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Abstract
Purpose  With the increasing incidence and mortality rate of type 2 diabetes mellitus (T2DM), alternative management 
options with better efficacy and less adverse effects are continuously being researched. Despite reports validating the anti-
diabetic property of Momordica balsamina, computational bioprospection for its putative antidiabetic leads and mechanism 
of action remain elusive.
Method  The study employed network pharmacology, molecular docking, molecular dynamics simulation, density functional 
theory, and in silico pharmacokinetics prediction to identify the putative leads and discern the antidiabetic mechanism of 
action M. balsamina.
Result  An initial screening of the 74 compounds retrieved from M. balsamina showed oral drug-likeness while gene 
ontology analysis identified EGFR tyrosinase kinase inhibitor as the most significant pathway with IGF1R and GSK3B 
being the most prominent genes in the pathway. Analysis of the binding interactions of the top-ranked compounds and the 
genes revealed that except for myricetin-GSK3B complex, other resulting complexes had lower binding free energy values 
for the genes relative to the standard gene inhibitors. Kaempferol-3-O-glucoside (-51.50 ± 7.97 kcal/mol) and balsaminoside 
B (-61.79 ± 7.35 kcal/mol), however, presented superior binding affinities with IGF1R and GSK3B, respectively, suggestive 
of their better potential to interact and downregulate the genes than other top M. balsamina compounds.
Conclusion  Evidence from this study is the potential of M. balsamina compounds to downregulate IGF1R and GSK3B 
expressions and formation of thermodynamically stable and compact interactions with the genes for glucose homeostasis 
via insulin sensitivity and glycogen metabolism regulation. Thus, the identified leads can be further explored as possible 
candidates for antidiabetic drug development.

Keywords  Bioprospection · Momordica balsamina · Molecular dynamic simulation · Network pharmacology · Type 2 
diabetes mellitus
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ROG	� Radius of Gyration
MM/GBSA	� Molecular Mechanics with Generalized 

Born Surface Area
LUMO	� Lowest Unoccupied Molecular Orbital
HOMO	� Highest Occupied Molecular Orbital

1  Introduction

As part of the continuous efforts to reduce the failure 
rates at clinical phase of drug development and cost of 
production of more effective therapeutics, computer-
aided drug design has proven to be an efficient and reli-
able tool [1]. Of significance is network pharmacology 
(NP), an established computational technique employed 
in investigating the underlying mechanism of drugs 
relative to the biological targets involved in a partic-
ular disease [2]. The technique has been used to elu-
cidate the intricate relationship between the bioactive 
constituents of medicinal plants and metabolic diseases 
including type 2 diabetes mellitus (T2DM), a disease 
requiring safer and more effective treatment alterna-
tive due to its rising and predicted incidence rate [3–5]. 
Besides NP, molecular dynamics (MD) simulation has 
also been used to analyze the degree of affinity, stability 
and interactions between hit compounds and biological 
targets [6, 7].

Studies have employed both NP and MD simulation to 
assess plant constituents for the signaling pathways and 
genes they could target for further consideration in the 
development of potent antidiabetic drug candidates. For 
example, Akoonjee et al. [4] profiled Khaya grandifoliola 
metabolites and identified PRKCA and MMP2 as the tar-
get genes while Gogoi et al. [8] documented GSK3B as 
most significant target with auraptene, anisessine, and 
adhatodine from North-East India antidiabetic plants. 
However, the putative mechanism of action via signaling 
pathways and genes of several antidiabetic plants includ-
ing Momordica balsamina are limited.

Commonly known as Balsam apple or African pump-
kin, M. balsamina belongs to the family Cucurbitaceae and 
is widely distributed across tropical, subtropical regions, 
and parts of Africa, including South Africa [9, 10]. Tradi-
tionally, this plant has been used to treat ailments such as 
hepatitis, rheumatism, wounds, gastroenteritis, syphilis, 
fever, and diabetes [11]. Phytochemical studies reveal that 
M. balsamina contains flavonoids, phenolics, triterpenoids, 
carotenoids, sterols, and cucurbitanes which contribute to 
its biological activities including diabetes management 
[12–14]. The methanolic extract of M. balsamina reportedly 
produced hypoglycemic effect in animal model studies [15, 
16]. Similarly, betulinic acid from the plant was proposed 

by Kabir et al. [17] as one of the potential lead compounds 
contributing to the observed antidiabetic activity in STZ-
induced diabetic rats. Despite these studies, the mechanisms 
of antidiabetic action of M. balsamina remain poorly under-
stood. Therefore, this study employed both NP and MD 
simulation to decipher the possible signaling pathways and 
genes implicated in M. balsamina and T2DM.

2  Methods

2.1  Retrieval and Screening of M. balsamina 
Compounds

Momordica balsamina compounds were retrieved from 
PubMed server (​h​t​t​p​​s​:​/​​/​p​u​b​​m​e​​d​.​n​​c​b​i​.​​n​l​m​​.​n​i​​h​.​g​o​v​/) using 
the search term bioactive + compounds + of + Momordica 
+ balsamina) (accessed on 2 October 2023), and Dr. Duke 
phytochemical and ethnobotanical database (​h​t​t​p​​s​:​/​​/​p​h​y​​t​o​​
c​h​e​​m​.​n​a​​l​.​u​​s​d​a​​.​g​o​v​/) (accessed on 4 October 2023). These 
compounds were screened for oral drug-likeness proper-
ties using the Lipinski rule of five (Ro5) by inputting their 
canonical Simplified Molecular Input Line Entry System 
(SMILES) obtained from PubChem (​h​t​t​p​​s​:​/​​/​p​u​b​​c​h​​e​m​.​​n​c​b​
i​​.​n​l​​m​.​n​​i​h​.​g​o​v​/) into the SwissADME server ​(​(​​​h​t​t​p​:​/​/​s​w​i​s​s​
a​d​m​e​.​c​h​/​i​n​d​e​x​.​p​h​p​​​​​) [18].

2.2  Retrieval of T2DM and M. balsamina Genes

The DisGeNet (​h​t​t​p​​s​:​/​​/​w​w​w​​.​d​​i​s​g​​e​n​e​t​​.​o​r​​g​/​s​​e​a​r​c​h) [19] 
and the Online Mendelian Inheritance in Man (OMIM) 
(​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​m​​.​n​i​​h​.​g​​o​v​/​o​m​i​m) [20], were accessed 
for T2DM genes in Homo sapiens mode while the genes 
for M. balsamina compounds were retrieved from the 
SEA (Similarity Ensemble Approach) (http://sea.bkslab.
org/) and Swiss Target Prediction (STP) (​h​t​t​p​​:​/​/​​w​w​w​.​​s​w​​i​
s​s​​t​a​r​g​​e​t​p​​r​e​d​​i​c​t​i​o​n​.​c​h​/) using their SMILES. The common 
genes between T2DM and M. balsamina compounds were 
obtained using the VENNY 2.1 tool (​h​t​t​p​​s​:​/​​/​b​i​o​​i​n​​f​o​g​​p​.​c​n​​b​.​
c​​s​i​c​​.​e​s​/​t​o​o​l​s​/​v​e​n​n​y​/).

2.3  Protein-protein Interaction and Pathway 
Compound Target Network Construction of 
Intersecting Targets

The protein-protein interaction (PPI) of the identified 
common genes between T2DM and M. balsamina 
compounds was constructed with the STRING database 
Version 11.0b (https://string-db.org/) at a confidence level 
of P > 0.4. The pathway compound target (PCT) network  
was constructed using Cytoscape’s merge algorithm  
plugin (Cytoscape 3.8.2) by first obtaining the gene-gene 
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interaction (GGI) between the common T2DM targets 
and M. balsamina compounds. The network was analyzed 
to identify the degree of interactions algorithm (Eq. 1) 
observable through the numbers of nodes (PCT) and edges 
(interactions) [21]. The network topology was analyzed 
using the CytoHubba module in Cytoscape (Cytoscape 
3.8.2 software) [22].

