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Malignant melanoma is one of the most aggressive of cancers; if not treated early, it can metastasize rapidly. Therefore, drug therapy plays an important role in the treatment of melanoma. Cinobufagin, an active ingredient derived from Venenum bufonis, can inhibit the growth and development of melanoma. However, the mechanism underlying its therapeutic effects is unclear. The purpose of this study was to predict the potential targets of cinobufagin in melanoma. We gathered known and predicted targets for cinobufagin from four online databases. Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were then performed. Gene expression data were downloaded from the GSE46517 dataset, and differential gene expression analysis and weighted gene correlation network analysis were performed to identify melanoma-related genes. Using input melanoma-related genes and drug targets in the STRING online database and applying molecular complex detection (MCODE) analysis, we identified key targets that may be the potential targets of cinobufagin in melanoma. Moreover, we assessed the distribution of the pharmacological targets of cinobufagin in melanoma key clusters using single-cell data from the GSE215120 dataset obtained from the Gene Expression Omnibus database. The crucial targets of cinobufagin in melanoma were identified from the intersection of key clusters with melanoma-related genes and drug targets. Receiver operating characteristic curve (ROC) analysis, survival analysis, molecular docking, and molecular dynamics simulation were performed to gain further insights. Our findings suggest that cinobufagin may affect melanoma by arresting the cell cycle by inhibiting three protein tyrosine/serine kinases (EGFR, ERBB2, and CDK2). However, our conclusions are not supported by relevant experimental data and require further study.
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1 INTRODUCTION
Malignant melanoma is the most aggressive form of skin tumor, developing from melanin-producing melanocytes (Leonardi et al., 2018). It can develop from multiple nevi and, once formed, invasion and metastasis can occur rapidly (Spagnolo et al., 2019). Genetic mutation is one of the primary drivers in the occurrence and development of melanoma, including oncogene mutations (RAS, BRAF, ALK, and MET) and tumor suppressor mutations (TP53 and CDKN2A) (Tsao et al., 2012). Moreover, several signaling pathways are also implicated in the growth and progression of malignant melanoma, such as PI3K-AKT, RAS-RAF-MEK-ERK, and the canonical Wnt/β-catenin signaling pathway (Lopez-Bergami et al., 2008). Therefore, multiple mechanisms are involved in the development of melanoma. After diagnosis, the main treatment method for early non-metastatic melanoma is surgical resection. However, in the case of advanced malignant melanoma, which often has metastases, a comprehensive and multidisciplinary approach should be applied, such as chemotherapy, radiation, and immunotherapy (Singh et al., 2017). Therefore, it is necessary to find new targets and novel therapeutics for melanoma treatment.
Traditional Chinese medicine (TCM) is a valuable body of knowledge that has made significant contributions to human health worldwide (Dashtdar et al., 2016). Cinobufagin is one of the active components of Venenum Bufonis, a traditional Chinese medicine (Chen et al., 2013). Although cinobufagin was originally used as a painkiller to relieve cancer pain, it can also inhibit the growth of many kinds of tumors. The Chinese State Food and Drug Administration has approved cinobufagin for the treatment of liver and prostate cancer (Meng et al., 2009). Cinobufagin can apparently induce apoptosis and cell cycle arrest in several tumor types, including melanoma (Cui et al., 2010; Qi et al., 2011; Chen et al., 2013; Lu et al., 2016; Zhu et al., 2017; Pan et al., 2019; Zhao et al., 2019). Nonetheless, the underlying mechanism of cinobufagin’s effects in malignant melanoma is not well understood.
Network pharmacology is a useful strategy for exploring the underlying mechanisms related to cancer development and the effects of drugs. In our study, we aim to investigate the mechanism of the effect of cinobufagin in melanoma treatment by employing network pharmacology, transcriptional sequencing data analyses, molecular docking, and molecular dynamics simulation.
2 MATERIALS AND METHODS
2.1 Identification of targets of cinobufagin
The SwissTargetPrediction online database (https://www.swisstargetprediction.ch/) and ChEMBL online database (https://www.ebi.ac.uk/chembldb/) were used to inquire about cinobufagin’s known and possible targets. The Comparative Toxicogenomics Database (CTD; https://ctdbase.org/) and SuperPred database (http://prediction.charite.de/) were also used to predict possible targets of cinobufagin. The functional enrichment analyses of these drug targets were displayed by the “clusterProfiler” package of the R Programming Language, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Yu et al., 2012). The three categories of GO analysis for these drug targets were identified, namely, cellular component (CC), biological process (BP), and molecular function (MF), to examine the biological characteristics of these drug targets. KEGG enrichment was used to identify potential signaling pathways.
