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Abstract
Background: The incidence of triple negative breast cancer (TNBC) is at a relatively high level, and our study aimed to identify
differentially expressed genes (DEGs) in TNBC and explore the key pathways and genes of TNBC.

Methods: The gene expression profiling (GSE86945, GSE86946 and GSE102088) data were obtained from Gene Expression
Omnibus Datasets, DEGs were identified by using R software, Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses of DEGs were performed by the Database for Annotation, Visualization and
Integrated Discovery (DAVID) tools, and the protein-protein interaction (PPI) network of the DEGs was constructed by the STRING
database and visualized by Cytoscape software. Finally, the survival value of hub DEGs in breast cancer patients were performed by
the Kaplan–Meier plotter online tool.

Results:A total of 2998 DEGs were identified between TNBC and health breast tissue, including 411 up-regulated DEGs and 2587
down-regulated DEGs. GO analysis results showed that down-regulated DEGs were enriched in gene expression (BP), extracellular
exosome (CC), and nucleic acid binding, and up-regulated were enriched in chromatin assembly (BP), nucleosome (CC), and DNA
binding (MF). KEGG pathway results showed that DEGs were mainly enriched in Pathways in cancer and Systemic lupus
erythematosus and so on. Top 10 hub genes were picked out from PPI network by connective degree, and 7 of top 10 hub genes
were significantly related with adverse overall survival in breast cancer patients (P< .05). Further analysis found that only EGFR had a
significant association with the prognosis of triple-negative breast cancer (P< .05).

Conclusions:Our study showed that DEGs were enriched in pathways in cancer, top 10 DEGs belong to up-regulated DEGs, and
7 gene connected with poor prognosis in breast cancer, including HSP90AA1, SRC, HSPA8, ESR1, ACTB, PPP2CA, and RPL4.
These can provide some guidance for our research on the diagnosis and prognosis of TNBC, and further research is needed to
evaluate their value in the targeted therapy of TNBC.

Abbreviations: DAVID =Database for Annotation, Visualization and Integrated Discovery, DEGs = differentially expressed genes,
GEO = Gene Expression Omnibus, GO = gene ontology, KEGG = Kyoto Encyclopedia of Genes and Genomes, PPI = protein-
protein interaction, TNBC = triple negative breast cancer.
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1. Introduction

The incidence of breast cancer is at a relatively high level and is
the most common diagnosis in cancer in women around the
world.[1] Triple-negative breast cancer refers to a special type of
breast cancer in which estrogen receptor (ER), progesterone
receptor (PR), and human epidermal growth factor receptor 2
(HER-2) are all negatively expressed and counts about 15% to
20% in all breast cancer.[2,3] Triple negative breast cancer
(TNBC), with a unique biological and clinical features, is more
aggressive than other subtypes of breast cancer, and has shorter
disease-free survival, high soft tissue and visceral metastasis,[4]

and higher mortality within 5 years than non-TNBC patients.[5,6]

At present, breast cancer treatment is mainly targeted at ER,
PR, and HER2, however TNBC patients cannot benefit from
endocrine therapy and targeted therapy because of lacking of
targets, and results in poor prognosis, high recurrence and
metastasis rate and mortality. Therefore, it is necessary to find the
key genes and important pathways of TNBC, thereby identifying
its pathogenesis and providing a certain direction for new
treatment options.
In our study, we aimed to find out TNBC-specific differentially

expressed genes (DEGs). With the Gene Expression Omnibus
(GEO) Datasets, we identified DEGs by comparing TNBC
samples tissue with health control samples tissue. GO functional
annotation, as well as Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analysis, was performed
for the screened DEGs, protein-protein interaction (PPI) network
of DEGswere constructed by STRINGDatasets and visualized by
Cytoscape software to explore and identify hub genes associated
with TNBC. Finally, the survival analysis of these hub genes
derived from PPI was completed by Kaplan–Meier plotter online
survival analysis tool. Our research will provide DEGs with
comprehensive bioinformatics and contribute to a better
understanding of the mechanisms, progression, and metastasis
of triple-negative breast cancer.
2. Materials and methods

2.1. Microarray data

The data analyzed in our study were downloaded from GEO
Datasets (https://www.ncbi.nlm.nih.gov/geo/). The gene expres-
sion profiling (GSE86945, GSE86946, and GSE102088) were
from GPL17586 Affymetrix Human Transcriptome Array 2.0.
158 TNBC samples were from GSE86945 and GSE86946, and
114 health samples were from GSE102088. The data processed
by our research were freely available online. Ethics and patient
consent are not applicable.
2.2. Data processing

