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 ABSTRACT

OBJECTIVE  This study aimed to identify promising ligands for inhibiting  
acetylcholinesterase (AChE) activity using virtual screening (VS).

METHODS  VS was used to identify potential AChE inhibitors from the 
PubChem database. Ligands with favorable binding pocket interactions were 
selected. SwissADME and pkCSM tools were used to assess drug-likeness 
and pharmacokinetic properties. Molecular dynamic (MD) simulations 
provided insights into binding interactions. Network pharmacology was 
used to explore interactions between the target molecule and AD-related 
genes to determine its mechanism of action.

RESULTS VS identified promising AChE inhibitor candidates with acridone, 
carbazole, and xanthone scaffolds. Docking simulations showed strong 
binding with AChE. These ligands displayed favorable drug-likeness and 
ADMET properties, with one (M5) lacking predicted hepatotoxicity. MD 
simulations suggested stable binding of M5 to AChE, potentially affecting 
both catalytic and peripheral sites, hinting at dual inhibition. M5’s inter-
actions, especially near His440, appeared more favorable than donepezil.  
Network analysis implicated M5 in targeting multiple pathways in AD, 
with potential focus on neuroinflammation. 

CONCLUSIONS This study identified promising AChE inhibitor candidates 
through virtual screening. Ligand M5 emerged as particularly promising 
due to its favorable binding characteristics, lack of predicted hepatotoxicity, 
and potential for targeting multiple pathways in AD. However, further in 
vitro and in vivo validation is essential for clinical development.  

 KEYWORDS  virtual screening, acetylcholinesterase inhibitors, PubChem  
 database, molecular dynamics simulation, gene ontology, KEGG pathways 
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INTRODUCTION
Alzheimer’s disease is a progressive neurolo- 

gical disorder characterized by cognitive decline. It 
is an age-related disease and the most common 

cause of dementia among the elderly (1). The AD 
neuropathological hallmark is the accumulation 
of amyloid beta (Aβ) plaques and neurofibrillary 
tangles. However, some studies have reported 
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pathophysiological changes during the AD pro-
gression involving the depletion of acetylcholine 
(ACh) neurotransmitter as well as oxidative stress 
and neuroinflammation. ACh is regulated by the 
cholinergic system, playing a crucial role in memory 
and learning processes.  Its activity is modulated 
by acetylcholinesterase (AChE), which also ter-
minates its function (2).  The loss of cholinergic 
neurotransmission is responsible for deteriora- 
tion of cognitive function observed in the AD 
brain (3). Treatment with AChE inhibitors (AChEIs) 
has been shown to be associated with a slower 
cognitive decline (4), and it is currently used as 
a main approach for AD treatment in mild and 
moderate stages (5).  There are still challenges 
in AD drug discovery because no novel anti-AD 
drugs have been approved for years. Although 
aducanumab received accelerated approval from  
the USFDA in June 2021, experts continue to discuss  
arguments in favor of aducanumab due to insuffi-
ciency of evidence supporting its ability to prevent 
or reverse the AD symptoms (6). 

Virtual screening (VS), a pivotal initial step in 
rational drug design, involves computationally 
screening large libraries of chemical compounds 
to identify potential drug candidates that could 
interact with a specific target of interest (7, 8). 
It is possible to interpret and screen millions of 
ligands in a matter of minutes, resulting in the 
identification of novel chemical structures with 
great potential for pharmacological activity (9). 
Additionally, computational approaches can pre-
dict physical, chemical, and pharmacokinetic 
properties to assess the potential drug candidate 
based on the structure of a ligand (10).  Molecular 
dynamics (MD) simulations complement virtual 
screening by providing insights into the dynamic 
behavior of biomolecular systems at the atomic 
level, elucidating protein-ligand interactions and 
conformational changes over time (11).  Integrated 
with network pharmacology, it has the capacity 
to comprehensively analyze complex interactions 
between drugs, targets, and biological pathways 
within a network framework. Together, these 
techniques offer a powerful synergistic approach 
to drug discovery, facilitating the rational design 
of novel therapeutics and the exploration of their 
pharmacological mechanisms of action.

To overcome the challenges of AD, one of the 
approaches to developing ligands based on tacrine- 

scaffold with anti-AChE activity is particularly 
fascinating because the presence of condensed 
aromatic cores in tacrine contributes to high ligand 
efficiency. In this study, we utilized VS to screen 
planar aromatic ligands from PubChem that could 
potentially act as AChEIs. These ligands were then 
visually inspected, and their binding poses in the 
AChE binding pocket were analyzed. Promising 
ligands were subjected to further screening for 
drug likeness and ADMET properties using Swis-
sADME (12) and pkCSM (13) online webservers. 
In combination with MD, we studied the binding  
interactions between molecules to provide insights 
into the biomolecular processes and function. 
Additionally, network pharmacology has been uti-
lized to study the complex interactions between 
M5 and gene targets related to AD with the objec-
tive of understanding its predicted mechanism of 
action.

