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Abstract
Purpose  Genomic studies have revealed that genomic aberrations play important roles in the progression of this disease. 
The aim of this study was to evaluate the associations between clinical survival outcomes of the clonality and subclonality 
status of driver genes in breast cancer.
Methods  We performed an integrated analysis to infer the clonal status of 55 driver genes in breast cancer data from TCGA. 
We used the chi-squared test to assess the relations between clonality of driver gene mutations and clinicopathological 
factors. The Kaplan–Meier method was performed for the visualization and the differences between survival curves were 
calculated by log-rank test. Univariate and multivariate Cox proportional hazards regression models were used to adjust for 
clinicopathological factors.
Results  We identified a high proportion of clonal mutations in these driver genes. Among them, there were 17 genes showing 
significant associations between their clonality and multiple clinicopathologic factors. Performing survival analysis on BRCA 
patients with clonal or subclonal driver gene mutations, we found that clonal ERBB2, FOXA1, and KMT2C mutations and 
subclonal GATA3 and RB1 mutations predicted shorter overall survival compared with those with wild type. Furthermore, 
clonal ERBB2 and FOXA1 mutations and subclonal GATA3 and RB1 mutations independently predicted for shorter overall 
survival after adjusting for clinicopathological factors. By longitudinal analysis, the clonality of ERBB2, FOXA1, GATA3, 
and RB1 significantly predicted patients’ outcome within some specific BRCA tumor stages and histological subtypes.
Conclusions  In summary, these clonal or subclonal mutations of driver genes have implications for diagnosis, prognosis, 
and treatment with BRCA patients.
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Introduction

Breast cancer is one of the most frequent cancers among 
women and a heterogeneous disease with multiple molecular 
alterations [1, 2]. These alterations affect external behav-
iors of cancers pertaining to invasion, metastasis, and the 
resistance to drug treatment. With the development of the 
next generation sequencing, a large number of studies have 
revealed that many gene mutations present in breast can-
cer cells [3, 4]. Moreover, driver gene mutations promote 
cancer progression and have major impacts on patient out-
come, such as the most commonly altered genes BRCA1 and 
BRCA2 [5–7]. Therefore, identifying genomic aberrations of 
cancers may be critical to understand the disease progression 
and find new therapeutic strategies.

Accumulating evidence has shown that cancers are 
composed of distinct tumor cells with clonal or subclonal 
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mutations that may influence the course of disease evolu-
tion [8, 9]. Furthermore, the subclonal driver mutations 
may affect the more aggressive evolution of diseases [10, 
11]. In the last few years, several studies have character-
ized the clonal heterogeneity of tumors by multi-regional 
sequencing and/or multi-time point sequencing [12, 13]. 
However, the clonal and subclonal fraction of driver gene 
mutations in breast cancers remains unknown. And it also 
remains unclear whether there are clinical and biological 
differences among patients with clonal mutations, sub-
clonal mutations, and wild type.

In this study, we investigated the mutation clonality of 
55 driver genes and their clinical associations in breast 
cancers using the genomic data of BRCA from The Cancer 
Genome Atlas (TCGA). The clonal ERBB2 and FOXA1 
mutations and subclonal GATA3 and RB1 mutations inde-
pendently predicted for shorter overall survival (OS) 
after adjusting for other clinicopathological factors, such 
as TNM stage and American Joint Committee on Can-
cer (AJCC) stage. Importantly, the mutation clonality of 
ERBB2, FOXA1, GATA3, and RB1 significantly predicted 
overall survival of patients with some specific tumor 
stages and histological subtypes. We concluded that muta-
tion clonality of driver genes was effectively prognostic 
and predictive biomarkers of breast cancer patients, which 
could be used in clinical applications to choose effective 
therapies.

Method

Data source

In this study, the Affymetrix SNP6.0 array data and corre-
sponding clinical metadata [including clinicopathological 
factors, overall survival, and disease-free survival (DFS)] 
of breast cancer patients were accessed through The Can-
cer Genome Atlas portal (https​://porta​l.gdc.cance​r.gov) or 
Broad Institute Firehose (https​://gdac.broad​insti​tute.org). 
The detail mutation annotation file of every sample includ-
ing variant allele frequency of each mutation was obtained 
from the public cBio Cancer Genomics Portal (http://www.
cbiop​ortal​.org) [14, 15]. The data were filtered to exclude 
patients without SNP6.0 array data, mutation data, or clini-
cal information. There were 993 patients having mutation 
data, 1032 having copy number data, and 1083 having avail-
able survival data. Finally, there were 979 patients present-
ing in all data. Among these breast cancer samples, average 
age of patients was 58 years old (range from 26 to 90). And 
there were 499 Luminal A, 197 Luminal B, 78 HER2+, and 
171 Basal-like breast cancer samples. In addition, other clin-
icopathological characteristics were summarized in Table 1.

