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Abstract
Background

Breast cancer is the most common malignant tumor in women. Due to the mechanism of breast cancer has not
yet been completely clear, we aim to identify the key pathway and genes in breast cancer based on
bioinformatics method.

Methods

The samples were obtained from NCBI-GEO website. Then, GEO2R tools and Venn diagram software were used
to identify the differentially expressed genes (DEGs). Gene enrichment analysis was performed by
ClusterPro�ler package (version 3.16.1) of R. The protein-protein interaction (PPI) network was plotted by
Search Tool for the Retrieval of Interacting Genes (STRING) website and candidate genes were selected from
PPI network by Molecular Complex Detection (MCODE) plug-in. Afterwards, we assess the overall survival and
expression level of the core genes by Kaplan-Meier plotter and Gene Expression Pro�ling Interactive Analysis 2
(GEPIA2). Finally, we selected the core genes through the analysis of different grades cancer and analyzed the
gene-drug interaction by Comparative Toxicogenomics Database (CTD).

Results

DEGs contained 23 up-regulated and 32 down-regulated genes. GO described biological process, cellular
component, and molecular function. KEGG analysis showed up-regulated DEGs were mainly involved in breast
cancer-related pathway like P53 signaling pathway, platinum drug resistance and bladder cancer. 15 candidate
genes were screened through PPI network, 14 of which had adverse prognosis and high expression in breast
cancer. At last, we selected 5 core genes from different grades analysis and found the interaction of these genes
and anthracyclines and cyclophosphamide.

Conclusions

In the current study, 5 core genes of breast cancer were identi�ed based on bioinformatics method, which could
useful to provide essential information for diagnosis, prognosis and treatment of breast cancer.

Background
Breast cancer is the most common malignant tumor diagnosis among female patients in American [1].
Although the treatment of breast cancer has made great progress in recent years, it remains the main cause of
female death. In 2018, the number of new cases and deaths of breast cancer were more than 18 million and
9.5 million in the whole world [2, 3]. In addition, breast cancer is still the most common cause of cancer death in
less developed countries [4]. However, the molecular mechanism of tumorigenesis in breast cancer remains
unclear. As the caner is not a single disease, the progression of cancer is co-regulated by multiple genes and
gene products [5]. Therefore, identifying new genes related to tumorigenesis and prognosis of patients and
elucidating the molecular mechanisms of these carcinogenic processes [6] are essential for early diagnosis and
prevention. Meanwhile, genomic analysis of breast cancer will help to new therapeutic roadmap [7] that enable
personalization in treatment.
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Over the past decades, gene chip technology has been widely used. This technology can recognize different
expressed genes and store related-data in public databases. Summarize and reanalysis of these genomic data
can advantageous to identify biomarker sand gene expression pro�les associated with certain diseases [8, 9].
Furthermore, the analysis and sequencing of genomic data to identify cancer-related driving genes and
signaling pathways is also one of the most urgent needs in basic cancer research. And our knowledge of the
cancer genomes can guide us to exploit more effective ways to prevent the cancer incidence and mortal [10].

In this study, we purpose to screen the differentially expression genes (DEGs) from gene expression datasets
and perform the enrichment, overall survival and drug-related analysis to obtain the core genes and signaling
pathways which are associated with the oncogenesis, prognosis and treatment of breast cancer. In addition, we
analyzed the expression of genes with different grades to get more information about the development of
breast cancer.

Materials And Methods

Microarray data acquisition
Four gene expression pro�le datasets (GSE20713, GSE29044, GSE42568 and GSE61304) were obtained from
the NCBI-GEO (http://www.ncbi.nlm.nih.gov/geo/) database [11]. All of the four microarray datasets were based
on Platforms of GPL570 ([HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array). Meanwhile, each
of these datasets contained the gene expression pro�les of normal tissues and three grades of BC tissues.

