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Objective: Breast cancer is the most common solid tumor affecting women and the second leading cause of cancer-related death worldwide, and triple-negative breast cancer (TNBC) is the most lethal subtype of breast cancer. We aimed to identify potential TNBC-specific therapeutic targets by performing an integrative analysis on previously published TNBC transcriptome microarray data.

Methods: Differentially expressed genes (DEGs) between TNBC and normal breast tissues were screened using six Gene Expression Omnibus (GEO) datasets, and DEGs between metastatic TNBC and non-metastatic TNBC were screened using one GEO dataset. Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) enrichment analyses were performed on the overlapping DEGs. The Cancer Genome Atlas (TCGA) TNBC data were used to identify candidate genes that were strongly associated with survival. Expression of the candidate genes in TNBC cell lines was blocked or augmented using a lentivirus system, and transwell assays were used to determine their effect on TNBC migration.

Results: Eight upregulated genes and nine downregulated genes were found to be differentially expressed both between TNBC and normal breast tissues and between metastatic TNBC and non-metastatic TNBC. Among them, S100P and SDC1 were identified as poor prognostic genes. Furthermore, compared with control cells, SDC1-overexpressing TNBC cells showed enhanced migration ability, whereas SDC1 knockdown markedly reduced the migration of TNBC cells.

Conclusion: Our study determined that S100P and SDC1 may be potential treatment targets as well as prognostic biomarkers of TNBC.
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INTRODUCTION

Although diagnosis, treatment, and survival have obviously improved, breast cancer remains the most common solid tumor affecting women and the second leading cause of cancer-related death in women worldwide (1). Triple-negative breast cancer (TNBC) is defined by the absence of estrogen receptor (ER) and progesterone receptor (PR) and the lack of overexpression of HER2 protein (2). TNBC accounts for ~13% of all breast cancers (3). TNBC is correlated with more aggressive tumor pathology, higher relapse rate, and poorer clinical prognosis than are other hormone receptor-positive subgroups (4). Although biomarkers and therapeutic targets used in breast cancer have made a great contribution to the improvement of the diagnosis and treatment of breast cancer, TNBC patients cannot benefit from the developed treatment strategies because of the lack of TNBC-specific therapeutic targets. Traditionally, the main therapeutic strategy for TNBC patients is a combination of radiotherapy and chemotherapy. Frequently, TNBC has a high sensitivity to chemotherapy, but it still has a high risk of recurrence and metastasis and poor overall survival (OS), which is called the “triple-negative paradox” (5). Therefore, novel therapeutic targets for these patients are urgently needed.

The application of microarray and high-throughput sequencing technologies in clinical research is becoming increasingly valuable, providing an efficient way to elucidate the alteration of critical genes in carcinogenesis and discover promising biomarkers for cancer diagnosis, treatment, and prognosis (6, 7). In recent years, integrated bioinformatics methods have been widely applied to cancer research owing to their advantages of overcoming the inconsistency caused by the variety of microarray platforms and the limitation of the small sample size (7–9).

In the present study, we detected the genes participating in both the carcinogenesis and metastasis of TNBCs using previously published TNBCs transcriptome microarray data, aiming to find potential TNBC-specific therapeutic targets.



MATERIALS AND METHODS


Gene Expression Profile Data

Seven Gene Expression Omnibus (GEO) datasets (GSE65216, GSE31448, GSE45827, GSE61724, GSE36295, GSE37751, and GSE103091) were downloaded from the GEO (https://www.ncbi.nlm.nih.gov/geo/). GSE65216, GSE31448, and GSE45827 are based on the GPL570 platform (Affymetrix Human Genome U113 Plus 2.0 Array) and included 111 TNBC tissues and 26 normal breast tissues. GSE61724, GSE36295, and GSE37751 are based on the GPL6244 platform (HuGene-1_0-st Affymetrix Human Gene 1.0 ST Array) and included 41 TNBC tissues and 56 normal breast tissues. GSE103091 is based on the GPL570 platform and consists of 107 TNBC tissues, which contain 31 samples from patients with metastasis and 76 without metastasis. The characteristics of the samples from these datasets are shown in Table 1.


Table 1. Characteristics of the included datasets.
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Differentially Expressed Gene Identification

The batch effect correction of the GSE datasets was conducted using the package “Sva” (version 3.29.1) of R language (version 3.5.1). Differentially expressed genes (DEGs) associated with the TNBC group and normal breast tissues group were analyzed using the “Limma” package (version 3.37.4). DEGs between TNBC with metastasis and without were obtained from the GEO2R online analysis tool. P < 0.01 and |FC (fold change)| ≥ 1.5 were set as the DEG cutoff criteria. Venn diagrams (http://bioinformatics.psb.ugent.be/webtools/Venn/) were generated to display the overlap of DEGs between the three datasets.



