Combined structure and ligand-based design of selective acetylcholinesterase inhibitors
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Abstract


Acetylcholinesterase is a prime target for therapeutic intervention in Alzheimer’s disease. Acetylcholinesterase inhibitors (AChEIs) are used to improve cognitive abilities, playing therefore an important role in disease management. A drug repurposing screen has been performed on a corporate chemical library containing 11353 compounds using a target fishing approach comprising of 3D shape similarity and pharmacophore modeling against an approved drugs database, Drugbank. This initial screen identified 108 hits. Among them, 8 molecules showed structural similarity with the known AChEI drug, pyridostigmine. Further structure-based screening using a pharmacophore guided rescoring method identifies one more potential hit. Experimental evaluations of the identified hits sieve out a highly selective AChEI scaffold. Further lead optimization using a substructure search approach identifies 24 new potential hits. Three of the 24 compounds (compound 10b, 10h, and 10i) based on a 6-(2-(pyrrolidin-1-yl)pyrimidin-4-yl)-thiazolo[3,2-a]pyrimidine scaffold showed highly promising AChE inhibition ability with IC50 values of 13.10±0.53, 16.02±0.46, and 6.22±0.54 µM, respectively. Moreover, these compounds are highly selective towards AChE. Compound 10i shows AChE inhibitory activity similar to a known FDA approved drug, Galantamine, but with even better selectivity. Interaction analysis reveals hydrophobic and hydrogen bond interactions are the primary driving forces responsible for the observed high affinity of the compound with AChE.  





