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We have successfully employed PyPLIF HIPPOS in retrospective
Structure-Based Virtual Screening (SBVS) campaigns targeting some G-
protein coupled receptors (GPCRs), which could pinpoint the
molecular determinants of the protein-ligand bindings and increase
the quality of the SBVS protocols. We were then tempted to append
with molecular dynamics simulations using YASARA-Structure to
mimic the induced-fit theory in the construction of SBVS protocols
targeting dipeptidyl peptidase IV (DPP4). The protocol was
retrospectively validated by employing the DPP4 ligands and decoys
provided by the Directory of Useful Decoys: Enhanced (DUDE). The
best SBVS protocol from this research has the balanced accuracy (BA)
value of 0.836, which could be used further in prospective screening
campaigns.

INTRODUCTION

Structure-based virtual screening (SBVS)

al, 2021, 2017). A descriptor derived from the
protein-ligand interaction fingerprints (PLIF)

approaches have benefited from molecular
interaction fingerprints (IFP) (Marcou and
Rognan, 2007) to increase the prediction quality
in both retrospective and prospective screening
campaigns (Istyastono et al.,, 2015; Kooistra et al,,
2015). In 2013, we introduced the Python
implementation of the IFP named PyPLIF, which
has successfully served our SBVS campaigns
targeting estrogen receptor a (ERa) (Istyastono et
al,, 2017), cyclooxygenase-2 (COX2) (Istyastono,
2017), and  acetylcholinesterase = (AChE)
(Istyastono and Prasasty, 2021; Prasasty et al,
2018; Prasasty and Istyastono, 2020; Riswanto et

65

identified by PyPLIF that combines all PLIF from
the docking poses called ensemble PLIF (ensPLIF)
was introduced and has played an essential role in
increasing the prediction quality of the SBVS
protocols (Istyastono, 2017; Istyastono et al,
2017; Riswanto et al, 2017) This ensPLIF
resembles the lock-and-key theory incorporated
in the SBVS approach (Istyastono et al, 2017).
PyPLIF was recently upgraded to PyPLIF HIPPOS,
which has more features and is 10 times faster
compared to the predecessor (Istyastono et al,
2020). Notably, together with a machine learning
technique called Recursive Partition and
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Regression Trees (RPART) (Therneauetal., 2015),
ensPLIF could identify the plausible molecular
determinants of the ligand binding in
retrospective SBVS campaigns (Istyastono, 2017,
Istyastono et al,, 2017; Riswanto et al.,, 2017). The
ability to pinpoint the plausible molecular
determinants of the ligand binding was
retrospectively confirmed by employing ensPLIF
derived from PLIF identified by PyPLIF HIPPOS in
SBVS targeting several G protein-coupled
receptors (GPCRs), i.e., Adenosine A2a receptor
(AA2AR), B2 adrenergic receptor (ADRB2), C-X-C
chemokine receptor type 4 (CXCR4), and
Dopamine D3 receptor (DRD3) (Istyastono et al,,
2021).

The previous uses of ensPLIF in SBVS
campaigns have not considered protein flexibility
(Istyastono, 2017; Istyastono et al, 2021, 2017;
Riswanto et al,, 2017). Thus, although the ensPLIF
took into account multiple docking poses
(Istyastono, 2017; Istyastono et al,, 2021, 2017;
Riswanto et al, 2017), the induced-fit theory
(Koshland, 1994) was not fully implemented in the
SBVS protocols. The two most popular approaches
to implementing the induced-fit theory in SBVS
protocols are induced-fit docking (IFD) and
receptor ensemble docking (RED) (Wang et al,
2020). AutoDock Vina could perform IFD by
making particular residues flexible in the docking
simulations  (Eberhardt et al, 2021).
Unfortunately, PyPLIF HIPPOS was not designed
to identify PLIF resulted from IFD using AutoDock
Vina (Istyastono et al., 2020). Therefore, the RED
approach is more suitable for PyPLIF HIPPOS-
assisted mimicking induced-fit theory in SBVS.
Moreover, there were several pieces of evidence
showing that employing the RED approach
resulted in a better prediction quality compared to
the IFD approach (Antunes et al., 2015).

