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Alzheimer's disease (AD) is a progressive neurodegenerative disorder characterized by cognitive decline and

memory loss, with amyloid-beta (Ab) plaques and acetylcholine deficits being central pathological features.

Inhibition of dual targets including acetylcholinesterase (AChE) and beta-site amyloid precursor protein

cleaving enzyme 1 (BACE-1) represents a promising strategy to address cholinergic deficits and amyloid

pathology. In this study, we used computational approaches to evaluate 8000 tripeptides as potential

dual inhibitors of AChE and BACE-1. Machine learning models revealed the four top-lead tripeptides

including WHM, HMW, WMH, and HWM. Molecular docking simulations indicated that WHM possessed

the most favorable interactions through hydrogen bonds, p–p stacking, and salt bridges with key

catalytic residues in both enzymes. Molecular dynamics simulations confirmed the stability of the

protein–ligand complexes, with WHM exhibiting the most consistent conformations and significant

disruption of catalytic residue geometries. Free energy perturbation analysis further supported WHM's

superior stability across both targets. ADMET predictions suggested moderate oral absorption and limited

brain penetration, consistent with the typical behavior of peptide-based compounds. Overall, WHM

demonstrated the strongest potential as a dual inhibitor of AChE and BACE-1, offering a promising lead

for future therapeutic development in AD.
Introduction

Alzheimer's disease (AD) is a debilitating and progressive
neurodegenerative disorder characterized by the deterioration
of cognitive functions, memory impairment, and signicant
behavioral alterations.1–3 The impact of AD extends beyond
individual patients, placing substantial emotional, social, and
economic burdens on families, caregivers, and healthcare
systems internationally. The pathogenesis of AD is multifaceted
and not yet fully elucidated, involving a complex interplay of
genetic, environmental, and lifestyle factors.4 Central to its
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pathology is the accumulation of extracellular amyloid-beta (Ab)
plaques and intracellular neurobrillary tangles composed of
hyperphosphorylated tau protein.5–7 These aggregates disrupt
neuronal communication and synaptic function, leading to
neuronal death and brain atrophy.4 Additionally, processes
such as oxidative stress, mitochondrial dysfunction, metal ion
dysregulation, and chronic neuroinammation contribute to
the progression of neurodegeneration.8 Despite signicant
research efforts, the intricate mechanisms underlying AD
remain a subject of intense investigation, and effective disease-
modifying therapies are still lacking.9–13 Current therapeutic
options for AD are limited and primarily offer symptomatic
relief without altering the disease's progression.13

Recent advancements in immunotherapy targeting Ab
peptides and tau proteins have shown promise but have faced
challenges related to efficacy and safety in clinical trials.14–17 A
critical therapeutic strategy in AD management focuses on
inhibiting key enzymes involved in the disease's pathology,
such as acetylcholinesterase (AChE) and beta-site amyloid
precursor protein cleaving enzyme 1 (BACE-1).18 AChE is
responsible for the hydrolysis of acetylcholine, a neurotrans-
mitter essential for learning and memory processes.19 Inhibi-
tion of AChE leads to increased acetylcholine levels in the
synaptic cle, enhancing cholinergic transmission and poten-
tially improving cognitive function.20–22 BACE-1 is the rate-
© 2025 The Author(s). Published by the Royal Society of Chemistry
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limiting enzyme in the amyloidogenic pathway of amyloid
precursor protein (APP) processing, initiating the production of
neurotoxic Ab peptides by cleaving APP at the b-site.23–25

Inhibiting BACE-1 can reduce Ab production, addressing one of
the central pathological features of AD.24,26,27

Peptides, particularly short-chain peptides like tripeptides,
have attracted attention for their potential as enzyme
inhibitors.28–32 Tripeptides, composed of three amino acid
residues, possess favorable pharmacokinetic properties,
including low molecular weight and the ability to penetrate
biological membranes.33–35 Their structural simplicity allows for
ease of synthesis and modication, enabling the exploration of
structure–activity relationships. Recent studies have high-
lighted the potential of certain tripeptides to inhibit AChE and
BACE-1 activities effectively31,36 For example, tripeptides derived
from natural sources or designed based on active site interac-
tions have demonstrated the ability to bind to these enzymes,
blocking substrate access and catalytic activity.37–39 The mech-
anism of inhibition oen involves interactions with key amino
acid residues within the active sites, such as forming hydrogen
bonds, hydrophobic interactions, and coordination with cata-
lytic residues. These ndings suggest that tripeptides could
serve as dual inhibitors, targeting both cholinergic decits and
amyloid pathology in AD.40,41