METHODS
Enzyme template validation

Over 2500 x-ray AChE crystal structures were 
obtained from PDB. The AChE templates were  
superimposed one by one to confirm the position 
of the active site.  All ligands in each template were 
extracted and their energies minimized before 
performing molecular docking. Water was deleted  
from each template, hydrogen atoms were added, 
and charges were assigned for template prepara-
tion.  Re- and cross-docking were performed as a  
validation procedure and the results were analyzed 
using root mean squared deviation (RMSD) between 
the docked pose and the former crystal conformer.

Molecular docking and post-docking analysis
High-throughput docking-based virtual screen-

ing was performed using the GOLD program ver-
sion 5.3.0. The semi-empirical ChemPLP scoring 
function was used to validate the ligand binding 
modes and obtain the relative binding energy. 
The active site was identified following treatment 
with donepezil which is one of the first-line AChEIs 
for AD treatment. Ten docking runs per ligand 
were conducted for pilot virtual screening.  In the 
post-docking process, Autodock 4.2.6 was used to 
observe the binding interaction of the top-ranked  
ligands. To elucidate the binding interaction, hits  
were docked in the AChE active site using 
Lamarckian generic algorithms. A grid map (70 Å 
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x 70 Å x 70 Å) with 0.375 Å of grid spacing, and a 
default box size of x=4.753 Å, y=66.521 Å, z= 64.857  
Å was generated to cover the active site. Discovery  
studio 2020 was used for depth analysis of the  
ligand-AChE complexes.

Physiochemical properties and pharmacokinetic  
prediction

SwissADME and pKCSM were utilized in this 
study to evaluate the physicochemical properties  
and the pharmacokinetics of potential drug candi-
dates. The absorption factor was evaluated based 
on intestinal absorption, while the volume of dis-
tribution (VDss) was used to determine whether 
the drug was primarily distributed in the plasma 
or tissues. In addition, the blood-brain barrier 
(BBB) permeability (logBB) and central nervous 
system (CNS) permeability were used to assess 
brain distribution. The CYP450 inhibition model  
was used to predict metabolism, while renal OCT2 
substrate was used to predict excretion. Finally, 
the hepatotoxicity was predicted to evaluate drug 
toxicity.

Molecular dynamics (MD) simulation
The molecular dynamics (MD) simulation was 

carried out with OpenMM using Google Compute  
Engine backend (GPU) Python 3; the GPU nodes 
assigned are NVIDIA-SMI 525.85.12, Driver Version  
525.85.12, and CUDA Version 12.0 (14). ff19SB and  
GAFF2 force fields from AMBER tools were used to  
minimize the bond stretching energy of protein and 
ligand, respectively (15). The TIP3P water model 
produced and solvated apo AChE (unbound), the 
AChE-ligand complex, and the AChE-donepezil 
complex before neutralizing them with NaCl ions. 
Before running the MD simulation, its concentra-
tion was set to 0.15 M. The 50 ns MD simulations 
were performed under constant temperature (310 
K) and pressure (1 bar) after reaching equilibrium.  
The frequency of trajectory file was written and 
set to 10 ps. Structural stability, flexibility, and 
compactness were analyzed from root mean square 
deviation (RMSD), root mean square fluctuation 
(RMSF), and the radius of gyration (RoG), respec-
tively.

The protein-protein interaction (PPI) network, 
clustering and functional enrichment analysis

SwissTargetPrediction and GeneCards were 
used to identify predicted target genes of hit and 

AD, respectively. The common target prediction 
between hit and AD was generated by Venn dia-
gram. To establish the protein-protein interaction 
(PPI) network, STRING database was used and the 
minimum interaction threshold was set as medium  
confidence (>0.4) with “Homo sapiens” species. 
The shared target of hit and AD were imported 
into ShinyGO V0.77 to analyze Gene Ontology (GO) 
enrichment and KEGG pathways. The top 10 targets 
were constructed and were then clustered using 
kmeans from the String global scores.

RESULTS
AChE template preparation and validation

From 2,500 templates, 24 TcAChE structures  
with similar folds were identified.  Resolution ranged 
from 2.05 to 2.85 Å, with 2CEK (2.01 Å) being the 
most favorable. Re-docking and cross-docking 
validations (Figure 1) suggested 2CEK’s superior 
ability to accommodate diverse ligands with good 
accuracy (low RMSD), making it ideal for docking 
simulations. Therefore, 2CEK was chosen for fur-
ther docking studies.

