
Received: 18 December 2025 | Revised: 2 February 2026 | Accepted: 24 February 2026 | Published online: 9 March 2026

Medinformatics
2026, Vol. 00(00) 1–14

DOI: 10.47852/bonviewMEDIN62028824
RESEARCH ARTICLE

Integrative Network Pharmacology and Docking
Analysis ofMoringa oleifera in Alzheimer’s
Disease: Dual Targeting of MAPK1 and STAT3
by Active Phytochemical Compounds

Israr Hussain1, †, Itazaz Ul Haq2, †, Muhammad Rahiyab1, Li Pinyi2, Ishaq Khan1, Syed Shujait Ali1, Mohammad Ali1
and Arshad Iqbal1,*

1Centre for Biotechnology and Microbiology, University of Swat, Pakistan

2College of Life Science, Sichuan Agricultural University, China

Abstract: Alzheimer’s disease (AD) is a multifactorial neurodegenerative disorder with limited therapeutic options. This study
evaluated the potential of Moringa oleifera as a multi-target therapeutic candidate for AD using an integrative network pharma-
cology and molecular docking approach. From 209 screened phytochemicals, six compounds—hesperetin, cianidanol, campesterol,
24-methylenecholesterol, β-sitosterol, and 28-isoavenasterol acetate—met drug-likeness and oral bioavailability criteria. Target predic-
tion identified 233 overlapping genes between M. oleifera compounds and AD-associated genes, forming a densely interconnected
protein–protein interaction network with key hub proteins including HSP90AA1, SRC, MAPK1, and STAT3. Functional enrich-
ment analysis revealed significant involvement in MAPK signaling, neuroactive ligand–receptor interaction, arachidonic acid
metabolism, and amyloid-beta response pathways. Molecular docking demonstrated that sterol derivatives, particularly campesterol and
24-methylenecholesterol, exhibited the strongest binding affinities to MAPK1 (−8.2 kcal/mol), stabilizing critical residues such as
ALA52, ILE31, VAL39, ASP111, and ASP167. In contrast, flavonoids such as hesperetin and cianidanol showed moderate binding
affinities but more favorable pharmacokinetic and safety profiles. Several compounds also interacted with STAT3 at moderate affinities,
suggesting partial modulation of neuroinflammatory signaling. Overall, these findings suggest that M. oleifera may exert neuropro-
tective effects through dual targeting of MAPK1-driven neuronal dysfunction and STAT3-mediated inflammation. These results are
based on computational analyses and should be considered hypothesis-generating, warranting further experimental validation.
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1. Introduction

Alzheimer’s disease (AD) constitutes the primary cause of
dementia, representing a progressive neurodegenerative disorder
with escalating global prevalence. Its pathogenesis is charac-
terized by the accumulation of extracellular amyloid-beta (Aβ)
plaques, intracellular neurofibrillary tangles of hyperphospho-
rylated tau protein, chronic neuroinflammation, and extensive
synaptic and neuronal loss [1]. The therapeutic landscape for
AD remains highly limited. Monotherapeutic strategies, includ-
ing recent anti-Aβ immunotherapies, have demonstrated only
marginal clinical efficacy, frequently accompanied by significant
adverse effects [2]. These persistent failures underscore the insuffi-
ciency of the single-target paradigm and highlight the necessity for

*Corresponding author: Arshad Iqbal, Centre for Biotechnology and Micro-
biology, University of Swat, Pakistan. Email: arshad.iqbal@uswat.edu.pk
† Co-first author

polypharmacological interventions that address the multifactorial
nature of AD pathogenesis.

Medicinal plants with documented traditional use repre-
sent a viable source of multi-target therapeutic agents. Moringa
oleifera is widely employed in traditional medicinal systems and
has demonstrated a range of pharmacological activities, includ-
ing antioxidant, anti-inflammatory, and neuroprotective effects
[3]. Phytochemical investigations have identified numerous bioac-
tive constituents, such as flavonoids (e.g., quercetin, kaempferol),
glucosinolates (e.g., glucotropaeolin), and phenolic acids (e.g.,
chlorogenic acid) [4]. The specific molecular mechanisms through
which M. oleifera modulates AD pathology remain poorly defined
and have not been systematically investigated using a systems-level
approach.

In comparison with other medicinal plants used in neu-
rodegenerative research, such as Ginkgo biloba and Withania
somnifera, M. oleifera possesses a uniquely diverse phytochemical
profile enriched with sterols, flavonoids, glucosinolates, isoth-
iocyanates, and phenolic acids. Compounds such as quercetin,
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kaempferol, β-sitosterol, and campesterol exhibit stronger antioxi-
dant and anti-inflammatory activities relative to several bioactives
isolated from G.     biloba and W.     somnifera [5]. M.     oleifera con-
tains rare sterol derivatives such as 24-methylenecholesterol and
28-isoavenasterol acetate, which have been increasingly recog-
nized for their neuroprotective, anti-amyloidogenic, and MAPK-
modulating properties [3]. These compounds provide a broader
multi-target pharmacological spectrum, making M. oleifera par-
ticularly suitable for systems-level interventions in AD [6]. Given
this phytochemical richness and its long-standing traditional use
for cognitive enhancement, M. oleifera represents a promising
candidate for integrative computational analysis and therapeutic
exploration.

Conventional reductionist methodologies are inadequate for
deciphering the complex interactions between a multi-constituent
natural product and a multifaceted disease like AD. Network
pharmacology, which integrates bioinformatics, systems biology,
and polypharmacology, provides a powerful framework for the
holistic prediction of drug-target-disease interactions and the elu-
cidation of underlying therapeutic mechanisms [7]. This approach
is particularly suited for validating the traditional applications
of M. oleifera and for mapping its complex pharmacodynamics.