Advancements in computational techniques have revolution-
ized the drug discovery process, particularly in the early stages of
lead identication and optimization.42–44 Molecular docking is
a computational method that predicts the preferred orientation of
a ligand when bound to a target protein, allowing for the esti-
mation of binding affinities and the identication of key inter-
acting residues.45,46 This technique helps prioritize compounds
based on their potential efficacy and guides modications to
improve binding.47,48 Molecular dynamics (MD) simulations
extend these insights by modeling the physical movements of
atoms and molecules over time, providing a dynamic view of
protein–ligand interactions under simulated physiological
conditions.49–52 MD simulations can reveal the stability of the
complex, conformational changes, and the persistence of key
interactions, which are critical for inhibitory activity.53–55

In this study, we used a comprehensive computational
approach to evaluate how 8000 tripeptides interact with the
active sites of AChE and BACE-1. Initially, pre-trained machine
learning (ML) models were applied to narrow down the candi-
dates, resulting in the selection of four top-leading tripeptides.
Molecular docking analyses then provided predictions of
binding modes, affinities, and key interacting residues for these
tripeptides in each enzyme. The results of these docking studies
guided the choice of complexes for subsequent MD simula-
tions, which offered detailed insights into the dynamic behavior
and stability of each complex under physiologically relevant
conditions. Free energy perturbation (FEP) calculations further
rened these ndings, ultimately identifying promising tri-
peptide candidates for future development. By simultaneously
targeting both cholinergic decits and amyloid pathology, these
tripeptides have the potential to modify disease progression
rather than merely alleviating symptoms. Furthermore, the
insights gained from this work may inform the broader eld of
© 2025 The Author(s). Published by the Royal Society of Chemistry
neurodegenerative disease therapeutics, where multi-targeted
strategies are increasingly crucial given the complex, multifac-
torial nature of such disorders.

Materials and methods
Target proteins

The three-dimensional structures of AChE and BACE-1 were
retrieved from the Protein Data Bank (PDB) (http://
www.rcsb.org/pdb) with their respective PDB IDs of 4M0E56 for
AChE and 6EQM57 for BACE-1, respectively. These structures,
determined by X-ray diffraction, were selected based on their
resolution and relevance for docking studies. The structures
were preprocessed by removing water molecules and non-
essential ligands, followed by the addition of hydrogens,
merging of all non-polar hydrogens, and the application of
Kollman charges to prepare them for molecular docking.

Ligand generation

Each tripeptide was generated and rened via a multi-step
procedure to ensure chemically complete and stable three-
dimensional models. Initially, the amino acid sequence (e.g.,
“WHM” for tryptophan–histidine–methionine) was dened in
a simple text format. The PeptideBuilder library (https://
github.com/clauswilke/PeptideBuilder) was then used to
construct the tripeptide's backbone and side-chain coordi-
nates, noting that PeptideBuilder does not include hydrogen
atoms by default. To address this omission, the pdbxer tool
(https://github.com/openmm/pdbxer) was employed to add all
missing hydrogens, resulting in a chemically complete
structure. Next, each hydrogen-complete tripeptide was
parameterized using the Amber14 force eld, which assigned
atom types, bonded parameters, and partial charges. Finally, to
validate stability and correctness, each peptide underwent
a brief (1000-step) MD simulation in OpenMM (http://
openmm.org), where we monitored energy terms and root-
mean-square deviation (RMSD). These simulations were per-
formed in implicit solvent to approximate aqueous conditions
while maintaining computational efficiency. This step
conrmed that all tripeptides converged to stable conforma-
tions without signicant distortions.

Machine learning model

We employed two ML models to predict ligand binding free
energy to AChE and to BACE1, respectively. The rst version of
ML model for AChE was previously trained on 600 compounds
using XGBoost method and tested on 162 compounds.58 The
latest version of the AChE model, which was used for this work,
was trained on 1046 compounds and tested on 362
compounds.59 Here we briey describe the training and testing
procedure of the AChE model. The SMILES and experimental
binding constant of the training and test compounds were
collected from binding database.60,61 Four different kinds of
regression models, namely linear regression (LR), random
forest (RF), XGBoost62 and graph-convolutional networks
(Graph-Conv)63 were trained. Features input into LR, RF and
RSC Adv., 2025, 15, 12866–12875 | 12867
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XGBoost were calculated by using RDKitDescriptors toolkit,
implemented in DeepChem,64 which generates 200 physico-
chemical descriptors, including molecular weight, number of
valence electrons, numbers of HB donors and acceptors, and
maximum and minimum partial charge. The set of features was
reduced to 108 by excluding those that were highly correlated or
had predominantly zero value. Features for GraphConv did not
need to be manually computed as they were learned on the y.
Instead, the input to this model is a graph of the ligands in
which nodes represent atoms with node features such as atom
type and charge, and edges represent chemical bonds. It should
be noted that our ML models were based only on features
extracted from ligands. Therefore they did not need inputs from
the receptor, neither the receptor's structure nor its sequence.
Among the four models, XGBoost showed the best performance
on the randomly selected test set of 362 compounds with the
lowest RMSE = 1.357 ± 0.096 kcal mol−1 and the highest
correlation coefficients (Pearson's R = 0.813 ± 0.027, Spear-
man's r = 0.808 ± 0.026).59 Therefore XGBoost was selected to
predict AChE binding free energy for 8000 tripeptides.

