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ABSTRACT

Introduction: Obesity is a result of a trifecta of poor diet. Medication for obesity falls into five categories. However, due to their
severe adverse effects and low efficacy, existing pharmaceutical therapies are only marginally useful. Therefore, the purpose of
this research is to identify natural substances that can be used to prevent and treat obesity and associated diseases.

Methods: The 3D structure of pancreatic lipase (PDB ID: pancreatic lipase-colipase) was obtained from the protein data reposi-
tory with a precision of 2.46. The file, in.pdb format, belongs to the Protein Data Bank. Natural chemicals, was obtained from
PubChem. Pharmit software was used to generate the pharmacophore model. The co-crystallized structure served as the foun-
dation for the pharmacophore model. Virtual screening is a drug discovery process that looks for structures with the best likeli-
hood of binding to a therapeutic target. BioVIA Discovery Studio was utilized to identify two-dimensional interactions, whereas
PyMOL was utilized to generate intricate receptor and ligand files. We analyze the ADMET properties of the chosen compounds
using QikProp. We simulate molecular dynamics for 100 nanoseconds using Desmond software.

Results: The Natural Product Atlas database for substances was similar to the properties of the pharmacophore model. Using
the PubChem data source, 33372 chemicals were assembled into a library. Sorting 1005 identified hits by their pharmacoph-
ore-fit RMSD score resulted in the selection of the top 20 compounds from pharmacophore-based virtual screening. QikProp
filtered ADMET properties. Lastly, QPlogKhsa estimated the binding to human serum albumin and provided a range of 1.5
to 1.5. Two medications, NPA002198 and NPA030453, were shown to be the most effective compounds against pancreatic
lipase-colipase after lead discovery. Eigenvalues (36.4-76.4% and 25.2-69.9%). The percentage of secondary structural com-
ponents in pancreatic lipase-colipase-NPA030453 was calculated to be 42.44 percent, with helical and strand rates of 16.17%
and 26.26%, respectively. Hydrogen bonds were the most significant receptor-ligand interactions discovered by MD. GLY_76,
PHE_77, ILE_78, ASP_79, SER_152, and PHE_215 were the most important hydrogen bonding sites in the pancreatic lipase-
colipase-NPA002198 complex.

Conclusion: The study found the Natural Product Atlas-approved drugs NPA002198 and NPA030453, which suppressed pan-
creatic lipase-colipase function. Virtual screening, docking analysis, and pharmacophore modeling was used to identify com-
pounds with the lowest binding affinities to the target protein. We concluded that these compounds might serve as a lead chemi-
cal in the development of anti-obesity medicines. These results will benefit science by allowing researchers to develop new
pharmaceuticals that can more effectively treat overweight.
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INTRODUCTION es have dramatically increased. According to a WHO 2016

o ) ) study, obesity is a chronic medical condition that affects peo-
Qbesﬂy 15 a major and predominant component of mej[abol— ple of all ages but is particularly prevalent in children and
ic syn(.irome.:, which can cause severz.ﬂ serious heglth issues  young adults (13%) under the age of 18. Women also have a
1ncludlpg diabetes, cholesterolf ca.lrdlovascular dls.ease, hy- greater prevalence rate of obesity (15%) than males (11%).
pertension, and cancer."* Obesity is the accumulation of too 5.6 Qne of the top ten health issues in western countries is
much fat with inadequate energy expenditure, which can be  pesity, which not only impacts developed countries but also
harmful to health and pose a significant threat to the world’s emerging countries. 7 The FTO genes on chromosome 16

health as the number of instances rises year after year. ** ¢ well as the salivary and pancreas amylase genes have the
Morbidity and death from obesity and all associated illness-
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greatest risk for obesity, according to Genome-Wide Associ-
ation Studies (GWAS). These variables collectively result in
annual healthcare expenditures that surpass $990 billion. '°

The capacity to detect energy needs and produce paracrine
substances to control metabolic tissues allows adipocytes to
perform more than just serve as a reservoir for energy stor-
age and consumption. When there is a sustained favorable
energy balance, WAT multiplies to counteract the need for
more lipid stores. Due to their constraints on expansion,
these cells will eventually reach a point where they are un-
able to withstand additional pressure, which results in the
discharge of free fatty acids into the bloodstream. Reaching
this level causes adipocytes to become stressed, which in
turn causes an inflammatory reaction. However, in obesity,
WAT may significantly deteriorate, which encourages exces-
sive fat buildup in other tissues and accelerates the develop-
ment of renal illnesses, type 2 diabetes, and cardiovascular
disease CVD.

