
ORIGINAL ARTICLE – BREAST ONCOLOGY

Clinicopathological Features of Triple-Negative Breast Cancer
Epigenetic Subtypes

Maggie L. DiNome, MD1, Javier I. J. Orozco, MD2, Chikako Matsuba, PhD3, Ayla O. Manughian-Peter, MSc2,

Miquel Ensenyat-Mendez, MSc4, Shu-Ching Chang, PhD5, John R. Jalas, MD6, Matthew P. Salomon, PhD3, and

Diego M. Marzese, PhD2

1Department of Surgery, David Geffen School of Medicine, University California Los Angeles (UCLA), Los Angeles, CA;
2Cancer Epigenetics Laboratory, John Wayne Cancer Institute at Providence Saint John’s Health Center, Santa Monica,

CA; 3Computational Biology Laboratory, John Wayne Cancer Institute at Providence St. John’s Health Center, Santa

Monica, CA; 4Cancer Cell Biology Group, Balearic Islands Health Research Institute (IdISBa), Palma, Islas Baleares,

Spain; 5Medical Data Research Center, Providence Saint Joseph Health, Portland, OR; 6Department of Pathology,

Providence Saint John’s Health Center, Santa Monica, CA

ABSTRACT

Background/Objective. Triple-negative breast cancer

(TNBC) is a heterogeneous collection of breast tumors

with numerous differences including morphological char-

acteristics, genetic makeup, immune-cell infiltration, and

response to systemic therapy. DNA methylation profiling is

a robust tool to accurately identify disease-specific sub-

types. We aimed to generate an epigenetic subclassification

of TNBC tumors (epitypes) with utility for clinical deci-

sion-making.

Methods. Genome-wide DNA methylation profiles from

TNBC patients generated in the Cancer Genome Atlas

project were used to build machine learning-based epige-

netic classifiers. Clinical and demographic variables, as

well as gene expression and gene mutation data from the

same cohort, were integrated to further refine the TNBC

epitypes.

Results. This analysis indicated the existence of four

TNBC epitypes, named as Epi-CL-A, Epi-CL-B, Epi-CL-

C, and Epi-CL-D. Patients with Epi-CL-B tumors showed

significantly shorter disease-free survival and overall sur-

vival [log rank; P = 0.01; hazard ratio (HR) 3.89, 95%

confidence interval (CI) 1.3–11.63 and P = 0.003; HR

5.29, 95% CI 1.55–18.18, respectively]. Significant gene

expression and mutation differences among the TNBC

epitypes suggested alternative pathway activation that

could be used as ancillary therapeutic targets. These epi-

genetic subtypes showed complementarity with the

recently described TNBC transcriptomic subtypes.

Conclusions. TNBC epigenetic subtypes exhibit signifi-

cant clinical and molecular differences. The links between

genetic make-up, gene expression programs, and epige-

netic subtypes open new avenues in the development of

laboratory tests to more efficiently stratify TNBC patients,

helping optimize tailored treatment approaches.

BACKGROUND

Triple-negative breast cancer (TNBC) is defined by the

absence of estrogen receptor (ER) and progesterone

receptor (PgR) expression and the lack of amplification

and/or overexpression of human epidermal growth factor

receptor 2 (HER2). This definition has resulted in a

heterogeneous collection of tumors. Effective treatment of

this subgroup, which constitutes 15–20% of breast can-

cers,1 poses a clinical challenge. With no specific driver
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molecular alterations identified, cytotoxic chemotherapy

remains the mainstay of therapy, but rates of metastasis for

TNBC continue to be high. Identifying and characterizing

TNBC subtypes would be an important step toward

developing a more effective, targeted treatment strategy.

Recent gene expression analyses have categorized TNBC

into distinct subtypes.2–5 Lehmann et al. initially classified

TNBC into six distinct subtypes,1 but concern over tumor

impurities caused by stromal cells and immune infiltration

led to a refinement on this classification system.6 In a similar

and partially overlapping classification approach, Burstein

et al. segregated TNBC into four transcriptomic subtypes.2

Notwithstanding, these seminal classifiers have highlighted

that distinct subtypes within TNBC exist and have served as

the basis for additional preclinical work. In this context,

further improvements of the classification system are nec-

essary to enhance clinical usefulness. Assaying DNA

methylation (DNAm) has been shown to be a robust tool for

accurately identifying tumor-specific subtypes.7–15 Diag-

nostic, prognostic, and predictive characteristics can be

derived from DNAm signatures. DNAm profiling can also be

performed using small amounts of routinely collected DNA

samples, making it a readily applicable tool for the clinic.

