
Biointerface Research in Applied Chemistry 
Open-Access Journal (ISSN: 2069-5837) 

 https://biointerfaceresearch.com/   1 of 21 

 

Article 

Volume 16, Issue 1, 2026, 10 

https://doi.org/10.33263/BRIAC161.010 

 

The Therapeutic Potential of Moringa oleifera in 

Inflammation-Induced Insulin Resistance: An Informatics 

Approach 

Najib Najib 1,*, Turhadi Turhadi 1, Fatchiyah Fatchiyah 1,2,* 

1 Department of Biology, Faculty of Mathematics and Natural Sciences, Brawijaya University, Malang, Indonesia; 

najib24@student.ub.ac.id (N.N.); turhadibioligi@ub.ac.id (T.T.); fatchiya@ub.ac.id (F.F.); 
2 Research Center of Smart Molecule of Natural Genetics Resources, Brawijaya University, Malang, Indonesia; 

fatchiya@ub.ac.id 

* Correspondence: najib24@student.ub.ac.id (N.N.); fatchiya@ub.ac.id (F.F.); 

Received: 4.10.2025; Accepted: 19.01.2026; Published: 15.02.2026 

Abstract: Inflammation promotes insulin resistance by triggering the NF-κB signaling cascade, 

resulting in the production of pro-inflammatory cytokines like IL-6 and TNF-α. Moringa oleifera 

contains bioactive phytochemicals with reported anti-inflammatory potential, yet the molecular 

mechanisms underlying these effects remain unclear. This study aimed to identify novel drug targets 

for inflammation and to select a potent compound from M. oleifera with strong anti-inflammatory 

properties by suppressing the NF-κB cascade via in silico analysis. Phytochemicals of M. oleifera were 

screened for drug-likeness, toxicity, bioactivity, and membrane permeability. Target binding pockets in 

NF-κB, TNF-α, IL-6, and IKKβ were identified, followed by molecular docking and molecular 

dynamics (MD) simulations to evaluate binding affinity and complex stability. Four compounds met all 

screening criteria: quinic acid, kaempferol, 7-hydroxycoumarin, and p-coumaric acid. Kaempferol 

showed the strongest binding across all targets, with docking scores of -8.6, -8.5, -6.4, and -9.3 kcal/mol 

for NF-κB, TNF-α, IL-6, and IKKβ, respectively. Additionally, molecular dynamics analysis confirmed 

the stability of these interactions. These findings suggest that kaempferol can inhibit NF-κB signaling 

and its associated cytokines, offering a promising natural alternative for treating inflammation related 

to insulin resistance.  

Keywords: anti-inflammatory; IKKβ; IL-6; informatics; insulin resistance; metabolic syndrome; 

Moringa oleifera; NF-κB; TNF-α. 

© 2025 by the authors. This article is an open-access article distributed under the terms and conditions of the Creative 

Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, 

distribution, and reproduction in any medium, provided the original work is properly cited. The authors retain copyright of 

their work, and no permission is required from the authors or the publisher to reuse or distribute this article, as long as proper 

attribution is given to the original source. 

1. Introduction 

Inflammation is a complex biological response triggered by harmful stimuli, such as 

infections, injuries, or irritants. While it serves to eliminate harmful agents and initiate tissue 

repair, chronic or uncontrolled inflammation contributes to the pathogenesis of various diseases 

[1]. Metabolic Syndrome (MetS) is a multifactorial metabolic disorder that includes insulin 

resistance (IR), and chronic low-grade inflammation exacerbates its progression [2,3]. 

Adiposity is closely associated with the secretion of pro-inflammatory cytokines from adipose 

tissue, which further aggravate IR and promote the progression of MetS [4].  
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The nuclear factor kappa B (NF-κB) signaling cascade plays a pivotal role in linking 

inflammation to IR, by upregulating pro-inflammatory cytokines such as interleukin-6 (IL-6) 

and tumor necrosis factor-α (TNF-α), which impair insulin signaling [5]. NF-κB activation is 

primarily mediated by pro-inflammatory cytokines, including TNF-α, LPS, and IL-1. As a 

result, IκB is phosphorylated at serine, threonine, or tyrosine residues by IKK, leading to the 

degradation of IκB proteins that typically inhibit NF-κB activation. This degradation allows 

NF-κB dimers to move into the nucleus, where they activate the expression of genes involved 

in inflammation [6,7]. IL-6 and TNF-α impair insulin signaling by disrupting receptor function, 

thereby contributing to IR [8]. TNF-α further disrupts insulin signaling by promoting the serine 

phosphorylation of insulin receptor substrate proteins, creating a feedback loop that perpetuates 

both inflammation and IR [9]. This inflammatory environment is particularly pronounced in 

obesity, where excess fatty acids activate NF-κB signaling, leading to worsening metabolic 

dysregulation [10]. Given these associations, targeting inflammatory pathways such as NF-κB 

and IKKβ represents a promising therapeutic strategy to ameliorate IR. Interventions aimed at 

reducing inflammation, including anti-inflammatory agents, have been shown to improve 

metabolic parameters in patients with MetS [11]. These findings highlight the importance of 

addressing inflammation in the prevention and treatment of metabolic disorders. 