Introduction
[bookmark: bookmark=id.30j0zll][bookmark: bookmark=id.gjdgxs]Alzheimer’s disease (AD) is a progressive neurodegenerative disorder, primarily in elderly people [1]. The pathophysiological features of the disease involve slow obliteration of cognition abilities, logical thinking, sensory processes which eventually lead to death [1, 2]. Once considered a rare disorder, it now emerges as the 5th leading cause of death worldwide. Not only the severe morbidity rate but also the disease imposes a huge financial burden on the public health care system which makes AD a primary health care concern worldwide. 
The last two decades witnessed tremendous growth in research interest to uncover disease pathogenesis and identify a therapy that can target the disease pathogenesis. Although several risk factors have been identified, the definitive cause of the disease remains elusive [3].  Early-onset AD follows a Mendelian pattern of inheritance and mutations in APP, PSEN1, and PSEN2 genes are strongly correlated with the disease prevalence [4]. Genes responsible for the late-onset AD, the most prevalent form, are not clearly identified. However, several risk factors have been identified. APOE ε4 allele shows a high-risk of association with the prevalence of late-onset AD [5-7]. Genome-wide association studies (GWAS) have identified sortilin-related receptor (SORL1) gene as a high-risk factor for AD [8]. Also, several susceptibility loci have been identified, among them, CLU, PICALM, CR1, and BIN1 genes are most significant [9]. Molecular characterization of the disease reveals a complex nature of disease pathogenesis due to the induction of many detrimental signaling cascades. Several signaling pathways including amyloid cascades [3, 10, 11], neurofibrillary tangle formation [12-15], cholinergic systems [16-20], and oxidative stress [21-23] mediated processes are induced simultaneously and their cross-talk makes the disease pathogenesis highly complex and yet to be understood completely. 
Neurochemical and histopathological studies in the brains of AD patients revealed a strong correlation between the degeneration of the presynaptic cholinergic system and the behavioral and cognition deficits [20, 24]. Damage of the cholinergic neurotransmission particularly in the region of the nucleus basalis of Meynert and medical septum strongly hampers different aspects of memory, cognition, behavior, and information processing by cortical and hippocampal regions [17, 20, 24]. Acetylcholine plays a crucial role in peripheral and central nervous systems [25]. Proper functioning of cholinergic neurotransmitters depends on the proper synchronization in synthesis, storage, transportation, and degradation of acetylcholine [25]. The enzyme, acetylcholinesterase (AChE), degrades acetylcholine to generate choline and acetate. Reuptake of choline into the cholinergic neuron occurs through an active transport system. The enzyme co-localizes and firmly adheres to the senile plaque [26, 27]. In the presence of bound AChE, the neurotoxicity of amyloid increases significantly [28, 29]. All these observations make AChE a prime target for therapeutic interventions in AD [30-34]. Notably, there is another enzyme that hydrolyses acetylcholine, butyrylcholinesterase (BuChE). The activity of AChE decreases with the progression of AD pathogenesis[35] while BChE activity progressively increases with disease progression.[36] This marked difference in their activity makes AChE a prime target for the treatment of early AD. However, in the advanced stage of AD, inhibition of BChE should provide a sustainable treatment. Most of the currently FDA approved drugs for AD therapy are AChE inhibitors (AChEIs) [33]. Donepezil, rivastigmine, and galantamine are clinically approved for palliative treatment in mild and moderate AD. However, all these FDA approved drugs are clinically limited due to their low selectivity, bioavailability, and also associated with moderate to severe side effects [37]. Reports of gastrointestinal anomalies and bradycardia are commonly associated with donepezil treatment,[38] whereas gastrointestinal side effects are also associated with both rivastigmine and galantamine treatment [37]. Therefore, the identification of novel safe and selective AChE inhibitors is an active research area. Several synthetic [39] and natural compounds have been shown to inhibit AChE [40-43], however, receptor promiscuity severely hinders their applicability as drugs. Several pyridine derivatives [44-46] (Tacrine and 7-methoxytacrine) also exhibit reversible AChE inhibition ability. Organophosphate groups of compounds [37, 47] (Ethyl parathion, Malathion, Phosmet, Tabun, Sarin, and many more) on the other hand act as irreversible AChEIs. They are mostly used as insecticide and nerve agents. However,  severe toxicity associated with the organophosphates which occasionally lead to death, impede their clinical applications in AD.[48-50] Thus exploration of new chemical scaffolds with reduced toxicity is still an active area of research. Recently, astaxanthin-s-allyl cysteine[51], sampangine derivative [52], eugenol derivatives [53], acridine-coumarin hybrids[54] and flavonoids[40, 55] have been shown to inhibit cholinesterases. The present work aims to identify novel selective AChEIs using a combination of structure and ligand-based approaches. 
[bookmark: _Hlk54297361]Drug designing using cheminformatics can be classified as either target fishing or structure-based approaches. Target fishing is an approach to discover putative targets for a certain molecule. The efficacy of the target fishing approach can be further increased by combining several complementary methods. Pharmacophore modeling and three-dimensional shape similarity methods have been successfully used for the discovery of several bioactive compounds. On the other hand, if a structure of a macromolecule is available either using crystallography, NMR, cryo-EM, or by using homology modeling or threading methods, then structure-based approaches are commonly used to find novel chemical modulators. Docking is the most commonly used structure-based method for the prediction of orientation and binding affinity of a molecule to the binding site of a macromolecule. 
Transfer of therapeutics from the workbench to market is a slow process and associated with a huge cost. Most of the compounds fail in clinical trials. Drug repurposing is a viable alternative where novel therapeutic indications are identified from existing drugs [56]. Here, using a target fishing approach based on 3D shape similarity, pharmacophore modeling in combination with the structure-based drug design, we have identified a new selective Acetylcholinesterase inhibitory (AChEI) scaffold exhibiting shape similarity to known drugs from the approved drug database, Drugbank [57, 58]. Novel selective high-affinity AChEIs have been designed using a lead optimization approach for the treatment of Alzheimer's disease (AD). Activities of the identified leads are also validated using in vitro bioassays.            

