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ABSRTACT 

Many Alzheimer’s disease (AD) drug candidates fail during clinical translation due to poor target validation and inadequate penetration across the 

blood–brain barrier. This study aimed to identify potential inhibitors for AD by targeting N-methyl-D-aspartate (NMDA) and protein tyrosine 

phosphatase 1B (PTP1B). A total of 2,399,743 molecules retrieved from the ChEMBL database were filtered using various in silico techniques to 

identify small, investigational molecules under phase III clinical trial, that are safe, bioavailable with favourable physicochemical properties. The 

top-ranked molecules were subjected to molecular docking studies on NMDA and PTP1B. A total of 1,920,643 small molecules were identified, 

among which 1,110 investigational molecules had advanced to phase III clinical trials. Of these, 298 molecules met the Lipinski Rule of Five and 

were considered safe, and ultimately only 3 molecules demonstrated favourable physicochemical properties. Ritobegron, docked with PTP1B, 

showed a binding energy, E of -8.69 kcal/mol and an inhibition constant, Ki of 0.424 µM, outperforming the native ligand (-7.23 kcal/mol, 5.04 µM) 

and with NMDA showed E of -8.06 kcal/mol and Ki of 1.23 µM, both superior to its native ligand (-7.40 kcal/mol, 3.74 µM). Resveratrol, docked 

with protein PTP1B, showed E of –7.59 kcal/mol and Ki of 2.53 µM, slightly more negative than the native ligand (–7.23 kcal/mol, 5.04 µM). These 

interactions involved hydrogen bonding, pi-stacking, and hydrophobic interactions with key amino acid residues. The study suggests that ritobegron 

and resveratrol could serve as promising inhibitors for NMDA receptors and PTP1B enzyme, offering potential therapeutic avenues for AD 

treatment. 
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Introduction  

 Alzheimer’s disease (AD) is characterised by the deposition 

of amyloid protein outside neurons, resulting in the formation of 

plaques, and inside neurons as neurofibrillary tangles composed of 

hyperphosphorylated tau protein. These pathological changes lead to 

synaptic dysfunction, neuronal loss, and progressive cognitive decline. 
1
 It is the most common cause of dementia and accounts for 

approximately 60–80 % of all dementia cases worldwide. 
2
 The exact 

cause of AD remains unknown, but it is believed to involve a 

combination of genetic, environmental, and lifestyle factors. 
3
 Several 

hypotheses have been proposed to explain the pathogenesis of AD, 

including the cholinergic hypothesis, amyloid cascade hypothesis, tau 

hyperphosphorylation hypothesis, metal ion dysregulation, and 

neuroinflammatory pathways. 
1
 The hallmark features of AD include 

the accumulation of β-amyloid plaques and tau tangles in the brain, 

which result in neuronal damage and subsequent decline in cognitive 

function. The current burden of AD demands the development of new 

therapeutic approaches. Globally, AD is a major contributor to 

disability, mortality, and healthcare costs among older adults, with 

prevalence increasing sharply with age.  
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4
 The number of affected individuals is expected to rise further over 

the coming decades, particularly in low- and middle-income countries. 

This growing burden highlights the urgent need for disease-modifying 

therapies rather than treatments that only provide symptomatic relief. 
3
 

At present, there is no cure for AD, and available medications only 

offer modest symptomatic benefits with limited impact on disease 

progression. 
5
 

Virtual screening has become an important tool in modern drug 

discovery, allowing the rapid identification of compounds with 

potential biological activity against specific molecular targets. These 

in silico approaches reduce the time and cost associated with 

traditional experimental screening by predicting ligand–target 

interactions before in vitro and in vivo validation. 
6
 

One approach to developing new treatments for AD is to target 

specific molecular mechanisms involved in disease progression. 

Enzymes and receptors such as acetylcholinesterase (AChE), β-

secretase (BACE-1), N-methyl-D-aspartate (NMDA) receptors, and 

protein tyrosine phosphatase 1B (PTP1B) have been implicated in the 

development of AD. 
7
 Inhibiting these targets may help to slow or halt 

disease progression. However, several candidate drugs developed as 

AChE inhibitors, NMDA receptor antagonists, and Aβ-modulating 

agents have failed at the clinical trial stage due to limited efficacy or 

safety concerns. 
3
 There is increasing evidence that abnormal 

regulation of protein tyrosine phosphatases, particularly PTP1B, plays 

a role in the pathogenesis of AD. Overexpression of PTP1B has been 

associated with cognitive impairment, whereas neuron-specific 

ablation of PTP1B has been shown to preserve synaptic function and 

memory. 
8
 These findings suggest that PTP1B represents a promising 

therapeutic target for AD drug development. 