Moringa oleifera, widely cultivated in tropical regions, has garnered attention for its 

anti-inflammatory properties and has traditionally been used in folk medicine to treat various 

inflammatory conditions [12]. This plant contains bioactive compounds, such as flavonoids, 

terpenoids, and isothiocyanates, which exhibit antioxidant and anti-inflammatory activities that 

help mitigate IR-associated inflammation [13-15]. Additionally, compounds such as 

kaempferol, quercetin, and rutin have demonstrated significant pharmacological effects, 

suggesting that M. oleifera may serve as a potential treatment for inflammation [16]. However, 

despite its recognized anti-inflammatory activity, the role of M. oleifera in ameliorating 

inflammation-induced IR, particularly through key pathways such as NF-κB,  TNF-α, IL-6, and 

IKKβ, remains poorly defined. Identifying specific bioactive compounds with potent anti-

inflammatory properties is essential for advancing drug development. This study employs an 

in silico approach to screen and identify bioactive compounds in M. oleifera with high potential 

to modulate inflammation-related targets, thereby providing insights into their possible 

therapeutic mechanisms for treating IR in MetS.  

2. Materials and Methods 

2.1. Identification of bioactive compounds in Moringa oleifera. 

The bioactive compounds were selected based on a previous study that identified the 

major phytochemical constituents of M. oleifera leaves [17]. The SMILES (Simplified 

Molecular Input Line Entry System) representations of these compounds, intended for further 

analysis, were retrieved from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/).  

2.2. Evaluation of drug-like properties and toxicity. 

The drug-like properties of M. oleifera bioactive compounds were assessed using the 

SwissADME web server (http://www.swissadme.ch/index.php) [18], based on Lipinski’s rule 

of five, Veber’s rule, and Egan’s rule. Toxicity predictions, including the likelihood of toxicity 

induction and LD50 values, were analyzed for compounds that passed the drug-likeness 

screening using the ProTox web server (https://tox-new.charite.de/protox_II/) [19]. The 
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parameters used for organ and final toxicity were hepatoxicity, immunotoxicity, and 

cytotoxicity. 

2.3. Bioactivity and membrane permeability screening. 

The potential bioactivity of the screened compounds was evaluated using the PASS 

Online web server (https://www.way2drug.com/passonline/) [20], focusing on inflammation-

related parameters. Permeability through biological membranes was evaluated using the 

PerMM web server, which calculates energy profiles and membrane-binding affinities based 

on the DOPC bilayer model, thereby allowing the identification of compounds with the 

potential to efficiently penetrate lipid membranes  [21]. 

2.4. Target protein identification. 

A literature search was conducted using the term " Inflammation related to Metabolic 

Syndrome (MetS), encompassing insulin resistance" as the search keyword. Based on the 

reviewed studies, NF-κB, TNF-α, IL-6, and IKKβ were identified as key mediators of 

inflammation that drive IR and related inflammatory disorders. To explore indirect protein 

interactions, the STRING 12.0 database (https://string-db.org/) was used, applying a high-

confidence minimum interaction threshold of 0.7. 

2.5. Protein-protein interaction network and functional annotation of target proteins. 

The potential target proteins implicated in inflammation-driven insulin resistance— 

NF-κB, TNF-α, IL-6, and IKKβ—were analyzed for interactions using the STRING web server 

(https://string-db.org/) applying a high-confidence association score threshold of 0.7. 

Functional annotation of the target and interacting proteins was performed through Gene 

Ontology (GO) analysis using the SRPlot web server (https://www.bioinformatics.com.cn/en). 

GO classification categorizes proteins into three domains: biological processes, cellular 

components, and molecular functions. 

2.6. Preparation of ligands. 

The three-dimensional (3D) conformations of the compounds were obtained from the 

PubChem database (https://pubchem.ncbi.nlm.nih.gov/) in .sdf format. The protein PDB file 

was used to retrieve the TNF-α protein inhibitor [22]. Reference inhibitors, including 

dehydroxymethylepoxyquinomicin (DHMEQ) for NF-κB [23,24], clindamycin for IL-6 [25], 

and BMS-345541 for IKKβ [26] were downloaded from PubChem in .sdf format. All ligand 

structures were minimized and converted into a .pdb file using the Open Babel plugin with the 

PyRx 8.0 software [27]. 

2.7. Preparation of target proteins.  

The 3D structures of the four target proteins— NF-κB, TNF-α, IL-6, and IKKβ —were 

sourced from the PDB database (https://www.rcsb.org/)  (PDB ID: 1IKN,  6OP0, 1ALU, and 

4KIK, respectively). The protein preparation procedure was performed  using the Biovia 

Discovery Studio 2024 software (Dassault Systèmes Biovia, San Diego, California, USA) [28]. 

Afterward, water molecules and unnecessary groups were removed, and the structure 
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underwent geometry optimization and energy minimization. Protonation was subsequently 

applied using the Protonate 3D tool to generate the appropriate hydrogen configuration. 

2.8. Predicting the active binding sites. 

The active sites within the target proteins were determined using the Computed Atlas 

of Surface Topography of Proteins (CASTP) tool (http://cast.engr.uic.edu). This tool visualizes 

the binding pockets within the protein structures and identifies the amino acid residues present 

in each pocket [29]. The largest active binding sites, based on both surface area and volume, 

were identified for each protein listed in Table 1. 

Table 1. Active binding site prediction of the target proteins using the CASTp tool. 

