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Abstract
The N-methyl-D-aspartate (NMDA) is the family of glutamate receptor, which is involved in controlling synaptic plasticity and
memory function; but overactivation of this receptor results to excess intracellular calcium formation, triggers neuronal injury and
also involves in several pathologies. Both ligand- and structure-based quantitative structure-activity relationship (QSAR),
pharmacophore, docking and simulation studies have been performed on a set of structurally diverse inhibitors to explore prime
molecular structural features involve for specific binding to NMDA, and vis-à-vis inhibiting enzyme activity. 3D QSAR studies,
comparative molecular field analysis (CoMFA) and comparative molecular similarity indices analysis (CoMSIA)models showed
the importance of steric, electrostatic and hydrophobic features; while hydrogen bond acceptor and hydrophobic features are
depicted as important pharmacophore features of the molecule. Molecular docking and simulation studies corroborated the
consequence of the features obtained from ligand-based Bayesian model (AUROCcv = 0.878); 3D QSAR CoMFA (R2 =
0.895, se = 0.513, Q2 = 0.602, R2pred = 0.673); CoMSIA (R2 = 0.877, se = 0.555, Q2 = 0.615, R2pred = 0.727); hologram QSAR
(Q2 = 0.812, R2 = 0.941, R2

pred = 0.772), and pharmacophore models (Q2 = 0.926, R2 = 0.927, R2
pred = 0.621). Presence of

aromatic ring, hetero and halogen atoms along with alkyl group of molecular scaffold shows their importance for binding affinity
to NMDA receptor. Stability of the complex is adjudged by both docking and simulation studies.
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Introduction

N-methyl D-aspartate (NMDA) [1, 2] participates in different
patho-physiological processes, such as neuronal development,
learning and memory, motor activity and nociception. The
NMDA receptors (NMDARs) have been targeted for various
types of neurological disorders, like Alzheimer’s disease
(AD), and neuropsychiatric illnesses stimulated by alcohol
and psychotropic agents [3]. The NMDA is an analogue of
glutamate, an excitatory neurotransmitter that selectively
binds with the ion channel receptors and also permeable to
Ca2+, K+ and Na+ ions. The receptor consists of four separate

domains: an amino-terminal domain, a ligand-binding domain
which participates in interactions with agonists, a transmem-
brane domain that forms an ion channel and an intracellular C-
terminal domain [4]. Stimulation of the receptor and activation
of the cation current in the membrane are caused by binding of
glutamate and glycine simultaneously in the ligand domain.
Membrane depolarization and signal transduction have oc-
curred due to influx of positively charged particles. At the
same time, increased Ca+2 concentration in neurons triggers
various signalling procedures. Pathophysiology of neurode-
generative disorders and excitotoxicity have the strong evi-
dence for glutamate dysregulation [5]. Competitive glutamate
and glycine antagonists are efficient to inhibit NMDAR activ-
ities [6]. Thus, receptor antagonists and ion channel blockers
are effective as neuroprotector agents, specifically for the
treatment of AD [7].

In the present work, ligand- and structure-based studies
have been performedwith NMDA inhibitors for themodelling
study. Ligand-based methods, such as 2D and 3D quantitative
structure-activity relationships (QSARs), finger printing and
pharmacophore mapping studies have been performed for
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finding associations among chemical structure or structural
properties and biological activity or target property of the
compounds. The 3D QSAR studies provide information of
drug activity on a particular target through the molecular de-
scriptors which involve in structural and binding mode of
ligand on the target protein [8]. Pharmacophore mapping is a
spatial representation of molecular features in 3D space,
which are important for bioactivity. Structure-based docking
and dynamics studies provide information about the interac-
tion pattern and stability of the ligand and receptor.

