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ABSTRACT 
	Alzheimer's disease (AD) accounts for 60 to 70% of dementias worldwide. This condition is primarily associated with the decrease in acetylcholine (ACh) levels, due to the action of human acetylcholinesterase (AChE). The lack of a curative treatment for Alzheimer's disease underscores the urgency to develop options that are more effective. This study aims to design new analogues of donepezil optimized for the effective inhibition of human AChE. Using a physics-based computer-aided molecular design (CAMD) approach, we developed a reliable quantitative structure-activity relationship (QSAR) model utilizing the crystallographic structure of AChE (PDB code: 7E3H) along with a series of 45 molecules derived from donepezil, of which 32 were used for the training set and 13 for external validation. The QSAR model was rigorously validated with this external validation set, demonstrating a high predictive power. The established QSAR model () explains 95% of the variation in experimental biological activity () based on the variation in binding free energy (∆∆Gcom). The variation in binding free energy in the biological environment is given by the equation: . A detailed investigation into the binding mode of inhibitors at the human AChE active site, combined with the energetic assessment of individual residue interactions, enabled the rational selection of molecular substituents necessary for the design of new, optimized analogues. Using an intuitive substitution method, a series of 59 new, more effective analogues of donepezil (DPZA) were designed, notably: DPZA46 (), DPZA36 (), DPZA20 (). The best-designed DPZA analogues exhibit a favorable theoretical pharmacokinetic profile. The stability of the best-designed DPZA inhibitors and their complexes formed with AChE has been confirmed through molecular dynamics simulations, thereby validating the obtained active conformations. These results suggest that the designed analogues, particularly DPZA46, are promising candidates worthy of further experimental investigation as potential anti-Alzheimer agents.
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1. Introduction 
Alzheimer's disease (AD) is a progressive and destructive neurodegenerative condition (Li et al., 2025), representing the leading cause of dementia globally, accounting for 60 to 70% of cases (Organization, 2025). In 2021, approximately 57 million people were affected by dementia, and this number could reach 139 million by 2050 (Aguzzoli et al., 2024; Organization, 2025). AD has a significant impact on healthcare systems (Hakeem, 2023; Peitzika & Pontiki, 2023), with an estimated annual cost of $1.3 trillion in 2019, which is expected to more than double by 2030 to reach $2.8 trillion (Aguzzoli et al., 2024). Alzheimer's disease is characterized by a progressive decline in cognitive function, manifested by memory impairments, speech difficulties, and spatial-temporal disorientation, leading to a loss of autonomy (Jones et al., 2025; Peitzika & Pontiki, 2023). 
The pathogenesis of AD is complex and influenced by several factors, including the accumulation of amyloid plaques, the formation of neurofibrillary tangles, and a significant decrease in acetylcholine (ACh) levels (Golde, 2003; Peitzika & Pontiki, 2023; Xiao et al., 2025). Acetylcholine (ACh) is a crucial neurotransmitter for perception and memory (Francis et al., 1999), whose degradation is catalyzed by the enzyme acetylcholinesterase (AChE). This enzyme acts rapidly, hydrolyzing ACh into acetate and choline, thereby interrupting neurotransmission at cholinergic synapses (Dvir et al., 2010). Consequently, research on AChE in the context of Alzheimer's disease has become a promising area of study (Chennai et al., 2024). Moreover, current research indicates that enhancing cholinergic neurotransmission in the brain, particularly through AChE inhibition, is the most effective treatment for Alzheimer's disease (Chennai et al., 2024; Hampel et al., 2018). Among therapeutic strategies, AChE inhibitors, such as donepezil derivatives, are essential for slowing the progression of symptoms (Birks, 2006; Birks, 2018). Given the increasing prevalence of Alzheimer's disease (Organization, 2025) and the limited efficacy of current treatments (Figure 1), often accompanied by side effects such as nausea, vomiting, and cardiovascular issues, the search for new therapeutic molecules is more critical than ever (Hampel, 2018; Przedborski, 2003). Despite scientific advancements, no curative treatment currently exists, making the development of more effective treatments essential. 
This study aims to design in silico new optimized analogues of donepezil to inhibit AChE with improved efficacy and ADME properties. In silico approaches, such as molecular modeling, docking, and quantitative structure-activity relationship (QSAR) analysis, provide powerful tools for designing and evaluating new AChE inhibitors (Sliwoski, 2014). These methods allow for the study of ligand-target interactions, optimization of binding affinity, and improvement of pharmacokinetic properties, while reducing costs and time associated with experimental trials (Galimberti & Scarpini, 2016; Jorgensen, 2009). 
Recent studies have demonstrated their effectiveness in the discovery of anti-Alzheimer compounds, particularly through QSAR modeling and the analysis of ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) parameters (Reynoso-García, 2025). Based on the crystallographic structure of human AChE in complex with donepezil (PDB code: 7E3H) crystallized by Deelip et al. (Dileep et al., 2022) and a set of 45 donepezil-derived molecules (DPZ) synthesized by Azusada et al. (Azusada et al., 2024), including 32 in the training set (TS) and 13 in the validation set (VS), we first developed a QSAR model for the binding of DPZ ligands to the active site of human AChE. We then quantified the individual energy contributions of each residue in the human AChE active site to the interaction with the DPZ ligands. Subsequently, using the structure-based fragment substitution approach, we identified a series of analogues derived from donepezil (DPZA) and evaluated their predicted inhibitory activities. Finally, the pharmacokinetic properties of these new DPZA were analyzed.
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[bookmark: _Ref207007609]Figure 1 : Anti-AChE drugs available on the market

2. material and methods
In this study, we applied computer-aided molecular design (CAMD) techniques to optimize therapeutic molecules. These methods establish relationships between the structure and physicochemical properties of protein-ligand complexes and the biological activities () of small-molecule inhibitors. This approach enables the identification of substituents or structural modifications that may enhance biological activity. Several previous studies have demonstrated the effectiveness of this methodology (Fofana et al., 2021; Frecer et al., 2005; Keita et al., 2014; Konate et al., 2025; Megnassan et al., 2012; N’guessan et al., 2022). 
Flowchart 1 outlines the key steps in the design of improved DPZA inhibitors.
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Flowchart 1: Flow diagram of the computer-aided drug design approach that led to the design of improved DPZA analogues that effectively inhibit the human AChE.

2.1. Training and Validation Sets
The experimental activities of the published DPZ inhibitors () used in this work come from the study by Azusada et al. (Azusada et al., 2024). The relatively considerable amplitude of the observed biological inhibitory activity () values for the DPZ ligands (2.9 nM ≤ ≤ 3632 nM) (Azusada et al., 2024) allows for the development of a robust and reliable QSAR model. To achieve this, the DPZ were divided into two sets (Table 1), with 32 DPZ assigned to the training set (TS) and 13 DPZ to the validation set (VS), following the OECD criteria (General, 2014). 

