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Abstract
Purpose  To evaluate the prognostic effect of the integration of genomic and transcriptomic profiles in breast cancer.
Methods  Eight hundred and ten samples from the Cancer Genome Atlas (TCGA) data sets were randomly divided into 
the training set (540 subjects) and validation set (270 subjects). We first selected single-nucleotide polymorphism (SNPs) 
and genes associated with breast cancer prognosis in the training set to construct the prognostic prediction model, and then 
replicated the prediction efficiency in the validation set.
Results  Four SNPs and three genes associated with the prognosis of breast cancer in the training set were included in the 
prognostic model. Patients were divided into the high-risk group and low-risk group based on the four SNPs and three genes 
signature-based genetic prognostic index. High-risk patients showed a significant worse overall survival [Hazard Ratio (HR) 
9.43, 95% confidence interval (CI) 3.81–23.33, P < 0.001] than the low-risk group. Compared to the model constructed with 
only gene expression, the C statistics for the signature-based genetic prognostic index [area under curves (AUC) = 0.79, 95% 
CI 0.72–0.86] showed a significant increase (P < 0.001). Additionally, we further replicated the prognostic prediction model 
in the validation set as patients in the high-risk group also showed a significantly worse overall survival (HR 4.55, 95% CI 
1.50–13.88, P < 0.001), and the C statistics for the signature-based genetic prognostic index was 0.76 (95% CI 0.65–0.86). 
The following time-dependent ROC revealed that the mean of AUCs were 0.839 and 0.748 in the training set and the valida-
tion set, respectively.
Conclusions  Our findings suggested that integrating genomic and transcriptomic profiles could greatly improve the predic-
tive efficiency of the prognosis of breast cancer patients.
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Introduction

Breast cancer is the most diagnosed cancer and the leading 
cause of cancer death among females, accounting for 25% 
of all cancer cases and 15% of all cancer deaths in the world 
[1]. The 5-year survival rate of breast cancer ranged from 
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30 to 90%, while early-stage patients have a higher 5-year 
survival rate [2]. It has been reported that some demographic 
and clinicopathological characteristics of patients, such as 
age and pathological stage, have an impact on the prognosis 
of breast cancer [2, 3]. However, these clinical features only 
partially explain the survival status of breast cancer, suggest-
ing that other risk factors also contribute to the prognosis of 
breast cancer [4–6].

Traditional epidemiology studies have evaluated the prog-
nostic factors for breast cancer, and established the prognos-
tic effect of clinicopathological features, single-nucleotide 
polymorphisms (SNPs), and gene expression on the outcome 
of breast cancer [7–11]. Wang CQ et al. reported that carri-
ers of G allele of rs3801004 were more likely to progress to 
stage III/IV and lymph node metastasis [12]. Phan NN et al. 
discovered that higher expression levels of CDCA3, CDCA5, 
and CDCA8 in breast cancer patients dramatically reduced 
patient survival time [13]. Predictive models constructed 
with pathological stage can also predict the prognosis of 
breast cancer [14]. However, the predictive efficiency of 
these factors appears to be limited when only single variable 
was included [12, 13, 15–18]. As the development of breast 
cancer is a multistage process involving the dysregulation 
of many factors, and increasing evidence demonstrated that 
integrating multiomics data sets can be effective in exploring 
the development of diseases [19]. Thus, we hypothesized 
that integrating genomic and transcriptomic profiles may 
contribute the prediction of the prognosis of breast cancer.

In this study, we comprehensively evaluated the prog-
nostic effect of SNPs and genes expression in 810 breast 
cancer subjects from the Cancer Genome Atlas (TCGA). 
We developed a prognostic predictive index for breast cancer 
in the training set and the effectiveness of this model was 
replicated in the validation sample set. Our findings sug-
gested that the integration of genomic and transcriptomic 
data can improve the predictive efficiency of the prognosis 
of breast cancer.