The research presented in this article
aimed to mimic the induced-fit theory (Koshland,
1994) in SBVS targeting dipeptidyl peptidase IV
(DPP4) (Cao et al, 2021) with the assistance of
ensPLIF derived from PyPLIF HIPPOS (Istyastono
etal, 2021,2020). The enzyme DPP4 was selected
since it is the enzyme of interest in the drug
discovery for diabetes mellitus type 2 (DMT2)
therapy (Li et al, 2018). Several natural
compounds were reported as potent DPP4
inhibitors, which were identified both in silico and
in vitro (Cao et al,, 2021; Fan et al., 2013). These
natural compounds could be potentially employed
in the diet for diabetes management (Cao et al,,
2021; Fan et al, 2013)The SBVS protocol, as
presented in this article, could be prospectively
employed to screen compounds, both naturally
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occurring and synthetically occurring, to identify
DPP4 inhibitors.

METHODS
Materials

The DPP4 crystal structure with alogliptin
as the co-crystalized ligand 20NC.pdb was
obtained from
https://www.rcsb.org/structure/20NC (accessed
on 21 February 2022) (Feng et al, 2007). The
active set of DPP4 inhibitors (actives_final.ism)
and the decoy set (decoys_final.ism) in the SMILES
form were downloaded from
http://dude.docking.org/targets/dpp4 (accessed
on 3 March 2022) (Mysinger et al, 2012). The
computational simulations were performed in 3
work stations: (i) A 64-bit Windows 11 Home
personal computer (PC-client) with Intel® Core™
i5-1135G7 @ 2.40GHz as the processor, NVIDIA®
GeForce® MX350® as the graphical processing
unit (GPU), and 8 GB of random-access memory
(RAM). The main software in this machine
involved in this research was YASARA-Structure
version 21.12.19 (Krieger and Vriend, 2015) for
visual inspections and preparations requiring
visual inspections; (ii) A 64-bit Linux (Ubuntu
20.04.3 LTS) virtual private server (VPS-1) with 8
cores of Intel® Xeon® E5-2680 v3 @ 2.50GHz as
the processors and 16 GB of RAM. The main
software in this machine involved in this research
was YASARA-Structure version 21.12.19 (Krieger
and Vriend, 2015) for performing MD simulations
and analysis; (iii) A 64-bit Linux (Ubuntu 18.04.6
LTS) virtual private server (VPS-2) with 32 cores
of Intel® Xeon® Gold 5218 CPU @ 2.30GHz and
16 GB of RAM. The software involved in this
research was YASARA-Structure version 21.12.19
(Krieger and Vriend, 2015), preparation scripts
for AutoDockTools (Morris et al, 2009)
(https://anaconda.org/InsiliChem/autodocktools
-prepare; accessed on 21 March 2022), AutoDock
Vina version 1.1.2, PLANTS version 1.2, SPORES,
PyPLIF HIPPOS 0.1.2 (Istyastono et al, 2021,
2020), and R version 3.4.4 (R Core Team, 2019).

Procedures
Molecular dynamics simulations

The Z0ONC.pdb was downloaded to the PC-
client and uploaded to YASARA-Structure GUIL
Only atoms in Chain A of the DPP4 and the SY1 800
residue of the Chain A were selected for further
simulations. The modules “Edit > Build > N-
terminal Loop” and “Edit > Build > Loop” were
used to recover the missing DPP4 residues in
20NC.pdb, which were identified by the “SeqRes”
module. The pH system was set to 7.4 and the
hydrogens and bond orders were then adjusted.

J. Pharm. Sci. Community, 2026, 23(1), 65-74
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The receptor and the ligand were split into 2
objects, i.e., 20NCR and 20NCL, respectively. The
system was subsequently energy minimized using
the default setting. The simulation cell was then
defined as 10 A around all atoms. The cell
boundaries and the Force Field (FF) were set to
“Periodic” and AMBER14, respectively. The
system was ready to be employed as the input for
MD simulations. The system was stored as
20NC.sce (Supporting File 51).