Data processing of DEGs
The gene expression values between breast cancer samples and normal samples were analyzed by GEO2R
online tool. Differentially expressed genes (DEGs) were screened out by the criterion with |logFC| > 2 and P < 
0.05. Then, the common DEGs among the four datasets were plotted in Venn diagrams web page tool. The up-
regulated and down-regulated genes were identi�ed by logFC > 2 and logFC<-2, respectively.

Analysis of function pro�les for DEGs
ClusterPro�ler package (version 3.16.1) of R was used to analyze Gene Ontology (GO) enrichment and Kyoto
Encyclopedia of Gene and Genomes (KEGG) pathway enrichment [12]. GO enrichment of up-regulated and
down-regulated DEGs were characterized in three aspects: molecular function (MF), cellular component (CC),
and biological process (BP). P-value cutoff = 0.05 was determined as a criterion for statistics signi�cance in GO
function and KEGG pathway.

PPI network establishment
Protein-protein interaction (PPI) network information of DEGs was analyzed by Search Tool for the Retrieval of
Interacting Genes (STRING, https://string-db.org/) online biological database [13]. Afterwards, Cytoscape
software was used to construct the protein interaction networks. The maximum number of interactors = 0 and
con�dence score ≥ 0.4 was as the threshold value. The densely connected regions in PPI network were analyzed
via MCODE plugin of Cytoscape with the criterion as follow: degree cutoff = 2, max. Depth = 100, k-core = 2, and
node score cutoff = 0.2.

Survival analysis
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The candidate key genes were selected from densely connected regions of PPI networks. Then the prognostic
in�uence of these genes in breast cancer were evaluated by Kaplan-Meier plotter (http://kmplot.com/analysis)
web-tool [14]. Gene Expression Pro�ling Interactive Analysis 2 (GEPIA2) (http://gepia2.cancer-pku.cn/) was
applied to comparing the tissue-wise expression of key genes with poor-prognosis between breast cancer and
normal samples [15].

Analysis of grade-speci�c gene expression
DEGs were re-selected from the comparison of three grades (grade1, grade 2 and grade 3) breast cancer
samples with normal samples in the four datasets and drew the PPI networks, respectively. Gene set enrichment
analysis (GSEA) with Wilcoxon rank sum test and Kolmogorov-Smirnov (KS) test was implemented in
comparison of grade 3 breast cancer samples against normal samples of the four datasets via Genetrail2 Web
Service (https://genetrail2.bioinf.uni-sb.de/) [16]. KEGG pathway enrichment was re-analyzed by clusterPro�ler
package of R for the core genes which selected by GSEA and PPI network.

Chemical-Gene interaction analysis
The interaction network of core genes and chemotherapeutics drugs was integrated by using the Comparative
Toxicogenomics Database (CTD) (http://ctdbase.org/) [17]. Cytoscape software was used to draw the reaction
structure plot of chemical-gene interaction.

Results

Identi�cation of DEGs
In all of the four datasets (GSE20713, GSE29044, GSE42568 and GSE61304), 323 breast cancer tissue samples
and 59 normal tissue samples were compared to obtain the DEGs. Then, the DEGs with the criterion as |logFC| >
2 and P < 0.05 were performed for analysis by Venn diagram, which showed that 23 up-regulated (logFC > 2) and
32 down-regulated common DEGs (logFC<-2) in the intersection regions were screened out (Table 1 & Fig. 1).

Table 1
23 up-regulated and 30 down-regulated differentially expressed genes(DEGs)in breast cancer were accessed

from four pro�le databases.
DEGs Genes Name

Up-
regulated

TPX2 ASPM ANLN BIRC5 UBE2C CCNB2 CDK1 CEP55 RRM2 TOP2A GJB2 AURKA DLGAP5
KIF2C SQLE COL10A1 COL11A1 NUF2 MMP1 NEK2 UBE2T MMP9 MMP11

Down-
regulated

CHRDL1 OGN SCARA5 BTNL9 IGSF10 NTRK2 SDPR CXCL2 TNXB AKAP12 MEOX2 FGF2 APOD
PIR-FIGF SPRY2 TSHZ2 ABCA9 ABCA8 MIR548F5 LRRN4CL ADH1B ANK2 DMD ADH1C FOSB
MAMDC2 C2orf40 SFRP1 CFD PLIN1