Analysis of DEGs and was conducted by using limma package[7]

(version=“3,8”) in R software (version x64 3,5,3). The oligo
Bioconductor package[8] was used to complete the reading of
gene expression profile CEL format data files. Background
correction, normalization and standardization were performed
by RMA - Robust Multichip Average algorithm.[9] DEGs were
identified with a level of fold change >2 (log FC>1) and adj. P
value <.01. And the heatmaps of the top 20 DEGs (10 up-DEGs
and 10 down-DEGs) was produced by heatmap package (version
1,0,12) and R software.
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2.3. GO and KEGG pathway analysis

Gene Ontology (GO) is an ontology widely used in the field of
bioinformatics for annotating large scale genes and gene
products.[10] It covers 3 aspects of biology: biological process
(BP), molecular function (MF), and cellular component (CC).
KEGG is a practical database resource for genome sequencing
and polymer experiment technology. It is generated by molecular
level information, especially macromolecular datasets, which
can be used to predict which pathways a particular gene is
enriched.[11] It covers information resources such as diseases and
pathways, GO analysis and KEGG analysis were performed by
DAVID tools (https://david.ncifcrf.gov/). P< ,01 was considered
statistically significant.[12]

2.4. PPI network of DEGs

We uploaded the top 1000 down-regulated DEGs and all the up-
regulated DEGs to the online tool, STRING database (https://
string-db.org/). And the Cytoscape software (version 3.7.1) was
used to analysis the PPI networks basing on the STRING results.
ThePPI sub-networkswere analysis byusing theplug-inMolecular
ComplexDetection (MCODE), andwe defined sub-networkswith
a level of MCODE scores >5 and number of nodes >20. The
higher the degree of connectivity of nodes, the greater the role of
network stability. And the degree of connectivity of each nodewas
calculated by using the plug-inCytoHubba. The top ten geneswith
the highest connectivity were identified as key genes.

2.5. Survival analysis of hub genes

The Kaplan–Meier plotter (https://www.kmplot.com), contain-
ing microarray gene expression data and survival information
covering GEO, The Cancer Genome Atlas (TCGA) and Cancer
Biomedical informatics Grid (caBIG),[13] was used to analyze the
survival analysis of key genes in breast cancer. The top 10 hub
genes were uploaded to Kaplan–Meier, respectively. The probe of
each gene was chosen by “only JetSet best probe set” and P< .05
was considered to be statistically significant.
3. Results

3.1. Identification of DEGs

We analyzed 158 TNBC samples tissue and 114 health control
samples tissue from GSE86945, GSE86946, and GSE102088.
With R software, limma package and RMA - Robust Multichip
Average algorithm, a total of 2998 DEGs were identified between
TNBC samples tissue and health control samples tissue, including
411 up-regulated DEGs and 2587 down-regulate DEGs. And the
heatmap of top 20 DEGs (top 10 up-regulated DEGs and top 10
down-regulated DEGs) was drawn by heatmap package and R
software (Fig. 1).

3.2. GO analyses

The DAVID tools were used to perform GO analysis and KEGG
pathways enrichment analysis (Table 1). We upload all DEGs to
DAVID tool. The results of GO analysis were divided into
biological processes (BP), cellular component (CC) andmolecular
function (MF). GO results indicated that the down-DEGs were
significantly enriched in BP, CC, and MF. BP includes gene
expression, cellular macromolecule biosynthetic process and
gene expression regulation. CC includes extracellular exosome,

https://www.ncbi.nlm.nih.gov/geo/
https://david.ncifcrf.gov/
https://string-db.org/
https://string-db.org/
https://www.kmplot.com/


Figure 1. Heatmap of top 10 up-regulated DEGs and top 10 down-regulated DEGs. Red, means up-regulation; Blue, means down-regulation. The value of
expression intensity is derived from the gene expression level obtained by R software analysis. TNBC = Triple Negative Breast Cancer, HC = Health Control, d-
DEGs = down-regulated DEGs, u-DEGs = up-regulated DEGs, DEGs = differentially expressed genes.
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extracellular vesicle, and extracellular organelle. And MF
includes nucleic acid binding, heterocyclic compound binding,
and organic cyclic compound binding. Up-DEGs also were
significantly enriched in BP, CC, and MF. BP includes chromatin
assembly, nucleosome organization, and chromatin assembly or
disassembly. CC includes nucleosome, DNA packaging complex,
and protein-DNA complex. And MF includes DNA binding,
protein heterodimerization activity, and enzyme binding.
Table 1

Top 3 significantly enriched GO terms.

