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Abstract
Background: Xintong Granule (XTG) is a Chinese patent medicine composed of 13 Chinese herbs, which
is widely used in the treatment of coronary heart disease (CHD). However, there are few studies on it, and
its potential pharmacological mechanism needs to be further elucidated.
Methods: In this study, network pharmacology was employed to construct the drug-compounds-targetspathways molecular regulatory network of the treatment of CHD to explore the effective compounds of
XTG and its underlying pharmacological mechanism. First, we established the related ingredients and
potential targets of these ingredients databases by Traditional Chinese Medicine Systems Pharmacology
Database (TCMSP) and A Bioinformatics Analysis Tool for Molecular mechANism of Traditional Chinese
Medicine (BATMAN-TCM). Next, the CHD targets were obtained in DigSee, OMIM, DisGeNET, TTD,
GeneCards and GenCLiP3 database. Then, protein-protein interaction (PPI) analysis, GO and KEGG
pathway enrichment analysis were carried out and the core targets were filtered by topology. Moreover,
molecular docking was performed to assess the binding potential of hub targets and key compounds.
Results: The result reflected that 178 components of XTG and 669 putative therapeutic targets were
screened out. After a systematic and comprehensive analysis, we identified 9 hub targets (TNF, MAPK1,
STAT3, IL6, AKT1, INS, EGFR, EGF, TP53) primarily participated in the comprehensive therapeutic effect
related to blood circulation, vascular regulation, cell membrane region, compound binding, receptor
activity, signal transduction, AGE-RAGE signaling pathway in diabetic complications, JAK-STAT signaling
pathway, PI3K-AKT signaling pathway and MAPK signaling pathway.
Conclusion: The results of this study tentatively clarified the potential targets and signaling pathways of
XTG against CHD, which may benefit to the development of clinical experimental research and
application.

Background
American Heart Association statistics declared that cardiovascular and cerebrovascular diseases are the
main reason of death, which bring great sufferings to the people of the world[1–3]. Narrowing of small
blood vessels that supply oxygen and blood to heart may contribute to coronary heart disease (CHD),
CHD is also called coronary artery disease (CAD). Its basic pathological manifestations are vascular and
myocardial dysfunction caused by ischemia, hypoxia, oxidative stress, inflammation and apoptosis. CHD
is clinically caused by the accumulation of heart artery plaques which were formed of fatty material and
other substances, and it may also be called hardening of the arteries [4]. Previous researches have shown
that the incidence rate of CHD is different from men to women, and the prognosis of female is worse than
that of male [5, 6]. In addition, there are many factors associated with CHD, such as psychological stress,
work-related stress, lifestyle and so on [7–10]. CHD is usually prevented and treated by normalization of
blood lipid profile, hypertension control, nutritional supplements in clinic [11–14]. Some studies illustrated
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that CHD can also be prevented by weight management, moderate alcohol intake coupled with exercise
[15–17].
Traditional Chinese Medicine (TCM) has a long history of use as a traditional remedy for many diseases.
It has been proved by clinical practice and has made great contributions to modern medicine [18–20].
XTG has been widely used in the treatment of CHD in China, which is made from 13 Chinese herbs, such
as Salvia miltiorrhiza Bunge. (DS; DAN SHEN; family: Labiatae), Epimedium brevicornu Maxim. (YYH; YIN
YANG HUO; family: Ranunculaceae) and Ophiopogon japonicus (Linn. f.) Ker-Gawl. (MD; MAI DONG;
family: Liliaceae).
Network pharmacology is a new subject based on the theory of system biology, which analyzes the
network of biological system and selects specific signal nodes to carry out multi-target drug molecular
design. It emphasizes the multi-channel regulation of signaling pathways, improving the therapeutic
effect of drugs and reducing the side effects, so as to improve the success rate of clinical trials of new
drugs and save the research and development costs of drugs. With the rise of network pharmacology, its
holistic and systematic characteristics are consistent with the holistic view of TCM and the principle of
dialectical treatment, which has been widely used in the research of TCM [21–24]. In the present study,
we identified the underlying targets and pathways of XTG in the treatment of CHD applying the network
pharmacology approach, and systematically clarified the mechanism of XTG against CHD. The detailed
workflow was shown in Fig. 1.