Enrichment analysis of DEGs
The result of GO enrichment analysis implicated that DEGs are involved in many biological functions. The up-
regulated DEGs were mainly enriched in nuclear division, organelle �ssion and mitotic nuclear division while the
down-regulated DEGs were mainly enriched in regulation of cellular response to growth factor stimulus, release
of sequestered calcium ion into cytosol and negative regulation of sequestering of calcium ion (Table 2 &
Fig. 2). KEGG pathway enrichment analysis indicated that up-regulated DEGs were mainly involved in P53
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signaling pathway, progesterone-mediated oocyte maturation, oocyte meiosis, platinum drug resistance and
bladder cancer (Fig. 3).
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Table 2
Gene ontology(GO)analysis of up-regulated and down- regulated genes in breast cancer.

Expression Ontology ID Description Gene
Ratio

p-value q-value

Up-
regulated

BP GO:0000280 nuclear division 11/23 4.94E-13 2.25E-10

    GO:0048285 organelle �ssion 11/23 1.44E-12 3.28E-10

    GO:0140014 mitotic nuclear
division

9/23 1.36E-11 2.06E-09

    GO:0007051 spindle organization 6/23 4.63E-08 5.28E-06

    GO:0007052 Mitotic spindle
organization

5/23 1.66E-07 1.39E-05

    GO:0051225 spindle assembly 5/23 1.83E-07 1.39E-05

    GO:1902850 microtubule
cytoskeleton
organization involved
in mitosis

5/23 4.79E-07 3.12E-05

    GO:1901990 regulation of mitotic
cell cycle phase
transition

7/23 7.23E-07 4.12E-05

    GO:1901987 regulation of cell
cycle phase transition

7/23 1.22E-06 6.17E-05

    GO:0007088 regulation of mitotic
nuclear division

5/23 1.46E-06 6.64E-05

  CC GO:0030496 midbody 7/23 7.72E-10 2.11E-08

    GO:0005819 spindle 7/23 9.47E-08 1.30E-06

    GO:0000793 condensed
chromosome

6/23 1.68E-07 1.49E-06

    GO:0000779 condensed
chromosome,
centromeric region

5/23 2.18E-07 1.49E-06

    GO:0005874 microtubule 7/23 3.24E-07 1.77E-06

  MF GO:0035173 histone kinase activity 2/23 0.000217175 0.009512334

    GO:0004222 metalloendopeptidase
activity

3/23 0.000311611 0.009512334

    GO:0061631 ubiquitin conjugating
enzyme activity

2/23 0.001104122 0.01322531

    GO:0061650 ubiquitin-like protein
conjugating enzyme
activity

2/23 0.001223123 0.01322531



Page 7/27

Expression Ontology ID Description Gene
Ratio

p-value q-value

    GO:0030020 extracellular matrix
structural constituent
conferring tensile
strength

2/23 0.001284832 0.01322531

Down-
regulated

BP GO:0006069 ethanol oxidation 2/26 0.000122031 0.024026518

    GO:0006067 ethanol metabolic
process

2/26 0.000385298 0.024026518

    GO:0010881 regulation of cardiac
muscle contraction by
regulation of the
release of
sequestered calcium
ion

2/26 0.000505092 0.024026518

    GO:0051209 release of
sequestered calcium
ion into cytosol

3/26 0.000664923 0.024026518

    GO:0090287 regulation of cellular
response to growth
factor stimulus

4/26 0.000667909 0.024026518

    GO:0051283 negative regulation of
sequestering of
calcium ion

3/26 0.000696604 0.024026518

    GO:0051282 regulation of
sequestering of
calcium ion

3/26 0.000729234 0.024026518

    GO:0010882 regulation of cardiac
muscle contraction by
calcium ion signaling

2/26 0.000739824 0.024026518

    GO:0051208 sequestering of
calcium ion

3/26 0.000779983 0.024026518

    GO:0001508 action potential 3/26 0.000815036 0.024026518

  CC GO:0043034 costamere 2/28 0.000327618 0.019657093

  MF GO:0004024 alcohol
dehydrogenase
activity, zinc-
dependent

2/23 3.38E-05 0.001242336

    GO:0004022 alcohol
dehydrogenase
(NAD+) activity

2/23 5.79E-05 0.001242336

    GO:0018455 alcohol
dehydrogenase
[NAD(P)+] activity

2/23 7.23E-05 0.001242336
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Expression Ontology ID Description Gene
Ratio

