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Abstract: A combination of network pharmacology, molecular docking and ADME/drug-likeness
predictions was employed to explore the potential of Salvia officinalis compounds to interact with key
targets involved in the pathogenesis of T2DM. These were predicted using the SwissTargetPrediction,
Similarity Ensemble Approach and BindingDB databases. Networks were constructed using the
STRING online tool and Cytoscape (v.3.9.1) software. Gene Ontology (GO), Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathways analysis and molecular docking were performed us-
ing DAVID, SHINEGO 0.77 and MOE suite, respectively. ADME/drug-likeness parameters were
computed using SwissADME and Molsoft L.L.C. The top-ranking targets were CTNNB1, JUN,
ESR1, RELA, NR3C1, CREBI1, PPARG, PTGS2, CYP3A4, MMP9, UGT2B7, CYP2C19, SLCO1B]1, AR,
CYP19A1, PARP1, CYP1A2, CYP1B1, HSD17B1, and GSK3B. Apigenin, caffeic acid, oleanolic acid,
rosmarinic acid, hispidulin, and salvianolic acid B showed the highest degree of connections in
the compound-target network. Gene enrichment analysis identified pathways involved in insulin
resistance, adherens junctions, metabolic processes, IL-17, TNF-«, cAMP, relaxin, and AGE-RAGE
in diabetic complications. Rosmarinic acid, caffeic acid, and salvianolic acid B showed the most
promising interactions with PTGS2, DPP4, AMY1A, PTB1B, PPARG, GSK3B and RELA. Overall, this
study enhances understanding of the antidiabetic activity of S. officinalis and provides further insights
for future drug discovery purposes.
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1. Introduction

Diabetes mellitus (DM), a disorder of the carbohydrate, lipid, and protein metabolism
characterized by hyperglycemia and dysfunctional insulin secretion or action, has become
a major global health crisis [1-3]. According to latest statistics, about 537 million adults
aged 20-79 years are living with DM, with 75% of these cases in low- and middle-income
countries. It has been predicted that these numbers may reach 643 and 783 million by
2030 and 2045, respectively [4,5]. Type-2 diabetes mellitus (T2DM) is currently the most
dominant type of diabetes worldwide. It is characterized by insulin resistance, a poor
ability of pancreatic 3-cells to secrete insulin, and is associated with vascular complications
(e.g., cardio- and cerebrovascular diseases) [3,6,7].

Many plants have been used for the management of DM in different traditional
systems worldwide. These include medicinal plants and plant-based foods that are integral
components of daily diets [8,9]. Such plants (over 800 reported so far) are often considered to
be more affordable and present fewer side effects than conventional drugs. Interestingly, they
contain compounds (phytochemicals) that can prove useful for drug discovery with numerous
studies reporting the antidiabetic potential of plant extracts/phytochemicals [8,10-15].
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Salvia officinalis, commonly known as sage, is a small perennial shrub with a character-
istic aromatic smell [16]. This plant belongs to the Lamiaceae family, which includes over
900 species of economic importance [17]. Although native to the Mediterranean region
and the Middle east, S. officinalis has naturalized throughout the world and is especially
common in Europe and North America. Sage has been used for centuries for medicinal and
culinary purposes. It has been reported as a traditional remedy to manage seizure, ulcers,
gouts, rheumatism, diarrhea, and, interestingly, hyperglycemia [18]. Pharmacological
studies have already demonstrated that sage has antioxidant [19], anti-inflammatory [20]
and antimicrobial activity [21]. It has also emerged as a potential antidiabetic agent, with
activity demonstrated in vitro, in vivo, and in randomized controlled trials [22-25].

The field of network pharmacology, which represents a shift from the classical ‘one-
target, one drug’ model, has gained significance over the past few decades as a new
paradigm in drug discovery research, particularly to explore complex diseases that originate
from multi-target/gene network disruptions [26,27]. It is well-suited for understanding the
biological potential of traditional herbal medicines, which contain numerous phytochemi-
cals that can exert their effects by targeting multiple proteins/genes [28]. Such an approach
has already been employed to understand the antidiabetic activity of plants [29-35]. In the
context of S. officinalis, it has been used to investigate antineurodegenerative activity [36,37].
To the best of our knowledge, research examining the antidiabetic properties of S. officinalis
using network pharmacology is still lacking. Considering DM is a complex multifactorial
condition that involves the interplay of different signaling pathways and molecular tar-
gets [38—40], it is reasonable to assume that identifying phytochemicals that interact with
multiple DM targets is a beneficial therapeutic approach to follow [41,42]. The current study
used network pharmacology, coupled to molecular docking and ADME/drug-likeness
predictions, to explore the interactions between S. officinalis compounds and T2DM tar-
gets/pathways.

2. Results
2.1. Compounds Mining and Ranking

A literature search on previous phytochemicals isolated from S. officinalis aerial parts
identified a total of 90 compounds belonging to various chemical classes. Among these,
74 were found to meet the stipulated selection criteria and were selected for further analysis
(Table S1).

2.2. Compounds- and Disease-Associated Targets

Among the selected phytochemicals, 30 were predicted to interact with 120 biological
targets following uploading on the SEA, STP, and BindingDB databases. On the other hand,
a comprehensive search across the GeneCards, TTD, DisGeNET, KEGG, and Malacards
databases yielded 10,890 targets associated with T2DM. Only 90 targets were found to be
related to both S. officinalis compounds and T2DM (Tables S2-54, Figure 1).

2.3. Constructed Networks
2.3.1. Protein—Protein Interaction (PPI) Network

The protein—protein interaction (PPI) network of the targets common to S. officinalis
compounds and T2DM was found to be significantly interconnected (confidence level
of 0.7), with 75 nodes connected by 174 edges and an average number of neighbors of
4.886, indicating a moderate level of connectivity. It had a heterogeneity index of 0.856 and
a centralization index of 0.300 after removing isolated nodes. The degree, betweenness
centrality and closeness coefficients for all targets is presented in Table S5. The top-ranking
targets (hubs) were identified as CTNNB1, JUN, ESR1, RELA, NR3C1, CREB1, PPARG,
PTGS2, CYP3A4, MMP9, UGT2B7, CYP2C19, SLCO1B1, AR, CYP19A1, PARP1, CYP1A2,
CYP1B1, HSD17B1, and GSK3B (Figure 2).
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Figure 1. Venn diagram depiction of the biological targets common (intersection) to S. officinalis
compounds and T2DM.

2.3.2. Compound-Target (CT) Network

The 30 compounds associated with the T2DM targets were linked with the PPI net-
work to produce a comprehensive compound-target (CT) network. The latter consisted
of 125 nodes (30 compounds and 95 targets), 322 edges and an average number of neigh-
bors of 5.246. It showed a highly connected structure of multi-targeting compounds and
multi-targeted proteins. The key compounds (represented by compound nodes with
a high number of connections) were identified based on the ranking of their topologi-
cal parameters, with a good number of compounds showing a relatively high degree
(>2). These included apigenin, caffeic acid, oleanolic acid, rosmarinic acid, hispidulin,
salvianolic acid B, cirsimaritin, 4-hydroxybenzoic acid, (1R,2R,4S)-2-hydroxy-1,8-cineole
-D-glucopyranoside, and abieta-8,11,13-triene-6c,73,12-triol with the first six compounds
presenting more than five edges (connections) in the network (Figures 3 and 4).