Surface area (area (SA) Å2) Binding site (volume (SA) Å3) Protein 

1133.582 943.278 NF-κB 

1385.615 1241.225 TNF-α 

63.542 38.585 IL-6 

3452.845 11924.739 IKKβ 

2.9. Molecular docking. 

Docking simulations of the target proteins were performed using AutoDock Vina, 

integrated into PyRx 8.0 [30]. Ligands were loaded into PyRx 8.0 through the Add Ligand 

option,, while the prepared protein structures were imported using the Add Macromolecule 

option. After identifying the active-site residues, a docking grid was configured to enclose the 

corresponding binding region, as summarized in Table 2. Docking was performed using an 

exhaustiveness value of 8 and generating 9 binding modes as default Vina parameters. Ligand–

protein docking was then performed, and the binding scores along with all docking output files 

were saved. The fusion of the docked ligand and the target protein was performed and saved in 

PDB format using PyMOL 3.1 software. The docking results were also visualized with Biovia 

Discovery Studio 2024 software (Dassault Systèmes Biovia, San Diego, California, USA) [31].  

Table 2. Grid coordinates and predicted binding sites of the target proteins using CASTp. 

Grid coordinate (Å) 
Active sites Chain PDB Protein 

Dimension Center 

X: 39.7896 

Y: 33.6202 

Z: 29.0528 

X: 45.0408 

Y: 24.1370 

Z: 34.4171 

20TYR, 21VAL, 22GLU, 23ILE, 24ILE, 26GLN, 29GLN, 

30ARG, 49GLU, 79LYS, 80ASP, 81PRO, 83HIS, 141PHE, 

158ARG, 175LEU, 176THR, 177PRO, 178VAL, 179LEU, 

180SER, 181HIS, 182PRO, 184PHE, 218LYS, 219VAL, 

220GLN, 221LYS, 222GLU, 241GLN, 242ALA, 244VAL, 

245HIS, 246ARG, 247GLN, 248VAL. 

A 

1IKN NF-kB 
249LYS, 251VAL, 271ASP, 305ARG, 306GLN, 307PHE. C 

248TYR, 249GLN, 250GLY, 251TYR, 254TYR, 255GLN, 

258TRP, 266GLN, 267GLN, 270GLY, 271GLN, 275GLU, 

276ASN, 277LEU, 278GLN, 279MET, 280LEU, 281PRO, 

282GLU, 283SER, 284GLU, 286GLU, 287GLU, 288SER, 

289TYR, 290ASP, 291THR, 292GLU. 

D 

X: 55.8145 

Y: 57.6279 

Z: 55.1941 

X:-6.5557 

Y:-1.9532 

Z: 17.7694 

9SER, 11LYS, 13VAL, 57LEU. 59TYR, 61GLN, 75LEU, 

94LEU, 95SER, 96ALA, 97ILE, 98LYS, 99SER, 100PRO, 

101CYS, 102GLN, 114TRP, 115TYR, 116GLN, 117PRO, 

118ILE, 119TYR, 120LUE, 121GLY, 123VAL, 155ILE, 

156ALA, 157LEU. 

A 

6OP0 TNF-α 

11LYS, 57LEU, 58ILE, 59TYR, 61GLN, 68GLY, 69CYS, 

96ALA, 98LYS, 99SER, 100PRO, 101CYS, 112LYS, 

113PRO, 114TRP, 115TYR, 116GLU, 117PRO, 118ILE, 

119TYR, 120LEU, 121GLY, 122GLY, 155ILE, 156ALA, 

157LEU. 

B 

11LYS, 13VAL, 57LEU, 59TYR, 60SER, 61GLN, 63LEU, 

68GLY, 69CYS, 73HIS, 96ALA, 98LYS, 99SER, 100PRO, 

101CYS, 112LYS, 113PRO, 114TRP, 115TYR, 116GLU, 

C 
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Grid coordinate (Å) 
Active sites Chain PDB Protein 

Dimension Center 

117PRO, 118ILE, 119TYR, 120LEU, 121GLY, 122GLY, 

149GLN, 151TYR, 155ILE, 156ALA, 157LEU. 

X: 13.6122 

Y: 22.5127 

Z: 22.0653 

X: 10.1795 

Y:-21.3040 

Z: 16.4090 

95GLU,96VAL, 98LEU, 99GLU, 116GLN, 120LYS, 

141PRO, 144ASN. 
A 1ALU IL-6 

X: 51.8523 

Y: 71.5964 

Z: 41.8764 

X: 56.0220 

Y: 18.8995 

Z:-52.4777 

9THR, 16GLU, 17MET, 18LYS, 19GLU, 20ARG, 21LEU, 

22GLY, 23THR, 27GLY, 29VAL, 30ILE, 31ARG, 

42ALA, 44LYS, 46CYS, 48GLN, 50LEU, 53ARG, 

54ASN, 56GLU, 57ARG, 58TRP, 61GLU, 64ILE, 65MET, 

74VAL, 94LEU, 96MET, 97GLU, 98TYR, 99CYS, 

100GLN, 101GLY, 102GLY, 103ASP, 105ARG, 106LYS, 

107TYR, 108LEU, 109ASN, 110GLN, 111PHE, 112GLU, 

113ASN, 114CYS, 115CYS, 140ARG, 141ILE, 142ILE, 

143HIS, 144ARG, 145ASP, 146LEU, 147LYS, 149GLU, 

150ASN, 152VAL, 165ILE, 166ASP, 167LEU, 168GLY, 

169TYR, 180THR, 181SER, 184GLY, 185THR, 187GLN, 

188TYR, 189LEU, 197GLN, 198LYS, 199TYR, 200THR, 

207SER, 214GLU, 217THR, 218GLY, 219PHE, 220ARG. 