Our studies implementing supervised learning for DNAm

data have resulted in a powerful set of epigenetic classifiers

able to accurately stratify therapeutically relevant breast

cancer subtypes in brain metastases.13

The objective of this study is to generate a machine

learning-based epigenetic classification to better under-

stand the molecular and clinical heterogeneity of TNBC,

and to determine whether distinct epigenetic subtypes exist.

To this end, we explored a large collection of clinically

well-annotated DNA methylomes from the Cancer Genome

Atlas (TCGA) breast cancer project.

METHODS

Patient Selection

We identified 161 samples from patients with primary

stage I–III TNBC from TCGA. Of the 1108 breast cancer

samples included in the TCGA-BRCA database from

cBioPortal,16 we excluded specimens obtained from meta-

static sites (n = 7), breast sarcoma (n = 2), unavailable

cancer types (n = 5), unavailable or indeterminate ER, PgR

or HER2 statuses (n = 163), and samples from patients with

de novo stage IV breast cancer (n = 2) (Fig. 1a).

Data Access, Normalization, and Processing

TCGA-BRCA data deposited in the National Cancer

Institute TCGA Data Portal were accessed using the

TCGAbiolinks v1.2.5 R/Bioconductor package17 in August

2018. A total of 119 DNA methylomes were retrieved from

patients with TNBC subtype using the function GDC-

download. These analyses were compiled using the

GDCprepare function into a single data file. Each of the

successfully downloaded cases was assayed for overall

Illumina Human Methylation 450 K beadchip (HM450K)

data quality and effective tumor purity using the consensus

estimate purity (CPE) algorithm.18 Only cases with tumor

content of at least 60% (n = 79) were selected (Fig. 1a).

Identification of TNBC Epigenetic Subtypes

DNAm data from selected TNBC cases were extracted

from Illumina.idat files using the Bioconductor package

minfi.19 The preprocessNoob function in minfi was used for

normalization and dye-bias correction. DNAm levels were

reported as b-values and calculated using the signal intensity

value for each CpG site, as we previously showed.13,20

HM450K probes with poor quality were excluded from the

analysis. The nonnegative matrix factorization (NMF)

machine learning approach was employed to identify the

optimal number of subtypes based on the DNAm data of the

top 100,000 most variable genomic regions. The uncorre-

lated shrunken centroids (USC) method [initial settings:

delta value below 5 (D\ 5) and maximum correlation

between the genomic regions = 0.7] was employed to select

the most informative genomic regions to classify TNBC

specimens into each epigenetic subtype (epitype).

Transcriptomic Classification

TNBC cases were classified using the algorithm proposed by

Burstein et al.3 into basal-like immune-activated (BLIA), basal-

like immunosuppressed (BLIS), luminal androgen receptor

(LAR), and mesenchymal-like (MES). Whole transcriptome

profiles of the same cases were submitted to the TNBCtype tool

(http://cbc.mc.vanderbilt.edu/tnbc/prediction.php)21 to

cFIG. 1 Machine learning-based identification of TNBC DNA

methylation subtypes. a, b Diagram describing the selection of

TNBC patients from TCGA (a) and the normalization and filtering

algorithms of Infinium HM450K probes (b) to generate the datasets to

train the machine learning methods. c Nonnegative matrix

factorization (NMF) analysis of the TNBC DNA methylomes. The

plot indicates the variation of the cophenetic coefficient depending on

the number of clusters; the heatmaps show the potential organization

of the TNBC specimens according to the number of clusters (k).

d Phylogenetic tree showing the distribution of the TNBC specimens

(n = 79) classified into four TNBC epitypes using the uncorrelated

shrunken centroid-based DNA methylation signature (n = 103

genomic regions, Supplementary Table S1). e, f Comparison of

disease-free survival (e) and overall survival (f) intervals between the

different TNBC epigenetic subtypes
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identify correlations with the centroids defining each of the six

TNBC transcriptomic subtypes proposed by Lehmann:2 basal-

like 1 (BL1), basal-like 2 (BL2), immunomodulatory (IM),

mesenchymal (M), mesenchymal stem-like (MSL), and a

luminal androgen receptor (LAR). PAM50 genomic signature

classification of TNBC specimens was retrieved from TCGA.

