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A molecular electronegativity distance vector based on 13
atomic types (MEDV-13), is a descriptor for predicting the
biological activities of molecules based on the quantitative
structure-activity relationship (QSAR). The MEDV-13 with
91 descriptors is employed to describe the structures of a series
of selective cyclooxygenase-2 (COX-2) inhibitors including 16
indomethacin and its amide and ester derivatives (ImAE). A
principal component regression (PCR) is used to derive a
QSAR model relating the biological activities expressed by
pICs; values to the MEDV-13. With the number of principal
components of 6, the correlation coefficient (R) and the root
mean square error ( RMS) are 0.9245 and 0.1682 in model-
ing stage, and 0.8417 and 0.2389 in leave-one-out prediction
step, respectively.
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(MEDV-13), selective cyclooxygenase-2 (COX-2) inhibitor, in-
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Introduction

The use of nonsteroidal antiinflammatory drugs
(NSAIDs) for the treatment of inflammation and pain is
often accompanied by gastrointestinal ulcerations and
bleeding.! It is known that cyclooxygenase (COX) exists
as two isoforms (COX-1 and -2). One of the isoforms,
COX-2, could be induced by mitogens and inflammatory
mediators. It is found that selective inhibition of COX-2
might avoid the side effects of currently available
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NSAIDs while retaining their therapeutic efficacy.?® In
the last several years, extensive libraries of selective
COX-2 inhibitors have been developed by different labo-
ratories. 12

Quantitative structure-activity relationship (QSAR)
techniques have become indispensable in all aspects of
research into the molecular interpretation of biological
properties.'® QSAR studies should be used to identify
the molecular parameters necessary for maximizing COX-
2 inhibition while simultaneously minimizing the inhibi-
tion of constitutively expressed COX-1 and should facili-
tate the discovery and development of selective COX-2
inhibitors that should lead to safer nonsteroidal antiin-
flammatory drugs. The ability to produce quantitative
correlation between structural information of the
molecules and the biological activity of these compounds
is of inestimable value in deciding upon the choice of fu-
ture synthetic chemistry.* Six reports about QSAR work
of COX-2 inhibitors have appeared in some litera-
tures. "> Until now, however, no one has demonstrat-
ed a direct and quantitative correlation between inhibit-
ing COX-2 activity and structural characteristics of in-
domethacin and its amides and esters (ImAE) reported
by Kalgutkar.?

In our previous paper,21'22

a molecular electronega-
tivity distance vector (MEDV) was reported and used to
study the quantitative structure-property relationship of
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organic compounds such as the boiling points of alco-
hols. Taking invariability of relative electronegativity of
element in the different molecular environment and com-
plexity of calculating relative bond-length into account,
the vector-type structural descriptor is modified by intro-
ducing 13 atomic types, the modified electrotopological
state (E-state) index and 2D topological distance.? The
modified MEDV is called MEDV-13. In this paper, the
MEDV-13 is used for QSAR study of a set of amide and
ester derivatives of indomethacin, a series of selective

COX-2 inhibitors.
Methodology
Molecular electronegativity distance vector (MEDV-13)

With the relative electronegativity (¢) expressed by
modified E-state indices and the topological distances
(d), the descriptor ( hy) in the novel molecular elec-
tronegativity distance vector based on 13 atomic types
(MEDV-13) can be calculated from Eq (1).%

hy = by = O 9;;’! (1)
i€k jel G

(k,l =1,2,3,-,13;1 = k;v = 1,2,3,-+,91)

where k or [ is the atomic type of the atom i or j in the
molecule, i or j a coding number or series number and
d;; the shortest graph distance of various pathways passed
from the ith to the jth atom. From the literature , 2 there
are in general 13 atomic types for most of organic com-
pounds, then the MEDV-13 has 91 elements. Table 3 in
the literature shows the relation of the subscript v in A,
to k and ! in hy for clarify. Here the term “atomic
type” of an atom is defined as the number of non-hydro-
gen atoms binding to that atom plus its identifying num-
ber (ID). And the ID of carbon, nitrogen, phosphorus,
oxygen, sulfur and halogen atoms is respectively 0, 4,
4, 8, 8, and 12. For example, the atomic types of No.
1—22 and 24 atoms in the skeleton structure (Fig. 1)
of 16 ImAE compounds are 1, 10, 3, 2, 2, 3, 7, 3,
3,2,2,3,13,2,2,9,3,1,3,3,2,2and9, re-
spectively .