Methods

Study populations

The relevant samples are based on the TCGA Breast Can-
cer (BRCA) data set. We selected 1098 subjects from the 
TCGA breast cancer cohort with baseline information 
(survival state, follow-up time, age, gender, and patho-
logical stage) in the study. The baseline information of 
these samples was downloaded from the Genomic Data 
Commons Data Portal (https​://porta​l.gdc.cance​r.gov/). The 
genotyping array data (1012 subjects) and gene expres-
sion quantification data (1058 subjects) were also obtained 
from the TCGA database. A total of 810 TCGA female 

breast cancer samples with both baseline information 
(follow-up time ≥ 30 d), RNA-Seq data, and Genotyping 
Array data available were included in the study. The 810 
samples were randomly divided into the training set (540 
subjects) and the validation set (270 subjects) at the ratio 
of 2:1. The demographic description of the samples is 
shown in Table 1. Tumors were classified by immunohis-
tochemical staining (IHC) according to St. Gallen subtypes 
as follows: luminal A or luminal B HER2− (ER + and/or 
PR+, HER2−), luminal B HER2+ (ER + and/or PR + and 
HER2+), HER2-neu non-luminal (ER−, PR −, and 
HER2+), and basal-like (ER−, PR −, and HER2−) [20].

Quality control and imputation

The samples included in this study were genotyped with 
the Affymetrix Genome-Wide Human SNP Array 6.0. The 
raw data were retrieved from the Genomic Data Commons 
Data Portal (https​://porta​l.gdc.cance​r.gov/). We further 
removed unqualified samples with (1) call rate < 95%; (2) 
gender discordance; (3) duplicates or probable relatives; 
(4) an extreme heterozygosity rate; or (5) outliers accord-
ing to principal component analysis (PCA). For post-QC 
data, we phased haplotypes with Shapeit v2 (http://www.
shape​it.fr/, Phasing step) and imputed using IMPUTE2 
(http://mathg​en.stats​.ox.ac.uk/imput​e/imput​e_v2.html, 
Imputation step). The 1000 Genomes Project (Phase III 
integrated variant set release, across 2504 samples) was set 
as the reference. Poorly imputed SNPs (Imputed info < 0.4) 
were excluded from the analysis.

Table 1   Clinical characteristics of the patients

a Student’s t test
b Fisher’s exact test

TCGA training set TCGA validation 
set

P

No. of patients 540 270 (–)
Age, years, mean 

(SD)
58.01 (13.10) 58.49 (12.93) 0.625a

Median survi-
vor follow-up, 
months

17.15 17.28 0.293a

Stage, no. (%) 1b

 I 95 (17.8) 48 (18.0)
 II 302 (56.4) 150 (56.2)
 III 121 (22.6) 60 (22.5)
 IV 9 (1.7) 5 (1.9)
 V 8 (1.5) 4 (1.5)

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
http://www.shapeit.fr/
http://www.shapeit.fr/
http://mathgen.stats.ox.ac.uk/impute/impute_v2.html
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Selection of survival‑related SNPs

We first performed a post-imputation QC procedure, and 
removed SNPs with the following criteria: (1) imputation 
quality INFO < 0.9; (2) derivation from Hardy–Weinberg 
equilibrium (P < 0.05); and (3) minor allele frequency 
(MAF) < 0.05. A total of 4474,182 SNPs remained. Then 
we performed functional annotation, and 2448 SNPs with 
potential functions were retained: (1) Combined Annota-
tion Dependent Depletion (CADD) score > 20; (2) located 
in the promoter and enhancer regions, or the DNaseI Hyper-
sensitivity Clusters (DHS) regions. The functional annota-
tion data were downloaded from the Encyclopedia of DNA 
Elements (ENCODE) project, including the DHS in 125 
cell types. The definition of promoter and enhancer were 
retrieved from the Functional Annotation of The Mammalian 
Genome (FANTOM) project (http://fanto​m.gsc.riken​.jp/). 
Univariate Cox proportional hazards regression model was 
further performed in the training set to evaluate the asso-
ciation of 2448 included SNPs with the overall survival of 
breast cancer. 107 significant SNPs (P < 0.05) were included 
in further analysis. Finally, we utilized the Least Absolute 
Shrinkage and Selection Operator (LASSO) penalized Cox 
regression [21, 22] to define the promising prognosis-related 
SNPs and four SNPs remained (Supplementary Fig. 1).