Materials and Methods 
Structure-Based Virtual Screening
[bookmark: _Hlk54387562]The crystal structure of AChE was obtained from the Protein Data Bank with the accession code 1GQR [59]. It is a complex of AChE from electric ray with an anti-Alzheimer’s drug. Notably, the AChE of electric eel is highly similar to the human AchE both in terms of sequence and structure, particularly the binding site is the same between human and electric ray AChE. The protonation state of the enzyme was predicted using Protoss [60]. All heteroatoms were removed from the crystal structure using Pymol. Dock prep tool available from the Chimera v1.11.2 [61] was used to prepare the receptor for docking by adding partial charges using the default parameters. Docking simulation was performed with Leadfinder v1.1.20 [62-64]. Leadfinder is an efficient docking algorithm that combines genetic algorithm with an effective local optimization procedure during the docking process. Three highly-specialized accurate scoring functions have been implemented in the software. The benchmark studies show its ability to predict the binding poses as well as binding energies for highly diverse protein-ligand test sets [62, 64]. An energy grid map of 30 Å3 was selected and centered on the co-crystalized ligand. The 3D coordinates generation, defining the protonation state, removal of salts, and partial charge assignments were carried out for the compound library available from Villapharma using the MolConverter with 3D fine parameters, and other parameters were kept by default. Post-processing of docking poses was performed by using the Ligandscout v4.1.10 [65] using a developed pharmacophore model based on the binding pose of rivastigmine in the crystal structure, 1GQR.

Ligand Based Virtual Screening
The 3D shape similarity calculations were carried out using WEGA v2015 [66] with pure shape as a parameter. 3D coordinate generation, salt removal, and assignments of partial charges for each compound of the library were carried out using the same protocol as mentioned above. For every compound, a pool of up to 100 conformations was generated by using Cyndi with default parameters. The MMFF94 force field was used for partial charge calculations.
A pharmacophore model was then built for every compound labeled as approved in DrugBank [58] database v4.2 using the espresso tool. For this purpose, two copies of each energy minimized molecule were used as the training set for creating a model using the default parameters. The corporate database was then processed with the idbgen tool for creating up to 500 conformations for each molecule in the dataset by using the built-in omega conformer generator. The screening was performed with the iscreen [67] tool by using the default parameters.

QSAR Analysis
[bookmark: _Hlk54311391][bookmark: _Hlk47459208][bookmark: _Hlk54390418]We developed a QSAR model based on ISIDA Property Fragment Descriptors (IPLFD) [68] to show the correlation of pharmacophoric properties with the activity. A total of 12 compounds with IC50 values in the Molar concentration unit obtained from the in vitro bioassay, were used to derive the QSAR. pIC50 (-log IC50) value was used as an activity value for each compound. An IPLFD was calculated for the major molecular species of each compound at pH=8. Calculator Plugins were used for microspecies prediction and atomic pharmacophoric labels calculation was carried out using Marvin 17.8.0, 2017, ChemAxon (http://www.chemaxon.com). Once the model was constructed, these descriptors can give a molecular contribution to the activity. A Multilinear regression (MLR) was applied with an RSR variable selection for the development of a set of single QSAR models. We searched for models with 1 or 2 descriptors to ensure that the Topliss ratio was maintained. The goodness of fit for each model was assessed by examining the determination correlation coefficient (R2), the standard deviation (s), and the Fisher ratio (F). 
[bookmark: _Hlk54390937]The robustness and predictive ability of the models were evaluated by using cross-validation techniques, using the leave-one-out (LOO) method, Root Mean Squared Error of Prediction and bootstrapping testing techniques (i.e. RMSEP, Q2LOO, and Q2boot). Further, the stability under heavy perturbations in the training set was checked by examining the outcome statistics of a response randomization procedure (Yscrambling) based on the mean of Q2 (Q2Yscr-mean) of each iteration (number of iteration = 300). All of these calculations were carried out using MATLAB (MATLAB 6.1, The MathWorks Inc., Natick, MA, 2000). The good quality of the models was judged by high F, low s, as well as the high values for R2, Q2LOO, and Q2boot and low values of RMSEP along with the Q2Yscr-mean close to zero. The final model (consensus model) was obtained from the averaged predictions of four more distances (based on Canonical Measure of Distance (CMD) [69]) and predictive models (based on Q2LOO and RMSEP).
General synthetic route toward compounds of type 9, 10, and 11.
The synthesis of compounds of type 9, 10 & 11 was achieved from key intermediate (iii) as shown in Schemes 1 and 2. Thus, starting from commercially available 2-Methylthiopyrimidine (i), reaction with diethylcarbonate in the presence of a strong base afforded to intermediate (ii). Subsequent reaction of (ii) with an excess of DMFDMA in refluxing toluene led to the formation of key intermediate (iii). Scheme 1




Scheme 1. Synthesis of key intermediate iii.