2.2.  Model building
The molecular model of human AChE (PDB code: 7E3H) (Dileep et al., 2022) used in this study is composed of two monomers: A and B. Following analysis with Discovery Studio software (Studio, 2009), monomer A was selected as the donepezil-bound complex (Dileep et al., 2022). The water molecules were removed from the crystal structure. After correction, a pre-minimization was performed using the Smart Minimizer algorithm (Studio, 2009) before docking to preserve the enzyme's secondary structure.

2.3.  Molecular Mechanics
The structures of DPZ ligands and AChE-DPZ complexes were modeled by molecular mechanics (MM) using the CHARMm force field (Studio, 2009), using previously reported (Fofana et al., 2021; Keita et al., 2014; Megnassan et al., 2012).

2.4.  Solvation Gibbs free energies
To integrate the effect of ionic strength in a biological environment, the electrostatic component of the solvation free energy (GFE) was computed using the nonlinear Poisson-Boltzmann equation (Gilson & Honig, 1991; Homeyer & Gohlke, 2012; Rocchia et al., 2002). This modeling was performed using the DelPhi module of Discovery Studio (Studio, 2009) and the CHARMm force field (Studio, 2009).
The solvent is modeled with a dielectric constant of 80, while the solute is confined within a molecular cavity characterized by a dielectric constant of 4. The details have been reported previously (Fofana et al., 2021; Frecer et al., 2005; Frecer et al., 2011; Keita et al., 2014; Owono Owono et al., 2013).
2.5. Molecular Docking and QSAR Model
For this investigation, molecular docking simulations were employed to replicate the binding of DPZ series inhibitors within the active site of human AChE. This methodology represents a cornerstone of Computer-Aided Drug Design and Discovery (CADDD) (Jakhar et al., 2020), enabling both the elucidation of the ligand's binding profile in the target protein's active pocket and the prediction of molecular interactions necessary for affinity estimation (Guedes et al., 2014; Shoichet et al., 2002). We utilized the CDOCKER (CHARMm-based DOCKER) algorithm, integrated into the DS software suite (Studio, 2009), to dock the 32 DPZ inhibitors from our training set (TS) into the AChE active site. The choice of CDOCKER was driven by its proven efficiency in sampling the ligand's conformational space (Shoichet & Kuntz, 1991; Vieth, Hirst, Kolinski, et al., 1998; Walls & Sternberg, 1992) and its ability to generate multiple initial orientations of the molecules within the protein's binding pocket (Wu et al., 2003). This enhances the accuracy and efficiency of the docking process (Vieth, Hirst, Dominy, et al., 1998). After the selection of poses following docking, each protein-ligand complex underwent a complete minimization, as described in sections 2.1-2.3. Subsequently, the binding energy (Gbinding) was calculated using the "Calculate Binding Energies" protocol from DS (Studio, 2009). In this protocol, the "Estimate entropy" function allowed for the estimation of the entropy variation in each complex by utilizing a simple quasi-harmonic approximation to calculate the translational and rotational entropy terms of the complexes. Thereafter, the electrostatic component of the solvation energy was calculated according to the description in section 2.4. Finally, two QSAR models were developed: one correlating the relative change in binding energy (ΔΔGbinding) with the  values of the 32 DPZ inhibitors from TS [], and the other correlating the relative change in Gibbs free energy (GFE: ΔΔGcom) of complex formation with the  values of the 32 DPZ inhibitors from TS []. The binding energy (ΔΔGbinding) and the relative change in Gibbs free energy (ΔΔGcom) of complex formation are obtained according to the following relationships:
ΔGbinding = Gcomplex – Gligand – Greceptor                                                  (1)
ΔΔGbinding (AChE-Lx) = ΔGbinding(AChE-Lx)-ΔGbinding(AChE-Lref)          (2)
ΔGcom = ΔGbinding – TΔS + ΔGSolv                                                        (3)
-TΔS = -T(Strans + Srot)                                                                         (4)
TΔS = TΔScomplx – TΔSligand - TΔSreceptor                                              (5) 
ΔΔGcom (AChE-Lx) = ΔGcom(AChE-Lx) - ΔGcom(AChE-Lref)                  (6)
                                                                      (7)
ΔGbinding: Binding energy of complex; Gcomplex: Energy of the protein-ligand complex; GLigand: Energy of the free ligand; GReceptor: Energy of the protein.
ΔGcom: Gibbs free energy (GFE); TΔS: The entropic contribution to the GFE of complex formation (P:L); TStrans: Translational entropy; TSrot : Rotational entropy. ΔGSolv: The contribution of the solvation effect to the GFE of complex formation (P:L); Lref : the reference ligand DPZ1.
The predictive power of the equation 8 was used as a target-specific scoring function for human AChE to estimate the predicted inhibitory activity () of the newly designed DPZA analogs (Bieri et al., 2023; Fofana et al., 2021; Frecer et al., 2005; Konate et al., 2025).


2.6.  Interaction Energy
The non-bonded interactions between the atoms of the AChE-DPZx complexes were evaluated using the "Calculate Interaction Energy" protocol in Discovery Studio (Studio, 2009), employing molecular mechanics (MM). The CHARMm force field (Studio, 2009) was applied, along with a relative permittivity of 4, for the execution of these calculations. Furthermore, a crucial methodology is the breakdown of the protein-ligand interaction energy (Eint) into component parts corresponding to each active site residue. This process is fundamental as it simultaneously allows for the identification of key residues that govern ligand binding and directs the structural modifications of the ligands intended to potentially boost their biological activity (Bieri et al., 2023; Fofana et al., 2021; Keita et al., 2014).
2.7.  ADME properties
The absorption, distribution, metabolism, and excretion (ADME) properties of the new DPZA analogues were evaluated using QikProp from Schrödinger (Schrödinger, 2018b). The details of the methodology employed have been reported previously (Bieri et al., 2023; Fofana et al., 2021; Frecer et al., 2005; Keita et al., 2014; Konate et al., 2025).
2.8. Molecular dynamics (MD) and MMGBSA binding free energy
To evaluate the structural stability of the most active inhibitor from the training set (DPZ1) as well as that of the three best-designed analogues (DPZA46, DPZA36, and DPZA20), molecular dynamics simulations were conducted on the complexes formed with AChE. These simulations provide crucial information regarding the structural and dynamic properties of the molecular systems. The Desmond module of Schrodinger 2018-4 (Schrödinger, 2018a) was utilized to perform these simulations over a duration of 200 ns, following the protocol described previously (Bieri et al., 2023; Frecer et al., 2000; Frecer & Miertus, 2020).
After these simulations, we calculated the variations in binding energy during complex formation using the Molecular Mechanics/Generalized Born Surface Area (MM-GBSA) method (Hou et al., 2011). The Prime MM-GBSA tool from Schrodinger 2018-4 (Schrödinger, 2018a) was employed, utilizing the OPLS_2005 force field and the VSGB 2.0 implicit solvent model (Li et al., 2011). The average variation in binding energy (∆GBindMMGBSA) was determined from the 500 frames of the simulation trajectory. Details of the MM-GBSA methodology have been reported previously (Ntie-Kang et al., 2014).