 
High-throughput virtual screening for AChE 
inhibitors

Following the workflow outlined in Figure 2A, 
a high-throughput virtual screening based on 
docking simulations was conducted to identify 
potential AChE inhibitors. Seven ligand classes 
(17,330 ligands) were selected for analysis, including  
phenothiazine, phenoxazine, phenazine, acridone,  
acridine, xanthone, and carbazole (Figure 2B).
These ligands were virtually screened and docked 
within the binding pocket of AChE using the GOLD  
program. Ligands exhibiting a docking score supe-
rior to donepezil (93.01 kcal/mol) were predicted 
to bind potently with AChE. The remaining 388 
ligands displayed scores ranging from 93.02 to 
124.04 kcal/mol. Lipinski’s rule (16) was applied to 
assess the drug-likeness of these ligands, consid-
ering their potential as oral drug candidates. This 
analysis identified 32 ligands for further investi-
gation of their in-silico blood-brain barrier (BBB) 
permeability using SwissADME. Ultimately, eight 
ligands were identified as capable of crossing the 
BBB. These promising candidates included three 
acridones, one acridine, two carbazoles, and two 
xanthones.
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Binding modes of the hit ligands
The active site of AChE is highly specific for 

ACh, playing a critical role in regulating neuro-
transmission. It comprises three key subsites: 
the catalytic site (CAS), the anionic site (AS), and 
the peripheral site (PAS). Eight promising ligands 
were docked into the active site of AChE using 

Autodock 4.2.6 software to understand their 
binding interactions. The AChE binding groove 
and orientations of these docked ligands within 
AChE are illustrated in Figure 3.  The specific in-
teractions between these ligands and AChE resi- 
dues are presented in Table 1.  When the binding  
modes were visualized, ligands were in the AChE 

Figure 1. The validation of the docking results with RMSD values

Figure 2. VS workflow (A) and core structure of ligands (B)

Figure 3. Binding groove of AChE (A) and binding orientation of hits docked into AChE (B). The binding sites are color-coded  
(catalytic triad; yellow, anionic site; green, peripheral site; purple)
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Table 1. Structures of Hits, their binding interactions, and binding energies

Name/ Structure Binding interaction
Binding energy 

(kcal/mol)

(E)-10-(6-vinylocta-3,5,7-trien-1-yl) 
acridin-9 (10H)-one 
(M1)
     

-10.12

10-(10-amino-6-oxodecyl) acridin-9 
(10H)-one 
(M2)

    

N

O

NH2

O

-11.71

10-(6-(diethylamino) hexyl) acri-
din-9 (10H)-one 
(M3)

       

N

O

N

-9.62

9-(acridin-2-yl)nonan-1-amine 
(M4)

N

NH2

-11.51

N

O
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Table 1. Structures of Hits, their binding interactions, and binding energies (continue)

Name/ Structure Binding interaction
Binding energy 

(kcal/mol)

9-(9H-carbazol-4-yl)  
nonan-1-amine
(M5)

H
N

H2N

-11.52

(9H-carbazol-3-yl) diphenylphos-
phine oxide
(M6)

H
N

P
O

-11.31

2-((2Z,4E)-3-acetyl-5,6-dimethyl-
hepta-2,4,6-trien-1-yl)-9H-xan-
then-9-one
(M7)

O

O
O

-10.84

2-(3-acetyl-5,6-dimethylhept-6-en-
1-yl)-9H-xanthen-9-one
(M8)

