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Abstract
Type 2 diabetes mellitus (T2DM) is a chronic condition caused by decreased insulin production and increased insulin
resistance, and its prevalence has increased by 49% since 1990. Current treatments for T2DM include pharmacological
agents and lifestyle modi�cations, but they are limited by their side effects and cost. Herbal remedies and natural products
have become popular alternative treatments for T2DM as they are associated with fewer side effects. Momordica charantia
Linn. (bitter melon) is a member of the Cucurbitaceae family and has been used as a traditional anti-diabetic remedy in
various countries for many years. The plant contains several biologically active compounds, including glycosides, saponins,
alkaloids, triterpenes, proteins, and steroids. The hypoglycemic activity of Momordica charantia is primarily attributed to its
saponins, which are collectively known as charantins, and alkaloids.

Through network pharmacology, Molecular docking and MD simulation we found underlying, mechanism of karela in the
treatment of T2DM. Through network pharmacology from 49 targets we found the Protein kinase C delta (PRKCD) as a hub
gene. Various studies have also indicated the pathophysiological role of PRKCD in the development of T2DM. Gene
expression analysis in 24 patients revealed an overexpression of PRKCD in both prediabetic and diabetic patients.
Molecular docking data identi�ed the top three active constituents of karela as Momordicoside C, Momorcharaside B, and
Momordin I, with docking scores of -8.0 kcal/mol, -7.9 kcal/mol, and − 7.9 kcal/mol, respectively. Additionally,MD simulation
was performed using the GROMACS software and we found that Momordicoside C and Momorcharaside B has good
stability and also formed the H-bond at end of the 100ns of simulation. This study revelled new mechanism action of a well-
known plant karela in the treatment of T2DM.

1. Introduction
Diabetes mellitus is a serious metabolic disease that affects human health. There are three types of diabetes: type 1
diabetes mellitus (T1DM), type 2 diabetes mellitus (T2DM), and gestational diabetes mellitus (GDM) [1, 2]. T2DM is a
chronic condition caused by decreased insulin production and increased insulin resistance and is prevalent worldwide, with
a 49% increase since 1990. In 2019, there were 437.9 million reported cases of T2DM, primarily in low- and middle-income
countries [3]. T2DM is associated with metabolic diseases such as obesity and increases the risk of heart disease, which is
the leading cause of death globally[4]. Currently, mainstream treatments for T2DM include pharmacological agents and
lifestyle modi�cation, but these are limited by side effects and cost [5]. Natural products, such as herbal remedies, have
become an increasingly popular alternative treatment for T2DM as they have fewer side effects and low cost. The use of
natural substances for the treatment of diabetes is considered a promising strategy that may provide solutions for the
limitations of current treatments [6, 7].

Plants and their products play a crucial role in nutrition by providing essential nutrients and aiding in the prevention of
various illnesses, ultimately enhancing the quality of life worldwide. Traditional plant-based medicines have been used for
centuries, but it is important to standardize them to evaluate their potential bene�ts [8]. The Momordica charantia is widely
popular plant in India. Commonly it is known as “bitter melon” and in Hindi as “karela”. This plant belongs to family
Cucurbitaceae [9]. Traditionally, bitter melon has been known for its potent antidiabetic, anticancer, anti-in�ammatory,
antiviral and cholesterol-lowering medicinal properties [10, 11]. The plant contains several biologically active compounds,
including glycosides, saponins, alkaloids, triterpenes, proteins, and steroids. The hypoglycemic activity of Momordica
charantia is primarily attributed to its saponins, collectively known as charantins, and alkaloids. These saponins have been
shown to lower blood glucose levels in both animal studies and clinical trials. Additionally, several phytochemicals isolated
from the plant, such as charantins, polypeptide-p, momordin Ic, oleanolic acid 3-O-monodesmoside, and oleanolic acid 3-O-
glucuronide, have been found to exhibit hypoglycemic activity. These compounds enhance insulin secretion, increase
glucose uptake, and reduce glucose production in the liver. Overall, the presence of various bioactive compounds in
Momordica charantia makes it a promising natural remedy for diabetes management [12, 13]. However, due to the presence
of multiple compounds and multiple targets in Karela, its underlying mechanism has not been thoroughly explored. In
present study we explored the anti-diabetic mechanism of this plant by using a network pharmacology study and validated
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through molecular docking and molecular dynamic (MD) simulation study. The network pharmacology study is emerging
computational technique for drug discovery and development. Initially, the bioactive compounds of Karela were screened,
and the overlapping targets between Karela and T2DM were identi�ed. Protein-protein interaction (PPI) networks and core
targets were then established through network topological structure analysis. Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) enrichment analyses were conducted to determine the functions and pathways associated
with the overlapping targets. Lastly, molecular docking and molecular dynamic (MD) simulations were performed to
evaluate the compound-target binding a�nity based on the network pharmacology results. The study outcome aids the
identi�cation of novel possible targets of plant constituents and enrichment pathways against T2DM.

