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ABSTRACT
Enhancer is critical cis regulatory elements in gene expression. To understand
whether and how the aberrant enhancer activation may contribute to cancer risk, the
differentially methylated enhancers (eDMRs) in normal and malignant breast tissues
were identified and analyzed. By incorporating genome-wide chromatin interaction,
integrated analysis of eDMRs and target gene expression identified 1,272 enhancerpromoter pairs. Surprisingly, two functionally distinct groups of genes were identified
in these pairs, one showing better correlation to enhancer methylation (eRGs) and
the other showing better correlation to promoter methylation (pRGs), and the
former group is functionally enriched with cancer related genes. Moreover, enhancer
methylation based clustering of breast cancer samples is capable of discriminating
basal breast cancer from other subtypes. By correlating enhancer methylation status
to patient survival, 345 enhancers show the impact on the disease outcome and the
majority of their target genes are important regulators of cell survival pathways
including known cancer related genes. Together, these results suggest reactivation
of enhancers in cancer cells has the add-on effect and contributes to cancer risk in
combination.

INTRODUCTION

to attract the binding of activator proteins such as p300,
which may be preceded by a sequence-specific factor
binding and the formation of loops between the enhancer
and the promoter [9, 13, 14]. Active enhancers are also
enriched with unique epigenetic modifications such as
the H3K4 mono-methylation and H3K27 acetylation
[15]. RNA polymerase II (RNA polII), the major RNA
polymerase transcribing most of the mammalian genes
except the highly repetitive genes, is also an important
component of enhancer binding complex [16, 17].
Although there is controversial data regarding the
importance of RNA polII binding at enhancer in RNA
polII recruitment to gene promoter, the enhancer does
increase the pol II enrichment at the promoter and boost
up the transcription activity [16, 17]. ChIA-PET, as a
newly developed method, can capture the DNA fragments
that contact to each other mediated by proteins [18, 19].

Gene expression is a dynamic process and is
precisely regulated by many factors through mainly
two layers of mechanisms including the regulation of
the chromatin compaction and the regulation of the
interactions between transcriptional machinery and gene
regulatory elements [1–3]. Chromatin compaction status
also determines if the gene regulatory elements are
accessible to transcriptional factors (TFs) [4–9]. Only
when the TFs can bind these gene regulatory elements,
these TFs will be able to mediate the interaction between
the cis-regulatory elements which may cross from tens of
kilobases to as far as several megabases [10–12].
The enhancer is one kind of very important cisregulatory elements in gene expression. A commonly
recognized mechanism of the enhancer is their ability
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Pol II ChIA-PET, for instance, is able to disclose the pairs
of enhancer and promoter that interact with each other
mediated by PolII [20].
DNA methylation is much more stable by comparing
to other histone modifications but still subjected to
dynamic regulation by both methylation and demethylation
mechanisms [21]. Genome-wide demethylation of DNA
is frequently observed in tumors and associated with
genome instability [22]. But hypermethylated tumor
suppressor promoters is also very common in tumors,
suggesting there are independent mechanisms to regulate
the global DNA methylation versus the gene-specific
DNA methylation [23]. DNA methylation contributes to
gene silencing involving many closely positioned CpG
sites around the gene promoter. DNA methylation occurs
at these CpG sites simultaneously and creates the locally
hypermethylated DNA fragment which may further recruit
other factors to establish stable silencing [22, 24].
The correlation between enhancer methylation and
the gene expression is rarely depicted globally owing
to some technical limitations. The recent achievements
in measuring DNA methylation globally and the
identification of enhancers using genomic data enables
the investigation of the impact of enhancer methylation on
gene expression [25–28]. In this current study, we took an
extra approach by incorporating the chromatin interaction
ChIA-PET data, in addition to the genome-wide enhancer
methylation data, in order to further narrow down the
enhancers to active enhancers only in tumor samples.
By examining enhancers methylation status in breast
cancer patient samples, we found that gene expression
has a significant correlation to their enhancer methylation,
providing important evidence that aberrantly reduced
enhancer methylation contributes to the differential
expression of cancer-related genes, as well as the survival
risk of patients.

of the enhancers are differentially methylated (eDMRs)
between cancer and normal samples, and nearly 70% of
them are hypomethylated in the tumor, which suggested
enhancers tends to be active in the tumor. (Figure 1A).
This result was also observed in other studies for different
cancer types, such as people found 67% of eDMRs are
hypomethylated in melanoma [28].
By analyzing the polII ChIA-PET data in MCF7
cells, we identified all the polII mediated chromosomal
interactions firstly and obtained 2429 enhancer-promoter
interaction pairs (E-P pairs) as revealed by polII ChIAPET. Limiting by both ChIA-PET data and methylation
array data, these 2429 E-P pairs are formed by 1100
enhancers and 1466 genes (Supplementary Figure 1A), of
which there are 767 eDMR and 1262 DEGs (Differentially
Expressed Genes between normal and tumor tissue),
suggesting eDMR and DEGs are enriched in E-P pairs
(Hypergeometric test p-value = 0.012 for eDMR and
p-value = 4.44e–16 for DEGs). Next, the genes targeted
by eDMR, non-eDMR and randomly selected genes
were compared, and the DEGs are significantly enriched
in eDMR group (hypergeometric distribution p-value:
9.8e-08) but not non-eDMR or random group (p-value:
~1 and 0.12), indicating DEG is more likely associated
with eDMR. Functional annotation of these DEGs
strongly suggests most of them are cancer-related genes
(Figure 1B). Interestingly, half of these DEGs (685 out of
1262) present both enhancer and promoter differentially
methylated between normal and tumor tissues (Figue 1C),
suggesting the enhancer and the promoter are both required
for proper regulation of these genes. To determine whether
the enhancer methylation or the promoter methylation that
have a greater impact on gene expression, the correlation
between enhancer methylation and gene expression and
the correlation between promoter methylation and gene
expression were compared. As shown in Figure 1D, the
ratio of these two correlations, as an indicator, suggests
that enhancer is more powerful in determining the gene
expression. In total, 537 of 685 genes are significantly
regulated by their enhancer methylation (with
p-value < 0.05) (Supplementary Table 1), while promoter
methylation only determined 38 genes expression. The
relative importance of enhancer/promoter methylation
was also checked with multiple regression with relative
weight analysis [64], the enhancer methylation has
a consistent significant effect on gene expression
(Supplementary Figure 1B). For example, FLOT1 gene,
an important promoter of breast cancer cell proliferation
and migration [40], shows differential expression and
differential methylation of both its enhancer and promoter
between normal tissues and cancer tissues. Also, the
enhancer methylation correlates with FLOT1 expression
much better than promoter methylation (t-test:p < 0.05)
(Figure 1E), suggesting the upregulation of FLOT1 in
breast cancer, as observed in many other genes as well, is
dominated by the activation of its enhancer [40–44].

