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tools for the characterization of
bioactive metabolites derived from different parts
of Ochrosia elliptica Labill. for the management of
Alzheimer's disease†

Mohamed A. Salem,‡a Essam Abdel-Sattar, *b Asmaa A. Mandour*c and Riham A. El-
Shiekh b

Currently, natural products are one of themost valuable resources for discovering novel chemical medicinal

entities. A total of 41 compounds were tentatively identified from the stems, barks, roots, and fruits of

Ochrosia elliptica Labill. using UPLC-MS/MS analysis. The binding affinities of these biomarkers for the

active sites of acetyl- and butyryl-cholinesterase enzymes were further validated using molecular

docking studies, which showed good results with (–)C-Docker interaction energy ranges of 30.17–86.73

and 26.81–72.42 (kcal mol−1), respectively. The most active predicted compound was a quercetin

derivative [quercetin-3-O-rhamnosyl-(1-3)-rhamnosyl-(1-6)-hexoside, E = −86.73, −72.42 kcal mol−1],

which was subjected to dynamic simulation studies against the two enzymes to investigate the stability

of the docked conformation. Root-mean-square fluctuations (RMSFs) showed values of 0.25–4.0 and

0.50–4.75 compared to free-state protein RMSF values of 0.25–4.5 and 0.5–7.5, revealing stable

fluctuations over time after docking of this compound to AChE and BChE active pockets, respectively. AI

in pharmacology can significantly improve patient outcomes and advance healthcare. Ligand binding or

catalytic sites for AzrBmH21, AzrBmH22/3, and AzrBmH24/5 were predicted using a machine learning

algorithm based on the Prank Web and DeepSite chemoinformatics tools. These findings will establish

a scientific foundation for further investigations into the Ochrosia genus, particularly in relation to

Alzheimer's disease.
1 Introduction

Alzheimer's disease (AD) is a neurological condition that
impairs judgement, thinking, orientation, and cognitive
functions.1–4 One in every 85 people worldwide is predicted to
have AD by 2050 owing to the disease's increasing prevalence in
the elderly population.5,6 The disease's pathogenic features
include the absence of the essential neurotransmitter acetyl-
choline (ACh), the build-up of amyloid plaques (Ab), the
formation of neurobrillary tangles (NFTs), and nerve damage
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due to oxidative stress.7 Research is now focused on the devel-
opment of cholinesterase inhibitors that can reinstate ACh
activity, antioxidants, anti-amyloid, and anti-inammatory
medications.8–10

Regretfully, the FDA has only approved few medications,
including galantamine, donepezil, and rivastigmine for the
treatment of AD. These medications work by raising the brain's
ACh levels. However, these medications exhibit a poor efficacy
rate and serious adverse effects, including hepatotoxicity.11,12

According to published research, there are about 189 medica-
tions that are licensed for use in clinical settings that are
derived from plant sources,12–15 reducing the risk of certain
chronic illnesses such as neurodegenerative conditions, espe-
cially AD.16

The genus Ochrosia (Apocynaceae) has approximately 39
species of trees that grow naturally in tropical or subtropical
Malaysia and west of the Pacic Islands.17,18 Phytochemical
investigations on plants in this genus resulted in the identi-
cation of distinct skeletal types of indole alkaloids with anti-
cancer properties, which piqued the interest of
pharmacologists.19 O. elliptica Labill. is primarily recognized for
the ellipticine series of indole alkaloids, as well as lignans,
RSC Adv., 2025, 15, 10671–10690 | 10671
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coumarins, and phenolic acids.19–22 Previously studied biolog-
ical activities were primarily involved in the cytotoxic attributes
of ellipticine. Ellipticine and its derivatives largely impede cell
cycle progression and trigger apoptotic pathways in various
cancer cell types.23

The integration of machine learning (ML) into natural
product research is revolutionizing drug discovery by address-
ing traditional challenges and unlocking new opportunities.24,25

The increasing trend of using ML in natural product research
and drug discovery is reshaping the pharmaceutical landscape.
ML algorithms can analyze large datasets swily, identify
promising compounds, predict drug–target interactions, and
optimize drug development processes. This integration is
making drug discovery more efficient, accurate, and cost-
effective, ultimately accelerating the development of new and
innovative treatments. It is an exciting advancement that holds
great potential for the future of medicine and healthcare.

Metabolomics is a valuable method for thoroughly analyzing
and comparing metabolites in biological systems.26 Metab-
olomics has proven to be a useful method, especially for plants,
where thousands of undiscovered metabolites occur in
substantial variety and numbers.27 The untargeted approach
helps researchers better understand the complexity of these
mixtures by offering an objective technique for comparing
metabolite proles between groups.28 It may also aid in
understanding which metabolites are most important for
specic pharmacological activities.29 Previous metabolomic
techniques, particularly liquid chromatography-tandem mass
spectroscopy (LC-MS/MS)-based metabolomics, focused on
specic groups of substances such as alkaloids from the Apoc-
ynaceae family.30–32

Molecular docking and molecular dynamics simulation can
improve our understanding of protein–ligand interactions.
Furthermore, it has proven to be quite precise in screening
bioactive components against a wide range of targets. It saves
scientists' time, effort, and budget during the lengthy drug
discovery process.33,34 Docking, in particular, can be utilized to
anticipate new therapeutic drugs capable of treating a variety of
chronic diseases.35,36 AI-based prediction models are being
developed to address these challenges, and they may play a role
in future screening, diagnosis, treatment selection, and salvage
therapy decisions.37

