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Quantitative structure–activity relationship studies of vitamin
D receptor affinity for analogues of 1a,25-dihydroxyvitamin D3.

1: WHIM descriptors
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Abstract—The weighted holistic invariant molecular (WHIM) approach has been applied to the study of the VDR affinity of 86
vitamin D analogues. A model able to describe more than 71% of the variance in the experimental activity was developed with
the use of the mentioned approach. In contrast, none of three different approaches, including the use of BCUT, Galvez topological
charge indices, and 2D autocorrelations descriptors, was able to explain more than 38% of the variance in the mentioned property,
even with more variables in the equation.
� 2005 Elsevier Ltd. All rights reserved.
1a,25-Dihydroxyvitamin D3 (calcitriol) is the hormonal-
ly active form of vitamin D3. Besides regulating calcium
homeostasis, this multifunctional hormone is also in-
volved in other cellular processes, including cell differen-
tiation, immune system regulation, and gene
transcription.1,2 These biological activities are mediated
by the vitamin D receptor (VDR),3 which is a member of
the nuclear receptor superfamily.4 However, the clinical
utility of calcitriol for treatment of cancers and skin dis-
orders is limited by its hypercalcemic effects. There is
accordingly much interest in the design and synthesis
of vitamin D analogues with more selective biological ef-
fects. To date, thousands of vitamin D analogues have
been synthesized and their biological activities evaluat-
ed.5 Many of them have already been developed, and
some are under development as clinical agents for treat-
ing metabolic bone diseases, skin diseases such as psori-
asis, immune disorders, or malignant tumors.6

Most of the analogues of calcitriol synthesized so far
show modifications at the side chain and conformational
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analysis has been carried out in order to predict a poten-
tially active side-chain structure.7,8

However, a limited number of studies have been devoted
to the search for new potent vitamin D analogues using
quantitative structure activity relationship (QSAR).

Our research group has demonstrated that QSAR stud-
ies are a powerful method for the design of bioactive
compounds and the prediction of activity according to
physical and chemical properties.9–20 In this paper, we
describe for the first time the QSAR between the vitamin
D receptor and some analogues of 1a,25-dihydroxy-
vitamin D3 using the weighted holistic invariant molec-
ular (WHIM) descriptors. This molecular descriptor
compares favorably with the other three kinds of molec-
ular descriptors and proved to be superior in modeling
the biological activity under study.

The WHIM descriptors are built in such a way as to cap-
ture the relevant molecular 3-D information regarding
the molecular size, shape, symmetry, and atom distribu-
tion with respect to some invariant reference frame. The
algorithm consists of performing a principal component
analysis (PCA) on the centered molecular coordinates
by using four different weighting schemes. The four
weighting schemes are: (1) the unweighted case U
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(wi = 1, i = l,n, where n is the number of atoms for each
compound), (2) the atomic masses M (wi = mi), (3) the
van der Waals volume V (wi = vdwi), and (4) the Sander-
son atomic electronegativity E (wi = elni). For each
weighting scheme, a set of statistical indices is calculated
on the atoms projected onto each principal component
tm (m = 1,2,3).21

In this study, we have selected a data set of 86 analogues
of 1a,25-dihydroxyvitamin D3 whose affinity for VDR
was reported.22–35 The relative potency of the analogues
was calculated from their concentration needed to dis-
place 50% of [3H]-1a,25-dihydroxyvitamin D3 from its
receptor VDR in bovine thymus compared with the
activity of 1a,25-dihydroxyvitamin D3 (assigned a
100% value). The experimental values of this biological
activity and the structures of these analogues are provid-
ed as supporting information.

Before calculating the molecular descriptors, we carried
out geometry optimization calculations for each com-
pound of this study using the quantum chemical semi-
empirical method AM136 included in Mopac 6.0
computer software.37 Dragon38 computer software was
employed to calculate the molecular descriptors. Four
kinds of molecular descriptors including different
groups: BCUT, Galvez topological charge indices, 2D
autocorrelations, and WHIM descriptors21 were calcu-
lated for this set of compounds. Descriptors with con-
stant or near constant values inside each group of
descriptors were discarded. The statistical processing
to obtain the QSAR models was carried out using
regression multivariate technique employing the for-
ward stepwise method for the selection of variables.39

