
ONCOLOGY REPORTS  38:  3392-3402,  20173392

Abstract. The expression of estrogen receptor α (ER) in 
breast cancers may be indicative of a favorable prognosis 
and most of these cancers respond to anti-estrogens or 
aromatase inhibitors. However, ER-positive (ER+) breast 
cancers receiving anti-hormone and/or chemotherapy some-
times lose their ER expression, which leads to the evolution 
of the disease to higher aggressiveness and drug resistance. 
In the present study, an ER-modified signature (EMS) was 
developed from the expression profile of a chemoresistant 
MCF-7 breast cancer cell line that lost ER expression 
during long-term treatment with a chemotherapeutic agent. 
The EMS could discriminate the ER-negative (ER-) breast 
cancer cells from the ER+ ones, which included seven path-
ways essential for the ER- cell development. Furthermore, 
the EMS indicated a more malignant subgroup of the 
ER- cells by discriminating the chemoresistant ER- cells 
from the chemosensitive ones. In addition, the classified 
chemoresistant ER- patients demonstrated worse prognosis. 
In conclusion, we developed a new method to discriminate 
subgroups of ER- breast cancer cells.

Introduction

Estrogen receptor α (ER) is a ligand-activated transcription 
factor that is activated by the hormone estrogen (17β-estradiol) 
to regulate processes in the reproductive tract, the mammary 
gland as well as the skeletal and cardiovascular system. ER 
is also important in tumorigenesis, especially in breast carci-
nomas where it is involved in a wide range of critical signaling 
pathways such as cell growth and differentiation.

Clinically, the ER status is one of the most important molec-
ular classification schemes in breast cancer. About two‑thirds 
of all breast cancer patients overproduce ER (ER-positive, ER+) 
at the time of diagnosis and 60-70% of them respond well to 
anti-hormone agents such as tamoxifen and anastrazole (1). 
These patients often have a good prognosis when concomitantly 
treated with other chemotherapeutic agents (2,3).

However, some ER+ breast cancer patients receiving anti-
hormone and/or chemotherapy lose function or expression of 
the ER during the clinical evolution of the disease (4-6). With 
a low or absent ER expression (ER-negative, ER-) and a lack 
of ER-dependent cancer cell growth, the tumors are associated 
with a non-differentiated phenotype, a high cell-proliferation 
index and high aggressiveness, which in turn lead to a high 
rate of poor responses to a second round of therapy and a 
worse prognosis than the ER- group diagnosed before any 
treatment (7,8). Therefore, breast cancer cells that transform 
from ER+ to ER- may display unique gene expression patterns 
that are associated with high malignancy, including aggres-
siveness and drug resistance. Clarifying these patterns may 
provide a way to identify a more malignant subgroup of cells 
among the total ER- population.

Microarray and next-generation sequencing technologies 
provide a window into the global gene expression changes 
in cancer cells. Previously, numerous studies have sought for 
gene-expression patterns that distinguish between ER+ and 
the ER- breast cancer cells which were either collected from 
ER+ and ER- breast cancer patients (9,10), or from ER-silenced 
breast cancer cells (11,12). However, no study has analyzed 
the differences in gene expression between anti-hormone or 
chemotherapy‑induced ER- cells and their parental ER+ cells.

Genome-wide analysis of the three-way interplay among 
 gene expression, estrogen receptor expression and 

chemotherapeutic sensitivity in breast cancer
Dong-Xu He1*,  Xiao-li Wu1*,  Chun-xiao Lu1,  Xiao-Ting Gu1,   

Guang-yuan Zhang1,  Xin Ma1  and  De-quan Liu2

1National Engineering Laboratory for Cereal Fermentation Technology and Wuxi Medical School,  
Jiangnan University, Wuxi, Jiangsu 214122; 2Department of Breast Surgery, The Third Affiliated Hospital, 

 Kunming Medical University, Kunming, Yunnan 650031, P.R. China

Received April 7, 2017;  Accepted September 26, 2017

DOI: 10.3892/or.2017.6033

Correspondence to: Dr Xin Ma, Wuxi Medical School, Jiangnan 
University, Wuxi, Jiangsu 214122, P.R. China
E-mail: maxin@jiangnan.edu.cn

Dr De-Quan Liu, Department of Breast Surgery, The Third Affiliated 
Hospital, Kunming Medical University, Kunming, Yunnan 650031, 
P.R. China
E-mail: dequanliu08@163.com

