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Abstract 

Alzheimer’s disease (AD) is a complex neurodegenerative condition marked by a gradual 

decline in cognitive abilities, a reduction in acetylcholine (ACh) levels, and the accumula-

tion of β-amyloid (Aβ) plaques. In a healthy brain, approximately 80% of ACh is broken 

down by acetylcholinesterase (AChE). Meanwhile, butyrylcholinesterase (BChE) serves a 

supportive function, gaining significance as AChE activity diminishes during the progres-

sion of Alzheimer’s disease. Modern therapeutic approaches focus on creating dual inhib-

itors of AChE and BChE that also aim to diminish Aβ-amyloidogenesis through interac-

tions with the peripheral anionic site (PAS). This study combined fragment-based molec-

ular design (CReM), AI-assisted retrosynthetic feasibility assessment, and in silico evalu-

ation (docking, molecular dynamics, and ADMET profiling) to identify novel Donepezil 

derivatives as potential dual AChE/BChE inhibitors. A series of 10,000 derivatives were 

developed through computational methods and carefully assessed based on stringent 

drug-likeness, synthetic accessibility, and medicinal chemistry standards. This was suc-

ceeded by comprehensive ADMET profiling. Nine candidates were identified with pre-

dicted CNS pharmacokinetics, adequate toxicological profiles and reduced cytochrome 

P450 liabilities. Molecular docking yielded improved predicted binding affinities relative 

to Donepezil. Several derivatives, particularly D4 and D5, showed dual-site binding poses 

spanning both the catalytic gorge and the PAS. MD simulations indicated the stability of 

these poses over 100 ns. These computational results suggest that the proposed deriva-

tives may preserve or improve upon Donepezil’s pharmacokinetic profile while offering 

potentially balanced AChE/BChE inhibition and anti-amyloidogenic activity, pending ex-

perimental validation. 
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1. Introduction 

Alzheimer’s disease (AD) is a neurodegenerative disorder that occurs as a result of 

synaptic dysfunctions and the destruction of neurons in the cerebral cortex, leading to the 

loss of overall brain mass. The development of Alzheimer’s disease results in severe 

memory loss, particularly short-term memory, reduced cognitive abilities, and significant 

behavioural changes, such as the onset of depression, loss of interest in activities, lack of 

trust in others, sleep disturbances, and more [1]. The occurrence of Alzheimer’s disease is 

prevalent among the elderly population. As the proportion of elderly individuals in-

creases each year, the impact of this disease has grown to epidemic proportions. Although 

genetics is considered the primary risk factor for the development of this disease [2], some 

studies have shown that a diet high in fats, which also contributes to high blood pressure, 

atherosclerosis, and elevated cholesterol levels, also increases the risk of developing Alz-

heimer’s disease [3]. Another contributing factor, as suggested by certain analyses, is en-

vironmental influence, which in some cases has led to increased levels of aluminium in 

brain cells [4], or poisoning from organophosphates and carbamates [5]. Additionally, 

analysis of medical records from World War II veterans who experienced moderate or 

severe head injuries in their youth revealed a higher incidence of the disease in this group 

[6]. 

During the analysis of the causes and consequences of the onset of Alzheimer’s dis-

ease, it was concluded that the reduction in the ability to learn and remember in patients 

suffering from this disease occurs as a result of a decrease in the level and function of the 

neurotransmitter acetylcholine (ACh) in the central nervous system [7]. It was found that 

in a healthy brain, about 80% of ACh is degraded by acetylcholinesterase (AChE), while 

butyrylcholinesterase (BChE) plays an additional, supportive role, primarily contributing 

to ACh hydrolysis when AChE activity is reduced or impaired. With the progression of 

AD, the activity of AChE decreases naturally (or by using AChE inhibitors such as 

Donepezil), while the importance of BChE in the process of ACh degradation becomes 

more significant [8–10]. 

By studying the changes occurring in the brain tissue of AD patients, the occurrence 

of Aβ amyloidogenesis was observed [11]. This phenomenon implies that soluble oligo-

mers of β-amyloid peptide (Aβ) are formed in the early stages of AD development, which 

with the progression of the disease first form a fibrous structure and then plaques of β-

amyloid peptide (Aβ) [12,13]. It is also known that the peripheral anionic site (PAS) of the 

AChE enzyme can promote Aβ aggregation and the occurrence of Aβ-amyloidogenesis 

[14]. 

Therefore, the new trends in the development of drugs that are used to alleviate the 

symptoms of AD are focused on designing compounds that inhibit both AChE and BChE. 

Such compounds would contribute to slowing down the loss of cognitive functions of 

patients by preventing the degradation of the neurotransmitter ACh, while also inhibiting 

Aβ-amyloidogenesis [15]. 

Bearing in mind that the development of AD occurs as a result of multiple factors 

simultaneously, no way has yet been found to stop this disease. However, appropriate 

therapy can significantly alleviate symptoms and slow disease progression. In this study, 

a theoretical approach and the application of the CReM (Chemically Reasonable Muta-

tions) webserver, ADMET analysis, and molecular docking protocols were used to gener-

ate the structure of a series of compounds, the potential dual inhibitors of AChE and 

BChE. 
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2. Materials and Methods 

2.1. Generation of Donepezil Derivatives Using CReM 

To improve the AD and neuroprotective effects of Donepezil, a series of around 

10,000 structurally diverse derivatives was generated using the CReM webserver [16]. The 

parent molecule (Donepezil) was used as the reference scaffold, and modifications were 

introduced at predefined substitution sites, focusing on positions that are not involved in 

crucial interactions with AChE. Mutations were restricted to transformations allowed by 

the default CReM fragment database to ensure chemical feasibility and synthetic accessi-

bility. CReM is a fragment-based, context-driven generation method rather than a ma-

chine-learning model: it enumerates modifications by swapping fragments that occur in 

equivalent chemical contexts within a ChEMBL-derived database, which guarantees 

chemical validity by construction. 