The ML models for BACE1 were trained using similar
approaches,65 and we briey mention the most essential infor-
mation here. The BACE1 models were trained on 2137
compounds and tested on 400 compounds. Both training and
testing compounds were collected from binding database60,61

with their SMILES and experimental binding constants. We
similarly trained four models, LR, RF, XGBoost and GraphConv
using features extracted from ligands. XGBoost again showed
the best performance on the random test set of 400 compounds
(RMSE = 1.01 ± 0.05 kcal mol−1, Pearson's R = 0.77 ± 0.02,
Spearman's r = 0.78 ± 0.02)65 and was selected to predict
binding free energies for the same library of 8000 tripeptides.

Molecular docking simulations

AutoDockTools66 was utilized to prepare receptor and ligand
parameter les for molecular docking studies. Molecular
docking simulations were performed using a modied version
of AutoDock Vina (mVina)67,68 to assess the binding interactions
between the target proteins and four tripeptide inhibitors. The
binding sites of AChE (PDB ID: 4M0E)69 and BACE-1 (PDB ID:
6EQM)57 were selected as the enzymic residues contacting with
the native inhibitors (Fig. S1†). The docking process involved
optimizing the spatial orientation and conformational
arrangement of the tripeptides to predict their binding affinities
and key molecular interactions within the active sites of the
target proteins The docking grid dimensions were set to 22.5 ×

22.5× 22.5 Å, ensuring complete coverage of the active site. The
Vina “exhaustiveness” parameter was retained at its default
value to balance accuracy and computational efficiency. The
docking pose corresponding to the lowest binding energy was
selected for further MD simulations.

MD simulations

MD simulations were performed to validate the results obtained
from molecular docking outcomes. All simulations were con-
ducted using GROMACS 2019.6.70 The protein–ligand complexes
12868 | RSC Adv., 2025, 15, 12866–12875
were described using the Amber99SB-iLDN force eld71 for the
protein, peptide and ions, and the TIP3P model72 for water
molecules. Each AChE/BACE-1-ligand complex was placed in
a dodecahedral simulation box, ensuring a minimum distance of
16.0 Å between the complex and the box boundaries. Under these
conditions, the AChE simulation box had a volume of approxi-
mately 937.53 nm3 and contained around 92 000 atoms (the
protein complex, a single ligand, water molecules, and neutral-
izing Na+ ions). The corresponding BACE-1 system occupied
769.62 nm3 and included about 76 000 atoms. Nonbonded
interactions were treated with a 1.0 nm cutoff. Electrostatic
interactions were evaluated using the particle mesh Ewald (PME)
method, while van der Waals interactions were computed via
a cutoff approach. The LINCS algorithm, order 4,73 was applied to
constrain all bonds throughout the simulation.

Following parameterization, the system was energy-
minimized using the steepest descent method. The mini-
mized structure then underwent a two-step equilibrations
involving an NVT ensemble simulation for 100 ps, and then
followed by an NPT ensemble simulation for 100 ps, with
positional restraints, spring constant 1000 kJ mol−1 nm−2,
applied to all heavy atoms of the protein and ligand. Aer
equilibration, the restraints were removed, and the production
MD run was carried out for 200 ns. To ensure adequate
sampling and reproducibility, the entire simulation protocol
was repeated three times.
FEP simulations

The ligand binding free energy to AChE or BACE-1 was calcu-
lated using the double-annihilation binding free energy
method.74 The equilibrium conformation derived from MD
simulations served as the initial structure for FEP calculations,75

consistent with previously established approach.76 FEP simu-
lations used a coupling parameter (l) varying from 0 (fully
interactive) to 1 (fully decoupled), enabling the calculation of
the free energy change (DG) as a ligand transition from
complete interaction with its surroundings to none—a process
known as ligand annihilation. These transitions were driven by
systematic modications in the system's Hamiltonian. To
isolate the contributions of Coulomb (Cou) and vdW forces,
distinct l values were strategically selected as 0.00, 0.10, 0.20,
0.35, 0.50, 0.65, 0.80, and 1.00 for Cou; and 0.00, 0.10, 0.25, 0.35,
0.50, 0.65, 0.75, 0.90, and 1.00 for vdW—yielding sixteen
simulations in total. Each l-alteration simulation lasted 3.0 ns.
The Bennett's Acceptance Ratio (BAR) method then integrated
these data,77 providing a comprehensive measure of the free
energy associated with ligand annihilation.

