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Abstract

Alzheimer’s disease (AD) is a multifactorial neurodegenerative disorder that demands therapeutic
strategies capable of modulating multiple pathological targets. In this study, we designed a focused
set of 10 hydroxyethylamine-based compounds as multi-target directed ligands (MTDLs) aimed
at four key Alzheimer’s-related targets: BACEI, acetylcholinesterase (AChE), the D2 dopamine
receptor, and FGFR3. To rank the most promising candidates, we applied an end-to-end in silico
pipeline that integrated 2D QSAR modeling, molecular docking, 200 ns all-atom molecular
dynamics (MD) simulations, endpoint binding free-energy estimates (using LIE, MM/PBSA, and
MM/GBSA), and comprehensive pharmacokinetic profiling. The final 2D QSAR model showed
solid statistical performance (R* = 0.8545, Q’LOO = 0.7965, F =29.37), satisfied standard criteria
for predictivity, and passed Y-randomization checks; its applicability domain was further clarified
through leverage analysis. Molecular docking revealed favorable binding modes and interactions
of the designed compounds within the active sites of all four target proteins, with several
derivatives exhibiting higher predicted affinities than the reference inhibitor and the template
ligand 10. 200 ns MD simulations, principal component analysis (PCA), and binding free energy
calculations confirmed the structural stability and thermodynamic favorability of the top protein-
ligand complexes. Lead candidates of the designed analogs B2 and BS demonstrated MM/GBSA
binding free energy of -51.45kcal/mol and -50.64kcal/mol respectively. In silico pharmacokinetic
and ADMET profiling showed that B2 and B5 possess high drug-likeness compliance (Lipinski’s
rule of five) and favourable blood-brain barrier permeability (Log BB = 0.129 for B2). Therefore,
these findings highlight B2 and BS5 as promising multi-target scaffolds for further experimental
validation and optimization toward effective AD therapeutics.
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1. Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder and the most
common cause of dementia worldwide, characterized by memory loss, cognitive decline, and
eventual loss of functional independence (Azmal ef al., 2025; Hussain et al., 2022; Hossain &
Hussain, 2025). Despite decades of research, disease-modifying therapies remain limited, largely
because AD is driven not by a single pathological event but by a complex network of interrelated
mechanisms, including amyloid-f accumulation, cholinergic dysfunction, oxidative stress,
neuroinflammation, and synaptic failure (Azmal et al., 2025; Chen et al., 2022). This multifactorial
nature has made the classical ‘one drug, one target’ strategy insufficient, thereby shifting attention
toward multi-target-directed ligands (MTDLs) as a more realistic approach for AD intervention
(Hossain & Hussain, 2025; Bajda et al., 2011). Modern therapeutic approaches have therefore
shifted toward developing MTDLs that can influence multiple disease pathways simultaneously to
address this complex etiology. (Ramsay ef al., 2018).

Two of the most studied targets in AD are B-site amyloid precursor protein cleaving
enzyme 1 (BACE1l) and acetylcholinesterase (AChE). BACEI sits at a key step in the
amyloidogenic pathway; blocking it should reduce production of neurotoxic amyloid- peptides.
AChE inhibitors, by contrast, act on the cholinergic system: they prevent acetylcholine breakdown,
thereby boosting cholinergic transmission and offering temporary symptomatic relief in memory
and cognition (Gheidari et al., 2024; Bazzari & Bazzari, 2022; Peitzika & Pontiki, 2023). Beyond
these, dopaminergic dysfunction has been linked to cognitive and behavioral symptoms in AD,
making dopamine D2 receptors an attractive auxiliary target for ligands that could address both
neurochemical imbalance and symptom modulation (Pasieka et al., 2021). More recently,
fibroblast growth factor receptor 3 (FGFR3) has been shown to promote tau internalization after
amyloid-P exposure, thereby accelerating tau pathology in AD (Bocharov et al., 2013; Kim et al.,
2024). A ligand that can engage more than one of these targets may therefore provide a broader
therapeutic profile than a single-target agent (Guerguer et al., 2025).

Hydroxyethylamine-based (HEA) scaffolds have long been of interest in medicinal
chemistry. Their structural flexibility and track record in aspartyl protease inhibitor design make
them attractive starting points (Neumann, 2011; Velcicky et al., 2019). In the context of AD,
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reported activity against BACE1 and additional interactions relevant to symptom control or disease
modification (Neumann, 2011). Their appeal goes beyond raw potency: the HEA core allows fine-
tuning of physicochemical properties to improve central nervous system exposure, selectivity, and
overall drug-likeness (Neumann, 2011). This balance matters in AD drug discovery, where
compounds must not only be potent but also show suitable pharmacokinetics and blood—brain
barrier compatibility to reach the brain at therapeutically relevant levels (Ugbe et al., 2022; Ugbe
et al., 2024; Edache et al., 2025).

Computational methods have become central to modern drug design because they enable
rapid triaging of compounds before synthesis and biological testing (Ugbe et al., 2023). QSAR
modeling can highlight which structural features drive activity and thereby guide rational
optimization, while molecular docking helps clarify how ligands recognize and bind within target
active sites (Vinay et al., 2023; Ugbe et al., 2024). Molecular dynamics (MD) simulations add
another layer by probing the stability of protein—ligand complexes over time, capturing dynamic
behavior that static docking misses (Ugbe et al., 2022; Ugbe et al., 2023a; Edache et al., 2024). In
parallel, ADMET and pharmacokinetic profiling are now routinely used to filter for compounds
with acceptable absorption, distribution, metabolism, excretion, and toxicity early in the pipeline
(Ugbe et al., 2024; Edache et al., 2024; Bozkir et al., 2026).

Against this backdrop, combining GA-MLR QSAR, multi-protein docking, MD
simulation, and pharmacokinetic evaluation offers a practical framework for identifying promising
anti-AD candidates. Genetic algorithm—multiple linear regression (GA-MLR) models are
particularly useful for sifting through large descriptor spaces to find the most informative features
and for building interpretable structure—activity relationships that support lead optimization (Ugbe
etal., 2022; Ugbe et al., 2023a; Ugbe et al., 2023b; Edache et al., 2024). When paired with docking
against BACE1, AChE, FGFR3, and dopamine D2 receptors, such models can help reveal whether
hydroxyethylamine derivatives have the multi-target profile needed for AD therapy. This
integrated workflow mirrors recent trends in multi-target AD drug discovery, where computational
tools are increasingly used to narrow chemical space, improve efficiency, and strengthen the
rationale for experimental follow-up (Jiansong et al., 2015; Ugbe et al., 2021; Vinay et al., 2023).
In the present study, we therefore set out to design new multi-target-directed hydroxyethylamine
derivatives for AD and to evaluate them using an integrated in silico strategy. Our workflow
combines a 5-descriptor GA-MLR QSAR model with multi-protein molecular docking against
BACE1l, AChE, FGFR3, and dopamine D2 receptors, followed by MD simulation and
ADMET/pharmacokinetic profiling. Through this polypharmacological approach, we rationally



design and validate novel multifunctional HEA candidates engineered to bind and inhibit BACEI,
AChE, and FGFR3, while simultaneously modulating dopamine D2 receptors to achieve improved
neuroprotective and neuropsychiatric profiles.
2. Materials and methods
2.1. Selection of ligands for the study

A set of thirty-nine (39) hydroxyethylamine derivatives (ligands) with inhibitory activity
against disease-modifying targets, -secretase enzyme (BACET1), butyrylcholinesterase (BuChE),
and y-aminobutyric acid transporters (GATs) was retrieved from the PubChem database (AID
1762427) reported by Pasieka et al., 2021. The values of minimum inhibitory concentration (ICso)
expressed in uM were transformed into pICso using the expression —logio [ICso % 107%] to normalize
potency data for computational modelling (QSAR) as shown in Table 1.
Table 1
The molecular structures of hydroxyethylamine derivatives with PubChem compound

identification (CID) number, half-maximal inhibitory concentration (ICso), and their pIC50 values.
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2.2. Preparation of ligands for the study

The SMILES strings (Supplementary Table 1) were converted into 2D Spatial Data File
(SDF) structures using MarvinSketch (Table 1), and subsequent energy minimization was
performed using Avogadro software (Hanwell et al., 2012). Geometry optimization and energy
minimization were performed using the Merck molecular force field (MMFF94). The optimized
species were saved in the SDF format to facilitate the study of QSAR (Edache ef al., 2024b). The
primary aim of the QSAR approach is to derive interpretable relationships from numerical
molecular descriptors, enabling the prediction of biological activity for new compounds.
Practically, this involves converting descriptors computed with Pharmaceutical Data Exploration
Laboratory (PaDEL-Descriptor) software v2.21 into a mathematical model that links those
descriptors to the biological endpoint (pICso) (Yab, 2011; Edache et al., 2024b).
2.3. Building 2D-QSAR and modelling

For the model development, the optimized ligand structures and their computed molecular
descriptors (PaDEL-Descriptor v2.21) were assembled into an n X m data matrix and used as input
for QSAR modeling. The dataset was partitioned into training and external test sets to allow
independent model building and validation. Approximately 80% of the compounds were assigned
to the training set and the remaining 20% to the test set such that points representing test
compounds are located within the descriptor space spanned by the training set (Arthur ef al., 2018).
Multiple linear regression (MLR) was employed to construct the 2D-QSAR models, relating the
dependent variable (pICso) to selected molecular descriptors. Descriptor reduction and
multicollinearity control were achieved using the genetic function approximation—multiple linear
regression (GA-MLR) procedure implemented in QSARIN v2.2.4, after descriptor calculation
with PaDEL. MLR models were fit by the ordinary least squares method, producing regression
equations of the form:

Y =bixi +baxa + b3xs ... +c, (1)



where Y is pICso, b1 are regression coefficients, x; are descriptor values, and c is the intercept.
(Gramatica et al., 2013; Edache et al., 2024b; Arthur et al., 2022). Furthermore, the relative
contribution of each descriptor in the built QSAR model is shown by the mean effect (ME) values,
defined as (Eq. 2):

n
__ BjXizx Dy
- ym n
Yizy BjXizi Dij

MF 2

where fj represents the coefficient j descriptor in the model, Dj equals each descriptor’s value for
each molecule in the training set, m represents the number of descriptors present in the model, and
n is the total number of compounds in the training set (Adeniji et al, 2019). The variance inflation

factor (VIF), defined as (Eq. 3), shows the extent of inter-correlation between the descriptors.