Results
Compound-putative target network
There were 178 compounds and 669 compound-associated targets collected as candidate compounds
and targets from XTG by screening and deleting duplicate data (Supplementary Table 1). As the main
component of XTG, DS can improve blood circulation, which contains 59 compounds. Through the
analysis of XTG compound-predicted target network, it was found that the number of nodes was 847
(178 compound nodes, 669 compound-associated target nodes), and the number of edges was 2769.
Due to the excessive number of nodes and edges, only the compounds with the top 10 degrees and their
related targets were shown (Figure 2(a)). As shown in Figure 2(a), a single target can be affected by
multiple compounds to produce biological effects, which may play an important part in the treatment of
CHD. For instance, IL6 was regulated by quercetin, luteolin and fisetin.
XTG-CHD PPI network
A total of 8860 CHD-related target were obtained from OMIM, TTD, DigSee, DisGeNET, GeneCards and
GenCLiP3 database. By intersecting the XTG compound-predicted targets and the CHD targets, 493
XTG/CHD putative therapeutic targets were acquired (Supplementary Table 2 and Figure 2(b)). Only the
compounds with the top 10 degrees and their associated XTG/CHD putative therapeutic targets were
shown (Figure 2(c)). Whereafter, these targets were uploaded to the STRING 11.0 database to construct
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the PPI network (Supplementary Table 3 and Figure 3(a)). The network consisted of 464 nodes and 3955
edges, the degree was increasing from purple to yellow and thicker edges was defined as the stronger
interactions. A total of 35 targets were obtained on the basis of average degree value > 23, average
betweenness > 0.0045 and average closeness > 0.36. In the present study, we consulted the literature and
screened these targets. Finally, 9 targets with high degree were selected as the underlying hub targets for
further analyze (Table 1). The results of topological analysis showed that the top mutual target proteins
had a variety of beneficial biological function in the treatment of CHD at the molecular level.
Module analysis and functional enrichment analysis
Network module or cluster is a group of highly interrelated nodes, which helps to uncover the potential
biological information in the network [25]. The XTG-CHD PPI network was classified to 24 clusters so as
to identify the underlying mechanism of the 9 hub targets (Supplementary Table 4). Finally, 3 modules
with a score of ≥ 10.0 were picked out (Figure 4(Ⅰ)). And there were 9 hub targets (TNF, MAPK1, TP53,
EGFR, IL6, EGF, INS, STAT3, AKT1) gathered in Module 2.
To deepen understand the molecular function (MF), cellular component (CC) and biological processes
(BP) that are affected in CHD, we carried out GO enrichment analysis (p-value < 0.01 and q-value < 0.05)
for the identified XTG-CHD PPI network and 3 hub modules (Figure 3(b) and Figure 4(Ⅱ)). The results
demonstrated that module 1 was highly related to signal transduction, secretory regulation, cell