RESULTS
Differentially methylated high fidelity enhancers
in breast cancer
Traditionally, enhancers are believed to be
positioned to the immediate flanking regions of its
regulated gene, even when one enhancer regulates
multiple genes simultaneously, these genes are nearby
and lineally positioned at the same locus [34–36]. Many
recent studies define the enhancers using different
criterions such as H3K27 acetylation, p300 binding, etc
[13, 37–39]. Here we picked H3K27 acetylation to define
potential active enhancers in MCF-7 cells and identified
in total 14,200 active enhancers. For 3067 enhancers
covered by 450K methylation array, their methylation
status is compared between the normal tissues (97
samples) and tumor tissues (783 samples) from the TCGA
breast cancer cohort. Totally, 68% (2062 out of 3067)
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Figure 1: Identification of eDMRs and the target genes in breast cancer. (A) The differentially methylated enhancers (t-test

p value < 0.05) in malignant breast tissues are shown as three categories: hypermethylated, hypomethylated and others. (B) Gene ontology
result shows eDMR target DEGs are enriched with cancer related genes. Each dot represents one GOBP term (p < 0.05), and the red ones
are cancer-related. (C) Most of DEGs in 2429 E-P pairs are differential methylation for both enhancer and promoter when compare breast
tumor to breast normal samples (TCGA). Venn diagram shows the number of DEGs for each part. (D) For the DEGs with both enhancer
and promoter differential methylation, the enhancer methylation status takes the leading role of gene expression regulating. The ratio of
Spearman correlation between enhancer methylation and gene expression to the Spearman correlation between promoter methylation and
gene expression is indicated by the height of each bar. Each bar represents one enhancer-promoter pair. More than one pairs were counted
when genes interact with multiple enhancers. The black line is the cutoff of ratio equals 2. (E) An example to show rather than promoter,
enhancer methylation correlates with gene expression. The upper panel shows the expression of gene FLOT1 and the methylation of its
enhancer and promoter in normal and cancer samples. The lower panel shows the correlation between gene expression and methylation of
enhancer and promoter. (F) ChIA-PET is advanced in identifying remote enhancer-target pairs. Figure shows the distribution of Spearman
correlation of E-P pairs identified by ChIA-PET (Red, > 100kb; Yellow, < 100kb) and E-P pairs whose promoters lied near by enhancers
(Light Gray, > 100kb; Dark Gray < 100kb). The insert panel within the figure shows the Spearman correlation for each pair of each group.
Every dot represents one E-P pair, and the gray region has p-value > 0.05.
www.impactjournals.com/oncotarget
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To compare with the traditional method which
assigns enhancer to its flanking region gene, a new list
of E-P pairs was established with the 3067 enhancers. As
expected, the short-distance E-P pairs, whether supported
by ChIA-PET or assigned by traditional method, all
showed negative correlation between the methylation of
enhancer and target gene expression. However, for longdistance E-P pairs (> 100kb), only E-P pairs supported by
ChIA-PET showed the negative correlation (Figure 1F),
suggesting ChIA-PET are much more reliable than
traditional method in long-range target identification.

one enhancer at ChrXq28 interacts with 23 promoters
belonging to 17 different genes simultaneously. On
the other hand, the gene YWHAZ interacts with four
different enhancers simultaneously (Supplementary Figure
3A–3B). By analyzing these intricate E-P pairs, many
transcriptional networks containing multiple enhancers
and promoters can be obtained (Figure 3A). Degree
distribution of both the enhancer and promoter in this
network follows the power-law distribution, suggesting
the relevance between the enhancers and their targets is
functional significance (Supplementary Figure 3C).
Among the 1272 E-P pairs, there are 138 enhancers
actively participating in the regulation of more than two
genes at the same time (Figure 3A), and 115 of them are
differentially methylated in cancer and normal samples.
Importantly, the genes regulated by the same enhancer
are more likely co-expressed in the tumor samples, as
disclosed by the hierarchical cluster analysis of gene
expression correlation when three examples of gene sets
were analyzed together (Figure 3B). Additionally, more
than 83.5% of the hypomethylated enhancers have their
targets genes up-regulated concomitantly in breast cancer
(Supplementary Figure 3D). Moreover, 119 out of 138
enhancers have their respective regulated genes in the
same function term defined by MSigDB, which is very
significant than random constructed E-P networks (20 out
of 138), indicating that the genes regulated by the same
enhancer are functionally correlated (Figure 3C). For
example, the enhancer located in chr17q22 potentially
regulates 16 genes, which is supported by PolII ChIAPET data and the correlation data of enhancer methylation
versus gene expression in cancer samples (Figure 3D,
Supplementary Table 1). Surprisingly, all of the 16
genes are belong to the same genetic loci 17Q21_Q25, a
frequently amplified chromosome region in breast cancer
[45], suggesting this genetic locus is a risk factor for breast
cancer.

Enhancer methylation directly correlates with
cancer-related genes dysregulation
To further validate the regulatory role of the enhancers
in directing their associated gene expression, the correlation
analysis was performed in the 497 TCGA breast cancer
samples which have paired RNA-seq and methylation
data. Of the 2429 E-P pairs identified from MCF-7 PolII
ChIA-PET, 1272 E-P pairs, composed of 684 enhancers
and 841 genes, present significant correlation between
the enhancer methylation and gene expression (Spearman
correlation p-value < 0.05) (Figure 2A). However, among
the 23,827 DNA methylation array covered promoters,
only 846 promoters show a significant correlation
between the promoter methylation and gene expression.
The effect of enhancer methylation on gene expression
was further confirmed by comparing with the correlation
between enhancer methylation and randomly selected
target expression. The 684 regulator enhancers showed no
correlation at all to their random targets (Figure 2B).
To further validate the correlation of enhancer
methylation and gene expression, the normal breast tissues
contained in TCGA dataset were also examined. Among
the 1272 E-P pairs, 982 E-P pairs show a significant
correlation between the enhancer methylation and
gene expression (Spearman correlation p-value < 0.05)
(Figure 2C). The same analytical procedure was applied
to the validation datasets (GSE59000) which contain 36
breast cancer samples with paired gene expression and
methylation data. Consistently, 809 of 1272 E-P pairs were
found to have a consistent correlation between enhancer
methylation and gene expression with that of TCGA
tumor set (Figure 2D). Among the rest 463 inconsistent
part, most of them (294) are caused by missing gene
expression data as they use array instead of RNA-seq
to detect expression. For example, GATA3 is strikingly
high expressed in breast cancer (Supplementary Figure
2), and the correlation between GATA3 expression and
its enhancer methylation are significantly negative in both
TCGA tumor set and validate dataset (Figure 2E).