1

R? represents the coefficient of correlation of the multiple regression between the variables in the
model. VIF equal to 1 shows that no inter-correlation exists for each variable, and for VIF values
within the range of 1-5, the related model is acceptable, and where VIF is above 10, the related
model is unstable and therefore cannot be accepted (Abdullahi et al., 2019).
2.4. Outlier detection and data cleaning

For finalizing the chemometric models, we performed a comprehensive outlier diagnostic
workflow to preserve the structural integrity and generalizability of the training set (Todeschini &
Consonni, 2009). During initial GA-MLR exploratory cycles, two compounds, Compound 16
(pICso = 6.7696) and Compound 18 (pICso = 7.0000), consistently displayed extreme anomalies.
These molecules produced large, unsystematic standardized residuals (exceeding three times the
mean absolute error) regardless of assignment to the training or validation sets, thereby perturbing
the local regression plane and behaving as activity cliffs. In line with established QSAR practice,
these compounds were therefore classified as structural/biological outliers, likely reflecting unique
electronic or steric interactions that do not conform to the linear SAR pattern of the series. To
prevent artificial distortion of the multidimensional calibration space, Compounds 16 and 18 were
excluded from the final modeling. This cleaning step reduced the dataset from 39 to 37 compounds,
yielding a robust training set of 25 compounds and an external test set of 6 compounds.
2.5. Model quality assessment and validation

The model performance and statistical robustness were assessed by standard metrics such
as the number of compounds in regression (n), number of variables (descriptors) (K), degrees of
freedom (DF), R? (the squared correlation coefficient), F-test, cross-validated R? (Q?, e.g., Loo-cv),

external predictive R? (R?pred), and standard errors. Randomization statistics (rand R?, rand Q?) and



the significance parameter o from Y-randomization were also evaluated. Models were considered
acceptable when R?> 0.6, Q? > 0.6, and R%eq > 0.5 (Gramatica, 2007), consistent with commonly
used thresholds. Low standard errors for R?, Q?, and R%y.q were used to judge absolute fit and
predictive precision (Gramatica et al., 2013; Papa et al., 2007).
2.6. Y-scrambling test

To verify that model performance was not due to chance correlation, Y-scrambling (Y-
randomization) was performed on the training set. The activity values were randomly permuted
while descriptors remained unchanged, and MLR models were rebuilt. The scrambled models are
expected to exhibit substantially lower R? and Q? values; in this study, 100 Y-randomization runs
were performed (Edache et al., 2015).
2.7. Applicability domain

The applicability domain analysis was employed to determine if the designed compounds
fall within the chemical space of the predictive model. Williams plots were utilized to visualize
the relationship between standardized residuals and leverage (%), identifying any structural outliers
that exceed the warning leverage (4*) (Edache et al., 2015; Edache et al., 2025; Ugbe et al., 2022a,
Ugbe et al., 2022b).
2.8. Target protein setup and docking procedure

The three-dimensional (3D) structure of the enzymes BACEI (PDB ID: 2ZHV), AChE
(PDB ID: 4EY7), D2 dopamine receptor (PDB ID: 6CM4), and FGFR3 (PDB ID: 6LVM) were
retrieved from the Protein Database (PDB) (http://www. rcsb.org). Each receptor was prepared by
deleting heteroatoms and crystallographic water molecules. Thereafter, the proteins were prepared
and minimized using the MzDock software (Kabier et al., 2024). The reliability of the docking
protocol was corroborated by re-docking (Edache et al., 2025). At first, the native ligands were
withdrawn from the protein binding site cavity, and the binding site was defined by applying the
study ligands (Table 1) selection to obtain the ligand attributes as: centre x = 62.401, y = 46.016,
z=0.826, and size x = 60.75 A, y = 75.75 A, z = 57.75 A for 2ZHV; centre x = -13.988, y = -
43.905,z=27.108, and size x =34 A, y =14 A, z=26 A for 4EY7; centre x =9.177, y = 5.471,
z=-8.665 and size x=18 A, y=24 A, z=38 A for 6CM4; centre x =-3.650,y =0.227,z=9.933,
and size x =36 A, y =44 A, z=32 A for 6LVM. Docking of the prepared ligands together with
reference drugs (donepezil, galantamine, rivastigmine) was performed using EasyDockVina
v1.2.5. (Eberhardt et al., 2021). The pose with the lowest binding energy was chosen as the
preferred docked model, and the final selection of the best pose was supported by analysis of

conventional hydrogen bonds and other key noncovalent interactions. Lower binding energy



corresponds to a stronger predicted affinity. Re-docking produced an RMSD < 2 A between the
native crystal ligand and the best docked pose, confirming the protocol’s validity. Docking results
were visualized using Discovery Studio Visualizer.
2.9. ADMET and pharmacokinetic evaluation

The pharmacokinetic and toxicity profiles of the novel derivatives were conducted using
SwissADME and pkCSM web servers to determine the candidates' suitability for subsequent in
vitro and in vivo investigations (Edache et al., 2025; Daina et al., 2017; Ugbe et al., 2023a). The
ADMET analyses are screened according to Lipinski’s Rule of Five (Lipinski, 2002). The total
polar surface area (TPSA), water partition coefficient (MlogP), number of rotatable bonds (Rot-
bond), number of hydrogen bond donors (H-bond donor), number of hydrogen bond acceptors (H-
bond acceptor), molecular weight (MW), and synthetic accessibility (SA) were computed.
2.10. Molecular dynamics simulation protocol

To characterize the conformational behavior and binding stability of the Alzheimer’s
protein—ligand complexes at atomic resolution, MD simulations were performed starting from the
docked complexes and the 6CM4 crystal coordinates. Simulations were run with NAMD at 310 K
(Edache et al., 2025; Ugbe et al., 2024) for 200 ns. Simulation input files and ligand parameters
were generated using the CHARMM-GUI website (http://www.charmm-gui.org/). Each system
was energy-minimized and then equilibrated in two stages (NVT followed by NPT) at
physiological temperature, with explicit solvation provided by the TIP3P water model (Edache et
al., 2025). Trajectory analyses were carried out with VMD scripts to monitor stability and
dynamics via Root-Mean-Square Deviation (RMSD), radius of gyration (RoG), and other relevant
parameters, under periodic boundary conditions.
2.11. Free energy calculations: MM/GB(PB)SA and LIE

The binding free energy (AGuing) of each protein—ligand complex was estimated using the
Molecular Mechanics/Poisson-Boltzmann (General-Born) Surface Area MM-PB(GB)SA
endpoint approach, which offers a practical compromise between computational cost and
predictive accuracy (Edache et al., 2024). The calculated AGping combines the gas-phase molecular
mechanics energy (AGmwm), the solvation free energy (AGsor), and the conformational entropy term

(—TAS), as expressed in the following equations (Edache et al., 2025).

AGvind = Gcomplex - (Gprotein+Gligand) (4)
AEgs = AEin + AEgLE + AEvDW (6)

AGsol = AGpolar + AGnonpolar = AGGB + AGSA (7)



TAS = T(ASuans + ASrot + ASyib ®)

Where AGuing refers to the total binding free energy of the complex in kcal/mol, which is a
combination of molecular mechanics gas phase energy (AEgas), and solvation free energy (AGsol)
as displayed in equation 6. To quantify interaction energies between the hydroxyethylamine
derivatives and active-site residues of 6CM4, MM-PB(GB)SA calculations were performed using
CaFE and MOLAICAL tools (Liu & Hou, 2016; Bai et al., 2021). MM-PB(GB)SA calculations
employed a grid spacing of 1.0 A, with internal and external dielectric constants set to 1.0 and
80.0, respectively. AGpind values were computed from 100 representative snapshots sampled from
equilibrated portions of the MD trajectories. In addition to MM-PB(GB)SA, the Linear Interaction
Energy (LIE) method was applied as an independent end-state approach. For LIE analysis, each
ligand was also simulated in the unbound state in explicit solvent under the same simulation
conditions used for the protein—ligand complexes. The LIE coefficients for a, 3, and y were set to
their default values of 0.18, 0.33, and 0.0, respectively. The binding free energy via the LIE

approach is expressed as follows:

LIE = Q(AGLJ, boundfunbound) + B(AGLJ bozmdfunbound) + Y (9)
AGbind = a([VLJ Lingurr]bound - [VLJ, Lingurr] zmbound) + B([VCoul,Lingurr]bound
- [VCOul, Lingurr]unbound) +vy (10)

The [V, Lig-Surr]pouna and [V Ly, Lig-Surrlunbouna are the average Lennard-Jones (LJ) = van der Waals
(vdw) interaction energies of two complex bound and unbound statuses. The [V cous, Lig-Surr]bound
and [V cou, Lig-Surrlunbouna are the average Coulombic (Coul) = electrostatic (ele) interaction energies
from two protein-ligand bound or unbound status (Edache et al., 2025; Ugbe et al., 2023a).
3. Results and discussion
3.1. OSAR model evaluation and SAR discussion

Cheminformatics modelling of thirty-nine (39) hydroxyethylamine derivatives was
performed to establish a quantitative relationship between their chemical structure and inhibitory
activity. Using a Genetic Algorithm-Multiple Linear Regression (GA-MLR) procedure, a five-
descriptor QSAR model was developed. The resulting model is expressed as:
pICso = 6.5890 - 0.0015 (ATSC8m) + 4.1467 (AATSC7i) + 16.6420 (MATS4c) - 0.6902
(GATSSs) +0.7351 (GATS6s) Model 1 (11)
where ATSC8m is a centered 2D autocorrelation descriptor at topological lag 8, weighted by
atomic mass. AATSCT7i is an averaged centered 2D autocorrelation descriptor at lag 7, weighted
by atomic ionization potential. MATS4c is a Moran 2D autocorrelation descriptor at lag 4,

weighted by atomic charge. GATSSs is a Geary 2D autocorrelation descriptor at lag 5, weighted



by the atomic intrinsic state index. GATS6s is a Geary 2D autocorrelation descriptor at lag 6, also
weighted by the atomic intrinsic state index.

