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Abstract

In this project, several docking conditions, scoring functions and corresponding protein-aligned molecular field analysis (CoMFA) models were

evaluated for a diverse set of neuraminidase (NA) inhibitors. To this end, a group of inhibitors were docked into the active site of NA. The docked

structures were utilized to construct a corresponding protein-aligned CoMFA models by employing probe-based (H+, OH, CH3) energy grids and

genetic partial least squares (G/PLS) statistical analysis. A total of 16 different docking configurations were evaluated, of which some succeeded in

producing self-consistent and predictive CoMFA models. However, the best model coincided with docking the ionized ligands into the hydrated

form of the binding site via PLP1 scoring function (r2
LOO ¼ 0:735, r2

PRESS against 24 test compounds = 0.828). The highest-ranking CoMFA models

were employed to probe NA–ligand interactions. Further validation by comparison with a co-crystallized ligand–NA crystallographic structure was

performed. This combination of docking/scoring/CoMFA modeling provided interesting insights into the binding of different NA inhibitors.
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1. Introduction

Influenza is a global health concern responsible for

significant morbidity and mortality, particularly to the very

young, elderly and immunosuppressed [1–3]. The development

of vaccines to prevent or treat influenza infection has been

significantly hindered by the high mutability of the virus [4].

Therefore, antiviral agents represent alternative treatment until

a pandemic-specific vaccine becomes available [5].

The life cycle of the influenza virus provides several

potential molecular targets for drug intervention [1]. Among

those, neuraminidase (NA) appears to be particularly attractive

[6,7].

NA is one of two glycoproteins expressed at the surface of

the flu virus and is responsible for viral release from infected

cells and viral transport through the mucus of the respiratory

tract. NA also destroys hemaglutinin receptor on host cells, thus

allowing the emergence of progeny virus particles from the

infected cells [8,9]. Therefore, compounds that inhibit NA
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should protect the host from viral infection and retard its

propagation. Fortunately, the amino acid residues within the

active site of NA are conserved in all wild-type influenza

viruses [10,11], which promotes NA as an excellent target for

broad-spectrum inhibitors [7].

Structure-based drug design methods have played a critical

role in the discovery of NA inhibitors [12]. By exploiting the

crystal structure of NA–inhibitor complexes, many compounds

were successfully modified and optimized based on the charge

and shape characters of the binding site. Successful examples

include Zanamivir [13] and Oseltamivir [14]. However, the

continuous threat of imminent pandemics [15,16] and the

emergence of resistant strains to Oseltamivir (Tamiflu1) render

the development of new effective NA inhibitors attractive for

drug development research [17].

Several series of NA inhibitors originating from a variety of

scaffolds have been disclosed using structure-based methods

and relying on crystallographic data, including: pyrrolidines

[18], cyclopentanes [19], tetrahydrofurans [20] and benzenes

[21].

Despite employing a variety of computational approaches

towards the discovery of new NA inhibitors [12,22–39],

molecular docking remains one of the most popular computa-
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tional methodologies for virtual screening and hit discovery

[40,41].

The great recent interest in NA as anti-influenza target

[42,43] combined with the inherent inaccuracies of docking

studies, i.e., their inability to evaluate the binding free energies

correctly [44,45], prompted us to evaluate an interesting

approach to identify optimal docking conditions capable of

explaining bioactivity variations across a diverse set of NA

inhibitors. The central theme of this approach is to employ

protein-aligned molecular field analysis (CoMFA) as a probe to

validate corresponding docked conformers/poses [46,47]. If a

particular docking study succeeded in aligning a group of

molecules in such a way to access self-consistent and predictive

CoMFA model(s), then one can assume the validity of the

corresponding docking/scoring configuration. This is not

unreasonable, as CoMFA models are highly sensitive to the

way their training compounds are aligned in 3D space [48,49].

In fact, the issue of the 3D alignment is considered the most

notorious among other factors that affect CoMFA performance

[48,49].

Molecular docking is a conformational search and sampling

procedure in which various docked conformations are explored

to identify the right one as guided by a proper scoring function

[50]. Unfortunately, scoring function(s) are generally incapable

of evaluating the binding free energies correctly due to the high

complexity of the underlying molecular interactions [45,51,52].

Another factor to be taken into consideration prior to

docking is the presence or absence of crystallographically

explicit water molecules in the binding site [53–55].

Furthermore, the fact that crystallographic structures lack

information on hydrogen atoms means that it should be

appropriately assumed whether the ligand’s ionizable moieties

will exist in their ionized form or not prior to docking [56].

The current study was conducted by docking 121 known NA

inhibitors into a selected crystallographic structure of this

enzyme (PDB code: 1NNC). It was decided to conduct the

docking part utilizing the program LigandFit1 [57,58], which

was recently reported to be of good overall performance

particularly in virtual high-throughput screening (vHTS) [52].

LigandFit1 was instructed to select a maximum of ten distinct

optimal conformers/poses for each docked inhibitor. Subse-

quently, four scoring functions (i.e., PLP [59], JAIN [60],

LigScore [61] and PMF [62]) were separately employed to rank

the optimal docked structures of each inhibitor. The highest-

ranking conformers/poses, according to each scoring function,

were aligned together to construct corresponding CoMFA

models that were subsequently appropriately validated. The

cycle of docking, scoring and CoMFA modeling was repeated

to cover all possible docking combinations resulting from the

presence (or absence) of crystallographically explicit water

molecules within the binding site and the ionization states of the

ligands (ionized or unionized).

