
RSC Advances

PAPER
In silico studies o
Key Laboratory for Green Chemical Proce

Chemical Engineering and Pharmacy, W

430205, P. R. China. E-mail: liugenyan@ya

† Youlan Wan and Yafeng Tian contribut

Cite this: RSC Adv., 2018, 8, 40529

Received 1st August 2018
Accepted 26th November 2018

DOI: 10.1039/c8ra06475j

rsc.li/rsc-advances

This journal is © The Royal Society of C
f diarylpyridine derivatives as
novel HIV-1 NNRTIs using docking-based 3D-
QSAR, molecular dynamics, and pharmacophore
modeling approaches

Youlan Wan,† Yafeng Tian,†Wenjie Wang, Shuangxi Gu, Xiulian Ju and Genyan Liu *

A series of novel diarylpyridine derivatives has recently been identified as HIV-1 non-nucleoside reverse

transcriptase inhibitors (NNRTIs), and most of them exhibited potent activities against HIV-1 strains, with

EC50 values in the low nanomolar range. However, the three-dimensional quantitative structure–activity

relationships (3D-QSARs) and pharmacophore characteristics of these compounds remain to be studied.

In the present study, forty-two diarylpyridine derivatives were firstly docked into HIV-1 reverse

transcriptase, and molecular dynamics (10 ns) simulations were further performed to validate the

reliability of the docking results, which indicated that residues Lys101, Tyr181, Tyr188, Phe227, and

Trp229 might play important roles in binding with these diarylpyridines. The “U”-shaped docking

conformations of all compounds were then used to construct 3D-QSAR and pharmacophore models.

The satisfactory statistical parameters of CoMFA (qloo
2 ¼ 0.665, rncv

2 ¼ 0.989, rpred
2 ¼ 0.962, etc.) and

CoMSIA (qloo
2 ¼ 0.727, rncv

2 ¼ 0.988, rpred
2 ¼ 0.912, etc.) models demonstrated that both constructed

models had excellent predictability, and their contour maps gave insights into the structural

requirements of the diarylpyridines for the anti-HIV-1 activity. A docking-conformation-based

pharmacophore model, containing three hydrophobic centers, three hydrogen-bond acceptors, and

three hydrogen-bond donors, was also established. The observations in this study might provide

important information for the rational design and development of novel HIV-1 NNRTIs.
Introduction

Human immunodeciency virus (HIV) reverse transcriptase
(RT) is an asymmetric heterodimer which plays a pivotal role in
the viral replication stage for catalyzing the replication of single-
stranded viral RNA to produce double-stranded DNA before the
viral genome is integrated into the DNA of the host.1–4 This
characteristic makes the HIV RT an attractive target for the
development of anti-HIV drugs.5 To date, many HIV RT inhibi-
tors have been developed, which could be mainly classied into
nucleoside RT inhibitors (NRTIs) and non-nucleoside RT
inhibitors (NNRTIs).6,7 NRTIs are analogues of the normal dNTP
substrates.8 They can compete with endogenous nucleotides at
the polymerase active site which could availably terminate the
viral DNA synthesis.9 NNRTIs bind to an allosteric site that is an
approximately 10 Å distance from the polymerase active site.10

In fact, the structure studies of HIV RT indicate that the NNRTI-
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binding pocket (NNIBP) does not exist in the absence of
NNRTIs.11–14

NNRTIs is an important component of highly active anti-
retroviral therapy, which is a standard treatment for acquired
immune deciency syndrome (AIDS) patients at present.15

Chemical structures of NNRTIs are diverse.16,17 Different from
the rst-generation NNRTIs that have almost rigid buttery-like
conformation, the second-generation NNRTIs are more exible
and always adopt “U” (or “horseshoe”) conformation to interact
with the HIV type 1 (HIV-1) RT (Fig. 1).14,18 The obvious attri-
bution of the second-generation NNRTIs is that they can bind to
the RT through torsional exibility (“wiggling”) and local
repositioning (“jiggling”).19 Thus, the characteristic of confor-
mational exibility makes the second-generation NNRTIs easily
adapt to the steric interference caused by different mutations at
the allosteric binding site.20 Diarylpyrimidines (DAPYs) is one
class of the efficient and promising second-generation NNRTIs
with strong resilience to a number of HIV-1 mutants. Etravirine
and rilpivirine, as the second-generation NNRTIs of DAPY
derivatives, have been approved by U.S. Food and Drug
Administration in 2008 and 2011, respectively.21 They have been
proved to have highly potent against both WT HIV-1 and many
clinically prevalent mutants with low nanomolar IC50 values.22
RSC Adv., 2018, 8, 40529–40543 | 40529
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Fig. 1 Chemical structures of the first-generation (nevirapine, delavirdine, and efavirenz) and the second-generation (etravirine and rilpivirine)
NNRTIs.
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Although it has been reported that second-generation NNRTIs
have remarkable potencies against HIV-1 RT mutants, the drug
resistances and severe side effects of NNRTIs were appeared to
HIV-infected patients for their long-term usage and remained
themajor obstacles for prolonged antiretroviral therapy.23 Thus,
seeking for the novel and safe NNRTIs with broad spectrum
anti-HIV-1 activity is necessary.24 Computer-aided drug design
methods, such as molecular docking and pharmacophore
models, are oen used as effective tools for anticipating the
discovery of novel hits by reducing time and costs.

