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Abstract

Neuraminidase (NA) is a critical enzyme of the influenza virus and many inhibitors targeting this enzyme are quite efficient anti-influenza
agents. In this paper, quantitative structure—activity relationship (QSAR) method was used to predict the activity of different kinds of 46 NA
inhibitors. Heuristic method (HM) and radial basis function network (RBFNN) were first used to build linear and nonlinear models, respectively.
The prediction results were in agreement with the experimental value. The proposed model is simple and can be extended to other QSAR

investigations.
© 2007 Published by Elsevier Masson SAS.
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1. Introduction

Influenza is a respiratory infection which has significant
morbidity in the general population and mortality in elderly
and high-risk patients. Over the last two decades, a number
of classes of NA inhibitors have been developed and showed
to be somewhat effective in controlling influenza infection in
humans [1—8]. Zanamivir [9] and Oseltamivir [10] have
been approved by FDA for the treatment and prevention of
the influenza, but were recently questioned about recovery
rate. Current therapeutic measures have only provided limited
control of influenza. Vaccines are frequently ineffective be-
cause influenza viral antigens mutate rapidly. Therefore new
influenza drugs with efficient activity are much needed.

Understanding the molecular and cell biology of influenza
is highly important for suppressing this widely spread disease.
Influenza is a RNA virus that contains two major surface gly-
coproteins, neuraminidase and hemagglutinin. The life process
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and the structure of the influenza virus provide several poten-
tial molecular targets for drug innovation. Among these poten-
tial targets, neuraminidase (NA) has been found to be
a potential target to control influenza virus. NA is responsible
for viral release from infected cells and viral transport through
the mucus in the respiratory tract and destroys hemagglutinin
receptor on host cells, thus allowing the emergence of progeny
virus particles from infected cells. Therefore, compounds that
inhibit NA can protect the host from viral infection and retard
its propagation.

Structure-based drug design methods have played a critical
role in the discovery of NA inhibitors. Among these methods,
QSAR (quantitative structure—activity relationship) is very ef-
ficient. QSAR has been demonstrated to be an effective com-
putational tool in understanding the correlation between the
structure of molecules and their activities [11—13]. In
a QSAR one seeks to find a mathematical relationship between
the activity and one or more descriptors. Thus, this study can
indicate the structural factors which may play an important
role in the determination of the activity. And its advantage
over other methods lies in the fact that the descriptors used
to build the models can be calculated from the structure alone


mailto:lvwj05@lzu.cn
http://www.elsevier.com/locate/ejmech

570 W.J. Lii et al. | European Journal of Medicinal Chemistry 43 (2008) 569—576

and are not dependent on any experimental properties. How-
ever, the main problems encountered in this kind of research
are still the description of the molecular structure using appro-
priate molecular descriptors and selection of suitable modeling
methods. At present, many types of molecular descriptors such
as constitutional, topological, geometrical, electrostatic, and
quantum chemical descriptors have been proposed to describe
the structural features of molecules [14—16].

Previously different chemometric and chemoinformatic
methods, such as multiple linear regression (MLR), heuristic
method (HM), principal component regression (PCR) and par-
tial least squares (PLS) were used. More recently, neural net-
works such as the back-propagation neural network (BPNN),
the support vector machines (SVM) and the radial basis func-
tion network (RBFNN) are often used in QSAR due to their
flexibility in modeling nonlinear cases. Especially, the radial
basis function network (RBFNN) has the advantages of small
training times and is guaranteed to reach the global minimum
of error surface during training. The optimization of its topol-
ogy and learning parameters are easy to implement. Many
problems in chemistry and biology have been successfully
solved by RBFNN [17—20].

Although several QSAR model based different methods
have been built for some influenza virus NA inhibitors [21—
23], most of these studies were confined to the same scaffold
compounds. New information about structure—activity rela-
tionship based on more compounds with greater diversity in
their structures and activities should be helpful in discovering
new NA inhibitors for curing the disease. Therefore, in this
work, a QSAR model based on compounds with different scaf-
folds and a larger data set was built to improve the predictable
ability of the model.