p-value q-value

    GO:0004745 retinol dehydrogenase
activity

2/23 0.000302687 0.003903069

    GO:0005319 lipid transporter
activity

3/23 0.000630027 0.006499226

Table 3
KEGG pathway enrichment analysis of 11 hub-genes.

ID Description p-value q-value gene

hsa04914 Progesterone-mediated oocyte
maturation

3.59E-05 0.00034 AURKA/CCNB2/CDK1

hsa04114 Oocyte meiosis 7.69E-05 0.000364 AURKA/CCNB2/CDK1

hsa01524 Platinum drug resistance 0.001180874 0.002797 BIRC5/TOP2A

hsa04115 p53 signaling pathway 0.001180874 0.002797 CCNB2/CDK1

hsa04110 Cell cycle 0.003369166 0.006384 CCNB2/CDK1

hsa04218 Cellular senescence 0.005284801 0.008344 CCNB2/CDK1

hsa05170 Human immunode�ciency virus 1
infection

0.009595818 0.012987 CCNB2/CDK1
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Table 4
Chemical–gene interaction of 5 core genes and chemotherapeutic drugs of breast cancer.

Chemical Name Gene
Symbol

Interaction

Daunorubicin AURKA Daunorubicin results in decreased expression of AURKA protein

Doxorubicin AURKA Doxorubicin results in decreased expression of AURKA mRNA

Doxorubicin AURKA bisphenol A inhibits the reaction [Doxorubicin results in increased
expression of AURKA mRNA]

Daunorubicin BIRC5 Daunorubicin results in increased expression of BIRC5 mRNA

Daunorubicin BIRC5 [bromotetrandrine co-treated with Daunorubicin] results in decreased
expression of BIRC5 mRNA

Doxorubicin BIRC5 BIRC5 protein results in decreased susceptibility to Doxorubicin

Doxorubicin BIRC5 Doxorubicin results in decreased expression of BIRC5 mRNA

Doxorubicin BIRC5 Doxorubicin promotes the reaction [DNMT1 protein binds to BIRC5
promoter]

Doxorubicin BIRC5 Doxorubicin promotes the reaction [EHMT2 protein binds to BIRC5
promoter]

Doxorubicin BIRC5 Doxorubicin promotes the reaction [HDAC1 protein binds to BIRC5
promoter]

Doxorubicin BIRC5 Doxorubicin promotes the reaction [SP1 protein binds to BIRC5 promoter]

Doxorubicin BIRC5 Doxorubicin promotes the reaction [TP53 protein binds to BIRC5 promoter]

Doxorubicin BIRC5 Doxorubicin results in decreased expression of BIRC5 promoter

Doxorubicin BIRC5 [Folic Acid co-treated with Doxorubicin] results in decreased expression of
BIRC5 mRNA

Doxorubicin BIRC5 alvocidib inhibits the reaction [Doxorubicin results in increased expression
of and results in increased phosphorylation of BIRC5 protein]

Doxorubicin BIRC5 BIRC5 protein inhibits the reaction [FOXO3 protein results in increased
susceptibility to Doxorubicin]

Doxorubicin BIRC5 [FOXO3 protein results in decreased expression of BIRC5 protein] which
results in increased susceptibility to Doxorubicin

