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Introduction

Resistance to second-generation epidermal growth factor receptor-tyrosine kinase inhibitor (EGFR-TKI), afatinib, is the most significant challenge in the clinical management of non-small cell lung cancer (NSCLC), and the underlying mechanisms remain unclear.



Methods

Genomic signatures that may confer afatinib resistance in NSCLC were identified via data mining of public databases and integrative bioinformatic analyses. Furthermore, acquired afatinib-resistant lung adenocarcinoma cell lines (HCC827 AR) were established by long-term exposure under afatinib in vitro for stepwise escalation. The expression of baculovirus IAP repeat protein 5 (BIRC5) was detected by western blot, and cellular viability of HCC827 AR was determined by CCK8.



Results

Through integrative bioinformatic analyses of public datasets, overexpression of baculovirus IAP repeat protein 5 (BIRC5) was identified in both afatinib-resistant NSCLC cells and tissues, and BIRC5 overexpression was positively correlated with lymph node metastasis as well as pathological stage in NSCLC. Furthermore, NSCLC patients with BIRC5 overexpression showed poor survival outcomes. Immune infiltration analysis suggested that BIRC5 expression was significantly inversely correlated with tumor-infiltrating cell numbers and immune biomarker expression in NSCLC. The functions of genes co-expressed with BIRC5 were mainly enriched in cell cycle mitotic phase transition, double-strand break repair, and negative regulation of the cell cycle process signaling pathway. In addition, overexpression of BIRC5 protein was detected in afatinib-resistant cells by western blot, while BIRC5-expressing cells treated with BIRC5 inhibitor, YM155, were sensitive to afatinib.



Conclusions

In this study, we showed that overexpression of BIRC5 resulted in resistance to afatinib in NSCLC and BIRC5-specific inhibitors may overcome the resistant phenotype, indicating that dysregulation of the apoptotic cell death pathway may be the key mechanism underlying TKI resistance in the development of NSCLC.
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Introduction

Non-small-cell lung cancer (NSCLC) is the most prevalent subtype of lung cancer (approximately 85%) (1); furthermore, it is mostly metastatic at diagnosis and represents the leading cause of cancer death worldwide (2). Most patients are diagnosed at an advanced stage (3, 4). The discovery of activating mutations in epidermal growth factor receptor (EGFR)and their use as predictive biomarkers to tailor patient therapy with EGFR TKIs has revolutionized the treatment of patients with advanced EGFR-mutant NSCLC (5).

Afatinib is an irreversibly mutant EGFR-TKI and the first-line FDA-approved treatment for locally advanced or metastatic NSCLC (6). While afatinib achieves superior efficacy in progression-free survival (PFS) and overall survival (OS) compared with conventional chemotherapy in NSCLC, progression inevitably occurs after EGFR TKI treatment for acquired resistance, which presents challenges in the treatment of NSCLC (7, 8). The mechanisms of acquired resistance are classified into three types: acquired mutation of targetable driver genes, bypass of signaling pathway activation, and histological lineage-transformation (9). Accordingly, pharmacological interception of the propensity of tumor cells to bypass signaling pathways derails their signaling or adhesion receptors and may allow the identification of novel targets for cancer therapy (10). An understanding of the mechanistic bases for drug resistance would continue to inform the development of strategies to overcome or prevent clinical acquired resistance, thereby providing greater therapeutic benefits for cancer patients (11).

BIRC5 (also known as survivin) is a small protein belonging to the inhibitor of apoptosis protein family that inhibits caspases and blocks cell death. It is abundantly expressed in tumors compared with adult differentiated tissues and is associated with poor prognosis in many human neoplasms (12). Because of selective expression in tumor but not normal tissues, for over a decade, BIRC5 has drawn considerable attention as a potential novel drug target in a variety of human cancers and has consistently been demonstrated to be a critical factor in tumor progression (13). Most studies of BIRC5 have focused on sensitization to chemotherapy and radiotherapy, while the level of heterogeneity among patients receiving targeted drug treatment and its biological significance have not yet been comprehensively investigated.

In this work, BIRC5 was initially identified as a potential candidate in the Gene Expression Omnibus (GEO) database. Then, we comprehensively searched the dataset and conducted a systematic bioinformatic analysis of potential genes promoting afatinib resistance in NSCLC. Moreover, the afatinib resistance role of BIRC5 was further validated by combining multiple tools, including protein/gene interactions(PPI), biological process annotation, and prediction of resistance mechanisms. Our study indicates a potential target and associated mechanisms of afatinib resistance, and suggests that BIRC5 could be a prognostic biomarker for afatinib treatment.



Materials and Methods


Microarray Data

The GEO database is a high-throughput microarray and sequence functional genomic database (https://www.ncbi.nlm.nih). In this study, the GSE62504 dataset consisted of two afatinib-resistant HCC827 replicates and one parental HCC827 cell line (14). The GSE75037 dataset (15) included 83 lung adenocarcinoma (LUAD) samples and 83 matched adjacent lung samples, whereas the GSE18842 dataset contained 32 squamous cell carcinoma, 14 adenocarcinoma, and 45 adjacent lung tissues (16).



Processing of Microarray Data

The original microarray data files of these three downloaded datasets were analyzed through GEO2R (https://www.ncbi.nlm.nih.gov/geo/geo2r/). This online tool can be used to compare two groups under the same experimental settings or more sets of samples (17). The P<0.05 and |fold change (FC)| > 1.0 were set as the cutoff standards to define the DEGs.



Functional Annotation and Pathway Enrichment Analysis

To perform functional annotation of DEGs, we applied annotation, visualization, and used a comprehensive database (DAVID, https://david.abccncifcrf.gov/) (18) to perform the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses, specifically GO enrichment analysis and KEGG pathway analysis.



ONCOMINE

The gene expression array dataset of ONCOMINE (www.oncomine.org) is a publicly accessible, online cancer microarray database that helps facilitate research using genome-wide expression analyses (19). For DEGs, comparison between cancer specimens and normal control dataset analysis was performed.



TIMER Analysis

The TIMER database was used to systematically analyze tumor-infiltrating immune cells (TIICs) in 32 cancer types using more than 10,000 samples from The Cancer Genome Atlas (TCGA) (https://cistrome.shinyapps.io/timer/) database (20). We initially used this database to assess differences in DEG expression levels in tumor types and explored the relationship between the expression of BIRC5 and the abundance of immune infiltrates in lung squamous cell carcinoma (LUSC) and LUAD by considering P<0.05 as the cut-off criterion for statistical significance.



UALCAN

The platform UALCAN is an omnibus and interactive web-based tool based on The Cancer Genome Atlas (TCGA) for deep analysis of gene expression using genomics data from 31 cancer types (21). The database UALCAN was used to analyze the correlation between BIRC5 mRNA transcriptional levels in LUSC and LUAD patients with different stage, gender, age, smoking habits, and lymph node metastasis. P<0.05 was regarded as indicating statistically significant results.



Kaplan-Meier Plotter

Kaplan-Meier plotter (https://www.kmplot.com) is an online survival analysis tool consisting of 10,461 cancer samples (including samples from 5143 breast cancer, 1816 ovarian cancer, 2437 lung cancer, and 1065 gastric cancer patients) that can facilitate evaluation of the impact of 54,675 gene pairs on overall survival OS (22). Based on the expression levels of DEGs, lung cancer patients were divided into a high expression group and a low expression group, the first progression(FP), OS and post progression survival (PPS) rate was further analyzed.



LinkedOmics

The LinkedOmics database contains multi-omics data and clinical data for 32 cancer types and 11,158 patients from the TCGA project (23). The “LinkInterpreter” module was used to derive biological insights and perform analysis of kinase targets, miRNA targets, and transcription factor targets for BIRC5 chemokines. Gene Set Enrichment Analysis (GSEA) was used to perform analyses with a minimum number of genes (size) of 3 and a simulation of 500 within the LUAD dataset. Results were analyzed statistically using the Pearson’s correlation test. The P value cutoff was 0.05.



GeneMANIA

GeneMANIA (https://www.genemania.org/) was used to predict the potential function of the BIRC5 gene and to predict the functions of specific genes (24). After obtained the kinase networks using LinkedOmics, we put those genes into GeneMANIA and understood their potential functions.



GSCALite

GSCALite, a bioinformatics platform for gene set cancer analysis, offered several type of analyses, including methylation analysis, cancer-related pathway analysis, miRNA network analysis, etc. (25). GSCALite provided pathway activity analysis and drug sensitivity analysis in our study with TCGA SKCM sample. The spearman correlation was used to explore the correlation between the gene expression and drug sensitivity.