Divergent regulatory profile between enhancer
and promoter disclosed by methylation
correlated gene expression
Previous studies suggest that promoter is enriched
with CpG island and methylation of CpG island is an
indicator of gene silencing [46]. But the enhancers
and promoters involved in the 1272 E-P pairs show
no significant preference to overlap with CpG Island
(Supplementary Figure 4A). This result may be caused
by the low resolution of the 450K array (Supplementary
Figure 4B) because the methylation status of enhancers
and promoters were calculated based solely on the CpG
methylation measured by the 450K array for each sample.
Correlation of gene expression and enhancer/promoter
methylation identified enhancer regulated genes (eRG)
and promoter regulated genes (pRG). Surprisingly, only
41 genes were identified to be both eRG and pRG, and rest
of genes are either eRG or pRG (Figure 4A). This result

Enhancer regulates gene networks
Of noting is that one enhancer may regulate
more than one promoter at the same time. For instance,
www.impactjournals.com/oncotarget
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reminds us that if there are any fundamental differences
between eRG and pRG. Functional annotation identified
mainly the GO terms related to metabolic activities for
pRG, while eRG predominantly related to GO terms in
macromolecule and RNA synthetic pathways, as well as
intracellular responsiveness to stimuli including apoptosis
(Figure 4B). This result indicates that pRG are more
likely the housekeeping genes to maintain the static
metabolism activity. eRG, however, seems to participate

in the responsive activities which frequently associate
with de novo RNA and protein synthesis, and sometimes
the initiation of cell death programs. If this is the case,
we suspect that the methylation of promoters of pRG
should show less robust change among all the tumor
samples comparing to the methylation of enhancers of
eRG, because these pRGs should be able to maintain a
steady expression even among the tumor samples. As
expected, Calculation of the Coefficient of Variation

Figure 2: Enhancer methylation negatively correlates with gene expression. (A and C) The number of negative correlated

E-P pairs (blue) and positive correlated pairs (red) in TCGA breast cancer samples (A) and normal tissue samples (C). (B) The correlation
between enhancer methylation and gene expression is not a random event. Figure shows the Spearman correlation for E-P pairs (p-value <
0.05) identified by ChIA-PET (red) and also random control pairs identified by randomly selected genes as target for each enhancer (green).
(D) The result for enhancer methylation regulating gene expression can be repeated in validate dataset. The pie chart shows the portion of
consistent result. (E) An example to show the consistent correlation in validating dataset and TCGA tumor samples.
www.impactjournals.com/oncotarget
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Figure 3: Enhancer regulates a group of functionally related genes. (A) A network of enhancer-promoter interaction defined

by polII ChIA-PET. Only show the enhancers with no less than four targets. (B) Genes targeted by the same enhancer tend to coexpressed
with each other. Heatmap to show the Pearson Correlation of gene expression belong to 3 different enhancer target sets. Only the genes
co-regulated by the same enhancer show high correlation. (C) Genes targeted by the same enhancer are functional related. The target genes
(> 2) of each enhancer were checked for the functional correlation by mapping them to MSigDB signatures. The heatmap shows genes
in the same gene set tend to lie in the same signature. The color represent the percentage of enhancer target genes overlap with signature
genes. Each row represents one MSigDB signature. Each column represents one target gene set of 138 enhancers. (D) The genome figure
shows the enhancer located in 17q22 and its interacting targets which belong to the frequently amplified genetic loci 17Q22_Q25 (one of
MSigDB signature). The interactions between enhancer and target are defined by MCF-7 PolII ChIA-PET. The yellow line represents the
enhancer loci.
www.impactjournals.com/oncotarget

44710

Oncotarget

(CV), a parameter to measure the variability, indicates
that enhancers have significant higher CV (Figure 4C).
eRG and pRG were further examined for enrichment of
cancer-related pathways respectively. As expected, the
eRG showed extremely significant enrichment in 7 out
of 10 cancer hallmarks (Figure 4D) [47, 48]. However,
pRG didn’t show such result, only 1 out of 10 hallmarks
was enriched by pRGs (Supplementary Figure 4C). These
data suggest cancer cells are fundamentally regulated by
both the exogenous factors which generate impact through
the genes in response to environmental stimulations and
the endogenous factors which work through the genes
regulating cell death pathways.

functional significance of enhancer methylation in different
breast cancer subtypes, the differentially expressed genes
were used for gene ontology analysis. Interestingly,
the low expressed target genes of the hypermethylated
enhancers in basal subtype associated with the functions
such as “response to hormones,” “response to endogenous
stimulus” and response to chemicals” etc. (Figure 5E),
which consistent with the features of the basal subtype of
breast cancer. However, the functions enriched by all the
low expressed genes in basal subtype without considering
their enhancer methylation status were quite different
from enhancer methylation-driven ones (Supplementary
Figure 5B–5C). This observation suggests an enhancer
methylation specific role in driving basal subtype
associated genes dysregulation.

Breast cancer subtypes can be characterized by
enhancer methylation

Methylation status of enhancers predicts
outcome of disease

ESR1 gene is the coding gene of Estrogen Receptor
(ER) and shows differential expression among the cancer
samples, with basal-like samples the negative expression
and non-basal-like the positive expression (Figure 5A),
consistent with its role in distinguishing the ER-negative
versus ER-positive breast cancer subtypes. Among the
1272 E-P pairs, there are four candidate enhancers, and 2
of them may directly regulate ESR1 expression, supported
by significant negative correlation (Spearman p-value
< 0.05) between the enhancer methylation and ESR1
expression. For example, the one located ~70kb upstream
of ESR1 TSS has a Spearman correlation of −0.58 (p =
1.8e-44) (Figure 5A). Similarly, some other eRGs such
as FOXA1 and ERBB2 (Supplementary Figure 5A),
were also found to be differentially expressed in basal
vs. non-basal breast cancer samples probably owing to
the differential enhancer methylation. To explore the
possibility that the enhancer methylation may be able to
distinguish different breast cancer subtypes, we compared
the enhancer methylation profile of basal subtype with
that of non-basal subtypes and identified 1541 subtype
specific enhancers (sseDMR) with differential methylation
from 3067 enhancers. Importantly, clustering analysis of
the enhancers identified two groups of cancer samples
which matched exactly the cancer subtypes as the basal
subtype and non-basal subtypes (Figure 5B). In total, 879
enhancers out of 1541 sseDMRs are hypermethylated in
basal subtype, slightly more than that of 662 in non-basal
subtypes (Figure 5C). Next, because we have assigned
the target genes to each enhancer with PolII ChIA-PET
data, the E-P pairs whose enhancers are sseDMRs can
be separated into hypermethylated and hypomethylated
groups according to the enhancer methylation status in
basal vs. non-basal breast cancer subtypes. As expected,
the hypermethylated enhancers in basal subtypes tend to
have low expressed targets ( t-test p-value < 0.05 Basal V.S
non-basal ), while the number of high expressed targets
of hypomethylated enhancers is only slightly more than
low expressed ones. (Figure 5D). To further investigate the
www.impactjournals.com/oncotarget

