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Abstract: Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by 

memory loss and cognitive decline. Targeting key enzymes such as acetylcholinesterase (AChE) and 

beta-secretase 1 (BACE-1) has emerged as a promising therapeutic strategy. This study utilized a 

structure-based virtual screening approach to identify dual inhibitors from a library of 431 

benzimidazole derivatives retrieved from the ZINC database. Using the Schrödinger software suite, the 

compounds were evaluated using a multi-stage docking protocol that included QikProp ADME 

prediction, Lipinski’s rule filtration, ligand preparation, and hierarchical molecular docking (HTVS, 

SP, and XP modes). Four top-ranking compounds were identified, with ZINC000558477778 and 

ZINC000614968635 exhibiting the highest binding affinities against AChE (-19.087 kcal/mol) and 

BACE-1 (-7.43 kcal/mol), respectively. Two other molecules, ZINC000558477776 and 

ZINC000558477775, showed strong dual-binding potential. These hits demonstrated favorable ADME 

profiles, CNS penetration, high oral absorption, and compliance with drug-likeness criteria. Toxicity 

analysis revealed non-mutagenicity and moderate acute toxicity. Overall, this study highlights 

benzimidazole derivatives as promising dual-target leads for further development as anti-Alzheimer’s 

agents. 

Keywords: benzimidazole derivatives; virtual screening; AChE and BACE-1 inhibitors; molecular 

docking; anti-Alzheimer agents.  
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1. Introduction 

Alzheimer's disease (AD) is a chronic neurodegenerative disorder first described by 

Alois Alzheimer in 1906. It is the most prevalent form of dementia and represents a major 

global health challenge, with approximately 50 million people affected worldwide as of 2015. 

The projected increase to 131.5 million cases by 2050 poses significant social and financial 

burdens. AD is primarily characterized by progressive memory loss, cognitive decline, and 

behavioral impairments that worsen over time. These symptoms are largely associated with the 

degeneration of cholinergic neurons and the accumulation of amyloid-beta (Aβ) plaques and 

neurofibrillary tangles (NFTs) in the brain [1,2]. 
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The key pathological features of Alzheimer’s disease (AD) are the accumulation of 

amyloid-β (Aβ) plaques in the extracellular space and the formation of intracellular 

neurofibrillary tangles (NFTs) composed of abnormally hyperphosphorylated tau protein. The 

Aβ peptides, predominantly Aβ₄₀ and Aβ₄₂, are produced through the sequential proteolytic 

processing of amyloid precursor protein (APP) by β-secretase (BACE‑1) followed by γ-

secretase. Inefficient clearance of these peptides contributes to synaptic impairment, neurotoxic 

effects, and progressive neuronal loss [3–5]. Under normal conditions, tau protein plays a 

crucial role in stabilizing microtubules; however, in AD, it undergoes abnormal 

hyperphosphorylation, particularly at residues T231, S396, and S422. This modification 

reduces its affinity for microtubules, destabilizing them. Consequently, tau aggregates into 

insoluble paired helical filaments that form neurofibrillary tangles (NFTs), ultimately 

impairing axonal transport and disrupting neuronal function. These pathological changes 

impair neuronal transport mechanisms, further exacerbating neurodegeneration [6–8]. Recent 

evidence (2023) has further highlighted the strong association between tau 

hyperphosphorylation and neuroinflammatory responses, suggesting that inflammatory 

mechanisms play a significant role in promoting tau aggregation and accelerating disease 

progression [9]. 

 
Figure 1. Well-known inhibitors of AChE and BACE-1. 

BACE-1 is a key enzyme in the amyloidogenic processing of APP, initiating the 

formation of Aβ peptides. Increased expression and enzymatic activity of BACE‑1 have been 

observed in both the brain tissue and cerebrospinal fluid of individuals with AD, further 

supporting its significance as a crucial therapeutic target [10–12]. Despite extensive efforts, 

clinical trials for BACE-1 inhibitors (Figure 1), such as Verubecestat and Lanabecestat, have 

largely failed due to adverse effects and lack of efficacy in later stages of AD. These failures 

highlight the complexities of targeting BACE-1 while maintaining normal physiological 
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functions [13,14]. Recent 2024 reviews emphasize that extensive inhibition of BACE‑1 

activity, typically exceeding 50%, can interfere with essential physiological processes in the 

brain, leading to adverse effects such as cognitive decline and synaptic dysfunction. In contrast, 

a more moderate and selective inhibition of around 30% is suggested to achieve a better 

therapeutic balance, sufficiently reducing amyloid-β production while minimizing off-target 

effects and preserving normal BACE‑1 functions necessary for neuronal health [15]. Current 

research efforts are increasingly focused on developing highly selective BACE‑1 inhibitors, 

along with multitarget therapeutic strategies that simultaneously address both amyloid and tau 

pathologies. These approaches aim to effectively reduce pathological processes while 

preserving BACE-1's normal physiological functionso minimize adverse effects [16]. 

Acetylcholinesterase (AChE), another key enzyme implicated in AD, hydrolyzes 

acetylcholine (ACh), a neurotransmitter essential for learning and memory. The cholinergic 

hypothesis of AD postulates that a loss of cholinergic neurons leads to cognitive decline. AChE 

inhibitors (Figure 1), such as donepezil, rivastigmine, and galantamine, have been approved to 

alleviate symptoms by enhancing cholinergic transmission [17–19]. However, these drugs do 

not halt disease progression, necessitating the exploration of novel multi-targeted therapies. 

Given the multifactorial nature of AD, a single-drug, single-target approach has proven 

insufficient. The multi-target directed ligand (MTDL) strategy aims to develop compounds that 

simultaneously inhibit multiple pathological pathways. Gong et al. proposed a multi-target 

drug therapy strategy (MTDTs), which offered a novel perspective for drug discovery. As a 

result, the creation of synergistic multi-target inhibitors has emerged as a more promising 

approach for treating diseases, particularly those arising from complex etiologies like 

Alzheimer's disease (AD). Acetylcholinesterase (AChE) is often considered a primary target, 

and it can be combined with other relevant targets in the design and synthesis of multi-target-

directed ligands (MTDLs). Examples of such combinations include AChE and glycogen 

synthase kinase-3 beta (GSK-3β), AChE and beta-site amyloid precursor protein cleaving 

enzyme 1 (BACE-1), AChE and monoamine oxidase (MAO), as well as AChE and 

phosphodiesterase (PDE). Dual inhibition of BACE-1 and AChE is particularly promising, as 

it addresses both amyloidogenesis and cholinergic dysfunction [20,21]. Benzimidazole 

derivatives have emerged as potential candidates for this approach due to their diverse 

biological activities [22–24], including anti-inflammatory [25,26], antioxidant [27–29], and 

neuroprotective effects [30–32]. 