[bookmark: _Ref207356992]Table 1. Training set (TS) and validation set (VS) of DPZ inhibitors (Azusada et al., 2024) utilized in the development of the QSAR model for AChE inhibition. The molecular scaffold of DPZ and its building blocks (R-groups) are illustrated.
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	Training Set

	

DPZ1 - 2.9 nM
	

DPZ2 - 4.4 nM
	

DPZ3 - 4.6 nM
	

DPZ4 - 5.4 nM
	

DPZ5 - 6.4 nM
	

DPZ6 - 9.4 nM

	

DPZ7 - 9.6 nM
	

DPZ8 - 9.7 nM
	

DPZ9 - 9.7 nM
	

DPZ10 - 10 nM
	

DPZ11 - 10.2 nM
	

DPZ12 - 10.6 nM

	

DPZ13 - 11 nM
	

DPZ14 - 11.3 nM
	

DPZ15 - 11.8 nM
	
DPZ16 - 12.3 nM
	

DPZ17 - 14.8 nM
	

DPZ18 - 21 nM

	
DPZ19 - 24.5 nM
	

 DPZ20 - 37.9 nM
	

DPZ21 - 43.1 nM
	

DPZ22 - 49.4 nM
	
 DPZ23 - 50.8 nM
	

DPZ24 - 57 nM

	
 DPZ25 - 75.8 nM
	
 DPZ26 - 102.5 nM
	
 DPZ27 - 187 nM
	
DPZ28 - 215.4 nM
	
 DPZ29 - 541.5 nM
	
 DPZ30 - 548 nM

	

DPZ31 - 2377.8 nM
	

DPZ32 - 3632 nM

	Validation Set

	

DPZ33 - 4.3 nM
	

DPZ34 - 39.5 nM
	

DPZ35 - 104.3 nM
	

DPZ36 - 131.3 nM
	

DPZ37 - 132.7 nM
	

DPZ38 - 181.3 nM

	


DPZ39 - 209.5 nM
	

DPZ40 - 237.7 nM
	

DPZ41 - 287.9 nM
	

DPZ42 - 376.8 nM
	

DPZ43 – 403.1 nM
	

DPZ44 - 523.6 nM

	

DPZ45 - 690.9 nM


3. Results and Discussion
3.1. QSAR Model of AChE inhibition
In this research, we employed acetylcholinesterase (AChE) inhibitors derived from donepezil (DPZ), based on the publication by Azusada et al. [22(Azusada et al., 2024). The study involved a total of 45 DPZ molecules documented by their experimental biological activity values (). These molecules were partitioned into two distinct groups: a training set composed of 32 DPZ and a validation set containing the remaining 13 DPZ. The Gibbs free energy values (ΔGcom) for the AChE-DPZx complexes, along with their components (ΔGbinding, TΔS, and ΔGSolv), are presented in Table 2. Two quantitative structure-activity relationship (QSAR) models were developed: the first correlates the relative change in binding energy (ΔΔGbinding) with the inhibition potential () of the 32 ligands (Figure 2.A), while the second correlates the relative change in Gibbs free energy (ΔΔGcom) with  (Figure 2.B).
[bookmark: _Ref207435716]Table 2. Calculated values for binding energy change (∆Gbinding), entropy (T∆S), solvation energy (∆GSolv), and relative change in free binding energy (∆∆Gcom) for DPZ1-45 inhibitors from the training and validation sets (Azusada et al., 2024)

	Training Set
	ΔGbinding [kcal.mol-1]
	TΔS                    [kcal.mol-1]
	ΔGSolv                            [kcal.mol-1]
	ΔGcom                      [kcal.mol-1]
	ΔΔGcom                      [kcal.mol-1]
	

	DPZ1
	-47.4
	20.4
	-700.0
	-767.8
	0.0
	8.54

	DPZ2
	-46.4
	20.3
	-699.6
	-766.3
	1.5
	8.36

	DPZ3
	-45.6
	20.4
	-699.4
	-765.4
	2.4
	8.34

	DPZ4
	-46.8
	20.4
	-699.6
	-766.7
	1.0
	8.27

	DPZ5
	-47.1
	20.5
	-697.2
	-764.8
	3.0
	8.19

	DPZ6
	-45.4
	20.5
	-699.2
	-765.1
	2.7
	8.03

	DPZ7
	-43.8
	20.5
	-699.0
	-763.3
	4.5
	8.02

	DPZ8
	-45.6
	20.5
	-699.0
	-765.1
	2.6
	8.01

	DPZ9
	-44.1
	20.4
	-701.5
	-766.0
	1.8
	8.01

	DPZ10
	-43.5
	20.8
	-700.5
	-764.8
	3.0
	8.00

	DPZ11
	-46.2
	20.2
	-700.2
	-766.6
	1.2
	7.99

	DPZ12
	-44.7
	20.5
	-700.0
	-765.2
	2.6
	7.97

	DPZ13
	-45.7
	20.5
	-698.7
	-764.9
	2.9
	7.96

	DPZ14
	-44.3
	20.7
	-698.3
	-763.3
	4.5
	7.95

	DPZ15
	-44.7
	20.4
	-699.5
	-764.6
	3.2
	7.93

	DPZ16
	-44.8
	20.6
	-699.0
	-764.5
	3.3
	7.91

	DPZ17
	-44.8
	20.5
	-699.7
	-765.0
	2.7
	7.83

	DPZ18
	-44.5
	20.5
	-698.1
	-763.1
	4.6
	7.68

	DPZ19
	-44.9
	20.6
	-698.8
	-764.3
	3.5
	7.61

	DPZ20
	-42.7
	20.5
	-698.8
	-762.1
	5.7
	7.42

	DPZ21
	-43.7
	20.5
	-698.8
	-763.0
	4.8
	7.37

	DPZ22
	-43.3
	20.7
	-698.2
	-762.2
	5.6
	7.31

	DPZ23
	-42.8
	20.7
	-697.3
	-760.8
	7.0
	7.29

	DPZ24
	-41.2
	20.7
	-699.5
	-761.4
	6.4
	7.24

	DPZ25
	-42.9
	20.4
	-699.1
	-762.3
	5.5
	7.12

	DPZ26
	-40.7
	20.2
	-699.6
	-760.5
	7.3
	6.99

	DPZ27
	-37.9
	20.8
	-700.1
	-758.8
	9.0
	6.73

	DPZ28
	-38.3
	20.7
	-697.5
	-756.5
	11.3
	6.67

	DPZ29
	-37.3
	20.7
	-697.9
	-755.9
	11.9
	6.27

	DPZ30
	-35.4
	20.8
	-698.5
	-754.7
	13.1
	6.26

	DPZ31
	-36.8
	20.9
	-694.8
	-752.5
	15.3
	5.62

	DPZ32
	-32.1
	21.0
	-698.6
	-751.7
	16.1
	5.44

	Validation Set
	ΔGbinding [kcal.mol-1]
	TΔS                    [kcal.mol-1]
	ΔGSolv                            [kcal.mol-1]
	ΔGcom                      [kcal.mol-1]
	 *
	