221PRO, 223LEU, 224PRO, 225ASN, 226TRP, 244VAL, 

245VAL, 246SER, 247GLU, 248ASP, 249LEU, 250ASN, 

254LYS, 256SER, 258SER, 260PRO, 261TYR, 262PRO, 

407PRO, 408GLU, 409SER, 412CYS, 423PHE, 424PHE, 

425GLN, 427ARG, 428LYS, 429VAL, 431GLY, 432GLN, 

550SER, 558GLY, 562ASP, 565GLU, 571TYR, 572ARG, 

573ARG, 575ARG, 576GLU, 577LYS, 578PRO, 579ARG, 

582ARG. 

A 4KIK IKKβ 

Source: Computed Atlas of Surface Topography of Proteins (CASTP) (http://cast.engr.uic.edu) 

2.10. Validation of docking protocol. 

2.10.1. Redocking of co-crystallized ligand. 

The docking protocol was validated by redocking the target proteins that had co-

crystallized ligands. The procedure involved protein preparation, structural alignment, 

superimposition of the co-crystallized and redocked complexes, and calculation of the root 

mean square deviation (RMSD) [32]. Redocking was conducted using the same docking 

parameters applied to the test ligands, with the maximized grid box. The docking protocol was 

validated using the TNF-α, IL-6, and IKKβ proteins that co-crystallized with ligands. For the 

NF-κB protein, redocking could not be assessed because no co-crystallized ligand was 

available in the PDB. 

2.10.2. Docking with decoy molecules. 

Docking validation was carried out using decoy molecules from the ZINC database 

(https://zinc.docking.org/substances/home/), which were prepared and docked under identical 

settings as the active ligand. Binding scores of the decoys were compared against the active 

compound to evaluate the protocol’s ability to distinguish active from inactive molecules. The 

docking protocol was considered valid when at least 80% of the decoys showed binding 

affinities that differentiated from the test ligand, following equation  (1) [33].  

 

(1) 𝐷𝑒𝑐𝑜𝑦 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 =
Total decoys with binding affinity higher/lower than ligand 

Total number of decoy 
  x 100% 
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2.11. Molecular dynamics (MD) simulations. 

The stability of the protein-ligand complex interactions was assessed through molecular 

dynamics (MD) simulations (saved in PDB format). MD simulations were conducted using the 

YASARA (Yet Another Scientific Artificial Reality Application) (version 19.12.14) software, 

applying the AMBER14 force field [34]. The system was maintained under constant 

temperature (310 K), constant pressure (1 bar), pH 7.4, and a 0.9% salt concentration. Before 

the simulation, the complex was solvated using the TIP3P water model within a cubic box 

extending at least 10 Å from the protein surface, with the COSMO solvation model applied 

during charge assignment. A time-step of 2.5 fs was used with a multiple time-step scheme, 

and non-bonded interactions were calculated using a 12 Å cutoff  [35]. After system 

preparation, a 20 ns MD simulation was performed under these conditions  using kaempferol as 

the selected ligand.  Protein stability was evaluated based on root mean square deviation 

(RMSD), RMSD of ligand movement, hydrogen bond (HB) formation, and root mean square 

fluctuation (RMSF), using the md_analyze macro program. 

3. Results and Discussion 

3.1. Assessment of drug-like properties, toxicity potential, and bioactivity. 

The drug-likeness evaluation showed that 21 compounds met the criteria for Lipinski, 

Veber, and Egan parameters (Figure 1a).  

 

 

 
(a) (b) 

Figure 1. Drug-likeness and toxicity screening  of M. oleifera bioactive compounds: (a) drug-likeness 

screening using Lipinski, Veber, and Egan; (b) toxicity analysis according to LD50 and the probability of 

toxicity induction. 
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Subsequent toxicity screening identified 11 of these compounds as non-toxic to humans 

(Figure 1b). These 11 compounds then underwent bioactivity screening. Among them, quinic 

acid, kaempferol, 7-hydroxycoumarin, and p-coumaric acid showed the highest bioactivity 

potential across most inflammation-related parameters (Figure 2a). The four bioactive 

compounds were further evaluated for their ability to penetrate cell membranes. The findings 

revealed that all compounds were able to cross the plasma membrane (Figure 2b,c). 

This study focused on predicting the compounds with the highest potential to combat 

inflammation associated with MetS, particularly in the context of IR. The results indicate that 

multiple metabolites from M. oleifera exhibit drug-like properties; however, through drug-

likeness, toxicity, bioactivity, and membrane permeability screening, kaempferol emerged as 

the most promising candidate due to its superior pharmacokinetic properties and strong 

predicted anti-inflammatory potential.  Kaempferol satisfied Lipinski, Veber, and Egan 

parameters, indicating it has drug-like properties. These parameters collectively reflect good 

blood solubility, efficient membrane permeability, and suitable metabolic and transport 

properties [36].  

  
(a) (b) 

 
(c) 

Figure 2. Bioactivity screening and membrane permeability of selected compounds: (a) bioactivity 

screening; (b) energy profiles of the four evaluated compounds during membrane permeation; (c) simulation 

of the penetration of quinic acid, kaempferol, 7-hydroxycoumarin, and p-coumaric acid through the lipid 

bilayer. 

