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Abstract

Quantitative structure activity relationship (QSAR) has been established for 30 benzoxazinone derivatives acting as neuropeptide Y Y5 re-
ceptor antagonists. The genetic algorithm and multiple linear regression were used to generate the relationship between biological activity and
calculated descriptors. Model with good statistical qualities was developed using four descriptors from topological, thermodynamic, spatial and
electrotopological class. The validation of the model was done by cross validation, randomization and external test set prediction.

© 2006 Elsevier SAS. All rights reserved.
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1. Introduction

Obesity has emerged as an epidemic in last several decades
especially in the developed countries. In a recent study it was
found that more than 1 billion peoples in world are overweight
and at least 300 million of them are obese [1]. The cause of its
high prevalence in developed countries might be the changing
life style of the peoples in these countries i.e. increased con-
sumption of high-energy diet in combination with lack of phy-
sical exercise. Although the molecular mechanism underneath
is not clearly understood number of pathophysiological altera-
tions associated with obesity are documented. Based on these
studies therapeutic interventions are designed and being de-
signed. Some of the agents which are in use or are under in-
vestigation for intervention of obesity are central nervous sys-
tem agents, neuropeptide Y and agouti-related peptide
antagonists, gastrointestinal-neural pathway agents like chole-
cystokinin enhancers and glucagon-like peptide-1 activity en-
hancers, resting metabolic rate promoters and agents like mel-
anin concentrating hormone antagonists [2]. Obesity it self is
not life threatening however it can significantly increase the
risk of life threatening diseases like cardiovascular disease,
neurological disorders, respiratory disorders, musculoskeletal
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disorders, endocrine disorders, gastrointestinal disorders, geni-
tourinary disorders and psychological disorders [3,4]. There-
fore it is necessary to develop effective and safe antiobesity
drugs to reduce the worldwide obesity epidemic.
Neuropeptide Y is a 36 amino acid peptide and belongs to a
large family of peptides, which also include peptide YY and
pancreatic polypeptide [5]. It is widely distributed in central
[6] as well as peripheral nervous system [7] and is found to
be associated with several diseases like diabetes mellitus [8],
cardiovascular disorders [9], depression [10], anxiety [10], sei-
zures [11], asthma [12], inflammatory diseases [12] and im-
mune system disorders [13]. It has been observed that NPY is
a strong feeding stimulant and its administration reduces en-
ergy expenditure [14—16]. Though various biological functions
of NPY are mediated by five receptor subtypes i.e. Y1, Y2,
Y4, YS and Y6, the regulation of feeding behavior is mainly
mediated via Y1 and Y5 receptor subtypes [17]. In a number of
pharmacological studies it has been established that NPY Y5
antagonists are potential antiobese agents [18]. So development
of NPY Y5 antagonists can offer effective antiobese drugs.
Quantitative structure activity relationship (QSAR) is a use-
ful method for the design of bioactive compounds and the pre-
diction of activity from the parameters calculated from chemi-
cal structure of compound. There are many examples available
in literature where QSAR models have been used for screening
of compounds from the chemical databases [19-22]. The
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QSAR models can be developed by linearly correlating the
biological activity to the descriptors or the non-linear regres-
sion methods such as artificial neural network (ANN) can be
used [23]. In present study we carried out a quantitative struc-
ture NPY Y5 receptor inhibitory activity relationship of a ser-
ies of benzoxazinone derivatives using genetic function ap-
proximation (GFA) method for variable selection. The
objective of study is to develop a model which can be used
to screen the compounds for NPY Y5 receptor inhibitory activ-
ity from the available chemical databases. The model can be
used for virtual screening by applying Lipinski’s rule filters for
initial screening and then predicting the activity by QSAR
model.

2. Materials and methods
2.1. Data set

The inhibitory activity of the benzoxazinone derivatives was
taken from literature in terms of ICsy values [24]. The ICsg
values were converted to pICso to get the linear relationship
in the equation using following formula

pICsp=—1loglCs, (1)

Total set of 30 compounds was divided in training and test
set of 24 and six compounds randomly. In the original article
the ICso values were given in nM values. To make the inter-
pretation easy, before conversion to pICsg, ICso values were
changed to uM unit, so that the pICsy values become in the
positive range only. The structures of compounds used in the
study along with observed ICsq values are provided in Table 1.

2.2. Molecular modeling

All computational work was performed on Silicon Graphics
Fuel Work station. The compounds were built using build
model program in the Sybyl 6.9 software package [25]. The
energy minimization calculations were performed using AM1
method [26] in MOPAC 6.0. The following specific software
options were employed while performing AMI1 studies: con-
vergence = normal, optimization = full, state = singlet, net
charge = 0 e.u., time limit = 3600 s, keyword = mmok.