Structurally diverse NMDA receptor inhibitors were used
to build 2D and 3D QSAR models [9]. The QSAR analyses
depicted the importance of topological descriptors of pyrazine
derivatives for predicting antagonistic activity of selective
NMDAR. Pharmacophore model also suggested the impor-
tance of aromatic ring and hydrogen bond (HB) donor and
acceptor features of the molecular scaffold for inhibiting the
NMDAR functionality. 3D QSAR study also showed the im-
portance of an electronegative oxygen atom (i.e. acceptor) and
phenyl ring (i.e. aromatic ring). QSAR descriptors and
pharmacophoric features obtained from the docking studies
have been found to support each other [9]. Quinoxaline deriv-
atives were also used to develop pharmacophore and QSAR
models. Zinc database was screened against the hypothesis,
and the filtered molecules were further docked. The
GlideScore and molecular interactions with catalytic amino
acids were considered as crucial features to identify final hits
and finally, five hit compounds were selected [10].
Additionally, bioactive compounds ofMentha spicata L.were
used to generate SAR models and compared molecular fea-
tures with standard drugs, donepezil, galantamine and
memantine. Solvent-accessible area hydrophobicity, energy
of frontier molecular orbitals and counts of aromatic ring
and rotatable bonds were obtained as most relevant descrip-
tors. The compound 1,8-cineole has physicochemical similar-
ity with memantine but dissimilar with donepezil in respect to
hydrophobicity, energy of LUMO and the solvent accessible
surface areas [11]. The multiple linear regression (MLR) mod-
el of phenyl-amidine derivatives was designed to explain
83.6% of the biological data variance. Molecular models pre-
dicted the activity and pharmacokinetics and toxicity profiles
of the molecules, and also hypothised the interaction at the
catalytic site, led them as a promising class [12]. Adaptive
neuro-fuzzy inference system (ANFIS) was also utilized for
predicting binding affinity of phencyclidine derivatives. On
comparison, it has been observed that the ANFIS model
achieved satisfactory accuracy [13] than traditional (MLR
and partial least squares (PLS)) methods. Two types of quan-
titative models were also developed based on docking ener-
gies of quinoxaline derivatives. A significant outcome of the
structural features for glycine binding site has been observed
when steric and electrostatic contours of comparative molec-
ular field analysis (CoMFA) models were correlated with the

homology-based model [14]. 3D models of the ion channel
were constructed to localize the binding sites for the blockers
of the ion channel, although models share low homology with
the potassium channels. Based on the determined geometry of
the protein-ligand complexes, a quantitative model has been
constructed using CoMFA method [15]. The present work
explored 2D and 3D QSAR (CoMFA, comparative molecular
similarity indices analysis (CoMSIA) and hologram QSAR
(HQSAR)) and pharmacophore models, which depict physi-
cochemical and structural requirement for imparting potential
inhibition of the enzyme.

Materials and methods

Structurally diverse compounds (n = 87) (Suppl. Fig. S1)
[16–23] have been used to derive 2D and 3D QSAR, and
pharmacophore models to find out the features of small mol-
ecules required for binding specificity to NMDA receptor. The
present work has been performed to establish relationship be-
tween the chemical structure and corresponding bioactivity
(Ki) by the statistical methods and deduce a pharmacophore
map through ligand-based modelling technique, and finally,
the derived models are extrapolated with structure-based
docking and simulation studies. The dataset was divided
through k-means clustering (k-MCA) method [24] into train-
ing set (n = 66) that contains both most and least active com-
pounds for QSAR model generation, and test set (n = 21) to
validate the derived models. The k-MCA method divides the
descriptors into clusters based on the biological activity.
Clusters are arranged according to their Euclidian distances
in multi-dimensional space. Thirty compounds have been se-
lected in the training set for pharmacophore model generation.
The splitting technique was validated through analysis of
score plot, derived through principle components analysis
(PCA) [25], to verify the presence of test set compounds in
close vicinity of neighbouring training set compounds (Suppl.
Fig. S2). Different statistical parameters have been considered
to assess the models that include R2 (correlation coefficient),
se (standard error of estimate), Q2 cross-validated correlation
(CV), F with degree of freedom (df), R2bs (bootstrapped cor-
relation coefficient) and sb (standard error of bootstrapped
correlation) for 3D QSAR study, while different cost factors
have been used for pharmacophore mapping study. The R2

pred

and sp. (standard error of prediction) of the test set have also
been estimated to assess the prediction power of the model.

Comparative field and similarity analyses

In drug design, the molecular field analysis is considered
the interactions between the receptor and ligand, which
mainly emphasizes on understanding non-bonding inter-
actions. Based on the overall orientations and depending
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upon alignment rules imposed to the aligned compounds,
results are obtained that consider factors like lattice
shifting step size and type of probe atom [26]. Structural
alignment of the molecules determines the prediction ac-
curacy of the model and reliability of the contour model.
Therefore, to align molecules, molecular docking has
been performed for all structurally diverse compounds in
the dataset. Docked pose conformers have been used for
model generation. First of all, the molecules were heated
at 700 K for 1000 fs and annealing was done at 200 K for
1000 fs. Using the Tripos force field [27], steric (s) and
electrostatic (e) interactions were calculated with a
distance-dependent dielectric constant at regularly spaced
(2 Å) grid, taking an sp3 carbon atom as steric probe and
+ 1.0 charge as electrostatic probe. The energy cutoff has
been set to 30 kcal/mol to avoid excessively high and
unrealistic energy values within the molecule. To derive
molecular similarity models, different molecular fields,
like hydrophobic (p), hydrogen bond (HB) donor (d) and
acceptor (a), and s and e interactions were generated.
Using cross-validated PLS method (leave one out), regres-
sion analysis has been carried out for identifying the re-
lationship between the molecular structure and its proper-
ties [28]. The minimum sigma (column filtering) was set
to 2.0 kcal/mol to speed up the analytical process and
reduce noise. The model has been finalized on the basis
of best correlation coefficient with the optimum number
of components used in the model generation [28].