2.3.3. Target-Pathways (TP) Network

Several connections between the identified common targets and highly enriched
pathways relevant to T2DM were observed. This included those involved in insulin
resistance, adherens junctions, metabolic processes, and the IL-17, cAMP, relaxin, TNF
signaling pathways as well as the AGE-RAGE signaling pathway in diabetic complications
(Figure 5).

2.4. Enriched KEGG Pathwas and GO

The enriched molecular functions, biological processes, cellular components and
KEGG pathways associated with the identified common targets are listed in Figures 6 and 7.

2.5. Molecular Docking

The first six compounds presenting more than five edges in the CT network (i.e.,
apigenin, caffeic acid, oleanolic acid, rosmarinic acid, hispidulin, salvianolic acid B) were
docked with seven key targets relevant to DM, namely, PTGS2, PPARG, PTP1B, DPP4,
GSK3B, AMY1A and the NF-«B p65 subunit (RELA). Rosmarinic acid showed the best SILE
value amongst all ligands towards PTGS2, DPP4 and AMY1A. This value was comparable
to the control ligand in the docking against PTGS2. Salvianolic acid B showed the best SILE
value towards PPARG, GSK3B and RELA. This value was higher than that of the control in
the docking against RELA. Caffeic acid showed the best SILE value towards PTB1B. All
ligands exhibited diverse interactions with amino acid residues of the protein targets. The
docking scores, SILE values and interactions predicted for each ligand are presented in
Tables 1-8 and Figures 8-10.
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Figure 2. (A) Protein—Protein Interaction (PPI) network and (B) top-ranked 20 (Hub Genes) T2DM targets of S. officinalis compounds. The sizes of the nodes in (A)
are proportional to the magnitude of the degree.



Plants 2024, 13, 2892 5 of 30

12-Hydroxy-20-norabieta-8,11,13-triene

ferrungOF — @@ m1 ~_SHBG HSD#7B2
N i - o - ,,»/' ‘_
\\ abieta-8,11,13-trie|1\e’—/60,113,12;7t7rjp;l _— } /,/ // ’
(+)-(10R)-11,14-dioxoabieta-8,12-diene-12,20-diol N o 12-methoxy-1-oxo-20-norabieta-8,11,13-triene
11,20-dihydroxy ey _— CNR2

i

ferruginol S L h||
WS -)-Laryophyliene S
8B-hydroxy-9(11), — P e Picein ~
13-abietadien-12-one g e
~ Sagerinic S~

o acid N
Apigenin VI:?/’A

Carnosic /

Acid /

Icariside F2

- ces2

O‘j\q 1/5’S)komil\ti5‘one \
\ / \|
\\
N
(#)-Bornyl—
acetate

Farnesol

sLemmB3 |
(#)-Camphor

S |
Salvianolic
acidK -

~_AD@RA3J )
(1R,2R,4S)-2-Hydroxy-1,8-cineole
beta-D-glucopyranoside
VEﬁéATﬂBZ

AMYAA —— Scutellarein  acid
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officinalis compounds.
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Figure 4. Top-ranked 10 (core) S. officinalis compounds predicted to interact with T2DM targets.
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Figure 5. Target-pathway (TP) network of enriched T2DM-related KEGG pathways for the identified
targets. Orange = KEGG Pathways, Green = Targets.
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Figure 6. GO and KEGG pathway analysis showing the top-ranked enrichments of (A) molecular
function and (B) biological process for the common targets/genes associated with S. officinalis

compounds and T2DM.
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Table 1. Docking scores (in kcal/mol), SILE values and interacting amino acid residues for the ligands docked with prostaglandin G/H synthase 2 (PTGS2).

Ligand Docking Score SILE Value Interacting Amino Acid Residues

Caffeic acid —5.1 2.37 (Leu352, Tyr312) 2, Arg550 d, (Leu352, Val523) ©

Apigenin —6.4 2.62 (His90, Tyr355, Tyr385) 2, (Val523, Ala527, Leu352,Val349, Ser353) ©

Hispidulin —6.5 2.58 Ser530 2, (Leu352, Ala527, Val523, Val349, Gly526) €

Oleanolic acid 8.3 —291 Tyr385 P

Rosmarinic acid 77 2.90 (Leu352, Tyr355, Arg120) 2, Arg120 d (Ser530, Tyr385) b (Val523, Leu352, Gly526, Ala527) ¢
Salvianolic acid B —2.3 0.71 (Ser119, Tyr355) 2, (Arg513, Arg120) 4, (Val523, Pro86) <, Glu524 ©

PubChem CID: 4037 (Control) -7.0 2.90 (Ser530, Tyr385) 2, (Val116, Leu531, Ala527) f, (Ala527, Val523, Val349) ©

a—conventional hydrogen bond, b—carbon-hydrogen bond, c—Pi interactions, d—salt bridge/attractive charges, e—Pi-ions, f—Alkyl.

Table 2. Docking scores (in kcal/mol), SILE values and interacting amino acid residues for the ligands docked with peroxisome proliferator-activated receptor
gamma (PPARy).

Ligand Docking Score SILE Value Interacting Amino Acid Residues

Caffeic acid -5.0 2.33 Ser289 2, (Met364, Arg288, Leu330, Cys285) ¢

Apigenin —6.0 2.46 (Ser342, Cys285) 2, Arg288 P, (Arg288, Leu330, Cys285, Met364, Tle341, Gly284) ©
Hispidulin —6.6 2.60 (Ser289, Tyrd73) 2, (Tyrd73, His449 His323) ©, (Arg288, Hisd49, Met364,Leu330, Cys285) ©
Oleanolic acid -5.6 1.95 Ile341 €, (Phe287, Arg280) ©

Rosmarinic acid -7.3 2.76 (Ser342, Tyr327) 2, (Cys285, Met364, Gly284 and Tyr327) ©

Salvianolic acid B -95 291 (Ser289, Ser342, Glu343, Glu291, Cys285) 2, Cys285 d (Arg288, Leu330, Gly291, Arg 280) ©
PubChem CID: 76965111 (Control) -9.7 3.36 (Ser289 Tyr473) 2, (Cys285, Leu255) €, (Leu353, Leu330, Met348, Val339) €

a—conventional hydrogen bond, b—carbon-hydrogen bond, c—Pi interactions, d—Pi-ions, e—Alkyl.

Table 3. Docking scores (in kcal/mol), SILE values and interacting amino acid residues for the ligands docked with protein tyrosine phosphatase 1B (PTP1B).

