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Abstract

The present study aimed to assess the pharmacological mechanism of Salvia officinalis in
Neurodegenerative disorders using a network pharmacology approach followed by molecular docking
analysis. Phytoconstituents of S.officinalis were obtained from various databases, followed by the
screening of active ingredients using the Swiss ADME web tool. Potential targets of active ingredients
were identified using PubChem & SwissTargetPrediction. Genes related to Alzheimer’s disease (AD),
Parkinson’s disease (PD), and Huntington’s disease (HD) were gathered using online databases. Besides,
the correlation between active ingredient targets and disease-associated genes was linked. Networks
were constructed, visualized, and analyzed using Cytoscape. Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genome (KEGG) pathway enrichment analysis were performed using DAVID
database. Decisively, Autodock was used for molecular docking. The results of network analysis
identified 9 key active ingredients based on topological analysis of the active ingredient - candidate
targets network. Also, the analysis revealed a shared target of 9 key active ingredients of S. officinalis
that interacted with 133 AD-related targets whereas only 6 active ingredients interacted with 85 and 58
targets of PD and HD respectively. The core genes from the network were AKT1, BACE1, CASP3, MAPKT,
TNF, and IL6. Furthermore, GO and KEGG enrichment analysis showed that FOXO, TNF, MAPK, PI3K-Akt,
Rap 1, and neurotrophin signalling pathways as enriched, which were further validated by molecular
docking suggesting the protective role of S. officinalis in neurodegenerative diseases. Our research
reveals the therapeutic benefits of S. officinalis, which might play a crucial role in modulating
neurodegenerative diseases.

1. Introduction

Neurodegenerative disorders (NDDs) are incurable and debilitating conditions that affect around one
billion people worldwide. These are characterized by progressive degeneration and/or the death of nerve
cells. Depending upon the occurrence, the two most prevalent NDDs are Alzheimer’s Disease (AD) and
Parkinson’s Disease (PD) (Bulck et al., 2019). In addition, there is Huntington’s Disease (HD) which is
caused by a CAG triplet repeat expansion in Huntingtin (HTT) gene, which encodes an expanded
polyglutamine stretch in the HTT protein (Ross and Tabrizi, 2011). NDDs such as AD, PD and, HD are the
main cause of dementia worldwide (Davis et al., 2014; Fischer and Maier, 2015).

Over the past decades, the philosophy of drug design has relied on the “one gene, one drug, one disease”
paradigm which focuses on designing maximally selective ligands that act on individual drug targets
(Hopkins, 2008). However, in real biological systems, it has been appreciated that many effective drugs
act on multiple proteins rather than single targets. Developing a new drug is a lengthy, expensive, and
time-consuming process (Zhang et al., 2012). Despite the dramatic increase in global spending on drug
discovery and development, the approval rate for new drugs is declining. This unproductivity in drug
approval can be overcome by the novel concept of network pharmacology, which is built on the
fundamental concept that drugs modulate multiple targets (Zhou et al., 2016). NDDs are complex and
multi-factorial in origin (Tan et al., 2015), and multiple stages along the disease pathway may need to be
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manipulated simultaneously for effective treatment of the disease. For mono-factorial diseases, the drug
is directed toward a single target, however, for complex diseases, the hypothesis of a multi-target
strategy is considered more superior and efficient (Chandra and Padiadpu, 2013). Due to the component
diversity, higher multi-target activity, and lower toxicity, herbs become an important source for
developing multitarget drugs. Herbal medicines have received extensive attention as potential
treatments for NDDs. The multiple components of herbs could hit multiple targets (Ke et al., 2016).

Salvia officinalis commonly known as Sage, culinary sage, garden sage, and common sage, is a
multipurpose culinary herb belonging to Lamiaceae family. It was earlier used for treating cognitive
impairment, Alzheimer’s disease besides being used in traditional Indian Siddha medicine, for the
treatment of asthma, bronchitis, migraine, and rhinitis (Hamidpour et al., 2014; Ghorbani and
Esmaeilizadeh, 2017). It has been reported that S. officinalis exhibits CNS acetylcholine receptor activity,
along with nicotinic and muscarinic binding properties (Wake et al., 2000). It also exhibits potential
antioxidant properties, an effect that is presently relevant to the treatment and prevention of Alzheimer’s
disease and other neurodegenerative disorders. In various randomized placebo-controlled trials, it
improved mood and cognitive functions (Akhondzadeh et al., 2003; Kennedy et al., 2006).