The success in accessing a self-consistent CoMFA model(s)

can serve as additional validation for a docking methodology to

complement existing validation methods [63]. Generally,

docking results are judged from the similarity of the docked

conformers/poses to corresponding crystallographic structures
or the ability to identify known active compounds from a

random pool [64,65]. However, these criteria suffer from the

implicit assumption that the crystallographic structures of

bound ligands are sufficiently realistic to be used as reference

standards. Although crystallographic data are considered

reliable structural information for drug design, they are

associated with some serious problems such as inadequate

resolution [66] and crystallization-related artifacts [67–69].

Furthermore, crystallographic structures generally ignore

structural heterogeneity related to protein anisotropic motion

and discrete conformational sub-states [70].

2. Methods

2.1. Hardware and software

NA inhibitors were sketched in two-dimensional (2D)

format using ChemDraw Ultra (Version 7.01) from Cambridge

Soft Corp. (Cambridge, MA, www.cambridgesoft.com)

installed on a PC. Docking, scoring and molecular field

analysis studies were performed using CERIUS2 suite of

programs (Version 4.10) from Accelrys Inc. (San Diego, CA,

www.accelrys.com). CERIUS2 was installed on a Silicon

Graphics Octane2 desktop workstation equipped with a

600 MHz MIPS R14000 processor (1.0 GB RAM) running

the Irix 6.5 operating system.

2.2. Protein-aligned CoMFA modeling

2.2.1. Dataset

A set of 121 diverse neuraminidase inhibitors belonging to

the following chemical classes: 5,6-dihydro-4H-pyranes,

cyclohexenes, benzoic acid derivatives, pyridines and pyrro-

lidines [14,18,71–75] (Fig. 1 and Table A (in supplementary

data)) were used for modeling. Only achiral inhibitors or those

of known absolute chiral configurations were employed. The in

vitro bioactivities of most collected inhibitors are expressed as

the concentration of the test compound that inhibited NA

activity by 50% (IC50). To allow appropriate QSAR analysis,

we were obliged to convert and normalize the bioactivities of all

inhibitors into Ki format. Therefore, IC50 values were converted

into Ki values employing the Cheng–Prusoff equation

[24,34,76]:

K i ¼
IC50

1þ ðS=KmÞ
(1)

where Km is the Michaelis constant for a particular enzyme and

S is the substrate concentration. Fig. 1 and Table A (in

supplementary data) illustrate the structures of the collected

inhibitors and their corresponding bioactivities.

The logarithm of Ki values (nM) were used in 3D-QSAR

modeling, thus correlating the data linearly to the free energy

change.

A training subset of 97 molecules was selected. However,

since it is essential to access the predictive power of the

resulting CoMFA models on an external set of inhibitors, the

http://www.cambridgesoft.com/
http://www.accelrys.com/


Fig. 1. The chemical scaffolds of different NA inhibitors used in modeling. See

Table A (in supplementary data).
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remaining 24 molecules (ca. 20% of the dataset) were

employed as an external test subset for validating the 3D

QSAR models. The test molecules were selected as follows: the

inhibitors were ranked according to their Ki values and every

fifth compound was selected for the test subset starting from the

high-potency end. This selection considers the fact that the test

molecules must represent a range of biological activities similar

to that of the training set [77]. The following compounds were

selected to validate CoMFA models: 15, 17, 19, 22, 23, 32, 33,

35, 38, 39, 61, 62, 64, 70, 72, 75, 80, 84, 92, 97, 112, 117, 120

and 121 (numbers are as in Fig. 1 and Table A (in

supplementary data)).

2.2.2. Preparation of dataset

The 2D structures of the inhibitors (1–121, Fig. 1 and Table A

(in supplementary data)) were sketched using ChemDraw Ultra

(Version 7.01) and saved in MDL mol-file format. Subsequently,

they were imported into CERIUS2 and converted to correspond-

ing standard 3D structures using the rule based methods

implemented in CERIUS2. Two protonation states were assumed

for each inhibitor, ionized and unionized. In the ionized forms,

the molecules were assumed to exist in neutral conditions (pH

7.0) and therefore carboxylic acids were deprotonated and given
formal negative charges, while amino and guanidino groups were

protonated and given formal positive charges. The remaining

atoms were assigned partial charges using the default Gasteiger

method implemented in CERIUS2 [78].

2.2.3. Neuraminidase (NA) crystal structure

The 3D coordinates of the wild type (N9) NA were retrieved

from the Protein Data Bank (PDB code 1NNC). This particular

structure was selected as it exhibits high 3D resolution (1.80 Å),

complexed to potent NA inhibitor (3, GG167, see Fig. 1 and

Table A (in supplementary data)) and reported to exhibit 87%

promiscuity, i.e., a protein structure to which 87% of actives are

docked correctly [31,93]. Hydrogen atoms were added to the

protein utilizing CERIUS2 templates for protein residues. By

default, this template ionizes amino, guanidino and carboxylic

acid residues. This assumption is not unreasonable as the

binding pocket is relatively shallow and hydrated, which

minimize any influential effects on the pKa values of the

ionizable moieties. Gasteiger charges were assigned to the

protein atoms as implemented within LigandFit [57,58]. The

protein structure was utilized in subsequent docking experi-

ments without energy minimization. Explicit water molecules

were either kept or removed according to the required docking

conditions, i.e., docking in the presence or absence of explicit

water. The binding pocket involves five explicit water

molecules of B-factors ranging from 12.45 to 36.74 (see

supplementary data for their individual B-factors).

