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Abstract. Triple-negative breast cancer (TNBC) is a 
subtype of breast cancer that is characterized by aggres-
sive and metastatic clinical characteristics and generally 
leads to earlier distant recurrence and poorer prognosis 
than other molecular subtypes. Accumulating evidence 
has demonstrated that long non-coding RNAs (lncRNAs) 
serve a crucial role in a wide variety of biological processes 
by interacting with microRNAs (miRNAs) as competing 
endogenous RNAs (ceRNAs) and, thus, affect the expression 
of target genes in multiple types of cancer. Seven datasets 
from the Gene Expression Omnibus (GEO) database, 
including 444 tumor and 88 healthy tissue samples, were 
utilized to investigate the underlying mechanisms of TNBC 
and identify prognostic biomarkers. Differentially expressed 
genes (DEGs) were further validated in The Cancer Genome 
Atlas database and the associations between their expression 
levels and clinical information were analyzed to identify 
prognostic values. A potential lncRNA-miRNA-mRNA 
ceRNA network was also constructed. Finally, 69 mRNAs 
from the integrated Gene Expression Omnibus datasets were 
identified as DEGs using the robust rank aggregation method 
with |log2FC|>1 and adjusted P<0.01 set as the significance 
cut-off levels. In addition, 29 lncRNAs, 21 miRNAs and 
27 mRNAs were included in the construction of the ceRNA 
network. The present study elucidated the mechanisms 
underlying the progression of TNBC and identified novel 
prognostic biomarkers for TNBC.

Introduction

Triple-negative breast cancer (TNBC) is a typical molecular 
subtype of breast cancer that lacks the expression of estrogen 
receptor (ER), progesterone receptor (PR) and human 
epidermal growth factor receptor 2 (HER2) and accounts for 
10-20% of all types of breast cancer (1,2). TNBC is also well 
known for its aggressive and metastatic clinical characteristics 
and generally leads to early distant recurrence and poor prog-
nosis (3,4). Currently, no specific targeted therapy is available 
for TNBC (5). Therefore, it is crucial to identify potential 
biomarkers and novel therapeutic targets for the development 
of a more efficient treatment.

Emerging evidence has indicated that long non-coding 
RNAs (lncRNAs) play a vital role in a large variety of biological 
processes, including genetic transcription, chromosome modifi-
cation, cell cycle, cell differentiation and migration (6-8). Various 
studies have indicated that specific miRNAs may participate 
in tumor progression and function as oncogenes or tumor 
suppressor genes (9-11). Moreover, the competing endogenous 
RNA (ceRNA) hypothesis, which suggests that non-coding 
RNAs and pseudogene transcripts are able to compete for 
the same miRNA response elements in order to regulate each 
other and communicate with mRNAs, has gained increasing 
interest (12). Thereafter, this hypothesis was validated experi-
mentally by further studies (13,14). However, published studies 
with large sample sizes and specific biomarkers for TNBC are 
limited. Therefore, the ceRNA network of TNBC has not yet 
been fully investigated and requires further exploration.

In the present study, published microarray and sequencing 
data were searched in the Gene Expression Omnibus (GEO) and 
The Cancer Genome Atlas (TCGA) databases and gene expression 
profiling data were collected from a large sample size of patients 
with TNBC, in order to identify candidate RNA signatures in 
TNBC. A predictable ceRNA network was also constructed based 
on the ceRNA hypothesis, in order to identify the TNBC‑specific 
RNAs involved in the ceRNA crosstalk. These integrated anal-
yses aimed to detect novel lncRNA/miRNA/mRNA biomarkers 
of TNBC and reveal the underlying molecular regulatory mecha-
nisms of TNBC pathogenesis and progression.
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Materials and methods

