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Background: Astragalus polysaccharides (APS), natural plant compounds, have recently emerged as a promising strategy for cancer treatment, but little is known concerning their effects on breast cancer (BC) tumorigenesis.

Methods: We obtained breast cancer genetic data from The Cancer Genome Atlas (TCGA) database, network pharmacology to further clarify its biological properties. Survival analysis and molecular docking techniques were implemented for the final screening to obtain key target information. Our experiments focused on the detection of intervention effects of APS on BC cells (MCF-7 and MDA-MB-231), and quantitative RT-PCR (qRT-PCR) was used to assess the expression of key targets.

Results: A total of 1,439 differentially expressed genes (DEGs) were identified by TCGA and used to build disease networks. Module analysis, gene ontology and pathway analysis revealed characteristic of the DEGs network. Topological properties were used to identify key targets, survival analysis and molecular docking finally found that the targets of APS regulation of BC cells may be CCNB1, CDC6, and p53. Through cell viability, migration and invasion assays, we found that APS interferes with the development of breast cancer in MCF7 and MDA-MB-231 cells in a dose-dependent manner. Furthermore, qRT-PCR verification suggested that the expression of CCNB1 and CDC6 in breast cancer cells was significantly downregulated in response to APS, while expression of the tumor suppressor gene P53 was significantly increased.

Conclusion: Results of this study suggest therapeutic potential for APS in BC treatment, possibly through interventions with CCNB1, CDC6, and P53. Furthermore, these findings illustrate the feasibility of using network pharmacology to connect large-scale target data as a way to discover the mechanism of natural products interfering with disease.
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INTRODUCTION

Breast cancer (BC) is one of the most common cancers and remains a serious health threat for women, comprising ~30% of cancer cases in women each year (1). Although survival rates of breast cancer patients have gradually improved thanks to new therapeutic strategies, many patients still face recurrence, and long-term mortality remains high. In addition, many treatments are accompanied by drug resistance and serious side effects, which affect patients' quality of life (2, 3). Therefore, it is necessary to identify new therapeutic agents or emerging targets.

Small molecular compounds from natural products have historically been used for disease intervention, and as valuable sources of lead compounds for drug development. Accumulating knowledge suggests that many diseases manifest as complex systems, which do not seem able to effectively respond to a specific, single treatment (4, 5). The multi-target interventional properties of natural products seem to fit this therapeutic concept. With the continuous development of natural products as effective candidates for drug selection, comprehensive determination of small molecule multi-target interaction spectrums have become increasingly necessary. However, the lack of a complete pharmacological understanding of drug function mechanisms has hampered the wider application of natural products in drug development.

Network pharmacology provides a system-level approach to revealing potentially complex relationships between multiple components and multiple targets (6). The principle of network intervention is especially applicable to the treatment of tumors. Clinically efficacious cancer treatments are usually multi-targeted, as the effects of oncogenes are known to be multi-genic, and this joint method aims to discover unknown targets for existing drugs (7). Of course, this also depends to some extent on the continuous development of bio-big data to provide original material.

The Cancer Genome Atlas (TCGA) database provides these accumulated raw materials. The TCGA network contains a molecular atlas of tumors from 11,160 patients across 33 cancer types, which aims to catalog and discover major oncogenic genome alterations and to create a comprehensive “landscape” of cancer genomic profiles (8). Many achievements using these data have already been published, involving cancer diagnosis, treatment and prevention (9–11). Thorough TCGA molecular data has led to a significant increase in our knowledge of cancer biology, and its availability has provided an unprecedented opportunity to expand understanding of tumor mechanisms (12, 13). At the same time, analyses of TCGA data are usually complex. Choosing the appropriate computational analysis methods determines whether we can obtain improved biological and medical insights.

Here, in order to clarify the comprehensive mechanisms of Astragalus polysaccharides (APS), we adopted a systematic approach based on network pharmacology to screen out the network targets and functional characteristics of APS intervention in breast cancer. In vitro experiments were used to further verify the validity of the results. Based on the target-sets and dominant network properties, network pharmacology provides a feasible way of thinking about natural products to interfere with complex disease.