Inferring the cancer cell fraction of point mutations

Integrating tumor purity and the local copy number of muta-
tion sites as summarized by McGranahan et al. [16] and Lan-
dau et al. [10], we estimated the cancer cell fraction (CCF) 
of each mutation, and then inferred the clonal status of all 
gene mutations in every sample [17]. First, we calculated the 
tumor purity and absolute DNA copy number for each breast 
cancer sample using the ABSOLUTE algorithm [18]. For each 
mutation site, the expected variant allele frequency (VAF) was 
calculated using the following formula:

VAFexp =
tp ∗ CCF ∗ CNmuts

CPNnorm(1 − tp) + tp ∗ CPNtumor

Table 1   Clinical and pathological characteristics of patients in TCGA 
breast cancer cohort

Clinical features Category BRCA, n = 1083

Gender Female 1071
Male 12

Age Median (range) 58 (26–90)
Classical subtype Basal 171

HER2 78
LumA 499
LumB 197

AJCC tumor stage I 180
II 614
III 246
IV 19
Not available 24

T stage T1 276
T2 628
T3 137
T4 39
TX 3

N stage N0 511
N1 357
N2 119
N3 76
NX 20

M stage M0 900
M1 21
MX 162

ER status Positive 795
Negative 237
Not available 51

PR status Positive 687
Indeterminate 342
Negative 4
Not available 50

Follow-up from 
sampling(days)

Median (range) 456.5 (1.0–7067.0)

https://portal.gdc.cancer.gov
https://gdac.broadinstitute.org
http://www.cbioportal.org
http://www.cbioportal.org
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where tp represents tumor purity, CNmuts denotes copy 
number of the allele carrying the mutation, CPNtumor and 
CPNnorm denotes the local copy numbers of the mutation 
site in cancer cells and normal cells, respectively. Generally, 
let CPNnorm to be 2 (CPNnorm = 1 only when considering 
mutations in the X chromosome for males). The somatic 
variants present at a single copy per cancer cell. Hence, we 
assumed CNmuts to be 1 and the expected VAF can also be 
approximated as follows:

For a point mutation with ‘c’ alternate reads and ‘T’ 
sequencing coverage, we computed the probability of a 
given CCF using Bayesian probability theory and a bino-
mial distribution:

and

Then, a distribution of CCF was obtained by calculat-
ing the P(CCF) over a uniform grid of 100 CCF values 
from 0.01 to 1 and normalizing by dividing their sum. 
Let P(CCF = z1) > P(CCF = z2) > …P(CCF = zk) > P 
(CCF = zk + 1)… > P(CCF = z100). For each mutation, the 
estimated CCF and 95% confidence interval (CI95) were 
calculated as follows:

To determine the clonal status of each mutation, we 
defined the Pr(clonal) to denote the probability that a muta-
tion is clonal:

Finally, we regarded mutations as clonal if the upper band 
of the CI95 was ≥ 1 and the Pr(clonal) > 0.5; otherwise, the 
mutations were considered subclonal. Such classification 
could ensure that the number of subclonal mutations was 
not overestimated.

Statistical analysis

To assess the relations between the clonal status of driver 
gene mutations and clinicopathological factors, we used 

VAFexp =
tp ∗ CCF

2(1 − tp) + tp ∗ CPNtumor

P(CCF|(c|T)) =
P((c|T)|CCF) ∗ P(CCF)

P(c|T)

P(CCF|(c|T)) ∝ Binom(c|T, VAFexp(CCF))

argmaxi(P(CCF=i))

CI95 = [min(z1, z2...zk), max(z1, z2...zk)]

⇒ argmaxk

∑zk

x=z1
P(CCF = x) < 0.95

Pr(clonal) = P(CCF ≥ 0.9) =

1
∑

i=0.9

P(CCF = i)

the chi-squared test. For survival analysis, overall survival 
and disease-free survival were used as the end points. The 
Kaplan–Meier method was performed for the visualization 
purposes and the differences between survival curves were 
calculated by log-rank test. Univariate and multivariate 
Cox proportional hazards regression models were applied 
to estimate the prognostic capability of clonal or subclonal 
driver gene mutations. The P-values smaller than 0.05 were 
considered to be statistically significant. All of the statistical 
analyses were performed using R software (http://www.r-
proje​ct.org), version 3.4.4.