Methylation of tumor suppressors directly correlates
with the tumor initiation, progression, and metastasis.
However, previous studies have mainly studied the
methylation of gene promoters [49, 50]. To demonstrate
the importance of enhancer methylation in breast cancer
progression, we analyzed the correlation of enhancer
methylation and the patient survival. Kaplan-Meier
analysis of the 3067 enhancers identified 345 enhancers
whose methylation status separates the patients into two
distinct groups with either bad or good overall survival
significantly (log-rank p-value < 0.05). Comparing with
the random result, 345 shows a significant effect on breast
cancer prognosis (Figure 6A). Within the 345 survival
associated enhancers, 98 of them are potential regulators
of 120 genes (also known as eRGs). Gene ontology
analysis of the 120 genes identified mainly cancer related
functions like “Wnt signal pathway,” “wound healing” and
“positive regulation of epithelial to mesenchymal transition”
(Figure 6B), suggesting these genes are important regulators
of cancer progression. We also found these 120 genes
and their enhancers share some transcriptional factors,
such as “MYC” and “FOS,” of which the majority are
transcriptional activators (Figure 6C), suggesting these
transcriptional factors may mediate the active transcriptional
interaction between enhancer and promoter. Within these
120 eRGs, 101 are negatively correlated with their enhancer
methylation. And Cox proportional hazard regression
model was used to select breast cancer risk genes from
the 101 gene set. Totally 15 breast cancer risks genes
were obtained (Benjamini & Hochberg FDR < 0.05) and
6 of them (FAM84B, AAGAB, RPS25, SH3BP4, KRT80,
TANK) showed the most significant correlation with the
patient survival (Supplementary Figure 6A). Interestingly,
the combination of all those 15 risk genes showed a more
significant p-value in correlation with patient survival
than any single gene (Figure 6D–6E), suggesting an
accumulative effect and each of these genes only contributes
44711

Oncotarget

DISCUSSION

a tiny portion of the risk to the disease progression.
Surprisingly, most of the enhancers of these genes (except
SLC34A1) were hypomethylated, and the methylation
status of them are able to distinguish the patient survival
independently (Supplementary Figure 6B), suggesting an
important mechanism of building up the cancer risk through
turning on a group of enhancers. But we do notice that some
members of this group of genes have a more significant
impact on the patient risk such as CCDC83, PPFIBP2,
KRT80, GADD45A, TANK, CCDC57, SLC34A1, RPS25
and TACC2, because they predict the most significant
difference in patient survival when combined (Figure 6G).
Among this short list, GADD45A, TANK and TACC2 are
already known risk related factor in breast cancer [51–53].

DNA methylation is represented by the methyl
group modification occurring to the CpG pairs genome
widely. Mechanically, the methyl group can be recognized
by some proteins such as MeCPs which further bring in
other repressive protein complexes including the ones
building up the heterochromatin [54]. Therefore, DNA
methylation frequently associates with the chromatin
silencing. However, DNA methylation also goes through
dynamic alteration according to the observations in
recent years [21]. High-throughput DNA methylation
measurement still relies on the oligo array which has very
limited coverage of genome-wide CpG sites and only about

Figure 4: The divergent pattern of enhancer and promoter methylation in repressing gene expression. (A) The methylation

of enhancer and promoter regulate different type of genes. The pie chart shows the numbers of eRGs (enhancer regulated genes) and pRGs
(promoter regulated genes). Gray part represents the genes that are both eRG and pRG. (B) eRGs and pRGs are different in function. Figure
shows the gene ontology analysis result for eRGs and pRGs. Only the top 10 GO terms are shown for each type. (C) Enhancer methylation
is more variable than promoter ones. Figure shows the coefficient of variation for all enhancers and promoters that are covered by 450k
array. (D) eRGs are enriched in cancer hallmarks. Figure shows the enrichement result of eRGs for each cancer hallmark. In each box,
shows the number of eRGs in hallmark (left) and the total number of genes in hallmark (right). Red line indicates significant enrichment
(p-value < 0.05).
www.impactjournals.com/oncotarget
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1.73% of total CpG sites are detected [55]. Some very
recent studies attempt to develop other sequencing-based
high-throughput technologies, but the application is still
not widely used [56–58]. Also, these novel technologies
can hardly be applied to analyze tumor samples. Due to

the low resolution of the methylation measurement, the
enhancer we studied only account for a small portion of
the genome. However, functional annotation of these
enhancers still confirms that methylation of these enhancers
tends to control gene expression negatively and appearance

Figure 5: Enhancer methylation in different breast cancer subtypes. (A) Methylation of ChIA-PET identified ESR1 enhancers are

related with ESR1 expression. The genome figure shows the position of ESR1 and its four enhancers. The gray bars represent the enhancers
whose methylation status is positive correlated with ESR1 expression, while the yellow bars represent the negative ones. The lower panel
(from left to right) shows the correlation between enhancer methylation and ESR1 expression for those two negative correlated enhancers
within TCGA tumor samples and also shows the ESR1 expression in basal and non-basal TCGA samples. (B) Enhancer methylation can
distinguish the basal from non-basal samples. Figure shows hierarchical cluster of TCGA breast cancer dataset according to 1541 sseDMRs
methylation status. Rows are the sseDMRs and columns are samples. The pathological classification of each sample is on the top. The
color in the heatmap matrix is the methylation value. (C) The pie chart shows the number of enhancers that are hypermethylated, hypomethylated, or no difference in basal samples comparing to non-basal samples. (D) The targets of hypermethylated enhancers tend to be
low express in basal samples, and targets of hypomethylated enhancers tend to be high expressed. The diagram shows the number of genes
for each type. (E) Genes actived by enhancer hypomethylation are functional different with those repressed by enhancer hypermethylation
(basal V.S. non-basal). GO analysis results of these two type of genes are shown. Only top 10 go terms are shown for each type.
www.impactjournals.com/oncotarget

44713

Oncotarget

of hypomethylated enhancers in cancer cells is more likely
an important contributor to cancer risk. However, more
analysis with genome-wide methylation data in high
resolution is required to get more conclusive results.

