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ABSTRACT

Background: Momordica charantia (MC), Nigella sativa (NS), and Anethum graveolens (AG)
are widely utilized vegetables and as an herbal medicines, despite widespread use, there is
no evidence of molecular mechanisms of compound-protein-pathway interaction for the
treatment of metabolic syndrome (MetS). Materials and Methods: Reported phytochemicals
were collated from the botanical databases and SwissTargetPrediction was utilized to predict
likely protein targets. Both the STRING and KEGG databases were used to infer the protein target
pathway analysis. Cytoscape v3.6.1 was employed to build the compound-protein-pathway
network. AutoDock vina executed through POAP pipeline was employed for therapeutic target
and compounds docking study. Molecular dynamics was performed by GROMACS. Results:
34, 19, 34 phytocompounds from three plants MC, NS, and AG were predicted to target 30, 30,
28 protein targets and these targets modulated 20, 18, 22 molecular pathways respectively
involved in metabolic syndrome. Neuroactive ligand-receptor interaction, Calcium, cGMP-PKG,
cAMP, AMPK, PI3K-Akt, PPAR, Metabolic signaling pathways, etc were modulated by compounds.
PPARG was hub gene within the network. Nigellidine from NS, Nigellimine-N-Oxide from NS,
Cryptoxanthin from MC scored lowest BE with PPARG (-7.5kcal/mol), FABP1 (-8.8kcal/mol), and
HMGCR (-7.1kcal/mol) protein targets respectively. MD simulation for 100ns revealed stable
interactions of phytocompounds comparable to standard molecules. Conclusion: The current
study identified multi-compounds containing enhanced fraction of MC, NS, and AG could be the
effective therapy regimen for diabetes, obesity, and MetsS.

Keywords: Anethum graveolens, Metabolic syndrome, Momordica charantia, Molecular dynamcis,
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Metabolic Syndrome (MetS) is characterized by a cluster of risk
factors for cardiovascular disease, high blood pressure, obesity,
and Type 2 Diabetes Mellitus (T2DM): dyslipidemia, Insulin
Resistance (IR), Hypertension (HTN), and abdominal fat
because of both genetic and acquired factors."? The rate of obesity
increase is much faster than the discovery of effective treatments
for obesity and metabolic illnesses.” Obesity and T2DM often
go along over time. Stats show Obesity affects 60-90% of T2DM
patients.*® Currently, the major portion of prescriptions for the
pharmacotherapy of obesity and T2DM includes PPAR-y agonists,
statins, insulin sensitizers, etc. are utilized for the management
of T2DM, obesity, and MetS.® Anti-diabetic thiazolidinediones
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primarily act on the PPAR-y resulting in transcription of genes
involved in glucose elimination and they lower plasma glucose,
triglycerides, and free fatty acids.” However, these agents cause
“ketoacidosis, pancreatitis, genital mycosis, neuropathy risk,
nausea, and vomiting” and these compounds have multiple
limitations since they target a particular protein molecule that
may influence other proteins.® Hyperglycemia symptoms may
vary with diabetes duration, although metabolic alterations might
affect them.” Hence, the WHO recommends testing novel T2DM
hypoglycemic and anti-obese medications from herbs, and
previous experimental and computational studies have identified
lead hit compounds as anti-diabetic drugs from herbs.

Multiple bioactives in plant extracts work via the "multi

compound-multi  protein-multi pathway"."’

Newer drug
development methods utilize an in silico methodologies' to
predict the probable intermolecular interaction of compounds
with protein targets and whether the compounds will bind to the

respective binding site of the target and produce its best fit.''* In
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the present study, we collected bioactives from three important
medicinal plants and well-known vegetables, viz., Momordica
charantia (MC), Nigella sativa (NS), and Anethum graveolens
(AG), from herb databases and literature and processed them for
in silico target identification by SwissTargetPrediction; gene set
pathway enrichment and network analysis by STRING and KEGG
databases; followed by molecular docking and dynamic studies
to infer the compounds-proteins intermolecular interaction and
their stability, respectively. Interestingly, the study identified
major phytocompounds from these three plants to modulate
therapeutic targets viz., PPARG-y, FABP1, and HMGCR and also
to regulate molecular pathways viz., Neuroactive ligand-receptor
interaction, Calcium, cGMP-PKG, cAMP, AMPK, PI3K-Akt,
PPAR, Metabolic signaling pathways involved in T2DM, obesity,
and MetS-associated hypertension, and cardiovascular disease.