Deg (v) = |N (v)|� (1)

Where v is each node neighbor and N(v) is the node’s 
neighbors.

2.4  Gene Ontology (GO) Analysis of the Common 
Genes

The GO in Homo sapiens mode was analyzed using the 
Database for Annotation, Visualization, and Integrated 
Discovery (DAVID) database (​h​t​t​p​​s​:​/​​/​d​a​v​​i​d​​.​n​c​​i​f​c​r​​f​.​g​​o​v​/​​t​o​o​l​
s​.​j​s​p), an official gene symbol identifier [23].

2.5  Kyoto Encyclopedia of Genes and Genomes 
(KEGG) Analysis of the Common Genes

The KEGG pathways of the common genes were retrieved 
from the STRING database. The pathways closely related to 
T2DM were selected and the most significant pathway was 
identified using the false discovery rate (FDR) at a P-value 
< 0.05. The KEGG bubble plot and GO enriched bar chart 
were constructed using the SRC bioinformatics database 
(​h​t​t​p​​s​:​/​​/​w​w​w​​.​b​​i​o​i​​n​f​o​r​​m​a​t​​i​c​s​​.​c​o​m​.​c​n​/) [23].

2.6  Targets and Compounds Preparation for 
Molecular Docking

The 3D structures of the most enriched genes [IGF1R 
(PDB ID: 2OJ9) and GSK3B (PDB ID: 4ACD)] of the most 
significant pathway identified from the KEGG enrichment 
analysis were obtained from the RSCB protein Data Bank  
​(​​​h​t​t​p​s​:​/​/​w​w​w​.​r​c​s​b​.​o​r​g​/​​​​​)​. The 3D structures of the compounds 
that interacted with these genes, reference standard (met-
formin) and gene antagonists (7-[3-(azetidin-1-ylmethyl)
cyclobutyl]−5-(3-phenylmethoxyphenyl)pyrrolo[2,3-d]
pyrimidin-4-amine (Nvp-aew541) and 2-hydroxy-3-[5-
(4-morpholinylmethyl)−2-pyridinyl]−1 H-indole-5-carbo-
nitrile (AZD-1080) for IGF1R and GSK3B, respectively, 
were retrieved from PubChem (​h​t​t​p​​s​:​/​​/​p​u​b​​c​h​​e​m​.​​n​c​b​i​​.​n​l​​m​.​
n​​i​h​.​g​o​v​/). The target genes were optimized (by removing 
water molecules, protein residue connectivity, and missing 
side chains addition) using UCSF Chimera software V1.14 
[24] while the compounds were optimized by adding Gas-
teiger charges and non-polar hydrogen atom [25].

2.7  Molecular Docking and Molecular Dynamics 
(MD) Simulation of the Targets and Compounds

Docking of the optimized target genes and compounds was 
done using Autodock Vina Plugin on Chimera with well-
defined grid box coordinates, and dimensions [center (X: 
22.75; Y: −20.41; Z: 8.284) and dimension (40.08; Y: 35.49; 
Z: 29.43) for 4ACD) and center (X: −11.79; Y: 15.29; Z: 
71.72) and dimensions (X: 37.25; Y: 41.03; Z: 32.96) for 
2OJ9]. The docking protocol validation which was done 
to prevent pseudo-positive binding by ensuring the com-
pounds bind at similar binding pocket as the native ligand 
gave a Root Mean Square Deviation (RMSD) value of < 1.0 
Å (Fig. 1) [26]. The top-ranked compounds that produced 
the highest negative docking scores with each target were 
saved in pdb format. The complexes were prepped on UCSF 
Chimera by saving the compound and gene separately in. 
mol and.pdb extensions, respectively, for subsequent MD 
simulation analysis.

The MD simulation was carried out using the graphi-
cal processing unit (GPU) version with the AMBER 18 
package of the Centre for High Performance Computing 
(CHPC), Cape Town South Africa [6]. The study employed 
the AMBER 18 force field with FF18SB variant, and the 
simulation with a restraint in hydrogen atom bonds using 
the SHAKE algorithm of the SPFP precision model and 
simulation step size of 2 fs during the 120 ns simulation 
[27, 28]. The post-dynamics analysis of the RMSD, root 
mean square fluctuation (RMSF), solvent accessible sur-
face area (SASA), and radius of gyration (ROG), and num-
ber of hydrogen (H) bonds were done with the CPPTRAJ 
module of AMBER 18 suite, and their plots obtained using 
Origin software V18 (Origin Lab Corporation, Northamp-
ton, MA, USA). The molecular mechanics with the gen-
eralized born surface area method [MM/GBSA] was used 
to obtain energy components [29] while the 2D interaction 
plots of the resulting complexes were visualized on Dis-
covery Studio version 21.1.0.

2.8  Quantum Chemical Calculations for Top M. 
balsamina Metabolites

The DFT/B3LYP/631G/+ (d, p) basis set was employed for 
the molecular property prediction of top-ranked M. balsam-
ina compounds identified in the MD simulation [30, 31]. 
The Gaussian 16 program package of CHPC, Cape Town, 
South Africa and Gauss View V 6.0.16 were employed for 
the optimization and visualization, respectively [32]. The 
highest occupied molecular orbital (HOMO) and lowest 
unoccupied molecular orbital (LUMO) of the optimized 
compounds were analyzed using the Parr and Pearson 
interpretation of DFT and Koopmans theorem. Thereafter, 
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compounds with ≤ two (2) violations possess better oral 
drug-likeness profiles and suitable for possible development 
as antidiabetic agents.

3.2  Common Genes between M. balsamina and 
T2DM and PPI

The interactions between T2DM and M. balsamina 
compounds genes are shown in Fig. 2. Of the total 3134 
and 15,025 T2DM genes retrieved from DisGeNet and 
GeneCards, respectively, 2653 were found to overlap (Fig. 
2a), while 175 genes overlapped between the 6111 STP and 
1847 SEA genes obtained for the screened M. balsamina 
compounds (Fig. 2b). Interaction of these overlapping 
genes resulted in 57 common genes between T2DM and M. 
balsamina compounds (Fig. 2c). The PPI of the common 
genes produced 57 nodes, 271 edges, an average node 
degree of 9.51, average local clustering coefficient of 0.672, 
and an enrichment P-value of 1.0 × 10− 16. However, AMY1A 
and GPR35 were outliers, indicating their non-interaction 
with the whole network (Fig. 3). The observed PPI profile  
depicts M. balsamina relevance to target T2DM at the 
genetic level. Compounds with pharmacological effects at 
the molecular/genetic levels could possibly target multiple 
diseases since a particular gene can be implicated in several 
pathologies [37]. Flavonoids such as quercetin, kaempferol, 
and myricetin present in M. balsamina offer numerous 
pharmacological values including antidiabetic properties 
[38, 39]. Specifically, kaempferol has been reported to 
regulate lipid metabolism and enhance insulin receptor 

other chemical descriptors such as energy gap (ΔE), ioniza-
tion energy (I), electron affinity (A), chemical hardness (η), 
softness (δ), electronegativity (χ), chemical potential (Cp), 
global electrophilicity (ω) were estimated (Supplementary 
Table 1) [33–35].

2.9  Pharmacokinetics and Toxicity Profiles of the 
Top-Ranked Compounds of M. balsamina

The pharmacokinetics (absorption, distribution, metabo-
lism, excretion) properties of the top-ranked compounds of 
M. balsamina were estimated by inserting their SMILES 
into the SwissADME server [18] while their toxicities were 
predicted using the ProTox server (​h​t​t​p​​s​:​/​​/​t​o​x​​-​n​​e​w​.​​c​h​a​r​​i​t​e​​.​d​
e​​/​p​r​o​t​o​x​_​I​I​/) (accessed on 30 April 2024) [36].