MATERIALS AND METHODS

Data Source and Processing

DNA expression data for BC were downloaded from the TCGA database (https://cancergenome.nih.gov/) (14). DNA expression data for 1,208 samples were obtained, including 112 normal samples and 1,096 BC samples. These samples have complete survival data and are histologically typed as BC. Since the information was retrieved from TCGA database, a public data set, further ethical approval was not needed for our research. Data collection and processing procedures were in accordance with TCGA data access and policies for protecting human subjects (http://cancergenome.nih.gov/publications/publicationsguidelines). Subsequently, based on the edgeR software package in the R platform, downloaded DNA data were normalized and analyzed for differences to identify differentially expressed genes.

DEGs Analysis and Network Construction

The Database fonotar Antion, Visualization and Integrated Discovery (DAVID: https://david.ncifcrf.gov/) (15), a comprehensive set of functional annotation tools, was utilized for GO and KEGG analysis of the DEGs. When we ran DAVID analyses, the cut-off threshold of the display path was selected as p < 0.05.

String database (https://string-db.org/cgi/input.pl) and Cytoscape 3.5.1 software were employed to construct a protein-protein interaction (PPI) network for invasive breast cancer DEGs (16). CytoNCA and the MCODE plug-in were used to perform a topological analysis and module analysis of the PPI network, respectively. The CytoNCA plug-in performs topology analysis based on “betweenness (BC),” “closeness (CC),” “degree (DC),” “eigenvector (EC),” “local average connectivity-based method (LC),” “network (NC),” “subgraph (SC),” and “information (IC)” (17). The plug-in MCODE was used with the default parameters (degree cut-off ≥ 2, node score cut-off ≥ 0.2, K-core ≥ 2, and max depth = 100) (18). Subsequently, based on these two analyses, the main nodes in the PPI network were identified comprising the main DEGS that can be used as biomarkers of BC.

Kaplan-Meier Test

Kaplan-Meier Plotter (http://kmplot.com/analysis/), an online tool, was used to assess the effect of 54,675 genes on survival using 10,461 cancer samples (5,143 breast, 1,816 ovarian, 2,437 lung, and 1,065 gastric cancer) and to perform survival analysis on DEGs (19). Recurrence-free survival refers to the recurrence-free survival of BC patients, and the overall survival (OS) is the time from diagnosis to any cause of death. Kaplan-Meier Plotter's chi-square test was used to identify the relationship between DEGs and BC survival (20). When the P-value of RFS and OS were <0.05, it is considered that DEGs are associated with the survival of BC.

Molecular Docking

The Surflex-Dock program interfaced with Sybyl X.0 was utilized to dock APS with DEGs (21). The structure of APS was constructed using ChemDraw Ultra 12.0 and optimized in Sybyl X (22). The X-ray crystal structure of DEGs was extracted from the RCSB protein database (http://www.rcsb.org/), and the co-crystal ligands and structural water molecules were removed from the crystal structures before the docking simulation began. A polar hydrogen atom was added, and the Kollman-total atomic charge was assigned to the protein atom. Surflex-Dock is a fully automated and flexible docking program for ligands that relies on the rigid-receptor approximation to simulate ligand-receptor binding mode (23). In our study, the ligand model was based on considering the structural similarity of the co-crystallized ligand and target compound, setting the ProtoMol expansion and ProtoMol threshold parameters to default values of 0 and 0.50 (24), respectively, creating a binding pocket for the study. Key DEGs were identified as those that could dock with APS.

Gene Set Enrichment Analysis (GSEA) and Characterization of Key Targets

We further used GSEA to analyze the association between key targets and potential biological mechanisms. A single gene was used as a phenotype, the degree of ranking key mRNAs was calculated based on Pearson correlation coefficient. Expression on the box plot was used to characterize difference expression of key targets in the sample. |Log2FC| Cutoff and p-value Cutoff were set to 1 and 0.01, respectively. The cBioPortal database (http://www.cbioportal.org) shows the co-mutation gene of CCNB1 and CDC6, respectively.