MATERIALS AND METHODS

Collection and target identification of bioactives
form MC, NS, and AG

The reported bioactives from MC, NS, and AG were collected
from the phytochemical databases such as phytochemical
interaction DB, Dr. Dukes DB, IMPPAT," and published original
articles. Each compounds canonical SMILES were queried
into the SwissTargetPredcition' server to retrieve the probable
protein targets.

Gene set pathway and network analysis

The Search Tool for the Retrieval of Interacting Genes/Proteins
v11.0 (STRING;® https://string-db.org) and its annotated tool
KEGG'S pathway database (https://www.genome.jp/kegg/
pathway.html) have been employed to find bioactives influencing
enriched DM, obesity, and MetS molecular pathways. Cytoscape
v3.6.1 was utilized to create the compound-protein-pathway
network.”” The edge count metric and degree-sorted circular

MC

NS

layout were implemented to detect highly modulated targets and
pathways within the network.

Molecular docking studies

Based on the network analysis, three therapeutic targets of
DM, obesity, and MetS, mainly PPAR-y, FABP1, and HMGCR,
were prioritized, and blind docking was performed for
phytocompounds and their respective standard molecules
using the following steps. (1) Preparation of ligands: Using the
PubChem" chemical substance database (https://pubchem.ncbi.
nlm.nih.gov/), we obtained the 3D structures of the prioritized
ligands (phytocompounds hitting PPAR-y, FABP1, and HMGCR)
in SDF file. The POAP_lig.bash script of the POAP pipeline’® was
executed to minimize the energy of the ligand through the use of
the mmft94 force field, and the pose/conformation with the lowest
possible energy was chosen. (2) Protein structure validation: the
RCSB PDB? server was utilized to get the X-ray crystal structures
of the prioritized protein molecules, viz., PPARG (PDB ID:
5Y20), FABP1 (PDB ID: 2F73), and HMGCR (PDB ID: 1IHW9).
The co-crystallized structures were imported into the CastP?
and P2Rank?* servers to retrieve the data on proteins active
binding regions. (3) Docking study: AutoDock vina was executed
through the POAP_vs.bash script of the POAP pipeline” for
protein-ligand docking with system exhaustiveness setting to
100. For intermolecular interaction investigations, all produced
complexes (with lowest RMSD) were visualized in Discovery
Studio Visualizer 2019v.

Molecular dynamics simulation

To learn more about the structural stabilities and intermolecular
interactions of the best-docked conformations, we ran an all-atom
Molecular Dynamics (MD) simulation of them for 100 ns in
explicit solvent with all three targets. We utilized the GROMACS
(https://www.gromacs.org/) 2021.3 software” package with the
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Figure 1: Therapeutic protein targets of MetS modulated by compounds from MC, NS, and AG.
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Table 1: Interaction of compounds with PPARG.

Plant name Compound Pubchem ID BE (kcal/mol) HBI NHBI
Nigella sativa Nigellidine 136828302 -7.5 Nil Ala320, Arg316,
Leu256(2), Leu361,
Met357(3) Phe254,
Pro255,
Nigella sativa Eicosadienoic-Acid 6439848 -7.2 Arg316  His477, Leu481, Phe310,
Tyr501
Momordica charantia Alpha-Eleostearic-Acid 5281115 -7 His351, Phe254, Pro255
Ser317,
Tyr351
Momordica charantia Stigmasta-7-22-25- 5283656 -4.6 Nil Ala320(3), Arg316(3),
Trien-3-Beta-Ol Cys313(2) His351, His477,
Tle354(4), Leu358(6),
Leu497, Met357,
Phe310(2), Phe391(2),
Tyr355
Momordica charantia, Alpha-Spinasterol 5281331 L5 Nil Ala320(3), Arg316(3),
Nigella sativa Cys313(2) His351, His477,
Ile354(4), Leu358(6),
Leu497, Met357, Met392,
Phe310(2), Phe391(2),
Tyr355
Anethum graveolens Gamma-Sitosterol 457801 -4.5 Nil Ala320(3), Arg316(2),
Cys313, Ile354(3), Leu497,
Leu358, Met357, Met392,
His351(3), His477(2),
Phe310, Phe391,
Tyr355(2), Tyr501
Nigella sativa Nigellone 398941 -4.2 Arg316, Ala320, Cys313(2), Ile354,
Cys313, 1le367(2), Leu361, Leu381,
Ser370, Met392, Met376(2),
Met357(2), Val367(2)
Momordica charantia Lanosterol 246983 -0.4 Nil Nil
Nigella sativa Hederagenin 73299 9.7 Glu323, Cys313(3), lle354,
Leu256  Leu358(3), Leu361(3),
Met357(2), Phe391,
Tyr355
Momordica charantia Momordicin 57518366 10.2 Nil Nil
*Standard Pioglitazone 4829 -8.7 Ser317,  Cys313, Leu358, Leu256,
His351, Leu361, Phe391
Gln314,
Tle354

