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Abstract
Alzheimer’s disease (AD) is a complex, progressive neurodegenerative disorder 
driven by both genetic and environmental factors, with hallmark features including 
amyloid-β plaques and neurofibrillary tangles. Despite substantial research, the 
majority of currently licensed medications are still symptomatic, highlighting 
the need for multi-target and network-based treatment approaches. This study 
employed a systems biology approach to identify important regulatory proteins 
implicated in AD development and to assess their interaction patterns with approved 
glutamate and cholinesterase inhibitors. A protein–protein interaction network was 
developed using the 85 overlapping genes identified when AD-associated genes 
were selected from six significant biomedical databases. Seven major regulators 
were identified using centrality and hub analyses, including APP, APOE, BDNF, 
VEGFA, PSEN1, CASP1, and NOTCH1. Their participation in axon formation, signal 
transduction, neuroinflammatory processes, and neurodegenerative pathways was 
revealed by Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway 
enrichment analysis. The binding affinities of donepezil, galantamine, rivastigmine, 
and memantine toward these targets were evaluated by molecular docking 
using AutoDock Vina. While APP demonstrated relatively weaker affinities, BDNF 
demonstrated the strongest overall binding interactions, especially with donepezil. 
Memantine showed significant binding to PSEN1, indicating that amyloidogenic 
processes may be indirectly modulated. These results demonstrate the usefulness 
of integrated computational techniques in identifying new therapeutic interaction 
networks and support a multi-target pharmacological paradigm. This study offers a 
systems-level basis for medication repurposing and precision intervention strategies 
in AD, although additional experimental validation is needed.
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1. Introduction
Alzheimer’s disease (AD) is a neurodegenerative disorder known for damaging neurons 
in the brain and is characterized by memory loss, cognitive decline, and behavioral 
impairments.1 Dementia, a more advanced manifestation of AD, currently affects over 55 
million people worldwide, and this number is projected to triple by 2060.2 The hallmark 
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pathological features of AD include the accumulation of 
amyloid-β (Aβ) plaques and neurofibrillary tangles formed 
by the tau protein, as well as the involvement of microglia 
and astrocytes.3,4 Owing to the multifactorial nature of the 
disease, early-stage (prodromal) diagnosis and treatment 
remain clinically challenging. Currently, there is no cure 
for AD; existing treatments only offer symptomatic relief.5 
Hence, there is an urgent need for effective therapeutic 
agents capable of halting or reversing AD progression. 
Studies have shown that Aβ plaques and neurofibrillary 
tangles are present in approximately 85% of clinically 
diagnosed AD patients, suggesting that these features are 
central to disease pathology.6-8

Several genetic mutations are associated with AD 
pathogenesis9, including mutations in APP, PSEN1/2, 
BACE1, MAPT, and APOE-ε4.10-12 Aβ is a toxic peptide 
fragment of amyloid precursor protein (APP), produced 
via proteolytic cleavage by β- and γ-secretases13,14 and 
deposited in the brain as plaques.15 Mutations in the 
PSEN1/2 genes (which encode γ-secretase) and the BACE1 
(which encodes β-secretase) lead to this abnormal cleavage 
process.10,16 Similarly, MAPT, which is associated with 
tau pathology, can give rise to paired helical filaments, 
neurofibrillary tangles, and hyperphosphorylated tau.17 
Apolipoprotein E (ApoE), a cholesterol transporter, has 

three isoforms—ε2, ε3, and ε4, with ApoE-ε4 being the 
most significant genetic risk factor for AD.18 Individuals 
carrying a single ε4 allele (heterozygotes) have a 2–3-fold 
greater risk of developing AD, whereas those with two ε4 
alleles (homozygotes) have a 12–15-fold greater risk.19 

In addition to United States Food and Drug 
Administration (FDA)-approved monoclonal antibodies20, 
current treatments also include cholinesterase inhibitors 
(e.g., donepezil, rivastigmine, galantamine) and glutamate 
pathway modulators (e.g., memantine). Acetylcholine 
is a neurotransmitter essential for cognition, memory, 
synaptic transmission, neuromodulation, and the 
immune response.21 It is degraded by the enzyme 
acetylcholinesterase (AChE), and its reduction contributes 
to cognitive decline. On the other hand, glutamate, 
an excitatory neurotransmitter, chronically activates 
N-methyl-D-aspartate (NMDA) receptors, leading to 
Ca2+ influx upon removal of the Mg2+ block during 
depolarization.22 Excessive intracellular Ca2+ activates 
enzymes that produce reactive oxygen species, contributing 
to neurodegeneration. Cholinesterase and glutamate 
inhibitors function by binding to their respective enzymes 
or receptors to prevent these pathological processes, as 
illustrated in Figure 1. 

