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Abstract. – BACKGROUND: Breast cancer is
categorized into two broad groups: estrogen re-
ceptor positive (ER+) and ER negative (ER-)
groups. Previous study proposed that under
trastuzumab-based neoadjuvant chemotherapy,
tumor initiating cell (TIC) featured ER- tumors re-
sponse better than ER+ tumors. Exploration of
the molecular difference of these two groups
may help developing new therapeutic strategies,
especially for ER- patients.

MATERIALS AND METHODS: With gene expres-
sion profile from the Gene Expression Omnibus
(GEO) database, we performed partial least
squares (PLS) based analysis, which is more sen-
sitive than common variance/regression analysis.

RESULTS: We acquired 512 differentially ex-
pressed genes. Four pathways were found to be
enriched with differentially expressed genes, involv-
ing immune system, metabolism and genetic infor-
mation processing process. Network analysis iden-
tified five hub genes with degrees higher than 10,
including APP, ESR1, SMAD3, HDAC2, and
PRKAA1.

CONCLUSIONS: Our findings provide new un-
derstanding for the molecular difference between
TIC featured ER- and ER+ breast tumors with the
hope offer supports for therapeutic studies.
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Introduction

Breast cancer remains a major health problem
worldwide1. It can be divided into two distinct bio-
logically and clinically significant groups: estrogen
receptor positive (ER+) and ER negative (ER-)
groups2. Currently, except for surgical operation,
ER+ group can be treated with endocrine therapy or
chemotherapy while chemotherapy is the only op-
tion for ER- group3-5. Thus, development of new
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treatment strategy for the ER- group is urgent. Pre-
vious study6 proposed that under trastuzumab-based
neoadjuvant chemotherapy, tumor initiating cell
(TIC) featured ER- tumors response better than
ER+ tumors. Exploration of the molecular differ-
ence of these two groups may help developing new
therapeutic strategies for ER- patients.

Large-scale gene expression analysis is powerful
in biological characterization and therapeutic plan-
ning of complex diseases, including breast cancer7.
Previous investigations of gene expression analysis
mostly used common variance/regression analysis,
slipping over unaccounted array specific factors.
By contrast, partial least squares (PLS) based
analysis has been proposed to be more sensitive
and robust in gene expression analysis8,9. Previous
report10 on breast cancer using PLS analysis detect-
ed new pathways potentially contribute the recur-
rence rate of breast tumor patients, further suggest-
ing the feasibility of this method on expression
profile analysis. However, they investigated ER-
and ER+ breast tumors separately and didn’t com-
pare the expression difference between these two
groups. Understanding of the molecular difference
between TIC featured ER- and ER+ breast tumors
using PLS based method may develop novel pre-
venting and therapeutic targets of the disease.

In this work, to investigate the gene expression
difference between TIC featured ER- and ER+
breast tumors, we carried out PLS-based microar-
ray data analysis using expression profile from the
gene expression omnibus (GEO) database. Path-
ways or Gene Ontology items significantly en-
riched with differentially expressed genes were al-
so acquired to capture the biologically relevant
signature. To identify key molecules among the
differentially expressed genes, a protein-protein
interaction (PPI) network was constructed with
proteins encoded by selected genes.
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#KEGG Pathway description Pathway class p value

hsa04610 Complement and coagulation cascades Immune systems 4.56E-04
hsa00760 Nicotinate and nicotinamide metabolism Metabolism 7.00E-03
hsa03018 RNA degradation Genetic Information Processing 2.40E-02
hsa00970 Aminoacyl-tRNA biosynthesis Genetic Information Processing 3.85E-02

Table I. Pathways enriched with differentially expressed genes.

Network Analysis
Most proteins function through its interactions

with other proteins thus protein-protein interaction
is essential for all biological processes16. Proteins
encoded by differentially expressed genes with
more interactions with other proteins are supposed
to play more important roles in the biological dif-
ference of TIC featured HER2+: ER- and HER2+:
ER + samples. To identify key genes among the
differentially expressed genes, a network was
constructed by using Cytoscape (V 2.8.3,
http://www.cytoscape.org/)17 and the National
Center for Biotechnology Information (NCBI)
database (http://ftp.ncbi.nlm.nih.gov/gene/GeneR-
IF/). The degree of each protein was defined as its
number of interactions. Proteins with degrees over
10 were considered as hub molecules in this study.

Results

A total of 512 genes were differentially ex-
pressed between TIC featured HER2+: ER- and
HER2+: ER + samples. For all genes in the mi-
croarray, 5339 genes can be mapped to the KEGG
pathway database, including 223 DEGs. Pathways
enriched with deregulated genes are listed in Table
I. These four pathways involve the immune sys-
tem, metabolism and genetic information process-
ing. The complement and coagulation cascades
pathway (hsa04610) was the most significant
pathway with over represented selected genes. Of
all genes in the array, 12221 genes were annotated
according to the GO database, including 474
DEGs. Table II represents the top 10 GO items en-
riched with selected genes. Consistent with the
pathway analysis, process items related with im-
mune response such as chemokine production
(GO:0032602) and chronic inflammatory response
(GO:0002544) were also identified to be enriched
with dysregulated genes. Two GO items, response
to estrogen stimulus (GO:0043627) and estrogen-
activated sequence-specific DNA binding RNA
polymerase II transcription factor activity

Materials and Methods

Microarray Data
The microarray data set GSE37946 used in

this study was downloaded from the GEO data-
base. This series represents gene expression pro-
file of 32 TIC featured HER2+: ER- and 18
HER2+: ER + breast tumor samples. The data set
was based on platform GPL96: [HG-U133A]
Affymetrix Human Genome U133A Array.