BE: Binding energy; HBI: Hydrogen bond interactions; NHBI, Non-hydrogen bond interactions.

Amber ff99SB-ildn force field for executing MD simulations.
Topology parameters of the ligands and complete complex were
constructed using the xleap module of AmberTools (https://
ambermd.org/AmberTools.php), and partial charges of the
small molecules were generated by quantum computation in
an antechamber* using a 'bec’ charge model. In order to solvate
the prepared systems, a three-site water (TIP3P) model was
used inside a rectangular box with 10.0 A boundary conditions
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from the borders of the protein in all directions. The appropriate
amounts of counterions were added to the respective systems
to neutralize the charges. To find the near-global states with the
lowest energy, the steepest descent + conjugate gradient energy
minimization approach was applied. Using "canonical (NVT)
and isobaric (NPT) ensembles," the systems were allowed to
equilibrate for 1 ns. To keep the pressure and temperature (300
K) stable during NVT equilibration, a modified "Berendsen
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Table 2: Interaction of compounds with FABP1.

Plant name Compound Pubchem ID BE (kcal/mol) HBI NHBI
Nigella sativa Nigellimine-N-Oxide 69131015 -8.8 Nil Asnl11, Ile52, Phe50
Momordica charantia Stigmasta-7-22-25- 5283656 -8.7 Nil Leu4(3), Leu85(2),
Trien-3-Beta-Ol Lys46(2), Phe2 (3),
Phe48, Val65(2)
Momordica charantia Lanosterol 246983 -8.1 Nil Gly66, Leu4, Leu85,
Lys46, Phe2(3), Phe48,
Val65(2)
Momordica charantia, Nigella  Alpha-Spinasterol 5281331 -8 Nil Leu4(2), Leu85,
sativa Lys46(2), Phe2(3),
Val65
Momordica charantia Alpha-Eleostearic-Acid 5281115 -7.5 Asn6l, Tyr7, Ile41, Ile109
Nigella sativa Carvone 7439 -7.4 Nil Asnlll,Ile52, Ile
41, Leu71, Leu91(2),
Phe63(3), Phe50(3),
Thr102, Val83(2)
Momordica charantia Momordicin 57518366 -74 Gly84 Leu85(2), Lys46(4),
Phe2(3), Val65(2)
Nigella sativa Hederagenin 73299 -6.9 Glu68, Val92, Val82(2), Val 92
Lys80,
Lys99
Nigella sativa Eicosadienoic-Acid 6439848 -5.5 Gly45, Nil
Ser0(2)
*Standard Fenofibric acid 64929 -8.7 Ser39, Thr7, Ile41, Ile109(2),
Argl22, Ile52, Phe50, Leu71(2),
Ser100, Phe95
Thr102

BE: Binding energy; HBI: Hydrogen bond interactions; NHBI, Non-hydrogen bond interactions.

thermostat algorithm" was used. The "Parrinello-Rahman
barostat"” was used during NPT equilibration to keep the pressure
at 1 bar throughout the process. In addition, the "Particle Mesh
Ewald approximation” was used with a cutoff value of 1 nm to
calculate “coulomb, van der Waals, and the long-range electrostatic
interactions”. For bond length constraints, the LINear Constraint
Solver method was also employed. The coordinates of all the
complexes were recorded at regular intervals of 2 fs throughout
a production run lasting 100 ns. The resulting trajectories were
analyzed using the embedded gromacs tools and other software
programs wherever necessary.