3  Results and Discussion

3.1  Screening of M. balsamina Compounds

The antidiabetic mechanism of action of M. balsamina 
and identification of its potential lead compounds were 
explored using NP and MD simulation techniques. Of the 
seventy-four compounds retrieved from M. balsamina data 
mining, 13 violated three (3) Lipinski’s rule of five (Ro5) 
which states that H-bond donor, H-bond acceptor, molecu-
lar weight, lipophilicity, and bioavailability score should 
be ≤ 5, 10, 500 g/mol, 4.5, and 0.55, respectively (Table 1), 
and were hence excluded from the study. This suggests that 

Fig. 1  Superimposition of the top ranked compounds of M. balsam-
ina at the active site of the crystal structure of (a) IGF1R with 3-caf-
feoylquinic acid (brown), quercetin-3-O-glucoside (orange), quercetin 
3-galactoside (purple), melilotoside (green), kaempferol-3-O-gluco-
side (blue), and standards [Nvp-aew541 (red), metformin (white)] with 

the native gene inhibitor (black) and (b) GSK3B with balsaminoside B 
(green), balsaminoside C (blue), cucurbalsaminol A (pink), myricetin 
(yellow), quercetin-3-O-glucoside (orange), quercetin 3-galactoside 
(purple), and standards [AZD-1080 (red), metformin (white)] with the 
native gene inhibitor (black)
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Compound ID (C#) Compound name MW #H-bond acceptors #H-bond 
donors

iLOGP BS LV

1 +) -Dehydrovomifoliol 222.28 3 1 1.91 0.55 0
2 3,4-Dicaffeoylquinic acid 516.45 12 7 1.25 0.11 3
3 3,5-Dicaffeoylquinic acid 516.45 12 7 1.05 0.11 3
4 3-Caffeoylquinic acid 354.31 9 6 0.96 0.11 1
5 4,5-Dicaffeoylquinic acid 516.45 12 7 1.25 0.11 3
6 4- Caffeoylquinic acid 354.31 9 6 0.96 0.11 1
7 4-p-Coumaroylquinic acid 338.31 8 5 1.45 0.56 0
8 Balsaminagenin A 474.72 4 4 4.4 0.55 1
9 Balsaminagenin B 488.74 4 3 4.42 0.55 1
10 Balsaminagenin C 470.68 4 2 3.95 0.55 0
11 Balsaminapentaol A 490.72 5 5 3.71 0.55 0
12 Balsaminol A 474.72 4 4 3.99 0.55 1
13 Balsaminol B 488.74 4 3 4.57 0.55 1
14 Balsaminol C 470.68 4 2 3.95 0.55 0
15 Balsaminol D 430.62 4 2 3.13 0.55 0
16 Balsaminol E 456.7 3 2 4.38 0.55 1
17 Balsaminol F 458.72 3 3 4.24 0.55 1
18 Balsaminoside A 634.88 8 5 4.71 0.55 1
19 Balsaminoside B 620.86 8 6 4.57 0.17 2
20 Balsaminoside C 620.86 8 6 4.57 0.17 2
21 Catechin 290.27 6 5 1.47 0.55 0
22 4-Feruloylquinic acid 368.34 9 5 1.52 0.11 1
23 4-Coumaroylquinic acid 338.31 8 5 1.45 0.56 0
24 Cucurbalsaminol A 474.72 4 4 4.51 0.55 1
25 Cucurbalsaminol B 488.74 4 3 4.63 0.55 1
26 Cucurbalsaminol C 488.74 4 3 4.38 0.55 1
27 Cucurbitacin S 498.65 6 2 3.37 0.55 0
28 Cucurbitadienol 426.72 1 1 5.18 0.55 1
29 Fevicordin A 528.63 8 4 3.24 0.55 1
30 Kaempferol-O-rutinoside 594.52 15 9 2.79 0.17 3
31 Isorhamnetin-3-O-glucoside 478.4 12 7 1.21 0.17 2
32 Kaempferol 286.24 6 4 1.7 0.55 0
33 Kaempferol-3- O-rutinoside 594.52 15 9 2.79 0.17 3
34 Kaempferol-3-O-glucoside 448.38 11 7 0.53 0.17 2
35 Karavilagenin A 486.77 3 1 5.05 0.55 1
36 Karavilagenin C 472.74 3 2 4.91 0.55 1
37 Karavilagenin E 456.7 3 2 4.77 0.55 1
38 Karavoate A 514.78 4 1 5.31 0.17 2
39 Karavoate B 556.82 5 0 5.33 0.17 2
40 Karavoate C 528.81 4 1 5.45 0.17 2
41 Karavoate D 584.87 5 0 6.13 0.17 2
42 Karavoate E 542.83 4 1 5.86 0.17 2
43 Karavoate F 612.92 5 0 6.61 0.17 2
44 Karavoate H 680.95 5 0 5.91 0.17 2
45 Karavoate I 621.85 6 1 5.3 0.17 2
46 Karavoate J 770.95 9 0 5.47 0.17 3
47 Karavoate K 611.29 4 1 5.92 0.17 2
48 Karavoate L 749.85 5 0 5.99 0.17 2
49 Karavoate M 606.87 5 1 5.57 0.17 2
50 Karavoate N 741.01 7 0 7.05 0.17 2
51 Karavoate O 602.89 4 1 6.24 0.17 2
52 Karavoate P 733.03 5 0 6.54 0.17 2
53 Kuguacin B 456.7 3 2 4.55 0.55 1
55 Kuguacin C 414.62 3 1 3.79 0.55 1

Table 1  List of M. balsamina compounds used in this study and their oral drug-likeness properties
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3.3  Gene Ontology Analysis of the Common Genes 
between M. balsamina Compounds and T2DM

The GO analysis presented a total of 188 biological pro-
cesses (BP), 51 molecular functions (MF), and 23 cellu-
lar components (CC). A bar chart of the top 10 functional 

signaling pathways to bring about glucose homeostasis 
and prevent diabetic complications [40], while myricetin 
reportedly delayed cellular uptake of carbohydrates and 
enhance insulin secretion via the GLP-1 receptor agonist 
[41]. The presence of these compounds in M. balsamina 
supports its potential as an antidiabetic agent.

Fig. 2  Overlapping genes 
between a T2DM genes from 
DisGeNet and GeneCards b M. 
balsamina compounds’ genes 
from STP and SEA (c) T2DM 
and M. balsamina compounds

 

Compound ID (C#) Compound name MW #H-bond acceptors #H-bond 
donors

iLOGP BS LV

56 Kuguaglycoside A 634.88 8 5 3.66 0.55 1
57 Melilotoside 326.3 8 5 0.53 0.56 0
58 Methylquinic acid 368.34 9 5 1.33 0.11 0
59 Myricitin 318.24 8 6 1.08 0.55 1
60 Phenethyl rutinoside 430.45 10 6 1.98 0.55 1
61 Pseudolaroside A 330.29 9 5 1.13 0.56 0
62 Quercetin 302.24 7 5 1.63 0.55 0
63 Quercetin 3-galactoside 464.38 12 8 2.11 0.17 2
64 Quercetin-3,7-dirhamnoside 594.52 15 9 1.21 0.17 3
65 Quercetin-3,7-O-diglucoside 626.52 17 11 2.06 0.17 3
66 Quercetin-3-O-glucoside 464.38 12 8 2.11 0.17 2
67 Quercetin-3-O-robinobioside 610.52 16 10 1.58 0.17 3
68 Quercetin-3-O-robinoside 772.66 21 13 0.86 0.17 3
69 Quercetin-3-O-rutinoside 610.52 16 10 1.58 0.17 3
70 Quercetin-3-O-sambubioside 596.49 16 10 1.41 0.17 3
71 Quercetin-3-rutinoside 610.52 16 10 1.58 0.17 3
72 Verapamil 454.6 6 0 4.5 0.55 0
73 Quinic acid 192.17 6 5 −0.12 0.56 0
74 Rhamnetin-3-O-glucoside 462.4 11 6 2.81 0.17 2
aBS Bioavailability Score, LV Lipinski violation number

Table 1  (continued) 
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kinase, G-protein coupled receptors, and receptor complex 
reportedly implicated in insulin sensitivity and glucose 
homeostasis maintenance [46] were among the processes 
annotated in the GO analysis is indicative of M. balsam-
ina compounds potential to enhance insulin sensitivity and 
maintain glucose homeostasis. Furthermore, other anno-
tated processes indicate that M. balsamina could prevent 
pancreatic B-cell death via prevention of insulin resistance 
and mitochondria dysfunction and enhancement of glucose 
transport across the cell [47, 48].