Toxicity evaluation using Pro-Tox predicted that kaempferol is non-toxic to humans. 

This tool applies a QSAR approach to evaluate compound toxicity, suggesting that 

kaempferol's structure does not resemble that of toxic compounds [19]. Moreover, PASS 
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Online analysis indicates that kaempferol has strong anti-inflammatory activity, with a Pa value 

above 0.8, suggesting a high probability of bioactivity. Higher Pa values reflect a stronger 

likelihood of the compound’s specific bioactivity [20]. Kaempferol features a 3-hydroxyl group 

and 5,7-dihydroxy groups on its aromatic rings, with a planar three-ring structure, hydrophobic 

characteristics, and a C2–C3 double bond. This arrangement allows it to interact strongly with 

lipid bilayers and biological targets [37]. 

3.2. Target protein prediction and gene ontology (GO). 

Protein interaction analysis using STRINGdb identified a complex network of key 

inflammatory proteins associated with IR, including NF-κB, TNF-α, IL-6, and IKKβ. These 

proteins form a complex network with several other proteins involved in inflammation and IR 

(Figure 3a).  

  
(a) (b) 

 
(c) 

Figure 3. Protein-protein interaction network and functional annotation of target proteins for insulin 

resistance-related inflammation: NF-κB, TNF-α, IL-6, and IKKβ. (a) Protein-protein interaction. The yellow 

protein shows the NF-κB signaling pathway, the red protein shows the Proteins associated with insulin 

resistance; (b) gene ontology analysis; (c) biological process, cellular component, and molecular function 

analysis. 
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NF-κB (RELA) was found to form a network with several inflammation-related 

proteins, particularly those involved in the NF-κB signaling pathway (yellow nodes). NF-κB 

showed high-confidence interactions with 12 proteins. Among these, TNF-α, IL-6, and IKKβ 

exhibited the most complex interaction patterns, with multiple direct connections, reflecting 

their central roles in inflammation and IR. Proteins associated with IR (green nodes), such as 

IRS1 and AKT1, along with NF-κB, TNF-α, IL-6, and IKKβ, also showed strong interactions, 

indicating a close mechanistic relationship between chronic inflammation and impaired insulin 

signaling (Figure 3a). Gene ontology (GO) analysis revealed that NF-κB, IKKβ, TNF-α, and 

IL-6 were significantly involved and associated with the NF-κB signaling pathway (Figure 3b). 

These proteins operate synergistically within the NF-κB–mediated inflammatory response, 

predominantly localized in the cytoplasm and plasma membrane (Figure 3c). 

This intricate network of inflammatory pathways contributes to IR in T2D by impairing 

insulin signaling and promoting chronic inflammation. The network is enriched with proteins 

involved in inflammatory responses, including the NF-κB pathway. NF-κB acts as a master 

transcriptional regulator of inflammatory genes, and its activation depends largely on IKKβ-

mediated phosphorylation of IκB. This mechanism promotes nuclear translocation of NF-κB 

and induces the expression of cytokines such as TNF-α and IL-6, which further amplify 

inflammatory signaling [38-40]. TNF-α and IL-6 cytokines, in turn, activate the NF-κB 

pathway, amplifying inflammation and disrupting insulin signaling in key tissues, including 

the liver and muscles, thereby contributing to the onset of IR [41-43]. They play a pivotal role 

in the onset of IR by phosphorylating insulin receptor substrate-1 (IRS-1), thereby preventing 

its binding to the insulin receptor, reducing insulin signaling and uptake in metabolic tissues 

[44-46]. Inhibition of NF-κB, TNF-α, IL-6, and IKKβ would be expected to disrupt the NF-

κB-driven inflammatory cascade, thereby decreasing downstream cytokine production. 

Targeting these proteins could provide potential therapeutic strategies for managing MetS and 

thereby alleviating chronic inflammation that contributes to impaired insulin signaling. 

3.3. Structure retrieval and binding site identification. 

Analysis of the binding pockets was performed using the CASTP server, as shown in 

Figure 4. The selected binding sites, along with their volumes and surface areas, are presented 

in Table 1 for further docking studies. The pocket's area and volume indicated its suitability 

for accommodating ligands of varying sizes. 

3.4. Validation of docking. 

Redocking of the co-crystallized ligands into the active sites of TNF-α, IL-6, and IKKβ 

was carried out using PyRx 0.8, following previously established procedures. The redocking 

step produced binding affinities of –8.7, –10.9, and –6.5 kcal/mol for TNF-α, IL-6, and IKKβ, 

respectively. The redocked complexes were then superimposed with their native protein–ligand 

complexes using PyMOL. The output files generated by PyRx 0.8 showed an RMSD of 0.00 

Å between the native and redocked complexes. Additionally, the docking protocol employed 

allowed the co-crystallized ligands to bind to the same active site of the target protein after 

redocking (Figure 5). Decoy-based validation demonstrated that 12 out of 16 decoy molecules 

were correctly identified, yielding an 80% detection rate (Table 3). 

The RMSD value of 0.00 Å between the co-crystallized ligand and redocked poses 

indicates that the docking protocol reproduced experimentally observed binding conformations 

https://doi.org/10.33263/BRIAC161.010
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with precision. Such low RMSD values are desirable and are consistent with previous studies 

that have used the same redocking-based approach to validate docking protocols [47]. 

