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Abstract
Background: Traditional Chinese Medicine has demonstrated increasingly unique advantages in the treatment of lung cancer.
Through literature review, it was found out that Platycodon grandi�orum had immunomodulatory and anti-in�ammatory effects, and
it had a special targeting effect on the lung.

Purpose In order to determine the molecular mechanism of Platycodon grandi�orum in lung cancer treatment. Network
pharmacology theory was used to do a systematic study.

Methods: The active compounds of Platycodon grandi�orum were screened from TCMSP database. Then, compounds targets were
predicted with the assistance of Swiss Target Prediction and STITCH. The targets of lung cancer were screened form TTD and
DisGeNET database. The common targets of compounds and lung cancer were screened out for following analysis. A Protein-
Protein Interaction (PPI) Network was constructed by STRING. Subsequent to topological analysis, the hub targets were screened out
for KEGG pathway and GO Enrichment. Molecular docking by AutoVina was performed to investigate the binding ability between the
hub targets and compounds.

Results: There were 4 active compounds screened out, including Acacetin, Spinasterol, cis-Dihydroquercetin and Luteolin. There were
80 targets screened as the common target of compounds and lung cancer. After topological analysis TP53, AKT1, VEGFA, CASP3,
IL6, EGFR and MAPK1 were identi�ed as hub targets.

The 7 hub targets might be involved in 81 biological annotation and in the regulation of 23 pathways to intervene lung cancer. The
main functional annotation was negative regulation of apoptotic process. Almost all of the pathways were directly or indirectly
associated with the PI3K-Akt signal pathway and MAPK signal pathway. According to A�nity score of molecular docking the best
binding protein for Luteolin was EGFR, and the best binding protein for Acacetin was CASP3. This meant that the Platycodon
grandi�orum was easier to combine these two targets than other targets.

Conclusion: Our study a�rmed the effectiveness of Platycodon grandi�orum in treatment of lung cancer from molecular level. And
we found that EGFR and CASP3 were the most likely targets for the direct action of Platycodon grandi�orum. The most important
pathways that Platycodon grandi�ori might interfere with were PI3K-Akt signaling pathway and MAPK signaling pathway.

1. Introduction
According to global cancer statistics in 2018, lung cancer was the most common cancer and the leading cause of cancer death in
males, followed by breast and colorectal cancer in females. When both genders were considered altogether, lung cancer still ranked
the �rst [1]. Recently, the clinical interventions against lung cancer include surgery, chemotherapy, radiation therapy immunotherapy
and target therapy [2, 3]. Due to the limited effect of these current treatment methods, lung cancer still leads to high mortality and low
survival rate. In the meantime, the potential of drug resistance and side effects cannot be ignored. Therefore, the needs for
alternative therapeutic approaches have become more and more pressing [4].

Traditional Chinese Medicine (TCM) is a type of complementary and alternative medicine, which is widely used in the treatment of
various forms of cancer and widely recognized for its effect. It has been proved that the adjuvant treatment of TCM is effective in
improving the overall survival rate among lung cancer patients [5]. TCM is capable to enhance host immune response, reduce the
adverse reactions of chemotherapy [6], and improve the quality of life for patients [7]. A study to investigated the frequencies and
patterns of TCM herbal treatment for lung cancer patients in Taiwan found that Platycodon grandi�orum and Mai-Men-Dong-Tang
(MMDT) were important TCM herbs by network analysis[8], which suggests that, Platycodon grandi�orum plays a signi�cant role in
the treatment of lung cancer patients [9]. In TCM, it is believed that Platycodon grandi�orum is the guide herb of the lung, which
means that it serves as a boat of other drugs carrying them targeted to the lung. Despite the absence of study on the effect of
Platycodon gandi�orum as single herb on lung, the research of Platycodon grandi�orum Decoction prescription which composes of
Platycodon grandi�orum and GanCao (Glycyrrhiza Uralensis Fisch) found that it can effectively inhibit lung injury and in�ammation
[10, 11].