Cell Lines and Cell Culture

Afatinib-sensitive NSCLC cell lines with mutated EGFR (DelE746-A750), HCC827 (Keygenbio, Nanjing, China) were cultured in RPMI-1640 medium (Gibco, USA) supplemented with 10% fetal bovine serum (Gemini, USA), penicillin (100 U/mL) and streptomycin (100 mg/mL). All cell lines were maintained in a humidified incubator at 37°C with 5% CO2.



Establishment of the Drug-Resistant Cell Line

The HCC827 cells were cultured in a medium containing afatinib (Selleck Chemicals, Houston, TX, USA)at 1 nmol/L. When the cells showed viability similar to that of cells without afatinib, we gradually increased the concentration of afatinib until it reached 6 μmol/L. The entire induction period lasted approximately six months.



Cell Counting Kit-8

HCC827 and HCC827-AR cells (3×103) were seeded in 96-well plates, grown overnight, and then treated with varying drug concentrations for 72 h; then, serum-free medium was replaced. Next, 10 μL of CCK8 (Beyotime, Shanghai, China) was added to each well for incubation at 37°C with 5% CO2 for 2 h. The OD value was measured at 450 nm wavelength (Thermo, Waltham, MA, USA).



Western Blot

The cells were lysed with RIPA buffer (Beyotime, Beijing, China) in the presence of protease inhibitor PMSF (Beyotime, Beijing, China). Protein samples were quantified using BCA protein assay kit (Beyotime, Beijing, China). Equal amounts of proteins (25 μg) were separated on 15% SDS-polyacrylamide gels and transferred to polyvinylidene fluoride membranes (Beyotime, Beijing, China). Then, the membrane was blocked with defatted milk at room temperature for 2 h and incubated with anti-BIRC5 rabbit polyclonal antibody (1:500; Cell Signaling Technology, #2808S) and anti-GAPDH rabbit monoclonal antibody (1:6000; Cell Signaling Technology, #5174S) at 4°C overnight. Next, the membrane was incubated with fluorescence-labeled anti-rabbit IgG antibody (1:1000; Cell Signaling Technology, #7074) at room temperature for 2 h and then visualized using enhanced chemiluminescence (Thermo, Waltham, MA, USA).



Statistical Analysis

GraphPad Prism 8 software (GraphPad Software, Inc., USA) statistical software was used to process the data, and P<0.05 was considered to define statistical significance.




Results


Identification and Functional Characterization of Upregulated DEGs in Afatinib-Resistant NSCLC Cells

To identify the potential genes conferring afatinib resistance in NSCLC, we investigated GSE62504 using |log2 (FC)|>1.0 and P <0.05 as thresholds to screen for differential genes (Figure 1A). A total of 1483 DEGs were screened, of which 700 DEGs were found to be significantly upregulated and 783 DEGs were downregulated (Figure 1B). To characterize the functions of these significantly upregulated DEGs, GO and KEGG analyses were then performed as previously described. The top five GO terms and enrichment pathways were determined, and these significantly upregulated DEGs were found to be highly associated with cell adhesion, inhibition of apoptosis, and inhibitor RNA transcription height (Figure 1C). As shown in Figure 1D, the DEGs that were simultaneously upregulated were also enriched in intercellular junctions and phagosomes, cell adhesion pathways, and PI3K-Akt signaling pathways.




Figure 1 | Identification and characterization of DEGs from the GSE62504 dataset. (A) Volcano plot of DEGs between afatinib-resistant cells and parental cells. Red dots indicate significantly upregulated DEGs in afatinib-resistant cells; green dots, afatinib-resistant DEGs that were downregulated; black dots, no significant difference (P < 0.05 and |log2FC|>1.0 as the threshold). (B) Distribution of DEGs of significance in afatinib-resistant cells. The top five GO terms (C) and KEGG enriched pathways (D) of significantly upregulated DEGs in NSCLC tissues are indicated. BP, biological process; CC, cell component; MF, molecular function.





BIRC5 Was Identified as the Gene Conferring Afatinib Resistance in NSCLC

Tumor gene heterogeneity is one of the determinants of drug resistance during tumor treatment (26, 27). To screen for genes related to the occurrence of afatinib resistance, the GSE75037 dataset consisting of lung cancer and adjacent normal tissues was further searched through the GEO database. A total of 984 DEGs were screened (Figure 2A), of which 312 genes were significantly upregulated and 672 genes were downregulated in cancer tissues (Figure 2B). Interference agents with mitotic arrest in cells promotes their death, which is a successful clinical strategy (28). The top GO terms and KEGG pathways of upregulated DEGs affected nuclear division and mitosis (Figure 2C) and the cell cycle (Figure 2D). Gene expression control mechanisms are complex and unique, and the integration of transcription and proteomic data provides additional information about gene expression control that cannot be obtained from data from a single source (29). To verify the reliability of the results, the GSE18842 datasets composed of data on lung cancer and normal tissues were retrieved. As the results show in Figure 3A, 990 DEGs were identified, among which 402 DEGs were up-regulated and 588 DEG were significantly down-regulated (Figure 3B). The GO terms were highly consistent with those for the GSE75037 dataset (Figure 3C), while the DEGs were enriched in cell cycle pathways (Figure 3D). Upon comparing the DEGs significantly upregulated in GSE62504, GSE18842, and GSE75037 (Figure 4), six genes were identified, namely BIRC5, MCM4 (30), SPP1 (31), NMU (32), CTHRC1 (33), and UHRF1 (34) had reported on drug resistance. However, little research has explored BIRC5 in the context of afatinib resistance in lung cancer (35). Therefore, we chose BIRC5 as the potential target gene of interest in this study.




Figure 2 | Identification and characterization of DEGs from the GSE75037 dataset. (A) Volcano plot of DEGs between NSCLC tissues and adjacent normal tissues. Red dots are significantly upregulated DEGs in NSCLC tissues; green dots, DEGs downregulated in NSCLC tissues; black dots, genes with no significant difference (P<0.05 and |log2FC|>2 as the threshold). (B) Distribution of significant DEGs in NSCLC tissues. The top five GO terms (C) and KEGG enriched pathways (D) of significantly upregulated DEGs in NSCLC tissues are indicated. BP, biological process; CC, cell component; MF, molecular function.






Figure 3 | Identification and characterization of DEGs from the GSE18842 dataset. (A) Volcano plot of DEGs between NSCLC tissues and adjacent normal tissues. Red dots are significantly upregulated DEGs in NSCLC tissues; green dots, DEGs downregulated in NSCLC tissues; black dots, genes with no significant difference (P<0.05 and |log2FC|>2 as the threshold). (B) Distribution of significant DEGs in NSCLC tissues. The top five GO terms (C) and KEGG enriched pathways (D) of significantly upregulated DEGs in NSCLC tissues are indicated. BP, biological process; CC, cell component; MF, molecular function.






Figure 4 | Venn diagram of significantly upregulated DEGs from the GSE62504, GSE75037, and GSE18842 datasets.





Validation of BIRC5 Related to Afatinib Resistance in NSCLC

To determine the role of BIRC5 in lung cancer, we first evaluated its expression and diagnostic and prognostic value in patients with NSCLC. Oncomine data revealed that mRNA expression of BIRC5 was significantly higher in NSCLC tissues than in normal tissues (Figures 5A, B). According to the TCGA database, mRNA expression of BIRC5 in LUSC and LUAD tissues was higher than in normal tissues (Figure 5C, D). Using the human protein profile database, it was further verified that BIRC5 was positively expressed in NSCLC tissues and negatively expressed in normal lung tissues (Figure 5E). Then, we analyzed the transcription levels of BIRC5 by tumor stage, patients’ age, patients’ gender, smoking habits, and nodal metastasis status for LUSC and LUAD. Regardless of tumor stage, gender, age, smoking habits, and nodal metastasis status, BIRC5 transcription levels in tissues were significantly higher than in normal lung tissues (Figure 6). Furthermore, we investigated the correlation between BIRC5 overexpression at the mRNA level and patient prognosis by plotting and comparing FP, OS and PPS of LUSC and LUAD patients with that of healthy individuals through Kaplan-Meier plotter (Figure 7). BIRC5 overexpression was associated with worse FP (HR=3.13 (2.23-4.4), P<0.001), OS (HR=2.42 (1.9-3.09), P<0.001) in LUAD,which was negative in LUSC. Overall, the findings above imply that the mRNA expression of BIRC5 is remarkably correlated with LUAD patient survival rates, and BIRC5 expression may represent a promising biomarker for prediction of survival in LUAD patients. All of the above data indicate that the upregulation of BIRC5 expression levels promotes the development and progression of NSCLC.