The cholinesterases, which include acetylcholinesterase
(AChE, EC 3.1.1.7) and butyrylcholinesterase (BChE, EC 3.1.1.8),
are a family of esterases that catalyze the hydrolysis of cholin-
ergic neurotransmitters into choline and their corresponding
acids, resulting in the resumption of the activated cholinergic
neuron to its state of rest.38 AChE is considered a high-
performance cholinesterase with highly specic catalytic
activity towards ACh (80%), whereas BChE, a replacement for
AChE, is a non-selective cholinesterase that can breakdown
both ACh and butyrylcholine.39 Previous research has shown
that ACh depletion can produce a variety of neurological
abnormalities in the brain's cortical cholinergic locations in AD
patients. Several pharmacotherapeutics acting as acetylcholin-
esterase inhibitors (AChEIs) have been found to increase the
10672 | RSC Adv., 2025, 15, 10671–10690
concentration of Ach, and hence, contribute to the relief of the
symptoms of AD.40

As a part of our ongoing research into phytochemically and
biologically interesting medicinal plants,41–45 this study aimed
to use a metabolite proling strategy for understanding the
chemical proles of the stems, barks, roots, and fruits of O.
elliptica Labill., correlating them with their anti-cholinesterase
activities (AChE and BChE inhibitory activities) for the rst
time. Our study will be the rst metabolite proling record of O.
elliptica Labill. identifying all metabolites in a single run.
Furthermore, molecular docking simulations were utilized to
investigate the potential binding mechanisms and intermolec-
ular interactions of the discovered compounds with AChE and
BChE active sites. These ndings may be the rst to show that
this genus and its identied metabolites have multi-targeted
potential against AD.

2 Material and methods
2.1. Plant materials

The stems, barks, roots, and fruits of Ochrosia elliptica Labill.
were collected in December 2022 from the Experimental Station
of the Faculty of Pharmacy, Cairo University, Giza, Egypt. The
plant was authenticated by Mrs Therese Labib, Consultant of
Plant Taxonomy at the Ministry of Agriculture and the Former
Director of El-Orman Botanical Garden. A voucher with spec-
imen no. (28.12.2012) was deposited at the herbarium of the
Pharmacognosy Department, Faculty of Pharmacy, Cairo
University.

2.2. Preparation of the samples

The air-dried samples (200 g) were extracted separately with
70% ethanol (3× 350 mL) till exhaustion. Solvents were
removed using a rotary evaporator at 60 °C to obtain the
extracts, aer that 10 mg from each extract was moved to an LC
vial, dissolved in 1.5 mL methanol, and kept at −20 °C till
further LC-MS analysis. For each sample, three replicates were
extracted in parallel under the same conditions. To conduct
biological analysis, 5 mg of dried methanolic extracts were
dissolved in methanol.

2.3. Chemicals

Tris–HCl buffer, dithio-bis-(2-nitrobenzoic acid) (DTNB),
butyrylthiocholine iodide, acetylthiocholine, acetylcholines-
terase (AChE) from electric eel, and butyrylcholinesterase
(BChE) from horse serum were supplied by Sigma Chemical Co.
(St. Louis, MO, USA).

2.4. UPLC-MS/MS chemical proling and metabolite
annotations

Aliquots of the samples (1 mg of the methanol extract) were
resuspended in 1 mL of LC-grade 50% methanol in water,
samples were quickly vortexed, sonicated for 3 min and nally
centrifuged at 14 000 rpm for 5 min adopting the conditions
mentioned previously.46 The metabolites resulting from the
tested extracts were separated using an RP High Strength Silica
© 2025 The Author(s). Published by the Royal Society of Chemistry
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(HSS) T3 C18 column (100 mm × 2.1 mm containing 1.8 mm
diameter particles) in a Waters UPLC system (Acquity, Waters
Corporation, USA), with an injection volume of 3 mL and a ow
rate of 0.3 mL min−1. The chromatographic conditions are as
follows: mobile phase A (water containing 0.1% formic acid)
and mobile phase B (acetonitrile containing 0.1% formic acid).
The separation gradient is as follows: 0–1 min at 1% mobile
phase B; 1–11 minmobile phase B was increased linearly from 1
to 40%; 11–13 min, mobile phase B was increased linearly from
40 to 70%; 13–15 min, mobile phase B was increased linearly
from 70 to 99%; 15–16 min, mobile phase B was maintained at
99%; 16.0–17.0 min, mobile phase B was linearly decreased
from 99 to 1%; 17.0–20.0 min, mobile phase B was kept at 1%.
The column temperature was 40 °C. Mass spectra were attained
using a high-resolution Orbitrap mass analyzer (Q Exactive
system, Thermo Fisher Scientic, Waltham, MA, USA). Data
acquisition was completed in data-independent acquisition
(DIA), which was obtained in the positive mode, with the
scanning range from 100 to 1500 m/z. The ion spray voltage and
positive ion voltage were both 3500 V, the negative ion voltage
was 3000 V, ion source was Heated Electrospray Ionization
(HESI), the sheath gas pressure was 40 psi, the auxiliary heating
gas pressure was 15 psi, and the ion source heating temperature
was 300 °C. The Thermo X-calibur soware (Thermo Scientic,
Germany) was used for instrument control, data acquisition and
quality checking of the MS/MS data. The raw les were subse-
quently brought into MSDial for subsequent processing.47
2.5. Cholinesterase inhibitory activities determination