Furthermore, the close structural alignment between the redocked and co-crystallized ligand 

poses demonstrates that AutoDock Vina in PyRx 8.0 can accurately restore ligand positioning 

within the correct binding pockets of the target proteins [48]. The decoy screening further 

supports the scoring reliability of the docking workflow. Successfully identifying 80% of the 

decoys indicates that the algorithm can differentiate active ligands from non-binders, thereby 

strengthening confidence in subsequent virtual screening predictions [49]. 

 

 
(a) (b) 

  
(c) (d) 

Figure 4. Predicted binding pocket (highlighted) of the target protein using CASTp: (a) NF-kB (1IKN); (b) 

TNF-α (6OP0); (c) IL-6 (1ALU); (d) IKKβ (4KIK). These pockets were used as the docking sites for 

subsequent molecular docking and molecular dynamics simulations. 

   
(a) (b) (c) 

Figure 5. Superimposition of re-docked target proteins (red  color) onto the original co-crystallized complex 

(yellow color) in the active site of the target proteins using the PyRx 0.8 tool. (a) TNF-α; (b) IL-6; (c) IKKβ. 

Table 3. Validation of docking results of selected bioactive compounds from M. oleifera with decoys. 

Protein Test ligand 

Binding 

affinity 

(kcal/mol ( 

Decoy ligands (kcal/mol) 
Percentage 

(%) 
Description 

1 2 3 4 5 6 7 8 9 10 

NF-κB 

Quinic acid -6.6 -5.8 -6.2 -6.8 -6.1 -6.2 -6.7 -5.5 -5.9 -6.0 -5.9 80 
Moderate 

validity 

Kaempferol -8.6 -7.7 -8.5 -8.3 -7.9 -7.8 -7.7 -8.3 -8.1 -8.4 -8.7 90 
High 

validity 

7-hydroxycoumarin -7.2 -6.1 -6.6 -7.3 -6.5 -6.2 -6.8 -7.0 -6.7 -6.4 -6.5 90 
High 

validity 

p-coumaric acid -6.7 -6.0 -5.5 -6.7 -6.3 -5.8 -5.9 -6.3 -6.1 -6.5 -6.8 80 
Moderate 

validity 
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Protein Test ligand 

Binding 

affinity 

(kcal/mol ( 

Decoy ligands (kcal/mol) 
Percentage 

(%) 
Description 

1 2 3 4 5 6 7 8 9 10 

TNF-α 

Quinic acid -6.4 -6.3 -6.4 -6.4 -6.2 -6.3 -6.5 -6.2 -6.5 -6.4 -6.4 80 
Moderate 

validity 

Kaempferol -8.5 -8.3 -8.4 -8.0 -8.2 -8.3 -8.6 -8.7 -8.1 -8.4 -8.5 80 
Moderate 

validity 

7-hydroxycoumarin -7.6 -8.4 -7.7 -7.8 -8.0 -7.9 -8.9 -8.0 -7.1 -7.2 -7.9 80 
Moderate 

validity 

p-coumaric acid -7.6 -7.5 -7.6 -7.4 -7.3 -6.9 -7.3 -8.1 -7.2 -7.5 -6.5 90 
High 

validity 

IL-6 

Quinic acid -4.7 -4.6 -4.7 -4.7 -4.6 -4.8 -4.6 -4.7 -4.5 -4.6 -4.8 50 
Low 

validity 

Kaempferol -6.2 -6.0 -6.2 -5.9 -5.7 -6.2 -5.9 -6.4 -6.5 -6.1 -6.0 80 
Moderate 

validity 

7-hydroxycoumarin -4.7 -4.8 -4.5 -4.6 -4.6 -4.7 -4.9 -5.1 -4.5 -4.6 -4.6 70 
Low 

validity 

p-coumaric acid -4.7 -4.6 -4.4 -4.5 -4.4 -4.6 -4.8 -4.4 -4.6 -4.7 -4.6 80 
Moderate 

validity 

IKKβ 

Quinic acid -6.2 -6.0 -5.7 -6.2 -6.4 -6.1 -6.4 -6.2 -6.1 -5.8 -6.3 70 
Low 

validity 

Kaempferol -9.3 -9.3 -9.8 -9.8 -8.8 -9.9 -8.9 -9.7 -9.4 -9.5 -9.5 80 
Moderate 

validity 

7-hydroxycoumarin -7.0 -7.4 -7.0 -7.0 -7.2 -7.1 -8.1 -7.1 -6.7 -6.2 -7.3 80 
Moderate 

validity 

p-coumaric acid -6.7 -6.6 -7.4 -6.5 -6.7 -6.3 -6.8 -6.9 -6.5 -6.6 -6.1 70 
Low 

validity 

3.5. Binding interactions of bioactive compounds and target proteins. 

Four selected compounds—quinic acid, kaempferol, 7-hydroxycoumarin, and p-

coumaric acid—were further docked with each of NF-κB, TNF-α, IL-6, and IKKβ to evaluate 

their potential anti-inflammatory activity related to IR. The binding energies were -6.6, -8.6, -

7.2, and -6.7 kcal/mol, respectively, with NF-κB; -6.4, -8.5, -7.6, and -7.6 kcal/mol, 

respectively, with TNF-α; -4.7, -6.2, -4.7, and -4.7 kcal/mol, respectively, with IL-6; and -7.2, 