2.2 Identification of DEGs in melanoma
A total of 83 disease samples and 17 healthy samples in the GSE46517 microarray dataset were acquired from the GEO online database (http://www.ncbi.nlm.nih.gov/geo). First, row data were normalized. Using R software’s “limma” package (Ritchie et al., 2015), differentially expressed genes (DEGs) between disease samples and healthy controls were identified with the following criterion: p < 0.05 and |fold change|(FC) > 1. Volcano and heatmap plots were generated to show the DEGs and the significant genes were labeled. Gene set enrichment analysis (GSEA) was performed to identify defined genomes (Subramanian et al., 2007). Through GSEA analysis, the differences between the two biological processes of DEGs were identified.
2.3 Weighted gene co-expression network analysis
The WGCNA package of R was used to construct a gene co-expression network in GSE46517 (Langfelder and Horvath, 2008). A hierarchical clustering tree was generated to dispose of the outlier sample. Then, the topological overlap and correlation matrices between genes were calculated. The “pickSoftThreshold” function of the WGCNA package was used to compute the soft threshold power. Through a set screening threshold, we converted the paired correlation matrix into a neighborhood correlation matrix to ensure that the scale-free network individually calculated the paired Pearson correlation coefficients between all genes. The eigenvector values were calculated for each module. We then converted the adjacency matrix to a topological overlap matrix (TOM), computed the corresponding dissimilarity, and conducted a hierarchical clustering analysis. Lastly, we measured the connection between the gene modules and people, normal and abnormal, via gene significance (GS) values and module membership (MM) values and then identified the key modules.
2.4 Generation of protein–protein interaction networks and identification of key clusters
Using the STRING website (https://string-db.org/), the protein–protein interactions (PPIs) of drug targets and melanoma-related genes were investigated. The network nodes and edges of PPIs performed interactions among these proteins. We used Cytoscape software to further optimize the PPI networks, and the molecular complex detection (MCODE) algorithm was performed to screen the key targets that contribute to melanoma growth and proliferation.
2.5 Differential expression of key targets in melanoma and normal tissues
By putting key targets back into the GSE46517 dataset to identify the differential expression of the key cluster between melanoma and control groups, the screening conditions were p-value < 0.05 and |[(log2 fold-change)]| > 1. TCGA melanoma data were downloaded from the UCSC XENA dataset (https://xena.ucsc.edu/). Differential expression of the key targets in TCGA melanoma data was also conducted.
2.6 Single-cell RNA sequencing data analysis and identification of melanoma-associated genes
The row dates of GSE215120 performed in the analysis were downloaded from the GEO online database. We chose six acral melanoma samples for our analysis. Using the Seurat package of R software, we processed data with strict criteria: min.cells = 3, min.features = 200, af$nFeature_RNA ≥ 200 and af$nFeature_RNA ≤ 5,000, af$percent.mt ≤ 20, and af$percent.rb ≤ 20. After cells were filtered based on the above criterion, cells for data analysis were clustered and visually classified using the unified manifold approximation and projection dimensionality reduction techniques. We used R to show the distribution in the “singscore” of pharmacological key targets on the cell subtype.
2.7 Receiver operating characteristic curve analysis and survival analysis
RNA sequencing and survival data on melanoma patients were downloaded from the TCGA public database (http://xena.ucsc.edu/). The crucial targets were identified at the intersection of key clusters, melanoma-related targets, and drug-related genes. Receiver operating characteristic (ROC) curves of these crucial targets were plotted, and these targets were evaluated by computing the area under the ROC curve. We selected the overall survival time of the patients to construct the Kaplan–Meier survival curve and used all three tests (Log–rank, Breslow, and Tarone–Ware) to compare the significant differences between the curves in the graph. Overall survival time is the time from the start of treatment for melanoma patients to the time of death. The censored cases were displayed as “+” on the survival curve.
2.8 Molecular docking and molecular dynamics simulation