Despite promising in vitro findings, many AD drug candidates fail 

during clinical translation due to poor target validation, disease-stage 

dependency, and inadequate penetration across the blood–brain barrier 

https://www.tjpps.org/
https://creativecommons.org/licenses/by/4.0/
mailto:ritaudrey2k18@gmail.com
http://www.doi.org/10.26538/tjpps/v5i2.4
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(BBB). 
1
 The BBB remains a major challenge in central nervous 

system drug development, as it restricts the entry of many potentially 

active compounds into the brain. 
5
 Consequently, compounds that 

demonstrate inhibitory activity against targets such as AChE or 

PTP1B in vitro often fail to achieve sufficient brain exposure or 

meaningful clinical benefit. 

In view of these challenges, this study aims to identify investigational 

compounds with strong predicted affinity for NMDA receptors and 

PTP1B, while also considering pharmacokinetic properties relevant to 

BBB permeation. By integrating virtual screening and molecular 

docking approaches, this work seeks to contribute to the discovery of 

potential disease-modifying agents for Alzheimer’s disease. 

 

Materials and Methods 

Chemical datasets 

A library of 2,399,743 investigational compounds was collected from 

a freely accessible chemical database, ChEMBL.
9
 The selected 

compounds comprise different chemical functionalities. 

 

Software and webservers 

PreADMET software uses mathematical models and algorithms to 

simulate the behaviour of drugs in the body and predict their potential 

side effects and efficacy. The ProTox-II is a virtual laboratory for the 

prediction of toxicities of small molecules.
10

 The Discovery Studio 

Visualizer was used for analyses and visualisation of interactions. The 

3D structures of the target proteins were retrieved from the Protein 

Data Bank.
11

 Autodock4 (v.1.5.6) is a suite of automated docking 

tools designed to predict how small molecules, such as substrates or 

drug candidates, bind to a receptor of known 3D structure. 
12

 Protein-

Ligand Interaction Profiler is an online web tool used to identify 

amino acids of targets that interact with ligands.
13

 

 

Target proteins 

The 3D structures of the target proteins, a ligand binding core of the 

NR1 subunit of the N-methyl-D-aspartate  (NMDA) receptor (PDB 

ID: 1PBQ) and non-receptor subtype 1 protein tyrosine phosphatase 

1B (TPP1B) receptor (PDB ID: 4Y14), with resolutions of 1.90 Å 

each, were retrieved from the Protein Data Bank (PDB) in complex 

with 5,7-dichlorokynurenic acid (DCKA) and 3-bromo-4-

[difluoro(phosphono)methyl]-N-methyl-N-alpha-(methylsulfonyl)-L-

phenylalaninamide (DFPM-PAA) respectively. 
14,15

 

 

Pretreatment of the dataset 

The pretreatment of the chemical dataset followed the flow chart in 

Figure 1. Small molecules (compounds with MW < 1500 Daltons) that 

interact with defined biological targets were filtered from the pool of 

investigational molecules. Further filtration criteria, such as the 

investigational molecules in phase III clinical trial, drug likeness and 

non-toxicity were applied. 

 

 
Figure 1: Pretreatment process of the dataset 

 

Prediction of drug likeness 

Drug-likeness was assessed using Lipinski's Rule of Five (molecular 

weight ≤ 500 Da, logP ≤ 5, hydrogen bond donors ≤ 5, acceptors ≤ 10) 

and topological polar surface area (TPSA) using the SwissADME web 

server. 
16

 

 

Prediction of toxicity endpoints 

The toxicity parameters, such as hepatotoxicity, carcinogenicity, 

immunotoxicity, mutagenicity, and cytotoxicity, were predicted for the 

compounds that passed Lipinski’s RO5 using ProTox-II. 
10,17

 

Compounds that have no toxicity against the target organs and with 

high LD50 (classes 4, 5 or 6 toxicity profile) were selected for further 

studies. The toxicity cutoff was placed at toxicity classes of at least 4. 

