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ARTICLE INFO ABSTRACT

Handling Editor: Prof. L.H. Lash Alzheimer’s disease (AD) is a major cause of disability and one of the top causes of mortality globally. AD re-

mains a major public health challenge due to its prevalence, impact on patients and caregivers, and the current

Keywords: lack of a cure. In recent years, polyphenols have garnered attention for their potential therapeutic effects on AD.
Alzheimer’s disease The objective of the study was to establish network pharmacology between selected polyphenols of plant origin
fOI,}l’,phenOlS and AD. Insilico tools such as SwissADME, ProTox3.0, pkCSM, Swiss Target Prediction, DisGeNET, Inter-
nsilico

ActiVenn, DAVID database, STRING database, Cytoscape/CytoHubba were employed to establish the multi-
target potential of the polyphenolic compounds. The present study revealed that out of 17 polyphenols, 10 li-
gands were found to possess a drug-likeness nature along with desirable pharmacokinetic parameters and a lesser
toxicity profile. Also, the results highlighted the possible interactions between the polyphenols and the disease
targets involved in AD. Further, this study has shed light on the mTOR pathway and its impact on AD through the
autophagic mechanism. Overall, this study indicated that polyphenols could be a better therapeutic option for
treating AD. Hence, the consumption of polyphenolic cocktails as a part of the diet could produce more effective
outcomes against the disease. Additional studies are warranted in the future to explore additional pathways and
genes to provide a comprehensive understanding regarding the usage of the shortlisted polyphenols and their
derivatives for the prevention and treatment of AD.

Network pharmacology

1. Introduction

Alzheimer’s disease (AD) primarily targets the brain leading to
progressive cognitive decline and memory loss. The disease is charac-
terized by the accumulation of abnormal protein aggregates, especially
beta-amyloid plaques and tau tangles, that disrupt neuronal function
and communication [1,2]. The limited effectiveness of current phar-
maceuticals has prompted the exploration of alternative therapies. One
promising avenue is the use of natural polyphenols, abundant in fruits,
vegetables, and plants, known for their potential neuroprotective effects
against cognitive decline and AD pathogenesis [3]. Recent advances in
bioinformatics and network pharmacology have enabled systematic
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exploration of the anti-AD properties of these compounds, establishing
the complex interactions and therapeutic potentials of natural poly-
phenols against AD.

The last decade has witnessed accelerating interest in the prevention
and treatment of neurodegenerative diseases, particularly AD, through
natural polyphenols. This interest is rooted in the ability of polyphenols
to modulate various biological pathways implicated in the onset and
progression of AD [4]. Studies have highlighted how dietary poly-
phenols can exert neuroprotective [5] and pro-cognitive activities by
modulating oxidative stress and inflammatory responses, which are
cardinal features in AD pathophysiology [6]. Preclinical evidence sup-
ports the potential of polyphenols like resveratrol, curcumin, ellagic
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acid, quercetin, etc., in counteracting AD’s pathogenic processes
through their modulation of oxidative stress and inflammation [7].

Oxidative stress plays a pivotal role in AD’s pathogenesis, serving as
a target for therapeutic strategies. Natural polyphenolic compounds
have been noted for their antioxidant neuroprotective effects and ther-
apeutic potential for AD [8]. Also, compounds such as curcumin,
epigallocatechin-3-gallate (EGCG), resveratrol, and tannic acid, have
shown promising effects in decreasing amyloid-beta (Af) production,
preventing or altering Ap aggregation, and reducing oligomer cytotox-
icity [9]. These natural molecules highlight the broad spectrum of
polyphenols in offering potential AD therapeutic strategies.

The multifaceted actions of polyphenols offer significant therapeutic
potential, addressing various pathological aspects of AD from amyloid-
beta aggregation to oxidative stress and neuroinflammation [10].
Thus, natural polyphenols not only hold therapeutic promise but also
inspire new research directions for developing novel AD treatments.
Polyphenols are compounds with a wide spectrum of complex structures
prevalent in diets based on plants. Polyphenols can be classified as either
phenolic alcohols or phenolic acids. Based on the strength of their
phenolic ring, polyphenols may be divided into many different forms,
but the main groups include phenolic acids, flavonoids, stilbenes,
phenolic alcohols, and lignans. Numerous edible and medicinal plants,
as well as fruits, vegetables, tea, red wine, and extra virgin olive oil, are
significant food sources that contain polyphenols [11]. These phyto-
chemicals are known to shield human health from long-term degener-
ative diseases. They exhibit several protective properties against cancer,
neurological disorders, atherosclerosis, stroke, and cardiovascular dis-
eases [12,13].