The file 20NC.sce was copied to the VPS-
1. In the same directory, a macro file md_run.mcr
(Supporting File S2) was created. YASARA-
Structure in the text mode was employed to run
the md_run.mecr to perform the MD simulations for
50 ns with the 20NC.sce as the starting point. The
following is the summary of MD simulations by the
md_run.mcr: “The simulation was run with
YASARA. The setup included optimizing the
hydrogen bonding network to increase the solute
stability, and a pKa prediction to fine-tune the
protonation states of protein residues at the
chosen pH of 7.4. NaCl ions were added with a
physiological concentration of 0.9%, with either
Na or Cl excess to neutralize the cell. After the
steepest descent and simulated annealing
minimizations to remove clashes, the simulation
was run for 50 ns using the AMBER14 force field
for the solute, GAFF2, and AM1BCC for ligands,
and TIP3P for water. The cut-off was 8 A for Van
der Waals forces, no cut-off was applied to
electrostatic forces (using the Particle Mesh Ewald
algorithm). The equations of motion were
integrated with a multiple timestep of 1.25 fs for
bonded interactions and 2.5 fs for non-bonded
interactions at a temperature of 310K and a
pressure of 1 atm (NPT ensemble) using
algorithms described in detail previously (Krieger
and Vriend, 2015).” After inspection of the solute
root-mean-squared deviation (RMSD) as a
function of simulation time (Figures 1 and 2), the
first five ns were considered equilibration time
and excluded from further analysis. The average
free energy of binding was calculated using the
Molecular Mechanics/Poisson-Boltzmann Surface
Area (MM/PBSA) using YASARA Structure (Patel
et al, 2021). The snapshot files were converted
from sim to pdb, which were subsequently
subjected to PyPLIF HIPPOS (Istyastono et al,
2020) for PLIF identification during the MD
simulations following the procedure published
previously by Istyastono and Gani (Istyastono and
Gani, 2021). The clustering analysis was
performed with the minimum heavy-atom RMSD
between different clusters of 2.0 A. The resulting
clusters were energy minimized and stored as pdb
files (Supporting File S3).

Istyastono et al.

Virtual targets preparation for retrospective SBVS
targeting DPP4

The pdb files of the clusters were
uploaded to the VPS-2. The module “splitpdb”
from SPORES (ten Brink and Exner, 2009) was
subjected to each cluster, which resulted in the
following mol2 files: protein.mol2, water.mol2,
and ligand_SY1800_0.mol2. The file protein.mol2
from each cluster was subjected to the
preparation script prepare_receptor4.py (Morris
etal.,, 2009) resulting in protein.pdbqt files readily
for molecular docking simulations using AutoDock
Vina (Eberhardt et al., 2021).

Ligands preparation for
targeting DPP4

The preparation was performed in the
VPS-2. The files actives_ finalism and
decoys_final.ism  were  downloaded from
http://dude.docking.org/targets/dpp4 (accessed
on 3 March 2022) (Mysinger et al, 2012). The
second column of the file actives final.ism was
removed. The rest of SMILES structure lines from
actives_final.ism were appended to the file
decoys_final.ism, and then the file was stored as
dpp4-compounds.smi (Supporting File S4). A
macro file smi2pdb.mcr (Supporting File S5) in the
same directory as the file dpp4-compounds.smi
was created to convert the structures from
SMILES to pdb. The following is the summary of
the smi2pdb.mcr: “The simulation was run with
YASARA. The SMILES for each line in dpp4-
compounds.smi was built into its three-
dimensional (3D) form. The pH system was set to
pH 7.4, and the hydrogens were updated. The
compound was then energy minimized using
NOVA as the force field (FF) followed by structure
optimization using the semiempirical method
AM1 (Krieger and Vriend, 2015). The optimized
structure was saved as a pdb file.” The resulting
pdb files were then subjected to the preparation
script prepare_ligand4.py (Morris et al, 2009)
resulting in pdbqt files readily for molecular
docking simulations wusing AutoDock Vina
(Eberhardt et al, 2021). During this ligand
preparation step, 44 SMILES structures of the
decoys could not be converted into 3D formsin the
pdbgt format. Since these compounds would not
result in any docking poses, then they were
predicted as inactive (N) in the further analysis.

retrospective SBVS

Automated molecular docking simulations using
AutoDock Vina

The docking simulations were performed
in the VPS-2 using a similar method published by
Istyastono et al. (2021). The generic configuration

J. Pharm. Sci. Community, 2026, 23(1), 65-74
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for the docking simulations was set as follows:
energy_range = 5 and cpu = 5, while the other
options were left default. The XYZ coordinate
position and the size of the docking box were
specific for each virtual target (vide supra). The
center of the SY1 residue of each virtual target was
set as the XYZ coordinate position, and the
distance of 5 A from the surface of the residue was
used to calculate the docking box size. The module
“bind” from PLANTS was used to obtain the XYZ
coordinate positions' values and the docking
boxes' size. All prepared ligands were docked to all
clusters using AutoDock Vina (Eberhardt et al,,
2021) in parallel using the 32 processors from the
VPS-2.