Currently, medication for obesity falls into five categories.
However, due to their severe adverse effects and low effi-
cacy, existing pharmaceutical therapies are only marginally
useful. ! Therefore, the purpose of this research is to iden-
tify natural substances that can be used to prevent and treat
obesity and associated diseases. Long been used as a signifi-
cant supply of lead compounds for pharmaceutical purposes,
and natural goods. The most important compounds in fruits
and veggies are polyphenols > and their long-term intake
has beneficial effects on human beings to overcome obesity,
CVD, diabetes type 2, and cancer. '*1°

Triacylglycerols, which make up dietary fat, are converted
by pancreas lipase into mono glycerol and liberated fatty
acids, which are readily absorbed by living things. '¢ This
pancreatic-secreted enzyme breaks down 50-70% of ingest-
ed lipids. Therefore, we can suppress pancreatic lipase to
prevent fat from being absorbed into the gastrointestinal sys-
tem and to manage obesity. This pancreatic-secreted enzyme
breaks down 50-70% of ingested lipids. Therefore, we can
suppress pancreatic lipase to prevent fat from being absorbed
into the gastrointestinal system and regulate obesity. We
have used natural substances as pancreatic lipase inhibitors.
Many different enzymes, including lipoxygenase, cyclooxy-
genase, 3-kinase phosphoinositide, and xanthine oxidase, are
thought to be actively inhibited by natural products. Natural
compounds also play a number of defensive functions in the
human body. 718

The primary goal of pancreatic lipase inhibition is to de-
crease gastrointestinal fat intake by stopping its action. The
fecal pathway is used to expel the triglycerides that were
not ingested. Additionally, pancreatic lipase inhibitors may
not have the adverse effects that are frequently connected to
other important antiobesity medications. '*?° In the current
effort, we used a collection from The Natural Product Atlas

and used docking tools to screen them. One target, many li-
gands is a computational technique called virtual screening
that is used to evaluate a large collection of molecules. Mol-
ecules that passed the screening process were exposed to an
ADME prediction; QikProp is used to ascertain the ADME
characteristics. A select few substances with anti-obesity ac-
tivity were advanced to docking experiments to investigate
the molecular contacts between the substance and lipase. A
Molecular Dynamic Simulation was performed to confirm
the target enzyme-ligand complex’s stability. -2

MATERIALS AND METHODS

Target protein retrieval, optimization and
Minimization

The 3D structure of pancreatic lipase (PDB pancreatic li-
pase-colipase) was obtained from the protein data repository
with a precision of 2.46. The file, in.pdb format, belongs to
the Protein Data Bank. Co-crystallized water atoms in the ac-
tive site were deleted beyond 5.00 Angstrom; the accuracy of
docking can be impacted by the removal of water molecules.
Protein Data Bank offers web-based information centers and
a downloadable data library including 3D structural data and
associated information for macromolecules like proteins,
DNA, and RNA. 62324 The 3D structure of pancreatic lipase
(PDB ID: pancreatic lipase-colipase) was obtained from the
protein data repository with a precision of 2.46. Co-crystal-
lized water atoms in the active site were deleted beyond 5.00
Angstrom; the accuracy of docking can be impacted by the
removal of water molecules. Protein Data Bank offers web-
based information centers and a downloadable data library
including 3D structural data and associated information for
macromolecules like proteins, DNA, and RNA 2528

Database Preparation

The Natural Products Atlas, an extensive database of natural
chemicals, was obtained from PubChem. The Lipinski crite-
rion was utilized to choose molecules with drug-like behavior.
In all, 32552 compounds were found. The medications were
downloaded as SD files. Subsequently, the medications were
converted to the format for Pharmit virtual screening. 2%

Pharmacophore Modeling and Virtual Screening
Pharmit software was used to generate the pharmacophore
model. The co-crystallized structure served as the founda-
tion for the pharmacophore model. Virtual screening is a
drug discovery process that looks for structures with the
best likelihood of binding to a therapeutic target based on
unique characteristics and descriptors among libraries of
compounds. Pharmit software was used to aid with this, and
the database was used. *
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Molecular Docking, ADMET Analysis and Lead
Identification