Hence, the current study aims to identify the potential phytoconstituents from S. officinalis, recognize

their targets involved in NDD, and report the probable pharmacological mechanism in its management
using a network pharmacological approach. The study establishes a basis in favour of its therapeutic

application against neurodegeneration and considering it for further studies.

2. Materials and Methods
2.1. Assessing the phytoconstituents of S. officinalis

All the phytoconstituents of S. officinalis were mined from available literature and publicly available
databases: Indian Medicinal Plants, Phytochemistry and Therapeutics (IMPPAT) (https://cb.imsc.res.in/)
and Dr. Duke’'s Phytochemical and Ethnobotanical database (https://phytochem.nal.usda.gov/).

2.2. Screening the active ingredients of S. officinalis

Data of three ADME-related parameters, including Drug Likeness (DL), Gastrointestinal (Gl) absorption,
and ability to cross Blood-Brain Barrier (BBB) was retrieved from the SwissADME database
(http://www.swissadme.ch/), using the canonical SMILE values for each compound. The “Rule-of-five”
proposed by Lipinski, used to determine whether a molecule is well absorbed or not was implicated for
screening. The rules are Molecular Weight (MW < 500), octanol/water partition coefficient (ClogP) < 5, no.
of Hydrogen Bond Donors (HBD) < 5, no. of hydrogen bond acceptors (HBA) < 10. If a compound violates
two or more rules it may not be orally active (Tian et al., 2015).The screening criteria were defined as
follows: Gl absorption defined as “high”, the ability to cross BBB defined as “yes” and DL (Lipinski)
defined as “Yes, 0 or 1 violations” (Oh et al., 2021). The results obtained after the screen were considered
as potential active ingredients.
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2.3. Prediction of Compound related targets

The targets of active ingredients were obtained using SwissTargetPrediction
(http://www.swisstargetprediction.ch/). Predicted targets limited to “Homo sapiens” and “Probability > 0"
were obtained..

2.4. Identification of targets related to NDDs

Targets related to NDDs such as AD, PD, and HD were obtained from DisGeNet
(http://www.disgenet.org/), Therapeutic Target Database (TTD) (http://bidd.nus.edu.sg/group/cjttd/),
Genecards (http://www.genecards.org/) and Malacards (http://www.malacards.org/).Target gene names
collected from the above databases were uniformly standardized against UniProt knowledgebase
(http://www.uniprot.org/).

2.5. Screening the targets of S. officinalis associated with
NDDs

The targets of active ingredients were mapped to NDD related target genes to obtain candidate targets
of S. officinalis that act against NDDs. Mapped Targets with probability value > 0.1 were selected for
further analysis. Moreover, targets that were common to AD, PD, and HD were analysed and visualized
using Venny 2.1 (https://bioinfogp.cnb.csic.es/tools/venny/index.html) webtool.

2.6. Network Construction and Topological analysis

An online tool Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) was used to
construct a Protein-Protein Interaction network among the targets. This network consisted of nodes and
edges representing targets of their intermolecular interactions, respectively. Furthermore, the lists of AD,
PD, and HD-related genes were retrieved from various databases. The targets related to NDD were those
matched with S. officinalis key active ingredient targets. To demonstrate and visualize the interaction of
S. officinalis active ingredients with targets associated with NDDs, a network was constructed using
Cytoscape software (https://cytoscape.org/).

Topological analysis was used to detect proteins that can act as essential drug targets (Panagiotou and
Taboureau, 2012). Key nodes in the network were found, using NetworkAnalyzer plugin of cytoscape. Key
nodes were identified with the following topological parameter criterion: 1) Nodes with “degree”,
“betweenness centrality” (BC), and “closeness centrality” (CC) values higher than the corresponding
average values; and 2) Nodes with “average shortest path length” (ASPL) values lower than the
corresponding average values. Nodes with higher degree/betweenness centrality/closeness centrality
and lower average shortest path length were considered important nodes in the network and such high
degree nodes were termed as “hubs”.

2.7. Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analysis
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GO and KEGG pathway enrichment analysis was performed using an online biological knowledgebase
and analysis tool - Database for Annotation, Visualization Integrated Discovery (DAVID) database
(https://david.ncifcrf.gov/). GO and KEGG terms with a p-value of < 0.05 were considered significant.