*Contributed equally

Key words: estrogen receptor α, breast cancer, chemoresistance, 
signature



HE et al:  GENOME-WIDE ANALYSIS OF CHEMOTHERAPEUTIC SENSITIVITY 3393

Therefore, in order to understand the changes in gene 
expression and cell signaling during treatment-induced 
loss of ER and aiming to develop an indicator for the more 
malignant subgroup of ER- cells, an ER-modified signa-
ture (EMS) was developed from the expression profile of 
a chemoresistant MCF-7 breast cancer cell line that lost 
ER during long-term treatment with a chemotherapeutic 
agent. The EMS not only discriminated the ER- from ER+ 
breast cancer cells, but it was also sensitive in indicating the 
chemoresponse of the ER- patients.

Materials and methods

Cell lines. ER- MCF-7 cells (MCF-7/ADM) that are chemore-
sistant (13), highly aggressive (13-16) and exhibit properties 
of epithelial-mesenchymal transition  (17) were derived by 
treating normal MCF-7 cells [(MCF-7/wild‑type (WT)] 
(American Type Culture Collection, Manassas, VA, USA) 
with stepwise increasing concentrations of Adriamycin 
(ADM, from 0.01 to 250 µM) over 8 months as we previously 
described (13). Both the MCF-7/WT and the MCF-7/ADM 
cells were cultured in RPMI-1640 medium (Gibco; Thermo 
Fisher Scientific, Inc., Waltham, MA, USA) supplemented 
with 10% (vol/vol) fetal bovine serum (FBS), 100 µg/ml peni-
cillin and 100 U/ml streptomycin. The half maximal inhibitory 
concentrations (IC50s) of ADM were 5.2±4.8 and 67±17.7 µM 
in the MCF-7/WT and the MCF-7/ADM cells, respec-
tively (13,15‑17).

Western blot analysis. The total proteins of the MCF-7/ADM 
and the MCF-7/WT cells were extracted using the CytoBusterTM 
Protein Extraction Reagent (Novagen, Madison, WI, 
USA) at  4˚C. Subsequently, the proteins were resolved by 
10% SDS-PAGE and transferred electrophoretically (at 100 V, 
for 1 h) onto polyvinylidene difluoride membranes, which 
were blocked (for 1 h, at 20˚C) with 3% bovine serum albumin 
(BSA). The membranes were then incubated with the primary 
antibody, anti-human estrogen receptor alpha (ab75635, 1:2,000 
dilution; Abcam, Cambridge, MA, USA) overnight at 4˚C. 
Anti-GAPDH (ab9483, 1:1,000 dilution; Abcam) was used as 
a loading control. After incubation with the proper secondary 
antibodies, antibody binding was detected with an Odyssey 
Imaging system (LI-COR Biosciences, Lincoln, NE, USA).

RNA sequencing and data deposition. The total RNA of the 
MCF-7/ADM and the MCF-7/WT cells was extracted with 
TRIzol reagent (Invitrogen Life Technologies, Carlsbad, CA, 
USA) according to the manufacturer's protocol. The quality 
of RNA was determined by rRNA ratio (28S/18S) and the 
RNA integrity number (RIN) was assessed with Agilent 2100 
Bioanalyzer (Agilent Technologies, Inc., Santa Clara, CA, 
USA). RNAs with 28S/18S=2 and RIN=9 were sequenced on 
an Illumina HiSeq2000 (Illumina, Inc., San Diego, CA, USA). 
The raw data and the RNA-sequencing of the MCF-7 cells 
were deposited in the Gene Expression Omnibus (GEO) data-
base (GSE68815): http://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GSE68815.

Summary of public datasets. We collected publicly avail-
able datasets of breast cancer cells and clinical breast 

cancer samples from GEO. The gene expression of these 
cells and samples was produced by whole‑genome microar-
rays (Table I).