O

O
O

-11.15
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mid-gorge. The ligands were divided into two 
groups based on their pose position. The first 
group consisted of acridones with an aliphatic 
linker chain at the 10-N position. M6 carbazole 
was also included in this group due to its binding 
position. While acridone core structure had a π-π 
interaction with Trp84 located in AS with their 
9-O formed the H-bond with Gly123, its aliphatic 
linker chain was in CAS.  The length of their linker 
chain at the 10-N position varies with the number  
of carbons (from 8 to 10). Due to the flexibility 
of the linker chain, a ketone group in the middle  
of an M2 linker chain can interact with two amino  
acids (Ser200 and His440) of the catalytic triad  
via H-bonds, resulting in its highest binding energy 
at -11.71 kcal/mol.  The linker chains of M1 and M3 
were anticipated to interact with Tyr334, Tyr70, 
and Tyr121 in PAS. Consequently, they were ex-
pected to disrupt the acceleration of Aβ aggre-
gation by AChE. M6 was the only structure with 
a bulky linker chain. It had the H-bond interaction 
between 9-NH and Phe330, and two aromatic rings  
on the linker chain bound to Trp84 and Asp72.  The  
oxygen atom connecting to phosphorus can in-
teract with Tyr121 via the H-bond. The second 
group belonged to acridine and xanthone, whose 
core structures were substituted with an aliphatic  
linker chain at C-7, similar to the first group. M5 
carbazole was also in this group because of its 
binding pose. The acridine binding interaction 
revealed that the core structure was located near 
the PAS and bound to Tyr334 via a π-π interaction. 
The M5 core structure, carbazole, is in the same 
position as acridine. The NH at C-9 formed inter-
action with Gln69, and its hydrogen atoms on the 
linker chain bound to Glu199 through H-bonds. 
However, one aromatic ring of carbazole can form 
a π-sigma bond with Trp84. Both ketones at C-9 
of xanthone formed an H-bond with Tyr121 at PAS, 
and their linker chains formed π-sigma interac-
tions with Trp84. The difference between their 
linker chains was that M7 had a double bond in the 
middle of the chain, which may reduce its flexi-
bility. Thus, both the oxygen atoms on the linker 
chain showed different interactions because M8 
had more flexibility, supporting that the oxygen 
atom can form H-bonds with His440 and Ser200.

Drug-likeness and pharmacokinetic properties 
To assess the drug-likeness of the eight most 

promising candidates, their key molecular descrip-

tors were calculated and summarized in Table 2 
using the SwissADME. Additionally, the pharma-
cokinetic properties of the selected ligands were 
investigated using pKCSM, and the results are 
presented in Table 3. Ligands have a molecular 
weight in the range of 308-367 which might easily  
be transported, diffused, and absorbed. The number  
of hydrogen bond acceptors and donors were both 
determined following Lipinski’s rule and ranged 
between 1-2 and 1-3, respectively. Lipophilicity 
(log P) and topological polar surface area (TPSA) 
values are two important parameters for predicting  
oral drug bioavailability.  Analysis of the data re-
vealed log P values ranging from 2.41 to 4.29, indi-
cating good cell membrane permeability for these 
ligands. TPSA is a useful tool both for predicting 
the oral bioavailability of drug candidates and for 
optimizing their chemical structures to improve 
their intestinal absorption. Drugs with TPSA values 
above 140 Å² tend to be more polar and less likely  
to cross cell membranes, including the intestinal 
wall, which can limit their absorption into the 
bloodstream. As our ligands had ≤10 rotatable 
bonds and TPSA of ≤140 Å, they were more likely 
to have good intestinal absorption, in the range 
of 95-100%. Additionally, all these ligands showed 
good distribution values of more than -2, indicating  
their potential to penetrate the CNS.  Moreover,  
M1 and M3 had values greater than 0.3, indicating  
their ability to cross the BBB and that the re-
maining ligands could also pass through it. In 
metabolism, some hits are susceptible to bio-
transformation by the CYP450 enzyme system.  
However, M8 was found to be a substrate of 
P-glycoprotein, which effluxes drugs and other 
substances for further metabolism and clearance. 
However, none of the ligands were found to be 
OCT2 substrates, which can induce nephrotoxicity  
by changing drug accumulation in the kidney. 
Only M5 was found to be unlikely to cause hepa-
totoxicity.

Molecular dynamics simulations
Molecular dynamics simulations were used 

to assess the structural stability, flexibility, and 
compactness of the M5-AChE complex. The M5-
AChE complex was compared to a native enzyme 
(apo) and donepezil-AChE complex (donepezil) 
in terms of various parameters including RMSD, 
RMSF, and RoG analysis. Our results showed that 
RMSD between apo, standard, and M5 are in  
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Table 2. Physicochemical properties of hits predicted by the SwissADME program. 

Molecule MW Rotatable bonds H-bond acceptors H-bond donors TPSA MLOGP

M1
M2
M3
M4
M5
M6
M7
M8

327.42
350.45
350.50
320.47
308.46
367.38
358.43
362.46

6
9
9
9
9
3
5
7

1
3
2
2
1
1
3
3

0
1
0
1
2
1
0
0

22.00
65.09
25.24
38.91
41.81
42.67
47.28
47.28

4.14
2.41
3.55
4.29
4.11
4.25
3.47
3.61

MW, molecular weight; TPSA, Topological polar surface area

Table 3. Pharmacokinetic properties of hits predicted by pKCSM program.

