Bioinformatic identification of the potential afatinib
drug resistance gene BIRC5 in non-small- cell lung
cancer
Xiaoxi Zhu
Jinan University
Yuanzhi Lu (  yuanzhi.lu@jnu.edu.cn )
Jinan University
Qiang Chen
Jinan University
Yin Li
Jinan University

Research Article
Keywords: Bioinformatic analysis, NSCLC, Afatinib resistance, BIRC5
Posted Date: April 27th, 2021
DOI: https://doi.org/10.21203/rs.3.rs-396954/v1
License:   This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Page 1/18

Abstract
Background Drug resistance inevitably limits the efficacy of the second-generation epidermal growth
factor receptor-tyrosine kinase inhibitor (EGFR-TKI) afatinib, and the underlying causes of this resistance
have not been determined.
Methods In this study, we demonstrated that baculovirus IAP repeat protein 5 (BIRC5) may confer afatinib
resistance in non-small-cell lung cancer (NSCLC) via multiple mechanisms based on integrative
bioinformatic analyses.
Results Through bioinformatic analyses of microarray datasets, BIRC5 was overexpressed in both
afatinib-resistant NSCLC cells and NSCLC tissues and was initially identified as a potential candidate
gene causing poor survival in afatinib-resistant patients with NSCLC. The resistance function of BIRC5 in
NSCLC was validated by performing protein/gene interactions and biological process annotation
analyses and further validated by analyzing transcription factors targeting BIRC5 mRNA.
Conclusions We applied our results to NSCLC and showed that BIRC5 was an important candidate gene
for afatinib resistance.

Introduction
Non-small-cell lung cancer (NSCLC) is the most prevalent subtype of lung cancer (approximately 85%) [1],
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 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 a irreversively mutant EGFR-TKI and the first-line FDA-approved indication to treat 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 signaling pathway activation and histological
lineage-transformation [9]. Accordingly, pharmacological interception of the propensity of tumor cells by
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 a greater therapeutic benefit for cancer patients [11].
BIRC5 (also named Survivin) is a small protein that belongs 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
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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 consistently has 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 with
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 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, biological process annotation,
and prediction of resistance mechanisms. Additionally, the transcription factor KLF7 may play an
important role in this process. Our study provides 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 Gene Expression Omnibus (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 2
afatinib-resistant HCC827 replicates and 1 parental HCC827 cell line, which was the NSCLC
adenocarcinoma cell line [14]. GSE75037 [15] included 83 LUAD samples and 83 matched adjacent lung
samples, whereas GSE18842 contained 32 squamous cell carcinoma, 14 adenocarcinoma, and 45
adjacent lung tissues [16].

Processing of microarray data
The original microarray data files of these 3 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]. In this study, we used P < 0.05 and |fold
change (FC)| > 1.5 as the cutoff standards to define the DEGs.

Functional annotation and pathway enrichment analysis
To investigate the functional annotation of DEGs, this work applied annotation, visualization and a
comprehensive database (DAVID, https://david.abcc ncifcrf.gov/) [18] to perform the gene ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses, specifically GO enrichment analysis
and KEGG signal pathway enrichment analysis, where P< 0.05 was set as statistically significant.

ONCOMINE and TIMER analysis
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].
Page 3/18

For DEGs, comparison between cancer specimens and normal control dataset analysis was performed.
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 employed this database to assess
differences in DEG expression levels in tumor types by using the TIMER database.

GEPIA Dataset
The Gene Expression Profiling Interactive Analysis (GEPIA) database (http://gepia.cancerpku.cn/index.html) was used to analyze the RNA sequencing expression data from 8,587 normal and
9,736 tumor tissue samples from the TCGA and GTEx projects [21]. To further verify DEGs, GEPIA was
used to plot a gene expression level map between LUAD, lung squamous cell carcinoma (LUSC), and
adjacent lung tissues in TCGA.

Survival analysis
Kaplan-Meier analysis (https://www.kmplot.com) is an online survival analysis tool consisting of 10,461
cancer samples (including 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 [22].
According to the expression levels of DEGs, lung cancer patients were divided into a high expression
group and a low expression group, and the overall survival rate was further analyzed.