To determine a ligand's absolute binding free energy, two
annihilation processes were evaluated: one where the ligand is
removed from its solvated state, and another where it is
removed from the solvated protein–ligand complex. The
difference between these two processes provides the absolute
binding free energy, as described by the equation:

DGFEP ¼ DGComp
l¼0/1 � DGlig

l¼0/1 (1)

Analysis tools
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Protonation states of the ligands during the MD simulations were
determined using the ChemAxon webserver (https://
www.chemicalize.com). The RMSD of atomic positions
throughout the MD simulation was calculated with the “gmx
rms” tool in GROMACS.70 The free energy landscape (FEL) of
non-hydrogen atoms of AChE/BACE-1 active site and ligands was
generated using the principal component analysis (PCA).78 The
rst and second principal components were utilized as reaction
coordinates to dene the system's conformational space. Repre-
sentative structures of the AChE/BACE-1-tripeptide complexes
were then identied through clustering analysis.79,80 Intermolec-
ular vdW and Coulomb interaction energies between the tripep-
tide and its surroundings were computed using the “gmx energy”
function in GROMACS.70 Additionally, the PreADMET web server81

was used to evaluate keymetrics related to the compounds' ability.
All molecular graphics and protein–ligand interaction diagrams
were prepared using the Maestro free version.82
Results and discussion
Machine learning model calculation

The use of ML models,54,59,65 particularly those based on the
XGBoost algorithm, to predict ligand-binding free energy for
AChE and BACE-1 provides a highly effective starting point for
tripeptide screening. The high accuracy of these models—
demonstrated by low RMSE values and strong correlation
coefficients in previous studies,54,59,65 – establishes their reli-
ability in identifying promising candidates from the large
dataset of 8000 tripeptides used in this study. The obtained
value DGML ranges from −5.09 to −9.13 kcal mol−1, with an
average binding free energy of−6.80± 0.65 kcal mol−1 for AChE
target (see ESI le 1†). For BACE-1 target, the average binding
free energy is of −7.43 ± 0.53 kcal mol−1, which ranges from
−6.45 to −9.27 kcal mol−1. Drawing from our analysis, 4 top-
lead tripeptides including WHM, HMW, WMH, and HWM
(Table 1) were selected for further examination. Notably, all
candidates are composed of the same three amino acid resi-
dues—tryptophan (W), histidine (H), and methionine (M). This
suggests that these residues may play a crucial role in driving
strong interactions with both AChE and BACE-1, likely due to
their unique physicochemical properties, such as hydropho-
bicity (W and M), aromatic stacking (W and H), and potential
for hydrogen bonding (H). The consistency of this pattern
underscores the importance of these specic amino acids in
enhancing binding affinity and specicity across both targets.
Table 1 Binding free energy predicted via ML and molecular docking
simulationsa

No. Ligand

AChE BACE-1

DGML DGmVina DGML DGmVina

1 WHM −9.13 −16.6 −9.03 −14.4
2 HMW −9.10 −16.3 −9.03 −15.1
3 WMH −9.03 −16.9 −9.07 −14.5
4 HWM −8.94 −16.9 −9.11 −15.2

a The unit is of kcal mol−1.

© 2025 The Author(s). Published by the Royal Society of Chemistry
Molecular docking simulations

The speed and computational efficiency of AutoDock Vina (Vina)83

in predicting ligand binding have led to its widespread application.
Its uses range from modeling binding poses of large substrates
against protein targets84 to evaluating the binding affinities of
smaller molecules, including peptides, proteins, and genes.85,86

More recently, mVina, an altered version of Vina that incorporates
experimentally optimized parameters,68 has demonstrated
improved correlation coefficients and higher docking success
rates.68 Consequently, we utilized mVina to predict the binding
affinities of the selected tripeptides against AChE and BACE-1.