Selection of survival‑related genes

A total of 19,265 unique genes with expression abundance 
data (normalized read counts) from TCGA were included in 
the analysis, and the data were retrieved from the Firehose 
(http://gdac.broad​insti​tute.org/runs/stdda​ta__2014_07_15/
data/BRCA/20140​715/). 459 mutational cancer driver genes 
from the IntOGen-mutations platform (https​://www.intog​
en.org/searc​h) and 36 breast cancer-related genes extracted 
from recent literature reports [23–29] were included. We first 
filtered out genes with normalized read counts (RC) greater 
than or equal to 5 in less than half of the (1058 × 1/2 = 529) 
breast cancer samples. Of the above 495 genes, only 482 
genes were sufficiently expressed in the samples. Univari-
ate Cox proportional hazards regression was used to screen 
candidate genes (P < 0.05), and 61 candidate genes were 
included in the following analysis. Then, LASSO penalized 
Cox regression [21, 22] was used to define the promising 
prognostic-related genes and three genes remained (Sup-
plementary Fig. 1).

The construction and validation of the prognostic 
prediction model

We created the prognostic index to predict the survival status 
of breast cancer by summing the expression of three sur-
vival-related genes, the genotype of four survival-related 

SNPs, and traditional prognostic-related factors with the 
following formula:

where �i is the estimated regression coefficient (beta) of the 
ith Gene; Genei is the expression of the gene; �j is the esti-
mated regression coefficient (beta) of the jth SNP; SNPj is 
the dosage of the SNP (coded as 0, 1 or 2 for wild-type 
homozygous, heterozygous, or homozygous); �age is the esti-
mated regression coefficient (beta) of the age; and �stage is the 
estimated regression coefficient (beta) of the clinical stage.

Statistical analyses

Fisher’s exact test was used to evaluate the difference of 
categorical variables. Student’s t test was used for continu-
ous variables if equal-variance was assumed. Hazard Ratios 
(HRs) and 95% confidence intervals (CIs) of Cox regres-
sion model Cox regression model were used to evaluate the 
prognosis of breast cancer with adjustment for age (as con-
tinuous covariable) and clinical stage (as categorical covari-
able). LASSO regression, a shrinkage and variable selec-
tion method for regression models [21, 22, 30], was used 
to reduce dimensions and select the final prediction factors. 
All the statistical analyses were two-sided with 0.05 as the 
significant level and were performed with R software (Ver-
sion 3.3.2). Kaplan–Meier analysis with log-rank test for dif-
ference was performed in GraphPad Prism 7. Heatmap and 
scatter diagram were generated in Microsoft Excel 2013 with 
the size of the order genetic prognostic index (gene&snp) as a 
horizontal coordinate, coded as 0, 1, or 2 for the gene expres-
sion value trisection from low to high. The Receiver Operat-
ing Characteristic (ROC) and C statistics were used to evalu-
ate the discrimination of prediction models with “pROC” R 
package. Time-dependent ROC was calculated at different 
time nodes using “survivalROC” R package. All these ROC 
analyses were conducted using R software (version 3.3.2).

Results

General description of the study population

The flow chart was shown in Supplementary Fig. 1. 810 
breast cancer samples were randomly divided into the 

Total prognostic index=

3
∑

i=1

�iGenei +

4
∑

j=1

�jSNPj

+ �ageAge + �stageStage,

Genetic prognostic index =

3
∑

i=1

�iGenei +

4
∑

j=1

�jSNPj,

http://fantom.gsc.riken.jp/
http://gdac.broadinstitute.org/runs/stddata__2014_07_15/data/BRCA/20140715/
http://gdac.broadinstitute.org/runs/stddata__2014_07_15/data/BRCA/20140715/
https://www.intogen.org/search
https://www.intogen.org/search
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training set (540 subjects) and validation set (270 sub-
jects). The demographics of these sets were well bal-
anced (Table 1). The distribution of age was comparable 
in both two sample sets (training set = 58.01, validation 
set = 58.49; P = 0.625), as well as the median survival time 
(training set = 17.15 months, validation set = 17.28 months; 
P = 0.293).

