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Abstract

Context: Alzheimer's disease (AD) is a progressive neurodegenerative disorder with limited therapeutic options. Plantago major, an herbal plant with prominent
anti-inflammatory and antioxidant properties, has shown potential antineuroinflammatory effects for AD treatment.

Aims: To elucidate the mechanistic basis of P. major in AD treatment using integrated untargeted metabolomics, network pharmacology, and molecular
docking.

Methods: Dried P. major leaves were extracted using ultrasonic-assisted extraction, and the extract was analysed by UHPLC-HRMS. Identified bioactive
metabolites were subjected to ADMET screening and profiling. These metabolites were then evaluated using network pharmacology, validated through
molecular docking, and prioritised using the SAW method.

Results: Fifteen metabolites met drug-likeness criteria, and network analysis identified 455 overlapping protein targets associated with AD, including ten key
nodes such as SRC, PIK3R1, and MAPK1. Aucubin, scutellarein, luteolin, hispidulin, and ursolic acid exhibited strong binding affinities to these targets and
ranked among the top six in SAW prioritization. These metabolites were further implicated in PI3K-AKT, JAK-STAT, and MAPK signaling pathways linked to
neuroinflammation.

Conclusions: The findings support the therapeutic potential of P. major in AD through the modulation of neuroinflammatory mechanisms, particularly via the
JAK-STAT, MAPK, and PI3K-AKT pathways, and highlight its potential for further in vitro and in vivo investigations.

Keywords: Alzheimer's disease; molecular docking; network pharmacology; neuroinflammation; Plantago major L; simple additive weighting.

Resumen

Contexto: La enfermedad de Alzheimer (EA) es un trastorno neurodegenerativo progresivo con opciones terapéuticas limitadas. Plantago major, una planta
herbacea con destacadas propiedades antiinflamatorias y antioxidantes, ha mostrado potencial para el tratamiento de la EA mediante metabolémica no
dirigida integrada, farmacologia de redes y acoplamiento molecular.

Objetivos: Elucidar la base mecanistica de P. major en el tratamiento de la EA mediante metabolémica no dirigida integrada, farmacologia de redes y
acoplamiento molecular.

Métodos: Se extrajeron hojas secas de P. major mediante extraccion asistida por ultrasonidos y el extracto se analizé por UHPLC-HRMS. Los metabolitos
bioactivos identificados se sometieron a cribado y perfilamiento ADMET. Posteriormente, estos metabolitos se evaluaron mediante farmacologia de redes, se
validaron mediante acoplamiento moleculary se priorizaron mediante el método SAW.

Resultados: Quince metabolitos cumplieron los criterios de similitud con formacos, y el analisis de redes identific 455 proteinas diana superpuestas asociadas
con la EA, incluyendo diez nodos clave, como SRC, PIK3R1 y MAPK1. La aucubina, la escutelareina, la luteolina, la hispidulina y el dcido ursélico mostraron una
alta afinidad de unidn a estas dianas y se ubicaron entre los seis primeros en la priorizacién SAW. Estos metabolitos también se relacionaron con las vias de
sefializacién PI3K-AKT, JAK-STAT y MAPK, todas vinculadas a la neuroinflamacién.

Conclusiones: Los hallazgos respaldan el potencial terapéutico de Plantago major en la enfermedad de Alzheimer mediante la modulacién de mecanismos
neuroinflamatorios, en particular a través de las vias JAK-STAT, MAPK y PI3K-AKT, y destacan su potencial para futuras investigaciones in vitro e in vivo.

Palabras Clave: enfermedad de Alzheimer; acoplamiento molecular; farmacologia de redes; neuroinflamacién; Plantago major L.; ponderacién aditiva simple.
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Abbreviations: AD: Alzheimer's disease; ADMET: Absorption, distribution, metabolism, excretion, and toxicity; BBB: blood-brain barrier;
DILI: drug-induced liver injury; EGFR: epidermal growth factor receptor; FDR: false discovery rate; IL-1P: interleukin-1 beta; IL-6:
interleukin-6; iNOS: inducible nitric oxide synthase; JAK-STAT: Janus kinase/signal transducer and activator of transcription; KEGG: Kyoto
Encyclopedia of Genes and Genomes; LPS: lipopolysaccharide; MAPK: mitogen-activated protein kinase; NF-xB: nuclear factor kappa B; NP:
network pharmacology; PI3K-AKT: phosphoinositide 3-kinase-protein kinase B; PLIF: protein-ligand interaction fingerprinting; PMT: plant-
metabolite-target; PDB: Protein Data Bank; ROF: rule of five; RMSD: root-mean-square deviation; SAW: Simple Additive Weighting; SRC:
proto-oncogene tyrosine-protein kinase Src; STAT3: signal transducer and activator of transcription 3; SRPlot: scientific research plot; TNF-
a: tumor necrosis factor alpha; UHPLC-HRMS: ultra high-performance liquid chromatography coupled with high-resolution mass

spectrometry.

INTRODUCTION

Alzheimer's disease (AD), the most prevalent form
of dementia, currently affects approximately 55 million
individuals globally and is projected to rise dramati-
cally by 2050 (Reitz et al., 2023). In Indonesia, the dis-
ease accounts for a substantial portion of dementia
cases, particularly on the islands of Java and Bali (Fa-
rina et al., 2023). Despite increasing research into the
pathophysiology of AD, therapeutic progress remains
limited to targeting a single pathway (Yiannopoulou et
al., 2019). Existing pharmacological agents, including
acetylcholinesterase inhibitors and NMDA receptor
antagonists, offer symptomatic relief; they fail to halt
or reverse disease progression and are frequently asso-
ciated with adverse effects (Zhang et al., 2024). These
limitations underscore the urgent need for alternative
therapeutic strategies that address the underlying
mechanisms of AD, particularly neuroinflammation.

Neuroinflammation is a key pathophysiological
factor that plays a critical role in the progression and
exacerbation of AD (Heneka et al., 2015). Numerous
studies have demonstrated that neuroinflammation
contributes to the neurodegenerative processes com-
monly observed in AD (Mhatre et al., 2015). This in-
flammatory response can exacerbate the disease by
amplifying amyloid beta peptide and tau pathology,
primary biomarkers of AD (Zotova et al., 2010). As a
result, there is a pressing need for more effective and
efficient therapeutic strategies. A promising approach
involves the adoption of multi-target therapies, which
may better address the complexity of AD's pathogene-
sis and potentially lead to significant clinical improve-
ments (Yiannopoulou et al., 2019). One such alternative
is the use of medicinal plants.

Ginkgo biloba remains a popular medicinal plant
used in the therapy of AD. However, its raw materials
are still imported, and it is known to have relatively
low bioavailability and a short half-life (Zhang et al.,
2024). Furthermore, G. biloba contains ginkgotoxin and
ginkgolic acid, which have been shown to have toxic
and mutagenic properties (Yao et al., 2025). These con-
cerns underscore the urgency of exploring native Indo-
nesian medicinal plants that are not only safer but also
capable of providing effective therapeutic solutions,
while supporting the country's self-sufficiency in me-
dicinal raw materials.

https://jppres.com

Plantago major L. (family Plantaginaceae) emerges as
a promising candidate due to its widespread availabil-
ity across Indonesia, particularly on the islands of Java,
Sumatra, and Sulawesi (Kartini et al., 2019). This plant
has been extensively utilised in traditional medicine
and contains various active compounds with medici-
nal properties found throughout the plant, including
in the seeds, leaves, flowers, and roots. Its bioactivity
is closely linked to these chemical constituents (Adom,
2017; Gongalves & Romano, 2016; Kartini et al., 2021).

From an ethnopharmacological perspective, P. ma-
jor has been traditionally used in various regions as a
wound healing agent. Historical records indicate that
Dioscorides, in De Materia Medica (1st century), used
this plant to treat dog bites. According to Samuelsen
(2000), the Vikings also used it for wounds (Velsuga
saga). Ibn El Beithar (12th-13th century) also adopted
its use from Greek medicine. In Liber Harbarum, Henrik
Harpestreng (11244) stated that P. major could heal
wounds, especially when mixed with honey or boiled
with butter. Additionally, Simon Paulli, in Flora Danica
(1648), described P. major as a highly wound-healing
remedy. These ethnomedical accounts suggest under-
lying anti-inflammatory properties, such as wound-
healing effects, which may be particularly relevant to
conditions associated with neuroinflammation, includ-
ing AD.

Several studies have highlighted the potential of P.
major as a candidate for Alzheimer's disease (AD) treat-
ment. Kang (2017) further confirmed that P. major ex-
tract inhibited neuroinflammation in lipopolysaccha-
ride (LPS)-activated BV-2 microglial cells, reducing
key inflammatory mediators, including nitric oxide
and TNF-a. Additionally, P. major has been shown to
selectively inhibit monoamine oxidase A and B
(Akincioglu et al., 2019) and reduce amyloid fibril pro-
duction (Shiri et al, 2023). Recent research by
Akincioglu et al. (2025) further validated its neuropro-
tective potential, with methanol extracts demonstrat-
ing inhibition of acetylcholinesterase, butyrylcholines-
terase, and MAO. Moreover, P. major exhibits antidia-
betic effects, which further support its potential for
treating neurodegenerative disorders.

To explore the mechanism of action of multicompo-
nent phytochemicals in P. major, the network pharma-
cology (NP) approach offers a comprehensive
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projection. This approach has gained interest in the
field of medicinal plant research. At the same time, it
enables the analysis of complex relationships between
plant metabolites and their biological targets, provid-
ing a more comprehensive picture of the mechanisms
(Noor et al., 2022). Additionally, technologies such as
high-resolution mass spectrometry (HRMS) enable the
untargeted metabolomics analysis of P. major extracts
to identify key bioactive compounds (Karomah et al.,
2023). The results can facilitate validation through mo-
lecular docking to predict metabolite interactions with
key proteins associated with Alzheimer's (Noor et al.,
2022).

Despite the increasing interest in botanicals for AD
therapy, current candidates such as G. biloba have
demonstrated safety concerns, including adverse drug
reactions and mutagenic constituents. These limita-
tions underscore the necessity to explore alternative
medicinal plants with multi-target neuroprotective
properties. P. major, long known for its ethnopharma-
cological use in wound healing and inflammation, con-
tains metabolites with potential neuroinflammatory
modulation. However, its mechanism of action in AD
remains poorly defined. This study addresses this gap
by integrating metabolomics and systems biology tools
to elucidate its mechanistic relevance.