Ligand Docking Score SILE Value Interacting Amino Acid Residues
Caffeic acid —6.0 2.78 (Asp48, Ala217, Ser216, Arg221) @, Arg221 d
Apigenin =5.0 2.03 Asp48 ¢, (Tyrd6, Ala217)

Hispidulin -54 2.15 Ser216 Y, Arg221 d (Ala217, Tyr46) ©
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Table 3. Cont.

Ligand Docking Score SILE Value Interacting Amino Acid Residues

Oleanolic acid 4.8 1.67 Aspd82,Lys120 9, Lys116 ¢, (Ala217, Tyr46, Phe182) f

Rosmarinic acid -59 2.20 (Arg221, Tyr46) 2, lys120 d, (Ala217, Phe182, Argd7) ¢

Salvianolic acid B —6.9 2.12 (Asp48, GIn262, Tyrd6, Ser118, Leu119) 2, Asp181 P, (Lys116, Phel82, Ala217) ¢, Lys120 ¢, Lys120 4
PubChem CID: 91826021 (Control) —87 3.32 (Asp48, Phel82, Ala217, Ser216, Gly220, 11e219) 2, (Phel82, Ala217) ¢, (Arg221, Asp181) d

a—conventional hydrogen bond, b—carbon-hydrogen bond, c—Pi interactions, d—salt bridge/attractive charges, e—Pi-ions, f—Alkyl

Table 4. Docking scores (in kcal/mol), SILE values and interacting amino acid residues for the ligands docked with dipeptidyl peptidase 4 (DPP 4).

Ligand Docking Score SILE Value Interacting Amino Acid Residues

Caffeic acid —49 2.28 (Ser630, Tyr631, Trp629) 2, Tyr547 €, Lys554 d

Apigenin =51 2.09 Glu205, Arg125, Lys554) @ Tyr547 ©

Hispidulin ~5.9 2.32 Asp545 2, (Trp666, Tyr547) © Arg125 9, Ser630 ©, Glu205 P, Tyr662 °

Oleanolic acid —6.1 2.15 Argl1259, Tyr752 °, (Trp629, Tyr547) f, Tyr547

Rosmarinic acid —6.8 2.57 (Asp709, Lys122) 2, (Ser630, Tyr547) b, Trp629 €, (Argl25, Tyr547) €

Salvianolic acid B -8.0 2.45 (Tyr752 2, Tyrd8) 2, (Asn562, Trp629) P, (Arg125, Lys554) 4, (Tyr547, Trp629) ©

PubChem CID: 137348565 (Control) -83 2.84 (Tyr662, Tyr631) 2, Ser630 P, (Val656, Val711) f, (Asp663, Glu206, Glu205) ¢, Trp629 ©, Phe357 ©

a—conventional hydrogen bond, b—carbon-hydrogen bond, c—Pi interactions, d—salt bridge/attractive charges, e—Pi-ions, f—Alkyl.

Table 5. Docking scores (in kcal/mol), SILE values and interacting amino acid residues for the ligands docked with glycogen synthase kinase-3 beta (GSK3B).

Ligand Docking Score SILE Value Interacting Amino Acid Residues

Caffeic acid —5.1 2.35 Vall35 ?, Lys85 d (Leul88, Ala83) ©

Apigenin 5.7 2.33 (Glu97, Val135) 2, Cys199 b (Ala83, Lys85, Val110, leu188, Leul32) ©

Hispidulin —6.1 2.40 (Glu97, Val135) 2, (Cys199, Val135) b (Ala83, Lys85, Val110, Leul188, Leul32, Met101) ¢, Asp200 &
Oleanolic acid —6.1 2.15 (Asn186, Tyr 134) 2, Lys60 d (Arg141, Cys199, Phe67) f

Rosmarinic acid —6.3 2.37 (Asp133, Vall35) 2, (Ala83, Lys199, Leu188, Val70) ¢, Lys85 d
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Table 5. Cont.

Ligand Docking Score SILE Value Interacting Amino Acid Residues
Salvianolic acid B -84 2.58 (Asp181, Lys183, Thr138, Asn64, Argl41) 2, (Gly63, Lys85) b (Phe67, Lys85, Val70, Cys199) €, Argl41 €
PubChem CID: 56643097 (Control) -7.0 2.73 Val135 2, (Ile62, Ala83, Val70, Lys85, Leul58, Phe67) ¢, Lys85 £

a—conventional hydrogen bond, b—carbon-hydrogen bond, c—Pi interactions, d—salt bridge/attractive charges, e—Pi-ions, f—Alkyl, g—pi-donor hydrogen bond.

Table 6. Docking scores (in kcal/mol), SILE values and interacting amino acid residues for the ligands docked with amylase-alpha 1A (AMY1A).

Ligand Docking Score SILE Value Interacting Amino Acid Residues

Caffeic acid —4.8 2.24 (Asp197, GIn63) @, Trp59 €, Tyr62 ©

Apigenin —5.7 2.31 (Asp197, GIn63) 2, (Trp59, Tyr62) ©

Hispidulin -59 2.32 (Asp197 2, GIn63) 2, Trp59 €, (Trp59, Tyr62)

Oleanolic acid —6.4 2.25 Asp197 2, (Trp59, His305, Tyr62, Leul62) <, (Trp59, His305, Leul62, His 101, Ala198) f

Rosmarinic acid —6.5 244 (His201, Thr163, Arg 195 a) @, Asp197 b (Arg195, Tyr62) d, (Ala198, Leul65, leu162) ©

Salvianolic acid B —-79 242 Gly304 2, Asp197 2, Lys200 b Lys200 €

PubChem CID: 24755467 (Control) 94 283 (Glyl64, GIn63, Asp300, Trp69, Glu233, GIn63, His101, Argl95, His299, Tyr62, Asn105, Alal06, Val107,

Leul62) 2, (Asp300, Glu233, Asp197) d

a—conventional hydrogen bond, b—carbon-hydrogen bond, c—Pi interactions, d—salt bridge/attractive charges, e—Pi-ions, f—Alkyl.

Table 7. Docking scores (in kcal/mol), SILE values and interacting amino acid residues for the ligands docked with transcription factor p65 NF-«B (RELA).

Ligand Docking Score SILE Value Interacting Amino Acid Residues

Caffeic acid —-5.0 2.33 (Arg4l, I1e118) 2, (Arg35, Ala43, Val9l) ©

Apigenin —53 2.15 (Ser42, Val9l) ©

Hispidulin —-5.3 2.10 Tyr36 2, Ser42 b (Ala43, Arg33) €, Val9l ©

Oleanolic acid -5.1 1.80 Gly44 2, Ala43 f

Rosmarinic acid —6.1 2.28 (Ser44, Glu39, Gly92, Glu89, GIn119) @, Val91 ©

Salvianolic acid B —-8.0 243 (Ser45, Arg33) @, Lys56 ¢, (Arg33, Arg35) d (Gly44, Arg 33) b (Ala43, Lys56, Arg35, Met32) €
PubChem CID: 9881652 (Control) -52 2.13 (Ser51, Lys56, Arg35, Ser45) @, Met32 ©

a—conventional hydrogen bond, b—carbon-hydrogen bond, c—Pi interactions, d—salt bridge/attractive charges, e—Pi-ions, f—Alkyl.
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Table 8. Molecular interactions between the ligands with the highest SILE values and each target protein.

