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Neuraminidase pharmacophore model derived from diverse
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Abstract—A three-dimensional pharmacophore model was developed based on 22 currently available inhibitors, which were care-
fully selected with great diversity in both molecular structure and bioactivity, for discovering new potent neuraminidase (NA) inhib-
itors to fight against avian influenza virus. The best hypothesis (Hypo1), consisting of five features, namely, one positive ionizable
group, one negative ionizable group, one hydrophobic point, and two hydrogen-bond donors, has a correlation coefficient of 0.902,
a root mean square deviation of 1.392, and a cost difference of 72.88, suggesting that a highly predictive pharmacophore model was
successfully obtained. The application of the model shows great success in predicting the activities of 88 known NA inhibitors in our
test set with a correlation coefficient of 0.818 with a cross-validation of 98% confidence level. Accordingly, our model should be
reliable in identifying structurally diverse compounds with desired biological activity.
� 2006 Elsevier Ltd. All rights reserved.
An influenza virus, called avian influenza virus (AIV)
that should infect only avian species, was found to infect
humans, causing acute disease and rapid death.1 Despite
considerable knowledge of viral infectivity, no therapeu-
tic measure is highly and specifically effective in control-
ling this disease. Studies showed that neuraminidase
(NA), a glycoprotein embedded in the viral envelope,
plays a key role at the final stage of infection when
NA cleaves sialic acid from cell surface and progeny viri-
ons facilitating virus release from infected cells.2,3 When
the influenza virus is deficient in NA activity, virus prog-
eny aggregate at the surface of the infected cell, severely
impairing further spread of viruses to other cells. There-
fore, NA has been recognized as a main target for devel-
oping agents against AIV infection.

Over the last two decades, a number of classes of NA
inhibitors have been developed and showed to be
somewhat effective in controlling AIV infection in
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humans.4–11 Zanamivir (from GlaxoSmithKline and
Biota)12,13 and oseltamivir (from Hoffman La Roche
and Gilead Sciences)14 have been approved by FDA
for the treatment and prevention of the influenza, but
were recently questioned about recovery rate. Therefore,
developing drugs against AIV is of crucial importance.
Our literature survey revealed that NA inhibitors in dif-
ferent classes possess different scaffolds (Fig. 1). Thus,
quantitative structure–activity relationship (QSAR) for
different classes of inhibitors could be useful in digging
out valuable information for developing new potent
NA inhibitors. It is widely accepted that pharmacophore
model is a well-behaved approach to quantitatively ex-
plore common chemical characteristics among a consid-
erable number of structures with great diversity, and
qualified pharmacophore model could also be used as
a query for searching chemical databases to find new
chemical entities. Theodora et al. developed a pharma-
cophore model based on 18 NA inhibitors, but without
statistical validation.15 Recently, many new inhibitors
were discovered with great diversity in both chemical
structure and biological activity.4–11 As the disease
might be widely spread with high possibility to kill mil-
lions of people, there is an urgent request to discover po-
tent NA inhibitors as drugs to prevent or to cure the
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Figure 1. Diverse scaffold for NA inhibitors.4–11
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virus. Therefore, new information about structure–ac-
tivity relationship based on more compounds with
greater diversity in their structures and activities should
be helpful in discovering new NA inhibitors for curing
the disease. In this study, we present a hypothetical im-
age of the primary pharmacophore features responsible
for the bioactivity of six different classes of NA inhibi-
tors using the Catalyst software (Fig. 1),16–18 with aims
to understand the inhibitory mode of various classes of
NA inhibitors and to discover new anti-AIV drug leads.

Materials. A set of 110 different compounds has been
collected from difference Refs. 4–11 and 14, which
could be classified into six different classes (Fig. 1).
We selected 22 compounds as training set with the fol-
lowing two rules: (a) both training and test sets should
have structures from each class of compounds to en-
sure structural diversity. If one class has only one com-
pound, it was assigned to the training set (e.g.,
compound 19); (b) both training and test sets should
cover the molecular bioactivities (IC50) as wide as pos-
sible. If there is only one compound with maximum or
minimum order of bioactivity in a class, this compound
was assigned to the training set. The training set con-
sists of 22 compounds with significant structural diver-
sity and wide coverage of molecular bioactivities in
terms of IC50 ranging from 0.75 nM to 250 lM
(Fig. 2 and Table 1). Both Zanamivir (compound 18)
and GS4071 (compound 3) are included in the training
set. To validate our pharmacophore hypothesis, 88
compounds with available IC50 values were used as a
test set (Table S1 and Fig. S1).4–9,11,14

The compounds were built using Catalyst 2D–3D
sketcher,16 and a family of representative conformations
was generated for each compound using the best confor-
mational analysis method with Poling algorithm19 and
CHARMM forcefield parameters.20 A maximum num-
ber of 250 conformations of each compound were select-
ed using ‘best conformer generation’ option with a
constraint of 20 kcal/mol energy thresholds above the
global energy minimum to ensure maximum coverage
of the conformational space.