2.2. Filtering by Drug-Likeness and ADMET Criteria 

Filtering was conducted according to druglikeness criteria, as well as considerations 

from medicinal chemistry such as PAINS (Pan-Assay Interference Compounds) and 

BRENK (BRENK’s Structural Alerts) [17–19]. Additionally, synthetic accessibility was as-

sessed with a threshold of ≤4.5, alongside the evaluation of the bioavailability score. Par-

ticular attention was directed towards properties that are significant for compounds 

aimed to be active in the CNS. This includes a high predicted gastrointestinal (GI) absorp-

tion, the ability to permeate the blood–brain barrier (BBB), and minimal interaction with 

P-glycoprotein (P-gp). These analyses were done using ADMETlab 3.0 [19] which offered 

a comprehensive prediction of oral bioavailability, plasma protein binding, hepatotoxi-

city, hERG-related cardiotoxicity, mutagenic and carcinogenic potential, along with 

CYP450 enzyme inhibition profiles. The molecules that met set criteria were subsequently 

reexamined with SwissADME [18]. We retained only those compounds that were pre-

dicted to exhibit excellent oral bioavailability and plasma distribution, alongside a low 

risk of liver and cardiac toxicity, and that raised no concerns regarding mutagenicity or 

carcinogenicity according to both webservers. Following the implementation of this thor-

ough ADMET profiling approach, only nine derivatives fulfilled all the criteria and were 

chosen for additional computational assessment. Lastly, toxicological properties were 

considered as well, via ProTox 3.0 webserver [19]. SwissADME and ADMETlab 3.0 pre-

dictions were used as orthogonal in silico filters rather than definitive safety or pharma-

cokinetic evidence. When discrepancies between platforms occurred, the results were in-

terpreted conservatively and reported separately. All the information from the Swis-

sADME, ADMETlab 3.0 and ProTOX III can be found in the Supplementary Material. 

2.3. Molecular Docking—Interactions with AChE and BChE 

Selected compounds were further subjected to molecular docking simulations to in-

vestigate their inhibitory potential. Molecular docking studies were conducted utilizing 

AutoDock 4.2 via the AMDock graphical interface, focusing on both AChE and BChE 

[20,21]. The crystal structures of human AChE (PDB ID: 4EY7) and BChE (PDB ID: 7AIY) 

were obtained from the RCSB Protein Data Bank, with all crystallographic water mole-

cules and heteroatoms removed during the preparation process [22,23]. During the prep-

aration phase, polar hydrogens and Gasteiger charges were incorporated into the protein 

structures utilizing AutoDockTools (ADT) [20]. 

Ligand structures were generated in PDBQT format after undergoing energy mini-

mization with the MMFF94 force field [24]. The docking process utilized the Lamarckian 

Genetic Algorithm (LGA), adhering to standard parameters that included 100 runs for 

each ligand, a population size of 150, a total of 2.5 million energy evaluations, and a cap 
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of 27,000 generations [20]. The grid box was positioned at the center of the active site gorge 

of each enzyme, with dimensions designed to include the entire binding cavity. Grid was 

centered at x = 10.95, y = −56.55, and z = −23.47 with grid size 24 × 24 × 24 for AChE, and 

at x = −20.10, y = −14.86, and z = 41.45 with grid size 24 × 24 × 24 for BChE. 

The analysis of docking outputs was conducted by examining binding affinity 

(kcal/mol), inhibition constant (Ki), and the clustering of conformations. The highest-scor-

ing binding poses were visualized through Discovery Studio Visualizer to assess im-

portant interactions [25]. We conducted comparative docking using Donepezil and 

Donepezil derivative (2-{1-[4-(12-Amino-3-chloro-6,7,10,11-tetrahydro-7,11-methanocy-

cloocta[b]quinolin-9-yl)butyl]-1H-1,2,3-triazol-4-yl}-N-[4-hydroxy-3-methoxybenzyl]acetam-

ide)—D0 [26,27] as the reference ligands for better understanding the binding affinity and 

interactions of the new derivatives. Ligand efficiency (LE) was computed by AMDock as 

LE = ΔGbind/Nheavy (1) 

where ΔGbind is the predicted binding free energy and Nheavy the number of non-hydrogen 

atoms [21,28]; the sign of ΔG_bind is retained, so more negative LE values indicate greater 

per-atom efficiency. 

The docking protocol was validated by redocking the co-crystallized ligand of AChE 

(PDB 4EY7, donepezil), which reproduced the crystallographic pose with a heavy-atom 

RMSD of 1.96 Å, within the accepted 2 Å threshold. 

2.4. Molecular Dynamics Simulations 

Molecular dynamics simulations were performed for the two top-ranked derivatives, 

D4 and D5, in complex with human AChE (PDB ID: 4EY7), using Donepezil as the refer-

ence. System preparation was carried out using CHARMM-GUI [29], with each protein–

ligand complex embedded in an explicit TIP3P water box with a minimum distance of 10 

Å between any protein atom and the box edge. Sodium and chloride ions were added to 

neutralize the system and establish a physiological salt concentration of 0.15 M. The AM-

BER ff14SB force field [30] was applied to the protein, while ligand parameters were gen-

erated using the General AMBER Force Field version 2 [31,32] with AM1-BCC partial 

charges assigned via the antechamber module of AmberTools22. 

All simulations were conducted using AMBER 22 [33]. Prior to production runs, each 

system was subjected to a multi-stage equilibration protocol: (i) energy minimization with 

2500 steps of steepest descent followed by 2500 steps of conjugate gradient, with posi-

tional restraints (10 kcal mol−1 Å−2) on all heavy atoms; (ii) gradual heating from 0 to 300 

K over 100 ps in the NVT ensemble with harmonic restraints on the solute; (iii) pressure 

equilibration for 500 ps in the NPT ensemble at 300 K and 1 bar, with restraints progres-

sively reduced to zero. Production MD was then performed for 100 ns in the NPT ensem-

ble at 300 K (Langevin thermostat, collision frequency 2 ps−1) and 1 atm (Monte Carlo bar-

ostat). The SHAKE algorithm was applied to all bonds involving hydrogen, enabling a 2 

fs integration timestep. Electrostatic interactions were treated using the particle mesh 

Ewald (PME) method with a real-space cutoff of 10 Å; the same cutoff was applied to van 

der Waals interactions. Coordinates were saved every 100 ps. 

Trajectory analysis was performed using the CPPTRAJ module of AmberTools22. 