Construction of the prognostic index

In the training set, 109 SNPs and 61 genes were statisti-
cally significantly (P < 0.05) associated with the prognosis of 

breast cancer. Four SNPs and three genes were selected with 
the systematically dimensional reduction strategy, including 
the protein-coding genes PGR, ROBO2, and WNT5A; and 
SNPs rs6568703, rs6669563, rs11630197, and rs7700810. 
We constructed the genetic prognostic index with the regres-
sion coefficients derived from the Cox regression model, 
and divided 540 samples into high- and low-risk groups 
based on the median of genetic prognostic index (Fig. 1). 
As shown in Fig. 1a, six patients died in the low-risk group 
and 33 patients died in the high-risk group (P < 0.001). The 
three prognostic genes were significantly down-regulated 
in the high-risk group compared with the low-risk group 

Fig. 1   Four-SNP and three-gene prognostic signature biomarker char-
acteristics in the training set. a The genetic prognostic index for all 
patients in the training set is plotted in ascending order and marked as 
low risk (blue) or high risk (red), as divided by the threshold (vertical 
gray line). The SNPs were coded as 0, 1, or 2 for wild-type homozy-
gous, heterozygous, or homozygous. Coded as 0, 1, or 2 for the signa-

ture genes expression value from low to high. b The three signature 
genes were statistically significantly under expressed in the high-risk 
group compared with the low-risk group. ***P < 0.001, LR low risk, 
and HR high risk. c Kaplan–Meier curves of overall survival in the 
training set stratified by four-SNP and three-gene prognostic signature 
in high and low risk
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(P < 0.001) (Fig. 1b). Patients in the high-risk group had 
a significantly worse overall survival (HR 9.43, 95% CI 
3.81–23.33, P < 0.001) compared to the low-risk group in 
the training set (Fig. 1c). The prognostic signature risk pre-
diction statistically significant in the training set for overall 
survival (HR 2.11, 95% CI 1.66–2.67, P < 0.001) (Table 2). 
The HR for breast cancer was examined by genetic prognos-
tic index in different subgroups (Supplementary Tables 1, 3).

Validation of the prognostic index

We further tested the prognostic index constructed with four 
SNPs and three genes in the validation set. With the same 
prognostic index threshold (the median of genetic prog-
nostic index) used in the training set, 4 patients died in the 
low-risk group and 14 patients died in the high-risk group 
(P < 0.001) (Supplementary Fig. 2a). As shown in Supple-
mentary Fig. 2b, patients in the high-risk group had a signifi-
cantly worse overall survival compared to those in the low-
risk group (HR 4.55, 95% CI 1.50–13.88, P < 0.001). The 
prognostic signature risk prediction statistically significantly 
in the validation set for overall survival (HR 2.36, 95% CI 
1.56–3.57, P < 0.001) (Table 3; Supplementary Tables 2, 3).

Evaluation of the prognostic index

To further evaluate the accuracy of the prognostic model, 
we evaluated the area under curves (AUCs) by C-statistic 
in the training set. The AUC was 0.67(95% CI 0.59–0.75) 
when only three genes were included, and 0.76(95% CI 
0.68–0.83) when only four SNPs were included, and 
0.79 (95% CI 0.72–0.86) when combining the DNA level 
data and RNA level data together. Additionally, the AUC 
greatly increased (AUC = 0.83, 95% CI 0.77–0.89) when 
the clinical information (age and pathological stage) was 
further added (Fig. 2). Similar results were achieved in the 
validation set (3 genes, AUC = 0.71, 95% CI 0.58–0.84; 

4 SNPs, AUC = 0.67, 95% CI 0.54–0.80; 3 genes & 4 
SNPs, AUC = 0.76, 95% CI 0.65–0.86; 3 genes & 4 SNPs 
& clinical information: AUC = 0.82, 95% CI 0.71–0.93) 
(Supplementary Fig. 3). Time-dependent Receiver Oper-
ating Characteristic (ROC) was calculated to evaluate the 
discrimination ability of the genetic predictive variables 
at different time nodes (12, 24, 36, 48, 60, 72, 84, 96, 108, 
120, 132, 144, 156, 168, 180, 192, 204, 216, 228, 240 
months) (Fig. 3); the mean of AUCs (standard deviation, 
SD) were 0.839 (0.025) and 0.748 (0.052) for the training 
set and the validation set, respectively.