2.2.4. Docking simulations

LigandFit considers the flexibility of the ligand and treats the

receptor as rigid. There are two steps implemented in the

LigandFit1 process [57,78]:
(1) D
efining the location(s) of potential binding site(s): in the

current docking experiments, the binding site was generated

from the co-crystallized ligand (GG167), employing the

default settings of LigandFit1 [57,78], as shown in Fig. 2.
(2) D
ocking the ligands in the binding site: in LigandFit1,

docking is composed of few major sub-steps [57,78]: (i)

conformational search of the flexible ligands employing

Monte Carlo randomized process; (ii) pose/conformation

selection based on shape similarity with the binding site;

(iii) candidate conformers/poses exhibiting low shape

discrepancy are further enrolled in calculation of the dock

energies by a grid-based interpolation scheme; (iv) each

docked conformation/pose is further fitted into the binding

pocket through a number of rigid-body minimization (RBM)

iterations; (v) dissimilar docked conformers/poses of best-

ranking docking energies (DockScores) are selected, further

energy minimized via BGFS RBM and saved.
In the current docking experiments, all 121 ligands were

docked into the binding sites employing following docking

configuration: (i) Monte Carlo search parameters: 20,000 trials

and torsion steps with polar hydrogens = 30.08; (ii) The RMS

threshold for ligand-to-binding site shape match was set to 2.0

employing a maximum of 1.0 binding site partitions; (iii)



Fig. 2. Perspective cartoon views of NA (PDB code: 1NNC): (A) co-crystallized with compound 3 (Fig. 1, Table A (in supplementary data)) and (B) the

corresponding binding pocket (dotted blue area).
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interaction energies were assessed employing CFF force field

(Version 95 implemented in CERIUS2 4.10) with a non-bonded

cutoff distance of 10.0 Å and distance dependent dielectric. An

energy grid extending 3.0 Å from the binding site was

implemented; (iv) rigid body ligand minimization parameters

were: 10 iterations of steepest descent (SD) minimization

followed by 20 BFGS iterations applied to every successful

orientation of the docked ligand; (v) a maximum of 10 diverse

docked conformations/poses of optimal interaction energies

were saved. The similarity threshold was set to a DockScore of

20 kcal/mol and an RMS value of 1.5 Å; (vi) the saved

conformers/poses were further energy-minimized within the

binding site for a maximum of 100 rigid-body iterations.

2.2.5. Scoring of docked conformers/poses

For all optimal docked conformers/poses, we computed

scores using the scoring functions, PLP1 [59], JAIN [60],

LigScore1 [61] and PMF [62]. The first two are empirical first-

principle physical interaction terms, while LigScore1 is an

empirical regression-based scoring function and PMF is a

knowledge-based potential.

Considering each scoring function in turn, the highest

scoring docked conformer/pose was selected for each inhibitor

for subsequent CoMFA modeling. This resulted in four sets of

121 docked molecules with scores corresponding to each

scoring function. LigScore1 scores were calculated employing

CFF force field (Version 95) and using grid-based energies with

a grid extension of 5.0 Å across the binding site. PMF scores

were calculated employing cutoff distances for carbon–carbon

interactions and other interactions of 12.0 Å.

2.2.6. Molecular field analysis

The molecular field analysis (CoMFA) and G/PLS modules

within CERIUS2 were used to perform 3D QSAR analyses

[79]. The alignments of different inhibitors came directly from

the top-scoring conformers/poses according to each considered

scoring function and docking condition (ligands’ ionization and
binding site hydration state). For each alignment, the

interaction fields between the ligands and proton (positively

charged), hydrogen-bond donor/acceptor and methyl (neutral)

probes were calculated employing a regularly spaced rectan-

gular grid of 2.0 Å spacing. The spatial limits of the molecular

field were defined automatically and were extended past the van

der Waals volume of all the molecules in the X, Y and Z

directions. The ligands were assigned partial charges using the

Gasteiger method implemented within CERIUS2. The energy

fields were calculated employing the default UNIVERSAL

force field (Version 1.02) implemented within CERIUS2 [80]

and were truncated to �50 kcal/mol. The calculation gave

around 2187 variables for each compound (ca. 729 variable/

probe).

To derive the best possible 3D QSAR statistical model for

each alignment, we used genetic partial least squares (G/PLS)

analysis to search for optimal regression equations capable of

correlating the variations in biological activities of the training

compounds with variations in the corresponding interaction

fields [81]. G/PLS is derived from two methods: genetic

function approximation (GFA) and partial least squares (PLS).

GFA techniques rely on the evolutionary operations of

‘‘crossover and mutation’’ to select optimal combinations of

descriptors (i.e., chromosomes) capable of explaining bioac-

tivity variation among training compounds from a large pool of

possible descriptor combinations (i.e., chromosomes popula-

tion). Each chromosome is associated with a fitness value that

reflects how good it is compared to other solutions. The fitness

function employed herein is based on Friedman’s ‘‘lack-of-fit’’

(LOF) [81]. G/PLS algorithm uses GFA to select appropriate

basis functions to be used to model certain data, and PLS

regression as the fitting technique to weigh the basis functions’

relative contributions in the final model. Application of G/PLS

allows the construction of larger QSAR equations while

avoiding over-fitting and eliminating most variables [81].