Statistical analysis. Hierarchical clustering was performed 
with Cluster 3.0 (University of Tokyo, Human Genome Center, 
Tokyo, Japan) and TreeView software (Stanford University, 
Stanford, CA, USA). The Bayesian binary regression analysis 
using leave-one-out cross-validation in SPSS was used to assess 
the validity and robustness of the EMS in distinguishing the 
two phenotypic states (27-32). The performance of EMS was 
evaluated by the area under the receiver operating characteristic 
(ROC) curve (AUC, Matlab; MathWorks, Inc., Natick, MA, 
USA). The distant relapse-free survival (DRFS) and the relapse-
free survival (RFS) were analyzed by the Kaplan-Meier method 
and compared with the log-rank method (GraphPad Prism 
software; GraphPad Software, Inc., La Jolla, CA, USA). Odds 
ratios (ORs) for death events were calculated using the Review 
Manager software (The Cochrane Collaboration, Copenhagen, 
Denmark) to yield forest plots. The Kyoto Encyclopedia of 
Genes and Genomes (KEGG) and the Gene Ontology (GO) 
analysis were processed in the WebGestalt website (http://www.
webgestalt.org/option.php).

Results

Generating the EMS. We used a previously developed 
MCF-7 cell line (MCF-7/ADM) and its parental control line 
(MCF-7/WT) as the basis of the signature development. The 
MCF-7/ADM cells were ER- (Fig. 1A) and much more resis-
tant to ADM than the MCF-7/WT cells (13). Therefore, the 
gene‑expression profile of the MCF-7/ADM cells contained 
information about chemoresistance in ER- breast cancer cells 
(NCBI database: G SE68815). When the gene-expression 
profile of the ER- and chemoresistant MCF-7/ADM cells was 
compared with that of the ER+ and chemosensitive MCF-7/WT 
cells, >5,000 genes were found with fold changes >2.

Subsequently, GSE27473 (11) was used to refine the list of 
genes. The ERs in the MCF-7 cells in this dataset were silenced 
by siRNA, so the silenced cells may present features typical of 
ER-related signals. Within GSE27473, >300 genes were found 
with a fold change >2 in the ER-silenced MCF-7 cells compared 
with the control cells. Subsequently, the selected genes from 
GSE68815 and GSE27473 were integrated to generate the 
105-gene EMS (Fig. 1B, step 1; Fig. 1C, the list of genes is not 
shown in the present study).

EMS discriminates between the ER- and ER+ breast cancer 
cells. In order to validate the postulate that the EMS represents 
the basic features of ER- breast cancer cells (Fig. 1B, step 2), 
the ability of EMS to discriminate the ER+ from the ER- breast 
cancer cells was assessed by hierarchical clustering with 
dataset GSE6569 (18), which contains gene expression profiles 
of different breast cancer cell lines. As a result, all the breast 
cancer cells were correctly grouped according to their ER 
status (Fig. 2A).

The discriminative power of EMS was then validated in 
279 clinical samples from GSE41998 (19), which recorded the 
ER, the progesterone receptor (PR) and the human epidermal 
growth factor receptor 2 (Her2) status of each patient. The 
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subtypes of breast cancer patients were analyzed based on 
their ER, PR and Her2 status (Table II).

The patients were hierarchically clustered based on their 
expression of EMS and the results revealed that the EMS exhib-
ited an ability to discriminate the ER+ patients (luminal A and 
B subtypes) from the ER- patients (Her2 and triple-negative 
subtypes) in the two clusters  (Fig. 2B). The accuracy was 
91.6% for ER+ and 79.5% for ER- patients (Table II).

Patterns of pathway activity characterize ER+ and ER- 

breast cancers. To interpret the underlying biological 
significance of the EMS, its genes were analyzed in KEGG 
and GO (Fig. 1B, step 3, full list of pathways is not shown 
in the present study). Seven pathways that were enriched in 
at least three genes were selected: focal adhesion, metabolic 
pathways, extracellular matrix (ECM)-receptor interaction, 
response to steroid hormone stimulus, cell proliferation, 

Table I. Publicly available gene expression data analyzed in the present study.

GEO data source and			   Sample	 Chemo	 Application
web site address	 Study (ref.)	 Platform	 description	 regime	 in this study

68815	 Developed	 Illumina	 Chemotherapy-	 Adriamycin	 Develop EMS
https://www.ncbi.nlm.nih.gov/	 in this study	 HiSeq2000	 induced ER loss
geo/query/acc.cgi?acc=gse68815			   in MCF-7 cells

27473	 Al Saleh et al (11)	G PL570	 ER-silenced	N /A	 Develop EMS
https://www.ncbi.nlm.nih.gov/			   MCF-7 cells
geo/query/acc.cgi?acc=gse27473