Category Term Description

GOTERM_BP_FAT GO:0010467 Gene expressio
GOTERM_BP_FAT GO:0034645 Cellular macromolecule biosy
GOTERM_BP_FAT GO:0010468 Gene expression reg
GOTERM_CC_FAT GO:0070062 Extracellular exos
GOTERM_CC_FAT GO:1903561 Extracellular vesi
GOTERM_CC_FAT GO:0043230 Extracellular organ
GOTERM_MF_FAT GO:0003676 Nucleic acid bind
GOTERM_MF_FAT GO:1901363 Heterocyclic compound
GOTERM_MF_FAT GO:0097159 Organic cyclic compoun
GOTERM_BP_FAT GO:0031497 Chromatin assem
GOTERM_BP_FAT GO:0034728 Nucleosome organi
GOTERM_BP_FAT GO:0006333 Chromatin assembly or d
GOTERM_CC_FAT GO:0000786 Nucleosome
GOTERM_CC_FAT GO:0044815 DNA packaging co
GOTERM_CC_FAT GO:0032993 Protein-DNA com
GOTERM_MF_FAT GO:0003677 DNA binding
GOTERM_MF_FAT GO:0046982 Protein heterodimerizati
GOTERM_MF_FAT GO:0019899 Enzyme bindin

GO = gene ontology.
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3.3. KEGG pathway analysis

The up-DEGs and down-DEGswere uploaded separately. Down-
DEGs were enriched in Pathways in cancer, Neurotrophin
signaling pathway, MAPK signaling pathway, FoxO signaling
pathway and cGMP-PKG signaling pathway. And up-DEGs
were significantly enriched in Systemic lupus erythematosus,
Alcoholism and Viral carcinogenesis (Table 2).
Count P value Up/down

n 680 3,94E-13 Down
nthetic process 648 4,15E-13 Down
ulation 565 1,59E-11 Down
ome 366 6,88E-07 Down
cle 366 1,16E-06 Down
elle 366 1,24E-06 Down
ing 542 3,13E-11 Down
binding 745 8,44E-11 Down
d binding 751 2,08E-10 Down
bly 10 3,21E-07 Up
zation 10 5,50E-07 Up
isassembly 10 9,93E-07 Up

12 5,82E-12 Up
mplex 12 1,07E-11 Up
plex 12 1,56E-09 Up

28 7,26E-04 Up
on activity 10 1,29E-03 Up
g 20 5,01E-03 Up

http://www.md-journal.com


Table 2

KEGG pathway analysis of DEGs associated with TNBC.

Category Term Description Count P value Up/down

KEGG_PATHWAY hsa05200 Pathways in cancer 66 1,33E-04 Down
KEGG_PATHWAY hsa04722 Neurotrophin signaling pathway 27 2,63E-04 Down
KEGG_PATHWAY hsa04010 MAPK signaling pathway 46 2,88E-04 Down
KEGG_PATHWAY hsa04068 FoxO signaling pathway 27 1,53E-03 Down
KEGG_PATHWAY hsa04022 cGMP-PKG signaling pathway 30 2,06E-03 Down
KEGG_PATHWAY hsa05322 Systemic lupus erythematosus 9 4,53E-06 Up
KEGG_PATHWAY hsa05034 Alcoholism 9 3,50E-05 Up
KEGG_PATHWAY hsa05203 Viral carcinogenesis 7 3,47E-03 Up

DEGs = differentially expressed genes, KEGG = Kyoto encyclopedia of genes and genomes, TNBC = triple negative breast cancer.
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3.4. PPI network of DEGs and identification of key gene
Weuploaded the top 1000 down-DEGs and all of the up-DEGs to
STRING to generate the PPI network (Fig. 2). We entered the
results of the STRING web tool into the Cytoscape software and
Figure 2. Protein-protein interaction network of top 1000 up-DEGs

4

found that the PPI network only analyzed 822 nodes and 4429
edges (Figure not shown). And we used the plug-in MCODE
based on Cytoscape software to analysis primary modules of the
PPI sub-network. Based on the level of MCODE scores >5 and
and all the down-DEGs. DEGs = differentially expressed genes.