2. Material and Methods

2.1 Network Pharmacology

2.1.1 Compound mining and target predictions of active constituents
of karela
Active compounds from Momordica charantia L. were chosen by conducting a literature survey, and their SMILES were
subsequently downloaded using PubChem (https://pubchem.ncbi.nlm.nih.gov/). BindingDB [14]
(https://www.bindingdb.org/rwd/bind/index.jsp) and SwissTargetPrediction (STP) [15]
(https://www.swisstargetprediction.ch/) were explored against these active compounds to predict their respective target
genes focusing on a "homo sapiens" keyword.

2.1.2 Collection of T2DM targets
T2DM related targets were searched using keywords’ “diabetes”, “diabetes mellitus”, type 2 diabetes mellitus”, “insulin-
independent diabetes”, “diabetes mellitus type 2” in databases such as DisGeNET (https://disgenet.com/) [16], Therapeutic
Target Database (https://db.idrblab.net/ttd/) [17] and Open Target (https://www.opentargets.org/) [18]. The target names
were matched to their corresponding UniProt IDs (https://www.uniprot.org/) [19]. Venny 2.1
(https://bioinfogp.cnb.csic.es/tools/venny/) [20] was utilized to identify overlapping targets from all three databases. The
common targets of T2DM, retrieved from three databases, and the identi�ed targets of active compounds of Karela,
obtained from SwissTargetPrediction and BindingDB databases, were uploaded into Venny 2.1 to create a Venn diagram
showing the overlap between T2DM targets and the targets of Karela's active constituents. The intersection of targets from
this Venn diagram was then used for further studies.

2.1.3 PPI Network of Intersected Gene
To further investigate the mechanism of action of active constituents of karela in the treatment of T2DM, the intersection of
49 targets was imported into String. Protein-protein interactions were analysed using String ver. 11.0 (https://string‐db.org/)
[21]. The minimum combined score was set to 0.9 and protein-protein‐interaction (PPI) relationships for “Homo sapiens”
were obtained. Targets without interaction were removed and the data were saved as SIF �les. Next, the PPI network was
constructed by importing node1 and node2 into Cytoscape [22]. Finally, the core targets were screened by cluster analysis
using the MCODE [23], CytoHubba [24] and CytoNCA [25] plugin of Cytoscape.

2.1.4 GO and KEGG Enrichment Analysis
The GO enrichment analysis was conducted through the utilization of the DAVID (Database for Annotation, Visualization and
Integrated Discovery) (https://david.ncifcrf.gov/tools.jsp) database [26]. The Biological Process (BP), Cellular Component
(CC), and Molecular Function (MF) modules were chosen and signi�cant biological annotations (p < 0.05) were selected for
analysis. Additionally, KEGG pathway [27] enrichment analysis was conducted to identify the principal signaling pathways
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involved in T2DM using the DAVID database and the graph for KEGG and GO plotted by using
SRPLOT(https://bioinformatics.com.cn/en) [28].

2.1.5 Different Gene Expression Analysis
Through network analysis of 49 predicted targets, Protein Kinase C Delta Type (PRKCD) was identi�ed as a hub gene. To
determine whether this target is involved in the pathophysiology of T2DM, gene expression analysis was performed using
the GEO database. In this database, term “PRKCD” was searched along with “Homo sapiens” as �ler under species tab. The
GSE26168 dataset (https://www.ncbi.nlm.nih.gov/geo/geo2r/?acc=GSE26168&platform=GPL6883) was selected, and
GEO2R analysis was performed to download the data. This study involved 24 participants, including 8 controls, 7 with
impaired fasting glucose, and 9 with T2DM. PRKCD levels in the blood were analyzed in these groups.