The integration of network pharmacology into allopathic medicine
research has inaugurated a new era of drug discovery and development
[14], characterized by a deeper understanding of drug actions at both
the molecular and system levels [15]. This approach propels the study of
drugs from a new perspective, emphasizing a holistic view over the
reductionist methods traditionally employed in pharmaceutical
research. It assesses the interplay between drugs and disease targets
within the vast network of biological pathways, inherently relying on a
synergistic approach to treatment.

2. Materials and method
2.1. Search strategy

Natural polyphenols have always been seen to exhibit beneficial ef-
fects on various diseases. Based on a literature survey that was carried
out using various search engines such as Scopus, Proquest, PubMed, and
Google Scholar, utilizing the keywords, ‘Alzheimers’, ‘polyphenols’
‘neuroprotection’, ‘anti-aging’, and ‘AD’ [16], the following compounds
including Chlorogenic Acid, Ferulic acid, Ellagic Acid, Genistein, Cur-
cumin, Kaempferol, Lignan, Luteolin, Resveratrol, Pterostilbene, Nar-
ingenin, Quercetin, Rottlerin, Berberine, Rutin, Silymarin, and Apigenin
were reflected as search results. These 17 compounds (refer to the
structures of the ligands in the supplementary file) have been observed
to be associated with neuroprotection and anti-aging effects and are
beneficial against neurodegenerative diseases including Alzheimer’s
disease [17-33].

2.2. Screening of compounds

2.2.1. Drug-likeliness prediction

The canonical smiles of the selected 17 polyphenols (depicted in
Table 1) were obtained from the PubChem database and entered into the
SwissADME web server (http://www.swissadme.ch/) to assess their
drug-likeliness. Several parameters were used to assess the drug-like
properties of the polyphenols, including lead-likeness and bioavail-
ability score, TPSA (Topological Polar Surface Area), which ascertain
the brain permeability and the gastrointestinal absorption of the
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Table 1
List of compounds along with their canonical smiles used in our study.

S.No Compound Canonical smiles

Name
1. Chlorogenic C1C(C(C(CC1L(C(=0)0)0)OC(=0)C=CC2=CC(=C
Acid (C=C2)0)0)0)0
2. Ellagic Acid C1=C2C3=C(C(=C10)0)OC(=0)C4=CC(=C(C(=C43)
0C2=0)0)0

COC1=C(C—CC(=C1)C—CC(=0)CC(=0)C—CC2=CC
(=C(C=C2)0)0C)0
COC1=C(C=CC(=C1)C—=CC(=0)0)0

3. Curcumin

4. Ferulic acid

5. Kaempferol C1=CC(=CC—C1C2=C(C(=0)C3=C(C—=C(C—=C302)0)
0)0)0

6. Genistein C1=CC(=CC—C1C2=COC3=CC(=CC(=C3C2=0)0)0)
(0]

7. Lignan CCOC(=0)C1C(C(=0)C2=CC(=C(C—=C2C1C3=CC(=C
(C(=C3)0C)0C)0C)0C)0C)C

8. Luteolin C1=CC(=C(C—=C1C2=CC(=0)C3=C(C=C(C—=C302)0)
0)0)0

9. Naringenin C1C(0C2=CC(=CC(=C2C1=0)0)0)C3=CC—C(C=C3)
(0]

10.  Quercetin C1=CC(=C(C—=C1C2=C(C(=0)C3=C(C—C(C—C302)
0)0)0)0)0

C1=CC(=CC—C1C—CC2=CC(=CC(=C2)0)0)O0
CC1=C(C(=C(C(=C10)C(=0)C)0)CC2=C(C(=C3C
(=C20)C—CC(03)(C)C)C(=0)C—CC4=CC—CC—C4)
0)o
CC1C(C(C(C(01)OCC2C(C(C(C(02)0C3=C(0C4=CC
(=CC(=C4C3=0)0)0)C5=CC(=C(C—=C5)0)0)0)0)0)
0)0)0
COC1=C(C—CC(=C1)C2C(0C3=C(02)C=C(C=C3)
C4C(C(=0)C5=C(C—C(C—C504)0)0)0)CO)O