membrane region, neuronal structure, compound binding and receptor activity. Module 2 was strongly
bound up with blood circulation, vascular regulation, cell membrane region, signal transduction,
compound binding and receptor activity. Module 3 was closely correlated with vascular regulation, signal
transduction, compound binding and receptor activity (Supplementary Table 5 and Supplementary Table
6). Above all, the underlying targets were highly associated with blood circulation, vascular regulation, cell
membrane region, signal transduction, compound binding, receptor activity.
Next, we performed KEGG pathway enrichment analysis of the XTG-CHD PPI network and 3 modules (pvalue < 0.05 and q-value < 0.05) (Figure 3(c) and Figure 4(Ⅲ)). The results indicated that module 1 was
highly bound up with signal transduction and cellular processes. Module 2 was strongly related to
inflammation, cancer, signal transduction, cardiovascular diseases, human diseases and infectious
diseases. Module 3 was closely correlated with signal transduction, cellular processes, secretory
regulation and vascular regulation (Supplementary Table 7 and Supplementary Table 8). Overall, we
identified 52 CHD-related signaling pathways, AGE−RAGE signaling pathway in diabetic complications,
MAPK signaling pathways, JAK-STAT signaling pathways, PI3K-AKT signaling pathways and so on.
Accordingly, it is suggested that XTG may be involved in above-mentioned BP, CC and MF and signaling
pathway to treat CHD.
Drug-key compounds-hub targets-pathway network construction
We utilized Cytoscape 3.8.0 software to construct a drug-key compounds-hub targets-pathway network in
order to systematically and all-sidedly interpret the mechanism of XTG in treating CHD (Figure 5). As
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shown in Figure 5, there were 52 nodes and 178 edges. Those pathways were closely interacted with 9
hub targets (TNF, MAPK1, TP53, EGFR, IL6, EGF, INS, STAT3, AKT1). Luteolin and nobiletin were the
compounds with the highest degree value (degree = 7). AKT1 was the target with the highest degree value
(degree = 33). MAPK signaling pathway and PI3K-AKT signaling pathway were the KEGG pathway with
the highest degree value (hsa04010, hsa04151, degree = 7). Nevertheless, the AGE-RAGE signaling
pathway in diabetic complications (hsa04933) with the smallest p-value and q-value will be deeply
analyzed as a significant pathway (Figure 6).
Molecular docking verification
In the present study, molecular docking was performed to verify the docking of 5 potential targets with 10
corresponding compounds in the AGE-RAGE signaling pathway in diabetic complications, and the
docking results were analyzed. These 10 ingredients were observed to get into the active pocket of protein
(Table 2 and Figure 7). Taking the top two predicted target-compound pairs by affinity (kcal/mol) were
analyzed as an example (Table 3). Luteolin small molecule primarily forms 6 hydrogen bonds with GLN102, GLU-104, SER-99 and GLU-116 residues on TNF. Kaempferol small molecule mainly forms 7
hydrogen bonds with PRO-100, GLU-116, GLN-102, SER-100 and TRY-115 residues on TNF.