Bayesian model

A Bayesian model [29] has the potential to categorize the
activity status of the compounds qualitatively. The model
was developed by the help of ‘Create Bayesian model’
tool in Discovery Studio (DS) [30]. To generate the mod-
el, the dataset was categorized into active and inactive
molecules on the basis of the threshold value of Ki. The
2D descriptors such as molecular function class finger-
prints of maximum diameter 6 (FCFP_6) and molecular
fractional polar surface area (MFPSA); AlogP; molecular
weight (MW); and number of rotatable bonds (nRB),
rings (nR), aromatic rings (nArR) and hydrogen bond do-
nors (nHBD) and acceptors (nHBA) were selected for
model development. Good fingerprints are emphasized
from the developed model, which are favourable for bind-
ing affinity. Some bad fingerprints are also highlighted
which may reduce the affinity towards NMDAR.
Validation of the model was performed based on genera-
tion of cross-validated receiver operating characteristic
value (ROCCV), specificity, sensitivity and concordance
of the dataset. The predictive ability of the model was
verified on the test set compounds.

Hologram QSAR model

Correlation between structural data of molecular fragments
with the response parameter is known as HQSAR. Various
feasible molecular fragments comprising branched, linear, cy-
clic and overlapping features of the molecules were explored
as hologram. For model generation, the training set molecules
were divided based on different structural fragments, such as
linear, branched, cyclic and overlapping. The occurrence of
different structural fragments was encoded as hashed finger-
prints that were further split into strings at a fixed interval, as
determined by a hologram length (HL) parameter. A number
of parameters affect hologram generation, such as HL; frag-
ment size and fragment distinction significantly affect model
quality [31]. With the help of Sybyl [32], various combination
of molecular fragments as well as fragment-generation param-
eters have been developed for each HL [32]. At optimum
component number based on the Q2 and cross-validated stan-
dard error (SEcv), the best model was short-listed. By calcu-
lating the R2

pred of test set compounds, prediction capability of
the model has been estimated.

Pharmacophore space modelling

Pharmacophore hypothesis explores probable interactive fea-
tures between ligand and receptor. A pharmacophore model
portrays the features through which structurally diverse li-
gands can bind to a common receptor site. The model can also
be used to screen novel ligands through de novo design or
virtual screening. The ‘Pharmacophore generation’ tool of
DS [30] was used for pharmacophore mapping of NMDA
inhibitors. The chemical features, such as HB a and d, p, ring
aromatic (r) and positive ionization (i) were used for
pharmacophore generation, setting the feature selection
criteria with a minima and maxima of 1 and 5, respectively.
The different control parameters, like spacing, uncertainty and
weight variation have been implemented for hypothesis gen-
eration (hypogen process). The extent of magnitude of the
compound’s activity is demonstrated by each feature.
Spacing is varied from 1.000 to 3.000 pm, weight variation
parameter is varied from 0.300 to 0.500 and values of 1.5 to
3.0 have been considered in uncertainty parameter. While gen-
erating hypothesis, a total cost function is minimized compris-
ing with three terms: weight, error and configuration cost.
Proximity of total to fixed cost determines the acceptability
of the hypothesis, as it is nearer to the ideal hypothesis.
Difference between the total and null costs as 60 bits has been
considered for hypothesis optimization. The configuration
cost is equal to the entropy of hypothesis space and should
have a value < 17 for a good pharmacophore model. The
greater the difference (Δcost) between the total and the null
costs, it is more likely that the hypothesis does not reflect a
chance correlation. The developed hypothesis was further
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validated to nullify over prediction of bioactivity for inactive
compounds through a process, known as Hyporefine. In this
process, the steric interactions of the compound have been
considered in the hypothesis generation, and if steric proper-
ties are crucial for bioactivity, then these are portrayed in the
validated (refined) hypothesis. A cross-validation procedure,
CatScramble based on Fischer’s randomization test has been
used to judge the quality of hypothesis [33]. Initiation of
hypogen process and randomization of biological activity data
within a fixed chemical dataset were carried out. The random-
ization technique proves that pharmacophore model generated
before scrambling is better than hypothesis generated after
scrambling.