In the present study, 431 benzimidazole derivatives were retrieved from the ZINC 

database and subjected to molecular docking studies using Schrödinger software to assess their 

potential as dual inhibitors of BACE-1 and AChE. Molecular docking techniques enable the 

identification of promising drug candidates by predicting their binding affinity and interaction 

with target proteins. This in silico approach significantly reduces the time and cost associated 

with traditional drug discovery methods [33,34]. 

Benzimidazole scaffolds have demonstrated promising biological activity across 

multiple therapeutic areas, including anti-inflammatory, antioxidant, and neuroprotective 

activities. The presence of heteroaromatic nitrogen atoms within these molecules enables 

strong interactions with biological targets, including AChE and BACE-1 [35–37]. Given the 

structural diversity and high binding affinity of benzimidazole derivatives, computational 

screening can effectively identify potential lead compounds that may serve as anti-Alzheimer’s 

agents. Alzheimer's disease remains an urgent medical challenge with no curative treatment 

available. Dual-target inhibitors that simultaneously modulate AChE and BACE-1 offer a 
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novel therapeutic avenue [38,39]. This study explores the potential of benzimidazole 

derivatives as promising candidates for AD treatment through computational screening and 

molecular docking analyses. In this study, an in silico approach was employed to screen a 

library of benzimidazole-based molecules for their inhibitory potential against AChE and 

BACE-1 using molecular docking strategies. Simultaneous inhibition of AChE and BACE‑1 

presents a promising dual-action therapeutic approach for Alzheimer’s disease, aiming to 

provide symptomatic improvement through AChE inhibition while slowing disease 

progression by reducing Aβ production via BACE‑1 inhibition. Incorporating both targets in 

molecular docking studies represents a rational strategy for the discovery and design of multi-

target-directed ligands (MTDLs) with potential efficacy in AD treatment. 

2. Materials and Methods 

All the computational studies, like ADMET, Virtual screening, and Molecular Docking, 

were carried out by Maestro (Schrodinger Inc.). 

2.1. Data collection and ligand preparation. 

A set of 431 benzimidazole derivatives was obtained from the ZINC database [40] 

(Supplementary file Table S1). All compounds were prepared using LigPrep [41], which 

generates multiple structures from each input structure with different ionization states, 

tautomers, stereochemistry, and ring conformations. This process helps eliminate unsuitable 

molecules based on criteria such as molecular weight or specified functional groups. 

Optimization was performed using the OPLS-2005 force field to obtain the low-energy 

conformer of each ligand. Table 1 represents the 42 molecules selected for the AChE target 

and the 41 molecules selected for the BACE-1 target after SP-docking. 

Table 1. Chemical Structures (SMILES) and Identifiers of the Compounds Used in the Screening Library 

Compound ID Smiles 

AChE Target 

ZINC000065927782 CCn1c([C@H](C)NC(=O)C2CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000065928342 CCn1c(CCNC(=O)C2CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000066989628 Cn1c(CNCC2CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000157781533 Cn1c(CNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000180051082 C[C@@H](NCC1CCN(Cc2ccccc2)CC1)c1nc2ccccc2n1C 

ZINC000184772972 CN(Cc1nc2ccccc2n1C)C(=O)C1(C)CCN(Cc2ccccc2)CC1 

ZINC000184798904 C[C@@H](NC(=O)C1(C)CCN(Cc2ccccc2)CC1)c1nc2ccccc2n1C 

ZINC000237857548 Cn1c(CNCC2CCN(Cc3ccccc3Cl)CC2)nc2ccccc21 

ZINC000264727521 Cn1c(CCNC(=O)C2CCN(Cc3ccccc3)CC2)nc2cc(F)ccc21 

ZINC000268676652 Cc1cccc2nc(CNC(=O)C3CCN(Cc4ccccc4)CC3)n(C)c12 

ZINC000433128238 Cn1c(CCN2CCC3(CCN(Cc4ccccc4)CC3)C2)nc2ccccc21 

ZINC000483048193 CC1(C(=O)NCCc2nc3ccccc3n2C(F)F)CCN(Cc2ccccc2)CC1 

ZINC000511403859 O=C(NCCc1nc2ccccc2n1C(F)F)C1CCN(Cc2ccccc2)CC1 

ZINC000511472161 CC(C)n1c([C@H]2CCCN(C(=O)C3CCN(Cc4ccccc4)CC3)C2)nc2ccccc21 

ZINC000541572808 Cn1c(CCNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2ccc(F)cc21 

ZINC000543433796 Cn1c(CCNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2cc(F)ccc21 

ZINC000544388998 CCn1c(CCNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000544391540 CC(C)n1c(CCNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000554959923 O=[N+]([O-])c1ccc2nc(CN3C[C@H]4CCN(Cc5ccccc5)C[C@H]4C3)[nH]c2c1 

ZINC000554963001 CCn1c(CN2C[C@H]3CCN(Cc4ccccc4)C[C@H]3C2)nc2cc(F)ccc21 

ZINC000554963003 CCn1c(CN2C[C@H]3CCN(Cc4ccccc4)C[C@@H]3C2)nc2cc(F)ccc21 

ZINC000558477775 Cn1c(CCN2C[C@H]3CN(Cc4ccccc4)CC[C@H]3C2)nc2ccccc21 

ZINC000558477776 Cn1c(CCN2C[C@H]3CCN(Cc4ccccc4)C[C@@H]3C2)nc2ccccc21 

ZINC000558477777 Cn1c(CCN2C[C@H]3CCN(Cc4ccccc4)C[C@H]3C2)nc2ccccc21 

ZINC000558477778 Cn1c(CCN2C[C@@H]3CCN(Cc4ccccc4)C[C@H]3C2)nc2ccccc21 

ZINC000578101381 FC(F)n1c(CN2C[C@@H]3CCN(Cc4ccccc4)C[C@@H]3C2)nc2ccccc21 

ZINC000578101382 FC(F)n1c(CN2C[C@H]3CCN(Cc4ccccc4)C[C@@H]3C2)nc2ccccc21 
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Compound ID Smiles 

ZINC000583232307 Cn1c(CN2C[C@H]3CCN(Cc4ccccc4)C[C@H]3C2)nc2cc(Cl)ccc21 

ZINC000595550943 N#Cc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

ZINC000595552252 N#Cc1cccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)c1 

ZINC000660852701 NC(=O)c1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

ZINC000660857670 c1ccc2[nH]c(CC3CCN(Cc4ccc5c[nH]nc5c4)CC3)nc2c1 

ZINC000681530378 CC1(C(=O)N2CC(c3nc4ccccc4[nH]3)C2)CCN(Cc2ccccc2)CC1 

ZINC000685850863 CCn1c(CN2C[C@H]3CCN(Cc4ccccc4)C[C@@H]3C2)nc2ccccc21 

ZINC000685850865 CCn1c(CN2C[C@@H]3CN(Cc4ccccc4)CC[C@H]3C2)nc2ccccc21 

ZINC000776101081 CCn1c(CNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC001460279169 Fc1cccc(F)c1CN1CCC(Cc2nc3ccccc3[nH]2)CC1 