Epirubicin BIRC5 BIRC5 protein results in decreased susceptibility to Epirubicin

mithramycin A BIRC5 mithramycin A results in decreased expression of BIRC5 mRNA

Doxorubicin CCNB2 Doxorubicin results in decreased expression of CCNB2 mRNA

Doxorubicin CDK1 Doxorubicin results in decreased expression of CDK1 mRNA

Doxorubicin CDK1 Doxorubicin results in increased phosphorylation of and results in
decreased activity of CDK1 protein

Doxorubicin CDK1 Doxorubicin promotes the reaction [RBL2 protein binds to CDK1 promoter]
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Chemical Name Gene
Symbol

Interaction

Doxorubicin CDK1 CDC25C protein inhibits the reaction [Doxorubicin results in increased
phosphorylation of CDK1 protein]

Doxorubicin CDK1 Go 6976 inhibits the reaction [Doxorubicin results in increased
phosphorylation of and results in decreased activity of CDK1 protein]

Doxorubicin CDK1 [GDC-0941 co-treated with Doxorubicin] results in decreased
phosphorylation of CDK1 protein

Liposomal
doxorubicin

CDK1 liposomal doxorubicin results in decreased expression of CDK1 protein

pirarubicin CDK1 pirarubicin affects the phosphorylation of and results in decreased activity
of CDK1 protein

Daunorubicin TOP2A Daunorubicin results in decreased activity of TOP2A protein

Doxorubicin TOP2A Doxorubicin results in decreased activity of TOP2A protein

Doxorubicin TOP2A TOP2A mRNA results in decreased susceptibility to Doxorubicin

Doxorubicin TOP2A [DPP4 protein results in increased expression of TOP2A protein] which
results in increased susceptibility to Doxorubicin

Doxorubicin TOP2A [EGF protein results in decreased expression of TOP2A protein] which
results in decreased susceptibility to Doxorubicin

Doxorubicin TOP2A [Estradiol results in increased expression of TOP2A mRNA] which results
in increased susceptibility to Doxorubicin

Doxorubicin TOP2A Lovastatin inhibits the reaction [Doxorubicin results in increased
expression of TOP2A mRNA]

Doxorubicin TOP2A [TOP2A protein co-treated with ERBB2 protein] results in increased
susceptibility to Doxorubicin

Doxorubicin TOP2A palbociclib inhibits the reaction [Doxorubicin results in increased
expression of TOP2A protein]

Doxorubicin TOP2A TOP2A protein mutant form results in decreased susceptibility to
Doxorubicin

Cyclophosphamide TOP2A Cyclophosphamide results in increased expression of TOP2A mRNA

CMF regimen TOP2A TOP2A gene mutant form results in decreased susceptibility to CMF
regimen

CEF regimen TOP2A TOP2A gene mutant form results in increased susceptibility to CEF
regimen

FEC protocol TOP2A ERBB2 protein promotes the reaction [TOP2A protein results in increased
susceptibility to FEC protocol]

Ifosfamide TOP2A TOP2A results in decreased susceptibility to [Carboplatin co-treated with
Etoposide co-treated with Ifosfamide]

M-VAC protocol TOP2A TOP2A protein results in increased susceptibility to M-VAC protocol
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Construction of PPI network
The analysis of PPI network construction conferred that two densely connected regions were contained in the
gene interaction networks of common DEGs (Fig. 4A). Additionally, of the two densely regions, the more
centralized interaction region included 16 core genes (ANLN, ASPM, AURKA, BIRC5, CCNB2, CDK1, CEP55,
DLGAP5, KIF2C, NEK2, NUF2, RRM2, TOP2A, TPX2, UBE2C and UBE2T)(Fig. 4B).

Survival analysis of core genes
Hub-genes survival analysis showed 15 of these core genes were highly related to the poor prognosis of breast
cancer (log-rank P < 0.05) (Fig. 5). Re-analysis of poor prognosis related genes by using GEPIA2 showed that
expression level of all 15 genes were signi�cantly (P < 0.05) increased compared with normal samples (Fig. 6).