The molecular docking simulations provided detailed insights
into the binding affinities and interaction patterns of the top-lead
tripeptides including WHM, HMW, WMH, and HWM with the
active sites of AChE and BACE-1 (Table S1 and Fig. S2†). The
binding free energies, calculated using mVina, revealed strong
interactions between the tripeptides and the enzymes, with
DGmVina values ranging from −16.9 to−16.3 kcal mol−1 for AChE
and −15.2 to −14.4 kcal mol−1 for BACE-1 (Table 1). Meanwhile,
DGML values ranging from −9.13 to −8.94 kcal mol−1 for AChE
and−9.11 to−9.03 kcal mol−1 for BACE-1 (Table 1). These results
indicate that mVina-based docking tends to overestimate ligand-
binding affinities compared to ML predictions. This nding is
consistent with prior studies, which have observed that mVina
oen yields overestimated binding free energies relative to
experimental and ML results.59,68

The docking binding pose analysis highlights the potential
of the four as dual inhibitors targeting AChE and BACE-1
(Fig. 1). These tripeptides demonstrated stable binding inter-
actions with the active sites of both enzymes, forming critical
hydrogen bonds, p–p stacking, p–cation interactions, and salt
bridges. For AChE (Fig. 1A), WHM and HWM showed strong
binding affinities, with WHM forming multiple p–p stacking
interactions with Trp286, Tyr124, and Tyr341, and a p–cation
interaction with Phe295, enhancing its stability within the
active site. HWM exhibited notable p–p stacking with His447,
a key catalytic residue, potentially disrupting AChE's enzymatic
function. In comparison, WMH and HMW relied more on
hydrogen bonding with residues like Tyr337 and Ser293,
providing stable yet slightly weaker interactions.

Regarding BACE-1 (Fig. 1B), WHM andWMH emerged as the
most promising inhibitors, forming extensive hydrogen bonds
with catalytic residues Asp228 (ref. 87) and Gly230 and p–p

stacking with Tyr71. These interactions directly involve residues
essential for BACE-1's enzymatic activity, suggesting effective
inhibition of amyloidogenic processing. HWM also displayed
a strong prole by forming a salt bridge with key residue
Asp32,87 along with hydrogen bonding and p–p interactions,
indicating its potential to stabilize within the binding pocket
and inhibit BACE-1 function. Across both targets, WHM
exhibited the strongest and most balanced interaction prole,
making it a standout candidate for dual inhibition.
MD simulations

Because molecular docking relies on approximations to
streamline computational requirements, additional verication
RSC Adv., 2025, 15, 12866–12875 | 12869
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Fig. 1 2D interaction of four tripeptides with AChE/BACE-1 obtained
viamolecular docking simulations. (A) Interaction of AChEwith ligands.
(B) Interaction of BACE-1 with ligands.
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using more precise methods is essential.66,83,88 To this end, MD
simulations were performed to conrm the docking results and
assess the dynamic stability of the protein–ligand complexes
under physiological conditions.59,89 Each system achieved an
equilibrium state within approximately 25–50 ns, with RMSD
values stabilizing around 0.2 nm (Fig. S3†). This degree of
stability indicates that the presence of the tripeptide induced
only minimal structural perturbations, thereby maintaining the
overall integrity of AChE/BACE-1. Furthermore, the observed
binding event appeared to hinder the access of other potential
ligands to the enzyme's active site, implying that the peptides
12870 | RSC Adv., 2025, 15, 12866–12875
likely function as inhibitors rather than promoters. Conducting
three independent MD simulations for each system provided
additional condence in these ndings by ensuring that the
conformational space was adequately sampled and that the
results were not unduly inuenced by specic initial conditions.

The structural impact of tripeptide binding on the catalytic
triad in AChE and the catalytic dyad in BACE-1 were evaluated
by combining quantitative distance measurements (Table 2)
with the corresponding distribution proles (Fig. 2), providing
a detailed view of how each tripeptide inuences key structural
elements essential for enzymatic activity. For AChE, the ligand-
free state of the catalytic triad, represented by distances
between Ser203–His447 (0.42 ± 0.07 nm) and His447–Glu334
(0.29 ± 0.06 nm), served as a reference point. Among the tested
tripeptides, WHM elicited the most pronounced and stable
changes. The His447–Glu334 interaction increased to 0.45 ±

0.08 nm (Table 2), and the corresponding distribution (red line
in Fig. 2) shied distinctly to a new peak at approximately
0.45 nm. Similarly, the Ser203–His447 distance rose to about
0.45 ± 0.07 nm, producing a narrow, well-dened peak (black
line in Fig. 2). This combination of larger distance values and
sharper peaks indicates that WHM effectively disrupts the
catalytic triad and stabilizes a new, altered conformation.