In this study, we applied an integrative network pharmacol-
ogy approach to delineate the therapeutic potential of M. oleifera
against AD. We systematically identified its bioactive compounds,
predicted their high-confidence protein targets, and constructed
a comprehensive interaction network with AD-associated genes.
Topological analysis of the protein–protein interaction (PPI) net-
work identified several critical hub targets, including HSP90AA1,
MAPK1, and STAT3. Functional enrichment analysis revealed
significant involvement in MAPK1 signaling and neuroactive lig-
and–receptor interaction pathways. Our analysis identified the
MAPK1 signaling axis as a central and previously unreported
mechanism for M. oleifera in the context of AD. This target nexus
is strategically positioned at the intersection of neuroinflamma-
tion and synaptic regulation, core processes in AD that are not
effectively addressed by current monotherapies.

Advancements in computational drug discovery have sig-
nificantly accelerated the identification of therapeutic candidates
for neurodegenerative diseases, particularly AD. AI-assisted tar-��
get prediction tools, such as deep learning–based chemo genomic
models and AlphaFold2-derived structural data, have greatly
improved the accuracy of protein–ligand interaction predictions
[8]. Multi-omics integrated network pharmacology frameworks
now allow the reconstruction of disease-specific molecular net-
works, enabling the identification of high-value targets such as
MAPK1 and STAT3 that sit at the intersection of inflamma-
tion, synaptic dysfunction, and neuronal survival [9]. Modern
docking approaches utilizing deep learning scoring functions and
enhanced sampling techniques have increased the reliability of
virtual screening pipelines. These computational advances have
provided a strong foundation for combining network pharma-
cology, docking, and molecular dynamics (MD) to explore the
multi-target therapeutic potential of natural products, including
M. oleifera, in AD [10].

This study provides a systematic, molecular-level founda-
tion for the traditional use of M. oleifera in cognitive disorders.
It delineates a multi-target mechanism of action and identifies
novel, high-value target pathways, thereby offering a compelling
rationale for subsequent experimental validation and positioning
M. oleifera as a promising source for multi-target therapeu-
tic strategies or nutraceutical interventions in AD. The overall
workflow of the entire study is described in Figure 1.

2. Materials and Methods

2.1. Data collection and active compounds screening
inMoringa oleifera

Data on the active compounds of M. oleifera were obtained
through a review of existing literature and publicly accessible
databases. Specifically, information on compounds associated
with M. oleifera was compiled from phytochemical databases such
as IMPPAT (https://cb.imsc.res.in/imppat/) [11] and KNApSAcK-
3D Phytochemical and Ethnobotanical Database (http://www.
knapsackfamily.com/KNApSAcK/) [12]. A comprehensive litera-
ture search was conducted using PubMed (https://pubmed.ncbi.
nlm.nih.gov/) [13] and Google Scholar (https://scholar.google.
com/) [14] with the primary keyword ”M. oleifera.” Relevant
research articles and compound data were retrieved using the
term “M. oleifera.” Screening of these compounds was performed
to identify promising drug-like molecules. The selection criteria
were oral bioavailability (OB) score > 50%, a drug-likeness (DL)
score > 0.50, and a molecular weight (MW) < 500 g/mol. OB,
MW, and DL scores were computationally predicted using Swis-
sADME (http://www.swissadme.ch/) [15] and Molsoft (https://
www.molsoft.com/mprop/) [16]. Compound structures, canonical
SMILES, and molecular data were retrieved from the PubChem
(https://pubchem.ncbi.nlm.nih.gov/) [17] and ChemSpider (http://
www.chemspider.com/) [18] databases.

2.2. Target identification and network construction

Target prediction serves as the foundational step for map-
ping molecular interactions between phytochemicals and disease
pathways. The putative protein targets of bioactive compounds
were identified using their Simplified Molecular-Input Line-Entry
System (SMILES) notations. These notations were submitted to
the Swiss Target Prediction (http://www.swisstargetprediction.ch/)
[19], which forecasts human protein targets based on struc-
tural similarity and known interactions. Only targets meeting
a high-confidence threshold (probability ≥ 0.5 for Swiss Target
Prediction) were retained.

AD-related genes were compiled from the GeneCards
(https://www.genecards.org/) [20] and OMIM databases (https://
www.omim.org/) [21] to establish a comprehensive disease gene
set. Common gene symbols were resolved using UniProtKB
(https://www.uniprot.org/) [22], and overlap between phytochem-
ical compound targets and AD genes was determined and
visualized using Venny 2.1 (https://bioinfogp.cnb.csic.es/tools/
venny/) [23] to identify common genes for network construction.

2.3. PPI network construction and hub gene
identification

To investigate the system-level mechanisms underlying the
potential therapeutic effects of M. oleifera in AD, a PPI network
was generated using the 233 common genes identified through
target prediction analysis. The PPI data were obtained from
the STRING database version 11.5 (https://string-db.org/) [24],
restricted to Homo sapiens as the target organism. A confidence
threshold of combined score > 0.4 was applied to ensure inclu-
sion of both high-confidence interactions and broader network
connectivity. A medium-confidence interaction score (combined
score > 0.4) was selected to balance interaction reliability with
network coverage, allowing inclusion of both experimentally val-
idated and high-confidence predicted protein interactions, which
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Figure 1. Computational workflow for investigating the neuroprotective potential ofM. oleifera against Alzheimer’s disease

is appropriate for exploratory network pharmacology analyses
aimed at identifying hub targets.