Effect of APS on Cellular Viability

The hormone receptor positive breast cancer cells (MCF-7) and triple negative breast cancer cells (MDA-MB-231) were seeded in the 96-well culture plates at a density of 1 × 103 cells/well and incubated for 24 h at 37°C and 5% CO2 atmosphere, respectively. Cells were exposed to 0, 0.25, 0.5, 0.75, 1, and 2 mg/mL APS (98% purity, purchased from Shanghai Yingxin Co., Ltd.) and further incubated for 0, 24, 48, 72, and 96, respectively. The medium was replaced with 100 μL of fresh medium containing 10% CCK8 (WST-8, yiyuanbiotech) (25), and cells were incubated for 4 h at 37°C and 5% CO2 atmosphere. The OD450 nm absorbance value in each well was determined by the scanning porous spectrophotometer (Thermo Scientific, China). Cell proliferation rate (%) was used to describe the effect of APS on cellular viability, and calculated as follow equation:
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Cell Migration Assay

After adjusted concentration to 1 × 105 cells/mL with complete medium, the cells were seeded in a 6-well culture plate, the back of which had been marked with 0.5–1 cm horizontal line across a hole, and incubated overnight at 37°C and 5% CO2 atmosphere to attach as a monolayer of cells. The horizontal lines were scratched using a 1 mL pipette tip as far as possible perpendicular to the back, and then the isolated well cells were washed three times and removed with warm PBS. The cells were exposed to 0, 0.25, and 0.5 mg/mL APS for 24 h with serum-free DMEM medium at 37°C and 5% CO2 atmosphere. The distance of cell movement was measured and photographed under an inverted microscope (100×). The scratch assay was performed at least 5 times, and five fields were selected randomly every time.

Transwell Invasion Assay

After adjusted at the concentration of 1 × 105 cells/mL with the serum-free medium, The MDA-MB-231 cells were seeded 100 μL/well into the upper chamber of the transwell migration chamber. The medium with a concentration of 0, 0.25, 0.5 mg/mL of APS was added lower chamber. The cells were then incubated for 24 h at 37°C and 5% CO2 atmosphere. The chamber was removed and fixed with methanol for 20 min. After dried at room temperature, the cells were stained with crystal violet for 20 min. Cells that did not pass through the upper part of the chamber were removed with a wet cotton swab, and then the chamber was placed under an inverted microscope to calculate remaining cells.

Quantitative RT-PCR of CCNB1, CDC6, and P53

After adjusted concentration to 1 × 105 cells/mL with complete medium, the MDA-MB-231 cells were seeded 6.0 mL into the cell culture dish (d = 100 mm), and incubated 24 h at 37°C and 5% CO2 atmosphere. And then the cells were exposed to 0, 0.25 and 0.5 mg/mL of APS, and incubated for 24 or 48 h at 37°C and 5% CO2 atmosphere, respectively. The total RNA of MDA-MB-231 cells was extracted with qRT-PCR Trizol reagent (Vazyme, Nanjing, Jiangsu, China). And the cDNA was synthesized by reverse transcriptionusing a Transciptor First Strand cDNA Synthesis Kit (Vazyme). To prepare template DNA, the amplification reaction was as follows: 3 min at 95°C, followed by 40 cycles. Two duplicate systems were used for each group. Primer sequences were shown as follows: 5′-GCGTGTGCCTGTGACAGTTA-3′ (forward) and 5′-CCTAGCGTTTTTGCTTCCCTT-3′ (reverse) for CCNB1; 5′-ATGGCGCGTTCTCTGCTCACTACA-3′ (forward) and 5′-CTCACGCCTATAATCCCAGCACTT-3′ (reverse) for CDC6; 5′-GGCCATCTACAAGCAGTCACAG-3′ (forward) and 5′-AGCAAATCTACAAGCAGTCACAG-3′ (reverse) for P53.

Statistical Analysis

Quantitative analysis of data were performed using GraphPad Prism 6.0 statistical software (GraphPad Software Inc., La Jolla, CA) and Image J software (National Institutes of Health, USA). Data were expressed as the mean ± sd. The difference among groups was determined by one-way ANOVA tests and Kruskal-Wallis tests using SPSS version 12.0 (IBM SPSS Statistics, Chicago, IL, USA). Differences were considered significant if P < 0.05.

RESULTS

Identification of Differentially Expressed Genes

We downloaded 1,208 DNA expression datasets and identified DEGs by calculating the difference in gene expression between 112 normal samples and 1,096 BC samples. Using the LIMMA software package, differentially expressed data were extracted and analyzed. Using | log 2-fold change | ≥ 2.5 and P-value <0.01 as screening cutoff conditions, 1,439 DEGs were screened, containing 957 upregulated genes and 482 downregulated genes (Figures 1,2).
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FIGURE 1. Heat maps of breast cancer-related differentially expressed DEGs. The color from green to red shows a trend from low expression to high expression.
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FIGURE 2. Volcano diagrams of BC-related differentially expressed DEGs. Red dots represent upregulated DEGs, and green dots represent downregulated DEGs.