Results

Inference of clonality of driver genes in breast 
cancer samples

To systematically investigate the clonal architecture of breast 
cancer, we classified somatic mutations into clonal and sub-
clonal categories by integrating single-nucleotide polymor-
phism arrays (SNP) and mutation data (Methods). Among 
979 TCGA breast cancer samples, we successfully derived 
the tumor purity and local absolute copy numbers and then 
predicted the clonal status of each gene mutation. As a result, 
we identified a total of 86,248 clonal mutations (72.6% of all 
detected mutations, the average of 80.1 mutations per sample) 
and 32,479 subclonal mutations (average of 33.2 mutations 
per sample). Further, we used SciClone [19], an approach 
for clustering variants in a single sample, to assess the clonal 
status of mutations identified by our analysis. We found that 
640 samples were detected with at least one mutation cluster. 
For samples with more than one cluster (n = 449), the muta-
tions in each cluster of 363 samples (80.85%) were tended 
to be clonal or subclonal (Fisher’s test, P < 0.05). This result 
showed consistency between our method and Sciclone.

Furthermore, we identified 55 breast cancer driver genes 
from the study by Lawrence et al. that integrated three Mut-
Sig tests (MutSigCV, MutSigCL, and MutSigFN) to iden-
tify significantly mutated driver genes (FDR ≤ 0.1) across 21 
tumor types [20], and from the Wellcome Sanger Institute 
Cancer Gene Census that manually collected more than 700 
cancer genes that were mutated and causally implicated in 
cancer development from literatures [21, 22]. We analyzed 
clonal status of these known breast cancer driver genes. Then, 
we found that there were seven genes (MLL, CUL48, STAG2, 
RAB40A, FLNA, IRS4, and ZMYM3) without clonal and sub-
clonal mutations. We also observed there were three genes 
(AKT1, CCND1, and PPM1D) only containing clonal muta-
tions. The number of clonal and subclonal mutations in the 
remaining 45 driver genes was shown in Fig. 1. There were 16 
genes (CBFB, MED23, MAP3K13, SALL4, ESR1, ACVR1B, 
BAP1, CDKN1B, GNPTAB, TBL1XR1, NOTCH1, FBLN2, 

http://www.r-project.org
http://www.r-project.org
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KRAS, ETV6, SMARCD1, and KEAP1) with fewer (n ≤ 4) 
subclonal mutations in samples. These genes harboring sub-
clonal mutations ≤ 4 were excluded in the subsequent analy-
sis. Among the remaining 29 driver genes, the top ten genes 
with the highest clonal mutation included TP53, PIK3CA, 
CDH1, GATA3, MAP3L1, KMT2C, PTEN, NCOR1, RUNX1, 
and MAP2K4. And the top ten genes with the most subclonal 
mutations were KMT2C, MAP3K1, GATA3, PIK3CA, CDH1, 
TP53,NCOR1, PTEN, RUNX1, and ARID1A. We found that 
mutations in these genes showed a tendency to be clonal. 

For instance, the TP53 was to be clonal mutations in 321 
samples, while to be subclonal mutations in 15 samples. In 
addition, we annotated our data using known mutations from 
oncoKB [23]. Among these mutations, we found 335 known 
mutations (including 310 clonal and 25 subclonal mutations) 
and 2,006 unknown mutations (including 1,575 clonal and 
431 subclonal mutations). These unknown mutations tended 
to be subclonal mutations (21.5%, compared with 19.5% 
expected by chance, binomial test, P = 0.024), different from 
the known mutations (7.5%). These findings suggested that 

Fig. 1   The number of patients 
harboring clonal and subclonal 
driver gene mutations. Red bars 
correspond to clonal muta-
tions whereas blue bars to the 
subclonal mutations

5

5

9

7

5

6

5

6

7

7

9

6

8

8

5

7

7

10

12

11

13

15

14

33

30

22

30

15

6

6

6

9

12

13

16

17

17

18

19

20

21

22

26

26

27

27

27

31

34

36

43

58

96

105

311

321

1

1

4

2

4

2

2

3

1

1

3

2

3

3

4

4

3

5

5

6

6

8

9

9

10

10

10

11

12

13

15

22

the number of clonal and subclonal mutation

D
riv

er
 g

en
es

Clonal status

Subclonal

Clonal

51
71

KEAP1

SMARCD1

ETV6

KRAS

FBLN2

NOTCH1

TBL1XR1

GNPTAB

CDKN1B

BAP1

ACVR1B

ESR1

SALL4

MAP3K13

MED23

CBFB

MYB

NTRK3

PBRM1

HIST1H3B

FGFR2

CASP8

EP300

SF3B1

ARID1B

ERBB3

BRCA2

CTCF

RB1

ERBB2

FOXA1

TBX3

PIK3R1

SPEN

ARID1A

MAP2K4

RUNX1

NCOR1

PTEN

MAP3K1

GATA3

CDH1

PIK3CA

TP53

0 20 3010 40 50

KMT2C



95Breast Cancer Research and Treatment (2019) 175:91–104	

1 3

these mutational events may be required as early events in 
tumorigenesis of breast cancer.