2.2 Prediction of Binding Pocket
In this study, PRKCD was identi�ed as a hub gene through network analysis. However, it does not have a native ligand in the
PDB. Therefore, prior to molecular docking, the binding pockets were identi�ed using the CastpFold server
(https://cfold.bme.uic.edu/castpfold/), which provides detailed information on the topological and geometrical features, as
well as pocket details, of the uploaded protein [29]. Additionally, the PocketDepth server
(http://proline.physics.iisc.ernet.in/pocketdepth/), a computational tool for identifying binding pockets in protein structures,
was utilized [30].

2.3 Molecular Docking
Molecular docking is a computational method used to study the interactions between a protein and a ligand [31]. Initially, all
compounds of Karela were searched for in the PubChem database, and the structures were exported in 3D ‘mol2’ format.
Subsequently, the 3D structure of the core protein Protein Kinase C Delta Type (PRKCD) (PDB ID: 1YRK, 1.7Å) was
downloaded from the Protein Data Bank (https://www.rcsb.org/). The processes of dehydration, hydrogenation, and charge
editing were performed using AutoDock software 4.2.6, resulting in the export of modi�ed protein and compounds as
PDBQT �les. Docking was performed using AutoDock Vina software 1.2.0 [32]. Finally, the docking results were analyzed
and visualized using Discovery Studio Visualizer v21.1.020298.

2.4 MD Simulation
Molecular dynamics (MD) simulation using GROMACS 2022.6 (https://manual.gromacs.org/2022-current/index.html) [33]
was employed to model the dynamic process of protein-ligand interactions which aided in validating the precision of drug
design and supported the rationale of present study. The protein topology �les were generated using the OPLS force �eld
(Optimized Potential for Liquid Simulations, version 15) with the 'pdb2gmx' command. Ligand �les for GROMACS were
prepared using the external LigParagen web server (https://traken.chem.yale.edu/ligpargen/) [34, 35, 36]. The protein was
solvated in a dodecahedron box using a three-point water model, and neutralized with sodium (Na+) and chloride (Cl-) ions
as counterions. The protein-ligand system was then subjected to energy minimization using the 'gmx grompp' and 'gmx
mdrun' commands. Equilibration was carried out under NVT (Canonical) and NPT (Isobaric) ensembles, with the V-rescale
thermostat applied to maintain a constant volume and temperature of 300 K. The complex was subjected to MD simulation
run for 100 ns. To assess the stability of the complex, various analyses were conducted using the 'gmx rms' command,
including root mean square deviation (RMSD), root mean square �uctuation (RMSF), radius of gyration (Rg), solvent-
accessible surface area (SASA) and hydrogen bond count (HBond).

3. Result and Discussion

3.1 Network Pharmacology

3.1.1 Target Prediction and Collection of T2DM Targets
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From the literature, 16 active constituents of karela (Momordicilin, Momordicoside C, Momorcharaside B, Momordin I,
Cucurbitacin, Cycloartanol, Momordicoside A, Momordicoside L, Momordenol, Karounidiol, Momordicoside K,
Momordicoside B, Momordicin, Cucurbitane, Charine, and Cucurbitine) were shortlisted and their SMILES and 3D structures
downloaded from the PubChem database (Table:1). Using BindingDB and SwissTargetPrediction, 776 potential targets of
the 16 active constituents of Karela were identi�ed. For the collection of T2DM targets, the Open Target (5119 targets), TTD
(187 targets), and DisGeNet (2826 targets) databases were used. The UniProt ID for each target was provided, and from the
three databases, a �nal set of 104 T2DM targets was selected for study. A Venn diagram revealed 49 overlapping targets of
T2DM and Karela, as listed in Table:2, for further study.

3.1.2 Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment
To explore the multiple functions of 49 targets, GO and KEGG analysis were performed. In GO analysis 279 biological
process (BP), 34 cellular components (CC), and 46 molecular functions (MF) were enriched out of which top 10 BP, CC and
MF have been represented in Fig. 1A. The targets of karela in treating T2DM were primarily enriched in the following
categories (i) Biological Processes (BP): positive regulation of gene expression, protein phosphorylation, in�ammatory
response, and signal transduction (ii) Cellular Components (CC): plasma membrane, cytoplasm, cytosol, and integral
components of the membrane and (iii) Molecular Functions (MF): protein binding, ATP binding, integral protein binding, and
protein serine/threonine/tyrosine kinase activity. The 140 pathways were enriched in KEGG analysis where the top 2 were
found to be type 2 diabetes mellitus and Insulin resistance. The top 10 enriched pathways are depicted in Fig. 1B.