DEGs Enrichment Analysis and PPI Network Analysis

To further analyse DEGs in BC, we used the DAVID database to perform GO analysis and pathway enrichment analysis on DEGs. GO analysis, including molecular function, biological process and cellular component (Figure 3A), was performed on 1,439 DEGs, with p < 0.05 as the cut-off criterion. Enrichment results show that: Molecular function participates in cellular activities, such as calcium ion binding, transcription factor activity, sequence-specific DNA binding, cytoskeletal protein binding and peptidase activity; Biological process is mainly enriched in cell-cell signaling, cell cycle, ion transport, and cell adhesion and other physiological processes related to cell growth, division, and proliferation; Cellular component is associated with the extracellular space, plasma membrane binding, extracellular regions, and components of the plasma membrane.
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FIGURE 3. Enrichment of gene ontology terms and KEGG pathways for DEGs. (A) Biological process, Cellular component and Molecular function for DEGs (P < 0.05). (B) KEGG pathways for DEGs (P < 0.05).



KEGG pathway enrichment analysis of the 1,439 DEGs was also performed in DAVID, for which the cut-off criterion was P < 0.05. Pathway enrichment shows that the biological processes involved in these DEGs are mainly neuroactive ligand-receptor interaction, cytokine-cytokine receptor interaction, calcium signaling pathway, and cell cycle signaling pathway (Figure 3B).

Construction of a protein interaction network is a way to quickly analyse interactions between DEGs. We constructed a PPI network with 1,133 nodes and 11,112 edges using String and Cytoscape software (Figure 4A).
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FIGURE 4. PPI network of significant DEGs. Two subnetworks and 148 nodes were identified by Cytoscape MCODE plugin. (A) PPI network with 1,133 nodes and 11,112 edges. The size of the node increases with the size of the degree. (B) Module 1 contains 73 nodes and 2,497 edges (P < 0.05). (C) Module 2 contains 75 nodes and 1,317 edges (P < 0.05).



The Cytoscape plug-in MCODE was used to perform module analysis on the PPI network. We selected the two most meaningful modules for analysis and used DAVID to perform pathway enrichment analysis on the nodes of the module. Module 1 contains 73 nodes and 2,497 edges (Figure 4B). Through pathway enrichment analysis, DEGs of Model 1 were shown to be mainly enriched in cell cycle, p53 signaling pathway, progesterone-mediated oocyte maturation and oocyte meiosis signaling pathway. Module 2 contains 75 nodes and 1,317 edges (Figure 4C), and pathway enrichment analysis focuses on neuroactive ligand-receptor interaction, chemokine signaling pathway, and cytokine-cytokine receptor interaction signaling pathway.

Cytoscape's plug-in CytoNCA performs topology analysis on PPI networks. According to the results of the topological analysis based on comprehensive ranking of screening criteria, such as “degree,” the nodes with the best meaning in the network map were screened out, and the first ten DEGs were identified as targets for continued screening, including DNA topoisomerase 2-alpha (TOP2A), insulin (INS), interleukin-6 (IL6), mitotic-specific cyclin-B1 (CCNB1), histone H3-like centromeric protein A (CENPA), cyclin-A2 (CCNA2), aurora kinase B (AURKB), DNA repair protein RAD51 homolog 1 (RAD51), cell division control protein 6 homolog (CDC6), and polo-like kinase 1 (PLK1) (Table 1).


Table 1. The 10 most important DEGs identified from topology analysis of the PPI network.
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Survival Analysis

To investigate the prognostic value of these 10 DEGs, the Kaplan-Meier plotter bioinformatics analysis platform was used. Analysis showed that from the 10 identified DEGs, only the INS and IL6 were not statistically relevant to the survival of BC. We found that high expression of eight DEGs was associated with unfavorable RFS and OS in BC patients, suggesting the remaining eight DEGs can be used as biomarkers for BC (Figure 5).
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FIGURE 5. Kaplan-Meier curves of eight prognostic DEGs in BC. Notes: The order of eight prognostic DEGs are as follows: (A) TOP2A, (B) CCNB1, (C) CENPA, (D) CCNA2, (E) AURKB, (F) RAD51, (G) CDC6, and (H) PLK1. The criterion is that when the P-value of RFS and OS were <0.05, it is considered that DEGs are associated with the survival of BC.



