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Abstract
Purpose  Neoadjuvant chemotherapy studies have consistently reported a strong correlation between pathologic response 
and long-term outcome in triple-negative breast cancer (TNBC). We aimed to define minimal gene signatures for predicting 
chemoresponse by a three-step approach and to further develop a risk-stratification method of TNBC.
Methods  The first step involved the detection of genes associated with resistance to docetaxel in eight TNBC cell lines, 
leading to identification of thousands of candidate genes. Through subsequent second and third step analyses with gene set 
enrichment analysis and survival analysis using public expression profiles, the candidate gene list was reduced to prognostic 
core gene signatures comprising ten or four genes.
Results  The prognostic core gene signatures include three up-regulated (CEBPD, MMP20, and WLS) and seven down-
regulated genes (ASF1A, ASPSCR1, CHAF1B, DNMT1, GINS2, GOLGA2P5, and SKA1). We further develop a simple 
risk-stratification method based on expression profiles of the core genes. Relative expression values of the up-regulated and 
down-regulated core genes were averaged into two scores, Up and Down scores, respectively; then samples were stratified 
by a diagonal line in a xy plot of the Up and Down scores. Based on this method, the patients were successfully divided into 
subgroups with distinct chemoresponse and prognosis. The prognostic power of the method was validated in three independ-
ent public datasets containing 230, 141, and 117 TNBC patients with chemotherapy. In multivariable Cox regression analysis, 
the core gene signatures were significantly associated with prognosis independent of tumor stage and age at diagnosis. In 
meta-analysis, we found that five core genes (CEBPD, WLS, CHAF1B, GINS2, and SKA1) play opposing roles, either tumor 
promoter or suppressor, in TNBC and non-TNBC tumors respectively, depending on estrogen receptor status.
Conclusions  The results may provide a promising prognostic tool for predicting chemotherapy responders among TNBC 
patients prior to initiation of chemotherapeutic treatment.

Keywords  Triple-negative breast cancer · Chemoresponse · Core gene · Risk stratification · Prognosis

Background

Triple-negative breast cancer (TNBC) is defined by lack of 
expression of estrogen receptor (ER), progesterone recep-
tor (PR), and human epidermal growth factor receptor-2 
(HER2) [1, 2]. TNBC patients constitute approximately 
20% of breast cancer cases and derive no benefit from 
molecular targeted treatments [1, 3]. Conventional chemo-
therapy is currently the only modality of systemic therapy 
for TNBC [4]. While patients with TNBC are associated 
with poorer clinical outcomes, they are more sensitive to 
chemotherapy and exhibit a higher likelihood of achieving a 
pathologic complete response (pCR) to neoadjuvant chemo-
therapy (NAC) [5–7]. Importantly, response to NAC can be 
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used to predict patient outcomes. TNBC patients achieving 
pCR after NAC have excellent survival, comparable with 
that of patients with non-TNBC achieving pCR. However, 
TNBC patients with residual disease (RD) after NAC have 
significantly poorer survival rates than non-TNBC patients 
with RD [8]. These observations support the existence of 
subgroups of TNBCs with differential sensitivity to chemo-
therapy and many investigations are highlighting the clini-
cal implications of the heterogeneity among TNBC [9–15]. 
Prediction of the responsiveness to chemotherapy is a fun-
damental step toward precision oncology, and determination 
of effective predictive factors of chemoresistance remains a 
high-research priority.

Taxanes including docetaxel are a class of chemothera-
peutic agents that bind to and stabilize microtubules, causing 
cell cycle arrest and apoptosis. They are widely used for 
the treatment of different breast cancer types in neoadju-
vant, adjuvant, and metastatic settings [16–18]. The addi-
tion of taxane to anthracycline-based chemotherapy has been 
shown to be of greater benefit for TNBC than ER-positive 
and HER2-negative cancers [19, 20].

In this study, we develop a new risk-stratification method 
in TNBC based on chemoresponsive and prognostic gene 
signatures identified by a three-step approach starting with 
detection of genes correlated with the resistance to docetaxel 
in eight TNBC cell lines and subsequent two more steps 
with comprehensive public datasets. The prognostic power 
of the method is further validated in three independent pub-
lic datasets.

