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Abstract

The QSAR is an alternative method for the research of new and better Vitamin D analogues with affinity for the VDR receptor. This paper
describes the results of applying the Radial Distribution Function (RDF descriptors) approach for predicting the VDR affinity of 38 vitamin D
analogues. The model described 80% of the experimental variance, with a standard deviation of 0.35. Leave-one-out, bootstrapping and external
set validation were carried out with the aim of evaluating the predictive power of the model. The values of their respective squared correlations
coefficients were 0.72, 0.70 and 0.79. The RDF approach was compared with four other predictive models, but none of these could explain more

than 71.0% of the variance with six variables in their respective models.

© 2007 Elsevier Masson SAS. All rights reserved.
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1. Introduction

The active vitamin D;, la,25-dihydroxyvitamin Dj, is
a multi-functional hormone. In addition to its central action in
regulating calcium and phosphorus homeostasis, this hormone
plays a role in controlling growth and cell differentiation and
in immunomodulation [1,2]. 1e,25-Dihydroxyvitamin D3 has
been widely used as a potential therapeutic agent in the treat-
ment of bone metabolic diseases and the skin disorder psoriasis
[3,4]. However, the use of this vitamin is limited because a high
dose causes critical hypercalcemia. Vitamin D analogues which
have a selective activity profile, such as a high cell differentiat-
ing potential with little calcemic activity, have been developed
by structural modification of the parent la,25-dihydroxyvita-
min D;. However, a limited number of studies have been de-
voted to the search for new potent vitamin D analogues using
Quantitative Structure Activity Relationship (QSAR) [5,6].
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QSARs have been broadly used for some years in medical
research [7—9]. This methodology makes use of the molecular
descriptors offering valuable and simple information about the
structure of the molecules which is used later in the elabora-
tion of the predictive models. The use of this methodology al-
lows cost savings by reducing the laboratory resources needed,
and the time required to create and investigate new drugs with
certain desired biological activity [10].

For these reasons, our aim is to continue developing useful
QSAR models for predicting the VDR affinity for different
Vitamin D analogues in order to design new compounds
with better pharmacological and biological profiles.

2. Materials and methods
2.1. Data set

In this study, we have selected a data set of 38 analogues of
la,25-dihydroxyvitamin D3 whose affinity for VDR was

reported [11—14]. One of the most important steps in
computer-aided drug design is to have a representative and
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randomized training and predicting series. With this aim, we
selected training (31 compounds) and test set (7 compounds)
using K-means cluster analysis [15—18]. The application of
this statistical technique guarantee that the test set be represen-
tative of the training set. In other words all representative
compound of the test set in the multidimensional descriptor
space must be close to those of the training set.

The relative potency of the analogues was calculated from
their concentration needed to displace 50% of [3H]-la,25-
dihydroxyvitamin D5 from its receptor VDR in porcine intes-
tinal compared with the activity of 1a,25-dihydroxyvitamin
Dj; (assigned a 100% value). The experimental values of this
biological activity and the structures of these analogues are
provided as supporting information.

2.2. Radial Distribution Function descriptors

The 3D coordinates of the atoms of molecules can be
transformed into a structure code that has a fixed number of
descriptors irrespective of the size of a molecule. This task
is performed by a structure coding technique referred to as
Radial Distribution Function code (RDF code) [19,20]. In
general, there are some prerequisites for a structure code:

e independent from the number of atoms, i.e., the size of
a molecule,

e unambiguity regarding the three-dimensional arrangement
of the atoms, and

e invariance against translation and rotation of the entire
molecule.

Formally, the Radial Distribution Function of an ensemble
of N atoms can be interpreted as the probability distribution to
find an atom in a spherical volume of radius r [21]. The equa-
tion represents the Radial Distribution Function code as it is
used in this investigation:

N-1

) =F <3 D ane )

i

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
requirements of the information to be represented. The expo-
nential term contains the distance r; between the atoms i
and j and the smoothing parameter B, which defines the prob-
ability distribution of the individual distances. g(r) was calcu-
lated at a number of discrete points with defined intervals.
The atomic properties A; and A; used in this equation (see
supporting information) enable the discrimination of the atoms
of a molecule for almost any property that can be attributed to
an atom. Such distribution function provides, besides informa-
tion about interatomic distances in the whole molecule, the
opportunity to gain access to other valuable information,
e.g., bond distance, ring types, planar and non-planar systems
and atom types. This fact is a most valuable consideration for
a computer-assisted code elucidation. The Radial Distribution

Function in this form meets the entire requirement mentioned
above, especially invariance against linear translations.