ADMET Parameters
Acridone Acridine Carbazole Xanthone

M1 M2 M3 M4 M5 M6 M7 M8

Absorption

Absorption

Distribution

Distribution

Distribution

Metabolism

Metabolism

Metabolism

Metabolism

Metabolism

Metabolism

Metabolism

Excretion

Toxicity

Caco2 
permeability

Intestinal 
absorption 

(human)
VDss 

(human)
BBB 

permeability
CNS 

permeability
CYP2D6 

substrate
CYP3A4 

substrate
CYP1A2 

inhibitor
CYP2C19 
inhibitor
CYP2C9 
inhibitor
CYP2D6 
inhibitor
CYP3A4 
inhibitor

Renal OCT2 
substrate

Hepatotoxicity

1.054

97.622

0.738

0.703

-1.263

No

Yes

Yes

Yes

Yes

No

No

No

Yes

0.53

98.1

1.021

-0.425

-2.448

No

Yes

Yes

No

No

No

Yes

No

Yes

1.029

95.352

1.667

0.786

-1.536

Yes

Yes

Yes

Yes

No

Yes

Yes

No

Yes

1.225

94.412

1.376

-0.083

-1.639

No

Yes

Yes

No

No

Yes

No

No

Yes

1.399

91.142

1.208

-0.164

-1.957

No

Yes

Yes

Yes

No

Yes

No

No

No

0.894

100

-1.123

-0.027

-1.275

No

Yes

Yes

Yes

No

Yes

No

No

Yes

1.079

98.36

0.176

-0.241

-1.338

No

Yes

Yes

Yes

Yes

No

No

No

Yes

1.119

98.488

0.418

-0.294

-1.453

No

Yes

Yes

Yes

Yes

No

No

No

Yes

ADMET stands for absorption, distribution, metabolism, elimination, and toxicity

the range of 0.59 to 1.77 Å throughout the 50 
ns which is within the acceptable range (1–3 Å)  
(Figure 4A). The average RMSD of apo, donepez-
il, and M5 were 1.31±0.17, 1.34±0.14, and 1.39±0.16 
Å, respectively. However, the flexibility pattern 
of M5 was similar to apo and donepezil, except 
regions 70-80 and 420-450 (Figure 4B). The mean 
RMSF value of AChE–M5 complex was deter-
mined to be 0.74 Å. The average RoG of apo, do-
nepezil and M5 were 22.79, 22.86 and 22.83 Å,  

respectively (Figure 4C). There was no significant 
deviation observed and compactness was main-
tained throughout the trajectory.

 
Identification of potential anti-AD targets and 
protein-protein interaction (PPI) network anal-
ysis

SwissTargetPrediction identified 107 potential 
targets of M5. Subsequently, 13,564 targets asso-
ciated with AD were retrieved from GeneCards. 
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A Venn diagram (Figure 5A) was created to visu-
alize the overlap between these M5-related and 
AD-related genes, resulting in the identification 
of 94 potential anti-AD target genes of M5. To 
further explore the interactions between these 
94 targets, a PPI network was constructed using 
the STRING database (Figure 5B). This network 
provides a comprehensive view of the molecular 
associations relevant to M5 and AD.

Functional enrichment analysis of M5 targets
GO and KEGG pathway enrichment analyses 

were performed to understand the functions and 
pathways associated with M5 targets. The targets 
were significantly enriched (p < 0.05) in 665 GO 
terms, with a breakdown of 527 for biological 
processes (BP), 55 for cellular components (CC), 
and 83 for molecular functions (MF). The top 10 
most enriched GO terms are visualized in Figure 
5C. The response to the chemical (GO:0042221) 
in BP is the process which resulted in a change 
in cell activity via chemical stimulation. CC is 
prominently engaged as an integral component 
of plasma membrane (GO:0005886) and neuron 
projection (GO:0043005). The MF analysis high-
lighted involvement in neurotransmitter receptor  
activity (GO:0030594) and signaling receptor  
activity (GO:0038023). 

Figure 4. Molecular dynamics analysis:  RMSD (A), RMSF 
(B), RoG (C)

A)

B)

C)

Figure 5. Shared targets represented in a Venn diagram (A), the top three cluster subnetworks (B), GO and KEGG function 
analysis (C)
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KEGG pathway analysis 
To further validate that these enriched biologi- 

cal processes are relevant to AD, KEGG pathway 
analysis was used to identify significantly enriched 
pathways (p < 0.05) associated with the target genes 
(Figure 5C). KEGG pathway analysis constitutes a 
valuable tool for augmenting comprehension of  
the biological functions attributed to genes. The 
investigation of M5 targets through the KEGG 
pathway unveiled noteworthy enrichment within  
neuroactive ligand-receptor interaction (hsa04080). 