The reactivated enhancers in cancer may reflect a
truth that these enhancers are a critical responder to the
micro-environment where cancer initiated, because when
the microenvironment becomes unfavorable and generates

Figure 6: Enhancer methylation status predicts breast cancer risk. (A) The number of survival related enhancer is larger than

random. Figure shows two random analysis results, the upper panel is the number distribution of random regions whose methylation level
related with patient overall survival (log-rank p-value < 0.05). The random region used here is selected as described in method; the lower
panel is the number distribution of enhancers whose methylation level related with overall survival for perturbed patients. The red line is
the number of survival enhancer in real data. (B) Genes regulated by methylation of survival enhancer are functional related with cancer.
Go analysis result of these genes are shown in figure. The size of the node represents the enrichment p-value (shown in log), and red dots
indicate the function associated with cancer. (C) The transcriptional factors enrichment result for promoters and enhancers of 120 targets of
survival enhancer. (D) The combination of 15 breast cancer risk genes shows more effective on predicting patient overall survival. The logranked p-values of 15 breast cancer risks genes (black) and the combined p-values of all 15 genes (red) are shown in figure. (E) The overall
survival curve for the combination of all 15 breast cancer risk genes. (F) The diversity of combination of 15 risk genes and the effect of
them on prognosis. Figure shows all the log-rank p-value of combined survival analysis. The x-axis indicates the number of genes combined
together in survival analysis. (G) The survival curve for the most significant combination model in survival analysis (The combination of
gene CCDC83, PPFIBP2, KRT80, GADD45A, TANK, CCDC57, SLC34A1, RPS25 and TACC2).
www.impactjournals.com/oncotarget
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the stress to the cells, the cells may choose to activate
these enhancers, and therefore the downstream genes.
These genes must be responsible for the responsiveness
to the environmental factors. That’s probably the reason
that we only found very limited overlapping between the
eRGs and pRGs. Moreover, the functional divergence of
eRG and pRG may directly indicate the eRGs are part of
the response to cancerous environment and pRG, however,
responsible for sustainable cell survival.
Many studies have demonstrated the power of
gene expression profiling in clustering the breast cancer
samples to several subtypes and each subtype matches
a particular type of cell representing a critical point in
mammary gland differentiation tree [59, 60]. A known
working model for enhancers to be involved in cancer is
that gene fusion frequently results in the juxtaposition of
oncogenes to some neighbor enhancers which activate
the oncogene expression constitutively [61]. The other
working model which was extensively discussed recently
is the mutations occurring to enhancers which may work
in cis or in trans to increase the risk of cancer [62]. But
whether simply the methylation status of enhancers have
an important role in regulating cancer gene expression is
just the beginning to be addressed [26, 28, 63]. However,
these studies only cover a very limited number of patient
samples, and none of these studies focused on breast
cancer. By studying breast cancer, we take advantage of
the most extensive breast cancer public datasets produced
by TCGA, as well as other public available breast cancer
datasets. Most importantly, TCGA has the largest genomewide methylation measurement of breast cancer patient
samples, which is the only opportunity to look into how
methylation of enhancers may influence gene expression
in real cancer samples. As a proof of principle, we do
observe the significant correlation between the enhancer
methylation and gene expression. By gradually narrow
down the risk enhancers, we finally obtained 15 risk genes
for breast cancer and the higher than normal expression
of these genes is mainly because of the hypomethylated
enhancers. Thus, by increasing the resolution of enhancer
methylation measurement, a novel approach to identify the
risk locus of cancer is expected.

from GEO (GSE33664) with four samples. Only the highconfidence intra-chromosomal interactions supported by at
least two replicates were included in this study.
The validation data used to reproduce the
relationship between enhancer methylation and gene
expression is from GSE59000, which contains 36 primary
tumors with gene expression data and methylation data.
The methylation data for MCF-7 and MDA-MB231 cell
lines were downloaded from GSE65087, GSE44837 and
GSE78875 [31, 32]. And all the histone binding data for
MCF-7 were from Encode.
The CpG Island information and gene information
were downloaded from UCSC (http://genome.ucsc.edu/)
for the hg19 reference genome.

Enhancer-target prediction
We defined the promoter region as 2kb around
the gene TSS and used the H3K27ac peak of MCF-7
downloaded from Encode as potential enhancer regions.
After filtering out the H3K27ac peaks that located within
2.5kB around the TSS, we used bedtools suite to determine
which ChIA-PET anchors are overlapped with enhancer
or promoter region and got the enhancer-target interacting
pairs supported by the pol II ChIA-PET.
We used the bedtools suite to identify the closest
gene as the neighbor gene for each of the enhancers we
defined. To compare the correlation between enhancer
methylation and ChIA-PET target gene expression to the
correlation between enhancer methylation and neighbor
gene expression, we filtered out the pairs whose targets
are both neighbor gene and ChIA-PET target of the
corresponding enhancer.

Statistic
We used the two-side t-test to do the differential
analysis to find eDMRs and DEGs. The correlation
between methylation and expression was measured by
Spearman rank correlation, and the co-expression analysis
was measured by Pearson correlation. Significance was set
at p < 0.05. We performed the gene ontology analysis with
David online tools. Other enrichment analyses were done
by performing the hypergeometric test. The coefficient of
variation (CV) showed the extent of variability in relation
to the mean, and it was calculated as follows:

MATERIALS AND METHODS
Data sources

CV =

The breast cancer methylation and gene expression
data are from TCGA project, which contains 777 tumor
samples and 101 normal control samples for RNA-seq
data and 783 cancers and 97 normals for methylation data.
Within this dataset, 487 tumors and 73 normal samples have
both RNA-seq and Methylation 450K Bead Array data. And
the subtype and clinical information are downloaded from
cBioPortal [29, 30]. The MCF-7 pol II ChIA-PET data are
from two different sources, one from Encode and the other
www.impactjournals.com/oncotarget

σ
µ

σ, μ, represents the standard deviation and the mean.

Risk gene identification and combination
survival
We used univariate Cox regression analysis to
evaluate the disease risk for each target of enhancers, and
44715
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we selected the genes with FDR < 0.05 as the risk genes to
do further analysis. For each gene, we could get a regression
coefficient, which shows the high expression (plus) or low
expression (minus) and is associated with the cancer risk.
To measure the effectiveness of the 15 breast cancer
risk genes in survival prediction together, we construct
a risk score with these 15 genes for each patient. The
method we used to calculate the risk score is the same with
a published paper [33]. Briefly, the formula considered
both the direction and the power of genes in cancer risk
and also took the expression into account. The risk score
for each patient can be calculated as follows:

regulated gene; DEG: differential expressed gene;
sseDMR: subtype specific differential methylation
enhancer; E-P pair: enhancer-promoter pair.
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Random analysis
We random selected the genes from the total
20502 genes detected by RNA-seq as enhancer target
and calculated the correlation between the enhancer
methylation and gene expression. We compared the
random result with the real ones to show the regulation
effect of enhancer on gene expression.
To strengthen the enhancer methylation effect in breast
cancer prognosis, we create a simulated ‘enhancer’ set by
randomly selected the CpG site and extended it by adding
500bp length to each side to construct a fragment. The total
number of enhancers we used in this analysis is 3067, so we
random constructed 3067 fragments to do survival analysis.
We did this random process for 100 times and compared the
random results to the real one. Besides, we also did samples
perturbation for 100 times to further support our result.