(Fitting criteria)

R%: 0.8545; R?%qj: 0.8254; R2-R%yj: 0.0291; LOF: 0.1060; Kxx: 0.3615; Delta K: 0.0130; RMSEq:
0.2205; MAEq: 0.1707; RSSy: 1.5073; CCCq: 0.9216; s: 0.2455; F: 29.3675.

(Internal validation criteria)

Q%00 0.7965; R?-Q%100: 0.0580; RMSEcy: 0.2608; MAEcy: 0.2043; PRESScy: 2.1084; CCCey:
0.8900; Q*1mo: 0.7681; R%yser: 0.1656; Q%vser: -0.3222; RMSE AV vyser: 0.5272.

(External validation criteria)

RMSE exi: 0.3169; MAE exi: 0.2529; PRESS exi: 0.6025; R%xi: 0.1236; Q*-Fi: 0.1620; Q*-Fa:
0.0212; Q*-F3: 0.6995; CCC ex: 0.3116; r2m aver.: 0.0297; r2m delta: 0.1204.

Predictions by LOO:

Exp(x) vs. Pred(y): R?: 0.7974; R'20: 0.7612; k': 0.9980; Clos': 0.0453; r'2m: 0.6458.

Pred(x) vs. Exp(y): R?: 0.7974; R20: 0.7965; k: 1.0001; Clos: 0.0011; r2m: 0.7738.

External predictions by the model equation:

Exp(x) vs. Pred(y): R?: 0.1236; R"20: -1.4315; k': 1.0062; Clos': 12.5786; r'"2m: -0.0305.

Pred(x) vs. Exp(y): R?: 0.1236; R20: 0.0491; k: 0.9911; Clos: 0.6030; r2m: 0.0899.

The model exhibited good calibration statistics (R? = 0.8545, R%q; = 0.8254, RMSEy =
0.2205, MAEy = 0.1707, F = 29.37), indicating an adequate fit to the training data. Internal
validation confirmed its robustness, with Q%00 = 0.7965, low RMSE., (0.2608) and MAE,,
(0.2043), and satisfactory Y-scrambling results (R?yser = 0.1656, Q*yser = — 0.3222), which exclude
chance correlations. The concordance correlation coefficients for training (CCCy = 0.9216) and
cross-validation (CCCey = 0.8900), together with acceptable LOO prediction metrics (e.g., r2m
and r"2m), further support the model’s internal reliability. For the external test set, the model
produced low prediction errors (MAEex = 0.2529, RMSEcx: = 0.3169), indicating that the absolute
deviations between experimental and predicted pICso values are small. Although the conventional
external determination coefficient was low (R%ex: = 0.1236), this behavior is attributable to variance
compression arising from the narrow and clustered experimental pICso range in the test set, which
mathematically deflates R%x under such conditions. In this context, the Consonni—Todeschini
Q?F; metric provides a more reliable measure of external predictivity, and the value obtained (Q°F3
= 0.6995) demonstrates strong external performance, comfortably exceeding the commonly
accepted threshold of 0.50 for quality QSAR models (Todeschini & Consonni, 2009; Todeschini
et al., 2016; Gramatica, 2014; Chirico & Todeschini, 2017). In addition, the calculated descriptor



values, experimental and predicted activities (pICso), and corresponding residuals are listed in
Table 2.
Table 2
Calculated descriptors, experimental and predicted pIC50 wvalues, and residuals for the

hydroxyethylamine derivatives

Ligand ATSC8m AATSCT7i MATS4c GATSS5s GATS6s pICso Pred. Residuals

1D plCso
1 211.5546 -0.0763 0.1426 1.7286 0.9483 7.8239 7.8199 -0.0040
2 -337.9455 -0.0109 -0.0615 1.0066 1.2361 5.7375 5.6745 -0.0630
3 -579.1338 0.0082 -0.1188 1.2376 1.7788 5.5317 5.6884 0.1567
4 -405.1601 -0.0241 -0.0347 1.1394 1.5097 6.0223 6.1181 0.0958
5* -392.4336 0.0081 -0.0522 1.1860 1.2594 5.8125 5.7395 -0.0730
6 -951.2766 -0.1972 -0.0396 1.6026 1.6364 5.4634 5.4807 0.0173
7 -452.3939 0.0526 -0.0419 1.6152 1.6214 6.3010 6.5346 0.2336
8* -462.6133 0.1176 -0.0598 1.1519 1.2569 5.7352 5.7352 0.2489
9* -83.1607 -0.0562 -0.0430 1.7061 1.7220 5.4935 6.1547 0.6612
10 -185.4853 -0.0979 -0.0334 0.9823 1.0735 6.4089 6.4122 0.0033
11 - 0.0061 -0.1252 1.2447 1.7533 5.5575 5.6428 0.0853
1198.1895
12 - 0.0563 -0.0158 1.5764 2.1000 6.0757 6.0965 0.0208
1073.1478
13 - 0.1806 -0.1143 1.1689 1.7253 6.3468 6.4160 0.0692
1139.0154
14 -377.4329 -0.0296 -0.0416 1.5752 1.7668 5.7399 5.8896 0.1497
15 -835.2303 0.1305 -0.0705 1.0435 0.9617 5.5346 5.6466 0.1120
16F - -0.1193 -0.1147 1.1885 1.7514 6.7696
1139.0154
17 -418.5456 -0.0742 -0.0266 1.2348 1.2460 6.0223 6.0080 -0.0143
18E - -0.0644 -0.0486 1.7150 1.6390 7.0000
1004.8481
19* -480.2221 0.0092 -0.0624 1.1874 1.6718 6.4815 6.3457 -0.1358
20 -389.4978 -0.0832 -0.0348 1.7053 1.6660 6.6383 6.1939 -0.4444
21 -452.3939 0.0526 -0.0419 1.6152 1.6214 6.6990 6.5346 -0.1644
22 -461.9458 -0.0056 -0.0442 1.6237 1.5902 5.8097 6.2097 0.4000
23 - 0.1179 -0.0306 1.0261 2.0426 6.7212 6.6348 -0.0864
1070.8686
24* -379.5535 0.0496 -0.0598 1.0982 1.5177 6.0088 5.8200 -0.1888
25 -306.1217 -0.0653 0.0207 1.1704 1.1841 6.4949 6.5828 0.0879
26 - -0.0591 -0.0436 1.2438 1.2600 6.2291 5.9650 -0.2641
1034.6144
27 -438.6129 0.0692 -0.0595 1.1300 1.1777 5.6904 5.6884 -0.0020
28 -296.9999 -0.0726 0.0092 1.6082 1.5670 6.9586 6.7218 -0.2368
29 -392.4336 0.0081 -0.0522 1.1860 1.2594 6.1871 5.7395 -0.4476
30 -579.1338 0.0082 -0.1188 1.2376 1.7788 5.8601 5.6884 -0.1717
31 -283.6063 0.0269 -0.1313 1.2310 1.8365 5.4908 5.5465 0.0557
32 -567.2741 0.0531 -0.1239 1.1500 1.8753 5.0526 5.3441 0.2915
33 -925.7956 0.0914 -0.1212 1.0777 1.9672 5.4908 5.0995 -0.3913
34 -273.6669 0.0080 -0.0009 1.1289 1.1965 5.9957 6.3347 0.3390
35 -389.4978 -0.0832 -0.0348 1.7053 1.6660 5.8210 6.1939 0.3729
36* -644.9141 0.1260 -0.1221 1.1880 1.7347 6.1871 5.9775 -0.2096
37 -719.3243 0.0854 -0.0615 1.0248 1.7517 5.7959 5.9512 0.1553
38 -951.2766 0.1127 -0.0392 1.5824 1.6124 7.2218 6.9231 -0.2987
39 -645.1681 0.0747 -0.1156 1.1956 1.6965 5.8928 5.8355 -0.0573

* = test set E = excluded



As indicated in Table 2, the application of the genetic algorithm in combination with
multiple linear regression (GA-MLR) yielded a QSAR model based on five descriptors that meets
the commonly accepted criteria for a reliable QSAR model. The small residuals between
experimental and predicted activities for both training and test sets (Table 2) indicate good
predictive performance. The variance inflation factor (VIF) values of the five selected descriptors
ranged from 1.5820 to 4.5751 (Table 3), well below the standard threshold of 5.0, indicating the
absence of severe multicollinearity and confirming that the QSAR model is statistically stable.
The statistical relevance of each descriptor was verified using an absolute t-statistic and two-tailed
p-values. All five descriptors exhibited absolute t-Stat greater than 2.0, consistent with statistical
significance of its contribution to the model (Adeniji et al., 2018; Ugbe et al., 2022b).

