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Neurodegenerative diseases (ND), including Alzheimer’s (AD) and Parkinson’s Disease (PD), are becoming

increasingly more common and are recognized as a social problem in modern societies. These disorders are

characterized by a progressive neurodegeneration and are considered one of the main causes of disability and

mortality worldwide. Currently, there is no existing cure for AD nor PD and the clinically used drugs aim only at

symptomatic relief, and are not capable of stopping neurodegeneration.
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1. Introduction

The advances in medicine and the better quality of life of the general population have increased the average

lifespan worldwide. According to a 2019 survey of the United Nations, 9% of the world’s population, the equivalent

to 700 million people, is at/or above 65 years old and this number is expected to grow to at least 2 billion by 2050

. Consequently, age-related diseases, where neurodegenerative conditions (ND) are included, are becoming

more common and being recognized as a social problem in modern societies . ND are characterized by a

heterogeneous and progressive degeneration of the central and/or the peripheric nervous systems, as a

consequence of the death of neuronal cells . So far, hundreds of ND have been identified; however, each of them

displays differences in terms of pathological characteristics, symptoms, and treatments . Specifically, Alzheimer’s

(AD) and Parkinson’s Disease (PD) are considered the most prevalent ND, affecting 11 and 5 in 1000 individuals

more than 65 years old, respectively . In fact, in 2020, more than 44 million and 10 million patients were

diagnosed with AD and PD, respectively . Despite the intense research and investment behind these disorders,

their aetiology is still unknown, but it is thought to be caused by a combination of factors, such as the individual’s

lifestyle and genetics, but also environmental factors, like exposure to toxins and pollution .

Indeed, several medical conditions, for instance primary neurological and neuropsychiatric diseases, are thought to

contribute to dementia, mostly in elderly people, the age group with the highest dementia incidence. This condition

can be developed as a consequence of some degree of degeneration, namely in the progression of the AD/PD

diseases, vascular dementia, Lewy body accumulation, and frontotemporal lobar degeneration, among others.

Moreover, mild cognitive impairment and dementia occurring across the individual’s lifespan might be related to

chemotherapy-related cognitive dysfunction, vitamin deficiencies (e.g., B1, B12), normal pressure hydrocephalus,
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intracranial masses (e.g., subdural hematomas, brain tumors), traumatic brain injury, and psychiatric illness

(depression major and anxiety) .

Unfortunately, there is no existing cure for these ND and the currently clinically used drugs aim only at symptomatic

relief and are not capable of stopping neurodegeneration . The biggest challenges in AD/PD drug development

are the number of biological pathways and proteins involved in the diseases’ pathogenesis, the complexity of the

affected organs (mostly the brain), and their aggressiveness . Thus, the necessity of developing novel drugs

has forced the pharmaceutical industry to employ new methodologies for the design of new compounds. The

progresses in the biomolecular and structural fields allowed the determination of numerous three-dimensional (3D)

structures of proteins, through nuclear magnetic resonance, X-ray crystallography, cryo-electron microscopy,

among other techniques, and these have provided essential information about atomic interactions between protein-

ligand . The combination of computational and mathematical algorithms with the protein structural data has

become increasingly used in modern medicinal chemistry to support drug design, generally defined as computer-

aided drug design (CADD) . These approaches can be subdivided into three main categories: sequence-based

drug design, structure-based drug design (SBDD), and ligand-based drug design (LBDD) . In particular,

sequence-based drug design uses the protein sequence information deposited on the Protein Data Bank (PDB,

https://www.rcsb.org/, accessed on 10 April 2021) database to build 3D homologue models of the protein 3D

structure that can be further refined with molecular dynamics simulations . The SBDD strategy is probably the

most used in in silico studies; it uses the structural information found in the protein 3D structure to predict

macromolecular binding sites and the affinity of ligands towards certain targets . Within this strategy, molecular

docking studies are the most known and used, including structure-based virtual screening, also known as target-

based virtual screening, which allows for the selection of promising compounds from extensive libraries.