3.4  KEGG Analysis of the Common Genes between 
M. balsamina Compounds and T2DM

The KEGG analysis identified 104 signaling pathways 
between the common genes of M. balsamina compounds 
and T2DM at a P-value < 0.05 (Supplementary Table 
2), with the EGFR tyrosine kinase inhibitor resistance 
and endocrine resistance being the first and second most 
significant pathways, respectively (Table 2; Fig. 5).  
The bubble plot of the top 10 signaling pathway related 
to T2DM identified in the KEGG enrichment analysis is 
shown in Fig. 6. The EGFR, a transmembrane receptor 

annotations of the common genes between M. balsamina 
compounds and T2DM is shown in Fig. 4. Positive regu-
lation of protein phosphorylation (P value = 9.5 × 10− 9), 
receptor complex (P value = 1.7 × 10− 6), and endopepti-
dase activity (P value = 7.5 × 10− 8), formed the top BP, 
MF, and CC, respectively (Fig. 4). Notably, phosphorylation 
of signaling pathways either induces or prevents pathologi-
cal conditions, for example, the phosphorylation of tyrosine 
and serine residues of insulin receptor substrate 1 (IRS1) 
stimulates insulin responses positively [42]. Thus, the find-
ing that positive regulation of protein phosphorylation was 
the most significant BP could suggest that in elevated blood 
glucose levels, M. balsamina compounds could stimulate 
protein kinases necessary for the phosphorylation of insu-
lin signaling pathways resulting in insulin sensitivity. The 
finding that extracellular matrix is the second top CC and 
the endopeptidase activity as the top MF denotes the poten-
tial involvement of M. balsamina compounds in diabetic 
foot ulcer (DFU), management since extracellular matrix 
enzymes such as matrix metalloproteinase-2 (MMP-2) are 
responsible for degrading and replacing damaged fibrils 
during wound healing processes while endopeptidase acti-
vates MMP-2 [43–45]. Similarly, the observation that MAP 

Fig. 3  PPI between the 57 com-
mon genes of T2DM and M. 
balsamina compounds

 

1 3

Page 7 of 24  140



Chemistry Africa (2026) 9:140

The observation that the EGFR was the significant pathway 
targeted by M. balsamina compounds is in line with the 
computational study of Romero [54], who identified EGFR 
has a hub target and its potential inhibitors for diabetes and 
cancer management. The hub genes of the EGFR pathway 
identified in this study are presented in Fig. 7. Furthermore, 
the observation that the endocrine resistance pathway was 
the second most significant pathway suggests M. balsamina 
compounds’ involvement with endocrine genes implicated 
in insulin resistance or T2DM.

Analysis of the degree of interaction of the enriched 
genes in the EGFR pathway showed that IGF1R (22) 
and GSK3B (19) interacted with the highest number of 
M. balsamina compounds (Fig. 8) and were hence used 
further in the study. The tyrosine-protein kinase receptor, 
IGFIR, found in mitogen acting cells induces EGFR-
TKI resistance. Combined inhibitors of EGFR-TKI 
resistance and IGF1R reportedly improve antidiabetic 
activity [55], thus supporting IGFIR targeting in T2DM 
therapy. Glycogen synthase kinase (GSK) of protein kinase 
family affects glucose regulation and insulin signaling by 
phosphorylating the SER/THR residues in diabetes signaling 
pathways. The phosphorylation and dephosphorylation of 
the SER and TYR residues of the GSK3α and β subunits 

protein belonging to the ErbB/HER family, enhances 
tyrosine kinase receptor activity upon activation via the 
binding of specific growth factors and small molecules and 
phosphorylates intracellular tyrosine residues [49]. Mostly 
expressed in human tissues, the EGFR is implicated in 
several pathological processes such as cell proliferation, 
and differentiation, chronic kidney disease, diabetes, and 
cancer [50]. With respect to diabetes, studies have revealed 
that EGFR is a promising target for insulin resistance and 
diabetic kidney disease treatment, with animal studies 
showing that the inhibition of EGFR activity can help 
maintain normal blood glucose level and body weight in 
diabetic rats [51–53].

3.5  Network Analysis of the EGFR Pathway, Genes, 
and M. balsamina Compounds

The interaction of the enriched genes of the most signifi-
cant pathway presented 8 gene nodes, 26 edges, an average 
node degree of 6.50, average local clustering coefficient of 
0.94, and an enrichment P-value of 1.14 × 10− 3 (Fig. 6a). 
Further interaction analysis and layout of the PCT gave a 
network where EGFR tyrosine kinase inhibitor resistance 
interacted with 51 compounds of M. balsamina (Fig. 6b). 

Fig. 4  GO bar plot of the top 10 
functional parameters for the 
common genes between M. bal-
samina compounds and T2DM
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component are presented in Table  3. With IGF1R, all the 
compounds exhibited higher negative docking scores than 
metformin (−4.5  kcal/mol) while only quercetin-3-O-
glucoside (−8.9 kcal/mol) had higher negative score than 
Nvp-aew541 (−8.5  kcal/mol) (Table  3). Similarly, for 
GSK3B, only quercetin-3-O-glucoside (−9.4 kcal/mol) had 
higher negative docking score than AZD-1080 (−8.7 kcal/
mol) while metformin (−4.5 kcal/mol) had the least nega-
tive docking scores compared to all the compounds of M. 
balsamina (Table 3).

Since docking score is a preliminary binding interaction 
analysis [6], MD simulation was performed to gain 
better insights into the binding stability and compactness 
of the resulting complex in each case [59]. Nvp-aew541 
(−28.20 ± 7.72) and metformin (−11.66 ± 6.65) exhibited low 
negative binding free energies (ΔGbind) than the compounds, 

results in alternating activation and inactivation of the 
gene [56, 57]. Moreso, inhibition of GSK is crucial in 
glycogen metabolism regulation [58]. The finding that 
M. balsamina compounds interacted with IGF1R and 
GSK3B genes indicates their downregulatory potential on 
the genes’ activities towards T2DM management, which 
could probably be via insulin signaling and sensitivity and 
glycogen metabolism regulation.

3.6  Molecular Docking and Dynamics Simulation of 
M. balsamina Compounds with EGFR Enriched Genes

The docking scores and the type of interactions of M. bal-
samina compounds with IGF1R and GSK3B are shown on 
Supplementary Tables 3 and 4 while the docking scores of 
the top-ranked M. balsamina compounds and their energy 

S/N Pathway 
ID

Pathway name False discov-
ery rate

Genes

1 hsa01521 EGFR tyrosine kinase 
inhibitor resistance

1.31 × 10− 08 FGF2, EGFR, MET, GSK3B, IL6, 
BRAF, AKT1, IGF1R

2 hsa01522 Endocrine resistance 4.30 × 10− 08 MMP2, EGFR, ESR2, MMP9, ESR1, 
BRAF, AKT1, IGF1R

3 hsa04151 PI3K-Akt signaling pathway 2.64 × 10− 07 IL2, FGF2, EGFR, INSR, MET, GSK3B, 
TLR4, IL6, AKT1, FGF1, IGF1R

4 hsa04657 IL-17 signaling pathway 5.39 × 10− 07 IL5, MMP13, MMP3, MMP1, GSK3B, 
MMP9, IL6

5 hsa04066 HIF-1 signaling pathway 8.24 × 10− 07 EGFR, INSR, NOS2, TLR4, IL6, AKT1, 
IGF1R