Table 3

Inter-correlation matrix and statistical parameters of the descriptors

Descriptor ATSC8m  AATSC7i MATS4c GATSS5s GATS6s  VIF ME t-Stat p-value
ATSC8m 1 24773 -0.0001 -6.15 1.3E-6
AATSC7i  0.2970 1 1.5820 0.1671 5.86 3.0E-6
MATS4c  0.3515 -0.3893 1 4.5751 0.8358 9.29 6.0E-10
GATSSs -0.2902 -0.4005 0.4254 1 2.9451 -0.0358 -2.26 3.2E-2
GATS6s -0.0908 0.2038 -0.5016  0.1814 1 2.3854 0.0330  3.16 3.9E-3

In addition, the p-values for all descriptors were below 0.05 at the 95% confidence level
(Table 3), supporting the alternative hypothesis that there is a significant relationship between the
descriptors in the model equation and the compounds’ inhibitory activities. The mean effect (ME)
values were used to assess the strength and direction of each descriptor’s contribution to the
inhibitory activity (Table 3). The magnitude of ME reflects the extent of influence, whereas its
sign indicates whether the effect is positive or negative. MATS4c, AATSC71, and GATS6s showed
the largest positive ME values (0.8358, 0.1671, and 0.0330, respectively), suggesting that
increasing these descriptor values is associated with higher inhibitory activity. By contrast,
ATSC8m and GATSSs exhibited negative ME values (—0.0001 and —0.0358), indicating that an
increase in these descriptors tends to decrease the inhibitory activity.

The agreement between experimental and predicted pIC50 values for the training and test
sets is shown in Figure 1. The close clustering of data points around the ideal regression line (y =
x) indicates good predictive performance and a strong fit of the model. Residual analysis (Figure
2) shows a random distribution of standardized residuals around zero within the accepted limits,

suggesting the absence of systematic error and heteroscedasticity.



© Training
® Prediction

Exp. endpoint vs. Pred. by model eq.

Pred. by model eq.

7.824—
7.477
7.131

6.7853

o 435
:

6.092—: E
]
5.745-] o
5.39( 32
5.053 7T ARRRRERE ARRRERRE RRRRRARE ARRRRERR RARARRERR RRRRREE AR 1
5.053 5.399 5.745 6.092 6.438 6.785 7.131 7.477 7.824
ATSCBm AATSC7i MATS4c GATS5s GATSGs Exp. endpoint

Figure 1. Experimental versus predicted pICso values for the hydroxyethylamine derivatives using
the GA-MLR QSAR model

Applicability domain analysis was performed using the Williams plot of standardized
residuals versus leverage values (Figure 3). All dataset compounds fell strictly within the
standardized residual bounds of + 3.0 standard deviations, confirming the complete absence of
response outliers. Although Compound 9 displayed the highest positive standardized residual (=
+2.88), it remained safely within the statistical boundary. Regarding structural space, no
compound exceeded the warning leverage (4* = 0.581). Compounds 1 and 23 recorded the highest
leverages (h = 0.480), positioning them as structurally influential molecules that define the outer

boundary of the chemical space while remaining valid within the domain.
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Figure 2. Experimental pICso values versus residuals for the hydroxyethylamine derivatives
predicted by the GA-MLR model

Furthermore, to verify that the model performance was not due to chance, a Y-
randomization test was carried out (Figure 4). The randomized models gave much lower R? and
Q? values than the original model, and the obtained modified coefficient of determination (cR?))
value was above 0.50, supporting the robustness and reliability of the model. Based on the dataset
analysis and QSAR model predictions, Compound 1 was identified as the most suitable template
for future lead optimization and drug design. It showed the highest experimental inhibitory activity
(pICso = 7.8239), with an almost identical predicted value (pICso = 7.8199) and a very low residual
error (— 0.0040). In addition, Williams plot analysis (Figure 3) showed that Compound 1 has
relatively high leverage (4 = 0.480) close to the warning limit (4* = 0.581), while remaining within
the + 3.0 applicability domain, indicating that it is an influential and reliable lead structure for the

hydroxyethylamine derivatives series.
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compared with the original QSAR model
3.2. In silico screening and docking analysis

Molecular docking analysis of the hydroxyethylamine derivatives was performed to
evaluate the binding behavior of the compounds against four target proteins: BACE1 (PDB ID:
2ZHV), AChE (PDB ID: 4EY7), D2 dopamine receptor (PDB ID: 6CM4), and FGFR3 (PDB ID:
6LVM). This approach helps predict how well a ligand fits into the active site of a receptor and
estimates its binding affinity, making it a useful and cost-effective tool for virtual screening. In
this study, three reference drugs, namely donepezil, galantamine, and rivastigmine, were also
docked against the selected Alzheimer’s disease targets for comparison. The docking results

obtained using EasyDockVina are presented in Table 4. The binding affinities of the reference



drugs against BACE1 were —6.945, —6.773, and —5.321 kcal/mol, respectively; against AChE,
they were —11.86, —10.62, and —8.129 kcal/mol, respectively; against D2 dopamine receptor,
—9.97,-7.433, and —7.289 kcal/mol, respectively; and against FGFR3, —8.84, —8.306, and —6.592
kcal/mol, respectively.

Among the screened molecules including the reference drugs, compound 10 displayed the
most favorable binding profile across all four receptors, with binding affinities of —7.749, —11.54,
—11.15, and —9.535 kcal/mol for BACE1, AChE, D2 Dopamine, and FGFR3, respectively.
Compound 38 (with binding affinities of —7.828, —11.93, —-10.42, and —8.68 kcal/mol for BACEI,
AChE, D2 Dopamine, and FGFR3, respectively) and Compound 21 (with binding affinities of —
7.696, —11.47, —10.66 and —9.021 kcal/mol for BACE1, AChE, D2 Dopamine, and FGFR3,
respectively) also showed notable binding scores, but compound 10 consistently ranked highest
overall. Based on these results, compound 10 was selected as the most promising hit compound
for further investigation.
Table 4
Docking scores of the identified compounds against BACE1 (PDB ID: 2ZHV), AChE (PDB ID:
4EY7), D2 dopamine receptor (PDB ID: 6CM4), and FGFR3 (PDB ID: 6LVM).

Binding affinities (kcal/mol)

Compound ID

2ZHV 4EY7 6CM4 6LVM
1 -6.019 -8.758 -8.564 -7.24
2 -7.106 -11.25 -10.09 -8.472
3 -7.567 -11.14 -9.395 -8.539
4 -7.404 -10.74 -9.596 -8.644
5 -7.094 -11.88 -10.57 -8.709
6 -7.72 -11.68 -10.75 -8.327
7 -7.118 -11.64 -10.65 -8.574
8 -6.592 -11.21 -10.76 -8.329
9 -7.469 -10.48 -8.852 -7.982
10 -7.749 -11.54 -11.15 -9.535
11 -7.823 -10.07 -8.587 -8.107
12 -7.548 -9.769 -8.831 -8.365
13 -8.105 -12.01 -9.69 -8.41
14 -7.747 -11.3 -10.44 -8.925
15 -6.357 -10.72 -9.865 -7.975
16 -7.443 -11.05 -10.15 -8.293
17 -7.589 -10.35 -9.406 -8.496
18 -7.299 -10.21 -9.011 -8.591
19 -7.315 -11.08 -9.526 -9.064
20 -7.238 -10.89 -9.895 -8.9
21 -7.696 -11.47 -10.66 -9.021



22 -8.046 -11.29 -9.775 -8.78

23 -7.169 -10.12 -8.443 -7.983
24 -7.503 -10.69 -9.768 -8.303
25 -7.604 -10.33 -8.407 -8.418
26 -6.895 -9.945 -8.656 -7.744
27 -6.908 -10.48 -10.05 -7.68

28 -7.378 -10.9 -9.366 -8.868
29 -8.313 -10.82 -9.438 -7.858
30 -7.89 -10.88 -9.469 -8.489
31 -8.094 -10.28 -8.444 -7.842
32 -8.027 -11.43 -10.01 -7.866
33 -8.004 -11.55 -9.961 -8.586
34 -7.036 -10.61 -8.922 -8.395
35 -8.061 -10.78 -9.989 -9.49

36 -7.394 -11.75 -10.28 -8.43

37 -7.662 -10.95 -10.36 -8.191
38 -7.828 -11.93 -10.42 -8.68

39 -7.406 -10.98 -9.906 -8.028
Donepezil -6.945 -11.86 -9.97 -8.84

Galantamine -6.773 -10.62 -7.433 -8.306
Rivastigmine -5.321 -8.129 -7.289 -6.592

3.3. Molecular docking with BACE1 inhibitor (PDB ID: 2ZHYV)

The binding modes of the reference drug, donepezil, and the top-ranked candidate,
compound 10, within the active site of the BACEI1 receptor are shown in Figures 5a and 5b,
respectively. In the reference complex, donepezil fits well into the binding pocket of BACE1 and
is stabilized by several interactions, including a Pi-anion interaction with ASP32, Pi-sigma and Pi-
alkyl interactions with PHE108 and LYS107, a conventional hydrogen bond with TYR71, and
additional van der Waals contacts with ASP228, THR231, GLY230, GLY34, SER35,ILE118, and
GLY74. Compound 10 showed a more extensive interaction pattern within the BACE1 binding
site. The complex was stabilized by an attractive charge interaction with ASP32, a halogen bond
with ASP228, Pi-Pi stacking with TYR71, alkyl interactions with VAL332 and ILE226, and
multiple conventional hydrogen bonds with GLY34, SER35, THR231, and ARG235. Additional
van der Waals interactions with GLY230, ILE110, TRP115, LEU30, LYS107, GLY74, TYR198,
and THR329 further supported the binding. Although a minor unfavorable interaction was
observed with ARG128, the overall interaction profile suggests that compound 10 has stronger
binding potential than donepezil and may serve as a promising inhibitor candidate for Alzheimer’s

disease targets.
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Figure 5. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with

the BACE1 inhibitor (PDB ID: 2ZHV).



