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A B S T R A C T

Aims: The main objective of the current study is to investigate the pathways and therapeutic targets linked to 
stevioside in the management of T2D using computational approaches.
Methods: We collected RNA-seq datasets from NCBI, then employed GREIN to retrieve differentially expressed 
genes (DEGs). Computer-assisted techniques DAVID, STRING and NetworkAnalyst were used to explore common 
significant pathways and therapeutic targets associated with T2D and stevioside. Molecular docking and dy
namics simulations were conducted to validate the interaction between stevioside and therapeutic targets.
Results: Gene ontology and KEGG analysis revealed that prostaglandin synthesis, IL-17 signaling, inflammatory 
response, and interleukin signaling were potential pathways targeted by stevioside in T2D. Protein-protein in
teractions (PPI) analysis identified six common hub proteins (PPARG, PTGS2, CXCL8, CCL2, PTPRC, and EDN1). 
Molecular docking results showed best binding of stevioside to PPARG (− 8 kcal/mol) and PTGS2 (− 10.1 kcal/ 
mol). Finally, 100 ns molecular dynamics demonstrated that the binding stability between stevioside and target 
protein (PPARG and PTGS2) falls within the acceptable range.
Conclusions: This study reveals that stevioside exhibits significant potential in controlling T2D by targeting key 
pathways and stably binding to PPARG and PTGS2. Further research is necessary to confirm and expand upon 
these significant computational results.

1. Introduction

Type 2 diabetes (T2D) is a pervasive metabolic disorder that has a 
global impact, affecting a significant number of individuals, and its 
pervasiveness has been increasing (Candia et al. [1]; Rowley et al. [2]). 
According to the International Diabetes Federation (IDF) data, the year 
2019 witnessed 4.2 million deaths attributed to diabetes, while the 
number of individuals aged 20 to 79 affected by the condition reached 
463 million, with forecasts of 700 million by 2045 (Garcia et al. [3]). 
T2D is characterized by insufficient insulin levels due to dysfunctional 
pancreatic β-cells and insulin resistance in target organs (Chen et al. 

[4]). Chronic low-grade inflammation is a significant factor in the pro
gression of insulin resistance and beta-cell dysfunction in T2D (Zatterale 
et al. [5]). Moreover, it arises due to hereditary factors and lifestyle 
choices like inadequate physical activity, tobacco smoking, and exces
sive alcohol consumption (Gupta et al. [6]; Zheng et al. [7]). Research 
suggests that oxidative stress is a major factor in the development of 
insulin resistance and T2D. Recently, PPARG, PTGS2, TCF7L2, CDKAL1, 
IGF2BP2, SLC30A8, JAZF1, and HHEX are genes strongly linked to the 
development of T2D (Reddy et al. [8]; Olokoba et al. [9]). Glycemic 
management can postpone or avoid T2D consequences, according to the 
United Kingdom Prospective Diabetes Study (UKPDS) (Beigi et al. [10]; 
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Fig. 1. Workflow for stevioside in the management of T2D.
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Gæde et al. [11]). T2D leads to significant complications affecting the 
cardiovascular system, ocular structures, renal function, and peripheral 
nerves (Yang et al. [12]; Schalkwijk et al. [13]).

Several chemical medicines have been formulated to control and 
treat T2D effectively, with metformin being recognized as the primary 
medication of choice. Metformin influences insulin sensitivity, pro
moting enhanced glucose uptake within the hepatic tissue (Foretz et al. 
[14]). A class of antihyperglycemic drug thiazolidinediones (TZDs) such 
as rosiglitazone and pioglitazone, specifically target and activate the 
peroxisome proliferator-activated receptor gamma (PPARG), enhancing 
insulin sensitivity and glucose metabolism in T2D (Nanjan et al. [15]). 
However, existing pharmaceutical therapies cannot provide a complete 
cure and most chemical therapies are costly and have side effects. Thus, 
natural phytochemicals could serve as a major alternative for managing 
T2D, mitigating current therapy limitations. Several plants like Siraitia 
grosvenorii commonly known as monk fruit, contain natural 
non-nutritive sweeteners that lower blood glucose (Tey et al. [16]). 
Some in-vitro, in-vivo, and human studies found that phytochemicals, 
especially stevioside and several steviol glycoside have anti
hyperglycemic effects in humans and rodents (Eddouks et al. [17]).

Stevia rebaudiana is an herbaceous perennial plant that contains 
diterpenic steviol glycosides, notably stevioside and rebaudioside A, 
which are the most abundant compound. For over a century, the utili
zation of the stevia plant, its extracts, and stevioside as natural zero- 
calorie sweeteners has been observed in South America and Asia (Ilić 
et al. [18]). The joint FAO/WHO expert committee on food additives 
(JECFA, 2008) determined the safety of steviol glycosides for use in 
foods and beverages (Sukhmani et al. [19]). The aqueous extract of 
stevia and stevioside has beneficial effects on pancreatic tissue, 
including increased insulin levels, antihyperglycemic properties, and 
antioxidant activity in diabetic rats (Assaei et al. [20]). Additionally, 
stevioside reduces inflammation by downregulating pro-inflammatory 
cytokines in mouse (Jeppesen et al. [21]). It exhibits 
anti-inflammatory effects by inhibiting the activation of NF-κB in 
LPS-stimulated macrophages (Potočnjak et al. [22]; Boonkaewwan et al. 
[23]; Alavala et al. [24]) and reducing the expression of NLRP3 
inflammasome activation and inflammatory protein expression in 
chondrocytes (Wan et al. [25]). Moreover, stevioside activates the Nrf2 
pathway to reduce oxidative stress and protects against TAA-induced 
liver damage by modulating NF-κB and increasing Nrf2 activity in rats 
(Hao et al. [26]; Casas-Grajales et al. [27]). Besides, the impact of ste
vioside on the activity of islet cells closely resembles that of 
glucagon-like peptide-1 (GLP-1). Study indicates that GLP-1 and ste
vioside did not induce basal insulin secretion, but both enhanced the 
release of insulin in response to glucose in mouse islets (Chen et al. 
[28]). A previous study showed that stevioside modulated blood glucose 
levels and dose-dependently decreased PEPCK gene expression in the 
liver of rats (Chen et al. [29]). Overall, it has been demonstrated to have 
positive effects on insulin secretion, glucagon secretion, blood glucose 
levels, and blood pressure (Ilić et al. [18]).

Previous research has indicated the potential of stevioside in regu
lating blood glucose levels. However, no therapeutic targets has been 
extensively studied through integrated bioinformatics and network 
pharmacology approaches. This study proposes to fill this gap by uti
lizing RNA-seq datasets to identify differentially expressed genes (DEGs) 
that are common to both T2D and targets of stevioside. RNA-seq is a 
reliable and efficient technique for analyzing gene expression at a large 
scale. Multiple gene expression profiling studies have identified hun
dreds of DEGs that participate in various molecular functions, biological 
processes, and signaling pathways. These may be useful as therapeutic 
targets and diagnostic markers for disease development (Stupnikov et al. 
[30]). This study retrieved RNA-seq datasets from the Gene Expression 
Omnibus (GEO) database to identify T2D-associated DEGs and stevio
side targets from multiple databases. Based on common targets, further 
integrated bioinformatics investigation was conducted, including 
pathway enrichment, locating hub proteins from protein-protein 

interaction and gene regulatory network analysis. Finally, molecular 
docking and molecular dynamics simulations were conducted to vali
date the interaction between stevioside and potential hub targets. 
Despite of several limitations, this study will reveal novel and significant 
insights into the molecular mechanism of the antihyperglycemic activity 
of stevioside, thereby contributing to the field of diabetes research and 
its management. The framework of the proposed study is illustrated in 
Fig. 1.