11. Resveratrol
12. Rottlerin

13. Rutin

14.  Silymarin

15.  Apigenin C1=CC(=CC—C1C2=CC(=0)C3=C(C—=C(C—=C302)0)
0)o

16. Berberine COC1=C(C2=C[N+]3=C(C—C2C—C1)C4=CC5=C
(C—C4CC3)0C05)0C

17.  Pterostilbene COC1=CC(=CC(=C1)C=CC2=CC—C(C—C2)0)0C

selected ligands [34], iLOGP (lipophilicity, solubility in lipid), ESOL Log
S and ESOL class (water solubility), and the Lipinski rule of five (mo-
lecular mass should be less than 500 Dalton, lipophilicity should be high,
hydrogen bond donors should be less than five, hydrogen bond acceptors
should be less than ten, and molar refractivity within (40-130) [35]. A
bioavailability value of F > 30 % is required, where F30 indicates a 30 %
bioavailability. Bioavailability is the pace and degree of absorption of
the active ingredients from a drug product into the bloodstream.

With a Boiled Egg graphical interface, the drug-likeness is repre-
sented by ADME (Absorption, Distribution, Metabolism, and Excretion)
characteristics, where the X and Y axes were displayed with TPSA and
WLogP values, respectively. TPSA and WLogP stand for the ligand’s
accessibility and lipophilicity, respectively.

2.2.2. ADMET profiling

Utilizing the ProTox 3.0 web server (https://tox.charite.
de/protox3/#), the toxicity profile of each of the 17 ligands was
assessed[36]. The SMILES of the corresponding ligands were incorpo-
rated into the webserver to analyze and make an assumption of the
compounds’ LDsq value. The compounds were categorized into Class
1-6 based on their toxicity nature. Class 1 indicates the highly toxic
nature of the compound and Class 6 indicates the non-toxic nature of the
compound. A limit of Class 4 was chosen as the main filter to eliminate
some compounds out of 17 compounds used in our study [37]. Addi-
tionally, pkCSM (https://biosig.unimelb.edu.au/pkesm//) webserver
was employed to extensively assess the comprehensive pharmacokinetic
profile of the ligands including parameters such as water solubility,
Caco2 permeability, Intestinal absorption, Skin permeability, P-glyco-
protein inhibition, volume of distribution, BBB permeability, CNS
permeability, Enzyme interactions, and Renal clearance were assessed
extensively to filter the potential compounds against AD [38,39].
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2.2.3. Prediction of putative targets

Following screening via the SwissADME, ProTox-3.0 databases, and
pkCSM web server, the canonical SMILES of the 10 chosen compounds
were entered into the Swiss target prediction website and then analyzed
to anticipate the possible targets.

2.3. Protein-protein interaction (PPI) network construction

The great diversity, flexibility, and selectivity of protein-protein in-
teractions (PPI) make them extremely important [40]. The functional
relationships between major targets were found using the Search Tool
for the Retrieval of Interacting Genes/Proteins (STRING) [41]. The
CytoHubba plugin for Cytoscape was applied to the PPI network that
was acquired from STRING to examine its core regulatory genes and
identify relevant targets. Also, extended PPI network analysis was done
to assess the clustering coefficient, number of nodes, number of edges,
network radius, and average number of neighbours to validate the PPI
[42].

2.4. Gene Ontology and KEGG pathway enrichment analysis

The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
[43] enrichment and Gene Ontology (GO) enrichment were performed
by employing the Database for Annotation, Visualization, and Integrated
Discovery (DAVID) to identify the interactions between molecules and
biological processes linked to specific hub genes.