HMW, by contrast, induced the largest absolute change in
the Ser203–His447 distance (0.52 ± 0.17 nm) but failed to
achieve a stable rearrangement. The corresponding histogram
displays a broad secondary peak at 0.52 nm (Fig. 2), coexisting
with remnants of the original state and suggesting that the
enzyme samples multiple conformations. This indicates that
while HMW can disrupt the triad, it does not stabilize a single,
well-dened structural arrangement. WMH and HWM exerted
comparatively weaker effects. WMH shied the Ser203–His447
distance slightly to 0.43 ± 0.09 nm and the His447–Glu334
distance to 0.37 ± 0.11 nm, while HWM produced distances of
0.44 ± 0.05 nm and 0.38 ± 0.09 nm, respectively (Table 2). Both
led to mild changes without forming new, distinct peaks,
reecting minimal restructuring of the catalytic triad (Fig. 2).

A parallel assessment of the BACE-1 catalytic dyad (Asp32–
Asp228) further highlights the superior performance of WHM.
Starting from the unbound state (0.59 ± 0.05 nm), WHM
reduced this distance to 0.51 ± 0.04 nm (Table 2). Fig. 2B shows
a new peak at 0.51 nm, replacing the original distribution,
thereby indicating a stable reconguration of the dyad. WMH
also induced a shi, albeit to a lesser degree (0.52 ± 0.04 nm),
with a new peak emerging near 0.52 nm. In contrast, HWM and
HMW failed to disrupt the dyad meaningfully. HWM slightly
increased the distance to 0.62± 0.04 nm without forming a new
peak, suggesting mere expansion rather than rearrangement,
while HMW remained essentially near the original state at 0.60
± 0.05 nm (Table 2 and Fig. 2).

Taken together, these results position WHM as the most
effective tripeptide in reshaping the structural landscape of
both AChE and BACE-1 active sites. The emergence of distinct
new peaks and stable conformations under WHM treatment
supports its potential as a promising inhibitor. Although HMW
demonstrates the capacity to create large conformational shis,
its inability to stabilize these changes limits its overall
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Distribution of catalytic triad distances in AChE (A) and catalytic
dyad distances in BACE-1 (B).

Fig. 3 FEL of tripeptide-AChE/BACE-1 complexes. The FEL plots
represent the conformational stability of the tripeptides in the active
sites of AChE/BACE-1 during MD simulations. The lowest energy
regions correspond to the most stable conformations observed
throughout the 200-ns simulation and marked as numbers. (A) AChE.
(B) BACE-1.

Table 2 Catalytic residue distances in AChE and BACE-1a

Average distance (nm)

No ligand WHM HMW WMH HWM

AChE catalytic triad atoms Ser203 OG – His447 NE2 0.42 � 0.07 0.45 � 0.07 0.52 � 0.17 0.43 � 0.09 0.44 � 0.05
His447 ND1 – Glu334 OE1/OE2 0.29 � 0.06 0.45 � 0.08 0.35 � 0.09 0.37 � 0.11 0.38 � 0.09

BACE-1 catalytic dyad atoms Asp32 CG – Asp228 CG 0.59 � 0.05 0.51 � 0.04 0.60 � 0.05 0.52 � 0.04 0.62 � 0.04

a Error represents the standard deviation.
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effectiveness. WMH and HWM elicit only minor modications
and thus appear less suitable for achieving meaningful catalytic
site inhibition.

Finding popular conformation using PCA/FEL

FEL analyses provided insights into the free-energy landscapes
of AChE and BACE-1 complexes with each of the four tripeptides
by mapping two key collective variables (CV1 and CV2) that
capture essential motions of the protein–ligand system (Fig. 3
and Table S2†). In the AChE system, WHM occupied a single
dominant energy basin at (CV1, CV2) coordinates of (4.18,
−4.87), indicating a tightly bound conformation that is both
energetically and conformationally stable. In BACE-1, WHM
similarly formed a deep low-energy basin at (1.50, 0.06),
underscoring its potential as a robust inhibitor for both
enzymes. Biologically, a single low-energy basin can signify
a strong affinity for the active site and reduced likelihood of
destabilizing conformational shis, which together enhance
inhibitory efficacy.

By contrast, the other tripeptides exhibited more dispersed
energy basins, reecting varying degrees of exibility and poten-
tially lower specicity. For example, HWM balanced stability with
adaptability, featuring two notable basins in AChE at (1.62, 2.22)
(4a) and (4.59, −1.94) (4b) (Fig. 3A). Although these basins may
allowHWM to accommodate enzyme conformational changes, its
overall stability was weaker than that of WHM, which may affect
© 2025 The Author(s). Published by the Royal Society of Chemistry
its inhibitory consistency. Likewise, WMH and HMW demon-
strated higher conformational freedom but lacked the deep,
singular basin seen inWHM. Notably, WMH in BACE-1 displayed
two basins (7a and 7b), suggesting signicant exibility but lower
RSC Adv., 2025, 15, 12866–12875 | 12871
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Fig. 4 Electrostatic potential maps of AChE (in A) and BACE-1 (in B)
binding pockets in complexes with tripeptides. Blue regions represent
areas of positive electrostatic potential, while red regions indicate
negative electrostatic potential. The intensity of the electrostatic
potential reflects the strength of charge distribution within the active
site.
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specicity (Fig. 3B). Meanwhile, BACE-1-HMW had two distinct
minima (6a and 6b) separated by energy barriers that limited
interconversion, thus conferring only moderate adaptability.
Taken together, these observations link the conformational
stability captured by FEL to potential inhibitory strength. WHM's
consistently stable free-energy basins across both AChE and
BACE-1 highlight its promise as a dual inhibitor, potentially
offering more reliable and potent enzyme modulation in neuro-
degenerative disease therapies.