2. Materials and methods

2.1. Stevioside related gene screening

Several databases such as CTD (ctdbase.org/), STITCH (stitch.embl. 
de/), PharmGKB (www.pharmgkb.org/), PharmMapper (www.lila 
becust.cn pharmmapper), Swiss Target prediction (www.swisstarget 
prediction.ch/), and ChEMBL (www.ebi.ac.uk/chembldb) are used to 
identify probable targets of stevioside. The comparative toxicogenomics 
database is a manually curated comprehensive resource that in
corporates interactions derived from literature and its purpose is to 
improve the comprehension of toxicological information about chem
icals, diseases, genes, phenotypes, and exposures, thereby augmenting 
the existing knowledge base related to human health (Davis et al. [31]). 
The pharmacogenetics knowledge base provides access to phenotype, 
genomic, and clinical data from ongoing pharmacogenetic studies 
(Hewett et al. [32]). Since understanding protein-small molecule in
teractions is crucial for molecular and cellular functions, STITCH in
tegrates crystal structures, binding experiments, metabolic pathways 
and drug-target relationships for easy access to this data (Kuhn et al. 
[33]). The PharmMapper online tool is a web server that utilizes 
reversed pharmacophore matching to identify potential drug targets 
(Wang et al. [34]). Based on a combination of 3D and 2D similarity 
measurements with established ligands, SwissTargetPrediction server 
accurately predicts the targets of bioactive molecules (Gfeller et al. 
[35]). The ChEMBL database provides information on binding, func
tional features, and ADMET for various of drug-like bioactive chemicals 
(Gaulton et al. [36]). To improve the validity of the findings and identify 
potential stevioside targets, we selected all genes from each database.

2.2. T2D related gene screening

To find out the drug target proteins of host, we collected primary 
data on the gene expression profiling of T2D. The NCBI (https://www.nc 
bi.nlm.nih.gov/geo/) Gene Expression Omnibus (GEO) data repository 
was used to retrieve the datasets with the accession number GSE135155
(case = 6 and control = 6), GSE156109 (case = 6 and control = 6), 
GSE116369 (case = 4 and control = 4), GSE53949 (case = 5 and control 
= 5), and GSE159984 (case = 20 and control = 20) (Geer et al. [37]). 
Human Adipocyte tissue and pancreatic β-cells were the sources for 
generating the RNA-seq datasets involving an equal number of control 
and case samples. GREIN (GEO RNA-seq Experiments Interactive Navi
gator) (www.ilincs.org/apps/grein/?gse=) was used to analyze these 
datasets, which offers intuitive interfaces for manipulating and 
comprehensive analysis of gene expression signatures through subset
ting, visualization, and statistical power analysis (Kaussner et al. [38]).

2.3. Analysis of differentially expressed genes

We relied on publicly available RNA-Seq data for this investigation. 
Numerous statistical processes were first performed on the datasets to 
determine the differentially expressed genes (DEGs). Additionally, to 
achieve a balance between the identification of statistically significant 
genes and to control results that are false positives, the Benjamini- 
Hochberg false discovery rate technique is employed. Quantile stan
dardization and Z-score transformation were used to standardize gene 
expression data for the disease and control condition to avoid 
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experimental system issues. To further exclude possible sources of error 
from our data, we performed an ANOVA test to measure the degree of 
statistical relevance between groups (Rahman et al. [39]). These studies 
determined DEGs with the absolute value of log folds change >1 and an 
absolute P-value <0.05. Then sorting the upregulated and down
regulated DEGs assuming logFC >1 and logFC < -1 accordingly. Venny 
2.0 (https://bioinfogp.cnb.csic.es/tools/venny/index.html) (Oliveros 
[40]) webserver was used to understand the distribution of significant 
DEGs across the datasets.

2.4. Functional enrichment analysis

We inferred the signaling pathways (KEGG, WiKi, and Reactome) 
and gene ontologies, i.e. biological process (BP), molecular function 
(MF) and cellular components (CC) related to the frequent DEGs using 
several databases. The analysis of overrepresentation revealed several 
functional Gene Ontology (GO) keywords and enriched cell signaling 
pathways, which provide evidence for the biological relevance of the 

identified DEGs. The present research delineates the roles of stevioside’s 
primary target in treating T2D, as GO specifies. The KEGG pathway is an 
extensively employed resource that functions as a knowledge repository 
for the examination of biological pathways and cellular processes 
(Kanehisa [41]). We searched for the DAVID database by inserting the 
57 core common targets for GO enrichment and signaling pathway 
analysis. Then, SRplot (https://www.bioinformatics.com.cn/en) was 
used to generate the bubble plot for GO enrichment and analysis of 
signaling pathways.

2.5. Protein-protein interaction analysis

Protein-protein interaction (PPI) refers to the interaction among 
proteins, that interact to achieve molecular function, biological pro
cesses, and cellular components (Shekarappa et al. [42]). The STRING 
(https://string-db.org/) database generated a PPI network by uploading 
the common targets related to stevioside and T2D. Cytoscape v3.9.1 was 
utilized to generate and analyze network profiles (Darbeheshti et al. 
[43]).

2.6. Analysis of cluster and hub proteins selection

The presentation of clustering results is necessary to analyze of the 
structural characteristics of biological networks. We utilized the Clus
terViz component of Cytoscape 3 to conduct cluster analysis in this 
study. Out of the three algorithms, we specifically select MCODE (Mo
lecular Complex Detection) to detect proteins with a high degree of 
interconnectivity. This method utilizes a set of predetermined criteria, 
which includes a degree score threshold of 2, a node score threshold of 
0.2, and a K-Core value of 2 (Wang et al. [44]).

CytoHubba is an open platform for investigating the pivotal hub 

Table 1 
A summary of datasets is presented with geo-features and quantitative data.

GSE 
number

Source name Control 
sample

Case 
sample

DEGs Up Down

GSE135155 Adipocyte 
tissue

6 6 500 441 59

GSE156109 Pancreatic 
β-cell

6 6 548 322 226

GSE116369 Beta cell 4 4 421 248 173
GSE53949 Pancreatic 

islet
5 5 422 201 221

GSE159984 Pancreatic 
β-cell

20 20 330 164 166

Fig. 2. The bubble plot represents the biological process (BP), cellular component (CC), and molecular function (MF) analyses of the differentially expressed genes 
(DEGs) in T2D. The combined score (P-value) was used to sort the results of the pathway terms.
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proteins involved in the subnetwork (Chin et al. [45]). We employed five 
different methods from the CytoHubba plugin: degree, MNC, MCC, 
betweenness, and closeness centrality. However, we have listed common 
hub proteins comparing five cytoHubba methods using the jVenn online 
server (https://jvenn.toulouse.inrae.fr/app/index.html) that manages 
up to six lists of inputs and displays outcomes using either conventional 
or Edwards-Venn layouts (Bardou et al. [46]).