Gene Ontology and Pathway Enrichment Analysis of Differentially Expressed Genes

The Database for Annotation, Visualization and Integrated Discovery (DAVID version 6.8) was used to perform Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis to expound the biological processes (BPs), molecular functions (MFs), cellular components, and pathways associated with the overlapping DEGs.



Survival Analysis

The clinical information and mRNA expression profiles of breast cancer patients were downloaded from The Cancer Genome Atlas (TCGA) database. After removal of patients without OS data and patients of molecular subtypes other than TNBC, 138 TNBC patients were selected for survival analysis. Candidate genes that were strongly associated with survival were identified through Kaplan–Meier survival analysis using the R package “survival” and “survminer.”



Cell Culture

The human breast cancer cell line MDA-MB-231 was obtained from the Institute of Basic Medical Sciences of the Peking Union Medical College and Chinese Academy of Medical Sciences and cultured in Dulbecco's modified Eagle's medium (DMEM) supplemented with 10% fetal bovine serum (FBS). All cells were kept in a humidified atmosphere of 5% CO2 at 37°C.



Cell Transduction

SDC1 overexpression and shRNA expression lentiviral particles and their negative controls were purchased from GenePharma (Shanghai, China). The sequences of the SDC1-shRNA were (forward) 5′-GGAGCAGGACTTCACCTTTGA-3′ and (reverse) 5′-TCAAAGGTGAAGTCCTGCTCC-3′. MDA-MB-231 cells were seeded at ~4 × 105 per well in six-well plates and incubated for 24 h and then transduced with SDC1 overexpression or shRNA expression lentivirus or their control empty lentivirus for 48 h. Puromycin (Santa Cruz Biotechnology, Santa Cruz, CA, USA) was used to select these cells for 2 weeks. The efficiency of infection was assayed by quantitative PCR (qPCR).



Real-Time PCR Assay

Total RNA was isolated from cultured cells using TRIzol reagent (Invitrogen, Carlsbad, CA, USA). cDNA was synthesized from 500 ng of RNA using the Prime Script RT reagent kit (TaKaRa, Otsu, Shiga, Japan). Real-time qPCR (RT-qPCR) of SDC1 was carried out with the SYBR Prime Script TM RT-PCR kit (TaKaRa), using GAPDH for normalization. The forward and reverse primers were as follows: 5′-CGTGGGGCTCATCTTTGCT-3′ and 5′-TGGCTTGTTTCGGCTCCTC-3′ for SDC1 and 5′-GGTCGTATTGGGCGCCTGGTCACC-3′ and 5′-CACACCCATGACGAACATGGGGGC-3′ for GAPDH. The 2−ΔΔCt method was used to calculate gene expression levels.



Transwell Migration Assay

A total of 3 × 104 cells in 200 μl of serum-free DMEM were seeded in the upper chamber of a 24-well insert (8 μm, Corning Costar). DMEM with 20% FBS (800 μl) was used as an attractant in the lower chamber. The chambers were incubated in a humidified atmosphere of 5% CO2 at 37°C for 48 h. The non-invading cells on the upper surface were removed by gentle scrubbing, and the invading cells on the lower surface were fixed with 4% polyformaldehyde and stained with crystal violet. Then, images of the stained cells were captured by a microscope.



Statistical Analysis

Statistical analyses were performed using SPSS software (version 24.0). Student's t-tests were used to identify significant differences in numeric data. The Kaplan–Meier (KM) method and log rank test were used to analyze the influence of mRNA expression on OS. P < 0.05 was regarded as the criterion for a statistically significant difference.