Similar to other TCM herbs, Platycodon grandi�orum is characterized by “multi-compound, multi-target, and multi-pathway”, which
makes it di�cult to observe the effect of drugs on disease systematically and comprehensively. Network pharmacology as a new
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subject, has been accepted as an effective strategy to reveal the complicated correlation between TCM and diseases [12, 13]. It relies
on plenty of databases to screen the active compounds of TCM herbs, predict their target proteins, perform pathway enrichment and
gene ontology enrichment for analyzing the mechanism of their treatment on a molecular level [14].

In this work, we used network pharmacology theory to research the molecular mechanism of Platycodon grandi�orum in the
treatment of lung cancer. The methodological framework of this study is shown in Fig. 1.

2. Materials And Methods
2.1. Screening Active Compounds

All of the chemical compounds were sourced from the Traditional Chinese Medicine Systems Pharmacology Database and Analysis
Platform (TCMSP, http://tcmspw.com/tcmsp.php. Accessed 6 Mar 2020) [15]. In order to obtain active chemical compounds Oral
Bioavailability (OB ≥ 30%) and Drug Likeness (DL ≥ 0.10) were applied. OB revealed the convergence of the ADME process. The
higher the OB, the better the properties of bioactive molecules as therapeutic agents [16]. DL was taken as the standard used to
evaluate the "drug like" degree of the prospective compounds. The value of DL was 0.18, which could be treated as the screening
criterion of TCM [17].

2.2. Predicting Compounds Targets and Construct Compounds-Targets Network

In order to predict the target proteins of the compounds, we got the SMILEs and 3D structures of the compounds in PubChem
(PubChem, https://pubchem.ncbi.nlm.nih.gov. Accessed 6 Mar 2020) [18], the world's largest collection of chemical information. The
target proteins of active compounds were predicted in SwissTargetPrediction [19] (http://www.swisstargetprediction.ch. Accessed 6
Mar 2020) and STITCH 5.0 [20] (http://stitch.embl.de/. Accessed 6 Mar 2020) using the SMILEs of these compounds. When the
probability of obtained target proteins in SwissTargetPrediction, was greater than 0.5 could the subsequent analysis can be
conducted. If the combined score of the obtained target protein in STITCH exceeded 0.7, it could be included in the analysis. At the
same time, the compound targets in the TCMSP were sorted out. After construction of a two-list table of compounds and targets,
Cytoscape [21] (Version. 3.7.1) was used to visualize the two-list table in a compounds-targets network. All targets were converted
and included into UniProt ID by UniProt [22] (UniProt, https://www.uniprot.org. Accessed 6 Mar 2020) for subsequent analysis.

2.3. Screening of Protein Targets of Lung Cancer

The keyword lung cancer was inputted into Therapeutic Target Database [23] (TTD, http://db.idrblab.net/ttd/. Accessed 6 Mar 2020)
and DisGeNET [24] (https://www.disgenet.org. Accessed 6 Mar 2020). When the targets obtained from the TTD database were
successfully veri�ed, they could be included in the next analysis. Then, the targets were converted into UniProt ID by UniProt. The
targets obtained from DisGeNET were screened, leaving the targets with UniProt ID and evidence index (EI) = 1. The EI showed
con�icting results that supported the gene-disease associations (GDAs)/variant-disease associations (VDAs) in published
publications. EI = 1 indicates that all the publications support the GDAs or the VDAs.

2.4. Mapping of Compounds Targets and Disease Targets and Constructing Protein-Protein Interaction (PPI) Network

The disease targets and compounds targets were mapped with Venn �gure in the Omicshare (https://www.omicshare.com/tools/.
Accessed 7 Mar 2020) to �nd their common targets for further analysis. STRING 11.0 [25] (https://string-db.org/. Accessed 7 Mar
2020) was used to constructed PPI network for common targets under the default mode. The PPI network was inputted into
Cytoscape for visualization.