ZINC001559932821 N#Cc1cc(F)ccc1CN1CCC(Cc2nc3ccccc3[nH]2)CC1 

ZINC001643530497 Fc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)c(F)c1 

ZINC001643530535 Fc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1F 

ZINC001643530677 Cc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1F 

ZINC001659113360 FCc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

BACE-1 Target 

ZINC000047304344 O=C(C1CCN(Cc2ccccc2)CC1)N1CCC[C@H](c2nc3ccccc3[nH]2)C1 

ZINC000057153401 O=C(C1CCN(Cc2ccccc2)CC1)N1CCC[C@H]1c1nc2ccccc2[nH]1 

ZINC000103265237 Cn1c(CC2CCN(C(=O)c3ccccc3)CC2)nc2cc(C(=O)Nc3cccnc3)ccc21 

ZINC000142264658 Cc1ccc2nc([C@@H]3CCCN3C(=O)C3CCN(Cc4ccccc4)CC3)[nH]c2c1 

ZINC000157562106 C[C@H](NC(=O)C1(C)CCN(Cc2ccccc2)CC1)c1nc2ccccc2[nH]1 

ZINC000157878666 CC1(C(=O)NCc2nc3ccccc3[nH]2)CCN(Cc2ccccc2)CC1 

ZINC000163487758 Cn1c(CCNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000184835020 CC1(C(=O)NCc2nc3cc(F)ccc3[nH]2)CCN(Cc2ccccc2)CC1 

ZINC000198140355 O=C(NCc1nc2ccccc2[nH]1)C1CCN(C(=O)c2ccc(F)cc2F)CC1 

ZINC000274466734 COc1ccc2c(c1)nc(CNC(=O)C1CCN(Cc3ccccc3)CC1)n2C 

ZINC000415134114 Cn1c(CNCC2(N)CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000415135077 Cn1c(CNCC2(N)CCN(Cc3ccccc3)CC2)nc2ccc(Cl)cc21 

ZINC000415137470 Cn1c(CNCC2(N)CCN(Cc3ccccc3)CC2)nc2cc(Cl)ccc21 

ZINC000415139881 CCCn1c(CNCC2(N)CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000508233008 Cc1ccc2nc([C@H]3CCCN(C(=O)C4CCN(Cc5ccccc5)CC4)C3)[nH]c2c1 

ZINC000512110306 CCC1(C(=O)NCCc2nc3ccc(F)cc3[nH]2)CCN(C(=O)c2ccccc2)CC1 

ZINC000518079309 CCn1c([C@@H](C)NC(=O)C2CCN(Cc3ccccc3)CC2)nc2ccccc21 

ZINC000541572808 Cn1c(CCNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2ccc(F)cc21 

ZINC000543434141 Cn1c(CCNC(=O)C2(C)CCN(Cc3ccccc3)CC2)nc2c(F)cccc21 

ZINC000552367493 Cc1ccc(C(=O)N2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

ZINC000558477775 Cn1c(CCN2C[C@H]3CN(Cc4ccccc4)CC[C@H]3C2)nc2ccccc21 

ZINC000558477776 Cn1c(CCN2C[C@H]3CCN(Cc4ccccc4)C[C@@H]3C2)nc2ccccc21 

ZINC000568755665 O=C(c1cccc2cnccc12)N1CCC(Cc2nc3ccccc3[nH]2)CC1 

ZINC000576196756 c1ccc(CN2CC[C@@H]3CN(Cc4nc5ccccc5[nH]4)C[C@H]3C2)cc1 

ZINC000577410686 Cc1cccc(C)c1C(=O)N1CCC(Cc2nc3ccccc3[nH]2)CC1 

ZINC000595551328 N#Cc1cccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)c1F 

ZINC000595551587 N#Cc1cc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)ccc1F 

ZINC000600518437 CN(Cc1nc2ccccc2n1C)C(=O)C1CCN(Cc2ccccc2)CC1 

ZINC000614968635 O=C(c1ccc(CO)cc1)N1CCC(Cc2nc3ccccc3[nH]2)CC1 

ZINC000660852701 NC(=O)c1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

ZINC000660856112 NC(=O)[C@@H](c1ccccc1)N1CCC(Cc2nc3ccccc3[nH]2)CC1 

ZINC000682003918 CC1(C(=O)NCc2nc3ccc(Cl)cc3[nH]2)CCN(Cc2ccccc2)CC1 

ZINC000686762538 Cc1ccc2nc(CC3(N)CCN(Cc4ccccc4)CC3)[nH]c2c1 

ZINC000761586144 O=C(C1CCN(C2=NS(=O)(=O)c3ccccc32)CC1)N1CC(c2nc3ccccc3[nH]2)C1 

ZINC000832191421 Nc1ccc(C(=O)N2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

ZINC000832192390 NCc1cccc(C(=O)N2CCC(Cc3nc4ccccc4[nH]3)CC2)c1 

ZINC001643530497 Fc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)c(F)c1 

ZINC001643530535 Fc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1F 

ZINC001654813914 COc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

ZINC001659113360 FCc1ccc(CN2CCC(Cc3nc4ccccc4[nH]3)CC2)cc1 

ZINC001828853049 Cc1cc2nc(C(=O)N3CCCC[C@@H]3C3CCN(C(=O)c4cc(O)ccc4F)CC3)[nH]c2cc1C 

2.2. Protein preparation and receptor grid generation. 

In this study, the three-dimensional X-ray crystal structures of two key proteins 

implicated in Alzheimer’s disease, human β-secretase 1 (BACE-1, PDB ID: 2WJO) and 

acetylcholinesterase (AChE, PDB ID:4EY7), were retrieved from the RCSB Protein Data 

Bank. The selected structures were of high resolution and co-crystallized with inhibitors, 
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ensuring accurate representation of the binding sites. The proteins were prepared using the 

Protein Preparation Wizard in Maestro (Schrödinger Release 2021-2), which involved the 

assignment of correct bond orders, the addition of missing hydrogen atoms, the optimization 

of hydroxyl, Asn, Gln, and His orientations, and the assignment of protonation states 

appropriate for pH 7.0. Water molecules beyond 5 Å from the binding sites were removed 

unless involved in critical hydrogen bonding interactions. Following these steps, the protein 

structures were energy minimized using the OPLS_2005 force field until convergence was 

reached with a root-mean-square deviation (RMSD) threshold of 0.30 Å, ensuring stability and 

readiness for docking [42] 

After protein preparation, receptor grid generation was performed to define the active 

binding sites. The grid box was centered on the co-crystallized ligand to ensure accurate 

positioning of the ligand within the catalytic pocket. Grid dimensions were adjusted to fully 

accommodate diverse ligand sizes without steric clashes, typically covering a region of 20 Å³. 