RESULTS

Collection and target identification of bioactives
form MC, NS, and AG

Based on the phytochemical databases and literature, 39, 21, 39
compounds from MC, NS, and AG were retrieved, respectively
(Supplementary Table 1). Out of 39 from MC, 37 were predicted
to modulate about 471 protein targets; 21 compounds from
NS were predicted to modulate 387 protein targets; and 39
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compounds from AG were predicted to modulate 471 protein
targets (Supplementary Table 2).

Compounds targeting to disease related target

From the therapeutic target database, we retrieved 17 protein
targets for obesity, 13 for CVD, 55 for hypertension, and 12
for T2DM (Supplementary Table 3). After matching these
with phytocompounds modulated targets, 34 compounds
from MC were hitting 30 targets associated with obesity, CVD,
hypertension, and T2DM. Likewise, 19 compounds from NS
were hitting 30 targets and 34 compounds from AG were hitting
28 targets (Supplementary Table 4). Overall, the common genes
between Ag, MC, and NS, were 19 (50%); between MC and NS
was 4 (10.5%); between MC and AG was 2 (5.3%); and between
AG and NS, was 6 (15.8%) (Figure 1).

Gene set pathway and network analysis

The enrichment analysis of 30 target of MC were involved in
23 molecular pathways, of which 20 were associated with MetS
(Supplementary Table 5). Likewise, 30 targets of NG were
involved in 31 pathways, of which 18 were associated with MetS
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(Supplementary Table 6) and 28 targets of AG were involved in 27
pathways, of which 22 were associated with MetS (Supplementary
Table 7). Neuroactive ligand-receptor interactions, Calcium,
cGMP-PKG, cAMP, AMPK, PI3K-Akt, PPAR, Metabolic
signaling pathways, etc. were modulated by compounds. PPARG
was the hub gene within the network (Figure 2).

Active site residues information

The active site residues of PPARG (PDB ID: 5Y20) are Tyr250,
Phe254, Pro255, Leu256, Thr257, Lys258, Ile277, Leu283, Gly286,
Glu287, 11e290, Phe292, 1le295, Arg308, Ile309, Phe310, Gly312,

Adrenergic

Cys313, GIn314, Arg316, Ser317, Glu319, Ala320, Glu323, Ile324,
His351, Ile354, Tyr355, Met357, Leu358, Ser360, Leu361, Val367,
Leu368, Ile369, Ser370, Glu371, Gly372, Met376, Leu381, Phe391,
Met392, Lys395, His477, Leu481, Leu493, Leu497, Tyr501. The
active site residues of FABP1 (PDB ID: 2F73) are Ser100, Thr102,
Ile109, Asnlll, Metll3, Argl22, Ser124, Ser39, Ile41, Phe50,
Ile52, Ile59, Asn61, Phe63, Tyr7, Leu71, Glu72, Thr73, Met74,
Val83, Leu91, Thr93, and Phe 95. The active site residues of
HMGCR (PDB ID): Glu559, Cys561, Leu562, Lys735, His752,
Asn755, Leu853, Leu857.
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Figure 2: Network representation of phytocompounds from MC, NS, and AG with protein targets and pathways involved in T2DM, obesity, and MetS. Blue
color and smaller node size represents compound, protein, and pathway lowest edge count and green color and higher node size represents compound,
protein, and pathway highest edge count.
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Table 3: Interaction of compounds with HMGCR.