 

Preparation of target proteins 

The protein structures were prepared by removing water molecules 

and other non-amino acid units such as cofactors, metals, ligand and 

heteroatoms. The missing atoms or residues were detected, repaired, 

and their geometry optimised. The polar hydrogens and Kollman 

charges were assigned, and force field parameters were generated for 

the proteins using Autodock 1.5.6. 
18

 

 

Preparation of ligands and setting grid parameters 

The ligand was loaded in the Autodock window, the root was 

detected, and the number of torsions was set to the default. The grid 

parameters were set to reflect the blind docking protocol with 

specified centre coordinates of x = 19.8, y = 27.6 and z = 39.1 in their 

respective grid box of 60 Å dimensions each for 1PBQ and centre 

coordinates of x = 12.5, y = 24.3 and z = 44.6 in their respective grid 

box of 60 Å dimensions each for 4Y14. The Autogrid was run using 

the Autogrid4 programme. 
19

 

 

Preparation of docking parameters 

The pdbqt file of the protein and the ligand were reloaded in the 

Autodock programme. The docking parameters were created using the 

genetic algorithm programme. The programme adopted a setting of the 

number of GA runs (50) and population size of 300, and other 

parameters were defaulted. 
20 

 

Molecular docking of hit compounds 

The three selected compounds were subjected to a molecular docking 

study on the selected targets. The target validation was established by 

re-docking the co-crystallised ligands to obtain RMSD < 2.0Å. The 

docking protocol followed a blind technique using the Autodock4 

programme and default settings. 
12

 

 

Analysis of docking results 

The interactions of the ligands with the binding pockets of the proteins 

were evaluated using the inhibition constants and binding energies, 

while the properties of the ligand pose in the active site residues were 

visualised using the Discovery Studio Visualizer (DSV) software and 

the Protein-Ligand Interaction Profiler web server. 
13

 The amino acids 

responsible for the different interactions formed from the docked 

ligands, as well as the interaction distances, were recorded. 

 

Results and Discussion 

Ligand library screening 

Three investigational compounds, resveratrol, ritobegron and 

transcrocetin were ranked the safest and drug-like from the 2,399,743 

compounds obtained from the ChEMBL database (Figure 2). 

 

Predicted toxicities of hit compounds 

The molecules were checked for their oral acute toxicity, 

hepatotoxicity, carcinogenicity, immunotoxicity, mutagenicity, and 

cytotoxicity activities using the ProToxII webserver. The results are 
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indicated in Table 1. Three small molecules, B, C and A, were initially 

considered safe based on ProTox II criteria. 
10

 However, oral acute 

toxicity predictions categorised the molecules in classes IV and V, 

highlighting the need for experimental validation. Despite this, all 

three compounds demonstrated high intestinal absorption. Resveratrol 

and trans-resveratrol exhibited strong plasma protein binding, a 

property of considerable pharmacological importance. Protein binding 

enhances stability, solubility, and circulation time, thereby increasing 

therapeutic potential, since these compounds are otherwise prone to 

enzymatic degradation and rapid elimination. 
21

 Previous studies have 

shown that resveratrol binds to albumin, alpha-1 glycoprotein, and 

low-density lipoprotein. 
22

 Albumin, with its high binding capacity, 

forms large complexes that limit passive diffusion across the blood–

brain barrier. 
23

 In contrast, alpha-1 glycoprotein has a relatively small 

binding site and limited ligand accommodation. 
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Figure 2: Investigational hit compounds identified from various treatments (A = ritobegron; B = resveratrol, and C = transcrocetin) 

 

Table 1: Toxicity profiles of the hit compounds 

Ligands LD50 (mg/kg), Class Hepat Carcin Immun Mutag Cytotox 

A 1580, IV I – 0.94 I – 0.70 I – 0.82 I – 0.73 I – 0.71 

B 1560, IV I – 0.74 I – 0.71 I – 0.86 I – 0.92 I – 0.98 

C 4300, V  I – 0.72 I – 0.74 I – 0.99 I – 0.72 I – 0.72 

A (ritobegron), B (resveratrol), C (transcrocetin), Hepatotoxicity (Hepat), carcinogenicity (Carcin), immunotoxicity (Immun), mutagenicity 

(Mutag), cytotoxicity (Cytotox). Toxicity classes are defined according to the globally harmonised system of classification and labelling of chemicals 

(GHS). LD50 values are given in (mg/kg): Class IV: harmful if swallowed (300 < LD50 ≤ 2000), Class V: may be harmful if swallowed (2000 < LD50 ≤ 

5000), Class VI: non-toxic (LD50 > 5000). I – inactive 

Below 0.70 → Low confidence 

The closer the value is to 1, the more reliable the prediction. 