3.1.3 Network Analysis
The intersection targets of T2DM and Karela are presented as Venn diagram in Fig. 2A. The PPI network of these 49 targets
were generated using STRING database and analysed in cystoscope as depicted in Fig. 2B. This network comprised of 49
nodes and 44 edges with an average node degree of 1.8 and a low PPI enrichment P-value of 4.83e-13. The MCODE plugin
in Cytoscape was utilized to identify clusters representing highly interconnected areas within a network. In present study,
this analysis unveiled a highly interconnected region and PRKCD as hub gene as depicted in Fig. 2C. The Cytohubba plug in
was used to identify top 10 genes from network, based on closeness and degree calculations, as shown in Fig. 2D and
Fig. 2E. CytoNCA, which provides various centrality metrics for both, weighted and unweighted networks, was employed to
analyse the selected network for closeness, betweenness, and degree calculations without applying weights. The identi�ed
top 10 highly interconnected genes are presented in Table: 3. Various studies have indicated that the overexpression of
PRKCD leads to insulin resistance. Olivier B. et al. revealed in their study that in hepatic cells, the overexpression of PRKCD
in C57BL/6J and 129S6/Sv mice resulted in glucose intolerance, insulin resistance and overexpression of gluconeogenic
enzymes. PRKCD also plays a role in diabetic microvascular complications such as diabetic nephropathy, diabetic
retinopathy, and diabetic neuropathy [37, 38, 39]. Based on these studies, it can be concluded that PRKCD plays a signi�cant
role in the pathology of T2DM, and this target has been selected for further molecular docking and MD simulation studies.

3.1.4 Differential Gene Expression Analysis
To prove further pathophysiological role of PRKCD in T2DM, we performed the gene expression analysis. The GSE26168
dataset (https://www.ncbi.nlm.nih.gov/geopro�les/74421147) was downloaded from GEO database. This study includes 24
patients (8 control, 7 with impaired fasting glucose and 9 with T2DM) and PRKCD levels in their blood were analysed. As
shown in Fig. 3, prediabetic patients with impaired fasting glucose exhibited signi�cant overexpression of PRKCD in their
blood compared to the control group and a similar overexpression of PRKCD was observed in T2DM patients. This indicates
that identi�ed gene PRKCD plays a crucial role in T2DM and inhibition of its expression may be an effective approach for
treating T2DM.

3.2 Prediction of Binding Pocket
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Predicted binding pockets of PRKCD protein through CastP and PocketDepth servers shown in Table:4. Amino acid involved
in molecular docking interaction highlighted with yellow colour.

3.3 Molecular Docking
Molecular docking of the 16 active constituents of Karela with the PRKCD protein was performed, and the molecular
docking scores along with interactions with various amino acids are shown in Table:5. The molecular docking score ranges
from − 8.2 kcal/mol to -4.7 kcal/mol. The top scored compound, Momordicilin, did not shown any H-bonding with any amino
acid. The top three compounds were Momordicoside C, Momorcharaside B and Momordin I with molecular docking score of
-8.0 kcal/mol, -7.9 kcal/mol and − 7.9 kcal/mol respectively. Momordicoside C aglycone part formed H-bond with Ala23,
Gln25, Arg75 with distance of 2.30 Å, 1.99 Å, 2.79 Å and 2.53 Å respectively. While Momorcharaside B aglycone group
formed two H-bond with Pro26, Gln25 with distance of 2.46 Å and 2.30 Å respectively. Momordin I aglycone group formed
H-bond with Ser5 with a distance of 2.26 Å and glycone part formed H-bond with Ile6, Gln8 (2 H-bond), Val11 (2 H-bond),
Tyr52 and Thr58 with distance of 2.57 Å, 2.30 Å, 1.85 Å, 2.25 Å, 2.19 Å, 2.43 Å and 3.16 Å. The 2D and 3D interaction of top 3
compounds Momorcharaside B, Momordicoside C and Momordin I are presented in a Fig. 4A, Fig. 4B and Fig. 4C.