2.8. Molecular docking Analysis

Active ingredients having the highest degree and targets associated with AD, PD and HD were selected
for docking. Targets having a crucial role in the inflammation, apoptosis, and other risk factors related to
the pathobiology of NDD were selected. Additionally, majority of the targets involved were also the hub
nodes in the PPI network besides played a significant role in KEGG signalling pathways, were also used
for docking. The 2D structure files for active ingredients were obtained from the PubChem database and
minimized using MMFF94 forcefield by Avogadro. The crystal structure files of target proteins were
acquired from the RCSB Protein Data Bank (PDB database, http://www.rcsb.org/). We used PyMOL 2. 3.
4 software to remove ligand on the binding sites. Furthermore, the AutoDock Tool was used to prepare,
run, and analyze the docking simulations. Docking simulations were performed using the Lamarckian
genetic algorithm (LGA) and analysed using autodock to predict the binding affinity of molecules with
target. After docking the ligand-protein 2D interactions were visualized using Maestro (Schrodinger).

3. Results
3.1. Active ingredients of Salvia officinalis

A total of 163 phytoconstituents of S. officinalis were obtained from IMPPAT, Dr. Duke’s Phytochemical
and Ethnobotanical database, and available literature. Out of 163 phytoconstituents, 47 were screened
out based on ADME properties such as DL, Gl absorption and ability to cross BBB. Most of these
constituents showed optimal pharmacokinetic properties and were considered to be potential active
ingredients of S. officinalis. The detailed characteristics of potential active ingredients of S. officinalis
were shown in Supplementary Table 1 (Table S1).

3.2. Screening the targets of S.officinalis active ingredients

Targets of 47 active ingredients with “Probability > 0" were obtained from SwissTarget prediction
database.

3.3. Screening the targets of NDD and construction of PPI
network

Targets related to AD, PD and HD were obtained from DisGeNet, TTD, Genecards and Malacards. A total
of 1284-AD-related, 914-PD-related, 410-HD related target genes were obtained. Among these targets
251 targets were common to AD, PD and HD (Fig. 1a). Disease target network was constructed, nodes
with high confidence = 0.700 were selected. Disconnected nodes were removed from the network. The
network was then analysed using NetworkAnalyser plugin of Cytoscape, topological parameters
calculated; nodes with “degree”, BC and CC values greater than and ASPL value lower than average of
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the corresponding values were selected, as they represented key targets in the disease network. The
network consisted of 59 nodes and 653 edges. In (Fig. 1b) TP53, AKT1, HSP90AAT1, EGFR, STATS3,
CASP3, JUN, TNF, MAPK1, BDNF, APP, IL6 were recognised as important NDD related targets in disease
target network of NDD (Supplementary Table 2: Table S2).

3.4. Candidate targets of S. officinalis with therapeutic
effect against NDDs

Candidate targets associated with NDD were obtained by mapping the targets of active ingredients with
the targets related to AD, PD and HD. Furthermore, common targets were screened based on probability
value = 0.1 for study. A total of 142 targets of S. officinalis, were associated with AD, whereas 102 targets
of S. officinalis were associated with PD and 75 targets, associated with HD.

3.5. Construction of S. officinalis active ingredients and
NDDs target network

“Active ingredients-candidate targets” network for AD (Fig. 2a) (Supplementary table 3: Table S3), PD
(Fig. 2b) and HD (Fig. 2c) (Supplementary table 4 & 5 respectively: Table S4 &S5) was constructed using
Cytoscape software. In these networks each active ingredient was connected to more than one target
and each target was shared by multiple active ingredients. Thus, demonstrating multi-target and multi-
component activity of S. officinalis.

3.6. Topological analysis and construction of key active
ingredient and NDD target network

Topological analysis of Active Ingredient-Candidate target was done after analysing the network using
NetworkAnalyser plugin of cytoscape. The key nodes in the network were identified. LA28: Linoleic Acid,
AA17: Abietic Acid, V15: Viridiflorol, MR18:7-Methylrosmanol, C13: Carnosol, S30: Salviol, EO4: Eugenol,
PCA24: p-coumaric acid, C20: 2-coumarinate, with degrees of 51,42,37,36,35,25,16,14 and 11
respectively, represented the key active ingredients, these 9 active ingredients shared 133 AD related
targets. In PD active ingredient-candidate target network, (Fig. 2b) topological analysis revealed, 6 key
active ingredients (LA22: Linoleic acid, V12: Viridiflorol, AA13: Abietic Acid, C11: Carnosol, MR14:7-
Methylrosmanol, S24: Salviol), with degrees of 29,27,26,23,21 and 19 respectively, these 6 active
ingredients shared 85 PD-related targets. In HD active ingredient-candidate target network, (Fig. 2c)
topological analysis revealed 6 active ingredients (LA21: Linoleic acid, V10: Viridiflorol, MR13:7-
Methylrosmanol, C09: Carnosol, AA11: Abietic acid, S22: Salviol), with degrees of 21,19,16,16,15 and 11
respectively representing key active ingredients. These 6 active ingredients shared 58 HD-related targets.
AD, PD and HD related targets were analysed and duplicate targets were removed to construct an
integrated network of key active ingredients of S.officinalis and their NDD related targets (Fig. 3).