Preliminary diagnostic trials suggested the following optimal

G/PLS parameters: explore linear equations at mating and
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mutation probabilities of 50%; population size = 500; number

of generations (iterations) = 30,000 and LOF smoothness

parameter = 1.0. However, to determine the optimal number

of explanatory terms (i.e., CoMFA descriptors) and PLS latent

variables (i.e., principle components), it was decided to scan

and evaluate all possible CoMFA models resulting from all

combinations of 1–6 principal components and numbers of

CoMFA descriptors ranging from 16 to 22 field variables, i.e., a

total of 42 different CoMFA models were evaluated in each

case. This evaluation was repeated for all molecular alignments

resulting from different scoring functions and docking

conditions.

All CoMFA models were validated employing leave one-out

cross-validation (r2
LOO), bootstrapping (r2

BS) [82,83] and

predictive r2 (r2
PRESS) calculated from the test subsets. The

test molecules were aligned according to the particular

docking/scoring configuration, and their bioactivities were

predicted by corresponding G/PLS models generated from the

training sets and employing the above-mentioned range of

combinations of principle components and CoMFA descriptors.

The predictive r2
PRESS is defined as [82]:

r2
PRESS ¼

SD� PRESS

SD
(2)

where SD is the sum of the squared deviations between the

biological activities of the test set and the mean activity of the

training set molecules and PRESS is the sum of squared

deviations between predicted and actual bioactivity values

for every molecule in the test set.

A particular CoMFA model is defined as successful if it

exhibits r2
LOO and p2

PRESS values above 0.60. However,

CoMFA models corresponding to the best r2
PRESS values in

a particular alignment were further cross-validated through

dividing the training set into five groups of approximately the

same size in which the objects were assigned randomly.

Subsequently, 80% of the training compounds were randomly

selected, and a model was generated, which was then used to

predict the remaining compounds within the training set

(leave-20%-out). This process was repeated 10 times, and the

average predictive r2 (r2
L�20%-O) is determined. This cross-

validation technique has been shown to yield better indices

for the robustness of a model than the normal LOO proce-

dure [84]. An additional validation was also performed for

high-ranking 3D QSAR models to rule out the possibility of

chance correlations: all biological activities were randomized

99 times (confidence level 99%) and were subjected to

regression analysis, and the mean randomization r2 was

calculated [85].

3. Results

As described above, we evaluated the effects different

docking approaches (i.e., scoring functions, ligand ionization

states and binding site hydration) on the statistical qualities of

the corresponding protein-aligned CoMFA models con-

structed from diverse NA inhibitors. The compounds were

docked into the binding site employing LigandFit1, which
was instructed to explore the stabilities of wide variety of

potential docked conformers/poses and to tightly minimize

promising conformers/poses into the binding pocket. Subse-

quently, the docked structures were scored employing four

different scoring functions and aligned together for molecular

field analysis (CoMFA) utilizing genetic partial least squares

(G/PLS) for statistical modeling. The inhibitors were divided

into two groups: a training subset of 97 compounds and a

randomly selected test subset of 24 compounds. The test

compounds were selected to represent a range of biological

activities similar to that of the training set (see Section 2.2.1).

Several G/PLS settings were scanned for each molecular

alignment, i.e., CoMFA models resulting from all combina-

tions of 1–6 principal components and numbers of CoMFA

descriptors ranging 16–22 were evaluated. The qualities of

each CoMFA model were assessed via the following

statistical criteria: (i) conventional regression coefficients

against the training compounds (r2
97), (ii) leave one-out

regression coefficients (r2
LOO), (iii) bootstrapping regression

coefficients (r2
BS), (iv) predictive regression coefficients

against the external set of 24 test compounds (r2
PRESS) and

(v) the sum of squared deviations between predicted and

experimental bioactivities for molecules in the test set

(PRESS). Table 1 shows the statistical criteria of the resulting

CoMFA models.

Despite that traditional cross-validation tests such as r2
LOO

are very useful [86], they do not always pick up poor equations

[83,87]. Accordingly, we decided to further validate superior

models that combine r2
LOO and r2

PRESS� 0:60 (Table 1) by

calculating their leave-20%-out (r2
L-20%-O) and randomization

correlation coefficients (r2
random). These tests ensure that the

generated regression models were not produced by chance [83].

Furthermore, to evaluate the robustness of a particular docking-

based alignment, we introduced an additional success criterion:

the ability of the alignment to access self-consistent and

predictive CoMFA models regardless to variations in the

allowed number of principal components or field variables.

This criterion is represented in Table 1 by the success rate

column, which shows the ratios of satisfactory statistical

models compared to the total number of scanned CoMFAs for a

particular alignment.

Table 1 shows that several docking conditions accessed

satisfactory CoMFA models. However, the best CoMFAs were

generated by docking the ionized ligands, regardless to the

hydration state of the binding pocket (docking settings A as in

Table 1). Furthermore, ionizing the ligands allowed access to

superior CoMFAs via two scoring functions, i.e., PLP and

JAIN, as shown in Table 1.

On the other hand, the unionized ligands accessed

satisfactory CoMFA models only upon docking into the

hydrated binding pocket and exclusively via PLP1 scoring

function. Nevertheless, this configuration illustrated excellent

robustness and statistical significance, as evident from Tables 1

and 2.