Data mining. Microarray datasets, including GSE38959 (15), 
GSE61723 (16),  GSE61724 (16),  GSE76250 (17), 
GSE86945 (18) and GSE86946 (18), and one dataset obtained 
by expression profiling via high-throughput sequencing, 
namely GSE58135 (19), were downloaded from the GEO 
database (https://www.ncbi.nlm.nih.gov/geo/). In order to be 
included, all datasets had to consist of at least 20 samples and 
employ tissue samples collected from patients with TNBC 
and corresponding adjacent or healthy tissues. Large sample 
sizes are considered to provide more reliable results in the 
screening of differentially expressed genes (DEGs). It has 
been reported that small sample sizes are one of the major 
challenges in microarray analysis and, thus, recent integrated 
bioinformatics studies tend to use datasets with relatively large 
sample sizes (20). Therefore, GEO datasets containing at least 
20 samples were chosen for further analysis in the present study. 
RNA-sequencing (RNA-seq) and microRNA-sequencing 
(miRNA-seq) data of patients with TNBC, comprising 
116 patients with TNBC with complete expression profiles and 
clinical information, were downloaded from the TCGA data-
base (https://portal.gdc.cancer.gov/). Finally, 126 RNA-seq 
samples, including 115 tumor tissues and 11 healthy tissues, 
and 122 miRNA-seq samples, containing 113 tumor tissues 
and 9 healthy tissues, were obtained. The present study was 
performed in accordance with the publication guidelines 
provided by TCGA (http://cancergenome.nih.gov/publica-
tions/publicationguidelines). A flowchart of the data collection 
process and method implementation is presented in Fig. 1.

Analysis of DEGs. The Limma package of R software 
(version 3.5.2) (21) was used for the normalization and log 
base 2 transformation of microarray data from the GEO 
datasets and screening of DEGs between tumor and healthy 
tissues. Three datasets, specifically GSE76250, GSE86945 
and GSE86946, were merged into one group for normal-
ization since they were all profiled on the Affymetrix 
Human Transcriptome Array 2.0 platform according 
to the GPL17586 platform (https://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=GPL17586). A boxplot of the 
normalization and log base 2 transformation corresponding 
to this group is presented in Fig. S1. The GSE58135 dataset 
was employed for differential expression analysis between 
tumor and healthy tissues, which was performed using 
the DESeq2 package v.1.26.0 (http://www.bioconductor.
org/packages/release/bioc/html/DESeq2.html) of R software 
(version 3.5.2). Gene integration analysis of the DEGs identi-
fied from the seven GEO datasets was conducted using the 
RobustRankAggreg package version 1.1 (22) based on a robust 
rank aggregation (RRA) method. Genes were then regarded as 
DEGs following RRA analysis based on the following signifi-
cance cut-off levels: Adjusted P<0.01 and |log2FC|>1. The 
RRA method that was applied screens genes that are ranked 
consistently better than expected based on the null hypothesis 
of uncorrelated inputs (22). Thus, the gene expression values 
of samples from different datasets were not integrated into 
this analysis. In accordance with a number of published papers 
based on the RobustRankAggreg package (23,24), batch effect 
correction was not conducted in the present study.

The TCGA datasets were used for differential expression 
analyses of mRNAs, lncRNAs and miRNAs, which were 
compared between tumor and healthy tissues using the DESeq2 
package (version 1.26.0) of R software (version 3.5.2). An 
adjusted P<0.01 and |log2FC|>1 were set as the cut-off criteria.

Functional enrichment analysis. Enrichment analysis of DEGs 
that were screened from the GEO database based on the RRA 
method was conducted using the Gene Ontology (GO) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) analysis. The 
GO enrichment analysis and functional annotation of the DEGs, 
which included the terms molecular function (MF), biological 
process (BP) and cellular component (CC), were performed 
using the Database for Annotation, Visualization and Integrated 
Discovery (DAVID; version 6.8, (http://david.abcc.ncifcrf.
gov/) (25). The KEGG Orthology Based Annotation System 
(KOBAS; version 3.0; http://kobas.cbi.pku.edu.cn/) was used to 
evaluate the statistical enrichment of DEGs in KEGG pathways. 
P<0.01 was considered to indicate significantly enriched DEGs.