3.7. PPl analysis of key active ingredient related targets
against NDDs
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To explore the relationship between 133 AD-related, 85 PD-related and 58 HD-related targets of S.
officinalis, protein-protein interaction (PPI) analysis was performed using STRING database (high
confidence = 0.700). Targets that were common between AD, PD and HD were analysed and visualised
using Venny 2.1 tool. 45 common targets related to NDD were obtained (Fig. 4a). PPl network was
constructed and it consisted of 41 nodes and 147 edges (4 disconnected nodes were eliminated from
the 41-node network) (Fig. 4b). Topological analysis was performed by NetworkAnalyzer plugin of
cytoscape and 6 key NDD-related targets i.e, TP53, AKT1, EGFR, MAPKT1, ESR1, MAPK14 were obtained
(Fig. 4c).

3.8. Gene Ontology and KEGG Enrichment Analysis

45 NDD-related targets were further analysed to elaborate the neuroprotective role of S. officinalis
against NDDs. Top 20 highly enriched GO terms under BP included regulation of transcription, signal
transduction, response to drug, apoptotic processes, regulation of cell proliferation, response to hypoxia
(Fig. 5a). In the CC category, the target proteins were primarily distributed in cytoplasm followed by
cytosol and nucleus (Fig. 5b). In the MF category, target proteins were mainly involved in protein binding
(Fig. 5¢).

To identify pathways that are enriched and likely to be involved in neuroprotective effects of S. officinalis,
KEGG enrichment analysis of 45 NDD-related targets was performed using DAVID database with a p
value cut off < 0.05. Top 20 pathways based on the number of enriched genes and p value were selected
and represented as bar plots respectively (Fig. 5d). KEGG analysis of 45 NDD-related targets revealed
that the targets were closely related to pathways in cancer, FoxO signalling pathway, TNF signalling
pathway, MAPK signalling pathway, PI3K-Akt signalling pathway, Rap1 signalling pathway, Neurotrophin
signalling pathway etc (Fig. 5d).

In addition, we identified targets related to NDD that were shared between multiple pathways and
constructed a target-pathway network (Fig. 6a). MAPK1, AKT1, RAF1, MAPK10, BRAF, TP53, TNF, IL6,
CASP3 were among the targets that act via multiple pathways, thus were considered as highly enriched
genes. Top 20 pathways shared 31 targets, out of which 24 targets participated in more than 1 pathway,
thus key active ingredients of S. officinalis may act via multiple pathways to exert neuroprotective effect.

Moreover, to figure out the mutual effect of disease, pathways, S. officinalis active ingredients and their
NDD related targets an intrinsic network was set up, by selecting NDD related pathways that included
pathways in cancer, FoxO signalling pathway, TNF signalling pathway, MAPK signalling pathway, PI3K-Akt
signalling pathway, Rap1 signalling pathway, and Neurotrophin signalling pathway (Fig. 6b). Thus, this
network describes the effect of Sage active ingredients on NDD related targets and their effect via
modulation of multiple pathways. Pathway analysis of this network revealed pathways in cancer, Foxo
signalling pathway, TNF, MAPK PI3K-Akt, Rap-1, neurotrophin, pathways as highly enriched. Further AD,
PD and HD related genes modulated by S. officinalis active ingredients were also shown in Fig. 7.
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Finally, NDD related pathways were analyzed. In AD-pathway, a total of 17 target proteins were involved
including those that are involved in amyloidogenesis (BACE), neuronal growth and survival (MAPKT1),
inflammation (TNF), apoptosis (CASP3, CASP8). Besides APH1A, APH1B, PSEN1, PSEN2, PSENEN were
also among the targets of S. officinalis active ingredients (Fig. 7a).