Network biology is an interdisciplinary field that 

Figure 1. The synaptic mechanisms targeted by Food and Drug Administration-approved drugs for Alzheimer’s disease. (A) Cholinergic synapse, where 
an action potential triggers acetylcholine release from the presynaptic neuron. Acetylcholine binds to nicotinic receptors on postsynaptic neurons, 
promoting signal transmission. Acetylcholinesterase rapidly breaks down acetylcholine into choline and acetate. Drugs (e.g., donepezil, galantamine, 
and rivastigmine) inhibit acetylcholinesterase, thereby increasing synaptic acetylcholine levels and improving cognitive function. (B) Glutamatergic 
synapse, where glutamate is released and binds to N-methyl-D-aspartate (NMDA) receptors, allowing Na+ and Ca2+ influx. Excessive glutamate can cause 
excitotoxicity, contributing to neuronal damage. Memantine acts as an NMDA receptor antagonist, blocking abnormal Ca2+ influx while preserving normal 
neurotransmission. Together, these mechanisms represent key therapeutic strategies in the management of Alzheimer’s disease through the modulation of 
cholinergic and glutamatergic pathways.
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combines computational techniques with biological 
sciences. Modeling biological systems as interconnected 
networks rather than isolated components helps in 
deciphering complex biological functions across multiple 
levels (e.g., genes, proteins, cells, tissues, and organs). In 
such networks, nodes represent biomolecules (e.g., amino 
acid residues, proteins, or cells), and edges depict their 
physical, functional, or chemical interactions. Protein−
protein interaction (PPI) data can be applied on a large 
scale to construct networks that reflect these associations.23 
For this purpose, Cytoscape serves as a comprehensive 
tool in network biology for the analysis and visualization 
of biomolecular interaction networks, integrating high-
throughput expression data and other molecular states into 
a unified framework.24 

Despite extensive research, the molecular mechanisms 
underlying AD remain incompletely understood, 
particularly concerning key regulatory proteins and 
their potential therapeutic inhibitors. Although many 
drugs have been repurposed25 and may act on multiple 
targets26, AD remains incurable, largely because of its 
polygenic nature, and no molecule has yet been proven to 
comprehensively address this challenge. The intricacy of 
AD pathophysiology and the shortcomings of reductionist, 
single-target therapy approaches have been brought to light 
by subsequent clinical setbacks involving Aβ-targeting 
monoclonal antibodies and secretase inhibitors. 

By utilizing established safety profiles and investigating 
novel mechanistic connections within disease-associated 
molecular networks, drug repurposing approaches, 
especially those utilizing FDA-approved agents, offer 
a translational advantage. This gap highlights the 
importance of system-level approaches to identify new 
intervention points and understand disease progression 
more comprehensively. This study aims to identify central 
protein regulators involved in the progression of AD by 
integrating PPI networks with computational analysis. 
The therapeutic potential of cholinesterase and glutamate 
inhibitors against these key targets was further evaluated 
via molecular docking and molecular dynamics simulation 
techniques.

2. Materials and methods
2.1. Identification of overlapping genes from 
various databases

In this study, several biological databases were utilized 
to identify the overlapping genes across all databases. 
Using “Alzheimer’s disease” as a search term, AD-related 
genes (gene symbols and descriptions) were mined from 
six existing databases: the DisGeNET database (https://
www.disgenet.org/), the DrugBank database (https://

go.drugbank.com/), the Ensembl database (https://
ensemblgenomes.org/), the GeneCards database (https://
www.genecards.org/), the OMIM database (https://www.
omim.org/), and the TTD database (https://db.idrblab.
net/ttd/). In the identification of overlapping genes, a 
traditional method, the “VLOOKUP” formula in Microsoft 
Excel (Version 2603, Microsoft, US) was used to identify 
the genes common to all the databases by comparing one 
database at a time with the remaining ones on the basis of 
gene symbols, and the process was repeated until a single 
consolidated sheet was obtained.

2.2. Network construction and analysis

A PPI network was constructed using the STRING 
database (version 12, https://string-db.org/), which 
displays multiple interactions between the selected genes. 
The search was restricted to the species “Homo sapiens” 
to construct the PPI network. The generated network was 
then visualized using Cytoscape (version 3.10.3, Institute 
for Systems Biology (ISB), US), an open-source software 
that provides visualization, analysis, modeling, and 
integration of interaction networks. The importance of 
each node was evaluated by calculating the mean of four 
centrality parameters and was assessed using CytoNCA in 
Cytoscape. These parameters included “Degree centrality 
(DC),” “Closeness centrality (CC),” “Betweenness centrality 
(BC),” and “EigenVector centrality (EvC).” DC represents 
the number of other nodes directly connected to a given 
node, and CC represents the shortest path between a 
node and other nodes. BC is calculated by considering 
several nodes and determining the number of shortest 
paths passing through the node of interest. EvC reflects 
the relative influence of a node within the network, on the 
basis that connections to high-scoring nodes contribute 
more to the score of a specific node than connections to 
low-scoring nodes. The top 10 genes with the highest mean 
values were selected from this process for further analysis. 
After centrality measurements, CytoHubba was applied 
to three parameters (degree, closeness, and betweenness) 
separately in Cytoscape, with the criterion of identifying 
the top 10 nodes.