Key intermediate (iii), was then subjected to react with amidines or guanidines under basic conditions to afford pyrimidinone derivatives (iv). In turn, the reaction of (iii) with 2-aminothiazoles and 2-aminopyridines under acidic conditions led to 5H-thiazolo[3,2-a]pyrimidin-5-ones (v) and to 4H-pyrido[1,2-a]pyrimidin-4-ones (vi), respectively (Scheme 2).



Scheme 2. Synthesis of pyrimidinones (iv), thiazolopyrimidinones (v) and pyridopyrimidinones (vi).

	Finally, oxidation of the methylthio moiety with m-CPBA of (iv), (v) and (vi) to the corresponding sulfones (vii) (viii) and (ix) and subsequent nucleophilic displacement with the corresponding pyrrolidines afforded to the desired compound of type 9, 10 and 11 (Scheme 3).


Scheme 3. Preparation of compounds of type 9, 10 and 11 from the nucleophilic displacement of the sulfone moieties in (vii), (viii) and (ix) with the corresponding pyrrolidines.

AChE Inhibition activity assay
All the compounds were obtained from the chemical repository of Villapharma. AChE and BChE inhibitory activities were measured by a slightly modified spectrophotometric method of Ellman [70]. Electric eel AChE (Type-VI-S; EC 3.1.1.7, Sigma, St. Louis, MO, USA) and horse serum BChE (EC 3.1.1.8, Sigma, St. Louis, MO, USA) were used, while acetylthiocholine iodide and butyrylthiocholine chloride (Sigma, St. Louis, MO, USA) were used as the substrates of the reaction. 5,5´-Dithio-bis(2-nitrobenzoic)acid (DTNB; Sigma, St. Louis, MO, USA) was used for the measurement of the anticholinesterase activity. All reagents and conditions were the same as described in our previous publication [71]. Briefly, 140 μL of sodium phosphate buffer (pH 8.0), 20 μL of DTNB, 20 μL of the test solution and 20 μL of AChE/BChE solution were added by multichannel automatic pipette (Gilson pipetman, Paris, France) in a 96-well microplate and incubated for 15 min at 25°C. The reaction was then initiated by the addition of 10 μL of acetylthiocholine iodide/butyrylthiocholine chloride. Hydrolysis of acetylthiocholine iodide/butyrylthiocholine chloride was monitored by the formation of the yellow 5-thio-2-nitrobenzoate anion as a result of the reaction of DTNB with thiocholines, catalyzed by the enzymes, at 412 nm by using a 96-well microplate reader (VersaMax Molecular Devices, Sunnyvale, CA, USA). The measurements and calculations were evaluated by using Softmax PRO 4.3.2.LS software (Sunnyvale, CA, USA). Percentage of inhibition of AChE/BChE was determined by comparison of reaction rates of the samples relative to blank sample (ethanol in phosphate buffer pH=8) using the formula (E-S)/E × 100, where E is the activity of enzyme without test sample and S is the activity of the enzyme with the test sample. The experiments were done in triplicate. Galanthamine (Sigma, St. Louis, MO, USA) was used as the reference.  
Results and Discussion
Ligand Based Virtual Screening
[bookmark: _heading=h.1fob9te]We chose the approved drug database available from Drugbank to identify a new compound with similar scaffolds from a corporative database (Villapharma) containing 11353 compounds. Initial screening based on 3D-shape comparison to each of the 1535 Drugbank compounds with a similarity threshold of 0.9 retrieves 2980 hits. Concurrently, a pharmacophore-based screening has been performed on the corporative library using the models generated from the Drugbank compounds. To select a set of molecules with high shape similarity and pharmacophore fit values, we have crossed the results obtained by both the methodologies and retained only those compounds meet both the criteria (Figure 1a). The consensus prediction results in 108 molecules from the database of Villapharma which are predicted to be highly similar to 21 approved drugs. Among them, we have selected 8 compounds for experimental characterization which are chemically similar to pyridostigmine, a known cholinesterase inhibitor (Compound 1-8 in Table 1). 
[image: ]
Figure 1. Virtual screening workflow for the screening of the corporate database (a) Ligand-based methods (b) Structure-based method for AchEIs identification.