In this investigation heuristic method and radial basis func-
tion network (RBFNN) were first used to predict the activity of
46 NA inhibitors together. These 46 NA inhibitors belong to
different kinds of molecular structures including: carbocyclic
derivatives, benzoic acids, cyclopentanes and pyrrolidines.
The aim of this investigation was to establish a new quantita-
tive structure—activity relationship (QSAR) model for predict-
ing the activity of new compounds and to find the structural
factors which affect the activity of NA inhibitors. The
QSAR model was more exact and comprehensive because of
being built based on different kinds of molecular structures
of NA inhibitors and the prediction results of —log(ICs)
were satisfactory.

2. Materials and methods
2.1. Data set

All data of the present investigation were obtained from the
book of progress in medicinal chemistry [24]. The data set for
this investigation consisted of 46 influenza virus NA inhibi-
tors. The molecular structures of 46 NA inhibitors are shown
in Fig. 1.

A complete list of the compound numbers and their exper-
imental and predicted —log(ICso) by heuristic method and
radial basis function network is shown in Table 1.

2.2. Molecular descriptor generation

To obtain a QSPR model, compounds are often represented
by the molecular descriptors. The calculation process of the
molecular descriptors was described as below.

The two-dimensional molecular structures of 46 NA inhib-
itors were drawn by ChemDraw 6.0 and were geometrically
optimized by the semi-empirical AM1 method in Hyperchem
5.0 software. Then calculated the optimized molecular struc-
tures in the software MOPAC [25], then the MOPAC files
were transferred into software CODESSA to calculate all
kinds of descriptors. The software CODESSA can calculate
constitutional, topological, geometrical, electrostatic, and
quantum chemical descriptors and has been successfully
used in various QSPR researches [26—29].

Constitutional descriptors are related to the number of atoms
and bonds in each molecule. Topological descriptors include val-
ent and non-valent molecular connectivity indices calculated
from the hydrogen-suppressed formula of the molecule, encod-
ing information about the size, composition, and the degree of
branching of a molecule. The topological descriptors describe
the atomic connectivity in the molecule. The geometrical
descriptors describe the size of the molecule and require 3D-co-
ordinates of the atoms in the given molecule. The electrostatic
descriptors reflect characteristics of the charge distribution of
the molecule. The quantum chemical descriptors offer informa-
tion about binding and formation energies, partial atom charge,
dipole moment, and molecular orbital energy levels. In the pres-
ent work, five classes of structural descriptors were obtained and
about 434 descriptors were provided for every compound.

2.3. Theory of CODESSA

CODESSA includes two advanced procedures for system-
atic development of multi-linear QSAR/QSPR equations: (i)
the heuristic method and (ii) the best multi-linear regression
method. The heuristic method for descriptor selection pro-
ceeds with a preselection of descriptors by sequentially elim-
inating descriptors which do not match any of the following
criteria: (i) the F-test greater than one unit; (ii) R value less
than a value defined at the start (default 0.01); (iii) the stu-
dent’s t-test less than that defined (default 0.1) and (iv) dupli-
cate descriptors having a higher squared inter-correlation
coefficient than a predetermined level (usually 0.8). The next
step involves correlation of the given property with (i) the
top descriptor in the above list with each of the remaining
descriptors, and (ii) the next one with each of the remaining
descriptors, etc. The best pairs, as evidenced by the highest
F-values in the two parameter correlations, are chosen and
used for further inclusion of descriptors in a similar manner.

The goodness of the correlation is tested by the correlation
coefficient (R), the F-test (F), and the squared standard error
(s%). The stability of the correlations was tested against the
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Fig. 1. Chemical structures of 46 NA inhibitors molecules.

cross-validated coefficient RZ, or adjusted squared correlation Besides, it will demonstrate descriptors which have bad or
coefficient Ridj; these two parameters can avoid the over train- missing values, which are insignificant and which are highly
ing of the model. The heuristic method’s advantages are the intercorrelated. So, in this paper, the heuristic method was
high speed and no restrictions on the size of the data set. selected to build the best QSAR model.
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Table 1
The NA inhibitors and the predicted —log(ICsp)

No. Experimental Calculatedgy® Abs. Calculatedggpnn®  Abs.