Protein‑protein interaction (PPI) network analysis. The Search 
Tool for the Retrieval of Interacting Genes (STRING version 11.0) 
(https://string-db.org/) database provides information regarding 
the predicted and experimental interactions of proteins (26), thus 
it was used for the identification of the protein‑protein interactions 
among the identified DEGs. In the present study, the DEGs were 
mapped into PPIs and a combined score of ≥0.4 was considered 
as the cut-off level. Moreover, Cytoscape software (version 3.7.1) 
was used to construct the PPI networks (27).

Construction of the ceRNA network. The intersection of 
DEmRNAs between GEO and TCGA databases obtained 
by using the VennDiagram package (version 1.6.20; 
https://CRAN.R-project.org/package=VennDiagram), DElnc 
RNAs and DEmiRNAs from the TCGA database were used 
to construct the ceRNA network. The miRcode database 
version 11.0; (http://www.mircode.org/) was used to collect 
predicted and experimentally validated lncRNA-targeted 
miRNAs. MiRTarBase version 6.0 (http://mirtarbase.mbc.
nctu.edu.tw/php/index.php) and TargetScan version 7.2 
(http://www.targetscan.org/vert_72/) were cooperatively 
utilized to determine miRNA-targeted mRNAs. Based on 
the above lncRNA-miRNA and miRNA-mRNA interactions, 
visualization of the lncRNA-miRNA-mRNA network was 
performed using Cytoscape.

Survival analysis. Gene expression data and survival 
information obtained from the TCGA database were assessed by 
Kaplan-Meier survival analysis and a log-rank test was performed 
using the survival package version 2.44-1.1 (https://www.
rdocumentation.org/packages/survival/versions/2.44-1.1) in R 
software. All the samples were categorized into high and low 
expression groups based on the median expression level of each 
DEG. Regarding the log-rank test results, P<0.05 was consid-
ered to indicate a statistically significant difference.

Results

Identification of DEGs. Information of the seven datasets that 
were downloaded from the GEO database and included in 
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the current study is shown in Table I. Volcano plots revealed 
the number of differentially expressed genes identified from 
each dataset according to the set cut-off levels (P<0.01 and 
|log2FC|>1) (Fig. 2). Based on different cut-off levels (adjusted 
P<0.01 and |log2FC|>1), a total of 69 differentially expressed 
mRNAs (DEmRNAs), consisting of 16 downregulated and 
53 upregulated genes, were identified following integrated 
analysis of these GEO datasets using the RobustRankAggreg 
package and further analyzed (Fig. 3).

In the TCGA database, a total of 1,964 upregulated 
and 1,131 downregulated mRNAs, 352 differentially 
expressed lncRNAs (DElncRNAs) and 141 differentially 
expressed miRNAs (DEmiRNAs) were identified based on 
the aforementioned cut-off levels. Heatmaps of the top 200 
DEmRNAs and DElncRNAs on the basis of adjusted P-value 
and overall 141 DEmiRNAs are demonstrated in Figs. S2-S4, 
respectively.

Functional enrichment analysis. Following gene integration 
analysis, GO term functional enrichment analysis of the 
69 DEGs was conducted using DAVID with P<0.01 set as the 
significance cut‑off level. The following categories or ontolo-
gies were included in the analysis: i) Biological processes; 
ii) cellular component; and iii) molecular function. In terms of 
the biological processes, the DEGs were significantly enriched 
in ‘mitotic nuclear division’ and ‘cell division’. In the cellular 
component analysis, the DEGs were markedly enriched in the 
‘nucleoplasm’ and ‘nucleus’. According to the molecular func-
tion, the DEGs were significantly enriched in ATP binding 
and protein binding (Fig. 4). With respect to KEGG pathway 
enrichment analysis, performed using KOBAS with P<0.01 
set as the cut-off level, the 69 genes were found to be mainly 
enriched in ‘cell cycle’, ‘progesterone-mediated oocyte matu-
ration’, ‘oocyte meiosis’ and ‘microRNAs in cancer’ terms 
(Table II).

