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a b s t r a c t

Prolyl oligopeptidase (POP) is a potential therapeutic target for treatment of several neurological dis-
orders and a-synucleinopathies including Parkinson's disease. Most of the known POP inhibitors failed in
the clinical trials due to poor pharmacokinetic properties and blood-brain impermeability. Therefore, a
training set of 30 structurally diverse compounds with a wide range of inhibitory activity against POP
was used to generate a quantitative pharmacophore model, Hypo 3, to identify potential POP inhibitors
with desirable drug-like properties. Validations through test set, cost analysis, and Fisher's randomiza-
tion methods proved that Hypo 3 accurately predicted the known inhibitors among inactive compounds.
Hypo 3 was employed as 3D query for virtual screening on an in-house drug-like chemical database
containing compounds with good brain permeability and ADMET parameters. Database screening with
Hypo 3 resulted in 99 compounds that were narrowed down to 21 compounds through molecular
docking. Among them, five compounds were identified in our earlier studies, while two compounds
showed in vitro POP inhibition. The current study proposed new 16 virtually screened compounds as
potential inhibitors against POP that possess Gold docking score in the range of 64.61e75.74 and
Chemscore of �32.25 to �38.35. Furthermore, the top scoring four hit compounds were subjected to
molecular dynamics simulations to reveal their appropriate binding modes and assessing binding free
energies. The hit compounds interacted with POP effectively via hydrogen bonds with important active
site residues along with hydrophobic interactions. Moreover, the hit compounds had key inter-molecular
interactions and better binding free energies as compared to the reference inhibitor. A potential new
hydrogen bond interaction was discovered between Hit 2 with the Arg252 residue of POP. To conclude,
we propose four hit compounds with new structural scaffolds against POP for the lead development of
POP-based therapeutics for neurological disorders.

© 2018 Elsevier Inc. All rights reserved.
1. Introduction

Prolyl oligopeptidase or prolyl endopeptidase (EC 3.4.21.26) is a
post-proline cleaving enzyme that belongs to the family of serine
proteases. It is also abbreviated as PO, PE, PEP, POP, or PREP (herein
ngsang National University
a.
eering, China Pharmaceutical
referred as POP) [1]. POP is primarily expressed in the hippocam-
pus, hypothalamus, cortex, amygdala, and striatum regions of the
human brain. Earlier, POP was discovered as an oxytocin cleaving
enzyme and later demonstrated to be a peptidase that cleaved short
peptides at the carboxyl side of proline with a high specificity [2,3].
It has been demonstrated that POP serves an important role in the
brain function as it cleaves several neuropeptides and also in the
maturation of peptide hormones as well as recognize several
neuroactive peptides as its substrates including oxytocin, bradyki-
nin, angiotensins I and II, substance P, arginine vasopressin, and
thyrotropin releasing hormone [3]. In addition to its peptidase ac-
tivity, POP is capable of modulating the function of several proteins
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Fig. 1. Workflow of the computational drug-discovery process for identifying potential
POP inhibitors from chemical databases.
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such as a-tubulin [4], GAP-43 [5], and a-synuclein [6] through
protein-protein interactions. Over the past two decades, several
researchers reported the relation of abnormal mammalian POP
activity with neurological disorders. Furthermore, numerous in-
hibitors against POP were proposed that are effective in several
aspects of the central nervous system, including learning, memory
and mood-related behaviors [7e9]. Besides its suggested role in
eating and mood disorders, hypertension and cell-cycle progres-
sion, POP is related to the pathological process of neuro-
degeneration in Parkinson's, Alzheimer's, and Huntington's disease
[10]. Numerous POP inhibitors possessing anti-amnesic, cognition-
enhancing and neuroprotective properties have been reported by
several academic research groups [8,11,12]. Early efforts included
the development of substrate-like peptidomimetic compounds that
were based on the systematic modification of the prototypical POP
inhibitor N-benzyloxycarbonyl prolyl-prolinal (ZPP) [13]. Over the
past 30 years, several POP inhibitors have been patented and
entered the early phases of clinical trials [8]. Despite the develop-
ment of potent inhibitors of POP having nanomolar activities, they
failed in the clinical trials and none are currently in the market for
human therapy [11]. The most common reason for failure is their
unfavorable pharmacokinetic properties and inability to cross the
blood-brain barrier (BBB) [12]. Hence, the exploration of new
scaffolds and potent inhibitors which have good pharmacokinetic,
pharmacodynamic and toxic properties becomes critical. Consis-
tent effort has been made to identify potential inhibitors against
POP through in silico studies highlight the need of POP inhibitors
along with the contribution of in silico research to therapeutics
[14e19]. Therefore, computer-aided drug discovery strategies offer
promising choice to the identification of new hit compounds, their
optimization into potential hits with improved absorption, distri-
bution, metabolism, excretion and toxicity profile and avoid
adverse effects, cost, and time with limited resources [20,21].

Here, we employed in silico approaches to identifying potent
POP inhibitors possessing good pharmacokinetic properties (Fig. 1).
A 3D QSAR pharmacophore model was constructed from the
inherent chemical features present in the well-known POP in-
hibitors. Several hits were obtained by pharmacophore-based vir-
tual screening of an in-house drug-like database. The compounds
were further screened through molecular docking and the binding
modes of top hits were obtained by molecular dynamics (MD)
simulations. Finally, four hit compounds with desirable drug-like
properties were suggested as potent POP inhibitors for the lead
development for POP-based therapeutics.