Correlations between clonality of driver genes 
and clinicopathologic characteristics

Next, we evaluated the associations between the mutation 
status of driver genes and clinicopathological factors, such 
as AJCC stage, TNM stage, and tumor molecular subtypes. 

Across the left 29 driver genes with clonal and subclonal 
mutations, there were 17 genes (CDH1, MAP3K1, ERBB3, 
EP300, ERBB2, NTRK3, PTEN, TP53, GATA3, MAP2K4, 
ARID1B, RB1, PIK3CA, FOXA1, SF3B1, HIST1H3B, and 
BRCA2) whose clonal status were significantly correlated 
with above factors (chi-squared test, P-value < 0.05, Fig. 2; 
Tables 2, 3, Tables S1–S15). Furthermore, we found that 
the clonality of 11 genes (RB1, PIK3CA, MAP3K1, CDH1, 
ERBB3, TP53, GATA3, MAP2K4, ARID1B, HIST1H3B, 

Fig. 2   The heatmap showing the significant differences between clonality of driver genes and clinicopathological characteristics. The differences 
were performed using Chi square test (P values < 0.05). Heatmap is color coded based on -log2(P-value)

Table 2   Association between clonal status of CDH1 mutation and 
clinicopathological variables in breast cancer

Significant P values are labeled with *(P < 0.05)

CDH1 status

Clonal Subclonal WT P-value

T stage < 0.001*
 T1 19 5 228
 T2 55 13 504
 T3 29 4 76
 T4 2 0 34

N stage < 0.001*
 N0 51 16 394
 N1 24 3 294
 N2 11 0 99
 N3 17 2 42

M stage 0.675
 M0 76 16 721
 M1 1 0 18

AJCC stage 0.015*
 I 13 2 149
 II 53 17 489
 III 36 2 171
 IV 1 16 16

ER status < 0.001*
 Positive 99 22 597
 Negative 5 0 201

Subtype < 0.001*
 Basal 1 0 162
 HER2 3 0 74
 LumA 91 17 384
 LumB 7 3 185

Table 3   Association between clonal status of MAP3K1 mutation and 
clinicopathological variables in breast cancer

Significant P values are labeled with *(P < 0.05)

MAP3K1 status

Clonal Subclonal WT P-value

T stage 0.008*
 T1 17 18 217
 T2 34 11 527
 T3 4 4 101
 T4 2 0 34

N stage 0.853
 N0 25 19 417
 N1 20 8 293
 N2 7 3 100
 N3 3 1 57

M stage 0.341
 M0 55 28 730
 M1 0 0 19

AJCC stage 0.035*
 I 10 13 141
 II 35 15 509
 III 11 5 193
 IV 0 0 17

ER status < 0.001*
 Positive 51 32 635
 Negative 5 1 200

Subtype < 0.001*
 Basal 3 2 158
 HER2 3 0 74
 LumA 49 23 420
 LumB 2 5 188
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and BRCA2) were related to classical molecular subtypes 
(Luminal A, Luminal B, HER2+, Basal-like), and 9 genes 
(TP53, PIK3CA, FOXA1, CDH1, MAP3K1, GATA3, 
MAP2K4, ARID1B, and SF3B1) associated with ER status. 
The ERBB2, ERBB3, NTRK3, PTEN, EP300, MAP3K1, 
and CDH1 genes were found to be highly correlated with 
the TNM stage. And four genes (PTEN, EP300, MAP3K1, 
and CDH1) were significantly associated with AJCC stage. 
In addition, a significant difference between the fraction of 
point to frameshift in clonal versus subclonal mutations of 
driver genes was found in our data (Wilcox test, P = 0.0005). 
And we observed that more point mutations were enriched 
for clonal mutations (binomial test, P = 0.02). We further 
found point mutations in most of driver genes and frameshift 
mutations in 25 driver genes were both significantly associ-
ated with molecular subtypes (Fisher’s test, P < 0.05, Fig. 
S1), such as TP53 and ERBB2. And point mutations or 
frameshift mutations in a few driver genes had significant 
associations with other clinicopathological factors (Fisher’s 
test, P < 0.05, Fig. S1), such as PBRM1, PBM1D, ESR1, and 

FGFR2. In addition, we found that in different clinical stages 
or molecular subtypes, these driver genes were prone to be 
clonal mutations (Fig. S2). These results suggested that the 
clonality of known driver genes had potentially important 
relationships with clinicopathological factors.