Plant name Compound
Momordica charantia ~ Cryptoxanthin
Momordica charantia Zeaxanthin
Momordica charantia Lanosterol

Momordica charantia  Alpha-Spinasterol

Momordica charantia  Stigmasta-7-22-25-Trien-3-Beta-Ol

Momordica charantia ~ Momordicin

Anethum graveolens Gamma-Sitosterol

Anethum graveolens 3,7-Dimethyl-
4,5,6,9-Tetrahydrocoumaran
Alpha-Eleostearic-Acid

Simvastatin

Momordica charantia
*Standard

Pubchem ID  BE (kcal/mol) HBI NHBI

5281235 -7.1 Val772 Ala754, Pro693,
Ala743, Val731(3),
Leu857, Lys735

5280899 -6.9 Thr558 Val731(2), Lys735,
Leu857

246983 -6.7 Asn776  Pro693, Val772,
Ala754(4), His752,
Leu853(2)

5281331 -6.5 Nil Ala754, Ala772,
Ala743

5283656 -6.5 Nil Ala754(3), Ala743,
Val772

57518366 -6.5 Nil Ala754(2), Val772,
Pro693

457801 -6.3 Nil Val772(2), Ala754,
Ala743, Ser740,
Pro693

131752931 -4.3 Nil Pro537, Val563(2)

5281115 -4 Nil Nil

54454 -6.2 Ser745,  Ala754(2), Pro693,

Lys735  Gly748

BE: Binding energy; HBI: Hydrogen bond interactions; NHBI, Non-hydrogen bond interactions.

Molecular docking

Among 10 compounds targeting PPARG, Nigellidine scored the
least binding energy (-7.5 kcal/mol) with PPARG via forming
10 NHBI with Ala320, Arg316, Leu256(2), Leu361, Met357(3),
Phe254, and Pro255. Whereas, standard molecule, Pioglitazone
scored the lowest BE of -8.7kcal/mol via forming 4 HBI with
Ser317, His351, GIn314, Ile354 and 5 NHBI with Cys313,
Leu358, Leu256, Leu361, and Phe391. Among these, Leu256
and Leu361 were common interacting residues for Nigellidine
and Pioglitazone. Among 9 compounds targeting FABPI,
Nigellimine-N-Oxide scored the lowest BE of -8.8kcal/mol via
forming 3 HBI with Asnl11, Ile52, Phe50. Whereas, Fenofibric
acid scored the lowest BE of -8.7 kcal/mol via forming 4 HBI
with Ser39, Arg122, Ser100, Thr102 and 9 NHBI with Thr7, Ile41,
Ile109(2), Ile52, Phe50, Leu71(2), Phe95. Among these, Phe50
and Ile52 were common interacting residues for Nigellimine-N-
Oxide (NNO) and Fenofibric acid. Likewise, Cryptoxanthin was
found to be the lead hit molecule against HMGCR, as it scored
the least BE of -7.1 kcal/mol via forming 1 HBI with Val772 and
8 NBHI with Ala754, Pro693, Ala743, Val731(3), Leu857, Lys735.
Whereas, standard molecules simvastatin scored the BE of -6.2
kcal/mol and formed 2 HBI with Ser745, Lys735 and 4 NHBI
with Ala754(2), Pro693, and Gly748. Among these interactions,
Pro693, Lys735, Ala754 were the common interacting residues for
Cryptoxanthin and simvastatin. The intermolecular interaction
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of phytocompounds and respective standard molecules with
PPARG, FABPI1, and HMGCR were shown in Tables 1-3 and
Figure 3.

Molecular dynamics simulation
Stability of Nigellidine and Pioglitazone with PPARG

The complex “Nigellidine- PPARG” and “Pioglitazone- PPARG”
showed stable dynamics during the 100ns of simulation after an
equilibration period of 18ns (Figure 4). The average backbone
RMSDs for Nigellidine and Pioglitazone were ~2.2 A and ~1.7
A, and the complex RMSDs were ~2.9 A and ~2.2 A, respectively.
In the Nigellidine- PPARG complex, the N-terminal residues
showed maximum residual fluctuations (~7 A) compared to
pioglitazone-PPARG. However, the residues engaged in the stable
and conserved non-bonded interactions Ala320, Arg316, Leu256,
Met357, Phe254, Pro255, Ser317, His351, GIn314, Ile354, Cys313,
Leu358, Leu361, Phe391 showed relatively smaller fluctuations
(~1.5 A) in both the complexes. In the Nigellidine -PPARG
complex, a gradual increase in the Rg value (19 to 19.6 A) was
observed up to ~40ns and found to be stable throughout the
simulation period. In the Pioglitazone-PPARG complex, a steady
decrease in the Rg value (19.25 to 19.1 A) was observed up to
~20ns and stable complex formation was seen throughout 100ns.
In addition, it was observed that the initial and final average
surface areas occupied by pioglitazone with Pparg was ~146