2. Material and methods

2.1. Selection of compounds and dataset preparation

The selection of compounds for the training set is a key step for
pharmacophore generation and providing quality pharmacophore
models. The POP inhibitors whose experimental activities (IC50
value) were determined by the same biological assay were obtained
from published literature [22e27]. The 2D structures of compounds
were downloaded from the Binding database and verifiedmanually
[28]. The range of IC50 values was 0.42 nmoL/L to 114,750 nmoL/L.
Subsequently, a dataset of 88 compounds was compiled based on
their diverse structural characteristics and had IC50 values in four
orders of magnitude. The dataset compounds were divided into
two subsets; (1) Training set, 30 compounds were used to generate
pharmacophore hypothesis, and; (2) Test set, remaining 58 com-
pounds were used to validate the pharmacophore hypothesis. Well,
known POP inhibitors such as Z-pro-prolinal (ZPP), Z-321, SUAM-
1221, and Py(D)AlaboroPro were included in the training set to
improve the quality of the pharmacophore generations. Further, the
compounds of both subsets were categorized as active
(IC50 < 100 nmoL/L, þþþ), moderately active (10000 nmoL/
L � IC50 < 2000 nmoL/L, þþ), and inactive (IC50 � 10000 nmoL/
L, þ).
2.2. Pharmacophore model generation

Pharmacophore model generation was accomplished by the
HypoGen algorithm which is implemented as 3D QSAR Pharmaco-
phore Generation protocol in BIOVIA Discovery Studio 2017 (DS)
package. Construction of predictive pharmacophores is accom-
plished in three steps: the constructive phase, subtractive phase,
and optimization phase [29]. (a) The constructive phase generates
hypotheses that are common among the most active compounds
and fit a minimum subset of the features of the remaining active
compounds in the training set. (b) The subtractive phase removes
any hypothesis that matched more than half the compounds
identified as being inactive in the training set. (c) The optimization
phase involves improvement of the hypothesis score by applying
various perturbations like adding a new feature or removing a
feature, translating pharmacophore features, rotating vectors
attached to features. The training set compounds were utilized to
generate pharmacophore hypotheses. A maximum of 255 confor-
mations with an energy threshold of 20 kcaL/mol were generated
using the ‘BEST poling’ algorithm. The inherent chemical features in
compounds of training set were examined by Feature Mapping
protocol of DS. Pharmacophoric features like hydrogen bond
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acceptor (HBA), hydrogen bond acceptor lipid (HBAl), hydrophobic
(HYP), hydrophobic aliphatic (HYAl) and ring aromatic (RA) were
used to generate hypotheses. The uncertainty value, minimum
features, and the maximum number of all the features in the hy-
pothesis were set to 3, 1, and 5, respectively for the optimal gen-
eration of the hypotheses. The minimum interfeature distance was
kept at 1Å. While keeping rest of the parameters to default, ten
quantitative hypotheses were generated besides various statistical
factors such as null and fixed cost, fit values, correlation (R2), and
root mean square (RMS) deviation.

2.3. Hypothesis validation

A quality pharmacophore model should discriminate the
active compounds from the inactive. The pharmacophore models
were evaluated via internal and external validation. The internal
validation is carried out via Fischer's randomization and cost
value analysis by Debnath's method [30]. While the external
validation is done by assessing its ability to retrieve active
compounds from the test set and chemical databases. HypoGen
generates total hypothesis cost, fixed cost, and null cost for each
pharmacophore model. Difference between total hypothesis cost
and the null cost is vital to obtain a statistically significant hy-
pothesis. A cost difference of 40e60 represents a true correlation
in the data with a high probability of 75%e90%. While it may be
difficult to find a predictive model if the difference is less than 40
and the chance of the hypothesis representing a true correlation
in the data drops below 50%. Fischer's randomization method is
used to assess the statistical significance of the pharmacophore
model. The hypothesis is considered significant if it represents a
lower total cost value than the random trials [31]. A confidence
level of 95% was set for Fischer's randomization test, and 19
random data spreadsheets were created by HypoGen. The
following formula was used to calculate the significance of the
hypothesis:

S ¼ 1�
�
1þ X
Y

�
� 100 (1)

Where, X is the total number of hypotheses with total costs that are
lower than the original hypothesis, and Y is the total number of
HypoGen runs (initial plus random runs). Here, X ¼ 0 and Y¼
(1 þ 19), hence 95% ¼ {1-[(1 þ 0)/(19 þ 1)]} � 100.

Further validation was done by test set method, where the test
set includes 58 structurally distinct compounds than the training
set with experimental activity. Their conformations were generated
by the same protocol as used for training set compounds. The
Ligand Pharmacophore Mapping protocol in DS with the BEST algo-
rithm and a Flexible fitting optionwas used tomap pharmacophoric
features of the test set compounds.

2.4. Drug-like database preparation and virtual screening

Small molecules from chemical databases such as Maybridge,
Chembridge, Asinex, and NCI were used to prepare a drug-like
database as described earlier [19]. The physico-chemical proper-
ties of compounds were assessed by Lipinski's rule of five and
Veber's rule, whereas pharmacokinetic properties were measured
by using ADMET Descriptors protocol implemented in DS [32,33].
Pharmacophore-based virtual screening methodology with the
best pharmacophore model was carried out to identify potential
POP inhibitors from the drug-like database. The conformations of
compounds from the drug-like database were generated by the
FAST algorithm with a flexible fitting method. The Ligand Pharma-
cophore Mapping protocol of DS was used to map potential
compounds that can inhibit POP. The compounds that fulfilled the
drug-likeness criteria were subjected to molecular docking
calculations.

2.5. Molecular docking

Molecular docking was performed by Genetic Optimization for
Ligand Docking (GOLD v5.2.2) program. A high resolution (1.56 Å)
crystal structure of POP (PDB code: 3DDU) boundwith a pyrazinone
inhibitor was downloaded from the protein data bank (www.rcsb.
org) [14]. All heteroatoms including the water molecules were
removed from the protein. The protein molecule and ligands were
prepared with CHARMm force field. The protonation state for all
histidine tautomers was set to ND1H. The ligand binding site was
identified based on the volume occupied by the co-crystallized
inhibitor in the protein. The Goldscore was set as the main
scoring function, whereas Chemscore served as rescoring function.
Ten conformations were generated for each ligand. The best docked
poses were selected based on the scoring functions (high Goldscore
and low Chemscore) and key inter-molecular interactions exhibited
by compounds with POP such as the formation of hydrogen bonds
between the ligand and the active site residues of the protein, hy-
drophobic and van der Waals interactions.