Frequently, molecular dynamics are also used to obtain a more profound understanding of the interactions between

ligands and macromolecules, as well as predicting the stability of the obtained binding poses. In most cases, a

combination of these techniques is used in SBDD protocols . Another methodology that is also commonly

employed to study the affinity of ligands in targets that do not have a 3D structure available in the PDB is LBDD .

Similar to SBDD, this approach also allows the collection of the most relevant compounds from big libraries, and

includes QSAR modeling, pharmacophore studies, similarity searching, among others . Additionally, this

approach can be combined with homology modeling . These techniques have been improved over the years and

are being increasingly used in drug development by researchers from academic centers and R&D of

pharmaceutical companies, mostly in preliminary studies to select compounds with higher potential of success in

further studies. Moreover, it is also possible to use software to filter molecules with positive ADMET (Absorption,

Distribution, Metabolism, Excretion, and Toxicity) properties in addition to a predicted high affinity to the protein

target .

2. Alzheimer’s Disease

AD is characterized by a slow and progressive decline in the cognitive functions and dementia, as a consequence

of the loss of neurons, deterioration of the neurotransmission systems, and the accumulation of several proteins in
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the central nervous system (CNS) . Overall, its pathophysiology features are the formation of amyloid plaques

and neurofibrillary tangles in the brain, but more recently, dystrophic neurites, astrogliosis, neuropil threads, and

microglial activation are also being reported . Currently, only a few drugs are approved for clinical use in AD

treatment and none of them can stop the progression of the disease, being mostly used in symptomatic therapy

. Despite all the scientific efforts made, more than 200 drug candidates have failed or been suspended from

clinical trials in the last decade and no drug has been approved for AD treatment since 2003 . These failures

might be related to an inaccurate selection of the protein targets and the insufficient understanding of the complex

etiology of AD . In this topic, a characterization of the progresses accomplished in drug development employing

computational approaches for the various protein targets involved in AD will be performed.

2.1. Acetylcholinesterase

Acetylcholinesterase (AChE, E.C. 3.1.1.7) is an enzyme involved in the termination of impulse transmission by

rapid hydrolysis of acetylcholine into choline and acetic acid . In AD, the patient’s cholinergic systems endure

extensive degeneration changes, leading to a hypofunction of the cholinergic neurons and a decline in the

endogenous levels of acetylcholine . Hence, AChE inhibitors are administered to counteract these effects in an

attempt to decrease the breakdown rate of acetylcholine and restore its synaptic levels . To date, only three

AChE inhibitors are used in AD therapy, donepezil, rivastigmine, and galantamine (Figure 1); however, they only

offer symptomatic relief and are mostly used to treat mild to moderate dementia . Thus, new and more effective

AChE inhibitors are needed .

Figure 1. Structure of the clinically approved AChE inhibitors.

Many researchers took advantage of the available 3D human AChE structures deposited in the PDB database and

the information regarding the interactions with several ligands to carry out in silico methodologies to design

potential inhibitors . Structurally, the target has two distinct binding sites: one is peripheral and is situated at the

entrance of the gorge and the other is located in the catalytic site . Currently, researchers are focused in

molecules that can occupy both binding sites and inhibit acetylcholine hydrolysis . Grafov et al. studied the

affinity of several naturally occurring alkaloids for both binding sites of AChE (PDB#6H12) using neostigmine, a

known AChE inhibitor, as positive control . The molecular docking results demonstrated that the alkaloid 5-N-

methylmaytenine (Figure 2) could simultaneously bind to both binding sites, mainly by hydrophobic interactions,

and therefore, could have a high pharmacological potential towards the design of novel AChE inhibitors . A

[10]

[11]

[12]

[12]

[12]

[13]

[14]

[15]

[7]

[16]

[17]

[15]

[17]

[18]

[18]



In-Silico Approaches: Neurodegenerative Diseases | Encyclopedia.pub

https://encyclopedia.pub/entry/8755 4/11

similar analysis was carried out by Ortiz and his research group for other alkaloid compounds extracted from plants

of the Hieronymiella genus, but employing an additional step of molecular dynamic simulations to evaluate the

binding modes to better understand in vitro results . In this study, the compound sanguinine (Figure 2),

structurally similar to galantamine (Figure 1), showed the most promising binding energy and interacted with

residues Trp84, Gly117, Glu199, Ser200, Phe330, and His440. In addition, it presented high in vitro inhibitory

potency for AChE (PDB#1DX6) as well, which can indicate that these amino acids are essential to promote higher

inhibition rates . Mughal and co-workers synthetized a series of 4-thioflavonols that displayed very promising in

vitro outputs and studied their interactions with the AChE (PDB#4BDT) active site through molecular docking .