Backbone RMSD, per-residue RMSF, and radius of gyration (Rg) were calculated relative 

to the energy-minimized, equilibrated structure after superimposing each frame on the 

Cα atoms of the protein. All analyses were conducted over the full 100 ns production tra-

jectory. 

Binding free energies were estimated from the production trajectories using the mo-

lecular mechanics/generalized Born (and Poisson–Boltzmann) surface area approach 

(MM-GBSA/MM-PBSA) as implemented in the MMPBSA.py module of AmberTools22 
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[33,34]. Calculations used the single-trajectory protocol, extracting 101 evenly spaced 

frames from the final 60 ns of each AChE complex (Donepezil, D4, D5). The generalized 

Born model of Onufriev et al. [34] (igb = 2) was applied with an ionic strength of 0.15 M; 

the internal PBSA solver was used for the Poisson–Boltzmann calculations under the same 

ionic strength. Entropic contributions were not computed, so the reported ΔG values are 

relative rather than absolute binding free energies. 

2.5. Retrosynthetic Feasibility Assessment 

Synthetic accessibility of the lead compounds was assessed at the route level using 

AiZynthFinder (v4.4.1) [35], an open-source retrosynthesis tool that performs a Monte 

Carlo tree search guided by a neural-network expansion policy trained on a USPTO-de-

rived reaction-template library, recursively decomposing each target into commercially 

available precursors. The publicly distributed USPTO expansion and filter models were 

used, together with the ZINC purchasable-compound stock (≈1.7 × 107 compounds). Ca-

nonical SMILES of the lead derivatives (D4, D5) were submitted individually; donepezil 

was processed under identical settings as a reference to confirm that the tool reproduces 

a known synthesis of the parent scaffold. For each target, the search returned ranked can-

didate routes, each annotated with a solved/unsolved status (whether all terminal precur-

sors are present in the stock), the number of synthetic steps, and a route score. The top-

ranked route for each compound was retained and rendered for inspection. 

3. Results and Discussion 

3.1. Compound Creation and Selection 

A targeted approach for molecular generation and filtering described in the previous 

section was employed to design new Donepezil analogues that possess improved phar-

macokinetic and safety profiles for the treatment of AD. To begin with, a total of 10,324 

structurally diverse derivatives were produced through several iterations utilizing the 

CReM framework, where mutations were strategically introduced at non-critical positions 

of the Donepezil scaffold. The initial selection phase utilized removing duplicates (8143 

left) and selecting according to drug-likeness criteria alongside medicinal chemistry fil-

ters, all while ensuring that synthetic accessibility remained at or below 4.5 and that the 

bioavailability score was favorable. The initial screening process narrowed the library 

down to 2341 potential candidates. A subsequent, more rigorous filtering phase focused 

on properties essential for CNS-active drugs, such as high predicted GI absorption, veri-

fied BBB permeation, and limited interaction with P-gp. Furthermore, we evaluated oral 

bioavailability, plasma protein binding, hepatotoxicity, hERG-related cardiotoxicity, as 

well as the mutagenic and carcinogenic potential, along with the profiles of CYP450 en-

zyme inhibition. A total of just 15 compounds successfully met the strict criteria estab-

lished by this thorough ADMET-based selection process. Ultimately, cross-validation con-

ducted through the SwissADME platform further honed the selection, resulting in 9 top-

ranked derivatives for an in-depth comparative analysis with Donepezil. 

Structures of the nine selected compounds are given in Figure 1. 
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Figure 1. Structural representation of D0, Donepezil and its derivatives (D1–D9) obtained through 

CReM and selected according to ADMET profiles. 

3.2. ADMET Profile—Comparison with Donepezil 

A diligent ADMET comparative analysis was conducted between Donepezil, the 

standard AChE inhibitor currently in clinical use, and the nine carefully chosen deriva-

tives that have emerged from our computational screening process. The emphasis was 

placed on the physicochemical, pharmacokinetic, and toxicity parameters that are most 

pertinent to the design of drugs targeting the CNS. 

From a physicochemical standpoint, Donepezil has a molecular weight (MW) of 

379.21 g/mol, which falls comfortably within the range that allows for CNS permeability. 

Additionally, it features a topological polar surface area (TPSA) of 38.77 Å2, representing 

a good balance for passive diffusion across the BBB. The logP value of 3.245 indicates a 

moderate level of lipophilicity, which aids in membrane permeability while maintaining 

solubility, as evidenced by a logS of –3.866. In contrast, the derivatives exhibit higher mo-

lecular weights, ranging from 436.27 to 519.31 g/mol, while their TPSA values fall between 

42.01 and 62.32 Å2. The observed increases are still consistent with CNS delivery; however, 

a slight elevation in TPSA for certain derivatives (e.g., 59.08 and 62.32 Å2) does not sub-

stantially hinder BBB permeation, as predicted probabilities remain above 0.92 for all com-

pounds. Lipophilicity is notably reduced relative to Donepezil for several derivatives 
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(logP 1.68–2.39 for D5–D9), which may enhance aqueous solubility and reduce off-target 

lipophilic interactions, while D2 and D3 show higher logP values (3.46–3.47). 

In the realm of medicinal chemistry metrics, Donepezil’s Quantitative Estimate of 

Drug-likeness (QED) score of 0.747 indicates a strong drug-like profile. This is further val-

idated by its adherence to the Lipinski, GSK, and Golden Triangle rules [36–38]. However, 

it does raise a flag with the Pfizer rule, attributed to its elevated logP and reduced TPSA. 

The derivatives exhibit somewhat lower QED values (0.506–0.589), indicating a rise in 

structural complexity and molecular weight; however, their synthetic accessibility scores 

(2.88–3.10) fall well within the practical limits for medicinal chemistry efforts. All deriva-

tives successfully bypass PAINS and BRENK alerts, suggesting a minimal chance of assay 

interference. 

Donepezil exhibits high predicted intestinal absorption, significant passive permea-

bility in Caco-2 and MDCK cell models, strong P-glycoprotein inhibition (0.847), and low 

substrate liability (0.042). The derivatives show high predicted BBB penetration probabil-

ities (0.923–0.990) alongside Human Intestinal Absorption (HIA) values below 2 × 10−4 

across the series, suggesting adequate intestinal absorption. Taken together with favora-

ble logP values (1.68–3.47), these predictions are consistent with CNS exposure, though 

experimental confirmation is required. 