MATERIAL AND METHODS

Preparation of P. major extract

This stage aims to provide P. major extract and to
analyze its metabolites. A total of 2 kg of P. major leaves
were collected from the Balai Pengkajian Teknologi Per-
tanian (BPTP), Bogor, Indonesia, at a maximum plant
age of 30 days. The collection site was located in the
vicinity of the Kebun Raya Bogor at coordinates
6°35'52"S, 106°47'44"E, with an altitude of 263 m above
sea level. Taxonomic identification of the plant mate-
rial was carried out by the Unit Pelayanan Farmasi
(UPF) YANKESTRAD, RSUP Dr. Sardjito, Tawang-
mangu, Indonesia, with the test reference number
TL.02.04/D.X1.5/16536.268/2023. The Ultrasonic-As-
sisted Extraction (UAE) was selected based on prior
optimization of extraction conditions for antioxidant
and anti-inflammatory activity. Precisely 1.186 g of
dried P. major leaves was extracted with 70% ethanol
at a solid-to-solvent ratio of 1:5 (g/mL) under con-
trolled conditions (20 °C, 20 min) using a bath soni-
cator operating at 40 Hz (B-ONE, Indonesia). Follow-
ing extraction, the filtrate was concentrated by rotary
evaporation at 60°C to yield the concentrated crude ex-
tract.
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Untargeted metabolomic analysis of P. major extract

An untargeted metabolomics workflow was ap-
plied to characterize the chemical profile of the concen-
trated crude extract by ultra-high-performance liquid
chromatography coupled with high-resolution mass
spectrometry (UHPLC-HRMS), using a Thermo Scien-
tific Dionex UltiMate 3000 RSLCnano UHPLC system
coupled to a Thermo Scientific Q Exactive instrument.
This approach was used to detect putative bioactive
metabolites in the concentrated extract (La Basy et al.,
2024). The mobile phase used consisted of 0.1% formic
acid (A) and methanol (B). The stationary phase used
was a Hypersil Gold analytical column (50 mm X 1 mm
% 1.9 pm) (Thermo Fisher Scientific, USA) with a tem-
perature of 30°C, a flow rate of 1 mL/min, an injection
volume of 5 pL, and an isocratic elution with an analy-
sis time of 25 min. The untargeted screening was per-
formed using full MS/dd-MS? acquisition mode over
the range 66.7-1000 m/z. The resolutions used were
70,000 for full MS and 17,500 for dd-MS?, with both
positive and negative ionization. Raw data were pro-
cessed with Thermo Scientific Xcalibur software (ver-
sion 4.4). During data curation, the biological relevance
of detected metabolites to the plant matrix was used as
a selection criterion; putative contaminants (e.g.,
phthalate plasticizers) and primary metabolites (e.g.,
carbohydrates) were excluded from the list of bioactive
metabolites.

ADMET study

This stage served as the initial selection process for
P. major metabolites prior to network analysis. Selected
LC-HRMS data were used as the basis for identifying
potential bioactive metabolites. The ADMET proper-
ties of these compounds were predicted using three in-
dependent platforms: SwissADME (Daina et al., 2017),
Deep-PK (Myung et al., 2024), and ADMETIab 3.0 (Fu
et al.,, 2024). Using multiple databases allowed cross-
validation of pharmacokinetic and toxicity predictions,
thereby increasing the robustness of the analysis.

The evaluation included compliance with
Lipinski's Rule of Five (ROF), oral bioavailability,
blood-brain barrier (BBB) permeability, P-glycopro-
tein (P-gp) inhibition, cytochrome P450 (CYP2D6 and
CYP3A4) inhibition, drug-induced liver injury (DILI),
and mutagenic potential. ROF compliance was applied
as the primary selection criterion to define “drug-like”
metabolites, whereas the other parameters were used
for comprehensive ADMET characterization. The inte-
gration of toxicity predictions (hepatotoxicity and mu-
tagenicity) complemented the pharmacokinetic pro-
files and provided an additional layer of evaluation.

The outcome of this stage was the identification of
P. major metabolites that met drug-likeness criteria
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based on ROF compliance. These selected metabolites,
together with their ADMET evaluation results from the
three databases, were subsequently advanced to NP
analysis.

Data mining and target identification

This stage aimed to identify potential molecular tar-
gets of P. major bioactive metabolites for application in
AD through an integrated NP and molecular docking
approach. AD-related targets were retrieved from da-
tabases including the Comparative Toxicogenomics
Database (CTD) (Davis et al., 2023), NCBI, and Gene-
Cards (Safran et al., 2021). Prediction of potential tar-
gets for drug-like bioactive metabolites was carried out
using SwissTargetPrediction (Daina et al., 2019) and
TargetNet (Yao et al., 2016). The overlapping targets
between metabolite-associated targets and AD-related
targets were identified and visualized using Interac-
tiVenn (Heberle et al., 2015). Subsequently, the UniProt
database was employed to filter and ensure that the se-
lected targets were specific to Homo sapiens. The final
set of targets was then prioritized for further validation
as candidate bioactive targets of P. major in the context
of AD.

Network construction and pathway analysis

This step aims to understand the relationships
among key metabolites of P. major, targets, and biolog-
ical pathways involved in Alzheimer's disease. The
plant-metabolite-target (PMT) network was con-
structed in Cytoscape (Otasek et al., 2019), with key
targets identified based on degree centrality. Protein-
protein interactions (PPI/PPIs) were identified
through STRING with high confidence values (0.9)
(Szklarczyk et al., 2023). Network topology analysis
was performed in Cytoscape to determine elements
with the most significant scores. Biological pathway
analysis was performed through WebGestalt (Liao et
al., 2019), and the results were visualized using the sci-
entific research plot (SRPlot).

Molecular docking studies

This stage aims to assess how P. major metabolites
interact with molecular targets. A total of three key tar-
gets from PPI, which have the highest degree, were se-
lected as target proteins for molecular docking based
on their involvement in Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathways, relevance supported
by the scientific literature, and the availability of corre-
sponding structural data in the Protein Data Bank
(PDB). Protein structure preparation was performed
using UCSF Chimera (Pettersen et al., 2004), while flex-
ible docking simulations were carried out using Auto-
Dock Vina software integrated into UCSF Chimera
(Eberhardt et al., 2021). The grid box was constructed
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Mechanism of Plantago major for Alzheimer’s disease

based on the location of the active site of the target pro-
tein that binds to the native ligand (e.g., saracatinib for
proto-oncogene tyrosine-protein kinase Src (SRC)
(PDB ID: 2H8H), 4Q2 for PIK3R1 (PDB ID: 4ZOP), and
norathyriol for MAPK1 (PDB ID: 35A0)). Reference
drugs (saracatinib and dasatinib) were also included as
benchmarks for docking-affinity comparisons. Binding
affinity scores were predicted using AutoDock Vina
and visualized with SRPlot. To ensure simulation va-
lidity, redocking was performed by comparing the na-
tive ligand position with the simulation results. Valid
results were obtained if the root-mean-square devia-
tion (RMSD) value is <2.00 A (Lieanto et al., 2022).

Interaction analysis and visualization

This step focuses on visualizing and evaluating the
interaction pattern between proteins and ligands to en-
sure that the identified targets are biologically rele-
vant. Interactions were evaluated using BIOVIA Dis-
covery Studio Visualizer 2024 Client software. Binding
patterns were analyzed using the Protein-Ligand Inter-
action Fingerprinting (PLIF) method, and the results
were visualized using SRPlot. This representation pro-
vides an in-depth view of the interactions of bioactive
metabolites, native ligands, and reference drugs with
amino acid residues in the target protein.

Prioritization of bioactive metabolites from P. major
in Alzheimer’s disease therapy

This stage aimed to prioritize the relative influence
of metabolites present in P. major extract on their po-
tential activity in AD therapy. The method employed
was the Simple Additive Weighting (SAW) approach
with max-min normalization (Vafaei et al., 2022). The
model incorporated metabolite abundance (peak ar-
eas) and predicted binding affinities (docking scores)
for three key protein targets: SRC, PIK3R1, and
MAPKT1. The outcome of this stage was the identifica-
tion of five key metabolites with the highest SAW
scores, indicating their potential as major contributors
to the anti-neuroinflammatory activity of P. major.

Ethical statement

No human or animal subjects were involved in this
study; therefore, ethical approval was not required.

RESULTS

Bioactive metabolites and Lipinski’s Rule of Five
(ROF) screening

The extraction process resulted in a yield of 20.1%
yield. A total of 220 metabolites were identified (Sup-
plementary Data 1) from the extract through untar-
geted metabolomics analysis, of which 17 bioactive
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metabolites relevant to P. major were selected from the
total identified metabolites (Table 1). Further screening
based on the ROF criteria, which include molecular
weight <500 Da, logP <5, hydrogen bond donors <5,
and hydrogen bond acceptors <10, resulted in 15 me-
tabolites that met the drug-likeness requirements.
These drug-like metabolites were then used in the next
stage of the study. In contrast, metabolites such as cal-
ceolarioside B and hellicoside did not meet the ROF cri-
teria and were therefore excluded.

A total of 17 metabolites were categorized as bioac-
tive metabolites in this study. The fragmentation pat-
terns of these metabolites were annotated against two
databases, namely mzCloud and ChemSpider, with
the inclusion criterion requiring at least one annotation
from either database to display a full match, thereby
ensuring that the identified compounds were truly
present (Table 1 and Supplementary Data 2). In addi-
tion, contaminant compounds and primary metabo-
lites were excluded from the analysis. Furthermore,
each metabolite was cross-checked in PubChem to con-
firm its occurrence in plants and to highlight its poten-
tial biological activities. This combined annotation
strategy has been widely applied in untargeted metab-
olomics studies to reduce false positives, and adopting
a minimum full-match criterion enhances the reliabil-
ity of metabolite identification in the absence of au-
thentic reference standards.

The ADMET analysis (Table 1 and Supplementary
Data 4) indicated that, in general, all compounds ex-
hibited favorable predicted bioavailability, except for
those that failed the ROF screening, such as hellicoside
and calceolarioside B. With regard to predicted BBB
permeability, only ursolic acid, a-linolenic acid, 4-cou-
maric acid, asiatic acid, ferulic acid, benzaldehyde, and
the reference drugs saracatinib and dasatinib showed
favorable distribution in at least one database. Several
metabolites, including aucubin, calceolarioside B, mus-
saenosidic acid, asiatic acid, and benzaldehyde, were
predicted to act as potential P-gp inhibitors, potentially
increasing the systemic exposure of co-administered
drugs by altering their absorption and distribution.
This effect was predicted to be more pronounced for
the reference drugs saracatinib and dasatinib, as they
were positive in two independent databases. In terms
of metabolic stability, almost all P. major bioactive me-
tabolites showed no inhibitory potential toward
CYP2D6 or CYP3A4, except for scutellarein, luteolin,
hispidulin, and gallic acid (CYP3A4 only), as well as
the two reference drugs. On the other hand, nearly all
P. major metabolites showed potential hepatotoxicity,
as did the reference drugs. Notably, metabolites such
as aucubin, caffeic acid, geniposide, geniposidic acid,
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p-coumaric acid, asiatic acid, ferulic acid, and benzal-
dehyde were predicted to be non-mutagenic, in con-
trast to the reference drugs, which exhibited mutagenic
potential.