6569	H uang et al (18)	 GPL96	 ER+ or ER- breast	N /A	 Validate
https://www.ncbi.nlm.nih.gov/			   cancer cell lines		  discriminative
geo/query/acc.cgi?acc=gse6569					     power EMS

54326	N /A	G PL10558	 ER- chemoresistant	 Epirubicin	 Validate
https://www.ncbi.nlm.nih.gov/			   and sensitive breast		  predictive
geo/query/acc.cgi?acc=gse54326			   cancer cell lines		  power of EMS

41998	 Horak et al (19)	G PL571	 Breast cancer	 Doxorubicin and	 Validate
https://www.ncbi.nlm.nih.gov/			   samples	 cyclophosphamide	 discriminative
geo/query/acc.cgi?acc=gse41998					     and predictive 
					     power of EMS

6861	 Bonnefoi et al (20)	G PL1352	 Breast cancer	 5-Fluorouracil,	 Validate
https://www.ncbi.nlm.nih.gov/			   samples	 cyclophosphamide	 predictive
geo/query/acc.cgi?acc=gse6861				    and epirubicin	 power of EMS
				    or epirubicin
				    and docetaxel

22226	 Esserman et al (21)	G PL1708	 Breast cancer	 Anthracycline,	 Validate
https://www.ncbi.nlm.nih.gov/			   samples	 cyclophosphamide	 predictive
geo/query/acc.cgi?acc=gse22226				    and taxane	 and prognostic
					     power of EMS

22220	 Buffa et al (22)	G PL6098	 Breast cancer	 Cyclophosphamide, 	 Validate
https://www.ncbi.nlm.nih.gov/			   samples	 methotrexate	 prognostic
geo/query/acc.cgi?acc=gse22220				    and 5-fluorouracil	 power of EMS

33926	 Kuo et al (23)	G PL47265	 Breast cancer	N /A	 Validate
https://www.ncbi.nlm.nih.gov/			   samples		  prognostic
geo/query/acc.cgi?acc=gse33926					     power of EMS

58644	 Tofigh et al (24)	G PL6244	 Breast cancer	N /A	 Validate
https://www.ncbi.nlm.nih.gov/			   samples		  prognostic
geo/query/acc.cgi?acc=gse58644					     power of EMS

7390	 Desmedt et al (25)	G PL96	 Breast cancer	N one	 Validate
https://www.ncbi.nlm.nih.gov/			   samples		  prognostic
geo/query/acc.cgi?acc=gse7390					     power of EMS

45725	 Wang et al (26)	G PL6883	 Breast cancer	N one	 Validate
https://www.ncbi.nlm.nih.gov/			   samples		  prognostic
geo/query/acc.cgi?acc=gse45725					     power of EMS

GEO, Gene Expression Omnibus; EMS, ER-modified signature.



HE et al:  GENOME-WIDE ANALYSIS OF CHEMOTHERAPEUTIC SENSITIVITY 3395

response to reactive oxygen species and calcium ion binding 
pathways. Then the probability of the pathway activity in each 
patient from GSE41998 was analyzed by multivariate logistic 
regression, where high pathway probability correlates with 
high pathway activity and vice versa (31). The hierarchical 
clustering of the pathway activity in each patient revealed 
that most of the ER+ and ER- patients exhibited an opposite 
probability of pathway activity  (Fig. 3A). The response to 
steroid hormone stimulus  (p1), metabolic pathways  (p2), 
ECM-receptor interaction  (p3), focal adhesion  (p4), cell 
proliferation (p5), response to reactive oxygen species (p6) and 
calcium ion binding pathways (p7) exhibited higher activity in 
ER- breast cancer patients.

In addition to the clusters of samples, patterns of pathway 
co-regulation were identified using Pearson's correla-
tion (Fig. 3B); focal adhesion vs. cell proliferation (r=0.926), 
focal adhesion vs. calcium ion binding pathways (r=0.927) and 
cell proliferation vs. calcium ion binding pathways (r=0.876) 
were highly correlated.

Figure 1. Generating the EMS. (A) Western blot analysis demonstrating that MCF-7/ADM cells (from GSE68815) lose their ER during chemotherapeutic 
challenge and gain chemoresistance. (B) Flowchart for developing and validating EMS. (C) Hierarchical clustering of genes in EMS from GSE68815 (WT and 
ADM) and GSE27473 (11) (MCF-7 and siRNA, three replicates). EMS, ER-modified signature; WT, wild-type; ADM, Adriamycin.