Molecular Docking Model

Molecular docking is a theoretical simulation method for studying the interaction between molecules, such as ligands and receptors, and for predicting their binding mode and affinity. In recent years, molecular docking has become an important technology in the field of computer-aided drug research (26). In this study, to further explore the mechanism of interaction between APS and the eight DEGs, we constructed a molecular docking model of APS and the DEGs. We found that CCNB1 (PDB ID: 2JGZ, docking score: 5.2146) and CDC6 (PDB ID: 4I5N, docking score: 5.7514) have a stable binding site in the APS small molecule model, and the residues of APS interact with hydrogen bonds in the binding site (Figure 6).
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FIGURE 6. Docking combination of APS and key proteins. (A) Chemical structure of APS: 2-(Chloromethyl)-4-(4-nitrophenyl)-1,3-thiazole. The green structure is the Astragalus polysaccharide, and the yellow structure represents the binding site of CDC6 (B) and CCNB1 (C).



Analysis of Key Target Characteristics

Box plot showed a significant upregulation of CCNB1 and CDC6 in BC samples (Figure 7). Based on GSEA, we observed that the differential regulation of CCNB1 and CDC6 was significantly enriched in P53 signaling pathway (Figures 8A,B). And interestingly, both CCNB1 and CDC6 showed a significantly co-occurrence with P53 in mutation (Figures 8C,D). Therefore, key targets CCNB1, CDC6 and P53 were identified for experimental verification.


[image: image]

FIGURE 7. Expression on Box Plots of CCNB1 (A) and CDC6 (B). Significant difference in expression was set to *p < 0.01 vs. Normal sample.
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FIGURE 8. GSEA enrichment analysis and co-mutation volcano plot for CCNB1 and CDC6. (A,B) Identification of the enriched genesets with GSEA analysis focused on a single gene as a phenotype. Over-representation of positive (NES = 1.778, p-Value = 0.004) and CDC6 (NES = 1.469, p-Value = 0.05) was associated with P53 signaling pathway. (C,D) Both CCNB1 (p-Value = 1.323e-4, q-Value = 0.0229) and CDC6 (p-Value = 6.106e-5, q-Value = 6.331e-3) showed a co-mutation with P53.



Effect of APS on Cellular Viability

The effect of APS on cell viability of MCF-7 and MDA-MB-231 were measured using the Cell Counting Kit 8 (CCK-8) assay. As shown in Figure 9, the cell proliferation rate of MCF-7 decreased significantly after administered at all tested concentrations of APS over 72 h, while which of MDA-MB-231 decreased significantly after administered at all tested concentrations of APS over 48 h, although there was no significant inhibition of 0.25 and 0.5 mg/mL APS on MCF-7 and MDA-MB-231 cells when administered for 24 h. It suggested that APS could inhibited MCF-7 and MDA-MB-231 cells proliferation in a dose- and time-dependent manner.
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FIGURE 9. The increase in APS concentration significantly inhibited the activity of BC cells MCF-7 and MDA-MB-231. Optical density values at indicated concentrations of APS in MCF-7 (A) and MDA-MB-231 (B) cells were detected by CCK-8 assay, and absorbance was read at 450 nm. *p < 0.05, **p < 0.01 vs. control (0 mg/ml).