The crystal structures of EGFR, ERBB2, and CDK2 were downloaded from the PDB website (EGFR:5FED, ERBB2:3PP0, and CDK2:1B39). For better simulation, protein structures containing active site inhibitors were preferentially selected. The structure of cinobufagin was obtained from ChemDraw. First, the protein was executed using “add hydrogen” and “clean up” in Discovery Studio 2019, and the ligand was also prepared with this tool. We utilized the primitive ligand to provide the binding site. The CDOCKER function was then used to perform molecular docking and calculate -cdocker interaction energy. CDOCKER is a docking method with rigid protein and flexible ligand; -cdocker interaction energy can reflect the energy of the ligand–protein interaction—the higher the score, the stronger the bond. We used Discovery Studio to calculate the binding energy. Molecular dynamics simulation was performed with the Gromacs2020 package. The CHARMm36 force field was employed to execute a molecular dynamics simulation. The system was dissolved in TIP3P water molecules in a dodecahedral box. Energy minimization and NVT and NPT simulations were then performed on the system. Finally, a 50-ns-long molecular dynamics simulation was performed, and root mean square deviation (RMSD) values were calculated.
2.9 Statistical analysis
All statistical analyses in the present research were implemented using R software (version 4.3.1). p < 0.05 was used as the threshold for statistical significance.
3 RESULTS
3.1 General targets of cinobufagin
We identified 108 and 241 related targets of cinobufagin from the SwissTargetPrediction and ChEMBL databases, respectively. Through CTD and the SuperPred database, we predicted 39 and 96 additional potential drug targets, respectively (Figure 1A). These 413 drug-related targets were used for GO and KEGG analyses. The biological process category in GO was mainly enriched in positive regulation of the MAPK cascade, response to xenobiotic stimulus, and the adenylate cyclase-modulating G protein-coupled receptor signaling pathway. The GO cellular component category was mainly enriched in the membrane raft, membrane microdomain, and synaptic membrane. The molecular function section was mainly gathered in amide binding, protein serine/threonine kinase activity, and protein serine kinase activity (Figure 1C). KEGG pathway enrichment of these drug targets was mainly gathered in neuroactive ligand–receptor interaction, prostate cancer, hepatitis B, and the cAMP signaling pathway in cancer (Figure 1B). In total, these results suggest that cinobufagin might be regulating protein serine/threonine kinase activity.
[image: Figure 1]FIGURE 1 | Screening analysis of cinobufagin targets. (A) Venn diagram of cinobufagin in the four databases (CTD: Comparative Toxicogenomics database). (B) Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of cinobufagin targets. (C) Gene Ontology (GO) enrichment analysis (BP, biological process; CC, cellular component; MF, molecular function) of cinobufagin targets.
3.2 Target genes in melanoma
We downloaded 100 melanoma-related samples from GSE46517 from the GEO database, including 8 normal skin tissues, 9 nevus tissues, 31 primary melanoma tissues, and 52 metastatic melanoma tissues. We normalized raw sequencing data first and then identified DEGs between control groups (including normal skin tissues and nevus tissues) and melanoma groups (including primary melanoma tissues and metastatic melanoma tissues) (Supplementary Figure S1). Among these genes, 105 were upregulated and 285 were downregulated (Supplementary Table S1). The heatmap plot showed 60 significant DEGs, and the top 12 DEGs were shown in the volcano plot (Figures 2A, B). GSEA analysis was used to evaluate the pathway enrichment of DEGs between the melanoma and normal groups. The results of this analysis showed that DNA replication, mismatch repair, one-carbon pool by folate, other glycan degradation, and primary immunodeficiency were enriched in melanoma groups (Figure 2C). The beta-alanine metabolism, butanoate metabolism, histidine metabolism, steroid hormone biosynthesis, and terpenoid backbone biosynthesis were inhibited (Figure 2D). These results suggest that DNA replication may play an important role in melanoma development.
[image: Figure 2]FIGURE 2 | Expression of differentially expressed genes (DEGs) in the GSE46517 dataset. (A) Heatmap plot of DEGs in the GSE46517 dataset. (B) Volcano plot of DEGs in the GSE4290 dataset. (C,D) GSEA analysis based on KEGG analysis.
3.3 WGCNA analysis
We used microarray data on GSE46517 for WGCNA analysis. The outlier detection indicated no significant outliers in the data (Figure 3A). The soft threshold power was evaluated as 6 with a scale-free index of 0.9, indicating that connectivity was reasonable (Figure 3B). The topological overlap matrix and correlation matrix between the data genes were constructed. The co-expression network was then established, and the cluster dendrogram with a dynamic tree cut and merged dynamic plot was constructed (Figure 3C). Finally, the results of data clustering were divided into 14 modules (Figure 3D). The correlation coefficient between each module and melanoma-related phenotype was calculated. The results suggested that the MEbrown module was the one most significantly related to primary (cor = 0.3, p = 0.003) and metastatic (cor = −0.76, p = 6e-20) melanoma. The correlation heatmap between these modules is shown in Figure 3E. The scatter plot of module membership (MM) and gene significance (GS) showed excellent correlation within the MEbrown module (R = 0.62, p < 1e-200) (Figure 3F). Therefore, the MEbrown module could be an optimized module to explain the anomalous melanoma phenotypes.