The cholinesterase inhibition assays were performed by the
Ellman colorimetric method with slight modications.4,48 In
a total volume of 170 mL of Tris–HCl buffer (0.1 M, pH 8), 20 mL
of various extracts in methanol with different concentrations,
and 20 mL of enzyme solution containing 1 U mL−1 were incu-
bated for 10 min at room temperature. Aer adding 20 mL of
substrate solution and 40 mL of DTNB, the mixture was incu-
bated at room temperature for 15 minutes. The absorbance of
the combination was measured at 410 nm using a plate reader
(Techan, USA). Donepezil was employed as a positive control.
The percentage inhibition of enzyme activity was calculated by
comparing with the negative control

Inhibtion% ¼
�
A0 � A1

A0

�
� 100

where A0 is the absorbance of the negative control (enzyme
without samples) and A1 is the absorbance of the enzyme with
the tested samples. Assays were carried out in triplicate. To
calculate the IC50 values, each sample was assayed at 5
concentrations (200, 100, 50, 10, and 5 mg mL−1). The IC50

values were obtained from the dose–effect curves by linear
regression.
2.6. Molecular modeling

2.6.1. Protein and ligand preparation. The two crystal
structures of human acetylcholinesterase, AChE (in complex
with donepezil ligand) (PDB ID: 7E3H)49 and human
© 2025 The Author(s). Published by the Royal Society of Chemistry
butyrylcholinesterase, BChE (in complex with N-((1-(2,3-dihy-
dro-1H-inden-2-yl)piperidin-3-yl)methyl)-N-(2-methoxyethyl)-2-
naphthamide ligand) (PDB ID: 4TPK)50 were successfully
downloaded from the Protein Data Bank (https://www.rcsb.org/
).51,52

Further, the 2D chemical structures of forty-one compounds
were rst sketched using ChemBioDraw Ultra 14.00 (Cambridge
So Corp., Cambridge, MA) and then converted into three-
dimensional (3D) structures using Discovery Studio (DS 4.0
Biovia Discovery Studio 2016 64-bit Client). Simulation for the
ligands was carried out by applying CHARMm Forceeld with
partial charge MMFF94 for ligand preparation.

2.6.2. Ligand binding site prediction. Two machine
learning algorithms were adopted to predict the ligand binding
sites on the two protein targets of interest, namely AChE (PDB
ID: 7E3H) and BChE (PDB ID: 4TPK). The 3D structures of the
two potential targets were analyzed using PrankWeb and
DeepSite web servers in order to identify the available pockets
for small molecule binding, based on the sequence information
of the protein 3D structure.53 Visual analysis was also applied to
investigate the most reliable binding pocket through the iden-
tication of the essential amino acids within each pocket
compared to the pocket score and probability score results,
putting into consideration the number of amino acids in each
pocket. This was achieved via uploading the 3D structure of
each of the two targets using their PDB ID to both PrankWeb
and DeepSite web servers for analysis.54

To reconrm the previously predicted catalytic amino acids
of the active pockets of the two mentioned proteins, CAVER
Web 1.0 tools (https://loschmidt.chemi.muni.cz/caverweb/) was
employed for quantum tunneling that played an important role
in ligands' dimension determination to investigate the tting
level of the ligand and predict its biological effect.54

2.6.3. Molecular docking study. A molecular docking
procedure was applied using the Discovery Studio 4.0 Soware.
All molecular simulations were conducted adopting the C-
Docker protocol on the forty-one tested compounds. The two
targets studied were subjected to clean protein to complete the
missing residues. Moreover, hydrogen atom addition was per-
formed. Water molecules and all unnecessary radicals were
successfully removed. All simulations were applied using
CHARMm Force Field and partial charge MMFF94.55 The two
enzymes were prepared and minimized, then active sites were
identied through selecting the downloaded ligands named
donepezil and N-((1-(2,3-dihydro-1H-inden-2-yl)piperidin-3-yl)
methyl)-N-(2-methoxyethyl)-2-naphthamide for the two targets:
AChE and BChE, respectively. Downloaded ligands were
removed from each target prior to their re-docking together with
the new compounds aer preparation. The selection of the best
pose out of the 10 poses for each docked compound was based
on the visual inspection of the ranked conformations (accord-
ing to their C-Docker interaction energy in kcal mol−1, where
lower energy values indicated more stable stronger interac-
tions). Data analysis was presented as 2D diagrams of the key
molecular interactions necessary for ligand-protein binding,
which helped to predict the essential pharmacophoric features
of ligands incorporated in hydrogen bonds and hydrophobic
RSC Adv., 2025, 15, 10671–10690 | 10673
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interactions with the essential amino acid residues at the
binding pockets of both targets visualized using the Discovery
Studio 4.0 and PyMol soware.55,56

2.6.4. Standard dynamic simulations. Dynamic simulation
studies were performed using the Discovery Studio 4.0 soware
against the two downloaded targets: AChE (PDB ID: 7E3H) and
BChE (PDB ID: 4TPK). Studies were carried out on the docked
forms of enzymes and compared to their free protein state.
Standard dynamic cascades was applied keeping the rst
minimization algorithm adjusted to the steepest descent
enabling 2000 maximum steps and Root Mean Square (RMS)
gradient 1.0. The second minimization algorithm was set to
a conjugate gradient with 2000 maximum steps and the RMS
gradient equals 0.1. The heating phase was of a simulation time
of 4 Ps keeping a 2 Ps interval. The initial temperature of 50 and
a target temperature of 300 with a maximum velocity of 2000
were adjusted. The equilibration phase of simulation time of 20
Ps and interval of 2 Ps was performed keeping a target
temperature of 300 with a maximum velocity of 1000. For the
implicit solvent model with the Leapfrog Verlet dynamics inte-
grator protocol, generalized born with simple switching was
adjusted.57,58 The other details are shown in Fig. S1–S5.†