Electrostatic analysis of AChE and BACE-1 complexes

Using the Adaptive Poisson–Boltzmann Solver (APBS)
approach,90 we evaluated the electrostatic complementarity of
tripeptides within the binding pockets of AChE and BACE-1
(Fig. 4). Among the tested tripeptides, WHM exhibited the
highest electrostatic compatibility with AChE. The enzyme's
binding pocket presented a strong, localized negative potential
that aligns well with WHM's positively charged residues,
fostering robust ionic interactions and conferring high binding
specicity (Fig. 4A). In contrast, HMW showed a more balanced
mix of negative and positive potentials within the active site,
suggesting diverse interaction modes but somewhat reduced
electrostatic focus compared to WHM. WMH and HWM both
displayed dispersed or smooth electrostatic proles with weaker
negative potentials, indicating a diminished reliance on ionic
interactions and a likely dependence on non-ionic forces (e.g.,
vdW or hydrophobic) for binding.

A similar trend emerged in BACE-1 complexes, where WHM
again demonstrated the most favorable electrostatic comple-
mentarity (Fig. 4B). The enzyme's pronounced negative potential
complemented WHM's positive charge distribution, resulting in
strong ionic interactions and high affinity. HMW exhibited
moderate electrostatic complementarity, enabling multiple
interaction modes but at a slightly reduced overall affinity
compared to WHM. Conversely, WMH and HWM displayed
weaker negative potentials that were either dispersed or smoothly
graded, suggesting lower specicity and a greater need for non-
ionic interactions to stabilize binding. Collectively, these elec-
trostatic proles identify WHM as the most promising dual
inhibitor of AChE and BACE-1, owing to its consistently strong
and focused electrostatic complementarity that promotes stable
binding. HMW's balanced prole offers adaptable binding
modes, though with lower specicity than WHM. In contrast,
WMH and HWM rely more on non-ionic interactions due to
dispersed or weak electrostatic potentials, making them less
suitable when robust ionic contacts are crucial for inhibition.

FEP calculation

FEP analyses for both AChE and BACE-1 revealed a consistent
hierarchy among the four tripeptides (WHM, HMW, WMH, and
HWM), with WHM displaying the highest affinity in both
systems (Table 3 and Fig. S4†). WHM's DGFEP values (−33.31 ±

8.31 kcal mol−1 for AChE and −38.30 ± 1.96 kcal mol−1 for
BACE-1) underscored its robust electrostatic and vdW interac-
tions that align with its robust docking scores and pronounced
structural perturbations observed in MD simulations. In
12872 | RSC Adv., 2025, 15, 12866–12875
contrast, HMW displayed the least favorable binding free
energies for both AChE (−3.72 ± 2.23 kcal mol−1) and BACE-1
(−12.31 ± 6.47 kcal mol−1), while WMH and HWM exhibited
intermediate affinity proles in each system.

The larger negative binding free energies obtained from FEP,
relative to ML and docking predictions, arise from FEP's rigorous
thermodynamic treatment, which explicitly incorporates both
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 3 Energies of complexes calculated by FEP methoda

Enzyme Ligand DGcou DGvdw DGFEP

AChE WHM −20.25 −13.06 −33.31 � 8.31
HMW 5.78 −9.51 −3.72 � 2.23
WMH −16.53 −6.90 −23.42 � 9.28
HWM −20.40 −8.26 −28.67 � 9.79

BACE-1 WHM −31.78 −6.52 −38.30 � 1.96
HMW −6.65 −5.67 −12.31 � 6.47
WMH −21.50 −5.69 −27.19 � 10.77
HWM −18.93 −6.76 −25.69 � 8.30

a Error is the standard error of mean. The unit is of kcal mol−1.
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enthalpic and entropic contributions through detailed MD
sampling. Unlike docking and ML methods, which rely on
approximations or empirical scoring functions, FEP calculations
inherently provide greater thermodynamic accuracy. Although
absolute binding energy values vary across these methods, the
binding free energies derived from FEP closely matched the
trends observed in MD simulations and docking studies, vali-
dating the use of FEP as a critical renement step to differentiate
closely related ligands initially identied by ML and docking.