Analysis of residuals and deleted residuals from the
regression equations was used to identify outliers. The
statistical significance of the models was determined
examining the regression coefficient, the standard devia-
tion, the number of variables, and the proportion be-
tween the cases and variables in the equation. All
statistical analyses and data exploration were carried
out using the STATISTIC 6.0 software.40 The models
obtained were validated by calculating q2 values. The
q2 values are calculated from �leave-one-out� (LOO)
and �leave-group-out� (LGO) test known as cross-valida-
tion; in this last case, the 25% of the data was selected
for the analysis. The q2 values can be considered a mea-
sure of the predictive power of a regression equation,
whereas R2 can always be increased artificially by add-
ing more parameters (descriptors); q2 decreases if a
Table 1. Correlation coefficients among the eight most significant variables

L2m P1m L1v E1v

L2m 1.00 �0.89 0.04 �0.31

P1m 1.00 0.38 0.19

L1v 1.00 �0.19

E1v 1.00

E1e

P2s

Tu

Dm

Marked correlations are significant at p < .05000.
model is overparameterized and is therefore a more
meaningful summary statistic for QSAR models.

In this sense, the best QSAR model obtained with the
WHIM descriptors is given below together with the sta-
tistical parameters of the regression:

� logðVDRÞ ¼ �3:648� 7:853 � L2mþ 36:997

� P1m� 8:645 � L1vþ 25:155

� E1v� 24:251 � E1eþ 3:245

� P2sþ 7:603 � Tuþ 70:642 � Dm ð1Þ

N ¼ 86 R ¼ 0:857 S ¼ 0:734 F exp ¼ 26:72

p < 10�5 q2LOO ¼ 0:675 SLOO ¼ 0:813

q2LGO ¼ 0:653 SLGO ¼ 0:849;

where N is the number of compounds used, R is the
correlation coefficient, S is the standard deviation of
the regression, Fexp is the Fisher ratio at the 95% con-
fidence level, p is the significance of the variables in
the model, q2LOO, SLOO and q2LGO, SLGO are the square
of the correlation coefficient and the standard devia-
tion of the leave-one-out and leave-group-out cross-
validation, respectively. However, after an analysis of
the correlation between the variables in the equation,
one can conclude that there is collinearity among
the descriptors, as can be observed in the following
Table 1.

For that reason, an orthogonalization process is neces-
sary to eliminate this undesirable effect. Here, we used
the Randić orthogonalization method to correct this
problem.41–43 The main philosophy of this approach is
to avoid the exclusion of descriptors on the basis of its
collinearity with other variables previously included in
the model. The acceptable level of collinearity to avoid
is a more subjective issue. In the view of the authors,
the collinearity of the variables should be as low as pos-
sible because the interrelatedness among the different
descriptors can result in a highly unstable regression
coefficient, which makes it impossible to know the rela-
tive importance of an index and underestimates the util-
ity of the regression coefficient model.

The QSAR model obtained with the WHIM descriptors
after the orthogonalization process is given below,
together with the statistical parameters:
E1e P2s Tu Dm

�0.38 0.94 0.44 0.23

0.33 �0.97 �0.03 �0.23

�0.10 �0.26 0.91 �0.19

0.90 �0.19 �0.33 0.52

1.00 �0.30 �0.27 0.58

1.00 0.15 0.28

1.00 �0.12

1.00
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� logðVDRÞ ¼ �1:032� 0:358 � 1XL2m
� 0:714 � 2XE1e� 0:273 � 3XL1v
þ 0:631 � 4XE1vþ 0:459 � 5XDm ð2Þ

N ¼ 86 R ¼ 0:847 S ¼ 0:744 F exp ¼ 40:537

p < 10�5 q2 ¼ 0:679 Scv ¼ 0:793

q2LGO ¼ 0:652 SLGO ¼ 0:841

As a result of the orthogonalization process of variables
of model 1, three variables resulted in being statistically
not significant, and these were excluded in the final mod-
el (see Eqs. 1 and 2). These variables are P1m, P2s, and
Tu. The P1m is strongly correlated with L2m containing
89.12% of duplication. Also P2s is collinear with L2m
having a coefficient of correlation of 94.34. The L2m
was the variable taken as the first orthogonal descriptor,
and the rest of the descriptors were orthogonalized with
respect to it; therefore, those variables that have elevat-
ed correlation with it will have a major probability of
being excluded from the model.