3.4 MD Simulation
The complex of PRKCD and ligand subjected to 100ns of MD simulation and the various parameters were measures like
RMSD, RMSF, Rg and SASA. The RMSD is used for checking the stability of complex and lower RMSD value indicates the
stable complex [40–43]. The RMSD of Momorcharaside B in Fig. 5A. After 20 ns of �uctuation, the complex of PRKCD and
Momorcharaside B (grey) became stable, with an RMSD value of around 1 nm, indicating a stable complex. The RMSD value
of the PRKCD protein(blue) alone was also lower, around 0.2 nm. RMSF analysis describes the �uctuations of amino acids
throughout the 100 ns simulation. A higher RMSF value signi�es greater amino acid movement during the simulation [37–
40]. The Fig. 5B represents the RMSF of complex and its showed that there is less �uctuations and at the end of the
simulation the RMSF value is around 0.7nm. For analysis of stability and folding properties of protein SASA was calculated
[37–40]. The Fig. 5C represents the SASA of protein(blue), Lig (orange) and complex (grey). The SASA value of protein and
complex is almost same and there is no instability during the 100ns of simulation. The Rg value indicates the compactness
and stability of system. The Fig. 5D despites the Rg of Protein (blue), Lig (orange) and Complex(gray). After 20ns of
�uctuations complex remain stable throughout the 100ns of simulation and after 70ns the protein and complex are
overlapped and Rg value being less than 1.7nm and this indicates the stable system. Hydrogen bonding analysis is essential
for characterizing ligand-protein interactions, as hydrogen bonds can in�uence the binding strength of small molecules [37–
40]. As represented in Fig. 5E PRKCD and Momorcharaside B complex formed the 3 H-bond at the end of the simulation.
Figure 5F represents the distance of donor- acceptor H-bond during the simulation.

Figure 6 presents the MD simulation data for Momordicoside C. Figure 6A showed the RMSD values of the system. Due to
initial conformational changes in the protein during the �rst 25 ns, the RMSD value of the complex (grey) rose to 2 nm, but it
stabilized, and by the end of the simulation, the RMSD value was close to 1 nm, indicating a stable and compact system.
The RMSF value was observed to be around 1.4 nm (Fig. 6B), and the SASA (Fig. 6C) for both the complex (grey) and protein
(blue) remained stable throughout the simulation. The Rg value of the complex (Fig. 6D) �uctuated during the simulation. Up
until 50 ns, the complex remained stable, but at 50 ns, there was a �uctuation with the Rg value reaching up to 4 nm. It
stabilized again, but another �uctuation occurred at 70 ns. By the end of the 100 ns simulation, the Rg value was near 2 nm.
Figure 6E represents the number of hydrogen bonds formed during the simulation. From this MD analysis, It can conclude
that the complex of Momordicoside C is quite stable.

Figure 7A showed the RMSD of Momordin I. As depicted, the complex remained stable between 20 to 70 ns, but �uctuations
began afterward, with the RMSD rising to 3.5 nm. However, there was minimal �uctuation in the RMSF (Fig. 7B) and SASA
(Fig. 7C), with the RMSF remaining close to 0.8 nm. The Rg of the complex (Fig. 7D) was near 3.5 nm at the end of the
simulation, although there was some instability throughout the process. By the end of the simulation, no hydrogen bond
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interactions were observed (Fig. 7E), suggesting that the Momordin I complex is not stable. Figure 8 showed the amino acid
interactions of all three compounds at 0 ns (Fig. 8A), 50 ns (Fig. 8B), and 100 ns (Fig. 8C). By the end of the simulation,
Momorcharaside B formed three hydrogen bonds, Momordicoside C formed four hydrogen bonds, and Momordin I did not
form any hydrogen bonds with the PRKCD protein. Therefore, Momorcharaside B and Momordicoside C could act as
potential PRKCD inhibitors for the treatment of T2DM.

4. Summary
Type 2 diabetes mellitus being the most prevalent disorder, linked to insulin resistance and insu�cient insulin production.
Natural products, including Momordica charantia (bitter melon or karela), are increasingly explored for their anti-diabetic
properties due to fewer side effects and affordability. Bitter melon contains several bioactive compounds like saponins and
alkaloids, known for their hypoglycemic activity. This study aimed to explore additional anti-diabetic mechanisms of karela
through network pharmacology, molecular docking, and MD simulation.