Clinical characterization of driver genes mutation 
clonality in breast cancer

We wanted to examine whether the clonal architectures 
of driver genes were associated with clinical outcome of 
breast cancer patients. Among above 29 driver genes, the 
OS of patients harboring clonal ERBB2, FOXA1 or KMT2C 
mutations were significantly shorter than those cases with 
unmutated genes (P = 6e−04, P = 8e−04 and P = 0.0346, 
respectively). For these three driver genes, the patients 
with clonal mutations had worse OS than those with sub-
clonal mutations. However, the results did not reach statis-
tical significance, likely owing to the limited sample size 
(Fig. 3). Patients with subclonal GATA3 or RB1 mutations 
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Fig. 3   The associations of driver genes with clinical outcome. Com-
parison of overall survival among patients carrying clonal mutations 
(red line), subclonal mutations (blue line), and cases harboring unmu-

tated genes (gray line) by Kaplan–Meier analysis (with log-rank P 
values) in the cohort of breast cancer patients from TCGA. The driver 
genes include ERBB2, FOXA1, KMT2C, GATA3, and RB1 
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had significantly shorter OS compared with WT sequences 
(P = 0.0357 and P = 0.0045, respectively). Furthermore, 
the patients harboring subclonal GATA3 or RB1 mutations 
were significantly shorter OS than those with clonal GATA3 
or RB1 mutations (P = 0.0357 and P = 0.047, respectively, 
Fig. 3). On account of a few silent mutations in our data, 
we removed silent mutations to reevaluate the prognostic 
values of clonality or subclonality of driver genes. We also 
found that patients harboring clonal ERBB2, FOXA1, or 
KMT2C mutations (P = 0.0048, P = 8e−04, and P = 0.025, 
respectively) and subclonal GATA3 or RB1 mutations had 
significantly (P = 0.0357 and P = 0.013, respectively) shorter 
OS than those cases with unmutated genes (Fig. S3). In addi-
tion, only the patients harboring subclonal RB1 mutations 
had significantly shorter DFS than those with wild type 
(P = 1e−04, Fig. S4).

To assess whether the survival prediction ability of the 
clonal or subclonal mutations was independent of other 
clinicopathologic factors in breast cancers, univariate and 
multivariable Cox regression analysis was performed. The 
covariables included age, AJCC stage, TNM stage, ER 

status, histologic subtype, molecular subtype, and clonal 
architectures of prognostic driver genes. We found that 
patients harboring clonal ERBB2 mutations (HR 4.083, 
95% CI 1.540 to 10.833, P = 0.005, Table 4), clonal FOXA1 
mutations (HR 6.718, 95% CI 2.271 to 19.874, P < 0.001, 
Table S16), subclonal GATA3 mutations (HR 5.006, 95% 
CI 1.723 to 14.543, P = 0.003, Table 5), and subclonal RB1 
mutations (HR 9.738, 95% CI 2.084 to 45.507, P = 0.004, 
Table S17) independently predicted poor OS of the patients 
with BRCA. Other clinical factors, age, and AJCC stage 
IV, were also independently associated with shorter OS of 
patients (Tables 4, 5, Tables S16–S18). The results of the 
multivariable Cox regression analysis thus indicated that the 
predictive ability of clonal or subclonal driver gene muta-
tions was independent of clinicopathological factors for OS 
in breast cancers.

Table 4   Multivariate analysis 
for ERBB2 of overall survival in 
the cohort

Significant P values are labeled with *(P < 0.05)

Variables HR Univariate P value HR Multivariate P value
95% CI 95% CI

Age 1.035 1.017–1.054 < 0.001* 1.037 1.018–1.057 < 0.001*
AJCC stage
 Stage II versus I 1.485 0.739–2.982 0.267 1.315 0.423–4.090 0.636
 Stage III versus I 3.379 1.634–6.988 0.001* 1.565 0.318–7.702 0.582
 Stage IV versus I 10.911 4.412–26.983 < 0.001* 8.065 2.883–16.014 0.008*

T stage
 T2 versus T1 1.427 0.816–2.496 0.212 0.998 0.4302–2.317 0.992
 T3 versus T1 1.754 0.836–3.680 0.137 0.870 0.280–2.700 0.809
 T4 versus T1 5.099 2.281–11.401 < 0.001* 1.607 0.478–5.397 0.443