RESULTS


Identification of Differentially Expressed Genes

Seven gene expression profiles (GSE65216, GSE31448, GSE45827, GSE61724, GSE36295, GSE37751, and GSE103091) were selected in this study. For the profiles from the different batches, batch effect correction was conducted according to the platforms, as shown in Figure 1. Based on the criteria of P < 0.01 and |FC| ≥ 1.5, 5,097 DEGs were identified from the profiles based on GPL570, including 3,409 upregulated genes and 1,688 downregulated genes; 414 DEGs were identified from the profiles on the basis of GPL6244, including 181 upregulated genes and 233 downregulated genes. The expression levels of all the genes from the two platforms (5,097 from GPL570 and 414 from GPL6244) are presented in the heatmaps (Figures 2A,B). Subsequently, Venn analysis was performed to obtain the intersection of the DEGs between the two platforms. As show in Figures 2C,D, 147 upregulated genes and 201 downregulated genes overlapped across the six datasets that were based on the two platforms.
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FIGURE 1. Batch effect correction of GPL570- and GPL6244-based datasets. The effectiveness of batch effect correction is demonstrated using a principal component analysis (PCA) plot. (A,B) The PCA plot of GPL570- and GPL6244-based datasets after batch effect correction. Red dots represent normal breast tissues, whereas blue dots represent triple-negative breast cancer (TNBC) samples. (C,D) PCA plots of the GPL570- and GPL6244-based datasets after batch effect correction. Samples from different GSE datasets are marked by their colors. After the batch effect correction, samples from different GSE datasets were mixed in the PCA plot, whereas normal breast tissues and TNBC samples were clearly separated from each other. This implies that the batch effect correction process was sufficient without reducing the difference between normal breast tissue and TNBC samples.
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FIGURE 2. Identification of differentially expressed genes (DEGs). (A,B) Heat map of DEGs on the basis of GPL6224 and GPL570 in the integrated microarray analysis. Each column represents one sample, and each row represents one gene. The color spectrum ranging from green to red represents the range of downregulation or upregulation. Each column represents one sample, and each row represents one gene. (C,D) Venn diagrams of the upregulated and downregulated DEGs between the datasets based on GPL6224 and GPL570. (E) A total of 147 genes were found to be upregulated in triple-negative breast cancer (TNBC) tissues compared with normal breast tissue. A total of 229 genes were found to be upregulated in metastatic TNBC tissues compared with normal breast tissue. With the use of a Venn diagram, eight genes were found to overlap between the two gene sets (SQLE, RASD2, SDC1, CXADR, SPP1, MMP11, S100A7, and S100P). (F) A total of 201 genes were found to be downregulated in TNBC tissues compared with normal breast tissue. A total of 242 genes were found to be downregulated in metastatic TNBC tissues compared with normal breast tissue. With the use of a Venn diagram, nine genes were found to overlap between the two gene sets (GIPC2, CX3CR1, TPRG1, IGSF10, RBMS3, TGFBR2, RNF125, LIFR, and COL6A6).


DEGs between TNBC with metastasis and without metastasis were obtained from the GEO2R online analysis tool. We identified 229 upregulated DEGs and 242 downregulated DEGs in GSE103091. Then we conducted Venn analysis of the DEGs from GSE103091 and the DEGs from the two platforms above and obtained eight upregulated overlapping DEGs and nine downregulated overlapping DEGs.



Functional Enrichment Analysis of Overlapping Differentially Expressed Genes

We conducted GO and KEGG pathway enrichment analyses to elucidate the potential biological functions of overlapping genes. The top three enriched GO terms for each category, cell component (CC), BP, and MFs, were identified. For the 147 upregulated genes, the enriched CC terms included the nucleus, cytoplasm, and cytosol. Enriched BP terms included cell division, mitotic nuclear division, and immune response. Enriched MF terms included protein binding, ATP binding, and protein kinase binding. In terms of the 201 downregulated genes, the enriched CC terms included plasma membrane, extracellular exosome, and extracellular space. Enriched BP terms included cell adhesion, positive regulation of cell proliferation, and phosphatidylinositol-mediated signaling. Enriched MF terms included protein homodimerization activity, heparin binding, and actin binding (Table 2, Figure 3A). Regarding KEGG pathway enrichment analysis, the upregulated genes were mainly enriched in the cell cycle, phagosomes, and cell adhesion molecules (CAMs); and the downregulated genes mainly participated in the pathways in cancer, PI3K–Akt signaling pathway, and regulation of lipolysis in adipocytes (Table 2, Figure 3B).


Table 2. GO and KEGG enrichment analyses of the overlapping DEGs.
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FIGURE 3. Functional enrichment analysis of the overlapping differentially expressed genes (DEGs). (A) Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of the overlapping DEGs. The y-axis shows significantly enriched GO terms, and the x-axis shows the enriched genes to all DEG ratios. Count refers to the number of DEGs enriched in a GO or KEGG term. (A) KEGG and GO enrichment of the upregulated overlapping genes. (B) KEGG and GO enrichment of the downregulated overlapping genes.