Recently, some novel diarylpyridine derivatives as NNRTIs
were designed by replacing the pyrimidine ring of DAPYs with
a pyridine ring (Table 1).25,26 Most of them exhibited good
antiviral activity against wild-type (WT) HIV-1 strains (EC50 ¼
0.035–4.41 mM). To understand the three-dimensional quanti-
tative structure–activity relationships (3D-QSARs) and pharma-
cophore characteristics of these novel diarylpyridines, in the
present study, the docking-based 3D-QSAR and pharmacophore
modeling studies were performed on the novel series of diary-
lpyridines. Molecular docking was rst performed to investigate
the interactions between these diarylpyridines and the HIV-1 RT
and to obtain the possible drug-like conformations of them. To
verify the rationality of the docking results and analyze the
dynamics behavior of the diarylpyridines, molecular dynamics
(MD) simulations were carried out on HIV-1-RT-diarylpyridine
complexes. The docking conformations of the diarylpyridines
were then selected to construct 3D-QSAR models, of which the
contour maps could guratively elucidate the relationships
between diarylpyridine structures and their inhibitory activities.
Moreover, a pharmacophore model based on the docking poses
was constructed and also provided an insight into the key
40530 | RSC Adv., 2018, 8, 40529–40543
structural features of the diarylpyridines for the activity. This
combined ligand- and acceptor-based modeling study might be
helpful for designing and developing novel diarylpyridine
candidates as HIV-1 NNRTIs.

Materials and methods
Molecular construction and structure optimization

Forty-two novel diarylpyridine derivatives were selected from
the published literatures25,26 for the molecular simulation. Their
structures and anti-HIV-1 activities (pEC50 ¼ �log EC50) were
listed in Table 1. These molecules were then constructed by
SYBYL-X 2.1 running on a windows 7 workstation. All the
molecules were minimized with Gasteiger-Hückel charges by
the default Powell method which used conjugate-gradient
minimization.27 The termination and max iterations were set
to 0.005 kcal (mol�1 Å�1) and 1000, respectively. Other param-
eters were set as default values.

Molecular docking

The crystal structure of the HIV-1 RT for molecular docking was
available in the Protein Data Bank (PDB ID: 3MEC). The PDB
database includes 72 crystal structures of the WT HIV-1 RT.28

3MEC was chosen as a docking receptor because of its high
resolution (2.3 Å) and its co-crystallized ligand etravirine
(TMC125), which adopt a “U”-shaped conformation29 at the
allosteric site.

All co-crystallized water molecules and sulfate ions were
removed before docking. The binding pocket was generated by
the automatic mode using the extracted ligand TMC125.30 In
order to verify the reliability of molecular docking, the cognate
This journal is © The Royal Society of Chemistry 2018



Table 1 Chemical structures, experimental and predicted pEC50 values of diarylpyridine derivatives acting as HIV-1 NNRTIs

No. R1 R2 EC50 (mM)
Actual
pEC50

CoMFA CoMSIA

Predicted
pEC50 Residual

Predicted
pEC50 Residual

1 CN CH3 4.12 5.385 5.374 0.011 5.418 �0.033
2a CH3 CH3 0.29 6.538 6.652 �0.114 6.607 �0.069
3b CH3 Br 0.05 7.301 7.174 0.127 7.098 0.203
4 H CH3 2.03 5.693 5.680 0.013 5.707 �0.014
5 Cl CH3 1.41 5.851 5.788 0.063 5.717 0.134
6 Br CH3 4.41 5.356 5.377 �0.021 5.385 �0.029
7 Cl Cl 0.31 6.509 6.528 �0.019 6.490 0.019
8 Br Br 0.79 6.102 6.321 �0.219 6.334 �0.232
9 F F 1.01 5.996 5.858 0.138 6.020 �0.024
10 H CH3 1.06 5.975 6.061 �0.086 6.000 �0.025
11a,b CH3 CH3 0.04 7.398 7.409 �0.011 6.831 0.567
12b CN CH3 0.07 7.155 7.088 0.067 7.176 �0.021
13a CH3 CH3 0.14 6.854 6.978 �0.124 6.950 �0.096
14b CH3 Br 0.07 7.155 7.249 �0.094 7.191 �0.036
15 H CH3 0.60 6.222 6.231 �0.009 6.218 0.004
16 H OCH3 35.73 4.447 4.444 0.003 4.479 �0.032
17 Cl CH3 0.37 6.432 6.310 0.122 6.336 0.096
18 Br CH3 0.84 6.076 6.206 �0.130 6.153 �0.077
19a Cl Cl 0.26 6.585 6.522 0.063 6.362 0.223
20 Br Br 0.50 6.301 6.245 0.056 6.228 0.073
21b CH3 Cl 0.37 6.432 6.410 0.022 6.419 0.013
22b CN Cl 0.84 6.076 6.125 �0.049 6.108 �0.032

23 CH3 0.043 7.367 7.340 0.027 7.471 �0.104

24 CH3 0.072 7.143 7.149 �0.006 7.070 0.073

25 CH3 1.99 5.701 5.648 0.053 5.689 0.012

26a CH3 0.87 6.060 5.962 0.098 5.855 0.205

27 CH3 0.70 6.155 6.117 0.038 6.229 �0.074

This journal is © The Royal Society of Chemistry 2018 RSC Adv., 2018, 8, 40529–40543 | 40531
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Table 1 (Contd. )