[image: Figure 3]FIGURE 3 | Enrichment levels in genomic weighted gene co-expression network analysis (WGCNA). (A) Sample dendrogram and trait heatmap. (B) Selection of soft thresholds. (C) Cluster dendrogram of WGCNA. (D) Correlations between gene modules and melanoma status. (E) Correlation between modules. (F) Correlation between brown module memberships and gene significance.
3.4 Identification of key targets
We compared the DEGs and MEbrown module genes to identify 329 melanoma-related genes (Figure 4A). 14 genes were identified in intersection between melanoma-related genes and drug targets (Figure 4B). The PPI network of all melanoma-related and drug-related genes was constructed using the STRING online database (Supplementary Figure S2). The molecular complex detection (MCODE) algorithm was used to identify 62 essential subpopulation genes, termed key targets or key clusters (Figure 4C). The GO analysis of key targets showed that the biological process category was mainly enriched in the positive regulation of kinase activity, peptidyl-serine phosphorylation, and peptidyl-serine modification. The Biological Process category shown that the key cluster mainly enriched in miRNA transcription, and chromosomal region, and membrane raft. The results of the molecular function section were gathered in nuclear chromosome, DNA-binding transcription factor binding, and specific DNA-binding transcription factor binding (Figure 4E). Through KEGG-enriched analysis, we found that these key targets were mainly gathered in the cell cycle, PI3K-Akt signaling pathway, and hepatitis B (Figure 4D). Notably, the cell cycle was one of the primary signaling pathways affected by cinobufagin in cancer.
[image: Figure 4]FIGURE 4 | Identification of key targets and functional analysis. (A) Intersection of DEGs and WGCNA brown module genes, named melanoma-related genes. (B) Intersection of melanoma-related genes and drug targets. (C) Cytoscape’s plugin code for all melanoma-related genes and drug targets, named key cluster. Deep green: melanoma-related gene; brown: drug targets; deep green and brown: both melanoma-related genes and drug targets. (D) KEGG analysis of key genes. (E) GO analysis of the key cluster.
3.5 The expression and distribution of key targets
Differential expressions between the normal and disease samples of individual key targets were calculated and shown in box plots (Figure 5A). We then downloaded the single-cell data from the GEO database for our analysis. We used the following criteria to filter cells to guarantee their quality for our analysis: cells with > 5,000 and < 200 genes per cell and cells with a > 20% mitochondrial percentage or a > 20% ribosome percentage were filtered out (Supplementary Figure S3A). Then, the harmony package was used to remove the batch effect (Supplementary Figure S3B). The cluster tree was scaled with a resolution of 1.5 (Supplementary Figure S3C), and the principal component value was determined as 13. The results of T-distributed stochastic neighbor embedding (t-SNE) gathered 13 cell clusters (Figure 5B). The heatmap showed the gene type of each cluster (Figure 5C). Using the CellMarker database and referring to the work of Yang et al. (Zhang et al., 2022), we annotated these clusters into seven cells, including melanoma, NK cells, T cells, fibroblasts, mono cells, endothelial cells, and B cells (Figure 5D). The AUCell functional score analysis was used to show the distribution of drug targets, with cinobufagin acting mainly on melanoma cell clusters (Figure 5E).
[image: Figure 5]FIGURE 5 | Expression and distribution of the key cluster. (A) Boxplot of differential expression of key genes in normal tissue and tumor tissue of data in GSE46517. (B) Unified manifold approximation and projection clustering into 13 clusters. (C) Heatmap of each gene table level. (D) Manual annotation of 13 clusters, finally identifying 7 clusters. (E) Melanoma drug pathways of action.
3.6 Identification of crucial targets
Through comparison with key targets and intersect genes from the intersection of drug targets and melanoma-related genes, we identified three crucial targets (Figure 6A). The ROC curves showed that all three had excellent robustness for melanoma (area under the ROC curve > 0.8) (Figure 6C). Moreover, melanoma patient survival data downloaded from the TCGA database (http://xena.ucsc.edu/) was used for survival analysis. Results showed that all three target genes had a significant impact on melanoma patient survival (Figure 6D). However, among these crucial targets, EGFR and ERBB2 were downregulated compared with the normal sample, and CDK2 was upregulated (Figure 5A). The expression data from TCGA melanoma show the same results (Figure 6B).
[image: Figure 6]FIGURE 6 | Identification of crucial targets, receiver operating characteristic curve (ROC) analysis, and survival analysis. (A) Intersection of key clusters and melanoma-related genes and drug targets, named crucial targets. (B) Differential expression of crucial targets in normal tissue and tumor tissue of data in TCGA database. (C) ROC curve of three crucial targets. (D) Survival curve of EGFR, ERBB2, and CDK2.
3.7 Molecular docking