Cases with missing PAM50 annotation were classified using

the genefu v1.12.0 R/Bioconductor package.

Bioinformatics Analyses

The oncoprint function of the R/Bioconductor package

TCGAbiolinks was used to explore the mutational back-

ground and gene expression profile of each TNBC

epigenetic subtype. Gene interaction network and Gene

Ontology (GO) enrichments were analyzed using

GeneMania.22 The molecular-function-based weighting

method was chosen for analysis with network categories of

coexpression and pathways. The most significantly enri-

ched pathways obtained from the GeneMania analysis were

evaluated using Gene2drug,23 and the top 10 most signif-

icant compounds with negative score (downregulation of

the pathways) for each cluster were selected.

Biostatistics Analyses

Baseline characteristics were compared using Fisher’s

exact test and analysis of variance (ANOVA) or Kruskal–

Wallis rank-sum test for categorical and continuous vari-

ables, respectively. The endpoint for overall survival (OS)

represents the time to mortality or last follow-up date,

while disease-free survival (DFS) represents the time to

event related to the disease itself or death from disease-

specific event (i.e., non-disease deaths are censored).

Kaplan–Meier curves with log-rank test were generated to

identify differences in survival rates, and Cox hazard

models were used to assess the hazard ratio (HR). Cumu-

lative incidence function with competing risks regression

analysis were used to evaluate the differences in DFS,

taking the competing risk of mortality into account, using

the function crr in the statistical R package cmprsk.24,25

Subdistribution hazard ratio (SHR) from the competing risk

regression analysis was calculated for each epitype, taking

the risk of noncancer deaths into account. TNBC epigenetic

subtypes were compared with the transcriptomic subtypes

using contingency tables, and the statistical significance of

the differences observed in the proportions was estimated

using the Chi square (v2) tests. Cramer’s V coefficient was

used to measure the strength of the associations.

RESULTS

Identification of Triple-Negative Breast Cancer

Epigenetic Endotypes

From the total number of assayed genomic regions on

the HM450K (n = 485,577), we initially excluded probes

with potential design issues (n = 102,941) or poor quality

(n = 90,015). A total of 292,621 genomic regions in 79

cases were employed as the initial dataset (Fig. 1b),

selected based on the overall variance. The top 100,000

most variable genomic regions were selected to perform

machine learning analysis using the NMF technique.26 This

analysis revealed four distinct groupings (k = 4; cophenetic

coefficient c = 0.961; Fig. 1c). Using the USC supervised

learning method to exclude highly correlated genomic

regions, we produced a DNAm signature including 103

genomic regions (Supplementary Table S1) to classify the

remaining cases (D = 0; q = 0.5). This DNAm signature

classified the 79 tumors into four TNBC epitypes: Epi-CL-

A, Epi-CL-B, Epi-CL-C, and Epi-CL-D (Fig. 1d).

Clinical and Demographic Distribution of TNBC

Epigenetic Subtypes

Baseline characteristics of the patients with the four

TNBC epigenetic subtypes are summarized in Table 1.

There were no significant differences in patient demo-

graphics or tumor features among the subtypes. Patients

with TNBC Epi-CL-B presented significantly shorter DFS

(log rank; P = 0.01; HR 3.89, 95% CI 1.3–11.63; Fig. 1e)

and shorter OS (log rank; P = 0.003; HR 5.29, 95% CI

1.55–18.18; Fig. 1f) than the rest of the patients. After

controlling for age, race, and pathological T and N stages,

multivariable competing risk regression and Cox propor-

tional-hazards regression analyses showed that Epi-CL-B

TNBC subtype is an independent predictor of DFS (SHR

4.0, 95% CI 1.07–14.92; P = 0.04, Table 2) and OS (HR

10.49, 95% CI 2.28–48.14; P = 0.003; Table 2).