After classifying the highest-scoring hits according to their
pharmacophore-fit RMSD score for pancreatic lipase-coli-
pase, the top 20 compounds from pharmacophore-based
virtual screening were selected. Employing Vina AutoDock.
These top 20 substances’ binding affinities and protein-
ligand interactions were examined after they were docked
with receptors. BioVIA Discovery Studio was utilized to
identify two-dimensional interactions, whereas PyMOL
was utilized to generate intricate receptor and ligand files.
31-33 We analyze the ADMET properties of the chosen com-
pounds using QikProp. The processes of absorption, diffu-
sion, metabolism, and excretion provide information on the
quantity and energy of the drug. We can enhance a powerful
drug’s performance using these elements. These show how
well the substance works as a medication.** The most suc-
cessful inhibitors were identified through the use of the fol-
lowing methods: toxicology examination research, including
Molecular Weight (MW), Hydrogen Bond Donner (HBD),
Hydrogen Bond Acceptor (HBA), rings, Polar Surface Area
(PSA), rotatable bonds, Blood-Brain Barrier, and Ames Tox-
icity; docking score; RMSD values; protein-ligand interac-
tions; lead and drug likeness analysis; and lead likeness and
drug likeness analysis. As putative anti-aggregation inhibi-
tors, compounds with the lowest binding affinities, lowest
RMSD values, maximum lead likeness, and best interactions
were selected.

Molecular Dynamics Simulation

We simulate molecular dynamics for 100 nanoseconds using
Desmond software. Docking findings provided the simula-
tion’s input complicated. Protein and ligand binding was ana-
lyzed in both stiff and static modes using docking. Molecular
dynamics simulation forecasts the energies and interactions
between proteins and ligands over the simulation period in
a physiological setting.**. The protein-ligand combination
was preprocessed, optimized, and minimized using the Protein
Preparation Wizard of Maestro. After that, the complex was
ready for simulation using System Builder. The solvent model
we utilized was TIP3P (Intermolecular Interaction Potential 3
Points Transferable), with an orthorhombic grid, a tempera-
ture of 310 K, a pressure of 1 atm, and an OPLS 2005 force

field. In order to replicate the physiological milieu, we add
0.15 M sodium chloride, and we also add ions to neutralize
the system. In order to ensure that the ions do not interfere
with the protein-ligand interactions in simulation, we build an
exclusion zone for the ligand when we add ions, measuring 20
Angstroms. We saved the trajectories for each 100 ps interval
during the 100 ns simulation. Using the R “Bio3D” package,
principal component analysis (PCA) and dynamic cross-cor-
relation matrix (DCCM) were examined. 3%

RESULTS

Psi (degrees)

Figure 1: Different regions of the protein structure are dis-
played in the Ramachandran plot of the 3D structure of a
protein that was taken from PDB pancreatic lipase-colipase
(which has a predicted active site).

F2:DondAcy

Figure 2: Selective ligand fit based on pharmacophore theory
and ligand-based pharmacophore (pancreatic lipase-colipase)

Table 1: Table displaying the selected compounds structure with name, binding affinity, and pharmacophore
score and ADMET properties.

Mole- mol_ donorHB accptHB QPlogPo/w QPlogH- QPPCaco QPlog- QPlog- Pharma- Binding
culePubChem MW ERG BB Khsa cophore Affinity
ID RMSD

NPAo030453 364.227 o 9.75 0.152 -5.776 77.837 -1.866 -1.132 0.48383 -8.0
NPA028586 448.218 o 23 -7.278 -5.392 0.213 -4.51 -4.137 0.4639 -7.1
NPAo029087 784.474 o 22 -0.165 -7.252 1.973 -4.496  -1.333 0.4667 -6.8
NPA002198 276.161 o 10.5 -1.862 -5.8 10.209 -2.717 -1.229 0.4511 -7.7
NPAo033131 476.268 0 19.25 -3.95 -5.383 46.709 -1.912 -3.138 0.4141 -8.8
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Figure 3: The kinds of contacts and interacting residues to-
gether with their distances are displayed in the interactions be-
tween NPA002198 (A) and NPA030453 (B) with the pancreatic
lipase-colipase protein target.
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Figure 4: A. RMSF (pancreatic lipase-colipase-NPA002198;
& pancreatic lipase-colipase-NPA030453).B. RMSD of the Ii-
gand pancreatic lipase-colipase complexed with (pancreatic
lipase-colipase-NPA030453) &NPA002198 over time, as well
as the target proteins’ carbon alpha atoms. The left Y-axis de-
picts how the RMSD of proteins and ligands varies with time.
(The red color denotes ligand RMSD, whereas the blue hue
indicates protein RMSD.)
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Figure 5: Eigenvalue from Principal Component Analysis
shown versus variance percent. A) The pancreatic lipase-
colipase-NPA002198 complex is divided into three unique
sections, each depicting a different area. PC1, PC2, and PC3
varieties account for 36.4%, 15.26%, and 8.97%, respectively.
B) The complicated modifications in PC1, PC2, and PC3 in
pancreatic lipase-colipase-NPA030453 total 25.2%, 14.08%,
and 10.29%, respectively.
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Figure 6: Elements of Protein Secondary Structure, such
strands and helices, are arranged residue-by-residue in pro-
tein structures that are complexed with ligand molecules. Al-
pha helices are represented by red columns, and beta strands
by blue columns. (Pancreatic lipase-colipase-NPA002198 for A
and pancreatic lipase-colipase-NPA030453 for B). The whole
simulation involves interactions between proteins and ligands.
(NPA030453, NPA002198) C&D.