2.3. Screening of target genes

To identify overlapping or target genes, genes that appeared 
in all four of the abovementioned datasets/processes were 
considered, and 10 genes were selected from each dataset. 
The overlapping genes were identified using VENNY 
version 2.1 https://bioinfogp.cnb.csic.es/tools/venny/) and 
considered for further analysis. Moreover, a secondary PPI 
network was constructed with the identified target genes, 
followed by gene enrichment analysis and docking studies 
with AChE and glutamate inhibitors.
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2.4. Gene Ontology and Kyoto Encyclopedia of 
Genes and Genomes pathway enrichment analyses

The target genes were uploaded to the ShinyGO database 
(version 0.82, http://bioinformatics.sdstate.edu/go/), a web 
server used to generate enriched Gene Ontology (GO) 
terms and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathways on the basis of gene or protein lists. 
A threshold of false discovery rate < 0.05 and species 
restricted to “Homo sapiens” were applied, with the 
number of displayed pathways set to 20 and pathway sizes 
ranging from 2 to 2,000. Charts were generated on the 
same platform for data visualization and analysis.

2.5. Molecular docking and simulation

The target proteins were docked with four FDA-approved 
compounds, which include AChE inhibitors and glutamate 
inhibitors, and their information is provided in Table 1. 
Molecular docking was performed using AutoDock Vina 
(version 4.2.6, Scripps Research, US) to illustrate the 
binding activity and mechanism between the identified 
targets and the AChE and glutamate inhibitors. The three-
dimensional structures of the ligand molecules were 
downloaded in SDF format from the PubChem database 
(https://pubchem.ncbi.nlm.nih.gov/), and the SDF format 
was converted into PDBQT format using Discovery 

Table 1. Information on four Food and Drug Administration-approved drug molecules collected from the PubChem database

Chemical ID Molecule name Molecular formula Molecular weight Structure

3152 Donepezil C24H29NO3 379.5 g/mol

9651 Galantamine C17H21NO3 287.35 g/mol

77991 Rivastigmine C14H22N2O2 250.34 g/mol

4054 Memantine C12H21N 179.3 g/mol
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Studio Visualizer 2021 software (https://discover.3ds.
com/discovery-studio-visualizer-download). The protein 
structures of the targets were downloaded from the RCSB 
database (https://www.rcsb.org/) in PDB format, and the 
docking sites were predicted using DeepSite (https://www.
playmolecule.com/deepsite/) and are presented in Table 2. 
Discovery Studio Visualizer was used to remove water and 
ligand molecules, and AutoDock Tools were used to add 
hydrogen atoms and charges, while all other parameters 
were left at default settings. The modified protein structures 
were saved in PDBQT format. Finally, AutoDock Vina was 
used to perform the molecular docking analysis. 

The binding affinities (kcal/mol) were predicted by 
docking scores, with the lowest score representing the 
strongest affinity. The docking results were visualized using 
the Discovery Studio Visualizer 2021 software to analyze 
the optimal binding pocket. Entropic contributions, solvent 
dynamics, and induced-fit conformational rearrangements 
may not be adequately captured by docking scores 
generated from empirical scoring functions, which are 
approximations of binding free energy.27,28 To prevent bias 
toward pre-defined pockets, grid box dimensions were 
chosen to cover the entire active or predicted interaction 
region. However, docking was carried out in blind mode 
to assess surface interaction tendencies of proteins lacking 
well-defined catalytic sites. This method does not replace 
dynamic simulations or experimental binding validation, 

but it allows for comparative ranking of ligands.

3. Results
3.1. Construction of a common gene protein–
protein interaction network

A total of 15,708 AD-related genes were extracted from the 
six databases, of which 85 were identified as overlapping 
genes using the “VLOOKUP” function in Microsoft Excel 
after removal of duplicate gene symbols. A PPI network 
was subsequently constructed to describe the interactions 
among the genes identified in the previous step. In this 
network, each protein is represented as a circular node, 
and the lines between two proteins represent edges. 
An increase in the number of edges indicates stronger 
interaction connectivity. A total of 85 nodes and 536 edges 
were obtained from the STRING database (Figure 2), which 
were further visualized and analyzed using Cytoscape.