Discussion
TCM is a multi-component and multi-target complex system, which has been used to prevent and treat
various cardiovascular diseases for a long time [26–28]. XTG has a good curative effect on CHD, but its
pharmacological mechanism is still unknown. Therefore, in this study, we adopted network
pharmacology method to identify bioactive ingredients, underlying targets and regulatory pathways of
XTG against CHD.
By analyzing the module and network topology, we found 9 potential hub targets: TNF, MAPK1, TP53,
EGFR, IL6, EGF, INS, STAT3, AKT1. Atherosclerosis, a progressive and chronic inflammatory process of
arterial wall thickening, is the main cause of CHD. With the development of the disease, the interaction
between immune cells and residual vascular wall cells ultimately result in the formation of atherosclerotic
plaque. Then the lumen of the coronary artery becomes narrower and the patient will have intermittent or
persistent angina pectoris. Plaque rupture leads to the formation of thrombus, which causes myocardial
infarction and even death due to blood flow stop [29]. Zhang et al. and Li et al. had shown that the
proinflammatory cytokines in CHD patients were significantly higher than healthy people [30, 31]. Liu et
al. and Dong et al. showed that apoptosis and autophagy are involved in the pathogenesis, development
and prognosis of CHD, both enhanced in patients with CHD [32, 33]. TNF-α increases the expression of
tissue factor in monocytes/macrophages to enhance thrombotic activity. At the same time, TNF-α can
lead to plaque instability by increasing the expression of metalloproteinase gene and the activation of
metalloproteinase through the regulation of plasmin [34]. The increase of IL-6 level in serum can
upregulate the expression of fibrinogen, promote coagulation state and enhance plaque formation [35].
Abnormal proliferation and migration of vascular smooth muscle cells (VSMCs) can promote the
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pathogenesis of atherosclerosis. Mir-155-5p inhibits proliferation, migration and invasion of VSMCs and
human umbilical vein endothelial cells (HUVECs) by regulating AKT1 [36]. MAPK1 mediates cell
autophagy by influencing mTOR signaling, and then affect CHD process. The result of qRT-PCR illustrated
that the expression of MAPK1 in CHD blood samples and endothelial progenitor cells (EPCs) were
markedly up-regulated [37]. TP53 can regulate the growth of VSMCs. The growth of VSMCs was caused
by the loss of TP53 activity, while the increase of TP53 level can lead to apoptosis of VSMCs. Plaque
VSMCs are more susceptible to apoptosis mediated by TP53 than normal VSMCs [38]. The research
hypothesized that the serum concentrations of EGF and other cytokines/growth factors may play a
significant role in the pathogenesis of CHD, which the final conclusion was as follow: the concentration
of EGF in serum of patients with CHD was higher than that in normal people [39]. The inflammatory
mediating process and oxidative stress level were affected by inhibiting the expression of EGFR and
activation of MAPK signal, thus result in the reduction of oxidative stress and anti-inflammatory [40]. The
level of some cytokines in the serum of patients with CHD increased, which activated JAK-STAT signaling
pathway and significantly increased the expression of STAT3. As a transcription factor, STAT3 can upregulate inflammatory factors when the expression is increased, which further explains the reason for the
increased level of inflammatory markers in patients with CHD [41]. Insulin resistance is the main factor
for the abnormal development of atherosclerosis and diabetes mellitus complicated with CHD. The
expression level of INS can affect the condition of diabetic patients with CHD [42]. According to the