DISCUSSION

With the help of the Protein Data Bank, the 3D structure of
the receptor was found. The overall weight of the pancreatic
lipase-colipase structure is 61.65 kDa. It has stoichiometry
for Hetero 2-mer-A1B1 and asymmetric-C1 global symme-
try. The protein structure is shown in Figure 1 following loop
optimization, refinement, minimization, and the correspond-
ing Ramachandran plot. The overall quality of the structure
was 98 percent, with observations that were highly favored.
Proline is represented as squares in the figure, and glycine
by triangles, with all other residues shown as circles. “Fa-
voured” places are the orange areas, “allowed” areas are the
yellow regions, and “disallowed” areas are the white areas.

The co-crystallized molecule was chosen for the Pharmit
pharmacophore model creation. Combined pharmacophoric
qualities based on complementary traits are displayed in Fig.
2. Common pharmacophoric features include hydrophobic
centroids, cations, anions, aromatic rings, hydrogen bond
acceptors or donors. These pharmacophoric sites might be
projecting spots inside the receptor or they can be found on
the ligand itself. F1 denotes the atomQ functional group for
the protein target, whereas F2, F3, and F5 stand for the donor
functional group and hydrogen-bond acceptors, respectively.
Hydrophobic function group is represented by F5. Follow-
ing pharmacophore modeling, Pharmit was used to virtually
filter the Natural Product Atlas database for substances with
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properties similar to the pharmacophore model. Using the
PubChem data source, 33372 chemicals were assembled into
a library. Sorting 1005 identified hits by their pharmacoph-
ore-fit RMSD score resulted in the selection of the top 20
compounds from pharmacophore-based virtual screening.
Table 1 lists the binding affinity, pharmacophore score, and
two-dimensional structure of the top five drugs.

Mol MW represents the molecular weights of the com-
pounds in Table 1, which are suggested to be between 130.0
and 725.0. AccptHB is the expected number of hydrogen
bonds that are accepted or absorbed by water molecules
in an aqueous medium, whereas donorHB is the estimated
number of hydrogen bonds that the solute would provide
to water molecules. The proposed values for donorHB and
AccptHB are non-integer averages ranging from 0.0 to 6.0
and 2.0 to 20.0.QPlogPo/w represents the expected octanol/
water partition coefficient, which varies from -2.0 to 6.5.
Determine the IC50 value of HERG K+ channel inhibition
using QPlogHER. Issues that do not rank higher than five.
The apparent permeability of Caco-2 cells is calculated by
QPPCaco in nm/sec. The gut-blood barrier may be modeled
using Caco2 cells. QikProp uses criteria ranging from <25
(poor) to >500 (great) to estimate passive transport. Blood
brain barrier permeability is predicted by QPlogBB, whereas
oral medications with unsuitable ADMET properties are fil-
tered by QikProp. Lastly, QPlogKhsa Estimate the binding to
human serum albumin and provide a range of 1.5 to 1.5. Two
medications, NPA002198 and NPA030453, were shown to
be the most effective compounds against pancreatic lipase-
colipase after lead discovery. The best two-dimensional in-
teractions are shown in Figure 3. The attributes of the best
ones are displayed in Table 1.

Target proteins were simulated using MD for 100 nano-
seconds using the best compounds, and then the computer
paths were inspected. Different kinds of analysis, including
protein-ligand interactions, RMSD, and RMSF, were deter-
mined as part of MD trajectory analysis.

The evolution of the RMSD values for carbon alpha atoms
in proteins linked to ligands is seen in Figure 4. The proteins
in the complex (NPA002198-pancreatic lipase-colipase) sta-
bilized at 10 ns, according to the RMSD curve. After then,
RMSD values fluctuate during the simulation within 1.0
Angstrom, which is perfectly typical and acceptable. Lit-
tle structural variation is produced by the protein RMSD
structure, which is only marginally increasing at 60 ns. The
trial showed that the structure was strong overall. The ligand
maintained its equilibrium for the course of the experiment.
Occasionally, there were sudden increases or decreases in
the RMSD readings. The fact that the ligand RMSD did not
change once equilibrium was attained indicates that a ligand
mode transition was the cause of this.