3.2. Protein–protein interaction network analysis

From CytoNCA, the mean values of 85 AD-related genes 
based on the DC, CC, BC, and EvC parameters were 
obtained, and the top 10 nodes with the highest mean 
values were selected and ranked in descending order  
(Table 3). These parameters are crucial for identifying the 
relative importance of particular nodes in the network. 
Higher mean values indicate greater node importance. As a 

Table 2. Protein characteristics and DeepSite binding site predictions

Protein Protein Data 
Bank ID Description

DeepSite binding site prediction

X Y Z Score

APP 1IYT Solution structure of the Alzheimer’s disease amyloid 
β-peptide (1–42) 3.8 −0.0 −5.8 0.47

BDNF 1BND Structure of the brain-derived neurotrophic factor/
neurotrophin-3 heterodimer 20.4 −12.3 38.7 1.00

ApoE 2L7B NMR structure of full length ApoE3 3.7 −10.6 4.7 0.99

VEGFA 1VPF Structure of human vascular endothelial growth factor 35.0 10.0 12.4 0.94

NOTCH1 1YYH Crystal structure of the human NOTCH1 ankyrin 
domain 27.6 33.7 −1.2 0.90

CASP1 1RWK Crystal structure of human caspase-1 in complex with 
3-(2-mercapto-acetylamino)-4-oxo-pentanoic acid 41.5 53.0 −1.3 0.97

PSEN1 2KR6 Solution structure of PSEN1 C-terminal fragment 
subunit 3.5 76.7 10.7 0.99

Abbreviations: ApoE: Apolipoprotein E; APP: Amyloid precursor protein; BDNF: Brain-derived neurotropic factor; CASP1: Caspase-1; NMR: Nuclear 
magnetic resonance; NOTCH1: Neurogenic locus notch homolog protein 1; PSEN1: Presenilin 1; VEGFA: Vascular endothelial growth factor A.
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result, APP had the highest mean centrality value, followed 
by BDNF, APOE, VEGFA, CSTB, ADAM10, NOTCH1, 
CASP1, PSEN1, and ACE. 

Furthermore, 10 hub genes were identified using 
CytoHubba based on degree (Figure 3A), closeness (Figure 
3B), and betweenness (Figure 3C) centrality measures 
and were arranged in a rank-wise manner in a clockwise 
direction. The rank was indicated by the size of the node, 
with larger nodes representing higher ranks. Notably, APP, 

APOE, BDNF, and VEGFA consistently ranked highest 
across all three centrality measures.

3.3. Target gene screening and subnetwork 
formation

The results from the previous steps generated four different 
outputs, each containing 10 genes/nodes. These results 
were then compared using VENNY version 2.1 to identify 
the genes with the greatest degree of overlap (Figure 4A). 
As a result, seven genes were identified, including APOE, 

Table 3. Centrality measures of the top 10 genes

Gene DC CC BC EvC Mean

APP 44 0.6614173 1075.3599 0.2749554 280.0740682

BDNF 38 0.6363636 1067.5322 0.23041376 276.5997443

APOE 41 0.6511628 769.1726 0.2734267 202.7742974

VEGFA 33 0.60431653 593.82007 0.19633302 156.9051799

CSTB 19 0.5283019 311.4442 0.12551706 82.77450474

ADAM10 19 0.5283019 278.20917 0.14023627 74.46942704

NOTCH1 25 0.5562914 263.93576 0.17393363 72.41649626

CASP1 24 0.5637584 255.20116 0.15443727 69.97983892

PSEN1 30 0.5915493 209.61992 0.22315016 60.10865487

ACE 21 0.5283019 187.96638 0.13246998 52.40678797

Abbreviations: BC: Betweenness centrality; CC: Closeness centrality; DC: Degree centrality; EvC: Eigenvector centrality.

Figure 2. Protein–protein interaction network of 85 Alzheimer’s disease-related genes

https://doi.org/10.36922/GPD026050003
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Figure 3. The top 10 nodes identified using Cytohubba, based on centrality measures: (A) degree, (B) closeness, and (C) betweenness

Figure 4. Target acquisition and sub-PPI network of the overlapping genes: (A) Venn diagram of the seven overlapping genes and (B) PPI network of the 
seven targets. 
Abbreviation: PPI: Protein–protein interaction. 