Principal component regression (PCR) for QSAR

Because the MEDV-13 has in general 91 descrip-

tors, a principal component regression (PCR)%*'® pro-
gram developed in house is employed to derive a latent
QSAR model. The PCR model is a projection method
that relates a matrix X ( containing the chemical struc-
tural descriptors) to a matrix ¥ (containing the biolpgi-
cal activities) . The method provides an approximation of
an X matrix in terms of the product of two smaller matri-
ces T (called score matrix) and ¥’ (called load matrix)
as follows,

X=TV"+E (2)

where E is a residual matrix. The projections can be
calculated for any given number of variables, and there
is a proper number of variables, called number of princi-
pal components ( PC). After the projection, the matrix
T is used (instead of the original matrix X) to explain
or predict Y.

Y=TG+H (3)

where G is a coefficient matrix and H a residual matrix.
A convenient QSAR model can be obtained by fol-

lowing simple matrix transformation procedure.
Y=XB=TVB=TC (4)

where B is a coefficient matrix for original structural
variables in the convenient QSAR model.

Results and discussion
Data set

16 COX-2 inhibitors including indomethacin and 15
amide and ester derivatives (ImAE) previously studied
by Kalgutkar et al.? are selected. Their biological ac-
tivities are expressed by ICsy values in uM representing
time-dependant COX-2 inhibition and being average val-
ues from duplicate experiments. The structural descrip-
tors of these compounds skeleton parent structure of
which is shown in Fig. 1 are those in the MEDV-13 de-
rived from Eq. 1. For most of organic compounds, the
MEDV-13 has 91 descriptors in general.

Selection of variables

Because the number of variables having non-zero
value in different molecules is different, it is essential to
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select the variables having statistically significant in a
QSAR model. A three-step procedure is performed to se-
lect the variables entering into the PCR analysis in our
present paper. Firstly, the variables having zero value
for all samples (n = 16) are left out from the data set
consisting of n samples. Secondly, the variables having
only a few such as 1 non-zero values in n samples are
left out from the variable set. Finally, the correlation
coefficients (R) between various pairs of variables are
calculated and then one of two variables having R >
0.98 is deleted.

For the ImAE system consisting of 16 samples, only
42 variables, Nos. 1, 2, 3, 5, 6, 7, 9, 10, 13, 14,
15, 17, 18, 19, 21, 22, 25, 26, 28, 29, 30, 32,
33, 36, 49, 51, 52, 55, 56, 57, 59, 60, 63, 66,
67, 70, 77, 78, 81, 82, 85 and 91 descriptor, are not
all zero values. Only one sample has non-zero value for
Nos. 5, 17, 28, 49, 51, 52 and 55 descriptor. So,
the 7 variables should be deleted from the data set. Var-
ious correlation coefficients ( R) between the remaining
35 variables are less than 0.98 but 3 pairs and then 3
descriptor (Nos. 36, 81 and 91 descriptor) should be
deleted. Then, only 32 variables enter into the PCR
analysis.

Fig. 1 Skeleton structure of ImAE.

Number of principal components ( PC)

It is known that a high quality model should have
not only a good ability of estimation for the internal sam-
ples but also an excellent ability of prediction for the ex-
ternal samples and the latter is often more important for a
QSAR model. The number of principal components
(PC) plays an important role in PCR analysis. More or
less PC will reduce the quality of the QSAR model. It
was found that the correlation coefficient ( R) in model-
ing stage is always increasing with the number of PC

while the root mean square error ( RMS) reducing with
PC, but the Ripp and RMSigo in prediction stage for
leave-one-out (LOO) procedure is irregularly changing
and exists as one or more maximum points or minimum
points in plot of Rigg, RMSigo vs. PC. The results
shown that RMS 0 or Rigg is a good criterion in deter-
mination of the number of principal components. And
the lower the RMSioo or the higher the Rigg is, the
better the quality of the model is. It is evident that the
number of PC of 6 is suitable for our ImAE system
(Fig. 2).
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Fig. 2 Effects of PC on RMS for ImAE.