PPI network analysis. The DEGs in TNBC were examined 
using the STRING database to construct PPI networks. A total 
of 69 DEGs were identified from the GEO database using the 
RRA method, including 53 upregulated and 16 downregu-
lated DEGs. Following removal of the isolated and partially 
connected nodes, a complex PPI network was formulated 
consisting of 58 nodes and 926 interactions, which were 
obtained with a combined score >0.4 (Fig. 5).

Construction of the ceRNA network. A total of 67 DEmRNAs 
from the intersections of the GEO and TCGA databases and 
352 DElncRNAs and 141 DEmiRNAs from the TCGA data-
base were selected in order to construct a ceRNA network. A 
Venn diagram demonstrated the intersections of DEmRNAs 
between the GEO and TCGA databases (Fig. 6). To further 
understand the functions of the DElncRNAs, DEmiRNAs and 
DEmRNAs, a ceRNA network was constructed. In Table III, it 
is shown that 31 DElncRNAs interacted with 29 DEmiRNAs 
retrieved from the miRcode database. Subsequently, 
DEmRNAs were searched in the miRTarBase and TargetScan 
databases based on the 29 DEmiRNAs. According to results 
from both databases, a total of 27 DEmRNAs capable of inter-
acting with 21 of the 29 DEmiRNAs were chosen (Table IV). 
Following removal of the remaining eight DEmiRNAs and 
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the corresponding lncRNAs, 29 DElncRNAs, 21 DEmiRNAs 
and 27 DEmRNAs were used to establish a ceRNA network 
(Fig. 7).

Survival analysis. To determine whether the expression 
levels of the 69 DEmRNAs identified from the GEO data-
base and the DEGs included in the ceRNA network were 

Figure 2. Volcano plots of differentially expressed genes in each Gene Expression Omnibus dataset.

Figure 1. Flowchart of data collection and method implementation in this study. GEO, Gene Expression Omnibus; KEGG, Kyoto Encyclopedia of Genes and 
Genomes; FDR, false discovery rate; TCGA, The Cancer Genome Atlas; DAVID, Database for Annotation, Visualization and Integrated Discovery; STRING, 
Search Tool for the Retrieval of Interacting Genes; KOBAS, KEGG Orthology Based Annotation System; FC, fold change; miRNAs, microRNAs; lncRNAs, 
long non-coding RNAs; ceRNA, competing endogenous RNA.
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Figure 3. Log2FC heatmap of the image data of each expression microarray. The abscissa corresponds to the GEO ID, while the ordinate corresponds to the 
gene name. Red represents log2FC>0, green represents log2FC<0, and the values represent the log2FC values in each GEO dataset. FC, fold change; GEO, Gene 
Expression Omnibus.
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related to the overall survival of patients with TNBC, 
Kaplan-Meier curves were generated based on the gene 
expression data and survival information retrieved from the 
TCGA database. As a result, three DEmRNAs, tripartite 
motif containing 59 (TRIM59), exonuclease 1 (EXO1) and 
RAD51-associated protein 1 (RAD51AP1), one DElncRNA, 
KIRREL3-antisense RNA 1 (KIRREL3-AS1), and one 

DEmiRNA, hsa‑mir‑106a, were found to be significantly 
associated with the prognosis of patients with TNBC 
(P<0.05; Fig. 8). Moreover, TRIM59, KIRREL3-AS1 and 
hsa-mir-106a were found to be involved in the ceRNA 
network. All five survival‑related genes were upregulated 
and the high expression levels of all five genes were related 
to better prognosis.

Table II. Enriched Kyoto Encyclopedia of Genes and Genomes pathways of the differentially expressed genes.