Methods

Cytotoxicity assays and microarray chip processing 
for eight TNBC cell lines

MDA-MB-231, DU4475, MDA-MB-436, and MDA-
MB-157 cell lines were obtained from the American Type 
Culture Collection, and MDA-MB-468, HCC1937, HS578T, 
and HCC38 cell lines from Korea Cell Bank. MDA-MB-157 
cells were grown in Leibovitz’s L-15 medium (Gibco-BRL) 
with 10% fetal bovine serum (FBS; HyClone Labs) and 
MDA-MB-436 cells in Leibovitz’s L-15 medium with 10% 
FBS and 0.026 units/ml insulin (Sigma Chemical). MDA-
MB-231, MDA-MB-468, and HS578T cell lines were cul-
tured in DMEM (Gibco) with 10% FBS in 5% CO2. All other 
cell lines were grown in RPMI-1640 with 10% FBS in 5% 
CO2. Docetaxel (Sigma-Aldrich) was dissolved in dimethyl 
sulfoxide. Cells were harvested via trypsinization using 
0.25% trypsin–EDTA (Gibco), counted in a hemacytometer, 
and seeded at a density of 3000 cells/well in 96-well plates 
for 14 h. The medium was replaced with fresh medium 
containing different concentrations (0, 0.01, 0.1, 1, 10, and 

100 nM) of docetaxel. After 48 h of exposure, cell viabil-
ity experiments were performed using the CellTiter-Glo® 
Luminescent Cell Viability Assay (Promega) and ATP pro-
duction measured via Victor 3 luminometer (Perkin-Elmer). 
Experiments were repeated twice and the 50% inhibitory 
concentration (IC50) value of each cell line was evaluated via 
non-linear regression analysis (SigmaPlot 10.0). Total RNA 
for microarray was extracted from each cell line using the 
Qiagen RNeasy Mini kit, amplified and labeled according 
to the Affymetrix GeneChip Whole Transcript Sense Target 
Labeling protocol. The labeled cDNA was hybridized to the 
Affymetrix Human Gene 1.0 ST array. Scanned raw expres-
sion values were preprocessed using the Robust Multi-array 
Average (RMA) method [21] and log2-transformed.

Identification of candidate genes associated 
with chemoresistance and prognosis 
with three‑step analysis

To identify the genes associated with docetaxel respon-
siveness in the eight TNBC cell lines, we applied two sig-
nificance criteria: (1) range of changes in gene expression 
(|∆Ex|) across the cell lines and (2) absolute value of cor-
relation coefficient (|r|) between expression and rank sum of 
chemoresistance. The rank sum of responsiveness to doc-
etaxel for each cell line was calculated by summation of 
two ranks determined by the rank of survival fractions after 
docetaxel treatment at concentrations of 50 and 100 nM in 
a cell viability assay (Table 1). Docetaxel resistance-related 
genes were defined in cases where |∆Ex| was > 1, and either 
one of two values of |r|, Pearson’s or Spearman’s correlation 
coefficient, was > 0.5. The genes obtained from the analysis 
of eight TNBC cell lines were designated the 1st candidate 
genes for taxane resistance.