3.9. Molecular Docking between key active ingredients and
potential targets.

From the main active ingredients- candidate targets network of AD (Fig. 2(a)) and topological analysis of
the network, LA28-Linoleic acid, AA17-Abietic acid, V15-Viridiflorol, MR18-7-Methylrosmanol, C13-
Carnosol, S30-Salviol, E04-Eugenol, PCA24-p-coumaric acid, C20-2-coumarinate had the highest number
of targets related to AD. Targets such as AKT1, BACE1, CASP3, MAPK1, TNF, IL6 were selected because
they not only represented the key nodes of the PPI network, but also played an important role in KEGG
signalling pathways. Furthermore, these targets also played crucial roles in inflammation, oxidative
stress and apoptotic processes, which are associated with pathology of NDDs. The results of molecular
docking of nine active ingredients to six NDD related targets were shown in Table 1. Molecular docking
was followed by binding energy analysis. Binding energy (B.E) indicates whether the ligand molecule
effectively binds to the receptor, with lower energy values suggesting better binding capacity of the
ligand and receptor. Inhibition constant (Ki) is reflective of the binding affinity, smaller value indicating
better affinity.
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Table 1

Molecular docking of NDD related key targets with S.officinalis key
active ingredients

Ligands
Linoleic acid
Linoleic acid
Linoleic acid
Linoleic acid
Linoleic acid
Linoleic acid
Abietic acid
Abietic acid
Abietic acid
Abietic acid
Abietic acid
Abietic acid
Viridiflorol
Viridiflorol
Viridiflorol
Viridiflorol
Viridiflorol
Viridiflorol

7-Methylrosmanol
7-Methylrosmanol
7-Methylrosmanol
7-Methylrosmanol
7-Methylrosmanol

7-Methylrosmanol

Carnosol

Carnosol

Target
AKT
BACE1
CASP3
MAPK1
TNF
IL6
AKT
BACE1
CASP3
MAPK1
TNF
IL6
AKT
BACE1
CASP3
MAPK1
TNF
IL6
AKT
BACE1
CASP3
MAPK1
TNF
IL6
AKT
BACE1

PDB
4EKL
6JT4
3ITN
6RQ4
sSuul
TALU
4EKL
6JT4
3ITN
6RQ4
SUUI
TALU
4EKL
6JT4
3ITN
6RQ4
SUuI
TALU
4EKL
6JT4
3ITN
6RQ4
SUUI
TALU
4EKL
6JT4
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Binding Energy (Kcal/mol)
-4.12
-4.27
-5.23
-4.71
-3.62
-5.78
-7.95
-7.17
-8.12
-7.63
-6.9
-8.39
-6.17
-5.6
-5.59
-6.37
-5.52
-6.53
-7.46
-7.32
-6.48
-6.64
-6.23
-7.37
-7.75
-6.73




Ligands
Carnosol
Carnosol
Carnosol
Carnosol

Salviol

Salviol

Salviol

Salviol

Salviol

Salviol

Eugenol
Eugenol
Eugenol
Eugenol
Eugenol
Eugenol
p-coumaric acid
p-coumaric acid
p-coumaric acid
p-coumaric acid
p-coumaric acid
p-coumaric acid
2-Coumarinate
2-Coumarinate
2-Coumarinate
2-Coumarinate
2-Coumarinate

2-Coumarinate

Target
CASP3
MAPK1
TNF
IL6
AKT
BACE1
CASP3
MAPK1
TNF
IL6
AKT
BACE1
CASP3
MAPK1
TNF
IL6
AKT
BACE1
CASP3
MAPK1
TNF
IL6
AKT
BACE1
CASP3
MAPK1
TNF
IL6

PDB
3ITN
6RQ4
SUUI
TALU
4EKL
6JT4
3ITN
6RQ4
SUUI
TALU
4EKL
6JT4
3ITN
6RQ4
SUUI
TALU
4EKL
6JT4
3ITN
6RQ4
sSuUul
TALU
4EKL
6JT4
3ITN
6RQ4
SUUI
TALU