Survival Analysis

To investigate the prognostic values of the overlapping genes that correlated with both pathogenesis and metastasis, we analyzed the OS of a total of 138 breast cancer patients with available data in TCGA. A total of 17 overlapping genes (Figures 2E,F) were subjected to survival analysis, three of which were significantly correlated with survival time, including S100P, SDC1, and CXADR. S100P and SDC1, which had Hazard Ratios >1, were identified as poor prognostic genes. Although CXADR may be a protective factor according to the survival analysis, it is upregulated in metastatic TNBC and cancer tissue, which suggests the possibility of a false discovery in the survival analysis. Therefore, CXADR was not further considered as a biomarker or treatment target (Figure 4).
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FIGURE 4. Kaplan–Meier overall survival analyses for the three overlapping genes expressed in triple-negative breast cancer (TNBC) patients. (A) Influence of CXADR on OS of TNBC patients. (B) Influence of SDC1 on OS of TNBC patients. (C) Influence of S100P on OS of TNBC patients.




SDC1 Knockdown and Overexpression

We searched studies on the function of S100P and SDC1 in TNBC and found that the influence of the S100P protein in TNBC is already well-defined, but the effect of SDC1 on the invasion of TNBC has not yet been reported. Therefore, we created SDC1-overexpressing MDA-MB-231 cells (SDC1-OE MDA-MB-231) and SDC1-knockdown MDA-MB-231 cells (shSDC1-MDA-MB-231). Further, the mRNA expression of SDC1 in SDC1-OE-MDA-MB-231, shSDC1-MDA-MB-231, and MDA-MB-231 cells transfected with empty vectors (vector-MDA-MB-231) was validated using RT-PCR (Figure 5A).
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FIGURE 5. Influence of SDC1 overexpression and knockdown on the migration of triple-negative breast cancer (TNBC) cells. (A) The relative mRNA expression of SDC1 was significantly elevated in SDC1-OE-MDA-MB-231 cells, compared with vector-MDA-MB-231 cells (P < 0.0001). The relative mRNA expression of SDC1 was significantly reduced in shSDC1-MDA-MB-231 cells, compared with vector-MDA-MB-231 cells (P = 0.0006). (B) The ratio of migrated cells was significantly elevated in DC1-OE-MDA-MB-231 cells, compared with vector-MDA-MB-231 cells (P = 0.0014). The ratio of migrated cells was significantly reduced in shSDC1-MDA-MB-231 cells, compared with vector-MDA-MB-231 cells. (P = 0.0061). (C–F) The images of bottom surface of upper chambers of SDC1-OE-MDA-MB-231 (C), ShSDC1-MDA-MB-231 (E), and the vector-MDA-MB-231 cells (D,F). Cells were cultured in the upper chamber of the transwell chambers for 48 h and then stained with Diff-Quick dye. **P < 0.01, ***P < 0.001 ****P < 0.0001.




Transwell Migration Assay

To evaluate the influence of SDC1 protein on the invasion of breast cancer cells, transwell migration assay was performed. The SDC1-OE-MDA-MB-231 group showed more migrating cells than did the vector-MDA-MB-231 group (P = 0.0014, Figures 5B–D), and the shSDC1-MDA-MB-231 group showed more migrating cells than the vector-MDA-MB-231 group (P = 0.0061, Figures 5B,E,F).




DISCUSSION

In recent years, bioinformatics analysis has been widely used to determine the mechanisms of carcinogenesis, invasion, and metastasis and identify therapeutic targets for various cancers. For example, He et al. identified hub genes related to prostate cancer from GEO datasets and TCGA databases with an integrated method including DEG screening, KEGG pathway analysis, and Protein-protein interaction networks and validated their results with RT-qPCR (10). Sang et al. identified key genes and pathways related to the pathogenesis of HCC by a network-based method that combined data on gene expression and DNA methylation (11). In our previous research, we used the gene expression profiles from the GEO dataset and identified a potential pathway for the mechanism of trastuzumab resistance in HER2-positive breast cancer (12).

Breast cancer is a heterogeneous disease, not only in pathological features but also in molecular characteristics, which causes remarkable difficulty for the treatment of breast cancer. Perou et al. first reported the classification of different subtypes of breast cancer on the basis of variations in gene expression patterns derived from cDNA microarrays (13, 14). Based on the “molecular portrait,” breast tumors can be divided into five large subtypes: normal breast-like, luminal A, luminal B, and HER2-enriched and basal-like breast cancer. TNBC is a unique subtype that lacks ER, PR, and HER2 protein expression. There is ~70–80% concordance between the terms “basal-like” and “triple-negative” (15). Approximately 77% of the basal-like tumors appear as TNBC signatures (16), whereas ~80% of TNBC samples are basal-like (17). Compared with other subtypes of breast cancer, TNBC has a markedly worse prognosis because of the lack of targeted therapies. Hence, it is critical to explore the alteration of the TNBC transcriptome, which is the key to the discovery of new treatment targets.