2.6. Molecular dynamics simulations

Molecular dynamics (MD) simulation is used as routine
computational tools to reliably predict drug binding and related
thermodynamic/kinetic properties in the drug discovery process
[34]. In this study, the purpose of MD simulations was to estimate
the binding stability of hit compounds in complex with POP. MD
simulations were performed with CHARMM27 all-atom force field
using GROMACS 5.0.6 program [35]. Topology parameters of hit
compounds and reference inhibitor were generated by SwissParam
program [36]. The TIP3P water model was used to solvate the
protein-ligand complex in dodecahedronwater box. The negatively
charged systems were neutralized by adding Naþ counter-ions by
replacing equivalent solvent molecules. The initial structures were
relaxed through energy minimization by running 10000 steps of
steepest descent algorithm with a maximum force less than
1000 kJ/mol. The NVT (constant number of atoms, volume, and
temperature were kept constant) equilibration was performed us-
ing the V-rescale thermostat for 200 ps at 300 K temperature. The
Parrinello-Rahman barostat was used for NPT ensemble for 1000 ps
while the number of atoms, pressure, and temperature were kept
constant during equilibration run. The protein backbone was
restrained while the solvent and counter-ions were allowed to
move during the equilibration process maintaining the pressure of
the system at 1 bar. The LINCS method was employed for all bond
constraints. The long-range electrostatic interactions were calcu-
lated through the particle mesh Ewald (PME) method. A cut-off
value of 14 Å was applied to measure short-range interactions
and van der Waals interactions. The position restraints were
removed during the final production run of 20 ns at a temperature
of 300 K and 1 bar pressure. The leap-frog integrator was applied
and coordinates were saved every 10 ps with an integration time
step of 2 fs. All simulations were performed under periodic
boundary conditions in all directions. Visual molecular dynamics
(VMD), GROMACS, and DS programs were used to analyze the MD
trajectories.

2.7. Binding free energy calculations

The binding energies of ligand-protein complexes from molec-
ular simulations were calculated with the molecular mechanics
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Poisson-Boltzmann surface area (MM-PBSA) that is among the
most popular methods [37,38]. For calculation of average binding
energies, a total of 30 snapshots from last 5 ns MD trajectories were
chosen at regular intervals as described earlier [39e41]. The
g_mmpbsa tool for GROMACS was used to calculate the contribu-
tion of different energetic parameters towards binding interactions,
where the binding free energy of ligand-protein complex in solvent
is generally expressed as per the following equation:

DGbinding¼Gcomplex e (Gprotein þ Gligand) (2)

Here, Gcomplex denotes the total free energy of the ligand-protein
complex; Gligand and Gprotein are total energy of separated protein
and ligand in solvent whereas the individual free energy of Gcomplex,
Gligand and Gprotein were estimated by the equation as followed:

Gx¼ EMM þ Gsolvation (3)

where x may indicate the ligand, protein, or ligand-protein com-
plex. The terms EMM and Gsolvation represented the average molec-
ular mechanics potential energy in the vacuum and free energy of
solvation, respectively. Further, the molecular mechanics potential
energy in a vacuum was calculated as the following equation:

EMM¼ Ebonded þ Enon-bonded¼ Ebonded þ (Evdw þ Eelec) (4)

where Ebonded demonstrates the bonded interaction consisting of
the bond, angle, dihedral whereas the term Enon-bonded represents
the non-bonded interactions comprising of van der Waals (Evdw)
and electrostatic (Eelec) interactions, respectively. The sum of elec-
trostatic solvation free energy (Gpolar) and apolar solvation free
energy (Gnon-polar) denotes the total solvation free energy (Gsolvation)
as following:

Gsolvation¼Gpolar þ Gnon-polar (5)

In above equation, the Gpolar is calculated by implementing the
PoissoneBoltzmann (PB) equation [42] while Gnon-polar is calculated
from the solvent-accessible surface area (SASA) as following:

Gnon-polar ¼ gSASA þ b (6)

where g denotes a coefficient related to surface tension of the
solvent and b is fitting parameter having values;
g¼ 0.02267 kJmol�1Å�2 or 0.0054 kcalmol�1Å�2; and
b¼ 3.849 kJmol�1 or 0.916 kcalmol�1.

The binding interaction between the protein and ligand is
calculated as parameters including van der Waals contribution
(DEvdw), electrostatic contribution (DEele), and solvation contribu-
tion (DEsol) [43].

3. Results and discussion

3.1. Pharmacophore model generation

The HypoGen algorithm develops pharmacophore models based
upon structure-activity relationship data from a set of compounds
(training set) for which activity values on a given biological target
have been determined with the same biological assay. In total,
HypoGen generated ten quantitative hypotheses with compounds
from the training set (Fig. 2 and Table 1). The hypotheses were
ranked according to their statistical significance that is, the hy-
pothesis has the lowest total cost values, highest cost difference,
least RMS values, and relatively a high correlation coefficient [44].
Since chemical features and their spatial arrangements vary with
each hypothesis, the pharmacophore models were overlaid onto
the active site of POP as a validation step. Visual inspection of the
pharmacophore models overlaid onto the active site of POP
revealed that Hypo 3 matched well with the complementary resi-
dues important for POP inhibition (Supplementary Fig. S1).
Therefore, Hypo 3 was nominated as the best pharmacophore for
further analysis. Hypo 3 contains a total of seven point features
including two HBA, two HYP, and one HYAl feature (Fig. 3). Hypo 3
showed a total cost of 145.55 and a cost difference of 117.83 be-
tween the null cost (263.38) and the total cost. This model also
represented a high correlation (0.92) and low RMS (1.24) values
(Table 1). Hypo 3 showed a fit value of 12.24 and mapped all the
features in the most active inhibitor (IC50¼ 0.42 nmoL/L) from the
training set, whereas, the least active compound
(IC50¼114750 nmoL/L) lack important pharmacophoric features
such as two HBA and one HYP that establish the difference between
the activities of two compounds (Fig. 4). Furthermore, Hypo 3
predicted the active compounds from the training set with high
accuracy (Table 2). Experimental activity (IC50) values of all active
compounds were predicted in the same order of magnitude with
minor deviation, whereas two moderately active compounds were
predicted as active and one inactive compound as moderately
active. These investigations reflect the reliability of Hypo 3 for
identifying new compounds from the chemical databases.