Term Count P-value FDR Genes

hsa04110: Cell cycle 6 1.55x10-6 1.01x10-4 PLK1, CCNB2, BUB1, CCNA2, CHEK1, E2F1
hsa04914: Progesterone-mediated 5 9.06x10-6 2.94x10-4 CCNB2, BUB1, PLK1, PGR, CCNA2
oocyte maturation
hsa04114: Oocyte meiosis 5 2.43x10-5 5.26x10-4 CCNB2, BUB1, PLK1, AURKA, PGR
hsa05206: MicroRNAs in cancer 5 1.00x10-3 1.33x10-2 STMN1, TP63, EZH2, E2F1, KIF23
hsa04115: P53 signaling pathway 3 1.03x10-3 1.33x10-2 CCNB2, RRM2, CHEK1
hsa05222: Small cell lung cancer 3 2.02x10-3 2.18x10-2 FN1, E2F1, CKS2
hsa05161: Hepatitis B 3 8.31x10-3 7.71x10-2 E2F1, BIRC5, CCNA2

Term, enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway; count, the number of differentially expressed genes of each 
term; P-value, P-value of enrichment analysis; FDR, false discovery rate.

Figure 4. Gene Ontology terms of the differentially expressed genes identified from the GEO database, including biological process, cellular component and 
molecular function. GEO, Gene Expression Omnibus.
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Discussion

Five distinct intrinsic breast cancer subtypes have been identi-
fied based on gene expression: i) Luminal A; ii) luminal B; 
iii) HER2 overexpressing; iv) basal-like; and v) healthy breast 
tissue-like (28-30). Prat et al (31) have also identified a new 
breast cancer intrinsic subtype known as claudin-low or 
mesenchymal‑like. These six subtypes of breast cancer defined 
by immunohistochemistry (IHC) demonstrate distinct differ-
ences in terms of breast cancer survival (32). TNBC is regarded 

as an aggressive subtype of breast cancer, since it is characterized 
by higher rates of progression, metastasis and recurrence than 
the other molecular subtypes. This subtype is more commonly 
diagnosed in young women (33). The main therapeutic strate-
gies for the treatment of patients with TNBC are surgery and 
chemotherapy. One of the primary factors that contribute to poor 
prognosis of patients with TNBC is that few effective therapeutic 
targets are available. Therefore, studies on the underlying mecha-
nisms of the pathogenesis and progression of TNBC are required 
for the development of more effective therapeutic strategies.

Figure 5. Protein‑protein interaction network of the differentially expressed genes identified from the Gene Expression Omnibus database. Pink nodes repre-
sent upregulated genes and green nodes represent downregulated genes. Node size is positively associated with degree, which is the number of DEGs the 
node/genes can interact with.

Figure 6. Venn diagram of the intersections of differentially expressed mRNAs between the Gene Expression Omnibus and The Cancer Genome Atlas 
databases. (A) Intersection of upregulated mRNAs; (B) Intersection of downregulated mRNAs. GEO, Gene Expression Omnibus.
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Compared with the original long-term fundamental 
experimental studies, integrated mining of microarray 
data and high-throughput sequencing from public data-
bases appears to be more comprehensive and highly 
informative. Furthermore, since a number of studies 
have indicated the involvement of ceRNA crosstalk in 

diverse biological processes, including tumorigenesis, 
progression and metastasis, the comprehensive analysis 
of lncRNA-miRNA-mRNA ceRNA networks has become 
more widely used in the prediction of candidate RNA 
signatures in various cancer types (34-36), including 
TNBC (37-39). Nonetheless, non-coding RNA-associated 

Table III. miRNAs that may be targeted by specific lncRNAs in triple‑negative breast cancer. 