2.5. Statistical analyses
Statistical techniques such as network centrality measures, and

pathway analysis were performed to evaluate the significance of our
findings.
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3. Results
3.1. Screening of compounds

3.1.1. Drug-likeliness prediction

Using Swiss ADME, the ligands were predicted for drug-likeness by
utilizing the Ghosh filter and Lipinski’s rule of five. For every ligand,
drug-likeness properties such as logP, MW, number of hydrogen-bond
donors (HBD), number of hydrogen-bond acceptors (HBA), number of
hydrogen-bond donors (HBD), MLOGP, WLOGP, MR, and number of
atoms were predicted. Out of 17 ligands, 13 compounds exhibited drug-
likeness characteristics after passing the Lipinski and Ghose Filter with
no violations. The compounds such as Chlorogenic acid, Rottlerin,
Rutin, and Silymarin showed violations against Lipinski and Ghose fil-
ters. Fig. 1 depicts the findings for each ligand’s drug-likeness.

The boiled egg graphical representation (displayed in Fig. 2), showed
that Pterostilbene, Berberine, Resveratrol, and Ferulic acid have a good
probability of crossing the BBB and the other polyphenols have a lower
probability of crossing BBB, except Chlorogenic acid, Silymarin, and
Rottlerin which were found to be non-brain penetrant [44,45].

3.1.2. ADMET profiling

Utilizing the ProTox 3.0 web server toxicity profile for all 17 poly-
phenols was assessed (depicted in Fig. 3). The results indicated that
except for lignan, berberine, and quercetin, the remaining ligands
showed high LDso values. The BBB permeability nature of the com-
pounds predicted using ProTox — 3.0 was found to be inconsistent with
the results evaluated through the SwissADME Boiled egg plot. To
minimize this bias, the pkCSM web server was used to extensively study
the comprehensive ADMET (absorption, distribution, metabolism,
excretion, and toxicity) properties of the compounds

Generally, in the pkCSM web server, the value of water solubility
ranges from —6 to 0. Lower values indicate poorer water solubility
which may have challenges in absorption and formulation. The range of
Caco2 permeability between —1 and 1.5 implies the ability of the
compound to permeate the intestinal lining. A higher value suggests
good permeability and potential for high oral bioavailability, while a
lower value indicates poor absorption. The range of intestinal

Ligands Molecular Formula | Molecular Weight (MW) | H-bond acceptor | H-bond donors| MLOGP WLOGP MR | No. of atoms | Bioavailability Score | Lipinski Filter (violation) | Ghose Filter (violation)
Chlorogenic Acid CyH;305 35431 9 6 -1.05 -0.75 83.5 25 0.11 1 1
Ellagic Acid Cy;H¢Os 302.19 8 4 0.14 131 75.31 22 0.55 0 0
Curcumin C,;Hy00¢ 368.38 6 2 147 3.15 102.8 27 0.55 0 0
Ferulic acid CyoH;00: 194.18 4 2 1 1.39 51.63 14 0.85 0 0
Kaempferol Cy5H;00¢ 286.24 6 4 0.03 228 76.01 21 0.55 0 0
Genistein Cy5H;00s 270.24 5 3 0.52 2.58 73.99 20 0.55 0 0
Lignan C,5H3005 4585 8 0 158 3.87 121.76 33 0.55 0 0
Luteolin Cy5H;00¢ 286.24 6 4 0.03 228 76.01 21 0.55 0 0
Naringenin CysHp,0s 27225 5 3 0.71 219 7157 20 0.55 0 0
Quercetin Cy5H00; 302.24 7 5 0.56 1.99 78.03 22 0.55 0 0
Resveratrol Cy4Hpy0; 22824 3 3 226 2.76 67.88 17 0.55 0 0
Rottlerin C3oHas0s 516.54 8 5 1.66 5.18 1451 38 0.55 1 2
Rutin Cy7H3006 610.52 16 10 3.89 -1.69 14138 43 0.17 3 4
Silymarin CysH 059 482.44 10 5 0.4 171 120.55 35 0.55 0 1
Apigenin Cy5H;005 27024 5 3 0.52 2.58 73.99 20 0.55 0 0
Berberine CaoHysNO,™ 336.36 4 0 219 3.1 94.87 25 0.55 0 0
Pterostilbene C16H1603 256.3 3 1 2.76 3.36 76.82 19 0.55 0 0