In the current study, we integrated and analyzed the data of six GEO datasets, including 152 TNBC tissues and 83 normal breast tissues, to identify potential treatment targets for TNBC. A total of 348 DEGs were identified, including 147 upregulated and 201 downregulated genes. The functional enrichment analysis showed that the upregulated genes primarily participated in various cell proliferation processes, including cell division, mitotic nuclear division, protein binding, ATP binding, and protein kinase binding, which was consistent with the biological characteristics of the abnormally rapid proliferation of TNBC cells. The downregulated genes had important functions in the plasma membrane, extracellular exosomes, and in cell adhesion; positive regulation of cell proliferation; protein homodimerization activity; heparin binding; and so on. With respect to the KEGG pathway enrichment analysis, upregulated genes were mostly enriched in pathways related to cell cycle, CAMs, and phagosomes, which suggested that these genes might be important in the proliferation and migration of TNBC cells.

We further explored whether these genes were associated with TNBC metastasis. We found that eight of the 147 upregulated DEGs (SQLE, RASD2, SDC1, CXADR, SPP1, MMP11, S100A7, and S100P) were also upregulated in TNBC patients with metastasis compared with those without metastasis. Then, using the survival data from the TCGA database, we identified that elevated expression of S100P and SDC1 mRNA is significantly correlated with poor OS of TNBC patients. S100P is a member of the large family of S100 calcium-binding proteins that mediate Ca2+-dependent signal transduction pathways, and elevated levels of S100P have been described in a variety of human cancers (18). S100P is reported to induce metastatic phenotype transformation in a benign rat mammary tumor model (19), and S100P overexpression is associated with immortalization of human breast epithelial cells in vitro (20). Furthermore, clinical studies showed that a high expression level of S100P protein is significantly associated with a higher rate of recurrence and metastasis, as well as poor survival of TNBC patients (21). The association between S100P protein and poor survival was also reported in breast cancer of all stages (22–24). These studies, together with the high-throughput mRNA data mentioned above, suggest that S100P plays an important role in the carcinogenesis and metastasis of TNBC. S100P has already been considered a treatment target for breast cancer (25).

SDC1 (syndecan-1, CD138) is an abundant heparan sulfate proteoglycan expressed by most epithelial cells (26). SDC1 is a classical coreceptor for growth factors, angiogenic factors, and chemokines and acts as a cell and matrix adhesion receptor (27). A meta-analysis synthesized the data of 1,305 breast cancer patients from nine studies and revealed that high SDC1 expression has been associated with poor prognosis in breast cancer (28). Ibrahim et al. measured the expression of SDC1 mRNA and protein using qPCR and immunohistochemistry (IHC) and found significant elevation of SDC1 expression in triple-negative inflammatory breast cancer (29). Syndecan-1 blockade in the TNBC cell line significantly reduced the 3D spheroid formation and colony formation of TNBC cells (29). Using high-throughput data and qPCR analysis, we also found that SDC1 is upregulated in TNBC, especially in metastatic TNBC. However, the influence of SDC1 on the migration of TNBC cells has not yet been studied. Our transwell migration assay showed that SDC1 overexpression in MDA-MB-231 cells, a TNBC cell line, led to enhanced migration ability as compared with that in the control cells. When SDC1 expression was blocked by shRNA, the migration of MDA-MB-231 cells was markedly attenuated. Aside from the influence on the migration ability of TNBC cells, SDC1 knockdown was also found to reduce the lung metastatic burden by over 97% in a lung metastasis mouse model (30). Silencing the expression of SDC1 in TNBC cells significantly reduced metastasis to the brain, and conversely, overexpression of SDC1 increased metastasis to the brain (31). Together, these findings demonstrate the critical role of SDC1 in the proliferation, migration, and metastasis of TNBC. Therefore, SDC1 could be used as a potential treatment target and prognosis biomarker for TNBC.



CONCLUSION

In conclusion, using integrated bioinformatics analysis, we identified that S100P and SDC1 were upregulated in metastatic TNBC and that SDC1 elevation in TNBC tissues may suggest a poor OS. Further, we found that SDC1 overexpression augmented the migration ability of TNBC cells and that SDC1 blockade remarkably attenuated the migration of TNBC cells. The role of S100P in the carcinogenesis and metastasis of TNBC has already been well-defined. In conclusion, S100P and SDC1 may be potential treatment targets as well as prognostic biomarkers of TNBC.
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