3.4. Molecular docking with AChE inhibitor (PDB ID: 4EYZ)

Figures 6a and 6b show the binding modes of the reference drug, donepezil, and the top-
ranked candidate, compound 10, within the active site of the AChE receptor, respectively. In the
reference complex, donepezil fits well into the binding pocket and is stabilized by several
interactions, including an unfavorable positive-positive interaction with HIS447, a Pi-cation
interaction with TYR337, Pi-sigma and Pi-pi stacking interactions with TRP286 and TYR341, as
well as alkyl and Pi-alkyl interactions with LEU289, PHE338, TRP86, TYR72, and TYR341.
Additional stabilization is provided by carbon-hydrogen bonds with TYR124 and the methoxy
oxygen atoms, while SER293, PHE295, GLY121, TYR133, GLY 120, and SER203 contribute

through van der Waals interactions.
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Figure 6. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with
the AChE inhibitor (PDB ID: 4EYZ).

Compound 10 showed a more extensive interaction network within the AChE active site.
The complex is stabilized by Pi-cation interactions with HIS447 and TYR341, Pi-sigma and Pi-pi
stacking interactions with TRP86 and TRP286, and Pi-alkyl interactions with TRP86. In addition,
the ligand forms conventional hydrogen bonds with TYR72, TYR124, and SER125, a Pi-donor
hydrogen bond with TYR124, and a carbon-hydrogen bond with ASP74. Further stabilization is
contributed by van der Waals interactions with GLU202, SER203, TYR133, LEU130, GLY 126,
ALA127, ASN87, GLN71, PHE295, PHE297, GLY 121, GLY 120, GLY448, and TYR337.

3.5. Molecular docking with D2 Dopamine receptor (PDB ID: 6CM4)

The binding orientations of the reference drug, donepezil, and compound 10 in the D2
dopamine receptor are presented in Figures 7a and 7b. Donepezil occupies the receptor pocket
through a combination of electrostatic, hydrophobic, and hydrogen-bonding interactions. A salt
bridge is observed between the protonated nitrogen atom and ASP114, while Pi-Pi T-shaped
interactions with TRP386, PHE390, and TRP100, together with alkyl and Pi-alkyl contacts
involving CYS118, VAL115, LEU94, and VAL91, help stabilize the complex. Additional support
comes from hydrogen bonds with TRP413 and carbon-hydrogen interactions with THR412 and



TRP413, as well as van der Waals contacts with SER197, SER193, PHE389, TYR416, PHE189,
and SER409. Compound 10 exhibited a broader interaction network in the same receptor site. Its
binding was reinforced by a salt bridge with ASP114 and several halogen bonds with CYS118,
which may enhance binding specificity. The ligand also formed Pi-Sigma, Pi-Pi T-shaped, alkyl,
and Pi-alkyl interactions with LEU94, TRP386, PHE390, TYR408, TRP100, PHE198, VAL115,
ILE184, HIS393, VAL91, and THR412. Although an unfavorable acceptor-acceptor interaction
was observed with ASP114, the overall complex was further supported by van der Waals contacts

with SER197, PHE382, SER193, THR119, VAL190, PHE110, PHE389, TYR416, and PHE189.
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Figure 7. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with
the D2 Dopamine receptor (PDB ID: 6CM4).

3.6. Molecular docking with FGFR3 receptor (PDB ID: 6LVM)

The binding modes of the reference drug, donepezil, and compound 10 within the active
site of the FGFR3 receptor are shown in Figures 8a and 8b, respectively. The reference complex,
donepezil, fits well into the binding pocket of FGFR3 and is stabilized by several interactions. In
particular, an attractive charge interaction with ASP635 (3.93 A), together with Pi-cation and Pi-
anion contacts involving LYS508 (5.41 A) and GLU525 (8.99 A), contributes to electrostatic
stabilization. Hydrophobic interactions are also observed through a Pi-sigma interaction with
LEU478 (4.23 A), as well as alkyl and Pi-alkyl interactions with LEU478 (4.52 A), VAL486 (6.29
A and 6.46 A), ALA558 (3.73 A), LEU624 (5.44 A and 5.99 A), VAL555, and ALA634 (5.14 A
and 6.01 A). In addition, the ligand forms carbon-hydrogen bonds with GLU556 (4.50 A, 4.62 A,
and 6.54 A) and TYR557, while ASN622, ALA506, GLY561, and GLY479 contribute through
van der Waals interactions. These multiple contacts support the stability of the reference drug
within the receptor active site.

The binding orientation of compound 10 was similarly examined in the FGFR3 receptor

active site, and it displayed a more extensive interaction network than the reference drug. The



complex was mainly stabilized by an attractive charge interaction with ASP635 (3.71 A) and a Pi-
cation interaction with GLU525 (5.68 A). In addition, several halogen (fluorine) bonds were
formed with ALA506 (4.68 A), PHE636 (5.73 A and 6.82 A), and LYS508 (4.51 A), which may
enhance binding specificity. The hydrophobic region of the complex was stabilized by Pi-sigma,
alkyl, and Pi-alkyl interactions with LEU624 (5.18 A), TYR557 (5.15 A), ALA558, MET529 (6.15
A), VAL486, LYS508 (4.83 A and 5.33 A), and VAL555 (6.07 A). The ligand also formed a
conventional hydrogen bond with LYS508 (4.13 A). Further stabilization was provided by van der
Waals interactions with ASN562, VAL553, GLY479, GLU480, GLY481, ALA634, and GLY484.
Overall, the combination of electrostatic, hydrophobic, halogen-bonding, and hydrogen-bonding
interactions suggests that compound 10 has stronger binding affinity and greater stability than the

reference drug.
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Figure 8. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with
the FGFR3 receptor (PDB ID: 6LVM).

3.7. Design and molecular docking of novel analogs of ligand 10

To explore improved pharmacological profiles, structural analogs of compound 10 were
systematically designed by modifying substituents and incorporating key pharmacophoric
fragments (Table 5). The 3D structures of these novel analogs were generated in MarvinSketch
and energy-minimized according to the procedure reported by Hanwell ef al. (2012), as done for
the original dataset. The SMILES notation (Supplementary Table 2) were converted and save in
SD file for subsequent docking and validation studies. The in silico synthesized analogs were
compared with reference drugs and the template compound 10, and some of the designed analogs
showed better binding affinities than both the template compound and the reference standards
across the four target receptors, with binding free energies ranging from —6.771 to —11.85
kcal/mol. Among the series, Ligands B1 and B2 gave the most favorable docking scores, whereas

B9 and B6 showed the lowest average binding affinities.



Table 5

Molecular structure and binding affinity of the newly designed ligand.

Designe  Molecular structure Binding affinities (kcal/mol)
d ligand 2ZHV  4EY7 6CM4 6LVM
ID
Bl N -7.949  -11.5 -10.3 -9.149
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3.8. Physicochemical, bioavailability, and drug-likeness profiles

The SwissADME (www.swissadme.ch) was used to predict physicochemical parameters

and ADME-related properties of the designed analogs, the template Compound 10, and the

reference drug Donepezil, as summarized in Table 6. According to Lipinski’s Rule of Five (Ro5)

a standard benchmark for evaluating oral bioavailability, a candidate molecule should ideally

violate no more than one of the following criteria: molecular weight (MW) < 500 g/mol, hydrogen

bond acceptors (HBA) < 10, hydrogen bond donors (HBD) < 5, and lipophilicity (MLogP) <4.15

(Lipinski ef al., 2001). Among the evaluated compounds, eight of the ten designed analogs (B2,
B4, BS, B6, B7, B8, B9, and B10) exhibited zero Lipinski violations, while analogs B1 and B3



displayed only one minor violation (MW > 500 g/mol). In contrast, the parent template (Compound
10) violated two criteria (MW > 500 g/mol and MLogP > 4.15).
Table 6

Physicochemical and bioavailability properties of the designed analogs, compound 10, and

donepezil
ID name MW HBA HBD MLOGP TPSA Lipinski ESol BBB B.S S.A
<500 <10 <5 <4.15 <140 Ro5 Log S Permeant  Higher Lower the
the better  better

Bl 534.57 8 3 2.6 87.14 1 5.3 No 0.55 4.04
B2 456.5 6 3 4.08 61.36 0 -5.11 Yes 0.55 3.66
B3 541.6 8 3 2.81 73.83 1 -5.38 Yes 0.55 4.51
B4 490.6 5 3 2.17 98.04 0 -5.06 No 0.55 42

B5 436.47 7 3 2.47 70.59 0 -4.19 Yes 0.55 3.88
B6 498.62 6 3 1.39 97.62 0 -4.47 No 0.55 4.41
B7 481.51 6 4 3.44 77.15 0 -5.49 No 0.55 3.73
B8 484.56 6 3 2.22 87.14 0 -4.6 No 0.55 3.83
B9 388.5 3 3 33 61.36 0 -4.25 Yes 0.55 3.31
B10 44457 4 2 2.68 61.8 0 -4.8 Yes 0.55 3.86
Compd. 10 532.6 6 3 5 61.36 2 -6.63 No 0.17 4.15
Donepezil 379.49 4 0 3.06 38.77 0 -4.81 Yes 0.55 3.36

MW = molecular weight in g/mol, HBA = hydrogen bond acceptor, HBD = hydrogen bond donor, MlogP = lipophilicity, TPSA =
total polar surface area, BBB = blood-brain barrier permeant, B.S = bioavailability score, and S.A = synthetic accessibility, ESOL
= estimated water solubility.