Cell Migration and Invasion Assays

To further validate the effects of APS on breast cancer cell lines, cell migration and transwell invasion assays were performed. The results showed that the migration activity of MCF-7 and MDA-MB-231 cells was significantly inhibited by 0.25 and 0.5 mg/mL APS compared to control group (Figure 10). And the invasion activity of MDA-MB-231 cells with high invasive was significantly suppressed by 0.25 and 0.5 mg/mL APS compared to control group (Figure 11). It suggested that APS could inhibited the migration and invasion activity of human breast cancer cells.
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FIGURE 10. APS significantly inhibited cell migration of BC cells. Effects of APS (0, 0.25, 0.5 mg/ml) on migration of BC cells, MCF-7, and MDA-MB-231 cells were used to assess cell migration, the distance of cell movement was measured and photographed under an inverted microscope (100×). (A,B) Representative images of cells that migrated during wound-healing. (C) Graph of average distance ratio of scratches. *p < 0.05, **p < 0.01 vs. control (0 mg/ml).
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FIGURE 11. Dose-dependent inhibitory effects of APS on the invasion and motility of BC cell (MDA-MB-231) detected by Transwell assays. Cell motility of MDA-MB-231 cell in response to APS (0, 0.25, 0.5 mg/ml) treatment. (A) Representative micrographs of cell invasion. (B) Quantitative representation of cell numbers obtained from counting in three separate experiments. *p < 0.05, **p < 0.01 vs. control (0 mg/ml).



Expression of CCNB1, CDC6, and P53 in MDA-MB-231 Cells

To compare the expression of CCNB1, CDC6, and P53 in invasive MDA-MB-231 cells with APS treatment, qRT-PCR were performed. As shown in Figure 12, after treated with 0.25 and 0.5 mg/mL APS, the expression of CCNB1 and CDC6 in MDA-MB-231 cells were inhibited significantly in a dose- and time-dependent manner, while the expression of P53 in MDA-MB-231 cells was concomitantly increased in a dose- and time-dependent manner. It indicated that APS could suppress the invasion of MDA-MB-231 cells by inhibiting the expression of CCNB1 and CDC6 and promoting the expression of P53, which was consistent with the results of bioinformatics analysis.
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FIGURE 12. Increased APS dose can effectively reduce the expression of CCNB1 and CDC6 and increase the expression of P53. MDA-MB-231 cell was treated for 24 or 48 h with the indicated concentrations (0, 0.25, 0.5 mg/ml) of APS, levels of CCNB1 (A), CDC6 (B), and P53 (C) were determined using qRT-PCR. *p < 0.05, **p < 0.01 vs. control (0 mg/ml).



DISCUSSION

A malignant and complex systemic disease often consists of pathological alterations of polygene products and signaling pathways with potentially redundant or divergent functions (27). These pathways tend to be resilient in response to a single-target drug, resulting in difficulty correcting the disease state. One such disease, breast cancer, does not seem to show a very effective response to single treatment strategies. In this study, we constructed a multi-layered network to predict drug targets in a holistic manner using network pharmacological drug mechanism discovery methods, including screening gene-targets and identifying multiple targets. As this study has shown, the availability of high-throughput data and molecular networks provides an opportunity to study potential targets and drug intervention mechanisms for complex diseases.

The evolving method of network pharmacology provides such a paradigm, which aims at identifying compounds that regulate the activity of multiple targets in the impaired mechanisms network and deregulate interactions underlying a disease phenotype, either by targeting multiple pathways or by reducing potential adverse effects (28, 29). In such a network environment, therapeutic response can be taken into account from the robustness of complex disease networks to deal with node attacks, due to the inherent diversity and redundant compensation signaling pathways that result in highly resilient network systems with topological interactions (30). Specific intervention concepts for network targeting reveal the complex mechanisms of drug action, suggesting that the effects of small molecule compounds may have multifactorial interventions on different targets (31). This multi-target intervention model can lead to disturbances at different levels within biological networks, such as changes in gene expression or protein interactions (32). Multi-target effects are thought to overcome the adverse reactions associated with high doses of a single drug by resisting pathway compensation, thereby increasing therapeutic effects while minimizing overlapping toxicity (33). This is in line with the modern treatment concepts for complex diseases. Further, molecular docking is used to screen for affinity between drugs and targets, which can directly reveal the interaction between drug molecules and targets to clarify their structure-activity relationship (34, 35). This method exhibits great potential to provide preliminary hypotheses for previous in vitro and in vivo targeted validation studies.

Cancer chemotherapy places hope on the availability of drugs with ideally minimal toxicities and high levels of efficacy (36). For this reason, drugs developed from natural products may be viable options in cancer management. To live up to these expectations, natural products and their extracts must demonstrate their effectiveness as chemotherapeutic. A typical example is the mineral tetra-arsenic tetrasulfide (also known as Realgar) that has been used to treat human acute promyelocytic leukemia (37). Meanwhile, a range of plant-based active compounds, such as quercetin, curcumin, soy isoflavones, lentinan, etc. have been identified as potential chemopreventive agents (38–41). Moreover, natural product ingredients also demonstrated synergistic effects when used in combination with existing chemotherapeutic agents (42, 43).