No. R1 R2 EC50 (mM)
Actual
pEC50

CoMFA CoMSIA

Predicted
pEC50 Residual

Predicted
pEC50 Residual

28b CH3 0.035 7.456 7.489 �0.033 7.486 �0.030

29 CH3 1.79 5.747 5.793 �0.046 5.702 0.045

30a CH3 0.24 6.620 6.780 �0.160 6.572 0.048

31 CH3 0.71 6.149 6.125 0.024 6.136 0.013

32 CH3 1.63 5.788 5.793 �0.005 5.789 �0.001

33b CN 0.041 7.387 7.321 0.066 7.390 �0.003

34b CN 0.082 7.086 7.121 �0.035 7.138 �0.052

35 CN 1.52 5.818 5.870 �0.052 5.800 0.018

36a CN 0.25 6.602 6.665 �0.063 6.658 �0.056

37 CN 0.40 6.398 6.386 0.012 6.262 0.136

40532 | RSC Adv., 2018, 8, 40529–40543 This journal is © The Royal Society of Chemistry 2018
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Table 1 (Contd. )

No. R1 R2 EC50 (mM)
Actual
pEC50

CoMFA CoMSIA

Predicted
pEC50 Residual

Predicted
pEC50 Residual

38 CN 0.22 6.658 6.675 �0.017 6.640 0.018

39 CN 1.32 5.879 5.845 0.034 5.893 �0.014

40b CN 0.10 7.000 7.031 �0.031 7.002 �0.002

41 CN 0.43 6.367 6.357 0.010 6.383 �0.016

42 CN 0.84 6.076 6.109 �0.033 6.079 �0.003

a Test set compounds of 3D-QSAR models. b Compounds used for pharmacophore models.
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ligand TMC125 was extracted and then re-docked into the
prepared protein using Surex-Dock Geom with default
parameters. Aer that, 42 diarylpyridine derivatives were
docked into the binding site with the same pattern. All mole-
cules were exible in the docking process and 20 different
conformations were generated for each molecule. The confor-
mation with the highest docking score was selected for the
further studies. The visualization of the docking results was
performed using PyMOL soware.
Molecular dynamics simulation

According to the docking results, the MD simulation was per-
formed on complexes of 3MEC with compounds 11 and 28
using the GROMACS2016.5 soware to characterize the stability
This journal is © The Royal Society of Chemistry 2018
of protein–ligand interactions. The molecular topology le was
generated by acpype, a tool based on Python to use Ante-
chamber to generate topologies for chemical compounds. Both
complexes were solvated in a 20 � 20 � 20 Å3 cubic box lling
with TIP3P water model, respectively. Seven chloride ions were
added to neutralize the charge of the system. The system energy
was minimized using AMBER 99SB force eld without
constraints using the steepest descent integrator for 50 000
steps, until a tolerance of 10 kJ mol�1. Aer equilibrated at 300
K using V-rescale for 100 ps as NVT ensemble, the system was
then equilibrated at 1 atm pressure using Parrinello-Rahman
algorithm NPT ensemble for 100 ps. Finally, the MD simula-
tion was carried out for 10 ns. The linear constraint solver
algorithm, which is three to four times faster than the shake
algorithm, was used to constrain the length of covalent bonds.31
RSC Adv., 2018, 8, 40529–40543 | 40533
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The particle-mesh Ewald summation technique was used to
compute long-ranged electrostatic interactions.32 The coulomb
and van der Waal's cut-offs were set to 1.0 and 1.4 nm, respec-
tively. During the MD simulation, the time step was dened as 2
fs. The coordinate trajectories were written at intervals of 10 ps.
Potential energy (PE), hydrogen bond number, root-mean-
square deviation (RMSD), root-mean-square uctuation
(RMSF), radius of gyration (Rg), and solvent accessible surface
area (SASA) were calculated by GROMACS inbuilt commands,
g_energy, g_hbond, g_rmsd, g_rmsf, g_gyration, and g_sasa,
respectively. The free binding energies were calculated using
a GROMACS tool for high-throughput MM-PBSA calculations
(g_mmpbsa).
3D-QSAR

QSAR is a method to establish computational or mathematical
models, which attempt to nd a statistically signicant corre-
lation between structure and function by a chemometric tech-
nique.33 Nowadays, multiple methodologies are maturing for
3D-QSAR studies, such as molecular shape analysis (MSA),
hypothetical active site lattice (HASL), comparative molecular
eld analysis (CoMFA), comparative molecular similarity
indices analysis (CoMSIA), and genetically evolved receptor
models (GERM). In this study, CoMFA and CoMSIA were per-
formed on 42 diarylpyridine derivatives. The statistical tech-
nique for building the models was partial least square (PLS)
analysis.