2.3. Descriptor calculation

A total of more than 100 descriptors were calculated using
Cerius® 4.10 software package [27]. A brief description of de-
scriptors used which include topological descriptors, spatial de-
scriptors, E-state indices, thermodynamic, electronic and struc-
tural descriptors is provided in Table 2.

2.4. Regression analysis
From the total calculated descriptors some of the descriptors

e.g. Atype Br 91, Atype Br 92, Atype I 96, Atype 1 97,
Atype 1 98, Atype S 106, Atype S 107 Atype P 115, Aty-

Table 1
Structure and observed ICs, of the compounds used for study

553

Com- R1 R2 R3 Ar 1Csp
pounds (nM)
1 H H H :’:; 0 @ 20
2 H Me H <:> 0 @ 104
3 H Cl H <:> 0 @ 60.7
4 H H H \©\ 300
Cl
5 H Cl H < : < : 112.4
6 H H H O 9.6
X N_.
Me
7 Cl H H O 54.6
X N.
Et
8 H Cl H O 100
X N.
Et
9 H H Me O 50
X N.
Et
10 H H OMe c> 765.1
N
Et
11 H H OMe = 55.7
\_7
O
12 H H H §:> 233
P
O
13 H H Me {} 50
P
O
14 H Cl H ?} 25
P
O
(continued)
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Table 1 (continued)

Table 1 (continued)

R, R,
Ry o Ry o
N0 N0
"0 "0
N™H N°H
“rNar “rNar
0O 0O
Com- R1 R2 R3 Ar 1Csq Com- R1 R2 R3 Ar 1Csg
pounds (nM) pounds (nM)
15 H Me H =\ 86.7 28 H Cl H =N 8
fou? -
0 OH
16 H - H — 6 29 H H H r—/\ 8.7
Jous \
0 OH
30 H H Me —\ 30
17 H H Me 39.6 /
® \
o) OH
18 H Cl H O 11.2
O pe P 116, S ddC, S sNH3, S sNH2 and S dNH were re-
0 jected because they contain a value of 0 for all the compounds.
19 u u H 173 The reason for the value of 0 for all the compounds for these
\@\’TMe descriptors was that there is no atom corresponding to these
S descriptors in any of the compounds. Further, the inter-correla-
tion of descriptors was taken in to account and highly corre-
20 H cl H 21 lated descriptors were grouped together manually by analyzing
Me the correlation matrix. Only one descriptor was then taken for
o) further study from each group of highly correlated descriptors.
21 H Me H 26 Only remaining descriptors were considered for model devel-
Me opment by GFA method. The GFA method works in the fol-
o) lowing way: first of all few equations (set at 100 by default in
” q F - N 77 the Cerius® software) are generated randomly. Then pairs of
\C(\,/ “parent” equations are chosen for “crossover” operations from
N this set of 100 equations randomly. The number of crossing
23 H cl H = 148 over was set by default at 5000. The goodness of each progen
y g progeny
N Table 2
24 H H H \Q 132 Description of the parameters used in the study
CN Type Descriptors
Electronic Sum of partial charges, sum of formal charges, dipole
25 H Cl H \@\ 199 moment, HOMO, LUMO
CN Spatial Radius of gyration, shadow indices, area, density, PMI,
Vm
26 H H H O 7.6 Structural Molecular weight, number of rotatable bonds, number of
O hydrogen-bond acceptors, number of hydrogen-bond do-
nors
0] Thermodynamic log of the partition coefficient, log of the partition coef-
27 H H H 1382 ficient atom-type value, desolvation free energy of water,
O desolvation free energy of octanol, heat of formation,
O. molar refractivity
Topological Wiener index, Zagreb index, Hosoya index, Kier and Hall
@)

(continued)

molecular connectivity index, Balaban indices

E-state indices Electrotopological-state indices
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Table 3

Statistical assessment of equations with varying number of descriptors

Number Equation LOF P P adj F-test LSE r 7 BSr?

of

descrip-

tors

1 pICso=3.612 — 0.579*S_sssN 0.269 0.229 0.194 6.540 0.226 0.479 —-0.605 0.228

2 plICsp =2.645 + 0.781*Atype_C_8 — 0.549*S_sssN 0.258 0.388 0.329 6.650 0.179 0.623 —0.455

3 pICso =3.5076 + 0.840*Atype_C_8 — 0.013*Sha- 0.276 0.469 0.389 5.880 0.156 0.685 0.370 0.469
dow_XZ -0.513*S_sssN

4 pICso = 1.389 — 0.640*S_sssN + 0.303*CHI-2 0.185 0.720 0.661 12.194 0.082 0.848 0.616 0.720
— 0.034*Shadow_XZ + 0.638*Atype_C_8

5 pICsp = 1.442 — 0.591*S_sssN — 0.033*Shadow_XZ 0.239 0.722 0.644 9.335 0.081 0.850 0.513 0.724
—0.003*Vm + 0.626*Atype_C_8 + 0.366*CHI-2