Integration of TNBC Transcriptomic and Epigenetic

Subtypes

The majority of TNBC specimens showed a PAM50

basal-like signature; the Epi-CL-B subtype showed a sig-

nificant association with HER2-enriched TNBC specimens

(v2, P = 0.004, Cramer’s V = 0.350; Fig. 2a). We found a

significant association between the epigenetic subtypes and

the Lehmann et al. TNBC classification (v2, P = 0.0003,

Cramer’s V = 0.433). The Epi-CL-A subtype was almost

entirely composed of TNBC specimens classified as mes-

enchymal (M, 83.3%, Fig. 2b). All specimens classified as

LAR were included in the Epi-CL-B subtype (Fig. 2b).
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Furthermore, we found a significant association between

the epigenetic subtypes and the Burstein et al. TNBC

classification (v2, P = 0.03, Cramer’s V = 0.363). The Epi-

CL-B subtype was associated with the BLIS subtype,

which correlates with worse DFS and OS as shown by

Burstein et al.3 In concordance with the previous obser-

vation, we found an association between the Epi-CL-A and

the MES subtype (Fig. 2c). Neither the Epi-CL-C nor D

subtypes showed a significant association with Burstein

et al. subtypes.

Based on exploration of differentially expressed genes

(Supplementary Table S2) and differential pathway

activation (Fig. 2), Epi-CL-A exhibited a significant

upregulation of Wnt pathway-related genes (e.g., LRP6,

RNF8), activation of Wnt signaling, and activation of

mesenchymal cell differentiation and proliferation; these

data are in agreement with the observed increased pro-

portion of mesenchymal subtypes (Fig. 2b, c). In Epi-CL-

B, some of the most differentially expressed genes were

involved in maintaining chromatin structure (e.g., KDM2B)

and DNA damage response (e.g., ANKLE1). Epi-CL-B

showed significant enrichment of mitosis and cell division-

related processes (Fig. 2d). CDK2AP1, a negative regulator

of the CDK2 oncogene,27 was upregulated in Epi-CL-A but

TABLE 1 Baseline

characteristics of the patients in

each TNBC epitype

Baseline characteristic Epi-CL-A Epi-CL-B Epi-CL-C Epi-CL-D Total P Value*

No. (%) 20 (25.3) 26 (32.9) 17 (21.5) 16 (20.3) 79 (100)

Age, mean (SD), years 54.4 (9.8) 56.5 (13.2) 57.5 (16.9) 52.8 (10.7) 55.4 (12.8) 0.70

Race 0.48

White non-Hispanic 8 (40) 14 (53.8) 10 (58.8) 5 (31.2) 37 (46.8)

Black 9 (45) 10 (38.5) 5 (29.4) 7 (43.8) 31 (39.2)

Asian 2 (10) 2 (7.7) 0 (0) 1 (6.2) 5 (6.3)

White Hispanic 0 (0) 0 (0) 2 (11.8) 1 (6.2) 3 (3.8)

NA 1 (5) 0 (0) 0 (0) 2 (12.5) 3 (3.8)

T stage, n (%) 0.17

T1 5 (25) 11 (42.3) 4 (23.5) 1 (6.2) 21 (26.6)

T2 13 (65) 12 (46.2) 12 (70.6) 11 (68.8) 48 (60.8)

T3 2 (10) 2 (7.7) 0 (0) 3 (18.8) 7 (8.9)

T4 0 (0) 1 (3.8) 1 (5.9) 1 (6.2) 3 (3.8)

N stage, n (%) 0.11

N0 16 (80) 17 (65.4) 9 (52.9) 10 (62.5) 52 (65.8)

N1 3 (15) 1 (3.8) 6 (35.3) 3 (18.8) 13 (16.5)

N2 1 (5) 6 (23.1) 1 (5.9) 3 (18.8) 11 (13.9)

N3 0 (0) 2 (7.7) 1 (5.9) 0 (0) 3 (3.8)

AJCC stage, n (%) 0.06

I 4 (20) 7 (26.9) 2 (11.8) 1 (6.2) 14 (17.7)

II 15 (75) 10 (38.5) 13 (76.5) 12 (75) 50 (63.3)

III 1 (5) 9 (34.6) 2 (11.8) 3 (18.8) 15 (19)

Histology, n (%) 0.67

Ductal 15 (75) 22 (84.6) 14 (82.4) 14 (87.5) 65 (82.3)

Lobular 2 (10) 1 (3.8) 1 (5.9) 0 (0) 4 (5.1)

Metaplastic 2 (10) 3 (11.5) 0 (0) 1 (6.2) 6 (7.6)