Various statistical parameters were taken into consideration
to validate the quality of the constructed CoMFA and CoMSIA
models. Cross-validated correlation coefficient with leave-one-
out method (qloo

2), non-cross-validated correlation coefficient
(rncv

2), F-statistic values (F), and standard error of estimate (SEE)
were calculated to measure the internal prediction of the
models. However, these statistical parameters could only judge
how well a model may recur the response for the training set
molecules34 and could not prove the prediction ability of
a model for external molecules. Thus, other metrics, for
example, r(test)

2, r0
2, r00

2, rm
2, r0m

2, k, k0, rpred
2, root mean square

error (RMSE), and mean absolute error (MAE), were considered
for external validation of the models.35 r(test)

2 is the regression
line coefficient of correlation for the test set. r0

2 (predicted vs.
observed activities) and r00

2 (observed vs. predicted activities) are
the regression lines coefficients of correlation with the intercept
set to zero. k (predicted vs. observed activities) and k0 (observed
vs. predicted activities) are the slops of regression lines. As for
a good model, it should satisfy the following conditions: r0

2 or
r00

2 is close to r2; [(r2� r0
2)/r2] < 0.1 or ½ðr2 � r00

2Þ=r2�\0:1; 0.85#
k # 1.15 or 0.85 # k0 # 1.15.36 A novel validation parameter rm

2

is calculated as the following equation:
MCC ¼ nðTPÞ � nðTNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðnðTFÞ þ nðFPÞÞ � ðnðTPÞ þ nðFNp

40534 | RSC Adv., 2018, 8, 40529–40543
rm
2 ¼ r2 �

�
1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 � r02

p �
(1)

Drm
2 and rm2 are also important to prove the external prediction

of a model. Drm
2 is the difference between rm

2 (predicted vs.
observed activities) and r0m

2 (observed vs. predicted activities).
rm2 is the average value of rm

2 and r0m
2. The values of rm2 for the

training set ðrmðtrainingÞ2Þ and the test set ðrmðtestÞ2Þ should be
more than 0.5. In the case that the previous condition is met,
the Drm(training)

2 and Drm(test)
2 should be less than 0.2.37 The

rpred
2, RMSE, and MAE were calculated by the following equa-

tions,37,38 respectively.

rpred
2 ¼ 1�

P�
YpredðtestÞ � YðtestÞ

�2
P�

YðtestÞ � YðtrainingÞ
�2 (2)

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

X�
Yobs � Ypred

�2r
(3)

MAE ¼ 1

n
�
X��Yobs � Ypred

�� (4)

The rpred
2 should bemore than 0.5 and theMAE value should

satisfy the following requirement: MAE # 0.1� training set
range.

Furthermore, sensitivity, specicity, accuracy, positive
prediction value (PPV), negative prediction value (NPV) and
Matthew's correlation coefficient (MCC) were calculated to
assess the quality of 3D-QSAR models. Based on a comparison
between the predicted and observed values, the compounds can
be classied into four categories: true positives (TP), false
negatives (FN), false positives (FP), true negatives (TN).39 The
above statistical parameters were dened respectively in the
following equations:

Sensitivity ¼ nðTPÞ
nðTPÞ þ nðFNÞ (5)

Specificity ¼ nðTPÞ
nðTPÞ þ nðFNÞ (6)

Accuracy ¼ nðTPÞ þ nðTNÞ
nðTPÞ þ nðFPÞ þ nðTNÞ þ nðFPÞ (7)

PPV ¼ nðTPÞ
nðTPÞ þ nðFPÞ (8)

NPV ¼ nðTNÞ
nðTNÞ þ nðFNÞ (9)
Þ � nðFPÞ � nðFNÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiÞÞ � ðnðTNÞ þ nðFPÞÞ � ðnðTNÞ þ nðFNÞÞ (10)

This journal is © The Royal Society of Chemistry 2018
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Pharmacophore model

Genetic Algorithm with Linear Assignment of Hypermolecular
Alignment of Datasets (GALAHAD) is a novel approach for
pharmacophore screening module. The GALAHAD alignment is
from a set of ligand molecules that bind at a common target site
by Tripos' proprietary technology to generate pharmacophore
hypotheses.40 GALAHAD runs in twomain stages, including that
the ligands are exibly aligned to each other in internal coor-
dinate space, and then the produced conformations are aligned
in Cartesian space. However, these molecules are considered as
rigid bodies in the second step. In this study, ten compounds (3,
11, 12, 14, 21, 22, 28, 33, 34, and 40) with high activities and
diverse structures were selected to build pharmacophore
models. A virtual suggestion according to the experimental
activity data is automatically performed to set the parameters of
population size, max generations, and mols required to hit for
GALAHAD. All conformations of selected molecules were frozen
in the setting of advanced parameters.
Fig. 2 The re-docked results of etravirine in the binding pocket of the
HIV-1 RT (PDB ID: 3MEC). The re-docked etravirine (pink) almost
completely superimposes with the co-crystallized etravirine (yellow).
The residues from chains A and B are displayed in green and orange,
respectively. Hydrogen bonds are shown as yellow dash lines.
Results and discussion
Molecular docking

In this study, we rstly applied molecular dockings to investi-
gate the binding mode of the diarylpyridine derivatives in the
HIV-1 RT (PDB ID: 3MEC), and the docked conformations of
these diarylpyridines were then used to construct the subse-
quent 3D-QSAR and pharmacophore models. The cognate
ligand TMC125 was extracted and then re-docked into the
binding site of 3MEC to verify whether the used docking
method and parameters were appropriate and reliable. The re-
docked conformation was compared with the original confor-
mation of the co-crystal TMC125 (Fig. 2), and the difference
between two conformations was very slight with a RMSD of 0.24
Å (<2.0 Å)41 for all atoms of TMC125. The re-docked results
showed that TMC125 formed hydrogen bonds with Lys101
(Lys101–C]O/H–, 1.78 Å; Lys101–N–H/N–, 2.57 Å) and
Glu138 (Glu138–C–O/H–, 2.39 Å). The bromine substituent of
the pyrimidine ring pointed to an opening cavity between
Lys101 and Glu138. The le phenyl substituent located at
a hydrophobic pocket that formed by Tyr181, Tyr188, Phe227,
and Trp229, and interacted with these aromatic residues by p–p
stacking. The twist tendency of the re-docked TMC125 and its
interaction with the enzyme were similar with the results of
a previous study reported by Lansdon et al.29 suggesting that the
method of docking was reliable and feasible.