To narrow down the candidate genes obtained from 
the  first  step, we collected four public datasets 
(GSE25055, GSE25065, GSE32646, and GSE41998) 
that included expression profiles and  information on 
responses (pCR and RD) to taxane-containing NAC 
from the Gene Expression Omnibus (GEO) database. The 
chemotherapeutic regimens used in individual datasets 
were as follows: taxane/anthracycline (GSE25055 and 
GSE25065, collectively designated GSE25066), pacli-
taxel followed by 5-fluorouracil/epirubicin/cyclophospha-
mide (GSE32646), and doxorubicin/cyclophosphamide, 
followed by paclitaxel (GSE41998). Each  microarray 
dataset was preprocessed separately using the RMA algo-
rithm [13]. For two series, GSE25055 and GSE25065, 
preprocessed and rescaled expression profiles were down-
loaded directly from the GEO. For separation of TNBC 
from non-TNBC, expression values of ER, PR, and HER2 
were modeled with two normal distributions [22]. TNBC 
samples were extracted using cutoff points where the two 
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normal distribution curves overlapped (Online Resource 
1: Fig. S1). The final four TNBC datasets designated 
‘exploratory datasets’ included a total of 271 expres-
sion profiles (119 patients from GSE25055, 63 from 
GSE25065, 64 from GSE41998, and 25 from GSE32646) 
with clinical information on 265 chemoresponse (pCR 
vs. RD) and 182 distant relapse-free survival (DRFS) 
outcome. Subsequently, Gene Set Enrichment Analysis 
(GSEA) was performed with the exploratory datasets 
[23]. In each dataset, genes were ranked by fold change 
(log2) of differential expression between the RD and 
pCR groups, and GSEAPreranked program implemented 
in GSEA applied to the pre-ranked gene list using the 
1st candidate genes (positively and negatively correlated 
gene sets, respectively) as predefined gene sets. Finally, 
core genes in the leading-edge subset generated by GSEA 
were extracted from each dataset, and then commonly 
detected core genes from all four analyses were defined 
as the 2nd candidate genes. To further select only prog-
nosis-related genes from the 2nd candidate genes, non-
parametric log-rank test and parametric Cox regression 
analysis were performed using the GSE25066 (GSE25055 
and GSE25065) dataset that included DRFS information 
of 182 TNBC patients. In the log-rank test, comparisons 
for each gene were made between survival distributions 
of patients divided into high and low expression groups 
based on three cutoff points (0.25, 0.5, and 0.75 quantile). 
If statistical significance (p value < 0.05) was obtained 
in at least one of the three comparisons, the gene was 
defined as a prognostic core gene and included in the 3rd 
candidate genes. In the Cox regression analysis, if statisti-
cal significance (p value < 0.05) was obtained, the gene 
was included in the 3rd candidate genes.

Validation of prognosis‑related core genes based 
on survival analysis

For further validation analysis, we used another 15 breast 
cancer datasets, including two datasets containing over-
all survival (OS) outcomes, The Cancer Genome Atlas 
(TCGA) [24] and the METABRIC [25]  datasets, and 
13 GEO datasets (GSE11121, GSE12093, GSE16446, 
GSE17705,  GSE19615,  GSE2034,  GSE20685, 
GSE22219, GSE2603, GSE26971, GSE6532, GSE7390, 
and GSE9195) containing metastasis-related event-free 
survival outcomes, such as DRFS, distant metastasis-free 
survival (DMFS), or metastasis-free survival (MFS). To 
investigate the prognostic power of the 3rd candidate 
genes, we examined five datasets (GSE16446, GSE19615, 
GSE20685, GSE22219, and GSE2603), which included a 
total of 246 TNBCs with 230 available clinical outcomes 
(DRFS, DMFS, or MFS). Details of the chemotherapeu-
tic regimens in the five datasets are as follows: neoadju-
vant (GSE16446) or adjuvant (GSE19615, GSE20685, 
GSE22219, and GSE2603), anthracycline (GSE16446), 
doxorubicin/cyclophosphamide followed by paclitaxel 
(AC-T), ACx4 or cyclophosphamide/doxorubicin/5-fluo-
rouracil (CAF) (GSE19615), CAF, cyclophosphamide/
methotrexate/5-fluorouracil (CMF), and other agents 
(GSE20685), CMF (GSE22219), and mostly adjuvant 
with no detailed regimen (GSE2603). In the TCGA 
RNA-sequencing dataset (n = 1090), 217 samples were 
identified as TNBC based on two normal distributions of 
ER, PR, and HER2 expressions [22], among which 141 
were obtained from patients who had received chemo-
therapy. In the METABRIC dataset (n = 1904), 303 sam-
ples were identified as TNBC. For validation, we further 
selected the samples from the patients who had received 

Table 1   Characteristics and chemoresistance of eight triple-negative breast cancer (TNBC) cell lines

a DC ductal carcinoma, CS carcinosarcoma, IDC invasive ductal carcinoma, MBC medullary breast cancer, BL1 basal-like 1, MSL mesenchymal 
stem-like, IM immunomodulatory