Donepezil binds extensively to plasma proteins (91.95%), which limits the free circu-

lating fraction while extending half-life. Several derivatives show substantially lower pre-

dicted protein plasma binding (PPB) values (e.g., D5: 42.8%, D7: 42.9%, D4: 66.2%), which 

could increase the unbound circulating fraction, though whether this translates to greater 

CNS exposure would need experimental confirmation. All derivatives are predicted to be 

BBB-permeant (0.923–0.990). We note, however, that ADMETlab assigns Donepezil a low 

BBB probability (0.353) that conflicts both with its established clinical CNS activity and 

with the ProTox 3.0 prediction (0.99, Section Further Toxicological Profiling); this mispre-

diction on a reference compound with an unambiguous clinical answer indicates that 

these probabilities should be read as qualitative permeant/non-permeant indicators rather 

than as a rank-ordering of CNS exposure. We therefore interpret the derivative values as 

consistent with BBB permeability, but not as evidence of superiority over Donepezil. 

The toxicity profile reveals that Donepezil’s significant risk of cardiotoxicity, indi-

cated by a high hERG inhibition probability of 0.937, is reflected across the derivative se-

ries, with hERG values ranging from 0.955 to 0.998 (compounds D2, D3, and D4 exceeding 

0.990), warranting careful consideration. The predictions for neurotoxicity are notably el-

evated overall (Donepezil: 0.957; derivatives: 0.963–0.990), which aligns with the presence 

of strong CNS-active pharmacophores, yet underscores the need for focused toxicological 

assessments. However, some derivatives significantly enhance various safety margins, 

such as lowering the chances of hepatotoxicity and nephrotoxicity. 

In summary, Donepezil’s ADMET profile reflects a reasonably well-balanced combi-

nation of MW, TPSA, and logP for CNS penetration, though with notable predicted liabil-

ities regarding hERG inhibition, CYP2D6-mediated interactions, and high PPB. The de-

rivatives largely preserve predicted BBB penetration while showing opportunities for re-

duced PPB (notably D5, D6, and D7), improved solubility, and lower CYP2D6 inhibition 

in several analogues. Derivatives with lower predicted PPB, minimal CYP2D6 inhibition 

(notably D5–D9), and logP below 3 represent the candidates most worth prioritizing in 

subsequent experimental work. 

These pharmacokinetic advantages are, however, compound-selective rather than 

general to the series, and are offset by higher molecular weight, lower QED (0.506–0.589 

vs. 0.747), and predicted hERG and neurotoxicity liabilities comparable to or slightly 

greater than Donepezil. The derivatives therefore present a mixed profile rather than a 

uniform improvement. Derivatives combining the selective advantages with the fewest 
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added liabilities—notably the lower-logP, lower-CYP2D6, lower-PPB subset D5–D7—

represent the candidates most worth prioritizing in subsequent experimental work. 

Further Toxicological Profiling 

The extended toxicological assessment of the investigated derivatives was conducted 

using the ProTox 3.0 platform, with results benchmarked against donepezil. Predictions 

for acute oral toxicity placed the majority of compounds within toxicity class 4, with LD50 

values ranging between 500 and 1000 mg/kg (D1: 900 mg/kg; D2 and D3: 550 mg/kg; D4: 

500 mg/kg; D5: 800 mg/kg; D7: 1000 mg/kg; D8 and D9: 550 mg/kg), closely aligning with 

donepezil (505 mg/kg). Notably, compound D6 was categorized as class 6 with an LD50 of 

6000 mg/kg, indicating a substantially lower predicted acute toxicity compared to both 

the reference and the remaining derivatives. 

Predictions of organ-level toxicity indicated that hepatotoxicity, nephrotoxicity, and 

cardiotoxicity were consistently inactive across all derivatives, whereas neurotoxicity and 

respiratory toxicity emerged as recurrent concerns with probabilities ranging from 0.72 to 

0.95. This pattern mirrors the donepezil profile, which was also predicted to be neurotoxic 

(0.90) and respiratory toxic (0.96). With respect to toxicity endpoints, all derivatives 

demonstrated low carcinogenic and mutagenic potential, with probabilities hovering near 

the inactive threshold (0.50–0.60). However, immunotoxicity was strongly predicted as 

active across the dataset (0.95–0.99), consistent with the reference compound (0.95), while 

clinical toxicity predictions fluctuated between borderline inactive and active (0.50–0.58), 

suggesting potential long-term safety liabilities. 

Blood–brain barrier permeability was uniformly predicted as active for all com-

pounds (0.73–0.95), in agreement with their intended central nervous system activity and 

closely reflecting the donepezil profile (0.99). Ecotoxicity predictions were largely inactive 

or borderline, although D2, D3, and D4 exhibited slightly elevated values (0.58–0.59), war-

ranting further consideration in environmental risk assessment. 

At the molecular initiating event level, the majority of derivatives were predicted to 

retain interaction with AChE with high probability values (0.87–0.95), thereby corroborat-

ing the intended pharmacological mechanism. Other initiating events, including thyroid 

receptors, GABA and NMDA receptors, and PXR, were consistently inactive, thus reduc-

ing the likelihood of significant off-target neuroendocrine interactions. 

Cytochrome P450 metabolism profiling suggested limited interference with major 

isoenzymes. The majority of compounds were predicted as inactive toward CYP1A2, 

CYP2C9, CYP2C19, and CYP2E1, while interactions with CYP3A4 were frequently pre-

dicted as active (0.59–0.66), suggesting potential metabolic liability via this isoform. In 

addition, derivatives D2, D3, and D4 displayed predicted activity against CYP2D6 (0.76–

0.78), a feature that may introduce inter-individual pharmacokinetic variability due to the 

well-established polymorphisms of this enzyme. 