Molecular docking was then conducted using the Glide module in Maestro, following a 

hierarchical protocol that included High-Throughput Virtual Screening (HTVS), Standard 

Precision (SP), and Extra Precision (XP) modes. The HTVS mode allowed rapid initial 

screening of all 431 benzimidazole derivatives. Compounds with good scores were passed to 

the SP mode for refined docking based on improved sampling and scoring. Finally, the top-

scoring compounds were docked in XP mode, which applied enhanced sampling, energy 

weighting, and penalization of false positives using the GlideScore scoring function. This 

stepwise approach allowed efficient filtering of potent molecules while maintaining accuracy 

in docking predictions [43,44]. 

2.3. ADMET study. 

To evaluate the pharmacokinetic and toxicity profiles of the selected benzimidazole 

derivatives, a comprehensive in silico ADMET (Absorption, Distribution, Metabolism, 

Excretion, and Toxicity) analysis was performed using QikProp (Schrödinger, Release 2021) 

and Discovery Studio (BIOVIA, 2021)[45, 34]. Initially, all ligands were energy minimized 

and prepared using the LigPrep module with the OPLS_2005 force field. These optimized 

structures were then further refined in Discovery Studio using the CHARMM (Chemistry at 

Harvard Macromolecular Mechanics) force field to ensure compatibility with the ADMET 

descriptor models [46]. QikProp was used to predict several key pharmacokinetic properties, 

such as CNS activity score, blood-brain barrier permeability (QPlogBB), octanol-water 

partition coefficient (QPlogPo/w), aqueous solubility (QPlogS), human oral absorption 

(%HOA), Caco-2 and MDCK cell permeability (QPPCaco and QPPMDCK), hERG inhibition 

potential (QPlogHERG), and serum protein binding (QPlogKhsa). These predictions provided 

insight into the drug-likeness and CNS accessibility of each compound. 

In addition to pharmacokinetic evaluation, toxicity predictions were conducted using 

the ADMET descriptors protocol in Discovery Studio. This included assessment of blood-brain 

barrier level (on a scale of 0–4), solubility level, absorption potential, CYP2D6 inhibition (to 

assess drug–drug interaction risk), hepatotoxicity prediction, and plasma protein binding 

classification. Furthermore, genotoxicity and safety margins were evaluated through predicted 

mutagenicity, rat acute oral toxicity (LD50), chronic oral toxicity (TD50), and aquatic toxicity 

(EC50 in Daphnia). The majority of lead compounds showed non-mutagenic profiles with good 

BBB permeability and high intestinal absorption, making them suitable candidates for CNS-

targeted therapies. Compounds also demonstrated acceptable protein binding and solubility 
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profiles, with some variation in predicted cardiotoxicity risk based on hERG scores. This 

detailed ADMET profiling helped in shortlisting the most promising benzimidazole derivatives 

for further development as dual-target anti-Alzheimer agents. 

2.4. Structure-based virtual screening. 

Virtual screening was employed to identify potential inhibitors of acetylcholinesterase 

(AChE) and beta-site amyloid precursor protein cleaving enzyme 1 (BACE-1). However, given 

the large dataset of compounds obtained from the initial screening, it was impractical to directly 

subject all of them to molecular docking in extra precision (XP) mode. To refine the dataset 

and ensure computational efficiency, a structure-based virtual screening (SBVS) approach was 

implemented to filter the compounds based on their docking scores. SBVS is an effective 

computational method that prioritizes compounds with higher binding affinities and favorable 

interactions with target proteins, thereby narrowing the candidate pool for further investigation. 

The SBVS process utilized the high-throughput virtual screening (HTVS) docking 

protocol to streamline the identification of promising inhibitors. To conduct the molecular 

docking studies, the Grid-based Ligand Docking with Energetics (GLIDE) software was used. 

GLIDE is a widely recognized docking tool that uses a hierarchical filtering approach to screen 

ligand-receptor interactions efficiently. The software first explores potential ligand binding 

poses within the receptor's active site through an extensive sampling process. It then refines 

the docking results by progressively applying more accurate scoring functions. This is achieved 

by representing the receptor’s shape and properties using a set of grid-based fields, which 

facilitate the precise evaluation of ligand binding affinity. 

GLIDE’s docking procedure is designed to accommodate the flexibility of both ligands 

and receptors, which is crucial in achieving accurate docking results. The software employs an 

extensive conformational search algorithm to explore different possible orientations of the 

ligands. Additionally, it incorporates a heuristic screening mechanism that quickly discards 

unfavorable ligand conformations that do not meet the docking criteria. This dual approach 

ensures that only the most promising ligand-receptor interactions are retained for further 

evaluation. 

To further refine the dataset, additional screening criteria were applied based on 

QikProp predictions, Lipinski’s Rule of Five, and reactive functional group filtering. These 

parameters help in assessing the drug-likeness, pharmacokinetic properties, and potential 

toxicity of the molecules. Out of an initial set of 431 unique molecules (comprising 1784 

structural variations), 422 molecules (with a total of 1677 structural variations) were found to 

meet the preliminary screening criteria. These selected compounds were then subjected to 

SBVS using the HTVS docking protocol. 

Following this round of screening, 42 molecules (representing 208 to 261 structural 

variations) were shortlisted for docking in standard precision (SP) mode. The SP mode 

provides a more refined docking evaluation by considering additional energetic and geometric 

constraints. This step further reduces the number of candidates by eliminating those with 

suboptimal binding affinities or unfavorable interactions with the target proteins. 

From this subset, four compounds demonstrated superior docking performance and 

were subsequently selected for the highest level of docking accuracy, XP mode. The XP 

docking protocol applies the most stringent evaluation criteria, incorporating advanced scoring 

functions to assess ligand binding with maximal precision.  
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In the molecular docking process performed using the Glide software, all three docking 

modes: High Throughput Virtual Screening (HTVS), Standard Precision (SP), and Extra 

Precision (XP) employ a grid-based ligand docking algorithm paired with an empirical scoring 

function. This approach involves a hierarchical sequence of filtering and refinement steps to 

optimize ligand-receptor interactions. Specifically, the algorithm samples multiple ligand 

conformations and orientations, strategically places them within a predefined receptor grid 

representing the target protein's active site, and subsequently evaluates each pose based on 

interaction energies and geometric compatibility. This structured procedure ensures accurate 

prediction of binding affinities while accommodating varying levels of computational rigor 

across the three modes. 