The principal component axe is a linear combina-
tion of some original descriptors such as the MEDV-13
variables in this paper. Analysis on the principal compo-
nents shows that the first PC is mainly affected by the
original variables of » = 14, 15, and 21; the second one
by v = 14, 15, and 18; the third one by v = 14 and
18; the fourth one by v =10, 15, 22, 25, and 32; the
fifth one by v =22, 25, 32 and 78; and last one by v
=25, 32, and 77. Then, all principal components are
only related to ten original MEDV-13 descriptors (v =
10, 14, 15, 18, 21, 22, 25, 32, 77, and 78) whose
values are listed in Table 1.

QSAR studies

The PCR procedure is performed on the data set
containing ten MEDV-13 descriptors together with corre-
sponding biological activities expressed by pICsy, nega-
tive common logarithm of ICsy, to produce a latent
QSAR model. The first QSAR model with PC = 6,
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called M1, is derived from the data set consisting of all ~ ly. The pICops and p/Cy, values of 16 ImAEs are listed
16 ImAE compounds. The R and RMS between the es-  in Table 2. Plot of the pICy; estimated by M1 model
timated activities (p/Cyy) by the M1 and the observed  versus pJCops is shown in Fig. 3.

activities (pICops) are 0.9245 and 0.1682, respective-

Table 1 Ten MEDV-13 descriptors entering into PCR analysis

No v=10 v=14 v=15 v=18 v=21 v=22 v=25 v=32 v=77 v=178

1 4.1166  27.2199  28.7511 0 14.7927  3.0958  3.8357  -5.0467  8.9733  0.7131
2 4.2349  27.6464 30.1823  0.3310  14.0886  3.1548  3.8673  3.4161 1.4718  0.6060
3 7.7042 27.5477  29.7931 0 13.9557  3.7231  3.8602  1.972  1.4640  3.8789
4 4.1987 28.2578  30.7318  1.4397  17.4820  3.2045  3.8970  4.7482  3.1829  0.6869
5  4.1730  46.5107 35.5921  3.4794  24.1532  3.3313  3.9779  -2.7957 2.7424  0.6932
6 8.5098  46.5234  35.6478 0 19.5192  10.3303  3.9861 1.7831 1.5754  5.014
7 1.4592  48.4399  41.1427 0 19.8439  5.1380  4.0029  2.3241 1.5788  4.4271
8 1.2830  49.8131  39.8391 0 18.8146  4.7019  3.9940  3.6220  1.5960  4.4525
9  4.4011  44.3555  30.4854 0 19.118  6.8060  11.7867  1.2890  1.5649  4.519
10 4.3990  41.5792  31.4565 15.2247 18.3767  6.358  3.9532  1.3563  1.5555  4.4668
11 1.0814  49.0027 42.9564  2.1390  20.0714  1.2391  4.0115  4.0349  1.5867  0.3792
12 4.1607 44.8690 32.091  1.8707  19.3426  3.3280  11.8885  2.9856  1.5728  0.6238
13 4.1610 42.0046 32.8827 17.1458  18.5929  3.3042  3.9616  3.0425 1.563  0.6221
14 4.1332  27.3497  29.2142 0 13.6571  3.1144  3.8451  -0.6524  1.4068  0.5900
15 4.2155  59.1980  38.1085  2.2895  18.6460  3.3753  4.013¢  4.6597  1.5753  0.6293
16 4.5139  58.5035  37.3577 0 18.2822  6.6139  4.0030  3.1262  1.5673  5.3877
Table 2 pICy values observed and calculated using various models
No R plCops plCw piCy plCy plCioo
1 OH 0.125 0.125 0.133 0.122 0.290°
2 NHCH; 0.155 0.424 0.433 0.417 0.500°
3 OCH;, 0.602 0.529 0.540 0.505¢ 0.493¢
4 NHCH,CH,0H 0.602 0.457 0.448 0.430 0.408°
5 NHGgH, (4-NHCOCH; ) 0.921 0.839 0.876 0.866 0.855°
6 OCeH (4-0CH;) 1.398 1.179 1.234 1.205 0.974°
7 0CsH, (4-SCH;) 0.523 0.856 0.925 0.930° 0.929°
8 0CH,(2-SCH;) 1.222 0.942 1.011 1.027 0.890°
9 0CsH, (4-F) 1.125 1.237 1.269 1.231 1.286°
10 0(3-CsHyN) 1.301 1.376 1.360 1.371 1.424°
1 NHCgH, (4-SCH;) 0.921 0.743 0.784 0.812° 0.639°
12 NHCGH,(4-F) 1.222 1.136 1.142 1.125 1.031¢
13 NH(3-CsH,N) 1.301 1.288 1.246° 1.278 1.268°
14 NH, 0.155 0.349 0.372° 0.350 0.384°
15 HCH,CH, C¢Hs 1.222 1.309 1.363¢ 1.411° 1.353%
16 OCH,CH,C¢Hs 1.301 1.388 1.470° 1.495 1.475°