Structure-based virtual screening
Furthermore, a structure-based approach has been adopted to mine new AChEIs (Figure 1b). The crystal structure of AChE, available from Protein Data Bank (Accession code 1GQR [59]), has been used in the docking study. All the compounds from the Villapharma compound library have been docked within the active site of AChE with Leadfinder v1.1.20 [62-63]. For docking, a grid map of 30 Å3 has been chosen and centered on the center of mass of the co-crystalized ligand. Post-processing of the docking poses has been performed with the aid of Ligandscout v4.1.10 [65] using a pharmacophore model of the bound rivastigmine, the native ligand of the AChE crystal structure. The success of molecular docking depends on two critical factors. These are the accuracy in predicting the binding pose and prediction of the binding affinities by different scoring functions. It has been found that docking programs can predict the correct binding pose with reasonable accuracy but not always a good docking conformation is related to a high scoring value [72]. Therefore, we adopted a different scoring method than the available force field based method. The resulting docking poses obtained for each ligand have been post-scored using a structure-based pharmacophore model generated from the interaction of rivastigmine with AChE, derived by using the Ligandscout. The rationale behind the approach is that compounds with a predicted pose that fit within the binding site very similar to a known inhibitor must be highly scored. Docking based screening is often inclined to the selection of compounds with higher molecular weight, thus normalizing the docking score with respect to the number of heavy atoms is proposed to discriminate between false and true positives. Therefore, we have opted for prioritizing the screened compound according to their predicted ligand efficiency (calculated as the docking score value by the number of heavy atoms). We have selected the top-ranked compound for further experimental validation (compound 9 in Table 1).
Table 1. In vitro Acetylcholinesterase (AChE) and Butyrylcholinesterase (BChE) inhibitory activity of the initially screened compounds obtained from virtual screening. 
	Compound id
	Compound structure
	AChE Inhibition
(Inhibition% ± S.D.*)
100 µg/ml
(IC50 in µM)
	BChE Inhibition
(Inhibition% ± S.D.*)
100 µg/ml
(IC50 in µM)
	Selectivity index
(AChEinhinition/ BChEinhibition) 
100 µg/ml

	1
	[image: ]
	12.32 ± 1.54
	4.90 ± 1.90
	2.51

	2
	[image: ]
	22.69 ± 3.03
	28.65 ± 0.78
	0.79

	3
	[image: ]
	**
	2.34 ± 1.02
	-

	4
	[image: ]
	14.53 ± 1.67
	17.70 ± 1.57
	0.82

	5
	***
	19.23 ± 0.57
	-
	-

	6
	***
	27.94 ± 1.87
	18.18 ± 1.87
	1.53

	7
	***
	33.22 ± 3.78
	7.30 ± 1.16
	4.55

	8
	***
	4.45 ± 1.53
	4.96 ± 2.86
	0.89

	9
	[image: ]
	62.84 ± 0.92
(IC50= 190.22 ±0.1)
	17.12 ± 1.19
	3.67

	Galantamine HBr (Reference drug)
	[image: ]
	92.14±2.49
(IC50= 2.52 ± 0.15)
	81.93±2.52
(IC50= 46.58±0.91)
	2.51