2.5. Screening Hub Targets

The NetworkAnalayzer tool of Cytoscape was employed to analyze the topology of the imported network. The Betweenness
centrality was intended to describe the centrality of nodes while Degree was purposed to described connectivity of the nodes. The
targets with Degree and Betweenness Centrality greater than twice the median was de�ned as the hub targets. In order to clarify the
expression differences of the 7 hub targets in lung cancer the data series of GEO database were searched out to and analyzed.
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2.6. Gene Ontology (GO) and KEGG Pathway Enrichment

DAVID Bioinformatics Resources 6.8 [26] (DAVID, https://david.ncifcrf.gov. Accessed 7 Mar 2020) was used to do GO and KEGG
pathway Enrichment (P < 0.05). In order to show the relationship between compounds, targets and pathways in a more intuitive way,
we used Cytoscape to construct compounds-targets-pathways network based on the enrichment results.

2.7. Molecular Docking

To verify our results, molecular docking was conducted to evaluate the binding strength of selected hub targets and their
compounds. The mol2 �le of the compounds in TCMSP and pdb �le of the hub targets in Protein Data Bank [27] (PDB,
http://www.rcsb.org. Accessed 11 May 2020) were obtained. The selected protein structure exhibited the following three
characteristics: X-ray diffraction structure, resolution < 2 Å, and had unique ligands. The crystal structure of protein was obtained
after removing the solvent and organic by PyMOL software. Subsequent to the initial preparation by AutoDockTools [28], the
molecular docking was carried out with AutoVina [29]. In order to analyze the results of molecular docking, we analyzed the binding
site of compounds ligands to targets proteins by PyMOL and analyzed the interaction of protein ligands by LigPlot [30].

3. Results
3.1. Active Chemical Compounds

We obtained 102 compounds from the TCMSP. According to the OB and DL standards set there were as few as 7 compounds left
after our screening. As the SMILEs could not be found in PubChem, 2-O-methyl-3―O-β-D-glucopyranosyl platycogenate A and
dimethyl 2-O-methyl-3-O-a-D-glucopyranosyl platycogenate A were excluded from the next analysis. In the following target prediction,
Robinin had no effective protein target, so it was not included in the study. Finally, 4 compounds were analyzed. The basic
information of these 4 compounds was shown in Table 1.

3.2. Construction of compounds-targets network

After the targets obtained from the TCMSP, SwissTargetPrediction and STITCH were sort out, we obtained 24 targets in the TCMSP,
42 targets in the SwissTargetPrediction and 24 targets in the STITCH. In total, 123 compounds targets were obtained, after deleting
duplicates. The compounds-targets network was constructed used Cytoscape. The cluster analysis of the clusterMaker of Cytoscape
led to four clusters, centered on four active compounds being obtained. Luteolin and Acacetin clusters contained more targets than
the other two. The result was showed in Fig. 2.

3.3. The Targets of Lung Cancer

A total of 45 lung cancer related genes were identi�ed in TTD database. There were three groups of disease data selected from
DisGeNET with the Disease ID of C0684249, C0242379 and C0007121. In these three sets of data, 1963, 1991 and 37 target genes
were obtained respectively. After removing the repeats, we �nally got 2129 disease targets.

3.4. The Common Target of Compounds and Diseases and PPI Network

Venn �gure was used to identify the common targets of compounds and diseases. According to the result, 80 targets were shared
between them, among which the targets from Luteolin were the most,accounting for 64. Apart from that, 22 targets form Acacetin, 7
targets form cis-Dihydroquercetin, and 2 targets form Spinasterol. The result was showed in Fig. 3A. The 80 targets as mentioned
above were inputted into String database to get a PPI network, which consisted 80 nodes and 1057 edges. We used Cytoscape to
visualize and analyze the PPI network. The result was showed in Fig. 3B.