Figure 5 | The transcription levels of BIRC5 in lung cancer. (A) The expression level of BIRC5 in different cancers compared with that in normal tissues in the Oncomine database (P<0.0001, |FC|>2, and gene ranking of all). Compared with normal samples, BIRC5 mRNA was overexpressed in lung cancer samples in the Oncomine database (B) and UALCAN database (C, D) ***P < 0.001. (E) Immunohistochemical staining of BIRC5 protein expression in normal lung tissue and NSCLC tissue was obtained from the Human Protein Atlas online database (magnification, ×40).






Figure 6 | Correlation between BIRC5 expression and tumor stage in LUSC (A–E) and LUAD (F–J) patients in UALCAN; *p < 0.05, **p < 0.01, ***p < 0.001.






Figure 7 | Survival analysis FP, OS and PPS of BIRC5 in LUSC and LUAD patients obtained from KM plotter.





Relationship Between the Transcriptional Level of BIRC5 and Immune Infiltrates in LUSC AND LUAD

Great progress has been made in immunotherapy for the treatment of advanced lung cancer (36). However, the role of BIRC5 in immune infiltrates in NSCLC is unknown. Using the TIMER database, we investigated the relationship between the transcriptional level of BIRC5 and immune infiltration. For LUSC, the levels of BIRC5 expression correlated positively with tumor purity (Cor=0.336, P=4.47e-14), while BIRC5 expression was negatively correlated with CD4+T cells (Cor=-0.262, P=6.53e-09, macrophages (Cor=-0.289, P=1.16e-10), neutrophils (Cor=-0.137, P=2.83e-03), and dendritic cells (Cor=-0.218, P=1.68e-06); there was no significant association between B cells and CD8+T cells. We also analyzed the distribution of immune infiltration in relation to LUAD mutated with BIRC5. The levels of BIRC5 expression correlated negatively with B cells (Cor=-0.225, P=5.95e-07), CD4+T cells (Cor=-0.185, P=4.05e-05), and dendritic cells (Cor=-0.093, P=4.08e-02), while there was no significant association between tumor purity, CD8+T cells, macrophages, neutrophils (Figure 8). The relationship between BIRC5 expression level and immune markers was analyzed. As shown in Table 1, the expression of BIRC5 correlated significantly with the expression of the marker genes of different subsets of T cells in LUAD, namely,B cell markers, CD19, CD79A;neutrophil markers CD66b (CEACAM8), CD11b (ITGAM), and CCR7;dendritic cell markers, HLA-DPB1, HLA-DQB1, HLA-DRA, HLA-DPA1, and BDCA-1 (CD1C); Th2 markers, STAT6 and STAT5A; Tfh markers, BCL6; Th17 markers, STAT3; Treg markers, STAT5B and TGFb (TGFB1); T cell exhaustion markers, LAG3 and GZMB. BIRC5 was negatively correlated with a variety of immune cells, suggesting that this gene is associated with immunotherapy resistance in NSCLC.




Figure 8 | Relationship between the transcriptional level of BIRC5 and immune infiltrates in LUSC and LUAD.




Table 1 | Correlation analysis between BIRC5 and gene biomarkers of immune cells in LUAD (TIMER).





Enrichment Analysis of Co-Expression Genes Correlated With BIRC5 in LUAD

To gain insight into its biological significance, we examined BIRC5 co-expression and dark patterns, performed functional and enrichment analysis, and identified regulators of this gene in the LUAD cohort. The 5922 genes (red dots) showed positive correlations with BIRC5 and 7497 genes (green dots) showed negative correlations (Figure 9A). In addition, LinkedOmics was used to positively and negatively of the top 50 important genes associated with BIRC5 co-expression in LUAD (Figures 9B, C). Significant Gene Ontology (GO) term annotation indicated that BIRC5 correlated genes mainly participated in organelle fission, ribonucleoprotein complex biogenesis and mitotic cell cycle phase transition (Figure 9D). The KEGG pathway showed that BIRC5 related genes were primarily associated with mitotic cell cycle phase transition, double-strand break repair and negative regulation of cell cycle process (Figure 9E). Moreover, the significant top four genes were considered as the hub genes, namely CENPA (cor=9.214e-01, p=1.776e-158), CDC20 (cor=9.098e-01, p=1.422e-147), CCNB2 (cor=9.012e-01, p=2.107e-140), and NUF2 (cor=8.971e-01, p=3.370e-137); these were positively correlated with BIRC5 in LUAD (Figure 9F).




Figure 9 | Genes co-expressed with BIRC5 in LUAD (LinkedOmics). (A) The genes positively and negatively correlated with BIRC5 in LUAD. Heat maps showing top 50 genes positively (B) and negatively (C) correlated with BIRC5 in LUAD. Red indicates positively correlated genes and blue indicates negatively correlated genes. (D) Significantly enriched GO annotations and KEGG pathways of BIRC5 in TCGA cohort (E). The correlation between the hub genes and BIRC5 in LUAD (F).





The Networks of Kinase, miRNA or Transcription Factor Targets of BIRC5 in LUAD

Due to the significance of BIRC5 in LUAD, we further explored BIRC5 networks of kinase, miRNA or transcription factor targets in LUAD. For kinase networks of BIRC5, the top most significant targets were involved in the kinase AURKB. We found that the top 5 most significant miRNA network targets were MIR-17-5P, MIR-507, MIR-24, MIR-138 and MIR-199A (Table 2). Moreover, the transcription factor network target (V$E2F1_Q6, V$E2F4DP1_01, V$E2F_Q6, V$E2F_Q4, V$E2F_Q4_01) of BIRC5 was shown in Table 2.


Table 2 | The Kinase, miRNA and transcription factor-target networks of BIRC5 in LUAD (LinkedOmics).





Prediction of the Resistance Mechanism of BIRC5 in NSCLC

To determine whether BIRC5 functions in the drug resistance of cancer, GeneMANIA was employed. BIRC5 showed interactions with 20 proteins/genes. And the results showed that these genes were primarily involved in the regulation of microtubule associated complex, spindle, spindle assembly, chromosome, centromeric region, mitotic nuclear division, chromosomal region and mitotic spindle organization (Figure 10A).




Figure 10 | Validation of the afatinib resistance function of BIRC5. (A) PPI network of BIRC5 produced by GeneMANIA. (B) PPI network of BIRC5 and AURKB.



To further explore the regulators of BIRC5 in expression, we performed an analysis of kinases, miRNAs and transcription factors of BIRC5 gene (Table 2). For kinase networks of BIRC5, only one kinase target of BIRC5 was identified (Kinase_AURKB) according to the LinkedOmics database. To probe the function of AURKB in more details, we next constructed PPI networks of AURKB. And the results showed that these genes were primarily involved in the regulation of microtubule associated complex, spindle, spindle assembly and mitotic nuclear division (Figure 10B).



Genetic Pathway and Drug Sensitivity Analysis of Hub Genes

BIRC5 and the top four significant genes, namely CENPA, CDC20, CCNB2, and NUF2, were selected as the hub genes for genetic alteration, pathway, and drug sensitivity analyses. We also explored the role of hub genes in all known cancer related pathways, including Apoptosis, Cell Cycle, DNA Damage Response, EMT, Hormone AR, Hormone ER, PI3K/AKT, RAS/MAPK, RTK, and TSC/mTOR pathways. Results showed that BIRC5 is involved in the activation of Apoptosis, Cell Cycle, DNA Damage Response, EMT, and Hormone AR pathways (Figure 11).




Figure 11 | The role of BIRC5 and top four genes in the cancer-related pathways (GSCALite).



By drug sensitivity analysis, we evaluated the correlation of gene expression and IC50 using Genomics of Drug Sensitivity in Cancer (GDSC) of small molecules. As shown in Figure 12, a high NUF2 level was resistant to 5 drugs or small molecules, whereas a high CENPA level was resistant to 2 drugs or small molecules. Moreover, high expression of BIRC5 was associated with resistance to trametinib, RDEA119, and selumetinib. These findings may provide support for the selection of drugs for targeted therapy in LUAD.




Figure 12 | The drug resistance analysis of hub genes based on GDSC IC50 drug data. Correlation between gene expression and the drug is represented by Spearman correlation, and positive correlation means that high expression is associated with drug resistance.