*: Standard deviation; **: No inhibition; ***: Confidential structure
Lead optimization 
The inhibitory activities of the selected compounds have been verified by using in vitro bioassay. Compounds 1-8 showed very low inhibition ability for both the cholinesterases, Acetylcholinesterase (AChE) and Butyrylcholinesterase (BChE). IC50 values were calculated only for compounds with an inhibition activity above 50%. Compound 9 ((R)-2-(2-(hydroxymethyl)pyrrolidin-1-yl)-2'-methyl-[4,5'-bipyrimidin]-4'(3'H)-one) exhibits a promising inhibitory activity for AChE, although its IC50 was still far from that of the reference compound, galantamine, a well-known FDA approved AChEI. However, its selectivity is better than galanthamine. Molecular docking followed by pharmacophore fitting of the docked pose of compound 9 (green) to the pharmacophore model of rivastigmine (blue) shows that the binding of the compound to the AChE active site is nearly identical to the known drug, rivastigmine. Compound matches three out of the four features, namely the aryl, hydrophobic and hydrogen bond acceptor groups (Figure 2). 
[image: ]
Figure 2. Fitting of the docked pose of compound 9 (green) to the pharmacophore model of bound rivastigmine (light blue). Pharmacophoric groups are highlighted.

Villapharma chemical library contains several analogs for each compound. Therefore, a lead optimization using substructure similarity search has been performed in the chemical library to mine new hits using the scaffold of the primary hit, compound 9. Twenty four new hits have been identified with the scaffold of compound 9. These new molecules have been tested to measure their cholinesterase inhibitory activities (inhibition data are shown in Table 2). Among these, three molecules, 10b, 10h, 10i show inhibition ability comparable to the reference compound galantamine, as evident from Figure 3. Additionally, these compounds are selective to AChE, even the selectivity is better than the known inhibitor, galantamine.
[image: Fig_4]
Figure 3. AChE inhibition curves for the 3 most potent inhibitors of the series and galantamine HBr are shown.

Table 2. Inhibitory activity for AChE and BChE of compounds extracted by using the scaffold of compound 9.
	


	Compound ID
	R groups
	AChE Inhibition
(% ± S.D.*)
100 µg/ml
(IC50, µM)
	BChE Inhibition
(% ± S.D.*)
100 µg/ml
(IC50, µM)
	Selectivity index
(AChEinhinition/ BChEinhibition) 

	(9a)
	R1 = H
R2 = CH2OH
R3 = CH3
	55.96±2.67
(IC50=294±5.09)
	19.73±1.70
	2.83

	(9b)
	R1 = H
[image: ]R2 = CH2OH
R3= 
	75.55±2.28
(IC50=73.33±3.2)
	88.86±1.64
(IC50=31.06±0.8)
	0.85

	(9c)
	R1 = H
[image: ]R2 = CH2OH
R3 = 
	26.66±2.24
	7.56±1.78
	3.52

	(9d)
	R1 = H
R2 = CH2OH
[image: ]R3=
	27.99±1.70
	9.28±1.71
	3.01

	(9e)
	R1 = H
[image: ]R2 = CH2OH
R3 = 
	3.99±0.76
	19.41±3.12
	0.20

	(9f)
	R1 = H
[image: ]R2 = CH2OH
R3 = 
	**
	21.77±2.11
	-

	 (9g)
	R1 = H
[image: ]R2 = H
R3 = 
	30.91±0.91
	24.92±3.15
	1.24

	 (9h)
	R1 = OH
[image: ]R2 = H
R3 = 
	-
	17.91±0.09
	-

	(9i)
	R1 = OH
[image: ]R2 = H
R3 = 
	-
	9.81±2.32
	-

	 (9j)
	R1 = H
[image: ]R2 = H
R3 = 
	14.69±0.24
	17.90±2.81
	0.82

	(9k)
	R1 = H
[image: ]R2 = CH2OH
R3 = 
	59.07±2.72
(IC50=146.97±7.1)
	22.54±3.85
	2.62