2.7. Gene regulatory network analysis

Gene regulatory network (GRN) illustrates the impact of molecular 
regulators on mRNA and protein levels, with transcription factors (TFs) 
and microRNAs playing crucial roles as gene regulators (Zhou et al. 
[47]). The TFs and hub genes interaction network is an undirected 
graph, where nodes represent TFs and edges reflect interactions. Most 
edges connecting a TF-node to hub genes indicate that it is a key regu
lator of hub gene regulation; hence, this node is given priority. To 
identify the most important TFs linked to hub genes, we conducted a 
network analysis of TFs-hub genes interactions using the JASPAR (For
nes et al. [48]) and Encode (Sloan et al. [49]) databases. Key miRNAs 
that influence hub genes post-transcriptionally were identified by 
analyzing miRNAs-hub genes interactions with the TarBase (Papado
poulos et al. [50]) and mirTarBase (Hsu et al. [51]) databases imple
menting NetworkAnalyst (https://www.network analyst.ca) online 
server. This web server supports tissue-specific, gene regulatory, 
co-expression, and toxicogenomics studies and allows users to customize 
networks and create data analysis projects (Zhou et al. [47]). The hub 
gene regulators were selected as the top miRNAs and TFs based on their 
high topological degree and betweenness score. These regulators were 
chosen to reflect the common enriched TFs and miRNAs, ensuring the 
credibility of the findings.

2.8. Molecular docking simulation and visualization of ligand-protein 
complex

Molecular docking is a valuable method for identifying the binding 
relationship between a ligand and a protein receptor at the molecular 
and atomic scale (Guedes et al. [52]). After downloading and processing 
the PDB format of CXCL8 (PDB ID: 6XMN), PPARG (PDB ID: 2HFP), 
PTGST2 (PDB ID: 5IKV), and PTPRC (PDB ID: 5FMV) proteins from the 
RCSB Protein Data Bank (Rose et al. [53]) Biovia Discovery Studio 
Visualizer was utilized to eliminate co-crystalized ligand molecules, 
introduce hydrogen atoms, and select protein chains. The energy of each 
refined PDB structure was minimized using the Swiss PDB Viewer soft
ware (Guex et al. [54]). The active site of the CXCL8, PPARG, PTGST2, 
and PTPRC was confirmed before the molecular docking simulation 
study through CASTp (Tian et al. [55]). The 3D structure of stevioside 
was retrieved from the PubChem database (Kim et al. [56]) and subse
quently converted from SDF to PDB format using Biovia Discovery 
Studio Visualizer 20.1.0 (Nivetha et al. [57]). Co-crystalized ligand 
molecules were obtained as control ligands from each PDB structure. A 
molecular docking simulation was performed using AutoDock Vina 
through PyRx 0.8 virtual screening software. This software utilizes a 
Lamarckian genetic algorithm along with grid-based energy estimation. 
To assess the accuracy of the docking software, we conducted re-docking 
of the co-crystal bound ligand (Dallakyan et al. [58]). For simulating the 
most effective interaction, the docking was executed by positioning 
center at coordinates x: 1.7322, y: 18.1636, z: 66.6794 with the 
dimension in coordinates x: 74.8521, y-75.4757, z-66.6794 Å together 
with the exhaustiveness equaling to 8. The software comprises Auto
Dock and AutoDock Vina, utilizing the Lamarckian genetic algorithm as 
a scoring function. AutoDock tools offer a range of techniques for 
analyzing docking simulation data, including assessing conformational 
similarity, visualizing the binding site and its energy, and determining 

Fig. 3. The bubble plot represents the signaling pathways associated with the differentially expressed genes (DEGs) in T2D, based on the KEGG, Reactome and Wiki 
database. The combined score (P-value) was used to sort the results of the pathway terms.
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parameters such as intermolecular energy and inhibition constant. The 
AutoDock 4.2 scoring tool created and evaluated eight optimal poses for 
each ligand. The compounds exhibiting lowered binding energy 

compared to the reference molecule were selected for further analysis. 
Finally, the 2D and 3D structure and binding interactions were visual
ized through Biovia Discovery Studio Visualizer 20.1.0 (Nivetha et al. 

Fig. 4. The PPI network visualizes stevioside’s potential therapeutic targets for controlling T2D. The nodes of the network represent target proteins, while the edges 
represent protein-protein relationships.

Fig. 5. Indicates (A) cluster 1, (B) cluster 2, and (C) cluster 3 in the PPI network obtained by cluster analysis of the PPI network using Clusterviz in Cytoscape. Blue- 
colored circles indicate others proteins that mostly don’t interconnect.
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[57]).

2.9. Molecular dynamics simulation (MDS)

A 100 ns molecular dynamics simulation (MDS) was performed to 
evaluate the binding consistency of protein-ligand complex structures. 
Schrödinger’s "Desmond v3.6 Programme" (https://www.schrodinger. 
com/) was utilized within a Linux framework to conduct the molecu
lar dynamic simulations and assess different protein-ligand complex 
structures (Arefin et al. [59]; Biswas et al. [60]). The complex molecule 
was hydrated using a system builder module with a TIP3P hydration 
model. The hydration was done in a 3D orthorhombic box with a buffer 
distance of 10 Å. The system was neutralized with counter ions, and the 
concentration of physiological salt (Na+ and Cl− ) was limited to 0.15 M. 
Following that, the structure was refined by optimizing hydrogen bonds 
and using the OPLS3e force field for energy reduction. OPLS3e enhances 
the precision of small-molecule conformational tendencies, solvation, 
and the performance of protein-ligand binding benchmarks (Roos et al. 
[61]). Isothermal-isobaric ensembles (NPT) gathering, that made utili
zation of its entire Nose-Hoover thermal variations and associated 
isotropic methodology, being maintained around 300 K and one atmo
spheric compression (1.01325 bar), and this being accompanied via 50 
PS grabbing pauses with some efficiency equal 1.2 kcal/mol. MD 
simulation was evaluated using a simulations interaction diagram (SID) 
within their Desmond components of the Schrödinger suite. The dura
bility of the protein-ligand complex combination was evaluated by 
analyzing protein-ligand interactions (P-L), the radius of gyration (Rg), 
and intramolecular hydrogen bond data (Rahman et al. [62]). The 
proposed RMSD about an MD simulation with the interval during x 
could be calculated utilizing the power source given the following 
calculation: 

RMSDx =

̅̅̅̅
1
N

√
∑N

i=1
(rʹi (tx)) − ri

(
tref

)2 

Where the RMSDx represents the calculation for a frame x; N is the 
quantity of atoms chosen; tref denotes the benchmark duration, and r’ 
represent the position of its chosen atom within frame x, after aligning it 
with the reference frame, where frame x is recorded at time tx.

The RMSF for a residue i is calculated by the following calculation: 

RMSFi =

̅̅̅
1
T

√
∑T

t=1
< (rʹi (t)) − ri (tref)2

>

In this particular case, T stands for the calculated trajectories dura
tion that was utilized to calculate the calculated RMSF. Diagonal pa
rentheses indicate these circular distances mean being calculated 
throughout the set for residue molecules, using tref signifying its 
benchmark duration, ri its placement for residues i, as well as r’ repre
sents the position of atoms in residue i after they have been super
imposed on the reference.

2.9.1. Simulation trajectory analysis
The subsequent MD simulation images were made with Schröding

er’s maestro program, version 9.5. The proposed model’s environment 

utilized overall simulation interaction diagram (SID) from its Desmond 
modules in the Schrödinger suite to evaluate overall MD simulation’s 
correctness. Within alignment several parameters including root-mean- 
square deviation (RMSD), the radius of gyration (Rg), protein-ligand 
contacts (P-L) and intramolecular hydrogen bonding can be assessed 
for the equilibrium of the protein-ligand complex.

2.10. Binding free energies analysis from post MDS trajectory

Applying the molecular mechanics of the generalized born and sur
face area (MM/GBSA) solvation approach was employed to calculate the 
binding free energies of ligands to the protein. The estimation of the 
binding free energy using the MM/GBSA method was conducted as 
follows. The equation ΔGbind = Gcomplex − Greceptor − Gligand is a 
mathematical representation of the binding free energy. The term 
ΔGbind represents a difference in free energy between the complex and 
the combined free energies of the receptor and the ligand. The ΔGbind 
for the examined complexes was determined using Schrödinger’s ther
mal MM/GBSA script. The MD trajectory is partitioned into distinct 
frame snapshots and subsequently submitted to MM/GBSA analysis. The 
reported values represent the average expected free energies (ΔGbind) 
of binding (Khoury et al. [63]).