Fig. 1. Drug-likeness Prediction using the SwissADME database. Lipinski filter: MW<500, MLOGP <4.15, N or O <10, NH or OH<5; Ghosh filter:160<MW<480,

—0.4<WLOGP<5.6, 40 <MR <130, 20 <atoms <70, F > 30 %.
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Fig. 2. Boiled egg graphical representation of 17 polyphenols using SwissADME.
. LDg Value | Toxicity L. . L. - - - . -
Ligands “ |Hepatotoxicity | Carcinogenicity | Inmunotoxicity | Mutagenicity | Cytotoxicity | Neurotoxicity | BBB
(mg/kg) Class . . .
Chlorogenic Acid 5000 5 Inactive Inactive Active Inactive Inactive Inactive Active
Ellagic Acid 2991 4 Inactive Active Inactive Inactive Inactive Inactive Active
Curcumin 2000 4 Inactive Inactive Active Inactive Inactive Inactive Active
Ferulic acid 1772 4 Inactive Inactive Active Inactive Inactive Inactive Active
Kaempferol 3919 5 Inactive Inactive Inactive Inactive Inactive Inactive Active
Genistein 2500 5 Inactive Inactive Inactive Inactive Inactive Inactive Active
Lignan 899 4 Inactive Inactive Active Inactive Inactive Inactive Active
Luteolin 3919 5 Inactive Active Inactive Active Inactive Inactive Active
Naringenin 2000 4 Inactive Inactive Inactive Inactive Active Inactive Active
Quercetin 159 3 Inactive Active Inactive Active Inactive Inactive Active
Resveratrol 1560 B Inactive Inactive Inactive Inactive Inactive Inactive Inactive
Rottlerin 1000 4 Inactive Inactive Active Inactive Inactive Inactive Active
Rutin 5000 ] Inactive Inactive Active Inactive Inactive Inactive Inactive
Silymarin 2000 4 Inactive Inactive Active Inactive Inactive Inactive Inactive
Apigenin 2500 5 Inactive Inactive Inactive Inactive Inactive Inactive Inactive
Berberine 200 3 Inactive Active Active Active Inactive Active Active
Pterostilbene 1560 4 Inactive Inactive Active Inactive Inactive Inactive Active

Fig. 3. Toxicity results using ProTox — 3.0 Software. LDso: Median Lethal Dose; BBB: Blood Brain Barrier.

absorption lies between 0 and 100. Compounds with values above 80 %
are considered to have high absorption.

The skin permeability value ranges between —3 and —1. Lower
values suggest low skin permeability of the compounds indicating the
compound’s relevancy for topical or transdermal drug delivery. The P-
glycoprotein inhibition property indicates the compound potentially
affects the drug efflux and increases the intracellular drug

concentration. The volume of distribution value ranges between —2 and
2. A higher value indicates the wide distribution of the compound
throughout the tissues, and a lower value indicates the confinement of
the compound to the plasma.

BBB permeability value ranges between —3 and 1. Values closer to
0 or positive indicate good BBB permeability. Also, the CNS permeability
ranges between —4 and 0. Higher values indicate better CNS
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penetration, which is very important for drugs targeting the brain. The
enzyme interaction property indicates the possibility of the compound
causing drug-drug interactions. Total clearance value ranges between
—1 and 2. Higher values suggest faster clearance, which can affect
dosing frequency and duration of action. The substrate property of
compounds for Renal Organic cation transporter 2 implies the renal
excretion via this transporter. If the compounds show no interaction, it
indicates alternative pathways for renal excretion.

