa et al. | Bioorg. Med. Chem. 14 (2006) 1348-1363

1361

Table 8. Definition and description of the most selected variables in SOLS, IPWPLS, UVEPLS, and GOLPE regression models

Symbol Definition Class
RBN Number of rotatable bonds Constitutional descriptors
nDB Number of double bonds Constitutional descriptors
Ram Ramification index Topological descriptors
SPI Superpendentic index Topological descriptors
D/Dr06 Distance/detour ring index of order 6 Topological descriptors
T(0O-0O) Sum of topological distances between OO Topological descriptors
BAC Balaban centrix index Topological descriptors
SRWO05 Self-returning walk count of order 05 Molecular walk counts
SP02 Shape profile No. 02 Randic molecular profiles
SP04 Shape profile No. 04 Randic molecular profiles
DELS Molecular electrotopological variation Geometrical descriptors
RDF025u Radial Distribution Function—2,5/unweighted RDF descriptors
RDF045u Radial Distribution Function—4,5/unweighted RDF descriptors
RDF085u Radial Distribution Function—8,5/unweighted RDF descriptors
RDF030m Radial Distribution Function—3,0/weighted by atomic masses RDF descriptors
RDF060m Radial Distribution Function—6,0/weighted by atomic masses RDF descriptors
RDF070m Radial Distribution Function—7,0/weighted by atomic masses RDF descriptors
RDFI120m Radial Distribution Function—12,0/weighted by atomic masses RDF descriptors
RDFO070v Radial Distribution Function—7,0/weighted by atomic van der Waals volumes RDF descriptors
RDF070p Radial Distribution Function—7,0/weighted by atomic polarizabilities RDF descriptors
Mor04u 3D-MoRSE—signal 04/unweighted 3D-MoRSE descriptors
L2m 2nd component size directional WHIM index/weighted by atomic masses WHIM descriptors
HATSm Leverage-weighted total index/weighted by atomic masses GETAWAY descriptors
RTu R total index/unweighted GETAWAY descriptors
nCrH2 Number of ring secondary C(sp3) Functional groups
nCrHR Number of ring tertiary C(sp3) Functional groups
nCaH Number of unsubstituted aromatic C(sp2) Functional groups
nHDon Number of donor atoms for H-bonds (with N and O) Functional groups
nHAcc Number of acceptor atoms for H-bonds (N, O, F) Functional groups
H-046 H attached to CO(sp3) no X attached to next C Atom-centred fragments
C6 Atomic charge on position 6 of the adenosine ring
N6 Atomic charge on N6 position of the adenosine ring
2’-Ribose Atomic charge on position 2’ (ribose) of the adenosine ring
4’-Ribose Atomic charge on position 4’ (ribose) of the adenosine ring
E binding Calculated binding energy
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Figure 9. (A) Loadings of PLS latent variables for the model with the selected 11 predictors. (B) Absolute error of prediction with one and two latent

variables for the model with the selected 11 predictors.

information on adjacency of atoms and groups, rela-
tive distances among different functional moieties,
etc. Their selection in our regression models clearly
demonstrates that adenosine agonists should be mole-
cules strictly related to the scaffold of adenosine and
suggests that in the case of adenosine agonists both

the 3D information deriving from a putative ‘active’
conformation assumed by the molecule and the 2D
information deriving from a high structural similarity
between the agonist and the natural ligand are neces-
sary for obtaining a good predictive ability of the
QSAR model.



1362 P. Fossa et al. | Bioorg. Med. Chem. 14 (2006) 1348—1363

-
o
o

©
o
|
|
|
|
|
|
\
*

4
7

"I/

il

30 T T T T T T T T
1 2 3 4 5 6 7 8 9 10

Entered Variables

C.V. Explained Variance (%)

Figure 10. CV % explained variance as a function of the number of
selected predictors (QSRdratic Stepwise Regression, X-Block B).

4. Conclusions

In this study, eight different prediction methods were
applied to investigate the complex relationships between
the K; (nM) affinity values and the molecular structure
on a data set of 21 selective A; adenosine agonists, plus
adenosine, to find out, among a large number of descrip-
tors encoding for the widest information, which molec-
ular properties are more strictly related to the
experimentally determined affinity values (K;). The
obtained results were carefully checked in order to avoid
any by-chance correlation and are in agreement with
recent literature data. They suggest that the ligand-A;
receptor binding is mainly described by the binding
energy calculated with suitable docking programs, by
the electronic properties on positions C6, N6, 2’, and
4’ of the adenosine scaffold and by some 3D and 2D
descriptors. The 3D and 2D descriptors encode, respec-
tively, for information deriving from a probable ‘active’
conformation of the ligand and for the degree of molec-
ular similarity between the agonist and the adenosine.

In conclusion, the results of the present work demon-
strate, through a QSAR study, that affinity prediction
toward A; AR is mainly due to specific substituents
on positions N6, 2’, and 4’, which play an important
role in determining the ‘active’ conformation and a
number of positive interactions with the counterpart,

Table 9. Results obtained on the reduced calibration set (18 objects)

and to the molecular similarity of the agonist with
adenosine core, in agreement with previous SAR
studies.>?

In addition, the chemometric approach here presented
underlines the usefulness of an ‘a priori’ evaluation of
the theoretical binding energy, through a docking study,
as a screening test in the quest for new selective and
highly effective compounds.
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