 

Pharmacokinetic properties of hit compounds 

The ADME parameters include absorption (intestinal absorption), 

distribution (BBB permeation), metabolism (CYP2C9 inhibitor, 

CYP3A4 substrate, CYP3A4 inhibitor, CYP2C19 inhibitor, CYP2D6 

substrate and CYP2D6 inhibitor), but the excretion parameters were 

not applicable. The result is shown in Table 2. Age-related changes 

further influence binding dynamics: serum albumin levels decline with 

age, reducing resveratrol binding and brain penetration, while alpha-1 

glycoprotein levels increase, expanding available binding sites and 

potentially facilitating resveratrol’s penetration into the brain. 

Ritobegron, by contrast, was only weakly bound to plasma proteins. 
24

 

This results in a larger fraction of the drug remaining unbound and 

pharmacologically active, contributing to a shorter half-life. Such a 

profile can be advantageous, offering dosing flexibility, minimising 

accumulation, and reducing risks of drug–drug displacement 

interactions. 
21

 Metabolic profiling revealed that all three compounds 

were inhibitors of CYP3A4 but not substrates of CYP2D6. Resveratrol 

was unique in being neither a substrate of CYP3A4 nor an inhibitor of 

CYP2C9. Ritobegron alone inhibited CYP2D6, while transcrocetin 

selectively inhibited CYP2C19. 

 

Molecular docking studies 
The molecular docking of each protein with its respective ligands was 

performed. The binding energy and the inhibition constant, as well as 

the amino acids responsible for the different interactions, which 

include hydrogen bonding, hydrophobicity, pi-stacking, salt bridge, 

and halogen bonding, were noted, along with the bond distances. The 

results are shown in Tables 3 and 4, with the molecular visualisations 

of these interactions shown in Figures 3 and 4. 

 

Interaction of hit compounds with the NMDA target 

The interaction of the identified compounds with the NMDA receptor 

showed that A elicited the strongest interaction with the target, higher 

than the negative ligand, when compared with ligands B and C (Table 

3). Several amino acids of NMDA were involved in the H bond, 

hydrophobic, and π– stacking interactions of A, including PHE246A, 

THR126A, ARG131A, VAL181A, GLN144A, SER180A for 

hydrogen bonding as well as ASP224A, TRP223A, VAL181A, 

LEU146A, GLN144A for hydrophobic interactions (Figure 3Aa, b and 

c). 

 

Interaction of hit compounds with TPP1B target 

The interaction of the identified compounds with the TPP1B receptor 

showed that A elicited the strongest interaction with the target, higher 

than the negative ligand, when compared with ligands B and C (Table 

4). Ligand B (E = - 7.59 kCal/mol) also showed a stronger interaction 

than the co-crystalised ligand (E = -7.23 kCal/mol). Several amino 

acids of TPP1B were involved in the H bond, and hydrophobic 

interactions of A, including GLU75A, GLN78A, ARG79A and 

SER80A for hydrogen bonding as well as LYS73A, GLN78A, 

ARG79A, LEU204A and PRO 206A for hydrophobic interactions 

(Figure 4Aa, b and c). 
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Table 2: Pharmacokinetics of hit compounds 

Pharmacokinetics A (ritobegron) B (resveratrol) C (transcrocetin) 

Absorption (%) 90.18 88.479 96.708 

Distribution (%) 72.18 100.0 94.836 

BBB Permeation 0.365 1.738 1.0890 

CYP 3A4 substrate Substrate  None Substrate 

CYP 3A4 inhibition Inhibitor Inhibitor Inhibitor 

CYP 2D6 substrate None None None 

CYP 2D6 inhibition Inhibitor None None 

CYP 2C9 inhibition Inhibitor None Inhibitor 

CYP 2C19 inhibition None None Inhibitor 

BBB permeation is measured as LogBB (logarithm of brain-to-blood concentration ratio), CYP = cytochrome P. 