3.2. Hypothesis validation

Fischer's validation method predicts the correlation between
the chemical structures and biological activities of the training set
compounds. In this method, the original hypothesis is compared
with hypotheses generated by randomizing the activity data of
training set compounds using the same parameters and features.
During hypothesis generation, a set of nineteen random spread-
sheets representing total cost values were generated using the
same parameters as used in producing the original pharmacophore
model from training set compounds. A significant hypothesis has
better cost values, correlation, and RMS, that rules out the proba-
bility of a chance correlation for pharmacophore model and its
randomdevelopment. Hypo 3 indicated better statistical values and
the total cost value was the least compared to the remaining
nineteen hypotheses (Fig. 5). These results confirmed that Hypo 3
was not produced by a chance correlation and has the superior
quality to be used in database screening to identify new POP
inhibitors.

Test set method was used to assess the capability of the gener-
ated pharmacophore model to predict the compounds other than
the training set and classify them according to their experimental
activity scale. Hypo 3 predicted 92% active compounds of the test
set according to their activity range except for three active com-
pounds were estimated as moderately active (Table 3,
Supplementary Table 1). Furthermore, Hypo 3 represented a strong
correlation coefficient between predicted and experimental activity
values in both training (R2¼ 0.92) and test set (R2¼ 0.88) com-
pounds (Fig. 6). These results demonstrate the strong predictive
ability of Hypo 3 to map active compounds from the inactive
compounds. Therefore, Hypo 3 was used for pharmacophore-based
virtual screening of chemical databases and discover potential
candidates for POP inhibition.

3.3. Drug-like database preparation and virtual screening

Pharmacophore-based virtual screening is widely accepted
approach in medicinal chemistry which has been applied to the
rational design of novel drug molecules [45]. Compounds having
poor pharmacokinetic properties may have a high risk of failure or



Fig. 2. 2D structures of 30 structurally diverse training set compounds used for generation of the pharmacophore models. The experimental IC50 values (nmol/L) are indicated in the
parentheses for each compound.

Table 1
List of top ten pharmacophore hypotheses along with their statistical parameters generated by HypoGen algorithm.

Hypo No. Total Cost Dcosta RMSb Correlation (R2) Max Fit Featuresc

Hypo 1 141.49 121.89 1.22 0.92 12.31 HBA,HBAL, HYP, HYAl
Hypo 2 142.68 120.70 1.23 0.92 12.35 2HBA, HYP, HYAl
Hypo 3 145.55 117.83 1.24 0.92 12.24 2HBA, 2HYP, HYAl
Hypo 4 146.07 117.31 1.35 0.91 12.18 HBA, HBAL, 2HYP, HYAl
Hypo 5 146.67 116.71 1.38 0.90 12.18 2HBAL, HYP, HYAl
Hypo 6 146.89 116.49 1.39 0.90 12.14 HBA, HBAL, 2HYP, HYAl
Hypo 7 147.25 116.13 1.40 0.90 12.03 HBA, HBAL, HYP, HYAl
Hypo 8 149.06 114.32 1.43 0.89 12.07 2HBAL, 2HYP, HYAl
Hypo 9 156.72 106.61 1.59 0.87 12.06 HBAL, HYP, HYAl, RA
Hypo 10 160.93 102.45 1.70 0.85 11.70 HBA, HBAL, 3HYP

a Dcost: Cost difference, difference between the null cost and the total cost. The null cost of ten scored hypotheses is 263.38, the fixed cost value is 116.74, and the
configuration cost is 14.71.

b RMS: Root mean square deviation of the log (estimated activities) from the log (experimental activities) normalized by the log (uncertainties).
c HBA: hydrogen-bond acceptor, HBAL: hydrogen-bond acceptor lipid, HYP: hydrophobic, HYAl: hydrophobic aliphatic, and RA: ring aromatic.
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unsuitable as a drug. Therefore, to search small molecules with
desirable pharmacokinetic properties, a database containing drug-
like compounds was prepared. Considering the high expression of
POP in the brain, a drug-like database containing compounds
capable of permeating the BBB with good pharmacokinetic prop-
erties was prepared. Initially, the compounds of the Chembridge,



Fig. 3. Three-dimensional representation of the best pharmacophore model Hypo 3,
with its distance constraints. Hypo 3 contains two hydrogen bond acceptor (HBA:
green), two hydrophobic (HYP: cyan), and one hydrophobic aliphatic (HYAl: blue)
features. (For interpretation of the references to colour in this figure legend, the reader
is referred to the Web version of this article.)

Fig. 4. Alignment of Hypo 3 with (A) most active compound 1 (IC50¼ 0.42 nmoL/L) and
(B) least active compound 30 (IC50¼ 114,750 nmoL/L), from the training set. The most
active compound mapped all pharmacophore features in Hypo 3, whereas the least
active missed two HBA and one HYP feature. The colour representation of features is
the same as in Fig. 3. (For interpretation of the references to colour in this figure
legend, the reader is referred to the Web version of this article.)
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Maybridge, NCI, and Asinex databases were filtered by Lipinski's
rule of five. Compounds having a molecular weight that is less than
500 Da, a partition coefficient (logP) less than 5, less than 5
hydrogen bond donor groups, less than 10 hydrogen bond acceptor
groups, and a number of rotatable bonds that is less than 10
(Veber's rule) were retained. Further, compounds showing less
than 90% human intestinal absorption (HIA), less solubility inwater
at 25 �C, high hepatotoxicity, and CYP2D6 inhibitionwere ruled out.
Consequently, the filtered compounds have maximum adsorption
in the intestine, desirable solubility, devoid of hepatotoxicity and
minimal possibility of getting metabolized by drug metabolizing
enzymes like CYP2D6. The filtered compounds were merged to
form a single in-house drug-like database having 31,561 com-
pounds that was further utilized for virtual screening carried out
with Hypo 3 [19].