From the pkCSM webserver analysis (depicted in Fig. 4), it was found
that 10 compounds including Ellagic acid, Ferulic acid, Kaempferol,
Genistein, Luteolin, Naringenin, Quercetin, Apigenin, Resveratrol, and
Pterostilbene exerted moderate to good oral bioavailability with varia-
tions depending on solubility and glycoside forms, their ability to cross
BBB. Also, they have shown extensive phase II metabolism (especially
glucuronidation and sulfation) and efficient renal clearance primarily
through urine as conjugated metabolites. These properties play a crucial
role in determining their potential therapeutic applications and dosage
forms, so they were selected for further study, and 7 ligands such as
Chlorogenic acid, Curcumin, Lignan, Rottlerin, Rutin, Silymarin, and
Berberine with unfavourable pharmacokinetic profiles were removed
from the further study.

3.1.3. Prediction of putative targets

Using the Swiss Target Prediction database, a total of 1000 target
genes (refer to the supplementary file) were identified. After discarding
the duplicated genes in the InterActiVenn (http://www.interactivenn.
net/), 343 putative target genes of 10 chosen active compounds were
obtained (refer to the supplementary file). Following the identification
of drugs’ promising targets, 3397 genes linked to AD were obtained from
the DisGeNET database (refer to the supplementary file). Afterward, a
Venn diagram was used to anticipate the shared targets of the
compound-related genes and AD (shown in Fig. 5). A total of 203 pu-
tative genes that protect against AD were chosen and regarded as hub
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Fig. 5. Venn diagram showing the common genes between AD and the selected
polyphenols.

targets.

3.2. Protein-protein interaction (PPI) network construction

One useful resource for predicting protein-protein interactions is the
STRING (Search Tool for the Retrieval of Interacting Genes) database.
The PPI network (displayed in Fig. 6) of gene lists was predicted using
the STRING database version 12.0 (refer to the supplementary file).
Cytoscape (v3.10.1) was used to show the predicted PPI network (shown
in Fig. 7). Using Maximal Clique Centrality (MCC) topological analysis,
the Cytoscape plugin CytoHubba (depicted in Fig. 8) was able to identify
the top 10 core genes (BCL2, NFKB1, STAT3, ESR1, CTNNB1, MTOR,

Wat.e.r Cato2. | Intesm!al i | s | o Total R
, solubility |permeablity| ~ absorption .| P-glycoprotein | P-glycoprotein . .| CYP2DG | CYP3A4 | CYP2DG|CYP3A4| clearance

Ligands ) Permeabllity| ", |(human) (log| permeability |permeability - 0CT2

(log | (logPappin| (buman) (% gk Tinhibitor | Il inbibitor U | (gD | (oS substrate | substrate |inbibitor inhibitor| ~(log ok

molL) | 10-6ews) | Absorbed) ulminkg)

Apigenin | 339 | 1007 %15 ARN No No 0822 | 0734 | 2060 | No | No | No | No | 0366 | No
Silmarn | 3204 | 043 61861 PARN Vs Yes 0369 | 1207 | 369 | No | No | No | No | 0103 | No
Rutin 280 | 0949 23446 ARN No No 1663 | -189 | 0% | No | No | No | No | 0369 | Mo
Rotlerin | 2972 | 0306 72957 AN Yes Yes QA4 ] LA ] 298 | No | Yes | No | No | 0017 | No
Resveratol | 3178 | LI 90935 A0 No No 029 | 0048 | 2067 | No | Yes | No | No | 00% | No
Quercetin | 2925 | 0209 107 PARN No No 1359 | -109% | 3065 | No | No | No | No | 0407 | Mo
Nungenn | =324 | 109 913l ALY No No Q05 ) 0378 | 225 | No | No | Noo | No | 006 | No
Lueolin | -3.094 | 009 §1.13 PARN No No LSS | 0907 | 0 | No | No | No | No | 045 | Mo
Ligian S61 | 18 100 1736 Yes Yes {7 L7 32 ] No | Yes | No | Yes | 03 | No
Genistein | -3.595 | 09 AR PARN No No 009 | 07 | 208 | No | No | No | No | 0131 | No
Kaempferol | 304 | 003 9 1135 No No L4 099 | 228 | No | No | No | No | 0477 | No
Fenlicacid | 2817 | 0176 93.685 A No No 367 ] 0239 | 2612 | No | No | Noo | No | 063 | No
Corowin | 401 | 0093 8119 1764 Vs Yes Q25 ] 036 | 29 | No | Yes | No | Ves | 0002 | No
Ellogic Acid | 3181 | 033 86,684 PARN No No 037 | AL | 38 | No | No | Noo | No | 057 | No
Chlorogenic Acid | -2449 | 084 36377 ARN No No 0580 | 1407 | 3856 | No | No | No | No | 0307 | No
Prerostilbene | 3905 | 179 92,395 2691 No No 023 0317 | 1635 | No | Yes | No | No | 028 | No
Berberiie | 3973 | LTM 91.147 1576 No Ve 038 019 153 | No | Yes | Yes | Yes | LU No