Particularly, compound 1 (Figure 2) had the highest affinity and also formed identical interactions with the amino

acids of the catalytic site of AChE similar to the observed for donepezil, especially with residues Trp86 and Tyr337

. An identical strategy was performed to study other natural products, namely canadine derivatives , cinnamic

acid derivatives, indolinones and cycloartane triterpenoids , phenolic acid derivatives , and synthetic

compounds, such as arylisoxazole-phenylpiperazine derivatives , dipropargyl substituted diphenylpyrimidines

, quinoline chalcone derivatives , and N-(4-methylpyridin-2-yl)thiophene-2-carboxamide analogs , as

displayed in (Figure 2). Ranjan’s research group  studied the affinity of several organophosphate derivatives

against AChE (PDB#1B41) using docking-based virtual screening combined with molecular dynamics simulations.

The compounds were selected based on the interaction with the main residues of the catalytic triad, Ser203,

Glu334, and His447 . The top ranked ligand was phoxim ethyl phosphonate (Figure 2), displaying the highest

binding energy with these residues and it was advanced for further in vitro studies .

Figure 2. Structures of the studied AChE inhibitors.

Castro-Silva et al. studied the affinity of fucosterol (Figure 3) towards both binding sites of AChE (PDB#4EY7) and

compared with the inhibitor neostigmine by docking and molecular dynamics to improve the analysis . The

results demonstrate that fucosterol has affinity towards both binding sites, by specifically interacting with the

residues Trp286, Leu289, and Tyr341 of the peripheric site, and with the Trp86, Glu202, and Tyr449 of the AChE

catalytic site, indicating that this compound might be a promising compound to advance for further studies .

Other researchers, namely Gurjar and co-workers, performed an in silico analysis in 2-substituted-4,5-diphenyl-1H-
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imidazole analogues (Figure 3) effecting a prediction of the compounds’ ADMET properties in addition to the

molecular docking of the best ranked compounds, avoiding further testing of compounds with potential toxicity and

unfavorable pharmacokinetics . For instance, compound 2 (Figure 3) demonstrated the best results, being a

potential candidate for further structural optimization for even better AChE inhibition . Rocha and her group built

and validated a machine learning model using pharmacophores based on the structures of more than 500

compounds with known and no inhibitory activity against AChE to predict the potential inhibitory activity of multiple

indole alkaloids . Of these, uleine (Figure 3) was predicted as being the alkaloid with the highest probability to

present AChE inhibitory activity based on the in silico results . The most promising compounds were further

tested in vitro confirming the computational predictions regarding the AChE inhibition . A distinct methodology

was applied by Niu et al., building 2D- and 3D-QSAR models to classify molecules based on their potential to

inhibit AChE, from a library of compounds that included known AChE inhibitors and non-inhibitors, with a predicted

accuracy of 89.63% . The most promising compounds were further tested by molecular docking to evaluate their

affinity towards the target active site (PDB#1QTI) and the interaction with the residue Ser124 was demonstrated to

be crucial for a higher affinity .

Figure 3. Structure of the studied AChE inhibitors.

2.2. N-Methyl-D-aspartate Receptor

The N-methyl-d-aspartate receptors (NMDAR) are a family of ligand-gated ionic membrane channels involved in

non-selective cation transport and in the excitatory glutamatergic neurotransmission . There are two types of

NMDARs: the synaptic and the extra-synaptic receptors . The synaptic are essential for synaptic plasticity and

for the survival of neurons, while the extra-synaptic promote cell death and excitotoxicity, contributing for the

etiology of AD . The hyper-activation of the extra-synaptic NMDAR by glutamate, which is linked to an

overproduction of free radicals and several enzymes that contribute to the deterioration of the CNS, can be

controlled with NMDAR antagonists . Currently, memantine (Figure 4) is the only NMDAR antagonist approved

by the regulatory agencies for clinical use to treat moderate to severe dementia, selectively inhibiting the activity of

extra-synaptic NMDARs . In addition to its cognitive and functional pharmacological benefits, memantine has

also demonstrated to slow down the emergence of further behavioral and psychotic manifestations. Furthermore,

its administration resulted in significant increases in the extracellular concentrations of the neurotransmitters
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dopamine, norepinephrine, and their metabolites, demonstrating a biogenic amine neurotransmission enhancing

effect useful in AD treatment .