3 Results and discussion
3.1. UPLC-MS/MS chemical proling and metabolite
annotations

The LC-ESI-MS/MS approach is presented for proling phyto-
compounds in the tested plant extracts. Furthermore, the
fragmentation patterns found in the mass spectrum helped the
annotation of these molecules. Compounds were identied by
comparing their retention times and distinctive MS spectrum
data to those from the reference literature. The combination of
UHPLC's superior chromatographic resolution and separation
capabilities with HR-MS allows for structural annotations based
on accurate mass measurement in both MS and MS–MS inves-
tigations. These approaches provide a substantial advantage for
screening target chemicals from complicated matrices. O.
elliptica contains a high concentration of alkaloids.18 Alkaloid-
bearing plants were detected in positive ion mode, with 39
chemicals found in various organs. In addition, two quercetin
derivatives were identied, bringing the total number of 41
compounds detected in positive ionization mode (see Table 1,
Fig. 1, and S6†). Representative compounds with fragmentation
patterns are illustrated in the respective paragraphs.

Compounds 1, 4, 23, and 26 are types of indole alkaloids
identied as yohimbine and its derivatives. The MS spectra of
yohimbine showed a protonated ion at m/z 355.2018 [M + H]+

and MS/MS showed ions atm/z 117, 144, 162, 180, 194, 212, and
224, and the most abundant ion was found at m/z 144 and ions
at m/z 214 and m/z 224 are the other ions showed up with
considerable abundance. Ring cleavage at C-2,3 and C-4,5
resulted in the formation of indole derivative with m/z 144
[C10H10N

+] andm/z 212 [C11H18NO3
+]. Similarly, ring cleavage at

C-2,3 and C-5,6 resulted in the formation of m/z 224
[C12H18NO3

+]. These three peaks are characteristic peaks for
identifying the similar yohimbine type of compound like 10-
10674 | RSC Adv., 2025, 15, 10671–10690
methoxyyohimbine (1), which showed peaks at m/z 384 (M+),
383 (M-l), 369 (M-15), 355, 354, 353, 324, 214, 201, 200, 199, 192
(M++), 186, 174, 173, and 153.5. The peaks at m/z 214, 200, 199,
and 186 are the typical yohimbine peaks moved to a value 30
mass units higher because of the presence of the aromatic
methoxyl group. 18-Hydroxyepialloyohmbine (4) and O-acety-
lyohimbine (23) are identied in the same pattern.

Compounds 2 and 11: ajmaline and norajmaline are other
types of indole alkaloids, showing protonated ions at m/z
327.2065, and 313.1907 [M + H]+, respectively, and ions at m/z
131, 144, 158, 182, 194, 210, 220, and 239. N-Methyl indole
derivative (m/z 158) is formed by ring cleavage at C-2,3 and C-
4,5, and further loss of methyl group from nitrogen atom
yields the base peak at m/z 144 [C10H10N

+]. The loss of C8H7NO
from protonated ions givesm/z 194 [C12H20NO

+] and cleavage at
C-2,3 and C-4,5 from m/z 194 yields m/z 108 [C7H10N

+].
Compound 5: 10,11-dimethoxyajmalicinine showed proton-

ated ions atm/z 431.2178 and ions atm/z 117, 144, 178, 212, 222,
and 252. The fragmentation behavior of ajmalicine is similar to
that of yohimbine, except the presence of double bond (C-16,
17), oxygen atom in ring D, and methyl group at C-19 position.

Compounds 32, 33, 35, 36, and 38 are types of indole alka-
loids identied as ellipticine and its derivatives showed
molecular ion peaks at m/z 281.16507, 251.1545, 247.1229,
277.1334, 409.17593, and 279.1857, respectively, and charac-
teristic fragment ions at 246 and 247.

Compounds 40 and 41: reserpine and dehydro-reserpine are
trimethoxybenzoic acid-substituted alkaloids, with protonated
ions [M + H]+ at m/z 609.2818 and 607.2658, respectively, with
fragment ions at m/z 174, 195, 236, 365, 397, 448, and 577.
Neutral loss trimethoxybenzoic acid of [M + H]+ resulted in the
formation of m/z 397 [C23H29N2O4

+]. The loss of a hydroxyl
group from trimethoxybenzoic acid resulted in the generation
of the most abundant peak at m/z 195 [C10H11O4

+]. The loss of
CH3OH from m/z 397 yields an ion at m/z 365 [C22H25N2O3

+].
Ring cleaving at C-2, 3, C-4, 5, and C-5, 6 resulted in the
formation of m/z 174 [C11H12NO

+] and m/z 448 [C23H29NO8
+].

Neutral loss of trimethoxybenzoic acid from m/z 448 generates
m/z 236 [C13H18NO3

+].
Compounds 12 and 13: quercetin-3-O-rhamnosyl-(1-3)-

rhamnosyl-(1-6)-hexoside and rutin were identied in fruits
only with molecular ion peaks at m/z 757.2184, and 611.16162,
respectively. The compounds showed characteristic fragment
ions at m/z 465, and 303 due to loss of sugar moieties.69,70
3.2. Biological activities of different parts of O. elliptica
Labill.