All diarylpyridines were then docked into the NNIBP of the
HIV-1 RT using the same docking pattern. All compounds
adopted a similar “U” -shape with the original ligand TMC125
in the NNIBP. The similar hydrogen bonds, p–p stacking and
hydrophobic interactions were observed in the docking results.
The le benzene rings of all compounds interacted with Tyr181,
Tyr188, Phe227, and Trp229 by p–p stacking and hydrophobic
interactions. Hydrogen bonds were found between Lys101 and
the imino group of the right linker, the amino/nitro substituent
neighbor to the right linker, or the nitrogen atom of the pyri-
dine ring. The binding patterns of two most active compounds
This journal is © The Royal Society of Chemistry 2018
11 and 28 were shown in Fig. 3a and b, respectively. As for
compound 11, the nitro group out of the pyridine ring and the
imino group of the right linker hydrogen-bonded with Lys101
(Lys101–N–H/O ¼ , 2.02 Å; Lys101–C]O/H–, 1.89 Å). The
nitrogen atoms of the pyridine rings located at the entrance of
the opening between Lys101 and Glu138. As shown in Fig. 3b,
compound 28 formed two hydrogen bonds with Lys101
(Lys101–N–H/N–, 2.27 Å; Lys101–C]O/H–, 1.65 Å). The
imino group of the R2 substituents interacted with Glu138 via
a hydrogen bond (Glu138 ¼ O/H–, 2.01 Å). In this study,
Glu138 was found to be the only amino acid residue of the chain
B, which could interact with these diarylpyridine derivatives.
This result is in agreement with a previous report by Das et al.42

All found interactions are also consistent with the results from
the reported literatures.21,22 It seems that Lys101 is a key residue
which could form at least one hydrogen bond with diary-
lpyridine derivatives.
MD simulations

To further validate the docking results and understand the
dynamic interactions between ligands and the HIV-1 RT, 10 ns
MD simulations were carried on two complexes, 3MEC-11 and
3MEC-28. Fig. 4a showed the average PE values of 3MEC-11 and
3MEC-28 during the 10 ns MD simulations, ranging from
�4.812 � 106 to �4.793 � 106 kJ mol�1, which conrmed the
stability of two complexes. The total numbers of hydrogen bond
interactions of two complexes during the 10 ns MD simulations
were shown in Fig. 4b. As shown in Fig. 4c and d, the RMSD
values of both protein backbones had a sharply rise during the
rst 0.3 ns and then remained steady (Fig. 4c); the RMSD values
RSC Adv., 2018, 8, 40529–40543 | 40535



Fig. 3 The docking results of compounds 11 (a) and 28 (b) in the binding pocket of the HIV-1 RT (PDB ID: 3MEC). The residues from chains A and
B are displayed in green and orange, respectively. Hydrogen bonds are shown as yellow dash lines.
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of the total atoms of ligands 11 and 28 maintained at 0.10 and
0.12 nm aer 4.0 and 7.5 ns, respectively. These data demon-
strated that two systems were stable during the 10 ns MD
simulations.

The RMSF values of all residues of chains A and B were lower
than 0.40 nm (Fig. 4e and f). Low RMSF values of some key
residues in the NNIBP illustrated these residues had good
stability in a dynamic environment. The Rg and SASA values of
two complexes during the 10 ns MD simulations were shown in
Fig. 4g and h, respectively. It could be observed that the Rg and
SASA values were equilibrated aer a short-time increase at the
beginning of the simulations. The binding energies of
complexes 3MEC-11 and 3MEC-28 were �37.77 and
�36.58 kcal mol�1, respectively. Moreover, the binding modes
of complexes 3MEC-11 and 3MEC-28 at 5 ns and 10 ns were
shown in Fig. 5. Compounds 11 and 28maintained a “U”-shape
and had the same interactions with the residues of the NNIBP
during the MD processes. It should be noted that the hydrogen
bonds between compound 28 and Lys101 (chain A) were
observed, but the hydrogen bond with Glu138 (chain B) was
disappeared. This might be because the distance between the
compound 28 and Glu138 was too far at the selected moment
for the MD simulation, and this observation also indicated that
the Lys101 was a key residue on the other hand. In general, all
MD results indicated that complexes 3MEC-11 and 3MEC-28
were structurally stable and the docking results were reliable.
Statistical results of CoMFA and CoMSIA

The docking conformations of 42 diarylpyridines were then
used for building 3D-QSAR models (Fig. 6). The compounds
were divided into a training set (35 compounds) and a test set (7
compounds) randomly. The PLS statistical results were listed in
Table 2. All the permutation and combination of steric (S),
electrostatic (E), hydrophobic (H), hydrogen-bond donor (D),
and hydrogen-bond acceptor (A) elds of CoMSIA were calcu-
lated by PLS, and CoMSIA models with low values of qloo

2 (<0.5)
and rncv

2 (<0.9) were not listed in Table 2. The S, E, H, D, and A
40536 | RSC Adv., 2018, 8, 40529–40543
contributions of CoMSIA (S + E + H + D + A) were 7.5%, 25.4%,
21.1%, 19.5%, and 26.6%, respectively. It could be observed that
E and A elds played more signicant roles. The CoMFA model
(S + E) (qloo