Figure 4. Structure of the clinically approved NMDAR antagonist.

Nevertheless, over the years, numerous studies reported the design of novel active NMDAR antagonists using in

silico methodologies . For instance, Ivanova and co-workers used a virtual screening approach to discover new

potential NMDAR antagonists . Using a combination of various machine learning methods, including artificial

neural networks and advanced multilinear techniques to build QSAR models, they screened over 13,000 natural

compounds and ranked them based on their predicted affinity towards the target (PDB#5TP9) . The best

candidates were also analysed by docking and molecular dynamics simulations to identify essential structural

moieties that could serve as basis for the design and development of novel and improved NMDAR antagonists .

A distinct strategy was carried out by Sharma et al. using pharmacophore modeling and a four-phased virtual

screening study to identify potential drug candidates . The pharmacophore model was generated and validated

with a library of 40 known NMDAR antagonists, followed by screening, where the compounds were sorted based

on the Lipinski’s rules and in terms of affinity towards the target . Additionally, the hits were submitted to a
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docking analysis to fully validate the used methodology . The main residues in the NMDAR active site are His88,

Ser114, Thr116, Art121, Gly172, Ser173, Thr174, and Tyr214, of which the predicted compound HTS 00987

(Figure 5) interacts with His88, Thr174, and Tyr214, while memantine was not predicted to interact with none of

these residues, indicating a potential pharmacological interest of this compound . Waqar et al. built a homologue

model of the 3D structure of NMADR based on the structure of the rat NMDAR (PDB#3JPW) and analyzed by

molecular docking the affinity of several conantokins towards this target . Moreover, most of the compounds

interacted with residues Gln110 and Glu236, in the NR2B subunit of the NMDAR, and with Ile111, Phe114, and

Pro177 by hydrophobic interactions . A similar binding pattern was observed for the rat crystal structure,

indicating that conankotins might be potential NMDAR antagonists . In another study carried out by Hu and co-

workers, the affinity of several tetramethylpyrazine derivatives, with known NMDAR antagonist activity, was studied

towards its catalytic site (PDB#5UOW) by molecular docking . Specifically, compound 3 (Figure 5) demonstrated

the most promising binding energy, as well as favorable interaction by hydrogen bonds with the amino acid Asn602

. Kumar et al., studied the affinity of antipsychotic drugs towards NMDAR (PDB#1PBQ) by molecular docking to

evaluate its potential use in the treatment of AD . In the hydrophobic pocket of NMDAR 3D structure, the main

residues are the Phe16, Phe92, Trp223, and Phe250 . For the antipsychotic drug anisopirol (Figure 5), the

compound of this group with the highest affinity mainly interacted with Phe92, Pro24, Thr126, Ser180, Trp223, and

Phe246 . Considering that this drug shared some interactions with the known NMDAR antagonist 5,7-

dichlorokynurenic acid (DCKA), the co-crystallized ligand of this crystal structure, it might indicate that could also

biologically interact with this target . On the other hand, Singh et al. developed pharmacophore models based

on the structure of ifenprodil, also a known NMDAR antagonist, performed virtual screening, studied the affinity of

the hits by molecular docking and molecular dynamics simulations using the 3D structure of the NMDAR

(PDB#5EWJ), as well as analyzed the hits ADMET properties . The proposed study revealed that the molecules

ZINC25726161 and ZINC95977857 (Figure 5) displayed a better affinity towards the target than the NMDAR

antagonist drug ifenprodil, indicating that these virtual hits could have pharmacological interest .

Figure 5. Structures of the studied NMDAR antagonists.
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