3.5. Hub Targets

After the visualization of the PPI network by Cytoscape and the topological analysis of the Network Analayzer tool, the details of the
topological indexes such as Degree and Betweenness Centrality were obtained. According to the hub target standard de�ned by us,
the target with the Degree and the Betweenness Centrality more than twice the median was identi�ed as the hub target. Based on the
stander 7 hub targets were identi�ed. The topological indexes of 7 hub targets were showed in table 2.
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In order to clarify the expression differences of the 7 hub targets in lung cancer and normal lung tissues, we retrieved data series
GSE19804 in the GEO database (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE19804. Accessed 23 May 2020)[31]. We
obtained 120 samples from paired tumor and normal tissues. We used the heatmap.2 package of R to normalize the data and draw
the heatmap. We found that the expression of AKT1, CASP3, EGFR and TP53 was up-regulated and the expression of IL-6, MAPK1
and VEGFA was down-regulated in lung cancer. The expression level of each gene was shown by scatter plot. The results were
showed in Fig. 4.

3.6. GO Enrichment

David was applied to do GO Enrichment of the 7 hub targets and then 81 enrichment results were obtained, including 67 biological
processes (BP), 10 molecular functions (MF), and 4 cellular components (CC). The top ten go enrichment results of each group were
showed in Fig. 5.

3.7. KEGG Pathway Enrichment

David was applied to carry out KEGG pathway Enrichment of the 7 hub targets. After removing the extensive pathways, 23 pathways
were obtained. The top three were Proteoglycans in cancer, HIF − 1 signaling pathway and PI3K − Akt signaling pathway. The result of
the 23 pathways was showed in Fig. 6.

Then, constructed compounds-targets-pathways network was constructed with the 7 hub targets. A network with 32 nodes and 114
edges was obtained, including 2 compounds, 7 targets, 23 pathways, 21 targets-targets interaction, 10 compounds-targets
interaction and 83 targets-pathways interaction. After modular analysis the result of was showed in Fig. 7.

3.8. Molecular Docking Result

AutoVina was employed to conducted molecular docking, with the result listed in table 3. The reliability of the docking results was
evaluated against with the score of A�nity. The value of a�nity represented the strength of binding between the compounds and the
targets. The greater the negative value, the more satisfactory the binding result. The best binding protein of compound Luteolin was
5UG9, the structure of EGFR. The best binding protein of compound Acacetin was 1NME, the structure of CASP3. Their three-
dimensional structure and protein ligand interaction was showed in Fig. 8.

4. Discussion
This study explored the pharmacological mechanisms of Platycodon grandi�orum in the treatment of lung cancer in a systematic
way through network pharmacology analysis. There were four active compounds screened out, including Acacetin, Spinasterol, cis-
Dihydroquercetin and Luteolin. Acacetin was a kind of �avonoid compounds, had anti-cancer, anti-in�ammatory and antioxidative
activities. It could not only inhibit the invasion and migration of human non-small cell lung cancer (NSCLC) A549 cells and human
prostate cancer DU145 cells [32, 33], but also induced mitochondrial ROS-mediated colon carcinoma cells death by inducing apoptosis

inducing factor [34]. These results showed that Acacetin had anti-cancer effect. Spinasterol was a kind of natural phytoestrogen,
which can be used as a chemical preventive agent for some malignant tumors. It had a strong anti-proliferation effect on breast
cancer, ovarian cancer, cervical cancer cells [35–37]. Dihydroquercetin was a botanical antioxidant capable to protect from the
damage caused by oxidative [38, 39]. Luteolin was also a natural �avonoid compound, which possessed antioxidant, anti-
in�ammation and anti-cancer properties. It was clear that Luteolin could inhibit in�ammation. In addition, it could inhibit acute lung
injury in�ammation by regulating the pro-in�ammatory medium HMGB1 [40]. The anti-cancer effect of Luteolin was realized by direct
inhibition cancer cells and chemo-sensitizing effect. Firstly, Luteolin inhibited lung cancer by inducing G1 phase cell cycle arrest and
apoptosis as well as through the down regulation of AIM2 [41, 42]. Secondly, Luteolin had the chemo-sensitizing effect, which has
been proven in gastric cancer and ovarian cancer [43, 44]. It was found out that the four compounds screened by us either produced
anti-cancer effect or inhibited lung injury in�ammation.