lncRNA miRNA

XIST miR-503, miR-301b, miR-454, miR-93, miR-106a, miR-96, miR-137, miR-140, miR-141, miR-200a, 
 miR-144, miR-155, miR-195, miR-497, miR-17, miR-192, miR-215, miR-429, miR-204, miR-21, miR-22, 
 miR-32, miR-338
MEG3 miR-551a, miR-301b, miR-454, miR-93, miR-106a, miR-96, miR-140, miR-141, miR-200a, miR-143, 
 miR-144, miR-145, miR-155, miR-195, miR-497, miR-17, miR-192, miR-215, miR-429, miR-204, miR-21, 
 miR-22, miR-338
MALAT1 miR-503, miR-93, miR-106a, miR-96, miR-140, miR-141, miR-200a, miR-143, miR-144, miR-145, 
 miR-155, miR-195, miR-497, miR-17, miR-192, miR-215, miR-429, miR-204, miR-21, miR-22, miR-32, 
 miR-338
NEAT1 miR-503, miR-301b, miR-454, miR-93, miR-106a, miR-96, miR-140, miR-141, miR-200a, miR-143, 
 miR-144, miR-195, miR-497, miR-17, miR-183, miR-429, miR-204, miR-22, miR-338
MAGI2-AS3 miR-503, miR-93, miR-106a, miR-137, miR-141, miR-200a, miR-143, miR-144, miR-145, miR-155, 
 miR-195, miR-497, miR-429, miR-204, miR-210, miR-22, miR-32
PVT1 miR-503, miR-551a, miR-93, miR-106a, miR-140, miR-143, miR-145, miR-195, miR-497, miR-17, 
 miR-183, miR-187, miR-21
SNHG1 miR-503, miR-137, miR-140, miR-141, miR-200a, miR-143, miR-144, miR-145, miR-195, miR-497, 
 miR-204, miR-21, miR-32
EPB41L4A-AS1 miR-503, miR-93, miR-106a, miR-141, miR-200a, miR-195, miR-497, miR-17, miR-183, miR-429, miR-22, 
 miR-338
DLEU2 miR-551a, miR-96, miR-137, miR-141, miR-200a, miR-143, miR-144, miR-21, miR-32
CYB561D2 miR-503, miR-93, miR-106a, miR-140, miR-144, miR-22, miR-338
HOTAIR miR-301b, miR-454, miR-143, miR-17, miR-93, miR-204, miR-21
SNHG miR-93, miR-106a, miR-141, miR-200a, miR-17, miR-338
MIR210HG miR-551a, miR-93, miR-106a, miR-145, miR-195, miR-497
TPRG1-AS1 miR-93, miR-106a, miR-17, miR-210, miR-32, miR-338
SNHG6 miR-137, miR-144, miR-429, miR-204, miR-22
EMX2OS miR-503, miR-143, miR-183, miR-210, miR-22
ATP1B3-AS1 miR-93, miR-106a, miR-96, miR-204
LINC00393 miR-93, miR-106a, miR-192, miR-215
LINC00460 miR-503, miR-143, miR-429, miR-338
GRIK1-AS1 miR-145, miR-204, miR-338
LINC00504 miR-140, miR-32, miR-338
MIR155HG miR-155, miR-204, miR-338
TMEM9B-AS1 miR-144, miR-145, miR-22
AGBL5-IT1 miR-145, miR-204
C6orf99 miR-140, miR-338
KIRREL3-AS1 miR-144, miR-338
LINC00392 miR-183, miR-32
UCA1 miR-96, miR-143
ARHGAP31-AS1 miR-137
MIR22HG miR-32
RERG-IT1 miR-21

lncRNA, long non-coding RNA; miRNA/miR, microRNA.
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ceRNA networks based on whole-genome gene expression 
profiling with large‑scale microarray and sequencing data 
of patients with TNBC have not been described.

In the current study, seven datasets from studies on 
TNBC were downloaded from the publicly available GEO 
database. The published original studies, from which the 
data were obtained, are discussed in the following text. 
Komatsu et al (15) identified abnormal spindle microtubule 
assembly and centromere protein K as novel molecular 
targets for TNBC therapy, since the absence of these genes 
was found to cause an arrest in the G2/M and G0/G1 phases 
of the cell cycle, respectively, and subsequently induced cell 
death in TNBC cells. Mathe et al (16) compared the genes 
that were found to be TNBC-specific from their cohort 
which consists of patients with TNBC and the The Cancer 
Genome Atlas (TCGA) cohort which is an external valida-
tion cohort including patients with TNBC from the TCGA 
database, and it was found that four of the genes, namely 
ankyrin repeat domain 30A, acidic nuclear phosphoprotein 
32 family member E, desmocollin 2 and interleukin 6 signal 
transducer (IL6ST), were common to both TNBC cohorts. 
The survival curves revealed that high expression of IL6ST 
was significantly associated with improved survival outcomes. 
Liu et al (17) successfully developed an mRNA and an inte-
grated mRNA-lncRNA signature based on eight mRNAs and 
two lncRNAs. The data from those two signatures suggested 