Ensemble docking scores and ensPLIF calculations

The ensemble docking scores and
ensPLIF calculations were performed in the VPS-2
using a method similar to that published by
Istyastono et al. (Istyastono et al, 2021). The
configuration file to perform PLIF identification by
PyPLIF HIPPOS required a list of residues in the
binding pocket (Istyastono et al., 2020). Since the
configuration file used for the docking results
from different clusters, a consensus list of residues
was created by combining all unique residues
identified using the module “bind” from PLANTS
(see 4.2.4). The following was the consensus list of
residues used in the configuration file to run
PyPLIF HIPPOS: Arg125, Trp201, Glu205, Glu206,
Ser209, Tyr256, Phe357, Val546, Tyr547, Ala548,
Gly549, Pro550, Cys551, Ser552, GIn553, Lys554,
Leu598, Trp629, Ser630, Tyr631, Gly632, Gly633,
Tyr634, Val653, Ala654, Pro655, Val656, Trp659,
Tyr662, Asp663, Tyr666, Thr667, Arg669, Tyr670,
Asp708, Asp709, Asn710, Val711, His740, and
Gly741.

Employing the configuration files, the
PLIF identifications were performed for all
docking poses resulting from the retrospective
SBVS (vide supra). The option “nobb” to neglect the
interaction with the backbone atoms of the
protein was used (Istyastono et al, 2020).
Subsequently, employing the similar procedure
presented by Istyastono et al. (Istyastono et al,,
2021), ensPLIF values were calculated. The results
were then arranged in a table for each receptor to
quickly analyze using the RPART package in R
(Supporting File S6). The tables started with the
first column named "y" encoding the observed
data (“1" for active; “0" for decoy), followed by
“name” for the name of the corresponding ligand,
“dg” for the average docking scores (kcal/mol)
resulted from the docking simulations (vide
supra), and then ensPLIF variables (“V1" for

Istyastono et al.
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ensPLIF V1, “V2” for ensPLIF V2, until the whole
ensPLIF values were covered).

Analysis using RPART in R

The analysis to provide the best decision
tree with the highest BA value was performed
using R version 3.4.4 in the VPS-2. The prior
probabilities were optimized in this analysis. The
best decision tree resulted from the RPART
analysis was then examined for possibilities of
overfitting, the cross-correlation between
identified ensPLIF variables (Lanza and Waite,
2018), and chance-correlation (Istyastono et al.,
2021).

RESULTS AND DISCUSSION

The DPP4-alogliptin complex remained
stable during 50 ns MD simulations using YASARA
Structure (Krieger and Vriend, 2015). The root-
mean-square deviation (RMSD) and the RMSD
deviation during five ns MD simulations (ARMSD)
values of the DPP4 backbone atoms (RMSDBb)
and the alogliptin heavy atoms (RMSDLigMove)
presented in Figure 1 indicate the DPP4-alogliptin
complex stability. According to Liuetal. (Liu etal,,
2017), the complex could be considered stable if
the ARMSD is lower than 2 A, and Figure 2 shows
that the complex was stable since the first five ns
MD simulations. Nevertheless, the first five ns MD
simulations of the DPP4-alogliptin complex here
were considered as the equilibrium run
(Istyastono and Gani, 2021; Krieger and Vriend,
2015).

All snapshots from the MD simulations
were further analyzed using PyPLIF HIPPOS to
identify the PLIFs of the DPP4-alogliptin
complexes during the MD simulations. Based on
the snapshots, the free energy of binding
calculated from the simulations was -11.891
kcal/mol. The clustering of the production run
snapshots resulted in 6 clusters, i.e., snapshots at
5.45,18.93,34.53, 43.66, 45.22, and 49.38 ns. The
energy minimized snapshots were stored as
cluster-1.pdb, cluster-2.pdb, cluster-3.pdb,
cluster-4.pdb, cluster-5.pdb, and cluster-6.pdb,
respectively. The files are provided in Supporting
File S3. Together with the ensemble docking
scores, the ensPLIF values for all docking poses
resulted from the retrospective SBVS campaigns
targeting DPP4 are supplied as the Supporting File
S6. Fine-tuning the prior probabilities in running
RPART on the dataset (Supporting File S6) by
employing Balance Accuracy (BA) as the objective
function (Figure 3) identified that prior
probabilities of 0.28:0.72 resulted in the highest
BA value (0.837). However, the ratio of the cross-
validation error over the model error was more
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than 1.5 (1.580), which was an indication of the
overfitting of the model. The RPART was then re-
run in the prior probabilities of 0.28:0.72 with the
complexity parameter adjusted to 0.010675 from