Binding Energy (Kcal/mol)
-6.44
-6.35
-6.34
-6.7
-71.77
-6.57
-6.33
-7.4
-6.28
-6.47
-5.69
-4.54
-4.26
-4.5
-4.87
-4.5
-5.46
4.5
-6.35
-5.45
-5.54
-5.77
-5.91
-5.09
-5.66
-5.44
-5.38
5.8
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Among these targets Linoleic acid showed the highest binding affinity with IL6, CASP3 and MAPK1, with
a binding energy of -5.78, -5.23, -4.71 respectively. Abietic acid showed highest binding affinity with IL6,
CASP3, AKT1, with a binding energy of -8.39, -8.12, -7.95 respectively (Table 1). Viridiflorol showed
highest binding affinity with IL6, MAPK1, AKT1.7-Methylrosmanol showed highest binding affinity with
AKT1, IL6, BACE1. Carnosol showed highest binding affinity with AKT1, BACE1, IL6. Salviol showed
highest binding affinity with AKT1, MAPK1, BACE1. Eugenol with AKT1, TNF, BACE1. p-coumaric acid
with CASP3, IL6, TNF.2-coumarinate with AKT, CASP3, MAPK1 (Table 1). Docking results also
demonstrate that linoleic acid and abietic acid interacted with key NDD related targets via hydrophobic
and polar interactions. Viridiflorol, 7-methylrosmanol, carnosol, salviol, eugenol, p-coumaric acid and 2-
coumarinate interacted with NDD related targets via hydrogen bonds, polar and hydrophobic interaction
(Supplementary data 6: Table S6). The results indicated that these active ingredients showed potential
binding affinities with key NDD related targets (particularly AD) which could be considered as an in-silico
approach for validation of ingredient-target interactions.

4. Discussion

Based on network pharmacological approach, we decoded the molecular mechanism of action of S.
officinalis against NDDs. Initially we explored and identified various phytoconstituents of S. officinalis,
characterized their pharmacokinetic properties and screened the phytoconstituents on the basis of their
G.l absorption, drug-like properties and BBB accessibility. The targets of active ingredients were
identified and mapped with NDD related targets. Thus, targets of S. officinalis acting upon AD, PD and HD
were identified.

We identified 9 chemical compounds, including Linoleic acid, Abietic acid, Viridiflorol, 7-Methylrosmanol,
Carnosol, Salviol, Eugenol, p-coumaric acid, and 2-coumarinate as potential active ingredient of S.
officinalis after performing topological analysis of the active ingredient - candidate targets network.
Among these, many of them have been widely reported to possess anti-oxidant, anti-inflammatory
properties with a protective effect against neurodegeneration (Lee et al., 2011; Trevizan et al., 2016;
Lopresti, 2017; Kang, Zhang and Yuan, 2018).

Linoleic acid, a polyunsaturated fatty acid, showed a protective effect against AB-42 cytotoxicity and
exhibited a strong anti-oxidant effect on Drosophila NDD model (Lee et al., 2011). Another active
ingredient abietic acid exhibited anti-inflammatory effects by inhibiting NF-kB and MAPK signalling
pathways in non-small-cell lung cancer (NSCLC) cell lines and human osteoarthritis chondrocytes (Kang,
Zhang and Yuan, 2018; Liu et al., 2019). Carnosol, a phenolic diterpene from sage showed a protective
effect in mouse primary cortical neuronal cultures from H,0, induced cell death (Fischedick et al., 2013).
It is the most effective antioxidant from S.officinalis, possesses high anti-oxidant activity, and can either
stimulate endogenous anti-oxidative defence system or scavenge reactive species (Hamidpour et al.,
2014). Production of nerve growth factor, a neurotrophin important for neuronal growth, survival and
maintenance has also been shown to be enhanced by carnosol (Lopresti, 2017). Progression of NDDs is
reportedly being suppressed by carnosol via modulation of inflammation and oxidative stress signalling
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pathways (Kashyap et al., 2017). Carnosol was reported to activate PPARy (Christensen et al., 2010),
which plays an important role in inflammatory responses. p-coumaric acid, a phenolic acid has shown
anti-oxidant activity (Sytar et al., 2018) and neuroprotective role in rat model of embolic cerebral
ischemia (Guven et al., 2015) and in an in vitro study p-coumaric acid attenuated BAmyloid 25 - 35-
Induced toxicity through regulation of the NF-kB signalling Pathway in PC12 Cells (Yoon et al., 2014) p-
coumaric acid also protects neurons against injury induced by 5-S-cysteinyl-dopamine in vitro, 5-S
cysteinyl-dopamine possess strong neurotoxic effects and may contribute to the progression of PD
(characterized by progressive and selective loss of dopaminergic neurons in substantia nigra) (Vauzour,
Corona and Spencer, 2010).Therefore the above components indicate their effectiveness for treating
NDDs.

Furthermore, active ingredient-candidate targets network analysis revealed 9 active ingredients of S.
officinalis interact with 133 AD-related targets whereas only 6 active ingredients of S. officinalis interact
with 85 targets of PD and 58 HD-related targets. The intersection of the three lists identified 45
therapeutic targets of S. officinalis related to AD, PD and HD (Fig. 4a). The PPI analysis of these targets
revealed key targets associated with NDD and these predicted interactions imply that the active
ingredients of S. officinalis interact with proteins that have known functions in neurological disorders,
which might describe its therapeutic potential. KEGG pathway analysis revealed FOXO signalling, TNF
signalling pathways as highly enriched.