N stage
 N1 versus N0 1.452 0.867–2.433 0.157 1.462 0.742–2.880 0.273
 N2 versus N0 3.644 1.966–6.754 < 0.001* 3.227 0.968–10.762 0.057
 N3 versus N0 6.804 3.280–14.115 < 0.001* 3.062 0.883–10.622 0.078

M stage
 M1 versus M0 6.310 3.140–12.677 < 0.001* 3.137 0.484–20.360 0.231

ER status
 Pos versus neg 0.721 0.446–1.167 0.184 0.656 0.317–1.358 0.256

Histologic subtype
 Lobular versus ductal 0.832 0.440–1.572 0.571 0.851 0.396–1.831 0.681

Molecular subtype
 Basal versus Luminal A 1.242 0.681–2.267 0.479 1.183 0.484–2.888 0.712
 HER2 versus Luminal A 1.884 0.935–3.797 0.076 1.433 0.593–3.467 0.424
 Luminal B versus Luminal A 1.678 0.986–2.856 0.056 1.240 0.684–2.248 0.479

ERBB2 clonality
 Clonal mut versus wt 3.915 1.576–9.724 0.003* 4.083 1.540–10.833 0.005*
 Subclonal mut versus wt 0 0-Inf 0.995 0 0-Inf 0.996
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Identification of prognostic clonal or subclonal 
mutations during diverse BRCA groups

We explored whether the clonality of prognostic driver genes 
was effective for TNM stage patients by Kaplan–Meier 
survival analysis. The patients with clonal FOXA1 or sub-
clonal GATA3 mutations significantly predicted OS in T2 
stage BRCA patients (P = 2e−04 and P = 0.0267, respec-
tively) than those with wild type, with significant differ-
ences between clonal and subclonal GATA3 mutations 
(P = 0.0267, Fig. S5, Table S19). Compared with wild type 
patients, the clonal ERBB2 mutations (P < 0.0001), clonal 
FOXA1 mutations (P = 0.0022) and subclonal RB1 muta-
tions (P = 0.0053) were significantly associated with OS 
of N0 stage patients (Fig. 4a, Table S20). While, for N1 
stage patients, the subclonal GATA3 (P = 4e−04) or RB1 
mutations (P = 1e−04) significantly predicted shorter OS. 
And the subclonal and clonal GATA3 mutations were sig-
nificant differences (P = 0.0028, Fig. 4a, Table S20). Fur-
thermore, the clonal ERBB2, FOXA1, or KMT2C muta-
tions (P = 9e−04, P < 0.0001, and P < 0.0282, respectively) 

and subclonal GATA3 or RB1 mutations (P = 0.0455 and 
P = 8e−04, respectively) had significantly shorter OS of M0 
stage patients compared with those with wide type (Fig. 4b, 
Table S21). In addition, for M0 stage patients, there were 
significant differences between clonal and subclonal muta-
tions in GATA3 and RB1 (P = 0.0089 and P = 0.0047, respec-
tively, Fig. 4b, Table S21).

Furthermore, Kaplan–Meier survival analysis after 
patient stratification according to breast cancer molecular 
subtypes or AJCC stage was performed. We demonstrated 
that the AJCC stage II patients harboring clonal FOXA1 or 
subclonal GATA3 mutations (P < 0.0001 and P = 0.0197, 
respectively) had significantly shorter OS than wild type 
cases (Fig.  5a, Table  S22). The significant differences 
between clonal and subclonal GATA3 mutations were 
found in AJCC stage II and stage III patients (P = 0.0468 
and P = 0.0245, respectively, Fig. 5a). For BRCA classi-
cal subtypes, the subclonal ERBB2 mutations significantly 
predicted shorter OS of lumina A patients comparing than 
those with wild type (P = 0.0024, Fig. 5b, Table S23). We 
also found that the significant differences between clonal and 

Table 5   Multivariate analysis 
for GATA3 of overall survival in 
the cohort

Significant P values are labeled with *(P < 0.05)

Variables HR Univariate P value HR Multivariate P value
95% CI 95% CI

Age 1.035 1.017–1.054 < 0.001* 1.038 1.019–1.058 < 0.001*
AJCC stage
 Stage II versus I 1.485 0.739–2.982 0.267 1.534 0.497–4.757 0.456
 Stage III versus I 3.379 1.634–6.988 0.001* 1.924 0.385–9.630 0.426
 Stage IV versus I 10.911 4.412–26.983 < 0.001* 7.122 2.504–14.501 0.012*