The resulting interaction network was imported into
Cytoscape software (version 3.9.1) in TSV format for visual-
ization and computational analysis [25]. Network topology was
examined using established graph theoretical parameters, with
particular emphasis on degree centrality as a primary metric
for identifying hub genes. Nodes exhibiting the highest degree
values were designated as network hubs, representing proteins
of potential biological significance in the mechanism of action
of M. oleifera compounds against AD pathology. These hub genes
were prioritized for subsequent functional enrichment analyses to
elucidate their roles in relevant biological pathways and processes.

2.4. Pathways and functional enrichment analysis

Functional enrichment analysis was conducted to systemat-
ically characterize the biological roles and pathways associated
with the 233 common target genes. Gene ontology (GO) anno-
tation and Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment were performed using the DAVID bioinfor-
matics resource (version 6.8) [26]. This analysis categorized gene
functions into three primary domains: biological process (BP),
molecular function (MF), and cellular component (CC). All GO

and KEGG enrichment analyses were performed using the entire
human genome (Homo sapiens) as the background reference set,
as implemented in both DAVID 6.8 and STRING 11.5. The
STRING database was additionally employed to corroborate the
functional enrichment findings through its integrated protein asso-
ciation networks. Statistically significant terms were identified
using a threshold of p < 0.05, adjusted for multiple testing using
the Benjamini–Hochberg false discovery rate (FDR) correction.
Enrichment results were visualized using bubble plots generated
through the SR Plot platform (https://www.bioinformatics.com.
cn/srplot) [27], which provided a quantitative representation of
enrichment significance (−log10(   p-value)) and gene count ratios
for each term.

Multiple testing correction was uniformly applied using the
Benjamini–HochbergFDR, and only terms with adjusted p-values
< 0.05 were considered statistically significant.

The most significantly enriched GO terms and KEGG path-
ways were selected for further biological interpretation based on
statistical rigor and relevance to AD pathogenesis.

2.5. Molecular docking analysis

A molecular docking study was conducted to evaluate the
binding interactions and affinities of the compounds against
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selected protein targets. This approach is a pivotal tool in
structure-based drug design for predicting the preferred orien-
tation and binding energy of a small-molecule ligand within a
protein’s active site. The three-dimensional crystal structures of
the target proteins STAT3 PDB ID:6D5Y and MAPK1 PDB ID:
6NJS were retrieved from the RCSB Protein Data Bank (https://
www.rcsb.org/) [28]. The protein structures were prepared using
PyMOL [29]. This preparation involved the removal of water
molecules, co-crystallized ligands, and any heteroatoms not per-
tinent to the binding site. Polar hydrogen atoms were added,
and the structures were energy-minimized to correct any steric
clashes. PyRx software (version 0.8) was utilized for the energy
minimization of these ligands and for converting them into the
PDBQT format, which is required for docking calculations [30].
For MAPK1, the grid box was defined using EasyDock Vina with
dimensions centered on the active-site coordinates obtained from
the co-crystallized ligand binding pocket. The Auto Grid dimen-
sions were set as follows: grid center coordinates X = 6.6131,��
Y = 9.2389, Z = 22.5476 and number of points X = 81, Y = 58,
Z = 70, defining the spatial grid settings for a molecular model-
ing or docking simulation using a protein data file. The box was
large enough to cover the entire catalytic site and adjacent reg-
ulatory regions. The actual docking simulations were performed
using EasyDock Vina (v. 2.2) [31]. For each ligand–protein com-
plex, multiple binding poses were generated. Each ligand was
docked using an exhaustiveness value of 8, and 10 independent
docking runs were performed per compound to ensure sampling
consistency and convergence toward the lowest-energy binding
pose. The best docking pose for each ligand was selected based on
the lowest binding affinity (ΔG, kcal/mol) combined with inspec-
tion of key interactions (hydrogen bonds, hydrophobic contacts,
and orientation within the active site). Poses with steric clashes or
inconsistent orientations were excluded.

The primary criteria for evaluating the docking results were:

1. The binding affinity (ΔG), expressed in kcal/mol, with more
negative values indicating stronger binding.

2. The root mean square deviation (RMSD) of the atomic posi-
tions for the top-ranked poses, used to assess the reliability
and consistency of the docking run.

The resulting docked complexes for the most favorable poses
(lowest binding energy) were visualized and analyzed using Dis-
covery Studio Visualizer to identify and depict key molecular
interactions [32].

2.6. ADMET profiling and pharmacokinetic
evaluation

ADMET (Absorption, Distribution, Metabolism, Excretion,
and Toxicity) properties are critical determinants of a compound’s
viability as a drug candidate. Early-stage ADMET profiling
helps identify potential pharmacokinetic and safety issues, reduc-
ing late-stage attrition in drug development. In this study, we
employed computational tools to evaluate key ADMET param-
eters for the designed compounds, ensuring a balance between
efficacy and safety. The SwissADME tool (http://www.swissadme.
ch) was used to compute physicochemical descriptors (e.g., molec-
ular weight, lipophilicity, hydrogen bonding) and assess DL based
on guidelines like Lipinski’s Rule of Five [33]. The Bioavailability
Radar provided a visual overview of compound suitability for oral
administration. ProTox-3.0 (https://tox.charite.de/protox3/index.
php?site=home) predicted organ toxicity (e.g., hepatotoxicity),

toxicological endpoints (e.g., mutagenicity, carcinogenicity), and
toxicity targets using machine learning models and molecular
similarity [34].

2.7. Molecular dynamics simulation

To validate the dynamic stability of the compound–protein
interactions obtained from molecular docking, MD simulations
were performed using the CABS-flex 2.0 server (https://biocomp.
chem.uw.edu.pl/CABSflex2/submit) [35]. This platform employs
a coarse-grained protein model to simulate protein flexibility
and ligand interactions while maintaining computational effi-
ciency. The top six phytochemicals identified from docking
analysis—campesterol, 24-methylenecholesterol, β-sitosterol, 28-
isoavenasterol acetate, hesperetin, and cianidanol—were selected
for MD evaluation against the MAPK1 protein.