Table II. Molecular subtypes of breast cancer patients in 
GSE41998.

	 Summary	 Classification
	 of GSE41998	 by EMS
	 --------------------------------	 ---------------------------
Subtypes	 Molecular status	N o. 	 ER+	 ER-

Luminal A	 ER+, PR+, Her2-	 n=78	 72	 6
(n=111)	 ER+, PR-, Her2-	 n=22	 19	 3
	 ER-, PR+, Her2-	 n=11	 5	 6
Luminal B	 ER+, PR+, Her2+	 n=7	 7	 0
(n=12)	 ER+, PR-, Her2+	 n=1	 1	 0
	 ER-, PR+, Her2+	 n=4	 2	 2
Her2 (n=15)	 ER-, PR-, Her2+	 n=15	 8	 7
TN (n=141)	 ER-, PR-, Her2-	 n=141	 20	 121

EMS, ER-modified signature; ER, estrogen receptor α; PR, progesterone 
receptor; Her2, human epidermal growth factor receptor 2; TN, triple-negative.
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EMS predicts chemoresistant features in ER- cells. As 
above‑mentioned, we postulated that the EMS derived from the 
MCF-7/ADM cells may embed the gene-expression features of 
chemoresistance in ER- breast cancer cells (Fig. 1B, step 4). To 
examine this hypothesis, the EMS expression was analyzed 
in two chemoresistant ER- cell lines and compared with their 
chemosensitive controls (MDA‑MB‑231 and SKBR3 from 
GSE54326). This exhibited a >1.5-fold change in 67.8% of 
the EMS genes in the MDA-MB‑231 cells and 62.5% in 
the SKBR3 cells (Fig. 4A). Then the EMS gene-expression 
values were used to calculate the probability of resistance 
and sensitivity in these cells by Bayesian binary regression 
analysis. As a result, both chemoresistant lines yielded 100% 
probability of chemoresistance, while both chemosensitive 
lines showed 0% probability of chemoresistance (Fig. 4A). 
Furthermore, the accuracy of probability of chemoresistance 

in these cells was evaluated with the maximum tolerated 
doses provided by the GSE54326 regardless of the cell types. 
The results revealed that the higher probabilities of chemo-
resistance were positively correlated with the maximum 
tolerated doses for the cells that were analyzed by Pearson's 
correlation assay (Fig. 4B). However, we need to point out 
that the sample size used in this study is small and although 
the probability of chemoresistance demonstrates a correla-
tion with the tolerable doses of the cell lines, further studies 
with more chemoresistant or sensitive cell lines are required 
to calculate more accurately the Pearson's correlation coeffi-
cience. Collectively, these results strongly indicate that EMS 
can efficiently discriminate chemoresistant and sensitive 
ER- breast cancer cell lines.

To identify the chemoresistant cases among the ER- breast 
cancer population, the EMS was validated in clinical samples 

Figure 2. EMS presents basic features of ER- breast cancer cells. (A) Hierarchical clustering of genes in EMS from different breast cancer cell lines from GSE6569 
(18). (B) Hierarchical clustering of genes in EMS from different breast cancer cells from GSE41998 (19). The molecular subtype of breast cancer of each patient is 
shown in a different color (red, luminal A; green, luminal B; blue, Her2; brown, triple-negative). EMS, ER-modified signature; ER, estrogen receptor α.



HE et al:  GENOME-WIDE ANALYSIS OF CHEMOTHERAPEUTIC SENSITIVITY 3397

from the NCT00455533 phase II trial (GSE41998) (19), the 
EORTC 10994 phase III trial (GSE6861) (20) and the I-SPY 1 
trial (GSE22226) (21). Biopsy specimens from these datasets 
were collected before any systematic treatment. Subsequently, 
the patients underwent anthracycline-based chemotherapy. 
A pathologically complete response to chemotherapy was 
defined as chemosensitive and residual disease was defined as 
chemoresistant. The Bayesian binary regression was used to 
develop a model that differentiates a pattern of anthracycline 
sensitivity from that of resistance based on the EMS expres-
sion. In all three datasets, the EMS demonstrated the ability 
to discriminate the chemoresistant from the chemosensitive 
patients. The overall accuracy in predicting chemoresistance 
was 96.27% (EMS sensitivity) and chemosensitivity was 
97.2% (EMS specificity) (Fig. 4C-E).