	DPZ33
	-46.0
	20.5
	-699.1
	-765.6
	8.09
	0.97

	DPZ34
	-42.5
	20.7
	-697.9
	-761.1
	7.26
	0.98

	DPZ35
	-42.4
	20.6
	-697.7
	-760.8
	7.20
	1.03

	DPZ36
	-40.3
	20.5
	-696.8
	-757.5
	6.60
	0.96

	DPZ37
	-41.3
	20.6
	-698.8
	-760.7
	7.19
	1.05

	DPZ38
	-40.4
	20.6
	-697.0
	-757.9
	6.67
	0.99

	DPZ39
	-38.4
	20.7
	-699.8
	-758.8
	6.84
	1.02

	DPZ40
	-39.6
	20.7
	-698.5
	-758.8
	6.84
	1.03

	DPZ41
	-38.0
	20.2
	-698.6
	-756.8
	6.47
	0.99

	DPZ42
	-39.3
	20.8
	-696.1
	-756.2
	6.35
	0.99

	DPZ43
	-38.0
	20.8
	-699.7
	-758.5
	6.77
	1.06

	DPZ44
	-39.4
	20.6
	-698.7
	-758.6
	6.81
	1.08

	DPZ45
	-39.7
	20.7
	-699.0
	-759.4
	6.95
	1.13



















*  
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[bookmark: _Ref207429908]Figure 2. A. Graph of the correlation between  and the binding energy component ΔΔGbinding of the GFE both in kcalmol-1. B. Similar correlation established for the GFE of P:L complex formation ∆∆Gcom for the AChE-DPZx complexes (Azusada et al., 2024). The black points represent the data points from the training set (VS), while the red squares indicate the data points from the validation set (VS). 


The equations derived from the linear regression lines and the values of the statistical parameters (reliability indicators) for the two QSAR models are presented in Table 3. These statistical parameters indicate strong correlations between the calculated quantities (∆∆Gbinding, ∆∆Gcom) and the experimental observations of . QSAR models based on single descriptors demonstrate that the molecular structures of AChE-DPZx complexes incorporate the most significant features crucial for the inhibitory activity of DPZ. 
[bookmark: _Ref207435399]Table 3. Regression analysis between calculated binding affinities (∆∆Gcom), its binding energy component (∆∆Gbinding) *, and experimental values  of DPZ towards AChE.
	Statistical data of linear regression
	(A)
	(B)

	              (A)
	
	

	                   (B)
	
	

	Number of compounds n
	32
	32

	Squared correlation coefficient of regression  
	0.92
	0.95

	Leave-one-out cross-validated squared correlation coefficient  
	0.91
	0.95

	Standard error of regression  
	0.23
	0.18

	Statistical significance of regression, Fisher F-test
	324.21
	577.57

	Level of statistical significance  
	> 95%
	> 95%

	Range of half-maximal inhibitory concentrations    [nM]
	2.9  -  3632


*  ∆∆Gcom and ∆∆Gbinding are in [kcal·mol-1].
High correlation coefficients and the results of the Fisher test for equations (A) and (B) presented in Table 3 indicate that these binding models account for a substantial portion of the variation in the inhibitory activities of DPZ. The QSAR model [] considers, in addition to ligand-receptor interactions (∆∆Gbinding), the solvent effect (∆∆Gsolv) and the entropic term (T∆∆S) at a temperature of 298.15 K. The inclusion of entropy variation in QSAR models enhances their predictive capacity (Garbett & Chaires, 2012; Wienen-Schmidt et al., 2018) and contributes to the reliability of the predictions (Freire, 2008; Klebe & Böhm, 1997; Todeschini & Consonni, 2009). The validity of the developed binding model was confirmed by calculating the ratio between predicted and experimental values () for the DPZ in the validation set, where  was determined using regression equation B presented in Table 3. This ratio approaches the theoretical value of 1 for all DPZ in the validation set (Table 2), supporting the considerable predictive power of the QSAR complexation model. Therefore, correlation equation B and the estimated values of ∆∆Gcom can be used to predict the inhibitory activity of new DPZ analogs, provided they exhibit a similar binding mode at the active site of AChE as the DPZ molecules in the training set.
3.2.  Binding mode of DPZ
We analyzed the interactions between the AChE enzyme and two ligands from TS: the most active ligand, DPZ1(), and the least active ligand, DPZ32(), based on the conformations obtained through molecular docking (Figure 3).
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[bookmark: _Ref193557535][bookmark: _Ref203493064]Figure 3. A. 2D interaction diagram of the most potent inhibitor DPZ1 at the active site of AChE. B. 2D interaction diagram of the inhibitor DPZ32 at the active site of AChE. Carbon atoms are coloured yellow for the ligands DPZ1, DPZ32.


Structural information derived from the AChE-DPZx complexes, formed following molecular docking and minimized using the MM method, allows for the identification of key interactions that may explain the inhibitory activity of DPZ against AChE. These interactions primarily consist of hydrogen bonds, van der Waals interactions, and hydrophobic contacts. In the AChE-DPZ1 and AChE-DPZ32 complexes, only the Phe295 residue of the acylation site establishes a hydrogen bond with the ligands DPZ1 and DPZ32 (Figure 3.A and 3.B). In Figure 3, the residues Trp86 and Tyr337 from the catalytic site (CAS), as well as the residue Trp286 from the peripheral aromatic site (PAS), establish "Pi-Pi Stacked" interactions with the ligand DPZ1 (Figure 3.A), similar to the interactions observed between the residues Trp86, Trp286, and Tyr341 with the ligand DPZ32 (Figure 3.B). Notably, the Tyr341 residue exhibits a Pi-Sigma interaction with the ligand DPZ1 (Figure 3.A), while this interaction is not observed with the ligand DPZ32. Pi-Alkyl interactions are noted between the ligand DPZ1 and the residues Tyr337 and Tyr341 (Figure 3.A), whereas the residues Tyr133 and Tyr337 establish such interactions with the ligand DPZ32 (Figure 3.B). Additionally, the residues Tyr124, Ser293, Val294, Tyr341, and the catalytic residue His447 engage in carbon-hydrogen bond interactions with the ligand DPZ1 (Figure 3.A), while only the residues Ser293 and Tyr337 form such interactions with the ligand DPZ32 (Figure 3.B). In Figure 3.A and 3.B, it is also observed that the majority of the active site residues of AChE exhibit van der Waals interactions with the ligands DPZ1 and DPZ32.
3.3. Interaction Energy
The individual contributions of the active site residues of AChE to the interaction energy (∆Eint) were calculated for the ligands in the training set (TS), which were categorized into three classes based on their activity (high, moderate, and low), with four ligands per class (Figure 4). The analysis of interaction energy, decomposed into individual contributions, is fundamental for making informed choices regarding R-groups in the design of new DPZ analogues. This methodical approach could not only enhance the affinity of these new DPZ compounds for the active site of AChE but also optimize their inhibitory capacity, thereby making them more effective against AChE. Quantitative analysis of the contributions from the van der Waals component of the interaction energy (∆Eint_vdW) reveals a decrease in the energetic contributions from the residues Leu76, Gly120, Ser203, Ser293, Val294, Phe297, and His447 (Figure 4) when transitioning from the more active DPZx ligands to the less active ones. Furthermore, the majority of ΔEint_vdW arises from the interactions of DPZx with the residues Asp74, Trp86, Tyr124, Trp286, Tyr337, Tyr338, and Tyr341 (Figure 4).
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	[bookmark: _Ref208539991]Figure 4. The van der Waals contributions to enzyme-inhibitor interaction energy (ΔEint_vdW, in kcal·mol-1) are shown for selected active site residue of AChE and selected training set DPZx analogues (Azusada et al., 2024). A.  Most active DPZ inhibitors. B.  Moderately active inhibitors. C.  Fewer active inhibitors. The colour coding refers to the DPZ indicated in the legend.