Journal of Young Pharmacists, Vol 15, Issue 4, Oct-Dec, 2023
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Figure 3: Binding mode of a) Nigellidine and b) Pioglitazone with PPARG; c) Nigellimine-N-Oxide and d) Fenofibric acid with FABP1; e)
Cryptoxanthin and f) Simvastatin with HMGCR.

nm?* and 139.90 nm’ respectively and the average surface area
was ~142 nm? which represents higher flexibility of the binding
pocket. Nigellidine formed 2 stable H-bonds and Pioglitazone
formed 4 H-bonds, of which two were consistent throughout the
simulations in both the complexes.

Stability of Nigellimine-N-Oxide (NNO) and
Fenofibric acid with FABP1

The complex “NNO-FABP1” showed stable dynamics during the
100ns of simulation compared to and “Fenofibric acid - FABP1”

Journal of Young Pharmacists, Vol 15, Issue 4, Oct-Dec, 2023

complex (Figure 5). The average backbone RMSDs for NNO and
Fenofibric acid were ~1.9 A and ~2.4 A, and the complex RMSDs
were ~2.2 A and ~3.0 A, respectively. In the both the complexes,
loop connecting to the beta sheet “Ala54 to Lys57” showed
maximum residual fluctuations (~5 A). However, the residues
engaged in the stable and conserved non-bonded interactions
Asnll11, Ile52, Phe50, Thr7, Ile41, 1le109, Leu71, Phe95 showed
relatively smaller fluctuations (~1.4 A) in both the complexes.
In the NNO -FABP1 complex, a stable Rg value (~14.25 A) was
observed up to ~60ns and found to be decrease (14.25 to 14 A)
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and again maintained stability at 14 A till 100ns. In the Fenofibric
acid ~-FABP1 complex, a stable Rg value (~14.25 A) was observed
up to ~60ns and found to be increase (14.25 to 14.6 A) and
again maintained stability at 14.6 A till 100ns. A similar trend
was observed in the SASA for both the complexes. This indicates
a closure of the binding pocket and higher compactness after
~60 ns for NNO-FABP1 complex and opening of the binding
pocket and less compactness after ~60 ns for Fenofibric acid
-FABP1 complex. NNO formed 4 stable H-bonds of which 3
were consistent throughout the simulations and Fenofibric acid
formed 2 H-bonds, of which none were consistent.

Stability of Cryptoxanthin and Simvastatin with
HMGCR

The complex “Cryptoxanthin-HMGCR”
HMGCR showed stable dynamics during the 100 ns of simulation

and Simvastatin-

3
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for both the complexes. In the both the complexes, amino acid
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Rg value showed stable complex formation during the MD
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Figure 4: Stability Nigellidine and Pioglitazone with PPARG during 100ns MD simulation. (a) RMSD of backbone, (b) RMSD of complex, (c)
RMSF, (d) Rg, (e) SASA, and (f) number of H-bond interactions formed during simulation.
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Figure 5: Stability Nigellimine-N-Oxide (NNO) and Fenofibric acid with FABP1 during 100ns MD simulation. (a) RMSD of backbone, (b) RMSD
of complex, (c) RMSF, (d) Rg, (e) SASA, and (f) number of H-bond interactions formed during simulation.

1 was consistent throughout the simulations and Simvastatin
formed 5 H-bonds, of which 2 were consistent.

DISCUSSION

Momordica charantia (MC), Nigella sativa (NS), and Anethum
graveolens (AG) have been utilized in multiple medicinal
applications and have been reported for anti-diabetic and
anti-obesity effects in numerous experimental animal models,**
however, their role in the multiple protein targets and pathways
and how their compounds work is not yet studied. Due to
the complexity and polygenic nature of MetS, reporting its
mechanisms is challenging in the presence of various secondary
metabolites. Additionally, it is well known that a single compound
may affect many proteins. To test this hypothesis, we used
multiple in silico approaches to identify the probably regulated
proteins and pathways that could help to propose the possible

Journal of Young Pharmacists, Vol 15, Issue 4, Oct-Dec, 2023

therapeutic action of bioactives from three important herbs as
well as vegetables (MC, NS, and AG).