Upregulation of BIRC5 Correlates With Afatinib Resistance

In the present study, stepwise exposure to increasing concentrations of afatinib was used to establish afatinib-resistant lung cancer cells. The half maximal inhibitory concentration (IC50) of afatinib treated for 72 h in HCC827 and HCC827-AR cells was measured by CCK8 (Figure 13A). To explore the role of BIRC5 in NSCLC cell resistance to afatinib, western blot analysis was performed. As shown in Figure 13B, BIRC5 expression was significantly higher in HCC827-AR cells than in HCC827 cells (P<0.001). Next, we tested the sensitivity of HCC827-AR cells to afatinib and BIRC5 inhibitor YM155 in vitro. HCC827-AR has a half-maximal inhibitory concentration of afatinib (IC50)=1–10 μM), YM155 (IC 50 = 1–10 nM) (Figure 13C). The results confirmed that YM155 is about 1000 times more potent than afatinib in vitro in afatinib-resistant cells. This finding provides potential new therapeutic strategies against lung adenocarcinoma cells with acquired drug resistance.




Figure 13 | Induce and detect HCC827 and HCC827-AR cells. (A) HCC827 and HCC827-AR cells of cell viability assays are shown. (B) Protein expression levels of BIRC5 in HCC827 and HCC827-AR cells. (C) Effects of afatinib and YM155 on HCC827-AR cells as observed via cell viability assays are shown. ***p < 0.001.






Discussion

Over three decades, a mainstay and goal of clinical oncology were the development of therapies that promote the effective elimination of cancer cells by apoptosis (37). The evasion of apoptosis is a common strategy adopted by cancer cells for drug resistance. BIRC5, a member of the human inhibitors of apoptosis proteins (IAPs) family is one of the most studied molecular and therapeutic targets in various type of cancer s (38, 39). Aberrant expression of BIRC5 in cancers have been found to facilitate cancer progression (40, 41).

In the current study, we first focused on the expression features value of BIRC5 in afatinib-resistant lung cancer. From GEO data, we selected DEGs of the number of afatinib-resistant cells, lung cancer and normal tissues, and selected BIRC5 for further research. As elucidated in the GO and KEGG analyses of DEGs, the nodules in this network were enriched in mitosis and cell cycle pathways (Figures 1–4). Actually, BIRC5 is a key regulator for apoptosis and mitotic spindle checkpoint. Overexpression of BIRC5 usually result in aberrant mitosis of transformed cells. Cancer cells exit from drug-induced mitotic slippage to avoid subsequent cell death which is a major mechanism contributing to resistance (42). Overexpression of BIRC5 was observed in about half of the pan-cancers in the Oncomine database, and NSCLC showed the greatest difference between normal and tumor tissues. In order to further confirm the clinical value of BIRC5 expression in the diagnosis of lung cancer, we further analyzed TCGA dataset, and the results were shown to be consistent with the observations in the Oncomine data. Overexpression of BIRC5 in NSCLC tissues was confirmed (Figure 5).

We further focus on LUAD and LUSC to discover the significance of BIRC5 and explore the clinical significance and potential function of BIRC5. Herein, we found that the overexpression of BIRC5 was significantly correlated with tumor stage, age, gender, smoking habits, and nodal metastasis status in normal tissues (Figure 6). BIRC5 also performed well in predicting the overall survival of LUAD patients in the TCGA data (Figure 7). Similarly, BIRC5 is associated with progression and poor survival in LUAD, linking overexpression of BIRC5 with an increased invasive phenotype and worse clinical prognosis.

According to the analysis in TIMER, aberrant expression of BIRC5 may alter cancer microenvironment and immune response, thus impact on the overall clinical outcome. We confirmed that overexpression of BIRC5 was associated with decreased immune cells infiltration in LUAD (Figure 8). High expression levels of BIRC5 was observed in tumor-adjacent immune cells (43). Taken together, these results suggest that the abnormal expression of BIRC5 may contribute to the poor effect of immunotherapy.

Through coexistence analysis, we found that BIRC5 and its related genes are involved in the cell cycle regulation and DNA replication pathway, as well as related to the expression of CENPA, CDC20, CCNB2 and NUF2 genes. Similarly, as elucidated by lung cancer-specific PPI, the nodules in this network are rich in processes and pathways related to apoptosis, cell cycle and DNA damage. Functional analysis of BIRC5 protein network revealed that several kinases closely interact with BIRC5 including AURKB. AURKB is a kinase that plays an important role in cell division and aberrant activation of AURKB was found in NSCLC (44). BIRC5 is a multifunctional gene that can function as inhibitor of cell death and essential regulator for cell mitosis (45). An increased tendency of BIRC5 during the life cycle of cells may lead to genomic instability, which is a major driving force for tumorigenesis (46). In addition, the increase of BIRC5 indicates multi-drug resistance in various type of cancer. Finally, by establishing an afatinib-resistant lung cancer cell line in vitro, HCC827-AR, we further confirmed that BIRC5 was overexpressed in lung adenocarcinoma cell line afatinib resistant cells at the protein levels. The BIRC5 inhibitor, YM155, showed an inhibitory effect on the cells resistant to afatinib. Silencing of BIRC5 also caused proliferation inhibition and induced apoptosis in lung cancer cells (47). Recently, it has been reported that combination of BIRC5 inhibitor with osimertinib can effectively inhibit the growth of lung cancer in mouse xenograft model (48), and a phase II clinical trial showed YM155 exhibited modest single-agent activity in patients with refractory in advanced NSCLC (49), indicating that BIRC5 may be a new target to overcome TKI resistance in LUAD.

Despite of the promising performance of the BIRC5 signature, there were certain limitations for the current study. The establishment and validation of the research were based on the public sequence data. Moreover, the DEGs in the article are considered too loose for the significant p value threshold for microarray analysis to apply. Further functional validation of BIRC5 may shed new light on mechanisms of afatinib-resistant in lung cancer, such as more details of mechanisms and signaling network involved in TKI resistance in LUAD as well as multi-center clinical trials of targeting BIRC5 in combination with TKIs or immunotherapy in NSCLC patients.



Conclusion

In conclusion, the current study mainly focuses on the investigation of the expression features and potential functions of BIRC5 in NSCLC. We have demonstrated that overexpression of BIRC5 resulted in resistance to afatinib in NSCLC, and BIRC5-specific inhibitors may reverse the resistant phenotype and promote cell death of lung cancer cells. Our study provided evidence for the future investigation of BIRC5 as new target for overcoming TKI resistance and the prognostic value for NSCLC.



Data Availability Statement

The datasets presented in this study can be found in online repositories. The names of the repositories and accession numbers can be found in the article material.



Author Contributions

XZ: Conceptualization, Formal analysis, drafting manuscript, review & editing. QC and YZ: Data curation. RZ and YL: proof editing. YZL: Conceptualization,proof editing, funding support. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by a grant from the National Natural Science Foundation of China (Grant No. 81572606).



Acknowledgments

The authors would like to thank all publicly available data used in the present study.



References

1. Siegel, RL, Miller, KD, Fuchs, HE, and Jemal, A. Cancer Statistics, 2021. CA: Cancer J Clin (2021) 71(1):7–33. doi: 10.3322/caac.21654

2. Clark, SB, and Alsubait, S. Non Small Cell Lung Cancer. StatPearls. Treasure Island (FL: StatPearls Publishing Copyright © 2021, StatPearls Publishing LLC (2021).

3. Bade, BC, and Dela Cruz, CS. Lung Cancer 2020: Epidemiology, Etiology, and Prevention. Clin Chest Med (2020) 41(1):1–24. doi: 10.1016/j.ccm.2019.10.001

4. Thomas, NA, and Tanner, NT. Lung Cancer Screening: Patient Selection and Implementation. Clin Chest Med (2020) 41(1):87–97. doi: 10.1016/j.ccm.2019.10.006

5. Rotow, J, and Bivona, TG. Understanding and Targeting Resistance Mechanisms in NSCLC. Nat Rev Cancer (2017) 17(11):637–58. doi: 10.1038/nrc.2017.84

6. Sartori, G, Belluomini, L, Lombardo, F, Avancini, A, Trestini, I, Vita, E, et al. Efficacy and Safety of Afatinib for Non-Small-Cell Lung Cancer: State-of-the-Art and Future Perspectives. Expert Rev Anticancer Ther (2020) 20(7):531–42. doi: 10.1080/14737140.2020.1776119

7. Asao, T, Takahashi, F, and Takahashi, K. Resistance to Molecularly Targeted Therapy in Non-Small-Cell Lung Cancer. Respir Invest (2019) 57(1):20–6. doi: 10.1016/j.resinv.2018.09.001

8. Bolan, PO, Zviran, A, Brenan, L, Schiffman, JS, Dusaj, N, Goodale, A, et al. Genotype-Fitness Maps of EGFR-Mutant Lung Adenocarcinoma Chart the Evolutionary Landscape of Resistance for Combination Therapy Optimization. Cell Syst (2020) 10(1):52–65.e7. doi: 10.1016/j.cels.2019.10.002