Table 4

Correlation matrix of the descriptors used in equation

S sssN Shadow XZ Atype C 8 CHI-2 Activity

S sssN 1.000

Shadow_XZ 0.097 1.000

Atype C_8 —0.063 0.099 1.000

CHI-2 0.202 0.675 0.201 1.000

Activity —0.479 —0.286 0.428 0.155 1.000

equation is assessed by Friedman’s lack of fit (LOF) score,
which is described by following formula

LOF = LSE/{1 — (¢ + dp)/m}* o)

Where LSE is the least-squares error, ¢ is the number of
basis functions in the model, d is smoothing parameter, p is
the number of descriptors and m is the number of observations
in the training set [28]. The smoothing parameter that controls
the scoring bias between equations of different sizes was set at
default value of 1.0 and the new term was added with a prob-
ability of 50%. Only the linear equation terms were used for
model building. The best equation out of the 100 equations
was taken based on the statistical parameters such as regression
coefficient, adjusted regression coefficient, regression coeffi-
cient cross validation and F-test values.

05 - * 3
L ]
o, 0
0.5 - ®
®
'1 T T T T T 1
0 1 2 3 & 5 @

No.ofdescriptors

Fig. 1. The cross-validated * (¢°) as a function of number of descriptors.
The number of descriptors was varied from 1 to 6 and corresponding value of
cross validated 72 (¢%) was predicted to find the optimum number of descriptors
necessary for QSAR development.

3. Results and discussion

As a rule of thumb, data set should be approximately five
times more than the number of descriptors used in the model
[29]. Thus descriptor reduction was done as described in Sec-
tion 2. The results of the best QSAR model using one to five
descriptors are given in Table 3. As the 7 value can be easily
increased by increasing the number of descriptors in the model,
so cross validated correlation coefficient (¢%) was used as a
parameter to select the optimum number of descriptors. The
variation in cross validation correlation coefficient (¢°) as a
function of number of descriptors is shown in Fig. 1. The best
model in term of ¢* was obtained with four descriptors and is
given as:

pIC50 = 1.389 — 0.640 * SgssN + 0.303 x CHI — 2 3)
— 0.034 = ShadowxZ + 0.638 * Atypec8

N=24; LOF=0.185; *=0.720, 17=0.661; F-
test= 12.194; LSE=0.082; r=0.848; ¢>=0.616; BSr’
=0.720, 7° preq = 0.706.

Where N is number of compounds in training set, LOF is
Lack of Fit score, 7 is squared correlation coefficient, rzadj, is
square of adjusted correlation coefficient, F-test is a variance-
related static which compares two models differing by one or
more variables to see if the more complex model is more reli-
able than the less complex one, the model is supposed to be
good if the F-test is above a threshold value, LSE is least-
square error, r is correlation coefficient, ¢* is the square of
the correlation coefficient of the cross validation, BSr? is Boot-
strapping correlation coefficient, rzpred is the predicted correla-
tion coefficient calculated from the predicted activity of the test
set compounds.

The four descriptors selected by GFA to develop the model,
belong to four different descriptor classes. S_sssN is an elec-
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Table 5
Observed and predicted activity of training set compounds
Compounds Observed pICs, Predicted pICsg Residual Compounds Observed pICs Predicted pICsg Residual
1 1.699 1.461 0.238 16 1.161 1.406 -0.245
2 0.983 0.787 0.196 17 1.402 1.998 -0.596
4 0.523 0698 -0.175 19 1.762 1.490 0.272
5 0.949 0.762 0.187 20 1.678 1.547 0.131
6 2.018 1.384 0.634 22 2.114 1.626 0.488
8 1.000 1.187 -0.187 23 0.830 1.410 -0.580
9 1.301 1.110 0.191 24 0.879 1.061 -0.182
10 0.116 0.115 0.001 25 0.701 0.835 -0.134
11 1.254 1.278 -0.024 26 2.119 1.940 0.179
13 1.301 1.291 0.010 27 0.859 1.153 -0.294
14 1.602 1.458 0.144 28 2.097 2.103 -0.006
15 1.062 1.315 —0.253 29 2.06 2.054 0.006
Table 6 g5
Observed and predicted activity of test set compounds '
Compounds Observed pICs, Predicted pICsg Residual 9 & *
3 0.217 0.758 -0.541
=1
7 1.263 1.316 -0.053 w 45 ‘
12 1.633 1.416 0.217 £
= *
18 1.951 2.002 -0.051
21 1.585 1522 0.063 s 11
30 1.523 1.959 -0.436 e
; 0.5 4
o
5E 0 S S —
0 0.5 1 1.5 2 2.5
2 ActualplC50
= 1.5 4 Fig. 3. Correlation between observed and predicted activity of the test set.
o The experimental activity of compounds in test set was plotted against the
= q activity predicted by the model.
-
E 0.5 degree of branching and overall shape [31]. Shadow XZ is
= ] spatial descriptor calculated by projecting the molecular sur-
a 0 L* face on XZ plane. These descriptors help to characterize the
0 15 ; 1 ‘5 y 2’5 shape of molecules. Atype C_8 is atom type AlogP descriptor.