PPI and analysis of key targets

Key targets for AD treated with P. major metabolites
have been identified, as shown in Fig. 1.

A total of 455 overlapping targets from 25,760 AD-
related targets (Supplementary Data 3) and 522 active
metabolite targets of P. major (Fig. 1A) were identified.
Data normalization using the UniProt database refined
the list to 454 Alzheimer-P. major targets specific to the
human species (Supplementary Data 4). These targets
were then input into the STRING database to construct
a protein-protein interaction (PPI) network (Fig. 1B).

The topology analysis of this network identified 10
key targets with the highest degree values, namely
SRC, signal transducer and activator of transcription 3
(STAT3), PIK3R1, PIK3CA, PIK3CB, HSP90AAl,
AKT1, MAPK1, epidermal growth factor receptor
(EGFR), and MAPKS3. This PPI network is provided in
Supplementary Data 5 (Cytoscape file) and visualized
in Fig. 1B-C. In addition, functional enrichment analy-
sis identified 17 signaling pathways relevant to AD, se-
lected from 154 pathways with a false discovery rate
(FDR) of less than 0.01 (Fig. 1D and detailed table in
Supplementary Data 4). Among these, KEGG path-
ways such as nuclear factor kappa B (NF-«B) signaling,
TNF signaling, Toll-like receptor signaling, PI3K-Akt
signaling, and MAPK signaling exhibit strong rele-
vance to neuroinflammation, as supported by previ-
ously reported literature (Almasoudi et al., 2025; Chu
et al., 2021; Jayaraman et al., 2021, Momtazmanesh et
al., 2020; Sun et al., 2022).

P-M-T network, analysis of key targets, and
validation via molecular docking

The key metabolites identified from P. major ex-
tracts and their docking affinity scores relevant to AD
therapy are illustrated in Fig. 2, whereas Table 2 sum-
marizes the docking parameters applied in the study.

The plant-metabolite-target (PMT) network was
constructed using data from 15 bioactive metabolites
of P. major and 454 AD-related P. major targets (Fig.
1A). Network topology analysis identified 10 metabo-
lites with the highest degree values: benzaldehyde
(C14), gallic acid (C15), luteolin (C10), scutellarein
(C7), a-linolenic acid (C4), caffeic acid (C2), ferulic acid
(C13), hispidulin (C12), coumaric acid (C8), and ursolic
acid (C3), respectively as shown in Fig. 2B (see also
Supplementary Data 5, Cytoscape file).

J Pharm Pharmacogn Res (2026) 14(2): 5


https://jppres.com/

Hertiani et al. Mechanism of Plantago major for Alzheimer’s disease

Table 1. Bioactive metabolites identified in P. major leaf extract by UPLC-HRMS and their ADMET predictions based on three computational databases.

UPLC-HRMS ADMET predictions
N .
o | Name Chemical structure RT Ant.MZC | Ant.CS MP (%) ROF BA P-gpl | BBBP** | CYP2D6 | CYP3A4I** | DILI# MT #

[min] (%BM) #V* score ** *x I**
1 | Aucubin (NP- 1.227 FM (89.2) FM 2.74331 1 1 1 0 0 0 1 0

009911)
2 | Ccaffeicacid 6.092 FM (96.7) FM 2.39397 0 2 0 0 0 0 2 0
3 | CalceolariosideB | 5.68 FM PM 1.06282 2 0 1 0 0 0 1 2
. - o P
(98.7%)
4 | Ursolicacid 14.561 FM (93.9) FM 0.84479 1 2 0 2 0 0 2 1
5 a-Linolenic acid 14.58 FM (98.9) F< 0.66005 1 3 0 1 0 0 0 1
6 | Geniposide 4.961 FM (73.5) FM 0.41367 0 1 0 0 0 0 1 0
7 | Geniposidicacid o’ 1.376 FM (86.3) FM 0.38450 1 1 0 0 0 0 1 0
. ‘,w/
-
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Table 1. Bioactive metabolites identified in P. major leaf extract by UPLC-HRMS and their ADMET predictions based on three computational databases (continued...)

UPLC-HRMS ADMET predictions
N .
o | Name Chemical structure RT Ant.MZC | Ant.CS MP (%) ROF BA P-gpl | BBBP** | CYP2D6 | CYP3A4I** | DILI# MT #
[min] (%BM) #V* score** | ** I**
8 | Scutellarein (NP- 5.953 FM(99.8) | NTH 0.26415 0 1 0 0 1 2 2 1
013249)
9 | 4-Coumaric acid g 3.803 FM(92.7) | FM 0.25989 0 2 0 1 0 0 2 0
\\ OH

HO'
1 | Hellicoside e 4.863 NR (0) FM 0.25315 3 0 0 0 0 0 1 1
0 U

A " Py

T O L

1 | Mussaenosidic ° 2.274 FM(82.7) | PM 0.13662 1 1 1 0 0 0 1 1
1 | acid S g

HO'
1 | Luteolin 6.517 FM (83.8) | OM 0.10851 0 1 0 0 2 3 2 1
2
1 | Asiatic acid 11.158 FM (93.6) | FM 0.07163 0 2 2 2 0 0 2 0
3
1 | Hispidulin 7.955 FM (97.8) | NTH 0.03561 0 3 0 0 2 3 2 1
4
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Table 1. Bioactive metabolites identified in P. major leaf extract by UPLC-HRMS and their ADMET predictions based on three computational databases (continued...)

Mechanism of Plantago major for Alzheimer’s disease

UPLC-HRMS ADMET predictions
N .
o | Name Chemical structure RT Ant.MZC | Ant.CS MP (%) ROF BA P-gpl | BBBP** | CYP2D6 | CYP3A41I** | DILI# MT #
[min] (%BM) #V* score** | ** I**
1 | Ferulicacid g 6.822 FM(80.4) | FM 0.03339 0 2 0 1 0 0 2 0
5 /D/\)L
HO'
1 | Benzaldehyde 4.968 NR (0) FM 0.03172 0 3 1 3 0 0 0 0
6
P
1 | Gallicacid 2 1.328 NR (0) FM 0.02843 0 3 0 0 0 1 2 1
7 HO.
OH
HO'
OH
R | Saracatinib P 1 3 2 2 2 3 1 2
1
- WS (\N/
=, Y
LA~
R | Dasatinib nr‘"> 0 0 2 1 1 2 1 1
[ It —NH
2 (reference drug) S g \_
| ! N e
] Y /}"" e
Ve

(*) Data were obtained from SwissADME. (**) Data were integrated from SwissADME, Deep-PK, and ADMETLab 3.0. (#) Data were derived from Deep-PK and ADMETLab 3.0.

(RT, min) : retention time; Ant.MZC (%BM): Annotation mzCloud (% best match); Ant.CS: Annotation ChemSpider ; MP (%): metabolite proportion; ROF V#: number of Lipinski’s Rule of Five violations; BA: bioavailability score; P-gp I: P-glycoprotein) inhibitors; BBB P: blood-brain barrier
permeability; CYP2D6 I: Cytochrome P450 2D6 Inhibitors; CYP3A4 I: Cytochrome P450 2D6 Inhibitors; DILI: drug-induced liver injury; MT: mutagenesis; Scoring system in UPLC-HRMS: FM: full match, PM: partial match, NTH not the top hit, NR: no results. Scoring system in ADMET: 1:

positive in one database, 2: positive in two, 3: positive in all three databases.
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Figure 1. Analysis of key targets.
(A) Venn diagram illustrating the overlap between AD targets and P. major targets. (B) Protein-protein interaction (PPI) network of the 454 overlapping targets.
The network was constructed using the STRING database with high-confidence values (0.9). (C) Key targets identified from the topological analysis of the PPI
network. The analysis was performed in Cytoscape using parameters to identify the highest-degree values. (D) KEGG pathway enrichment analysis of the 454
overlapping targets, with an FDR value < 0.01, using the WebGestalt database. Pathways related to AD were selected and visualized using SRplot.

The results of this network were further validated
through molecular docking analysis to ensure method-
ological reliability. From the 10 identified key targets,
three proteins were selected for molecular docking
analysis. This selection was based on the relevance of
the enriched KEGG pathways supported by existing
literature and the availability of structural data in pub-
lic databases. Specifically, PIK3R1 and MAPK1 were
chosen as representatives of their respective KEGG
pathways that contribute to neuroinflammatory pro-
cesses, while SRC, identified as the target with the
highest degree value, was selected due to its upstream
regulatory potential in multiple AD pathways and its
role as a critical regulator of neurodegeneration (Por-
tugal et al.,, 2022). The docking parameters are pro-
vided in Table 2, and the protocol was confirmed to be
valid based on RMSD values <2 A. Moreover, the

https://jppres.com

strong predicted binding affinities, together with the
reported ICso values for each native ligand, further
support the robustness and reliability of this approach.

Molecular docking analysis revealed that several
metabolites exhibited favorable docking scores
(kcal/mol) against three key target proteins implicated
in neuroinflammation in AD pathology, namely SRC,
PIK3R1, and MAPKI1 (Fig. 2C). Ursolic acid, hispidulin,
and luteolin demonstrated docking scores for SRC that
were slightly lower but comparable to the reference
drug dasatinib (Figs. 2C and 3A). In contrast, scutel-
larein and geniposidic acid exhibited the strongest pre-
dicted binding affinity toward PIK3R1 (Figs. 2C and
3B). For MAPK1, ursolic acid and luteolin showed the
most favorable binding interactions, consistent with
high affinity values (Figs. 2C and 3C; Table 3).
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Figure 2. Key metabolite analysis.

(A) Visualization of the plant-metabolite-target (PMT) network using Cytoscape. Metabolite nodes in red represent the highest degree values, while those in yellow
represent the lowest. Edges depict the relationships between plants, metabolites, and their corresponding targets. (B) Topological analysis of the PMT network
using Cytoscape. The 10 metabolites with the highest (red) to lowest (yellow) degree values are highlighted as key metabolites. (C) Validation of key metabolites
through molecular docking analysis, with reference drugs serving as benchmarks, using the AutoDock Vina plugin in UCSF Chimera. Red boxes indicate higher
binding affinities, while blue boxes indicate lower binding affinities. Key metabolites were categorized based on overall binding scores. Plots were generated
using SRplot.

Docking pose, PLIF analysis, and SAW
prioritization

The docking pose results for the key target protein
and PILF analysis are shown in Fig. 3.