Cell line Histologya IC50 (nM) Docetaxel
(50 nM)

Docetaxel
(100 nM)

Rank sum Subtypea [9] Mutations [9]

Survival 
fraction

Rank Survival 
fraction

Rank

MDA-MB-468 DC 1.81 0.27 1 0.26 1 2 BL1 PTEN, RB1, SMAD4, TP53
HS578T CS 11.08 0.32 2 0.29 3 5 MSL CDKN2A, HRAS, TP53
DU4475 DC 11.57 0.37 3 0.27 2 5 IM APC, BRAF, MAP2K4, RB1
MDA-MB-231 IDC 29.05 0.47 4 0.35 4 8 MSL BRAF, CDKN2A, KRAS, NF2, 

TP53, PDGFRA
HCC38 DC > 100 0.57 5 0.53 5 10 BL1 CDKN2A, TP53
MDA-MB-157 MBC > 100 0.65 6 0.65 6 12 MSL NF1, TP53
HCC1937 DC > 100 0.76 7 0.70 7 14 BL1 BRCA1, TP53, MAPK13, MDC1
MDA-MB-436 IDC > 100 0.81 8 0.75 8 16 MSL BRCA1, TP53
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chemotherapy but not hormone therapy and did not die 
of other causes. The final validation METABRIC dataset 
included 117 TNBC samples. Finally, meta-analysis was 
performed with 13 GEO datasets containing metastasis-
related event-free survival outcomes (DRFS, DMFS, or 
MFS) by applying the fixed effects model.

In all analyses with microarray expression profiles, 
only one probeset with the largest inter-quartile range 
across the samples was selected as the representative 
probeset when multiple probesets existed for a given gene 
(Entrez Gene ID) in each dataset. To combine dataset 
across multiple microarray platforms, we calculated the 
relative expression values for each gene across the TNBC 
samples in each dataset (ranging from 0 to 1), then the 
relative expression values were combined according to 
Entrez Gene ID. R statistical software and Bioconductor 
packages (http://www.R-proje​ct.org/, http://bioco​nduct​
or.org/) were used for all data analyses.

Results

To identify robust candidate genes associated with 
response to chemotherapy in TNBC, a three-step sequen-
tial approach was employed. An overview of the analysis 
is presented in Online Resource 1 (Fig. S2), incorporat-
ing detection of taxane resistance-related genes in eight 
TNBC cell lines (1st candidate genes), extraction of core 
genes based on GSEA (2nd candidate genes), and final 
selection of prognosis-associated core gene signatures 
(3rd gene signatures).

Identification of candidate genes associated 
with chemoresistance to docetaxel in eight TNBC 
cell lines

The triple-negative status of eight cell lines was confirmed in 
microarray expression profiles based on low expressions of 
ER, PR, and HER2 relative to those of ER- and PR-positive 
MCF7 and HER2-amplified HCC1954 cell lines (Fig. 1a). 
The IC50 values and survival fractions after docetaxel treat-
ment at concentrations of 50 nM and 100 nM are presented 
in Table 1. To detect the genes positively or negatively cor-
related with taxane resistance, correlation coefficients were 
calculated between gene expression and rank sum of sur-
vival fractions following treatment with 50 nM or 100 nM 
docetaxel (Table 1). The large rank-sum values indicate the 
high resistance to docetaxel. A gene was defined as signifi-
cantly correlated with resistance when two criteria were met: 
the range of gene expression, |∆Ex|, was > 1 and absolute 
value of either Pearson’s or Spearman’s correlation coef-
ficient (|r|) was > 0.5. Consequently, the final list of taxane 
resistance-related candidate genes included 2113 positively 
correlated genes (r > 0.5) and 1976 negatively correlated 
genes (r < − 0.5), which were designated 1st POS and 1st 
NEG candidate genes, respectively (Fig. 1b).