2¼ 0.665, SEE¼ 0.084, rncv
2¼ 0.989) and the CoMSIA

model (S + E + H + D + A) (qloo
2 ¼ 0.727, SEE ¼ 0.093, rncv

2 ¼
0.988) were used for further analysis. As shown in Table 3, the
MAEtraining and MAEtest of CoMFA and CoMSIA were both less
than 0.1 � training set range. The values of the slop k and k0 of
test set were close to 1. Regarding the values of rm

2 metrics, the
Drm(training)

2 and Drm(test)
2 of CoMFA and CoMSIA were lower

than 0.2; the rmðtrainingÞ2 and rmðtestÞ2 of CoMFA and CoMSIA were
higher than 0.5. The correlation between the actual and pre-
dicted activities of 35 compounds in the training set and 7
compounds in the test set were shown in Fig. 7. The sensitivity,
specicity, accuracy, PPV, NPV, and MCC of CoMFA and CoM-
SIA were listed in Table 4. The sensitivity values of both models
were 96.7%, indicating that 96.7% active compounds were
correctly predicted as actives. The specicity of CoMFA and
CoMSIA were 91.7% and 83.3%, which manifested the
percentages of correctly predicted inactive compounds out of
total inactives. The MCC is a correlation coefficient between the
observed and predicted binary classications, and is ranging
from �1 to 1, in which the value of 1 signies a perfect
prediction of model. The MCC values of both CoMFA (0.8833)
and CoMSIA (0.8220) models were close to 1. All these statistical
results of CoMFA and CoMSIA were similar and well within the
acceptable limit, which manifested that the developed CoMFA
and CoMSIA models with good predictive ability were reliable
and reasonable.
CoMFA and CoMSIA contour maps

The CoMFA and CoMSIA contour maps were further analyzed to
investigate the QSARs of the diarylpyridine derivatives.
Compound 28 as a reference molecule was in combination with
the contour maps. Fig. 8a and b showed the steric contour maps
of CoMFA and CoMSIA models, respectively. The green
contours represent that bulky groups are favored at this
This journal is © The Royal Society of Chemistry 2018



Fig. 4 The 10 ns MD results of two protein–ligand complexes (3MEC-11 and 3MEC-28). (a) Potential energies. (b) Total number of hydrogen
bonds between the ligands and the HIV-1 RT. (c) RMSD values of backbone atoms. (d) RMSD values of the ligands. (e) RMSF values of chain A. (f)
RMSF values of chain B. (g) Rg of backbone atoms. (h) SASA of the ligands.
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position and the yellow contours mean that bulky groups are
disfavored here. The green contour near the para-position of the
le benzene ring indicated that the compound with bulky
substituent at this position might be benecial for the activity.
This journal is © The Royal Society of Chemistry 2018
This was consistent with the experimental results that the
activities of compounds with a methyl group at the para-posi-
tion were higher than those of compounds with a hydrogen or
a bromine at the same position, for example, 11 (para-CH3) > 10
RSC Adv., 2018, 8, 40529–40543 | 40537



Fig. 5 Bindingmodes of the protein–ligand complexes 3MEC-11 at themoment of (a) 5 ns and (b) 10 ns, and 3MEC-28 at the moment of (c) 5 ns
and (d) 10 ns during the MD simulations.
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(para-H), 3 (para-CH3) > 8 (para-Br), and 14 (para-CH3) > 20
(para-Br). It could be observed that three small yellow contours
located at the ortho-position of the le benzene ring in Fig. 8a
Fig. 6 Docked diarylpyridine derivatives in the nonnucleoside binding sit
are 5 Å from ligands are shown in gray color. (b) The docking conforma

40538 | RSC Adv., 2018, 8, 40529–40543
and a middle yellow contour situated at the same place in
Fig. 8b, indicating that bulky substituents at the ortho-position
were not benecial for the activity. This visualization might
e of the HIV-1 RT (PDB ID: 3MEC). (a) The surface of the residues which
tions of all the compounds.

This journal is © The Royal Society of Chemistry 2018



Table 2 PLS statistical results of the CoMFA and CoMSIA models

Modela qloo
2 N SEE rncv

2 F

Field contribution (%)

S E H D A

CoMFA S + E 0.665 10 0.084 0.989 221.653 0.396 0.604
S + E + H + D + A 0.727 12 0.093 0.988 150.555 0.075 0.254 0.211 0.195 0.266
S + E 0.613 15 0.110 0.985 85.333 0.229 0.771
E + D 0.525 14 0.168 0.964 38.423 0.700 0.300
S + E + D 0.679 12 0.119 0.980 90.300 0.142 0.547 0.311
S + E + A 0.602 11 0.146 0.969 64.793 0.128 0.473 0.399
S + H + D 0.543 8 0.194 0.938 48.987 0.192 0.383 0.424
S + H + A 0.651 8 0.163 0.956 70.442 0.154 0.376 0.471
S + D + A 0.607 15 0.112 0.985 81.432 0.205 0.355 0.440

CoMSIA E + H + D 0.622 14 0.081 0.992 169.485 0.407 0.309 0.284
E + H + A 0.601 8 0.184 0.944 54.568 0.359 0.264 0.377
E + D + A 0.526 12 0.152 0.968 54.940 0.482 0.188 0.330
H + D + A 0.698 11 0.113 0.981 109.043 0.361 0.274 0.365
S + E + H + D 0.686 13 0.074 0.993 221.377 0.105 0.379 0.264 0.253
S + E + H + A 0.640 8 0.169 0.953 65.648 0.099 0.319 0.236 0.346
S + E + D + A 0.696 13 0.115 0.982 90.245 0.110 0.387 0.205 0.299
S + H + D + A 0.748 10 0.116 0.979 114.403 0.091 0.310 0.249 0.349
S + E + D + A 0.670 12 0.106 0.984 113.716 0.279 0.232 0.211 0.278

a S, E, H, D, and A mean steric, electrostatic, hydrophobic, hydrogen-bond donor, and hydrogen-bond acceptor elds, respectively.