A pharmacophore model consists of chemical features that
enable the mapping and identification of novel scaffolds from large
databases. Two HBA, two HYP, and one HYAl feature of Hypo 3
mapped 5296 compounds from the generated in-house database.
These compounds were further filtered based on a fit value of
greater than 11.55 and estimated IC50 value less than 0.42 nmoL/L
by assuming the most active compound in the training set as the
reference compound (Fig. 2). This compound was used as a refer-
ence compound for further comparative studies. Moreover, the
compounds were manually assessed for their mapping onto Hypo 3
and best mapped compoundswere sorted. Database screeningwith
Hypo 3 resulted in 99 compounds that were subjected to molecular
docking studies for their potential to inhibit POP via assessing their
molecular interactions and binding orientation at the active site of
POP.

3.4. Molecular docking

The screened 99 drug-like compounds along with the training
set were subjected to molecular docking studies with GOLD v5.2.2
that uses a genetic algorithm (GA) based search method for
generating ligand poses. The reliability of GOLD for our study was
assessed by redocking the co-crystal GSK552 from the X-ray
structure (PDB code: 3DDU) of POP. The docked pose indicated a
very low RMSD value of 0.12 Å between the predicted and actual co-
crystal pose that indicated the reliability of GOLD for potential in-
hibitor screening against POP (Supplementary Fig. S2). A pharma-
cophore represents the complementarity to the active site of the
target protein [40]. Therefore, the consistency of the generated
pharmacophore model was also assessed by superimposing the
docked pose of the reference compound from the training set to the
conformation generated in HypoGen during hypothesis generation
(Supplementary Fig. S3). A low RMSD of 1.23 Å was obtained which
indicate the reproducibility and the reliability of the Hypo 3 phar-
macophore model.

The compounds were filtered and ranked based on high Gold-
score and low Chemscore values. A range of Goldscore values from
50.88 to 75.74 was observed for the docked compounds. The
reference inhibitor indicated Goldscore and Chemscore values of
50.14 and �27.07 respectively, that were taken as the cut-off for
further sorting of compounds. Moreover, the compounds were
evaluated through visual inspection for their interactions with the
active site residues of POP. Notably, the compounds exhibiting
hydrogen bond interactions with important amino acids like
Trp595 and Arg643 were selected [14]. In total, 21 compoundswere
obtained from the docking-based virtual screening process. A
similarity search indicated that out of these compounds, five
compounds were identified earlier through our computational
studies. The identified common compounds included two hit
compounds that have shown POP inhibition in vitro [19]. As we
intend to identify new compounds against POP, we have over-
looked them in the current study. Additionally, to make the
screening process more exhaustive we have used CDOCKER scoring
function to assess the binding affinities of screened compounds at
the POP active site. The CDOCKER score is generally reported as the
negative value, where a higher value indicates a more favorable
binding which enables the energy to be used as a score. Therefore,
the compounds were evaluated based upon the -CDOCKER inter-
action energies where a higher energy value demonstrate greater
affinity of the drug to its corresponding target protein. The four hits
indicated higher -CDOCKER interaction energy as compared to the
remaining compounds and the reference inhibitor (Supplementary



Table 2
Comparison of experimental activities of training set compounds and their predicted activities based on Hypo 3.

Compound No. Fit Value Experimental IC50 nmol/L Predicted IC50 nmol/L Errora Experimental Scaleb Predicted Scaleb

1 11.55 0.42 0.6 þ1.4 þþþ þþþ
2 11.10 0.55 0.7 þ1.3 þþþ þþþ
3 10.39 1.1 1.5 þ1.4 þþþ þþþ
4 10.50 2.3 3.6 þ1.5 þþþ þþþ
5 10.45 4.8 2.75 �1.7 þþþ þþþ
6 10.18 5.5 4.2 �1.3 þþþ þþþ
7 9.84 10 14 þ1.4 þþþ þþþ
8 9.79 14 30 þ2.2 þþþ þþþ
9 9.97 44 23 �1.9 þþþ þþþ
10 9.17 86 60 �1.4 þþþ þþþ
11 9.19 150 140 �1.1 þþ þþ
12 9.28 190 110 �1.7 þþ þþ
13 9.23 350 120 �2.8 þþ þþ
14 8.99 500 210 �2.3 þþ þþ
15 8.24 600 1200 þ2.0 þþ þþ
16 8.55 960 600 �1.6 þþ þþ
17 8.86 990 690 �1.4 þþ þþ
18 7.73 2400 3900 þ1.6 þþ þþ
19 7.90 2900 2700 �1.1 þþ þþ
20 7.62 3500 5100 þ1.4 þþ þþ
21 7.57 6300 5700 �1.1 þþ þþ
22 7.16 7900 5000 �1.6 þþ þþ
23 6.98 8300 22000 þ2.7 þþ þþþ
24 7.87 9000 2800 �3.2 þþ þþ
25 7.01 9800 20000 þ2.1 þþ þþþ
26 7.04 18000 19000 þ1.0 þ þ
27 7.92 25000 9500 �2.6 þ þþ
28 7.57 40000 157000 þ2.7 þ þ
29 6.86 57000 29000 �2.0 þ þ
30 6.81 110000 82000 �1.3 þ þ
a Error, ratio of the predicted activity (Pred IC50) to the experimental activity (Exp IC50) or its negative inverse if the ratio is < 1.
b Activity scale: IC50 < 100 nmoL/L ¼ þþþ (active), 100 nmoL/L � IC50 < 10000 nmoL/L ¼ þþ (moderate active), IC50 � 10000 nmoL/L ¼ þ (inactive).