REFERENCES
1. Krijger PH, de Laat W. Regulation of disease-associated
gene expression in the 3D genome. Nat Rev Mol Cell Biol.
2016; 17:771–82. doi: 10.1038/nrm.2016.138.
2. Thurman RE, Rynes E, Humbert R, Vierstra J, Maurano MT,
Haugen E, Sheffield NC, Stergachis AB, Wang H, Vernot B,
Garg K, John S, Sandstrom R, et al. The accessible
chromatin landscape of the human genome. Nature. 2012;
489:75–82. doi: 10.1038/nature11232.
3. Kieffer-Kwon KR, Tang Z, Mathe E, Qian J, Sung MH,
Li G, Resch W, Baek S, Pruett N, Grontved L, Vian L,
Nelson S, Zare H, et al. Interactome maps of mouse gene
regulatory domains reveal basic principles of transcriptional
regulation. Cell. 2013; 155:1507–20. doi: 10.1016/j.
cell.2013.11.039.

random E-P networks
To show the genes regulated by the same enhancer
are functionally correlated, we randomly constructed 138
E-P subnetworks. For each subnetwork, we randomly
selected the genes from the total gene pool as the targets
of respective enhancer and the number of the genes is
arbitrarily from 2 to 16, which is the smallest and largest
target number of the real subnetwork for 138 enhancers.

4. Allis CD, Jenuwein T. The molecular hallmarks of
epigenetic control. Nat Rev Genet. 2016; 17:487–500. doi:
10.1038/nrg.2016.59.
5. Jaenisch R, Bird A. Epigenetic regulation of gene
expression: how the genome integrates intrinsic and
environmental signals. Nat Genet. 2003; 33:245–54. doi:
10.1038/ng1089.

Abbreviations
eDMR: differential methylation enhancer; pDMR:
differential methylation promoter; eRG: enhancer
methylation regulated gene; pRG: promoter methylation
www.impactjournals.com/oncotarget

6. Henikoff S. Nucleosome destabilization in the epigenetic
regulation of gene expression. Nat Rev Genet. 2008; 9:15–26.
doi: 10.1038/nrg2206.
44716

Oncotarget

7. Bannister AJ, Kouzarides T. Regulation of chromatin by
histone modifications. Cell Res. 2011; 21:381–95. doi:
10.1038/cr.2011.22.
8. Shlyueva D, Stampfel G, Stark A. Transcriptional
enhancers: from properties to genome-wide predictions. Nat
Rev Genet. 2014; 15:272–86. doi: 10.1038/nrg3682.

20. Li GL, Ruan XA, Auerbach RK, Sandhu KS, Zheng MZ,
Wang P, Poh HM, Goh Y, Lim J, Zhang JY, Sim HS,
Peh SQ, Mulawadi FH, et al. Extensive Promoter-Centered
Chromatin Interactions Provide a Topological Basis for
Transcription Regulation. Cell. 2012; 148:84–98. doi:
10.1016/j.cell.2011.12.014.

9. Spitz F, Furlong EE. Transcription factors: from enhancer
binding to developmental control. Nat Rev Genet. 2012;
13:613–26. doi: 10.1038/nrg3207.

21. Kohli RM, Zhang Y. TET enzymes, TDG and the dynamics
of DNA demethylation. Nature. 2013; 502:472–9. doi:
10.1038/nature12750.

10. Dekker J, Misteli T. Long-Range Chromatin Interactions.
Cold Spring Harb Perspect Biol. 2015; 7:a019356. doi:
10.1101/cshperspect.a019356.

22. Robertson KD, Jones PA. DNA methylation: past, present
and future directions. Carcinogenesis. 2000; 21:461–7. doi:
10.1093/Carcin/21.3.461.

11. Splinter E, Heath H, Kooren J, Palstra RJ, Klous P,
Grosveld F, Galjart N, de Laat W. CTCF mediates longrange chromatin looping and local histone modification in
the beta-globin locus. Genes Dev. 2006; 20:2349–54. doi:
10.1101/gad.399506.

23. Zhao Z, Wang L, Di LJ. Compartmentation of metabolites
in regulating epigenome of cancer. Mol Med. 2016; 22. doi:
10.2119/molmed.2016.00051.
24. Jones PA. Functions of DNA methylation: islands, start
sites, gene bodies and beyond. Nat Rev Genet. 2012;
13:484–92. doi: 10.1038/nrg3230.

12. Fudenberg G, Imakaev M, Lu C, Goloborodko A,
Abdennur N, Mirny LA. Formation of Chromosomal
Domains by Loop Extrusion. Cell Rep. 2016; 15:2038–49.
doi: 10.1016/j.celrep.2016.04.085.

25. Heyn H, Vidal E, Ferreira HJ, Vizoso M, Sayols S,
Gomez A, Moran S, Boque-Sastre R, Guil S, MartinezCardus A, Lin CY, Royo R, Sanchez-Mut JV, et al.
Epigenomic analysis detects aberrant super-enhancer DNA
methylation in human cancer. Genome Biol. 2016; 17:11.
doi: 10.1186/s13059-016-0879-2.

13. Visel A, Blow MJ, Li ZR, Zhang T, Akiyama JA, Holt A,
Plajzer-Frick I, Shoukry M, Wright C, Chen F, Afzal V,
Ren B, Rubin EM, et al. ChIP-seq accurately predicts tissuespecific activity of enhancers. Nature. 2009; 457:854–8.
doi: 10.1038/nature07730.

26. Aran D, Sabato S, Hellman A. DNA methylation of distal
regulatory sites characterizes dysregulation of cancer genes.
Genome Biology. 2013; 14. doi: Artn R2110.1186/Gb-201314-3-R21.
27. Blattler A, Yao LJ, Witt H, Guo Y, Nicolet CM, Berman BP,
Farnham PJ. Global loss of DNA methylation uncovers
intronic enhancers in genes showing expression changes.
Genome Biology. 2014; 15. doi: Artn 46910.1186/S13059014-0469-0.