Analysis of gene clusters for key genes
To clarify the effects of M5 on AD, we identified  

the top three clusters with high scores and closely  
interconnected regions from the PPI network 
(Figure 5B). These clusters, containing 43 (red), 36 
(green), and 19 (blue) genes (Table 4), represent 
potential key players and their interactions in the 
context of M5 and AD. Analyzing these gene clusters 
can aid in identifying key genes and their interac- 
tions. The clusters retrieved from the String-db 
and kmeans clustering algorithm was applied to the  
gene correlation. The major pathways of the clus-
ters were selected and are represented in Figure 
6.  Cluster 1 demonstrated a predominant involve-
ment in neutrophil extracellular trap (NET) for-
mation and viral carcinogenesis. Cluster 2 was 
associated with neuroactive ligand-receptor in-
teraction, and Cluster 3 was engaged in natural 
killer (NK) cell-mediated cytotoxicity and the 
modulation of cell adhesion molecules.

 

DISCUSSION
This study employed a virtual screening (VS) 

approach to identify potential drug candidates 
for Alzheimer’s disease (AD). We focused on tar-
geting acetylcholinesterase (AChE), a key enzyme 
implicated in AD pathogenesis. Following virtual  
screening, in silico docking simulations were 
used to predict and confirm binding interactions 
of identified hits with AChE. Finally, network 
pharmacology was utilized to explore the poten-
tial mechanisms by which these promising candi-
dates might exert their effects on AD.

Public databases like PubChem offer a wealth 
of chemical structures, but raw data can be incom-
plete and poorly understood, leading to unstruc-
tured data concerns (17–19).  Tacrine, a simple  
AChEI fragment, suffers from hepatotoxicity, 
highlighting the need for alternative scaffolds 
(20). AChE binding pocket is known to comprise 
a hydrophobic pocket, which is ideally suited for 
planar aromatic molecules.  A total of seven classes  
of such ligands were chosen for VS and docking 
simulations. Donepezil’s high selectivity for AChE 
supports the cholinergic hypothesis, and ligands 
scoring higher were considered promising candi-
dates (21).  Drug-likeness and blood-brain barrier 
(BBB) permeability filters were applied to prior-
itize suitable chemical candidates. Orally active 
drugs reaching phase II clinical trials often adhere 
to Lipinski’s rule. Additionally, BBB permeability 
is crucial for CNS drugs due to restricted passage:  
only lipophilic molecules with low molecular weight 
(typically below 400-500 Da) can pass through 
the BBB (22).  

Table 4. The clusters of the most interlinked regions

Bubble Cluster Gene count Protein names

Red 1 43 AKT2, BRD4, CAMK2D, CHEK1, CHKA, CYP11B1, CYP11B2, CYP17A1, DKK1, 
EPHX2, ESR2, FDFT1, FLT1, FLT3, FNTA, FNTB, HDAC1, HDAC10, HDAC2, 
HDAC3, HDAC4, HDAC5, HDAC6, HDAC9, ICAM1, KIF11, MAP3K8, MPO, 
NQO2, NR1D2, NR3C1, PARP1, PLAU, PLG, PSMA4, PSMB5, PSMC4, RORA, 
RXRA, SYK, TOP2A, TP53, XIAP

Green 2 36 ACHE, BACE1, CHRM4, CHRM5, CHRNA1, CHRNA3, CHRNA4, CHRNA7, 
CHRNB1, CHRNB2, CHRNB4, CNR1, CYP2A6, DNM1, DRD2, DRD3, HRH1, 
HRH3, HTR1A, HTR1B, HTR1D, HTR1E, HTR2A, HTR2C, HTR6, HTR7, 
LTA4H, OPRD1, SIGMAR1, SLC18A2, SLC6A2, SLC6A3, SLC6A4, SSTR2, 
SSTR3, SSTR4

Blue 3 19 ADRA2A, CCNT1, CCR5, CD4, CNR2, HRH2, ICAM3, ITGAL, ITGB2, 
KCNH2, KCNN2, KCNN3, LCK, LCP2, NAAA, OPRM1, PIM2, PLA2G1B, 
TLR8
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Figure 6. KEGG pathway enrichment analysis of key targets after clustering
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Our analysis categorized the identified hits 
into two distinct groups based on their binding 
pose within the AChE active site. In group 1 (acri-
dones), these ligands primarily reside near the 
anionic site. They interact with Trp84, a critical 
amino acid responsible for binding the quaternary 
ammonium group of ACh and ensuring its proper  
positioning for hydrolysis (23). This interaction 
suggests group 1 ligands may act as acetylcho-
linesterase inhibitors by competitively blocking 
or interfering with this crucial step.  Additionally, 
their binding to Gly118 and Gly119 in the oxyanion  
hole near CAS could significantly impact ACh 
hydrolysis by destabilizing the transition state, 
likely leading to potent inhibition (23).  For group 
2 (acridine, xanthone, and carbazole (M5)), the 
binding orientation of this group suggests poten-
tial interaction with both the PAS and the CAS. 
While they may establish hydrogen bonds within 
the CAS, potentially influencing ACh hydrolysis, 
their primary location near the PAS suggests a 
possible role in interfering with Aβ aggregation.