Medullary 0 (0) 0 (0) 1 (5.9) 1 (6.2) 2 (2.5)

Other 1 (5) 0 (0) 1 (5.9) 0 (0) 2 (2.5)

PAM50 subtype, n (%) \ 0.001

Basal-like 20 (100) 18 (69.2) 15 (88.2) 15 (93.8) 68 (86.1)

HER2-enriched 0 (0) 7 (26.9) 0 (0) 0 (0) 7 (8.9)

Luminal A 0 (0) 0 (0) 0 (0) 1 (6.2) 1 (1.3)

Luminal B 0 (0) 1 (3.8) 0 (0) 0 (0) 1 (1.3)

Normal-like 0 (0) 0 (0) 2 (11.8) 0 (0) 2 (2.5)

*ANOVA analysis or Kruskal–Wallis rank-sum test for continuous variable; Fisher exact test for cate-

gorical variables

3348 M. L. DiNome et al.



downregulated in Epi-CL-B. In line with the opposing

survival intervals between these TNBC epitypes, EPHA7,

an activator of the ERK pathway with proapoptotic activ-

ity,28 and CCNB1IP1, a modulator of cyclin-B that delays

the cell cycle,29 were also upregulated in Epi-CL-A but

downregulated in Epi-CL-B. Epi-CL-C exhibited activa-

tion of the cellular response to hypoxia pathway (and

upregulation of related genes, e.g., ARNT), cellular stress,

TABLE 2 Independent predictors of disease-free survival and overall survival

Baseline characteristic SHR 95% lower CI Univariate analysis Multivariable analysis

95% upper CI P value SHR 95% lower CI 95% upper CI P value

Disease-free survival

TNBC epitypes

A/C/D Ref Ref

B 3.16 1.09 9.18 0.04 2.11 0.66 6.73 0.21

Age (years)

\ 45 Ref Ref

C 45 0.55 0.18 1.72 0.31 0.7 0.14 3.57 0.67

Race

White non-Hispanic Ref Ref

Others 1.1 0.38 3.17 0.87 1.28 0.35 4.64 0.7

T stage, n (%)

T1 Ref

T2–T4 0.44 0.15 1.27 0.13

N stage, n (%)

N0 Ref

N1–N3 3.05 0.99 9.36 0.05

AJCC stage, n (%)

I–II Ref

III 11.82 3.62 38.59 \ 0.001 9.89 3.04 32.21 \ 0.001

Baseline characteristics HR 95% lower CI 95% upper CI P value HR 95% lower CI 95% upper CI P value

Overall survival

TNBC epitypes

A/C/D Ref Ref

B 5.31 1.55 18.18 0.01 4.05 1.11 14.72 0.03

Age (years)

\ 45 Ref Ref

C 45 1.16 0.32 4.26 0.82 0.99 0.23 4.27 0.99

Race

White non-Hispanic Ref Ref

Others 1.89 0.63 5.68 0.25 2.31 0.65 8.16 0.2

T stage, n (%)

T1 Ref

T2–T4 0.73 0.24 2.24 0.59

N stage, n (%)

N0 Ref

N1–N3 2.04 0.7 5.95 0.19

AJCC stage, n (%)

I–II Ref Ref

III 5.86 1.96 17.5 0.002 5.01 1.58 15.84 0.01
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and negative regulation of proteasomal degradation and

proteolysis pathways (WAC). Upregulation of USP6NL

gene was observed in Epi-CL-C, which has been shown to

contribute to breast tumor proliferation.30 Finally, Epi-CL-

D showed enriched response to interferon-beta (and

upregulation of related genes, e.g., CAGS), antigen pro-

cessing and presentation (with related genes such as

LILRA5 being upregulated), and positive regulation of T

cell-mediated cytotoxicity and related genes such as

CCL18 and IL15RA (Fig. 2d). These features are compat-

ible with a favorable immune response and partially

explain the improved outcome. We also observed increased

levels of TP53 expression in Epi-CL-D. These differences

prompted us to investigate epigenetic subtype-specific

ancillary therapeutic approaches (Supplementary

Table S3).