The discriminative ability of EMS was also reflected in the 
ROC curve, which is an important index of the accuracy of a 

clinical test. The resistant and sensitive cases defined by the 
EMS in all three groups were analyzed by ROC curves and 
the corresponding AUC was 0.988 (Fig. 4F), suggesting that 
the EMS is good at discriminating both chemoresistant and 
chemosensitive patients.

Prognosis can be estimated by EMS. Since chemoresponse 
is important for determining the survival status of a patient, 
the EMS may also predict the prognosis of ER- breast cancer 
patients receiving chemotherapy (Fig. 1B, step 5). Therefore, 
the ability of EMS to estimate prognosis was assessed in four 
independent datasets containing both ER+ and ER- breast 
cancer patients, from which ER- patients were chosen for anal-
ysis. Firstly we analyzed GSE22226 (21), which records both 
the chemoresponse and the RFS status of each ER- patient. 
After the patients in GSE22226 were grouped according to 
their chemoresponse predicted by EMS, the Kaplan-Meier 

Figure 3. Probability of pathway activity in ER+ and ER- breast cancer cells. (A) The probability of pathway activity for each patient from GSE41998 was ana-
lyzed by multivariate logistic regression and then by hierarchical clustering. Seven pathways were used for analysis: steroid hormone stimulus (p1), metabolic 
pathways (p2), ECM-receptor interaction (p3), focal adhesion (p4), cell proliferation (p5), response to reactive oxygen species (p6) and calcium ion binding 
pathways (p7). The molecular subtype of breast cancer for each patient is shown in different colors. (B) Patterns of pathway co-regulation. The co-regulation 
was analyzed with Pearson's correlation. ER, estrogen receptor α; ECM, extracellular matrix.
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analysis revealed that those ER- patients who were predicted 
to be chemoresistant had a lower rate of RFS than the patients 
predicted to be chemosensitive (Fig. 5A).

Subsequently the prognostic test of EMS in ER- patients was 
performed in three datasets [GSE22220 (22), GSE33926 (23) and 
GSE58644 (24)]. ER- patients in these datasets received different 
regimes of chemotherapy and their DRFS or RFS were recorded. 
Since there was no information on the chemoresponse in these 
patients, the Bayesian assay could not be performed without 
predetermined data to train the regression process. Instead, 
based on the EMS expression, patients were firstly classified into 
two groups by k-means clustering and their chemoresponse was 

determined by calculating the correlation with chemoresistant 
ER- cells in GSE54326. ER- patients who were predicted to be 
chemoresistant also had a lower RFS rate (Fig. 5B-D).

Subsequenlty a meta-analysis was performed to combine 
the results from prognosis analysis in the above-mentioned 
datasets. The ORs for death events were calculated and the 
forest plots revealed that the average ORs for ER- patients 
predicted to be chemoresistant were >1 in each dataset (Fig. 5E). 
In addition, the overall OR for ER- patients predicted to be 
chemoresistant was 3.22, indicating that these EMS-defined 
chemoresistant ER- patients had a significantly lower prob-
ability of survival.