that the lncRNAs HIST2H2BC and SNRPEP4 promoted cell 
proliferation and invasion, thus contributing to paclitaxel 
resistance in TNBC cells. Romero-Cordoba et al (18) identi-
fied a set of altered miRNAs and experimentally confirmed 
that a specific miRNA, hsa‑mir‑342‑3p, was downregulated 
in TNBC compared with other phenotypes. In addition, 
loss of function of miR-342-3p resulted in monocarboxylate 
transporter 1 overexpression and contributed to oncogenic 
metabolic reprogramming in TNBC. Varley et al (19) analyzed 
sequencing data in order to identify breast cancer-associated 
read-through fusion transcripts. This analysis led to the iden-
tification of SCNN1A‑TNFRSF1A and CTSDIFITM10, two 
recurrent read-through fusion transcripts found to involve 
membrane proteins, which raised the possibility of them being 
breast cancer‑specific cell surface markers. In order to fully 
mine the information of these datasets, multistep processing 
and integrated bioinformatics were applied to reveal DEGs in 
TNBC. More importantly, a robust rank aggregation (RRA) 
method was used to identify stable DEGs among different 
studies. This method analyzes prioritized gene lists and finds 
commonly overlapping genes, which are ranked consistently 
better than expected by chance (40).

Finally, 69 dysregulated mRNAs were identified from the 
GEO datasets, including 53 upregulated and 16 downregulated 
genes, which are demonstrated in Fig. 3. Subsequently, GO 
and KEGG functional enrichment analyses were performed 
and a PPI network of these DEGs was constructed in order 
to demonstrate their characteristics and specific biological 
significance. DEGs were further validated in the TCGA data-
base. Eventually, 29 lncRNAs, 21 miRNAs and 27 mRNAs 
were selected to construct a potential lncRNA-miRNA-mRNA 
ceRNA network by biological prediction in order to eluci-
date the interactions and regulatory mechanisms of DEGs. 
Finally, Kaplan-Meier curves were generated using the gene 
expression data and survival information provided by the 
TCGA database to detect prognostic indicators for patients 
with TNBC. As a result, three DEmRNAs, namely TRIM59, 
EXO1 and RAD51AP1, one DElncRNA, KIRREL3-AS1 
and one DEmiRNA, hsa-mir-106a, were considered to be 
closely associated with the prognosis of patients with TNBC. 
Moreover, TRIM59, KIRREL3-AS1 and hsa-mir-106a were 
involved in the ceRNA network. The expression levels of 
all five genes were found to be upregulated and related to 
longer survival times. Nevertheless, the determination of the 
nature of protective factors or risk factors depends on gene 
expression at both the transcription and translation levels. 
Certain DEGs identified in the present study have been 
reported to be associated with the prognosis of breast cancer. 
As observed by gene expression profiling, IHC analysis has 
revealed that the expression of certain proliferation markers, 
including Ki67 and Aurora A kinase, is associated with poor 
prognosis in ER+ disease (41,42). In addition, as assessed 
by IHC, BCL2 expression is a powerful predictor of favor-
able prognosis in breast cancer across different molecular 
subtypes (43). Despite these findings, the routine assessment 
of IHC markers in addition to ER, PR and HER2 has yet 
to be implemented in standard clinical treatment guidelines. 
Therefore, the remaining survival-related genes identi-
fied in the current study should be further explored in future 
studies.