Table 3 Statistical validation parameters of the CoMFA and CoMSIA (S
+ E + H + D + A) models using training and test set

Validation parameters CoMFA CoMSIA

rpred
2 0.962 0.912

RMSECa 0.069 0.073
MAEtraining 0.051 0.049
r0(training)

2 0.989 0.988

r00ðtrainingÞ
2 0.989 0.988

rm(training)
2 0.989 0.988

r0mðtrainingÞ
2 0.979 0.974

Drm(training)
2 0.010 0.014

rmðtrainingÞ2 0.984 0.981

RMSEPb 0.101 0.249
MAEtest 0.110 0.181
r2 0.955 0.659
r0(test)

2 0.942 0.649

r00ðtestÞ
2 0.951 0.577

r2 � r00ðtestÞ
2

r2

0.004 0.015

k 0.993 1.018
k0 1.007 0.982
rm(test)

2 0.948 0.594

r0mðtestÞ
2 0.896 0.470

Drm(test)
2 0.052 0.124

rmðtestÞ2 0.922 0.532

0.1� training set range 0.301 0.301

a Root mean square error of calibration. b Root-mean-square error of
prediction.
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explain why the compound 16 with a methoxy group at the
ortho-position has low pEC50 value. It was also in agreement
with the order of activity data: 3 (ortho-Br) > 2 (ortho-CH3), 7
(ortho-Cl) > 5 (ortho-CH3), 14 (ortho-Br) > 13 (ortho-CH3), 19
(ortho-Cl) > 17 (ortho-CH3). A yellow contour covered a part of
This journal is © The Royal Society of Chemistry 2018
the R2 substituents (compounds 23–42) and was close to the
pyridine ring, indicating that the reducing the R2 length might
increase the antiviral activity, for example, 28 > 25 and 38 > 35.
This result is consistent with a previous conclusion reported by
Yang et al.25 Moreover, a green contour neighbor to the
terminus of the R2 suggested that the existing of a bulky group
at the R2 terminal might enhance the activity.

The electrostatic elds are presented as blue contours where
electropositive substituents are favorable for the activity and as
red contours where electronegative substituents are benecial
(Fig. 9). One blue contour was near the nitro and amino groups
which is out of the pyridine ring of compounds 1–20. Although
both groups could form hydrogen bonds with the HIV-1 RT, the
electrostatic eld forces might make their activity different.
These results suggested that the amino group was better than
the nitro group for the antiviral activity in compounds 1–20.
This was supported by the experimental activities as observed in
the following compounds, 12 > 1, 13 > 2, 15 > 4, 14 > 5, 18 > 6, 19
> 7, 20 > 9. A red contour located close to the chlorine substit-
uent and the R2 substituents of compounds 21 and 22, revealing
the importance of electronegative groups at this position. A blue
contour near the linker between the le benzene ring and the
pyridine ring was observed in the CoMFA contour maps
(Fig. 9a). This indicated that using an electropositive atom as
the linker was benecial for the activity. Compounds 10 (X ¼
NH, pEC50 ¼ 5.975) and 11 (X ¼ NH, pEC50 ¼ 7.398) with
a nitrogen atom as the linker exhibited better activities than the
corresponding compounds 4 (X ¼ O, pEC50 ¼ 5.693) and 2 (X ¼
O, pEC50 ¼ 6.538) with an oxygen atom as the linker,
respectively.

The hydrophobic, hydrogen-bond donor, and hydrogen-
bond acceptor contours of the CoMSIA model were shown in
Fig. 10. As shown in Fig. 10a, the yellow and white contours
mean the hydrophobic substituents are favorable and
RSC Adv., 2018, 8, 40529–40543 | 40539



Fig. 7 Plots of actual versus predicted pEC50 values for training (black squares) and test (red dots) set compounds on the basis of (a) the CoMFA
and (b) the best CoMSIA models.

Table 4 Sensitivity, specificity, accuracy, PPV, NPV, andMCC values of
the CoMFA and CoMSIA (S + E + H + D + A) models

Model Sensitivity Specicity Accuracy PPV NPV MCC

CoMFA 0.9667 0.9167 0.9524 0.9667 0.9167 0.8833
CoMSIA 0.9667 0.8333 0.9286 0.9355 0.9091 0.8220
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unfavorable for the activity, respectively. There were two yellow
contours that located at the ortho-position of the le benzene
ring, indicating that the introduction of hydrophobic groups in
this regionmight enhance the activity. The compounds with the
relative hydrophobic substituents (–CH3, –F, –Cl and –Br) at the
ortho-position of the le benzene ring exhibited good antiviral
activity. A white contour situated at the end of the R2 substitu-
ents (compounds 23–42), which pointed to the entrance
channel of the binding pocket. Combined with the steric
contour maps, this indicated that hydrophilic bulky groups at
the R2 terminus were favorable for the activity. As shown in
Fig. 10b, a cyan contour near the imino group that connected
Fig. 8 Contour maps of steric fields derived from (a) the CoMFA and (b)