Pharmacophore generation. Based on the conforma-
tions for each compound, Catalyst4.10 software pack-
age15 was employed to construct possible
pharmacophore models. When generating a hypothesis,
catalyst attempts to minimize a cost function consisting
of two terms. One penalizes the deviation between the
estimated activities of the training set molecules and
their experimental values; the other penalizes the com-
plexity of the hypothesis. Uncertainty influences the
first step, called the constructive phase, in the hypoth-
esis generating process.21 The default uncertainty value
of 3 was used for the compound activity, representing
the ratio of the uncertainty range of measured biolog-
ical activity against the actual activity for each com-
pound. Analysis of functional groups on each
compound in the training set revealed that five chemi-
cal features, viz., hydrogen-bond acceptor (HA),
hydrogen-bond donor (HD), hydrophobic group
(HY), positive ionizable point (PI), and negative ioniz-
able point (NI), could effectively map all of the critical
chemical features. Hence, the five features were selected
to form the essential information in this hypothesis
generation process.

HypoGen mode. The best predictive hypothesis (Hypo1),
produced by HypoGen encoded in Catalyst4.10, has five
features: one positive ionizable feature, one negative
ionizable feature, one hydrophobic point, and two
hydrogen-bond donor (Fig. 3), which was characterized
by the highest cost difference, the lowest rms divergence,
and the best correlation coefficient. Remarkably, the
three highest active compounds (compounds 22, 18,
and 3 in Table 1) can be nicely mapped onto the Hypo1
model by the best fit values, which are shown in Figures
4A–C, indicating that the Hypo1 model provides
reasonable pharmacophoric characteristics of the NA
inhibitors for the components of their activities.

Cost analysis. In addition to generating a hypothesis,
catalyst also provides two numbers to help assessing
the validity of the hypothesis. The first is the cost of
an ideal hypothesis, which is a lower bound on the cost
of the simplest possible hypothesis that still fits the data
perfectly. The second is the cost of the Null hypothesis,
which presumes that there is no statistically significant
structure in the data, and that the experimental activities
are normally distributed about their mean. A generated
hypothesis with a score that is substantially below that
of the Null hypothesis is likely to be statistically signifi-
cant and bears visual inspection. The greater the differ-
ence between the score of the generated hypothesis
and the score of the Null hypothesis, the less likely it
is that the hypothesis reflects a chance correlation. The
total fixed cost of the run is 87.99, the cost of the Null
hypothesis is 186.22, and the total cost of the Hypo1
is 113.34. Then, the cost range between Hypo1 and the
fixed cost is 25.35, while that between the Null hypoth-
esis and Hypo1 is 72.88. Noticeably, the total cost of
Hypo1 was much closer to the fixed cost than to the Null
cost. Furthermore, a high correlation coefficient of 0.902
was observed with rms value of 1.392 and the configura-
tion cost of 12.869, demonstrating that we have success-
fully developed a reliable pharmacophore model with
high predictivity.



Figure 2. Chemical structures of the 22 training set molecules applied to HypoGen pharmacophore generation.
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Score hypothesis. To verify Hypo1’s discriminability
among NA inhibitors with different order of magnitude
activity, all training set compounds were classified by
their activity as highly active (<100 nM, +++), moder-
ately active (100–10,000 nM, ++), and inactive
(>10,000 nM, +). The actual and estimated NA inhibitor
activities of the 22 compounds based on Hypo1 are listed
in Table 1. All the compounds, except for compounds 14,
15, and 19, were classified correctly (Table 1). The dis-
crepancy between the actual and estimated activity ob-
served for the three compounds was only about 1 order
of magnitude, which might be an artifact of the program
that uses different number of degrees of freedom for these
compounds to mismatch the pharmacophore model.
Interestingly, all highly active compounds map the sec-
ond hydrogen-bond donor feature (HD2), and, with
few exceptions, they also map the positive ionizable fea-
ture (PI), revealing that these two features should be
mainly responsible for the high molecular bioactivity,
thus, should be taken into account in discovering or
designing novel NA inhibitors.

Validation of the constructed pharmacophore model. The
88 compounds in the test set were mapped onto the best
pharmacophore hypothesis Hypo1, and the actual activ-
ity versus estimated activity is shown in Table S1 in the



Table 1. Output of the score hypothesis process on the training set

Compound

(Reference)

True IC50

(nM)

Estimated

IC50 (nM)

Error

factorc

Fit

valued

Activity

scalee

Estimated

activity scale

Mapped features

HD1 HD2 HY NI PI

1 (4) 250,000 170,000 �1.5 6.82 + + � + + + �
2 (4) 48 22 �2.2 10.70 +++ +++ + + + + �
3a (5) 1 28 28 10.60 +++ +++ � + + + +

4 (5) 225 690 3.1 9.21 ++ ++ + + + + �
5 (5) 530 200 �2.7 9.75 ++ ++ + + + + �
6 (6) 6300 2900 �2.1 8.58 ++ ++ + + � + +