Poor pharmacokinetics and pharmacodynamics 
features are the main causes of the clinical failure  
and limitations of many drug candidates. The 
permeability of the CNS refers to a substance’s 
ability to cross the membranes that surround and 
protect the brain, spinal cord, and cerebrospinal 
fluid (24). The BBB permeability is critical in deter- 
mining the efficacy and safety of drugs targeting  
the CNS. The BBB acts as a specialized barrier  
that regulates the entry of drugs and other sub-
stances into the brain (24). CYP1A2, CYP2A6, 
CYP2C9, CYP2C19, CYP2D6, CYP2E1, and CYP3A4 
are the significant isoforms of the cytochrome 
P450 (CYP450) family which is involved in drug 
metabolism and clearance (25). The disturbance 
of CYP450 metabolism can lead to altered phar-
macokinetics, such as reduced bioavailability or 
increased clearance, which may affect the efficacy  
of the drug. Furthermore, drug-drug interactions 
can occur when a drug candidate alters the activity  
of CYP450 enzymes, resulting in changes in the 
metabolism of co-administered drugs and poten-
tially leading to adverse effects (26, 27).  All candi-
dates showed favorable pharmacokinetic profiles 
with the exception of hepatotoxicity. This might 
be because of their structures as the pkCSM 
webserver was built using the liver-associated 
side effects of compounds observed in humans in 

their database. It is important to note that hepa-
totoxicity caused by drugs is rare and unpredict-
able. Nevertheless, in vitro and in vivo studies are 
required to observe their effects further.

Through the VS approach, M5 was identified 
as a promising ligand, exhibiting lower binding 
energy compared to a current standard AD drug 
donepezil, along with having favorable predicted 
pharmacokinetic profiles. Moreover, it showed a 
similar pharmacophore feature, containing one 
hydrogen bond acceptor, two hydrogen bond 
donors, one aromatic ring and one hydrophobic 
center, which is consistent with a hit in a previous 
study (28).

MD simulations were used to further explore 
the interaction and stability of M5 with AChE. The 
RMSD was used to assess the fluctuation in system  
stability and to determine the time point at which 
the system achieved equilibrium. After 20 ns, the 
complex reached equilibrium with slight fluctu-
ations, exhibiting stable binding between ligand 
and enzyme. On the other hand, the RMSF was 
calculated to study the protein flexibility with the 
ligand binding, providing insight into changes in 
conformation. High fluctuations occurred at re-
gions 70-80 and 420-450 which correspond to 
the PAS and CAS regions. There was a significant 
fluctuation observed near His440 which indicates 
that M5 had more stable interaction than donepe-
zil, a current benchmark treatment. This supports 
that M5 can bind with both CAS and PAS regions.

Network pharmacology was employed to deli- 
neate its underlying mechanisms in AD. Through 
this analysis, ninety-four overlapping genes were 
identified, and subsequently an interaction network 
was constructed to explore the core regulatory 
genes. GO enrichment analysis is instrumental  
in providing information for understanding the 
diverse roles that genes play in various biological  
contexts (29). BP is particularly relevant to the 
changes in the biological functions, and it can 
provide insights into the specific activities or events 
involving genes that contribute to the overall 
functioning of a cell. CC aspect focuses on identi-
fying the specific parts of a cell or its extracellu- 
lar environment where a gene product is located  
while MF describes the specific biochemical activ-
ity performed by the gene product. Our findings 
regarding the functional characteristics of M5 
indicate it might bind to the target protein and 
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exert a sophisticated network of interactions. 
The chemical signals, recognized by receptors in 
the integral component of the plasma membrane, 
initiate signaling cascades that influence neuron  
projections and neurotransmitter receptor acti- 
vity (30-32). Understanding this response is cru-
cial for unraveling the complex mechanisms 
underlying neural communication and cellular 
function. KEGG analysis was used to better ex-
plain the mechanism of M5 at the pathway level.  
The neuroactive ligand-receptor interaction 
pathway serves as a critical framework for under-
standing the complexities of synaptic transmis-
sion, neuromodulation, and the control of neuronal  
excitability. That pathway includes various neu-
roactive ligands, such as neurotransmitters, 
hormones, and other signaling molecules, that 
play crucial roles in neuronal signaling (33). AD 
involves complex molecular mechanisms which 
might be associated with the neuroactive ligand- 
receptor interaction pathway. This pathway is 
interconnected with several pathways, such as 
those related to cholinergic deficiency, glutamate 
dysregulation, inflammation, oxidative stress, and 
cell death. The crosstalk between these pathways 
contributes to the multifaceted nature of AD.