Figure 4. EMS predicts chemoresistance in ER- breast cancer cells. (A) The heat maps of EMS expression in resistant and sensitive MDA-MB-231 and SKBR3 
cells from GSE54326 (left panel). The probability of chemoresistance in MDA-MB-231 and SKBR3 cells from GSE54326 analyzed by the Bayesian binary 
regression (right panel). (B) The Pearson's correlation demonstrating that the probability of chemoresistance in the MDA-MB-231 and SKBR3 cells was posi-
tively related to the maximum tolerated dose. (C-E) The probability of chemoresistance predicted by Bayesian binary regression in GSE41998 (19), 6861 (20) 
and 22226 (21). The cut off was set at 0.5. Misclassified individuals are shown in green. (F) The area under the receiver operating characteristic curve (AUC) 
showing how well the signature predicted chemoresistance. EMS, ER-modified signature; ER, estrogen receptor α.
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Figure 5. Survival analysis of EMS. (A) Kaplan-Meier analysis of the RFS in ER- patients from GSE22226 receiving anthracycline-based chemotherapy. The patients 
were grouped into resistant or sensitive by the EMS and the difference in RFS was calculated. (B-D) Kaplan-Meier analysis of the RFS and DRFS in ER- patients 
from GSE22220 (22) (B), 33926 (23) (C) and 58644 (24) (D) receiving different chemotherapeutic regimes. The patients were grouped by k-means clustering and 
their chemoresponse was determined by calculating the correlation with chemoresistant ER- cells in GSE54326. (E) Forest plots showing the ability of EMS to 
predict clinical outcomes (measured as death events) in GSE22226 (21), 22220 (22), 33926 (23) and 58644 (24) by meta-analysis. Odds ratios (ORs) for each dataset 
are plotted as horizontal bars; the length of the bar represents the 95% confidence interval and the bars can be compared vertically between datasets. Diamond, total 
OR in all cases; weight, relative size of each dataset. (F) Kaplan-Meier analysis of RFS and DRFS in ER- patients from GSE7390 (25) and 45725 (26) that did not 
receive chemotherapy. The patients were grouped by k-means clustering and their chemoresponse was determined by calculating the correlation with chemoresistant 
ER- cells in GSE54326. EMS, ER-modified signature; ER, estrogen receptor α; RFS, relapse-free survival; DRFS, distant relapse-free survival.
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Finally, the prognostic ability of EMS was validated in two 
cohorts, in which the patients did not receive chemotherapy 
after surgery [GSE7390 (25) and GSE45725 (26)]. Although 
the EMS-predicted chemoresistant patients exhibited lower 
RFS and DRFS ratios, the differences were not significant in 
GSE7390 (Fig. 5F).

Discussion

Switching from ER+ to ER- status is a way for cancer cells to 
cope with cytotoxic stress. However the subsequent ER- cells 
are not simply the same as primary ER- cells and may be more 
aggressive in the process of adapting to severe circumstances. 
Therefore, investigating the changes in gene expression 
patterns may provide a list of genes associated with a more 
malignant phenotype in ER- cancer cells. In the present study, 
we aimed to identify gene expression changes during both 
ER-loss and chemoresistance-gain in breast cancer cells.

Firstly we found 105 genes in EMS by cross-matching 
two pairs of breast cancer cell lines with ER-loss (GSE68815 
and GSE27473). By comparison with ER+ breast cancer 
cells, the EMS reflected the basic features of ER- cells both 
in different breast cancer cell lines and clinical samples 
because they significantly changed during the disappearance 
of ER. The expression of 51 genes among the 105 genes, was 
significantly increased and these genes may be activated 
to complement the ER function and may be important for 
inducing new features of ER- cells, such as chemoresistance. 
Therefore, they provide new targets for treating breast cancer 
after ER-loss. For example, BCAT1 was one of the most 
markedly increased genes in ER- cells from both GSE68815 
and GSE27473. BCAT1 promotes the proliferation and 
metastasis of cancer cells  (32,33), therefore inhibiting it 
may decrease the malignant features of ER- cancer cells. On 
the other hand, the expression of 54 genes was significantly 
decreased, suggesting that ER may depend on these genes to 
mediate breast cancer signaling in ER+ breast cancers. For 
example, PBX1 was one of the most markedly decreased 
genes in ER- cells. PBX1 is essential for the ERα-mediated 
transcriptional response and promotes aggressiveness in 
breast cancers  (34). Therefore, PBX1 and other genes in 
the 54-gene list provide new targets for treating ER+ breast 
cancers.

ER- breast cancers are more frequently high grade and have 
worse prognosis compared with ER+ breast cancers, although 
there is still a group of ER- patients who have good clinical 
outcome within the ER- population. The EMS was enriched 
in the KEGG and GO pathways, therefore giving a summary 
of the signaling pathways both essential in the ER+/ER- tran-
sition and the ER- cell malignant transition, which included 
development of chemoresistance. Changes in focal adhesion 
and ECM-receptor interaction pathways enable cancer cells to 
communicate with ECM and gain high motility, thus ER- cells 
are more aggressive and metastasize more easily, enabling 
them to escape from toxic niches (35). Changes in the response 
to reactive oxygen species also induce cancer progression, 
metastasis and changes in drug metabolism (36). In addition 
the cell proliferation and calcium ion binding pathways could 
not only promote cancer cells to adapt to new signaling path-
ways to survive during ER loss, but also help the malignant 

ER- cells to endure cytotoxic therapies and become highly 
metastatic (37,38). Therefore, in the present study we provided 
a link between the predicted pathway activity and the ER 
transition-induced genomic changes and emphasized several 
essential pathways that can form the basis for the rational 
design of therapeutic regimes for breast cancer patients with 
ER-loss after a first‑round failure of therapy.