T stage
 T2 versus T1 1.427 0.816–2.496 0.212 0.964 0.413–2.250 0.933
 T3 versus T1 1.754 0.836–3.680 0.137 0.904 0.286–2.860 0.864
 T4 versus T1 5.099 2.281–11.401 < 0.001* 1.684 0.500–5.671 0.401

N stage
 N1 versus N0 1.452 0.867–2.433 0.157 1.231 0.632–2.397 0.541
 N2 versus N0 3.644 1.966–6.754 < 0.001* 2.846 0.835–9.697 0.095
 N3 versus N0 6.804 3.280–14.115 < 0.001* 2.525 0.719–8.871 0.149

M stage
 M1 versus M0 6.310 3.140–12.677 < 0.001* 4.106 0.615–27.392 0.145

ER status
 Pos versus neg 0.721 0.446–1.167 0.184 0.584 0.281–1.213 0.149

Histologic subtype
 Lobular versus ductal 0.832 0.440–1.572 0.571 0.988 0.460–2.123 0.976

Molecular subtype
 Basal versus Luminal A 1.242 0.681–2.267 0.479 1.253 0.514–3.056 0.620
 HER2 versus Luminal A 1.884 0.935–3.797 0.076 1.515 0.622–3.692 0.360
 Luminal B versus Luminal A 1.678 0.986–2.856 0.056 1.168 0.646–2.112 0.608

GATA3 clonality
 Clonal mut versus wt 0.744 0.323–1.714 0.488 1.187 0.493–2.855 0.703
 Subclonal mut versus wt 3.181 1.151–8.789 0.026* 5.006 1.723–14.543 0.003*
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subclonal GATA3 mutations in these patients (P = 0.0191, 
Fig. 5b, Table S23). In addition, the patients harboring sub-
clonal GATA3 mutations had a trend toward shorter OS than 
wild type patients. These findings suggested that the clonal-
ity of driver genes had prognostic significance in early-stage 
breast cancer patients.

Associations between the clonality of other 
mutation genes with clinical outcome of patients

Indeed, there are a large number of other mutation genes not 
included in the known breast cancer driver genes. To inves-
tigate the prognostic values of the clonality of mutations in 
these genes, we performed survival analysis for the mutation 
genes that have subclonal mutations in at least four samples. 
We found 139 genes with clonal mutations and 76 genes with 
subclonal mutations were significantly associated with OS of 
patients than those cases with unmutated genes (log-rank test, 
P < 0.05). To further assess whether the survival prediction 
ability of the clonal or subclonal mutations was independent of 

other clinicopathologic factors in breast cancer, we performed 
univariate and multivariable Cox regression analysis of prog-
nostic genes. Finally, we identified 40 genes with clonal muta-
tions and 41 genes with subclonal mutations independently 
predicted OS of the patients with BRCA (Table S24). These 
findings indicate that the clonality status of other mutated 
genes may have a bearing on breast cancer outcomes.

Discussion

Genomic studies in cancers have revealed that these diseases 
have complex heterogeneity [24–26]. With the development 
of whole-genome and exome sequencing technologies, a 
large number of driver gene mutations and the associations 
between their clonal heterogeneity and outcome of patients 
were researched. Recently, some studies have confirmed 
that the clonal architecture of driver genes have prognostic 
values in diverse cancers [10, 11, 27, 28]. Therefore, we 
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Fig. 4   Survival analysis for breast cancer patients according to clin-
icopathological factor TNM stage. a Kaplan–Meier estimates overall 
survival in N0 stage patients harboring clonal or subclonal ERBB2, 
FOXA1 and RB1 mutations and N1 stage patients harboring clonal 

or subclonal GATA3 and RB1 mutations. b Kaplan–Meier estimates 
overall survival in M0 stage patients harboring clonal or subclonal 
ERBB2, FOXA1, KMT2C, GATA3, and RB1 mutations
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comprehensively assessed the clinical relevance of clonal 
or subclonal driver gene mutations on the outcome of breast 
cancer patients using the TCGA-BRCA data cohort.

As well as we know, the clonal mutation is carried by 
all tumor cells, while the subclonal mutation is carried by 
a fraction of tumor cells. In this report, we found that the 
number of clonal mutations in driver genes was substantially 
greater than subclonal mutations in breast cancer. The find-
ing suggests that the majority of known cancer genes are 
fundamental to the tumorigenesis of cancer, generally occur-
ring in the trunk of the phylogenetic tree during the cancer 
evolutionary process. Indeed, many previous studies also 
confirmed the phenomenon in many cancer types [29–31]. 
Kim et al. found that 67.9% somatic single nucleotide vari-
ations were to be clonal and 29.8% to be subclonal in glio-
blastoma. Shi et al. also found there was a significantly lower 
fraction of subclonal mutations in four driver genes in the 
tumor evolution analysis of lung adenocarcinoma. These 
results highlight a complex dynamic of tumor evolution.