Extraction of prognostic core genes based on GSEA 
and survival analysis using four public TNBC 
datasets

To further concentrate the candidate genes obtained from 
the first step, GSEA was applied to four public TNBC 
datasets (designated ‘exploratory datasets’) contain-
ing information on response to chemotherapy regimens 

Fig. 1   Triple-negative status and 1st candidate genes correlated with 
chemoresistance to docetaxel in eight TNBC cell lines. a Heatmap 
of expression of ER (transcript cluster id: 8122843), PR (transcript 
cluster id: 7951165), and HER2 (transcript cluster id: 8006906) in ten 
cell lines, including eight TNBC, ER/PR-positive MCF7, and HER2-

amplified HCC1954 cell lines. b Heatmap of 1st candidate genes 
including 2113 positively correlated genes (1st POS candidate genes) 
and 1976 negatively correlated genes (1st NEG candidate genes) with 
rank sums of chemoresistance to docetaxel

http://www.R-project.org/
http://bioconductor.org/
http://bioconductor.org/
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including taxane (Fig. 2). Then, core genes in the leading-
edge subset were extracted from the 1st POS and NEG 
candidate genes by applying GSEA based on differential 
expression between RD and pCR groups (Fig. 2a, b). The 
core genes in the intersection set of the genes commonly 
detected in all four exploratory datasets were defined as 
the 2nd candidate genes, which included 9 and 27 genes 
that were up-regulated and down-regulated, respectively, 
in RD groups compared to pCR groups (Fig. 2c, d). In 
the next step, we further narrowed down the gene list by 
selecting only the prognostic genes that were significantly 
associated with DRFS using either non-parametric log-
rank test or parametric Cox regression analysis. Based on 
the log-rank test, we detected ten prognostic core genes, 

specifically, three up-regulated (CEBPD, MMP20, and 
WLS) and seven down-regulated (ASF1A, ASPSCR1, 
CHAF1B, DNMT1, GINS2, GOLGA2P5, and SKA1) genes, 
which showed significant association with DRFS at one of 
three cutoff points in log-rank tests (Online Resource 2: 
Table S1). Based on Cox regression analysis, we identi-
fied four prognostic core genes including one up-regulated 
(CEBPD) and three down-regulated genes (ASPSCR1, 
CHAF1B, and SKA1) (Online Resource 2: Table S1). The 
ten and four prognostic core genes comprise the final 3rd 
candidate genes (Table 2). 

Fig. 2   Gene Set Enrichment Analysis (GSEA) using four public data-
sets (exploratory datasets) to extract chemoresistance-related core 
genes in leading-edge subsets. a Plots of running enrichment scores 
for the positively correlated gene set comprised of the 1st POS can-
didate genes. b Plots of running enrichment scores for the negatively 

correlated gene set comprised of the 1st NEG candidate genes. c 
Venn diagram of core genes detected in leading-edge subsets of four 
public datasets for the positively correlated gene set. d Venn diagram 
of core genes detected in leading-edge subsets of four public datasets 
for the negatively correlated gene set
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Predictive power of prognostic core genes 
in a combined exploratory dataset

To comprehensively determine the predictive power of the 
final ten and four prognostic core genes in the combined 
dataset including all four exploratory datasets, two scores, 
“Up score” and “Down score,” were calculated by averaging 
the relative expression values of up- and down-regulated 
signature genes, respectively (Fig. 3a). In each exploratory 
dataset, the relative expression values of a given gene across 
TNBC patients (ranging from 0 to 1) were estimated. The 
relative values of the up-regulated and down-regulated genes 
were averaged, generating Up and Down scores for each 
patient (Fig. 3a). Under the assumption that chemoresponse 
and prognosis of TNBC patients can be distinguished by 
these two scores, patients were divided into two subgroups 
by a diagonal line in a scatter plot (Fig. 3b). The slope of 
the diagonal line was determined to be the ratio of the rela-
tive expression range of the Down scores to that of the Up 
scores. Namely, the slope was defined as the Down score 
range divided by the Up score range. The intercept was 
determined for the diagonal line to pass through the point of 
median values of the respective Up scores and Down scores. 
The two TNBC groups divided by the diagonal line showed 
significantly different survival curves with both ten and four 
prognostic core genes (Fig. 3b, upper panel). The patients 
were further divided into three groups (upper, middle, and 
lower including 25%, 50%, and 25% patients, respectively) 
by two lines with the same slope as the diagonal line in 
the upper panel of Fig. 3b. The proportions of RD in the 
upper, middle, and lower groups were 37.3%, 65.6%, and 
85.1%, respectively, with ten prognostic core genes (Fig. 3b, 
lower panel). In addition, the three groups of TNBC patients 
showed distinct survival curves with statistical significance 
with both ten and four prognostic core genes although the 
curves of the upper and the middle groups were not distin-
guished with four prognostic core genes.