All designed analogs displayed Topographical Polar Surface Area (TPSA) values well
below the 140 A2 threshold (ranging from 61.36 to 98.04 A?), indicating favorable human intestinal
absorption (HIA) upon oral administration. Regarding aqueous solubility (ESOL Log S), all newly
designed analogs exhibited moderate solubility (ranging from -4.19 to -5.49), representing a
substantial improvement over the poorly soluble template Compound 10 (Log S = -6.63). For
central nervous system (CNS) targets such as Alzheimer’s disease, blood-brain barrier (BBB)
penetration is essential (Thai et al., 2020). Analogs B2, B3, B5, B9, and B10 were predicted to be
BBB permeant, mirroring the behavior of the reference drug Donepezil, whereas the parent
Compound 10 failed to cross the BBB. Synthetic Accessibility (SA) scores ranged from 3.31 (B9)
to 4.51 (B3). Since lower SA scores denote ease of chemical synthesis, compounds B2 (3.66), B5
(3.88), and B9 (3.31) were predicted to be synthetically accessible with lower synthetic rigor than
the template (4.15), whereas B3 (4.51) and B6 (4.41) present slightly higher synthetic complexity.
To gain a rapid visual assessment of drug-likeness, oral bioavailability radars (Ugbe et al., 2023c)
for the top-performing candidate compounds (B2 and BS5) are depicted in Figure 9. The pink
hexagonal region defines the optimal physicochemical space across six key properties: size,
lipophilicity (LIPO), solubility (INSOLU), polarity (POLAR), saturation (INSATU), and
flexibility (FLEX). Both B2 and BS5 reside almost entirely within the ideal drug-like envelope,



exhibiting only a mild off-axis deviation in molecular flexibility (FLEX) (Daina et al., 2017; Veber
et al.,2002).

LIPO LIPO

FLEX SIZE FLEX SIZE

INSATU POLAR INSATU POLAR

B2 w Bs W

Figure 9. Oral bioavailability radars of compounds B2 and B5.
3.9. In silico pharmacokinetic and ADMET profiling

The pkCSM (biosig.lab.ug.edu.au/pkcsm) was employed to further evaluate the
therapeutic potential and safety margin of the designed analogs, template compound 10, and
reference drugs donepezil, with an in silico assessment of Absorption, Distribution, Metabolism,
Excretion, and Toxicity (ADMET) as indicated in Table 7. High human intestinal absorption (HIA)
was predicted for all analogs, with B10 (95.68%), B8 (93.55%), and B9 (92.40%) showing
particularly strong permeability, comparable to donepezil (93.74%). Blood-brain barrier
penetration, a key requirement for Alzheimer’s disease therapeutics, was evaluated using predicted
LogBB values: B2 (LogBB = 0.129) and B9 (LogBB = 0.122) exhibited enhanced BBB
permeability relative to both donepezil (LogBB = 0.048) and the template compound 10 (LogBB
=-0.012). All analogs, compound 10, and donepezil were predicted to be substrates and inhibitors
of P-glycoprotein (P-gp I and II), suggesting possible involvement in active efflux transport.
Table 7
ADMET profiles of the designed analogs, compound 10, and donepezil

ADMET Properties Compounds ID
Bl B2 B3 B4 B5 B6 B7 B8 B9 B10 Compd Donepezil
10
Absorption
Human intestinal 89.60 8621  81.83 8203 8723 7222 8556 9355 92401 95683  86.75 93.74
absorption (%)
Skin permeability -2.74 -2.76 -2.74 -2.74 -2.80 -2.74 -2.74 -2.74 -2.77 -2.736 -2.74 -2.97
P-glycoprotein substrate Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes



P-glycoprotein I inhibitor ~ Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
?-g.l e oprotein 1 Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
inhibitor
Distribution
BBB permeability - -
(LogBB) -1.292 0.129 -0.76 -0.746 -0.975 -0.513 0.867 1163 0.122 -0.246 -0.012 0.048
CNS permeability - - R )
(Log PS) -2.672 -2.339 -2.617 -2.494 -2.734 -2.835 2199 2857 -2.497 -2.593 2.006 1.422
Metabolism
CYP2D6 substrate Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes No
CYP3A4 substrate Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
CYP1A2 inhibitor No No No No No No Yes No Yes No No No
CYP2C19 inhibitor Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes No
CYP2C9 inhibitor Yes Yes No Yes No No Yes Yes No Yes Yes No
CYP2D6 inhibitor No Yes Yes Yes Yes Yes Yes No Yes Yes Yes Yes
CYP3A4 inhibitor Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Excretion
Total Clearance 0914 0964 0801 1003 1066 1006 1014 1051 1171 0832 068 1.006
(Log ml/min/kg)
Renal OCT?2 substrate No No No No No No No No No No No Yes
Toxicity
AMES toxicity No No No Yes No No No No No No No No
?ﬁi’;;ﬁ;erated dose 0687 0501 0066 0543 0196 0035 0708 0441 0.172 0336 0381 0.078
hERG I inhibitor No No No No No No No No No Yes No No
Hepatotoxicity Yes Yes No Yes Yes Yes Yes Yes Yes No Yes No
Skin Sensitization No No No No No No No No No No No No

It was also shown that all the designed analogs were predicted to be substrates of CYP3A4
and CYP2D6. Inhibitory profiling indicated that every analog inhibits CYP3A4 and CYP2C19,
while CYP1A2 inhibition is restricted to B7 and B9. Predicted total clearance values ranged from
0.801 Log ml/min/kg (B3) to 1.171 Log ml/min/kg (B9), with B5 (1.066), B8 (1.051), and B9
(1.171) cleared more rapidly than compound 10 (0.68 log ml/min/kg) which provides the extent
of drug elimination from the body (Talevi & Bellera, 2021). None of the designed analogs or
compound 10 were identified as substrates of renal organic cation transporter 2 (OCT2), which
reduces the likelihood of OCT2-mediated renal toxicity or drug—drug interactions (Ugbe ef al.,
2023c). Also, most analogs were predicted to be non-mutagenic, with nine out of ten (all except
B4) giving negative Ames test predictions. In terms of cardiotoxicity, only B10 was predicted to
inhibit the hERG I potassium channel, whereas the remaining analogs showed no hERG I
inhibition, indicating a low risk of drug-induced arrhythmia. No skin sensitization liability was
observed across the series. With respect to hepatotoxicity, most compounds showed a potential
hepatotoxic signal; however, B3, B10, and donepezil were predicted to be non-hepatotoxic. Based
on the drug-likeness, ADME, and toxicological analyses conducted, the newly designed analogues
showed good pharmacokinetic properties and were compared favourably with the lead compound
and reference drug.

3.10. Target selectivity profile of the designed analogs
The wide-ranging therapeutic potential, binding specificity, and off-target safety of the

designed hydroxyethylamine analogs were assessed by integrating multi-target docking (Table 5),



drug-likeness analysis (Table 6), and ADMET profiling (Table 7). The primary biological target,
BACEI, was evaluated together with secondary neurological targets (AChE and the D2 dopamine
receptor) and the off-target kinase FGFR3. The combined analysis of binding geometries, key
active-site interactions, and pharmacokinetic parameters (HIA, LogBB, clearance, metabolic
inhibition, and toxicity alerts) identified analogs B2 and B5 as the most balanced lead compounds.

In their interactions with BACE1, B2 forms conventional hydrogen bonds and charge-
assisted electrostatic contacts with ASP32 (4.79 A) and ASP228 (5.93 A), closely mimicking the
interaction pattern required for catalytic blockade (Figure 10A). Additional stabilization arises
from halogen bonds between the trifluoromethyl group and LYS107 (6.44 A and 6.74 A), a n-
cation interaction with ARG235 (5.79 A), and hydrophobic contacts involving VAL332 and
PHE108. In Figure 11A, B5 displays a similar binding orientation, anchoring directly to ASP228
via a hydrogen bond (4.85 A) and forming a strong salt bridge with ASP32 (4.52 A). The
tetrahydrofuran oxygen further engages ARG235 through a hydrogen bond (5.03 A), while
THR231 (4.86 A) stabilizes the ligand backbone. Halogen interactions with LYS107 (6.36 A and
6.88 A) and m-alkyl contacts with PHE108 (3.97 A) and VAL332 (5.31 A) help secure B5 within
the BACEI active cleft.
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Figure 10. Docked poses of designed ligand B2 with (A) BACEI (PDB ID: 2ZHV), (B) AChE
(PDBID: 4EYZ), (C) D2 Dopamine receptor (PDB ID: 6CM4), and (D) FGFR3 (PDB ID: 6LVM).