(¥

RMSD (A)

the default value (0.01) to avoid the overfitting.
The ratio of the cross-validation error over the
model error of the resulting regression tree
(Figure 4) was 1.460.

[ 5 1] 15 0 s

30 38 40 45 0

Sunulation Tune (ns)

Figure 1. The RMSD values of the DPP4 backbone atoms (black) and the alogliptin heavy atoms (grey) during the
50 ns MD simulations.

ARMSD (A)

Sumulation Tune (ns)
Figure 2. The ARMSD values at every five ns simulation time of the DPP4 backbone atoms (blue) and the alogliptin
heavy atoms (orange) during the 50 ns MD simulations.
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;
Figure 3. The Balance Accuracy (BA) optimization graph by fine-tuning the prior probabilities (i:1-i) in the
RPART runs.
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Figure 4. The regression tree resulted from the RPART run with the prior probabilities of 0.28:0.72 and the

complexity parameter of 0.010675.

The DPP4-alogliptin complex with the
PDBID of 20NC (Feng et al., 2007) was selected as
the starting point in this research, despite the fact
that the reference retrospective SBVS protocol
used the PDB ID of 2178 (Mysinger et al,, 2012).
There are 45 DPP4 crystal structures available at
https://www.rcsb.org/ (accessed on 24 May
2022), and based on some of the crystal
structures, the interactions of some commercially
available DPP4 inhibitors, ie., alogliptin,
linagliptin, saxagliptin, sitagliptin, and vildagliptin
in the DPP4 were analyzed and correlated to the
inhibitory activity and glucose-lowering efficacy
(Berger et al., 2018). Notably, alogliptin is a DPP4
commercially available non-covalent inhibitor
that was reported to have the highest ligand
efficiency (Berger et al, 2018). Moreover,
saxagliptin and vildagliptin were identified as
DPP4 covalent inhibitors (Berger et al, 2018),
which in turn could create complications in
performing MD simulations for the RED approach.
Nath etal. (Nath etal., 2021) used also 20NC as the
main material in their SBVS campaigns and MD
simulations to design potential DPP4 inhibitors.

During the preparation of the input file
for the MD simulations, the module “SeqRes” in
YASARA-Structure (Krieger and Vriend, 2015)
identified some missing residues in 20NC.pdb, i.e.,
His36, His37, Ala38, Ser39, GIn72, GIu73, and
Asn74. The module “Build > N-terminal loop” and
“Build > Loop” in YASARA-Structure (Krieger and
Vriend, 2015) were used to complete the missing
residues for further use. The DPP4 active site was
categorized into two sub pockets, ie, the S1
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pocket (formed by Ser630, Tyr631, Val656,
Trp659, Tyr662, Tyr666, Asn710, Val711, and
His740) and the S2 pocket (formed by Glu205 and
Glu206, Ser209, Phe357, Arg358, and Arg125) (Li
et al, 2018). There were also 2 alogliptin
structures in the selected Chain A of the crystal
structures 20NC.pdb, i.e,, encoded as SY1 800 and
SY1 801 (Feng et al,, 2007). Since the alogliptin
encoded as SY1 800 was located in the DPP4 active
site (Berger et al, 2018; Li et al, 2018), this
alogliptin was kept while the other was removed.

The cavity of DPP4 is considered large
(diameter> 20 A) (Li etal., 2018). The DPP4 ligand
could therefore move around to find the most
stable pose inside the cavity, which was indicated
by the availability of some non-competitive
inhibitors, e.g., luteolin and apigenin (Fan et al,,
2013). Nevertheless, alogliptin stayed in the active
site during the 50 ns MD simulations (Figures 1
and 2). Set aside the hydrophobic interactions,
which have a little contribution to selective
binding (Ferreira De Freitas and Schapira, 2017)
alogliptin mostly performed ionic interaction with
Glu205 in the S1 pocket and aromatic edge-to-face
interaction with Tyr666. Notably, according to the
regression tree presented in Figure 4, these
interactions play an important role in the DPP4
competitive inhibitor binding.