Validation of the prognostic core genes 
in independent datasets

We further investigated the prognostic power of the prognos-
tic core genes in several independent datasets (Fig. 4). The 
first validation dataset was a combined dataset collected from 
five public datasets (GSE16446, GSE19615, GSE20685, 
GSE22219, and GSE2603) composed of 246 expression 
profiles of TNBC patients who had received chemotherapy 
with available clinical information on metastasis-related 
event-free survival outcomes in 230 cases. Due to the lack 
of appropriate validation datasets similar to exploratory 
datasets, considerably heterogeneous datasets were used 
for validation, as described in Methods. However, although 
the independent validation dataset included heterogeneous Ta
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(or even unknown) chemotherapeutic regimens (i.e., not all 
neoadjuvant or taxane-containing regimens), the ten and four 
core genes remained significantly predictive of prognosis, 
showing different survival curves between the two or three 
subgroups divided by the same diagonal lines determined 
in the exploratory dataset (Fig. 4a). Similar patterns were 
observed for the TCGA dataset composed of 141 TNBC 
patients subjected to chemotherapy (Fig. 4b), although the 
Down score was calculated by averaging six genes instead 
of seven genes in the analysis of ten core genes because the 
expression profile of GOLGA2P5 was not available in the 
TCGA dataset. The statistical significance was more obvious 
in the result with four prognostic core genes in the TCGA 
dataset. In the third validation dataset from METABRIC 

including 117 TNBC patients who received chemother-
apy but not hormone therapy, the poor prognosis of the 
lower group in three-group analyses was obvious (Fig. 4c) 
although the expression profile of SKA1 was not available in 
the METABRIC dataset. Furthermore, the prediction power 
was more prominent in 87 METABRIC TNBC patients with 
age at diagnosis ≥ 40 years (Fig. 4d).

Validation of the prognostic core genes 
as an independent prognostic predictor

To further investigate whether the final prognostic core 
genes are a significant predictor of prognosis independent of 
other potential prognostic variables such as tumor stage and 

Fig. 3   Predictive power of ten and four prognostic core genes in 
exploratory datasets. a Heatmaps of relative expression values of ten 
and four prognostic core genes and Up and Down scores calculated 
by averaging the relative expression of up- and down-regulated prog-
nostic core genes,  respectively. b Scatter plots with chemoresponse 
and Kaplan–Meier plots with log-rank tests in two (upper panel) or 

three (lower panel) subgroups divided by diagonal lines based on Up 
and Down scores obtained from ten or four prognostic core genes in 
the combined exploratory dataset including 265 chemoresponse (pCR 
vs. RD) and 182 distant relapse-free survival (DRFS) cases. Blue and 
red dots indicate patients with pCR and RD, repectively
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age at diagnosis, we applied multivariable Cox regression 
analysis in two datasets, GSE25066 and TCGA, for which 
both tumor stage and age information of patients were avail-
able. The result revealed that the prognostic core genes were 
independent predictor of prognosis (Table 3). Kaplan–Meier 

plots with log-rank tests also showed that the patients in 
the upper group had favorable prognosis in both DRFS 
(GSE25066) (Fig. 5a) and OS (TCGA) (Fig. 5b) outcomes, 
when divided by the four prognostic core genes within the 
same categories of tumor stage and age at diagnosis. 