To start with, phytocompounds from MC, NS, and AG were
retrieved from the phytochemical databases and published in
articles. Further, their probable protein targets were identified
by SwissTargetPrediction and the predicted set of genes was
subjected to pathway enrichment analysis. On the other
hand, retrieved the MetS related genes from the TTD and
were matched with phytocompounds targets to obtain the
only data on phytocompounds targeting MetS related targets
(refer to Supplementary Table 4). Interestingly, among the
predicted targets, about 50% of the targets were commonly
shared between MC, NS, and AG (FABP1, ACE, HMGCR,
G6PD, HTR2C, CHRMI, ACHE, PPARG, PTGS1, ADRA2C,
CAI, CHRM3, HTR2A, CHRM2, DRD2, AR, MAOB, PTGS2,
and PTGER2). Among these, PPARG, FABP1, and HMGCR
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and were the well-known therapeutic targets of MetS, mainly
obesity and T2DM. In this study, PPARG was targeted by
Nigellidine, Eicosadienoic-Acid, Nigellone, Alpha-Spinasterol,
Hederagenin from NS; Alpha-Eleostearic-Acid, Stigmasta-7-22-2
5-Trien-3-Beta-Ol, Lanosterol, Momordicin from MC; and
Gamma-Sitosterol from AG. Similarly, FABP1 was targeted by
Nigellimine-N-Oxide, Alpha-Spinasterol, Carvone, Hederagenin,
Eicosadienoic-Acid from NS and Stigmasta-7-22-25-Trien-
3-Beta-Ol, Lanosterol, Alpha-Eleostearic-Acid, Momordicin
from MC. Finally, HMGCR was targeted by Cryptoxanthin,
Zeaxanthin,  Lanosterol, Stigmasta-
7-22-25-Trien-3-Beta-Ol, Momordicin,  Alpha-Eleostearic-
Acid from MC and Gamma-Sitosterol and 3,7-Dimethyl-
4,5,6,9-Tetrahydrocoumaran from AG. The prediction reveals the
higher contribution of MC and NS in targeting PPARG, FABP1
and MC and AG in targeting PPARG and HMGCR. We believe

Alpha-Spinasterol,
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that the combination of these three plants could be more effective
in modulating PPARG, FABP1, and HMGCR.

PPAR-y agonists stimulate adipogenesis and speed up the
differentiation of adipocytes by increasing Free Fatty Acid (FFA)
uptake in subcutaneous adipose tissues.*® Reducing circulating
FFA with a PPAR-y agonist results in less insulin resistance.”
Fabpl is mainly expressed in liver, intestine, pancreas, kidney,
lung, stomach. FABPs have access to the nucleus under certain
circumstances and may direct fatty acids to transcription factors
in the nuclear lumen, such as the PPAR-family members PPAR-a,
PPAR-§ and PPAR-y.*? By inhibiting the PPAR y, LXR -a, and
pathway of the ATP-binding cassette A1 (ABCA1), FABP reduces
cholesterol efflux while regulating inflammatory responses
through the IKK-nuclear factor-B (NF-kB) pathway, which leads
to the development of obesity and insulin resistance.’* In this
study, phytocompounds from all three plants were found to
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modulate PPARG and FABPI. Nigellidine from NS scored the
BE of -7.5kcal/mol with PPARG via forming interactions with
Ala320, Arg316, Leu256, Leu361, Met357, Phe254, and Pro255.
Likewise, Nigellimine-N-Oxide from NS scored a BE of -8.8 kcal/
mol with FABPI via interacting with Asnl111, Ile52, and Phe50.
These compounds showed very stable complex formation with
the binding site during 100 ns MD simulation compared to their
standard molecules Pioglitazone and Fenofibric acid respectively.
On the other hand, HMG-CoA reductase (HMGCR) has
crucial regulatory enzyme role in regulating the production of
endogenous cholesterol* and its inhibitors have an impact on
the rate-limiting stage in the production of cholesterol.* In this
study, Cryptoxanthin from MC scored a BE of -7.1 kcal/mol with
HMGCR via forming interaction with Val772, Ala754, Pro693,
Ala743, Val731, Leu857, Lys735 and Cryptoxanthin formed a
very stable complex formation with the binding site of HMGCR
during 100 ns MD simulation compared to its standard molecule
Simvastatin.