6 hsa04926 Relaxin signaling pathway 2.76 × 10− 07 MMP2, MMP13, EGFR, MMP1, NOS2, 
MMP9, AKT1

7 hsa04015 Rap1 signaling pathway 3.49 × 10− 06 FGF2, EGFR, INSR, MET, BRAF, 
AKT1, FGF1, IGF1R

8 hsa04010 MAPK signaling pathway 3.51 × 10− 06 FGF2, EGFR, INSR, MET, BRAF, 
AKT1, FGF1, IGF1R, FAS

9 hsa04668 TNF signaling pathway 1.90 × 10− 05 MMP3, CASP7, MMP9, IL6, AKT1, FAS
10 hsa04510 Focal adhesion 3.03 × 10− 05 EGFR, MET, GSK3B, MYLK, BRAF, 

AKT1, IGF1R
11 hsa04068 FoxO signaling pathway 3.46 × 10− 05 EGFR, INSR, IL6, BRAF, AKT1, IGF1R
12 hsa04915 Estrogen signaling pathway 4.30 × 10− 05 MMP2, EGFR, ESR2, MMP9, ESR1, 

AKT1
13 hsa04014 Ras signaling pathway 6.07 × 10− 05 FGF2, EGFR, INSR, MET, AKT1, 

FGF1, IGF1R
14 hsa04932 Non-alcoholic fatty liver 

disease
6.37 × 10− 05 INSR, GSK3B, CASP7, IL6, AKT1, FAS

15 hsa04931 Insulin resistance 2.0 × 10− 04 INSR, GSK3B, OGA, IL6, AKT1
16 hsa04923 Regulation of lipolysis in 

adipocytes
2.6 × 10− 04 FABP4, INSR, ADRB2, AKT1

17 hsa05230 Central carbon metabolism 
in cancer

5.5 × 10− 04 EGFR, MET, G6PD, AKT1

18 hsa04933 AGE-RAGE signal-
ing pathway in diabetic 
complications

1.3 × 10− 03 MMP2, NOX4, IL6, AKT1

19 hsa04660 T cell receptor signaling 
pathway

1.5 × 10− 03 IL2, IL5, GSK3B, AKT1

20 hsa04020 Calcium signaling pathway 1.6 × 10− 03 EGFR, ADRB2, NOS2, MYLK, PTAFR

Table 2  Signaling pathways and 
genes related to M. balsamina 
compounds and T2DM
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than quercetin-3-O-glucoside (−43.63 ± 6.58 kcal/mol), 
they displayed higher negative ΔGbind values of −61.79 ± 
7.35, −59.87 ± 10.47, −59.53 ± 7.54 kcal/mol, respectively 
(Table 3), suggestive of their better binding affinities and 
modulatory potential against the GSK3B in the management 
of T2DM. 

with kaempferol-3-O-glucoside (−51.50 ± 7.97) having the 
highest negative ΔGbind despite not having the best docking 
score (Table 3). This connotes the superior binding affinity 
potential of kaempferol-3-O-glucoside over the other 
investigated compounds. Despite balsaminoside B, C, and 
cucurbalsaminol A having lower negative docking scores 

Fig. 6  EGFR tyrosine kinase 
inhibitor a gene-gene interac-
tion and b PCT layout with M. 
balsamina compounds

 

Fig. 5  KEGG bubble plot of 
the top 20 signaling pathways 
associated with the M. balsamina 
compounds and T2DM
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Fig. 8  Network construction of M. balsamina compounds (yellow) with genes (yellow) related to the EGFR tyrosine kinase inhibitor resistance 
signaling pathway (turquoise blue) a 22 compounds interacted with IGF1Rb 19 compounds interacted GSK3B

 

Fig. 7  Enriched genes (Green) of EGFR-TKI signaling pathway identified in T2DM in this study
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GSK3B are shown in Figs. 9 and 10. While the stability of 
a compound-target complex in term of convergence and 
divergence is measured as RMSD [60], RMSF describes the 
flexibility in the amino acid residues present at the active 
site of the target in the complex [61]. With ROG and SASA, 
the degree of compactness/folding of the complex and 

3.6.1  Post-dynamic Parameters and Hydrogen Bonds of 
Top-ranked Compounds of M. balsamina with IGF1R and 
GSK3B Genes

The post-dynamic parameters and hydrogen bonds of 
top-ranked compounds of M. balsamina with IGF1R and 

Table 3  Docking scores and energy components of top-ranked compounds of M. balsamina with IGF1R and GSK3B genes
Complexes kcal/mol

Docking scores ΔEvdW ΔEelec ΔGgas ΔGsolv ΔEsur ΔGbind
 IGF1R
Nvp-aew541 −8.5 −31.63 ± 6.86 −208.31 ± 21.69 −239.94 ± 25.99 211.74 ± 21.08 −4.08 ± 0.85 −28.20 ± 7.72
Metformin −4.5 −5.83 ± 3.95 −515.35 ± 93.82 −521.19 ± 95.29 509.52 ± 89.84 −1.76 ± 0.68 −11.66 ± 6.65
3-caffeoylquinic acid −8.3 −42.45 ± 3.08 −24.74 ± 6.31 −67.18 ± 5.78 31.15 ± 3.61 −6.02 ± 0.20 −36.04 ± 3.65
kaempferol-3-O-glucoside −7.9 −48.88 ± 6.58 −51.25 ± 11.96 −100.13 ± 10.27 48.63 ± 9.38 −6.75 ± 0.27 −51.50 ± 7.97
Melilotoside −7.9 −35.52 ± 4.24 −38.28 ± 17.41 −73.79 ± 15.35 34.81 ± 8.71 −5.42 ± 0.26 −38.98 ± 7.62
Quercetin 3-galactoside −8.2 −44.32 ± 5.25 −51.21 ± 12.61 −95.53 ± 10.52 51.06 ± 8.08 −6.65 ± 0.29 −44.47 ± 5.62
Quercetin-3-O-glucoside −8.9 −44.93 ± 5.91 −53.53 ± 15.39 −98.46 ± 13.08 48.74 ± 8.63 −6.84 ± 0.47 −49.72 ± 6.36
 GSK3B
AZD-1080 −8.7 −35.39 ± 3.37 147.45 ± 33.24 112.06 ± 32.99 −147.42 ± 29.95 −4.83 ± 0.36 −35.36 ± 6.21
Metformin −5.0 −2.16 ± 3.62 49.68 ± 78.78 47.51 ± 80.43 −49.69 ± 78.07 −0.53 ± 0.77 −2.18 ± 4.23
Balsaminoside B −8.4 −56.89 ± 5.41 −31.47 ± 10.57 −95.19 ± 10.85 33.39 ± 6.38 −7.78 ± 0.55 −61.79 ± 7.35
Balsaminoside C −8.5 −50.76 ± 5.09 −41.90 ± 14.55 −99.96 ± 16.08 40.09 ± 8.41 −7.24 ± 0.63 −59.87 ± 10.47
Cucurbalsaminol A −8.5 −61.56 ± 6.19 −9.60 ± 4.41 −80.84 ± 9.37 21.31 ± 3.72 −8.32 ± 0.90 −59.53 ± 7.54
Myricetin −8.2 −35.58 ± 3.95 −30.49 ± 10.92 −66.07 ± 9.71 35.53 ± 7.21 −5.16 ± 0.28 −30.54 ± 3.79
Quercetin 3-galactoside −8.3 −47.39 ± 3.36 −27.54 ± 8.93 −74.93 ± 8.96 36.45 ± 6.38 −6.62 ± 0.28 −38.48 ± 4.21
Quercetin-3-O-glucoside −9.4 −44.49 ± 4.90 −57.82 ± 23.61 −102.31 ± 20.64 58.68 ± 15.79 −6.53 ± 0.34 −43.63 ± 6.58
bΔEVdW: Vander Waals energy; ΔEelec: electrostatic energy; ΔEgas: gas-phase free energy; ΔGsolv: solvation free energy; ΔGbind: total binding free energy.