results of the present study and other studies, we preliminarily hypothesized that XTG can treat CHD by
regulating TNF, IL6, STAT3, AKT1 and MAPK1.
In this study, we performed GO and KEGG functional enrichment analysis to comprehend the underlying
biological mechanism of XTG against CHD. A total of 52 CHD-related signaling pathways were identified
through the KEGG pathway analysis (p-value < 0.05, q-value < 0.05), such as AGE − RAGE signaling
pathway in diabetic complications, MAPK signaling pathways, JAK-STAT signaling pathways and PI3KAKT signaling pathways. Consequently, these pathways may be participated in the process of CHD. AGE
− RAGE signaling pathway in diabetic complications was selected as the most important signaling
pathway for further analyze on the basic of the smallest p-value and q-value. MAPK1 and AKT1 are the
hub genes in MAPK and PI3K-AKT signaling pathways, which can activate transcription factor NF-κB and
AP-1. NF-κB may play an important role in plaque instability by regulating various stimulatory
proinflammatory genes and promoting the cascade expression of procoagulant genes [43, 44]. Activated
AP-1 can bind to the AP-1 site in the promoter of TNF - α and IL-6 genes then regulate their expression.
Subsequently, NF-κB and AP-1 transcriptionally activated TNF-α and IL-6, then produce inflammation [45,
46]. Some studies have shown that the expression of TNF-α and IL-6 can lead to vascular endothelial
dysfunction in inflammatory coronary circulation in mice or rats, and develop into CHD [47, 48]. STAT3, as
a signal transducer and activator of transcription in JAK-STAT signaling pathway, plays an important role
in vascular remodeling. The RAGE-dependent activation of STAT3 in VSMCs can activate Pim-1/NFAT
axis, then NFATc1 mediate the proliferation and migration of VSMCs and promote vascular remodeling
[49, 50]. Thus, inhibition of STAT3 signal can reduce the proliferation and migration of VSMCs, then
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prevent vascular remodeling [51, 52]. In conclusion, these results demonstrate that XTG may play a
therapeutic role by regulating AGE − RAGE signaling pathway in diabetic complications.
In the present study, we adopted GO enrichment analysis to analyze the modules. These potential targets
(such as TNF, AKT1, STAT3) are closely related to blood circulation, vascular regulation, cell membrane
region, compound binding, receptor activity and signal transduction. These results indicate that XTG is
involved in these BP, CC and MF to treat CHD.
Molecular docking verification provided an intuitive explanation for the interaction between key
compounds and their underlying protein targets. For instance, luteolin small molecule mainly forms 6
hydrogen bonds with GLN-102, GLU-104, SER-99 and GLU-116 residues on TNF. Luteolin is an important
flavonoid, which has strong anti-cancer, anti-inflammatory activity, and it is also used as a
neuroprotective agent [53, 54]. In vitro, in vivo and clinical studies have shown that the main
pharmacological mechanism of luteolin is its anti-inflammatory activity, which is by regulating the
signaling pathways and the transcription factors such as MAPK signaling pathway, JAK-STAT signaling
pathway, STAT3, NF-κB and AP-1 [55]. Generally, it is presumed that the essential ingredients of XTG may
play an important part in the remedy for CHD through hub targets in these top-ranking signaling
pathways. However, there are some limitations in our study. For instance, the results are the known
chemical components, related targets and signal pathways of XTG screened from literature and existing
databases. Therefore, it is necessary to conduct a more in-depth study on its potential mechanism.