2.3. Computational strategies

The structures of the compounds are firstly pre-optimized
with the Molecular Mechanics Force Field (MM+) procedure
and after that the geometries are further refined by means of
the semi-empirical method AM1 [22] included in MOPAC
6.0 [23] using the algorithm Polak—Ribiere and a gradient
norm limit of 0.01 kcal/A.

The DRAGON [24] computer software was employed to
calculate the Constitutional [25], Geometrical [25], Weighted
Holistic Invariant Molecular Descriptors (WHIM) [26,27],
GEometry, Topology, and Atom-Weights AssemblY (GET-
AWAY) [28,29] and RDF [20,21] descriptors used in this
study. Descriptors with constant or near constant values inside
each group of descriptors were discarded.

The mathematical models were obtained by means of the
Multiple linear Regression Analysis (MRA) implemented in
the STATISTICA software version 6.0. The Genetic Algorithm
(GA) was used as the variable selection strategy. The GA sim-
ulation conditions were 1000 generations, number of cross-
overs = 5000, smoothness factor =1, mutation probability
for adding new term =50% and 300 models populations.
Analysis of residuals and deleted residuals from the regression
equations was used to identify outliers. The statistical signifi-
cance of the models was determined by examining the squared
regression coefficient (Rz), the standard deviation (§S), the
number of variables, the Fisher ratio (F'), the Akaike informa-
tion criterion (AIC) [30,31] and Kubinyi function (FIT)
[32,33]. Also we developed a Randic orthogonalization pro-
cess of molecular descriptors in all models to avoid the collin-
earity among variables [34—38]. The main philosophy of this
approach is to avoid the exclusion of descriptors on the basis
of their collinearity with other variables previously included in
the model. In our view, the collinearity of the variables should
be as low as possible because the interrelatedness among the
different descriptors can result in a highly unstable regression
coefficient, which makes it impossible to know the relative
importance of an index and underestimates the utility of the
regression coefficient model [5,18,39—41].

2.4. Validation of the models

The robustness of the models and their predictivity were
evaluated by both q2 Leave-One-Out” (LOO) cross-validation,
bootstrap and a test set that was selected using K-means cluster
analysis [15—18]. In addition the proposed models were also
checked for reliability by permutation testing: new models are
recalculated for randomly reordered response (Y scrambling).
Evidence that the proposed model is well founded, and not
just the result of chance correlation, is provided by obtaining
new models on the set with randomized responses that have sig-
nificantly lower R? and ¢ than those of the original model.

Finally, the RDF descriptors model for the prediction of the
affinity for the VDR, explained in the previous section, was
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compared with the rest of the methodologies. The develop-
ment of the other models involved the use of the same data
set that we reported in the previous section. The comparison
was based on the quality of the statistical parameters of the
regression as well as the predictive capability of the models
generated.

3. Results and discussion

The preliminary models that we found taking into account
the descriptors derived by the RDF approach were the
following:

—log(VDR) =0.2666 x RDF140m — 0.236 x RDF055m
+0.119 x RDF095¢ +0.095 x RDF035m
—0.268 x RDF095m — 1.547 (1)

N=31,R*=0.70,S =0.49, F(5,25) = 11.54, p < 10>, AIC =
0.36, FIT = 1.03, Ofoo=0.56, Sio0=0.54, ggoor =0.50,
a(R*) =0.12, a(Q*) = —0.37, and R, = 0.33.

—log(VDR) =0.337 x RDF140m — 0.205 x RDF055m
+0.160 x RDF095¢ +0.427 x RDF035m
—0.241 x RDF035v —0.311 x RDF095m
—1.648 (2)

N=31,R*=0.78, S = 0.42, F(6,24) = 14.42, p < 107>, AIC =
0.29, FIT=1.29, Qfoo=0.67, Sioo="0.57, ¢hoor=0.65,
a(R? = 0.14, a(Q*) = —0.45, and Ri,r = 0.66.

We selected the model subjected to the principle of parsi-
mony [42]. Then, we chose a function with higher statistical
signification but having as few parameters as possible. For
that reason, although several models were developed for the
RDF, changing the number of variables in every step of the
analysis the best model obtained was the model with six
variables.

This affirmation is supported by the statistical and valida-
tion parameters of the models obtained. In this connection, an-
other criterion that we used is the ratio between the number of
cases and variables included in the model. It has been reported
that this relation is appropriate when there are five cases per
variable (5:1) has a minimum value [43]. As our training set
consisted of 31 compounds, the maximum number of variables
is six due to the seven variables in the model could be consid-
ered as overfit. We also applied the AIC and FIT to determine
if a variable should be included in the model. That is to say, if
the Akaike’s information criterion decreases in value when
adding an additional variable and the Kubinyi function in-
creases in value, then, the introduction of this new variable
is justified.