VEGFA, NOTCH1, CASP1, PSEN1, APP, and BDNF. 
Moreover, a secondary PPI network was generated using 
the identified target genes, as described previously (Figure 
4B). The subnetwork comprised seven nodes with a total of 
19 edges, where APP, APOE, PSEN1, NOTCH1, and BDNF 
are strongly interconnected. Overall, APP had the highest 
number of interactions, particularly with APOE, PSEN1, 
NOTCH1, and BDNF, followed by interactions involving 
PSEN1, NOTCH1, and APOE.

3.4. Gene enrichment analysis

To further elucidate the multiple mechanisms of the seven 
identified genes, GO enrichment and KEGG pathway 
analyses were conducted. The enriched GO categories 
included biological processes, cellular components, and 
molecular functions. The enriched biological processes 

were primarily associated with axonogenesis, axon 
development, cell morphogenesis involved in neuron 
differentiation, neuron projection morphogenesis, plasma 
membrane-bound cell projection morphogenesis, cell 
projection morphogenesis, cell part morphogenesis, 
positive regulation of multicellular organismal processes, 
positive regulation of signal transduction, positive 
regulation of cell communication, and positive regulation 
of signaling, with all target genes contributing to these 
processes (Figure 5A). 

The cellular component category was predominantly 
represented by secretory vesicles (Figure 5B), whereas 
the molecular function category was mainly associated 
with signaling receptor binding (Figure 5C). Secretory 
vesicles included five genes, while six genes were 
involved in signaling receptor binding. KEGG pathway 
analysis revealed associations of three genes with AD, 
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Figure 5. Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway analyses: (A) Biological processes, (B) cellular component, (C) 
molecular function, and (D) Kyoto Encyclopedia of Genes and Genomes pathways. 
Abbreviation: FDR: False discovery rate.

neurodegeneration-related pathways, and human 
papillomavirus infection pathways (Figure 5D).

3.5. Molecular docking analysis

The top seven target genes and FDA-approved drugs were 
subjected to molecular docking using AutoDock Vina 
version 4.2.6. The lowest binding energy indicates a strong 
binding affinity between the ligand and the receptor. In 
this study, the binding energies between all receptor–
ligand pairs were negative, ranging from −3.72 kcal/mol 
to −10.16 kcal/mol (Figure 6). The findings suggest that 
the brain-derived neurotropic factor (BDNF) protein 
exhibited the strongest overall binding affinity with 
donepezil, galantamine, rivastigmine, and memantine, 
whereas APP showed the weakest binding affinities among 
the targets. The binding energy of donepezil with BDNF 
was the strongest, followed by interactions with vascular 
endothelial growth factor A (VEGFA) > caspase-1 (CASP1) 
> presenilin 1 (PSEN1) > neurogenic locus notch homolog 
protein 1 (NOTCH1) > ApoE > APP (Figure 7). 

Similarly, galantamine showed strong binding with the 
BDNF protein, achieving a docking score of −7.63 kcal/
mol, whereas the weakest binding was observed with APP 
(−4.52 kcal/mol), as presented in Figure 8. Based on the 

binding energies for rivastigmine, the targets ranked (from 
strongest to weakest affinity) as follows: BDNF, PSEN1, 
APOE, VEGFA, CASP1, NOTCH1, and APP (Figure 9). 
Furthermore, the highest binding affinity of memantine 
was observed with PSEN1 (−7.85 kcal/mol), whereas the 
lowest affinity was observed with APP −4.73 kcal/mol), as 
shown in Figure 10. 

4. Discussion
Alzheimer’s disease is increasingly understood not 
as a disease with a single cause, but as a complex 
network of interacting molecular failures spanning 
synaptic dysfunction29, mitochondrial imbalance30, 
neuroinflammation31, and vascular deterioration.32 The 
present study elucidates this intricate landscape with 
a systems biology approach, identifying seven critical 
regulators (APP, BDNF, APOE, VEGFA, PSEN1, NOTCH1, 
and CASP1) and exploring their molecular affinities 
with cholinergic and glutamatergic drugs via in silico 
docking. This dual-layered strategy highlights not only 
the molecular nodes central to the pathogenesis of AD but 
also the therapeutic versatility of established drugs such as 
donepezil, memantine, galantamine, and rivastigmine.

Instead of using a graphical Venn diagram approach, 
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Figure 6. AutoDock results and the lowest binding energies (kcal/mol) between the targets and Food and Drug Administration (FDA)-approved drugs

a spreadsheet-based computational matching process 
was used to ensure rigorous identification of overlapping 
AD-associated genes across several biological sources. 
Although Venn diagrams are frequently used to visualize 
intersecting datasets, their scalability is intrinsically 
limited, and they are essentially descriptive rather than 
computational tools, especially when dealing with large 
gene lists.33 Consequently, systematic pairwise comparisons 
of standardized gene symbols across datasets were carried 
out using the “VLOOKUP” function in Microsoft Excel. 
This method reduced uncertainty caused by synonyms 
or database-specific annotations by enabling accurate, 
symbol-based matching in compliance with accepted gene 
nomenclature standards.34 Additionally, a transparent 
and repeatable framework for dataset integration is 
offered by spreadsheet-based lookup functions, which 
enable progressive validation and retention of annotation 
metadata for subsequent bioinformatic analysis.35 This 
approach ensured computational accuracy, reduced manual 
selection bias, and made it easier to create a consolidated 
dataset suitable for further network and pathway analysis 
when compared to visualization-oriented overlap tools.