Fig. 4   Prognostic power of the prognostic core genes in validation 
datasets. Scatter and Kaplan–Meier plots with log-rank tests in two 
or three subgroups divided by the same diagonal lines in Fig. 3, a in 
the first validation dataset from GSE16446, GSE19615, GSE20685, 
GSE22219, and GSE2603 including 246 expression profiles and 
230 metastasis-related survival outcomes from TNBC patients who 
received chemotherapy, b in the second validation dataset from 
TCGA including 141 expression profiles with overall survival out-

comes of TNBC patients who received chemotherapy, c in the third 
validation dataset from METABRIC including 117 expression pro-
files with overall survival outcomes of TNBC patients who received 
chemotherapy without hormone therapy and did not die of other 
causes, d in the 87 TNBC patients with age at diagnosis ≥ 40 among 
the METABRIC 117 patients. Solid red lines in scatter plots indicate 
the line for dividing the patients into two subgroups and dotted ones 
indicate the lines for dividing the patients into three subgroups
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Table 3   Hazard ratios and 95% confidence intervals (CIs) for age, tumor stage, and prognostic core genes

Prognostic core genes Dataset Covariates Hazard ratio (95% CI) p Value Likelihood ratio test

Ten prognostic core genes GSE25066
(Exploratory)
(n = 175)

Age (≥ 40 vs. < 40) 1.02 (0.53, 1.97) 0.96 4.5 × 10−5

Stage (III vs. II) 3.08 (1.73, 5.49) 0.00013
Ten prognostic core genes (upper vs. 

lower)
0.43 (0.24, 0.77) 0.0041

TCGA​
(Validation)
(n = 139)

Age (≥ 40 vs. < 40) 0.24 (0.06, 0.94) 0.04 1.1 × 10−7

Stage (III/IV vs. I/II) 23.5 (7.48, 73.8) 6.4 × 10−8

Ten prognostic core genes (upper vs. 
lower)

0.29 (0.10, 0.83) 0.021

Four prognostic core genes GSE25066
(Exploratory)
(n = 175)

Age (≥ 40 vs. < 40)
Stage (III vs. II)

1.05 (0.54, 2.04) 0.88 4.7 × 10−5

Four prognostic core genes 2.56 (1.44, 4.56) 0.0014
(upper vs. lower) 0.43 (0.25, 0.77) 0.0040

TCGA​
(Validation)
(n = 139)

Age (≥ 40 vs. < 40) 0.40 (0.10, 1.50) 0.17 5.0 × 10−8

Stage (III/IV vs. I/II) 20.4 (6.93, 60.2) 4.5 × 10−8

Four prognostic core genes
(upper vs. lower)

0.24 (0.08, 0.71) 0.0099

Fig. 5   Kaplan–Meier plots with log-rank tests with various TNBC patient subgroups stratified by age, tumor stage, and the four prognostic core 
genes. a GSE25066 dataset with distant relapse-free survival (DRFS) outcome b TCGA dataset with overall survival (OS) outcome
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Discussion

Isolation of molecular predictors that can effectively facili-
tate identification of patients benefiting from specific agents 
is an important step toward precision medicine. Here, we 
established core gene signatures and a simple but novel 
method to determine chemoresponse and prognosis in TNBC 
patients. The core gene signature is comprised of ten prog-
nostic core genes including three up-regulated and seven 
down-regulated genes, which can be further minimized into 
four prognostic gene signature.