3. Results and Discussion 

3.1. Structure-based virtual screening. 

The virtual screening process employed in this study involved multiple stages of 

filtering and docking to identify potential inhibitors of acetylcholinesterase (AChE) and beta-

site amyloid precursor protein cleaving enzyme 1 (BACE-1), as depicted in Figure 2. Initially, 

a total of 431 unique molecules, corresponding to 1784 structural variations, were subjected to 

an initial filtering process. This was based on key drug-likeness parameters, including 

QuickProp analysis, Lipinski’s Rule of Five, and reactive functional group filtering, ensuring 

that only compounds with favorable pharmacokinetic properties and minimal toxicity were 

considered for further evaluation. 

 
Figure 2. Workflow for virtual screening of benzimidazole derivatives. 

After applying these filters, 422 molecules (with 1677 structural variations) were 

selected for structure-based virtual screening (SBVS) using the high-throughput virtual 

screening (HTVS) docking protocol (Supplementary file Table S2). This initial docking step 

was conducted to rapidly screen a large number of compounds and eliminate those with poor 
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binding affinity to the target receptors. The chemical structure and compound ID for the final 

selected molecules are shown in Table 2. 

Table 2. The chemical structures of six molecules submitted for XP-docking. 

Compound ID Chemical structure  

ZINC000558477778  

 

ZINC000558477776  

 

ZINC000558477775 

 

ZINC000558477777 

 

ZINC000614968635 
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Compound ID Chemical structure  

ZINC000552367493 

 

3.2. Selection of lead compounds from HTVS and SP docking. 

Following HTVS docking, the best-performing molecules were further refined through 

standard precision (SP) docking. This step provided a more detailed analysis of ligand-receptor 

interactions, enabling the selection of high-affinity compounds for the final docking phase. For 

AChE (PDB: 4EY7) 42 molecules, corresponding to 261 structural variations, were selected 

based on their superior docking scores and favorable binding interactions. That of for BACE-

1 (PDB: 2WJO): 41 molecules, corresponding to 208 structural variations, were shortlisted for 

further docking studies. From these 41/42 compounds, four were ultimately chosen for extra-

precision (XP) docking, which employs the most stringent scoring criteria and advanced 

algorithms to evaluate ligand binding with maximum accuracy. 

3.3. XP docking results and binding affinities. 

The XP docking phase provided crucial insights into the binding strengths of the 

selected molecules. The top-ranked compounds demonstrated significant binding affinities 

towards both AChE and BACE-1, as reflected in their XP GlideScores (GScore). The XP 

docking scores, which indicate the estimated binding free energy (lower values signify stronger 

binding), are summarized in Table 3. 

Table 3. Selected four XP Docking Scores against AChE and BACE-1. 

AChE 4EY7 - PDB BACE-1 2WJO - PDB 

Compound ID XP docking score Compound ID XP docking score 

ZINC000558477778 -19.087 ZINC000614968635 -7.43 

ZINC000558477776 -18.646 ZINC000558477775 -7.198 

ZINC000558477775 -18.455 ZINC000552367493 -6.398 

ZINC000558477777 -18.248 ZINC000558477776 -5.912 

The results indicate that the ZINC000558477778 molecule exhibited the highest 

binding affinity for AChE, achieving an XP GlideScore of -19.087, while ZINC000614968635 

showed the best binding affinity towards BACE-1 with an XP GlideScore of -7.43. 

Additionally, ZINC000558477776 and ZINC000558477775 displayed strong 

interactions with both targets, highlighting their potential as dual inhibitors. These molecules 

exhibited docking scores of -18.646 (AChE) and -7.198 (BACE-1), respectively. The presence 

of common molecules with strong binding affinities towards both enzymes suggests that these 

compounds could serve as promising dual inhibitors of AChE and BACE-1, which is crucial 

in the search for effective Alzheimer’s disease treatments. 

The selection of AChE and BACE-1 as target proteins was based on their critical and 

complementary roles in the pathogenesis of Alzheimer’s disease (AD). Acetylcholinesterase 
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(AChE) hydrolyzes the neurotransmitter acetylcholine in the synaptic cleft, and excessive 

AChE activity is associated with reduced cholinergic transmission, a hallmark of cognitive 

impairment in AD. Therefore, AChE inhibition is a well-established symptomatic treatment 

strategy for improving memory and cognition. On the other hand, beta-site amyloid precursor 

protein cleaving enzyme 1 (BACE-1) plays a key role in the amyloidogenic pathway by 

initiating the cleavage of amyloid precursor protein (APP), which leads to the formation of 

amyloid-beta (Aβ) peptides. These peptides aggregate to form plaques that contribute to 

neuronal toxicity and AD progression. Inhibition of BACE-1 has been proposed as a disease-

modifying approach aimed at reducing Aβ burden and slowing neurodegeneration. 

Thus, targeting both AChE and BACE-1 simultaneously offers a dual-action 

therapeutic strategy that provides symptomatic relief (via AChE inhibition) and slows disease 

progression (via BACE-1 inhibition). The use of these two proteins in docking studies reflects 

a rational approach for identifying multi-target-directed ligands (MTDLs) for Alzheimer’s 

therapy. 

3.4. Molecular interaction insights. 

To identify potential inhibitors for AChE and BACE-1, a hierarchical docking approach 

was implemented using HTVS, SP docking, and extra precision (XP) docking. This approach 

ensured the selection of highly potent compounds based on their binding affinity and molecular 

interactions. Based on SP docking results, four molecules from each target were selected for 

XP docking, which provided the most accurate estimation of ligand-binding affinities. The XP 

docking scores for the top four compounds against AChE ranged from -18.248 to -19.087, 

while for BACE-1, they ranged from -5.912 to -7.43, indicating strong binding interactions. 

3.4.1. Molecular docking interactions with AChE. 

Acetylcholinesterase is a key enzyme responsible for breaking down acetylcholine 

(ACh) at synaptic junctions. Inhibiting AChE can help improve cholinergic signaling, a crucial 

strategy in treating Alzheimer’s disease. The selected compounds showed strong docking 

scores, highlighting their potential as effective inhibitors (Figure 3). 

 
Figure 3. The 2D binding mode of (A) ZINC000558477778; (B) ZINC000558477776;  

(C) ZINC000558477775; (D) ZINC000558477777 in the active site of the AChE enzyme.  
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Among the AChE inhibitors, ZINC000558477778 exhibited the highest XP docking 

score of -19.087, indicating its strong binding affinity. It interacted with Asp 74 via a salt bridge 

(4.43 Å), pi-cation interactions with Tyr 341 (3.34 Å) and Trp 84 (3.97 Å, 4.42 Å), and pi-pi 

stacking with Tyr 124 (5.41 Å). These interactions suggest that this compound binds efficiently 

at both the catalytic active site (CAS) and peripheral anionic site (PAS), making it a strong 

candidate for dual inhibition of AChE activity and amyloid-beta (Aβ) aggregation. 