Figure 3. Top 3 primary modules of protein-protein interaction sub networks analyzed by the plug in molecular complex detection in Cytoscape software. (A)
module 1; (B) module 2; (C) module 3.
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number of nodes >20, we got 6 sub-networks from the PPI
network. And the top 3 sub-networks are shown in Figure 3. Sub-
network 1 owned 26.296 score (Density∗#Nodes) and includes
28 nodes, 355 edges. Sub-network 2 owned 13.294 score and
includes 18 nodes, 133 edges. And sub-network 3 owned 10.255
score and includes 56 nodes, 282 edges. After the calculation and
analysis of the plug-in CytoHubba, we obtained the connectivity
degree of each node, and we identified the top 10 genes assessed
by the degree of connectivity in the PPI network (Table 3). The
results showed that epidermal growth factor receptor (EGFR)
was the most prominent gene with connectivity degree=105,
followed by heat shock protein 90 alpha family class A member 1
(HSP90AA1, degree=86), SRC proto-oncogene, non-receptor
tyrosine kinase (SRC, degree=85), heat shock protein family A
(Hsp70) member 8 (HSPA8, degree=78), estrogen receptor 1
(ESR1, degree=73), actin beta (ACTB, degree=69), Jun proto-
oncogene, AP-1 transcription factor subunit (JUN, degree=68),
signal transducer and activator of transcription 3 (STAT3,
degree=68), protein phosphatase 2 catalytic subunit alpha
(PPP2CA, degree=68) and ribosomal protein L4 (RPL4, degree
=55). All the top 10 genes belong to up-DEGs in TNBC.

3.5. Survival analysis of hub genes

To analyze the survival analysis of top 10 hub genes, we uploaded
them to Kaplan–Meier plotter Breast cancer which contains 3951
patients. As the result showed that, 7 of top 10 hub genes were
significant relative with adverse overall survival in breast cancer
patients, including HSP90AA1, SRC, HSPA8, ESR1, ACTB,
Table 3

Top 10 hub genes with higher degree of connectivity.

Gene symbol Gene description Degree

EGFR Epidermal growth factor receptor 105
HSP90AA1 Heat shock protein 90 alpha family class A member 1 86
SRC SRC proto-oncogene, non-receptor tyrosine kinase 85
HSPA8 Heat shock protein family A (Hsp70) member 8 78
ESR1 Estrogen receptor 1 73
ACTB Actin beta 69
JUN Jun proto-oncogene, AP-1 transcription factor subunit 68
STAT3 Signal transducer and activator of transcription 3 68
PPP2CA Protein phosphatase 2 catalytic subunit alpha 68
RPL4 Ribosomal protein L4 55
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PPP2CA, and RPL4. Further studies found that EGFR gene is a
good predictor of TNBC prognosis (Fig. 4).

4. Discussion

TNBC is a special type of pathology in breast cancer with high
invasiveness, recurrence rate and mortality, and poor progno-
sis,[14,15] and it occurs mostly in premenopausal young women,
especially African women.[16] Numerous researches have studied
the different expressed genes associated TNBC.[17–20] However,
the pathogenesis of TNBC is still unclear, it is necessary for us to
continue to analyze the different expressed genes in TNBC with
the latest data.
In our bioinformatics research, 3 datasets, GSE86945,

GSE86946, and GSE102088, contained 158 TNBC patients
and 114 heath people, downloaded from GEO datasets, were
used to extract the DEGs. We found 2998 genes expressed
different between TNBC and health control, including 411 up-
regulated DEGs and 2587 down-regulated DEGs. After analyzed
by DAVID database, we found down-regulated DEGs were
enriched in gene expression, cellular macromolecule biosynthetic
process, regulation of gene expression, extracellular exosome,
extracellular vesicle, extracellular organelle, nucleic acid binding,
heterocyclic compound binding as well as organic cyclic
compound binding. And up-regulated DEGs were enriched in
chromatin assembly, nucleosome organization, chromatin as-
sembly or disassembly, nucleosome, DNA packaging complex,
protein-DNA complex, DNA binding, protein heterodimeriza-
tion activity, and enzyme binding. We selected top 10 hub genes
sorted by PPI networks connective degree, and 7 of them were
significantly related to the prognosis of breast cancer. These genes
include HSP90AA1, SRC, HSPA8, ESR1, ACTB, PPP2CA, and
RPL4. However, further studies found that only EGFR gene was
a good predictor of TNBC prognosis. It was exactly the opposite
of what we predicted. May be due to the relatively small number
of cases that can be analyzed, and we need to collect more
patients for analysis. Though the hub we identified were different
from previous studies,[20–22] we all have provided some reference
directions for the diagnosis, treatment and prognosis of TNBC.
And the difference may be due to different number of cases
analyzed, different identification criteria and experimental errors,
or other reasons.
HSP90AA1, heat shock protein 90 alpha family class A