One of the up-regulated prognostic core genes, 
CEBPD encoding C/EBPδ protein, is a transcription fac-
tor involved in critical regulation of immune and inflam-
matory responses [26]. To date, CEBPD has mainly been 
characterized as a tumor suppressor, as low expression or 
CpG methylation of the gene is correlated with metastasis 
or relapse in breast cancer [27, 28]. However, we found 
that up-regulation of CEBPD is related to chemoresistance 
and poor prognosis in TNBC patients (Table 2). C/EBPδ 
appears to play dual roles as a promoter or an inhibitor, 
depending on the cellular origin or physiological condi-
tions [26]. Congruently, we observed the opposing roles of 
CEBPD by meta-analysis, a positive relationship between 
up-regulation of CEBPD and metastasis in TNBC and a 
negative relationship in non-TNBC (Online Resource 1: 
Fig. S3a, left two panels). The dual role of C/EBPδ is 
likely to depend on ER status (Online Resource 1: Fig. 
S3a, right two panels). Such subtype-dependent converse 
roles were additionally observed in four other genes, WLS, 
CHAF1B, GINS2, and SKA1 (Online Resource 1: Fig. 
S3b–e). Another up-regulated gene was WLS, encoding 
Wntless (Wls) protein involved in Wnt signaling. The asso-
ciation between up-regulation of WLS and poor prognosis 
is also specific in TNBC (Online Resource 1: Fig. S3b). 
Wnt signaling is up-regulated in TNBC and proposed as a 
potential therapeutic target [29–32] and inhibition of Wnt 
signaling increases drug sensitivity in taxane-resistant 
advanced lung adenocarcinoma cells [33]. Furthermore, 
overexpression of WLS was observed in colon, gastric, 
ovarian, and breast cancers [34, 35], in relation to promo-
tion of tumorigenesis in glioma [36], proliferation in breast 
cancer [37], and poor prognosis in B-cell precursor acute 
lymphoblastic leukemia [38]. Another up-regulated core 
gene, MMP20, was characterized as a broad activator of 
pro-kallikrein-related peptidases (KLKs). To date, several 
KLKs are identified as cancer biomarkers [39].

Among the seven down-regulated core prognostic genes, 
several appeared to be related to cell division (mitosis), prolif-
eration, or cell cycle. Specifically, SKA1 is involved in micro-
tubule–kinetochore interactions for proper chromosomal 
segregation during mitosis [40]. CHAF1B and GINS2 are 

involved in DNA replication and cell proliferation [41–44]. 
According to a previous investigation on TNBC, higher pCR 
rates in taxane-based NAC were observed in basal-like sub-
types showing high expression of MKI67 [9], implying that 
microtubule inhibitory activity of taxanes are effective on 
actively proliferating cells [9]. Consistently, expressions of 
CHAF1B, GINS2, DNMT1, and SKA1 were significantly cor-
related with that of MKI67 in the four exploratory datasets in 
our study (Online Resource 1: Fig. S4).

On the other hand, our core gene signatures are prognos-
tic in the patients with chemotherapy independent of tumor 
stage and age at diagnosis (Table 3, Fig. 5). Traditional prog-
nostic parameters of breast cancer include clinical, patho-
logical, and immunochemistry markers such as age at occur-
rence, comorbidity, tumor size, histological grade, number 
of involved axillary lymph nodes, hormone receptor/HER2 
status, and Ki-67 expression [45–47]. As a classic pathologi-
cal variable, axillary lymph node metastasis is considered to 
be the most significant prognostic factor [48–50]. Multigene 
assays also provide promising molecular tools for prediction 
of prognosis, subtyping, and therapeutic decision making 
[45]. In addition, new applications of various techniques 
such as diffusion-weighted magnetic resonance imaging 
allow more precise diagnosis, monitoring of post-treatment 
changes, and prediction of the response to chemotherapy in 
breast cancer [51–54].

A limitation of this study is that the core genes were 
identified starting with the analysis of cell lines. However, 
recent research has shown that cell line collection mir-
rors the majority of important genomic and transcriptional 
abnormalities found in primary breast tumors [55, 56]. In 
the analysis with TNBC cell lines, the two top-ranked cell 
lines showing the highest level of chemoresistance were 
HCC1937 and MDA-MB-436 that harbor the BRCA1 muta-
tion (Table 1). This finding is consistent with previous 
reports that mutation of BRCA1 is associated with chem-
oresistance to spindle poisons, such as taxanes and vinca 
alkaloids, which may be attributable to loss of the mitotic 
checkpoint function of BRCA1 that normally induces apop-
totic death followed by microtubule damage by spindle poi-
sons [57, 58].

Conclusion

We developed a new risk-stratification strategy for prediction 
of chemoresponse and prognosis of TNBC, which has a high 
potential for use in identifying chemoresponsive or chem-
oresistant TNBC patients prior to initiation of chemotherapy 
and ultimately elucidating the biological mechanisms under-
lying chemoresistance.
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