The strong binding affinity of donepezil for BDNF, 

in particular, opens an intriguing therapeutic avenue. 
BDNF, a key modulator of synaptic plasticity and memory 
encoding, is consistently downregulated in the brains and 
cerebrospinal fluid of AD patients, contributing to synaptic 
failure and hippocampal atrophy.36 A study confirmed 
that AChE inhibitors can modulate BDNF expression 
through NMDA receptor blockade, independent of 
their cholinesterase activity.37 This suggests a hidden 
neurotrophic potential in drugs originally designed only 
to address acetylcholine depletion. Additionally, the 
interaction between BDNF and NMDA receptor signaling 
cascades creates a bridge between the cholinergic and 
glutamatergic systems.38 By binding to BDNF and possibly 
stabilizing its function, donepezil may reinforce synaptic 
resilience beyond its canonical scope.

In contrast, APP, the canonical hallmark of AD, 
exhibited weak docking interactions, which aligns with 
the historical difficulty of pharmacologically modulating 
this protein. APP is primarily a transmembrane structural 
protein with minimal surface-accessible binding pockets, 
rendering it a poor direct drug target.39 However, attention 
has shifted to its cleavage products, especially soluble 
Aβ oligomers (e.g., dimers, trimers, protofibrils), as 
neurotoxic agents, where Aβ42 oligomer is more toxic than 
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Figure 7. Two- and three-dimensional docking conformations of donepezil with target proteins encoded by (A) APP, (B) APOE, (C) BDNF, (D) PSEN1, 
(E) CASP1, (F) NOTCH1, and (G) VEGFA
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Aβ42 fibrils. These proteins are largely generated through 
PSEN1/2-mediated γ-secretase activity40, placing PSEN1/2 
at the therapeutic frontline. 

Interestingly, memantine, although primarily an NMDA 
receptor antagonist, demonstrated meaningful affinity 
for PSEN1 in this study. This observation is supported 
by recent findings showing that NMDA modulation can 
indirectly alter γ-secretase activity and mitigate PSEN1-
driven amyloidogenesis, likely via intracellular calcium 
regulation and synaptic stabilization.41 This indicates that 
over-activation of NMDA receptors leads to intracellular 
Ca2+ overload, which has been demonstrated to boost 
Aβ generation and γ-secretase activity, especially in 
models with mutations in PSEN1.42,43 Memantine limits 
amyloidogenic APP processing and indirectly modulates 
γ-secretase function by reducing calcium-dependent 
enzymatic dysregulation and pathological glutamatergic 
signaling.44,45 A molecular connection between NMDA 
modulation and decreased PSEN1-driven amyloidogenesis 
is also supported by the finding that stabilization of 
synaptic activity through NMDA receptor antagonism 
has been linked to a decrease in Aβ-induced excitotoxic 
feedback loops.46 Furthermore, PSEN1/2 has also been 
implicated in mitochondrial fragmentation47 and synaptic 
vesicle cycling48, indicating that drugs that interact with 
these proteins could impact many neurodegenerative 
processes.

In support of the polypharmacological narrative, 
VEGFA has emerged as a strong interactor with multiple 
cholinergic drugs. VEGFA is best known for its role 
in vascular permeability and angiogenesis49, but it also 
contributes to neuroprotection through enhanced cerebral 
blood flow50, neurogenesis51, and antiapoptotic signaling52 
in astrocytes and endothelial cells. The involvement of 
VEGFA in AD has been substantiated by evidence of its 
upregulation in early disease stages and depletion during 
later progression53,54, indicating a biphasic compensatory 
role. Recent evidence suggests that AChE inhibitors may 
increase VEGFA expression and function by promoting 
nitric oxide production via endothelial nitric oxide 
synthase activation.55,56 The affinity of donepezil for 
VEGFA observed in docking studies could thus reflect not 
only symptomatic management but also vasoprotective 
effects that might alter disease progression.