Genomic Landscapes of TNBC Epigenetic Subtypes

The mutational landscape was assessed using whole-

exome sequencing (WES) data from the TCGA-BRCA

cohort to identify the most commonly mutated genes in

TNBC (Fig. 3a; n = 143 profiled cases). As widely repor-

ted, TP53 was the most frequently mutated gene in TNBC

cases (73%), followed by PIK3CA (10%). The mutational

frequency differed among the four TNBC epi-types. Epi-

CL-A exhibited a lack of mutations of the PIK3CA gene,

which was mutated in almost 20% of TNBC Epi-CL-B
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FIG. 2 Integration of the TNBC epitypes with the previously

described TNBC transcriptomic subtypes. a Pie charts describing

the overlap between the PAM50 genomic signatures and the TNBC

epitypes. b, c Bar plots indicating the proportion of overlap between

the TNBC epitypes and the Lehmann et al. TNBC classification

(b) and the Burstein et al. TNBC classification (c). BL1 Basal-like 1,

BL2 basal-like 2, IM immunomodulatory, M mesenchymal, MSL

mesenchymal stem-like, LAR luminal androgen receptor, BLIA basal-

like immuno-activator, BLIS basal-like immuno-suppressor, LAR

luminal androgen receptor, and MES mesenchymal-like.

***P\ 0.001 and **P\ 0.01. d Bar plots summarizing the gene

networks differentially active in each TNBC epigenetic subtype
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tumors (Fig. 3a, b). The MUC16 gene, commonly known

as cancer antigen 125 (CA-125), was frequently mutated in

Epi-CL-B. We additionally evaluated the mutational

spectrum of the BRCA1 and BRCA2 genes (representing

5.6% of all mutations). While tumors in Epi-CL-A and D

showed no mutations of either BRCA1 or BRCA2 genes,

13% of tumors included in Epi-CL-B and C presented

mutually exclusive mutations of these genes (Fig. 3c).

DISCUSSION

The TNBC definition based on ER, PgR, and HER2 has

created a repository of highly variable tumors for which

effective therapy is still lacking. To improve clinical out-

comes, several studies have attempted to classify TNBC

into distinct subtypes based on gene expression, immuno-

genic profiling, and transcriptome analysis.2–6,24,25 Here,

leveraging our previous DNAm-based classification sys-

tems, we demonstrated that machine learning-based

identification of DNAm signatures can subclassify high-

purity TNBC tumors. This study provides a step-by-step

epigenetic data processing and reduction protocol to gen-

erate an informative DNAm signature (n = 103) to

subclassify TNBC tumors (Supplementary Table S1). This

resource can be utilized by other researchers to stratify

TNBC patients according to the proposed method and

explore the clinicopathological implications of this new

stratification system.

The TNBC epitypes are in partial agreement with pre-

viously described transcriptomic classifications,2,3,6

suggesting that combining these subtyping systems can

provide further prognostic and therapeutic information. In

fact, the characterization of differentially enriched gene

networks in each epigenetic subtype could allow for

b

a

c

All TNBC-Epi-Types Epi-CL-A Epi-CL-B Epi-CL-C Epi-CL-D

All TNBC-Epi-Types Epi-CL-A Epi-CL-B Epi-CL-C Epi-CL-D

Inframe Mutation
(putative driver)

Inframe Mutation
(unknown sign.)

Missense Mutation 
(putative driver)

Missense Mutation 
(unknown sign.)

Truncating Mutation 
(putative driver)

Truncating Mutation 
(unknown sign.)