Fig. 9  Comparative post-dynamic data of the a RMSD, b RMSF, c 
ROG, d SASA, e intermolecular H-bond number of Nvp-aew541, 
metformin, and 3-caffeoxylquinic acid, kaempferol-3-O-glucoside, 

melliotoside, quercetin-3-galactoside, and quercetin-3-O-glucoside of 
M. balsamina and IGF1R complexes
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bound systems had average RMSD values < 3.5 Å, which 
is reported to be the limit for a stable complex [65]. The 
RMSF pattern showed several peaks which were prominent 
from 1050 to 1080 and 1140 amino acid residues (Fig. 9b). 
The average RMSF values of the complex was again highest 
for kaempferol-3-O-glucoside (1.85 ± 0.84) and least for 
3-caffeoylquinic acid (1.21 ± 0.65) (Table 4). The higher the 
fluctuations of RMSF peaks, the less the compactness and 
stability [66]. Notably, the reduced fluctuations, particularly 
in the active site amino acid residues of IGF1R is suggestive 
of stable complex formation of M. balsamina compound 
with the gene. Additionally, the non-significant differences 
in the average RMSF values and the high ΔGbind values 
corroborates the formation of the stable complexes.

interaction of the complex with solvent are inferred, respec-
tively [62], intermolecular H-bonds number determines the 
stability of complexes via intermolecular attraction between 
the two components [26].

A stable RMSD pattern was observed in the IGF1R bound 
complex (Fig. 9a). Kaemferol-3-glucoside which presented 
slight fluctuation between the 100–110 ns, eventually 
stabilizes at the end of the 120 ns simulation. The average 
RMSD values were all < 3.5 Å with kaempferol-3-O-
glucoside (3.17 ± 0.69 Å) and 3-caffeoylquinic acid (1.96 ± 
0.15 Å) having the highest and least average RMSD values, 
respectively (Table 4). The reduced fluctuations in the RMSD 
plots throughout the simulation depict greater convergence 
and better stability [63, 64]. To corroborate this claim, the 

Complexes RMSD (Å) RMSF(Å) ROG (Å) SASA (Å2) Intermolecular
H-bonds number

IGF1R
Apo-gene 2.42 ± 0.24 1.20 ± 0.68 19.59 ± 0.11 14644.50 ± 306.57 147.52 ± 8.11
Nvp-aew541 2.25 ± 0.22 1.33 ± 0.67 19.78 ± 0.11 14751.57 ± 329.94 142.34 ± 7.74
Metformin 2.47 ± 0.36 1.32 ± 1.06 19.43 ± 0.09 14696.94 ± 334.35 147.55 ± 8.23
3-caffeoylquinic acid 1.96 ± 0.15 1.21 ± 0.65 19.58 ± 0.09 14194.68 ± 316.35 150.14 ± 8.01
kaempferol-3-O-glucoside 3.17 ± 0.69 1.85 ± 0.84 19.80 ± 0.24 14759.16 ± 416.17 149.49 ± 8.14
Melilotoside 2.42 ± 0.39 1.48 ± 0.82 19.45 ± 0.11 14386.13 ± 320.86 147.95 ± 8.38
Quercetin 3-galactoside 2.32 ± 0.40 1.42 ± 0.89 19.99 ± 0.14 14953.59 ± 434.15 147.86 ± 8.21
Quercetin-3-O-glucoside 2.99 ± 0.37 1.39 ± 0.61 19.55 ± 0.15 14241.55 ± 321.74 151.05 ± 8.35

Table 4  Average post-dynamic 
data and hydrogen bond number 
of top-ranked M. balsamina com-
pounds with IGF1R and GSK3B 
genes

 

Fig. 10  Comparative post-dynamic data of the a RMSD, b RMSF, 
c ROG, d SASA, e intermolecular H-bond number of AZD-1080, 
metformin, and balsaminoside B, balsaminoside C, cucurbalsaminol 

A, myricetin, quercetin-3-galactoside, and quercetin-3-O-glucoside of 
M. balsamina and GSK3B complexes
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standards (Table 5). The high peak fluctuations and the 
average RMSF values variations compared to the apo-
gene might not significantly impact the compounds’ bind-
ing and stability to the active site amino acids of the gene. 
The recorded ΔGbind values could have also greatly influ-
enced the complexes stability. Additionally, a stable ROG 
pattern was observed throughout the simulation period 
(Fig.  10c) with non-significant differences between the 
complexes formed (Table 5), suggesting better compact-
ness and folding of the complexes. The SASA plot was 
stable (Fig.  10d) with metformin showing higher mean 
SASA value (18082.76 ± 330.73 Å) (Table 5). This obser-
vation is indicative of metformin-GSK3B complex to be 
more likely less stable, which is further supported by its 
lower negative docking, and ΔGbind values. However, M. 
balsamina-GSK3B complexes have the potential to inter-
act with biological solvent as they displayed SASA values 
close to the apo-genes. The intermolecular H-bond num-
bers plot formed a stable bound complex (Fig. 10e) with 
no significant differences in all the complexes (Table 5), 
indicative of the formation of stable complexes between 
the bound systems.

3.6.2  2D Interaction Plots of the Top-ranked Compounds 
of M. balsamina with IGF1R and GSK3B Genes Binding 
Following 120 ns Simulation

Several interacting bonds including van der Waals, alkyls, 
sigma, and H-bonds were observed in the 2D interaction 
views of the simulated IGF1R and GSK3B genes and top-
ranked M. balsamina compounds complexes. Notably, 
H-bonds contribute to the formation of strong and stable  
complexes [68]. Different types of amino acids were 
observed in the snapshots of the complexes, while some 
were maintained throughout the simulation, new ones were 
seen at the end of the 120 ns simulation. With IGF1R, Nvp-
aew541 presented 13 and 12 interactions at the 0 ns and 
120 ns, respectively, and retained the 2 H-bonds (MET99; 
THR100) formed at the 0ns (Fig. 11a). Metformin presented 

An equilibrated ROG pattern was observed at the begin-
ning of the simulation (Fig. 9c). However, kaempferol-3-O-
glucoside which slightly deviated around the 60 ns finally 
equilibrated towards the end of the simulation while quer-
cetin-3-O-galactoside showed greater fluctuation than the 
other compounds at the 120 ns with an average ROG value 
of 19.99 ± 0.14 Å (Table 4). High ROG values are directly 
proportional to stability [66]. Thus, quercetin-3-galacto-
side and kaempferol-3-O-glucoside possess greater com-
pactness and thermodynamic organization than the other 
compounds. The SASA plot was stable throughout the 
simulation with quercetin-3-O-galactoside again display-
ing higher fluctuations (Fig. 9d) and higher average SASA 
value (14953.59 ± 434.15 Å) than the other compound-
IGFIR complex. The other compound-bound complexes 
had no remarkable differences with the apo-gene (Table 4) 
suggestive of better stability since higher SASA value con-
notes reduced stability [67]. This could have also been 
influenced by their higher negative ΔGbind values.  
Notably, a stable pattern was observed in the number of 
hydrogen (H) bonds with quercetin-3-O-glucoside display-
ing greater stability in the bound system (Fig. 9e). The non-
significant differences in the average H-bond numbers in 
all the bound complexes (Table 4) depict the formation of 
stable complexes and indicate the presence of strong inter-
molecular attractions between the bound systems [68].