Figs. 3 (and B and C in supplementary data) illustrate the

experimental bioactivities versus fitted (97 training set) and

predicted (24 testing compounds) values produced by the best



Table 1

The statistical results of the best CoMFA models obtained via various docking/scoring combinations

Ligand ionization

state

Explicit

water

Scoring

function

Codea LVb CoMFA

descriptorsc
r2

97
d r2

LOO
e r2

BS
f r2

PRESS
g PRESSh

r2
L-20%-O

i r2
Random

j Success

ratek

Ionized Present JAIN A1 2 16 0.763 0.704 0.763 0.676 24.167 0.698 0.150 5/42

LigScore1 A2 1 17 0.696 0.645 0.696 0.621 28.267 0.572 0.160 1/42

PLP1l A3 4 20 0.827 0.735 0.811 0.828 12.820 0.690 0.186 11/42
PMF A4 4 18 0.847 0.692 0.802 0.606 29.344 0.754 0.181 1/42

Absent JAINl A5 5 16 0.804 0.650 0.747 0.754 18.339 0.669 0.158 11/42
LigScore1 A6 1 19 0.665 0.612 0.665 0.711 21.518 0.613 0.182 5/42

PLP1 A7 2 22 0.776 0.707 0.776 0.521 35.690 – 0.212 0/42

PMF A8 1 19 0.692 0.628 0.692 0.661 25.301 0.572 0.179 2/42

Unionized Present JAIN B1 1 21 0.647 0.572 0.647 0.613 28.811 – 0.209 0/42

LigScore1 B2 4 22 0.825 0.641 0.795 0.553 33.317 – 0.221 0/42

PLP1l B3 1 21 0.746 0.677 0.746 0.729 20.230 0.655 0.205 11/42
PMF B4 1 22 0.658 0.563 0.658 0.544 33.990 – 0.215 0/42

Absent JAIN B5 2 21 0.748 0.530 0.671 0.552 33.366 – 0.199 0/42

LigScore1 B6 1 19 0.656 0.568 0.656 0.626 27.862 – 0.179 0/42

PLP1 B7 3 21 0.695 0.504 0.627 0.709 21.651 – 0.206 0/42

PMF B8 2 19 0.738 0.619 0.738 0.596 30.087 0.599 0.178 1/42

a These codes are used in the captions of tables and figures and within the text to indicate the corresponding docking/scoring conditions.
b Optimal number of latent variables at 30,000 generations of G/PLS.
c Number of CoMFA descriptors (molecular interaction field descriptors) in the optimal 3D-QSAR equation.
d Non-cross-validated correlation coefficients for 97 training compounds.
e Cross-validation correlation coefficients determined by the leave-one-out technique.
f Bootstrapping correlation coefficients.
g Predictive r2 determined for the 24 test compounds.
h The sum of squared deviations between predicted and actual activity values for every molecule in the test set of 24 compounds.
i Cross-validation correlation coefficients determined by the leave-20%-out technique.
j Average randomization correlation coefficients: the biological activities were randomized 99 times and the mean randomization r2 was calculated.
k Number of successful CoMFA models (of r2

LOO and r2
PRESS� 0:6) per total number of evaluated QSAR equations (42 trials).

l Bold statistical parameters correspond to the best docking/scoring combinations.
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CoMFA models (A3, A5 and B3 conditions, Tables 1 and 2).

The robustness of the resulting alignments is clearly obvious

as they maintained high-quality CoMFA models despite

variations in the number of principal components and field

descriptors, as shown in Table 2. Undoubtedly, successful

protein-aligned CoMFA models reflect realistic corresponding
Fig. 3. Experimental vs. fitted (A, 97 compounds, r2
LOO ¼ 0:735) and predicted (B,

model obtained after 30,000 iterations of G/PLS performed on the training compou

binding pocket, ionized ligands and PLP1 scoring function). The solid lines are th

compounds, respectively, whereas the dotted lines indicate the �1.0 log point erro
docked conformers/poses. Figs. 4 (and D in supplementary data)

show the alignments of the inhibitors into the binding pocket of

NA as proposed by the best docking/scoring configurations.

Notably, knowledge-based PMF performed significantly less

than empirical PLP1 and JAIN, which hints to certain

uniqueness in how NA binds to its respective ligands, i.e.,
24 compounds, r2
PRESS ¼ 0:828) bioactivities calculated from the best CoMFA

nds as aligned by A3 docking/scoring conditions (code as in Table 1, hydrated

e regression lines for the fitted and predicted bioactivities of training and test

r margins.



Table 2

Effects of varying the number of principle components and field descriptors on the statistical criteria of the 3D-QSAR equations generated from successful docking-

based alignments

Docking conditions Scoring function LV Number of terms r2
97 r2

LOO r2
BS r2

PRESS
PRESS

Ionized-hydrated JAIN 2 16 0.763 0.704 0.763 0.676 24.167

3 17 0.821 0.731 0.813 0.663 25.082

3 16 0.812 0.694 0.774 0.655 25.735

6 22 0.883 0.708 0.811 0.625 26.936

5 16 0.835 0.729 0.803 0.604 29.498

PLP1 4 20 0.827 0.735 0.811 0.828 12.831

3 18 0.782 0.682 0.754 0.783 16.148

1 19 0.684 0.613 0.683 0.730 20.835

6 17 0.843 0.731 0.810 0.709 21.681

1 17 0.688 0.617 0.688 0.690 23.070

Ionized un-hydrated JAIN 6 19 0.832 0.649 0.771 0.777 16.652

5 16 0.804 0.650 0.747 0.754 18.339

5 22 0.830 0.652 0.741 0.717 21.096

3 18 0.793 0.685 0.775 0.683 23.597

1 21 0.656 0.589 0.656 0.682 23.662

PLP1 1 19 0.665 0.612 0.665 0.711 21.518

1 16 0.697 0.621 0.697 0.708 21.765

1 21 0.685 0.610 0.684 0.666 24.854

1 17 0.702 0.641 0.701 0.665 24.939

1 20 0.699 0.621 0.699 0.645 26.443

Unionized-hydrated PLP1 1 21 0.746 0.677 0.746 0.729 20.230

1 16 0.711 0.655 0.711 0.713 21.358

1 17 0.737 0.680 0.737 0.701 22.304

3 21 0.812 0.727 0.813 0.691 23.015

3 19 0.834 0.590 0.680 0.671 24.491
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compared to other ligand–protein complexes in the protein