3.4. New DPZ analogues
We employed the intuitive substitution approach (Fofana et al., 2021; Keita et al., 2014) in the design of new analogues of donepezil derivatives (DPZA). This approach involves integrating molecular fragments that optimally occupy the target pockets, thereby increasing their affinity for the residues within those pockets and consequently enhancing the inhibitory potential of the newly designed analogues. The selection of appropriate R groups was guided by a twofold approach: on one hand, we utilized data derived from the qualitative and quantitative assessment of the DPZ ligands' binding profile within the AChE active site (work detailed in Sections 3.2 and 3.3, respectively); on the other hand, our choice was based on the structural properties of the human AChE active site pocket. The substituents (R groups) incorporated during the design of the DPZA analogues are cataloged in Table 4. Their placement on the molecular scaffold was executed at the R position to mimic the substitution scheme observed for the DPZ ligands from the training and validation sets.
[bookmark: _Ref208316968]Table 4. Molecular substituents used in the design of new DPZA analogues


	R

	

A1
	

A2
	

A3
	

A4
	

A5
	

A6

	

A7
	

A8
	

A9
	

A10
	

A11
	

A12

	

A13
	
A14
	

A15
	

A16
	

A17
	

A18

	

A19
	

A20
	

A21
	

A22
	

A23
	

A24

	

A25
	

A26
	

A27
	

A28
	

A29
	

A30

	

A31
	

A32
	

A33
	

A34
	

A35
	

A36

	

A37
	

A38
	

A39
	

A40
	

A41
	

A42

	

A43
	

A44
	

A45
	

A46
	

A47
	

A48

	

A49
	

A50
	

A51
	
 A52
	

A53
	
 A54

	

A55
	
A56
	

A57
	

A58
	

A59
	


Thus, this approach enabled us to design a series of 59 new DPZAs, of which the best candidates exhibit a predicted inhibitory activity () in the picomolar range. The predicted activity () of each new analogue was determined using equation B from the RQSA complexation model. The Gibbs free energy (GFE) of complexation and its constituents for the novel DPZA analogues were determined using the identical calculation parameters applied to the DPZ molecules (both training and validation sets). The obtained data are presented in Table 5.
[bookmark: _Ref208324255]Table 5. Gibbs Free Energy of complexation and its components, predicted inhibitory activity () of the 59 newly designed DPZ Analogues (DPZA)
	N°
	New DPZ analogues
	Mw a
[gmol-1]
	ΔGbinding [kcal.mol-1]
	TΔS                    [kcal.mol-1]
	ΔGSolv                            [kcal.mol-1]
	ΔGcom              [kcal.mol-1]
	ΔΔGcom                      [kcal.mol-1]
	 b
[pM]