The average value of the free energy of
binding calculated from the snapshots during the
MD production runs was 11.891 kcal/mol, equal
to the inhibitory constant (Ki) value of 1.972 nM.
This value is comparable to the in vitro ICso value
of 7.5 nM reported by Berger et al. (Berger et al,,
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2018). Further MD studies to explore the
correlation between the free energy binding
values calculated from MD simulations and the in
vitro ICso values (Nath et al, 2021) would be
performed in the near future post prospective
SBVS campaigns.

The clusters from the 50 ns MD
simulations (Supporting File S3) have offered
opportunities to use the RED approach in the SBVS
campaigns. The ensPLIF calculation takes into
account all the docking poses, which represents
the flexibility of the ligands (Istyastono et al,
2021)Therefore, the ensPLIF calculations from the
RED simulation results represent the flexibility of
the protein-ligand complexes. In other words, they

implement the induced-fit theory in SBVS
campaigns.
Instead of the commonly used

enrichment factor (EF) (Mysinger et al., 2012) and
F-measure (Istyastono et al., 2021, 2020), BA was
selected as the objective function to measure the
prediction quality of the SBVS protocols resulted
from this research. The selection was based on the
high imbalance of the dataset decoy/active ratio
(40950/533) (Mysinger et al, 2012) and the
possibility offered by RPART (Therneau et al,,
2015) to fine-tune the prior probabilities to deal
with such an imbalanced dataset. The fine-tuning
resulted in the regression tree model resulted
from the RPART run with the prior probabilities of
0.28:0.72 as the best model (Figure 3).
Unfortunately, an indication of overfitting was
identified in this model. Therefore, the complexity
parameter of the RPART run was adjusted,
resulting in the regression tree model presented in
Figure 4. Overfitting, cross-correlation, and
chance correlation were not observed in the
model.

The BA value of the selected regression
tree model (Figure 4) was 0.836, which
outperformed the reference SBVS campaigns
(0.652) (Mysinger et al,, 2012). Based on the BA
value, the SBVS protocol described in this article
could be used further for prospective screening.
However, the EF value of the model was 3.221,
which was considered very low compared to the
reference SBVS campaign (40.7) (Mysinger et al.,
2012), This is an indication that there is plenty of
room for improvements in the SBVS protocol. By
examining Figure 4, it is known that a compound
without at least a cation in pH 7.4 would not be
predicted as a DPP4 inhibitor. To be predicted as a
DPP4 inhibitor, a compound should be able to
form ionic interaction either to Glu205 (V21) or
Glu206 (V28) (Figure 4). Indeed, all commercially
available DPP4 inhibitors and most of the
recognized DPP4 inhibitors contain at least an
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amine that can act as a cation in physiological pH
7.4 (Lietal, 2018). Nonetheless, there were some
flavonoids and phenolic compounds reported as
marginal to potent DPP4 inhibitors, e.g., luteolin
(ICso = 120 nM), apigenin (ICso = 140 nM), and
resveratrol (ICso = 0.6 nM) (Fan et al, 2013; Li et
al,, 2018). These compounds could perform ionic
interaction with neither Glu205 nor Glu206. In
fact, luteolin and apigenin were reported as DPP4
non-competitive inhibitors (Fan et al, 2013),
which were an indication of allosteric sites in the
large DPP4 cavity (diameter > 20 A) (Li et al,
2018)Further research to explore the DPP4
allosteric sites should be performed, which could
assist in improving SBVS protocols to identify
DPP4 inhibitors.