Each protein–ligand complex was subjected to a 10 ns sim-
ulation run with default parameters. Residue-level fluctuations
were analyzed in terms of root mean square fluctuation (RMSF,
Å) values, which represent the average displacement of each
residue over time relative to its mean position. Lower RMSF
values indicate greater structural stability, whereas higher fluctu-
ations suggest localized flexibility. RMSF profiles were extracted
from the simulation output, and descriptive statistics (mean, stan-
dard deviation, minimum, maximum) were calculated for each
complex [36]. As this is an in silico study, the computational
predictions require future validation through in vitro MAPK1
activity assays, STAT3 inhibition assays, and neuroinflammatory
marker evaluation.

3. Results

3.1. Screening of bioactive compounds from
M. oleifera

A comprehensive phytochemical library of M. oleifera was
constructed by aggregating data from two specialized databases:
the IMPPAT database contributed 201 compounds, and the
KnapSack server contributed 77 compounds, yielding an ini-
tial total of 278 bioactive phytochemical compounds. This raw
compound collection underwent a curation process to eliminate
redundancies. Manual inspection and removal of duplicate entries
in Microsoft Excel resulted in a refined, non-redundant library
of 209 unique phytochemical compounds for subsequent phar-
macokinetic evaluation. This refined library was then subjected
to the predefined virtual screening filters based on the criteria of
oral bioavailability (OB > 50%), drug-likeness (DL > 0.50), and
molecular weight (MW < 500 g/mol). The application of these
ADMET parameters predicted six compounds that met all criteria
and were selected for further computational investigation. These
findings are predictive in nature and highlight computationally
derived interactions that require validation through biochemical
and cellular experiments. The names and key properties of these
screened compounds are presented in Supply Table 1.��

3.2. Identification of AD-related targets

The six active compounds identified from M. oleifera were
submitted to the SwissTarget Prediction database, yielding a
total of 256 target genes. 15,563 genes associated with AD were
compiled from the GeneCards and OMIM databases.

Venn diagram analysis identified an overlap of 226 com-
mon genes between the M. oleifera-derived compound targets and
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Table 1. Molecular docking results and binding interactions of the active compounds with MAPK1

Compound
Binding affinity

(kcal/mol)
PubChem

ID
Target

protein Category

Campesterol –8.2 173183 MAPK1 Active compound in M. oleifera

24-Methylenecholesterol –8.2 92113 MAPK1 Active compound in M. oleifera

Beta-sitosterol –8.0 222284 MAPK1 Active compound in M. oleifera

NJK14047 –8.0 135395450 MAPK1 REFRENCE INHIBITOR
Neflamapimod VX-745 –7.6 3038525 MAPK1 REFRENCE INHIBITOR

28-Isoavenasterol acetate –7.3 91746804 MAPK1 Active compound in M. oleifera

Hesperetin –6.9 72281 MAPK1 Active compound in M. oleifera

Cianidanol –6.8 9064 MAPK1 Active compound in M. oleifera

28-Isoavenasterol acetate –6.2 91746804 STAT3 Active compound in M. oleifera

24-Methylenecholesterol –5.9 92113 STAT3 Active compound in M. oleifera

Figure 2. Venn diagram showing the overlap betweenM. oleifera
compound targets and Alzheimer’s disease-associated genes (226
common targets)

AD-related genes (Figure 2). These overlapping genes were con-
sidered computationally predicted candidate targets and were
selected for subsequent network and pathway analysis to explore
potential interactions.

3.3. Network pharmacology analysis

The 233 common genes, considered computationally pre-
dicted therapeutic targets of M. oleifera against AD, were
submitted to the STRING database (version 11.5) to construct a
PPI network. The network was generated with a high-confidence
interaction score threshold of > 0.4. The resulting network data
was downloaded in TSV format and imported into Cytoscape
software (version 3.9.1) for further visualization and topological
analysis.

The resulting network comprised 226 nodes and 2099 edges
(Figure 3). The high average node degree of 18.6 and an average
local clustering coefficient of 0.476 indicate a densely intercon-
nected and modular network structure. The PPI enrichment
p-value of < 1.0e-16 indicates that the observed number of inter-
actions is greater than expected by chance for a random set of
proteins of similar size, suggesting a potentially coherent network
structure. This suggests that the computationally predicted tar-
gets of M. oleifera bioactive form a closely linked network in

silico. The top 10 proteins ranked by degree centrality are listed in
Supply Table 2. HSP90AA1 and SRC showed the highest connec-
tivity, with degree scores of 57 and 53, indicating their predicted
role as hub proteins within the network. The top 10 proteins
ranked by maximal clique centrality (MCC) are listed in Supply
Table 3. AR showed the highest MCC score, indicating its pre-
dicted involvement in the largest number of fully connected
subnetworks (Figure 4a and b).

3.4. Functional enrichment gene ontology analysis

Functional enrichment analysis identified computation-
ally predicted potentially biological processes associated with
M. oleifera compounds and AD-related genes. KEGG path-
way analysis showed significant enrichment in neuroactive
ligand–receptor interaction and arachidonic acid metabolism,
suggesting potential involvement in neurotransmission- and
neuroinflammation-related pathways.

GO analysis demonstrated enrichment in key biological pro-
cesses including response to amyloid-beta and positive regulation
of cytosolic calcium ion concentration, highlighting computa-
tionally predicted associations with AD-related pathways. MFs
were dominated by protein kinase activity and transition metal
ion binding, potentially related to cell signaling and metal ion
homeostasis. CC localization highlighted synaptic membrane and
presynaptic membrane associations, suggesting that these proteins
may be localized to neuronal structures relevant in AD. The most
significant GO terms and pathways, ranked by p-value and gene
count, are presented graphically in Figure 5, which categorizes
the findings into (5a) MF, (5b) CC, (5c), KEGG pathway, and
(5d) BP.