Grade-speci�c genes analysis
In the comparison of three grades breast cancer samples with normal samples, we identi�ed that the number of
common DEGs was increased gradually in grade 1, 2 and 3. The grade 3 gene interaction network construction
was obviously more closely linked than grade1 and grade 2 (Fig. 7). In addition, the result showed that the 15
core genes with poor prognosis were all present in the densely region of grade 3 PPI network construction. After
the Gene set enrichment analysis of all the four datasets, 11 genes (ASPM, AURKA, BIRC5, CCNB2, CDK1,
DLGAP5, KIF2C, NEK2, TOP2A, TPX2 and UBE2C) were performed for the re-analysis of KEGG pathway
enrichment. Results of the analysis showed that there were 5 genes (AURKA, BIRC5, CCNB2, CDK1 and TOP2A)
remarkable involved in these pathway (Fig. 8 & Table. 3).

Chemical-Gene interaction
Anthracyclines and cyclophosphamide have been identi�ed as the response chemotherapeutics drugs for breast
cancer [18]. Therefore, we analyzed the interaction between these drugs and the 5 core genes (Fig. 9 & Table. 4).
Results demonstrated that anthracyclines and cyclophosphamide were strongly associated with the 5 hub-
genes.

Discussion
To identify the valid biomarkers of diagnosis, prognosis and treatment in breast cancer, we have analyzed four
datasets via bioinformatical methods in the present work. A total of 53 common DEGs were found by
comparing breast cancer samples with normal samples in the four datasets. Then, GO enrichment and KEGG
pathway analysis were performed on the common DEGs to investigate the different biological information
related to these genes. It was observed that up-regulated genes were mainly involved in nuclear division,
organelle �ssion and mitotic nuclear division related biological processes, and down-regulated genes were
mainly involved in regulation of cellular response to growth factor stimulus related biological process.
Meanwhile, the result proved that the up-regulated DEGs were involved in the breast cancer-related pathways
such as P53 signaling pathway [19], platinum drug resistance [20] and bladder cancer [21]. Next, we selected 16
genes from the densely regions of PPI networks, and found that 15 of them were associated with poor
prognosis of breast cancer, which the expression level in breast cancer was signi�cantly higher than that in
normal tissue samples. For further study, we re-constructed the PPI networks with the common DEGs which
were screened from the individual comparisons of three grades breast cancer with normal samples. The number
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of common DEGs of grade 3 was more increasingly than other grades, and the poor prognosis genes in the
above research were reappeared in densely regions of grade PPI networks. It was conferred that the genes in
grade 3 lead the dominant role in breast cancer tumorigenesis and progression. Therefore, we chose these 15
poor prognosis genes for the subsequent study. After gene set enrichment analysis and KEGG analysis, 5 genes
(AURKA, BIRC5, CCNB2, CDK1 and TOP2A) were identi�ed to be the potential targets for diagnosis and
prognosis of breast cancer. Results showed that the cancer-related signaling pathways regulated by these 5
genes were also involved in grade 3 breast cancer. Finally, we explored the interaction of genes and
chemotherapeutics dugs and found these 5 genes were strongly correlated with anthracyclines and
cyclophosphamide which has been proven to be the effective treatment drugs of breast cancer [22, 23].

Because of the high expression in many cancers, increasingly researches has been focused on AURKA as a
target for cancer therapy [24]. Clinical trials of AURKA inhibitors are currently undergoing and have shown the
effective anti-tumor activity in multiple cancers [25], but the studies on breast cancer have progressed slowly.
AURKA has been well proved involved in the cell cycle and cell division [26], it functions as a key role in mitotic
entry, centrosome functions and bipolar spindle assembly especially regulates the G2/M transition [27].
Evidences indicated that AURKA is associated with higher tumor stage and cancer cell migration [28].
Additionally, the breast cancer-related studies have reported that AURKA induces different carcinogenic
properties in malignant cells by regulating stem cell function [29]. In a word, the research prospects of AURKA
inhibitors are promising in the breast cancer therapy.