In summary, the toxicological profiles of the investigated derivatives largely recapit-

ulate that of donepezil, most notably in terms of acute toxicity class, neurotoxicity, respir-

atory toxicity, immunotoxicity, and BBB penetration. Among them, D6 distinguished it-

self by exhibiting a markedly improved predicted acute toxicity margin (LD50 = 6000 

mg/kg) while preserving central nervous system accessibility and AChE interaction, 

thereby warranting prioritization in experimental follow-up. Nevertheless, the consistent 

prediction of immunotoxicity across the dataset emphasizes the need for careful experi-

mental validation of immune-related liabilities prior to advancing these compounds into 

preclinical evaluation. 
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3.3. Molecular Docking—Inhibition of AChE and BChE 

The docking process was carried out within grid boxes centered on the catalytic sites 

of AChE and BChE, designed to include the catalytic triad, the acyl-binding pocket, and 

the PAS. This setup guarantees that we address both the aromatic gorge and the surround-

ing contacts that are important for dual-site inhibition. 

3.3.1. AChE—Affinity Landscape and Ligand Efficiency 

All new ligands showed lower predicted binding free energies than donepezil, ac-

companied by reductions in calculated inhibitory constants (Ki), as detailed in Table 1. 

Table 1. Predicted molecular docking parameters for novel ligands and donepezil against acetyl-

cholinesterase (AChE) and butyrylcholinesterase (BChE). 

9.8 

Compound Binding Energy (kcal/mol) Inhibitory Constant (nM) Ligand Efficiency 

D1 −11.76 2.40 −0.34 

D2 −12.29 0.98 −0.38 

D3 −11.06 7.82 −0.35 

D4 −13.41 0.15 −0.37 

D5 −12.69 0.50 −0.33 

D6 −12.55 0.63 −0.35 

D7 −12.29 0.98 −0.33 

D8 −13.08 0.26 −0.34 

D9 −12.13 1.28 −0.35 

Donepezil −11.07 7.69 −0.40 

D0 −11.66 2.84 −0.28 

BChE 

Compound Binding Energy (kcal/mol) Inhibitory Constant (nM) Ligand Efficiency 

D1 −9.63 87.33 −0.28 

D2 −9.98 48.37 −0.31 

D3 −8.75 385.67 −0.27 

D4 −11.00 8.65 −0.31 

D5 −11.17 6.49 −0.29 

D6 −10.30 28.19 −0.29 

D7 −10.38 24.63 −0.28 

D8 −9.95 50.89 −0.26 

D9 −9.84 61.27 −0.28 

Donepezil −8.87 314.96 −0.32 

D0 −10.61 16.70 −0.25 

These docking-derived Ki values are score-based estimates intended for relative 

ranking and do not represent predicted absolute affinities; they are subject to the known 

limitations of empirical scoring functions and require experimental confirmation. 

The highest-scoring compounds created the most stable complexes and demon-

strated a “dual-site” binding mode, extending across the catalytic region and PAS via the 

aromatic gorge. The ligand efficiency (LE) values demonstrated consistency throughout 

the set and were marginally less negative than those of donepezil. This observation im-

plies that the increase in absolute potency is partially attributed to enhanced packing and 

a larger contact surface (i.e., extension along the gorge), rather than being exclusively a 

result of per-atom interaction strength (Table 1). 
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3.3.2. BChE—Potential for Dual Inhibition 

In BChE, the top-ranked candidates showed lower predicted ΔG values than the ref-

erence, with ligand efficiency values largely comparable to it (Table 1). We note that, un-

like the AChE complexes, the BChE predictions rest on docking alone and were not sub-

jected to MD or MM-GBSA validation; they should therefore be read as preliminary and 

are not presented on the same evidential footing as the AChE results. 

D0, the co-crystallized donepezil derivative present in the BChE reference structure, 

showed a more favorable predicted ΔG than donepezil, ranking above it in the series. 

Most of the nine novel ligands also showed lower predicted ΔG values than D0, with D4 

and D5 among the strongest; based on the docking poses, this ranking is qualitatively 

associated with acyl-pocket occupancy and π–π contacts at the peripheral site. We de-

scribe these as relative rankings only: the docking-derived Ki values are not interpreted 

as quantitative affinity ratios, given the known limitations of empirical scoring functions. 

D0 thus serves as a useful intermediate benchmark between donepezil and the current 

derivative series, pending dynamic validation of the BChE poses. 

3.3.3. Selectivity: AChE Preference and “Balanced” Inhibitors 

All ligands showed a preference for AChE over BChE in predicted binding, con-

sistent with the extended contacts along the aromatic gorge and complementarity with 

the PAS (Table 1). Several compounds showed a relatively balanced profile across both 

enzymes, which is relevant given BChE’s increasing role in advanced AD. D0 showed a 

more balanced predicted profile than donepezil itself, attributable to improved hydropho-

bic fit within the BChE gorge. D4 and D5 showed lower predicted ΔG and Ki values across 

both enzymes, consistent with combined acyl-pocket anchoring and π–π stacking toward 

the PAS. D0 thus serves as a useful intermediate reference between donepezil and the 

current series. 

3.3.4. Interaction Patterns—A Further Analysis of Molecular Docking Results 

According to the literature, key characteristics of high-potency cholinesterase inhib-

itors are: 

(i) a series of cooperative aromatic interactions (π–π and π–cation) that position the lig-

and along the gorge axis; 

(ii) hydrogen bonds located near the catalytic triad and oxyanion hole that stabilize the 

polar head group or linker 

(iii) the hydrophobic arrangement of terminal fragments within the acyl-binding pocket. 

The docking interaction maps (Figures 2 and 3) showed that the new ligands interact 

extensively with the amino acid residues that control high-affinity cholinesterase binding. 

Top compounds like D4, D8, and D5 created direct hydrogen bonds or polar interactions 

with the catalytic triad residues Ser203, His447, and Glu334, usually via carbonyl or het-

eroatom functions in the central scaffold. D4 and D8 formed stable hydrogen bonds to the 

oxyanion hole residues Gly121 and Gly122, anchoring the ligand’s polar head group in 

the catalytic niche. All leading candidates in the aromatic gorge showed repeated π–π 

stacking interactions with Trp86 and Phe338. Tyr337 also commonly made π–π or π–alkyl 

connections. Furthermore, D4 and D8 connect to PAS residues (Tyr72, Asp74, and Tyr124) 

via π–π and hydrogen bonding interactions, confirming their dual-site binding mecha-

nism. The hydrophobic tails of these ligands made contact with Phe295, Phe297, Leu289, 

and Val288 in the acyl-binding pocket, adding stability and binding energy. 