% Refer to the values predicted by models such as M2, M3, or LOO.
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Fig. 3 Plot of pICyy vs. plCopps.

A predictive ability of a QSAR model for the exter-
nal samples is another important criterion in evaluating
the quality of the model. The results estimated by the
M1 model only explain the estimated ability for the inter-
nal samples, and the predictive ability of the M1 model
need to still test. In this paper, a LOO statistical proce-
dure, one of many cross-validation (CV) techniques, is
employed to test the predictive ability. In such a cross-
validation experiment involving n molecules, a model is
built from all but the first molecule, and this model is
used to predict the activity of the first molecule. Then
all but the second molecule are used to create a model
that predicts the second molecule, and so on. In this
way, each molecule is predicted, as though the system
had never seen it before, on the basis of all the other
molecules. The activities predicted by 16 LOO models
with PC = 6, pICipg, are also listed in Table 2 (see
pICioo column) . The R and RMS between the activi-
ties predicted by » LOO models and the activities ob-
served experimentally are (0.8417 and 0.2389, respec-
tively.

In order to further validate stability and predictive
ability of the model (M1), a new model (M2) with R
=0.9028 and RMS =0.1801 has been developed using
the first 12 compounds from all 16 compounds as an in-
ternal training set and the M2 model is then employed to
predict the biological activities of the last 4 ImAEs (con-
structing an external predictive set) . The calculated ac-
tivities (pICyp) are also listed in Table 2. And the R
and RMS for 4 external predictive compounds are re-
spectively 0. 9808 and 0. 1570. Furthermore, another

new model (M3) with R =0.9488 and RMS =0.1523
has been created in such a way that three compounds are
selected as an internal training set every four samples.
Then the M3 is used to predict the activities of the re-
maining 4 samples and the predictive RMS is 0.2359.
The calculated activities ( pICyz ) are also listed in
Table 2.

Customary QSAR model

It has been well known that the PCR model is a la-
tent one with regard to principal components and the
principal component is a linear combination of some orig-
inal descriptors. Such model is inconvenient for applica-
tion. A customary linear model (Eq. (5)) about the o-
riginal descriptors is derived from the QSAR model
(M1) developed by the PCR technique (using Eq.
(4)). Then, the MEDV-13 descriptors calculated from
Eq. (1) can directly enter into Eq. (5) to estimate and
predict the activities of the compounds under study.

pICcar = —1.7376 x 10 + 0.016842 hyg +
0.031453+ hy, - 0.024519° hys +
0.028700" kg + 1.9781 107+ by +
0.024843 hy, +0.022432 hys +
0.019230° A3, — 0.019533° hpy +
0.019235¢ hyg (5)

Conclusion

We have described a QSAR model between biologi-
cal activities expressed by plCs, values and the MEDV-
13 of 16 indomethacin amides and esters using PCR
techmque, discussed the effects of various original
MEDV-13 variables on the principal components and
given the selection procedure of the variables entering
into PCR analysis. It is believed that the MEDV de-
scriptor can be widely applied in the QSAR study on
many COX-2 inhibitor system and some researches are in

progress.
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