Similar to the previous case, the Tu descriptor is highly
correlated with L1v (correlation coefficients of 91.61).
The Tu is a total size unweighted index; much related
to the index L1v that is the first component size direc-
tional WHIM index weighted by atomic van der Waals
volumes. This is probably the main cause for the lack of
Tu in the description of the VDR affinity.

The variables in the model (Eq. 2) encoded specific
structure information such as atomic distribution (E1v,
E1e, and Dm) and size (L1v and L2m) of the whole
molecular structure of the vitamin D analogues present
in this study.

This structure information could be very important in
the design of new ligands and had been proved previous-
ly in the X-ray crystal structure of VDR complex with
the vitamin D indicated, in addition to the cavity in
which the flexible C17 side chain moiety of this com-
pound is accommodated, the presence of an extra space
in the vicinity of the A-ring. It was suggested that sub-
stituents of synthetic A-ring analogues could occupy this
additional space. In this connection, another example of
the importance of the size and the atomic distribution in
this biological property was demonstrated by Fujishima
et al.22 These authors found that the simple introduction
of the second methyl group in a specific position can
cause approximately 100-fold reduction of the affinity
to VDR.

On the other hand, the variables in this model are relat-
ed to the electronegativity and the atomic mass. In a
general way, the electronegativity is the power of an
atom in a molecule to attract electrons itself. These elec-
tronegativity values are useful in determining the bond
polarity for the molecule. The bond polarity is a vector,
pointing from the atom with less electronegativity to the
atom with larger values. If the vector sum of bond polar-
ities of a molecule is not zero, the molecule is said to
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have dipole moment. The affinity of the VDR for these
compounds depends on the bond dipole moment. This
result is explained by the fact that when the total polar-
ity of molecules is increased, the hydrophobicity is low-
er, affecting the capacity of the molecule to permeate
across the biological membranes to reach intracellular
targets like VDR in different tissues and organs in the
body.

As we previously pointed out, one of the objectives of
the current work was to compare several kinds of molec-
ular descriptors for describing the property under study.
Consequently, we have developed three other models
using the same data set that was included in our QSAR
study with the WHIM descriptors. For this aim, the
BCUT, Galvez topological charge indexes, and 2D
autocorrelation descriptors were included. The results
of these models are shown in Table 2.

The statistical information for the best regressions of
affinity for VDR with these molecular descriptors shows
that the WHIM descriptors explain the experimental
variance of the data better than the other approxima-
tions. This behavior should be due to the fact that the
3D descriptors are better for modeling this biological
property than the 2D descriptors because it is well
known that the spatial configuration and the stereo-
chemistry of the ligands are determinant factors for
the affinity at the VDR.

On the other hand, the model presented by the 2D kinds
of descriptors included eight variables in their equations,
in comparison with only five in our model. From a
mechanistic point of view, inclusion of a variable into
a QSAR model suggests that the variable is related
directly as the chemistry of a molecule influences its bio-
logical activity. Whilst the affinity for VDR is certainly a
multivariate process, there are not an infinite number of
controlling factors, and QSAR would be expected to
have no more than a few factors controlling this biolog-
ical activity.

Finally, cross-validation LOO and LGO types were
developed, and it was possible to confirm that the
model obtained using the WHIM descriptors had a
greater coefficient of correlation ðq2LOO; q

2
LGOÞ and

showed a minor standard deviation (SLOO, SLGO) for
these tests (Table 2). For those reasons, we considered
that WHIM methodology can be a very useful tool for
the prediction of affinity for VDR of different vitamin
D analogues.

The prediction of affinity for VDR of vitamin D ana-
logues has been a goal of pharmaceutical companies
due to the importance of this biological property for
many pharmacological targets. For this reason, this in
silico method has been applied in order to predict this
property in the early stage of drug development and
some of them have become important tools in the selec-
tion of new drug candidates. In this study, WHIM
descriptor was used to predict this activity for a series
of compounds. The procedure has shown that a good
regression model can be obtained using the weighted
holistic invariant molecular descriptor weight by the
atomic Sanderson electronegativity, van der Waals vol-
ume, and atomic masses. The linear model developed
in the current work is easily calculated and suitable for
the rapid prediction of VDR affinity, and the cross-val-
idation of the final model supports this claim. This sug-
gests that the present method should be regarded as one
of the choices for lead optimization programs in the
drug discovery process.
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