14. Heintzman ND, Stuart RK, Hon G, Fu YT, Ching CW,
Hawkins RD, Barrera LO, Van Calcar S, Qu CX, Ching KA,
Wang W, Weng ZP, Green RD, et al. Distinct and predictive
chromatin signatures of transcriptional promoters and
enhancers in the human genome. Nature Genetics. 2007;
39:311–8. doi: 10.1038/ng1966.
15. Calo E, Wysocka J. Modification of Enhancer Chromatin:
What, How, and Why? Molecular Cell. 2013; 49:825–37.
doi: 10.1016/j.molcel.2013.01.038.
16. Kim TK, Hemberg M, Gray JM, Costa AM, Bear DM, Wu J,
Harmin DA, Laptewicz M, Barbara-Haley K, Kuersten S,
Markenscoff-Papadimitriou E, Kuhl D, Bito H, et al.
Widespread transcription at neuronal activity-regulated
enhancers. Nature. 2010; 465:182–U65. doi: 10.1038/
nature09033.
17. Koch F, Jourquin F, Ferrier P, Andrau JC. Genome-wide
RNA polymerase II: not genes only! Trends Biochem Sci.
2008; 33:265–73. doi: 10.1016/j.tibs.2008.04.006.

28. Bell RE, Golan T, Sheinboim D, Malcov H, Amar D,
Salamon A, Liron T, Gelfman S, Gabet Y, Shamir R,
Levy C. Enhancer methylation dynamics contribute to
cancer plasticity and patient mortality. Genome Research.
2016; 26:601–11. doi: 10.1101/gr.197194.115.
29. Gao JJ, Aksoy BA, Dogrusoz U, Dresdner G, Gross B,
Sumer SO, Sun YC, Jacobsen A, Sinha R, Larsson E,
Cerami E, Sander C, Schultz N. Integrative Analysis of
Complex Cancer Genomics and Clinical Profiles Using the
cBioPortal. Science Signaling. 2013; 6.
30. Cerami E, Gao J, Dogrusoz U, Gross BE, Sumer SO,
Aksoy BA. The cBio Cancer Genomics Portal: An Open
Platform for Exploring Multidimensional Cancer Genomics
Data (vol 2, pg 401, 2012). Cancer Discovery. 2012; 2:960.
doi: 10.1158/2159-8290.CD-12-0326.

18. Fullwood MJ, Liu MH, Pan YF, Liu J, Xu H, Bin
Mohamed Y, Orlov YL, Velkov S, Ho A, Mei PH, Chew
EG, Huang PY, Welboren WJ, et al. An oestrogen-receptoralpha-bound human chromatin interactome. Nature. 2009;
462:58–64. doi: 10.1038/nature08497.

31. Di Cello F, Cope L, Li HL, Jeschke J, Wang W, Baylin SB,
Zahnow CA. Methylation of the Claudin 1 Promoter Is
Associated with Loss of Expression in Estrogen Receptor
Positive Breast Cancer. Plos One. 2013; 8. doi: ARTN
e6863010.1371/journal.pone.0068630.

19. Tang ZH, Luo OJ, Li XW, Zheng MZ, Zhu JJ, Szalaj P,
Trzaskoma P, Magalska A, Wlodarczyk J, Ruszczycki B,
Michalski P, Piecuch E, Wang P, et al. CTCF-Mediated
Human 3D Genome Architecture Reveals Chromatin
Topology for Transcription. Cell. 2015; 163:1611–27. doi:
10.1016/j.cell.2015.11.024.
www.impactjournals.com/oncotarget

32. Coyle KM, Murphy JP, Vidovic D, Vaghar-Kashani A,
Dean CA, Sultan M, Clements D, Wallace M, Thomas ML,
44717

Oncotarget

Hundert A, Giacomantonio CA, Helyer L, Gujar SA,
et al. Breast cancer subtype dictates DNA methylation
and ALDH1A3-mediated expression of tumor suppressor
RARRES1. Oncotarget. 2016; 7:44096–112. doi: 10.18632/
oncotarget.9858.

42. Li H, Zhang Y, Chen SW, Li FJ, Zhuang SM, Wang LP,
Zhang J, Song M. Prognostic significance of Flotillin1
expression in clinically N0 tongue squamous cell cancer.
International Journal of Clinical and Experimental Pathology.
2014; 7:996–1003.

33. Li YS, Xu J, Chen H, Bai J, Li SL, Zhao Z, Shao TT,
Jiang T, Ren H, Kang CS, Li X. Comprehensive analysis
of the functional microRNA-mRNA regulatory network
identifies miRNA signatures associated with glioma
malignant progression. Nucleic Acids Research. 2013; 41.
doi: ARTN e20310.1093/nar/gkt1054.

43. Arkhipova KA, Sheyderman AN, Laktionov KK,
Mochalnikova VV, Zborovskaya IB. Simultaneous
expression of flotillin-1, flotillin-2, stomatin and caveolin-1
in non-small cell lung cancer and soft tissue sarcomas. Bmc
Cancer. 2014; 14. doi: Artn 10010.1186/1471-2407-14-100.
44. Li H, Wang RM, Liu SG, Zhang JP, Luo JY, Zhang BJ,
Zhang XG. Abnormal expression of FLOT1 correlates with
tumor progression and poor survival in patients with nonsmall cell lung cancer. Tumor Biology. 2014; 35:3311–5.
doi: 10.1007/s13277-013-1434-3.

34. Wang L, Di LJ, Lv X, Zheng W, Xue Z, Guo ZC,
Liu DP, Liang CC. Inter-MAR Association Contributes
to Transcriptionally Active Looping Events in Human
beta-globin Gene Cluster. Plos One. 2009; 4. doi: ARTN
e462910.1371/journal.pone.0004629.

45. Nikolsky Y, Sviridov E, Yao J, Dosymbekov D, Ustyansky V,
Kaznacheev V, Dezso Z, Mulvey L, Macconaill LE,
Winckler W, Serebryiskaya T, Nikolskaya T, Polyak K.
Genome-Wide Functional Synergy between Amplified and
Mutated Genes in Human Breast Cancer. Cancer Research.
2008; 68:9532–40. doi: 10.1158/0008-5472.CAN-08-3082.

35. Di LJ, Wang L, Zhou GL, Wu XS, Guo ZC, Ke XS,
Liu DP, Liang CC. Identification of long range regulatory
elements of mouse alpha-globin gene cluster by quantitative
associated chromatin trap (QACT). Journal of Cellular
Biochemistry. 2008; 105:301–12. doi: 10.1002/jcb.21826.

46. Deaton AM, Bird A. CpG islands and the regulation of
transcription. Genes & Development. 2011; 25:1010–22.
doi: 10.1101/gad.2037511.

36. Zhou GL, Xin L, Song W, Di LJ, Liu GA, Wu XS, Liu DP,
Liang CC. Active chromatin hub of the mouse alphaglobin locus forms in a transcription factory of clustered
housekeeping genes. Molecular and Cellular Biology. 2006;
26:5096–105. doi: 10.1128/MCB.02454-05.