Detection of Differentially Expressed
Genes (DEGs)

Raw data of all samples were downloaded.
Raw intensity values were normalized by using
Robust Multi-array Analysis (RMA)11. Log2-
transformed expression values generated from
RMA were used in PLS analysis to evaluate their
effect in the TIC featured HER2+: ER- and
HER2+: ER+ samples. In brief, Firstly, non-lin-
ear iterative partial least squares (NIPALS) algo-
rithm12 was used to calculate PLS latent vari-
ables; Secondly, the effect of probe expression
value on the samples was evaluated based on
variable importance in the projection (VIP)13.
Thirdly, a permutation procedure (n=10,000) was
implemented to obtain the empirical distribution
of PLS-based VIP and false discovered rate
(FDR) of each probe was calculated. In this
study, the threshold of differentially expression
was defined as 0.05.

Enrichment Analysis
Annotation of the probes was carried out by us-

ing the simple omnibus format in text (SOFT) for-
mat files. The biological processes which involve
the genes were obtained based on the Kyoto Ency-
clopedia of Genes and Genomes (KEGG) path-
ways database (http://www.genome.jp/kegg/)14

and Gene Ontology (GO) database15. Pathway and
GO enrichment analysis were performed to cap-
ture biologically relevant signature of the differen-
tially expressed genes with hyper geometric distri-
bution test.
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#GO id GO description GO class p value

GO:2001244 Positive regulation of intrinsic apoptotic signaling pathway Process 7.32E-04
GO:0045926 Negative regulation of growth Process 8.63E-04
GO:0032602 Chemokine production Process 1.50E-03
GO:0001071 Nucleic acid binding transcription factor activity Function 2.81E-03
GO:0002544 Chronic inflammatory response Process 4.09E-03
GO:0043433 Negative regulation of sequence-specific DNA binding Process 4.62E-03

transcription factor activity
GO:0045893 Positive regulation of transcription, DNA-dependent Process 5.38E-03
GO:0005154 Epidermal growth factor receptor binding Function 5.45E-03
GO:0043627 Response to estrogen stimulus Process 3.46E-02
GO:0038052 Estrogen-activated sequence-specific DNA binding RNA Function 3.88E-02

polymerase II transcription factor activity

Table II. The top ten GO items enriched with differentially expressed genes.

(GO:0038052), were associated with the activity
of estrogen. Other items included processes relat-
ed with transcription and apoptotic signaling.

Interaction network constructed by proteins
encoded by DEGs is illustrated in Figure 1. A to-
tal of five hub molecules were identified, includ-
ing APP, ESR1, SMAD3, HDAC2 and PRKAA1,
with the degrees of 73, 34, 15, 13, and 12 respec-
tively.

Discussion

For gene expression profile analysis, a major
challenge is to create an effective mathematical
model to handle the small sample and the relative
large number of genes. Previous mostly used
variance or regression analysis, which does not
take unaccounted array specific factors into con-
sider. Here, we used a PLS based model to iden-
tify differentially expressed genes between TIC
featured ER- and ER+ breast tumors.

Pathway analysis revealed that the comple-
ment and coagulation cascades pathway
(hsa04610) was the most significant pathway
with over represented selected genes. Involve-
ment of this pathway in breast cancer has been
proposed in studies using both gene expression
and proteomics data18,19. Our results further con-
firmed the relationship between this pathway
and breast cancer, suggesting that this pathway
may contribute to the clinical difference between
the two groups. Consistent with pathway analy-
sis, GO analysis also revealed the involvement
of immune response in the biological difference
between the two groups. GO items associated
with the activity of estrogen were also identified
to be with over represented selected genes. This

is expected since a major clinical difference of
the two groups is the presence status of the es-
trogen receptor.

Network analysis was constructed to identify
key molecules among the DEGs. APP was a hub
gene with the highest degree (Figure 1). Protein
encoded by this gene is amyloid precursor protein,
a transmembrane protein that has been implicated
in some human malignancies. Previous study has
reported it as a potent prognostic factor in ER+
breast cancer patients, but not in ER- patients20. In
our study, this gene was identified to be signifi-
cantly down regulated in ER+ patients. Thus, this
gene may involve in the molecular mechanism of
ER+ patients, leading to distinct clinical manifes-
tations of ER+ and ER- patients. ESR1 was identi-
fied as a hub gene with the second highest degree
(Figure 1). The differential expression of this gene
is expected since the presence status of the estro-
gen receptor is the major clinical difference be-
tween the two groups. Enrichment analysis also
revealed the involvement of estrogen related
process in the biological difference between the
two groups. SMAD3 is another hub gene with the
degree of 15. Protein encoded by this gene a criti-
cal intracellular mediator of TGF signaling, and
has been considered as a potential prognostic and
therapeutic target in breast cancer21,22. Another two
hub genes are HDAC2 and PRKAA1. Dysregula-
tion of HDAC2 has been associated with clinico-
pathological indicators of breast cancer progres-
sion23. PRKAA1 was also considered as a candi-
date risk gene of breast cancer due to its involve-
ment in the AMPK/mTOR pathway24,25, which has
been considered as a effective target in anti-cancer
therapy26. Our results suggested that these genes
may also play important roles in the difference be-
tween ER+ and ER- patients.
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Conclusions

With gene expression profile from the GEO
database, we implemented PLS based analysis to
identify differentially expressed genes TIC fea-
tured ER- and ER+ breast cancer patients. En-
richment analysis identified the involvement of
immune system, metabolism and genetic infor-
mation processing process. Network analysis
identified five hub genes. Our results provide
new understanding of the molecular mechanism
underlying the distinct clinical manifestations of
ER- and ER+ patients.
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