3. Results

3.1. Stevioside and T2D overlapping targets

An array of bioinformatics analyses were conducted to determine the 
genes targeted by stevioside and T2D. Accordingly, we searched and 
detected 501 stevioside-related targets from databases. A total of 435 
distinct common targets were identified after screening duplicated tar
gets. We determined 1828 distinct T2D-related targets out of 2221 tar
gets after screening duplicate genes (Table 1). Finally, we identified 57 
overlapping targets of stevioside and T2D using Venn diagram tool.

3.2. Gene ontology and pathway enrichment analysis

GO enrichment analysis was conducted on 57 targets, and a total of 
289 GO terms with p < 0.05 were obtained, including 226 entries of 
biological process (BP), 23 entries of cellular component (CC), and 40 
entries of molecular function (MF). BP includes an inflammatory 
response, biosynthetic process of long-chain fatty acid, ERK1 and ERK2 
cascade, positive regulation of IL-8 production, cellular response to 
lipopolysaccharide, chemotaxis, immune response, calcium-mediated 
signaling, and response to drug. CC comprises plasma membrane, inte
gral component of plasma membrane, extracellular space, lysosome, 
endoplasmic reticulum membrane, integral component of membrane, 
extracellular region, and intracellular membrane-bounded organelles. 
MF exhibited iron ion binding, monooxygenase activity, aromatase ac
tivity, steroid hydroxylase activity, enzyme binding, oxidoreductase 
activity, and heparin binding. The top 10 GO terms were visualized and 
are displayed in (Fig. 2) and details are provided in (Table S1).

The results of KEGG, reactome and wiki pathway enrichment anal
ysis demonstrated that 57 targets were enriched in 167 pathways with 
adjusted p-value (P < 0.05). A bubble plot was generated to represent 
the top 10 pathways from each database displayed in (Fig. 3) and details 
provided in (Table S2). 30 pathways were found to be statistically sig
nificant mainly involving IL-17 signaling pathway, arachidonic acid 
metabolism, prostaglandin synthesis and regulation, prostaglandin 
synthesis and regulation, coronavirus disease, pathways in cancer, lipid 
and atherosclerosis, serotonergic synapse, neuroactive ligand-receptor 
interaction, chemokine signaling pathway, immune system, signaling 
by GPCR, cytokine signaling in the immune system, GPCR ligand bind
ing, antiviral and anti-inflammatory effects of Nrf2 on SARS-CoV-2, 
vitamin D receptor pathway, IL-18 signaling pathway, and tamoxifen 
metabolism. The dimensions of the bubble were determined based on 

Table 2 
Clustering PPI network data using MCODE.

Cluster Density 
Score of 
Node

Nodes Edges Node IDs

C1 5.333 7 32 NFKBIA, PPARG, KIT, FGF2, MMP3, 
PTPRC, CCL2

C2 4.462 14 58 PTGER4, CCR5, CTSB, TLR9, CALCA, 
SYK, TLR7, ALOX5, NOS2, EDN1, 
PTGS2, PLAUR, REN, MMP1

C3 2 3 4 CYP1A1, CYP3A4, CXCL8
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the number of associated genes. The color gradient from red to green 
represents the decrease in p-value and the smaller p-value represents 
more significant result.

3.3. Protein-protein interaction network construction

A comprehensive understanding of the protein-protein interaction 

(PPI) network is essential for gaining insights into cell tissue, function, 
and biological processes. The existence of atypical protein-protein in
teractions (PPIs) within the interactome of organisms can give rise to 
various health complications. The current study involved the construc
tion of a PPI network utilizing the 57 common targets shared by ste
vioside and T2D. The PPI network is comprised of 54 nodes and 210 
edges. The present analysis involved the collection of combined scores of 

Fig. 6. The network diagram illustrates the primary targets of stevioside in the context of T2D. This analysis used five CytoHubba algorithms: betweenness, degree, 
MNC, MCC, and closeness (A–E). Moreover, the venn diagram (F) illustrates the presence of six hub proteins that are shared among multiple networks. Red to yellow 
color gradients indicate the higher to lower significance of reported hub proteins.
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the core targets from a STRING database, which were then imported into 
Cytoscape software to construct the network (Fig. 4).

3.4. Cluster analysis and hub proteins selection

Cluster analysis is commonly employed in exploring significant 
biological networks like PPI, transcription factor-binding, metabolic, 
and gene networks. Two prominent modules were identified within the 
protein-protein interaction network. In Fig. 5, cluster 1 consisted of 7 
nodes connected by 32 edges. Similarly, cluster 2 comprised 14 nodes 

with 58 edges, while a smaller cluster was identified with 3 nodes and 4 
edges. Table 2 presents comprehensive information. Hub proteins 
demonstrate a significant correlation with other proteins within the 
network, and modifications in their expression can broadly influence the 
network. It is noteworthy that six hub proteins, namely CXCL8, PTGS2, 
CCL2, PTPRC, PPARG, and EDN1, were consistently identified in all five 
methods (Fig. 6). REN was found in four methods except MCC and FGF2, 
NFKBIA, MMP3 was found in four methods except betweenness. AR, 
DRD2, MMP1, CYP1A1 and MMP1 are found in betweenness and MCC, 
respectively. Additionally (Table 3), presents pathological information 
of six hub proteins.

3.5. Gene regulatory network (GRN) analysis

Gene regulatory analysis of the network involved analyzing the 
connections between DEGs-TFs, and microRNA-DEGs. Figs. 7 and 8
show the DEGs–miRNA and TFs-DEGs interactions network where the 
circles represent DEGs, while squares represent miRNAs and TFs. 
Several transcription factors, namely TFDP1, YY1, HINFP, GATA2, 
RELA, and STAT3, were identified as the most significant TFs inter
connected to hub proteins, based on analysis of the Encode and Jaspar 
databases. The Tarbase and mirTarbase databases have identified 
several common miRNAs, such as hsa-mir-124–3p, hsa-mir-21–3p, hsa- 
mir-1-3p, hsa-mir-101–3p, hsa-mir-155–5p, hsa-mir-210–3p, and hsa- 
mir-155–5p, hsa-mir-27a-5p. These miRNAs play a significant role as 
post-transcriptional regulators.

3.6. Binding affinity analysis

The molecular docking study predicted the ability of stevioside to 
bind to four out of six common hub proteins, as presented in Table 4. The 
study utilizes docking scores to quantify the chemical-protein binding 
activity, where the score assesses strength of the molecular interaction. 
A lower docking score signifies a more stable binding conformation and 
a stronger molecular interaction. The binding affinities of the four target 
proteins, PTGS2 (− 10.1 kcal/mol), PAPRG (− 8 kcal/mol), and PTPRC 

Table 3 
Hub proteins emerged from PPI network analysis and presented pathological 
information of six common hub proteins.

Reference Hub 
protein

Description Pathological role

(Bruun et al. 
[89])

CXCL8 C-X-C motif 
chemokine ligand 8

Associated with an 
excessive buildup of intra- 
abdominal fat leads to 
T2D.

(Ahmadian et al. 
[86])

PPARG Peroxisome 
proliferator- 
activated receptor 
gamma

Regulates adipocyte 
development, lipid 
metabolism, glucose 
homeostasis, immune cell 
metabolism, and 
inflammation.