40540 | RSC Adv., 2018, 8, 40529–40543
the pyridine ring with the right benzene ring indicated that
a hydrogen-bond donor at this position was advantage of the
activity. The previously docked results were also demonstrated
this structure was important for the diarylpyridines to form
hydrogen bonds with the residue Lys101 of the HIV-1 RT. A
purple contour was near the imino group of the R2 substituents,
indicating a hydrogen-bond donor was not improper here. As
shown in Fig. 10c, the magenta contour indicated hydrogen-
bond acceptors were favored and the red contour represented
hydrogen-bond acceptors were disfavored. Two magenta
contours were near the para-positions of the right and le
benzene rings, respectively. However, in the previous docking
study, hydrogen bonds were not observed at these positions.
Pharmacophore elucidation

GALAHAD was applied to study the pharmacophore character-
istics of the diarylpyridine derivatives. A possible pharmaco-
phore model was constructed using ten diarylpyridines with
high activities and diverse structures (Fig. 11). The different
the best CoMSIA models using compound 28 as a reference molecule.

This journal is © The Royal Society of Chemistry 2018



Fig. 9 Contour maps of electrostatic fields derived from (a) the CoMFA and (b) the best CoMSIA models using compound 28 as a reference
molecule.
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colors represent different pharmacophore features. As shown in
Fig. 11, the built model contained three hydrophobe (HY, cyan)
features, three hydrogen-bond acceptors (HAs, green), and three
hydrogen-bond donors (HDs, magenta). Three HY features
located at the center of the three aromatic rings, respectively.
This indicated that maintaining hydrophobic structures in
common scaffolds of NNRTI diarylpyridines were necessary to
interact with hydrophobic residues in the NNIBP of the HIV-1
RT. The HA3 feature suggested that the atom of the le linker
should be a hydrogen-bond acceptor. A HA feature at the cyano
group of the right benzene ring indicated that the nitrogen
atom of the cyano group might be a hydrogen-bond acceptor
Fig. 10 Contour maps of (a) hydrophobic, (b) hydrogen-bond donor, an
compound 28 as a reference molecule.

This journal is © The Royal Society of Chemistry 2018
candidate. It could be observed that there was a HD/HA feature
at the same nitrogen atom that linked the pyridine ring and the
right benzene ring. The HD3 feature was a big sphere which
covered the nitrogen atom of the R2 substituent of compounds
28, 33, 34, and 40. This indicated that a hydrogen-bond donor at
this space had relatively exible distance to the pyridine ring. In
addition, the nitrogen atoms of the nitro groups were out of the
sphere HD2 whereas the nitrogen atoms of the amino groups
were included in the sphere. This result was consistent with the
3D-QSAR contour maps and experimental activities, indicating
an amino group (hydrogen-bond donor) was better than a nitro
group (hydrogen-bond acceptor) for improving the activity.
d (c) hydrogen-bond acceptor fields of the best CoMSIA model using

RSC Adv., 2018, 8, 40529–40543 | 40541



Fig. 11 The best pharmacophore model aligned with ten diary-
lpyridine derivatives of HIV-1 RT NNRTIs. The hydrophobic, hydrogen-
bond acceptor, and hydrogen-bond donor features are colored in
cyan, green, and magenta, respectively.

RSC Advances Paper
Conclusions

In the present study, a novel series of diarylpyridine derivatives
were docked into the HIV-1 RT and the 10 ns MD simulations
were performed on complexes of the HIV-1 RT with two diary-
lpyridine derivatives (compounds 11 and 28). The CoMFA,
CoMSIA, and GALAHAD were performed on these docked
conformations of the diarylpyridine derivatives to understand
their 3D-QSAR relationships and pharmacophore characteris-
tics. The docking and pharmacophore results suggested that
diarylpyridine derivatives as NNRTIs should contain hydro-
phobic parts because the NNIBP of the HIV-1 RT was consisted
of hydrophobic residues. The maintenance of the le aromatic
ring is necessary to interact with Tyr181, Tyr188, Phe227, and
Trp229 by p–p stacking and hydrophobic interactions in the
NNIBP. The results also manifested that the group of the right
linker should be a hydrogen-bond acceptor/donor to interact
with the key residue Lys101 by hydrogen bonds. The statistical
results of the 3D-QSAR models demonstrated that the con-
structed CoMFA and CoMSIA models had preferable predictive
ability for novel diarylpyridines or DAPYs. Based on the
comprehensive consideration of the docking, 3D-QSAR, and
pharmacophore results, the following substituents that are
introduced into corresponding positions might be benecial for
improving the anti-HIV-1 activity of diarylpyridines: (1) small
hydrophobic substituents at the ortho-positions of the le
aromatic ring; (2) bulky groups at the para-position of the le
aromatic ring; (3) a short chain as R2 with a bulky hydrophilic
terminus; (4) a electropositive substituent as the le linker and
40542 | RSC Adv., 2018, 8, 40529–40543
a hydrogen-bond donor as the right linker. In conclusion, the
molecular modeling results in this paper might provide signif-
icant information for the design and development of novel
diarylpyridines targeting to the HIV-1 RT.
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