Conclusion
A total of 178 components and 669 known therapeutic targets of XTG were collected and explored the
potential mechanism of XTG treating CHD by network pharmacology and molecular docking verification.
XTG has therapeutic effect on CHD by regulating 9 hub targets: TNF, MAPK1, TP53, EGFR, IL6, EGF, INS,
STAT3, AKT1. On basis of GO and KEGG pathway enrichment analysis, we discovered that these hub
targets treat CHD by involving in blood circulation, vascular regulation, cell membrane region, compound
binding, receptor activity and signal transduction. In summary, the results of the study tentatively
forecasted the potential mechanism of XTG in the treatment of CHD, and proved the characteristics of
multi-target synergy. However, the mechanism of XTG against CHD needs further animal experiments,
molecular biology experiments and clinical studies.

Methods
Identification of XTG compounds and targets
The chemical components and potential targets of XTG were obtained from Traditional Chinese Medicine
Systems Pharmacology Database (TCMSP, https://tcmspw.com/tcmsp.php) [56] and A Bioinformatics
Analysis Tool for Molecular mechANism of Traditional Chinese Medicine (BATMAN-TCM,
https://bionet.ncpsb.org/batman-tcm/) [57]. And then, the UniProt (https://www.uniprot.org/) [58] was
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applied to transform the protein name of the XTG active compounds into the gene names. Finally, we
screened the search results and persist only the researches related to “Homo sapiens (Human)”, then
standardized the names and deleted the duplicate data.
Collection of target proteins associated with CHD
“CHD” and “coronary heart disease” were used as the keywords to upload to the DigSee
(https://210.107.182.61/geneSearch/) [59], OMIM (https://omim.org/) [60], DisGeNET
(https://www.disgenet.org/search) [61], Therapeutic Target Database (TTD, https://db.idrblab.net/ttd/)
[62], GeneCards (https://www.genecards.org/) [63] and GenCLiP3
(https://ci.smu.edu.cn/genclip3/analysis.php) [64]. Moreover, the species was designated as “Homo
sapiens (Human)”. We retained the intersection between the CHD-related human gene and the target gene
of the XTG bioactive ingredients for further analysis.
Protein-protein interaction (PPI) network construction
Submit the names of XTG/CHD putative therapeutic targets to STRING 11.0 database (https://stringdb.org) [65], which stores information about protein-protein interactions. And only “Homo sapiens
(Human)” proteins with the minimum required interaction score higher than 0.7 were screened out.
Network establishment and module analysis
In order to describe the therapeutic mechanisms of XTG on CHD from the perspective of network targets,
the Cytoscape 3.8.0 (https://cytoscape.org/) [66] was utilized to construct five visualization networks as
follows: (1) XTG compound-predicted target network; (2) Compound-XTG/CHD putative therapeutic target
network; (3) XTG-CHD PPI network; (4) Module analysis network; (5) Drug-key compounds-hub targetspathways network. The “degree” is considered as the number of edges connected to the node. The
“edges” represents the interaction, association, or any other well-defined relationship. In addition, the
“betweenness” is defined as the number of shortest paths through a given node. Moreover, the
“closeness” characterizes the reciprocal of the sum of the distances from one node to another [67-71].
The higher the quantitative value of a node’s parameters in network (such as degree, betweenness, and
closeness), the more significant the node is.
Apply Molecular Complex Detection (MCODE) [72] algorithms to seek out the interaction intensive areas
in PPI network according to complex connection data. In this study, we recognized the high-density
regions of XTG-CHD PPI network on the basis of the predetermined parameters of MCODE (Degree
Cutoff=2; Node Score Cutoff=0.2; K-Core=2; Max. Depth=100) [73] and analyzed the core genes in each
important module.
Functional enrichment analysis
The R 3.6.1 software with the Bioconductor package was operated to assess the effect of underlying hub
targets by bioinformatic annotation, which consist of Gene Ontology (GO) knowledgebase
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(http://geneontology.org/), Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment
analysis (https://www.genome.jp/kegg/) [74-76].
Molecular docking verification
First, we set the number of rotatable bonds of 10 key small molecular compounds related to 5 hub targets
in AGE-RAGE signaling pathway in diabetic complications by AutoDockTools 1.5.6 [77]. Then, the hub
target protein structures were obtained from the Protein Data Bank database (PDB,
https://www.rcsb.org/) [78]. The screening conditions were as follows: (1) the protein structure is
obtained by X-ray diffraction; (2) the crystal resolution of protein is less than 3 Å; (3) the protein structure
reported in literature of molecular docking is preferred; (4) the organism is Homo sapiens. A total of 5 hub
target protein PDB IDs were collected on account of the above conditions. In the meantime, utilizing
Notepad++（https://notepad-plusplus.org/）and AutoDockTools to not only remove water molecules and
pro-ligand small molecules, but also hydrogenate and charge. Ultimately, AutoDock Vina 1.1.2 was
applied to carry on molecular docking verification [79], and the PyMOL 2.4.0 (https://pymol.org/2/) was
employed to analyze the visual docking results [80, 81].
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Tables
Table 1
Topological information of 9 potential hub targets
UniProt
ID