Molecular docking

Molecular interaction between the ligand and receptor at the
active site of protein has been determined by the molecular
docking study usingGrid-Based Ligand Dockingwith ‘Glide’
in Schrodinger [34]. Based on structural resolution (2.6 Å) of
the crystalline NMDAR, (PDB id: 3QEL [35]), the docking
analysis was carried out. Self-docking was performed for val-
idation of the method, where the bound ligand was re-docked
at the active site of the protein. For calculation of root mean
square deviation (RMSD), conformer of the original bound
ligand was superimposed to the docked poses. Reports sug-
gest that lowRMSD (< 2Ǻ) of original bound ligand validates
the docking procedure [36]. ‘Protein preparation wizard’mod-
ule was used for preparation of protein molecule [37].

Addition of hydrogen atoms and minimization and optimiza-
tion of energy by OPLS2005 force field have been executed.
With the help of ‘PROPKA’, the protonation states were
assessed [38, 39] at physiological pH 7.4. During protein
preparation, the water molecules were retained up to 5 Ǻ
around the active site and the rest were removed. LigPrep
module [40] was used for the ligand structure preparation.
Based on the active site of protein, the grid was generated
subsequent to ligand and protein preparation. In order to en-
close the receptors within 3 Å from the central domain of the
residues, the grid-enclosing box was centred to the catalytic
sites of the respective 3D conformation of the receptor. For the
allocated binding site, docking calculation has been performed
with Glide XP mode [40] that establishes all possible orienta-
tion for each low-energy conformer.

Molecular dynamics

Protein residues responsible for binding to the ligand and the
interactions pattern between them have been analysed by mo-
lecular dynamics (MD) simulation method. The MD study
provides information regarding thermodynamically stable
conformation of the specific protein. It provides an idea about
the stability of protein-ligand complexes, using ‘Desmond
Molecular Dynamics’ module [41] of Schrodinger Maestro
[40] utilizing OPLS2005 molecular mechanics force field.
For simulation of MD, the ligand-protein complex was solvat-
ed with TIP3P water model [42]. For avoiding the direct as-
sociation of protein complex with its own periodic image, the

Fig. 1 Contour maps of a
CoMFA and b CoMSIA models
fitted in I active cpd C62 and II
inactive cpd C42. Steric: green =
favourable, yellow =
unfavourable; electrostatic: blue =
favourable, red = unfavourable;
hydrophobic: cyan = favourable,
white = unfavourable
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orthorhombic boundary box at 10 Å was designed.
Calibration of the system was done by setting other parame-
ters kept as default. The MD simulation was executed for
30 ns at Nose-Hoover chain thermostat at 300 K, Martyna-
Tobias-Klein barostat at 1.013 bar pressure and at time step of
10 ps. In order to cross-check the stability of model system,
the RMSD, root mean square fluctuation (RMSF), radius of
gyration (Rg) and H bonds were verified [43]. For analysis of
MD trajectory equilibration, RMSD happens to be an essential
parameter, while RMSF characterizes the local changes
throughout the protein chain. In order to gain an idea regard-
ing the structural compactness of the protein with respect to
active and inactive ligands, the Rg was analysed.

Results and discussion

A set of structurally diverse non-selective NMDA inhibitors
(n = 87) (Suppl. Fig. S1) [16–23] have been considered for
QSAR, pharmacophore mapping, docking and dynamics
analyses. All the molecules of the dataset were docked in
NMDA protein structure (PDB id: 3QEL [35]), and the
docked confirmers were considered for alignment to generate
3D QSAR models. Bayesian model and HQSAR have been
developed to explore the important fragments for imparting
bioactivity.

CoMFA model

In the field analysis study, s and e factors individually develop
the models with correlation of 0.890 and 0.855, respectively.
The s and e features together develop the most suitable model
(model 1: nTr = 66, R

2 = 0.895, se = 0.513, Q2 = 0.602). The
steric favourable green contour shows conformational rigidity,
and unfavourable region has been demonstrated by yellow con-
tour. Blue and red contours depict the electrostatic favourable
and unfavourable regions, respectively. The model exhibits ste-
ric and electrostatic domains with contributions of 46 and 54%
(Fig. 1a). The predictive ability of the model (nTs = 21, R