47. Hanahan D, Weinberg RA. Hallmarks of Cancer: The
Next Generation. Cell. 2011; 144:646–74. doi: 10.1016/j.
cell.2011.02.013.

37. Heintzman ND, Hon GC, Hawkins RD, Kheradpour P,
Stark A, Harp LF, Ye Z, Lee LK, Stuart RK, Ching CW,
Ching KA, Antosiewicz-Bourget JE, Liu H, et al. Histone
modifications at human enhancers reflect global cell-typespecific gene expression. Nature. 2009; 459:108–12. doi:
10.1038/nature07829.

48. Plaisier CL, Pan M, Baliga NS. A miRNA-regulatory
network explains how dysregulated miRNAs perturb
oncogenic processes across diverse cancers. Genome
Research. 2012; 22:2302–14. doi: 10.1101/gr.133991.111.
49. Sharma G, Mirza S, Yang YH, Parshad R, Hazrah P,
Gupta SD, Ralhan R. Prognostic relevance of promoter
hypermethylation of multiple genes in breast cancer
patients. Cellular Oncology. 2009; 31:487–500. doi:
10.3233/CLO-2009-0507.

38. Creyghton MP, Cheng AW, Welstead GG, Kooistra T,
Carey BW, Steine EJ, Hanna J, Lodato MA, Frampton GM,
Sharp PA, Boyer LA, Young RA, Jaenisch R. Histone
H3K27ac separates active from poised enhancers and
predicts developmental state. Proceedings of the National
Academy of Sciences of the United States of America.
2010; 107:21931–6. doi: 10.1073/pnas.1016071107.

50. Dedeurwaerder S, Fuks F. DNA methylation markers for
breast cancer prognosis Unmasking the immune component.
Oncoimmunology. 2012; 1:962–4. doi: 10.4161/onci.19996.

39. Hnisz D, Weintraub AS, Day DS, Valton AL, Bak RO,
Li CH, Goldmann J, Lajoie BR, Fan ZP, Sigova AA,
Reddy J, Borges-Rivera D, Lee TI, et al. Activation of protooncogenes by disruption of chromosome neighborhoods.
Science. 2016; 351:1454–8. doi: 10.1126/science.aad9024.

51. Tamura RE, de Vasconcellos JF, Sarkar D, Libermann TA,
Fisher PB, Zerbini LF. GADD45 Proteins: Central Players
in Tumorigenesis. Current Molecular Medicine. 2012;
12:634–51.
52. Thomas GS, Zhang LQ, Blackwell K, Habelhah H.
Phosphorylation of TRAF2 within Its RING Domain
Inhibits Stress-Induced Cell Death by Promoting IKK
and Suppressing JNK Activation. Cancer Research. 2009;
69:3665–72. doi: 10.1158/0008-5472.CAN-08-4867.

40. Li LS, Luo JM, Wang B, Wang D, Xie XH, Yuan LJ,
Guo JL, Xi SY, Gao J, Lin XT, Kong YN, Xu XD,
Tang HL, et al. Microrna-124 targets flotillin-1 to regulate
proliferation and migration in breast cancer. Molecular
Cancer. 2013; 12. doi: Artn 16310.1186/1476-4598-12-163.

53. Onodera Y, Takagi K, Miki Y, Takayama K, Shibahara Y,
Watanabe M, Ishida T, Inoue S, Sasano H, Suzuki T.
TACC2 (transforming acidic coiled-coil protein 2) in breast
carcinoma as a potent prognostic predictor associated with
cell proliferation. Cancer Medicine. 2016; 5:1973–82. doi:
10.1002/cam4.736.

41. Winship AL, Rainczuk K, Dimitriadis E. Flotillin-1
protein is upregulated in human endometrial cancer and
localization shifts from epithelial to stromal with increasing
tumor grade. Cancer Investigation. 2016; 34:26–31. doi:
10.3109/07357907.2015.1084313.
www.impactjournals.com/oncotarget

44718

Oncotarget

54. Cedar H, Bergman Y. Linking DNA methylation and histone
modification: patterns and paradigms. Nature Reviews
Genetics. 2009; 10:295–304. doi: 10.1038/nrg2540.

technology. Methods. 2010; 52:203–12. doi: 10.1016/j.
ymeth.2010.04.009.
59. Reis JS, Pusztai L. Breast Cancer 2 Gene expression
profiling in breast cancer: classification, prognostication,
and prediction. Lancet. 2011; 378:1812–23.

55. Stevens M, Cheng JB, Li DF, Xie MC, Hong CB, Maire CL,
Ligon KL, Hirst M, Marra MA, Costello JF, Wang T.
Estimating absolute methylation levels at single-CpG
resolution from methylation enrichment and restriction
enzyme sequencing methods. Genome Research. 2013;
23:1541–53. doi: 10.1101/gr.152231.112.

60. Prat A, Perou CM. Mammary development meets cancer
genomics. Nature Medicine. 2009; 15:842–4. doi: 10.1038/
nm0809-842.
61. Croce CM. Oncogenes and cancer. N Engl J Med. 2008;
358:502–11. doi: 10.1056/NEJMra072367.

56. Bibikova M, Lin ZW, Zhou LX, Chudin E, Garcia EW,
Wu B, Doucet D, Thomas NJ, Wang YH, Vollmer E,
Goldmann T, Seifart C, Jiang W, et al. High-throughput DNA
methylation profiling using universal bead arrays. Genome
Research. 2006; 16:383–93. doi: 10.1101/gr.4410706.

62. Sur I, Taipale J. The role of enhancers in cancer. Nat Rev
Cancer. 2016; 16:483–93. doi: 10.1038/nrc.2016.62.
63. Aran D, Hellman A. DNA Methylation of Transcriptional
Enhancers and Cancer Predisposition. Cell. 2013; 154:11–3.
doi: 10.1016/j.cell.2013.06.018.

57. Kantlehner M, Kirchner R, Hartmann P, Ellwart JW,
Alunni-Fabbroni M, Schumacher A. A high-throughput
DNA methylation analysis of a single cell. Nucleic Acids
Research. 2011; 39: E44–U68. doi: 10.1093/nar/gkq1357.

64. Tonidandel S, LeBreton JM. RWA Web: A Free,
Comprehensive, Web-Based, and User-Friendly Tool
for Relative Weight Analyses. Journal of Business and
Psychology. 2015; 30:207–16. doi: 10.1007/s10869-0149351-z.

58. Li N, Ye MZ, Li YR, Yan ZX, Butcher LM, Sun JH, Han X,
Chen QA, Zhang XQ, Wang J. Whole genome DNA
methylation analysis based on high throughput sequencing

www.impactjournals.com/oncotarget

44719

Oncotarget