The activity of different samples against Alzheimer activity is
summarized in Table 2. Acetyl- and butyrylcholinesterase
revealed that the samples investigated had more selectivity
index to AChE than BChE. Carbazole alkaloids possess the
acetylcholinesterase inhibitory potential by the most widely
used method, i.e. Ellman's method and also are efficient
inhibitors of beta amyloid bril formation.71 From the results, it
can be concluded that the hydroalcoholic extract of O. elliptica
fruits exhibited the highest biological activity among the
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Structures of the tentatively identified compounds from
different organs of O. elliptica Labill. using UPLC-MS/MS.

Table 2 In vitro anti-Alzheimer activities of the hydroalcoholic
extracts prepared from the different organs ofOchrosia elliptica Labill.

Hydroalcoholic extract
of Ochrosia elliptica Labill.

IC50 (mg mL−1)

AChE BChE

Stems 25.37 � 0.69 48.01 � 0.12
Barks 18.24 � 1.66 35.77 � 1.34
Roots 16.11 � 0.79 35.39 � 0.52
Fruits 12.77 � 0.24 29.98 � 0.51
Donepezil 0.23 � 0.03 0.31 � 0.0033
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samples studied. This enhanced activity is likely attributed to its
rich avonoid content, as indicated by the UPLC/MS proling
conducted during the research. Phenolics, i.e., avonoids, are
known for their signicant therapeutic potential, particularly in
© 2025 The Author(s). Published by the Royal Society of Chemistry
nutraceutical applications for AD patients.72,73 These
compounds can be integrated into daily diets to help increase
acetylcholine levels and mitigate brain inammation.74,75

Incorporating a diet rich in antioxidant and anti-inammatory
avonoids has been shown to interact benecially with tau
receptors, which may lead to a reduction in gliosis and
a decrease in neuroinammatory markers, as observed in
various animal model studies. Such dietary strategies could
represent a promising avenue for supporting cognitive health
and managing symptoms associated with neurodegenerative
conditions.76 The fruit extract is predominantly characterized by
the presence of quercetin derivatives. This specic prole may
play a crucial role in the extract's activity as inhibitors of
acetylcholinesterase and butyrylcholinesterase. The strong
effects of quercetin derivatives suggest that they may be valu-
able components in developing nutraceuticals due to their
antioxidant properties, antibacterial activity, and anti-
proliferative effects.69,70,77 These benets are particularly rele-
vant for promoting cognitive health and enhancing cholinergic
function.78
3.3. Molecular modeling studies

3.3.1. Ligand binding site prediction. The two protein
targets AChE (PDB ID: 7E3H) and BChE (PDB ID: 4TPK) were
subjected to machine learning algorithm based on deep con-
volutional neural networks: Prank Web and DeepSite chemo-
informatics tools, for the prediction of ligand binding sites on
the protein structure.53 Prank Web results are presented as the
number of pockets ranked according to the score and proba-
bility; the number of residues with their identity and the
average conservation score are also available for each pocket per
protein. It was observed that the DeepSite web server results
appeared generally to be less detailed. It showed the number of
pockets per each chain individually, with its score, and the
predicted distance to the center of the binding site. Visual
inspection was used to identify the surrounding amino acid
residues per each pocket.

Table 3 presents the Prank Web prediction results for AChE
protein (PDB ID: 7E3H) showing 13 binding pockets; only
pockets ranked 1 and 2 showed the highest results regarding
score (30.22, 28.81), probability (0.918, 0.910), residue number
(27, 28) and conservation (0.743, 0.717) for pockets 1 and 2,
respectively. Visualization showed the high-condent regions of
the structure (score >0.070) colored as per pocket ranking.
RSC Adv., 2025, 15, 10671–10690 | 10677
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Fig. 2 PrankWeb predictions of small-molecule binding pockets of (A) AChE (PDB ID: 7E3H) (pockets 1–13) and (B) BChE (PDB ID: 4TPK) (pockets
1–6) with the ranking color code highlighting mainly pockets 1 (red) and 2 (yellow).

Table 3 Prediction results by PrankWeb on the binding pockets of AChE (PDB ID: 7E3H)
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Pocket 1 was suspected to be the most predictable binding
pocket for small molecules binding via interaction with the
identied amino acid residues (Fig. 2).

Furthermore, Prank Web prediction results for BChE (PDB
ID: 4TPK) showed 6 binding pockets, from which pockets that
ranked 1 and 2 were the best based on score results (29.97,
Table 4 Prediction results by PrankWeb on binding pockets of BChE (P

10678 | RSC Adv., 2025, 15, 10671–10690
27.62), probability (0.916, 0.903), residue number (25, 26) and
conservation average (0.869, 0.813), respectively (Table 4).
Visualization results suggested pocket 1 to be the most
predictable ligand binding pocket based on the essential amino
acid residues' interactions (Fig. 2).
DB ID: 4TPK)

© 2025 The Author(s). Published by the Royal Society of Chemistry
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The DeepSite Web server prediction results revealed only
four predicted pockets for AChE protein (PDB ID: 7E3H) for
either chain A or B. However, the prediction results of BChE
(PDB ID: 4TPK) showed 3 binding pockets when testing chain A
and 4 binding pockets for chain B prediction. The visualization
of the results showed that pocket 1 in either 7E3H or 4TPK
proteins conrmed the best results, and although chain A
conrmed some binding interactions with the key amino acid
residues, the number of binding interactions with most of the
essential amino acid residues for chain B exceeded that of chain
A in both targets. In AChE pocket 1, interactions with TYR 72
and PHE 338 were observed during chain A prediction, and
interactions with Phe295, Phe297, Trp86, Ser293, Ser125 and
Tyr72 were observed aer testing chain B (Fig. 3).