Table 2   Cox proportional hazards models in the TCGA training set

CI confidence interval, HR hazard ratio
a Results in univariable cox proportional hazard regression model
b Age, stage, and genetic prognostic index were adjusted

Factor Univariate Multivariable

HR (95% CI)a Pa HR (95% CI)b Pb

Stage 2.32 (1.75, 
3.07)

4.82E−09 1.84 (1.40, 
2.41)

1.08E−05

Age 1.02 (0.99, 
1.04)

1.25E−01 1.01 (0.99, 
1.04)

2.39E−01

Genetic 
prognostic 
index

2.21 (1.77, 
2.76)

3.45E−12 2.11 (1.66, 
2.67)

7.65E−10

Table 3   Cox proportional hazards models in the TCGA validation set

a Results in univariable cox proportional hazard regression model
b Age, stage, and genetic prognostic index were adjusted

Factor Univariate Multivariable

HR (95% CI)a Pa HR (95% CI)b Pb

Stage 1.72 (1.17, 
2.53)

6.20E−03 1.72 (1.10, 
2.68)

1.68E−02

Age 1.04 (0.99, 
1.08)

9.35E−02 1.04 (0.99, 
1.09)

8.41E−02

Genetic 
prognostic 
index

2.16 (1.50, 
3.12)

3.30E−05 2.36 (1.56, 
3.57)

4.94E−05

Fig. 2   Receiver operating characteristic (ROC) was created at differ-
ent variable groups of genomic, transcriptomic, genomic and tran-
scriptomic, clinical variables (age, pathological staging) in the train-
ing set
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Discussion

Breast cancer is a major cause of cancer mortality in women 
worldwide, leading to 521,900 deaths per year [1]. Recently, 
some studies have found that a better prediction model can 
be constructed if we combined genetic variables into tra-
ditional approaches [31–33]. For example, Weissfeld et al. 
constructed a lung cancer risk prediction model and found 
that the AUC enlarged from 0.717 to 0.725 when adding 
GWAS susceptibility regions to an age and smoking risk fac-
tor-only model [33]. However, most of these studies only uti-
lized the genotype information to construct prognostic pre-
diction models, and the prediction performance was limited. 
In order to improve the predictive efficiency of breast cancer 
prognosis, we conducted the prognostic assessment model 
for breast cancer patients with both genotype and expression 
data. Three genes (PGR, ROBO2, and WNT5A) and four 
SNPs (rs6568703, rs6669563, rs11630197, and rs7700810) 
were integrated in our breast cancer prognosis model and 
the predictive efficiency was replicated in an independent 
sample set, suggesting that integrating genomic and tran-
scriptomic profiles can provide more reliable information 
for breast cancer prognosis study.

In the TCGA BRCA training set, we detected three 
genes associated with the prognostic of breast cancer, and 
the higher expression of PGR (HR 0.91, 95% CI 0.84–0.99, 
P = 0.04), ROBO2 (HR 0.84, 95% CI 0.74–0.97, P = 0.016), 
and WNT5A (HR 0.70, 95% CI 0.57–0.84, P < 0.001) can 
decrease the mortality risk (Supplementary Fig. 4a). PGR 
encodes a member of the steroid receptor superfamily and 