For off-target interactions with AChE, Figure 10B shows that B2 engages both the catalytic
active site (CAS) and the peripheral anionic site (PAS). It forms double hydrogen bonds with
SER125 (3.43 A) and ASN87 (4.58 A), a strong salt bridge with ASP74 (3.66 A), and a halogen
interaction with PHE295 (5.14 A). Its aromatic rings participate in n—x stacking with PAS residues
TRP86 (4.24 A), TYR337 (3.86 A), TYR341 (4.73 A), and TRP286 (6.08 A), supporting dual-site
binding. As depicted in Figure 11B, B5 similarly shows dual engagement of CAS and PAS,
forming hydrogen bonds with SER125 (4.48 A) and TYR72 (4.95 A), together with an attractive
charge/salt-bridge interaction with ASP74 (5.16 A). Aromatic stabilization is maintained through
n—n contacts with TRP86 (5.00 A), TYR124 (5.41 A), and TRP286 (4.88 A).

Cross-reactivity with the D2 dopamine receptor is illustrated in Figure 10C, where B2
forms an ionic salt bridge between its protonated amine and the orthosteric aspartate ASP114 (4.74
A and 4.97 A). Halogen interactions are established with CYS118 (3.76 A), and an extended
network of m—n T-shaped and n-alkyl contacts involving TRP386, PHE390, THR412, and VAL115
stabilizes the complex within the receptor pocket. Figure 11C shows that B5 also binds ASP114
via a salt bridge (4.92 A) and forms multiple halogen contacts with CYS118 (3.64 A and 4.43 A).
Hydrophobic and n-stacking interactions with TRP386 (5.09 A), PHE390 (5.10 A), THR412 (5.86
A), and ILE184 (4.95 A) further contribute to its binding, highlighting a similar D2 receptor

engagement pattern to B2.
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Figure 11. Docked poses of designed ligand B5 with (A) BACE1 (PDB ID: 2ZHV), (B) AChE
(PDBID:4EYZ), (C) D2 Dopamine receptor (PDB ID: 6CM4), and (D) FGFR3 (PDB ID: 6LVM).

The interaction profile with FGFR3 (Figure 10D) indicates that B2 occupies the ATP-
binding region, forming a hydrogen bond with LYS508 (4.88 A) and halogen contacts with
ALAS558 and ASN562 (3.27 A and 4.09 A). Surrounding hydrophobic interactions with VALSS5S,

LEU
A522



ILES39, MET529, ALA634, and LEU478 contribute to local stabilization, suggesting measurable
but not dominant kinase engagement. In Figure 11D, B5 interacts with the hinge/ATP pocket
through hydrogen bonds to ASN562 (4.45 A) and LYS508 (4.10 A and 4.24 A), together with
halogen contacts to GLU525 (4.79 A and 4.81 A). n-alkyl and m-cation interactions involving
LYS508, ASP635, VALS55, LEU478, and LEU624 further support binding.

Consequently, both B2 and BS5 fully comply with Lipinski’s Rule of Five and exhibit
superior aqueous solubility (LogS = —5.11 and —4.19, respectively) compared with the poorly
soluble template compound 10 (LogS = —6.63). Their synthetic accessibility (SA) scores (3.66 for
B2 and 3.88 for BS) also indicate easier synthetic feasibility relative to the parent compound (4.15).
In terms of CNS penetration and absorption, B2 achieves the highest predicted blood—brain barrier
permeability in the series (LogBB = 0.129), exceeding both donepezil (0.048) and compound 10
(—0.012), making it a strong central nervous system candidate (Thai et al., 2020). BS shows high
human intestinal absorption (87.23%) and rapid total metabolic clearance (1.066 Log ml/min/kg),
supporting favorable systemic handling. Importantly, both analogs are predicted to be non-
mutagenic (Ames negative) and free of hERG I potassium channel inhibition alerts, indicating a
low cardiotoxicity risk. In conclusion, based on this combined multi-target docking, drug-likeness,
and ADMET evaluation, newly designed analogs B2 and B5 were selected as primary lead
candidates for downstream molecular dynamics (MD) simulations to investigate their
thermodynamic stability, conformational flexibility, and dynamic binding persistence in aqueous
environments.

3.11 Molecular dynamics simulation

The structural stability, conformational flexibility, compactness, and intermolecular
hydrogen-bonding networks of the complexes were evaluated. A 200 ns all-atom molecular
dynamics (MD) simulations were performed for the reference inhibitor (donepezil), template
ligand 10, and two selected leads (B2 and BS5). Time-dependent trajectories and average MD
parameters are summarized in Figures 12 (a—e) and Table 8.

Table 8

Average values of RMSD, RMSF, RoG, SASA, and number of hydrogen bonds for Donepezil,
Template ligand 10, and lead compounds B2 and BS5 over 200 ns MD simulations.

Molecule Parameters

RMSD (A) RoG (A) RMSF (A) SASA (A?) H-Bond
Donepezil 3.75 29.27 1.96 27,084.66 52.24
B2 2.99 28.88 1.51 24,559.99 57.42
B5 4.16 29.44 2.09 26,544.73 53.21

Template L. 10 4.36 29.19 2.08 25,907.57 54.81




The root mean square deviation (RMSD) of the protein backbone atoms was monitored
over the 200 ns simulation to assess complex equilibration (Figure 12a). As shown in Table 8,
compound B2 exhibited the lowest average RMSD value (2.99 A). Donepezil, B5, and template
ligand 10 displayed noticeable trajectory drift between 80 and 180 ns (peaking between 5.0 and
7.0 A), whereas B2 attained a steadily equilibrated trajectory after ~100 ns, plateauing near 3.5—
4.0 A. This pronounced structural stabilization indicates that B2 induces minimal conformational
perturbation within the binding pocket compared with the parent template and standard drug. Local
residue mobility was assessed through root mean square fluctuation (RMSF) calculations (Figure
12b). Consistent with the RMSD trends, the B2 complex demonstrated the lowest mean global
flexibility (1.51 A), compared with donepezil (1.96 A), B5 (2.09 A), and template ligand 10 (2.08
A). Significant fluctuations (RMSF > 3.0 A) observed in flexible loop regions around residues
200-240 and 300-320 in the donepezil and template ligand 10 complexes were substantially
suppressed upon B2 binding. This localized damping highlights strong active-site contacts,
anchoring key pocket residues and enhancing active-site rigidity.

The overall protein compactness and hydrophobic core integrity were evaluated using the
radius of gyration (RoG, Figure 12¢) and solvent-accessible surface area (SASA, Figure 12d). B2
yielded the most compact complex architecture, with an average RoG of 28.88 A and the lowest
mean SASA value (24,560 A?). The sustained reduction in SASA for B2 relative to donepezil
(27,085 A?) suggests more extensive hydrophobic burial of the lead scaffold within the binding
site, limiting solvent exposure and helping to preserve the tertiary fold throughout the simulation.
Hydrogen-bond formation dynamics were tracked over the 200 ns simulation to evaluate binding
tenacity (Figure 12¢). Compound B2 maintained a dense network of noncovalent interactions, with
an average of 57.42 hydrogen bonds over the simulation. In comparison, donepezil, B5, and
template ligand 10 formed average counts of 52.24, 53.21, and 54.81, respectively. The higher
occupancy and density of hydrogen bonds in the B2 complex provide a structural rationale for its

enhanced thermodynamic binding affinity.
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Figure 12. Molecular dynamics (MD) simulation results for 200 ns trajectories of the Alzheimer’s
inhibitor complexes: (A) RMSD, (B) RoG, (C) RMSF, (D) SASA, and (E) number of hydrogen
bonds.

3.12 Binding affinity and free energy analysis

Thermodynamic binding profiles and noncovalent forces stabilizing the complexes, end-
point binding free energy calculations comprising LIE, MM/PBSA, and MM/GBSA were
performed over the equilibrated simulation trajectories (Tables 9—11).
Table 9

Linear interaction energy (LIE) calculation of the complexes.

Name Van der Waals Electrostatic Total LIE
(kcal/mol) (kcal/mol) (kcal/mol)
Donepezil -51.3133 -12.8758 -13.4854
B2 -53.7183 -37.6228 -22.0848
B5 -49.9822 -36.5678 -21.0642

Template ligand 10 -53.4749 -50.1754 -26.1834




The LIE method estimates binding affinity by evaluating the differences in nonbonded van
der Waals and electrostatic interaction energies between the solvent-bound and receptor-bound
states (Table 9). All designed compounds and the template exhibited substantially more favorable
binding than the reference drug donepezil (—13.49 kcal/mol). Template ligand 10 showed the most
favorable LIE binding energy (—26.18 kcal/mol), followed by lead candidate B2 (—22.08 kcal/mol)
and B5 (—21.06 kcal/mol). Nonpolar van der Waals interactions were the dominant driving force
for all ligands, contributing between —49.98 and —53.72 kcal/mol. MM/PBSA calculations yielded
binding free energies consistent with the LIE trends, with template ligand 10 and lead B2
displaying more favorable AGying values than donepezil (Table 10).

Table 10
MM/PBSA calculation for the complexes.