Moreover, the visualization of 4TPK chain A DeepSite Web
server prediction showed that pocket 1 conrmed binding
interactions with Trp82, Phe329, His438, and Ser287, and chain
B showed Trp82, Asp70, Ser72, Tyr332, Phe329, and Ser287
interactions (Fig. 3).

Findings revealed that PrankWeb predictions showed more
possible regions in both tested targets compared to DeepSite,
where 7E3H showed 13 predicted binding pockets by PrankWeb
compared to only 4 by DeepSite and 4TPK showed 6 by
Fig. 3 DeepSite predictions showing binding pocket 1 (sited as red sph
7E3H) chain B prediction and (C) BChE (PDB ID: 4TPK) chain A predictio

© 2025 The Author(s). Published by the Royal Society of Chemistry
PrankWeb compared to only 3 predicted binding regions by
DeepSite, with common predicted amino acid residues by both
servers. These analyses conrmed that the PrankWeb results
are more likely to be more valid giving more accurately identi-
ed predictions, as reported previously54 (Fig. 4, Tables 3 and 4).

CAVER Web 1.0 tool (https://loschmidt.chemi.muni.cz/
caverweb/) was used for further conrmation of the binding
sites of the two mentioned targeted proteins. The CAVER Web
tool was used for quantum tunneling of the best pose of each
of the two active binding sites; from the 32 and 14 pockets
predicted by CAVER for AChE (7E3H) and BChE (4TPK),
respectively, the best six score ranked pockets are illustrated
in Fig. 4. For quantum tunneling of the best pose, the results
were measured and ranked according to the investigated
priority scores for the four tunnels of AChE: (0.0920–0.900),
with radius and length dimensions of the best tunnel priority,
tunnel 1 of 2.249 Å and 3.896 6 Å, respectively. Furthermore,
the results of BChE showed 11 tunnels (0.138–0.930) and
tunnel 1 showing the best score revealed a radius and length
of 3.646 Å and 8.733 Å, respectively (Fig. 5 and 6). The results
showed that tunnel 1 was of the highest radius during the
investigation of both enzymes. This plays an important role in
ere) of (A) AChE (PDB ID: 7E3H) chain A prediction, (B) AChE (PDB ID:
n and (D) BChE (PDB ID: 4TPK) chain B prediction.

RSC Adv., 2025, 15, 10671–10690 | 10679
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Fig. 4 Best score predicted protein pockets for (A) AChE (PDB ID: 7E3H) (pockets 1–6 out of 32 pockets: magenta, blue, red, yellow, orange, and
cyan) and (B) BChE (PDB ID: 4TPK) (pockets 1–6 out of 14 pockets: red, magenta, yellow, blue, orange, and cyan) using CAVER Web 1.0 tools,
viewed using PyMol.

Fig. 5 Four predicted protein tunnels for 7E3H using CAVER Web 1.0 tools: (A) tunnel 1 (priority: 0.90), (B) tunnel 2 (priority: 0.50), (C) tunnel 3
(priority: 0.27) and (D) tunnel 4 (priority: 0.09).

RSC Advances Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

7 
A

pr
il 

20
25

. D
ow

nl
oa

de
d 

on
 1

/2
4/

20
26

 3
:4

1:
37

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
predicting the ligand dimensions such as width, height or
length as tting requirements within the binding pocket.54
3.4. Molecular docking study

All the compounds were docked into the two target proteins
AChE (PDB ID: 7E3H) and BChE (PDB ID: 4TPK) using C-
Docker protocol. Fig. 7 shows the 2D-diagram of the docking
10680 | RSC Adv., 2025, 15, 10671–10690
results of the two ligands, with a (–)C-Docker interaction
energy of donepezil of 57.72 (kcal mol−1), and of N-((1-(2,3-
dihydro-1H-inden-2-yl)piperidin-3-yl)methyl)-N-(2-methoxyethyl)-
2-naphthamide as 47.71 (kcal mol−1) on AChE and BChE,
respectively, while (–)C-Docker interaction of the tested
compounds lied within the range of 30.17–86.73 (kcal mol−1) for
AChE and 26.81–72.42 (kcal mol−1) for BChE.
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 The best 2 predicted protein tunnels (2 out of 11) for 4TPK using CAVERWeb 1.0 tools: (A) tunnel 1 (priority: 0.93) and (B) tunnel 2 (priority:
0.83).
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All the docked compounds (41 compounds) showed good
interaction results with AChE (PDB ID: 7E3H), where most of
the compounds showed comparable binding interactions at the
active pocket to that of donepezil with stable (–)C-Docker
interaction energy values, where 17 tested compounds
revealed (–)C-Docker interaction energy values exceeding
50 kcal mol−1 compared to donepezil (E = −57.72 kcal mol−1).
Upon further ltration, it was observed that ve compounds
showed better interaction energy than that of the ligand as
Fig. 7 2D diagram showing docking interactions of the ligands with the
(PDB ID: 7E3H), (E = −57.72 kcal mol−1): hydrogen bond with Phe295;
Ser293. (B) N-((1-(2,3-Dihydro-1H-inden-2-yl)piperidin-3-yl)methyl)-N
−47.71 kcal mol−1): hydrophobic bonds with Phe329, His438, Trp82, Trp
pink for Pi–alkyl bonds, purple for Pi–Pi bonding, and pale greenish for

© 2025 The Author(s). Published by the Royal Society of Chemistry
follows: compound 12 showed the best binding results (E =

−86.73 kcal mol−1), showing one hydrogen bond (H bond) with
Phe295, Phe338, Gln291, Gly120, Asp74, Thr75, Tyr124, Tyr133,
and Trp86 and two H bonds with Ser293, a hydrophobic bond
with Phe338, Tyr337, Tyr341 and Trp286. Compound 13 (E =

−63.22 kcal mol−1) showed a H bond with Phe338, Asn87,
Tyr341, and His447 and 2H bonds with Glu202. Moreover,
carbon–hydrogen (C–H) interaction with Asp74 and van der
Waals interaction with Ty72. Compound 16 (E =
key amino acid residues at binding pockets: (A) donepezil with AChE
hydrophobic bond with Phe338, Tyr337, Tyr341, Trp86, Trp286 and

-(2-methoxyethyl)-2-naphthamide with BChE (PDB ID: 4TPK), (E =

231, Asn68 and Leu286. Color code of dotted lines: green for H bonds,
van der Waals interactions.