Fig. 5. Cost differences of Hypo 3 and 19 scrambled runs generated during Fischer's
randomization that validates that Hypo 3 is not generated by a random process.
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Table 2). Thus, 16 compounds were proposed as new hits against
POP, of which top scoring four hits were analyzed through molec-
ular dynamics simulations for their stability in the POP active site
and revealing their binding modes with POP.
3.5. Molecular dynamics simulations

Further examination on the dynamic binding behavior of ligand
and protein was accomplished by MD simulations. Five different
systems of reference inhibitor and hit compounds with POP com-
plexes were specified. The systems POP-Inhibitor, POP-Hit 1, POP-
Hit 2, POP-Hit 3, and POP-Hit 4 contained 25125, 25126, 25120,
25122, and 25123 TIP3P water molecules, respectively; besides 22
Naþ counterions. The 20 ns MD simulations were executed for each
system after NVT and NPT equilibrations. The stability of the sys-
tems during the simulations was assessed by calculating the root
mean square deviation (RMSD) of protein backbone atoms and
potential energies. The overall RMSD values of protein backbone
atoms were identified to be very low that reflects that the complex
systems are stable and reliable for assessing the binding modes of
the hit compounds with POP. The POP in complex with inhibitor,
Hit 1, Hit 2, and Hit 3 compounds showed overall backbone RMSD
values of 0.11 nm, 0.12 nm, 0.14 nm, 0.12 nm, and 0.11 nm, respec-
tively (Supplementary Fig. S4). Slight variations in the RMSD values
of the ligands through the initial few nanoseconds of the simula-
tions were due to the initial adjustment at the active site of POP
(Fig. 7). The RMSD values of ligands indicated that systems were
converged well at the last 5 ns of the simulations. During last 5 ns,
the overall RMSD values of 0.10 nm, 0.06 nm, 0.08 nm, 0.07 nm, and
0.14 nm were observed for inhibitor, Hit 1, Hit 2, and Hit 3 com-
pounds, respectively. Additionally, the stability of the systems was
assessed by computing the potential energies of the systems. The
potential energy plots were consistent throughout the simulations
showing good stability of the systems (Supplementary Fig. S4).
Therefore, RMSD and potential energy analysis indicated the sta-
bility of the systems during the simulations. The representative
structures were taken from the last 5 ns for further analysis. The
superimposition of the structures POP with reference/hit com-
pounds indicated that all compounds were converged in similar
fashion at the active site of POP (Fig. 8A). Thereafter, the hit com-
pounds were analyzed for the detailed intermolecular interactions
with the residues of POP which may be crucial for inhibition.

The reference inhibitor has formed two hydrogen bonds with
Trp595 and Arg643 as well as shown electrostatic interactions with
residues Ser554, Trp595, and Arg643 (Fig. 8B, Table 4). The inhibitor



Table 3
Assessment of predicted and experimental activity (IC50) values of test set compounds using Hypo 3.

Compound No. Fit Value Experimental IC50 (nmol/L) Predicted IC50 (nmol/L) Errora Experimental Scaleb Predicted Scaleb

1 12.46 0.45 0.50 þ1.1 þþþ þþþ
2 12.36 0.46 0.74 þ1.6 þþþ þþþ
3 12.51 0.52 0.45 �1.1 þþþ þþþ
4 12.44 0.85 0.54 �1.6 þþþ þþþ
5 10.29 1 10.61 þ10.6 þþþ þþþ
6 11.08 1.1 1.73 þ1.5 þþþ þþþ
7 11.22 1.2 1.27 þ1.1 þþþ þþþ
8 11.49 3.4 1.66 �2.0 þþþ þþþ
9 9.73 4 9.96 þ2.5 þþþ þþþ
10 10.52 5 6.33 þ1.3 þþþ þþþ
11 11.01 5.4 4.58 �1.2 þþþ þþþ
12 10.87 6 8.81 þ1.5 þþþ þþþ
13 11.42 6.5 0.80 �8.1 þþþ þþþ
14 9.76 8.7 36.03 þ4.1 þþþ þþþ
15 9.69 9 11.30 þ1.2 þþþ þþþ
16 10.54 10 8.81 �1.1 þþþ þþþ
17 9.874 17 28.16 þ1.6 þþþ þþþ
18 10.38 18 8.63 �2.1 þþþ þþþ
19 9.76 20 29.00 þ1.4 þþþ þþþ
20 8.45 24 74.10 þ3.1 þþþ þþþ
21 9.78 24 29.00 þ1.2 þþþ þþþ
22 10.09 27 17.05 �1.6 þþþ þþþ
23 10.09 30 11.30 �2.6 þþþ þþþ
24 8.95 32 17.57 �1.8 þþþ þþþ
25 8.88 34 74.81 þ2.2 þþþ þþþ
26 10.28 36 11.01 �3.3 þþþ þþþ
27 8.98 38 219 þ5.7 þþþ þþ
28 9.74 40 37.76 �1.1 þþþ þþþ
29 10.91 46 22.48 �2.0 þþþ þþþ
30 7.54 48 602 þ12.5 þþþ þþ
31 11.34 50 42.41 �1.1 þþþ þþþ
32 10.74 58 49.41 �1.2 þþþ þþþ
33 10.75 60 25.69 �2.3 þþþ þþþ
34 9.32 69 21.11 �3.3 þþþ þþþ
35 11.40 78 9.07 �8.5 þþþ þþþ
36 10.81 86 155 þ1.8 þþþ þþ
37 9.68 130 43 �3.0 þþ þþ
38 9.19 150 134 �1.1 þþ þþ
39 7.59 510 796 þ1.6 þþ þþ
40 9.49 520 67 �7.8 þþ þ
41 8.91 710 523 �1.3 þþ þþ
42 10.90 720 998 þ1.4 þþ þþ
43 7.81 780 2076 þ2.7 þþ þþ
44 9.81 840 910 þ1.1 þþ þþ
45 8.51 1400 1333 �1.0 þþ þþ
46 8.12 2000 1564 �1.3 þþ þþ
47 7.62 2200 2703 þ1.2 þþ þþ
48 7.88 2600 7297 þ2.8 þþ þþ
49 8.86 5800 1311 �4.4 þþ þþ
50 7.10 6100 9297 þ1.5 þþ þþ
51 7.56 8000 1046 �7.6 þþ þþ
52 7.35 9000 6694 �1.3 þþ þþ
53 6.16 9300 14258 þ1.5 þþ þ
54 10.53 11000 190 �57.8 þ þþ
55 6.60 16800 52722 þ3.1 þ þ
56 6.82 46000 17983 �2.5 þ þ
57 6.04 80000 31220 �2.5 þ þ
58 5.69 91000 101000 þ1.1 þ þ
a Error, ratio of the predicted activity to the experimental activity or its negative inverse if the ratio is< 1.
b Activity scale: IC50 < 100 nmoL/L ¼ þþþ (active), 100 nmoL/L � IC50 < 10000 nmoL/L ¼ þþ (moderate active), IC50 � 10000 nmoL/L ¼ þ (inactive).
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also interacted with POP through hydrophobic interactions with
Met235, Cys255, Phe476, Ile478, Val580, Ile591, Ala594, and
Val644. The pyrrolidine and indene rings of the inhibitor formed
pep stacking interactions with Trp595 of specificity pocket S1 and
Phe173 at the S3 pocket of POP, respectively. These interactions
revealed the potency of the reference inhibitor along with the
insight of necessary interactions for effective inhibition of POP [22].
The Hit 1 contained pyrrole, triazole, and a benzene ring at the S1,
S2 and S3 subsites, respectively. Similar to the reference inhibitor,
Hit 1 formed two hydrogen bonds with Trp595 and Arg643
(Fig. 8C). Non-bonded interactions of Hit 1 included electrostatic
interactions with Tyr473, Ser554, Trp595, Arg643, and His680 as
well as hydrophobic interactions with Met235, Cys255, Phe476,
Ile478, Val580, Phe586, Ile591, Ala594, and Val644. The pyrrole and
benzene rings of Hit 1 stacked onto Trp595 and Phe173, respec-
tively. Double-bonded alkene moiety of Hit 1 forms pealkyl
interaction with Phe476. Similar to the reference inhibitor, Hit 2
formed two hydrogen bonds with Trp595 and Arg643 (Fig. 8D).
Besides, the oxopyrrolidine group of Hit 2 formed a hydrogen bond
interaction with residue Arg252. Further, Hit 2 has shown