The second-best AChE inhibitor, ZINC000558477776, had an XP docking score of -

18.646 and displayed pi-pi stacking interactions with Trp 286 (4.21 Å), pi-cation interactions 

with Phe 338 (4.21 Å), Tyr 337 (4.11 Å), and Trp 86 (3.64 Å). These interactions stabilized 

the molecule within the enzyme’s active site, enhancing its inhibitory effect. 

ZINC000558477775, with an XP docking score of -18.455, formed multiple pi-pi stacking 

interactions with Trp 286 (4.32 Å, 4.16 Å) and Trp 86 (4.08 Å). It also exhibited hydrogen 

bonding with Phe 295 (2.60 Å) and pi-cation interactions with Tyr 341 (3.09 Å) and Trp 86 

(4.56 Å), contributing to a highly stable AChE-ligand complex. ZINC000558477777, with an 

XP docking score of -18.248, interacted via hydrogen bonds with Phe 295 (2.35 Å) and Arg 

296 (2.70 Å), along with pi-cation interactions with Tyr 341 (3.86 Å), Tyr 337 (6.37 Å, 4.47 

Å), and Trp 86 (4.70 Å). These interactions enhanced its binding stability, reinforcing its 

potential as an AChE inhibitor. 

3.4.2. Molecular docking interactions with BACE-1. 

Beta-secretase 1 (BACE-1) plays a crucial role in the cleavage of the amyloid precursor 

protein (APP), leading to the formation of amyloid-beta plaques, a major factor in Alzheimer’s 

disease progression. The selected compounds exhibited moderate to strong docking scores, 

indicating effective inhibition of the enzyme (Figure 4). 

 
Figure 4. The 2D binding mode of (A) ZINC000614968635; (B) ZINC000558477775;  

(C) ZINC000552367493; (D) ZINC000558477776 in the active site of the BACE-1 enzyme. 
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ZINC000614968635, the top-scoring inhibitor for BACE-1, had an XP docking score 

of -7.43, indicating a strong binding affinity. It formed pi-pi stacking interactions with Tyr 198 

(5.27 Å) and Tyr 71 (5.19 Å), along with hydrogen bonds with Tyr 198 (2.05 Å), Lys 107 (2.07 

Å), and Trp 76 (2.04 Å). These interactions suggest that this molecule is efficiently positioned 

within the active site, stabilizing the enzyme-ligand complex and hindering BACE-1 activity. 

ZINC000558477775, with an XP docking score of -7.198, displayed pi-pi stacking interactions 

with Tyr 198 (5.22 Å) and Phe 108 (4.92 Å, 5.15 Å), as well as salt bridge interactions with 

Asp 228 (3.03 Å) and Asp 32 (3.88 Å). The presence of hydrogen bonds with Asp 228 (2.38 

Å) and Gly 230 (2.23 Å) further strengthened its binding affinity. ZINC000552367493, with 

an XP docking score of -6.398, exhibited pi-pi stacking interactions with Tyr 198 (5.49 Å) and 

Phe 108 (4.96 Å), along with hydrogen bonds with Tyr 198 (2.25 Å) and Trp 76 (2.06 Å). 

These interactions provided strong stabilization within the BACE-1 active site, supporting its 

potential role as an effective inhibitor. ZINC000558477776, with an XP docking score of -

5.912, formed salt bridge interactions with Asp 228 (3.02 Å) and Asp 32 (4.35 Å), along with 

pi-cation interactions with Tyr 71 (5.68 Å) and pi-pi stacking with Phe 108 (4.96 Å). Although 

its docking score was lower than those of the other candidates, its strong electrostatic and 

hydrophobic interactions still make it a viable inhibitor. 

The molecular docking results indicate that the selected compounds exhibit high 

binding affinity and strong interactions with both AChE and BACE-1. For AChE, the XP 

docking scores ranged from -18.248 to -19.087, indicating strong binding interactions at both 

the CAS and PAS sites. The presence of pi-cation and pi-pi stacking interactions with key 

residues such as Trp 86, Tyr 341, and Trp 286, along with hydrogen bonding and salt bridge 

formations, contributed to high stability within the active site. These findings suggest that these 

molecules have potential as multitarget inhibitors, offering both cholinergic enhancement and 

anti-amyloid properties for Alzheimer’s disease treatment. For BACE-1, the XP docking scores 

ranged from -5.912 to -7.43, with all four selected compounds forming significant pi-pi 

stacking, hydrogen bonding, and salt bridge interactions with key catalytic residues. The top-

scoring compounds, ZINC000614968635 and ZINC000558477775, demonstrated strong 

inhibitory potential, making them promising candidates for reducing amyloid-beta production. 

The findings suggest that the selected compounds possess dual-target inhibition 

potential, effectively blocking AChE to enhance neurotransmission while inhibiting BACE-1 

to reduce amyloid plaque formation. Their high docking scores, strong molecular interactions, 

and multitarget potential make them valuable candidates for further drug development. Future 

studies should focus on molecular dynamics simulations, ADME analysis, and in vitro 

validation to confirm their stability, bioavailability, and therapeutic efficacy before proceeding 

to preclinical and clinical trials. 

To validate the accuracy of the molecular docking protocol, the native ligand Donepezil 

for AChE and the co-crystallized ligand for BACE-1 (PDB ID: 2WJO) were redocked into 

their respective active sites. The docking scores obtained were –12.542 kcal/mol for Donepezil 

in AChE and –6.29 kcal/mol in BACE-1, while the 2WJO ligand showed scores of –8.943 

kcal/mol in AChE and –6.68 kcal/mol in BACE-1. These results, along with the interaction 

diagrams generated during docking, confirm that the proteins were correctly prepared and that 

the defined active sites are suitable for ligand binding. The consistency between observed and 

redocked binding poses reinforces the reliability of the docking strategy applied in this study. 

In this study, the Ramachandran plots for AChE and BACE-1 were generated and 

presented in Figure 5, confirming that the proteins used are structurally sound. The plots 
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showed that a high percentage of residues lie within the most favored regions, with minimal 

outliers, indicating that the protein models are suitable for downstream molecular docking and 

simulation analyses. 

  
Figure 5. Ramachandran plot for AChE and BACE-1. 