RSC Adv., 2025, 15, 10671–10690 | 10681
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Fig. 8 2D interaction diagram of the best ligands after docking on AChE (PDB ID: 7E3H): (A) compound (12) (E = −86.73 kcal mol−1), (B)
compound (13) (E = −63.22 kcal mol−1), (C) compound (16) (E = −59.64 kcal mol−1), (D) compound (30) (E = −58.31 kcal mol−1), and (E)
compound (40) (E = −67.22 kcal mol−1).
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−59.64 kcal mol−1) showed a H bond with His447, Gly122, and
Val294 and a hydrophobic bond with Phe338, Tyr124, Tyr337,
Tyr341 and Trp86. Compound 30 (E = −58.31 kcal mol−1)
10682 | RSC Adv., 2025, 15, 10671–10690
showed a hydrophobic bond with Phe338, Phe297, Tyr341 and
Trp86 and a C–H bond with Trp86, Ser293, and Ser125. In
addition to Pi carbon interaction with Tyr337, compound 40 (E
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 9 2D interaction diagram of the least stable compound (compound 35) after docking on (A) AChE (PDB ID: 7E3H) (E = −30.17 kcal mol−1)
and (B) BChE (PDB ID: 4TPK) (E = −26.81 kcal mol−1), showing good interactions on both targets.
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=−67.22 kcal mol−1) showed a hydrophobic bond with Phe338,
Tyr124, Tyr337, Tyr331, Tyr34, Trp86 and Trp286 and a C–H
bond with Gly448, Glu202, His447, Ser125, and Tyr337. In
addition, there was a Pi carbon interaction with Tyr337 (Fig. 8).

Furthermore, only six compounds showed (–)C-Docker
interaction energy values less than 40 kcal mol−1. Although
these compounds revealed lower stability interaction energy
values, their visual inspection conrmed good interactions at
the binding site with the essential amino acid residues as
follows: compound 17 (E=−37.93 kcal mol−1), compound 31 (E
= −38.10 kcal mol−1), and compound 34 (E =

−36.69 kcal mol−1) showing a H bond with Phe 338, compound
35 (E = −30.17 kcal mol−1) conrmed a H bond with Phe 295,
compound 36 (E = −32.88 kcal mol−1), compound 37 (E =

−38.67 kcal mol−1) and compound 38 (E = −37.38 kcal mol−1).
Fig. 9 presents compound 35 which showed the least stability
results, yet with comparable binding interactions at the binding
pockets of both AChE (PDB ID: 7E3H) and BChE (PDB ID:
4TPK).

While checking the BChE target (PDB ID: 4TPK) docking
results, it was observed that most of the compounds showed
promising results. Ten compounds out of 41 docked
compounds showed more stable C-Docker interaction energy
than the re-docked ligand (E = −47.71 kcal mol−1), as follows:
compound 10 (E = −53.41 kcal mol−1), compound 12 (E =

−72.42 kcal mol−1), compound 13 (E = −68.66 kcal mol−1),
compound 14 (E = −49.58 kcal mol−1), compound 15 (E = –

59.78 kcal mol−1), compound 16 (E = −50.79 kcal mol−1),
compound 24 (E = −49.01 kcal mol−1), compound 27 (E =

−51.32 kcal mol−1), compound 30 (E = −50.34 kcal mol−1),
compound 40 (E = −69.02 kcal mol−1), and compound 41 (E =

−66.03 kcal mol−1), which were visualized, revealing good
interactions at the binding site. It was observed that the ve best
docked compounds (compounds 12, 13, 16, 30 and 40) against
© 2025 The Author(s). Published by the Royal Society of Chemistry
AChE (PDB ID: 7E3H) were also superior while targeting BChE
(PDB ID: 4TPK), conrming the essential binding interactions
with amino acid residues in the active pockets (Fig. 10).

Based on the docking results, it was observed that compound
12 could be considered as the most promising compound,
conrming the essential binding interactions on the two
studied targets with the best docking interaction energy
compared to all the docked compounds and the ligands. The
overlay visualization of compound 12 with each of the two
ligands in the two active sites of the two studied enzymes
showed good tting with the neighboring amino acid residues,
which suggested promising biological interactions at the
binding sites (Fig. 11). These results encouraged further study
applying dynamic simulation studies to determine the stability
of the two studied enzymes AChE and BChE aer docking.