PLIF analysis of the SRC protein revealed that key
residues frequently interacting with saracatinib and P.
major metabolites include LYS295, ALA403, LEU393,
and VAL281. Residue MET341 exhibited strong

https://jppres.com

interaction with saracatinib and also bound to luteolin,
hispidulin, and ursolic acid. LYS295 interacted
strongly with saracatinib, aucubin, geniposidic acid,
and hispidulin. In addition, ASP404 showed strong in-
teractions with gallic acid, benzaldehyde, ferulic acid,
p-coumaric acid, scutellarein, caffeic acid, and
aucubin; however, this interaction was absent in sara-
catinib (native ligand) but present in dasatinib (Fig.
3A).

J Pharm Pharmacogn Res (2026) 14(2): 10


https://jppres.com/

Hertiani et al.

Table 2. Docking variables

Mechanism of Plantago major for Alzheimer’s disease

Variable SRC PIK3R1 MAPK1
PDB code 2H8H 4Z0P 3SA0
Resolution of crystal structure  2.20 2.62 1.59

(A)

Docking software and scoring
function

Protein preparation

Native ligand

Grid coordinates (A)
Grid size (A)

Exhaustiveness / Max energy
difference (kcal/mol)

Redocking RMSD (A)

Docking score of native ligand
(kcal/mol)

Activity of native ligand

UCSF Chimera 1.17.3 with
Autodock Vina v1.2.x plug-in

DockPrep (Chimera)
Saracatinib (H8H)

x=21,y=21,z=58
x=20,y=20,z=13
8/3

1.773 (protocol validated)*

-10

ICs0 = 1-3 nM (n =3 assays)

UCSF Chimera 1.17.3 with
Autodock Vina v1.2.x plug-in

DockPrep (Chimera)

(2s,3r)-N~1~-(8-Tert-Butyl-4,5-
dihydro[1,3]thiazolo[4,5-
H]quinazolin-2-Yl)-3-
methylpyrrolidine-1,2-
dicarboxamide (4Q2)

x=-2,y=10,z=-16
x=15,y=15,z=15
8/3

0.555 (protocol validated)*

-10.1

ICs0 =4-6 nM (n =2 assays)

UCSF Chimera 1.17.3 with
Autodock Vina v1.2.x plug-in

DockPrep (Chimera)
Norathyriol (NRA)

x=-15,y=14,z=42
x=15,y=15,z=15
8/3

0.778 (protocol validated)*

-7.2

Not determined

Table 3. SAW analysis using peak area and docking score value.

Docking score

SAW with max-min normalization

Compound name PA (a.u.) R
SRC PIK3R1 MAPK1 PA (a.u.) SRC PIK3R1 MAPK1 FS
Aucubin 1111354054 -7.6 -1.4 -6.8 1.000 0.595 0.884 0.641 0.780 1
Caffeic acid 969829159 -6.4 -6.5 -5.8 0.871 0.310 0.674 0.385 0.560 8
Ursolic acid 342234372 -9.3 -4.5 -8.2 0.301 1.000 0.209 1.000 0.627 6
Alpha-linolenic acid 267396015 -6.5 -6.3 -5.8 0.233 0.333 0.628 0.385 0.395 10
Geniposide 167583728 -7.9 -7.6 -7 0.142 0.667 0.930 0.692 0.608 7
Geniposidic acid 155768214 -7.8 -7.8 -1.4 0.131 0.643 0.977 0.795 0.636 5
Scutellarein 107011463 -8.8 -7.9 -7.9 0.087 0.881 1.000 0.923 0.723 2
p-Coumaric acid 105287012 -6.3 -6.4 -5.5 0.085 0.286 0.651 0.308 0.332 13
Musseanosidic acid 55348126 -7.8 -6.7 -7.1 0.040 0.643  0.721 0.718 0530 9
Luteolin 43956917 -8.9 -1.7 -8 0.029 0.905 0.953 0.949 0.709 3
Asiatic acid 29016354 -7.8 -3.6 -7.8 0.016 0.643 0.000 0.897 0.389 11
Hispidulin 14425837 -8.9 -1.7 -7.6 0.003 0.905 0.953 0.846 0.677 4
Ferulic acid 13526341 -6.6 -6.6 -5.5 0.002 0.357 0.698 0.308 0.341 12
Benzaldehyde 12848452 -5.1 -4.9 -4.3 0.001 0.000 0.302 0.000 0.076 15
Gallic acid 11518339 -5.7 -5.6 -5.3 0.000 0.143 0.465 0.256 0.216 14

PA: Peak Area based on UPLC-HRMS analysis. FS: Final Score. R: Ranking.
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metabolite were organized and visualized using SRplot. Red boxes indicate strong interactions, yellow boxes indicate weak interactions, and green boxes indicate no

interactions. (NL) : native ligand.

For the PIK3R1 protein, key residues interacting
with 4Q2 (native ligand) were identified as VAL851,
TYRS836, ILE932, and SER854. Among them, VAL851
formed strong interactions with both 4Q2 and P. major
metabolites, particularly scutellarein and geniposidic
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acid, which demonstrated high predicted binding af-
finity (Fig. 3B).

Analysis of MAPKI1 revealed that MET108,
LEU156, ALA52, and VAL39 were the main residues
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interacting with norathyriol. Residue ASP106 dis-
played the strongest interaction with norathyriol and
also bound to several P. major metabolites, including
aucubin, geniposidic acid, p-coumaric acid, and mus-
seanosidic acid (Fig. 3C).

The SAW analysis, which integrated peak area (re-
flecting metabolite abundance) with docking scores
against three AD-related proteins (SRC, PIK3R1, and
MAPK1), identified six metabolites predicted to play
the most significant roles in the anti-neuroinflamma-
tory activity of P. major. These were aucubin, scutel-
larein, luteolin, hispidulin, geniposidic acid, and ur-
solic acid, ranked in descending order. Aucubin
achieved the highest rank primarily due to its remark-
ably high abundance in the P. major leaf extract; how-
ever, its binding affinities toward the three protein tar-
gets were comparatively weaker than those of scutel-
larein and luteolin. Overall, five of the top six metabo-
lites (excluding aucubin and geniposidic acid) exhib-
ited strong binding activity against SRC, with docking
energies ranging from —8.8 to —9.3 kcal/mol (Table 3).
Ursolic acid, which demonstrated the strongest pre-
dicted binding affinities toward both SRC (-9.3
kcal/mol) and MAPK1 (-8.2 kcal/mol), was able to
compete effectively with the reference drugs and na-
tive ligands of these proteins, even showing stronger
binding than saracatinib (-7.9 kcal/mol) (Fig. 2C) and
norathyriol (7.2 kcal/mol) (Table 2) for MAPK1. For
PIK3R1, scutellarein showed a docking score of -7.9
kcal/mol, identical to that of dasatinib and slightly
lower than saracatinib (-8.2 kcal/mol) (Fig. 2C). Col-
lectively, this ranking underscores the relative contri-
bution of individual metabolites to the predicted anti-
neuroinflammatory activity of P. major. Importantly,
the SAW method, which has been widely applied
across various scientific disciplines for decision-mak-
ing (Aliyeva et al., 2023; Arsyah et al., 2021; Chou et al.,
2008; Kaliszewski & Podkopaev, 2016), may serve as a
valuable framework for multi-target and multi-param-
eter prioritization in in silico pharmacological studies.

DISCUSSION

P. major, known in Indonesia as "Daun Sendok," is
an herbal plant with a wide array of health benefits at-
tributed to its antioxidant and anti-inflammatory prop-
erties (Adom et al., 2017). Evidence from pharmacolog-
ical studies supports its potential as a novel therapeutic
candidate for alleviating neuroinflammation in pa-
tients with AD. In the present study, an NP approach,
informed by untargeted metabolomics data, was em-
ployed to systematically investigate this potential.
Subsequent validation was performed through molec-
ular docking and PLIF analyses to elucidate the molec-
ular mechanisms underlying its therapeutic effects.
Additionally, pharmacokinetic predictions were

https://jppres.com

Mechanism of Plantago major for Alzheimer’s disease

conducted to assess the drug-likeness of each metabo-
lite. Finally, metabolite prioritisation was carried out
using the SAW method with max-min normalisation
to assess their relative contributions to anti-neuroin-
flammatory activity.

Untargeted metabolomics analysis using UHPLC-
Q-Orbitrap-HRMS detected the presence of putative
metabolites from P. major, including aucubin, caffeic
acid, ursolic acid, and a-linolenic acid. Through NP
analysis, these bioactive metabolites were found to tar-
get several key signalling pathways involved in neu-
roinflammation. These pathways include phospho-
inositide 3-kinase-protein kinase B (PI3K-AKT),
MAPK, JAK-STAT, NF-kB, as well as pathways spe-
cific to Alzheimer's based on gene enrichment analysis
(Fig. 1D). This finding was further supported by PPI
analysis, which revealed 10 hub proteins with high de-
gree values, predominantly associated with neuroin-
flammatory processes in AD (Fig. 1B-C). These results
are consistent with previous studies that have demon-
strated the relevance of inflammatory proteins in Alz-
heimer's pathology, including SRC (Portugal et al.,
2022), PIK3R1 (Chu et al., 2021), and MAPK1 (Al-
masoudi et al., 2025). Similarly, an NP investigation of
Scutellaria baicalensis also identified SRC, PIK3R1, and
STATS3 as key targets for inflammation in AD (Peng &
Zhou, 2024). Neuroinflammation can activate beta-site
amyloid precursor protein cleaving enzyme 1 (BACE1)
and amyloid precursor protein (APP), genes that pro-
mote the formation of amyloid beta, worsening AD
(Heneka et al., 2024). These results align with previous
literature, confirming the pharmacological relevance
of P. major and strengthening its potential for AD ther-
apy.

In this study's research methodology, the results of
the NP analysis were validated by molecular docking
and further complemented by ADMET predictions to
assess the therapeutic potential of P. major metabolites.
Molecular docking against three core targets high-
lighted five metabolites with higher binding affinities
compared to others: luteolin, scutellarein, hispidulin,
geniposidic acid, and geniposide (Fig. 2C). These find-
ings were largely consistent with the NP analysis,
where luteolin, scutellarein, and hispidulin ranked
among the top 10 key metabolites with high degree
values (Fig. 1D). An exception was observed with ben-
zaldehyde (C14), which exhibited the highest degree
value but the lowest docking score. Recent develop-
ments on benzaldehyde have demonstrated that sev-
eral structural modifications (benzaldehyde deriva-
tives) exhibit strong potential as therapeutic agents in
the treatment of AD (Chen et al., 2023; Costa et al.,
2020; Eno et al.,, 2022). This suggests that NP can
broadly capture the activity spectrum of compounds
but is less predictive of compound-specific efficacy,
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highlighting the limitation of relying on this method
alone.