	Ref.
	DPZ1
	397
	-47.4
	20.4
	-700.0
	-767.8
	0.0
	2900*

	1
	DPZA1
	404
	-42.9
	20.4
	-700.2
	-763.5
	4.2
	19715

	2
	DPZA2
	387
	-40.3
	20.3
	-699.1
	-759.7
	8.0
	98334

	3
	DPZA3
	385
	-46.2
	20.3
	-700.6
	-767.0
	0.7
	4453

	4
	DPZA4
	359
	-41.9
	20.1
	-700.8
	-762.8
	5.0
	26848

	5
	DPZA5
	395
	-48.8
	20.4
	-698.5
	-767.7
	0.1
	3373

	6
	DPZA6
	411
	-47.4
	20.4
	-699.7
	-767.5
	0.3
	3716

	7
	DPZA7
	424
	-49.8
	20.6
	-696.6
	-767.0
	0.8
	4562

	8
	DPZA8
	505
	-49.6
	20.9
	-698.9
	-769.4
	-1.6
	1659

	9
	DPZA9
	404
	-49.4
	20.5
	-700.9
	-770.8
	-3.0
	923

	10
	DPZA10
	606
	-50.5
	21.3
	-700.9
	-772.8
	-5.0
	397

	11
	DPZA11
	386
	-49.3
	20.3
	-700.3
	-769.9
	-2.1
	1335

	12
	DPZA12
	430
	-50.0
	20.6
	-698.4
	-769.0
	-1.3
	1918

	13
	DPZA13
	557
	-49.5
	21.2
	-699.2
	-769.9
	-2.1
	1328

	14
	DPZA14
	521
	-54.3
	21.0
	-701.7
	-777.1
	-9.3
	63

	15
	DPZA15
	410
	-53.2
	20.4
	-698.4
	-772.0
	-4.3
	539

	16
	DPZA16
	513
	-56.7
	21.0
	-696.2
	-773.8
	-6.1
	251

	17
	DPZA17
	503
	-52.2
	20.9
	-697.3
	-770.4
	-2.7
	1068

	18
	DPZA18
	636
	-55.5
	21.3
	-699.5
	-776.3
	-8.5
	89

	19
	DPZA19
	408
	-48.8
	20.5
	-700.9
	-770.1
	-2.4
	1211

	20
	DPZA20
	651
	-58.2
	21.4
	-698.7
	-778.3
	-10.5
	39

	21
	DPZA21
	525
	-49.3
	21.0
	-696.1
	-766.4
	1.3
	5773

	22
	DPZA22
	622
	-53.8
	21.5
	-695.8
	-771.1
	-3.3
	811

	23
	DPZA23
	681
	-55.4
	21.4
	-697.0
	-773.8
	-6.0
	257

	24
	DPZA24
	387
	-45.9
	20.3
	-700.5
	-766.7
	1.1
	5261

	25
	DPZA25
	404
	-48.0
	20.4
	-700.7
	-769.2
	-1.4
	1816

	26
	DPZA26
	411
	-47.2
	20.5
	-699.6
	-767.4
	0.4
	3846

	27
	DPZA27
	463
	-51.4
	20.8
	-697.4
	-769.5
	-1.7
	1594

	28
	DPZA28
	463
	-50.3
	20.8
	-696.8
	-767.9
	-0.1
	3090

	29
	DPZA29
	547
	-57.2
	21.1
	-697.9
	-776.2
	-8.5
	91

	30
	DPZA30
	660
	-57.2
	21.4
	-698.1
	-776.7
	-9.0
	74

	31
	DPZA31
	646
	-52.4
	21.3
	-697.5
	-771.3
	-3.5
	735

	32
	DPZA32
	787
	-58.8
	21.6
	-697.6
	-778.1
	-10.3
	42

	33
	DPZA33
	519
	-54.2
	21.0
	-701.7
	-776.9
	-9.2
	68

	34
	DPZA34
	725
	-56.3
	21.7
	-697.5
	-775.5
	-7.7
	127

	35
	DPZA35
	696
	-55.6
	21.6
	-697.8
	-775.0
	-7.2
	154

	36
	DPZA36
	714
	-59.1
	21.6
	-698.1
	-778.8
	-11.0
	31

	37
	DPZA37
	481
	-50.9
	20.9
	-697.5
	-769.2
	-1.5
	1767

	38
	DPZA38
	453
	-49.5
	20.8
	-699.8
	-770.1
	-2.3
	1230

	39
	DPZA39
	503
	-53.7
	21.0
	-701.1
	-775.7
	-7.9
	115

	40
	DPZA40
	636
	-52.8
	21.4
	-700.6
	-774.7
	-7.0
	171

	41
	DPZA41
	715
	-53.4
	21.6
	-700.2
	-775.2
	-7.4
	141

	42
	DPZA42
	914
	-50.8
	20.6
	-698.5
	-769.9
	-2.1
	1345

	43
	DPZA43
	788
	-56.1
	21.7
	-695.4
	-773.2
	-5.4
	330

	44
	DPZA44
	536
	-49.6
	21.0
	-697.0
	-767.6
	0.2
	3558

	45
	DPZA45
	428
	-45.3
	20.6
	-695.8
	-761.7
	6.0
	42166

	46
	DPZA46
	445
	-49.6
	20.7
	-709.8
	-780.1
	-12.4
	18

	47
	DPZA47
	489
	-54.5
	20.9
	-697.1
	-772.5
	-4.7
	451

	48
	DPZA48
	648
	-58.9
	21.5
	-697.4
	-777.8
	-10.1
	47

	49
	DPZA49
	732
	-54.7
	21.6
	-694.7
	-771.0
	-3.2
	844

	50
	DPZA50
	734
	-50.9
	21.7
	-695.1
	-767.6
	0.1
	3458

	51
	DPZA51
	512
	-54.1
	21.0
	-696.8
	-771.9
	-4.2
	566

	52
	DPZA52
	544
	-53.5
	21.1
	-693.7
	-768.4
	-0.6
	2539

	53
	DPZA53
	585
	-54.9
	21.2
	-694.7
	-770.7
	-3.0
	931

	54
	DPZA54
	593
	-53.3
	21.2
	-698.7
	-773.2
	-5.5
	324

	55
	DPZA55
	704
	-59.4
	21.6
	-696.2
	-777.1
	-9.3
	63

	56
	DPZA56
	513
	-50.8
	21.1
	-695.6
	-767.5
	0.3
	3659

	57
	DPZA57
	402
	-47.8
	20.8
	-696.7
	-765.3
	2.5
	9399

	58
	DPZA58
	402
	-45.9
	20.4
	-699.7
	-766.0
	1.8
	6915

	59
	DPZA59
	527
	-53.3
	20.9
	-699.3
	-773.5
	-5.8
	287


a Mw is molecular mass;
b  (Azusada et al., 2024) is given for the reference inhibitor DPZ1 instead of the .
We have identified promising substituents for the inhibition of human AChE, including A46, A36, A20, A32, A48, A55, A14, A33, A30, A18, and A29, through our computer-aided molecular design approach in the context of Alzheimer's disease treatment. The substitution of these molecular fragments at the R position of the DPZ scaffold significantly increases the predicted inhibitory activity () of the resulting new DPZA analogues. The chemical structures of the 11 best new DPZA analogues, along with their  values, are presented in Figure 5. 
	

	

	

	


	DPZA46 ( = 18 pM)
	DPZA36 ( = 31 pM)
	DPZA20 ( = 39 pM)
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	DPZA48 ( = 47 pM)
	DPZA55 ( = 63 pM)
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	DPZA33 ( = 68 pM)

	

	

	

	

	DPZA30 ( = 74 pM)
	DPZA18 ( = 89 pM)
	DPZA29 ( = 91 pM)
	

	[bookmark: _Ref208393635]Figure 5. Chemical structures and predicted inhibitory activities of the 11 top designed DPZA analogues against Human AChE


The best-designed analogues presented in Figure 5 exhibit high predicted inhibitory potencies against human AChE. Figure 6 illustrates the binding mode of the three best-designed analogues. Stabilizing interactions, primarily hydrophobic, are observed between the analogues DPZA46 (Figure 6.A and B), DPZA36 (Figure 6.C), and DPZA20 (Figure 6.D) and the residues of the AChE active site. We evaluated the interaction energy of the three best DPZA analogues (DPZA46, DPZA36, and DPZA20) with the active site residues of AChE (Figure 7). The diagram of the van der Waals component of the interaction energy (ΔEint_vdW) reveals an increased affinity between these analogues and several residues compared to the affinity of DPZ1, the best inhibitor in the training set, for the same residues.
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	[bookmark: _Ref193559586]Figure 6.  A.  Solvent hydrophobicity surface of the AChE active site and interactions with DPZA46, the most active designed DPZ Analogue ( = 18 pM). The molecular surface of the binding site is coloured according to residue hydrophobicity: red - hydrophobic, blue – hydrophilic, and white - intermediate. B. 2D schematic interaction diagram of the DPZA46 at the active site of AChE. C.  2D schematic interaction diagram of the DPZA36 ( = 31 pM) at the active site of AChE. D.  2D schematic interaction diagram of the DPZA20 ( = 39 pM) at the active site of AChE. Carbon atoms are coloured yellow for the ligands.
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	[bookmark: _Ref208490267]Figure 7. The van der Waals component of the intermolecular interaction energy ΔEint_vdW [kcal.mol-1] is provided for selected active site residue contributions. Results are presented for DPZ1 and three best newly designed DPZA (the colour coding refers to the inhibitors is indicated in the legend).


3.5.  Pharmacokinetic profile of new DPZ analogues
We proceeded with the evaluation of the ADME (Absorption, Distribution, Metabolism, and Excretion) properties of all our DPZA analogues, as well as those of the therapeutic molecules marketed for the management of Alzheimer's disease. The estimation was carried out using the QikProp software (Schrödinger, 2018b), an approach based on the methodology developed by Jorgensen (Jorgensen & Duffy, 2000) and exhaustively described in a previous study (Fofana et al., 2021). The relevant ADME descriptors for the most promising DPZA analogues and for the treatments currently available on the market are reported in Table 6. The druglikeness value is 0 for most of the new DPZA analogues, indicating that no violations of the druglikeness descriptor are reported. Furthermore, these new analogues demonstrate good bioavailability, as well as a high percentage of human oral absorption (HOA) via the gastrointestinal system, allowing a greater quantity of molecules to reach the bloodstream and enhancing their therapeutic efficacy. Additionally, the blood-brain barrier descriptor for these analogues falls within an appropriate range, indicating that they possess a good capacity to penetrate the brain. Therefore, the designed DPZA analogues exhibit a favorable theoretical pharmacokinetic profile.
[bookmark: _Ref213599670]Table 6. Predicted ADME-related properties of newly designed top DPZA analogues and approved human AChE Inhibitors, calculated by QikProp (Schrödinger, 2018b).
	DPZx a
	#stars b
	Mw c [g.mol-1]
	Smol d
[Å2]
	Smol,hfoe [Å2]
	Vmol f  [Å3]
	RotB g
	HBdonh
	HBacci
	logPo/w j
	logSwatk
	logKHSl
	logB/B m
	BIPcacon [nm.s-1]
	#meta o
	[pM]
	HOAq
	%HOAr