Moreover, the visualization of the molecular tting of
compound 12 on both enzymes aer using the CAVER Web 1.0
tool showed good tting within the best score-ranked 4 tunnels.
It is worth noting that the tunnel dimensions hinge on variables
either being dependent or independent, and the protein radius
is essential to calculate the needed ligand's tting dimensions
in order to achieve the best biological results (Fig. 12).
3.5. Standard dynamic simulations

Discovery Studio 4.0 was used to investigate the stability of both
proteins: AChE and BChE, and the produced conformations
aer their docking via standard dynamic simulation were
analyzed through trajectory studies. The stability of the most
promising docked compound (12) was compared to the free
states of the two enzymes AChE and BChE. The stability was
determined as the total energy plot against the time and
calculation of root mean square uctuations (RMSFs) against
the produced conformations. The free state of AChE (7E3H) and
RSC Adv., 2025, 15, 10671–10690 | 10683
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Fig. 10 2D interaction diagram of the five most promising ligands after docking on BChE (PDB ID: 4TPK): (A) compound (12) (E =
−72.42 kcal mol−1), (B) compound (13) (E = −68.66 kcal mol−1), (C) compound (16) (E = −50.79 kcal mol−1), (D) compound (30) (E =

−50.34 kcal mol−1), and (E) compound (40) (E = −69.02 kcal mol−1).
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BChE (4TPK) showed a decrease in total energy versus time; it is
obvious that, among the same time frame, the docked enzymes
with compound 12 also showed a total energy decrease (Fig. 13),
which could be explained as similar behaviors conducted aer
docking by compound 12 being of high stability compared to
the two enzymes in their free states.
10684 | RSC Adv., 2025, 15, 10671–10690
The values of RMSFs of AChE (7E3H) in its free state lied in
the 0.25–4.5 range, while aer being docked with compound 12,
the RMSF values were: 0.25–4.0, revealing stable uctuations
over time. The same for BChE (4TPK): the RMSF values of the
free protein showed a range of 0.5–7.5, and for the docked state
with compound 12, the range was 0.50–4.75, showing high
stability (Fig. 14).
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 11 Overlay of the ligand and compound 12 in the active sites of (A) AChE protein (7E3H) (gray), ligand (red), compound 12 (magenta), Phe295
(blue), Phe338 (green), Trp286 (magenta), His447 (green), tyr341 (yellow). (B) BChE protein (4TPK) (bluish grey), ligand (blue), compound 12
(magenta), Trp82 (yellow), Phe329 (pink), His438 (orange) visualized using Pymol.

Fig. 12 The best 4 predicted protein tunnels with compound 12 (magenta) using CAVER Web 1.0 tools: (A) 7E3H (yellow) and tunnels 1–4 (blue,
green, red and cyan, respectively); (B) 4TPK (orange) and tunnels 1–4 (blue, green, red and yellow, respectively), viewed using PyMol.
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3.6. Biological activity prediction

The predicted biological activity of the most promising
compound (12) targeting different proteins was performed
using PASS Online Way2Drug https://www.way2drug.com/
passtargets/, by uploading the 2D ChemBioDraw chemical
structure of the compound. The results indicated the activity
against muscarinic acetylcholine receptor M1 (ChEMBL id:
CHEMBL216) with 0.2819 condence value, and activity
against acetylcholinesterase (ChEMBL id: CHEMBL220) with
a maximum condence of 0.1483.56 The cellular and
molecular mechanisms of the quercetin and its derivatives
involved in the protection against AD were highly
documented in previous works, which are mainly due to
their anti-inammatory and antioxidant actions.79
© 2025 The Author(s). Published by the Royal Society of Chemistry
Furthermore, quercetin derivatives have relevance to the Alz-
heimer's disease (AD) pathogenesis cascade and demonstrate
the ability to protect neuronal cells from oxidative stress-
induced damage.77,80 In addition, avonoids such as quer-
cetin of 12 and 13 exhibited multiple mechanisms of action
that are involved in the pathogenesis of AD including AChE
inhibition, antioxidant, neuroprotection, and anti-Ab aggre-
gation. In addition, quercitrin exhibited antioxidant and anti-
hyaluronidase properties.81 Consequently, avonoid-rich
nutraceuticals may represent a cost-effective treatment
option for AD, but additional well-designed, randomized, and
placebo-controlled clinical trials are necessary to evaluate
their optimal dosages, effectiveness, and long-term safety in
humans.82
RSC Adv., 2025, 15, 10671–10690 | 10685
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Fig. 13 Dynamic simulation study results represented by the total energy versus time plot in the production step: (A) AChE (PDB ID: 7E3H) in its
free state before docking, (B) AChE after docking with compound 12, (C) BChE (PDB ID: 4TPK) in its free state before docking and (D) BChE after
docking with compound 12.

Fig. 14 Analyzed trajectory study results represented by the RMSF versus residue index plot of: (A) AChE (PDB ID: 7E3H) in its free state before
docking, (B) AChE after docking with compound 12, (C) BChE (PDB ID: 4TPK) in its free state before docking and (D) BChE after docking with
compound 12.
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4 Conclusions

A total of 39 Apocynaceae alkaloids were tentatively identied
based on the UPLC-MS/MS analysis of different parts of O.
elliptica. The major bioactive metabolites were docked against
both AChE and BChE target enzymes and reected a good
potential as anti-Alzheimer therapies with good binding scores
and comparable binding modes at the binding pockets
compared to the downloaded ligands; furthermore, a dynamic
simulation study was conducted on the most predicted active
compound quercetin-3-O-rhamnosyl-(1-3)-rhamnosyl-(1-6)-
hexoside and conrmed good stability results compared to the
free state proteins. Future work could progress towards imple-
menting this strategy to identify novel derivatives isolated from
Ochrosia plants as targets for AD.
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 Alzheimer's disease

Ab
 Amyloid plaques

BChE
 Butyrylcholinesterase

DTNB
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