Target Protein Ligand D(:IC(IZ;III/%n S:I;)re 3:1]:1 Ee Interacting Residues Distance (A) Category Type
Thr163 3.131 H-Bond Conventional H-Bond
Argl95 3.219 H-Bond Conventional H-Bond
His201 2.010 H-Bond Conventional H-Bond
Asp197 2.564 H-Bond Carbon H-Bond
AMY1A 2QV4) Rosmarinic acid —6.479 2.44 Leul62 3.910 Hydrophobic Pi-Sigma
Ala198 5.492 Hydrophobic Pi-Alkyl
Leul65 5.162 Hydrophobic Pi-Alkyl
Argl95 5.297 Electrostatic Attractive Charge
Tyr62 3.314 Electrostatic Pi-Anion
Lys122 3.134 H-Bond Conventional H-Bond
Asp709 2.190 H-Bond Conventional H-Bond
Asp709 2.537 H-Bond Conventional H-Bond
Ser630 3.712 H-Bond Carbon H-Bond
Tyr547 2.944 H-Bond Pi-Donor H-Bond
DPP4(ST4B)  Rosmarinic acid —6834 257 Trp629 4.749 Electrostatic Pi-Anion
Trp629 3.626 Electrostatic Pi-Anion
Trp629 3.351 Electrostatic Pi-Anion
Tyr547 5.643 Hydrophobic Pi-Pi T-shaped
Argl25 4.342 Hydrophobic Pi-Alkyl
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Table 8. Cont.

Target Protein Ligand D?liﬁ?/%n S:I;)re 3:1]:1 Ee Interacting Residues Distance (A) Category Type
Tyr355 2.399 H-Bond
Tyr385 2.266 H-Bond
Argl20 2.524 H-Bond H-Bond
Leu352 2.709 H-Bond H-Bond
Ser530 2.700 H-Bond H-Bond
PTGS2 Tyr385 2.801 H-Bond Pi-Donor H-Bond
(SH(EQ) Rosmarinic Acid 77 290 G}1]y526 3.766 Hydrophobic Amide-Pi Stacked
Leu352 5.451 Hydrophobic Pi-Alkyl
Val523 3.778 Hydrophobic Pi-Alkyl
Ala527 4.950 Hydrophobic Pi-Alkyl
Argl20 2.245 H-Bond;Electrostatic Salt Bridge;Attractive Charge
Argl20 5.054 Electrostatic Attractive Charge
Arg221 2.399 H-Bond;Electrostatic Salt Bridge
Ser216 2.266 H-Bond Conventional H-Bond
Ala217 2.524 H-Bond Conventional H-Bond
Arg221 2.709 H-Bond Conventional H-Bond
I(ZE) 11 4]? Caffeic acid —6.010 2.78 Asp48 2.700 H-Bond Conventional H-Bond
Asp48 2.801 H-Bond Conventional H-Bond
Cys215 3.766 H-Bond
Gly220 5.451 H-Bond

Ala217 3.778 Hydrophobic Pi-Sigma
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Table 8. Cont.

Target Protein Ligand D(:IC(IZ;III/%n S:I;)re 3:1]:1 Ee Interacting Residues Distance (A) Category Type
Asn64 3.083 H-Bond Conventional H-Bond
Asn64 3.099 H-Bond
Argldl 3.071 H-Bond Conventional H-Bond
Lys183 2.922 H-Bond Conventional H-Bond
Asp181 2.613 H-Bond Conventional H-Bond
GSK3B Thr138 2.808 H-Bond Conventional H-Bond
(4AF]) Salvianolic acid B —8.447 2.58 Lys85 3,089 H-Bond
GLY63 3.702 H-Bond Carbon H-Bond
ARG141 3.966 Electrostatic Pi-Cation
VAL70 3.909 Hydrophobic Pi-Sigma
PHE67 4971 Hydrophobic Pi-Pi T-shaped
LYS85 5.156 Hydrophobic Pi-Alkyl
ARG33 2.838 H-Bond Conventional H-Bond
SER45 3.312 H-Bond Conventional H-Bond
ARG33 1.790 H-Bond Conventional H-Bond
ARG33 3.767 H-Bond Carbon H-Bond
GLY44 3.499 H-Bond Carbon H-Bond
I(\lIFN;IB) Salvianolic acid B 7063 243 LYS56 4.170 H-Bond;Electrostatic Pi-Cation;Pi-Donor H-Bond
LYS56 3.485 H-Bond;Electrostatic Pi-Cation;Pi-Donor H-Bond
ARG35 3.123 H-Bond;Electrostatic Salt Bridge
ARG35 2.899 H-Bond;Electrostatic Salt Bridge
ARG35 2.899 H-Bond;Electrostatic Salt Bridge
ARG33 3.177 Electrostatic Attractive Charge
ARG35 5.023 Electrostatic Attractive Charge
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Table 8. Cont.

Target Protein Ligand D?liﬁ?/%n S:I;)re 3:1]:1 Ee Interacting Residues Distance (A) Category Type
MET32 3.348 Hydrophobic Pi-Sigma
LYS56 5.233 Hydrophobic Pi-Alkyl
ARG35 5.003 Hydrophobic Pi-Alkyl
ALA43 4.395 Hydrophobic Pi-Alkyl
SER289 3.169 H-Bond
SER342 3.209 H-Bond
SER289 2.315 H-Bond
CYS285 3.054 H-Bond Conventional H-Bond
CYS285 3.124 H-Bond Conventional H-Bond
SER342 3.088 H-Bond Conventional H-Bond
PPARy . o GLU343 2.134 H-Bond Conventional H-Bond
(5Y2T) Salvianolic acid B —9.519 291 GLU291 2.502 H-Bond Conventional H-Bond
SER289 2.315 H-Bond Conventional H-Bond
CYS285 3.709 H-Bond Pi-Donor H-Bond
ARG280 4.644 Hydrophobic Amide-Pi Stacked
ARG280 5.406 Hydrophobic Pi-Alkyl
ARG288 4.900 Hydrophobic Pi-Alkyl
LEU330 4.615 Hydrophobic Pi-Alkyl
GLU291 3.360 Electrostatic Pi-Anion
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Figure 9. Docked pose of salvianolic acid B acid with (A) PPARG, (B) GSK3B and (C) RELA.
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Figure 10. Docked pose of caffeic acid with PTP1B.