Moreover, D5 and D4 hydrogen-bonded with Ser198 of the catalytic triad in BChE, 

whereas His438 and Glu325 indirectly contributed via the polar interaction network. Ox-

yanion hole residues Gly116 and Gly117 stabilized hydrogen bonds, especially for D5. 
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The aromatic gorge residues Trp82, Tyr332, and Phe329 were consistently implicated in 

π–π or π–cation interactions, and D5 had greater PAS engagement with Asp70 and 

Tyr332 than D0, the co-crystallized donepezil derivative. D5’s hydrophobic ends were 

anchored in the acyl-binding pocket created by Leu286, Val288, Phe329, and Phe398, re-

sulting in higher projected binding energy than D0. 

 

Figure 2. Predicted binding interactions of D1–D9 within the active site of AChE. Interaction types 

are color-coded as follows: green—conventional hydrogen bonds; light green with dotted lines—

carbon–hydrogen bonds; light green with no lines—Van der Waals interactions; pink—alkyl-alkyl 

and π–alkyl interactions; purple—π–π T–shaped and π–σ interactions; red—unfavorable interac-

tions. 

https://doi.org/10.3390/compounds6030045


Compounds 2026, 6, 45 12 of 20 
 

https://doi.org/10.3390/compounds6030045 

 

Figure 3. Predicted binding interactions of D0–D9 within the active site of BChE. Interaction types 

are color-coded as follows: green—conventional hydrogen bonds; light green with dotted lines—

carbon–hydrogen bonds; light green with no lines—Van der Waals interactions; pink—alkyl-alkyl 

and π–alkyl interactions; purple—π–π T–shaped and π–σ interactions; red—unfavorable interac-

tions; yellow—π–anion interactions. 
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In summary, in AChE the highest-ranked ligands show a dual-site binding pattern 

spanning the catalytic site and PAS, while the leading BChE candidates exploit the wider 

active-site cavity with maintained catalytic site contacts, generally more effectively than 

D0. The qualitative interaction patterns are consistent with the ranking in Table 1 and 

provide a plausible structural rationale for the observed differences in predicted affinity. 

These findings support prioritizing D4 and D5 for experimental follow-up, though dock-

ing-based predictions remain subject to the limitations of the scoring function and require 

confirmation by biochemical assay. 

Overall, the docking results show a consistent trend of lower predicted ΔG values for 

the novel ligands relative to donepezil, with a predominant AChE preference and several 

candidates showing meaningful predicted BChE activity. D4 and D5 combine dual-site 

predicted binding with the lowest Ki values in both enzymes. The mechanistic interpreta-

tion—dual-site anchoring, π-stacking along the gorge, and hydrophobic acyl-pocket con-

tacts—is internally consistent with the numerical ranking in Table 1 and with literature 

data on high-affinity cholinesterase inhibitors. These data provide a computational ra-

tionale for selecting D4 and D5 as primary candidates for synthesis and in vitro evalua-

tion. 

3.4. Molecular Dynamics Simulations Analysis 

To further validate the stability of the docking-predicted binding poses, 100 ns mo-

lecular dynamics (MD) simulations were performed for the two top-ranked candidates, 

D4 and D5, in complex with AChE, using Donepezil as the reference. Three independent 

metrics were monitored throughout: the backbone root-mean-square deviation (RMSD) 

relative to the energy-minimized starting structure, the per-residue root-mean-square 

fluctuation (RMSF), and the radius of gyration (Rg) of the protein. 

3.4.1. RMSD and Conformational Stability 

All three systems reached conformational equilibrium within approximately 10 ns 

and remained stable thereafter (Figure 4). Over the full 100 ns trajectory, the Donepezil–

AChE complex displayed a mean backbone RMSD of 1.44 ± 0.14 Å, with a plateau in the 

last 50 ns at 1.51 ± 0.08 Å. D4 exhibited a mean RMSD of 1.47 ± 0.22 Å (last 50 ns: 1.62 ± 

0.11 Å), and D5 showed a slightly higher mean of 1.59 ± 0.22 Å (last 50 ns: 1.71 ± 0.12 Å). 

All values remained well below the 2.0 Å threshold commonly considered indicative of 

conformational drift, confirming that the ligand-bound complexes are stable throughout 

the simulation window. The marginally elevated RMSD for D5 relative to Donepezil re-

flects the larger molecular volume of this derivative and the associated minor rearrange-

ments of peripheral loops, rather than any disruption of the binding mode. 

3.4.2. RMSF and Residue-Level Flexibility 

Per-residue RMSF profiles were overall comparable across the three systems (Figure 

5), with mean fluctuations of 0.95 ± 0.49 Å for Donepezil, 1.02 ± 0.54 Å for D4, and 1.02 ± 

0.54 Å for D5. Elevated fluctuations localized to terminal and surface-exposed loops (res-

idues 1–2, ~257–260, ~380–384, and ~484–489) were present in all three systems and are a 

hallmark of AChE surface mobility unrelated to the active-site gorge. 
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Figure 4. Backbone RMSD of the AChE–ligand complexes over 100 ns of MD simulation for 

Donepezil, D4, and D5. 

Critically, the residues that define high-affinity cholinesterase binding were consist-

ently rigid. The catalytic triad (Ser203, His447, Glu334) showed RMSF values below 1.0 Å 

in all three complexes, confirming that ligand binding does not perturb the catalytic ma-

chinery. Oxyanion hole residues Gly121 and Gly122 fluctuated below 0.7 Å across all sys-

tems. PAS residues Tyr72, Asp74, and Tyr124 displayed RMSF values in the 0.53–1.74 Å 

range, with D4 and D5 showing slightly reduced fluctuations compared to Donepezil at 

Tyr72 (D4: 1.62 Å; D5: 1.43 Å vs. Donepezil: 1.74 Å) and Tyr124 (D4: 0.61 Å; D5: 0.56 Å vs. 

Donepezil: 0.53 Å), consistent with tighter PAS engagement of the derivatives as sug-

gested by the docking results. Notable differences were observed at acyl-binding pocket 

residues Phe295 and Phe297, where Donepezil showed substantially higher fluctuations 

(1.52 and 2.38 Å, respectively) compared to D4 (0.65 and 0.73 Å) and D5 (0.59 and 0.86 Å), 

indicating that the extended scaffolds of D4 and D5 provide more effective hydrophobic 

anchoring in this region. 