9. Xiang, M, Jiang, HG, Shu, Y, Chen, YJ, Jin, J, Zhu, YM, et al. Bisdemethoxycurcumin Enhances the Sensitivity of Non-Small Cell Lung Cancer Cells to Icotinib via Dual Induction of Autophagy and Apoptosis. Int J Biol Sci (2020) 16(9):1536–50. doi: 10.7150/ijbs.40042

10. Gao, J, Li, HR, Jin, C, Jiang, JH, and Ding, JY. Strategies to Overcome Acquired Resistance to EGFR TKI in the Treatment of Non-Small Cell Lung Cancer. Clin Trans Oncol (2019) 21(10):1287–301. doi: 10.1007/s12094-019-02075-1

11. Westover, D, Zugazagoitia, J, Cho, BC, Lovly, CM, and Paz-Ares, L. Mechanisms of Acquired Resistance to First- and Second-Generation EGFR Tyrosine Kinase Inhibitors. Ann Oncol (2018) 29(suppl_1):i10–i9. doi: 10.1093/annonc/mdx703

12. Wheatley, SP, and Altieri, DC. Survivin at a Glance. J Cell Sci (2019) 132(7):jcs223826. doi: 10.1242/jcs.223826

13. Shojaei, F, Yazdani-Nafchi, F, Banitalebi-Dehkordi, M, Chehelgerdi, M, and Khorramian-Ghahfarokhi, M. Trace of Survivin in Cancer. Eur J Cancer Prev Off J Eur Cancer Prev Organisation (ECP) (2019) 28(4):365–72. doi: 10.1097/cej.0000000000000453

14. Lin SSJ, WS, Hsu, J-TA, and Jiang, SS. Overcoming Acquired Resistance to BIBW2992 in HCC827, A Non-Small Cell Lung Cancer Cell Line by Dasatinib, Arrayexpress-Repository, V1. (2016). Available at: https://www.ebi.ac.uk/arrayexpress/experiments/E-GEOD-62504.

15. Girard, L, Rodriguezcanales, J, Behrens, C, Thompson, D, Botros, I, Tang, H, et al. An Expression Signature as an Aid to the Histologic Classification of Non-Small Cell Lung Cancer. Clin Cancer Res (2016) 22(19):4880–9. doi: 10.1158/1078-0432.CCR-15-2900

16. Sanchezpalencia, A, Gomezmorales, M, Gomezcapilla, JA, Pedraza, V, Boyero, L, Rosell, R, et al. Gene Expression Profiling Reveals Novel Biomarkers in Nonsmall Cell Lung Cancer. Int J Cancer (2011) 129(2):355–64. doi: 10.1002/ijc.25704

17. Barrett, T, Wilhite, SE, Ledoux, P, Evangelista, C, Kim, IF, Tomashevsky, M, et al. NCBI GEO: Archive for Functional Genomics Data Sets - Update. Nucleic Acids Res (2013) 41(D1):D991–5. doi: 10.1093/nar/gks1193

18. Huang da, W, Sherman, BT, and Lempicki, RA. Systematic and Integrative Analysis of Large Gene Lists Using DAVID Bioinformatics Resources. Nat Protoc (2009) 4(1):44–57. doi: 10.1038/nprot.2008.211

19. Rhodes, DR, Kalyana-Sundaram, S, Mahavisno, V, Varambally, R, Yu, J, Briggs, BB, et al. Oncomine 3.0: Genes, Pathways, and Networks in a Collection of 18,000 Cancer Gene Expression Profiles. Neoplasia (2007) 9(2):166–80. doi: 10.1593/neo.07112

20. Li, T, Fan, J, Wang, B, Traugh, N, Chen, Q, Liu, JS, et al. TIMER: A Web Server for Comprehensive Analysis of Tumor-Infiltrating Immune Cells. Cancer Res (2017) 77(21):e108–10. doi: 10.1158/0008-5472.Can-17-0307

21. Chandrashekar, DS, Bashel, B, Balasubramanya, SAH, Creighton, CJ, Ponce-Rodriguez, I, Chakravarthi, BVSK, et al. UALCAN: A Portal for Facilitating Tumor Subgroup Gene Expression and Survival Analyses. Neoplasia (2017) 19(8):649–58. doi: 10.1016/j.neo.2017.05.002

22. Lánczky, A, Nagy, Á, Bottai, G, Munkácsy, G, Szabó, A, Santarpia, L, et al. Mirpower: A Web-Tool to Validate Survival-Associated miRNAs Utilizing Expression Data From 2178 Breast Cancer Patients. Breast Cancer Res Treat (2016) 160(3):439–46. doi: 10.1007/s10549-016-4013-7

23. Vasaikar, SV, Straub, P, Wang, J, and Zhang, B. LinkedOmics: Analyzing Multi-Omics Data Within and Across 32 Cancer Types. Nucleic Acids Res (2018) 46(D1):D956–D63. doi: 10.1093/nar/gkx1090

24. Warde-Farley, D, Donaldson, SL, Comes, O, Zuberi, K, Badrawi, R, Chao, P, et al. GeneMANIA Prediction Server: Biological Network Integration for Gene Prioritization and Predicting Gene Function. Nucleic Acids Res (2010) 38(suppl_2):W214–20. doi: 10.1093/nar/gkq537

25. Liu, C-J, Hu, F-F, Xia, M-X, Han, L, Zhang, Q, and Guo, A-Y. GSCALite: A Web Server for Gene Set Cancer Analysis. Bioinformatics (2018) 34(21):3771–2. doi: 10.1093/bioinformatics/bty411

26. Lytle, NK, Barber, AG, and Reya, T. Stem Cell Fate in Cancer Growth, Progression and Therapy Resistance. JNRC (2018) 18(11):669–80. doi: 10.1038/s41568-018-0056-x

27. Lim, ZF, and Ma, PC. Emerging Insights of Tumor Heterogeneity and Drug Resistance Mechanisms in Lung Cancer Targeted Therapy. J Hematol Oncol (2019) 12(1):134. doi: 10.1186/s13045-019-0818-2

28. Haschka, M, Karbon, G, Fava, LL, and Villunger, A. Perturbing Mitosis for Anti-Cancer Therapy: Is Cell Death the Only Answer? EMBO Rep (2018) 19(3):e45440. doi: 10.15252/embr.201745440

29. Buccitelli, C, and Selbach, M. mRNAs, Proteins and the Emerging Principles of Gene Expression Control. Nat Rev Genet (2020) 21(10):630–44. doi: 10.1038/s41576-020-0258-4

30. Zhang, H, Wang, P, Song, T, Bonnette, UL, and Zhang, Z. Screening and Identification of Key Genes in Imatinib-Resistant Chronic Myelogenous Leukemia Cells: A Bioinformatics Study. Hematol (Amsterdam Netherlands) (2021) 26(1):408–14. doi: 10.1080/16078454.2021.1931740

31. Pang, X, Gong, K, Zhang, X, Wu, S, Cui, Y, and Qian, B-Z. Osteopontin as a Multifaceted Driver of Bone Metastasis and Drug Resistance. Pharmacol Res (2019) 144:235–44. doi: 10.1016/j.phrs.2019.04.030

32. You, S, and Gao, L. Identification of NMU as a Potential Gene Conferring Alectinib Resistance in Non-Small Cell Lung Cancer Based on Bioinformatics Analyses. Gene (2018) 678:137–42. doi: 10.1016/j.gene.2018.08.032

33. Zhang, W, Liu, S, Zhan, H, Yan, Z, and Zhang, G. Transcriptome Sequencing Identifies Key Pathways and Genes Involved in Gastric Adenocarcinoma. Mol Med Rep (2018) 18(4):3673–82. doi: 10.3892/mmr.2018.9370

34. Sidhu, H, and Capalash, N. UHRF1: The Key Regulator of Epigenetics and Molecular Target for Cancer Therapeutics. Tumor Biol (2017) 39(2):1010428317692205. doi: 10.1177/1010428317692205

35. Dai, C-H, Shu, Y, Chen, P, Wu, J-N, Zhu, L-H, Yuan, R-X, et al. YM155 Sensitizes Non-Small Cell Lung Cancer Cells to EGFR-Tyrosine Kinase Inhibitors Through the Mechanism of Autophagy Induction. Biochim Biophys Acta (BBA) - Mol Basis Dis (2018) 1864(12):3786–98. doi: 10.1016/j.bbadis.2018.10.015