	(9l)
	R1 = OH
[image: ]R2 = H
R3 = 
	11.00±0.89
	18.26±1.25
	0.60

	 (9m)
	R1 = H
[image: ]R2 = H
R3 = 
	50.49±3.86
	13.90±1.93
	3.63

	(9n)
	R1 = H
[image: ]R2 = H
R3 = 
	23.81±2.82
	6.93±2.44
	3.43

	(9o)
	R1 = OH
[image: ]R2 = H
R3 = 
	19.44±3.61
	10.47±2.93
	1.85

	(10a)
	R1 = H
R2 = CH2OH
R3 = H
R4 = H
	83.09±2.56
(IC50=35.22±4.04)
	26.22±3.95
	3.16

	(10b)
	R1 = H
R2 = CH2OH
R3 = H
R4 = CH3
	91.14±0.96
[bookmark: _Hlk54381400](IC50=13.10±0.53)
	34.65±2.94
	2.63

	(10c)
	R1 = H
R2 = H
R3 = H
R4 = CH3
	78.66±3.43
(IC50=36.48±2.52)
	17.56±0.64
	4.47

	(10d)
	R1 = H
R2 = H
R3 = H
R4 = H
	48.80±2.43
	12.93±2.16
	3.77

	(10e)
	R1 = OH
R2 = H
R3 = H
R4 = CH3
	81.15±4.42
(IC50=54.16±1.21)
	21.23±3.66
	3.82

	(10f)
	R1 = OH
R2 = H
R3 = H
R4 = H
	50.91±1.60
(IC50=368.75±5.44)
	8.56±1.12
	5.94

	(10g)
	R1 = OH
R2 = H
R3 = H
R4 = Cl
	54.31±0.85
(IC50=194.10±2.8)
	12.37±3.61
	4.39

	(10h)
	R1 = H
R2 = H
R3 = CH3
R4 = H
	94.02±1.30 
[bookmark: _Hlk54381441](IC50=16.02±0.46)
	40.45±3.73
	2.32

	(10i)
	R1 = H
R2 = CH2OH
R3 = CH3
R4 = H
	86.43±3.11 
[bookmark: _Hlk54381474](IC50=6.22±0.54)
	31.81±0.71
	2.71

	(11)
	[image: ]
	83.27±1.62
(IC50=51.17±0.54)
	36.02±3.78
	2.31

	Galantamine HBr 
	[image: ]
	92.14±2.49
(IC50=2.52±0.15)
	81.93±2.52
(IC50=46.58±0.91)
	1.12


Stereochemistry: Compounds 9a, 9b, 9c, 9d, 9e, 9f, and 9k have the absolute configuration (S); compounds 9g, 9j, 9m, and 9n are achiral and compounds 9h, 9i, 9l, and 9o have the absolute configuration (R). Compounds 10a, 10b, and 10i have the absolute configuration (S); Compounds 10c, 10d, and 10h are achiral and compounds 10e, 10f, 10g have the absolute configuration (R). Compound 11 has an absolute configuration (S).
Absolute configuration at the stereocenter for each scaffold is shown below:


[bookmark: _Hlk54390314][bookmark: _Hlk47457487]We have further developed the QSAR model to understand the critical determinants of AChEI activity which can be used to design compounds with improved activity. Four QSAR models were selected to make a consensus model for structural interpretation (Table 3). 

[bookmark: _Hlk54312126]Table 3. Statistical parameters associated with the four selected QSAR models and the derived consensus model.
	