Targets
name

Protein name

Betweenness
Centrality

Closeness
Centrality

Degree

P31749

AKT1

RAC-alpha serine/threonineprotein kinase

0.0634468

0.48938429

113

P04637

TP53

Cellular tumor antigen p53

0.05966534

0.48121086

100

P01308

INS

Insulin

0.12196118

0.48886532

91

P28482

MAPK1

Mitogen-activated protein
kinase 1

0.03848379

0.48020833

90

P05231

IL6

Interleukin-6

0.02979831

0.47476828

88

P00533

EGFR

Epidermal growth factor
receptor

0.03015294

0.4637827

79

P01133

EGF

Pro-epidermal growth factor

0.02278369

0.461

78

P01375

TNF

Tumor necrosis factor

0.01424499

0.45643564

78

P40763

STAT3

Signal transducer and activator
of transcription 3

0.01477217

0.4471387

77

Table 2 The information of 10 corresponding compounds to 5 potential hub targets
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Table 3 The molecular docking results analysis
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Figures
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Figure 1
Network pharmacology and molecular docking verification workflow of XTG for the treatment of CHD.
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Figure 2
Analysis of the active compounds of XTG and putative XTG-CHD targets. (a) Compound-predicted target
network of XTG. (b)(c) Compound-XTG/CHD putative therapeutic target network plotting. The size of the
nodes is directly proportional to the degree of the nodes.
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Figure 3
Analysis of XTG-CHD PPI network and functional enrichment analysis. (a) XTG-CHD PPI network plotting.
From yellow to purple, the degree was increasing, and thicker edges denoted the stronger interactions.
The size of the nodes is directly proportional to the degree of the nodes. (b) GO enrichment analysis of
XTG-CHD PPI network. p-value < 0.01 and q-value < 0.05. (c) KEGG pathway analysis of XTG-CHD PPI
network. p-value < 0.05 and q-value < 0.05.

Page 27/48

Figure 3
Analysis of XTG-CHD PPI network and functional enrichment analysis. (a) XTG-CHD PPI network plotting.
From yellow to purple, the degree was increasing, and thicker edges denoted the stronger interactions.
The size of the nodes is directly proportional to the degree of the nodes. (b) GO enrichment analysis of
XTG-CHD PPI network. p-value < 0.01 and q-value < 0.05. (c) KEGG pathway analysis of XTG-CHD PPI
network. p-value < 0.05 and q-value < 0.05.

Page 28/48

Figure 3
Analysis of XTG-CHD PPI network and functional enrichment analysis. (a) XTG-CHD PPI network plotting.
From yellow to purple, the degree was increasing, and thicker edges denoted the stronger interactions.
The size of the nodes is directly proportional to the degree of the nodes. (b) GO enrichment analysis of
XTG-CHD PPI network. p-value < 0.01 and q-value < 0.05. (c) KEGG pathway analysis of XTG-CHD PPI
network. p-value < 0.05 and q-value < 0.05.

Page 29/48

Figure 3
Analysis of XTG-CHD PPI network and functional enrichment analysis. (a) XTG-CHD PPI network plotting.
From yellow to purple, the degree was increasing, and thicker edges denoted the stronger interactions.
The size of the nodes is directly proportional to the degree of the nodes. (b) GO enrichment analysis of
XTG-CHD PPI network. p-value < 0.01 and q-value < 0.05. (c) KEGG pathway analysis of XTG-CHD PPI
network. p-value < 0.05 and q-value < 0.05.

Page 30/48

Figure 4
Analysis of clusters and functional enrichment analysis. I: Clusters of the XTG-CHD PPI network. (a)
Module 1 (score = 26.000). (b) Module 2 (score = 19.951). (c) Module 3 (score = 10.000). Red circles
represent XTG-CHD hub targets, and the remaining circles represent other human protein targets
associated with disease treatment targets. II: GO enrichment analysis for each cluster. The top 10 GO
terms were shown in the figure; p-value < 0.01 and q-value < 0.05; (d) GO enrichment analysis of Module
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1. (e) GO enrichment analysis of Module 2. (f) GO enrichment analysis of Module 3. III: KEGG pathway
enrichment analysis for each cluster. p-value < 0.05 and q-value < 0.05; (g): KEGG pathway analysis of
Module 1. (h) KEGG pathway analysis of Module 2. (i) KEGG pathway analysis of Module 3. The top 30
KEGG pathways were shown in the figure. The y-axis shows significantly enriched KEGG pathways, and xaxis shows the gene counts.
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Figure 5
Drug-key compounds-hub targets-pathways network.
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Figure 6
(a) Modulating AGE-RAGE signaling pathway in diabetic complications of XTG against CHD. Hub targets
were colored in red, targets of XTG-CHD were colored in yellow, and other protein targets in the pathway
were colored in green. (b) Illustration of the crucial biological processes involving putative targets and
known therapeutic targets of XTG: Signal transducer and activator of transcription 3 (STAT3), RAC-alpha
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serine/threonine-protein kinase (AKT1), Mitogen-activated protein kinase 1 (MAPK1), Tumor necrosis
factor (TNF), Interleukin-6 (IL6).
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Figure 7
Analysis of target-compound docking verification.
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