databank. Still, PLP1 was generally reported to yield superior

docking accuracies when compared to other docking/scoring

combinations [52,88].
Fig. 4. Alignment of some docked inhibitors within the binding pocket of NA

as proposed by A3 docking scoring configurations (codes as in Table 1). The

figure also shows the CoMFA grid box.
4. Discussion

By evaluating the binding interactions proposed by the

highest-performing docking approaches, one can envisage

the binding compartment of NA as a shallow pouch

comprised of four primary regions involved in binding with

docked ligands (Figs. 6–14 and Figs. E–L in supplementary

data).

The first region (R1) is comprised of the positively charged

guanidino groups of arginines 118, 292 and 371. Confronting

R1 is a mainly hydrogen-bond forming region (R2) consisting

of the side chain of Arg152 and the amidic carbonyl of Trp178

and Asp151. The third binding region (R3) is a negatively

charged inner arch nearly perpendicular to the chord connecting

R1 and R2 and composed of Glu119, Asp151 and Glu227,

Glu276, Glu277 and Tyr406. This site contains three explicit

water molecules: one is adjacent to Asp 151 (B-factor = 32.94)

while the other two lay between Glu227 and Glu277 (B-factors

12.45 and 16.26, respectively). The fourth region (R4) is outer

hydrophobic and situated adjacent to R2 and comprised of the

side chains of Ala246, Ile222, Trp178 and the hydrophobic

propylene linker of Arg224. Two more explicit water molecules

(B-factors 33.80 and 36.74) are located within R4 between

Ala246 and Ile222 and hydrogen bonded to the amidic carbonyl

of Asn221. Fig. 5 shows a schematic representation of the

binding pocket.

All binding regions were implicated in substrate recognition,

however, Asp151, Glu277 and Tyr406 are believed to play a

critical role in the catalytic activity of NA [89,90].



Fig. 5. A presentation of binding pocket of NA showing the different binding

regions. The positively charged arginine triad (R1) is shown in blue, the

hydrogen-bonding area (R2) is shown in white (151B and 178B represent

the backbone carbonyls of amino acids 151 and 178, respectively), at a deeper

level, the negative zone (R3) is shown in red and the hydrophobic region is

represented in green (R4). The crater of the binding pocket is the middle gap.

Water molecules are shown as yellow balls.

Table 3

Experimentally determined bioactivities vs. their estimated counterparts for

some NA inhibitors

Inhibitorsa Experimental

bioactivities,

log(1/Ki)
b

Estimated bioactivities, log(1/Ki)
c

A3d A5d B3d

3 0.223 �0.382 �1.338 �1.620

14 �0.254 �2.601 �0.391 �1.297

24 �0.254 �1.069 �1.530 �0.664

31 0.746 0.236 �0.366 �0.020

32 �0.856 �2.930 �3.345 �3.544

67 0.524 0.430 �0.150 �1.297

68 0.524 0.034 �1.173 �0.243

88 �2.787 �2.802 �2.783 �2.956

118 �2.839 �2.516 �2.817 �3.331

a The structures are as in Fig. 1 and Table A (in supplementary data).
b The bioactivities are normalized in Ki format (as mentioned in Section

2.2.1).
c Estimated bioactivities by the best docking/scoring/CoMFA models (see

Tables 1 and 2).
d The codes correspond to docking/scoring conditions as in Table 1.

Fig. 6. The docked conformer/pose of inhibitor 31 (IC50 = 0.30 nM) as gen-

erated by A3 conditions. A wire-frame detailed view showing the major amino

acid residues involved in the binding interactions.
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4.1. Ligand–NA interactions proposed by the best docking/

scoring conditions

Emergence of three high-quality docking/scoring config-

urations (i.e., A3, A5 and B3) is quite interesting. The validity

of certain docking approach can be judged upon based on how

close the corresponding CoMFA-based estimate (fitted or

predicted bioactivity) to the experimental counterpart. How-

ever, if several docking/scoring conditions succeeded in

estimating the bioactivity of certain ligand(s), then this

probably encodes for multiple binding modes assumed by

the ligand within the binding site.

We selected several diverse NA inhibitors (from Fig. 1 and

Table A (in supplementary data)) to probe and discuss their

binding interactions within NA binding pocket.

The fact that A3 conditions accessed satisfactory bioactivity

estimates for 31 (IC50 = 0.30 nM), 67 (IC50 = 0.50 nM) and 68

(IC50 = 0.50 nM) (Table 3) validate the corresponding docked

conformers/poses (Figs. 6–8, respectively). A3 conditions

directed the carboxylate of 67 (Fig. 7) towards R1 to form

ionic and hydrogen bonding interactions with the corresponding

arginine triad, while the opposite acetamido carbonyl was

allowed to form a network of hydrogen bonds involving Asp151

and a water molecule bound to Glu227. On the other hand, the

guanidino group of 67 was directed towards the negative zone R3

to interact with Glu276 and Glu277. The hydrophobic moiety of

67 (2-butyl) was directed towards the hydrophobic R4.
Similarly, the carboxylate of 68 (Fig. 8) was projected by A3

conditions towards R1 to form hydrogen-bond reinforced ionic

interactions with the guanidino of Arg292. However, unlike 67,

A3 conditions directed the acetamido group of 68 towards R2 to

allow mutual hydrogen-bonding interactions with Arg152.