To validate the findings from network pharmacology, we selected crucial targets (CDK2, EGFR, and ERBB2) for molecular docking analysis to evaluate the screened targets. The structure of cinobufagin was identified by Chem Draw in 2022. After testing the feasibility of the docking method by redocking, the compound–target interactions, as well as their modes of binding, were visualized using Discovery Studio 2019 (Figures 7A–C). All these had high cdocker interaction energy, indicating that all three molecular docking targets combine very well with cinobufagin (Table1).
[image: Figure 7]FIGURE 7 | Molecular docking of crucial targets. (A) Re-docking of three targets in Discovery Studio 2019 software. (B,C) The CDOCKER results of cinobufagin with three crucial targets (CDK2, EGFR, ERBB2).
TABLE 1 | Docking information on crucial targets.
[image: Table 1]3.8 Molecular dynamics simulation
To further describe the binding patterns of protein–compound complexes, we performed molecular dynamics simulations of the above three molecular docking models. The RMSD curve can reflect the fluctuations of the system. As shown in Figure 8A, CDK2-cinobufagin was stable after 30 ns, and EGFR-cinobufagin and ERBB2-cinobufagin were stable after 10 ns (Figures 8C, E). The number of hydrogen bonds in the protein–cinobufagin complexes reflected their binding strengths (Figures 8B, D, F). Among them, ERBB2–cinobufagin had the highest hydrogen bond density and strength (Figure 8F). These data suggested that these three crucial targets interacted very well with cinobufagin in accordance with the molecular docking results.
[image: Figure 8]FIGURE 8 | Molecular dynamics analysis. (A,C,E) Root mean square deviation (RMSD) of three systems (three crucial targets and cinobufagin). (B,D,F) Number of hydrogen bonds in three systems.
4 DISCUSSION
Malignant melanoma is considered the most aggressive skin cancer—more dangerous than other skin cancers. If not removed at an early stage, it can spread and metastasize rapidly. Thus, anticancer drug therapy is an important anti-melanoma therapy (Helmbach et al., 2001). However, standard chemotherapy does not produce satisfactory results due to chemotherapy resistance (Helmbach et al., 2001; Jilaveanu et al., 2009; Abildgaard and Guldberg, 2015; Kalal et al., 2017). The development of new, effective treatments for melanoma is thus vital.
Venenum bufonis is a traditional Chinese medicine that has been widely used in China (Zhang et al., 2012; Zhu et al., 2017). It has been reported that its extract can inhibit the growth of many tumor cells (Park et al., 2012). Cinobufagin is one of the active components of Venenum bufonis , which piqued our research interest. It is reported that cinobufagin can effectively inhibit the growth and development of lung cancer cells (Adjei et al., 2010), liver cancer cells (Cui et al., 2010), prostate cancer cells (Yu et al., 2008), and osteosarcoma cells (Dai et al., 2017) in vitro. Moreover, cinobufagin can also inhibit the proliferation of melanomas (Pan et al., 2019; Kim et al., 2020; Zhang et al., 2020). However, the underlying mechanism and potential targets of cinobufagin in melanomas are unclear.
In this study, we combined network pharmacology, bulk RNA sequencing data, and single-cell RNA sequencing data to finally identify the potential targets of cinobufagin in melanoma. First, we found and predicted the 413 potential targets of cinobufagin. It is interesting that the molecular function section comprised in GO was gathered in protein serine/threonine kinase activity, protein serine kinase activity, and protein tyrosine kinase activity. Then, we downloaded GEO data for DEGs and WGCNA analysis, finally identifying 329 disease-related genes. By inputting these disease-related and drug-related genes into the STRING online database, we constructed a PPI network. To further identify potential targets of cinobufagin in melanoma, we used the molecular complex detection (MCODE) algorithm to define a more important subset. Interestingly, the GO analysis of these key targets showed that the biological process category was enriched in the positive regulation of kinase activity, the regulation of protein serine/threonine kinase activity, and the molecular function category, showing that the key cluster was enriched in protein tyrosine kinase activity and protein serine kinase activity, which was in keeping with previous results. Furthermore, the KEGG analysis showed that these potential targets were mainly enriched in the cell cycle; it is reported that this pathway is one of the main effects of cinobufagin on cancer cells (Pan et al., 2019; Yang et al., 2021). We then downloaded single-cell data from the GEO database to verify the distribution of these key targets. The results show that 62 key targets were mainly gathered in melanoma cells. By intersecting the key cluster and the intersection of drug-related genes and melanoma-related genes, we finally identified three crucial targets, EGFR, ERBB2, and CDK2, which are all protein serine/threonine kinases and are involved in cell cycle regulation (Lo and Hung, 2006; Hirai et al., 2017; Kirova et al., 2022). It has been reported that cinobufagin can inhibit the EGFR-CDK2 signaling pathway in hepatocellular carcinoma, which is consistent with our predicted results (Yang et al., 2021).