In this report, we found that the clonal ERBB2, FOXA1, 
and KMT2C mutations and subclonal GATA3 and RB1 

mutations predicted shorter OS of breast cancer patients 
compared with those with wild type. Furthermore, after 
adjusting for other clinicopathological factors, including 
TNM stage, AJCC stage, molecular subtype, histologic sub-
type, and ER status, the clonal ERBB2 and FOXA1 mutations 
and subclonal GATA3 and RB1 mutations independently 
predicted for patients outcome. Importantly, the mutation 
clonality of ERBB2, FOXA1, GATA3, and RB1 significantly 
predicted patients’ outcome with some specific BRCA tumor 
stages and histological subtypes. Therefore, these pivotal 
findings may have potential implications for clinical trials 
and, possibly, for disease treatment of breast cancer patients.

Using the exome sequencing data and copy number data 
from TCGA BRCA, we identified clonal and subclonal 
mutations in 55 driver genes. These driver gene muta-
tions were preferentially clonal in breast cancers, which 
was consist with a previous study [32]. We confirmed 
that subclonal RB1 mutations were unfavorable for OS in 
BRCA patients with no lymph nodes metastasis and distant 
metastasis. While in the progression from primary tumors 
to metastases of breast cancer, Schrijver et al. observed the 
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clonal shifts of RB1 gene affected by somatic mutations 
[33]. Our findings suggested the subclonal mutations of 
RB1 mainly played important functions in primary tumors. 
Moreover, previous exome sequencing found that the clonal 
ERBB2 and KMT2C mutations presented in the high-grade 
triple-negative breast cancer [34]. We observed that the 
patients harboring clonal ERBB2 and KMT2C mutations 
had shorter OS. In addition, some studies have shown that 
GATA3 mutation was primarily associated with a favorable 
prognosis in BRCA patients [35–37]. However, in our anal-
ysis, there was no significant survival difference between 
patients with clonal GATA3 mutations and WT sequences. 
Similarly, in TCGA cohort, we could not observe a dif-
ference in overall survival between patients harboring all 
GATA3 mutations and with wild-type GATA3 (log-rank 
test, P = 0.35), consistent with a previous study [37]. In 
contrast, the patients with subclonal GATA3 mutations had 
significantly shorter OS compared with WT sequences in 
current study. This result indicated that fewer cells with 

GATA3 subclonal mutations benefit from GATA3 mutation 
and formed a more aggressive tumor phenotype [10, 35]. 
The same phenomena was also observed in some important 
cancer genes, such as TP53 and NOTCH1[10, 11]. So their 
subclonal driver mutations are often associated with more 
aggressive tumor evolution and more adverse outcomes.

The clonality of mutation reflects the relative time of 
mutation occurring during tumorigenesis, and the time 
of somatic driver events was found to influence disease 
outcomes [38–40]. The accuracy and comprehensive-
ness of disease classification have a vital effect on cancer 
therapy. Because the solid tumor is highly heterogeneous, 
its accurate classification is difficult. Therefore, consider-
ing the clonal architecture of driver genes is necessary for 
developing a new cancer classification strategy. Moreover, 
drugs against a subclonal driver present in only a sub-
set of tumor cells may allow the expansion of wild-type 
subclones, leading to the acquisition of drug resistance 
[41–44]. Patients harboring clonal ERBB2 and FOXA1, 
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Fig. 5   Survival analysis for breast cancer patients according to AJCC 
stage and molecular subtypes. a Kaplan–Meier estimates overall sur-
vival in AJCC stage II patients harboring clonal or subclonal FOXA1 
and GATA3 mutations and AJCC stage III patients harboring clonal 

or subclonal GATA3 mutations. b Kaplan–Meier estimates overall 
survival in M0 stage patients harboring clonal or subclonal GATA3 
mutations
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subclonal GATA3, and RB1 mutations, could be potential 
drug targets. In summary, our results present a systemati-
cal characterization of the clonal or subclonal in driver 
gene mutations on survival of breast cancer patients and 
offer new insights, at the molecular level, for classification 
of BRCA. The position in the clonal hierarchy may refine 
the future treatment of breast cancers and further help 
achieve the goal of precision medicine for breast cancers.
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