Network pharmacology identi�ed 49 overlapping targets between T2DM and karela, highlighting PRKCD as a key target.
Gene expression analysis con�rmed the overexpression of PRKCD in prediabetic and diabetic patients. PRKCD belongs to
the family of serine/threonine protein kinases [44], and this was further con�rmed by the GO enrichment study, where it was
identi�ed as a molecular function (Fig. 1A). Figure 1C illustrates the KEGG enrichment of PRKCD, and as shown in the �gure,
hyperglycemia triggers the activation of PRKCD, leading to insulin resistance. The PRKCD is also involved in various cellular
process for developing T2DM [45]. Activation of this protein can increase the glucose level, this hyperglycemia condition
can trigger the glycolysis pathway and increased synthesis of diacylglycerol (DAG) which ultimately leads activation protein
kinase and this promotes the oxidative stress in body and as consequence of this it leads to cell death and apoptosis. [46,
47]. So, deactivation of PRKCD can be bene�cial for the tratemnet of T2DM. Molecular docking of 16 karela compounds
with PRKCD revealed top-binding compounds: Momordicoside C, Momorcharaside B, and Momordin I. MD simulations
demonstrated stable interactions between PRKCD and Momorcharaside B, suggesting potential as a PRKCD inhibitor, which
could be bene�cial for T2DM management. Figure 9 represents the proposed mechanism of Momorcharaside B,
Momordicoside C in the treatment of T2DM. Deactivation of PRKCD can lead regulation of MAPK pathway and less/no
generation of reactive oxygen species and no insulin resistance.

5. Conclusion
In conclusion, this study highlights the therapeutic potential of Momordica charantia (bitter melon) as a natural remedy for
T2DM. Through network pharmacology analysis, 49 target proteins were identi�ed that link the active constituents of
Momordica charantia to T2DM. Among these targets, PRKCD emerged as a key hub gene and it is associated with insulin
resistance and diabetic complications. Molecular docking studies revealed that the active compounds Momorcharaside B,
Momordicoside C, and Momordin I interact with PRKCD. Momorcharaside B and Momordicoside C demonstrating the most
stable interactions during 100ns of molecular dynamics simulations. These �ndings suggest that these two compounds
have the potential to act as PRKCD inhibitors, offering a novel mechanism for managing T2DM. The results provide a
foundation for further research and development of Momordica charantia-derived treatments, emphasizing the role of
natural products in combating chronic metabolic diseases like diabetes.
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Table 2. Possible overlap between 49 targets of T2DM and Karela

Sr. No Uniprot

ID

Gene Name Sr. No Uniprot

ID

Gene Name

1 O00763 ACACB 26 MAPK1 P28482

2 P30542 ADORA1 27 MAPK3 P27361

3 P29275 ADORA2B 28 MAPK8 P45983

4 P13945 ADRB3 29 MAPK9 P45984

5 P29466 CASP1 30 METAP2 P50579

6 Q14790 CASP8 31 MGAM O43451

7 P32239 CCKBR 32 MTOR P42345

8 P32246 CCR1 33 NOD2 Q9HC29

9 P51681 CCR5 34 NR3C1 P04150

10 P00746 CFD 35 P2RX7 Q99572

11 P21554 CNR1 36 PIK3CA P42336

12 O75907 DGAT1 37 PIK3CB P42338

13 P00734 F2 38 PIK3CD O00329

14 P11362 FGFR1 39 PIK3CG P48736

15 P47871 GCGR 40 PPARA Q07869

16 Q8TDU6 GPBAR1 41 PPARD Q03181

17 Q8TDV5 GPR119 42 PRKCD Q05655

18 P49841 GSK3B 43 PRKCE Q02156

19 P52789 HK2 44 REN P00797

20 P28845 HSD11B1 45 SCD O00767

21 P80365 HSD11B2 46 SIRT1 Q96EB6

22 P28223 HTR2A 47 SLC10A2 Q12908

23 O14920 IKBKB 48 TLR9 Q9NR96

24 P01584 IL1B 49 TNF P01375

25 P06213 INSR

Table 3. Top 10 highly interconnected genes based on closeness, betweenness, and degree using CytoNCA
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Sr. No Closeness Betweenness Degree