	DPZ1
	0
	397
	709.4
	45.7
	1275
	6
	0
	5.5
	4.4
	-4.7
	0.59
	0.17
	910.8
	6
	2900
	3
	100

	DPZA14
	0
	521
	792.0
	45.4
	1388
	7
	0
	6.3
	5.0
	-6.0
	0.68
	0.22
	917.1
	6
	63
	3
	83

	DPZA15
	0
	410
	725.2
	45.6
	1324
	7
	0
	6.3
	4.3
	-4.3
	0.49
	0.07
	912.5
	7
	539
	3
	100

	DPZA16
	0
	513
	747.7
	45.7
	1412
	7
	0
	6.3
	5.4
	-5.4
	0.75
	0.42
	910.1
	7
	251
	3
	85

	DPZA18
	0
	636
	748.7
	44.7
	1400
	8
	0
	6
	5.5
	-5.4
	0.74
	0.42
	930.7
	7
	89
	3
	86

	DPZA20
	0
	651
	726.7
	44.6
	1359
	8
	0
	6
	5.1
	-4.9
	0.62
	0.34
	933.2
	8
	39
	2
	100

	DPZA29
	1
	547
	779.3
	45.7
	1461
	7
	0
	6.3
	5.9
	-6.2*
	0.89
	0.54
	911.7
	7
	91
	3
	88

	DPZA30
	0
	660
	794.0
	45.5
	1489
	8
	0
	6.3
	5.9
	-6.1*
	0.93
	0.35
	914.3
	8
	74
	3
	88

	DPZA32
	2
	787
	783.3
	45.6
	1465
	8
	0
	6.3
	5.8
	-6.0
	0.86
	0.39
	913.5
	7
	42
	3
	88

	DPZA33
	0
	519
	751.7
	435.3
	1367
	7
	0
	5.5
	5.2
	-5.4
	0.82
	0.26
	912.4
	6
	68
	2
	85

	DPZA36
	0
	570
	654
	388.6
	1237
	6
	0
	5 .8
	3.7
	-7.7
	0.6
	0.11
	877,8
	7
	31
	3
	100

	DPZA39
	0
	503
	745.1
	45.4
	1376
	7
	0
	6.8
	4.9
	-5.2
	0.51
	0.47
	917.8
	8
	115
	3
	96

	DPZA46
	0
	445
	760.3
	55.7
	1374
	7
	0
	6.5
	4.6
	-5.1
	0.57
	0.07
	731.9
	8
	18
	3
	100

	DPZA48
	1
	648
	776.0
	63.3
	1399
	7
	0
	10.5
	3.1
	-3.8
	-0.43
	0.24
	620.2
	7
	47
	2
	82

	Donépézil
	0
	379
	699.4
	392.6
	1267
	6
	0
	5.5
	4.3
	-4.4
	0.57
	0.12
	887.2
	6
	
	3
	100

	Galantamine
	0
	287
	497.0
	311.6
	896
	2
	1
	5.2
	2.0
	-2.0
	0.01
	0.36
	671.5
	4
	
	3
	89

	Rivastigmine
	0
	250
	562.8
	395.7
	953
	4
	0
	5
	2.4
	-2.4
	-0.12
	0.27
	887.3
	3
	
	3
	94


a 	designed DPZA analogues and approved human AChE Inhibitors, Table 5; b drug likeness, number of property descriptors (24 out of the full list of 49 descriptors of QikProp) that fall outside of the range of values for 95% of known drugs; c molecular weight in [g.mol-1] (range for 95% of drugs: 130 - 725 g.mol-1) (Duffy & Jorgensen, 2000); d	total solvent-accessible molecular surface, in [Å2] (probe radius 1.4 Å) (range for 95% of drugs: 300 - 1000 Å2); e hydrophobic portion of the solvent-accessible molecular surface, in [Å2] (probe radius 1.4 Å) (range for 95% of drugs: 0 - 750 Å2); f total volume of molecule enclosed by solvent-accessible molecular surface, in [Å3] (probe radius 1.4 Å) (range for 95% of drugs: 500 - 2000 Å3); g number of non-trivial (not CX3), non-hindered (not alkene, amide, small ring) rotatable bonds (range for 95% of drugs: 0 - 15); h estimated number of hydrogen bonds that would be donated by the solute to water molecules in an aqueous solution. Values are averages taken over several configurations, so they can assume non-integer values (range for 95% of drugs: 0.0 - 6.0); I estimated number of hydrogen bonds that would be accepted by the solute from water molecules in an aqueous solution. Values are averages taken over several configurations, so they can assume non-integer values (range for 95% of drugs: 2.0 - 20.0); j logarithm of partitioning coefficient between n-octanol and water phases (range for 95% of drugs: -2 - 6.5); k logarithm of predicted aqueous solubility, logS. S in [mol·dm–3] is the concentration of the solute in a saturated solution that is in equilibrium with the crystalline solid (range for 95% of drugs: -6.0 - 0.5); l logarithm of predicted binding constant to human serum albumin (range for 95% of drugs: -1.5 - 1.5); m	logarithm of predicted brain/blood partition coefficient (range for 95% of drugs: -3.0 - 1.2); n predicted apparent Caco-2 cell membrane permeability in Boehringer-Ingelheim scale in [nm s-1] (range for 95% of drugs: < 25 poor, > 500 nm s-1 great); o number of likely metabolic reactions (range for 95% of drugs: 1 - 8); p predicted inhibition constants . The  was predicted from computed Gcom using the regression equation B shown in Table 3; q human oral absorption (1 - low, 2 - medium, 3 - high); r percentage of human oral absorption in gastrointestinal tract (<25% - poor, >80% high); (*) star indicating that the property descriptor value falls outside the range of values for 95% of known drugs.
3.6. Molecular Dynamics Simulations
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	DPZA46
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	[bookmark: _Toc193592522][bookmark: _Ref210473981] Figure 8. Molecular properties of DPZ1, DPZA46, DPZA36 and DPZA20 bound to human AChE were monitored over 200 ns of MD simulation time. For each inhibitor, root mean square deviation (RMSD) with respect to the initial conformation of the DPZA, radius of gyration (rGyr), number of intramolecular hydrogen bonds (intraHB), molecular surface area (molSA), solvent-accessible surface area (SASA), and polar surface area (PSA), were plotted (top to bottom in each diagram).