36. Brozos-Vázquez, EM, Díaz-Peña, R, García-González, J, León-Mateos, L, Mondelo-Macía, P, Peña-Chilet, M, et al. Immunotherapy in Nonsmall-Cell Lung Cancer: Current Status and Future Prospects for Liquid Biopsy. Cancer Immunol Immunother CII (2021) 70(5):1177–88. doi: 10.1007/s00262-020-02752-z

37. Carneiro, BA, and El-Deiry, WS. Targeting Apoptosis in Cancer Therapy. Nat Rev Clin Oncol (2020) 17(7):395–417. doi: 10.1038/s41571-020-0341-y

38. Frazzi, R. BIRC3 and BIRC5: Multi-Faceted Inhibitors in Cancer. Cell Biosci (2021) 11(1):8. doi: 10.1186/s13578-020-00521-0

39. Ebrahimiyan, H, Aslani, S, Rezaei, N, Jamshidi, A, and Mahmoudi, M. Survivin and Autoimmunity; the Ins and Outs. Immunol Lett (2018) 193:14–24. doi: 10.1016/j.imlet.2017.11.004

40. Mohammed Salama, ME. Role of Napsin A and Survivin Immunohistochemical Expression in Bronchogenic Adenocarcinoma. Asian Pac J Cancer Prev APJCP (2020) 21(11):3345–8. doi: 10.31557/apjcp.2020.21.11.3345

41. Xiu, Y, Sun, B, Jiang, Y, Wang, A, Liu, L, Liu, Y, et al. Diagnostic Value of the Survivin Autoantibody in Four Types of Malignancies. Genet Testing Mol Biomarkers (2018) 22(6):384–9. doi: 10.1089/gtmb.2017.0278

42. Sinha, D, Duijf, PHG, and Khanna, KK. Mitotic Slippage: An Old Tale With a New Twist. Cell Cycle (2019) 18(1):7–15. doi: 10.1080/15384101.2018.1559557

43. Nitschkowski, D, Marwitz, S, Kotanidou, SA, Reck, M, Kugler, C, Rabe, KF, et al. Live and Let Die: Epigenetic Modifications of Survivin and Regucalcin in Non-Small Cell Lung Cancer Tissues Contribute to Malignancy. Clin Epigenet (2019) 11(1):157. doi: 10.1186/s13148-019-0770-6

44. Bertran-Alamillo, J, Cattan, V, Schoumacher, M, Codony-Servat, J, Giménez-Capitán, A, Cantero, F, et al. AURKB as a Target in Non-Small Cell Lung Cancer With Acquired Resistance to Anti-EGFR Therapy. Nat Commun (2019) 10(1):1812. doi: 10.1038/s41467-019-09734-5

45. Wheatley, SP. The Functional Repertoire of Survivin’s Tails. Cell Cycle (2015) 14(2):261–8. doi: 10.4161/15384101.2014.979680

46. Denisenko, TV, Sorokina, IV, Gogvadze, V, and Zhivotovsky, B. Mitotic Catastrophe and Cancer Drug Resistance: A Link That Must to be Broken. Drug Resist Updates (2016) 24:1–12. doi: 10.1016/j.drup.2015.11.002

47. Yang, Y, Li, D, Li, Y, Jiang, Q, Sun, R, Liu, J, et al. Low-Temperature Plasma Suppresses Proliferation and Induces Apoptosis in Lung Cancer Cells by Regulating the miR-203a/BIRC5 Axis. Onco Targets Ther (2020) 13:5145–53. doi: 10.2147/ott.S244853

48. Sanomachi, T, Suzuki, S, Togashi, K, Seino, S, Yoshioka, T, Kitanaka, C, et al. Brexpiprazole Reduces Survivin and Reverses EGFR Tyrosine Kinase Inhibitor Resistance in Lung and Pancreatic Cancer. Anticancer Res (2019) 39(9):4817. doi: 10.21873/anticanres.13667

49. Giaccone, G, Zatloukal, P, Roubec, J, Floor, K, Musil, J, Kuta, M, et al. Multicenter Phase II Trial of YM155, A Small-Molecule Suppressor of Survivin, in Patients With Advanced, Refractory, Non-Small-Cell Lung Cancer. J Clin Oncol Off J Am Soc Clin Oncol (2009) 27(27):4481–6. doi: 10.1200/jco.2008.21.1862




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.


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.

Copyright © 2021 Zhu, Zhou, Lu, Zhang, Chen and Li. 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.


OEBPS/Images/fonc-11-763035-g006.jpg
A Expression of BIRC5 in LUSC based on F Expression of BIRC5 in LUAD based on
patient’'s gender

60 . ke ok ok
* %k
= 50 =
8 S
E 40 E
5 g
g :
= =
2 20 2
g 5
= 10 =
0
Normal Male Female
(n=52) (n=366) (n=128)
B Expression of BIRC5 in LUSC basedon G
patient's age
80 *okk
70 *kk ,
c c
2 *kk 2
z g
= =
@ @
-9 -9
2 s
= =
Q =3
7 @
c c
£ £
Normal 21-40Yrs 41-60Yrs 61-80Yrs 81-100Yrs
(n=52)  (n=2) (n=103) (n=361) (n=20)
Expression of BIRC5 in LUSC based on
Cc Lo ° : ; H
patient's smoking habits
60 ok ok
c 50
K]
T 40 E
e
2 5 2
B B
= =
2 20 § 20
s §
= 10 -1
0
Normal Non Smoker Reformed Reformed
(n=52) smoker (n=133) smoker smoker
(n=18) (<15 years) (>15 years)
(n=83)  (n=247)
D Expression of BIRC5 in LUSC based on 1
individual cancer stages
80
70
s
£ 60 H
E 50 g
g -
5 40 E_
5 30 £
z g
& 20 E
" 10 =
0
Normal Stage1 Stage2 Stage3 Staged
(n=59) (n=243) (n=157) (n=85) (n=7)
E Expression of BIRC5 in LUSC based on J
nodal metastasis status
80q ok 40
= 70 * %k -
] b S
§ 60 H %k % = 30
504 | £
o o
2 40 220
s &
5 30 §
a c
£ 20 s 10
= =
=

Normal  NO N1 N2 N3
(n=562) (n=320) (n=131) (n=40) (n=5)

patient's gender

@
o

%k %k %k

o
o

N
o

w
o

N
o

-
(=]

o

Male
(n=238)

Female
(n=276)

Normal
(n=59)

Expression of BIRC5 in LUAD based on
patient's age

Normal 21-40Yrs 41-60Yrs 61-80Yrs 81-100Yrs
(n=59) (n=12) (n=90) (n=149) (n=32)

Expression of BIRC5 in LUAD based on
patient's smoking habits

w

°

o

Normal
(n=59)

Non  Smoker Reformed Reformed
smoker  (n=118)  smoker  smoker
(n=75) (<15 years) (>15 years)

(n=135)  (n=168)

Expression of BIRC5 in LUAD based on
individual cancer stages

Normal Stage1 Stage2 Stage3 Stage4
(n=59) (n=277) (n=125) (n=85) (n=28)

Expression of BIRC5 in LUAD based on
nodal metastasis status
*
ET T
*%

N3
(n=2)

Normal  NO N1
(n=59) (n=331) (n=96)

N2
(n=74)





OEBPS/Images/fonc-11-763035-g012.jpg
-FK866
L4 @ - Trametinib
® ¢ -RDEA119
® - selumetinib
PD-0325901
- Navitoclax
- NPK76-11-72-1

- Vorinostat

- M7mG

niiinitii

CENPA -
BIRCS

Spearman Correlation
1og10(FOR) [#] 10 [@] 20 [@] 20 [@)] 40 p

02 -01 00 01 02 03





OEBPS/Images/fonc-11-763035-g001.jpg
-Log4o(P-value)

GSE62504

8 -6 4 2 0 2 4
Log,(Fold Change)

cell adhesion

negative regulation of cell proliferation
negative regulation of transcription from RNA
positive regulation of cell proliferation

positive regulation of GTPase activity

extracellular region part
plasma membrane part
extracellular region
plasma membrane

cell fraction

polysaccharide binding
cytoskeletal protein binding
sequence-specific DNA binding
carbohydrate binding

lipid binding

DEGs62504

900
800 783

700 700
600

500

400

300

200

Numbers of DEGs

100

Downregulated Upregulated

Focal adhesion

Gap junction

Phagosome

Cell adhesion molecules (CAMSs)

PI3K-Akt signaling pathway

-Logqo(P-value)

T
2 3 4

-Logqo(P-value)






OEBPS/Images/fonc-11-763035-g004.jpg
DEGs18842
upregulated






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification and Validation of Afatinib Potential Drug Resistance Gene BIRC5 in Non-Small Cell Lung Cancer