Fig. 6. Linear regression analysis to predict the correlation between the experimental
activity and the predicted activity by using Hypo 3 for the test set and training set
compounds. The values are represented as eLog 10 (pIC50) of actual IC50 values in
molar (M) units.

Fig. 7. The RMSD profile for reference inhibitor and hit compounds in complex with
POP obtained during 20 ns MD simulations. Blue, magenta, green, orange, and purple
lines represent Inhibitor, Hit 1, Hit 2, Hit 3, and Hit 4, respectively. (For interpretation of
the references to colour in this figure legend, the reader is referred to the Web version
of this article.)
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electrostatic interactions with Trp595, Arg643, His680, and Arg252.
Hit 2 also indicated hydrophobic interactions with Met235, Cys255,
Phe476, Ile478, Val580, Ile591, Ala594, and Val644 as well as a pep
stacking with Trp595 through its benzene ring at the S1 pocket.
Additionally, a pealkyl interaction of ethoxyphenyl of Hit 2 with
Pro257 was observed at the extended S3 pocket. Hit 3 was involved
in two hydrogen bond formation with Trp595 and Arg643 (Fig. 8E).
Hit 3 was also showed electrostatic interactions with Ser554,
Trp595, Arg643, and His680 as well as hydrophobic interactions
Met235, Cys255, Phe476, Ile478, Val580, Ile591, Ala594, and
Val644. Hit 4 indicated two hydrogen bonds with Trp595 and
Arg643 besides electrostatic interactions with Cys255, Tyr473,
Trp595, and Arg643 (Fig. 8F). Hit 4 indicated hydrophobic in-
teractions with Met235, Gly254, Cys255, Phe476, Ile478, Val580,
Ile591, Ala594, and Val644. Compounds Hit 3 and Hit 4 exhibited T-
shapedpep interactionwith Phe173 at the S3 pocket. Furthermore,
the hits exhibited van der Waals interactions with residues such as
Arg252, Gly254, Asp256, Tyr473, Ser554, Asn555, Tyr599, and
His680 (Table 4).

The detailed investigations of molecular interactions of hits
revealed that our hits possess essential molecular interactions for
the inhibition of POP when compared to the inhibitor. It is
noteworthy to mention that hit compounds mapped well to the
best pharmacophore model, Hypo 3, as depicted in Fig. 9.

3.6. Analysis of binding free energy of POP and reference inhibitor/
hit compounds

Specific recognition of potential drug molecules by proteins is
the core of current drug discovery processes [46]. All-atom MD
simulations combined with free-energy calculations offers the ac-
curate prediction of binding affinity of the small drug molecule to
the target protein [47]. The MM-PBSA was used to compute and
compare the binding free energies of hit compounds in complex
with POP. 30 snapshots were chosen at regular intervals from the
trajectories of last 5ns MD simulations. Binding energy results
showed slight variations in binding energies in each snapshot
indicating insufficient sampling of conformational space to obtain
converged results (Fig. 10). However, the average of binding en-
ergies over the simulation time provides reliable binding affinities
of ligands to the protein [39]. The average binding energy values for
POP in complex with the reference inhibitor, Hit 1, Hit 2, Hit 3 and
Hit 4 were observed in the range of �85.255 kJ/mol to �94.714 kJ/
mol (Table 5). Hit 1 possessed lowest binding free energy value
of �94.714 kJ/mol followed by Hit 2, Hit 3, Hit 4 and inhibitor with
values of �94.208 kJ/mol, �90.564 kJ/mol, �86.740 kJ/mol,
and �85.255 kJ/mol, respectively. As expected, the analysis of
binding free energy components showed that electrostatic in-
teractions, van der Waals, and non-polar solvation energy nega-
tively contribute to the total interaction energy whereas polar
solvation energy positively contributes to the total free energy of
binding (Fig. 10). In case of all compounds, van der Waals interac-
tion gives the largest negative contribution to free binding energy
followed by electrostatic interactions and non-polar solvation en-
ergy, respectively. These results indicate van der Waals, electro-
static interaction, and non-polar solvation energy components
together contribute to the stability of reference inhibitor and hit
compounds with POP complexes.

To summarize, a 3D QSAR pharmacophore model was generated
from experimentally known POP inhibitors with the capability of
segregating active ones from inactive compounds. The model was
rigorously validated and employed for pharmacophore-based vir-
tual screening against an in-house drug-like chemical database. In
total, 16 potential inhibitors were screened by VS. Top scoring 4 hit
compounds with desirable molecular interactions for POP inhibi-
tion were scrutinized for their dynamic behavior in POP active site.
MD simulations revealed that hit compounds bind to POP active
site in a similar fashion as the reference inhibitor. Hit compounds
also showed better binding affinities as compared to the reference
inhibitor. These results indicate that identified hit compounds
might inhibit POP potently through effective binding to its active
site.