Regarding GSK3B, the RMSD plot shows an initial 
stable complex, however, balsaminoside C and querce-
tin-3-O-glucoside exhibited slightly greater fluctuations 
(Fig. 10a) than the other compounds with average RMSD 
values of 2.25 ± 0.38 and 2.47 ± 0.38 Å, respectively (Table 5). 
However, the gene inhibitor had the least RMSD value 
(1.66 ± 0.18 Å) depicting greater convergence and bet-
ter stability. Prominent peak vibrations were observed 
in the RMSF plot (Fig. 10b). The vibrations were mini-
mal between 160 and 200, 240, and 320–340 residues. 
Except for balsaminoside B with slightly lower mean 
RMSF value (1.19 ± 0.78 Å), other compounds have val-
ues not significantly different from the apo-gene and the 

Complexes RMSD (Å) RMSF(Å) ROG (Å) SASA (Å2) Intermolecu-
lar H-bond 
number

GSK3B
Apo-gene 1.94 ± 0,32 1.33 ± 0.75 21.54 ± 0.14 17678.04 ± 320.28 160.68 ± 8.39
AZD-1080 1.66 ± 0.18 1.24 ± 0.78 21.51 ± 0.11 17325.88 ± 378.86 164.94 ± 8.49
Metformin 1.99 ± 0.21 1.35 ± 1.88 21.61 ± 0.14 18082.76 ± 330.73 161.60 ± 8.25
Balsaminoside B 1.82 ± 0.22 1.19 ± 0.78 21.48 ± 0.10 17427.93 ± 361.96 160.93 ± 8.35
Balsaminoside C 2.25 ± 0.38 1.37 ± 0.81 21.54 ± 0.14 17568.83 ± 345.43 162.52 ± 8.32
Cucurbalsaminol A 1.86 ± 0.27 1.33 ± 0.83 21.48 ± 0.12 17652.7 ± 304.41 159.71 ± 8.33
Myricetin 1.74 ± 0.19 1.27 ± 0.73 21.59 ± 0.10 17672.14 ± 324.26 162.04 ± 8.99
Quercetin 3-galactoside 1.89 ± 0.18 1.20 ± 0.69 21.49 ± 0.08 17301.31 ± 291.65 168.30 ± 8.46
Quercetin-3-O-glucoside 2.47 ± 0.38 1.27 ± 0.70 21.62 ± 0.10 17490.02 ± 331.87 164.69 ± 8.61

Table 5  Average post-dynamic 
data and hydrogen bond number 
of top-ranked M. balsamina com-
pounds with GSK3B gene
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Kaempferol-3-O-glucoside had more interactions with a 
total of 21 interactions including 4 H-bonds at the end of 
the simulation (GLN24; ASP162,168; GLY28; MET99) 
(Fig. 11d) while melilotoside showed 18 and 20 interactions 
at the 0 and 120 ns and maintained the same number of 

fewer interactions, 6 bonds (comprising 2 H-bonds: 
LEU217; THR216) at the 0 ns and 3 bonds at 120 ns with 
no H-bonds (Fig. 11b). 3-caffeoylquinic acid showed a total 
of 19 interactions comprising 4 H-bonds (GLU97; ASP168; 
GLY28; LEU22) at the end of the simulation (Fig. 11c). 

Fig. 11  2D interaction plots of IGF1R with a Nvp-aew541, b metformin, c 3-caffeoylquinic acid, d kaempferol-3-O-glucoside, e melilotoside, f 
quercetin 3-galactoside and g quercetin-3-O-glucoside over 120 ns simulation
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The balsaminoside B-GSK3B complex showed 23 and 18 
interactions at 0 and 120 ns, respectively, with increased 
H-bond interaction at 120 ns (Fig.  12c). Balsaminoside 
C-GSK3B complex, which presented 21 interactions at the 
0 ns had 18 interactions including 1 H-bond (GLU103) at 
120 ns (Fig.  12d). The existing 21 interactions between 
cucurbalsaminol A and GSK3B were maintained at the end 
of the simulation producing 1 H-bond (TYR106) interaction 
(Fig.  12e). With myricetin, 15 interactions existed, the 
interaction increased to 20 and maintained the same number  
of H-bonds (4) (Fig.  12f). Quercetin 3-galactoside had 17 
interactions with 2  H-bonds (THR104; VAL101) at the 0 
ns and 20 interactions comprising 3  H-bonds (VAL101; 

H-bonds (4) (Fig. 11e). Quercetin 3-galactoside displayed 
lesser interaction at the end (17) than at the beginning 
(18) of the simulation. However, it showed more H-bond 
interactions (MET165; ILE169; GLN24; MET99; GLU97) 
(Fig. 11f). 23 interactions were observed in quercetin-3-O-
glucoside complex at the 0 ns and were reduced to 19 at 120 
ns simulation with 5 H-bonds (ARG20; THR100; MET99; 
GLU97; ASP168) (Fig. 11g).

With GSK3B, 17 interactions observed at the 0 ns 
were reduced to 13 interactions comprising 3  H-bonds 
(VAL101; GLN38; ASP99) at 120 ns simulation (Fig. 12a). 
Metformin showed poor interaction with only 7 interactions 
and no H-bond at the end of the simulation (Fig.  12b). 

Fig. 11  (continued)
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The finding that the M. balsamina compounds exhibited 
greater interactions and H-bonds numbers than the reference 
standards signify their potential to interact with the amino 
acid at the active site of the targets and stable inhibitory 

PRO102; TYR37) at the 120 ns (Fig. 12g), while quercetin-3- 
O-glucoside had 20 interactions at 0 ns, and presented more 
interactions and H-bonds (GLY34; ASN152; ASP99,166; 
LYS51; CYS165; VAL101) at 120 ns simulation (Fig. 12h).

Fig. 12  2D interactions of GSK3B with a AZD-1080, b metformin, c balsaminoside B, d balsaminoside C, e cucurbalsaminol A, f myricetin g 
quercetin 3-galactoside, and h quercetin-3-O-glucoside over 120 ns simulation
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3.7  The Conceptual DFT Analysis of Top Ranked M. 
balsamina Compounds Post Simulation

The DFT analysis depicts the chemical properties and poten-
tial therapeutic effects of a compound where properties such 
as the energy gap derived from HOMO and LUMO are criti-
cal in establishing the potential chemical reactivity of the 

effects on the gene. This is in line with the observation of 
Abdomaleki et al. [69] who also reported better interaction 
in profiled compounds than the standard. Overall, the high 
number of H-bonds, stability, number of interactions, and 
compactness observed in the top-ranked M. balsamina 
compounds with the genes could be responsible for the 
higher binding free energies recorded.

Fig. 12  (continued)
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compounds (Table 6; Fig. 13). Consequently, the standards 
had higher energy gaps, hardness, and chemical potential 
while displaying lower electron affinity, ionization energy, 
electronegativity, global electrophilicity, and softness than 
the compounds (Table 6; Fig. 13).

With regards GSK3B, the compounds exhibited LUMO 
values between − 0.47566 and − 2.60932 eV and HOMO 
values between − 5.66845 and − 6.55636 eV. Except for 
myricetin (3.91031 eV), quercetin 3-galactoside (3.86378 
eV), and quercetin-3-O-glucoside (4.09290 eV), all the top 
ranked compounds had higher energy gaps than the standards 

compound [70]. The lower the energy gap, the lower the sta-
bility and hence higher possibility of interaction of the com-
pound with a target receptor [33, 34]. The conceptual DFT 
parameters for the top ranked M. balsamina compounds are  
displayed in Table 6. For IGF1R top interacting compounds, 
LUMO values ranging from − 2.86375 to −0.86968 eV and 
HOMO values ranging from − 6.96426 to −5.62627 eV were  
recorded. Kaemferol-3-glucoside and melilotoside presented  
the highest negative LUMO and HOMO values, respectively,  
while metformin and Nvp-aew541 presented the lowest nega-
tive LUMO and HOMO values, respectively relative to the 

Table 6  cDFT parameters of top-ranked compounds against IGF1R and GSK3B
Compound cDFT parameters (eV)