Gene Name Score Gene Name Score Gene Name Score

1 PRKCD 0.12676056 PRKCD 256.0 PRKCD 8.0

2 MAPK3 0.123853214 MAPK3 196.0 PIK3CB 7.0

3 PIK3CB 0.12328767 TNF 190.0 PIK3CD 7.0

4 PIK3CD 0.12328767 MTOR 76.0 PIK3CA 7.0

5 PIK3CA 0.12328767 PIK3CB 56.333332 TNF 5.0

6 MAPK1 0.12 PIK3CD 56.333332 MTOR 4.0

7 TNF 0.119469024 PIK3CA 56.333332 PRKCE 4.0

8 PRKCE 0.11790393 SIRT1 40.0 INSR 4.0

9 MAPK9 0.1173913 IL1B 37.0 IL1B 4.0

10 MAPK8 0.1173913 CASP1 37.0 1CASP1 4.0

 Table: 4 Predicated Binding Pockets of PRKCD
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CastP Server PocketDepth Server

Sr.
No

Chain Residue
No

AminoAcid Sr.
No

Chain Residue
No

AminoAcid Sr.
No

Chain Residue
No

AminoAcid

1 A -2 Gly 40 A 63 Ile 1 A 14 Leu

2 A 0 His 41 A 64 Tyr 2 A 16 Ser

3 A 1 Met 42 A 65 Glu 3 A 17 Leu

4 A 2 Ala 43 A 66 Gly 4 A 18 Gln

5 A 3 Pro 44 A 67 Arg 5 A 19 Ala

6 A 4 Phe 45 A 69 Ile 6 A 22 Glu

7 A 5 Leu 46 A 74 Met 7 A 23 Ala

8 A 6 Arg 47 A 75 Arg 8 A 24 Asn

9 A 7 Ile 48 A 89 Ser 9 A 25 Gln

10 A 8 Ala 49 A 77 Ala 10 A 26 Pro

11 A 9 Phe 50 A 88 Val 11 A 27 Phe

12 A 14 Leu 51 A 89 Ser 12 A 28 Cys

13 A 18 Gln 52 A 91 Leu 13 A 50 Thr

14 A 24 Asn 53 A 94 Arg 14 A 51 Met

15 A 26 Pro 54 A 95 Cys 15 A 52 Tyr

16 A 27 Phe 55 A 96 Lys 16 A 53 Pro

17 A 28 Cys 56 A 99 Asn 17 A 54 Glu

18 A 30 Val 57 A 100 Gly 18 A 55 Trp

19 A 32 Met 58 A 101 Lys 19 A 57 Ser

20 A 33 Lys 59 A 102 Ala 20 A 58 Thr

21 A 34 Glu 60 A 104 Phe 21 A 59 Phe

22 A 40 Arg 61 A 117 Ser 22 A 60 Asp

23 A 41 Gly 62 A 118 Val 23 A 75 Arg

24 A 43 Thr 63 A 119 Gln 24 A 76 Ala

25 A 47 Lys 64 A 120 Tyr 25 A 77 Ala

26 A 48 Lys 65 A 121 Phe 26 A 79 Glu

27 A 49 Pro 66 A 122 Leu 27 B 8 Gln

28 A 50 Thr 67 A 123 Glu 28 B 10 Tyr

29 A 51 Met 68 B 2 Ala 29 B 11 Val

30 A 52 Tyr 69 B 3 Leu 30 B 12 Phe

31 A 53 Pro 70 B 4 Tyr 31 B 13 Ala

32 A 54 Glu 71 B 6 Ile  
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33 A 55 Trp 72 B 8 Gln  

34 A 57 Ser 73 B 9 Pro  

35 A 58 Thr 74 B 10 Tyr  

36 A 59 Phe 75 B 11 Val  

37 A 60 Asp 76 B 12 Phe  

38 A 61 Ala 77 B 13 Ala  

39 A 62 His  

 Table 5. Molecular docking interaction of active constituents of Karela

Sr.
no

Compound Name Molecular Docking
Score (kcal/mol)

Amino acid interaction 

(H-bond) 

Amino acid interaction
(Hydrophobic)