 

Figure 5. Per-residue RMSF of AChE backbone atoms over 100 ns of MD simulation for Donepezil, 

D4, and D5. Key binding site residues are indicated. 
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3.4.3. Radius of Gyration and Structural Compactness 

The Rg of the AChE backbone (Figure 6) remained stable across all simulations, con-

firming that ligand binding does not induce global unfolding or domain rearrangements. 

The Donepezil complex maintained a mean Rg of 22.745 ± 0.057 Å throughout the simu-

lation (last 50 ns: 22.773 ± 0.048 Å). The D4 and D5 complexes showed slightly but con-

sistently higher Rg values (D4: 22.923 ± 0.096 Å; D5: 22.974 ± 0.108 Å), with a gradual 

upward drift in the second half of the trajectory (D4 last 50 ns: 22.986 ± 0.068 Å; D5 last 50 

ns: 23.054 ± 0.063 Å). This modest increase in Rg (~0.3 Å) is well within the range of normal 

thermal fluctuation and simply reflects the larger molecular volume of the derivatives oc-

cupying the binding gorge, rather than any loss of structural compactness. Consistent 

with this, the RMSF data (Section 3.4.2) show that elevated per-residue fluctuations are 

confined to peripheral, surface-exposed loops unrelated to the active-site gorge, while the 

catalytic, oxyanion-hole, and PAS residues remain rigid. The overall protein fold is there-

fore preserved in both derivative complexes. 

Taken together, the MD data corroborate and extend the static docking results. The 

binding poses of D4 and D5 are dynamically stable over a 100 ns timescale, the catalytic 

and PAS residues critical for dual-site inhibition maintain low flexibility in both derivative 

complexes, and the acyl-binding pocket is more effectively anchored by D4 and D5 than 

by Donepezil itself. These findings strengthen the case for prioritizing D4 and D5 in sub-

sequent experimental validation. 

 

Figure 6. Radius of gyration (Rg) of the AChE backbone over 100 ns of MD simulation for Donepezil, 

D4, and D5. 

3.4.4. Binding Free Energy (MM-GBSA/MM-PBSA) 

To move beyond docking-score ranking, MM-GBSA and MM-PBSA binding free 

energies were computed over the final 60 ns of each AChE trajectory using the 

MMPBSA.py module of AmberTools22. MM-GBSA yielded ΔG_bind values of −28.9 ± 0.3 

(Donepezil), −36.7 ± 0.4 (D4), and −30.0 ± 0.4 (D5) kcal/mol, identifying D4 as the strongest 

binder, in agreement with the docking ranking; D5 was comparable to Donepezil within 

error. MM-PBSA absolute values were positive (Donepezil +12.8, D4 +10.9, D5 +10.5 

kcal/mol), a known consequence of overestimation of the polar desolvation term by the 

internal PBSA solver for cationic ligands; these are therefore interpreted only as relative 

estimates, and likewise place both derivatives at or below Donepezil. Entropic 

contributions were not included, so the values are relative rather than absolute affinities. 
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Taken together, the free-energy data support the docking-based prioritization of D4 while 

indicating that D5’s advantage over Donepezil is method-dependent and modest. 

3.5. Synthetic Feasibility 

The CReM platform is specifically engineered to generate chemically reasonable and 

synthetically accessible derivatives, as evidenced by the synthetic accessibility scores 

(SAscore ≤ 4.5) for all selected candidates (D1–D9). However, CReM generates chemically 

reasonable mutations but does not guarantee synthetic tractability or novelty of any indi-

vidual analogue, and the fragment library constrains the accessible chemical space. This 

threshold indicates that the proposed modifications remain practical for laboratory syn-

thesis using standard organic reactions. To complement these composite scores with 

route-level evidence, retrosynthetic analyses were performed for the lead compounds us-

ing AiZynthFinder, a neural-network-guided Monte Carlo tree-search tool that recur-

sively breaks a target down to purchasable precursors using a USPTO-derived reaction-

template library. As a validation of the parent chemotype, the tool reproduced the estab-

lished aldol-type synthesis of donepezil from 5,6-dimethoxy-1-indanone and N-benzylpi-

peridine-4-carbaldehyde. For D5, a fully solved three-step convergent route was identi-

fied in which all four precursors are commercially available, combining the same aldol 

condensation used for donepezil, an amide coupling between 4-(bromomethyl)benzoic 

acid and 1-methyl-1,4-diazepane, and an N-alkylation joining the two arms. For D4, a 

three-step convergent route was likewise proposed in which three of the four precursors 

are commercially available; the sole out-of-stock precursor is formaldehyde, a ubiquitous 

reagent excluded only by the drug-like scope of the precursor database rather than by 

genuine unavailability. Both derivatives share the dimethoxyindanone and benzylpiperi-

dine building blocks of donepezil, indicating that they are accessible through established 

synthetic logic. These routes are computational proposals; experimental synthesis and 

structural confirmation remain necessary. 

While the in silico results are encouraging at the computational level, they require 

experimental validation before any pharmacological conclusion can be drawn. 

3.6. Limitations and Required Experimental Validation 

The present study is entirely computational, and its conclusions are predictions ra-

ther than demonstrated pharmacological properties. Several limitations should be made 

explicit. (i) All binding metrics—docking ΔG, docking-derived Ki, and MM-GBSA/MM-

PBSA free energies—are computational estimates; the docking-derived Ki values in par-

ticular are score-based and are not reliable estimators of absolute affinity, and the MM-

PBSA absolute values are affected by the known overestimation of the polar desolvation 

term. These support relative ranking, not absolute potency. (ii) MD simulations were run 

as single 100 ns trajectories without independent replicas, and only for the AChE com-

plexes; the BChE predictions rest on docking alone. (iii) ADMET and toxicity endpoints 

derive from QSAR-type classifiers whose reliability depends on training-set coverage, as 

illustrated by the ADMETlab misprediction of Donepezil’s BBB permeability. (iv) The de-

rivatives present a mixed safety profile, retaining Donepezil’s predicted hERG and neu-

rotoxicity liabilities and adding a consistently predicted immunotoxicity and CYP3A4 in-

teraction. Accordingly, the following must be established experimentally before any can-

didate advances: synthesis and structural confirmation of the leads; in vitro AChE/BChE 

inhibition (Ellman method, IC50); BBB permeability (PAMPA-BBB and/or MDCK-MDR1); 

direct CYP inhibition assays (with attention to CYP3A4 and CYP2D6); hERG patch-clamp; 

microsomal metabolic stability; cytotoxicity in neuronal and hepatic lines; and cell-based 