	Descriptor no.
	R2
	Q2LOO
	Q2Yscr_mean
	RMSEP
	Q2boot
	F
	s

	QSAR1
	2
	0.823
	0.747
	-0.666
	0.308
	0.658
	20.92
	0.25

	QSAR2
	2
	0.855
	0.788
	-0.726
	0.319
	0.773
	26.51
	0.227

	QSAR3
	2
	0.847
	0.777
	-0.668
	0.213
	0.776
	24.88
	0.233

	QSAR4
	2
	0.854
	0.767
	-0.525
	0.309
	0.758
	26.32
	0.227

	Consensus
	-
	0.903
	0.871
	-0.432
	0.160
	0.755
	-
	-



[bookmark: _Hlk54313663]The equation of the QSAR1 model with the statistical parameters is shown below:

pIC50=0.815·h002-r007-r009+0.669·a009-h004-h007; 
R2=0.823;  Q2LOO=0.747; Q2Yscr-mean =-0.666; RMSEP=0.308;  Q2boot=0.658; F=20.92; s=0.25; Q2LMO=0.783

Where h002-r007-r009 and a009-h004-h007 represent the fuzzy pharmacophore triplets codes. The letters codify the type of a pharmacophoric atom (h: hydrophobic; r: aromatic, a: hydrogen bond acceptor, etc..) and the number is the topologic distance between them. 
The pharmacophoric contribution chart (Figure 4) is derived from the model coefficients and the pharmacophoric properties included in the descriptors codes. This figure shows that hydrogen bond donor groups in the molecule affect negatively and hydrophobicity, aromaticity, and hydrogen bond acceptor groups have a positive influence on the affinity.
[image: ]
Figure 4. Pharmacophore contributions of the molecule to the activity.
[bookmark: _Hlk54394062][bookmark: _Hlk54362130]Figure 5 shows the contributions imprinted on the most active chemical and one of the compounds with lower activity (Compound 9a, Table 2). It seems that the low activity of the compound 9a is due to the presence of the hydrogen bond donor nitrogen in the pyrimidone ring (negative contribution) and the absence of the thiazoline ring (increase in aromatics/hydrophobic atoms).  

[image: ]
Figure 5. Structures of Compound 10i (pIC50=5.209) and Compound 9a (pIC50=3.521) with their atomic contribution to the activity. Green=positive contribution; Red=negative contribution.

Conclusion 
[bookmark: _heading=h.3znysh7]The cholinergic system plays a crucial role in the proper functioning of memory, cognition, and behavior [25]. In Alzheimer’s disease (AD) the cholinergic neurotransmission is severely hampered [16, 20, 24, 73]. Acetylcholine is a neurotransmitter that plays an integral part in the cholinergic system. Acetylcholinesterase (AChE) degrades acetylcholine to generate choline and acetate. Therefore, AChE inhibitor designing is a topic of huge research interest [30-33, 40, 43, 74, 75].  In fact, most of the currently FDA approved drugs for moderate to severe AD are AChE inhibitors (AChEIs), however, these drugs are associated with moderate to severe side effects. Therefore, the identification of novel AChE inhibitory scaffolds is an active area of research. Several synthetic and natural compounds have been identified that show inhibition of AChE in vitro [30, 31, 39, 40, 43, 74, 76]. However, most of the compound fails in the clinical trials due to their undesirable side effects. Drug repurposing emerges as a potential alternative where new therapeutics indications are identified for the currently approved drugs. This motivates us to undertake the designing initiative to identify novel AChE inhibitors with a structural scaffold of existing drugs. Initially, a multi-tier target fishing approach combining pharmacophore modeling and 3D similarity searches has been opted to identify novel lead AChEI from the Villapharma compound library with a scaffold of approved drugs. Further lead optimization using a substructure search screened three highly selective AChE inhibitors comprising a 6-(2-(pyrrolidin-1-yl)pyrimidin-4-yl)-thiazolo[3,2-a]pyrimidine skeleton with the IC50 value of 13.10±0.53, 16.02±0.46, and 6.22±0.54 µM. To the best of our knowledge, the reported scaffolds are novel. We also would like to emphasize that each computational method developed with definite assumptions. Therefore each method has its advantage and disadvantage. Therefore, it is often wise to interpret results in terms of consensus prediction which reduced the chance of false positive. Here, we have demonstrated how we can integrate different computational methods in lead discovery. The approach adopted in the present study is promising in lead discovery based on the drug repurposing approach and opens the door for therapeutic discovery for other complex diseases too.  
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