(Konheim et al. 
[79])

PTGS2 Prostaglandin 
endoperoxide 
synthase 2

Limit glucose-stimulated 
insulin release and 
modulate the 
inflammatory response, 
decreasing insulin 
sensitivity.

(Dhananjayan 
et al. [107])

EDN1 Endothelin 1 Contribute to endothelial 
dysfunction leads to T2D.

(Al Barashdi 
et al. [108])

PTPRC Receptor-type 
tyrosine-protein 
phosphatase C

Need for T cell activation.

(Kim et al. 
[109])

CCL2 C-C Motif 
Chemokine Ligand 2

Possible role in the 
recruitment of monocytes 
into the arterial wall.

Fig. 7. Gene regulatory network analysis through A) Encode B) Jaspar database. Circular and square shapes indicate the DEGs and transcription factors (TFs).

A. Dutta et al.                                                                                                                                                                                                                                   Diabetes & Metabolic Syndrome: Clinical Research & Reviews 18 (2024) 103111 

9 



(− 7.8 kcal/mol), were found to be higher than − 7.0 kcal/mol. CXCL8 
showed only (− 6.1 kcal/mol) binding affinity with stevioside. PPARG 
protein interacts with GLN A: 444, TYR A: 477, ARG A: 443, SER A: 394, 
and GLN A: 410 residues through hydrogen bonds and ILE A: 265 HIS A: 
266, ILE A: 267, LEU A: 270, ARG A: 288 AND GLU A: 291 residues 
through hydrophobic bond formation. On the other hand, PTGS2 in
teracts with SER A: 143, ASN A: 144, SER A: 146, and GLU A: 236 amino 
acids for hydrogen bonds and LEU A: 145 LEU A: 224 amino acids for 
hydrophobic bonds formation. Besides, PTPRC interacts with GLN A: 
125, and ARG A: 245 residues by forming hydrogen bonds and LEU A: 
1215, PHE A: 1290 residues through hydrophobic bonds generation 
(Fig. 9 and Table 4).

3.7. Molecular dynamics simulation (MDS) trajectory analysis

3.7.1. RMSD analysis
The root mean square deviation (RMSD) in MDS is a metric used to 

quantify the average distance traveled by a specific atom over a certain 
period, relative to a reference time frame (Zarezade et al. [64]). The 
RMSD of the drug candidate compound CID-442089 (stevioside) and the 
control drug CID- 9549238 complex structure has been evaluated with 
the PPARG (PDB ID: 2HFP) to analyze the alterations in the order in 
Fig. 10 (A). For PPARG, the compound CID-442089 showed a slight 
upward trend for 1 ns (between 6 and 7 ns) where complexes Cα atoms 
were within fluctuations range <3 Å. The RMSD curve for the compound 
was similar to the curve of control. After 87 ns, the compound 
CID-442089 showed minor fluctuations that were considered acceptable 
when compared to the structure of the native protein. Similarly, in 
Fig. 10 (B) the RMSD of drug candidate compound CID-442089 (ste
vioside) and the control drug CID-3371 with the PTGS2 (PDB ID: 5IKV) 
has been calculated. Complexes Cα atoms showed the highest fluctua
tion at 48ns against compound but overall, the fluctuation range was 
within 1–3 Å. Overall, the RMSD plot suggests compound CID-442089 is 
stably bound to PPARG and PTGS2.

3.7.2. RMSF analysis
In MDS, any local conformational changes experienced by proteins 

chain are assessed by root mean square fluctuation (RMSF) (Du et al. 
[65]). These values were evaluated and plotted to compare the flexi
bility of individual residues in the protein-ligand complexes. During the 
100 ns simulation, the protein-RMSF complexes showed minimal vari
ation. A larger RMSF value indicates greater flexibility in the residue, 
while a lower RMSF value indicates more excellent stability (Zarezade 
et al. [66]). The C-terminus and N-terminus of a protein and loop regions 
are more flexible during the MDS than secondary structures and residues 
that interact with other molecules (Safavi et al. [67]) and so was in this 
study. The RMSF values of the experimental drug candidate compound 
CID-442089 (stevioside) and the control drug CID-9549238 bound to 
PPARG (PDB ID: 2HFP) were calculated to assess how ligand attachment 
affects the flexibility of a specific residue position in the protein struc
ture in Fig. 11 (A). Additionally, Fig. 11 (B) displays the RMSF values of 
the drug candidate compound CID-442089 (stevioside) and the control 
drug CID-3371 when interacting with the PTGS2 protein (PDB ID: 5IKV). 
For PPARG, the RMSF values of most of the remains were identical with 
a few exceptions. Apart from a few residues, most were less than 2 Å. In 
the case of PTGS2, RMSF values fluctuated reaching a 4.9 Å value for 
CID-442089. The majority of the residue for compound CID-442089 
showed a similar curve with the control drug CID-3371. These RMSF 
values indicate that binding the ligand did not interfere with the protein 
structure, which aligns with the RMSD results.

3.7.3. Radius of gyration (Rg) analysis
The Rg value in MDS measures a molecule’s compactness level. This 

measurement estimates the root mean square displacement of the atoms 
relative to the center of mass. The Rg value is inversely proportional to 
the compactness of the protein (Safavi et al. [67]). Stability of the drug 
candidate compound CID-442089 (stevioside) and control CID-9549238 
with the target protein was evaluated by analyzing the Rg values during 
a 100-ns simulation in Fig. 12 (A). The Rg values for the compound 

Fig. 8. Gene regulatory network analysis through A) mirTarbase B) Tarbase database. Circular and square shapes indicate the DEGs and mRNA.
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CID-442089 (stevioside) and the control CID-9549238 with PPARG 
(PDB ID: 2HFP) were calculated at 6.0 Å and 5.0 Å, suggesting that the 
binding of the ligand did not create structural alterations in the protein’s 
binding site. Stability of the drug candidate compound CID-442089 
(stevioside) and the control drug CID-3371 with the selected protein 
PTGS2 (PDB ID: 5IKV) was assessed in Fig. 12 (B). The calculated values 
were 6.8 Å and 3.7 Å, respectively, indicating that the binding of these 
ligand compounds does not significantly alter the structure of the pro
tein’s binding site.

3.7.4. Evaluation of intramolecular bonds
The stacked bar charts (Fig. 13) depict the duration and character

istics of interactions throughout the course. Receptor-ligand interactions 
are facilitated via hydrophobic, ionic, hydrogen bonds, and water 
bridges assigned by different colors in the chart representing these in
teractions. The y-axis depicts the fraction of residues, whereas the x-axis 
represents the individual residues. A residue fraction 0.5 indicates that 
the contact is maintained for 50 % of the simulation time. When com
bined with the interactions bar chart, the residue interaction diagram 
provides a comprehensive understanding of the interactions occurring 
during the simulation (AbdElmoniem et al. [68]). During the 100 ns 
simulation, an analysis was conducted on the protein complex and its 
intermolecular interactions with the designated ligands using the 
Simulation Interactions Diagram (SID). The drug candidate compound 
CID-442089 (stevioside) and the control drug CID-9549238 interact 
with the targeted proteins PPARG (PDB ID: 2HFP). Compound 
CID-442089 maintains strong hydrogen bonds with GLU140 (190 %), 
SER143 (80 %), ASN144 (60 %) of A chain and SER143 (80 %), ASP229 
(100 %), GLN241 (90 %) and ARG333 (80 %) of B chain. In the control 
drug more hydrophobic and water bridge bonds formed with PTGS2 

shown in Fig. 13 (A).
For PPARG, compound CID-442089 (stevioside) maintains hydrogen 

bonds with ASP396 (80 %), THR440 (50 %), and ARG443 (100 %) 
residue. In addition, it forms hydrophobic interaction with GLU324 (90 
%), ASP396 (90 %), MET439 (80 %), and ARG443 (50 %) of PPARG. In 
control drug water bridges, hydrophobic, and hydrogen bonds formed 
with PPARG shown in Fig. 13 (B). These interactions persisted 
throughout the simulation, facilitating the formation of a stable binding 
with the target proteins.