No alteration

0%

10%

5%

15%

25%

20%

60%

70%

80%

TP53 PIK3CA USH2A SYNE1 MUC16 SPTA1 FAT3 FLG MUC4 FCGBP MUC12 RYR2 DNAH17 HUWE1 PKHD1L1 ARID1B MYO18B XIRP2 MUC17 KMT2D

M
ut

at
io

n 
Fr

eq
ue

nc
y All TNBC Epi-CL-A

Epi-CL-B
Epi-CL-C
Epi-CL-D

TP53
PIK3CA
USH2A
SYNE1
MUC16
SPTA1

FAT3
FLG

MUC4
FCGBP
MUC12

RYR2
DNAH17
HUWE1

PKHD1L1
ARID1B

MYO18B
XIRP2

MUC17
KMT2D

73%
10%
9%
8%
8%
7%
7%
6%
6%
6%
6%
6%
6%
6%
6%
5%
5%
5%
5%
5%

72%
0%
17%
11%
0%
0%
11%
17%
11%
17%
11%
6%
6%
0%
11%
6%
0%
0%

0%
6%

77%
18%
14%
5%
14%
14%
5%
5%
0%
0%
5%
0%
5%
9%
5%
0%
9%
14%
9%
10%

63%
6%
13%
19%
13%
13%
6%
6%
0%
6%
0%
13%
13%
6%
6%
0%
0%
0%
19%
13%

73%
0%
7%
13%
13%
13%
7%
0%
7%
0%
13%
20%
13%
20%
0%
13%
0%
7%
0%
0%

BRCA1

BRCA2

2.8%

2.8%

0%

0%

10%

5%

6%

6%

0%

0%

FIG. 3 Mutational landscapes of the TNBC epigenetic subtypes.

a Bar plot indicating the frequency of gene mutation for each TNBC

epitype. The subset of genes shown in this plot (n = 20) were selected

based on the frequency of mutations in all the TNBC specimens

profiled in TCGA by whole-exome sequencing (WES, n = 143).

b Oncoprint analysis including the 20 most frequently mutated genes

in TNBC for each epigenetic subtype, i.e., inframe mutations with

putative drivers, inframe mutations with unknown significance,

missense mutations with putative drivers, missense mutations with

unknown impact, truncating mutations with putative drivers, and

truncating mutations with unknown impact; represented in red, dark

green, light green, black, and grey, respectively. c Oncoprint analysis

for mutations impacting the BRCA1 and BRCA2 genes in each TNBC

epitype
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selection of subtype-specific treatments; For example, we

demonstrated that the Epi-CL-A subtype is characterized

by upregulation in the Wnt pathway and mesenchymal cell

proliferation. Consideration then of CMF (cyclophos-

phamide, methotrexate, 5-fluorouracil) chemotherapy may

be indicated, as methotrexate downregulates the Wnt

pathway and mesenchymal cell proliferation and differen-

tiation. New unexplored compounds such us esculetin and

CMF could be investigated as combination therapy, as

preclinical data suggest that esculetin decreases Wnt tar-

geted genes31 and also enhances the inhibitory effects of

5-fluorouracil.32 For patients with the Epi-CL-B subtype,

consideration of cell cycle inhibitor therapy could be

explored given that CDK2AP1, a negative CDK2 regulator,

is decreased in this subtype of TNBC. Treatment with a

CDK2 inhibitor, e.g., SNS032, could be a potential option

for targeted therapy. For patients with Epi-CL-C, the

antibacterial agent enoxacin could be explored, since this

agent acts specifically on pathways upregulated in this

subtype involving cellular response to hypoxia, negative

regulation of proteolysis, and negative regulation of pro-

teasomal degradation. Finally, securinine could benefit

patients of Epi-CL-D, by modulating antigen processing

and presentation and major histocompatibility complex

(MHC) class I protein binding, as has been shown for other

cancer types (Supplementary Table S3).

The existence of different mutational profiles between

the TNBC epitypes indicates that integrative studies of

these molecular features could also generate more robust

and clinically meaningful TNBC classification methods.

We identified that the Epi-CL-B subtype resembles the

HER2-enriched phenotype and has a high rate of PIK3CA

mutations. The significance of HER2 enrichment for

patients with HER2-negative disease is not clinically

known, but exploring a role for anti-HER2 targeted therapy

for this subset of TNBC patients may be warranted.

Recently, alpelisib, a PIK3CA inhibitor, has demonstrated,

in combination with fulvestrant significantly improved

progression-free survival, and has been approved by the

Food and Drug Administration (FDA) for patients with

advanced ER-positive breast cancers PIK3CA mutated.33

HER2-directed and PIK3CA inhibitor therapy, singly or in

combination, would exploit the distinct mutational aber-

rations associated with this aggressive epitype. These links

between genetic make-up and epigenetic subtypes open

new avenues in the development of laboratory tests to more

efficiently classify TNBC, helping to optimize treatment

approaches.

The inability to effectively characterize TNBC into a

targetable disease underscores the clinical challenge to

successful treatment of this aggressive cancer subtype.

Exploiting both genomic and epigenomic differences opens

new doors for treatment currently not considered. Our data

provide new information in a relatively unexplored area of

TNBC molecular biology, which provides the foundation

for additional investigation of DNAm epitypes as a reliable

method of classifying TNBC into prognostic and thera-

peutically distinct subtypes.
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