—log(ICs0) error® error®
1 —0.9345 —1.62752 —0.6930 —1.1531 —0.2186
24 0.4949 —0.88267 —1.3775 —-0.7967 —1.2916
3 2.3010 1.171453 —1.1296  2.2581 —0.0429
4 0.7447 1.546316 0.8016 1.7567 1.0120
5 —1.2789 —0.45603 0.8229 —0.7173 0.5616
6¢  —0.3802 0.499802 0.8800  0.378 0.7582
7 2.5229 1.326212 —1.1967 1.4505 —1.0724
8 1.9208 2.010127 0.0893 2.4371 0.5163
9 0.3468 0.141571 —0.2052  0.277 —0.0698
10 —1.3010 0.570805 1.8718  0.3152 1.6162
11 0.3010 1.591982 1.2910  0.6991 0.3981
12 1.6210 1.674595 0.0536 1.6749 0.0539
13 3.0000 2.729901 —0.2701 2.7881 —-0.2119
14¢ 2.3979 1.9835 —0.4144 1.9818 —0.4161
15 2.6990 2.946438 0.2474 25319 —0.1671
16 —2.8751 —1.89237 0.9827 —2.9483 —0.0732
17 —-0.3979 —0.66806 —0.2702 —0.1937 0.2042
18¢  —3.7404 —2.33763 1.4027 —1.0842 2.6562
19  —2.0000 —1.67679 0.3232 —1.536 0.4640
20  —0.6990 —0.61034 0.0887 —1.1074 —0.4084
21  —0.9542 —1.72616 —0.7720 —1.542 —0.5878
224 —2.1461 —0.79919 1.3469 —1.2089 0.9372
23 -3.1761 —2.89729 0.2788 —3.2507 —0.0746
24 —2.6990 —2.8962 —0.1972 —-2.1571 0.5419
25 2.3013 2.945432 0.6441 2.2461 —0.0552
264 4.3188 3.041656 —1.2771 2.8833 —1.4355
27  —0.7993 —1.04773 —0.2484 —0.6591 0.1402
28 2.0000 0.859149 —1.1409 1.4637 —0.5363
29 3.0000 2.199078 —0.8009  2.4589 —0.5411
304 3.0969 2.043737 —1.0532  2.9812 —0.1157
31 3.0000 3.295569 0.2956  3.6475 0.6475
32 3.5229 3.861088 0.3382  3.3933 —0.1296
33 3.3010 3.94301 0.6420  3.5328 0.2318
344 3.3010 4.490019 1.1890  4.306 1.0050
35  —=2.3010 —1.27876 1.0222 —2.3354 —0.0344
36 —1.7782 —1.55832 0.2199 —1.7944 —0.0162
37  —1.6021 —0.37787 1.2242 —1.4748 0.1273
384 —2.0607 —0.87753 1.1832 —1.6385 0.4222
39 1.0000 1.001445 0.0014  0.8216 —0.1784
40 5.0000 3.78315 —1.2169  4.7276 —0.2724
41  —1.6990 —2.03935 —0.3404 —1.5785 0.1205
424 —03222 0.731869 1.0541 0.2257 0.5479
43 —-0.3010 0.133876 0.4349  0.0807 0.3817
44 —0.1139 —1.35923 —1.2453 —0.9358 —0.8219
45 —0.1139 0.716927 0.8308 —0.2382 —0.1243
464 0.6990 1.221497 0.5225 —0.0774 —0.7764

# Predicted —log(ICso) by HM.

® Absolute value of calculated — experimental.
¢ Predicted —log(ICso) by RBFNN.

4 Compounds in the test set.

2.4. Theory of RBFNN

The theory of RBFNN has been adequately presented in
some references [30,31]. Here only a brief description of the
RBFNN principle is given. The RBFNN consists of three layers:
an input layer, a hidden layer and an output layer. The input
layer does not process the information; it only distributes the in-
put vectors to the hidden layer. Each neuron on the hidden layer
employs a radial basis function as a nonlinear transfer function

to operate on the input data. In general, there are several radial
basis functions (RBF): linear, cubic, thin plate spline, Gaussian,
multi-quadratic and inverse multi-quadratic. The most often
used RBF is a Gaussian function that is characterized by a center
(¢;) and width (7). In this study, the Gaussian was selected as the
radial basis function. The nonlinear transformation with RBF in
the hidden layer is given as follow:

where, h; is the notation for the output of the jth RBF unit, ;
and r; are the center and width of the jth RBF, respectively.