3.8. MM/GBSA analysis for binding free energy calculation

The MM/GBSA analysis was employed to calculate the ligand- 
binding free energy to the protein receptor. The highly negative net 
binding energies observed in all the docked and control complexes 
support the formation of strong intermolecular systems and stable 
complexes. The average binding energies of the complex structures in 
the case of PTGS2, CID-442089 (stevioside) shows higher negative 
binding free energy − 111.55 kcal/mol compared to control − 46.55 
kcal/mol (Fig. 14 A). Again, the PPARG complex shows slightly lower 
binding energy with CID-442089 (stevioside) − 72.88 kcal/mol 
compared to control − 77.46 kcal/mol (Fig. 14 B).

4. Discussion

T2D is a multifaceted disease characterized by a range of health is
sues and severe complications. While current medications raise safety 
concerns, it is essential to explore new therapies, including herbal 
treatments, for effective management of T2D. Previous study showed 
that phytochemical stevioside is one of the major diterpene glycoside 

Table 4 
Docking results of stevioside and four hub proteins.

Potential target 
(PDB ID)

Structure of lead compound Binding affinity 
(kcal/mol)

Interaction of amino acid

CXCL8 (6XMN)

(Stevioside)

− 6.1 Hydrogen bond Hydrophobic bond
TYR 13, LYS 11, ILE 10, CYS 9, GLN 8, and 
CYS 50

PHE 17, and LEU 49

PPARG (2HFP)

(Stevioside)

− 8 GLN 444, TYR 477, ARG 443, SER 394, 
and GLN 410

LEU 270, HIS 266, LYS265, GLU291, 
ILE267, and ARG288

PPARG (2HFP)

(Control)

− 6 LYS 265, SER 342, CYS 285, LEU 330, ARG 
288, GLY 284, and ILE 341

HIS 266, ARG 280, ILE 281, MET 348, 
and VAL 339

PTGS2 (5IKV)

(Stevioside)

− 10.1 SER 143, GLU 236, GLU 140, ASN 144, and 
SER 146

LEU 224, LEU 145, and LEU 145

PTGS2 (5IKV)

(Control)

− 8.2 HIS 386, and HIS 388 PHE 210,and LEU 391

PTPRC (5FMV)

(Stevioside)

− 7.8 ARG 245, and GLN 125 PHE 1290, and LEU 1215
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from the S. rebaudiana exhibits insulinotropic, hypoglycemic, and blood 
pressure-lowering properties (Chen et al. [28]; Sukhmani et al. [18]). In 
this study, we applied network pharmacology approach and molecular 
docking to predict and elucidate the potential pathways and therapeutic 
targets of stevioside against T2D.

In this study, the KEGG, Reactome and Wiki pathways revealed that 
arachidonic acid metabolism, prostaglandin synthesis and regulation, 
IL-17 signaling pathway, IL-18 signaling pathway, signaling by in
terleukins, and atherosclerosis are significant pathways. Arachidonic 
acid is a potent inducer of insulin secretion however, depending on the 
cells and tissues involved, its derivatives exhibit varying contributions to 
insulin resistance (Sonnweber et al. [69]; Luo et al. [70]). PTGS2 is 
involved in the metabolism of arachidonic acid to prostaglandin G2. 
Increased PTGS2 expression has been observed in islet cells obtained 
from mouse models of obesity and diabetes, as well as from deceased 
human organ donors with diabetes. Hence, the beta-cell function is 
significantly regulated by PTGS2 and its metabolites (Kimple et al. [71]; 
Carboneau et al. [72]; Bosma et al. [73]). Our findings revealed that 
stevioside targets PTGS2 which is involved in the arachidonic acid 

metabolism and prostaglandin synthesis pathways. Consequently, tar
geting this pathway stevioside may control T2D.

A shared molecular framework exists between the inflammatory and 
insulin signaling pathways, which contribute to the advancement of 
insulin resistance and endothelial dysfunction. These interconnected 
processes collectively increase the susceptibility to cardiovascular dis
orders (Odegaard et al. [74]). Elevated expression of IL-17 through 
activating the NFkB pathway are linked to the pathophysiology of T2D 
(Elahi et al. [75]). It is well-recognized that proinflammatory cytokines 
suppress insulin signaling, resulting in insulin resistance and the emer
gence of T2D (Moneim et al. [76]). Serum concentrations of IL-18 
exhibit a direct correlation with BMI, adiposity, and insulin resistance 
and remain elevated in newly diagnosed people with T2D (Zaharieva 
et al. [77]). The serotonergic system contributes substantially to regu
lating glucose homeostasis playing role in T2D (Iordanidou et al. [78]). 
This study identified PPARG, PTGS2, CXCL8, CCL2, and EDN1 involved 
with this significant pathways, and stevioside targets these pathways 
related to T2D.

Protein-protein interaction and hub proteins were also assessed, 

Fig. 9. Binding interaction analysis of hub proteins and stevioside. (A) PPARG (PDB ID: 2HFP) complex of control (top) and stevioside (bottom); (B) PTGS2 (PDB ID: 
5IKV) complex of control (top) and stevioside (bottom) (C) CXCL8 protein (PDB ID: 6XMN) with stevioside (top) and PTPRC protein (PDB ID: 5FMV) with stevioside 
target molecule (bottom).
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where six common hub proteins (PPARG, PTGS2, CXCL8, CCL2, PTPRC, 
and EDN1) were obtained which commonly played an essential role in 
the pathogenesis of T2D. Among them, docking studies revealed that 
stevioside maintains a great binding affinity with PPARG and PTGS2. 
Prostaglandin-endoperoxide synthase-2 (PTGS2), which makes prosta
glandins negatively influence the regulation of glucose-stimulated in
sulin secretion and act as mediators during the inflammatory response 
that is linked to insulin resistance (Konheim and Wolford [79]). A study 
demonstrated that long non-coding RNA PTGS2 negatively affects the 
functionality of islet β-cells through its regulation of miR-146a-5p and 
subsequent upregulation of retinol-binding protein 4 (RBP4) (Chen et al. 
[80]). In contrast, the administration of stevioside in mice resulted in the 
inhibition of pro-inflammatory cytokine production and expression of 
PTGS2 (Yingkun et al. [81]). Stevioside (10 nM–1 μM), exhibits the 
capability to diminish the secretion of glucagon. This effect is potentially 
mediated through an increase in mRNA levels of carnitine palmitoyl
transferase, PPARG, and stearoyl-CoA desaturase (Hong et al. [82]). 
Stevioside modulates blood glucose levels by increasing insulin 

secretion and suppressing PEPCK gene expression in the liver of rats 
(Chen et al. [29]). This dual mechanism of action leads to reduced 
plasma glucose levels in diabetic rats, as evidenced by the ability of 
stevioside to enhance insulin secretion from mouse islets and the β cell 
line INS-1 (Jeppesen et al. [21]). Again, peroxisome proliferator acti
vated receptor gamma (PPARG) plays an important role in lipid and 
glucose homeostasis (Mal et al. [83]). It regulates the expression of 
numerous adipose tissue-secreted factors that have a positive or negative 
effect on insulin sensitivity (Longo et al. [84]). Glucose homeostasis 
genes, such as glucose transporter type 4 (Glut4) are upregulated by 
PPARG (Wang et al. [85]; Ahmadian et al. [86]). Thiazolidinediones a 
type of PPARG agonist used against T2D, but they have several adverse 
effects (Lalloyer and Staels [87]). Natural compound stevioside, upre
gulates PPARG by activating the PI3K/AKT signaling pathway, which 
has been shown to reduce inflammation and neuronal apoptosis in rats 
(Zhang [88]; Bruun et al. [89]; Straczkowski et al. [90]). These obser
vations enhance the utilization of stevioside in the context of counter
acting insulin resistance or enhancing insulin sensitivity in individuals 