2
pred =

0.673) signifies the potency of the model (Table 1). This model
correctly estimated 57.58% active molecules, and 56.32%mol-
ecules are accurately estimated among the total dataset mole-
cules. The estimated binding affinity of the compounds as per
model 1 is represented in Fig. 2, and also listed in Suppl.
Table S1. The active molecule (cpd C62) mapped in the con-
tour map suitably (Fig. 1a (I)), whereas the less active com-
pound (cpd C42) (Fig. 1a (II)) failed to bind in the model.
Presence of electron donating oxygen of keto group and
favourable inductive effect of alkyl chain make the region
favourable for electrostatic activity. Nitrogen atoms in triazole
ring donate electrons to each other and develop an electron
cloud which makes the region favourable for electrostatic ac-
tivity. The alkyl and amino groups show the steric favourable

region for their conformational rigidity. The importance of ste-
ric and electrostatic features is also adjudged by the models
developed with quinolone and quinoxaline derivatives [15].

CoMSIA model

In a similar study, a, d, p, s and e features individually develop
models with correlation of 0.791, 0.749, 0.835, 0.890 and
0.855, respectively. But combination of steric, electrostatic
and hydrophobic features develop the best model. The
CoMSIA model (model 2 nTr = 66, R2 = 0.877, se = 0.555,
Q2 = 0.615) shows steric, electrostatic and hydrophobic re-
gions with 12.40, 46.30 and 41.40% contributions, respective-
ly (Table 1). Figure 1b represents the contour map of model 2.
Cyan contour shows the hydrophobic favourable region,
while white contour shows the hydrophobic unfavourable re-
gion. Steric and electrostatic contours are depicted in same

Table 1 Statistical parameters of QSAR and pharmacophore models

Study Parameters Models

1 2 4

QSAR Components 6 6 8

ntr 66 66 66

R2 0.895 0.877 0.941

se 0.513 0.555 0.392

F (df) 84.027 70.366 –

Q2 0.602 0.615 0.812

R2bs 0.928 0.923 –

sbs 0.400 0.434 –

Contribution (in %)

s 46.00 12.40 –

e 54.00 46.30 –

d – – –

a – – –

p – 41.40 –

nts 21 21 21

R2pred 0.673 0.727 0.772

sp 0.409 0.389 0.401

Model 5

Pharmacophore ntr 30

R2 0.927

RMSD 0.992

Q2 0.926

Cost

Null 302.256

Δ 164.826

Output features a,2p,3ev

nts 57

R2pred 0.621

sp 0.421

Struct Chem (2018) 29:1175–1187 1179



colours as in CoMFA model. Efficiency of estimation (nTs =
21, R2pred = 0.727) depicts the robustness of the model. The
model accurately estimated 52% active molecules, 9% mole-
cules are over estimated and 39% molecules are under esti-
mated. The predicted activity of the compounds as per model
2, is represented in Fig. 2, and also tabulated in Suppl.
Table S1. It is observed that triazole ring along with alkyl

chain show steric favourable region for their conformational
rigidity. Presence of electron donating oxygen of keto group in
pyrazine ring and positive inductive effect of alkyl chain make
the regions favourable for electrostatic activity. Nitrogen
atoms of triazole ring contain lone pair of electron and con-
tribute electrons to each other, which make an electron dense
region that is favourable for electrostatic activity. Phenyl ring,

Table 2 Enrichment data

Output Category % 1 % 5 % 10 % 25 % 50 % 75 % 90 % 95 % 99 %

Bayesian model 39.394 % 3.8 % 11.5 % 23.1 % 50 % 100 % 100 % 100 % 100 % 100 %

Fig. 2 Observed vs predicted
binding affinity as per QSAR and
pharmacophore models of
NMDA inhibitors

Fig. 3 ROC plot for test set
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chlorine atoms and alkyl chain act as hydrophobic for their
non-polar property.

Bayesian model

For development of Bayesian model, seven explanatory de-
scriptors (AlogP,MW, nHBA, nHBD, nR, nArR andMFPSA)
and one fingerprint feature FCFP_6 (molecular function class
fingerprints of maximum diameter 6) were implemented.
Cross-validated ROC plot (AUROCcv = 0.878) and the pa-
rameters, like specificity (0.929), sensitivity (0.714), concor-
dance (0.857) and enrichment data (Table 2) of the developed
Bayesian model (model 3) specify its capability to separate
active and inactive compounds efficiently. The fivefold cross-
validation result, AUCROCTest (0.942) authenticates the de-
veloped Bayesian model and also indicates the acceptability
of the model (Fig. 3). Depending on Bayesian score and
FCFP_6, the best five favourable and unfavourable molecular
fragments are specified for NMDA inhibitory activity, which
are listed in Fig. 4. Among the favourable features, piperidine
ring along with alkyl chain with hydroxyl substitution,
imidazolidine scaffold and suitable alkyl and hydroxy alkyl
chains are depicted their importance. Pyrazolo-pyrimidine and
cyclobutene rings, and isopropenylamine, amide or amine

groups are depicted as bad contributing molecular fragments
for the activity.