member 1, is highly express in brain, testis, placenta, gall gladder,

http://www.md-journal.com


Figure 4. Kaplan–Meier analysis. 1–10, Kaplan–Meier analysis of overall survival (months) of the top 10 key genes in breast cancer patients; 11, Kaplan–Meier
analysis of EGFR in triple negative breast cancer.
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and adrenal,[23] and plays a significant role in the activity and
stability of many proteins responsible for tumor initiation,
progression andmetastasis.[24] HSP90AA1 has ability to bind and
hydrolyze ATP, which is essential for its chaperone function.[25]

HSP90AA1 is also identifiedbyZeng[26] as aDEGofbreast cancer.
However, Jarzab et al[27] thinks that it is low express in breast
cancer, it was just the opposite of the results of our analysis. In
addition, our results were somewhat close to the study of
Cheng.[28] Perhaps there is a difference in gene expression between
breast cancer and triple-negative breast cancer.
SRC, SRC proto-oncogene, non-receptor tyrosine kinase, is

also high express in stomach, testis, gall bladder, and duode-
num.[23] SRC can regulate the expression of some enzymes that
mediate tumor biological activity[29] and it is activated in many
human cancers.[30] Previous several mouse models experiments
showed that SRC played a vital role during mammary gland
development and breast cancer progression,[31] and SRC is highly
expressed in most of breast cancer patient samples.[32] Addition-
al, Abdullah found that SRC can promote MYC mRNA, one
transcription factor was important in breast cancer, expression in
estrogen receptor-positive breast cancer.[33] In vitro experiments
show that increased SRC kinase activity can promote breast
cancer invasiveness.[34] Importantly, some SRC inhibitors have
been developed for targeted therapy of TNBC,[35] so we consider
that SRC is a target gene in TNBC, and we need to further study
targeted therapy for the SRC, as well as prevent the occurrence
and early diagnosis of TNBC.
HSPA8, heat shock protein family A (Hsp70) member 8,

belongs to HSP70 (heat-shock protein 70) families containing 13
members.[36] According to previous reports, Hsp70 can promote
cancer cell growth through different mechanisms.[37] And
experiments showed that HSC70 was a small target for somatic
mutations and deletions in breast cancer.[38] HSPA8, expressed
highly in many tumors,[39,40] is stress proteins and closely related
to the occurrence and prognosis of various tumors, and plays a
significant regulatory role in tumor cell proliferation and
apoptosis.[41] Interestingly, some researchers have shown that
HSPA8 can be used as an early biomarker for liver cancer.[42] In
our study, HSPA8 was high expressing in TNBC compared
health control samples. Our survival analysis also showed that it
has a poor prognosis for TNBC. So in our study, HSPA8was also
considered as a biomarker, a prognostic factor and even a
potential targeted therapeutic target for TNBC, just as previous
report.[43]

ExceptHSP90AA1, SRC andHSPA8,ESR1,ACTB, PPP2CA,
and RPL4 were also up-regulated expressed in TNBC samples
tissue compared with health breast samples tissue, and they all
were related to poor prognosis in breast cancer patients.
However, we found down-regulated DEGs enriched in Pathways
in cancer (hsa05200) with a largest amount of genes (P value=
1.33 E–04). There is still no report about the low expression
genes of Pathways in cancer will promote the development of
cancer. We speculated that there may be another new
pathogenesis of TNBC. Thus, further study of the pathogenesis
of TNBC and the relationship between Pathways in cancer and
TNBC is needed.
5. Conclusion

Our study identified 411 up-regulated genes and 2587 down-
regulated genes between TNBC and health breast from 3 GEO
series. With connective degree of PPI network, we selected top 10
7

hub genes, and after the analysis of Kaplan–Meier plotter, we
identified 7 of them were hub genes in TNBC. These genes
includedHSP90AA1, SRC,HSPA8,ESR1,ACTB, PPP2CA, and
RPL4. These new hub genes associated TNBC will provide us
with some new research directions on TNBC.
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