Fig. 10. The RMSD values of 100 ns MDS assessment for the two ligand molecules in complex with the targeted protein (A) CID-442089 (stevioside) with PPARG 
(blue), CID- 9549238 (control) with PPARG (orange) and (B) CID-442089 (stevioside) with PTGS2 (blue), CID- 3371 (control) with PTGS2 (orange).
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with T2D. In this analysis, we predicted that stevioside may target and 
modulate the PPARG and PTGS2 hub proteins, thus controlling T2D.

In addition, protein tyrosine phosphatase receptor type C (PTPRC), 
also known as CD45, plays a critical role in the development of lym
phocytes, the transduction of signals from antigen receptors, and the 
regulation of signals originating from integrin and cytokine receptors 
(Hermiston et al. [91]). Protein tyrosine phosphatases are inhibitory 
regulators of insulin signal transduction in diabetes (Prabhakar et al. 
[92]). Besides, CXCL8 induces chemotaxis in its target cells, including 
T-cells, neutrophil granulocytes, basophils, and adipocytes (Omatsu 
et al. [93]). Clinical research has suggested that the adipocyte-secreted 
CXCL8 may be linked to issues such as T2D, which is associated with an 
excessive buildup of intra-abdominal fat (Straczkowski et al. [90]). Our 
result also shows PTPRC and CXCL8 as a key hub protein targeted by 
stevioside.

Relationships between TFs and DEGs were explored in depth and 
discovered 18 TFs, of which FOXC1, GATA2, STAT3, and YY1 were 
significantly enriched and displayed more interactions with DEGs. Re
searchers found GATA2 may be relevant as a risk factor for coronary 
artery disease and its key risk factors, including T2D, hypertension 

(HTN), and dyslipidemia (Muiya et al. [94]). Again, YY1 is a tran
scriptional activator that plays a role in the expression of the insulin 
gene. It aids in the maturation and functioning of β-cells following birth 
(Liu et al. [95]). MicroRNAs have been identified as significant con
tributors in regulating pathways associated with T2D. Furthermore, 
these candidates exhibit potential as biomarkers for screening and 
diagnosing early onset, progression, and complications associated with 
T2D (Pordzik et al. [96]). Recent studies have demonstrated a significant 
association between the development and progression of T2D and the 
presence of hsa-mir-124–3p (Zhu et al. [97]). In this study, it was 
observed that hsa-mir-1-3p, hsa-mir-124–3p, and hsa-mir-155–5p 
exhibited the highest levels of expression among the microRNAs studied 
and these microRNAs demonstrated a more pronounced correlation with 
stevioside targeted DEGs.

Molecular docking approach was employed to verify the molecular 
interaction between stevioside and the common hub targets (PPARG, 
PTGS2, PTPRC, and CXCL8). The experimental findings revealed that 
most of hub targets exhibited distinct binding activity. Notably, PPARG 
demonstrated a binding energy of − 8 kcal/mol, while PTGS2 exhibited a 
stronger binding energy of − 10.1 kcal/mol. These results suggest that 

Fig. 11. The RMSF values of 100 ns MDS assessment for the two ligand molecules in complex with the targeted protein (A) CID-442089 (stevioside) with PPARG 
(blue), CID- 9549238 (control) with PPARG (orange) and (B) CID-442089 (stevioside) with PTGS2 (blue), CID- 3371 (control) with PTGS2 (orange).

A. Dutta et al.                                                                                                                                                                                                                                   Diabetes & Metabolic Syndrome: Clinical Research & Reviews 18 (2024) 103111 

14 



both PPARG and PTGS2 have the capability to interact with their 
respective compounds tightly, indicating their potential significance in 
the management of T2D. Stabilizing the ligand at the binding interface is 
highly dependent on hydrophobic interactions. The targeted molecules 
may have many hydrophobic atoms to improve the drug-target inter
action (Patil et al. [98]). The presence of hydrogen bonds increases the 
specificity of ligand binding (Wade et al. [99]). Our interaction study 
suggests hydrogen bonding and hydrophobicity are important consid
erations when developing a drug candidate for modulating PPARG and 
PTGS2.

Molecular dynamics for 100-ns was executed using the Schrodinger 
package software (Desmond Application), including relevant physico
chemical and physiological parameters (Abdullah et al. [100]) to verify 
the stability of protein-ligand complexes. The structural compactness of 
complex can be determined by examining the RMSD value. The RMSF 
value is utilized to quantify the time-dependent variations in the 
protein-ligand complex (Shukla and Tripathi [101]). Within intricate 
systems, lower RMSD values imply the best stability of the compounds, 
while higher RMSF values suggest lower compactness of the 
protein-ligand complex (Saber et al. [102]). Stevioside (CID-442089) 

showed the potent RMSF and RMSD values with both the targeted 
proteins PPARG and PTGS2 compared to the control drug. In the case of 
both PPARG and PTGS2 proteins, a lower Rg value signifies a higher 
degree of compactness, while a higher Rg value indicates the dissocia
tion of the compounds from the protein (Khan et al. [103]; Khan et al. 
[104]). Stevioside exhibited a slightly higher Rg value when compared 
to the control drug about the targeted proteins PPARG and PTGS2. In 
addition, the "Simulation Interaction Diagram” (SID) was employed to 
analyze the intermolecular interactions between proteins and specific 
ligands throughout a simulation period of 100 ns. The simulation 
revealed that the ligands formed multiple connections with the targeted 
proteins through hydrogen bonding, hydrophobic bonding, ionic 
bonding, and water bridge bonding. These connections persisted 
throughout the simulation, thereby promoting the establishment of 
stable binding between the ligands and the proteins. Furthermore, the 
MM/GBSA values suggest that stevioside maintains stable binding af
finity with the specific protein targets PPARG and PTGS2.

The clinical relevance of the findings lies in the fact that previous 
research has indicated that thiazolidinediones (TZDs) such as rosiglita
zone and pioglitazone preferentially focus on and stimulate PPARG, 

Fig. 12. The radius of gyration (Rg) values of 100 ns MDS assessment for the two ligand molecules in complex with the targeted protein (A) CID-442089 (stevioside) 
with PPARG (blue), CID- 9549238 (control) with PPARG (orange) and (B) CID-442089 (stevioside) with PTGS2 (blue), CID- 3371 (control) with PTGS2 (orange).
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hence improving insulin sensitivity and glucose metabolism in in
dividuals with T2D (Nanjan et al. [15]). Their usage is declining due to 
many adverse effects, including weight gain, fluid retention, and an 
elevated risk of heart failure (Won [105]). This study revealed that 
stevioside interacts with PPARG and PTGS2, which could also serve as 
therapeutic targets for controlling T2D. Stevioside has not yet been 
associated with any adverse effects (Sukhmani et al. [18]) and its 
cost-effective nature makes it an ideal prescription choice. Further 
in-vivo and in-vitro studies are needed to confirm target proteins as 
therapeutic targets of stevioside in controlling T2D. However, due to its 
potential benefits, clinicians may consider stevioside as an adjunct 
therapy for T2D. One study found that stevioside remains indigestible as 
it passes the upper gastrointestinal tract and converts to steviol when it 
encounters intestinal microflora. It is absorbed, and a large fraction is 
conjugated to steviol glucuronide in the liver, which also has an 
anti-hyperglycemic effect (Simoens et al. [106]). Future research should 
explore the potential interactions between steviol glucuronide with 
PTGS2 and PPARG to elucidate its role in the management of T2D.