Early studies observed that BIRC5 is involved in mitosis by forming the CPC (chromosomal passenger complex)
and regulating microtubule dynamics and nucleation [30, 31]. Several researches demonstrated that BIRC5 has
been considered as a prognostic biomarker for many cancers in that its closely correlation with chemotherapy
resistance, neoplasm metastasis and tumor recurrence [32–34]. To date, the role of BIRC5 as a poor prognostic
factor for breast cancer has been con�rmed in the past studies [35, 36]. Additionally, in the �eld of tumor
targeted therapy, BIRC5 has also been received much attention [37]. Research data suggested that the BIRC5
inhibitor could increase the antineoplastic activity of paclitaxel in breast cancer treatment [38]. Taken together,
BIRC5 has a bright perspective as biomarker for prognostic and targeted therapy of breast cancer in the future.

In the regulation of cell cycle phase, the complex formed by CCNB2 binds to CDK1 acts a key role in G2/M
transition [39, 40].Besides, cell cycle disorder in the process of tumorigenesis is associated with dysfunction of
CCNB2 and CDK1 [41]. Previous reports demonstrated that CCNB2 not only has negative impact on the survival
of breast cancer patients [42], but also could be correlated with the tumor recurrence [43]. Also, CDK1 has been
proved to be a predictor of clinical outcome for breast cancer and related with the unfavorable clinicopathologic
features [44]. For decades, numerous clinical studies have been performed on CDK1 inhibitors, but the results
are disappointed [45]. The reason could be the CDK1 targeted drugs cause the cell toxicity, thus restricting the
therapeutic window [46]. However, the role of CDK1 in the breast cancer treatment is still worth exploring.
Although the current results of CCNB2 and CDK1 in breast cancer therapy research are dissatis�ed, they could
have well prospects as factors for diagnosis, prognostic and treatment in future work.

It was reported that TOP2A is typically highly expressed in rapidly proliferating cells and functioned in DNA
replication and cell division [47]. Recent study showed that TOP2A was closely related with tumor size
differentiation and lymph node metastasis in triple-negative breast cancer patients [48]. While in estrogen
receptor positive breast cancer patients, TOP2A could be a evaluation factor of prognostic and recurrence [49].



Page 13/27

Previously, numerous researches have been conducted on the correlation between TOP2A and anthracycline-
based chemotherapy treatment [50, 51], but the predication effectiveness is uncertain and follow-up studies are
required [52]. As the close location with the HER2 gene on chromosome [53], TOP2A should be well studied for
prognosis an therapy in breast cancer.

Since the safety and e�cacious of anthracyclines and cyclophosphamide has been shown in chemotherapy for
breast cancer [54, 55], we performed the gene-drug interaction analysis for further study. Indeed, our work
demonstrated that these 5 genes were interacted with the drugs through different ways. These data provide
evidence for future research on the in�uence of these 5 genes on breast cancer treatment.

In the present study, detailed observation showed that the common genes of grade 3 are the most numerous
and closely linked in breast cancer. As the heterogeneity of cancer, we conferred that genes in grade 3 were
dominated the progression of breast cancer. Thus, the 5 core genes and the cancer-related pathways might be
the key factors in tumorigenesis and development of breast cancer. In brief, we hope these data could be helpful
for future study on the pathogenesis, prognosis and treatment of breast cancer.

Conclusions
In conclusion, we analyzed the information of four datasets by integrating bioinformatic methods. Results
demonstrated that genes in grade 3 acted the leading role in the progression of breast cancer. After expression,
survival, gene functional and gene-drug interaction analysis, 5 core genes (AURKA, BIRC5, CCNB2, CDK1 and
TOP2A) are identi�ed as the candidate biomarkers for diagnosis, prognosis and targeted therapy of breast
cancer. Additionally, the related signaling pathway are taken effect on the regulation of breast cancer.