To address this, the SAW method, a multi-criteria
decision-making approach, was utilised to systemati-
cally evaluate which metabolites of P. major are most
likely to contribute to neuroinflammatory activity. Alt-
hough SAW has been widely used in decision-making
studies (Aliyeva et al., 2023; Arsyah et al., 2021; Chou
et al., 2008; Kaliszewski & Podkopaev, 2016), and even
in virtual screening studies of Azadirachta indica bioac-
tive metabolites (Anuradha & Jaganathan, 2025). To
the best of our knowledge, this study is among the first
to apply the SAW method in an in silico framework in-
tegrating multi-target molecular docking parameters.
The analysis highlighted six metabolites with the high-
est final scores: aucubin, scutellarein, luteolin, his-
pidulin, geniposidic acid, and ursolic acid, respectively
(Table 3).

Aucubin, identified in the present study as the most
abundant metabolite in P. major (2.74331%, Table 1),
has been previously reported by Wang et al. (2024) us-
ing a pharmacological network approach. Aucubin has
demonstrated potential therapeutic effects in AD by in-
hibiting ERK1/ERK2 (MAPK1) phosphorylation
within the MAPK signalling pathway. This inhibition
has been demonstrated in vitro to reduce glial cell acti-
vation and decrease levels of pro-inflammatory medi-
ators, including IL-1p, IL-6, TNF-a, COX-2, and iNOS,
while also inhibiting microglial activation. Further-
more, in vivo experiments show that aucubin sup-
presses neuroinflammation by inhibiting glial cell acti-
vation in the brains of memory-deficient mice. These
findings are corroborated by Park et al. (2022), who
demonstrated that aucubin induces an anti-neuroin-
flammatory response by reducing the expression of in-
flammatory mediators, including NO and PGE2, as
well as pro-inflammatory mediators such as IL-13, IL-
6, and TNF-q, in LPS-induced BV2 microglia and as-
trocytes. This effect is achieved by blocking the NF-xB,
PI3K/ Akt, and MAPK signalling pathways.

In contrast, ursolic acid, which achieved the highest
docking score against SRC and MAPK1 in the present
study, aligns with the findings of Shanmugam et al.
(2011), who reported that ursolic acid effectively inhib-
its SRC, JAK2, STAT3, and NF-xB signalling. Its ability
to cross the BBB further enhances its therapeutic poten-
tial in treating neuroinflammatory conditions (Table
1). Additionally, ursolic acid has been shown to inhibit
the phosphorylation of ERK, p38, and JNK kinases,
which are integral components of the MAPK signalling
pathway (Shan et al., 2009). Two other metabolites ex-
hibit similar target actions. Ha et al. (2021) reported
that scutellarein exhibits promising effects by modu-
lating the PI3K-AKT, NF-xB, and MAPK pathways,
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thereby reducing neuroinflammatory responses in a
preclinical AD model. This is consistent with Kou et al.
(2022), who found that luteolin inhibits activation of
the NF-xB and p38 inflammatory pathways induced by
endoplasmic reticulum stress, reducing levels of in-
flammatory cytokines, COX-2, and iNOS expression,
and ultimately improving learning and memory abili-
ties in 3 x Tg-AD mice.

The NP approach used in this study identified ten
key protein targets, including SRC, PIK3R1, MAPK1,
and AKT, which play critical roles in the cellular mech-
anisms underlying the pharmacological effects of P.
major metabolites in AD. These targets are involved in
signalling pathways associated with neuroinflamma-
tion. Inhibition of SRC can reduce the release of pro-
inflammatory factors from microglia. At the same time,
EGEFR activation affects key signalling pathways, such
as PI3K-AKT, MAPK, and JAK-STAT, all of which are
implicated in the development of neuroinflammation
(Abdelhamed et al., 2016; Yang et al., 2020). Ursolic
acid, a key metabolite of P. major, has been shown to
inhibit EGFR phosphorylation and its downstream
MAPK pathway, thereby suppressing PI3K and AKT
phosphorylation, further strengthening its potential to
address neuroinflammation (Zafar et al., 2022).

Luteolin has been shown to inhibit phosphorylation
of key elements in the PI3K-AKT and MAPK path-
ways, including PI3K, AKT, and ERK1/2. Addition-
ally, luteolin is also capable of blocking the activity of
SRC and STAT3 (Lu et al., 2017). This activity supports
the effectiveness of luteolin in reducing neuroinflam-
matory symptoms in a triple-transgenic mouse model
of AD. Treatment with luteolin showed improved spa-
tial learning and ameliorated memory deficits in a
dose-dependent manner (Kou et al., 2022). Meanwhile,
scutellarein (SCU) can suppress NF-xB activation and
reduce pro-inflammatory responses by inhibiting p65
phosphorylation and IkB degradation in microglial
cells (You et al., 2018; Zeng et al., 2018). These findings
demonstrate the multitarget approach of scutellarein,
luteolin, ursolic acid, and aucubin, making these me-
tabolites very interesting candidates for further re-
search.

The results confirmed that several bioactive metab-
olites in P. major, including aucubin, ursolic acid, scu-
tellarein, and luteolin, exhibit significant anti-neuroin-
flammatory activity. These metabolites function by in-
hibiting microglial activation via three major intercon-
nected signalling pathways: PI3K-AKT, MAPK, and
JAK-STAT. Suppression of these pathways can reduce
the production of pro-inflammatory factors by glial
cells, which is known to be a primary cause of exces-
sive neuroinflammation (Fig. 4).
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Figure 4. Plausible mechanism of action of P. major leaves against AD based on untargeted metabolomics analysis, NP, and molecular docking.

Metabolites from P. major leaves interact with several targets in the JAK-STAT, PI3K-AKT, and MAPK signaling pathways within microglial cells, which may lead to the
inhibition of excessive inflammatory responses. These excessive responses are a major cause of neuroinflammation, a pathological hallmark of the brains of
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This study has certain limitations. The NP valida-
tion was primarily conducted through molecular dock-
ing, which, as an in silico method, may inherently limit
the direct translational applicability of the findings to
the development of herbal preparations or metabolites.
Moreover, the use of AutoDock Vina is not without ca-
veats, including the rigid receptor approximation that
neglects protein conformational flexibility, the reliance
on a non-polarizable force field that oversimplifies
complex molecular interactions, and the limited repre-
sentation of - aromatic interactions, all of which
may compromise the accuracy of ligand-target bind-
ing predictions (Sarkar et al., 2024). A similar limitation
applies to the pharmacokinetic assessment of each
compound, particularly in predicting BBB penetration.
To strengthen the reliability of the findings, the dock-
ing protocol was validated through the evaluation of
RMSD values, and the analysis was further extended
to include ADME-toxicity predictions from two inde-
pendent databases. However, it is acknowledged that
the gold standard for metabolite identification remains
confirmation through the use of authentic standards
and MS/MS fragmentation spectra. (Sumner et al.,
2007; Wishart, 2011). Nevertheless, in the present
study, systematic annotation was performed using two
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fragmentation databases (mzCloud and ChemSpider),
with an inclusion criterion of at least one full match,
which was achieved by almost all metabolites. Addi-
tionally, each compound was cross-checked in Pub-
Chem to confirm its presence in plants and to empha-
size its reported biological activities. Likewise, experi-
mental pharmacodynamic and pharmacokinetic vali-
dation remains to be addressed in future work; these
complementary approaches provide a more robust ba-
sis for interpreting the current findings and supporting
their potential relevance in subsequent experimental
studies.

In addition, despite the promising pharmacological
effects of aucubin, ursolic acid, luteolin, and scutel-
larin, their therapeutic potential is limited by stability
and bioavailability challenges. Aucubin is unstable in
acidic gastric fluids, exhibits poor absorption in the
gastrointestinal tract due to its low lipophilicity, and
undergoes significant first-pass metabolism. As a re-
sult, its bioavailability is higher after intraperitoneal
administration (76.8%) than after oral administration
(19.8%) (Kartini et al., 2023). Ursolic acid, due to its low
water solubility, faces absorption limitations, and its
rapid metabolism further reduces its systemic
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availability, thereby restricting its clinical applicability
(Mlala et al., 2019). Similarly, luteolin suffers from poor
oral bioavailability, low water solubility, and extensive
hepatic metabolism, all of which hinder its pharmaco-
logical efficacy (Mod Razif et al., 2024; Wu et al., 2024).
Scutellarin is extensively metabolised to scutellarein in
the gastrointestinal tract before absorption, and it is
predominantly excreted in the faeces, resulting in very
low oral bioavailability (Xing et al., 2011). These limi-
tations underscore the need for optimised formulation
strategies or alternative administration routes to en-
hance the therapeutic effectiveness of these metabo-
lites in treating neuroinflammatory and neurodegener-
ative diseases.

Further studies are needed to validate these find-
ings through experimental approaches, particularly in
Alzheimer's animal models and cell-based assays, to
confirm the effectiveness of P. major. Pharmacokinetic
and pharmacodynamic experimental studies of key
metabolites, such as using PAMPA-BBB or co-culture
models, are also required to evaluate their ability to
penetrate the BBB and their effects on the central nerv-
ous system. On the other hand, the development of
pharmaceutical formulations that enhance the bioa-
vailability and stability of these metabolites represents
a crucial next step. Nanocarrier encapsulation technol-
ogy can be explored to enhance the effectiveness, bioa-
vailability, and central nervous system penetration of
these metabolites in clinical applications (Igbal et al.,
2024).

Mechanism of Plantago major for Alzheimer’s disease

to improve the bioavailability and therapeutic efficacy
of these metabolites from the P. major extract.

CONEFLICT OF INTEREST

The research was conducted entirely free from any in-
volvement in commercial, financial, or personal matters that
might be perceived as a possible conflict of interest or that
could have influenced the outcomes or interpretation of the
study.

ACKNOWLEDGMENTS

This research was supported by the Ministry of Educa-
tion, Culture, Research, and Technology of the Republic of
Indonesia under the BIMA Scheme Grant [048/E5/
PG.02.00.PL/2024]. The authors gratefully acknowledge the
facilities and scientific and technical support provided by the
Advanced Characterization Laboratories, Yogyakarta, Na-
tional Research and Innovation Agency (BRIN), through E-
Layanan Sains BRIN. The authors also sincerely
acknowledge Dr. Ema Damayanti, M.Biotech. (BRIN) for fa-
cilitating access to the E-Layanan Sains (ELSA) BRIN plat-
form for UPLC-HRMS measurements.

GENERATIVE ARTIFICIAL INTELLIGENCE (AI)

The authors used Grammarly Inc. to improve the lan-
guage and readability of the manuscript. The authors re-
viewed and edited the content and take full responsibility for
its accuracy. No images were generated or manipulated us-
ing Al tools.