The crucial targets we identified all have excellent robustness in melanoma. TCGA data indicate that these three crucial targets have a significant impact on melanoma patient survival by three test methods. It was confusing that EGFR and ERBB2 had low expression in tumor tissue compared to normal tissue whether in GEO or TCGA data, perhaps due to the disadvantage of bulk sequencing. Finally, we showed the molecular docking results of cinobufagin with these three crucial targets, and the molecular dynamics simulation was performed. These data suggest that docking of cinobufagin with three proteins is reasonable, indicating that these might be potential targets of cinobufagin in melanoma.
Network pharmacology is a practical strategy that uses computer technology to deepen our understanding of the modes of drug action across multiple scales of complexity (Hopkins, 2008). We combined network pharmacology with other sequencing data to identify key targets. Through single-cell sequencing analysis, we found that these key targets were mainly distributed in melanoma cells. We used molecular docking to show that the crucial targets were potential targets of cinobufagin in melanoma. Moreover, the results of our analysis have been partly verified in other tumors (Yang et al., 2021), indicating that this method has great value in drug target prediction.
It should be noted that this study had some limitations. First, sequencing data for our analysis were retrieved from the literature and databases; therefore, the reliability and accuracy of the predictions are dependent on data quality. The second is the absence of evidence to verify our predictions; clinical trials, animal experiments, and X-ray diffractometers are needed to confirm the findings. Third, experimental validation is necessary to further verify cinobufagin’s ability to bind and inhibit crucial targets, such as affinity assays (surface plasmon resonance (SPR) or isothermal titration calorimetry (ITC)) or direct mutation studies. Our conclusions remain preliminary as long as computational predictions are not supported by experimental validation.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.
AUTHOR CONTRIBUTIONS
JY: formal analysis, investigation, methodology, project administration, software, supervision, and writing–original draft. CC: writing–original draft and validation. ZW: writing–review and editing and validation.
FUNDING
The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphar.2023.1315965/full#supplementary-material
REFERENCES
 Abildgaard, C., and Guldberg, P. (2015). Molecular drivers of cellular metabolic reprogramming in melanoma. Trends Mol. Med. 21 (3), 164–171. doi:10.1016/j.molmed.2014.12.007
 Adjei, A. A., Mandrekar, S. J., Dy, G. K., Molina, J. R., Adjei, A. A., Gandara, D. R., et al. (2010). Phase II trial of pemetrexed plus bevacizumab for second-line therapy of patients with advanced non–small-cell lung cancer: NCCTG and SWOG study N0426. J. Clin. Oncol. 28 (4), 614–619. doi:10.1200/JCO.2009.23.6406
 Chen, T., Hu, W., He, H., Gong, Z., Wang, J., Yu, X., et al. (2013). A study on the mechanism of cinobufagin in the treatment of paw cancer pain by modulating local β -endorphin expression in vivo. Evidence-Based Complementary Altern. Med. 2013, 851256–851259. doi:10.1155/2013/851256
 Cui, X., Inagaki, Y., Xu, H., Wang, D., Qi, F., Kokudo, N., et al. (2010). Anti-hepatitis B virus activities of cinobufacini and its active components bufalin and cinobufagin in HepG2.2.15 cells. Biol. Pharm. Bull. 33 (10), 1728–1732. doi:10.1248/bpb.33.1728
 Dai, G., Yu, L., Yang, J., Xia, K., Zhang, Z., Liu, G., et al. (2017). The synergistic antitumor effect of cinobufagin and cisplatin in human osteosarcoma cell line in vitro and in vivo. Oncotarget 8 (49), 85150–85168. doi:10.18632/oncotarget.19554
 Dashtdar, M., Dashtdar, M. R., Dashtdar, B., Kardi, K., and Shirazi, MK. (2016). The concept of wind in traditional Chinese medicine. J. Pharmacopuncture 19 (4), 293–302. doi:10.3831/KPI.2016.19.030
 Helmbach, H., Rossmann, E., Kern, M. A., and Schadendorf, D. (2001). Drug-resistance in human melanoma. Int. J. Cancer 93 (5), 617–622. doi:10.1002/ijc.1378
 Hirai, M., Arita, Y., McGlade, C. J., Lee, K.-F., Chen, J., and Evans, S. M. (2017). Adaptor proteins NUMB and NUMBL promote cell cycle withdrawal by targeting ERBB2 for degradation. J. Clin. Investigation 127 (2), 569–582. doi:10.1172/JCI91081
 Hopkins, A. L. (2008). Network pharmacology: the next paradigm in drug discovery. Nat. Chem. Biol. 4 (11), 682–690. doi:10.1038/nchembio.118
 Jilaveanu, L. B., Aziz, S. A., and Kluger, H. M. (2009). Chemotherapy and biologic therapies for melanoma: do they work?Clin. Dermatology 27 (6), 614–625. doi:10.1016/j.clindermatol.2008.09.020
 Kalal, B. S., Upadhya, D., and Pai, V. R. (2017). Chemotherapy resistance mechanisms in advanced skin cancer. Oncol. Rev. 11, 326. doi:10.4081/oncol.2017.326
 Kim, G.-H., Fang, X.-Q., Lim, W.-J., Park, J., Kang, T.-B., Kim, J. H., et al. (2020). Cinobufagin suppresses melanoma cell growth by inhibiting LEF1. Int. J. Mol. Sci. 21 (18), 6706. doi:10.3390/ijms21186706