The operation of the output layer is linear, which is given as
below:

W) =D wihy(x) + by

where, y, is the kth output unit for the input vector x, wy; is the
weight connection between the kth output unit and the jth hid-
den layer unit, and by is the bias.

The training procedure when using RBF involves selecting
centers, width and weights. In this paper, the forward subset
selection routine was used to select the centers from training
set samples. The adjustment of the connection weight between
the hidden layer and the output layer was performed using
a least squares solution after the selection of centers and
widths of radial basis functions.

The overall performance of RBFNN was evaluated in terms
of root-mean-square (RMS) error which was defined as below:

E?;I(yk _y\k)z

g

RMS =

where, y; is the desired output, y; the actual output of the
network, and ng is the number of compounds in training set.

2.5. RBFNN implementation and computation
environment

All calculation programs implementing RBFNN were writ-
ten in M-file based on basis MATLAB script for radial basis
function neural networks. All programs were operated on
a system with AMD 1700+ PC with 256MB RAM.

3. Results and discussion
3.1. Result of the HM

To find the optimum number of descriptors describing
—log(ICsq) for current set of structures, the heuristic correla-
tions, performed for the training set, chose nine descriptors to
provide the optimal seven equations for different numbers of de-
scriptors from one to seven. Fig. 2 shows that R rises as the
number of parameters increasing from one to seven steadily, al-
though after fifth the increase was not very evident, but Rﬁdj de-
creases at the sixth point. To avoid the “over parameterization”
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Fig. 2. Influence of the number of descriptors on R and R?dj of the regression
models.

of the model, an increase of the R values of less than 0.02 or the
point where Rﬁdj begin to decrease was chosen as the breakpoint
criterion [32]. It can be seen that five descriptors appear to be
sufficient for a successful regression model. A detailed descrip-
tion of the linear model based on compounds in the training set
is summarized in Table 2.

The obtained model has a correlation coefficient R = 0.884,
F =42.559, s> = 0.638 and an adjusted squared correlation co-
efficient Rﬁdj =0.863.

This model contains three electrostatic (WPSA3, Qmin,
HDSAT1), one topological (IC1) and one quantum chemical
(MNRIO) descriptors. These descriptors encoded different as-
pects of the molecular structure. The combination of these de-
scriptors, comprising shape, electronic and bond information
about molecules, adequately represents hydrophobic, steric
and stability effects on the activity of a molecule. By interpret-
ing the descriptors in the regression model, it is possible to gain
some insight into factors that are likely to govern the activity
of influenza virus NA inhibitors.

It is well known that the interaction between medicine and
the acceptors mainly includes the interaction between mole-
cules, hydrophobicity, electrostatic effect and hydrogen

Table 2
Descriptors, coefficients, standard error, and #-test values for the linear model®
Descriptor ~ Chemical meaning Coefficient  Error r-test
Constant Intercept —16.835 2.171 —7.755
IC1 Information content 0.088 0.007 12.033
(order 1)
WPSA3 WPSA3 weighted PPSA —0.907 0.123 —17.380
(PPSA3 x TMSA/1000)
[Zefirov’s PC]
Qmin Min. partial charge —55.491 11.992 —4.627
HDSAI1 HA dependent 10.508 2.933 3.583
HDSA1/TMSA
[Zefirov’s PC]
MNRIO Max. nucleoph. 53.907 21.657 2.489

react. index
for a O atom

* R=0.884, F =42.559, s> = 0.638, R%y; = 0.863, n =34.