Aβ-aggregation assays. Extension of the MD and MM-PBSA analysis to the BChE com-

plexes is a further defined computational step. 
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4. Conclusions 

Using fragment-based molecular design (CReM), AI-assisted retrosynthetic assess-

ment, multi-parameter ADMET screening, molecular docking, and MD simulations, we 

computationally identified nine Donepezil derivatives with predicted CNS-relevant phar-

macokinetics, a mixed toxicity profile in which selective improvements (e.g., hepatotoxi-

city, nephrotoxicity, CYP2D6) are offset by retained hERG and neurotoxicity liabilities, 

and improved docking scores for dual AChE/BChE inhibition. D4 and D5 showed the 

most favorable predicted binding profiles, with dual-site poses in AChE and MD-stable 

complexes over 100 ns. D6 is notable for a substantially higher predicted LD50 than the 

remaining derivatives and donepezil. The scaffolds are synthetically accessible (SAscore 

≤ 4.5) and represent plausible candidates for experimental follow-up. Route-level retro-

synthetic analysis (AiZynthFinder) further supported synthetic feasibility, returning a 

fully solved three-step route for D5 and a near-complete route for D4 from largely com-

mercial precursors, both sharing donepezil’s core building blocks. Whether these compu-

tational predictions translate to measurable inhibitory activity remains to be determined 

by synthesis and in vitro assay. 

Supplementary Materials: Figure S1: Redocking validation of the docking protocol. Superposition 

of the co-crystallized (crystal) and redocked poses of donepezil in the acetylcholinesterase active 

site (PDB 4EY7). The redocked pose reproduces the crystallographic binding mode with a heavy-

atom RMSD of 1.96 Å, confirming the reliability of the docking protocol; Figure S2; Predicted three-

dimensional binding poses of the lead derivatives D4 and D5 in the acetylcholinesterase gorge (PDB 

4EY7). Key active-site residues are shown, illustrating simultaneous engagement of the catalytic site 

and the peripheral anionic site (PAS) that underlies the proposed dual-site binding. Dashed lines 

indicate predicted interactions; Figure S3; Predicted retrosynthetic routes for the lead derivatives, 

generated with AiZynthFinder. (A) Donepezil, reproduced as validation of the tool on the parent 

scaffold. (B) D5, a fully solved three-step convergent route from four commercially available pre-

cursors. (C) D4, a three-step convergent route in which three of four precursors are commercially 

available. Green boxes denote precursors present in the purchasable-compound stock; Table S1: 

SwissADME-predicted physicochemical, pharmacokinetic, drug-likeness, and medicinal chemistry 

profile of donepezil and derivatives D1–D9; Table S2: ADMETlab 3.0-predicted absorption, distri-

bution, metabolism, excretion, toxicity, and safety endpoints of donepezil and derivatives D1–D9. 

Author Contributions: Conceptualization, M.A. and M.S.P.; methodology, J.Đ.J.; software, S.J.; val-

idation, M.A., M.G. and A.A.; formal analysis, A.A.; investigation, S.J.; resources, M.A.; data cura-

tion, J.Đ.J.; writing—original draft preparation, M.A.; writing—review and editing, M.S.P.; visuali-

zation, M.G.; supervision, A.A. All authors have read and agreed to the published version of the 

manuscript. 

Funding: This research was funded by the Serbian Ministry of Education, Science, and Technologi-

cal Development (Agreement Nos 451-03-33/2026-03/200378; 451-03-34/2026-03/200111 and 451-03-

137/2025-03/200252). 

Data Availability Statement: The original contributions presented in this study are included in the 

article/Supplementary Material. Further inquiries can be directed to the corresponding author. 

Acknowledgments: During the preparation of this manuscript/study, the author(s) used the CReM 

(Chemically Reasonable Mutations) https://crem.readthedocs.io (accessed on 17 July 2026) algo-

rithm for the generation of structurally feasible derivatives of the parent compound, and 

AIZynthFinder (v4.4.1) for retrosynthetic analysis. Claude (Anthropic) (v2.1) and ChatGPT 

(OpenAI) (v5.4) were used for language and style assistance, specifically for improving sentence 

structure and grammatical accuracy of the manuscript. The authors have reviewed and edited the 

output and take full responsibility for the content of this publication. 

https://doi.org/10.3390/compounds6030045


Compounds 2026, 6, 45 18 of 20 
 

https://doi.org/10.3390/compounds6030045 

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the 

design of the study; in the collection, analyses, or interpretation of data; in the writing of the manu-

script; or in the decision to publish the results. 

Abbreviations 

The following abbreviations are used in this manuscript: 

AD Alzheimer’s disease 

ACh Acetylcholine 

AChE Acetylcholinesterase 

BChE Butyrylcholinesterase 

Aβ Beta-amyloid peptide 

PAS Peripheral anionic site 

CNS Central nervous system 

CReM Chemically Reasonable Mutations 

ADMET Absorption, Distribution, Metabolism, Excretion, and Toxicity 

GI Gastrointestinal 

BBB Blood–brain barrier 

P-gp P-glycoprotein 

PPB Plasma protein binding 

CYP Cytochrome P450 

hERG Human Ether-à-go-go-Related Gene potassium channel 

HIA Human intestinal absorption 

Ki Inhibitory constant 

ΔG Binding free energy 

LE Ligand efficiency 

MW Molecular weight 

TPSA Topological polar surface area 

logP Partition coefficient 

logS Aqueous solubility 

QED Quantitative Estimate of Drug-likeness 

PAINS Pan-Assay Interference Compounds 

BRENK Structural alerts filter 

LGA Lamarckian Genetic Algorithm 

MMFF94 Merck Molecular Force Field 

PDB Protein Data Bank 
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