GeneMANIA and Coremine's prediction function of BIRC5
GeneMANIA (https://www.genemania.org/) was used to predict the potential function of the BIRC5 gene
and to predict the functions of specific genes [23]. In addition, we further explored the biological process
annotations of BIRC5 and afatinib resistance by querying the Coremine Medical online database
(https://www.coremine.com/medical/).

Identification of transcription factors of BIRC5
To obtain the transcription factors that regulate the BIRC5 gene, FunRich (https://www.funrich.org) was
used to identify a gene-rich transcription factor interaction network analysis tool [24].

Statistical analysis
GraphPad Prism 8 software (GraphPad Software, Inc., USA) statistical software was used to process the
data, and P<0.05 was considered statistically significant.

Results
Identification and functional characterization of upregulated DEGs in afatinib-resistant NSCLC cells
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To identify the potential genes conferring afatinib resistance in NSCLC, we investigated GSE62504 using
|log2 (FC)|>1 and P<0.05 as thresholds to screen for differential genes (Fig. 1A), and a total of 1483 DEGs
were screened, of which 700 DEGs were significantly upregulated and 783 DEGs were downregulated
(Fig. 1B).
To characterize the functions of these significantly upregulated DEGs, GO and KEGG analyses were then
performed as previously described. The top 5 GO terms and enrichment pathways were determined, and
these significantly upregulated DEGs were highly associated with cell adhesion, inhibition of apoptosis
and inhibitor RNA transcription height (Fig. 1C). As shown in Fig. 1D, the DEGs that were simultaneously
upregulated were also enriched in intercellular junctions and phagosomes, cell adhesion pathways, and
PI3K-Akt signaling pathways.

BIRC5 was identified as the gene conferring afatinib resistance in NSCLC
Tumor gene heterogeneity is one of the determinants of drug resistance in the process of tumor treatment
[25, 26]. To screen the 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 (Fig. 2A), of which 312 genes were significantly upregulated and 672
genes were downregulated in cancer tissues (Fig. 2B). Interfering with mitotic arrest cells promoted their
death, which was successful in the clinic [27]. The top GO terms and KEGG of upregulated DEGs affected
nuclear division and mitosis (Fig. 2C) and the cell cycle (Fig. 2D). The gene expression control principles
were complex and unique, and the integration of transcription and proteomic data provided additional
information about gene expression control which cannot be obtained from single data[28]. To verify the
reliability of the results, the GSE18842 datasets composed of lung cancer and normal tissues were
retrieved. As the results shown in fig. 3A, it can be seen that 990 DEGs were identified, in which 402 DEGs
were up-regulated and 588 DEG were significantly down-regulated (Fig. 3B). The GO terms were highly
consistent to GSE75037 (Fig. 3C), while the DEGs were enriched in cell cycle pathways (Fig.
3D).Comparing the DEGs significantly upregulated in GSE62504, GSE18842 and GSE75037 (Fig. 4A), we
found that 6 genes were obtained: BIRC5, minichromosome maintenance complex 4 (MCM4), secreted
phosphoprotein 1 (SPP1), neurotonin U (NMU), collagen triple helix repeat contains 1 (CTHRC1), and E3
ubiquitin protein ligase (UHRF1).

Validation of BIRC5 related to afatinib resistance in NSCLC
The online databases Oncomine and GEPIA were used to further confirm correlated genes in NSCLC. To
examine the change in BIRC5 expression between NSCLC and adjacent tissues, we analyzed their
expression profiles in many independent bioinformatic datasets. Using Oncomine, we found that the
BIRC5 transcription level in tumor tissues from the microarray dataset was significantly increased (Fig.
4B). TIMER was used to evaluate the expression level of hub genes in the TCGA database in NSCLC and
normal tissues (Fig. 4C). Consistent with Oncomine analysis profiling, BIRC5 identified in NSCLC tissues
was higher than that in normal tissues by TIMER. In addition, to further verify the expression level of
BIRC5, we utilized another online analysis tool, GEPIA. The results revealed that BIRC5 was upregulated in
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LUAD and LUSC compared with normal tissues (Fig. 4D). Moreover, BIRC5 was related to the clinical
staging of lung cancer (Fig. 4E). By 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 (Fig.
4F). All of the above data indicated that the upregulation of BIRC5 expression levels promoted the
development and progression of NSCLC.