3. Discussion

Protein—protein interaction (PPI) networks are essential for understanding biological
functions and mechanisms. Like most biological networks, PPIs can be characterized by
their topological parameters that include degree, betweenness, and closeness centrality. This
characterization helps determine the ranking of nodes to identify crucial hubs that regulate
disease-associated pathways and offers insights into interactions and their functional
consequences in disease conditions. Hub genes (i.e., nodes with significantly high numbers
of connections) are central to these networks and play a vital role in maintaining cellular
integrity and function. To date, more than half a million PPI dysregulations have been
linked to pathological events. Therefore, targeting these genes has become a focus in recent
times as a promising therapeutic approach for various diseases [43,44]. In the current study,
the hub targets identified in the PPI network included CTNNB1, JUN, ESR1, RELA, NR3C1,
CREB1, PPARG, PTGS2, CYP3A4, MMP9, UGT2B7, CYP2C19, SLCO1B1, AR, CYP19A1,
PARP1, CYP1A2, CYP1B1, HSD17B1, and GSK3B.

To understand how these targets (proteins/genes) are implicated in the molecular
mechanisms of T2DM and the reported antidiabetic activity of S. officinalis, a pathway
enrichment analysis was performed using predicted common targets. The resulting KEGG
pathway analysis identified several pathways that were related to DM as well as cancer.
The DM-linked pathways identified (i.e., insulin resistance, adherens junctions, metabolic
processes, and the IL-17, cAMP, relaxin, TNF, and AGE-RAGE signaling pathways involved
in diabetic complications) were used to construct the target-pathway (TP) network. These
pathways encompassed most of the predicted hub targets and others, including RELA
(NF-«B (P65)), JUN, PTGS2, CREB1, PPARG, PPARA, ACP1, MMP9, PTPRF, PTPN1,
PDE4D, GSK3B, VEGFC, DPP IV, AMY1A, and NOX4. Among these, PPARy, DPP IV, and
AMY1A are known targets for the current antidiabetic drugs thiazolidinediones, dipeptidyl
peptidase IV (DPP-4) inhibitors or gliptins, and «-glucosidase inhibitors, respectively [45].
Others, including RELA, PTGS2, CREB1 and GSK3B, have been reported as promising
targets for novel antidiabetic drugs.

RELA, JUN, and PTGS2 mediate inflammatory pathways that ultimately drive insulin
resistance, diabetes, and its complications. RELA (p65) is a protein that belongs to the
NEF-«B transcription factor family which also consists of REL (c-Rel) and NFKB1 (p105)
activated by the canonical signaling pathway, along with RELB (RelB) and NFKB2 (p100)
activated by the non-canonical pathway. These proteins regulate various cellular processes
including inflammation, tumor necrosis factor (TNF-«, PGTS2 expression [46] as well as
the immune response implicated in DM [47-49]. RELA is essential for maintaining normal
glucose homeostasis and regulating pancreatic islet enhancer hubs [49]. In a high-fat
diet L-p65 knockout mouse model, there was a marked improvement in systemic and
hepatic insulin sensitivity, along with suppression of cAMP/PKA signaling [47]. The c-Jun
protein (JUN) on the other hand is a transcription factor that forms various complexes
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collectively termed the activation protein-1 (AP-1). It is implicated in the transcription and
expression of pro-inflammatory mediators, ultimately driving insulin resistance in adipose
tissue [50]. Although there are no reports of a direct implication of the c-Jun protein in
T2DM therapeutics, the activating kinase, c-Jun N-terminal kinase (JNK), has been linked
to insulin resistance, dysfunctional 3-cells, and the transition from obesity to DM [51].
Experimental studies using diabetic animal models have indicated that the inhibition of
JNK can improve insulin resistance [52].

Prostaglandin endoperoxide synthases (PTGS) are crucial in various patho/physiological
processes, notably, the inflammatory and immune response, tumor growth, renal injuries
and cell homeostasis [53]. Although a link between the expression of PTGS2 and dia-
betogenic events has been established, the mechanisms involved are still poorly under-
stood [54,55]. It has been demonstrated that PTGS2 inhibitors improve insulin sensitivity
in overweight and obese human subjects [56]. Although, aspirin has been shown to nor-
malize hyperglycemia in T2DM, the direct involvement of PTGS2 as a target for DM is still
debatable [57].

Cyclic adenosine monophosphate (CAMP) response element-binding protein 1 (CREB1),
a member of the cAMP-activating transcription factor family plays an important role in
gluconeogenesis, lipid metabolism, and insulin signaling via the cAMP/PKA pathway [58].
Functional polymorphisms in CREB1 associated with T2DM has been reported in the Chi-
nese population [59]. Targeting CREB-1 has demonstrated promising antidiabetic potential,
by reducing fasting plasma glucose, cholesterol, and triglycerides levels in an animal model
of T2DM [60].

Glycogen synthase kinase 3 (GSK-3) belongs to a highly conserved family of ser-
ine/threonine protein kinases involved in the regulation of glycogen metabolism and
various other regulatory activities [61]. Dysregulation of GSK-33 is associated with insulin
resistance. Consequently, inhibitors of GSK-3 have been explored for their antidiabetic
effects [61-63]. Additionally, GSK-3f3 has been reported to be a common link between
T2DM and Alzheimer’s disease [64].

Mechanistically, it can be inferred that the components of S. officinalis exert their
effects by interacting with specific targets that drive the pathways enriched in the TP
network. Insulin resistance, along with certain inflammatory signaling pathways, plays
a major central role in this network, indicating the importance of these pathways in the
molecular mechanism of S. officinalis compounds. From the TP pathway, the insulin
resistance signaling pathway linked up with other pathways via the targets discussed thus
far. This included metabolic pathways (via PPARc, PPARy), cAMP-signaling (via RELA),
inflammatory and immunological pathways like IL-17 (via GSK-B, RELA), TNF-« (via
CREB1, RELA), AGE-RAGE in diabetic complications signaling (via RELA) and adherens
junctions (via PTP1N, PTPREF).

Insulin resistance is often associated with obesity, which triggers a low-grade in-
flammatory response involving pro-inflammatory mediators such as TNF-c«, IL-17, and
NF-«kB [65-67]. This inflammatory response, along with insulin resistance, is linked to the
development, progression and complications of T2DM [68]. Hence, this serves as an impor-
tant point of focus in studying diabetes therapeutics. IL-17¢ is a pro-inflammatory cytokine
that can activate the NF-«kB pathway and increase the release of other pro-inflammatory
mediators (TNF-«, IL1-f3, IFN-y) as well as enzymes such as inducible nitric oxide syn-
thase (iNOS) [68,69], cyclooxygenase (COX)-2, and matrix metalloproteinases (MMPs) [70].
TNF-«, on the other hand, activates the NF-kB and AP-1 pathways, which are also essential
for the inflammatory response [71]. The direct implication of TNF-« in inducing insulin
resistance in different tissues (skeletal and adipose) has been well documented [72-74],
with TNF-o suppression leading to improved insulin sensitivity in vivo [73].