The convergence of these enriched terms indicates that
M. oleifera compounds are computationally predicted to be
involved in pathways related to synaptic function, inflammatory
response, and cellular homeostasis relevant to AD.

In Supply Figure 1a, a chord plot illustrates the associations
between hub genes (red nodes) and enriched biological pro-
cesses, including calcium ion homeostasis, amyloid-beta response,
MAPK signaling regulation, and steroid metabolism. The bar
chart in Supply Figure 1b presents the GO enrichment results
across the three main ontologies: BP, CC, and MF. The
most significantly enriched biological processes included steroid
metabolic process, regulation of cytosolic calcium ion concentra-
tion, positive regulation of the MAPK cascade, and response to
amyloid-beta.
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Figure 3. Protein–protein interaction (PPI) network of 233 overlapping genes. Nodes represent proteins, and edges represent interactions

3.5. Molecular docking results section

The three-dimensional (3D) structures of MAPK1 and
STAT3 were retrieved and analyzed. Supply Figure 2a shows
the 3D structure of the MAPK1 protein, and Supply Figure
2b presents the 3D structure of STAT3. The molecular docking
analysis was performed to evaluate the binding affinity and inter-
action patterns of the six bioactive compounds from M. oleifera
against the MAPK1 (ERK2) and STAT3 protein targets. The
results demonstrated that all compounds exhibited comparatively

higher predicted binding affinity toward the MAPK1 protein
compared to the STAT3 protein. Specifically, campesterol and
24-methylenecholesterol showed the lowest predicted binding
energies toward MAPK1, with binding energies of −8.2 kcal/-
mol each, suggesting them as the most promising candidates for
further investigation (Supply Figures 3 and 4).

The binding affinities (ΔG in kcal/mol) for all compounds
against MAPK1 are summarized in Table 1. The binding ener-
gies ranged from −6.8 to −8.2 kcal/mol. Campesterol and
24-methylenecholesterol displayed the lowest predicted binding
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Table 2. Molecular interaction profiles of active compounds inM. oleifera with MAPK1

Compound Hydrogen bonds (residues) Other significant interactions��

Cianidanol 5 (ASP111, GLN106, ASP167, SER153,
ASN155)

Pi-sigma LEU156,
Alkyl (ALA52)
Van der Waals interactions

Hesperetin 4 (ASN154, ASP167, LYS54, GLN106) Pi-sigma LEU156
Pi-alkyl ALA52
Pi-anion ASP 111
Van der Waals

24-Methylenecholesterol 2 (GLU109, MET108) Alkyl (ALA52, VAL39, ILE31)
Van der Waals (GLU33, GLY34, LYS54)

28-Isoavenasterol acetate 1 (GLU109) Alkyl (ALA35,52,189, ILE31)
Van der Walls (ASP149,167,169)

Beta-sitosterol No hydrogen bond interaction Alkyl (LEU107,156, ILE31, VAL39, LYS54)
Van der Waals (ASP111,167, THR110)

Campesterol No hydrogen bond interaction Alkyl (ALA35,52, ILE31, VAL39)
Van der Waals (GLU33, GLY34, LYS54,

ASP111,167,169,154)

Table 3. Predicted ADMET properties of bioactive compounds fromM. oleifera

Property Hesperetin Cianidanol
24-Methylenech
olesterol

28-Isoavenasterol
acetate Campesterol Beta-sitosterol

PubChem CID 72281 9064 92113 91746804 173183 222284
iLOGP 2.24 1.33 4.83 4.96 4.97 5.05
GI Absorption High High Low Low Low Low

BBB Permeant No No No No No No
P-gp Substrate Yes Yes No No No No

CYP1A2 Inhibitor Yes No No No No No
CYP2C9 Inhibitor No No Yes No No No
CYP3A4 Inhibitor Yes No No No No No
Lipinski Violations 0 0 1 1 1 1

Figure 4. (a) Top 10 protein interactions ranked by degree method; (b) Top 10 protein interactions ranked by MCC method
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Figure 5. GO enrichment analysis results of overlapping target genes categorized into (a) molecular function, (b) cellular component
terms, (c) KEGG pathway, and (d) biological process

energies among the tested compounds, slightly lower than the
reference inhibitors (NJK14047: −8.0 kcal/mol; neflamapimod:
−7.6 kcal/mol) [37, 38]. The consistently strong binding affini-
ties of these natural compounds suggest favorable computational
interactions with MAPK1. The docking results with STAT3
revealed significantly weaker binding affinities for all compounds.
28-Isoavenasterol acetate and 24-methylenecholesterol showed the
highest binding energies among the compounds against STAT3,
with values of −6.2 and −5.9 kcal/mol, respectively, which are
relatively lower than their predicted binding to MAPK1. This
difference in predicted binding energies indicates a preferential
computational interaction of these compounds with MAPK1
compared to STAT3.

The molecular interaction profiles between active com-
pounds from M. oleifera and the MAPK1 protein were ana-
lyzed to assess binding affinities and interaction types. As
shown in Table 2, cianidanol exhibited the highest number
of hydrogen bonds (five), interacting with key residues such
as ASP111, GLN106, and ASP167, along with additional Pi-
sigma and alkyl interactions. Hesperetin formed four hydrogen
bonds and demonstrated 𝜋-𝜋 and 𝜋-anion interactions with
residues like LEU156 and ASP111. 24-Methylenecholesterol and
28-isoavenasterol acetate formed fewer hydrogen bonds but
displayed notable hydrophobic (alkyl) and van der Waals inter-
actions. Beta-sitosterol and campesterol did not form hydrogen
bonds but engaged in several hydrophobic and van der Waals
contacts with residues like ALA52, ILE31, and ASP111. These
interactions suggest a range of binding mechanisms, with both
polar and non-polar interactions contributing to the potential
binding affinity of M. oleifera compounds toward MAPK1.
All findings presented here reflect computational predictions
and do not confirm biological activity; therefore, the proposed
MAPK1/STAT3 modulation requires experimental validation.