HQSAR model

Based on the optimization of different fragment features (A/B/
C/H/Ch/D-A) and the hologram length, HQSAR analysis has
been performed with the training set (nTr = 66) molecules. Top
six hypotheses are presented in Table 3. Owing to the highest
values of Q2 and smallest cross-validated standard error
(SEcv), the most suitable fragment features are selected. The
statistical results (Q2 = 0.812, R2 = 0.941 with eight compo-
nents) of the best model (model 4) is depicted in Table 1.
The model contains bonds (B), connections (C) and hydrogen
(H) as fragment distinction and having a size of 6–8. A better
estimation of test compounds (nTs = 21, R2pred = 0.772) sub-
stantiates the strength of the model (Table 1). The model pre-
dicts 64.37% molecules accurately, 19.54% over estimated
and 16.09% molecules are under estimated in the dataset.
Predicted value of the compounds according to model 4 is
represented in Fig. 2, and also listed in the Suppl. Table S1.
Contribution of various colours of atom or fragment to the
molecular activity has been depicted by contour maps of the
HQSAR model (Fig. 5). The significance of the different col-
ours is (i) red-orange colour denotes an inferior contribution of

Fig. 4 Good and bad fingerprints
depicted in Bayesian model

Table 3 Top six hypotheses of
HQSAR analysis Fragment size Fragment distinction Q2 secv R2 se

Component
Hologram length

6–8 A/B/C/D and A 0.812 0.687 0.895 0.512 6 83

4–7 A/B/C/D and A 0.800 0.709 0.901 0.498 6 307

5–9 H/Ch/D and A 0.787 0.744 0.929 0.430 8 307

5–10 A/B/C/D and A 0.782 0.739 0.913 0.467 6 353

6–8 B/C/H 0.812 0.699 0.941 0.392 8 401

6–9 A/C/D and A 0.771 0.758 0.894 0.516 6 83

Struct Chem (2018) 29:1175–1187 1181



− 0.107 to − 0.064, (ii) white colour suggests an average con-
tribution of − 0.043 to 0.102, (iii) yellow colour indicates a
superior contribution of 0.102 to 0.153 and (iv) green colour
signifies the highest contribution of 0.255 or above. In the
dataset, most active compound (cpd C62) shows the good
fragments in its molecular scaffold, while the least active com-
pound (cpd C42) contains bad fragments in its molecular
structure, depicted in the contour map. From the contour
map (Fig. 5), it can be concluded that pyrazine ring, associated
cyclic alkyl ring and alkyl chain act as important fragments for
binding to the receptor. But backbone chain along with keto
and amino groups depict as bad fragments for receptor
binding.

Pharmacophore mapping

On the basis of R2, RMSD and cost values, best combinations
of the features have been standardized for HypoGen model
development. Final HypoGen model is further used for
HypoRefine model generation with addition of excluded vol-
ume. Results of the top six hypotheses are summarized in
Table 4. Based on cost difference (Δcost = 164.826), low

RMSD (0.992), best cross-validated correlation (Q2= 0.926)
and test set prediction (R2

pred = 0.621) (Table 1), the most
suitable hypothesis (H6) is characterised. Figure 6 highlights
the mapped pharmacophore features. The hypothesis H6
(model 5) demonstrates more than 93% correlation to the bio-
activity. The hypothesis is verified with Fischer’s randomiza-
tion test at 98% confidence level, demonstrated no hypothesis
other than H6 (model 5) generates better correlation. Predicted
value of the compounds as per model 5 is represented in Fig. 2
and Suppl. Table S1. Approximately 46% of the active mole-
cules are accurately estimated by the model, 42% under esti-
mated and 12% molecules are over estimated. The model
depicts that HB acceptor (a) and hydrophobic (p) features
along with three excluded volumes (ev) might have a role as
chief biophores for activity. Inter-feature distances of the
mapped features are represented in Fig. 6a, which are critical
for imparting selective inhibitory activity of NMDA. Most
active compound (cpd C62) maps the features very well
(Fig. 6b) but the least active compound (cpd C42) do not
map all the features properly (Fig. 6c). Feature map shows
that pyrazine, and associated oxygen and nitrogen atoms act
as HB acceptors for their electronegetivity. Halogen atom and