Unsurprisingly, the guanidino and 3-pentyl moieties of 68 were

directed by A3 towards R3 and R4, respectively. The guanidine

is electrostatically bound to Asp151, Glu227 and the amidic

carbonyl of Trp178.

However, A3 flips some cyclohexene inhibitors, particularly

those of bulky hydrophobic substituents, e.g., 31 (Fig. 6), in



Fig. 7. The docked conformer/pose of inhibitor 67 (IC50 = 0.50 nM) as gen-

erated by A3 conditions. A wire-frame detailed view showing the major amino

acid residues involved in the binding interactions.
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such a way that their carboxylates are bonded to Arg152 in R2

while their bulky hydrophobic fragments are allowed to

protrude outside the binding pocket. However, this docking

approach directs the acetamido of 31 to be involved in a

hydrogen-bond network with Arg292 (in R1) and a water

molecule bound to Glu119, while the amino moiety interacts

with Asp151 (in R3).
Fig. 8. The docked conformer/pose of inhibitor 68 (IC50 = 0.50 nM) as gen-

erated by A3 conditions. A wire-frame detailed view showing the major amino

acid residues involved in the binding interactions.
The fact that A5 conditions (docking the ionized ligands

after dehydrating the binding pocket, Table 1) succeeded in

estimating the bioactivities of a significant number of inhibitors

(e.g., 14, IC50 = 3.0 nM; 32, IC50 = 12.0 nM, Table 3) indicates

that these inhibitors eject certain water molecule(s) upon

binding. For example, A5 conditions forced the carboxylate

group of 14 (Fig. 9) into R1, and directed the adjacent fluorine

substituent to form hydrogen-bond with Arg292. The amine

substituent was directed towards Asp151 and Glu227 in R3,

while the acetamido moiety was forced deep into the binding

pocket where it replaces a water molecule (B-factor 16.26)

embedded in R3. The 3-pentyl side chain of 14 protrudes

outside the binding pocket, albeit towards the hydrophobic

region R4. Similarly, inhibitor 32 (Fig. 10) is anchored by A5

conditions in such a way that the carboxylate and the acetamido

moieties are directed towards R1 (Arg118 and Arg371) and R2

(Arg152), respectively. The amino group is embedded within

R3 via electrostatic interactions with Glu119, while the

hydrophobic aryl alkyl ether is directed into R4 where it

displaces the same water molecule ejected by 14.

The repeated displacement of the same static explicit water

molecule by several potent inhibitors supports the proposition

that binding of some NA inhibitors requires ejecting water

molecules from the binding site. Emergence of B3 (i.e.,

docking the unionized ligands into the hydrated form of the

binding pocket) as successful docking/scoring condition

(Table 3) is quite surprising, particularly since the binding

pocket is shallow and populated with strongly ionizable

residues [91]. Masking the ligands’ ionized moieties in this

docking configuration leaves hydrogen-bonding as the major

determinant of the docked conformations/poses. Therefore, the

ability of this approach to achieve self-consistent and predictive
Fig. 9. The docked conformer/pose of inhibitor 14 (IC50 = 3.0 nM) as gener-

ated by A5 conditions. A wire-frame detailed view showing the major amino

acid residues involved in the binding interactions.



Fig. 10. The docked conformer/pose of inhibitor 32 (IC50 = 12.0 nM) as

generated by A5 conditions. A wire-frame detailed view showing the major

amino acid residues involved in the binding interactions.

Fig. 11. The docked conformer/pose of inhibitor 24 (IC50 = 3.0 nM) as gen-

erated by B3 conditions. A wire-frame detailed view showing the major amino

acid residues involved in the binding interactions.
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CoMFA models highlights the importance of hydrogen-

bonding in ligand–NA interactions. Careful examination of

successful conformers/poses produced by this docking config-

uration indicates that hydrogen-bonding gains significance in

ligand–NA affinity whenever oppositely charged electrostatic

moieties of the ligand(s) are placed at closer proximities.

Apparently, oppositely charged adjacent groups favor intra-

molecular over intermolecular electrostatic attraction, and

therefore magnify the role of hydrogen bonding in ligand–NA

binding. This trend is particularly evident in amino-substituted

ligands compared to those substituted with guanidino groups.

This can be exemplified by inhibitor 24 (IC50 = 3.0 nM), which

had its bioactivity closely estimated by B3/CoMFA modeling

(Fig. 11; Table 3). The carboxylic acid group of 24 is oriented

towards R1 and involved in a network of hydrogen bonds with
Fig. 12. The docked conformers/poses of inhibitor 88 (Ki = 360 nM) as g
Agr371, Arg118 and a water molecule bound to Asp151. On the

other hand, the opposite acetamido moiety is directed towards

R2 where it is involved in hydrogen-bonding to a string of two

water molecules attached to Asn221. Similarly, the amino

group of 24 is hydrogen-bonded directly to Glu277 and to

Glu227 via two water molecules. The hydrophobic fragment of

24 is forced by B3 conditions outside the binding pocket.