Table IV. mRNAs that may be targeted by specific miRNAs in 
triple-negative breast cancer. 

miRNA mRNA

miR-192 CAB39L, CEP55, MCM10, TRIM59, CENPA, 
 HJURP, TRIP13, DTL
miR-17 KIF23, HMGB3, RRM2, E2F1, MKI67, MELK
miR-93 RRM2, E2F1, KIF23, HMGB3, BIRC5, MELK
miR-21 TOP2A, TRIM59, LIFR, TP63, HMGB3
miR-155 TRIP13, RRM2, CAB39L, AMIGO2, KIF14
miR-215 TRIP13, CENPA, MCM10, DTL
miR-195 KIF23, CHEK1, CEP55, BIRC5
miR-497 CHEK1, KIF23, CEP55, BIRC5
miR-106a RRM2, HMGB3, E2F1, KIF23
miR-454 ESR1, CEP55, CCNA2
miR-503 KIF23, CHEK1
miR-144 LIFR, EZH2
miR-32 AURKA
miR-145 ESR1
miR-183 AURKA
miR-200a EZH2
miR-187 CENPA
miR-429 LMNB1
miR-137 AURKA
miR-210 STMN1
miR-22 ESR1

miRNA/miR, microRNA; mRNA, messenger RNA.
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In the present study, miRcode was used to collect 
predicted and experimentally validated miRNAs that are 
targeted by lncRNAs. In addition, TargetScan and miRTar-
Base were cooperatively utilized to determine mRNAs 
that are targeted by miRNAs. According to accumulating 
biological data, numerous computational models for potential 
miRNA-disease association inference have been developed, 
which are highly useful in research of the underlying molec-
ular mechanism of human diseases and the development 
of new drugs for disease treatment (44-46). In particular, 
Chen et al (47) proposed the model of the Ensemble of 
Decision Tree-based MiRNA-Disease Association predic-
tion (EDTMDA) for the identification of miRNA‑disease 
associations by inputting features that were extracted from 
integrated miRNA similarity, disease similarity and known 
miRNA-disease associations. It is believed that EDTMDA 

is able to make reliable predictions and guide experiments 
to reveal further miRNA-disease associations. However, 
limited studies on computational models for the prediction 
of potential lncRNA-disease associations are available. The 
involvement of lncRNAs in numerous biological processes 
and their important roles in a variety of complex human 
diseases have been demonstrated. Therefore, the develop-
ment of more effective computational models to identify 
potential relationships between lncRNAs and diseases may 
aid further understanding of disease mechanisms at the 
lncRNA molecular level. Furthermore, the development 
of a computational model capable of directly determining 
mRNAs that are targeted by lncRNAs would notably reduce 
the time required for analysis. In conclusion, research on 
computational models for the prediction of potential diseases 
at the level of gene expression regulation, post-translational 

Figure 7. The lncRNA-miRNA-mRNA competing endogenous RNA network for triple-negative breast cancer. Diamonds represent lncRNAs; rectangles 
represent miRNAs; ellipses represent mRNAs; red indicates upregulated genes and green represents downregulated genes. lncRNA, long non-coding RNA; 
miRNA, microRNA.
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protein modification and cellular environment may promote 
the diagnosis, treatment, prognosis and prevention of human 
diseases, including TNBC.

Of note, gene expression profiling was conducted using 
large-scale microarray and sequencing data of patients with 
TNBC. A robust rank aggregation (RRA) method was applied 
to comprehensively screen stable DEGs among the different 
studies. Furthermore, a network of predicted ceRNA interac-
tions derived from integrative bioinformatics analysis was 
successfully constructed. The reliability of the results was 
secured by the use of reasonable screening criteria, sufficient 
sample size and appropriate visualization of the results. There 
are also limitations to the current study. First, it would be more 
appropriate to include paired samples in order to eliminate 
error among different patients since each gene expression 
level varied substantially in different patients. Secondly, 
the complex ceRNA network was constructed by biological 
prediction based on the hypothesis that lncRNAs may serve as 
ceRNAs and, therefore, affect the expression of target genes 
by merging miRNAs. Therefore, further research is required 
for the verification of the current study results and further 
understanding of the molecular mechanisms of the identified 
RNA signatures in TNBC.

In conclusion, the present study identified a large number of 
cancer‑specific and several survival‑related DEGs by integrated 
analysis of large‑scale gene expression profiles from the GEO 
and TCGA databases. The predicted lncRNA-miRNA-mRNA 
ceRNA network may provide guidance for further studies 
on the molecular pathogenesis and progression mechanisms 
underlying TNBC.
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