WHM's consistently strong performance across all analyses
can be attributed to its optimal balance of hydrophobic, electro-
static, and hydrogen-bonding interactions. In AChE, WHM
formedmultiple p–p stacking interactions with key residues (e.g.,
Trp286 and Tyr341), while in BACE-1, HBs with Asp228 and p-
cation interactions enhanced its binding specicity. These inter-
actions likely contribute to its ability to stabilize altered confor-
mations of catalytic residues, thereby potentially inhibiting
enzymatic activity. Overall, these ndings reinforce the superior
dual-inhibitory potential of WHM, meriting further exploration
for multi-target therapeutic strategies against AD disease.
ADMET

The absorption, distribution, metabolism, excretion, and
toxicity (ADMET) analysis of these tripeptides provides critical
insights into their pharmacokinetic proles. As shown in Table
S3,† all peptides are lipophilic (log P > 0), a key physico-
chemical property inuencing solubility, permeability, potency,
selectivity, and toxicity. Consistent with typical peptide
behavior, all four tripeptides exhibit poor brain penetration, as
reected by their negative logBB values (logarithm of the brain-
to-blood concentration ratios) and BBB values (brain-to-blood
concentration ratios) less than 1.91 With respect to oral
absorption, each tripeptide demonstrates a nearly identical
human intestinal absorption (HIA) value (∼54.86%), suggesting
moderate gastrointestinal uptake, aligning with common
absorption patterns of small peptides. All four peptides also
display moderate plasma protein binding (PPB z 50%), and
a predicted Caco-2 permeability coefficient of about 20 implies
moderate permeability through Caco-2 cells. Furthermore, none
of the compounds appear to act as inhibitors or substrates of
CYP_2D6—an enzyme critical for the metabolism and elimi-
nation of many clinical drugs.
© 2025 The Author(s). Published by the Royal Society of Chemistry
Toxicity was assessed through mutagenicity, carcinogenicity
(Ames_test), and hERG inhibition values. While all four tri-
peptides proved mutagenic, they were non-carcinogenic in
mouse models. Nevertheless, the high-risk proles for hER-
G_inhibition point to potential cardiotoxicity stemming from
disruption of potassium ion channel function. Consequently,
further optimization via structural modications, alternative
delivery strategies, and in vitro experimentation is warranted to
mitigate these risks.

Ultimately, our research contributes to the ongoing efforts in
developing effective and safe therapeutic agents for AD by
exploring the potential of natural tripeptides as dual inhibitors
of AChE and BACE-1. By integrating ML models, molecular
docking, MD simulations, FEP calculation and pharmacoki-
netic predictions, we provide a comprehensive understanding
of the molecular mechanisms underlying enzyme inhibition by
these tripeptides. This approach facilitates the rational design
of novel compounds with improved efficacy and pharmacolog-
ical proles, potentially accelerating the discovery of multi-
targeted therapeutics for AD.
Conclusion

In this study, we conducted a comprehensive computational
screening of 8000 tripeptides to identify potential dual inhibitors
of AChE and BACE-1, key enzymes implicated in AD pathology.
Initial screening using ML models based on the XGBoost algo-
rithm enabled rapid and accurate estimation of binding free
energies, narrowing the candidates to four top leads: WHM,
HMW, WMH, and HWM. Further renement using mVina
docking analysis conrmed favorable interactions between these
tripeptides and the active sites of AChE and BACE-1, mediated by
hydrogen bonds and p–p stacking interactions. MD simulations
demonstrated that tripeptide binding effectively disrupted the
catalytic triad of AChE and the catalytic dyad of BACE-1, indi-
cating potential inhibition of their enzymatic activity. FEL anal-
yses further supported the stability of the AChE/BACE-1-tripeptide
complexes. Electrostatic analyses highlighted the strong comple-
mentarity between the tripeptides and enzyme active sites,
providing a structural basis for their inhibitory potential. Finally,
FEP calculations provided quantitative conrmation of the robust
binding affinities exhibited by the promising tripeptides. Among
the candidates, WHM emerged as the most promising dual
inhibitor, exhibiting strong binding affinity, and stability.
However, potential cardiotoxicity risks associated with the tri-
peptide must be addressed to fully realize its therapeutic poten-
tial. This study underscores the effectiveness of an integrated
computational workow in identifying WHM as promising lead
for dual inhibitors targeting AD and highlights the need for
further experimental validation.
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