bond. Among the five descriptors we chose, information
content (order 1) (IC1) describe the size, shape and branching
information of the molecules and give some information about
the steric effects on the activity of a molecule. WPSA3 en-
codes features responsible for polar interactions between mol-
ecules and is calculated as a combination of the contributions
of atomic partial charges to the total molecular solvent-acces-
sible surface area. Qmin reflects characteristics of the charge
distribution of the molecule. The empirical partial charges in
the molecule are calculated using the approach based on the
Sanderson electronegativity scale and uses the concept which
represents the molecular electronegativity as a geometric mean
of atomic electronegativities. HDSA1 is hydrogen donor
charged solvent-accessible surface area; this descriptor belongs
to charged partial surface area (CPSA) descriptors, and repre-
sents the sum of solvent-accessible surface area of the H-bond-
ing donor atoms. It describes the hydrogen bond donation
ability of the molecule. As the HDSA1 increases, the proportion
of the sum of solvent-accessible surface area of hydrogen do-
nors among the total molecular surface area also increases
and the formation of the hydrogen bond becomes easier.
Thus, HDSA1 describes the effect of hydrogen bond donation
ability of NA inhibitors. Maximum nucleophilic reactivity in-
dex of an O atom (MNRIO) belongs to charge distribution-
related descriptors of quantum chemical descriptors group. It
estimates the relative reactivity of the O atoms in the molecule
for a given series of compounds and is related to the activation
energy of the corresponding chemical reaction. The positive co-
efficient in the model implies that increasing the value of this
descriptor can lead to the lower activity of NA inhibitors.

From the above discussion, it can be seen that all the de-
scriptors involved in the model have physical meaning, and
these descriptors can account for the structural features re-
sponsible for the activities of the NA inhibitors: HDSAI re-
flects the hydrogen bond donor ability of NA inhibitors; IC1
represents the steric effects and interactions between mole-
cules; MNRIO reflects the activation energy of the correspond-
ing chemical reaction; WPSA3 describes the hydrophobicity
of NA inhibitors and Qmin reflect the electrostatic effect
between medicine and NA.

The calculated —log(ICs) by HM are given in Table 1, and
a plot of the calculated vs. experimental —log(ICs) for all the
46 NA inhibitors studied including the training set and the test
set is shown in Fig. 3. The model gave RMS of 0.7351 for the
training set, 1.1926 for the test set, and 0.8716 for the whole
set, and the corresponding correlation coefficients (R) were
0.940, 0.8970, and 0.9206, respectively.

3.2. Result of RBFNN method

Table 2 and Fig. 3 show that the result of the multiple linear
regression was not sufficiently accurate and the factors influ-
encing the activity of these compounds were complex and
not all of them had absolute linear correlation with the activity.
In order to compare with the heuristic method and improve the
prediction of model, RBFNN were used to build the nonlinear
prediction model for further discussion on the correlation
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between the molecular structure and the absolute activity
based on the same subset of descriptors. Such RBFNN can
be designed as 5-nm;-1 net to indicate the number of the units
in the input, the hidden, and the output layer, respectively.
The optimal width was selected by experimenting with a num-
ber of trials and selecting the one most favored by the model
selection criterion: varying the width indicates that the width
has little effect on the performance of RBFNN, if it exceeds
3. So we selectively computed the width for every 0.1from
0 to 3. Each minimum error on LOO cross-validation was plot-
ted vs. the width (Fig. 4) and the minimum was chosen as the
optimal condition. In this case: r = 1.5 and n; = 14.

From the best network, the inputs in the test set were pre-
sented, and the results with RBFNN were obtained. They are
shown in Table 1 and Fig. 5. The model gave RMS of 0.4266
for the training set, 1.1949 for the test set, and 0.7119 for the
whole set, and the corresponding correlation coefficients (R)
were 0.9796, 0.8856, and 0.9472, respectively.
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4. Conclusion

QSAR models for the prediction of activity of NA inhibi-
tors using HM and RBFNN based on descriptors calculated
from molecular structure alone have been developed. Satisfac-
tory results were obtained with the proposed method. By An-
alyzing the obtained results, the linear model indicated that the
interaction between molecules, hydrophobicity and hydrogen
bond interactions play important role in the activity of NA in-
hibitors. Additionally, the nonlinear RBFNN models produced
better results with good predictive ability than linear model.
So we can conclude that (1) the proposed models in this paper
could identify and provide some insight into which structural
features are related to the activity of NA inhibitors and help
to get more useful information about exploring or synthesis
of new NA inhibitors; (2) nonlinear relationship can describe
accurately the relationship between the structural parameter
and the activity factors of the studied NA inhibitors. Addition-
ally, compared with the previous work, the data set used in our
investigation was more diverse; the compounds studied in this
work cover almost all types of NA inhibitors. The models we
developed are more general and applicable for the prediction
of the activity of NA inhibitors. Furthermore, the proposed
method can also be extended to other QSAR investigations.
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