The quality of the statistical parameters for the model with
six variables was adequate. The introduction of new variable
improved the AIC (decrement from 0.36 to 0.29) and the
FIT (increased from 1.03 to 1.29). The statistical parameters
in this model improved with increases in the value of the R>,

and F, and a decrease in the value of S. Finally, the validation
parameters of model (2) are superior to model (1).

In spite of achieving adequate values of statistical parame-
ters, we thought that it was not enough to say that our model
was appropriate. Therefore, we carried out a comparison with
other methodologies to demonstrate the superiority of our
model. The results obtained from this comparison are given
in Tables 1 and 2. The meaning of the descriptors used in these
models is provided as supporting information.

As we can see in a general way, the model proposed using
the RDF descriptors shows a better statistical significance.
That is to say, the RDF ones explain more of the variance
of the data than the other ones using the same number of de-
scriptors in the equation (six variables). The value of the
squared regression coefficient for the RDF approach is
0.78 while the other methodologies have values never higher
than 0.71.

The RDF also presents the best validation parameters, re-
garding the better predictive power. The parameter ¢°, equiv-
alent statistically to R* shows its greater value in this
methodology for the two types of cross-validation LOO and
Bootstrapping (0.67 and 0.65, respectively). The rest of the
methodologies have lower values of ¢* than the RDF for
both cross-validation techniques. Finally, Eq. (2) has a better
prediction of the test set with a RZ,1 = 0.66 than the others
methodologies. For that reasons, we demonstrate once again
the superiority of the RDF methodology.

Once the superiority of our model was demonstrated for
predicting this biological activity, we will analyze some char-
acteristics of this one with the aim of improving its statistical
parameters.

The collinearity among the variables is an undesirable
effect because it can result in a highly unstable regression co-
efficient of these ones, which makes it impossible to know the
relative importance of an index and underestimates the utility
of the regression coefficient model [5,18,39—41].

Table 1
The statistical parameters of the linear regression models obtained for the five
kinds of descriptors involved in the comparison

Descriptors Variables R S F P AIC FIT

RDF RDF035m, 0.78 042 1442 <10 029 1.29
RDF055m,
RDF095m,
RDF140m,
RDFO035yv,
RDF095e

Constitutional Ss, Ms, nBM, 0.34 074 203 <1073 0.87 0.18
nCIR, RBF, nH

H3D, SPAN, 039 071 257 <107* 0.80 0.23
SPAM, ASP,
L/Bw, SEig

G2u, E3e, Plp, 071 049 956 <107° 039 0.85
Glp, Kp, Ds

HGM, H8v, H8p, 0.53 0.62 459 <107> 0.61 041
RARS, R4m™, Rée

Geometrical

WHIM

GETAWAY
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Table 2
The validation parameters of the linear regression models obtained for the five
kinds of descriptors involved in the comparison

Descriptors Variables qéV»LOO SCV—LOO L]]2300T R%XT

RDF RDF035m, RDF055m, 0.67 0.57 0.65 0.66
RDF095m, RDF140m,
RDF035v, RDF(095¢e

Constitutional ~Ss, Ms, nBM, 0.06 1.65 0.01 0.01
nCIR, RBF, nH

Geometrical H3D, SPAN, SPAM, —-0.33 1.86 0.01 0.05
ASP, L/Bw, SEig

WHIM G2u, E3e, Plp, 0.53 0.92 0.45 0.01
Glp, Kp, Ds

GETAWAY HGM, H8v, H8p, 0.23 1.17 0.13 0.01

RARS, R4m™, R6e

The QSAR optimal model obtained with the RDF descrip-
tors (Eq. (2)) after orthogonalization and standardization is
given below, together with the statistical parameters of regres-
sion analysis.

—log(VDR) = 1.119 — 0.181 x 'QRDF055m + 0.128
x 2QRDF140m — 0.171 x >QRDF035v
—0.315 x “QRDF095m (3)

N=31,R*=0.75,5 =044, F(4,26) = 19.73,p < 10>, AIC =
0.26, FIT = 1.67, Ofoo=0.66, Sioo=0.59, gioor = 0.64,
a(R*) = 0.08, a(Q*) = —0.31, and R,r = 0.73.

As can be seen, variables 3QRDF095¢ and *QRDF035m
were found to be not statistically significant: they are highly
correlated with the other variables and, at the same time,
they have the lowest contribution to the regression coefficients
in the third equation. Further, the significance of adding
*QRDF095¢e and *“QRDF035m into the model remains unclear
as seen from the modest improvements in R>.

On the other hand, the presence of outliers in QSAR
models can become a serious problem due to the fact that
the model is unable to predict its “real” biological activity.
In this connection, we looked for the presence of outliers in
Eq. (3), where one outlier, compound 16, was found because
this compound included in the training set had a standard re-
sidual value higher than 20, where 6 is equivalent to the

/‘\/'““

standard deviation and a relative high deleted residual, as
can be seen in the supporting information.