The 7 hub targets, we got in this study, were all closely associated with lung cancer. It was found that the over-expression of AKT1
stimulated the proliferation of lung cancer cells, and the inhibition of AKT1 reduced the proliferation and migration of lung cancer
cells [45–47]. The high level of AKT1 expression was related to the drug resistance of lung cancer cells [48]. The polymorphism of
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CASP3 gene related to apoptosis was associated with lung cancer susceptibility, and CASP3 played a major role in cell apoptosis
and carcinogenesis [49]. We found that the 1NME, a crystal structure of target CASP3 could have intense interaction with compound
Acacetin. EGFR mutation played a major role in the carcinogenesis of NSCL [50, 51]. EGFR could be transactivated by PAR2 receptor to
achieve the transfer activity of A549 cells [52]. In previous studies, the drug resistance caused by EGFR-C797S mutations accounted
for about a quarter of the sample [53]. According to our molecular docking results, the compound Luteolin and 5UG9, the crystal
structure of target EGFR, performed best in binding degree. It was speculated that EGFR might been one of the key targets of
Platycodon grandi�orum. The mutation of TP53 might damage the function of lung epithelium, changed the pulmonary microbial
community, and allowed tumor foraging bacteria to proliferate [54]. TP53 stimulated apoptosis of NSCLC cells and lung cancer stem
cells [55]. TP53 mutation played an important role in the prognosis of lung cancer [56]. TP53 mutation was a negative prognostic
factor for overall survival [57].The activation of IL-6/STAT3 pathway could accelerate the migration and invasion of lung cancer cells
by promoting the epithelial mesenchymal transformation [58]. IL-6 blockade could signi�cantly inhibit lung cancer [59]. In the
meantime, the activated IL-6/STAT3 signal mediated the drug resistance [60]. Our statistical results showed that the expression of IL6
was low in lung cancer tissues, which was different from the results of literature. This might be related to the source of samples we
analyzed. The expression of IL-6 was closely related to smoking. The samples we analyzed were non-smoking female, and there was
a certain deviation in the results. And literature studies found that 47% of lung cancer samples had high expression of IL-6[61],
increased IL-6 levels were only associated with lung cancer diagnosed within 2 years of blood collection[62]. MAPK1, also known as
ERK2, the expression of MAPK1 was down-regulated which could interfere the apoptosis of lung cancer cells [63]. VEGF was effective
in promoting tumorigenesis by vascular remodeling. Regulating the level of VEGF and inhibiting angiogenesis, the malignant
progression of lung cancer can be partly inhibited [64]. The expression of VEGFA were controversial. In adenocarcinoma but not in
squamous cell carcinoma, VEGFA protein levels were signi�cantly associated with the tumor size and lymph node metastasis[65].
This explains why VEGFA was low expression in the data GSE19804 which we analyzed and high expression in lung
adenocarcinoma samples GSE10072 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE10072. Accessed 23 May 2020).

For further analysis of the pathways enriched, we searched the Kyoto Encyclopedia of Genes and Genomes (KEGG,
https://www.genome.jp/kegg/. Accessed 25 Mar 2020). We found that PI3K-Akt signaling pathway and MAPK signaling pathway
had a potential to play a central role in Platycodon grandi�orum regulation. The PI3K-Akt signaling pathway could regulates such
primary cellular functions as transcription, translation, proliferation, growth, and survival. The MAPK signaling pathway involved in
various cellular functions, for example cell proliferation, differentiation and migration. We found that TNF signaling pathway, FoxO
signaling pathway, Toll-like receptor signaling pathway, Thyroid hormone signaling pathway, Neurotrophin signaling pathway, NOD-
like receptor signaling pathway, ErbB signaling pathway, Ras signaling pathway, Rap1 signaling pathway, VEGF signaling pathway
and Choline metabolism in cancer were all upstream or downstream of PI3K-Akt and MAPK signaling pathways. HIF-1 signaling
pathway could activate VEGF signaling pathway, which was indirectly associated with them. HIF-1 transcription factor was also one
of the regulators for tumor metabolism as well and affected the Central carbon metabolism of cancer. There was also a complex
relationship found between Choline metabolism in cancer and HIF-1, Ras, PI3K. Moreover, Platycodon grandi�orum might also play a
role in regulating the apoptosis of lung cancer, changing the proteoglycan of tumor microenvironment, and regulating the autophagy
of tumor cells.