Fig. 5 HQSAR contribution
maps: a most active cpd C62 and
b inactive cpd C42. White =
average contribution (− 0.097 to
0.102), yellow = good
contribution (0.102 to 0.153),
green = maximum contribution
(0.254 or above), cyan =
maximum common substructure

Table 4 Top six hypotheses observed in pharmacophore model generation

Hypothesis Uncertainty Weight variance Spacing (pm) Pharmacophore features Cost R2 RMSD

Null Δcost

H1 3.000 0.302 2.970 a, 2p 302.256 158.197 0.918 1.084

H2 3.000 0.500 2.500 a, 2p 302.256 164.543 0.920 1.046

H3 2.500 0.500 2.000 a, 2p 384.911 245.081 0.920 1.251

H4 3.000 0.302 1.500 a, d, 2p 302.256 164.114 0.902 1.141

H5 3.000 0.302 1.000 a, 2p 302.256 157.219 0.914 1.105

H6* 3.000 0.500 2.500 a, 2p, 3ev 302.256 164.826 0.927 0.992

*Model 5
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alkyl chain portray as hydrophobic for non-polarity.
Excluded volumes are important around the features
for steric hindrance. The observations can be corrobo-
rated with the work of Zambre et al., where selective
NMDA receptor antagonists were used to generate
pharmacophore model that suggests the importance of
two aromatic rings, one HB donor and HB acceptor
features [9]. Ugale et al. also reported the contribution
of HB acceptor, donor and ring aromatic features for the
models developed with quinoxaline derivatives [10].
The model developed with quinolones derivative also
revealed the importance of HB acceptor, electropositive
HB region and hydrophobic features for imparting ac-
tivity [15]. Therefore, HB acceptor and hydrophobic
features have significant influence for binding affinity
to NMDAR, as also suggested in present study.

Docking study

Docking study of active (cpd C62) and inactive com-
pounds (cpd C42) has been carried out at the catalytic
site of the crystal structure, 3QEL [35] (Fig. 7). Amino
acids present (within 4 Ǻ) at the catalytic site include
Glu70, Arg79, Glu106, Tyr109, Gln110, His120,
Asn121, Asp139, Tyr175, Glu236 (polar amino acids)
and Val15, Ala72, Ala107, Ile111, Phe114, Leu123,
Leu135, Phe176 (non-polar amino acids). It has been
observed that catalytic residues, Glu106 interacts with
the amino group of pyrazine ring and Phe176 forms
pi-pi stacking interaction with chloro-benzene, are in-
volved in the hydrophobic interaction. The Glu236
forms an HB interaction with the amino group, while
Tyr175 and Met207 both interact with the carboxyl

Fig. 6 a Pharmacophoric features of NMDA inhibitors with inter-feature distances, mapped with b most active (cpd C62) and c least active (cpd C42)
compounds. Pharmacophore features are green = HB donor (d), cyan = hydrophobic (p) and grey = excluded volume (ev)

Fig. 7 Docking interaction of a most active cpd C62 and b least active cpd C42 compounds
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group to form HB interactions. Therefore, amino and
carboxyl groups and pyrazine ring may play an impor-
tant role as per the interactions occurred. Further dy-
namics study has been performed to investigate the in-
teraction and binding stability of the complex.

Dynamics study

The MD simulation study has been undertaken for 30 ns in an
aqueous solution in order to get an idea of the interactions of
ligand in a dynamic environment. The docked poses of active
(cpd C62) and inactive (cpd C42) compounds are short-listed
for MD simulation. The RMSDs of the complexes are
analysed (Fig. 8) through dynamic stability of both ligand
and proteins. The RMSD plot of active compound (Fig. 8a)
shows that the complex is stable. Maximum stability has been

observed at 17 to 30 ns. In case of inactive compound
(Fig. 8b), RMSD plot suggests that complex is not stable
throughout time length. Although the variations between the
side chain and backbone for both the complexes are alike,
RMSF plot is also beneficial for characterization of local al-
terations along with the protein chain. Analyses of RMSF
graph for both complexes (Fig. 8) exhibit that the active in-
hibitor has better RMSF distribution and dynamic features
(Fig. 8a) in contrast to the less active compound (Fig. 8b).
Amino acids, Ala72, His120 and Leu123 maintained stability
of the protein ligand contact during fluctuation. Therefore, the
binding pocket showed adequate stability, as RMSF is limited
to 4.5 Å in active compound (cpd C62); on the contrary, cpd
C42 showed less stability. Residue Ala72 has HB interaction
with active compound, which further changed to water-bridge
bond with the ligand that confirms the stability of the