Parameters Donepezil B2 (Mean/SD) BS5 (Mean/SD) Template ligand 10
(Mean/SD) (Mean/SD)

Electrostatic -12.8758/5.1217 -37.8816/6.4929 -36.5679/5.2734  -50.1754/5.8089

Van der Waals -51.3133/2.5824 -53.6642/3.4544 -49.9822/3.0560  -53.4749/3.0933

Poisson-Boltznann
Solvent Accessible

63.8405/6.5998
-6.0203/0.0972

79.7468/5.9292
-6.6310/0.1341

81.3571/4.8897
-6.4616/0.1080

87.6921/5.4277
-7.3294/0.1170

Gas Phase Energy -64.1891/5.2336 -91.5458/5.9415 -86.5500/4.9942  -103.6503/5.5361
Solvation Energy 57.8202/6.6169 73.1158/5.9415 74.8955/4.8606 80.3627/5.4022
Polar Contribution 50.9647/4.4094 41.8652/4.7989 44.7893/4.8131 37.5167/4.5551
Non-polar Contribution  -57.3336/2.5944 -60.2952/3.4886 -56.4438/3.0701  -60.8043/3.1209
Total Energy -6.3689/4.0609 -18.4300/3.9237 -11.6545/4.4511  -23.2876/4.0757

The implicit Generalized Born solvation model produced consistent energetic trends across
all systems. Both designed leads, B2 (—51.45 kcal/mol) and B5 (—50.64 kcal/mol), together with
template ligand L10 (—55.21 kcal/mol), exhibited markedly more favorable binding free energies
than the reference drug donepezil (—38.67 kcal/mol) (Table 11). Van der Waals packing (AEvaw)
was the primary thermodynamic driver for all four complexes, ranging from —50.92 to —58.11
kcal/mol. B2 displayed an exceptionally favorable net polar contribution (AEeiectAGsonv= 1+0.03
kcal/mol), indicating that its electrostatic interaction network effectively compensates for the polar
desolvation penalty. This thermodynamic efficiency enables B2 to achieve a binding affinity
comparable to that of template ligand 10 while maintaining favorable trajectory stability.

Table 11:
MM/GBSA calculation for the complexes.

Names AE(internal) AE(electrostatic)+ AE(VDW) AG binding
AG(sol) (kcal/mol)
Donepezil -0 12.2514 -50.9213 -38.6699 +/- 0.0739
B2 0 0.0345 -51.4885 -51.454 +/- 0.0814
B5 -0 3.4707 -54.1089 -50.6382 +/- 3.286
Template ligand 10 -0 2.9033 -58.1144 -55.2111 +/- 0.1002




All three end-point binding free energy methods (LIE, MM/PBSA, and MM/GBSA)
yielded a consistent relative ranking: template ligand 10 exhibited the highest binding affinity, lead
B2 emerged as the top newly designed candidate (closely followed by B5), and donepezil
consistently displayed the weakest binding energy.

3.13 Hydrogen bond dynamics and occupancy analysis

The directional electrostatic stability and persistence of ligand—receptor contacts over the
200 ns production phase was evaluated by examining key hydrogen-bond occupancies (cutoff >
2.0%) together with time-resolved H-bond frequency profiles (Table S3, Figure S1). B2 stood out
for its exceptionally strong hydrogen-bonding pattern. Its dominant interaction involved the ligand
side chain and ASP114, with an occupancy of 118.60%. Values above 100% arise when a single
donor forms a bifurcated hydrogen bond, simultaneously engaging both carboxylate oxygens of
ASP114 throughout the trajectory. Additional, weaker side-chain contacts were detected with
PHE390 (4.25%) and CYS118 (2.75%). Template ligand 10 displayed the most extensive
hydrogen-bonding network, with seven distinct interactions exceeding the 2.0% threshold. The
complex was primarily anchored by ASP114 (78.55% occupancy), supported by secondary
contacts to TYR416 (4.60% and 2.70%), CYS118 (3.80%), PHE390 (3.60%), TRP386 (2.65%),
and PHE198 (2.20%). B5 preserved the critical catalytic anchor at ASP114, albeit at a more
moderate occupancy of 23.30%, and formed additional interactions with CYS118 (8.75%) and
THR412 (2.70%). In contrast, donepezil did not establish a strong, primary catalytic anchor. Its
hydrogen bonds were distributed more weakly across TRP386 (19.85% backbone—side chain;
2.70% side chain—side chain), THR412 (15.70%), and VAL111 (6.50% side chain; 2.50%
backbone). Time-series plots of H-bond counts across all 2,000 trajectory frames reinforced these
stability trends (Figure S1). B2 maintained a dense profile, fluctuating continuously between 1 and
3 concurrent hydrogen bonds, with occasional peaks reaching 3.5—4.0 bonds. Template ligand 10
showed a similarly high-density pattern, mostly oscillating between 1 and 3 bonds and briefly
attaining up to 5 simultaneous bonds. Donepezil and BS5, by contrast, exhibited sparser profiles,
typically fluctuating between 0 and 1 bond over time. The persistent, bifurcated engagement of
ASP114 by B2 aligns directly with its highly favorable electrostatic interaction energy (AEelec =
—37.88 kcal/mol), offering a clear structural explanation for its superior binding affinity relative to
donepezil.

3.14 Principal component analysis



Principal component analysis (PCA) was employed to probe the global conformational
dynamics and phase-space behavior of the protein—ligand complexes. Trajectory frames were
projected onto the two-dimensional essential subspace spanned by the first two principal
components (PC1 vs PC2) (Table S2). For all four complexes (see Supplementary Information),
the leading eigenvectors (PC1 and PC2) together account for more than 75% of the total collective
atomic fluctuations. This confirms that the reduced 2D projection captures the dominant macro-
domain motions that govern system stability. B5 shows the strongest variance concentration along
PC1 (78.09%), consistent with a highly directional global conformational transition toward a
single thermodynamic minimum. By contrast, B2 displays a more distributed variance pattern
(57.18% along PC1 and 18.73% along PC2), pointing to greater multi-directional domain mobility.
Two-dimensional projections onto PC1 and PC2 were plotted in a common coordinate space
(Figure S2a—d). B2 samples a broad conformational landscape, with PC1 ranging from —70 to +55
and PC2 from —30 to +60. Although it visits multiple intermediate basins during the middle portion
of the trajectory (teal/green frames), it ultimately collapses into a localized equilibrium cluster
around PC1 = —50, PC2 = 0, and indicating convergence toward a stable conformational substate.
The tight clustering of terminal frames for B5, template ligand L10, and donepezil confirms that
these ligands stabilize compact, well-defined conformational states in the target protein,
suppressing unbinding events and large-scale destabilizing fluctuations
4. Conclusion

This research work delivers a statistically robust five-descriptor GA-MLR QSAR model
that links the molecular design of hydroxyethylamine (HEA) derivatives to their multi-target
inhibitory potential. Internal cross-validation (Q?LOO = 0.7965), external prediction (Q*F3 =
0.6995), Y-scrambling tests, and leverage-based applicability-domain analysis together confirm
that the model is reliable and predictive within a well-defined chemical space. The selected
descriptors highlight specific electronic, steric, and structural features that govern activity,
providing concrete handles for further lead optimization. Multi-target docking against BACEI,
AChE, the D2 dopamine receptor, and FGFR3 shows that the newly designed derivatives,
particularly leads B2 and B5, occupy catalytic and binding pockets across all four targets with high
thermodynamic favorability. Their predicted binding affinities range from 6.77 to 11.50 kcal/mol,
outperforming both the template parent molecule and reference drugs (donepezil, galantamine, and
rivastigmine). In silico ADMET and pharmacokinetic assessments indicate that B2 and B5 comply
with Lipinski’s rule of five, display favorable central nervous system exposure, and achieve

acceptable blood—brain barrier permeability (log BB = 0.129 for B2 and 0.975 for B5), with no red



flags for mutagenicity or hERG channel inhibition. The 200 ns all-atom molecular dynamics
simulations and associated trajectory analyses (RMSD = 2.99 A, together with RMSF, radius of
gyration, SASA, and hydrogen-bonding networks) confirm that B2 and B5 form stable, compact,
and persistent macromolecular complexes. Independent end-point binding free-energy
calculations using LIE, MM/PBSA, and MM/GBSA (AGbind = —51.45 kcal/mol for B2 and
—50.64 kcal/mol for B5) reinforce the thermodynamic drivers and noncovalent interactions that
stabilize these complexes. In view of the foregoing, these results position hydroxyethylamine-
based MTDLs, particularly B2 and BS5, as multi-functional scaffolds worthy of experimental
pursuit. Recommended next steps are to use B2 and BS5 as core templates for wet-lab synthesis, in
vitro enzymatic assays against BACEl, AChE, D2, and FGFR3, and further 3D-
QSAR/pharmacophore-guided refinement toward practical therapeutic leads for Alzheimer’s
disease.
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Figure 5. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with
the BACEI inhibitor (PDB ID: 2ZHV).

Figure 6. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with
the AChE inhibitor (PDB ID: 4EYZ).

Figure 7. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with
the D2 Dopamine receptor (PDB ID: 6CM4).

Figure 8. Protein—ligand interactions of (a) donepezil, the reference drug, and (b) ligand 10 with
the FGFR3 receptor (PDB ID: 6LVM).

Figure 9. Oral bioavailability radars of compounds B2 and BS.

Figure 10. Docked poses of designed ligand B2 with (A) BACE1 (PDB ID: 2ZHV), (B) AChE
(PDB ID: 4EYZ), (C) D2 Dopamine receptor (PDB ID: 6CM4), and (D) FGFR3 (PDB ID: 6LVM).
Figure 11. Docked poses of designed ligand BS with (A) BACE1 (PDB ID: 2ZHV), (B) AChE
(PDB ID: 4EYZ), (C) D2 Dopamine receptor (PDB ID: 6CM4), and (D) FGFR3 (PDB ID: 6LVM).



Figure 12. Molecular dynamics (MD) simulation results for 200 ns trajectories of the Alzheimer’s
inhibitor complexes: (A) RMSD, (B) RoG, (C) RMSF, (D) SASA, and (E) number of hydrogen
bonds.
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