-9.3, -7.0, and -6.7 kcal/mol, respectively, with IKKβ (Tables 3 and 4). According to the 

molecular docking results, kaempferol exhibited the lowest binding energy among all docked 

compounds and was therefore selected for subsequent in silico analyses, including molecular 

dynamics simulations. The docking results were similar to those of the reference NF-κB, TNF-

α, IL-6, and IKKβ inhibitors, whose binding energies were -8.1, -13.6, -5.5, and -8.5 kcal/mol, 

respectively (Table 4). Additionally, kaempferol interacted with key protein residues within 

the active site, thereby supporting its strong binding affinity, as indicated by the residues 

highlighted in blue in Figure 6.  The interactions between kaempferol and the target proteins, 

including hydrogen bonds and hydrophobic interactions, as well as the amino acids involved, 

are detailed in Table 4 and Figure 6.  

Table 4. Chemical interactions of Kaempferol with NF-kB, TNF-α, IL-6, and IKK2. 

Position of chemical interaction Binding affinity 

(kcal/mol) 
Ligand Protein 

Hydrophobic interaction Hydrogen bond 

 

GLY31, ASN186, ARG187, 

ALA188, THR191, ALA192,  

GLN220, SER276 

-8.1 Control 
NF-kB 

(PDB:1IKN) 
ARG30, ALA188, ALA192, 

ASP223 

ARG187, THR191, GLN220, 

ARG274, SER276 
-8.6 Kaempferol 

LEU;A57, TYR; A59, LEU;B57, 

TYR;B59, TYR; B119, LEY;C57, 

TYR;C59, TYR;C119 

TYR;A119, SER;C60, 

TYR;C151 
-13.6 Control TNF-α 

(PDB: 6OP0) 

LEU;A57, LEU;B57, GLN;C61 ILE;B58, TYR;C151 -8.5 Kaempferol 

LEU92, ILE123, PRO141 
GLU99, GLU95, LYS120, 

ASN144 
-5.5 Control 

IL-6 

(PDB:1ALU) 
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Position of chemical interaction Binding affinity 

(kcal/mol) 
Ligand Protein 

Hydrophobic interaction Hydrogen bond 

GLU95, GLU99 
GLN119, LYS120, PRO139, 

ASN144 
-6.2 Kaempferol 

VAL29, ALA42, VAL74, MET96, 

TYR98, VAL152, ILE165 
LEU21, ASP103 -8.5 Control 

IKKβ 

(PDB:4KIK) LEU21, VAL29, ALA42, LYS44, 

MET96, VAL152, ILE165 
CYS99, ASP103, ASP166 -9.3 Kaempferol 

 

 

 

 
Figure 6. Molecular docking poses of kaempferol within the active sites of the target proteins, obtained using 

PyRx 8.0 software. Blue circles indicate key residues involved in ligand binding.  
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Based on the docking studies, kaempferol may act as a competitive inhibitor of the 

target proteins.  Molecular docking results revealed that kaempferol bound to all four target 

proteins—NF-κB, TNF-α, IL-6, and IKKβ—at the same active sites occupied by their 

respective control ligands. In the NF-κB complex, kaempferol interacted within the same active 

pocket as the control ligand, forming a hydrogen bond with GLN220, as well as shared 

interacting residues including ARG187, ALA188, THR191, and ALA192. For the TNF-α 

protein, kaempferol established hydrogen bonds with ILE; B58 and TYR; C151, and 

hydrophobic interactions with LEU; A57, LEU; B57, and GLN; C61. These residues overlap 

with those engaged by the control ligand within the same active site region, indicating stable 

anchoring within the TNF-α binding pocket. Kaempferol also demonstrated strong binding to 

IL-6, forming four hydrogen bonds with GLN119, LYS120, PRO139, and ASN144, along with 

hydrophobic interactions with GLU95 and GLU99. These residues overlapped with those 

engaged by the control ligand, indicating that kaempferol occupied the same active-site region 

of IL-6. Among the four targets, the strongest interaction was observed with IKKβ, where 

kaempferol showed a binding affinity of −9.3 kcal/mol, surpassing that of the control ligand 

(−8.5 kcal/mol). Kaempferol interacted with several key active-site residues shared with the 

control, specifically ASP103, VAL29, MET96, VAL152, and ILE165. 

These findings indicate that kaempferol consistently binds to the same functionally 

active sites as the control ligands across all target proteins, demonstrating high binding affinity 

and forming stabilizing interactions, highlighting its strong potential as a multi-target inhibitor 

within inflammatory signaling pathways. A high binding affinity indicates a robust protein-

ligand interaction [50]. Kaempferol establishes hydrogen bonds that stabilize its interactions 

with the proteins [51]. Hydrogen bonds are essential for stabilizing protein structure and 

forming its secondary structure [52]. The presence of two intramolecular hydrogen bonds in 

kaempferol enhances its structural stability, and its high polarity ensures robust protein binding 

[53]. This unique structure contributes to kaempferol's diverse pharmacological activities, 

including its significant ability to suppress TNF-α expression in RAW cells stimulated with 

lipopolysaccharide [54]. 