3.6. ADMET profiling of active compounds and
drug-likeness evaluation

Computational assessment of the six bioactive compounds
from M. oleifera was conducted to evaluate key ADMET
properties. Results, compiled in Tables 3 and 4, reveal dis-
tinct pharmacokinetic and toxicological profiles among the
compounds.

Hesperetin and cianidanol were predicted to have high
gastrointestinal absorption, suggesting potential oral bioavail-
ability in silico. In contrast, the sterol-derived compounds
24-methylenecholesterol, 28-isoavenasterol acetate, campesterol,
and β-sitosterol exhibited low absorption potential, likely
attributable to elevated lipophilicity (iLOGP > 4.8) and molecular
bulk. None of the analyzed compounds were predicted to perme-
ate the blood-brain barrier, minimizing concerns related to central
nervous system exposure. Metabolic profiling indicated notable
cytochrome P450 (CYP) inhibition potential. Hesperetin was pre-
dicted to inhibit CYP1A2 and CYP3A4, suggesting a possible
risk for pharmacokinetic drug–drug interactions. Additionally,
24-methylenecholesterol showed inhibitory activity against
CYP2C9. The remaining compounds exhibited no significant inhi-
bition of major CYP isoforms. DL evaluation via Lipinski’s Rule
of Five revealed zero violations for hesperetin and cianidanol,
whereas all sterol compounds incurred one violation, primarily due
to high octanol-water partition coefficients or molecular weight.

Toxicological assessment highlighted several critical safety
concerns. Immunotoxicity was predicted to be of high risk for
all sterol compounds, with hesperetin presenting a moderate risk.
Cardiotoxicity was flagged for hesperetin with high confidence,
potentially correlated to its CYP inhibitory activity. Further-
more, 28-isoavenasterol acetate indicated a medium risk level for
both carcinogenicity and hormone receptor disruption, implying
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Table 4. Toxicity profile prediction for six compounds based on ProTox-3.0 analysis. Risk levels are assigned based on prediction prob-
ability and clinical severity: High Risk (🔴) for high-probability high-severity endpoints (e.g., Immunotoxicity @ 0.99), Medium Risk
(🟡) for moderate probability or lower severity endpoints, and Low/No Risk (🟢) for inactive predictions or very low probability alerts.

Toxicity endpoint 24-Methylenecholesterol 28-Isoavenasterol acetate Campesterol

Immunotoxicity 🔴 High Risk 🔴 High Risk 🔴 High Risk

Cardiotoxicity 🟢 Low/No Risk 🟡Medium Risk 🟢 Low/No Risk

Neurotoxicity 🟡Medium Risk 🟢 Low/No Risk 🟡Medium Risk

Nephrotoxicity 🟢 Low/No Risk 🟢 Low/No Risk 🟢 Low/No Risk

Respiratory Tox. 🟡Medium Risk 🟡Medium Risk 🟡Medium Risk

Carcinogenicity 🟢 Low/No Risk 🟡Medium Risk 🟢 Low/No Risk

Hormone Receptor 🔴 High Risk 🟢 Low/No Risk 🟢 Low/No Risk

Toxicity Endpoint Beta-sitosterol Hesperetin Cianidanol

Immunotoxicity 🔴 High Risk 🟡Medium Risk 🟢 Low/No Risk

Cardiotoxicity 🟢 Low/No Risk 🔴 High Risk 🟢 Low/No Risk

Neurotoxicity 🟡Medium Risk 🟢 Low/No Risk 🟢 Low/No Risk

Nephrotoxicity 🟢 Low/No Risk 🟡Medium Risk 🟡Medium Risk

Respiratory Tox. 🟡Medium Risk 🟡Medium Risk 🟡Medium Risk

Carcinogenicity 🟢 Low/No Risk 🟢 Low/No Risk 🟢 Low/No Risk

Hormone Receptor 🟢 Low/No Risk 🟡Medium Risk 🟢 Low/No Risk

potential endocrine-modulating effects. Neurotoxic risk was mod-
erate for 24-methylenecholesterol, campesterol, and β-sitosterol,
while nephrotoxicity and respiratory toxicity profiles were gen-
erally low to moderate across the compound set. Hesperetin
and cianidanol were predicted to have comparatively favorable
pharmacokinetic profiles, although their predicted toxicity risks,
particularly cardiotoxicity and immunotoxicity, require further
experimental validation. The sterol compounds were predicted
to have limited oral bioavailability and notable immunotoxic
potential, which may limit their potential applicability. These com-
putational insights provide a critical foundation for subsequent in
vitro and in vivo toxicity studies and lead optimization efforts.

3.7. MD simulation and RMSF analysis

The RMSF analysis of MAPK1 in complex with the top six
M. oleifera compounds is summarized in Table 5. All six com-
plexes demonstrated overall stability, with mean RMSF values
ranging between 0.84 and 1.12 Å, indicating limited structural
fluctuations during simulation. Among them, 28-isoavenasterol
acetate showed the lowest mean RMSF (0.84 Å), suggesting
the highest stability of binding, while 24-methylenecholesterol
exhibited the highest mean RMSF (1.12 Å). Notably, localized
high fluctuations (> 5 Å) were observed for campesterol and
cianidanol, reflecting flexible loop regions of MAPK1 that may
accommodate ligand binding without destabilizing the global
structure.