Actual pIC50

Fig. 2. Correlation between observed and predicted activity of the training set.
The experimental activity of compounds in training set was plotted against the
activity predicted by the model.

trotopological state index. The E-state indices encode not only
the information about the topological environment of an atom,
but also the electronic interactions from other atoms in the mo-
lecule. Thus, E-state is able to provide useful information on
structure features that mostly relate to the property to be mod-
eled [30]. Symbol S sssN indicates the electrotopological en-
vironment of a nitrogen atom which is connected by three sin-
gle bonds. In case, when there are more than one such nitrogen
atoms in molecule, the descriptor indicates the summation for
various such atoms. Thus it is clear that the nitrogen atoms and
the electronic environment surrounding them are critical for
inhibitory activity. CHI-2 is Kier and Hall molecular connec-
tivity index of order 2. The connectivity indices belong to to-
pological class of descriptors and are single valued parameters
that can be calculated from the 2D graph representation of mo-
lecules. They characterize structures according to their size,

Various atom type AlogP descriptors are used to calculate the
logP of molecule that characterize the lipophilicity of molecule.

The inter correlation of the descriptors used was checked
and is provided in the form of correlation matrix (Table 4).
The developed model was used to predict the activity of test
set compounds and the predicted activity for training and test
set compounds are given in Tables 5 and 6, respectively. The
correlation of predicted activity to the observed activity is
shown in Figs. 2 and 3 for training and test set, respectively.
Further validation of the developed model was done by rando-
mization test. The test was done by repeatedly permuting the
activity values of the data set and using the permuted values to
generate QSAR models and then comparing the resulting
scores with the score of the original QSAR model generated
from non-randomized activity values. If the original QSAR
model is statistically significant, its score should be signifi-
cantly better than those from permuted data [32]. The randomi-
zation test was performed at 90%, 95%, 98% and 99% confi-
dence interval. The higher the confidence level, the more
randomization tests are run. For a 90% confidence level, nine
trials are run, 19 trials at 95%, 49 trials at 98% and 99 trials at
99%. The r value of the original model was much higher than
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Table 7

Results of randomization test performed to check the validation of model

Confidence level 90% 95% 98% 99%
Total trials 9 19 48 99

7 from non-random 0.848 0.848 0.848 0.848
Random 7’s > non-random 0 0 0 0
Random 7’s < non-random 9 19 48 99
Mean value of » from random trial 0.326 0.391 0.406 0.407
Standard deviation of random trials 0.112 0.113 0.128 0.132
Standard deviation from non-random » to mean 4.657 4.064 3.464 3.334

any of the trials using permuted data. Hence, the model is sta-
tistically significant and robust. The results of randomization
test at various confidence levels are shown in Table 7.

So it is clear that the model satisfy all the validation criteria
i.e. leave one out cross validation, randomization test and ex-
ternal set prediction. Good results are obtained in each of the
validation technique. From Table 3, it is also clear that electro-
topological state indices S_sssN is most important descriptor
for the neuropeptide Y Y5 receptor inhibitory activity as it is
present in all the equations. So it can give an idea about the
activity of the compounds. In each of the equation, the coeffi-
cient associated with S sssN is negative, which shows that
equations are valid and with increase in the value of S_sssN,
there is a decrease in the activity. Since E-state indices are the
measure of the availability of the m and/or lone pair electrons
on the atoms, it indicates that nitrogen might be playing impor-
tant role in the interaction of the compounds with the receptor.
Nitrogen can be assumed to be involved in some charge-trans-
fer phenomenon with the receptor where the stability of the
charge-transfer complex formed will depend upon the value of
S_sssN_ that is, on the availability of n or the lone pair elec-
trons on the nitrogen. Further, the descriptors Shadow XZ and
CHI-2 show that the overall shape, size and branching in the
molecule is critical for activity and should be considered dur-
ing drug design.

4. Conclusion

The QSAR model of neuropeptide Y Y5 receptor inhibitory
activity have been developed based on topological, E-state,
spatial and thermodynamic descriptors to estimate and predict
relative antagonistic activity of 30 benzoxazinone derivatives.
The predictive ability of model was demonstrated by using
leave one out cross validation technique, randomization test
as well as external test set prediction. The results presented
above show that these descriptors can be used to describe the
structure activity relationship of neuropeptide Y Y5 antagonists
and its performance based on statistical parameters is satisfy-
ing.
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