Clustering represents the links between genes, 
corresponding to gene interaction relationships. 
Three clusters were speculated to play roles in 
M5 treated AD.  Cluster 1 is enriched for genes 
involved in neutrophil extracellular trap (NET) 
formation. NET formation has been linked to 
chronic neuroinflammation, a hallmark of AD pa-
thology. Additionally, activated neutrophils con-
tribute to inflammation by triggering MMP-9, an 
enzyme associated with BBB disruption (34-39). 
This suggests that M5 might target NET forma-
tion and BBB integrity, potentially reducing neu-
roinflammation. Cluster 2 focused on neuroactive 
ligand-receptor interactions. These interactions 
influence neuronal function and gene expression. 
Genetic disruptions in these pathways are known 
to impair memory function (40).  M5’s influence on 
this cluster suggests a potential role in memory 
preservation. Cluster 3 is associated with natural 
killer (NK) cell activity and cell adhesion. NK cells 
eliminate abnormal cells, including those linked 
to inflammation (41). Cell adhesion molecules  
facilitate communication between immune cells 
which is crucial for effective immune responses  

(42). Dysfunctional NK cells and dysregulated  
immune responses are observed in AD (43-45). 
M5’s impact on this cluster indicates a potential 
role in enhancing NK cell function and immune 
response regulation. These findings suggest M5 
might exert anti-AD effects through multiple  
molecular targets beyond just AChE inhibition. 
The clustering analysis points towards neuroin-
flammation as a potentially key target for M5’s 
action against AD.  However, it is important to  
acknowledge the limitations of this study:  the 
proposed mechanisms are theoretically supported, 
but further research is needed for confirmation.

Overall, this virtual screening study identified 
M5 as a promising lead compound for Alzheimer’s 
disease with a predicted binding affinity stronger 
than donepezil, a current standard treatment.  M5 
exhibited favorable pharmacokinetic properties 
and interacted stably with both the catalytic site 
and peripheral anionic site of acetylcholinester-
ase in molecular docking simulations. Network 
pharmacology analysis suggested M5 might target  
multiple pathways implicated in Alzheimer’s dis-
ease, potentially through its interaction with 
neuroactive ligand-receptor interactions and 
modulation of inflammatory responses. While 
this study provides a promising starting point for 
drug development, further validation is needed. 
In vitro and in vivo experiments are required to 
confirm the identified hits and their mechanisms 
of action. Additionally, the potential hepatotoxicity  
of M5 needs investigation. Addressing these limi- 
tations could potentially translate these in silico 
findings into a robust pre-clinical development 
plan for M5 as a potential therapeutic candidate 
for AD.

CONCLUSIONS
Our VS identified promising ligands predomi-

nantly from three scaffolds: acridone, carbazole,  
and xanthone. Docking simulations demonstrated 
their strong binding affinity and stability within 
the active site of enzymes. These ligands, charac-
terized by an aromatic core structure, interacted  
effectively with key amino acids, potentially dis-
rupting ACh hydrolysis. These ligands were in an 
active site, preventing ACh from accessing the 
CAS, thus potentially inhibiting AChE activity more 
effectively. To optimize binding, extending the 
linker chain to enhance hydrophobic interac-
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tions is crucial. Incorporating an electron-with-
drawing group, such as a ketone, in the linker 
chain can further enhance binding affinity. The in 
silico pharmacokinetic properties were investi-
gated, and ligands were found to exhibit several  
favorable pharmacokinetic properties. M5 was 
the only ligand that did not exhibit hepatotoxi- 
city, suggesting it may present a lower risk of 
causing liver damage compared to others. MD 
simulations explored the interaction and stability 
of M5 with AChE, comparing it with native com-
plexes and the donepezil-AChE complex. Results 
showed that M5 bound stably, potentially engaging 
both CAS and PAS regions, suggesting it might 
act as dual-binding AChE inhibitor. Compared to 
donepezil, M5 showed potentially more favorable 
interactions, particularly near His440, indicating 
unique binding characteristics. In addition, net-
work analysis found that M5 might exert anti-AD 
effects through multiple molecular targets, ex-
tending beyond AChE inhibition. Clustering analysis 
hinted at a potential focus on neuroinflammation 
in the M5 mechanism of action against AD. Addi-
tional experimental validation in vitro and in vivo 
is necessary for advancing M5 towards clinical 
application.
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