LUMO HOMO EG EA IE HN SN EN CP GE
IGF1R
Nvp-aew541 −0.92138 −5.62627 4.70489 0.92139 5.62627 2.35244 0.42509 3.27383 −3.27383 2.27805
Metformin −0.86968 −6.33513 5.46545 0.86968 6.335133 2.73273 0.36594 3.60240 −3.60241 2.37443
3-caffeoylquinic acid −2.43952 −6.46112 4.02160 2.43952 6.461122 2.01080 0.49731 4.45032 −4.45032 4.92474
Kaempferol-3-O-glucoside −2.86375 −6.73460 3.87085 2.86375 6.73460 1.93543 0.51668 4.79917 −4.79917 5.95013
Melilotoside −2.60007 −6.96426 4.36420 2.60007 6.96427 2.18210 0.45828 4.78217 −4.78217 5.24017
Quercetin 3-galactoside −2.60932 −6.47310 3.86378 2.60932 6.47310 1.93189 0.51763 4.54121 −4.54121 5.33741
Quercetin-3-O-glucoside −1.96005 −6.05295 4.09290 1.96005 6.05295 2.04645 0.48865 4.00650 −4.00650 3.92193
GSK3B
AZD-1080 −1.77882 −6.40153 4.62271 1.77882 6.40153 2.31135 0.43265 4.09018 −4.09018 3.61899
Metformin −0.47566 −5.66845 5.19279 0.47566 5.66845 2.59640 0.38515 3.07205 −3.07205 1.81743
Balsaminoside B −0.84927 −6.50602 5.65675 0.84927 6.50602 2.82837 0.35356 3.67748 −3.67765 2.39097
Balsaminoside C −0.75839 −6.43799 5.67961 0.75839 6.43799 2.83980 0.35214 3.59819 −3.59819 2.27956
Cucurbalsaminol A −0.62995 −6.55636 5.92641 0.62995 6.55636 2.96321 0.33747 3.59316 −3.59316 2.17851
Myricetin −2.49231 −6.40262 3.91031 2.49231 6.40262 1.95515 0.51147 4.44746 −4.44746 5.05841
Quercetin 3-galactoside −2.60932 −6.47310 3.86378 2.60932 6.47310 1.93189 0.51763 4.541208 −4.54121 5.33741
Quercetin-3-O-glucoside −1.96005 −6.05295 4.09290 1.96005 6.05295 2.04645 0.48865 4.00650 −4.00650 3.92193
cLUMO Lowest unoccupied molecular orbital, HUMO Highest occupied molecular orbital, EG Energy gap, EA Electron affinity, IE Ionization energy, 
HN Hardness, SN Softness, EN Electronegativity, CP Chemical potential, GE Global electrophilicity

Fig. 13  Frontier molecular orbitals of top ranked M. balsamina com-
pounds [a 3-caffeoylquinic acid b kaempferol-3-o-glucoside c meli-
lotoside d quercetin 3-galactoside e quercetin-3-o-glucoside], f gene 

antagonist (NVP-aew541), and g reference standard (metformin) that 
interacted with IGF1R
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compounds had higher electronegativities and electrophilici-
ties, indicative of their high probability to attract or donate 
electrons, respectively. However, the observation that querce-
tin 3-galactoside which demonstrated better chemical proper-
ties had lower negative ΔGbind might reduce its potential to 
serve dual purpose in downregulating the expression of both 
genes relative to most of the top-ranked compounds.

3.8  ADMET Properties of M. balsamina Compounds

The elimination of toxic and non-druggable compounds has 
been easier with the advent of computation study [71]. The 
ADMET properties of the top-ranked compounds of M. bal-
samina are presented in Tables 7 and 8. Except for cucurbal-
saminol A, the profiled M. balsamina compounds had low 

(Table 6; Fig. 14). Similarly, these three compounds dis-
played higher electron affinity, softness, global electrophilic-
ity, and electronegativity and lower hardness and chemical 
potential relative to other compounds and standards (Table 6). 
However, among the top ranked compounds for both genes, 
quercetin 3-galactoside had the least energy gap. The obser-
vation that the standards exhibited higher energy gaps, hard-
ness, and lower values for some of the parameters analyzed 
relative to the top ranked compounds indicate lesser reactiv-
ity. Meanwhile, higher reactivity potential of the compounds 
could have further enhanced the binding affinities for the 
genes. Myricetin, quercetin 3-galactoside, and quercetin-3-O-
glucoside which exhibited lower energy gaps could produce 
better stability and binding potential with GSK3B relative to 
the other compounds [31]. Except for AZD-108, all the top 

Table 7  ADME properties of top-ranked compounds of M. balsamina
Compounds GIA BBB-P Pgp-S CYP1A2-IB CYP2C19-IB CYP2C9-IB CYP2D6 -IB CYP3A4-IB
3-caffeoylquinic acid Low No No No No No No No
Kaempferol-3-O-glucoside Low No No No No No No No
Melilotoside Low No No No No No No No
Quercetin 3-galactoside Low No No No No No No No
Quercetin 3-glucoside Low No No No No No No No
Balsaminoside B Low No Yes No No No No No
Balsaminoside C Low No Yes No No No No No
Cucurbalsaminol A High No Yes No No No No No
Myricetin Low No No Yes No No No Yes
Metformin High No No No No No No No
Nvp-aew541 High Yes Yes Yes Yes Yes Yes Yes
AZD-1080 High No Yes Yes No Yes Yes Yes
dGIA Gastrointestinal absorption, BBB-P Blood brain barrier permeability Pgp-S- Permeability glycoprotein substrate, CYP Cytochrome P450, 
IB Inhibitor

Fig. 14  Frontier molecular orbitals of top ranked M. balsamina com-
pounds a balsaminoside B b balsaminoside C c cucurbalsaminol A d 
myricetin e quercetin 3-galactoside f quercetin-3-O-glucoside, g gene 

antagonist (AZD-1080), and (f) reference standard (metformin) that 
interacted with GSK3B
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gastrointestinal absorption while only cucurbalsaminol A, 
balsaminoside B and C were glycoprotein substrate permeant 
(Table 7). Interestingly, all the compounds were non-blood 
brain barrier permeant and non-cytochrome (CYP) P450 iso-
enzyme inhibitors (Table 7). The compounds displayed vary-
ing probabilities for organ and end-point toxicities; however, 
they were potentially non-hepatotoxic, non-mutagenic, and 
non-cytotoxic (Table 8). Apart from myricetin with a lethal 
dose 50 (LD50) of 159 mg/kg and toxicity class of 3, other 
compounds exhibited LD50 ≥ 1500 mg/kg and toxicity class 
≥ 3 (Table 8). Virtual screening showed that the top M. 
balsamina compounds can be administered via oral route, 
which is the most common and convenient mode of drug 
administration. Equally, the compounds showed better bio-
availability, biotransformation, and safety profiles than the 
standard drugs. Evidence from this study highlights the puta-
tive lead compounds of M. balsamina for possible explora-
tion as antidiabetic drug candidates. To improve the delivery, 
bioavailability, and activity of the promising compounds, 
specific transporter proteins or nanocarriers can be employed 
[72–74]. Furthermore, pre-clinical studies on the degree of 
modulation of the hub genes by the identified putative leads 
can be explored.

4  Conclusion

Findings from this work show that M. balsamina is a hub for 
antidiabetic drug candidates with remarkable pharmacokinet-
ics and low toxicity profiles. Similarly, the EGFR tyrosine 
kinase resistance inhibitor was the top significant pathway 
identified with M. balsamina denoting its possible antidia-
betic mechanism. The IGF1R and GSK3B of EGFR tyrosine 
kinase resistance inhibitors, which were the most enriched due 
to their interactions with M. balsamina compounds interacted 
better with kaempferol-3-O-glucoside and balsaminoside 
B, respectively. Additionally, all the compounds exhibited 
remarkable chemical properties as well as significant bind-
ing free energies, stability, compactness, and thermodynamic 
organization with the genes than the standard drugs. Thus, 
M. balsamina compounds demonstrate potential antidiabetic 
activities by downregulating IGF1R and GSK3B genes for 
glucose homeostasis. However, further preclinical and clini-
cal studies to validate antidiabetic potential of these com-
pounds for drug development purposes are recommended.
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