In some cases, all three docking configurations accessed close

bioactivity estimates to the experimental values pointing to the

validity of all corresponding conformers/poses. This conduct

hints to the existence of multiple binding modes whereby a

particular ligand keeps perturbing from one conformer/pose to

another. The pyrrolidine derivative 88 (Fig. 12; Table 3;

Ki = 360 nM) and the benzoic acid analogue 118 (Fig. 13;

Table 3; IC50 = 4.0 mM) exemplify this behavior. Inhibitor 88 is
enerated by: (A) A3, (B) A5 and (C) B3 docking/scoring conditions.



Fig. 13. The docked conformers/poses of inhibitor 118 (IC50 = 4.0 mM) as generated by: (A) A3, (B) A5 and (C) B3 docking/scoring conditions.

Fig. 14. (A and B) The crystallographic structure of inhibitor 3 (GG167, IC50 = 1.0 nM) complexed within the binding pocket of NA (PDB code 1NNC). (C and D)

The docked conformer/pose of inhibitor 3 as generated by A3 docking/scoring conditions.
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fitted by the three methods in such a way so that the carboxyl

group is placed within R1, while the opposite urea carbonyl is

oriented towards R2 to form weak hydrogen-bonding interac-

tions with Arg152. However, its amino substituent has the

freedom to shift from R3 (where it interacts with Asp 151) and to

protrude outside the binding pocket. The hydrophobic fragment

of 88 is allowed to extend towards R4 in all three docking

configurations. Interestingly, A3 and B3 (Fig. 12a and c)

conditions produced nearly identical conformers/poses for 88

suggesting minimal electrostatic contribution to the binding

interaction (see discussion about B3). Apparently, the close

proximity between the anionic carboxylate and cationic

ammonium groups within 88 favors intra-molecular electrostatic

attraction over intermolecular ionic affinity to the receptor.

Furthermore, the presence of an a-hydroxyl (to the carboxyl

group) creates a triangle of substituents (OH, NH2 and COOH)

involved in significant intra-molecular hydrogen-bonding and

therefore disfavors intermolecular hydrogen-bonding with the

binding pocket, which is responsible for the poor bioactivity of

this inhibitor.

Comparably, all three docking configurations anchored the

carboxyl group of inhibitor 118 within R1 and its p-acetamido

towards R2 (Fig. 13). However, the positions of the m-

guanidino and m-amino groups vary across the three docking

conditions giving the impression that the guanidino is allowed

to freely slide within the negatives R3 zone.

4.2. Comparison of the best docking/scoring conditions

with corresponding crystallographic structure

The availability of crystallographic image for NA com-

plexed to 3 (PDB code: 1NNC), prompted us compare the

conformer/pose produced by the best docking/scoring approach

with that seen in the crystallographic structure. Apparently, A3

conditions gave the best bioactivity estimate for this ligand

suggesting a realistic corresponding docked conformer/pose

(Table 3). Fig. 14 shows the docked and co-crystallized

structures of 3. Clearly from the figure, the two structures share

very similar binding interactions: the carboxylate group is

oriented towards R1 to form electrostatic and hydrogen

bonding interactions within the arginine triad, while the

acetamido carbonyl is hydrogen-bonded to the guanidino of

Arg152 in R2. The glycerol side chain in both structures is

projected between R3 and R4 where it forms some hydrogen-

bonding and hydrophobic interactions. However, a noticeable

difference can be seen in the position of the guanidine side

chain, still, it remained within R3 in both cases. In the co-

crystallized structure, the guanidine group forms electrostatic

and hydrogen bonding interactions with Asp151, Glu227 and

the backbone carbonyl of Trp178. While it is shifted by A3

conditions towards the carboxylates of Glu119 and Glu277.

This difference is consistent with our observations regarding

the perturbation of guanidino groups in some NA inhibitors

within R3 (as discussed with 118 and 88). The close similarity

between the docked conformer/pose of 3 and the corresponding

co-crystallized structure validates our overall docking/scoring/

CoMFA approach as a probe for ligand–NA interactions.
5. Conclusions

This effort included elaborate evaluation of several docking

conditions and scoring functions and their corresponding

protein-aligned CoMFA models constructed from diverse

influenza NA inhibitors. A total of 16 different docking

configurations were evaluated, of which some succeeded in

producing self-consistent and predictive CoMFA models.

However, the best 3D-QSAR model coincided with docking

the ionized ligands into the hydrated form of the binding pocket

via PLP1 scoring function. The best CoMFA models were

employed as tools to identify docked conformers/poses most

relevant to the observed bioactivities.

Unsurprisingly, this approach revealed different binding

modes for NA inhibitors, which can be attributed to the

symmetrical nature of the binding pocket [18,92]. Furthermore,

we noticed that minor variations in the chemical structures of

the inhibitors yielded significant variations in the docked poses,

which explains the apparent complexity of SAR within NA

inhibitors. Moreover, several inhibitors seem to eject water

molecules upon binding.

The validity of our docking/scoring/CoMFA approach was

highlighted by comparing the crystallographic structure of a co-

crystallized ligand–NA complex with the corresponding

docked conformer/pose suggested by this method.

This modeling combination of docking/scoring and CoMFA

should help in discovering new NA inhibitors through high

throughput docking of virtual molecular libraries employing

optimal docking configurations, followed by prioritizing hit

compounds according to their CoMFA-predicted bioactivities.

Furthermore, the results of this study can be used to discard odd

looking docking-based conformers/poses of screened virtual

molecules. We are currently in the process of employing this

modeling approach for the discovery of new potent NA

inhibitors.
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