 Kirova, D. G., Judasova, K., Vorhauser, J., Zerjatke, T., Leung, J. K., Glauche, I., et al. (2022). A ROS-dependent mechanism promotes CDK2 phosphorylation to drive progression through S phase. Dev. Cell 57 (14), 1712–1727.e9. doi:10.1016/j.devcel.2022.06.008
 Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559(1)
 Leonardi, G., Falzone, L., Salemi, R., Zanghi, A., Spandidos, D., McCubrey, J., et al. (2018). Cutaneous melanoma: from pathogenesis to therapy (Review). Int. J. Oncol. 52, 1071–1080. doi:10.3892/ijo.2018.4287
 Lo, H. W., and Hung, M. C. (2006). Nuclear EGFR signalling network in cancers: linking EGFR pathway to cell cycle progression, nitric oxide pathway and patient survival. Br. J. Cancer 94 (2), 184–188. doi:10.1038/sj.bjc.6602941
 Lopez-Bergami, P., Fitchman, B., and Ronai, ZE. (2008). Understanding signaling cascades in melanoma. Photochem. Photobiol. 84 (2), 289–306. doi:10.1111/j.1751-1097.2007.00254.x
 Lu, X.-s., Qiao, Y.-b., Li, Y., Yang, B., Chen, M.-b., and Xing, C.-g. (2016). Preclinical study of cinobufagin as a promising anti-colorectal cancer agent. Oncotarget 8 (1), 988–998. doi:10.18632/oncotarget.13519
 Meng, Z., Yang, P., Shen, Y., Bei, W., Zhang, Y., Ge, Y., et al. (2009). Pilot study of huachansu in patients with hepatocellular carcinoma, nonsmall-cell lung cancer, or pancreatic cancer. Cancer 115 (22), 5309–5318. doi:10.1002/cncr.24602
 Pan, Z., Zhang, X., Yu, P., Chen, X., Lu, P., Li, M., et al. (2019). Cinobufagin induces cell cycle arrest at the G2/M phase and promotes apoptosis in malignant melanoma cells. Front. Oncol. 9, 853. doi:10.3389/fonc.2019.00853
 Park, J.-S., Shin, D. Y., Lee, Y.-W., Cho, C.-K., Kim, G. Y., Kim, W.-J., et al. (2012). Apoptotic and anti-metastatic effects of the whole skin of Venenum bufonis in A549 human lung cancer cells. Int. J. Oncol. 40 (4), 1210–1219. doi:10.3892/ijo.2011.1310
 Qi, F., Inagaki, Y., Gao, B., Cui, X., Xu, H., Kokudo, N., et al. (2011). Bufalin and cinobufagin induce apoptosis of human hepatocellular carcinoma cells via Fas- and mitochondria-mediated pathways. Cancer Sci. 102 (5), 951–958. doi:10.1111/j.1349-7006.2011.01900.x
 Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W., et al. (2015). Limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. 43 (7), e47–e. doi:10.1093/nar/gkv007
 Singh, S., Zafar, A., Khan, S., and Naseem, I. (2017). Towards therapeutic advances in melanoma management: an overview. Life Sci. 174, 50–58. doi:10.1016/j.lfs.2017.02.011
 Spagnolo, F., Boutros, A., Tanda, E., and Queirolo, P. (2019). The adjuvant treatment revolution for high-risk melanoma patients. Seminars Cancer Biol. 59, 283–289. doi:10.1016/j.semcancer.2019.08.024
 Subramanian, A., Kuehn, H., Gould, J., Tamayo, P., and Mesirov, J. P. (2007). GSEA-P: a desktop application for gene set enrichment analysis. Bioinformatics 23 (23), 3251–3253. doi:10.1093/bioinformatics/btm369
 Tsao, H., Chin, L., Garraway, L. A., and Fisher, D. E. (2012). Melanoma: from mutations to medicine. Genes and Dev. 26 (11), 1131–1155. doi:10.1101/gad.191999.112
 Yang, A.-l., Wu, Q., Hu, Z.-d., Wang, S.-p., Tao, Y.-f., Wang, A.-m., et al. (2021). A network pharmacology approach to investigate the anticancer mechanism of cinobufagin against hepatocellular carcinoma via downregulation of EGFR-CDK2 signaling. Toxicol. Appl. Pharmacol. , 431. doi:10.1016/j.taap.2021.115739
 Yu, C.-H., Kan, S.-F., Pu, H.-F., Jea Chien, E., and Wang, P. S. (2008). Apoptotic signaling in bufalin- and cinobufagin-treated androgen-dependent and -independent human prostate cancer cells. Cancer Sci. 99 (12), 2467–2476. doi:10.1111/j.1349-7006.2008.00966.x
 Yu, G., Wang, L.-G., Han, Y., and He, Q.-Y. (2012). clusterProfiler: an R Package for comparing biological themes among gene clusters. OMICS A J. Integr. Biol. 16 (5), 284–287. doi:10.1089/omi.2011.0118
 Zhang, C., Shen, H., Yang, T., Li, T., Liu, X., Wang, J., et al. (2022). A single-cell analysis reveals tumor heterogeneity and immune environment of acral melanoma. Nat. Commun. 13 (1), 7250. doi:10.1038/s41467-022-34877-3
 Zhang, D. M., Liu, J. S., Tang, M. K., Yiu, A., Cao, H. H., Jiang, L., et al. (2012). Bufotalin from Venenum Bufonis inhibits growth of multidrug resistant HepG2 cells through G2/M cell cycle arrest and apoptosis. Eur. J. Pharmacol. 692 (1-3), 19–28. doi:10.1016/j.ejphar.2012.06.045
 Zhang, L., Huang, X., Guo, T., Wang, H., Fan, H., and Fang, L. (2020). Study of cinobufagin as a promising anticancer agent in uveal melanoma through intrinsic apoptosis pathway. Front. Oncol. 10, 325. doi:10.3389/fonc.2020.00325
 Zhao, L., Fu, L., Xu, Z., Fan, R., Xu, R., Fu, R., et al. (2019). The anticancer effects of cinobufagin on hepatocellular carcinoma Huh-7cells are associated with activation of the p73 signaling pathway. Mol. Med. Rep. 19, 4119–4128. doi:10.3892/mmr.2019.10108
 Zhu, L., Chen, Y., Wei, C., Yang, X., Cheng, J., Yang, Z., et al. (2017). Anti-proliferative and pro-apoptotic effects of cinobufagin on human breast cancer MCF-7 cells and its molecular mechanism. Nat. Prod. Res. 32 (4), 493–497. doi:10.1080/14786419.2017.1315575
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2024 Yang, Cheng and Wu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fphar-14-1315965-g005.gif
HW :