Figure 4 shows that there are 6 possible
paths for a compound to be identified as a DPP4
inhibitor. This is the main difference between the
retrospective SBVS campaign presented here and
the one presented by Istyastono et al. (Istyastono
et al, 2021), which showed only 1 to 3 paths. The
plausible reason is that the cavities of targets
studied by Istyastono et al. (Istyastono et al,,
2021) are smaller than DPP4, which decreases the
flexibility of ligands during the docking
simulations. Analyzing those 6 paths from the
right part resulted in the following “keys” (from
the lock-and-key theory) for a compound that
would be identified as a DPP4 inhibitor: (i) the
compound should have the ensPLIF V21 (the ionic
interaction to Glu205) value of more than or equal
to 0.12 and the ensemble docking score of less
than -6.7 kcal/mol; (ii) the compound should have
the ensPLIF V21 (the ionic interaction to Glu205)
value of more than or equal to 0.27 and the
ensPLIF V15 (the hydrophobic interaction to
Glu205) of less than 0.12; (iii) the compound
should have the ensPLIF V21 (the ionic interaction
to Glu205) value of more than or equal to 0.12, the
ensPLIF V213 (the aromatic edge-to-face to
Tyr666) value of more than or equal to 0.6, and the
ensPLIF V106 (the hydrophobic interaction to
Lys554) of more than or equal to 0.046; (iv) the
compound should have the ensPLIF V21 (the ionic
interaction to Glu205) value of more than or equal
to 0.046, the docking score of less than 7.1
kcal/mol, the ensPLIF V267 (the hydrophobic
interaction to His740) of more than or equal to
0.27, and the ensPLIF V15 (the hydrophobic
interaction to Glu205) of less than 0.028; (v) the
compound should have the ensPLIF V21 (the ionic
interaction to Glu205) value of more than or equal
to 0.046, the ensemble docking score of less than
7.1 kcal/mol, the ensPLIF V267 (the hydrophobic
interaction to His740) of more than or equal to
0.27, the ensPLIF V15 (the hydrophobic

J. Pharm. Sci. Community, 2026, 23(1), 65-74



Journal of Pharmaceutical Sciences and Community
Employing Ensemble Protein-Ligand Interaction ...

Research Article

interaction to Glu205) of more than or equal to
0.028, and the ensPLIF V28 (the ionic interaction
to Glu206) value of more than or equal to 0.083;
and (vi) the compound should have the ensPLIF
V28 (the ionic interaction to Glu206) value of
more than or equal to 0.065 and the ensPLIF V183
(the hydrophobic interaction to Val656) of less
than 0.16. Most descriptors showed favorable
conditions for identifying DPP4 inhibitors, except
for the ensPLIF V15 (the hydrophobic interaction
to Glu205) and the ensPLIF V183 (the
hydrophobic interaction to Val656). A compound
would have a chance to be identified as a DPP4
inhibitor if it has a lower value of either V15 or
V183. This is in line with the findings of Istyastono
etal. (Istyastonoetal., 2021, 2017) that employing
ensPLIF and RPART in retrospective SBVS
campaigns could identify favorable and
unfavorable interactions.

Based on Figure 4, further prospective
SBVS campaigns would be performed on amine-
containing compounds. The ionic interaction with
either Glu205 or Glu206 requires a cation in the
ligand, which the amine in the ligand would
provide (Istyastono et al., 2015). The machine
learning technique used here was the RPART
approach (Therneau et al, 2015) since it was
proven to be able to increase the prediction
quality of the SBVS protocols as well as identifying
the molecular determinant of the protein-ligand
binding (Istyastono et al, 2021, 2017). This
feature could be of invaluable assistance in the
phase of hit or lead optimization (Istyastono et al.,
2015). Nonetheless, the protein structure clusters
resulted from the MD simulations (Supporting File
S3) and the ensPLIF resulted from the SBVS
campaigns (Supporting File 56) are provided here
to allow reperforming SBVS campaigns or post-
SBVS analysis using different settings, docking
software, or other machine learning techniques.

CONCLUSIONS

Employing ensPLIF by using ensemble
DPP4-alogliptin complexes clustered from 50 ns
MD simulations has successfully mimicked the
induced-fit theory in SBVS campaigns. The
retrospective validation of the SBVS protocol
resulted in the best protocol with a BA value of
0.836. The SBVS protocol could be employed
further in prospective campaigns to discover
potent DPP4 inhibitors from amine-containing
compounds. Nonetheless, the protocol could be
improved further by taking into account some
flavonoids and phenolic compounds that showed
high DPP4 inhibitory activities. The pieces of
evidence of some non-competitive DPP4
inhibitors indicated the availability of the DPP4

Istyastono et al.

allosteric site could also be further explored to
improve the SBVS protocol.
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