APOE, which has long been established as the strongest 
genetic risk factor for late-onset AD through its ε4 
allele, presents a more nuanced pharmacological profile. 
While its docking affinity was moderate, its functional 
implications remain profound. ApoE modulates lipid 
metabolism, synaptic pruning, and amyloid clearance, and 
its isoforms directly affect blood−brain barrier integrity57 

and tau phosphorylation.58 Although not traditionally 
viewed as druggable, allosteric modulators and gene 
editing approaches targeting APOE isoform balance are 
now under development.59 Moreover, pharmacogenomic 
insights suggest that the APOE genotype may influence 
patient response to AChE inhibitors60-62, underscoring the 
need for stratified treatment models.

Among the most compelling targets identified are 
CASP1, a proinflammatory protease that activates the 
NOD-, LRR- and pyrin domain-containing protein 3 
inflammasome and drives pyroptotic cell death in neurons 
and glia.63 The strong docking interactions of donepezil 
and rivastigmine with CASP1 suggest a possible anti-
inflammatory role for these drugs, which is consistent 
with recent discoveries showing their capacity to inhibit 
inflammasome priming and cytokine release via α7 
nicotinic acetylcholine receptor signaling.64,65 CASP1 not 
only mediates interleukin 1β maturation but also influences 
microglial polarization and neurovascular integrity66, 
making it a multidimensional target in AD. Suppression 
of CASP1 activity could slow disease progression by 
dampening neuroinflammatory loops that accelerate 
tauopathy and synaptic degeneration.

The role of NOTCH1, a highly conserved signaling 
molecule involved in neurogenesis, stem cell maintenance, 
and angiogenesis67, further enriches the therapeutic 
landscape. The observed affinity of memantine and 
galantamine for NOTCH1 supports recent models in 
which NMDA receptor modulation indirectly influences 
Notch signaling, affecting dendritic spine morphology 
and neural regeneration.68,69 Moreover, NOTCH1 cross-
talks with PSEN1 via the γ-secretase complex70, suggesting 
that drugs affecting one may modulate the other, 
amplifying therapeutic effects through shared signaling 
nodes. Epigenetic regulation of NOTCH1 has also been 
implicated in tau pathology and neurogenic dysfunction, 
adding layers of potential intervention.71

The combined evidence of docking across multiple genes 
underscores a paradigm shift in AD pharmacology from 
single-target inhibition toward multi-target engagement. 
This is not merely a theoretical exercise; real-world drug 
discovery is now embracing hybrid molecules such as 
bis(7)-tacrine, combining AChE inhibition with NMDA 
antagonism72, and others that bridge neuroinflammation 
with neurotrophic support.73 These drugs aim not only 
to slow symptoms but also to reshape the underlying 
molecular networks driving degeneration. This aligns with 
clinical findings that combination therapies outperform 
monotherapies in preserving cognition and delaying 
institutionalization in AD patients.74,75

Importantly, APP, BDNF, ApoE, VEGFA, PSEN1, 
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NOTCH1, and CASP1 are not traditional small-
molecule therapeutic targets. Enzymes or receptors with 
clearly defined catalytic or orthosteric binding pockets 
are the main targets of traditional molecular docking 
techniques.27,76 Static structural models may not adequately 
represent biologically relevant states because Aβ is a highly 
dynamic, aggregation-prone peptide with substantial 
conformational variability.77 Similarly, rather than small-
molecule binding, ApoE and secreted growth factors such 
as VEGFA and BDNF primarily affect biology through 
PPIs and receptor-mediated signaling.78-80 Shallow surface 
contact sites, significant conformational plasticity, and 
the reduced prediction reliability of scoring functions are 
some of the intrinsic limits of docking to soluble, non-
enzymatic, or structurally flexible proteins.81 Therefore, 
rather than being conclusive proof of traditional orthosteric 
inhibition, binding energies derived from docking analyses 
against these targets should be interpreted cautiously as 
exploratory interaction estimates. These proteins were 
included in the current study to investigate, within a 
systems-level framework, possible surface interaction 
tendencies of approved AD treatments. However, any 
biologically significant connections indicated by docking 
scores would need to be further validated using molecular 
dynamics simulations and experimental binding assays.

Notably, drugs such as donepezil and galantamine may 
also regulate neurotransmitter levels through indirect 
mechanisms, such as the inhibition of glutamate-induced 
neurotoxicity82 and the enhancement of GABAergic 
tone.83 These effects have been linked to the modulation of 
calcium channels and voltage-gated potassium channels, 
suggesting broader electrophysiological influences 
beyond the synapse.84,85 The convergence of cholinergic, 
glutamatergic, and neurotrophic signaling is therefore not 
incidental but mechanistically central to how these drugs 
provide cognitive and structural neuroprotection.