Fig. 8 a RMSD plot. b RMSF plot. c Interaction during simulation study of I most active (cpd C62) and II least active (cpd C42) compounds
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complex. It maintained 40% stability of the full time length
(Fig. 8a). The residue His120 also formed HB interaction with
active compound, maintained its stable interaction contact up
to 33% of the time length and further changed into water-
bridge bond. The Leu123 maintained its hydrophobic interac-
tion through simulation. Additionally, Arg79 formed an HB
interaction, then changed into ionic bond interaction, and fur-
ther changed into water-bridge interaction. But the interac-
tions are not stable throughout the time length. The Glu70
formed an ionic bond and Val15 formed a hydrophobic bond
with the compound, but are not stable throughout the time
length. The least active compound does not maintain stable
HB interaction (Suppl. Fig. S3). Only Asp139 maintained a
stable interaction of 38% on total time length (Fig. 8b).
Residues His120, Asn121 and Ala72 also tried to interact with
the ligand, but interactions are converted to water-bridge bond
and did not maintain their stability. Residues Leu123 and
Val15 showed hydrophobic interactions but these are unstable
too. Stability of the protein-ligand complex with more stable
HB interactions are the key fragrances of the study.

In the present study, developed QSAR and pharmacophore
models explored the essential features which are further sub-
stantiated by docking and dynamics studies. The features of
QSARs and pharmacophore models are adjudged through the
interaction sites (Fig. 9). Importance of steric functionality of
heteroatom in models 1 and 2 is substantiated by HB interac-
tions with Glu106 and Glu236. Simulating stable interaction
of the heteroatom of triazole ring with His120 is also substan-
tiated the steric property in model 2. Electrostatic functionality
of keto group in models 1 and 2 is substantiated with the
interactions of residues Tyr175 and Met207. Importance of

oxo group in model 5 as HB acceptor is substantiated with
stable interaction of Ala72 during simulation study.
Significance of aromatic ring, halogen atom along with alkyl
group as hydrophobic fragments is substantiated by the inter-
action with Phe176 in models 2–5. Heterocyclic rings, such as
pyrazine, imidazolidine, piperidine and alkyl chains can im-
prove binding property as depicted in bothmodels 3 and 4, but
pyrazole, pyrimidine and amide linkage can decrease the ac-
tivity property. Oxygen atom in pyrazine ring portrayed its
importance in models 1, 2 and 5. Halogen atom associated
with aromatic ring can improve the activity, suggested in
models 1 and 5. Long alkyl chain also improves the activity,
depicted in models 2, 3 and 5. In model 1, heteroatom present
in triazole ring shows unfavourable for activity, but small al-
kyl chain in triazole ring is favourable for activity, observed in
model 2. Finally, all such models demonstrate that the chem-
ical features and groups happen to be the prime structural
features can be effectively utilized for the formulation of po-
tential hit compounds for NMDA inhibition.

Conclusion

In the present work, structurally diverse compounds having
wide range of activity (pKi = 3.721 to 9.125) were utilized to
explore important chemical features and determine binding
modes of ligands towards NMDA receptor for therapeutic
invasion. Both ligand- and structure-based multi-chemometric
methods have been adopted to corroborate the facts from the
observations of the previously developed 2D and 3D QSAR
models [9, 11–15] for explaining binding affinity of NMDAR.

Fig. 9 Schematic representation
of pharmacophore features of
potent NMDA inhibitors
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It was also observed that a particular QSARmodel may not be
effective for prediction of compounds. There should not be
any biasness on prediction; multiple models can be reliable
than single model prediction [44]. Thus, multi-chemometric
models explored in the present study may be successively
used for more reliable and precise prediction. Generated
models prove the importance of the features essential for bind-
ing affinity. The HB acceptor, hydrophobicity, steric and elec-
trostatic features of the molecular scaffold might have a cru-
cial role in NMDA inhibition, as observed in developed
models generated through both structure- and ligand-based
studies. Docking and MD studies infer that Ala72, Glu106,
His120, Tyr175, Phe176, Met207 and Glu236 are involved as
catalytic residues in receptor-ligand interactions. Thus, the
key structural requirements (as depicted in the models) are
essential to formulate hit compounds for inhibition of
NMDA. Physicochemical significance and biological impli-
cations of the models are justified with the features of models,
and vis-à-vis the binding interactions at the active site of the
enzyme. A 2D schematic representation (Fig. 9) provides spe-
cific information (importance of HB acceptor, hydrophobic,
steric and electrostatic features that may be associated for
interaction with amino acids at the enzyme’s active site) of
the structural and characteristic features of a molecule for ef-
fective binding at the catalytic site.
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