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Microarray Data

          



          		

            Processing of Microarray Data

          



          		

            Functional Annotation and Pathway Enrichment Analysis

          



          		

            ONCOMINE

          



          		

            TIMER Analysis

          



          		

            UALCAN

          



          		

            Kaplan-Meier Plotter

          



          		

            LinkedOmics

          



          		

            GeneMANIA

          



          		

            GSCALite

          



          		

            Cell Lines and Cell Culture

          



          		

            Establishment of the Drug-Resistant Cell Line

          



          		

            Cell Counting Kit-8

          



          		

            Western Blot

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Identification and Functional Characterization of Upregulated DEGs in Afatinib-Resistant NSCLC Cells

          



          		

            BIRC5 Was Identified as the Gene Conferring Afatinib Resistance in NSCLC

          



          		

            Validation of BIRC5 Related to Afatinib Resistance in NSCLC

          



          		

            Relationship Between the Transcriptional Level of BIRC5 and Immune Infiltrates in LUSC AND LUAD

          



          		

            Enrichment Analysis of Co-Expression Genes Correlated With BIRC5 in LUAD

          



          		

            The Networks of Kinase, miRNA or Transcription Factor Targets of BIRC5 in LUAD

          



          		

            Prediction of the Resistance Mechanism of BIRC5 in NSCLC

          



          		

            Genetic Pathway and Drug Sensitivity Analysis of Hub Genes

          



          		

            Upregulation of BIRC5 Correlates With Afatinib Resistance

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-11-763035-g009.jpg
-log10(pvalue)

BIRCS Association Result

ribonucleoprotein
complex
biogene

| plasma-membrane
adhesion
molecules

mitotic cell cycle
phase transition

regulation of
cellular regulation of ion
0 second-messenger-mediated | | response to fransmembrane
f signaling growth flacmr fransport
stimulus

ncRNA
processing

E WEWNFOR <005 FNITFDR > 005

mitotic cell cycle phase transition
double-strand break repair

negative regulation of cell cycle process
chromatin assembly or disassembly

ncRNA processing

regulation of microtubule-based process

renal system process
protein localization to cilium
cardiac chamber development
regulation of lipase activity
regulation of transporter activity

multicellular organismal signaling

T T
-20 -15 -10 -05 00 05 10 15 20 25
Normalized Enrichment Score

Pearson-Correlation:0.9214 Pearson-Correlation:0.9098
F P-value:1.776e-158 P-value:1.422e-147
Sample Size:(N=383) Sample Size:(N=383)
+

< S
:
S 8
< 4
T T T T T T T T
4 6 8 10 4 6 8 10
BIRCS BIRC5
Pearson-Correlation:0.9012 Pearson-Correlation:0.8971
P-value:2.107e-140 P-value:3.37e-137
Sample Size:(N=383) Sample Size:(N=383)
o
s g
o z
=

BIRCS BIRC5





OEBPS/Images/fonc-11-763035-g011.jpg
Apoptosis

X X X X

FCCCC

Cell Cycle
DNA Damage Response
EMT
Hormone AR
Hormone ER
PI3K/AKT
RAS/MAPK
RTK
TSC/mTOR

00000000
00000000
090000000
090000000
00000000

Activation ] Inhibition | None

BIRC5

CCNB2

CDC20

CENPA

NUF2





OEBPS/Images/fonc.2021.763035_cover.jpg
’ frontiers
in Oncology

Identification and Validation of
Afatinib Potential Drug Resistance
Gene BIRCS5 in Non-Small Cell
Lung Cancer





OEBPS/Images/table2.jpg
Enriched Geneset LeadingEdgeNum  FDR P

Category

Kinase Target  Kinase_AURKB 11 0 0

miRNA Target GCACTTT, MIR-17-5P 65 0.401 0
GTGCAAA, MIR-507 28 0.372 0.019
CTGAGCC, MIR-24 27 0.394  0.006
CACCAGC, MIR-138 17 0.337  0.005
ACACTGG, MIR-199A 14 0.353  0.005

Transcription VSE2F1_Q6 81 0 0

Factor Target
V$E2F4DP1_01 80 0 0
V$E2F_Q6 80 0 0
V$E2F_Q4 80 0 0
V$E2F_Q4_01 74 0 0






OEBPS/Images/fonc-11-763035-g013.jpg
120 8

g
< 100 *kk
S 6 1
% 80 :
5 o~
T 3
S S 4
= 2
5 40 e
S 2
2 20 HCC827
) -m- HCC827-AR
o 0 0
N N HCC827 HCC827-AR
O) )
N & Q
N
N

Cell Viability(% of control)

-
CJ

Concentration of Afatinib(pM)

HCC827 HCC827-AR

BIRCS ‘ - - |

-
o

e
B

GAPDH | e - 3

BIRCS relative expression(ratio)
o
o

HCC827  HCC827-AR

120
*kk
100 1
6
80 .
)
60 S
n
40 LS.
20 & Afatinib 2
-m- YM155
0
N N N N N N N QS Afatinib
S S S YM155
S N > o
Q_Q o N

Drug Concentration (pM)





OEBPS/Images/fonc-11-763035-g007.jpg
Probability

LUSC

Probability

BIRC5 (202094_at) FP BIRCS (202094 at) OS BIRCS (202094 _at) PPS
o
vo-' ‘i HR =0.98 (0.59 - 1.64) 3 q HR =0.99 (0.78 - 1.25) - L HR=0.98 (0.34 —_2,82)
logrank P = 0.94 logrank P = 0.91 logrank P =0.97
®.J4
31 31 3
© P ’
o | g g 1 E =)
o
- :é < 2 « |
Ch a o o o
N o~ N :
© | Expression A ° Expreslsmn
— low
< o | —— high T
g | — high S S ‘
ST— 1 T T T T . i .
0 20 40 60 80 100 120 140 0 50 100 150 200 0 10 20 N 30 40
Time (months) Time (months) e Time (months)
Number -l:k . o s 2 . P N;henlrisk - 2 o ) low 10 5 2 0 o
rz; & » m m 3 1 0 ,:;." s b+ = H : hgh 10 3 1 1 1
BIRCS (202094 at) FP BIRCS (202094_at) OS BIRC5 (202094 at) PPS
= -
2 HR=313(223-44)| 2 HR =242 (1.9 - 3.09) 2 ‘%‘ HR =15 (0.94 - 2.4)
logrank P = 4e-12 logrank P = 2.2e-13 i logrank P = 0.088
«©
g 1 g o i’;.h
° M
g £3 £°
2 g
< é <« L <
o oo Qo
Y
33 N o .
© | Expression o Expmslsmn
— low — low
g | — high g g I— high ‘ . .
T T T T T T
0 2‘0 40 60 80 100 120 0 50 100 150 200 0 20 40 60 80
Time (months) Time (months) N at ek Time (months)
-t T 2 ] M Tk i & B ] ow 62 2 10 4 1
high 231 182 et 50 18 4 ""; = = = 5 8 high 83 2 8 3 0





OEBPS/Images/fonc-11-763035-g002.jpg
-Logqo(P-value)

GSET75037 DEGs75037

672

400

Numbers of DEGs

Downregulated  Upregulated

Log,(Fold Change)

mitotic nuclear division

cell division

sister chromatid cohesion

G2/M transition of mitotic cell cycle
cell proliferation Il BP

microtubule
centrosome
cytoplasm
extracellular region

nucleoplasm . MF

ATP binding

calcium ion binding
protein kinase binding
chromatin binding
protein binding Il CcC

0 2 4 6 8 10 12 14
-Logg(P-value)

cell cycle

oocyte meiosis

progesterone-mediated oocyte maturation
ECM-receptor interaction

glycosphingolipid biosynthesis - lacto series| B KEGG
T I
0 2 4 6 8

-Log4¢(P-value)






OEBPS/Images/logo.jpg
’ frontiers
in Oncology





OEBPS/Images/fonc-11-763035-g005.jpg
A Disease Summary for BIRC5 B
Sy e BIRCS5 Expression in Hou Lung

vs.