Prognostic significance of BIRC5 expression in LUSC AND LUAD
Furthermore, we investigated the correlation between BIRC5 overexpression at the mRNA level and
prognosis by plotting and comparing the OS, FP, and PPS of LUSC and LUAD patients to healthy
individuals through Kaplan-Meier plotter (Fig. 5). BIRC5 overexpression was associated with worse FP
(HR=3.13 (2.23-4.4), P<0.001) and OS (HR=2.42 (1.9-3.09), P<0.001), which was negative in LUSC.
Overall, the findings above implied that the mRNA expression of BIRC5 was remarkably correlated with
LUAD patient survival rates and may be identified as a promising biomarker to predict the survival of
LUAD patients.

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 (Fig. 6 B). A), of which 6 genes have been reported to
be important in conferring drug resistance in multiple cancer types [29-34]. As shown in Fig. 6B, among
the 6 genes, caspase 9 (CASP9) and kinetin family member 20A (KIF20A) were all downregulated in
GSE62504, while aurora kinase B (AURKB), aurora kinase A (AURKA), cell division cycle 6 (CDC6) and
Cullin 3 (CUL3) were all upregulated. Exploring transcription factors of BIRC5 may help to understand the
mechanism of afatinib resistance in NSCLC. Then, Funrich was used to predict transcription factors
targeting BIRC5, which determined that the transcription factor kruppel like factor 7 (KLF7) affects drug
resistance in cancers [35, 36]. Finally, the Coremine Medical database was employed to annotate the
biological process of BIRC5. As shown in Fig. 6C, 10 biological processes were related to drug resistance.
BIRC5 may participate in drug resistance by affecting cell viability, the cell cycle, migration and adhesion.
Therefore, BIRC5 can confer resistance to afatinib in NSCLC through multiple mechanisms.

Discussion
Targeted resistance caused by target mutations and off-target mutations. Target mutations occurred
when the main molecular target was mutated and did not respond to treatment. Off-target resistance was
achieved by activating a signal pathway parallel to or bypassing the downstream signal of the target [37].
Activation of the EGFR alternative pathway also led to secondary drug resistance in 20% of NSCLC
patients, thereby activating the same EGFR downstream effectors to promote tumor cell growth [38]. For
example, Met amplification could activate the PI3k/AKT/mTOR signaling pathway [39]. Over the past 10
years, great strides have been made in defining the molecular mechanisms of EGFR TKI resistance in an
effort to design rational strategies to overcome drug resistance [40]. Afatinib was originally designed to
overcome the development of drug resistance to the first-generation EGFR-TKIs. Compared with gefitinib
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and erlotinib, beyond the efficacy comparable to first-generation TKIs and similar drug-related safety
profiles (mainly differentiating in terms of frequency) [41], afatinib was shown to be active against
uncommon mutations [42]. However, approximately 60% of patients had new mutations in the drug target
within 9-12 months of taking afatinib [43]. At present, high-throughput screening confers resistancerelated genes and drug design targeting and represents a new dawn in anticancer therapy. For bypass
resistance, the most common strategy is to develop combination therapies that inhibit one or more
downstream signaling proteins in addition to the primary target [44]. For example, the CDK4/6 inhibitor
alpelisib inhibited drug resistance caused by PI3KCA mutation during treatment [45]. Herein, by
combining microarray datasets retrieved from GEO and subsequent bioinformatic analyses, BIRC5 was
identified and further validated as an important candidate for acquired afatinib resistance in NSCLC.
In this study, we characterized BIRC5 overexpression in afatinib-resistant cells and NSCLC tissues and
predicted conferred resistance to afatinib in NSCLC through multiple mechanisms. BIRC5 plays an
important role in cell division and growth via the regulation of mitosis [13]. However, the signaling aspect
of BIRC5 biology is complex and incompletely understood and may also differ depending on the cellular
context. Evidence to date suggests that activation of Akt/PKB and PI3K occurs upstream of many events
that involve BIRC5 [46]. Furthermore, BIRC5 was reported to promote epithelial-to-mesenchymal transition
(EMT), suggesting that BIRC5 may contribute to metastasis and chemoresistance [47]. BIRC5 is
associated with progression and poor survival in LUAD, indicating that overexpression of BIRC5 is
associated with an increased invasive phenotype and worse clinical prognosis. Based on these findings,
BIRC5 is considered as a promising therapeutic target. YM155 (sepantronium bromide) was the first
potent, selective small-molecule inhibitor of BIRC5 to be discovered [48]. A phase I study was conducted
with YM155 in combination with erlotinib in patients with EGFR TKI refractory advanced NSCLC,
suggesting that inhibiting BIRC5 is a potential therapeutic strategy for select patients with EGFR TKI
refractory NSCLC [49]. Targeting BIRC5 drugs could guide the immune system to recognize and kill cancer
cells and could increase BIRC5 peptide-specific CTLs to enable patients to kill cancer cells [50, 51]. The
transcription factor KLF7 of BIRC5 may be involved in afatinib resistance in NSCLC. In a previous
investigation, KLF7 was widely expressed in numerous human tissues at low levels and functioned as an
oncogene in some cancer types [52, 53]. Taken together, we validated that BIRC5 was a candidate gene
for afatinib resistance in NSCLC and could be a prognostic biomarker for afatinib treatment.