The evolution of the RMSD values for carbon alpha atoms in

proteins coupled to ligands is seen in Figure 4. The proteins
in the complex (pancreatic lipase-colipase-NPA030453)
stabilized 20 ns after the workout started, according to the
RMSD graph. For the rest of the test, up to 80 ns, the RMSD
measurements varied within 1.0 Angstrom before climbing
consistently. The pancreatic lipase-colipase RMSD’s struc-
ture seldom changes between 80 and 90 ns, which leads to
minimal structural variance and stability. After that, it re-
sumed being steady. The ligand reached equilibrium at 10 ns
and stayed there for the duration of the experiment. Over the
course of the trial, the ligand RMSD stayed constant.

Protein dynamics are described by Principal Component
Analysis (PCA). Observing collective trajectory movements
in MD simulations is an effective strategy. Figure 6 shows
a graph of eigenvalues (protein) vs eigenvector index. The
eigenvalues indicate the oscillations of hyperspace eigen-
vector. Larger eigenvectors control the overall mobility of
proteins in simulations. In our systems, the top five eigen-
vectors exhibited dominating movements and had higher
eigenvalues than the other eigenvectors, which had lower
eigenvalues (36.4-76.4% and 25.2-69.9%). More over half
of the changes were attributable to the first three plotted
PCs (PCs 1, 2, and 3). *' The PC1 clusters showed the most
variability (36.4%) and (25.2%), followed by the PC2 clus-
ters (15.26%) and (14.08%), and the PC3 clusters (8.97%)
and (10.29%), respectively, in the Fig. 5 plots for pancre-
atic lipase-colipase-NPA002198 and pancreatic lipase-coli-
pase-NPA030453. PC3 is predicted to have the most stable
protein-ligand interactions due to its low variability, which
also gives it a more compact structure than PC1 and PC2.
All groups’ conformational variations were shown by simple
grouping in the PC subspace, with blue denoting the most
mobility, white suggesting intermediate movement, and red
denoting less flexibility.

The target protein’s RMSF value when complexed with li-
gand is displayed in Figure 4. The N-terminus and C-termi-
nus, together with lops and coils, have larger RMSF because
of free ends, according to MD simulation data. Alpha-helical
and beta-sheet residues are less common in RMSF compared
to loop and coil residues. The residues in contact with the
ligand have a lower RMSF because the residues in helixes
and sheets are less flexible and more rigid (Figure 6). Dur-
ing the modeling procedure, filaments and helices were rec-
ognized as secondary structural elements (SSE). The graph
below shows the distribution of secondary structure compo-
nents over the simulation time period, organized by residue.
The beta strand and alpha helix percentages in pancreatic
lipase-colipase-NPA002198 were calculated to be 26.00 and
16.64, respectively, for a total secondary structural element
proportion of 42.64. The percentage of secondary structural
components in pancreatic lipase-colipase-NPA030453 was
calculated to be 42.44 percent, with helical and strand rates
of 16.17% and 26.26%, respectively. Figure 9 shows that

|
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hydrogen bonds are the most significant receptor-ligand in-
teractions discovered by MD. GLY 76, PHE 77, ILE 78,
ASP 79, SER 152, and PHE 215 are the most important
hydrogen bonding sites in the pancreatic lipase-colipase-
NPA002198 complex. The most important hydrogen bonds
in pancreatic lipase-colipase-NPA030453 are ASN 212,
GLU 233, CYS 237, ILE 241, PHE 258, and ASN 263.
During the simulation, ligand-containing protein was seen.
The graph depicts the total number of interactions and con-
tacts between proteins and ligands over time, which include
hydrogen bonds, ionic, hydrophobic, and water bridges.
Compared to NPA030453, NPA002198 medication demon-
strated greater stability with the protein target in terms of
RMSD stability, PCA, and number of contacts during simu-
lation.

CONCLUSION

Several multidisciplinary techniques have piqued scientific
attention as a means of accelerating and lowering the cost of
pharmaceutical research. The primary purpose of this effort
was to identify target proteins, followed by the selection of a
lead lipase inhibitor. We look for the Natural Product Atlas-
approved drugs NPA002198 and NPA030453, which sup-
press pancreatic lipase-colipase function. Virtual screening,
docking analysis, and pharmacophore modeling were used
to identify compounds with the lowest binding affinities to
the target protein. We concluded that these compounds might
serve as a lead chemical in the development of anti-obesity
medicines. These results will benefit science by allowing
researchers to develop new pharmaceuticals that can more
effectively treat overweight.
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