the encoded protein mediates the physiological effects of 
progesterone, which plays a central role in reproductive 
events associated with the establishment and maintenance 
of pregnancy. Du X et al. measured ESR1, PGR, and ERBB2 
mRNA levels in 294 breast cancer patients, and their results 
suggested that the detection of ESR1/PGR/ERBB2 mRNA 
levels can serve as a better approach for predicting the prog-
nosis [34]. The protein encoded by ROBO2 belongs to the 
ROBO family, part of the immunoglobulin superfamily. 
The encoded protein is a transmembrane receptor for the 
slit homolog 2 protein and functions in axon guidance and 
cell migration. Multiple lines of evidence indicate that axon 
guidance genes are involved in cancer development. Crucial 
regulators of axon guidance ROBO1 and ROBO2 are consid-
ered as potential tumor suppressor genes [35]. Some stud-
ies reported that the expression of ROBO2 was associated 
with cancer development, such as pancreatic cancer, prostate 
cancer, gastric cancer, and colorectal cancer [35–37]. The 
WNT gene family consists of structurally related genes which 
encode secreted signaling proteins. The protein encoded by 
WNT5A has been implicated in oncogenesis and several 
developmental processes, including regulation of cell fate 
and patterning during embryogenesis. WNT5A is a represent-
ative ligand that activates the β-catenin-independent path-
way in the Wnt signaling which can stimulate cell migra-
tion by regulating focal adhesion complexes. Additionally, 
WNT5A is also associated with the cancer migration, such 
as breast cancer, lung cancer, and gastric cancer [38–41].

The A allele of rs6568703 (HR 0.35, 95% CI 0.20–0.61, 
P < 0.001), the A allele of rs6669563 (HR 0.44, 95% CI 
0.26–0.74, P = 0.002), the A allele of rs11630197 (HR 0.33, 
95% CI 0.17–0.63, P < 0.001), and the C allele of rs7700810 
(HR 1.89, 95% CI 1.19–2.98, P = 0.007) showed significant 
effects on the progress of breast cancer in the training sets 
(Supplementary Fig. 4b). SNP rs6669563 was located in 
the intron of SPOCD1 gene at 1p35.2, and was predicted 
to be deleterious by SIFT (Score: 0.03). SNP rs11630197 
was located in the exon of SAXO2 gene at 15q25.2, and was 
predicted to be deleterious by SIFT (Score: 0) and probably 
damaging by PolyPhen (Score: 0.998).

In our study, we constructed BRCA prognosis models 
with RNA and DNA level predictors after systematic screen-
ing for the prognosis predictors using cox-hazard ratio model 
and LASSO regression. In training set, the AUC was only 
0.67 for the RNA level predictors, and 0.76 for the DNA 
level predictors. When combining the DNA level data and 
RNA level data, the AUC significantly increased to 0.79 
(P < 0.001) compared with the model containing only RNA 
level predictors. The result was further replicated in the 
validation set. The following time-dependent ROC further 
proved the good prediction ability of our final model. There 
are also some models that predict the prognosis of breast 
cancer with pathological stage [14] or gene expression 

Fig. 3   The time-dependent ROC evaluates the discrimination ability 
of the genetic predictive variables at different time nodes (12, 24, 36, 
48, 60, 72, 84, 96, 108, 120, 132, 144, 156, 168, 180, 192, 204, 216, 
228, 240 months)
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data [42], etc. But the predictive efficiency of these fac-
tors appears to be limited when only single variable was 
included. For example, Wang L et al. constructed prognostic 
assessment model for breast cancer which contained only 
gene expression factor with an AUC 0.75 [43], much lower 
than our prediction model.

As we know, this study has some meaningful strengths. 
First, we included both genomic and transcriptomic data to 
construct the prognostic risk model for breast cancer, which 
greatly increased the prediction efficiency. Additionally, the 
stability of the prognostic model was further replicated in 
the validation set. However, as the samples included in this 
study are almost Europeans, whether the model can be appli-
cable in other populations is still unknown. Further external 
validation and prospective cohort study is needed to evaluate 
the extensive ability of our model.

Conclusions

Generally, this is a meaningful attempt on the construction 
of prognostic model of breast cancer using genomic and 
transcriptomic data, and the results showed good prediction 
ability. Further independent dataset and population investi-
gation are warranted to evaluate the predictive efficiency of 
our model.
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