Taken together, the results of this study not only identify 
key AD regulators but also provide a credible framework 
for repurposing and improving existing therapeutics based 
on network biology principles. This study highlights how 
computational docking and centrality analysis can guide 
hypothesis-driven exploration of therapeutic targets. 
The finding that canonical drugs such as donepezil and 
memantine have high affinity for regulators such as BDNF, 
VEGFA, NOTCH1, and CASP1 suggests potentially 
untapped therapeutic value. These interactions, although 
in silico, align with in vivo observations reporting 
improved neurogenesis, vascular function, and reduced 

inflammatory marker levels in treated patients. While 
experimental validation remains crucial, the concordance 
between molecular docking and emerging mechanistic 
insights underscores the power of integrated bioinformatics 
in advancing AD therapeutics.

Molecular docking is still a static approximation that does 
not fully account for protein flexibility, solvent dynamics, 
or entropic effects, but it offers useful initial insights into 
ligand–protein interactions and relative binding affinities. 
Since proteins are dynamic macromolecules by nature, 
rigid docking techniques are unable to fully capture the 
conformational rearrangements that ligand binding often 
induces. While post-docking free energy calculations, 
such as Molecular Mechanics–Poisson Boltzmann 
Surface Area or Molecular Mechanics–Generalized Born 
Surface Area, offer more accurate estimates of binding 
thermodynamics, molecular dynamics simulations enable 
the assessment of the temporal stability of protein–ligand 
complexes under near-physiological conditions. Therefore, 
it is difficult to definitively ascertain the long-term stability 
and physiological significance of the predicted complexes 
in the current investigation due to the lack of molecular 
dynamics simulations and binding free energy validation. 
However, docking remains a well-established first-line 
virtual screening method for early-stage drug development, 
providing rapid comparative binding assessments before 
more computationally demanding dynamic analyses. 
Future research using free energy estimates and molecular 
dynamics simulations would reinforce and corroborate the 
current findings.

5. Study limitations and future perspectives
Although the current computational framework offers 
useful initial insights, several limitations should be 
considered. First, the static crystalline structures used 
in docking simulations might not accurately reflect 
physiologically significant conformational ensembles. 
Second, the evaluation of the predicted conformational 
flexibility of complexes and temporal stability is 
constrained by the lack of molecular dynamics simulations. 
Third, thermodynamic validation was limited by the 
lack of binding free energy decomposition analyses (e.g., 
Molecular Mechanics–Poisson Boltzmann Surface Area 
and Molecular Mechanics–Generalized Born Surface 
Area). Future studies that incorporate improved sampling 
methods, long-timescale molecular dynamics, and in 
vitro binding experiments would enhance translational 
relevance and mechanistic interpretation. Network-level 
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Figure 8. Two- and three-dimensional docking conformations of galantamine with target proteins encoded by (A) APP, (B) APOE, (C) BDNF, (D) PSEN1, 
(E) CASP1, (F) NOTCH1, and (G) VEGFA 
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Figure 9. Two- and three-dimensional docking conformations of rivastigmine with target proteins encoded by (A) APP, (B) APOE, (C) BDNF, (D) PSEN1, 
(E) CASP1, (F) NOTCH1, and (G) VEGFA
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Figure 10. Two- and three-dimensional docking conformations of memantine with target proteins encoded by (A) APP, (B) APOE, (C) BDNF, (D) PSEN1, 
(E) CASP1, (F) NOTCH1, and (G) VEGFA
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therapeutic target prioritization may also be improved by 
combining transcriptome and proteomic datasets.

6. Conclusion
To assess the interaction landscape of well-established 
cholinergic and glutamatergic treatments and to clarify the 
molecular architecture underlying AD, this study offers 
a comprehensive systems biology approach. Seven major 
regulators—APP, APOE, BDNF, VEGFA, PSEN1, CASP1, 
and NOTCH1—were identified as key nodes in the AD 
interactome through multi-database gene mining and 
PPI network analysis. Their involvement in axonogenesis, 
synaptic signaling, neuroinflammation, and neurovascular 
control was validated by functional enrichment analysis, 
highlighting the complex nature of AD pathology. FDA-
approved medications and these targets exhibited variable 
binding affinities according to molecular docking analyses. 
BDNF consistently showed strong interactions, especially 
with donepezil, while APP showed relatively lower binding 
affinity. The strong affinity of memantine for PSEN1 adds to 
the growing body of research that connects amyloidogenic 
regulation and NMDA receptor modulation. Crucially, 
these results support the idea that network-level 
modulation rather than single-target suppression may 
provide a therapeutic advantage in AD. While docking 
offers useful initial insights, confirming physiological 
relevance will require further integration of molecular 
dynamics simulations and experimental validation. 
Overall, this research demonstrates the translational 
potential of network-guided drug repurposing approaches 
in developing AD precision therapies.
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