Adherens junctions provide essential adhesive contact support between neighboring
endothelial cells [75]. In DM, the cadherin-mediated function of adherens junctions in
insulin secretion by pancreatic (3-cells is disrupted [76,77].
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cAMP is an intracellular secondary messenger that plays an important role in reg-
ulating metabolism and glycemic homeostasis [78]. It is critical for insulin secretion by
pancreatic 3-cells [79] and activated by glucagon to promote the expression of key enzymes
required for gluconeogenesis in hepatocytes via phosphorylation of cyclic AMP-responsive
element-binding protein 1 (CREB-1) in a pathway involving protein kinase A (PKA) [80].
The cAMP /PKA signaling pathway has been identified as a target for antidiabetic drugs
like glucagon-like peptide 1 (GLP-1) agonists and DPP 4 inhibitors that improve insulin
secretion [81], as well as biguanides that suppress the glucagon-mediated cAMP produc-
tion [82]. Interestingly, the phosphodiesterase IV (PDE4D) inhibitor roflumilast has been
reported to ameliorate the symptoms of T2DM and insulin resistance by potentiating cAMP
signaling, possibly influencing insulin secretion [83].

The hormone relaxin is structurally related to insulin and insulin-like growth fac-
tor [84]. Relaxin supplementation has been reported to reverse insulin resistance, improve
glucose homeostasis and ameliorate vascular complications in DM [85].

Advanced glycation end products (AGE) that originate from the metabolic dysreg-
ulation observed in DM are able to generate reactive oxygen species (ROS) and when
interacting with their receptor (RAGE) can trigger other pathways such as MAPK (ERK1/2,
p38, JNK), PI3K/Akt, JAK/STAT1 that lead to vascular diabetic complications [86,87].

These results were also supported by the predicted GO terms of specific biological
processes (inflammatory response, external stimulus, cell-cell communication, response
to stress, cell proliferation and apoptotic process), cellular component (membrane, tran-
scription factor complex, mitochondrion, cytosol, cytoplasm), and molecular functions
(G-protein coupled receptors, oxidoreductase, protein kinases, nuclear receptor, ligand-
activated transcription factor protein, steroid binding, DNA-binding transcription factor
binding, and metal binding activities). The GO terms were consistent with the activities
and components of the important targets and pathways predicted (e.g., the PPARs and the
ligand-activated transcription factor protein).

From the results of the PPI and TP networks, it is interesting to note that some of
the identified targets are known to be implicated in the pathogenesis of both T2DM and
certain types of cancers. This was also confirmed following the GO and KEGG pathway
enrichment analysis, as several pathways, molecular functions, biological processes, and
cellular compartments associated with DM but also linked to cancer were predicted, thereby
corroborating the previously reported relationship between these two conditions [88-92].
This suggests that, along with its antidiabetic effect, S. officinalis could have additional
potential benefits in the management of cancer.

A compound-target (CT) network visually depicts the interactions between com-
pounds and their molecular targets that are relevant to the pathogenicity of a given disease.
This provides a thorough and holistic understanding of the potential pharmacological
mechanisms of action involved. In the current study, apigenin, caffeic acid, oleanolic
acid, rosmarinic acid, hispidulin, salvianolic acid B, cirsimaritin, 4-hydroxybenzoic acid,
(1R,2R45)-2-hydroxy-1,8-cineole B-D-glucopyranoside, and abieta-8,11,13-triene-6,7(3,12-
triol were identified as the top-ten S. officinalis compounds predicted to interact with
multiple T2DM targets in the CT network. This was predicted to involve the modulation
of multiple pathways important in T2DM in the TP network. It is interesting to note
that the flavonoid apigenin has previously been reported to improve insulin resistance
and dyslipidemia [93], potentiate incretin (GLP-1), modulate the CREB-BNDF signaling
pathway, and improve cognition in high-fat diet-induced obese rats [93,94]. It has also been
demonstrated to bind to PPARy and reduce obesity-associated inflammation [95], as well
as reduce pro-inflammatory cytokine production by inhibiting NF-«B and TNF-o activation
in a carrageenan-induced inflammation murine model [96]. It suppressed NF-«B transloca-
tion in streptozocin-induced diabetic cardiomyopathy [97] and inhibited PTGS2 activity in
tumor cells [98]. Apigenin also has DPP-4 [99], AMY1A [100] and PTP1B [101,102] in vitro
inhibitory activity. This corroborates its strong connections observed in the CT network.
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Hispidulin is another flavonoid which has been reported to stimulate GLP-1 secretion
and improve hyperglycemia via the cAMP /PKA pathway in streptozocin-induced diabetic
rats [103]. It is also able to inhibit PTGS2 and iNOS activity in BV2 microglia cells [104].
It can ameliorate high-glucose-mediated endothelial dysfunction by activating PKCBII
and attenuating the expression of IL-13, IKKB and NF-kB [105]. Furthermore, it has been
shown to inhibit DPP-4 activity in vitro [106].

Caffeic acid and rosmarinic acid (an ester of caffeic acid and 3-(3,4-dihydroxyphenyl)
lactic acid) are two phenolic compounds that have been widely studied for their health
benefits. In vivo studies have reported that caffeic acid improves glucose homeostasis
by modulating gluconeogenesis and glycogenesis (increasing glycogen synthase) via the
cAMP/PKA signaling pathway and possibly CREB-1 [107]. Caffeic acid has also been
demonstrated to inhibit AMY1C [108] and DPP-4 activity [109]. Some of its derivatives
have been shown to improve insulin signaling and glucose uptake in 3T3LI adipocytes [110]
as well as reduce oxidative stress, enhance PKA /CREBI signaling and have antioxidant
activity [111]. Caffeic acid phenethyl ester (CAPE) has been reported to improve metabolic
syndrome, inhibit basal lipolysis and activate adipose tissue remodeling via the PPARy
signaling pathway in high-fat diet-induced obese rats [112]. It also has anti-inflammatory
activity via suppression of NF-«kB (p65) activation [113] and inhibition of PGTS2 [114,115].

Rosmarinic acid has previously been demonstrated to exert anti-inflammatory and
antiglycative activity in diabetic mice. It significantly increased plasma insulin levels and
reduced plasma glucose, liver IL-6, TNF-alpha, PGE2, and AGEs levels as well as the
activity of PGTS2 and glyoxalase (GLO-1) [116]. Rosmarinic acid has been demonstrated to
protect against diabetic nephropathy by inhibiting AGE formation and downregulating
the expression of RAGE and PTGS2 [117,118]. It has also been reported to ameliorate
hyperglycemia and insulin resistance and increase the expression of GLUT4 in high-fat
diet-induced diabetic rats [119]. It can reverse palmitate-induced insulin resistance in
muscle cells [120]. It has been shown to protect cardiomyocytes against inflammation and
apoptosis in myocardial injury via increasing PPARy and inhibiting PTGS2 activity [121].
It can also inhibit DPP-4 [122], PTP1B [123] and AMY1C [124,125] activity in vitro.

Oleanolic acid has been reported to enhance insulin secretion [126], likely implicating
adherens junctions and the cAMP signaling pathway, as well as the modulation of PPARy
expression [127,128]. It has been linked with reduced inflammation via the inhibition of NF-
kB activation in diabetic rat models [129]. In addition, oleanolic acid has GSK3B [130,131]
and PTP1B [132] in vitro inhibitory activity.