 

 
Figure 3: Best docked poses showing the interactions between the specific amino acids of the NMDA receptor and hit compounds A, B 

and C. (a = 3D surface hydrogen bond interactions, b = 3D surface hydrophobic interaction and c = 2D interactions) 
 

 

 
Figure 4: Best docked poses showing the interactions between the specific amino acids of the TPP1B receptor and hit compounds A, B 

and C. (a = 3D surface hydrogen bond interactions, b = 3D surface hydrophobic interaction and c = 2D interactions) 
 

 



                                            Trop J Phytochem Pharm Sci, March 2026; 5(2): 468 - 474                   ISSN 2955-1226 (Print) 

                                                                                                                                                               ISSN 2955-123(Electronic)  
 

472 

 © 2026 the authors. This work is licensed under the Creative Commons Attribution 4.0 International License  

 

Table 3: Binding parameters of protein NMDA docked with hit compounds. 

Compounds E (kcal/mol) Ki (µM) Interactions  

DCKA - 7.40 3.74 H bond, hydrophobic, π– stacking, salt bridge 

A -8.06 1.23 H bond, hydrophobic, π– stacking 

B - 6.97 7.77 H bond, hydrophobic, π– stacking 

C - 6.66 13.18 H bond, hydrophobic, salt bridge 

 

Table 4. Binding parameters of protein PTP1B docked with hit compounds. 

Compounds E (kcal/mol) Ki (µM) Interactions  

DFPM-PAA -7.23 5.04 H bond, hydrophobic, halogen bond 

A - 8.69 0.424 H bond, hydrophobic 

B - 7.59 2.73 H bond, hydrophobic 

C - 7.19 5.34 H bond, hydrophobic 

 

Ligands with lower (more negative) binding energies generally exhibit 

stronger interactions with their target proteins, while lower inhibition 

constants indicate higher ligand affinity. 
25

 Moreover, the binding 

between a native ligand and its receptor (protein or enzyme) is 

typically highly specific and of high affinity. Thus, comparing native 

ligands with other ligands provides a useful benchmark for validating 

the accuracy of molecular docking results. 
12

 Based on the docking 

analysis, the top-ranked interaction was between protein PTP1B and 

compound A, which showed a binding energy of –8.69 kcal/mol, more 

negative than that of the native ligand (–7.23 kcal/mol). 

Correspondingly, the inhibition constant for PTP1B docked with A 

was 0.424 µM, markedly lower than the native ligand’s 5.04 µM, 

indicating stronger binding affinity. 

The second-ranked interaction involved protein NMDA docked with 

compound A, yielding a binding energy of –8.06 kcal/mol, again more 

negative than the native ligand’s –7.40 kcal/mol. The inhibition 

constant for NMDA docked with A was 1.23 µM, compared to 3.74 

µM for the native ligand, further supporting enhanced affinity. The 

third-ranked interaction was observed between protein PTP1B and B, 

with a binding energy of –7.59 kcal/mol, slightly more negative than 

the native ligand’s –7.23 kcal/mol. The inhibition constant for PTP1B 

docked with B was 2.73 µM, lower than the native ligand’s 5.04 µM, 

again suggesting improved binding affinity. 

Ligand A docked with protein PTP1B revealed several amino acids 

responsible for hydrogen bonding and hydrophobic interactions. The 

residues involved in hydrogen bonding were GLU75A, GLN78A, 

ARG79A, and SER180A. Specifically, the carbonyl oxygen (C=O) of 

glutamic acid (GLU75A) interacted with the OH group of A, while the 

NH₂ group of glutamine (GLN78A) formed a hydrogen bond with the 

OH group of A. The guanidinium group of arginine (ARG79A) 

interacted with the OH group at the 4th carbon atom of phenyl ring A 

of molecule A, and the OH group of serine (SER180A) formed a 

hydrogen bond with the OH group of ritobegron. Hydrophobic 

interactions were mediated by LYS73A, GLN78A, ARG79A, 

LEU204A, and PRO206A. The CH₂ group of lysine (LYS73A) 