5. Conclusions

The research highlights the therapeutic potential of stevioside, in 

controlling T2D by targeting key molecular pathways and hub proteins. 
By integrating network pharmacology, molecular docking, and dy
namics simulations, this study identified key molecular pathways and 
hub proteins, including PPARG and PTGS2, that stevioside targets in 
T2D management. Prostaglandin synthesis and regulation, IL-17 
signaling, and inflammatory response are relevant pathways for T2D 
enriched by hub proteins. Network pharmacology analysis revealed the 
interaction of stevioside with six common hub proteins: PPARG, PTGS2, 
PTPRC, CCL2, EDN1, and CXCL8, which play significant roles in T2D. 
Molecular docking and dynamics simulations indicated that stevioside 
forms stable bonds with PPARG (− 8 kcal/mol) and PTGS2 (− 10.1 kcal/ 
mol). This investigation has contributed to the advancement of under
standing regarding the specific target of stevioside for T2D, which holds 
potential significance in controlling and treating T2D. However, this 
analysis was primarily computational, further in-vivo and in-vitro ex
periments are needed to verify this in-silico study.

Limitations

The current study has certain limitations. The findings are based on 
the available data in the specified database. It is important to note that 
using various databases may lead to variations in the results. Hence, 

Fig. 13a. (A) The stacked bar charts represent protein-ligand intramolecular bond interactions during 100 ns simulation. The figure represents the interaction of two 
ligands with targeted protein PTGS2, where the top one is compound CID-442089 (stevioside), and the bottom one is the control drug CID-3371.
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further research should prioritize the multi-database analysis and 
regularly update databases. The sample size in this study was small, and 
one sample source was adipocyte tissue instead of pancreatic tissue. It is 
necessary to conduct more research to ensure the credibility of the 
conclusions drawn from this study. Therefore, further in-vivo, in-vitro, 
and clinical studies should be performed to verify this in-silico study.
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Stevia and stevioside protect against cisplatin nephrotoxicity through inhibition 
of ERK1/2, STAT3, and NF-κB activation. Food Chem Toxicol 2017;107:215–25.

[23] Boonkaewwan C, Toskulkao C, Vongsakul M. Anti-inflammatory and 
immunomodulatory activities of stevioside and its metabolite steviol on THP-1 
cells. J Agric Food Chem 2006;54(3):785–9.

[24] Alavala S, et al. Stevioside, a diterpenoid glycoside, shows anti-inflammatory 
property against Dextran Sulphate Sodium-induced ulcerative colitis in mice. Eur 
J Pharmacol 2019;855:192–201.

[25] Wan J, et al. Stevioside protects primary articular chondrocytes against IL-1β- 
induced inflammation and catabolism by targeting integrin. Int Immunopharm 
2023;119:110261.

[26] Hao W, Yu T, Zuo D, Hu H, Zhou P. Stevioside attenuates bleomycin-induced 
pulmonary fibrosis by activating the Nrf2 pathway and inhibiting the NF-κB and 
TGF-β1/Smad2/3 pathways. Exp Lung Res 2023;49(1):205–19.

[27] Casas-Grajales S, et al. Antioxidant and immunomodulatory activity induced by 
stevioside in liver damage: in vivo, in vitro and in silico assays. Life Sci 2019;224: 
187–96.

[28] Chen J, Jeppesen PB, Nordentoft I, Hermansen K. Stevioside counteracts the 
glyburide-induced desensitization of the pancreatic beta-cell function in mice: 
studies in vitro. Metabolism 2006;55(12):1674–80. https://doi.org/10.1016/j. 
metabol.2006.08.009.

[29] Chen T-H, Chen S-C, Chan P, Chu Y-L, Yang H-Y, Cheng J-T. Mechanism of the 
hypoglycemic effect of stevioside, a glycoside of Stevia rebaudiana. Planta Med 
2005;71(2):108–13.

[30] Stupnikov A, et al. Robustness of differential gene expression analysis of RNA-seq. 
Comput Struct Biotechnol J 2021;19:3470–81. https://doi.org/10.1016/j. 
csbj.2021.05.040.

[31] Davis AP, et al. The comparative toxicogenomics database: update 2019. Nucleic 
Acids Res 2019;47(D1):D948–54.

[32] Hewett M, et al. PharmGKB: the pharmacogenetics knowledge base. Nucleic Acids 
Res 2002;30(1):163–5.

[33] Kuhn M, von Mering C, Campillos M, Jensen LJ, Bork P. STITCH: interaction 
networks of chemicals and proteins. Nucleic Acids Res 2007;36(suppl_1):D684–8.

[34] Wang X, et al. PharmMapper 2017 update: a web server for potential drug target 
identification with a comprehensive target pharmacophore database. Nucleic 
Acids Res 2017;45(W1):W356–60.

[35] Gfeller D, Grosdidier A, Wirth M, Daina A, Michielin O, Zoete V. 
SwissTargetPrediction: a web server for target prediction of bioactive small 
molecules. Nucleic Acids Res 2014;42(W1):W32–8.

[36] Gaulton A, et al. ChEMBL: a large-scale bioactivity database for drug discovery. 
Nucleic Acids Res 2012;40(D1):D1100–7.

[37] Geer LY, et al. The NCBI biosystems database. Nucleic Acids Res 2010;38(suppl_ 
1):D492–6.

[38] Kaussner A, Grein M, Krüger H-P, Noltemeier H. In: An architecture for driving 
simulator databases with generic and dynamically changing road networks; 2001.

[39] Rahman MH, et al. Bioinformatics and system biology approaches to identify 
pathophysiological impact of COVID-19 to the progression and severity of 
neurological diseases. Comput Biol Med 2021;138:104859.

[40] Oliveros JC. In: VENNY. An interactive tool for comparing lists with Venn 
Diagrams; 2007. bioinfogp.cnb.csic.es/tools/venny/index.html.

[41] Kanehisa M. The KEGG database. In: In Silico’Simulation of biological processes: 
novartis foundation symposium, vol. 247; 2002. p. 91–103. 247.

[42] Belenahalli Shekarappa S, Kandagalla S, Hanumanthappa M. A network 
pharmacology approach to investigate the pharmacological effect of curcumin 
and capsaicin targets in cancer angiogenesis by module-based PPI network 
analysis. J Protein Proteonomics 2019;10:109–20.

[43] Darbeheshti F, Rezaei N, Amoli MM, Mansoori Y, Tavakkoly Bazzaz J. Integrative 
analyses of triple negative dysregulated transcripts compared with non-triple 
negative tumors and their functional and molecular interactions. J Cell Physiol 
2019;234(12):22386–99.

[44] Wang J, Zhong J, Chen G, Li M, Wu F, Pan Y. ClusterViz: a cytoscape APP for 
cluster analysis of biological network. IEEE ACM Trans Comput Biol Bioinf 2014; 
12(4):815–22.

[45] Chin C-H, Chen S-H, Wu H-H, Ho C-W, Ko M-T, Lin C-Y. cytoHubba: identifying 
hub objects and sub-networks from complex interactome. BMC Syst Biol 2014;8 
(4):1–7.
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