Salvianolic acid B is polyphenol with diverse health benefits, including antioxidant and
antidiabetic effects [133]. It has been reported to improve insulin resistance in experimental
DM models [134], improve mitochondrial function, improve obesity-induced glucose
tolerance via the PPAR pathway in high-fat diet-induced obese rats and in 3T3-L1 pre-
adipocytes [135,136]. Its anti-inflammatory activity has been demonstrated in LPS-activated
human aortic smooth muscle via inhibition of PTGS2 [137], inhibition of PTP1B [138] and
of GSK3B activity [139] in vitro, as well as inhibition of NF-«B, iNOS and PGTS2 activity in
high-fat diet-induced animal models of inflammation [140].

Molecular docking is commonly used to predict the interactions of molecules with bio-
logical targets in the context of drug discovery [141,142]. In this study, it was used to assess
the nature of the molecular interactions between caffeic acid, apigenin, hispidulin, oleanolic
acid, rosmarinic acid, salvianolic acid B and seven predicted core targets associated with
the pathogenesis of T2DM. Rosmarinic acid showed the best SILE value amongst all ligands
towards PTGS2, DPP4 and AMY1A. Salvianolic acid B showed the best SILE value towards
PPARG, GSK3B and RELA. Caffeic acid showed the best SILE value towards PTB1B. All
ligands showed various interactions with the amino acid residues of the protein targets,
including hydrogen bonding interactions with crucial amino acid residues similar to those
observed for the respective controls. These included interactions with Asp197, Asp300, and
Glu233 for the AMY1A complexes [143,144], with Asp48, Ala217, and Ser216 for the PTP1B
complexes [145,146], with Ser630, Tyr662, and Tyr631 for the DPP4 complexes [147,148],
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with Val135 for the GSK3B complexes [149,150], with Ser289 and Tyr473 for the PPARy
complexes [151,152], with Ser530, Tyr355, and Tyr385 for the PTGS2 complexes [153,154]
and lastly, with Ser45, Arg35, and Arg33 for the RELA complexes [155,156].

4. Conclusions

The antidiabetic effect of S. officinalis is predicted to involve a complex interplay be-
tween multiple compounds present in the aerial parts of this plant and multiple targets
and pathways involved in the pathogenesis of T2DM. The key compounds target multiple
core proteins and modulate various pathways including metabolic pathways, IL-17, NF-«B,
TNEF, cAMP, insulin resistance, and AGE-RAGE signaling. The identified S. officinalis com-
pounds are likely to improve insulin secretion, insulin sensitivity and glucose tolerance and
reduce inflammation, oxidative stress and AGEs formation thus mitigating the onset and
progression of DM and its complications. Interestingly, some of the core targets/pathways
identified in this study included some involved in the pathogenesis of cancer. Overall, this
study enhances our understanding of the antidiabetic activity of S. officinalis and provides
further insights for future drug discovery purposes.

5. Materials and Methods
5.1. Compounds Mining

The keywords “(“Salvia officinalis” OR “S. officinalis”) AND “NMR””, as well as
“(“Salvia officinalis” OR “S. officinalis”) AND “Nuclear Magnetic Resonance””, were
employed to query the SciFinder database (https://scifinder.cas.org) (accessed on 24 Au-
gust 2023). This resulted in the retrieval of 68 research articles. Only studies (n = 22)
reporting on purified compounds from the aerial parts S. officinalis unambiguously char-
acterized by NMR were selected for further analysis. These were retrieved by activat-
ing the “substance” option on Scifinder when viewing the entry for a particular study.
The canonical SMILES of the selected compounds were obtained from the PubChem
(https:/ /pubchem.ncbi.nlm.nih.gov/) (accessed on 9 October 2023) or Chemspider (http:
/ /www.chemspider.com) (accessed on 18 September 2023) databases. For compounds not
found in these databases, ACD/ChemSketch (v. 12.0) was used to draw the structures and
generate canonical SMILES. An Excel database file was created to store all compounds along
with their canonical SMILES. The SMILES generated for each compound were analyzed
using the SwissADME server to eliminate any duplicate structures.

5.2. Ranking of Mined Compounds

The freely accessible SwissADME tool (http://www.swissadme.ch) (accessed on
1 October 2023) was queried with the canonical SMILES of the selected phytochemicals to
compute their physicochemical (molecular weight, lipophilicity, water solubility, rotatable
bonds, H-bond donors/acceptors), pharmacokinetic (GI absorption, blood-brain barrier
penetration, P-glycoprotein substrate/inhibition), and drug-likeness properties (by filtering
for violations of Lipinski/Veber/Egan/Ghose/Muegge rules and assessing the Abbott
bioavailability score) [157].

The canonical SMILES were also used to predict a drug-likeness score for each phy-
tochemical using the freely accessible Molsoft L.L.C online tool (https://molsoft.com/
mprop/) (accessed on 8 October 2023).

The chemical complexity (Cm) of each compound was obtained from PubChem.

Overall, only compounds with an oral Abbott bioavailability score > 0.5 [158] and
those that had previously demonstrated antidiabetic activity were selected for further
analysis.

5.3. Identification of Compounds- and Disease-Associated Targets

Three online tools, namely, Similarity Ensemble Approach (SEA) (https://sea.bkslab.
org/) (accessed on 17 October 2023), Swiss Target Prediction (STP) (http:/ /www.swisstarget
prediction.ch/) (accessed on 15 October 2023), and BindingDB (https:/ /www.bindingdb.
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org/) (accessed on 19 October 2023) were queried with the canonical SMILES of the selected
phytochemicals in order to predict the most probable protein/gene targets involved. To
ensure a high confidence prediction, only targets in the highest-ranking category (i.e., with
a score > 0.70) were selected [159-163]. The annotations used for the selected gene/protein
targets were standardized according to the UniProtKB database (https://www.uniprot.
org/) (accessed on 22 October 2023). The targets were combined and duplicates were
eliminated to retain a unique set of compound-associated targets.

For disease-associated targets related to T2DM, the following databases were searched:
GeneCards (https:/ /www.genecards.org/) (accessed on 23 October 2023), TTD (https:
/ /idrblab.net/ttd/) (accessed on 24 October 2023), DisGeNET (https://www.disgenet.
org/) (accessed on 23 October 2023), KEGG (https://www.genome.jp/entry/H00409)
(accessed on 23 October 2023), and MalaCards (https:/ /www.malacards.org/) (accessed on
24 October 2023). The search terms used were “non-insulin dependent diabetes mellitus”
(for DisGeNET only) and “type-2 diabetes mellitus” (for all others). The two sets of targets
obtained (compound-associated and disease-associated) were combined to yield a subset
of common targets using the VENNY 2.1 online tool (https://bioinfogp.cnb.csic.es/tools/
venny/) (accessed on 25 October 2023). These common targets were used subsequently for
network construction.

5.4. Network Construction and Analysis

Cytoscape v.3.9.1 was employed to construct the distinct networks, including the
Protein—Protein Interaction (PPI), Compound-Target (CT), and Target-Pathways (TP) net-
works. The networks were constructed using a previously published methodology, with
slight modifications [158].