Mammalian forkhead transcription factors of the forkhead box class O (FoxO) are considered as
promising targets for disorders of the nervous system, such as AD, PD, and HD. FoxO proteins are
expressed selectively in the nervous system and play a crucial role in oxidative stress, autophagy, and
apoptotic processes. They can lead to the induction of autophagy and promote cell survival, during
oxidative stress to clear the presence of toxic proteins like a-synuclein and AB (Maiese, 2015).

Furthermore, GO and KEGG enrichment analysis was performed for AD, PD, and HD-related targets.
Considering this, we recognized a subset of proteins, AKT1, BACE1, CASP3, MAPK1, TNF, and IL6 which
exert their response by distinctive biological pathways. Molecular docking followed by binding energy
calculation revealed that active constituents of S. officinalis showed a significant binding affinity with
these targets. Likewise, these targets play crucial roles in inflammation, oxidative stress, and apoptotic
processes, which are associated with the pathology of NDDs (Jellinger and Stadelmann, 2001; Spittau et
al., 2012; Fischer and Maier, 2015; Rai et al., 2019a). For example, AKT (also known as protein kinase B),
a regulatory protein acts as a regulator of cell survival, transcription, metabolism, and progression of the
cell cycle. Various isoforms of AKT are significantly expressed in the nervous system and play a crucial
role in neuroprotection. It has been reported that active phosphorylated Akt aids in cell survival (Chong
et al., 2012; Rai et al., 2019b) .In the PI3K-Akt signalling pathway, Akt plays a central link where it gets
translocated from the cell membrane to the nucleus and affects transcriptional regulators and factors
upon activation, for instance, mTOR, NF-kB, GSK-33, CREB, caspase, and BCL2 (Gao et al., 2021).
Therefore its targeting has been proposed as a practical approach to suppress ND progression (Rai et
al., 2019a). Various studies have reported the neuroprotective role of polyphenolic anthocyanins by
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reducing oxidative stress and improves memory dysfunction, via regulation of the PI3K/Akt/Nrf2
pathway (Ali et al., 2018).

Caspase-3 (CASP3) is a key pro-apoptotic protease involved in neuronal programmed cell death
(D’Amelio, Sheng and Cecconi, 2012). CASP3 is one of the common targets of S. officinalis based on the
results of PPI. Our network pharmacology analysis also revealed PI3K/Akt signalling pathway is enriched
which, along with MAPK signalling regulates cell growth and survival. Furthermore, S. officinalis targets
caspase, which is one of the transcription regulators of PI3K/Akt pathway, maintaining cell survival
through upregulating Bcl-2. p38 MAPK signalling and its association with the neurodegenerative disease
have been studied in past few years. MAPK signalling is involved in a wide variety of physio pathological
processes, such as cell growth, apoptosis, differentiation & development (Venigalla and Turner, 2012). It
is a potential regulator of inflammation and target to break the unwanted amyloid-beta toxicity cycle
(Kheiri et al., 2018). Moreover, MAPK1 is involved in the phosphorylation of tau protein (Lee and
Trojanowski, 2006). Drugs that target the p38 MAPK signalling pathway directly, might demonstrate a
valuable strategy for the treatment of AD (Gao et al., 2021). Additionally, p38 MAPK is well-characterized
oxidative stress-responsive pro-death signalling pathways, appears to participate in neuronal cell death
in PD models (Karunakaran and Ravindranath, 2009). TP53, TNF, PTGS2 or COX, and IL6 the
inflammatory cytokines are also a common target of S. officinalis identified by our study. TP53 or p53,
acts as a tumour suppressor and has been called “the guardian of the genome”. It plays an important
role in many areas of cellular physiology and biology, ranging from cellular development and
differentiation to cell cycle arrest and apoptosis. A substantial increase in p53 level and activity seems to
be a common feature of all neurodegenerative diseases (Szybinska and Lesniak, 2017). Hence, inhibition
of p53 may present an ideal target to restore neuronal functions. p53 functionally interacts with cellular
or viral factors and this interaction leads to mitochondrial deregulation and activation of the caspase
pathway, which could promote cell dysfunction and death (Chang et al., 2012). Moreover the
neuroprotective role of p53 in Drosophila model of tau-mediated neurodegeneration was also described
(Merlo et al., 2014). PTGS2 or COX-2 (prostaglandins) play a regulatory role in inflammation.
Cyclooxygenases are key mediators of inflammation. Role of COX-2 in neuroinflammation and
neurodegeneration is well studied. Inhibition of COX-2 remains a valuable target as a potential
neuroprotective treatment strategy aimed at halting or slowing the progression of disease (Teismann,
2012).TNF a cytokine and its type 1 receptor (TNFRI) are associated with cerebral neuroinflammation
and regulate amyloid formation through secreted enzymes. Designing drugs to reduce the production of
TNFaq, such as P38 MAPK, and TNF receptor antagonist inhibitors might prove an effective treatment
strategy to treat cognitive impairment and other neurodegenerative diseases (Gao et al., 2021). Our
study also shows inflammation-related pathway, including TNF signaling, HIF-1 pathways as enriched,
indicating that the anti-inflammatory action of S. officinalis could play a significant role in the treatment
of NDD. The B-secretase (BACE1) cleaves amyloid precursor protein leading to the production of
amyloid-beta in the brain and its aberrant activity is associated with AD. Therefore, it is a potential target
for the reduction in AB aggregation via inhibition of BACE1 activity (Cole and Vassar, 2007; Hamidpour et
al., 2014). Recently, a study reported that fucosterol shows non-competitive inhibition against B-
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secretase which was further confirmed by network pharmacology and in silico analysis (Jung et al.,
2016; Hannan et al., 2019).