1 Momordicilin -8.2 NA Tyr10, Phe12, Phe27, Tyr52

2 Momordicoside C -8.0 Glycone: Tyr10 Aglycone: Ala23,
Gln25, Arg75

Glycone: Tyr52, Aglycone:
Phe27, Ala76

3 Momorcharaside
B

-7.9 Aglycone: PRO26, GLN25 Glycone: Ala13, Ala23,
Phe27, Tyr52

4 Momordin I -7.9 Aglycone: Ser5, Ile6 Glycone:
Gln8, Val11, Tyr52, Thr58

Glycone: Thr58

5 Cucurbitacin -7.7 NA Ala13, Tyr52

6 Cycloartanol -7.6 NA Tyr10, Phe12, Ala13,
Phe27, Tyr52

7 Momordicoside A -7.4 Glycone: Tyr10, Val11 Aglycone:
Gln25, Glu54

Aglycone: Phe27, Trp55,
Ala77

8 Momordicoside L -7.4 Aglycone: Phe27, Tyr52, Trp55 Glycone: Tyr52

9 Momordenol -7.2 NA Phe27, Tyr52, Ala77, Met74

10 Karounidiol -7.1 NA Ala13, Phe27, Tyr52

11 Momordicoside K -7.1 Glycone: Tyr10, Val11 Aglycone: Phe27, Trp55

12 Momordicoside B -7.1 Glycone: Ala23, Gln25, Pro53 Aglycone: Tyr10, Val11,
Ala13, Tyr52

13 Momordicin -7.0 NA Ala23, Gln25, Phe27

14 Cucurbitane -6.9 NA Ala13, Phe27, Tyr52

15 Charine -5.7 Asp60, His62, Arg67 Lys48

16 Cucurbitine -4.7 NA Gln8, Asp60, His62

Figures
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Figure 1

Enrichment analysis A) GO enrichment analysis of biological process (BP), cellular component (CC) and molecular function
(MF). The size of the bars is arranged in the descending order of the number of genes B) KEGG pathway analysis of the top
10 targets. The bar color is displayed in a gradient from red to blue in ascending order of the p-value C) KEGG Enrichment of
PRKCD
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Figure 2

A) Venn diagram of targets of karela and T2DM B) Network of 49 targets C) Cluster 1 analysed by MCODE D) Top 10 genes
based on closeness. Shades of red from dark to light indicates the genes from top to bottom in the list E) Top 10 genes
based on degree. Shades of color: dark red indicates 1 number gene
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Figure 3

Gene expression of PRKCD in patient study
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Figure 4

Molecular docking result A) 2D and 3D amino acid interaction of Momorcharaside B B) 2D and 3D amino acid interaction of
Momordicoside C C) 2D and 3D amino acid interaction of Momordin I
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Figure 5

PRKCD interactions with the Momorcharaside B monitored during the 100 ns of simulation A)RMSD value (Protein: Blue,
Momorcharaside B: Orange, Complex: Grey), B) RMSF of Complex C) SASA value (Protein: Blue, Momorcharaside B: Orange,
Complex:Grey) D) Rg (Protein: Blue, Momorcharaside B: Orange, Complex: Grey) E) Number of H-bond F) Hydrogen bond
distribution
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Figure 6

PRKCD interactions with the Momordicoside C monitored during the 100 ns of simulation A) RMSD value (Protein: Blue,
Momordicoside C: Orange, Complex: Grey), B) RMSF of Complex C) SASA value (Protein: Blue, Momordicoside C: Orange,
Complex: Grey) D) Rg (Protein: Blue, Momordicoside C: Orange, Complex: Grey) E) Number of H-bond F) Hydrogen bond
distribution
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Figure 7

PRKCD interactions with the Momordin I, monitored during the 100 ns of simulation A) RMSD value (Protein: Blue,
Momordin I: Orang, Complex: Grey), B) RMSF of Complex C) SASA value (Protein: Blue, Momordin I: Orang, Complex: Grey)
D) Rg (Protein: Blue, Momordin I: Orang, Complex: Grey) E) Number of H-bond F) Hydrogen bond distribution
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Figure 8

2D Amino acid interaction during of Momorcharaside B, Momordicoside C and Momordin I during MD Simulation
A)Interaction at 0ns B) Interaction at 50ns C) Interaction at 100ns
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Figure 9

Proposed mechanism action of Momorcharaside B and Momordicoside C targeting PRKCD
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