Conclusion
Overall, the current findings confirmed that BIRC5 may confer afatinib resistance in NSCLC via multiple
mechanisms based on integrative bioinformatic analyses. However, investigations designed to elucidate
the drug resistance mechanisms of BIRC5 in afatinib-resistant NSCLC models are still urgent.
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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 downregulated; black dots, no significant
difference (P<0.05 and |log2FC|>2 as the threshold). (B) DEG distribution of significance in afatinibresistant cells. The top 5 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.
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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, no significant difference
(P<0.05 and |log2FC|>2 as the threshold). (B) DEGs distribution of significant in NSCLC tissues. The top 5
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.
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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, no significant difference
(P<0.05 and |log2FC|>2 as the threshold). (B) DEG distribution of significance in NSCLC tissues. The top 5
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.
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Figure 4
Verification of BIRC5's afatinib expression function. (A) Venn diagram of significantly upregulated DEGs
from the GSE62504, GSE75037 and GSE18842 datasets. (B) The expression level of BIRC5 in different
cancers compared with normal tissues in the Oncomine database (P＜.0001, |FC|>2, and gene ranking of
all.). (C) Human BIRC5 expression levels in different tumor types from the TCGA database were
determined by TIMER (*P＜.05, **P＜.01, ***P＜.001). (D) The expression of BIRC5 in NSCLC patients
(GEPIA). Box plots derived from gene expression data for GEPIA comparing the expression of BIRC5 in
NSCLC tissue and normal tissues; the p-value was set at 0.05. (E) Correlation between BIRC5 mRNA
expression and tumor stage in lung cancer patients by GEPIA. Violin plot derived from the correlation
between the expression of BIRC5 and tumor stage in patients with lung cancer; the p-value was set at
0.05. (F) Immunohistochemical staining of BIRC5 protein expression in normal lung tissue and NSCLC
tissue was obtained from the Human Protein Atlas online database (magnification, ×40).
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Figure 5
Survival analysis FP, OS and PPS of BIRC5 in LUSC and LUAD patients obtained from KM plotter.

Figure 6
Validation of the afatinib resistance function of BIRC5. (A) Protein/gene-protein/gene interaction network
of BIRC5 produced by GeneMANIA. (B) Relative mRNA levels of 5 genes interacting with BIRC5 based on
the microarray data of GSE62504. (C) Annotation of biological processes of BIRC5 in NSCLC and drug
resistance using Coremine Medical software.
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