APS, the main active ingredient extracted from the natural product Astragalus membranaceus, is a promising strategy for adjuvant treatment of cancer. It possesses a variety of immunomodulatory functions, synergism and reduced toxicity, including inhibiting growth and migration of CD4+CD25+Treg cells (44), enhancing the cellular activity of macrophages (45), increasing the sensitivity of cervical cancer HeLa cells and ovarian cancer SKOV3 cells to cisplatin (46, 47), etc. Recent research has focused on its anti-tumor activity for effective interventions in gastric cancer and liver cancer (48, 49). In our study, we used MCF-7 and MDA-MB-231 cells to study the effects of APS on breast cancer cells. Results illustrated that intervention with APS significantly inhibits the proliferation of breast cancer cells and reduces their migration and invasion. However, the mechanism of Astragalus polysaccharide intervention in breast cancer is still elusive. Our study utilized TCGA disease data and molecular target data through network pharmacology to demonstrate that Astragalus polysaccharide intervention in breast cancer may occur through regulation of CDC6 and CCNB1.

CDC6, a replication licensing factor, is responsible for loading mini-chromosome maintenance proteins into origin (50). Its deranged expression is not only a reflection of increased proliferation but also a necessary condition for initiating DNA replication as a potential “driving force” (51, 52). However, not until recently was the transcriptional regulation of CDC6 extensively linked to the development of cancer. CDC6 is frequently over-expressed in various epithelial cell carcinomas from early developmental stages (53). CCNB1 is a regulator of cell mitosis. As an essential cell cycle regulating factor, malfunctioning CCNB1 might be a proto-oncogene. It is often upregulated in a variety of human cancers (54–56), especially breast cancer (57). Our qRT-PCR data showed that with the increase of APS concentration and intervention duration, expression of CDC6 and CCNB1 was significantly decreased. In addition, the KEGG pathway assay showed that both CDC6 and CCNB1 were enriched in the p53 signaling pathway. P53 is the most commonly mutated gene in human cancer, and the inactivation of tp53-regulated pathways has been described in more than 50% of human cancers (58). Classical thinking supports that restoration of the p53 pathway may be an effective method for breast cancer treatment (59). In fact, previous studies have also shown that both CDC6 and CCNB1 are closely related to the P53 gene (Figure S1). They intervene with wild-type P53 to realize a synergistic effect on chromosome instability, cancer cell proliferation, and survival (53, 57). Therefore, we consider that P53 is also a key player in APS intervention in breast cancer cells, and the high expression of P53 observed by qRT-PCR after APS intervention confirmed this conclusion.

Our results reflect the potential pathological role of CCNB1, CDC6, and P53 in BC, as well as their being effective targets for APS intervention in breast cancer cells. The specific mechanism is that APS directly or indirectly affects the expression of CCNB1 and CDC6 by interfering with the upstream p53 gene, and finally realizes the regulation of breast cancer cells. Although our experiment is simple and lacks Positive drug control and normal breast cell control, the experimental results indirectly confirm the feasibility of our integrated approach to combining natural compounds with disease. This is important because, on the one hand, our experimental research explores the effective mechanism of APS intervention in the development of breast cancer; more importantly, we hope to construct such a comprehensive model. That is, the combination of network pharmacology and bioinformatics was used as preliminary prediction, and finally carried out experimental verification. The more important role of the experimental part is to verify the possibility of the target screening results, so as to explain the significance of our comprehensive model. These results can be used as a paradigm to effectively apply the mechanism of multi-target intervention of natural products with the advantages of improving efficiency and innovation, reducing clinical loss, and so on.

CONCLUSION

In conclusion, our results indicate that expression of CCNB1 and CDC6 in breast cancer tissues is higher than in adjacent normal breast tissues. OS and RFS rates in patients with positive expression of both genes were significantly lower. APS can be considered an effective inhibitor of BC treatment by decreasing in cell proliferation, migration and invasion through regulating CCNB1, CDC6, and P53 and may be used as a supplement to BC therapy. More important, the present study also demonstrates the utility of Network Pharmacology in conjunction with TCGA database to discover the effectiveness of natural products in the intervention of cancer.
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