7 (6) 300 860 2.9 9.12 ++ ++ + + + + �
8 (7) 100 51 �2 10.34 +++ +++ � + + + +

9 (7) 11 31 2.8 10.55 +++ +++ � + + + +

10 (7) 6400 880 �7.2 9.10 ++ ++ + + + + �
11 (8) 3200 1600 �1.9 8.83 ++ ++ + � + + +

12 (8) 230 420 1.8 9.43 ++ ++ + + + + �
13 (8) 940 1100 �1.2 8.99 ++ ++ � + + + +

14 (8) 15 170 12 9.81 +++ ++ � + + + +

15 (9) 1600 39,000 24 7.46 ++ + � � + + +

16 (9) 2000 800 �2.5 9.14 + + + � + + +

17 (10) 10,000 6000 �1.7 9.92 ++ ++ + + � + �
18b (10) 1.3 5.7 9 10.98 +++ +++ + + � + +

19 (10) 40,000 7100 �5.6 8.19 + ++ + + � + �
20 (10) 115,000 18,000 �6.4 7.81 + + + � � + +

21 (10) 100 76 �1.3 10.17 +++ +++ � + + + +

22 (10) 0.75 0.24 3.2 12.67 +++ +++ + + + + +

a GS4071.
b Zanamivir.
c The error factor is computed as the ratio of the measured activity to the activity estimated by the hypothesis or the inverse if estimated is greater

than measured.
d Fit value indicates how well the features in the pharmacophore overlap the chemical features in the molecule.
e Activity scale: +++, IC50 < 100 nM (highly active); ++, 10,000 nM > IC50 > 100 nM (moderately active); +, IC50 > 10,000 nM (inactive).

Figure 3. The best hypothesis model Hypo1 produced by the Hypo-

Gen module in Catalyst4.10 software package.15 Pharmacophore

features are color-coded with light-blue for hydrophobic groups, red

for positive ionizable group, blue for negative ionizable, and magenta

for hydrogen-bond donor. Distance between pharmacophore features

is reported in angstroms. HY, hydrophobic group; HD1, hydrogen-

bond donor 1; HD2, hydrogen-bond donor 2; PI, positive ionizable

group; NI, negative ionizable group.
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supporting information. A correlation coefficient of
0.818 generated using the test set compounds shows
a good correlation between the actual and estimated
activities. Detailedly, 18 of 20 highly active, 38 of 47 mod-
erately active, and 15 of 21 inactive compounds were pre-
dicted correctly. Highly active compounds 45 and 54 were
underestimated as moderately active; five moderately ac-
tive compounds were underestimated as inactive; four
moderately active and six inactive compounds were over-
estimated as false positive. In summary, all the com-
pounds in the test set were predicted correctly or better
than their actual activity, with the exception of seven
compounds that were underestimated.

The most potent compound 59 in the test set mapping
on the Hypo1 is shown in Figure 4D. The conformation
of the compound fits HD2, PI, NI, and HY features,
which is in good accordance with the assumption based
on the training set that HD2 and PI are essential to high
activity in inhibiting NA.

Fisher test. To further evaluate the statistical relevance
of the model, the Fischer method22 was applied. With
the aid of the CatScramble program, the experimental
activities in the training set were scrambled randomly,
and the resulting training set was used for a HypoGen
run. All parameters were adopted from the initial Hyp-
oGen calculation. This procedure was reiterated 49
times. None of the outcome hypotheses has lower cost
score than the initial hypothesis. Table 2 lists the 10 low-
est total cost values of the resulting 49 hypothesis.
Accordingly, this result indicates that there is a 98%
chance for the best hypothesis to represent a true corre-
lation in the training set activity data.15,23–25

In conclusion, a ligand-based computational approach
was employed to identify molecular structure require-
ments as effective neuraminidase inhibitors, for discov-



Figure 4. Mapping of the four most highly active compounds on the best hypothesis model Hypo1. (A) Compound 3 (GS4071); (B) compound 18

(Zanamivir); (C) compound 22; (D) compound 59. Pharmacophore features are color-coded with the same as Figure 3.

Table 2. Output parameters of the 10 lowest cost hypothesis resulting

from the statistical evaluation procedure according to the Fischer

method22

Hypothesis Correlation rms Total cost

1 0.756 2.091 137.719

2 0.745 2.133 138.920

3 0.745 2.131 139.024

4 0.717 2.226 139.166

5 0.758 2.101 139.561

6 0.688 2.320 144.141

7 0.677 2.349 145.000

8 0.687 2.324 145.804

9 0.710 2.247 145.812

10 0.695 2.297 147.123

Hypo1 0.902 1.392 113.340
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ering drugs to prevent and cure avian influenza virus
(AIV). A highly predictive pharmacophore model was
generated based on 22 training set compounds, which
consists of two hydrogen-bond donors, one hydropho-
bic point, one positive ionizable group, and one negative
ionizable group. The utility of our pharmacophore mod-
el on 88 test set compounds showed that the model is
able to accurately differentiate various classes of NA
inhibitors. Thus, our pharmacophore model should be
helpful in identifying novel lead compounds with im-
proved inhibitory activity through 3D database searches
and useful to designing novel NA inhibitors.
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