3.5. ADMET prediction. 

The ADME (Absorption, Distribution, Metabolism, and Excretion) properties of the 

selected molecules were evaluated using the QikProp module in Schrödinger and presented in 

Table 4. This analysis helps determine the drug-likeness and pharmacokinetic feasibility of the 

compounds for potential therapeutic use. Various parameters, including CNS activity, human 

oral absorption (HOA), permeability (QPPCaco, QPPMDCK), lipophilicity (QPlogPo/w), 

solubility (QPlogS), blood-brain barrier penetration (QPlogBB), and potential cardiotoxicity 

(QPlogHERG), were analyzed to assess the pharmacokinetic suitability of the compounds. 

Table 4. ADME analysis of the top 06 hits using QikProp. 
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ZINC000558477778 2 3 100 347.833 193.369 0.785 -8.006 0.693 4.259 -3.721 5.5 0 0 0 

ZINC000558477776 2 3 100 337.146 186.955 0.769 -8.048 0.695 4.256 -3.761 5.5 0 0 0 

ZINC000558477775 2 3 100 381.381 213.604 0.827 -8.084 0.719 4.348 -3.86 5.5 0 0 0 

ZINC000558477777 2 3 100 356.519 198.593 0.799 -7.918 0.673 4.214 -3.623 5.5 0 0 0 

ZINC000614968635 -2 3 95.968 581.184 275.17 -1.063 -6.123 0.337 3.338 -5.236 6.2 2 0 0 

ZINC000552367493 0 3 100 1918.14 1000.254 -0.365 -5.956 0.72 4.411 -5.896 4.5 1 0 1 

 

The CNS activity score is an essential factor for drugs targeting neurodegenerative 

diseases like Alzheimer’s disease. The top four molecules (ZINC000558477778, 

ZINC000558477776, ZINC000558477775, and ZINC000558477777) exhibited a CNS score 

of 2, indicating excellent penetration into the central nervous system (CNS). This is highly 

favorable for drugs aimed at treating CNS disorders. In contrast, ZINC000614968635 and 

ZINC000552367493 had lower CNS scores (-2 and 0, respectively), suggesting limited BBB 

penetration and, thus, reduced effectiveness for CNS-targeted therapies. 

Human oral absorption (HOA) and permeability parameters provide insights into how 

well a compound can be absorbed into the bloodstream. All selected molecules showed high 

oral absorption (HOA value of 3), with a percentage of 95–100%, indicating their strong 
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potential for oral bioavailability. Additionally, Caco-2 permeability (QPPCaco) values 

confirmed good absorption potential, with ZINC000552367493 exhibiting the highest value 

(1918.14), followed by ZINC000614968635 (581.184). These high permeability scores 

suggest efficient intestinal absorption, a critical factor for drug efficacy. Similarly, MDCK 

permeability (QPPMDCK) values, which predict drug transport across cell membranes, further 

supported these findings, with ZINC000552367493 (1000.254) exhibiting the highest 

permeability. 

The ability of a drug to cross the blood-brain barrier (BBB) is essential for CNS-active 

drugs. The QPlogBB values indicate BBB penetration potential, with values above 0.3 

suggesting good permeability. The top four molecules showed favorable QPlogBB values 

ranging from 0.769 to 0.827, supporting their potential effectiveness in neurological disorders. 

However, ZINC000614968635 (-1.063) and ZINC000552367493 (-0.365) had significantly 

lower QPlogBB values, indicating their limited ability to penetrate the CNS and potentially 

making them less suitable for neurological applications. 

The binding affinity to human serum albumin (HSA), measured by QPlogKhsa, affects 

drug distribution and availability in the bloodstream. Most selected molecules had QPlogKhsa 

values between 0.673 and 0.72, suggesting moderate to strong plasma protein binding, which 

can enhance drug stability and prolong circulation time. ZINC000614968635, with a lower 

QPlogKhsa value (0.337), may have a shorter half-life, affecting its bioavailability. 

Lipophilicity and aqueous solubility are crucial for drug absorption and distribution. 

The octanol/water partition coefficient (QPlogPo/w) values for all selected molecules were 

within the optimal range, between 3.338 and 4.411, indicating good membrane permeability. 

However, solubility (QPlogS) values showed that ZINC000614968635 (-5.236) and 

ZINC000552367493 (-5.896) had lower aqueous solubility, which could pose challenges for 

formulation and bioavailability. 

A critical concern in drug development is hERG inhibition (QPlogHERG), which 

predicts the potential for cardiotoxicity. A QPlogHERG value below -5 suggests a high risk of 

cardiotoxicity. Unfortunately, the top four AChE inhibitors (ZINC000558477778, 

ZINC000558477776, ZINC000558477775, and ZINC000558477777) exhibited values 

between -7.918 and -8.084, indicating a significant risk. Similarly, ZINC000614968635 (-

6.123) and ZINC000552367493 (-5.956) also showed potential cardiotoxicity risks, though 

slightly less severe. 

Finally, adherence to Lipinski’s Rule of Five and Rule of Three is essential for 

evaluating drug-likeness. All selected compounds complied with Lipinski’s Rule of Five, 

making them strong candidates for oral drug development. However, ZINC000552367493 

violated one condition of the Rule of Three, indicating that it may require further optimization 

for early drug discovery. The ADME profiling of the selected XP docking hits revealed 

promising drug-like characteristics, particularly for the four AChE inhibitors 

(ZINC000558477778, ZINC000558477776, ZINC000558477775, and ZINC000558477777). 

These compounds demonstrated excellent CNS penetration, high oral absorption, good 

permeability, and optimal lipophilicity, making them strong candidates for further 

development. However, their hERG inhibition scores indicate a potential risk for 

cardiotoxicity, necessitating further toxicity assessments and structural modifications. On the 

other hand, ZINC000614968635 and ZINC000552367493 exhibited high permeability and 

strong oral absorption. Still, their poor CNS penetration and moderate cardiotoxicity risk 

suggest they may be better suited for non-CNS-targeted drug development.  
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Figure 6 illustrates the correlation between the polar surface area (PSA) and 

lipophilicity (AlogP) for the selected benzimidazole derivatives, highlighting the 95% and 99% 

confidence ellipses corresponding to the blood-brain barrier (BBB) and human intestinal 

absorption (HIA) models. These ellipses represent the likelihood that molecules will cross the 

BBB and be absorbed in the human intestine. All the molecules are in the eclipse and near the 

donepezil.  

 
Figure 6. Plot of PSA versus A log P for selected molecules showing 95% and 99% confidence limit ellipses 

corresponding to the blood–brain barrier (BBB) and human intestinal absorption (HIA) models. 

From the ADMET predictions presented in Table 5, it is observed that most 

benzimidazole derivatives (ZINC000558477778, ZINC000558477776, ZINC000558477775, 

ZINC000558477777, and ZINC000552367493) exhibit high BBB permeability (level 1), 

similar to the reference drug donepezil. This suggests their potential for central nervous system 

(CNS) activity. One compound (ZINC000614968635) showed medium BBB permeability 

(level 2), whereas the 2WJO Ligand displayed very low BBB permeability (level 4), indicating 

limited CNS penetration. 