The new equation obtained with their statistical parameters
appears below:

—log(VDR) = 0.864 — 0.160 x 'QRDF055m + 0.096
x 2QRDF140m — 0.170 x QRDF035v
—0.311 x “QRDF095m 4)

N =130, R*>=0.80, S = 0.35, F(4,25)=24.91, p < 10>, AIC =
0.17, FIT =2.16, Qoo =0.72, Sioo=0.54, ggoor =0.70,
aR>)=0.07, a(Q>)=-038, and Rir-=0.79, where
'ORDF055m, °“QRDF095m, and *QRDF140m are the Radial
Distribution Function weighted by atomic masses at 5.5, 9.5
and 14.0 A, respectively. In addition >°QRDF035v is the Radial
Distribution Function weighted by atomic van der Waals vol-
umes at 3.5 A.

As can be seen, the statistical parameters of the equation
improved significantly from a statistical point of view, in com-
parison with the reported for Eq. (3). In addition, the results of
the LOO and bootstrapping validations demonstrated that the
results of the model were greatly improved. An additional
and conclusive probe that the new model is better from a statis-
tical point of view is the improvement of the AIC =0.17 and
the FIT =2.16 values. Therefore, this is new evidence that
compound 16 should be considered as potential outlier.

Although the biological phenomena are complex by nature,
in this work the VDR affinity of a set of 38 vitamin D analogues
was successfully modeled through multilinear regression anal-
ysis using RDF descriptors and Genetic algorithm as method
of variables selection. However, none of the other four kinds
of descriptors demonstrated potentialities for modeling this
biological property from a statistical point of view. The results
obtained here strongly suggest that the main features control-
ling the VDR affinity are the molecular size and shape of the
Vitamin D analogues.

Interpreting a QSAR model in terms of the specific contri-
bution of substituents and other molecular features to the mod-
eled activity is always a difficult work. In this paper, RDF
descriptors in model (4) suggest the occurrence of some linear
dependence between the affinity for VDR, the Vitamin D an-
alogues and the 3D molecular distribution of mass and van der

Fig. 1. Distances between different critical atoms that represent the relative values of mass and shape distributions at 3.5, 5.5, 9.5 and 14.0 A according to the

calculated RDF descriptors included in model (4).
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Fig. 2. Distances between different critical atoms that represent the relative values of mass and shape distributions at 3.5, 5.5, 9.5 and 14.0 A according to the

calculated RDF descriptors included in model (4).

Waals volumes calculated at radius ranging from 3.5 to 14.0 A
from the specific geometrical centers of each molecule.

The model was able to establish a reliable linear depen-
dence between descriptors just encoding the size and shape
of the studied molecules and their VDR affinity. This fact
strongly suggests that the main features controlling the VDR
affinity are the molecular size and shape of the Vitamin D an-
alogues of the whole molecule or a specific substituent or the
interactions among different sub-structure in the entire mole-
cule. Clear examples of this are shown in Figs. 1 and 2.

As can be seen, in these figures our model explains three im-
portant sub-structures that are responsible for the biological ac-
tivity of these molecules. These vitamin analogues are the best
biological activities in the set used in this study and their sizes
are about 15.73 and 18.87 A, respectively. These distances are
greater than the distance codified by 2QRDF140m descriptor in
the equation which means that all the sub-structures of the
whole molecule are interrelated. For that reason we think that
a little modification in any of these sub-structures may have
large effects in the contribution to the biological property of
the others ones. On the other hand, there exist three parts
well defined in these molecules that play an important role in
the explanation of their biological activities and that should
be the starting point for potential studies, such as the A, B rings
and the lateral chain of these analogues according to model (4)
(’QRDF035v; 'QRDF055m and ®*QRDF095m). These descrip-
tors codified these steric and shape factors at a radius more or
less coincident with the length of the side chain, the ring A and
B in Vitamin D analogues (see Figs. 1 and 2).

In the last 10 years, different protocols have been developed
for the measurement of the affinity of Vitamin D analogues for
the VDR. One of the principal tissues used in these protocols is
porcine intestinal VDR. This means that the biological activities
obtained with the use of different VDR tissues may not be op-
timal for QSAR models when included in the training set. Every
QSAR investigation is based on an assumption of certain homo-
geneity. This implies similarity in the biological mode of action
and measurement of biological activity of all the investigated
compounds. The infringement of this rule could without doubt
lead to bad interpretation of the models and the action mecha-
nism of the compounds in an established target. For that reason,
QSAR models should be realized for each VDR type in order to
facilitate the research in this topic. They can without doubt be
useful in the design of new Vitamin D analogues with better bi-
ological and pharmacokinetic profiles.
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