Fig. 4. Comprehensive ADMET Profiling using pkCSM software. Caco2: Cancer coli-2 cells; VDg: The steady-state Volume of distribution; CNS permeability: Central
Nervous System permeability; CYP2D6: Cytochrome P450 2D6; CYP3A4: Cytochrome P450 3A4; Renal OCT2: Renal Organic cation transporter 2.
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Fig. 6. PPI Network analysis between selected polyphenols and targets for AD obtained using STRING Database (12.0).
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Fig. 7. PPI Network using Cytoscape (v3.10.1).
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Fig. 8. Top 10 genes in Cytoscape (v3.10.1) sorted by MCC method. The node
colour changes from red to yellow reflecting the rank from high to low in
the network.

AKT1, PTGS2, RELA, EGFR). Also, detailed protein-protein interaction
network analysis was performed and it indicated that there were 201
proteins (nodes) in the network (displayed in Fig. 9). About 2848 in-
teractions were found between the proteins with an average of each
protein interacting with approximately 28 other proteins with a network
diameter of 7 steps and radius of 1 suggesting the network is highly
connected. This network centrality measure showed significant valida-
tion of PPI performed in our study.

3.3. GO (Gene Ontology) enrichment analysis

Functional annotation and enrichment analysis were carried out
using the Database for Annotation, Visualization, and Integrated Dis-
covery (DAVID) [46]. DAVID was used to estimate the function of the
primary targets at three different levels: cellular component (CC), mo-
lecular function (MF), and biological process (BP). To further investigate
the 203 selected target genes, GO enrichment analysis was executed on
them (refer to the supplementary file). GO enrichment analysis revealed
that most of the target genes were involved in biological processes (BP),
cellular components (CC), and molecular functions (MF) (depicted in
Fig. 10). Autophagy, Nuclear factor kappa B transduction, Amyloid beta

Summary Statistics

Number of nodes: 201

Number of edges: 2848

Avg. number of neighbors: 28.338
Network diameter: 7

Network radius: 1

Characteristic path length: 2.208
Clustering coefficientt 0265
Network density: 0.071
Connected components: 1
Multi-edge node pairs: 0

Number of self-loops: 0

Analysis time (sec): 3.570

Sheet1 (directed)

Fig. 9. Metrics of PPI network analysis performed using Cytoscape.
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clearance, memory process, and regulation of ROS biosynthetic process
in particular dominated the enriched BP ontologies. In the CC analysis,
the amyloid and microsome account for the majority (203 target genes).
Tyrosine-protein kinase, dioxygenase, peroxidase, and other enzymes
dominated the enriched MF ontologies.

3.4. KEGG (Kyoto Encyclopedia of Genes and Genomes) enrichment
analysis

Following the GO enrichment analysis, KEGG pathway enrichment
analysis of the 203 targeted genes was performed using the DAVID
database (refer to the supplementary file). The results of the KEGG
pathway enrichment analysis showed that 277 signal pathways and 203
putative target genes had significant associations (FDR < 0.05). In
Fig. 11, the top 10 pathways with the highest enrichment ratios are
shown.

According to the KEGG enrichment analysis of the top 10 pathways
associated between the selected polyphenols and AD, the most relevant
pathway is the mTOR Signaling Pathway involving the hub genes. Now
previously using Maximal Clique Centrality (MCC) topological analysis,
Cytoscape plugin CytoHubba we found the top 10 target genes involved
between the disease and the drug [47]. By correlating these results, we
can conclude that the mTOR signaling pathway can play a vital role in
AD [48]. Therefore, this can be focused on treating AD using the selected
polyphenols to get a more appropriate outcome.