Our network pharmacology study revealed that S. officinalis interacted with B-secretase, suggesting its
effective anti-amyloidogenic activity. Furthermore, KEGG pathway analysis also demonstrates that
signalling pathways involved in neuronal growth and survival such as FOXO signalling, cAMP signalling,
and neurotrophin signalling are enriched suggesting the protective role of S. officinalis in NDDs.

5. Conclusion

Here we report for the first time that S. officinalis active ingredients interacted with NDD related proteins
such as Akt1, BACET, Caspase-3, MAPK1, TNF and IL-6, which are involved in several cellular and
molecular pathways related to neuronal growth and survival. We further validated these proteins through
molecular docking. Due to the complex pathogenesis of NDDs, we propose that the active ingredients of
S. officinalis may act by modulating different pathways and interact with key NDD related targets thus
demonstrating the multi-component, multi-target and multi-pathway function of Sage. Our study provides
a molecular basis for the use of S. officinalis active ingredients as therapeutic components against
NDDs requiring further investigations.
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Figure 1.PPI network of NDD related targets (a) Venn diagram representing common targets between AD, PD and HD (b) NDD target
network.

Brown round nodes represent NDD-related targets, and size of nodes is directly proportional to degree centrality by topological analysis.
Colour of nodes are displaved in a gradient manner, darker the node, greater the degree and more important it is in the network.
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See image above for figure legend.
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Figure 2: S.officinalis active ingredients- candidate target network of NDD

(a) Active ingredients- candidate targets network of AD (b) Active ingredients- candidate targets network of PD (c) Active ingredients- candidate targets network
of HD
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Figure 2

See image above for figure legend.
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Figure 3. Integrated network of S. gfficinalis kev active ingredients and their NDD related targets. ie, nine key active ingredients
of S. officinalis and ther AD related targets. Six key active mgredients of S.gfficinalis and ther PD, HD related targets.

Six rectangular, darker coloured nodes represent key active ingredients that are common to AD.PD and HD while remaining three
active ingredients are AD-related and lighter nodes represent NDD related targets.
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See image above for figure legend.
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Figure 4. PPl network of key active ingredients -related targets against NDDs.
(a) Venn diagram showing intersection or common AD, PD and HD related targets of S. gfficinalis (b) PPI network of 41 NDD-related targets.

Nodes represent target proteins, and edges represent interactions among targets. Larger and darker the node more important it is in the network
(c) Key NDD-related targets of S. officinalis active ingredients.

Figure 4

See image above for figure legend.
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Figure 5. GO enrichment analysis and KEGG enrichment analysis of 45-NDD-related target genes.

Figure 5

See image above for figure legend.
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Figure 6. NDD target-pathway network. (a) Network of 20 pathways and their shared targets. (b) Integral network of
S.officinalis active ingredients, AD. PD.HD related targets and their NDD related pathways.

Figure 6

See image above for figure legend.
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Figure 7. Pathways of NDDs in KEGG pathway analysis (C’) Huntlngton Disease pathway
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Figure 7

See image above for figure legend.
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