Subsequently the Pearson's correlation between each 
pathway during the ER transition was calculated and the 
focal adhesion, the calcium ion binding pathways and the 
cell proliferation revealed significantly high correlations with 
each other. This result highlighted a network that, during 
ER-loss and the malignant transition of breast cancer cells, 
endows them with high motility and invasiveness by changing 
the focal adhesion pathway, however they must preserve high 
viability via the calcium ion binding and the cell proliferation 
pathways to avoid such factors as anoikis, immune surveillance 
and chemotherapeutic toxicity. In addition, in the absence of 
ER-related cell survival signaling (39) to maintain prolifera-
tion, cancer cells need high motility in order to escape from 
the disadvantageous microenvironment during therapies such 
as anti-hormone and chemotherapeutic regimes.

Furthermore, since the EMS was developed based on 
chemoresistant ER- breast cancer MCF-7/ADM cells, the genes 
in the EMS are likely to be required for the development of 
chemoresistance. We revealed that the EMS discriminated 
the chemoresistant from the chemosensitive ER- breast 
cancer cell lines MDA-MB-231 and SKBR3 and we expect 
further studies to elucidate the discriminative power of EMS 
in more ER- breast cancer cell lines. These studies will not 
only help to determine the chemoresponse of one ER- breast 
cancer cell line with its gene expression profile, but also 
provide information about the tolerable doses of the cells, if 
the accurate correlation coefficience between probabilities of 
chemoresistance and maximum tolerated dose is calculated. 
Subsequently, we demonstrated the ability of EMS to predict 
chemoresistance in patients treated with anthracycline-based 
chemotherapies, which is one of the most widely used regimes 
for ER- breast cancer patients (40). We selected these datasets 
as the MCF-7/ADM cells confronted the challenge from an 
anthracycline agent (ADM) to develop chemoresistance, thus 
anthracycline-treated patients may share similar chemoresis-
tant signaling pathways. Furthermore, the biopsy specimens in 
these datasets were collected before any systematic treatment 
and their gene expression profiles were analyzed by micro-
array, thus if the EMS is validated in a larger sample size in the 
future, it may help in the clinical choice of chemotherapeutic 
regimes. In addition, the Her2 and TNBC are two distinct 
subgroups in ER- breast cancers and show different chemore-
sponses and clinical outcomes. In the present study, we lacked 
an efficient number of Her2 patients and could not conclude 
whether the EMS-related chemoresistance correlates with 
these two subgroups. However, in future studies, more clinical 
samples can be collected to demonstrate this correlation.

In addition, related to the ability of EMS to predict the 
chemoresponse, the prognosis of anthracycline-treated ER- 
patients could be estimated by the EMS. We also examined the 
prognostic power of EMS in ER- breast cancer patients treated 
with different chemotherapeutic regimes but without anthra-
cycline agents and observed that it is effective in estimating 
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the prognosis of these ER- patients. Such good discriminative 
capacity of the signature to different chemotherapeutic regimes 
in ER- patients may be due to the MCF-7/ADM cells exhibiting 
features of resistance to different types of chemotherapeutic 
agents (13), therefore the EMS derived from them may involve 
mechanisms of resistance common to other agents. Indeed, 
in the enriched GO and KEGG of EMS, pathways shared by 
chemoresistance of different types of chemotherapeutic agents 
were significantly enriched, including mechanisms such as 
overexpression of p-glycoprotein  (41,42) and glutathione 
S-transferase P1 (44) and activation of the epithelial-mesen-
chymal transition pathway (44,45). Therefore, the genes in EMS 
may also provide a basis for finding important mechanisms of 
chemoresistance and related factors that affect prognosis.

Finally, to assess whether EMS could estimate the 
prognosis for ER- breast cancers that are intrinsically more 
aggressive, regardless of therapy, we examined the impact of 
EMS on RFS and DRFS in two datasets where the patients 
did not receive either chemotherapy or hormonal therapy. The 
EMS could not separate a good from a bad prognosis at a 
significant level, indicating that it is predictive of treatment 
response rather than prognostic of survival.

In conclusion, in the present study we developed a gene 
expression signature that can identify subgroups of ER- breast 
cancer cells that are chemoresistant.
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