4. Discussion

The study of natural polyphenols in the context of AD using bio-
informatic tools presents a promising frontier in neurodegenerative
disease research. Advancements in bioinformatics have facilitated the
identification of targets, biomarkers, pathways, and potential thera-
peutics, integrating computational methods into the study of complex
diseases like AD [14]. This approach enhances the understanding of
AD’s pathological mechanisms and the draggability of molecular tar-
gets, leveraging the vast potential of natural polyphenols systematically
and efficiently.

This work serves as both a benchmark for the preliminary screening
of some polyphenols and a novel therapeutic idea for more investigation
into the processes underlying the use of polyphenols in the treatment of
AD. After the initial scrutiny, 10 compounds with desirable pharmaco-
kinetic parameters were further subjected to PPI and Enrichment anal-
ysis. The anti-AD targets of certain polyphenols were mostly related to
the autophagy mechanism, memory, and regulation of the ROS
biosynthetic process as per GO functional analysis. Also, the studies on
the KEGG pathway enrichment analysis showed that targets were linked
to pathways relevant to AD. The network topological analysis also
revealed several high-degree nodes, suggesting key genes that may play
critical roles in Alzheimer’s disease pathology. Modules identified
within the network correspond to known AD pathways, such as neuro-
inflammation and amyloid processing, and the network is highly con-
nected. This high level of connectivity often enhances the network’s
functionality and resilience.

This current research supports the existing interconnection between
the mTOR signaling pathway, the Autophagy mechanism, and AD [49].
An intricate network of molecular signal transduction pathways in-
teracts in the pathogenic process of AD. Autophagy is a catabolic process
by which cells degrade and recycle their components. It involves the
formation of double-membrane vesicles called autophagosomes that
engulf cytoplasmic material, including damaged organelles and pro-
teins. These autophagosomes fuse with lysosomes to form autolyso-
somes, where the contents are degraded and recycled [50]. The
pathophysiology of AD involves upregulation of the mTOR signaling
pathway, which plays an essential role in Autophagy regulation and also
other associated mechanisms (depicted in Fig. 12). The mTOR pathway
negatively regulates autophagy [51]. Impaired autophagy is linked to



A. Subramanian et al.

100+

~
($)]

Fold Enrichment
(&)
o

251

Toxicology Reports 13 (2024) 101715

Cellular component

Molecular function
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Fig. 11. Top 10 KEGG terms of hub genes.

the accumulation of protein aggregates in diseases like AD. Modulating
mTOR and autophagy may offer therapeutic benefits against the disease.
The mTOR signaling system and autophagy are inextricably linked.

A growing body of scientific evidence suggests that polyphenols
usually have a neuroprotective effect on AD pathology. Some of them
usually act by the anti-oxidant potential to combat the free radicals

which in turn results in the inhibition of apoptosis and also helps in
regulating the autophagy mechanism [52,53]. The current study
meticulously explains the association between certain polyphenols and
the mTOR signaling pathway and the etiology of AD, offering an
analytical framework for the use of polyphenols for the management of
AD [54,55]. Still, several other pathways need to be investigated in
future studies.

5. Conclusion

Alzheimer’s disease has substantial financial implications and is the
second most common cause of death and disability globally. Despite the
vast amount of research exploring multiple paths leading to AD and
increasing awareness of the pathogenesis of the disease, the difficulty of
translating research into clinical settings has significantly hampered
developments in AD research. Our study has shed light on the possible
interaction between certain polyphenols and the mTOR pathway,
through which they can influence the regulation of the Autophagy
mechanism, providing betterment against AD. Compared to single nat-
ural or pharmaceutical chemical substances, significantly more effective
outcomes can be acquired in a shorter amount of time by ingesting foods
or natural items with an increased and diverse level of polyphenols
(polyphenol cocktail). Therefore, further research is needed in the future
to explore other pathways and genes to provide in-depth knowledge in
the prevention of AD and also laboratory experiments are warranted to
further explore the pharmacological potential of the shortlisted poly-
phenolic compounds and their derivatives with a focus on developing a
promising drug candidate against AD.
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