The results are shown in Figure 6, where each panel rep-
resents MAPK1 complexed with a different ligand. In Figure
6A, campesterol induced stable fluctuations with localized peaks
around loop regions, showing a maximum RMSF of approxi-
mately 5.4 Å. Figure 6B shows that 24-methylenecholesterol also
demonstrated moderate flexibility (max RMSF ~4.8 Å), while
maintaining stability in the protein’s core. Figure 6C indicates that

hesperetin maintained consistent stability across residues (max
RMSF ~4.8 Å), correlating with its strong hydrogen bonding
interactions.

In Figure 6D, cianidanol exhibited slightly higher fluctua-
tions (max RMSF ~5.0 Å) but retained stable binding across most
residues. Figure 6E reveals that β-sitosterol induced stable dynam-
ics (max RMSF ~4.6 Å), with fluctuations mainly confined to
loop regions. Figure 6F shows that 28-isoavenasterol acetate pro-
duced the lowest overall flexibility (mean RMSF = 0.84 Å, max
~3.2 Å), indicating the most stable complex formation among all
tested ligands.

4. Discussion

This study employed an integrative network pharmacol-
ogy and molecular docking strategy to unravel the therapeutic
potential of M. oleifera bioactive compounds in AD. The results
strongly support the hypothesis that M. oleifera may act via multi-
target and multi-pathway regulation, offering advantages over
single-target therapies, which have shown limited clinical efficacy
in AD [39, 40]. Functional enrichment analyses revealed that
M. oleifera compounds may act through multiple AD-relevant
pathways. The MAPK signaling pathway emerged as particu-
larly significant, given its central role in amyloid-β (Aβ)-induced
neurotoxicity, tau phosphorylation, and neuronal apoptosis [41].
Enrichment in neuroactive ligand–receptor interactions highlights
the potential modulation of synaptic signaling, while the arachi-
donic acid metabolism pathway underscores the regulation of
neuroinflammation [42, 43].

Sterol-derived compounds such as campesterol and
24-methylenecholesterol displayed the strongest MAPK1 bind-
ing affinities (−8.2 kcal/mol), surpassing reference inhibitors
(NJK14047: −8.0 kcal/mol; neflamapimod: −7.6 kcal/mol). Their
interactions involved hydrophobic contacts with ALA52, ILE31,
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Table 5. RMSF values (Å) of MAPK1 residues in complex with top compounds from CABS-flex 2.0 simulations

Compound PubChem ID Mean RMSF (Å) Min RMSF (Å) Max RMSF (Å) Std. dev.

Campesterol 173183 1.11 0.13 5.41 0.84

24-Methylenecholesterol 92113 1.12 0.13 4.82 0.88

Hesperetin 72281 1.05 0.15 4.82 0.84

Cianidanol 9064 1.09 0.07 5.03 0.97β-Sitosterol 222284 1.06 0.07 4.64 0.83

28-Isoavenasterol acetate 91746804 0.84 0.07 3.17 0.73

Figure 6. Residue-wise RMSF plot for MAPK1 bound with the six M. oleifera compounds. Residue-wise RMSF profiles
of MAPK1 complexed with individual phytochemicals from M. oleifera using CABS-flex 2.0 simulations. (A) Campesterol,
(B) 24-methylenecholesterol, (C) hesperetin, (D) cianidanol, (E) β-sitosterol, (F) 28-isoavenasterol acetate
and VAL39 and van der Waals stabilization with ASP111 and
ASP167, indicating robust occupation of MAPK1’s active pocket.
Among the flavonoids, hesperetin and cianidanol exhibited
weaker affinities (−6.9 and −6.8 kcal/mol, respectively) but formed
multiple hydrogen bonds. Hesperetin bonded with ASN154,
ASP167, LYS54, and GLN106, with an additional 𝜋-anion inter-
action at ASP111, while cianidanol formed five hydrogen bonds
(ASP111, GLN106, ASP167, SER153, ASN155). Importantly,
hesperetin and cianidanol also demonstrated favorable pharma-
cokinetics, including high gastrointestinal absorption and zero

Lipinski violations, which highlight their suitability for oral deliv-
ery and nutraceutical development. 28-isoavenasterol acetate,
while less potent against MAPK1 (−7.3 kcal/mol), showed unique
dual-targeting ability by also binding STAT3 (−6.2 kcal/mol).
This may position it as a multi-target regulator, though potential
hormone receptor–disrupting effects warrant caution. MAPK1
(ERK2) is a crucial regulator of neuronal signaling, synap-
tic plasticity, and cell survival [44]. In AD, its overactivation
has been linked to Aβ-induced synaptic dysfunction, tau
hyperphosphorylation, and neuronal apoptosis. [45].
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Our results indicate that M. oleifera sterol derivatives strongly
interact with MAPK1, suggesting their potential to modulate or
inhibit pathological MAPK1 activity. By stabilizing residues such
as ASP111 and ASP167, these compounds may attenuate down-
stream tau phosphorylation and neuronal loss [46]. This finding
aligns with prior evidence that MAPK inhibitors can reduce AD-
related pathology, underscoring the therapeutic value of MAPK1
as a target.