FTTETITIIIE






OPS/images/fphar-14-1315965-g006.gif





OPS/images/fphar-14-1315965-g003.gif





OPS/images/fphar-14-1315965-g004.gif
I
g
/ i

—





OPS/images/fphar-14-1315965-t001.jpg
Targets of cinobufagin  Re-docking (RMSD) CDOCKER interaction energy (kcal/mol) Binding energy (kcal/mol)

‘ EGFR 07976 38.045 -43.5327
‘ ERBB2 14621 25.9757 ~21.7207

‘ CDK2 1.1905 51.525 ~62.8743






OPS/images/fphar-14-1315965-g007.gif





OPS/images/fphar-14-1315965-g008.gif
(CDK2Cinbufagin R COK2-Cinbutighn

|
MM “

Time() Tine(os)
c EGFRCinbufagin o EGFRCinbutagin

ol 17

Temelo)

3 ERBBZCinbufagin

i






OPS/xhtml/nav.xhtml
Contents

		Cover

		Mechanisms underlying the therapeutic effects of cinobufagin in treating melanoma based on network pharmacology, single-cell RNA sequencing data, molecular docking, and molecular dynamics simulation		1 Introduction

		2 Materials and methods		2.1 Identification of targets of cinobufagin

		2.2 Identification of DEGs in melanoma

		2.3 Weighted gene co-expression network analysis

		2.4 Generation of protein–protein interaction networks and identification of key clusters

		2.5 Differential expression of key targets in melanoma and normal tissues

		2.6 Single-cell RNA sequencing data analysis and identification of melanoma-associated genes

		2.7 Receiver operating characteristic curve analysis and survival analysis

		2.8 Molecular docking and molecular dynamics simulation

		2.9 Statistical analysis





		3 Results		3.1 General targets of cinobufagin

		3.2 Target genes in melanoma

		3.3 WGCNA analysis

		3.4 Identification of key targets

		3.5 The expression and distribution of key targets

		3.6 Identification of crucial targets

		3.7 Molecular docking

		3.8 Molecular dynamics simulation





		4 Discussion

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
’ frontiers | Frontiersin Pharmacology

Mechanisms underlying the
therapeutic effects of
cinobufagin in treating
melanoma based on network
pharmacology, single-cell RNA
sequencing data, molecular
docking, and molecular
dynamics simulation





OPS/images/fphar-14-1315965-g001.gif
,;;;f,;;f//;/////// ,,,, iy

// /14/ //





OPS/images/fphar-14-1315965-g002.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
& frontiers | Frontiers in Pharmacology