4. Conclusion

Alterations in prolyl oligopeptidase activity influence the
memory processes and cognition in human and rodents. POP in-
hibitors show beneficial effects in several neurological conditions
including anti-amnesic, cognition-enhancing, and neuroprotective
properties. However, the majority of inhibitors are substrate-
mimicking peptides and derivatives of the earliest known POP in-
hibitor, ZPP. Although several compounds were tested positive on
animals, most of them failed during the clinical trials due to poor
pharmacokinetic properties. Our aim was to find potential in-
hibitors against POPwith desirable pharmacokinetic properties and
less peptidic nature. A 3D QSAR pharmacophore (Hypo 3) was
generated with essential chemical features from known inhibitors



Fig. 8. Assessment of binding modes of reference inhibitor and four hit compounds in the active site of POP. (A) Overlay of all compounds in their representative structures in the
active site of POP. (B) Inhibitor: blue, (C) Hit 1: magenta, (D) Hit 2: green, (E) Hit 3: orange and (F) Hit 4: purple. Catalytic residues and other binding site residues are shown in pink
and gray sticks, respectively. The protein is displayed as gray line ribbons. Hydrogen bonds are indicated as black dotted lines. 2D structures of the compounds were shown as insets
in respective figures. Only polar hydrogens were shown for clarity. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of
this article.)

Table 4
Inter-molecular interactions identified between the compounds and POP protein.

Compound Hydrogen bond interactions p e p
Interactions

Electrostatic Interactions Hydrophobic interactions

Ligand
atom

Amino
acid

Amino acid
atom

Length
(Å)

Inhibitor O2 Trp595 HE1 1.767 Phe173,
Trp595

Ser554, Trp595, Arg643 Met235, Cys255, Phe476, Ile478, Val580, Ile591, Ala594,
Val644O1 Arg643 HH11 2.019

Hit 1 N3 Trp595 HE1 2.467 Phe173,
Trp595

Tyr473, Ser554, Trp595, Arg643,
His680

Met235, Cys255, Phe476, Ile478, Val580, Phe586, Ile591,
Ala594, Val644O1 Arg643 HH11 2.042

Hit 2 O3 Trp595 HE1 1.699 Trp595 Arg252, Trp595, Arg643, His680 Met235, Cys255, Phe476, Ile478, Val580, Ile591, Ala594,
Val644O4 Arg643 HH11 1.812

O2 Arg252 HH21 2.082
Hit 3 O1 Trp595 HE1 1.725 Phe173,

Trp595
Ser554, Trp595, Arg643, His680 Met235, Cys255, Phe476, Ile478, Val580, Ile591, Ala594,

Val644O2 Arg643 HH11 2.583
Hit 4 O3 Trp595 HE1 1.971 Phe173,

Trp595
Cys255, Tyr473, Trp595, Arg643 Met235, Gly254, Cys255, Phe476, Ile478, Val580, Ile591,

Ala594, Val644O2 Arg643 HH11 1.792

Note: The residues which are not involved interactions with reference inhibitor are denoted in italics.
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of POP. The Hypo 3 model was evaluated through several valida-
tions and possesses the ability to retrieve high numbers of active
compounds in a pool of inactive compounds. This pharmacophore
model led to the identification of 21 potential inhibitors against
POP with good brain permeability and ADMET parameters. Inter-
estingly, five compounds were identified in our earlier computa-
tional studies, out of which, two compounds were tested in vitro
and showed POP inhibition [19]. This also reflects the reliability of
our pharmacophore model to identify potential POP inhibitors. The
dynamics of new potential hits and their binding affinity to POP
were evaluated through molecular dynamics simulations. The hits
bound well with POP and revealed several key inter-molecular in-
teractions required for POP inhibition. Detailed investigations of
inter-molecular interactions disclosed that the hit compounds
formed hydrogen bonds with residues Trp595 and Arg643 that are
essential for POP inhibition. Furthermore, a potential hydrogen
bond interaction is discovered between Hit 2 with the Arg252
residue of the S3 extensive pocket of POP. The hits also showed



Fig. 9. Top scoring hit compounds represented in stick model mapped onto the best pharmacophore model, Hypo 3. (A) Hit 1, (B) Hit 2, (C) Hit 3, and (D) Hit 4. The colour
representation of features is the same as in Fig. 3. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 10. Representation of binding free energies of POP and reference inhibitor, Hit 1,
Hit 2, Hit 3, and Hit 4 complexes calculated by MM-PBSA. Blue, magenta, green, orange,
and purple lines represent energy values for POP in complex with Inhibitor, Hit 1, Hit 2,
Hit 3, and Hit 4, respectively. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)

Table 5
Average MM-PBSA free energies of POP in complex with reference inhibitor and hit
compounds.

Ligands Van der
Waal
(kJ/mol)

Electrostatic
(kJ/mol)

Polar solvation
(kJ/mol)

Non-polar
solvation
(kJ/mol)

Binding
energy
(kJ/mol)

Inhibitor �158.84 �34.169 125.874 �18.123 �85.255
Hit 1 �163.11 �43.391 128.691 �16.906 �94.714
Hit 2 �176.91 �74.093 174.658 �17.865 �94.208
Hit 3 �163.50 �49.677 139.631 �17.019 �90.564
Hit 4 �167.76 �38.527 136.78 �17.228 �86.740
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several electrostatic and hydrophobic interactions in comparison to
the reference inhibitor. The hit compounds also possessed better
binding energy values as compared to the reference inhibitor. We
believe that our hit compounds are potential candidates for POP
inhibition by binding to its active site. A similarity search per-
formed for the four hit compounds by PubChem Structure and
ChemSpider services confirmed that our hit compounds were not
tested for POP inhibition yet. To conclude, the potential hit com-
pounds against POP were discovered through integrated in silico
approaches. The current study will be helpful for designing lead
molecules for the development of novel drugs for the treatment of
POP related a-synucleinopathies and neurological disorders.
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