The dynamic behavior of the inhibitors DPZ1, DPZA46, DPZA36, and DPZA20 in complex with human AChE was studied over a period of 200 ns using Desmond (Schrödinger, 2018a). These molecular dynamics simulations allowed for the exploration of the structural and dynamic properties of these complexes. Analysis of the results indicates excellent structural stability of the newly best-designed analogues interacting with AChE, with an RMSD lower than 1.5 Å (Figure 8).
Temporal analysis of the enzyme-inhibitor complexes revealed stabilizing interactions between the residues Trp86, Phe295, and Tyr337 and the inhibitors DPZ1, DPZA46, DPZA36, and DPZA20. These residues formed hydrogen bonds, hydrophobic contacts, and water bridges, highlighting the specificity of these inhibitors for human AChE (Figure 9 and Figure 10).
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[bookmark: _Ref210475470]Figure 9 Contributions of individual active site residues to the AChE-DPZAx binding energy present during at least during 20% of the MD simulation time.
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	[bookmark: _Ref210475474][image: ]Figure 10. The 2D schemes present attractive interactions prevalent between the functional groups of the 3 inhibitor candidates and the individual residues of the active site of AChE. These interactions were observed in at least 20 % of the analysed 500 frames of the MD trajectory (i.e. in 40 ns).



The superposition of the average conformations of the inhibitors post-simulation (Figure 11) showed only minor structural deviations (RMSD < 2 Å), indicating the stability of the modeled complexes and the reliability of the  predictions. These results emphasize the potential of DPZA as specific inhibitors of human AChE.
	DPZ1 (RMSD = 1.61 Å)
	DPZA46 (RMSD = 1.28 Å)
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	DPZA36 (RMSD = 1.45 Å)
	DPZA20 (RMSD = 2.16 Å)
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	[bookmark: _Ref210559800]Figure 11. Overlay of the averaged bound conformation of selected new IPCLs from MD simulation (green colour) and those derived from the crystal structure of AChE-DPZA complex 7E3H (pink).



3.7.  Discussion
Understanding the binding mode of DPZ inhibitors at the active site of human AChE is essential for designing new, more effective DPZA analogues against Alzheimer's disease. The binding modes of DPZ1 and DPZ32, presented in Figure 3 and Figure 4, reveal that hydrophobic interactions play a key role in the inhibition of AChE, as previously reported (Gerlits et al., 2019). Exploiting the data on the binding of DPZ has led to the design of new DPZA analogues with strong predicted inhibitory potencies (Table 5). The significant increase in the inhibition potential of the analogues DPZA46, DPZA36, and DPZA20 results from new stabilizing interactions with residues at the active site, particularly those at the catalytic site (Figure 6). Halogen contacts are observed between our best DPZA compounds and the catalytic residue His447 (Figure 6.C and D), as well as with residues Trp86 (Figure 6.C), Asn87 (Figure 6.B), and Ser125 (Figure 6.C). A hydrogen bond between DPZA20 and Tyr337 is also noted (Figure 6.D), along with several hydrophobic contacts with residues at the catalytic site of AChE (Figure 6). The binding mode of our best DPZA compounds is consistent with the data from previous studies on AChE inhibition (Gerlits et al., 2019; Zueva et al., 2019). The strong predicted inhibitory activity of DPZA46, DPZA36, and DPZA20 is corroborated by the increased affinity observed between these compounds and the residues of the active site of human AChE (Figure 7). The individual contributions of the selected residues at the active site of AChE to the van der Waals interaction energy are ΔEint_vdW(DPZ1) = -46.48 kcal/mol, ΔEint_vdW(DPZA46)= -47.90 kcal/mol, ΔEint_vdW(DPZA36) = -52.78 kcal/mol, and ΔEint_vdW(DPZA20) = -55.94 kcal/mol, corresponding to a stabilization of approximately 1.42 kcal/mol for DPZA46, 6.30 kcal/mol for DPZA36, and 9.46 kcal/mol for DPZA20 compared to DPZ1, the best inhibitor from the training set. The high affinity between our best DPZA compounds and the residues of human AChE indicates their ability to form stable complexes with a reduced rate of dissociation (Copeland, 2011). This study confirms the importance of hydrophobic interactions in AChE inhibition, highlighting the key roles of the Trp86 residue, as well as the catalytic residues Ser203 and His447, as previously reported (Dileep et al., 2022). It also underscores the importance of halogenated hydrophobic molecular fragments in the inhibition of the enzymatic mechanism of human AChE.
[bookmark: _Ref212197573]Table 7. Average MMGBSA binding energies of complexes derived from molecular dynamics simulations
	Analogues
	ΔGBindMMGBSA [kcal.mol-1]
	ΔΔGBindMMGBSA[kcal.mol-1]
	ΔΔGcom[kcal.mol-1]
	[pM]

	DPZ1
	-70.0
	0
	0
	2900*

	DPZA46
	-76.5
	-6.5
	-12.4
	18

	DPZA36
	-72.3
	-2.3
	-11.0
	31

	DPZA20
	-85.0
	-15
	-10.5
	39


*   (Azusada et al., 2024) is given for inhibitor DPZ1 instead of the .
MMGBSA calculations revealed favorable binding energies for the DPZAs examined with AChE (Table 7). The average binding energy for DPZ1, the most active ligand in the training set, is -70.0 kcal/mol, while it reaches -76.5 kcal/mol for DPZA46, the best-designed analogue. For DPZA36, the binding energy is -72.3 kcal/mol, and for DPZA20, it rises to -85.0 kcal/mol. These results validate the order of predicted inhibitory activities (). However, it is important to note that, among the three best-designed analogues, DPZA20 exhibits the lowest MM-GBSA binding energy, even though it ranks third in terms of predicted AChE inhibitory activity. The gap of MMGBSA energy is exaggerated compared to that of relative GFE (which is a MMPB scheme) where the values are closer to each other. Indeed this exaggeration is not new as pointed out between MMGBSA and MMPBSA in a comparative study (Mario S. et al., 2021). This may be attributed to the greater flexibility of DPZA20 compared to DPZA46 and DPZA36. However, these results indicate that the most effective analogues exhibit a strong affinity for AChE.
4. Conclusion
The absence of a curative treatment for Alzheimer’s disease highlights the urgent need to develop more effective therapeutic options. In this study, we developed a QSAR model for the inhibition of human AChE, correlating the variation in Gibbs free energy (GFE) of the AChE-DPZx complex with the experimental inhibitory activities () of 32 DPZx compounds (Azusada et al., 2024). The evaluation of interaction energy, decomposed into individual contributions from residues at the active site of human AChE, allowed us to identify the structural determinants essential for improving affinity. Using a molecular design approach based on intuitive substitution, we designed new highly active DPZA analogues against human AChE, such as DPZA46 ( = 18 pM), DPZA36 ( = 31 pM), and DPZA20 ( = 39 pM). Although these results are theoretical, they suggest that these inhibitors may be more effective than those currently known. Additionally, our new DPZA analogues exhibit favorable ADME properties. Molecular dynamics simulations validated the stability of the AChE-DPZA complexes formed by the most effective new analogues, thereby demonstrating their efficacy in inhibiting human AChE. Therefore, we recommend their synthesis and inhibitory potency testing to evaluate their potential as new treatments for Alzheimer’s disease.
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