REFERENCES

CONCLUSION

The results of this study demonstrate that several
bioactive metabolites of P. major, including aucubin,
ursolic acid, scutellarein, and luteolin, may exert neu-
roprotective effects by modulating inflammation-asso-
ciated signalling pathways implicated in AD. Specifi-
cally, these metabolites inhibit microglial activation
through three major interconnected signalling path-
ways: the PI3K-AKT, MAPK, and JAK-STAT path-
ways. Suppression of these pathways reduces the pro-
duction of pro-inflammatory mediators by glial cells,
which is a key driver of excessive neuroinflammation.
Collectively, these findings support the therapeutic po-
tential of P. major as a candidate for the development
of anti-neuroinflammatory drugs. However, further
experimental and formulation studies are required to
confirm its efficacy and bioavailability.

The reliance on molecular docking methods re-
quires further experimental validation. This study pro-
vides an important foundation for developing a suita-
ble model for in vitro and in vivo studies. Given the ur-
gency of bioactive metabolites crossing the BBB, nano-
material-based technologies are a promising approach

https://jppres.com

Abdelhamed S, Ogura K, Yokoyama S, Saiki I, Hayakawa Y (2016)
AKT-STAT3 pathway as a downstream target of EGFR
signaling to regulate PD-L1 expression on NSCLC cells. |
Cancer 7(12): 1579-1586. https://doi.org/10.7150/jca.14713

Adom MB, Taher M, Mutalabisin MF, Amri MS, Abdul Kudos MB,
Wan Sulaiman MWA, Sengupta P, Susanti D (2017) Chemical
constituents and medical benefits of Plantago major. Biomed
Pharmacother 96: 348-360.
https:/ /doi.org/10.1016 /j.biopha.2017.09.152

Akincioglu H, Akbas M, Aydin T (2019) Determination of inhibition
effect of Plantago major plant extract on monoamine oxidase
isoenzymes (MAO-A and MAO-B). 4th International
Conference on Advances in Natural & Applied Sciences.

Akincioglu H, Aydin T, Jafarova S, Kiling N (2025) In vitro and in
silico investigation of secondary metabolites of Plantago major L.
subsp. major leaves as new drug targets against
neurodegenerative diseases. SSRN Scholarly Paper Rochester,
NY: Social Science Research Network.
https:/ /dx.doi.org/10.2139/ ssrn.5200443

Aliyeva K, Aliyeva A, Aliyev R, Ozdeser M (2023) Application of
fuzzy simple additive weighting method in group decision-
making for capital investment. Axioms 12(8): 797.
https:/ /doi.org/10.3390/axioms12080797

Almasoudi SH, Al-Kuraishy HM, Al-Gareeb Al, Eliwa D, Alexiou A,
Papadakis M, Batiha GE-S (2025) Role of mitogen-activated
protein kinase inhibitors in Alzheimer’s disease: Rouge of brain
kinases. Brain Res Bull 224: 111296.
https:/ /doi.org/10.1016 /i.brainresbull.2025.111296

Anuradha DS, Jaganathan B (2025) Predictive modelling and
ranking: Azadirachta indica compounds through indices and

J Pharm Pharmacogn Res (2026) 14(2): 16


https://jppres.com/
https://doi.org/10.7150/jca.14713
https://doi.org/10.1016/j.biopha.2017.09.152
https://dx.doi.org/10.2139/ssrn.5200443
https://doi.org/10.3390/axioms12080797
https://doi.org/10.1016/j.brainresbull.2025.111296

Hertiani et al.

multi-criteria decision-making techniques. Front Chem 13:
1580267. https:/ /doi.org/10.3389/ fchem.2025.1580267

Arsyah Ul, Jalinus N, Arsyah RH, Pratiwi M (2021) Analysis of the
simple additive weighting method in educational aid decision
making. Turk ] Comput Math Educ 12(14): 2389-2396.

Chen M, Liang ], Liu Y, Liu Y, Zhou C, Hong P, Zhang Y, Qian Z-]
(2023) The mechanism of two benzaldehydes from Aspergillus
terreus C23-3 improve neuroinflammatory and neuronal
damage to delay the progression of Alzheimer’s disease. Int J
Mol Sci 24(2): 905. https:/ /doi.org/10.3390/ijms24020905

Chou S-Y, Chang Y-H, Shen C-Y (2008) A fuzzy simple additive
weighting system under group decision-making for facility
location selection with objective/subjective attributes. Eur J
Oper Res 189(1): 132-145.
https:/ /doi.org/10.1016 /j.ejor.2007.05.006

Chu E, Mychasiuk R, Hibbs ML, Semple BD (2021) Dysregulated
phosphoinositide 3-kinase signaling in microglia: shaping
chronic neuroinflammation. J Neuroinflammation 18(1): 276.
https:/ /doi.org/10.1186 /s12974-021-02325-6

Costa GP, Baldinotti RSM, Fronza MG, Nascimento JER, Dias IFC,
Sonego MS, Seixas FK, Collares T, Perin G, Jacob RG,
Savegnago L, Alves D (2020) Synthesis, molecular docking, and
preliminary evaluation of 2-(1,2,3-triazoyl)benzaldehydes as
multifunctional agents for the treatment of Alzheimer’s disease.
ChemMedChem 15(7): 610-622.
https:/ /doi.org/10.1002/cmdc.201900622

Daina A, Michielin O, Zoete V (2017) SwissADME: A free web tool
to evaluate pharmacokinetics, drug-likeness and medicinal
chemistry friendliness of small molecules. Sci Rep 7: 42717.
https:/ /doi.org/10.1038 / srep42717

Daina A, Michielin O, Zoete V (2019) SwissTargetPrediction:
updated data and new features for efficient prediction of
protein targets of small molecules. Nucleic Acids Res 47(W1):
W357-W364. https:/ /doi.org/10.1093 /nar/ gkz382

Davis AP, Wiegers TC, Johnson R], Sciaky D, Wiegers ], Mattingly
CJ (2023) Comparative toxicogenomics database (CTD) update
2023.  Nucleic  Acids Res 51(D1):  D1257-D1262.
https:/ /doi.org/10.1093 /nar/ gkac833

Eberhardt J, Santos-Martins D, Tillack AF, Forli S (2021) AutoDock
Vina 1.2.0: New Docking Methods, Expanded Force Field, and
Python Bindings. ] Chem Inf Model 61(8): 3891-3898.
https:/ /doi.org/10.1021 /acs.jcim.1c00203

Eno EA, Louis H, Ekoja P, Benjamin I, Adalikwu SA, Orosun MM,
Unimuke T, Asogwa FC, Agwamba EC (2022) Experimental
and computational modeling of the biological activity of
benzaldehyde sulphur trioxide as a potential drug for the
treatment of Alzheimer disease. ] Indian Chem Soc 99(7):
100532. https:/ /doi.org/10.1016 /] jics.2022.100532

Farina N, Jacobs R, Turana Y, Fitri FI, Schneider M, Theresia I, Docrat
S, Sani TP, Augustina L, Albanese E, Comas-Herrera A, Du Toit
P, Ferri CP, Govia I, Ibnidris A, Knapp M, Banerjee S (2023)
Comprehensive measurement of the prevalence of dementia in
low-and middle-income countries: STRiDE methodology and
its application in Indonesia and South Africa. BJPsych Open
9(4): €102. https:/ /doi.org/10.1192 /bjo.2023.76

FuL, ShiS, Yi], Wang N, He Y, Wu Z, Peng ], Deng Y, Wang W, Wu
C,Lyu A, Zeng X, Zhao W, Hou T, Cao D (2024) ADMET]Iab 3.0:
An updated comprehensive online ADMET prediction
platform enhanced with broader coverage, improved
performance, API functionality and decision support. Nucleic
Acids Res 52(W1): W422-W431.
https:/ /doi.org/10.1093 /nar/ gkae236

Gongalves S, Romano A (2016) The medicinal potential of plants
from the genus Plantago (Plantaginaceae). Ind Crops Prod 83:
213-226. https:/ /doi.org/10.1016/].indcrop.2015.12.038

https://jppres.com

Mechanism of Plantago major for Alzheimer’s disease

Ha SE, Kim SM, Vetrivel P, Kim HH, Bhosale PB, Heo JD, Lee HJ,
Kim GS (2021) Inhibition of cell proliferation and metastasis by
scutellarein regulating PI3K/Akt/NF-«kB signaling through
PTEN activation in hepatocellular carcinoma. Int ] Mol Sci
22(16): 8841. https:/ /doi.org/10.3390/ijms22168841

Heberle H, Meirelles GV, Da Silva FR, Telles GP, Minghim R (2015)
InteractiVenn: a web-based tool for the analysis of sets through
Venn diagrams. BMC Bioinformatics  16(1):  169.
https://doi.org/10.1186/512859-015-0611-3

Heneka MT, Carson M]J, El Khoury ], Landreth GE, Brosseron F,
Feinstein DL, Jacobs AH, Wyss-Coray T, Vitorica ], Ransohoff
RM, Herrup K, Frautschy SA, Finsen B, Brown GC, Verkhratsky
A, Yamanaka K, Koistinaho J, Latz E, Halle A, Petzold GC,
Town T, Morgan D, Shinohara ML, Perry VH, Holmes C, Bazan
NG, Brooks DJ, Hunot S, Joseph B, Deigendesch N, Garaschuk
O, Boddeke E, Dinarello CA, Breitner JC, Cole GM, Golenbock
DT, Kummer MP (2015) Neuroinflammation in Alzheimer’s
disease. Lancet Neurol 14(4): 388-405.
https:/ /doi.org/10.1016 /s1474-4422(15)70016-5

Heneka MT, van der Flier WM, Jessen F, Hoozemanns J, Thal DR,
Boche D, Brosseron F, Teunissen C, Zetterberg H, Jacobs AH,
Edison P, Ramirez A, Cruchaga C, Lambert JC, Laza AR,
Sanchez-Mut ]V, Fischer A, Castro-Gomez S, Stein TD,
Kleineidam L, Wagner M, Neher JJ, Cunningham C, Singhrao
SK, Prinz M, Glass CK, Schlachetzki JCM, Butovsky O,
Kleemann K, De Jaeger PL, Scheiblich H, Brown GC, Landreth
G, Moutinho M, Grutzendler ], Gomez-Nicola D, McManus
RM, Andreasson K, Ising C, Karabag D, Baker DJ, Liddelow SA,
Verkhratsky A, Tansey M, Monsonego A, Aigner L, Dorothée
G, Nave KA, Simons M, Constantin G, Rosenzweig N, Pascual
A, Petzold GC, Kipnis ], Venegas C, Colonna M, Walter J,
Tenner AJ, O'Banion MK, Steinert JR, Feinstein DL, Sastre M,
Bhaskar K, Hong S, Schafer DP, Golde T, Ransohoff RM,
Morgan D, Breitner J, Mancuso R, Riechers SP (2024)
Neuroinflammation in Alzheimer disease. Nat Rev Immunol
25(5): 321-352. https:/ /doi.org/10.1038 /s41577-024-01104-7