Abbreviations
DEGs Differentially expression genes

GO Gene Ontology

KEGG Kyoto Encyclopedia of Gene and Genomes

MF Molecular function

CC Cellular component

BP Biological process

PPI Protein-protein interaction

STRING Search Tool for the Retrieval of Interacting Genes

GEPIA2 Gene Expression Pro�ling Interactive Analysis 2

GSEA Gene set enrichment analysis

CTD Comparative Toxicogenomics Database
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ANLN anillin actin binding protein

ASPM assembly factor for spindle microtubules

AURKA aurora kinase A

BIRC5 baculoviral IAP repeat containing 5

CCNB2 cyclin B2

CDK1 cyclin dependent kinase 1

CEP55 centrosomal protein 55

DLGAP5 DLG associated protein 5

KIF2C kinesin family member 2C

NEK2 NIMA related kinase 2

NUF2 NUF2 component of NDC80 kinetochore complex

RRM2 ribonucleotide reductase regulatory subunit M2

TOP2A DNA topoisomerase II alpha

TPX2 TPX2 microtubule nucleation factor

UBE2C ubiquitin conjugating enzyme E2 C

UBE2T ubiquitin conjugating enzyme E2 T

CPC chromosomal passenger complex

HER2 human epidermal growth factor receptor 2
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Figure 1

Common DEGs were screened out from four datasets (GSE20713, GSE29044, GSE42568, GSE61304 and
GSE20713). A) The intersection of four rounded rectangle areas represents the number of up-regulated common
DEGs (log FC>2). B) The intersection of four rounded rectangle areas represents the number of down-regulated
common DEGs (log FC<-2).
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Figure 2

Bubble chart of GO enrichment analysis. A) and B) chart show the 10 terms of most enriched biological
functions in up-regulated and down-regulated genes, respectively. Bubble size and color represent the number of
genes and adjust p-value respectively.
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Figure 3

KEGG pathway enrichment analysis diagram of common DEGs. A) The result of up-regulated DEGs pathway
enrichment analysis. B) P53 signaling pathway. Three genes (CyclinB means CCNB2, Cdc2 means CDK1, p53R2
means RRM2) are signi�cantly enriched in this signaling pathway.
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Figure 4

PPI network construction diagram of common DEGs. A) The nodes and lines represent proteins and interactions
of proteins individually. Red and gray spheres represent densely connected and non-densely connected regions
in PPI network individually. B) Proteins of the main densely connected region in PPI network. (degree cutoff = 2,
node score cutoff = 0.2, k-core = 2, and max. Depth = 100).
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Figure 5

The Kaplan-Meier survival plot of the 15 core genes. In each plot, HR>1 and HR<1 represent gene related to poor
and good prognosis. Log-rank P represents the signi�cant difference in OS time between the high and low
expression of each gene. The difference is statistically signi�cant with log-rank P<0.05. (OS: overall survival).
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Figure 6

Comparison of 15 hub-genes expression level between breast cancer and normal tissues. Red and blue color
represent tumor and normal tissue samples, respectively. Plots with asterisk represent expression level
difference is statistically signi�cant (P<0.05).
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Figure 7

Grade-speci�c PPI network construction plot. A) Grade 1, B) Grade 2 and C) Grade 3 PPI network of DEGs in
breast cancer. The nodes and lines represent proteins and interactions of proteins, respectively. Red and gray
spheres represent densely connected and non-densely connected regions in PPI network , respectively.
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Figure 8

KEGG pathway enrichment histogram of 11 hub-genes. Five genes (AURKA, CCNB2, CDK1, BIRC5, TOP2A) are
signi�cantly enriched in seven pathways.
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Figure 9

Chemical–gene interaction network of 5 hub-genes and chemotherapeutic drugs. Each line represents one
interaction. Open circles and arrows represent the initiation and direction of interaction, respectively. Solid
circles represent crucial genes and chemotherapeutic drugs. Hexagons represent other related factors of the
interaction. Red lines represent promoting the reaction, increasing the expression of genes or increasing
susceptibility of drugs. Black lines represent inhibiting the reaction, decreasing the expression of genes or
decreasing susceptibility of drugs. Yellow lines represent affecting the phosphorylation or acetylation of genes.
Wave lines represent co-treating with drugs or binding with genes. Red and blue circles represent crucial genes
and main drugs for BC individually. Red and blue hexagons represent promoting and inhibiting the reaction
individually.