3.6. Molecular dynamics (MD) simulation. 

Molecular dynamics simulations were conducted to evaluate the stability of interactions 

between target proteins and kaempferol.  A lower RMSD value indicates greater structural 

stability; protein–ligand complexes with RMSD values below 3 Å are considered to have stable 

interactions [55]. In this study, kaempferol was selected for MD simulations to evaluate its 

interactions with several inflammation-related target proteins over 20 ns. The molecular 

dynamics simulations indicated that kaempferol formed relatively stable complexes with NF-

κB, TNF-α, and IL-6, as reflected by protein backbone RMSD values remaining below 3 Å 

(Figures 7a, 8a, and 9a). Meanwhile, the IKKβ-kaempferol complex is similarly stable to that 

of the IKKβ-inhibitor complex, but substantial fluctuations occurred as the simulation 

concluded (Figure 10a). Analysis of RMSD for ligand movement in the NF-κB-kaempferol 

complex revealed that kaempferol exhibited greater structural stability than the inhibitor 

throughout the simulation period (Figure 7b). The TNF-α-kaempferol complex showed an 

increase in RMSD at 2 ns, which then stabilized with minimal fluctuations until the end of the 

simulation (Figure 8b). While in IL-6 and IKKβ, kaempferol showed fluctuations at the end of 

the simulation (Figures 9b and 10b).  
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(a) (b) 

  
(c) (d) 

Figure 7. Molecular dynamic simulation of the interaction between NF-kB and the ligands: (a) RMSD;  

(b) RMSD ligand movement; (c) number of hydrogen bonds; (d) RMSF values. 

  

(a) (b) 

  

(c) (d) 

Figure 8. Molecular dynamic simulation of the interaction between TNF-α protein and the ligands: (a) 

RMSD; (b) RMSD ligand movement; (c) number of hydrogen bonds; (d) RMSF values. 
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(a) (b) 

  

(c) (d) 

Figure 9. Molecular dynamic simulation of the interaction between IL-6 protein and the ligands: (a) RMSD;  

(b) RMSD ligand movement; (c) number of hydrogen bonds; (d) RMSF values. 

  

(a) (b) 

  

(c) (d) 

Figure 10. Molecular dynamic simulation of the interaction between IKKβ protein and the ligands: (a) 

RMSD; (b) RMSD ligand movement; (c) number of hydrogen bonds; (d) RMSF values. 
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In the hydrogen bond results, a greater number of hydrogen bonds were observed 

between NF-κB, TNF-α, and IKKβ with kaempferol than with the inhibitor (Figures 7c, 8c, 

and 10c). While in IL-6, the number of hydrogen bonds is the same as with the inhibitor (Figure 

9c). RMSF analysis showed that the residue fluctuations of NF-κB, TNF-α, and IL-6 were 

comparable to those of the control (Figures 7a, 8a, and 9a). The RMSF values of IKKβ with 

kaempferol were found to be within the acceptable range, similar to those of the inhibitor, with 

only large fluctuations at the beginning of the simulation (Figure 10d).  Overall, these results 

suggest that kaempferol maintains relatively more stable interactions with NF-κB, TNF-α, and 

IL-6 than with IKKβ over the simulation period, suggesting a possible role in modulating 

inflammatory pathways associated with IR. 

Figure 11 presents a graphical abstract illustrating how the biological function of M. 

oleifera kaempferol may suppress pro-inflammatory cytokine expression, such as IL-6 and 

TNF-α, associated with the onset of IR. Kaempferol inhibits the NF-κB pathway, a major 

mediator of inflammation, thereby reducing pro-inflammatory cytokines  [56,57]. By inhibiting 

these inflammatory markers, kaempferol may help restore insulin sensitivity, which is often 

compromised in individuals with MetS [58]. The current study highlights kaempferol's 

potential as a potent anti-inflammatory agent. However, the in silico findings should be 

validated in experimental models, both in vitro and in vivo. Establishing kaempferol as a 

treatment for inflammation and improving IR associated with MetS could represent a 

significant advancement in natural anti-inflammatory therapies. 

 
Figure 11. The possibility of the Moringa kaempferol biological function can inhibit proinflammatory cytokine 

expression, such as TNF-α and IL-6, contributing to ameliorating insulin resistance. 

3.7. Limitations. 

Molecular docking relies on scoring functions that provide approximate binding 

affinities and may not fully capture the dynamic nature of protein–ligand interactions. 

Additionally, the molecular dynamics simulations were conducted over a relatively short 

timescale (20 ns), which may be insufficient to fully assess the long-term stability of complex 

systems. Furthermore, the simulations were performed under simplified conditions that do not 

entirely represent the complexity of biological systems. Finally, the lack of experimental 

validation limits the extent to which the in silico findings can be generalized. Therefore, the 

results should be interpreted as preliminary and hypothesis-generating rather than conclusive. 
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4. Conclusions 

This study presents a computational evaluation of selected bioactive compounds from 

M. oleifera and their interactions with inflammatory signaling proteins implicated in IR, 

namely NF-κB, TNF-α, IL-6, and IKKβ. The in silico analyses identified several compounds 

with favorable drug-likeness profiles, predicted non-toxicity, and stable binding interactions 

with the target proteins. Among the screened compounds, kaempferol exhibited stronger 

binding affinities and more stable interactions with key active-site residues, suggesting a 

potential capacity to modulate inflammatory signaling pathways associated with IR. However, 

as the findings are based exclusively on computational analyses, they are limited by 

methodological assumptions and require validation through in vitro and in vivo experiments. 

Accordingly, this study serves as a preliminary framework to support future experimental 

investigations. 
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