interacted with the 2nd carbon atom of phenyl ring B of A (bearing 

CH₃ groups at the 2nd and 5th positions). The CH₂ group of glutamine 

(GLN78A) bonded to the CH₃ group at the 5th carbon atom of phenyl 

ring B of ritobegron. The CH₂ group of arginine (ARG79A) at the 3rd 

carbon atom interacted with the CH₂ group at the 5th carbon atom of 

phenyl ring A of A (bearing an OH group at the 4th carbon atom). The 

α-carbon of leucine (LEU204A) bonded to the CH₂ group at the 3rd 

carbon atom of phenyl ring A of A, while the CH₂ group of the five-

membered ring of proline (PRO206A) bonded to the CH₃ group of A. 

Ligand A docked with protein NMDA showed amino acids 

responsible for hydrogen bonding, hydrophobic interactions, and π-

stacking. The hydrogen-bonding residues included PHE246A, 

THR126A, ARG131A, GLN144A, and SER180A. The carbonyl 

oxygen of phenylalanine (PHE246A) interacted with the OH group at 

the 9th carbon atom of phenyl ring A of molecule A. The α-carbon 

hydrogen of threonine (THR126A) formed a hydrogen bond with the 

OH group at the 4th carbon atom of phenyl ring A of molecule A. The 

guanidinium group of arginine (ARG131A) interacted with the OH 

group at the 4th carbon atom of phenyl ring A of ritobegron. 

Additionally, the NH₂ group of valine (VAL181A) interacted with the 

NH group of A, while serine (SER180A) formed multiple hydrogen 

bonds with both the NH and OH groups of A. Glutamine (GLN144A) 

also interacted with the OH group of A. π-stacking interactions were 

observed with phenylalanine (PHE92A), where the aromatic ring of 

PHE92A stacked against the phenyl ring A of molecule A (bearing an 

OH group at the 4th carbon atom). 

According to the protein–ligand interaction profiler, the maximum 

donor–acceptor distance for hydrogen bonding is ≤ 4.1 Å, while the 

maximum carbon–carbon distance for hydrophobic interactions is ≤ 

4.0 Å. 
13

 Importantly, shorter hydrogen bond distances correlate with 

stronger interactions and improved binding affinity. All hydrogen 

bonding and hydrophobic interactions observed for ligand A fell 

within these acceptable ranges, supporting the stability and validity of 

the docking results. 

Memantine remains the reference NMDA receptor antagonist with 

moderate affinity, exhibiting binding energies of approximately –7.5 

kcal/mol and inhibition constants (Ki) in the range of 0.5–1 µM. This 

moderate affinity is sufficient for clinical efficacy with a favourable 

safety profile. In contrast, ketamine derivatives demonstrate stronger 

binding (–8 to –9 kcal/mol) and lower Ki values (~0.2–0.5 µM), but 

their therapeutic use in Alzheimer’s disease is constrained by adverse 

psychotropic effects and limited tolerability. 
26

 For PTP1B inhibition, 

synthetic inhibitors such as trodusquemine and benzofuran derivatives 

exhibit high potency, with binding energies between –9 and –11 

kcal/mol and Ki values in the nanomolar range (20–200 nM). These 

compounds selectively block PTP1B, thereby enhancing insulin and 

leptin signalling, pathways implicated in neurodegeneration. By 

comparison, resveratrol, a natural polyphenol, shows weaker activity 

with binding energies of –6 to –7 kcal/mol and Ki values in the 

micromolar range (20–50 µM). Although limited by poor 

bioavailability, resveratrol provides additional antioxidant and anti-

inflammatory benefits that may contribute to neuroprotection. 27 

 

Conclusion 

The findings of this study demonstrate that virtual screening is a 

reliable approach for identifying potential inhibitors of key targets 

implicated in Alzheimer’s disease, specifically NMDA receptors and 

the tyrosine-protein phosphatase enzyme (PTP1B). Among the 

screened compounds, ritobegron and resveratrol exhibited superior 

binding affinities and lower inhibition constants compared to their 

respective native ligands, underscoring their promise as lead 

candidates. These results not only validate the effectiveness of 

computational docking in drug discovery but also highlight ritobegron 
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and resveratrol as strong therapeutic contenders that warrant further 

experimental evaluation for the development of novel Alzheimer’s 

disease treatments. 
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