Igbal I, Saqib F, Mubarak Z, Latif MF, Wahid M, Nasir B, Shahzad H,
Sharifi-Rad J, Mubarak MS (2024) Alzheimer’s disease and drug
delivery across the blood-brain barrier: Approaches and
challenges. Eur J Med Res 29(1): 313.
https:/ /doi.org/10.1186/540001-024-01915-3

Jayaraman A, Htike TT, James R, Picon C, Reynolds R (2021) TNF-
mediated neuroinflammation is linked to neuronal necroptosis
in Alzheimer’s disease hippocampus. Acta Neuropathol
Commun 9(1): 159. https:/ /doi.org/10.1186/s40478-021-01264-
w

Kaliszewski I, Podkopaev D (2016) Simple additive weighting— A
metamodel for multiple criteria decision analysis methods.
Expert Syst Appl 54: 155-161.
https:/ /doi.org/10.1016 /j.eswa.2016.01.042

Kang H (2017) Anti-neuroinflammatory effect of Plantago major var.
japonica in BV-2 microglial cells. Biomed Sci Lett 23(4): 411-415.
https:/ /doi.org/10.15616/BSL.2017.23.4.411

Karomah AH, Rafi M, Septaningsih DA, Ilmiawati A, Safitri UD,
Aminah NS, Insanu M, Rohman A (2023) UHPLC-Q-Orbitrap
HRMS-based untargeted metabolomics of Sida rhombifolia
leaves and stem extracts. HAYATI ] Biosci 30(4): 770-778.
https:/ /doi.org/10.4308 /hjb.30.4.770-778

Kartini K, Avanti C, Phechkrajang C, Vallisuta O (2019) Antioxidant
activity, HPTLC fingerprint and discriminant analysis of
Plantago major leaves from diverse origins in Indonesia.
Pharmacogn J 11(6s): 1483-1489.
http:/ /dx.doi.org/10.5530/1j.2019.11.229

Kartini K, Irawan MA, Setiawan F, Jayani NIE (2023) Characteristics,
isolation methods, and biological properties of aucubin.
Molecules 28(10): 4154.
https:/ /doi.org/10.3390 / molecules28104154

J Pharm Pharmacogn Res (2026) 14(2): 17


https://jppres.com/
https://doi.org/10.3389/fchem.2025.1580267
https://doi.org/10.3390/ijms24020905
https://doi.org/10.1016/j.ejor.2007.05.006
https://doi.org/10.1186/s12974-021-02325-6
https://doi.org/10.1002/cmdc.201900622
https://doi.org/10.1038/srep42717
https://doi.org/10.1093/nar/gkz382
https://doi.org/10.1093/nar/gkac833
https://doi.org/10.1021/acs.jcim.1c00203
https://doi.org/10.1016/j.jics.2022.100532
https://doi.org/10.1192/bjo.2023.76
https://doi.org/10.1093/nar/gkae236
https://doi.org/10.1016/j.indcrop.2015.12.038
https://doi.org/10.3390/ijms22168841
https://doi.org/10.1186/s12859-015-0611-3
https://doi.org/10.1016/s1474-4422(15)70016-5
https://doi.org/10.1038/s41577-024-01104-7
https://doi.org/10.1186/s40001-024-01915-3
https://doi.org/10.1186/s40478-021-01264-w
https://doi.org/10.1186/s40478-021-01264-w
https://doi.org/10.1016/j.eswa.2016.01.042
https://doi.org/10.15616/BSL.2017.23.4.411
https://doi.org/10.4308/hjb.30.4.770-778
http://dx.doi.org/10.5530/pj.2019.11.229
https://doi.org/10.3390/molecules28104154

Hertiani et al.

Kartini K, Wati N, Gustav R, Wahyuni R, Anggada YF, Hidayani R,
Raharjo A, Islamie R, Putra SE (2021) Wound healing effects of
Plantago major extract and its chemical compounds in
hyperglycemic  rats. Food  Biosci  41: 100937.
https:/ /doi.org/10.1016 /i.fbi0.2021.100937

Kou JJ, Shi JZ, He YY, Hao JJ, Zhang HY, Luo DM, Song JK, Yan Y,
Xie XM, Du GH, Pang XB (2022) Luteolin alleviates cognitive
impairment in Alzheimer’s disease mouse model via inhibiting
endoplasmic reticulum stress-dependent neuroinflammation.
Acta Pharmacol Sin 43(4): 840-849.
https:/ /doi.org/10.1038 /s41401-021-00702-8

La Basy L, Hertiani T, Murwanti R, Damayanti E (2024) Investigation
of Cox-2 inhibition of Laportea decumana (Roxb). Wedd extract
to support its analgesic potential. ] Ethnopharmacol 318(Pt A):
116857. https:/ /doi.org/10.1016/j.jep.2023.116857

Liao Y, Wang ], Jaehnig EJ, Shi Z, Zhang B (2019) WebGestalt 2019:
gene set analysis toolkit with revamped Uls and APIs. Nucleic
Acids Res 47(W1): W199-W205.
https:/ /doi.org/10.1093 /nar/ gkz401

Lieanto C, Putra IMR, Lathifa US, Arief MOV, Fuad M, Hertiani T
(2022) Bioinformatics study: Syzygium samarangense leaves
chalcone extract as lung cancer proliferation inhibitor.
Biointerface Res Appl Chem 13(2): 173.
https:/ /doi.org/10.33263/briac132.173

Lu X, LiY, Li X, Aisa HA (2017) Luteolin induces apoptosis in vitro
through suppressing the MAPK and PI3K signaling pathways
in gastric cancer. Oncol Lett 14(2): 1993-2000.
https:/ /doi.org/10.3892/01.2017.6380

Mhatre SD, Tsai CA, Rubin AJ, James ML, Andreasson KI (2015)
Microglial malfunction: The third rail in the development of
Alzheimer’s disease. Trends Neurosci 38(10): 621-636.
https://doi.org/10.1016/].tins.2015.08.006

Mlala S, Oyedeji AO, Gondwe M, Oyedeji OO (2019) Ursolic acid and
its derivatives as bioactive agents. Molecules 24(15): 2751.
https:/ /doi.org/10.3390/ molecules24152751

Mod Razif MRF, Chan SY, Chew YL, Hassan M, Ahmad Hisham S,
Abdul Rahman S, Mai CW, Teo MY, Kee PE, Khoo KS, Lee SK,
Liew KB (2024) Recent developments in luteolin-loaded
nanoformulations for enhanced anti-carcinogenic activities:
Insights from in vitro and in vivo studies. Science 6(4): 68.
https:/ /doi.org/10.3390/sci6040068

Momtazmanesh S, Perry G, Rezaei N (2020) Toll-like receptors in
Alzheimer’s disease. ] Neuroimmunol 348: 577362.
https:/ /doi.org/10.1016/j.jneuroim.2020.577362

Myung Y, de S4 AG, Ascher DB (2024) Deep-PK: Deep learning for
small molecule pharmacokinetic and toxicity prediction.
Nucleic Acids Res 52(W1): W469-W475.
https:/ /doi.org/10.1093 /nar/ gkae254

Noor F, Tahir ul Qamar M, Ashfaq UA, Albutti A, Alwashmi ASS,
Aljasir MA (2022) Network pharmacology approach for
medicinal plants: Review and assessment. Pharmaceuticals
15(5): 572. https:/ /doi.org/10.3390/ph15050572

Otasek D, Morris JH, Bougas J, Pico AR, Demchak B (2019) Cytoscape
Automation: empowering workflow-based network analysis.
Genome Biol 20(1): 185. https://doi.org/10.1186/513059-019-
1758-4

Park Y], Lim JY, Kwon SH, Shin MS (2022) Aucubin suppresses
lipopolysaccharide-induced pro-inflammatory responses by
blocking the NF-xB translocation signaling pathways in
activated microglial cells. Phytochem Lett 48: 120-127.
https:/ /doi.org/10.1016 /i.phytol.2022.02.006

Peng Y, Zhou C (2024) Network pharmacology and molecular
docking identify the potential mechanism and therapeutic role
of Scutellaria baicalensis in Alzheimer’s disease. Drug Des Devel
Ther 18: 1199-1219. https:/ /doi.org/10.2147 /dddt.s450739

https://jppres.com

Mechanism of Plantago major for Alzheimer’s disease

Pettersen EF, Goddard TD, Huang CC, Couch GS, Greenblatt DM,
Meng EC, Ferrin TE (2004) UCSF Chimera— A visualization
system for exploratory research and analysis. ] Comput Chem
25(13): 1605-1612. https:/ /doi.org/10.1002/jcc.20084

Portugal CC, Almeida TO, Socodato R, Relvas JB (2022) Src family
kinases (SFKs) critical regulators of microglial homeostatic
functions and neurodegeneration in Parkinson’s and
Alzheimer's  diseases. FEBS ] 289(24): 7760-7775.
https:/ /doi.org/10.1111/febs.16197

Reitz C, Pericak-Vance MA, Foroud T, Mayeux R (2023) A global
view of the genetic basis of Alzheimer disease. Nat Rev Neurol
19(5): 261-277. https:/ /doi.org/10.1038/s41582-023-00789-z

Safran M, Rosen N, Twik M, BarShir R, Stein TI, Dahary D,
Fishilevich S, Lancet D (2021) The GeneCards Suite. In:
Abugessaisa, 1., Kasukawa, T. (eds), Practical Guide to Life
Science Databases. Singapore: Springer, pp. 27-56.
https://doi.org/10.1007/978-981-16-5812-9_2

Samuelsen AB (2000) The traditional uses, chemical constituents and
biological activities of Plantago major L. A review. ]
Ethnopharmacol 71(1-2): 1-21. https:/ /doi.org/10.1016 /s0378-
8741(00)00212-9

Sarkar A, Concilio S, Sessa L, Marrafino F, Piotto S (2024)
Advancements and novel approaches in modified AutoDock
Vina algorithms for enhanced molecular docking. Results
Chem 7: 101319.
https:/ /doi.org/10.1016/j.rechem.2024.101319

Shan JZ, Xuan YY, Zheng S, Dong Q, Zhang SZ (2009) Ursolic acid
inhibits proliferation and induces apoptosis of HT-29 colon
cancer cells by inhibiting the EGFR/MAPK pathway. ] Zhejiang
Univ Sci B 1009): 668-674.
https:/ /doi.org/10.1631/jzus.B0920149

Shanmugam MK, Rajendran P, Li F, Nema T, Vali S, Abbasi T,
Kapoor S, Sharma A, Kumar AP, Ho PC, Hui KM, Sethi G (2011)
Ursolic acid inhibits multiple cell survival pathways leading to
suppression of growth of prostate cancer xenograft in nude
mice. J Mol Med 89(7): 713-727.
https:/ /doi.org/10.1007/s00109-011-0746-2