5.4.1. Construction of Protein—Protein Interaction (PPI) Network

The subset of common targets identified in Section 5.3 was uploaded onto the STRING
online tool (https://string-db.org/) (accessed on 25 October 2023) to predict the PPI
network involving most of our common targets. The analysis parameters were set with
a minimum required interaction confidence score of 0.7, and the organism was specified
as Homo sapiens. This meant that only human proteins with high interaction scores (>0.7)
were included in the network. The generated PPI network was exported to Cytoscape
for further analysis and visualization with nodes representing proteins/genes, and edges
representing interactions between them. The relevant topological parameters, such as
degree centrality, betweenness centrality, and closeness centrality, were computed using
the “Analyse Network” option in Cytoscape. To enhance visualization, the yFiles organic
layout was applied. Additionally, the CytoHubba plugin was downloaded and installed in
Cytoscape to identify and rank the core/hub targets within the PPI network.

5.4.2. Construction of Compound-Target (CT) Network

The identified compounds and their associated common targets were systematically
organized into a dataset on an Excel spreadsheet, formatted for compatibility with Cy-
toscape. The compounds were designated as source nodes in the first column, and the
proteins/genes were assigned as target nodes in the second column. The remaining two
columns contained the respective node attributes, facilitating the selective formatting of
either class of nodes. The Excel spreadsheet file was imported into Cytoscape to generate
the compound-target network. The network was further analyzed in Cytoscape for rele-
vant topological parameters (centrality measures) using the “Analyze Network” function
as well as the CytoHubba plugin as aforementioned to rank the core compounds linked
with the targets within the PPI network. The yFiles organic layout was also applied to
enhance visualization.
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5.4.3. Construction of Target-Pathways (TP) Network

The Database for Annotation, Visualization and Integrated Discovery (DAVID; https:
/ /david.ncifcrf.gov /tools.jsp) (accessed on 29 October 2023) was used to identify the key
pathways linked to the subset of common targets (proteins) identified in Section 5.3. The
latter was uploaded onto the left panel box labeled “Enter Gene List”. The “Official Gene
Symbol” option was selected for “Select Identifiers”, and “Gene List” was chosen for the
“List Type” option, and Homo sapiens was specified under “Select Species”. The submitted
query generated an annotation summary results page, from which the “KEGG Pathway” file
was downloaded as an Excel file containing the pathways, the enriched proteins/genes, and
the statistical parameters of the enrichment analysis. The data were subsequently organized
in an Excel spreadsheet as described in Section 5.4.2. The proteins were represented as
source nodes in the first column, and the pathways were designated as target nodes in the
second column. The remaining two columns contained the respective node attributes. The
resulting file was uploaded into Cytoscape to construct the target-pathway (TP) network
and visualize the connections between targets and associated pathways. The yFiles organic
layout was applied again to enhance visualization.

Only pathways with a p-value < 0.05, FDR < 0.05, and a Benjamini value of <0.05
were selected [158,163] and terms not related to diabetes mellitus were removed.

5.5. GO and KEGG Pathway Enrichment Analysis

The cellular component, biological process, molecular function, and KEGG pathways
associated with the common targets were identified using the ShinyGO program v. 0.77
(http:/ /bioinformatics.sdstate.edu/go/) (accessed on 29 October 2023). The standardized
gene symbols of each target were uploaded to ShinyGO, specifying Homo sapiens as the
species and setting the false discovery rate (FDR) cut-off value at 0.05 [164]. The results
were presented as lollipop plots.

5.6. Molecular Docking: Preparation and Simulation
5.6.1. Protein Target Preparation

The protocol used for protein target preparation was based on a previous method with
slight modifications [165]. The X-ray crystallography structural data of selected key targets:
AMY1A (2QV4), NF-kB (p65 subunit) (INFI), PTP1B (4Y14), DPP4 (5T4B), GSK3B (4AF]),
PPARG (5Y2T) and PTGS2 (5IKQ) were downloaded in .pdb format with their co-crystalized
ligand (serving as controls) from the RCSB PDB database (http:/ /www.rcsb.org/) (assessed
on 30 November 2023). Only proteins from Homo sapiens with refinement resolutions
between 1.7 and 2.0 A were selected, with the exception of 5IKQ and 1NFI, which had
resolutions of 2.14 A and 2.70 A, respectively.

The protein targets were prepared using the tools and protocols available in MOE 2015.
The preparatory process included the removal of water molecules and other co-crystalized
molecules, followed by protonation, partial charges and energy minimization using the
QuickPrep function in MOE. The fully prepared and optimized 3D structures were saved
in .moe format for docking.

5.6.2. Binding /Docking Site Prediction

The docking sites were identified as the binding sites of the respective co-crystalized
ligands for all target proteins except for NF-kB, for which the docking site was the DNA
binding site on the protein subunits [156].

5.6.3. Validation of Docking

A dummy docking was carried out using the X-ray structures of the target proteins
and their co-crystallized ligands. Each isolated co-crystallized ligand was re-docked onto
the binding site of its corresponding target protein. This was repeated several times with a
different scoring function—ASE, Affinity dG, Alpha HB, Electron Density, GBVI/WSA dG
and London dG/- each time. The docked binding pose for each scoring function was com-
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pared to the experimentally determined pose in the X-ray complex. A RMSD value < 2.0 A
(relative to the native binding pose of the control ligand) was considered a good validation
of the docking results [166]. As the scoring functions produced a docking pose within 2.0 A
of the experimental pose, the default scoring function of London dG/GBVI/WSA dG with
the induced fit refinement method was adopted for the study.

5.6.4. Docking Simulations

Docking simulations were performed on an Intel core i7 CPU @ 2.00 GHz, 2.60 GHz
using MOE and following a previously reported protocol with slight modifications [167].
All ligands were docked using the Triangular Matcher /Rigid Receptor (default) method.
The poses generated were scored using the London dG function and subsequently re-
scored using the GBVI/WSA dG scoring function [165]. The protein-ligand docking poses
and their respective scores were saved in a database in .mdb format and the (2D and 3D)
interactions with the target proteins were visualized using Drug Discovery Studio v. 16.0
(Dassault Systémes, Paris, France). The docking scores of the top-ranking poses for each
selected ligand were normalized by computing the corresponding size-independent ligand
efficiency (SILE) values using Equation (1) below [168].

D
SILE value = — (1\103) (1)

where D is the docking score and N is the number of heavy atoms in the ligand.
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dictions of S. officinalis phytochemicals (compounds selected for the network pharmacology study
are in bold); Table S2: List of biological targets predicted to be associated with S. officinalis selected
compounds; Table S3: List of biological targets predicted to be associated with both S. officinalis
compounds and T2DM; Table S4: List of predicted T2DM targets associated with S. officinalis com-
pounds, used to construct the compound-target (CT) network; Table S5: Topological parameters of
the predicted common targets in the protein-protein interaction network.
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