Table 5. Predicted ADMET for benzimidazole derivatives and reference drug. 

Compound No 
BBB 

level 

Solubility 

level 

Absorption 

level 

CYP2D6 

prediction 

Hepatotoxic 

prediction 

PPB 

prediction 

ZINC000558477778 1 2 0 FALSE FALSE TRUE 

ZINC000558477776 1 2 0 FALSE FALSE TRUE 

ZINC000558477775 1 2 0 FALSE FALSE TRUE 

ZINC000558477777 1 2 0 FALSE FALSE TRUE 

ZINC000614968635 2 3 0 FALSE FALSE TRUE 

ZINC000552367493 1 2 0 FALSE TRUE TRUE 

Donepezil 1 2 0 FALSE FALSE TRUE 

2WJO Ligand 4 1 2 FALSE TRUE TRUE 

ADMET descriptors. For good absorption through BBB , level required , 0 = very high, 1 = high, 2 = medium, 3 

= low, 4 = very low; Solubility indicates molar solubility of the drug, where 1 = very low solubility, 2 = low 

solubility, 3 = good solubility, and 4 = optimal solubility; Absorption level, 0 = good, 1 = moderate, 2 = poor, 3 

= very poor; CYP2D6 ( cytochrome P2D6 ) descriptor determines inhibitory effect by predicted classes as 

TRUE = inhibitor, FALSE = non-inhibitor; Hepatotoxicity determines the toxicity of a drug by predicted 

classes: TRUE = hepatotoxic, FALSE = non-hepatotoxic; PBB (plasma protein binding) determines binding of 

the drug; FALSE means less than 90% binding, TRUE means more than 90% binding. 
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Regarding solubility, most compounds demonstrated low solubility (level 2), while 

ZINC000614968635 exhibited good solubility (level 3). The 2WJO Ligand had the lowest 

solubility (level 1), which may limit its bioavailability. 

Human intestinal absorption (HIA) levels varied among the compounds, with most 

derivatives showing poor absorption (level 2). The 2WJO Ligand exhibited moderate 

absorption (level 1), while Donepezil and ZINC000614968635 showed good absorption (level 

0), making them more favorable for oral bioavailability. 

3.6. Metabolic stability and toxicity predictions. 

The metabolic stability of the compounds was assessed based on CYP2D6 inhibition. 

None of the selected compounds was predicted to be CYP2D6 inhibitors, indicating a lower 

likelihood of drug-drug interactions involving this enzyme. Hepatotoxicity predictions 

indicated that all compounds, except ZINC000552367493 and the 2WJO Ligand, were non-

hepatotoxic. The plasma protein binding (PPB) predictions indicated that all compounds 

exhibited high protein binding (PPB = TRUE), which may affect their in vivo distribution and 

clearance. 

Table 6. Toxicity properties for benzimidazole derivatives and the reference drug. 

Compound No Mutagenicity 
TD50 value (mg/kg) LD50 value (g/kg) EC50 value (mg/l) 

Carcinogenicity (Rat) Acute oral toxicity (Rat) Daphnia 

ZINC000558477778 Non-Mutagen 4.60826 0.228686 0.737592 

ZINC000558477776 Non-Mutagen 4.60826 0.228686 0.737592 

ZINC000558477775 Non-Mutagen 4.60826 0.228686 0.737592 

ZINC000558477777 Non-Mutagen 4.60826 0.228686 0.737592 

ZINC000614968635 Non-Mutagen 9.04906 0.385389 8.10048 

ZINC000552367493 Non-Mutagen 8.65317 0.317019 3.97125 

Donepezil Non-Mutagen 1.5591 0.389579 0.497697 

2WJO Ligand Non-Mutagen 92.9218 0.570354 0.02038 

 

Table 6 summarizes the toxicity profiles of the benzimidazole derivatives. All 

compounds were predicted to be non-mutagenic, suggesting a favorable genotoxicity profile. 

The TD50 values, which indicate chronic toxicity potential, varied significantly, with donepezil 

displaying the lowest TD50 value (1.5591 mg/kg), suggesting higher chronic toxicity compared 

to the benzimidazole derivatives. Acute oral toxicity, represented by LD50 values, showed that 

the majority of benzimidazole derivatives had LD50 values ranging from 0.228686 to 0.385389 

g/kg, suggesting moderate acute toxicity. The reference drug donepezil had a similar LD50 

value (0.389579 g/kg), while the 2WJO Ligand exhibited the highest LD50 value (0.570354 

g/kg), indicating lower acute toxicity. The EC50 values, representing the concentration required 

to produce a 50% maximal response in aquatic toxicity (Daphnia), varied among the 

compounds. The 2WJO Ligand exhibited the lowest EC50 value (0.02038 mg/L), indicating 

higher toxicity in aquatic environments, whereas other benzimidazole derivatives had relatively 

higher EC50 values, suggesting lower environmental toxicity. 

The ADMET and toxicity analysis of benzimidazole derivatives indicates promising 

pharmacokinetic and safety profiles, with most compounds exhibiting favorable BBB 

permeability and non-mutagenic properties. However, solubility and intestinal absorption 

remain areas for improvement. The toxicity profile suggests that these derivatives are 

comparable to Donepezil in terms of acute and chronic toxicity, making them viable candidates 

for further optimization and in vivo evaluation. 
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4. Conclusions 

The in silico screening of benzimidazole derivatives identified promising candidates 

for AChE and BACE-1 inhibition, two key therapeutic targets in Alzheimer’s disease. The 

structure-based virtual screening workflow effectively refined a large compound dataset, 

selecting four high-affinity inhibitors using hierarchical docking (HTVS, SP, and XP). Among 

the identified compounds, ZINC000558477778 emerged as the top candidate for AChE 

inhibition, exhibiting the strongest binding affinity (-19.087 XP docking score) and significant 

interactions with key residues at both the CAS and PAS sites. Similarly, ZINC000614968635 

was the most potent inhibitor of BACE-1, with an XP docking score of -7.43 and strong 

interactions with catalytic residues, suggesting its potential to reduce amyloid-beta production. 

Notably, ZINC000558477776 and ZINC000558477775 displayed significant dual-

target activity against both AChE and BACE-1, making them attractive candidates for 

multitarget-directed therapy. These compounds also exhibited favorable drug-likeness and 

ADMET profiles, supporting their potential as CNS-active agents. To confirm the stability and 

efficacy of these potential inhibitors, in vitro enzyme inhibition assays and in vivo studies are 

recommended. These additional studies will provide a deeper understanding of their binding 

stability, pharmacokinetic profile, and therapeutic potential, facilitating their advancement 

toward drug development for Alzheimer’s disease. 
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