STAT3, another identified hub protein, has a dual role in the
central nervous system [47]. Under normal conditions, STAT3
supports neuronal survival and repair. However, in AD, aber-
rant STAT3 activation contributes to chronic neuroinflammation
by sustaining microglial overactivation and promoting pro-
inflammatory cytokine release. Persistent STAT3 signaling also
disrupts mitochondrial bioenergetics, further impairing neuronal
function. M. oleifera compounds, particularly 28-isoavenasterol
acetate and 24-methylenecholesterol, bound STAT3 with mod-
erate affinities (−6.2 and −5.9 kcal/mol, respectively). While
weaker than MAPK1 interactions, these engagements suggest that
M. oleifera may still modulate STAT3-driven neuroinflammation.
Even partial suppression of STAT3 hyperactivity could allevi-
ate glial-driven synaptic damage and inflammatory burden in
AD brains. The convergence of MAPK1 and STAT3 as top
targets underscores their complementary roles in AD: MAPK1
primarily drives Aβ- and tau-related neurotoxicity [48], while the
ability of M. oleifera phytochemicals to interact with both pro-
teins suggests a dual-target mechanism capable of simultaneously
preserving neuronal integrity and suppressing chronic inflamma-
tion. This duality provides an important therapeutic advantage
over existing monotherapies that often fail to address the complex,
multifactorial nature of AD [49].

This study highlights M. oleifera as a rich source of
multi-target compounds. Sterols such as campesterol and
24-methylenecholesterol demonstrate strong MAPK1 inhibition
potential but require pharmacokinetic optimization due to poor
absorption and immunotoxicity risk. Flavonoids such as hes-
peretin and cianidanol, with safer pharmacokinetic profiles, may
be more suitable for direct therapeutic application. Together, these
compounds provide a synergistic therapeutic strategy, target-
ing both neuronal degeneration and neuroinflammation through
MAPK1 and STAT3 regulation.

The MD simulation results provide dynamic validation
of the docking predictions, confirming that the binding of
M. oleifera compounds to MAPK1 is generally stable under
physiological-like conditions [8]. The relatively low mean RMSF
values (< 1.2 Å for all complexes) indicate minimal perturbation
of the MAPK1 backbone, supporting the hypothesis that these
phytochemicals stabilize rather than disrupt protein structure
[50]. Among the tested compounds, 28-isoavenasterol acetate
demonstrated the lowest overall flexibility (mean RMSF = 0.84
Å), indicating the strongest stabilization effect on MAPK1. This
is consistent with its moderate docking affinity (−7.3 kcal/mol)
and suggests that despite lower binding energy compared to
sterols like campesterol, its dynamic fit within the MAPK1 active
pocket may provide functional relevance. Sterol compounds
(campesterol, 24-methylenecholesterol, and β-sitosterol) showed
slightly higher mean RMSF values (~1.1 Å), coupled with local-
ized flexibility peaks (up to 5.4 Å for campesterol) [51]. These
fluctuations are likely attributable to loop regions surrounding
the active site, which remain mobile during ligand engagement.
Such moderate flexibility is not inherently destabilizing and may
facilitate induced-fit interactions that strengthen binding.
Flavonoids (hesperetin and cianidanol) displayed moderate

RMSF values (~1.05–1.09 Å), aligning with their favorable
pharmacokinetic profiles [52]. Cianidanol, despite having the
weakest docking affinity (−6.8 kcal/mol), exhibited stable RMSF
distribution with high hydrogen-bonding interactions, suggesting
that it maintains consistent engagement with MAPK1 over the
simulation trajectory. These findings reinforce that M. oleifera
compounds engage MAPK1 in a stable and dynamically favor-
able manner, complementing earlier docking results. The sterol
compounds achieve strong affinity with moderate flexibility, while
flavonoids offer stable, pharmacokinetically favorable binding.
While these findings provide strong mechanistic hypotheses for
MAPK1–STAT3 modulation by M. oleifera, they remain predic-
tive in nature and do not constitute direct evidence of therapeutic
efficacy. This duality underscores the polypharmacological
nature of M. oleifera in AD therapy: sterols may serve as potent
but less bioavailable scaffolds for MAPK1 inhibition, whereas
flavonoids represent safer, more suitable nutraceutical leads.

5. Conclusion

This study demonstrates that M. oleifera harbors multi-
ple bioactive compounds with significant therapeutic potential
against AD through a network of multi-target interactions. Key
hub proteins such as MAPK1, STAT3, and HSP90AA1 emerged
as critical mediators of its effects, particularly in pathways
governing synaptic function, neuroinflammation, and amyloid-
beta toxicity. Molecular docking highlighted strong affinities of
sterol-based compounds with MAPK1, while ADMET profil-
ing indicated hesperetin and cianidanol as promising, safer leads.
M. oleifera represents a valuable source of multi-target neuro-
protective agents. These results represent an in silico prediction
framework that prioritizes MAPK1 and STAT3 as candidate
targets for M. oleifera phytochemicals, warranting future experi-
mental validation. This work provides a mechanistic foundation
for future experimental validation, structural optimization, and
possible nutraceutical or therapeutic development targeting AD.

6. Limitations

Target prediction and docking rely on in silico algorithms
that may not fully capture biological complexity or in vivo phar-
macokinetics. No in vitro or in vivo assays were performed
to confirm predicted interactions or pharmacological efficacy.
ADMET and ProTox results are predictive and require experi-
mental toxicological validation. A limitation of this study is the
absence of extended MD simulations (e.g., RMSD, radius of
gyration, hydrogen bond stability, and free energy calculations
using GROMACS). Such analyses would provide deeper insights
into the long-term stability and conformational dynamics of pro-
tein–ligand complexes. However, due to resource constraints at
the undergraduate research level, we employed CABS-flex 2.0
simulations, which offer a coarse-grained yet efficient approxi-
mation of protein flexibility. Target prediction databases rely on
chemical similarity and known ligand–target associations, which
may bias predictions toward well-characterized proteins. Likewise,
docking scores are approximations of binding affinity and do not
account for full protein flexibility or cellular context. Future work
incorporating full atomistic MD simulations on high-performance
computing platforms is strongly recommended.
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