Shiri P, Arasteh A, Tajadod G (2023) Evaluation of phytochemical,
antioxidant, and inhibitory properties of Plantago major L. seeds
hydroalcoholic extract on amyloid nanofibrils production. Iran
] Med Aromat  Plant  Res  39(2): 203-212.
https:/ /doi.org/10.22092/ijmapr.2023.359360.3219

Sumner LW, Amberg A, Barrett D, Beale MH, Beger R, Daykin CA,
Fan TW, Fiehn O, Goodacre R, Griffin JL, Hankemeier T, Hardy
N, Harnly ], Higashi R, Kopka ], Lane AN, Lindon JC, Marriott
P, Nicholls AW, Reily MD, Thaden JJ, Viant MR (2007)
Proposed minimum reporting standards for chemical analysis:
Chemical analysis working group (CAWG) metabolomics
standards initiative (MSI). Metabolomics 3(3): 211-221.
https:/ /doi.org/10.1007 /s11306-007-0082-2

Sun E, Motolani A, Campos L, Lu T (2022) The pivotal role of NF-kB
in the pathogenesis and therapeutics of Alzheimer’s disease. Int
J Mol Sci 23(16): 8972. https:/ /doi.org/10.3390/ijms23168972

Szklarczyk D, Kirsch R, Koutrouli M, Nastou K, Mehryary F, Hachilif
R, Gable AL, Fang T, Doncheva NT, Pyysalo S, Bork P, Jensen
LJ, von Mering C (2023) The STRING database in 2023: protein—
protein association networks and functional enrichment
analyses for any sequenced genome of interest. Nucleic Acids
Res 51(D1): D638-D646.
https:/ /doi.org/10.1093 /nar/ gkac1000

Vafaei N, Ribeiro RA, Camarinha-Matos LM (2022) Assessing
normalization techniques for simple additive weighting
method.  Procedia  Comput  Sci  199:  1229-1236.
https://doi.org/10.1016 /i.procs.2022.01.156

Wang C, Cui X, Dong Z, Liu Y, Xia P, Wang X, Zhang Z, Yu S, Wu S,
Liu H, Zong S, Lu Z (2024) Attenuated memory impairment
and neuroinflammation in Alzheimer’s disease by aucubin via

J Pharm Pharmacogn Res (2026) 14(2): 18


https://jppres.com/
https://doi.org/10.1016/j.fbio.2021.100937
https://doi.org/10.1038/s41401-021-00702-8
https://doi.org/10.1016/j.jep.2023.116857
https://doi.org/10.1093/nar/gkz401
https://doi.org/10.33263/briac132.173
https://doi.org/10.3892/ol.2017.6380
https://doi.org/10.1016/j.tins.2015.08.006
https://doi.org/10.3390/molecules24152751
https://doi.org/10.3390/sci6040068
https://doi.org/10.1016/j.jneuroim.2020.577362
https://doi.org/10.1093/nar/gkae254
https://doi.org/10.3390/ph15050572
https://doi.org/10.1186/s13059-019-1758-4
https://doi.org/10.1186/s13059-019-1758-4
https://doi.org/10.1016/j.phytol.2022.02.006
https://doi.org/10.2147/dddt.s450739
https://doi.org/10.1002/jcc.20084
https://doi.org/10.1111/febs.16197
https://doi.org/10.1038/s41582-023-00789-z
https://doi.org/10.1007/978-981-16-5812-9_2
https://doi.org/10.1016/s0378-8741(00)00212-9
https://doi.org/10.1016/s0378-8741(00)00212-9
https://doi.org/10.1016/j.rechem.2024.101319
https://doi.org/10.1631/jzus.B0920149
https://doi.org/10.1007/s00109-011-0746-2
https://doi.org/10.22092/ijmapr.2023.359360.3219
https://doi.org/10.1007/s11306-007-0082-2
https://doi.org/10.3390/ijms23168972
https://doi.org/10.1093/nar/gkac1000
https://doi.org/10.1016/j.procs.2022.01.156

Hertiani et al.

the inhibition of ERK-FOS axis. Int Immunopharmacol 126:
111312. https:/ /doi.org/10.1016/i.intimp.2023.111312

Wishart DS (2011) Advances in metabolite identification. Bioanalysis
3(15): 1769-1782. https:/ / doi.org/10.4155/bio.11.155

WuS, Wang ST, Chen GY, Hsu C, Chen YH, Tsai HY, Weng TI, Chen
CL, Wu YF, Su NW (2024) Monophosphate derivatives of
luteolin and apigenin as efficient precursors with improved
oral bioavailability in rats. Antioxidants 13(12): 1530.
https:/ /doi.org/10.3390/antiox13121530

Xing JF, You HS, Dong YL, Lu J, Chen SY, Zhu HF, Dong Q, Wang
MY, Dong WH (2011) Metabolic and pharmacokinetic studies
of scutellarin in rat plasma, urine, and feces. Acta Pharmacol
Sin 32(5): 655-663. https://doi.org/10.1038/aps.2011.11

Yang H, Wang L, Zang C, Wang Y, Shang J, Zhang Z, Liu H, Bao X,
Wang X, Zhang D (2020) Src inhibition attenuates
neuroinflammation and protects dopaminergic neurons in
Parkinson’s disease models. Front Neurosci 14: 45.
https://doi.org/10.3389/ fnins.2020.00045

YaoY, Zhao], Li C, Chen Y, Zhang T, Dong X, Gao W, Shang Y (2025)
Ginkgo biloba extract safety: Insights from a real-world
pharmacovigilance study of FDA adverse event reporting
system (FAERS) events. ] Ethnopharmacol 337(Pt 3): 119010.
https:/ /doi.org/10.1016/.jep.2024.119010

Yao ZJ, Dong J, Che Y], Zhu MF, Wen M, Wang NN, Wang S, Lu AP,
Cao DS (2016) TargetNet: A web service for predicting potential
drug-target interaction profiling via multi-target SAR models.

Mechanism of Plantago major for Alzheimer’s disease

Yiannopoulou KG, Anastasiou Al, Zachariou V, Pelidou SH (2019)
Reasons for failed trials of disease-modifying treatments for
Alzheimer disease and their contribution in recent research.
Biomedicines 7(4): 97.
https:/ /doi.org/10.3390/biomedicines7040097

YouP, FuS,YuK, XiaY, WuH, Yang Y, Ma C, Liu D, Chen X, Wang
J, Ye X, Liu Y (2018) Scutellarin suppresses neuroinflammation
via the inhibition of the AKT/NF-«B and p38/JNK pathway in
LPS-induced BV-2 microglial cells. Naunyn Schmiedebergs
Arch Pharmacol 391(7): 743-751.
https:/ /doi.org/10.1007 /s00210-018-1503-7

Zafar S, Khan K, Hafeez A, Irfan M, Armaghan M, Rahman AU,
Giirer ES, Sharifi-Rad J, Butnariu M, Bagiu IC, Bagiu RV (2022)
Ursolic acid: a natural modulator of signaling networks in
different  cancers. Cancer Cell Int 22(1):  399.
https:/ /doi.org/10.1186/s12935-022-02804-7

Zeng YQ, Cui YB, Gu JH, Liang C, Zhou XF (2018) Scutellarin
mitigates AP-induced neurotoxicity and improves behavior
impairments in AD mice. Molecules 23(4): 869.
https:/ /doi.org/10.3390 / molecules23040869

Zhang ], Zhang Y, Wang ], Xia Y, Zhang ], Chen L (2024) Recent
advances in Alzheimer’s disease: mechanisms, clinical trials

and new drug development strategies. Signal Transduct Target
Ther 9(1): 211. https://doi.org/10.1038/s41392-024-01911-3

Zotova E, Nicoll JA, Kalaria R, Holmes C, Boche D (2010)
Inflammation in Alzheimer’s disease: Relevance to
pathogenesis and therapy. Alzheimers Res Ther 2(1): 1.

J  Comput Aided Mol Des 3005):  413-424. §
https:// doi.org/10.1007/510822-016-9915-2 https://doi.org/10.1186/alzrt24
AUTHOR CONTRIBUTION:
Contribution Hertiani T Khafi M Ikawati Z Ujiantari NSO Marzuki A

Concepts or ideas

Design

Definition of intellectual content
Literature search

Experimental studies

Data acquisition

Data analysis

Statistical analysis

Manuscript preparation
Manuscript editing

Manuscript review

X

Citation Format: Hertiani T, Khafi M, kawati Z, Ujiantari NSO, Marzuki A (2025) Mechanistic insights into Plantago major L. for Alzheimer’s disease
treatment: Untargeted metabolomic-network pharmacology and molecular docking approach. J Pharm Pharmacogn Res 14(2): 2410.

https://doi.org/10.56499/jppres_14.2.2410

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the
publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed

by the publisher.

Open Access: This article is distributed under the terms of the Creative Commons Attribution 4.0 International License (http://creativecommons.org/ licenses/by/4.0/), which permits use, duplication,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license and

indicate if changes were made.

https://jppres.com

J Pharm Pharmacogn Res (2026) 14(2): 19



https://jppres.com/
https://doi.org/10.1016/j.intimp.2023.111312
https://doi.org/10.4155/bio.11.155
https://doi.org/10.3390/antiox13121530
https://doi.org/10.1038/aps.2011.11
https://doi.org/10.3389/fnins.2020.00045
https://doi.org/10.1016/j.jep.2024.119010
https://doi.org/10.1007/s10822-016-9915-2
https://doi.org/10.3390/biomedicines7040097
https://doi.org/10.1007/s00210-018-1503-7
https://doi.org/10.1186/s12935-022-02804-7
https://doi.org/10.3390/molecules23040869
https://doi.org/10.1038/s41392-024-01911-3
https://doi.org/10.1186/alzrt24
https://doi.org/10.56499/jppres_14.2.2410

Hertiani et al.

Supplementary data

Mechanism of Plantago major for Alzheimer’s disease

Supplementary Data 1. Total ion chromatograms of the untargeted metabolomic study.
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Supplementary Data 2. Raw data of UPLC-HRMS analysis provided by BRIN, Indonesia.

https://data.brin.go.id/privateurl.xhtml?token=ca783d48-5397-4c32-bbbe-2ff65297cbb5

Supplementary Data 3. Venn diagram of disease targets from three independent databases.
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Supplementary Data 4. Excel file containing ADMET profiling, KEGG enrichment analysis, and UniProt ID mapping.

https://docs.google.com/spreadsheets/d/15eNaEfILILxIYIngl aTIj4RBTPGysHLV/edit?usp=sharingandouid=110627999812463258
956andrtpof=trueandsd=true

Supplementary Data 5. Cytoscape file of network pharmacology and PPl analysis.

https://drive.google.com/drive/folders/13mNcIBWWOQcyslL 1100ggBdzFlibVC-f0?usp=sharing
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