Normal Lung cancer vs.Normal
Analysis Type by Cancer 3 5
58 g
;E % Hou Lung Statistics
e - Over-expression Gene Rank: 24 (in top 1%) P-value: 8.42E-29
Bladder Cancer Reporter: [202095_s_at v | t-Test: 21.312

Brain and CNS Cancer
Fold Change: 12.278

Breast Cancer

Cervical Cancer 4.0 S
Colorectal Cancer 35
3.0

Esophageal Cancer

Gastric Cancer

2.5 =
= —
Head and Neck Cancer 2 2.0 -
Kidney Cancer g 1s
Leukemia T 1 " |
Liver Cancer g 05 .
H
Lung Cancer L oo
Lymphoma % -0.5
Melanoma 5 -1.0
Myeloma E‘ -1.5 e
Other Cancer -2.0
o c -2.5 —r—
varian Cancer . -
Pancreatic Cancer =30 i > = 5
Prostate Cancer
= Legend
sarcoma
1. Lung (65) 3. Lung Adenocarcinoma (45)
2. Large Cell Lung Carcinoma (19) 4. Squamous Cell Lung Carcinoma (27)
Total Unique Analyses
Cc Expression of BIRC5 in LUSC based on D Expression of BIRC5 in LUAD based on
Sample types Sample types
60
<
§ S
E 40 €
7} 3
[-% o
=] 2
= =
o
& 20 @
c c
& S
= 10 -
0
Normal Primary tumor Normal Primary tumor
(n=52) (n=503) (n=59) (n=515)

BIRCS

Normal Cancer





OEBPS/Images/fonc-11-763035-g003.jpg
>
@

GSE18842 DEGs18842
50
600 588
40 ¥ 500
E g
™ 30 0 400 402
3 s
&5 ® 300
620— -g
_|? g 200
10+ b
100
________________________ "
7 -5 -3 -1 1 3 5 7 Downregulated Upregulated
Log,(Fold Change)
c cell division

mitotic nuclear division

cell proliferation

cell adhesion
negativeregulationoftranscription

nucleoplasm

nucleus

cytoplasm
extracellular exosome
cytosol

protein binding

protein kinase binding
identical protein binding
ATP binding

calcium ion binding

0 5 10 15 20 25
-Logqo(P-Value)

cell cycle
oocyte meiosis
progesterone-mediated oocyte maturation

ECM-receptor interaction

glycosphingolipid biosynthesis - lacto series - KEGG
I I I
2 4 6 8

-Logqo(P-value)






OEBPS/Images/fonc-11-763035-g008.jpg
LUSC
BIRCS Expression Level (log2 TPM)

LUAD
BIRCS Expression Level (log2 TPM)
LuAD

Bl CoBTCel 4 Tl Macrophage Neutrophd Derdilic Cel |

pargal.cor = 0.015 @ partial.cor = -0.074 o & o pariialcor = 0.262 * partial.cor = -0.289 A * pytialoor =-0.137 e pahig.cor = 0218

?a p=7370.01 e 07e.01 . 53609 > p=1.16-10 w;uav = 283003 2 H“wp - 1.680.06
oPdERy 18 % o LT

ot "
%% o o\ o o 089 .
. . o . . .
. . . . . . .
o8 H H . e L .
. . . . . . .
00 035 0% 10000 01 02 03 0 Py 0e 08 00 01 0z 03 Q¢ 0500 02 03 04 00 01 0z 03 025 050 075 100 125
Infiltration Level
B Call | €OB+ T Cell CD4+ T Cel 1 Macrophage Neutropnil Dendrtc Cell
o partial.cor = -0.225| | gy, panlal.oor:ug;gg‘ partial.cor = -0.084 o Ppartial.cor = 0.049' partial.cor = -0.093
= 4,056 ..
. n

p=595607

01 02 03 04

Infilration Level

% oP =6.37e-02

o g-298eQy
v, vy

f}.r'-‘?. el 086-G2






OEBPS/Images/table1.jpg
Immune cell

CD8+T cell
T cell (general)

B cell

Monocyte

TAM

M1 Macrophage

M2 Macrophage

Neutrophils

Natural killer cell

Dendritic cell

Tht

Th2

Tt
Th17

Treg

T cell exhaustion

Biomarker

CD8A
coes

CD3D

CD3E

co2

cD19

CD79A

[

CD115 (CSF1R)
ccL2

CD68

IL10

INOS (NOS2)
IRF5

COX2 (PTGS2)
CD163

VSIG4
MS4A4A
CD66b (CEACAMS)
CD11b (TGAM)
CCR?

KIR2DL1
KIR2DL3
KIR2DL4
KIR3DL1
KIR3DL2
KIR3DL3
KIR2DS4
HLA-DPB1
HLA-DQB1
HLA-DRA
HLA-DPA1
BDCA-1 (CD1C)
BDCA-4 (NPR1)
CD11C (TGAX)
T-bet (TBX21)
STAT4

STAT1

IFN-g (FNG)
TNF-a (TNF)
GATA3

STAT6

STAT5A

IL13

BCL6

STAT3

IL17A

FOXP3

CCR8

STATSB

TGFb (TGFB1)
PD-1 (PDCD1)
CTLA4

LAG3

TIM-3 (HAVCR2)
GzMB

None

Cor

0.124
0.176
0.008
-0.081
-0.067
-0.125
-0.13
0.029
-0.1
0.021
0.0003
0.017
0.036
0.016
0.058
0.02
-0.039
-0.05
-0.376
-0.153
-0.233
0.032
0.176
0.397
0.063
0.159
0.157
0.052
-0.367
-0.287
-0.289
-0.308
-0.485
-0.069
-0.067
-0.024
-0.064
0.349
0.278
-0.039
0.004
-0.309
-0.124
-0.039
-0.216
-0.153
0.074
0.033
0.006
-0.103
-0.164
0.157
0.065
0.232
0.028
0.407

P-value

4.86e-03
5.89e-05
8.59e-01
6.7e-02
1.26e-01
4.4e-03
3.21e-03
5.09e-01
2.32e-02
6.37e-01
9.55¢-01
7.02e-01
4.21e-01
7.24e-01
1.88e-01
6.47e-01
3.75e-01
2.59e-01
1.04e-18
5.04e-04
9.66e-08
4.7e-01
6.15e-05
7.03e-21
1.5e-01
2.81e-04
3.46e-04
2.42e-01
6.64e-18
3.13e-11
3.03e-11
1.18e-12
9.52e-32
1.2e-01
1.31e-01
5.88e-01
1.62e-01
3.74e-16
1.3e-10
3.74e-01
9.35e-01
9.29e-13
4.81e-03
3.74e-01
7.53e-07
5.06e-04
9.42e-02
4.51e-01
8.98e-01
1.89e-02
1.93e-04
3.63e-04
1.42e-01
1.1e-07
5.19e-01
5.44e-22

Purity

Cor

0.16
0.199
0.043
-0.061
-0.043
-0.121
-0.124
0.059
-0.078
0.049
0.023
0.048
0.026
0.034
0.043
0.044
-0.023
-0.028
-0.378
-0.133
-0.236
0.036
0.194
0.421
0.077
0.191
0.172

0074
-0.375
-0.285
-0.29
-0.307
-0.482
-0.061
-0.05
-0.002
-0.05
0.383
0.317
-0.006
0.031
-0.321
-0.104
-0.027
-0.221
-0.162
0.081
0.061
0.032
-0.099
-0.155
0.208
0.108
0.267
0.058
0.463

P-value

3.57e-04
8.12e-06
3.42e-01
1.78e-01
3.83e-01
7.33e-03
5.75e-03
1.90e-01
8.20e-02
2.74e-01
0.04e-01
2.86e-01
5.71e-01
4.52e-01
3.42e-01
3.35e-01
6.04e-01
5.41e-01
3.39%-18
3.12e-08
1.21e-07
4.26e-01
1.39-05
1.20e-22
8.57e-02
2.05e-05
1.29e-04
1.02e-01
7.02e-18
1.20e-10
5.56e-11
3.00e-12
5.32e-30
1.78e-01
2.67e-01
9.66e-01
2.65e-01
1.07e-18
6.13e-13
9.00e-01
4.03e-01
2.78e-13
2.1e-02
5.52e-01
7.51e-07
3.09e-04
7.24e-02
1.73e-01
4.72e-01
2.78e-02
5.41e-04
5.53e-06
1.69e-02
1.72e-09
1.95e-01
1.40e-27





OEBPS/Images/fonc-11-763035-g010.jpg
Networks

[ Physical Interaction
Co-expression

 Predicted

[ Co-localization

. Pathway

[ Genetic Interations

'~ Shared protein domains

Fuctions

I microtubule associated complex
M spindle

| chromosome,centromeric region
[ spindle assembly

I mitotic nuclear division

"] chromosomal region

| mitotic spindle organnization

Networks

[ Physical Interaction
Co-expression

' Predicted

[ Co-localization

I Pathway

[l Genetic Interations

. Shared protein domains

Fuctions

I microtubule associated complex
M spindle

1 spindle assembly

[ mitotic nuclear division

[ mitotic sister chromatid segregation
[0 nuclear chromosome segregation
[ chromosome organnization