According to previous studies, NS, MC, and AG prevent apoptosis
by upregulating pro-survival signals and downregulating
pro-apoptotic signals (PI3K/Akt, JNK, and mTOR signalling)
while decreasing inflammation by activating anti-inflammatory
signalling (NF-kB and TLR signalling).***° It functions to prime
energy metabolism via the AMPK-SIRT1-PGC-1 and PPARg
signalling pathways, activate growth factor signalling through the
PI3K/Akt pathway, and improve protein clearance by upregulating
LRP1.*! The health advantages of NS, MC, and AG were effected
via these processes, including defence against metabolic (obesity,
dyslipidemia, and diabetes), cardiovascular and many more
complications. In this study, In this study, the phytocompounds
from MC, NS, and AG were found to hit therapeutic targets of
MetSi.e. FABP1, ACE, HMGCR, G6PD, HTR2C, CHRMI, ACHE,
PPARG, PTGSI1, ADRA2C, CAI, CHRM3, HTR2A, CHRM2,
DRD2, AR, MAOB, PTGS2, PTGER2, HTRIA, AGTRI, ADRAIA,
ADRAID, INSR, ACACB, PDE5A, CHRM4, EDNRA, CHRMS5,
PTGIR, MAOA, HDAC1, AGTR2, DPP4, MGAM, DRDI,
ADRA1B, AOC3 and were potentially involved in Neuroactive
ligand-receptor interaction, Calcium, PI3K-Akt, cGMP-PKG,
cAMP, AMPK, PPAR, Metabolic signaling pathways, etc.

Skeletal muscle plays a crucial role in maintaining steady energy
levels and proper glucose metabolism, since it is the primary
site of insulin-stimulated glucose utilization (around 90% of the
total).”? Insulin controls skeletal muscle metabolism through
the PI3K/AKT signalling pathway, which stimulates glucose
transport, glycogen synthesis, and protein synthesis.**** Previous
research has shown that preventing the PI3K-AKT pathway
from functioning may have a therapeutic effect that is helpful
in the treatment of proliferative diabetic retinopathy.* In both
normal and abnormal cardiac hypertrophy, several studies have
shown that the PI3K-AKT pathway regulates cardiomyocyte
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size, survival, angiogenesis, and inflammation.* We found
that phytocompounds from MC, NS, and AG to interact with
the greatest number of the protein molecules implicated in the
development of DM, obesity, and MetS and it was shown that
neuroactive ligand-receptor interaction is a key mechanism
in the treatment of diabetes and cardioprotection, one of the
primary dangers associated with insulin resistance and diabetes.
There have been several efforts to use network pharmacology
to comprehend the molecular processes of folk remedies in
the treatment of complex illnesses.** This study investigated
traditional drugs for the treatment of complicated disorders like
metabolic syndrome by using network pharmacology combined
with molecular docking and dynamics studies.

CONCLUSION

The important secondary metabolites/phytoconstituents in
the MC, NS, and AG are responsible for the antidiabetic and
anti-obesity actions and treat/ reduce the risk of MetS. The
identified compounds were found to have interactions with
numerous DM-pathogenesis-related protein molecules and
pathways. Strong evidence points to a possible function for
these potential medical plants in management via regulation of
"Neuroactive ligand-receptor interaction, Calcium, cGMP-PKG,
cAMP, AMPK, PI3K-Akt, PPAR, Metabolic signaling pathways,
etc". In addition, the molecular docking of identified compounds
and standard drugs revealed interactions with active site
residues of PPARG, FABP1, and HMGCR. The MD simulation
for 100 ns inferred higher stability and stronger binding to
the active site residues of PPARG, FABP1, and HMGCR than
standard molecules. In light of these results, MC, NS, and AG
had therapeutic potential against the severe metabolic effects
of altered structure and function of PPARG, adipocytes, and
lipolysis leading to obesity, T2DM, and MetS.
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