5. Conclusion
As revealed by our literature search and network pharmacological analysis, Platycodon grandi�orum was effective in the treatment
of lung cancer. It is capable of regulating various biological processes such as cell transcription, translation, proliferation, apoptosis,
migration and so on. Though its effect was the result of the regulation of multiple pathways, our study still led to the �nding that
PI3K-Akt signal pathway and MAPK signal pathway may be the most signi�cant pathways. According to our clinical experience,
Platycodon grandi�orum, as a guide herb of the lung, might play a particularly signi�cant role on pre activate of the targets above,
which will improve the e�cacy of other anticancer drugs. The next experiment needs us to carry out further.
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Table 2 Topological analysis of the 7 hub targets.

Targets Degree Betweenness

Centrality

Average
Shortest

Path
Length

Closeness

Centrality

Clustering

Coe�cient

Eccentricity Neighborhood

Connectivity

Radiality

TP53 64 0.0656612 1.18987342 0.84042553 0.43799603 2 30.21875 0.95253165

AKT1 64 0.06244503 1.18987342 0.84042553 0.43005952 2 29.9375 0.95253165

VEGFA 59 0.05210755 1.25316456 0.7979798 0.46756283 2 31.15254237 0.93670886

CASP3 58 0.03274417 1.26582278 0.79 0.50030248 2 32.22413793 0.9335443

IL6 53 0.05505548 1.35443038 0.73831776 0.47605225 3 30.67924528 0.91139241

EGFR 53 0.03692371 1.32911392 0.75238095 0.49419448 2 32.24528302 0.91772152

MAPK1 52 0.03580909 1.35443038 0.73831776 0.5188537 3 32.63461538 0.91139241
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Table 3 Molecular docking information

Compound Target PDB ID A�nity

(kal/mol)

Luteolin TP53 6SHZ -8.6

Luteolin AKT1 1UNQ -7.1

Luteolin VEGFA 4KZN -6.6

Luteolin CASP3 1NME -9.4

Luteolin IL6 1ALU -8.0

Luteolin EGFR 5UG9 -9.8

Luteolin MAPK1 4ZZN -8.4

Acacetin TP53 6SHZ -8.2

Acacetin VEGFA 4KZN -6.5

Acacetin CASP3 1NME -9.1
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Figure 1

Technology roadmap.
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Figure 2

Compounds-Targets Network. Green triangle represented the compounds, red circle represented the targets.

Figure 3

A. Venn �gure of compound targets and disease targets. B. PPI Network. The protein-protein interaction of the 80 common targets of
compounds and diseases. The darker the color was, the greater the Betweenness Centrality was, and the larger the circle was, the
greater the Degree was.
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Figure 4

A. Heat map of hub targets. 60 lung cancer samples and 60 lung normal samples were showed. B. The expression level of hub
targets. **P<0.01. ****P<0.0001.
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Figure 5

GO Enrichment. The top 10 results of BP, MF and CC. The height of the blue column represented the number of targets. The height of
the red column represented -lg(Pvalue).
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Figure 6

KEGG Pathway Enrichment. The size of the bubble represented the number of the gene hit on the pathway, the color of the bubble
related to the Pvalue, the location of bubbles related to the RichFactor.

Figure 7

Compounds-targets-pathways network. Green triangle represented compounds, red circle represented targets, blue diamond
represented pathways.
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Figure 8

A and C. The binding site was displayed by three-dimensional structure. The protein was displayed by ribbons, the compound was
displayed by spheres. B and D. The interaction between compounds and protein residues was showed by two-dimensional structure.
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