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ABSTRACT  

The development of human breast cancer is driven by changes in the genetic and epigenetic 

landscape of the cell. Despite growing appreciation of the importance of epigenetics in breast 

cancers, our knowledge of epigenetic alterations of non-coding RNAs (ncRNAs) in breast 

cancers remains limited. Here, we explored the epigenetic patterns of ncRNAs in breast 

cancers via a sequencing-based comparative methylome analysis, mainly focusing on two 

most popular ncRNA biotypes, long non-coding RNAs (lncRNAs) and miRNAs. Besides 

global hypomethylation and extensive CpG islands (CGIs) hypermethylation, we observed 

widely aberrant methylation in the promoters of ncRNAs, which was higher than that of 

protein-coding genes. Specifically, intergenic ncRNAs were observed to contribute a large 

slice of the aberrantly methylated ncRNA promoters. Moreover, we summarized five patterns 

of ncRNA promoter aberrant methylation in the context of genomic CGIs, where aberrant 

methylation occurred not only on the CGIs, but also flanking regions and CGI sparse 

promoters. Integration with transcriptional datasets, we found that the ncRNA promoter 

methylation events were associated with transcriptional changes. Furthermore, a panel of 

ncRNAs were identified as biomarkers that were able to discriminate between disease 

phenotypes (AUCs>0.90). Finally, the potential functions for aberrantly methylated ncRNAs 

were predicted based on similar patterns, adjacency and/or target genes, highlighting that 

ncRNAs and coding genes coordinately mediated pathways dysregulation in the development 

and progression of breast cancers. This study presents the aberrant methylation patterns of 

ncRNAs, which will be a highly valuable resource for investigations at understanding 

epigenetic regulation of breast cancers. 

 

[Supplemental material is available online at www.genome.org.] 
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INTRODUCTION 

The development of human breast cancer is driven by both genetic and epigenetic alterations 

of the cell (Hon et al. 2012; Hervouet et al. 2013). Since the discovery of altered DNA 

methylation in human cancer, DNA methylation studies in breast cancer have used 

methodologies of variable scale, focusing on either a few coding genes or regions assumed to 

be functionally important, such as promoters and CpG islands (CGIs) (Fackler et al. 2011; 

Hill et al. 2011). However, it is well known that most of the mammalian genome is 

transcribed producing non-coding RNAs (ncRNAs), the genome-wide methylation patterns of 

ncRNAs in breast cancers remain largely unknown.  

The noncoding RNA transcripts have been classified into a number of subclasses, with the 

most popular classification being based on their sizes, such as the well-annotated microRNAs 

(miRNAs) (Osman 2012), long noncoding RNAs (lncRNAs) (Cabili et al. 2011; Derrien et al. 

2012). The major class of ncRNAs is lncRNAs, which accounts for about 81.8% of the 

ncRNAs (Cui et al. 2010). Though the molecular basis of the functions of many lncRNAs are 

just emerging, many evidences indicate their intricate roles in regulation of a wide variety of 

biological processes, such as imprinting and gene expression at transcriptional level (Pandey 

et al. 2008; Ponting et al. 2009; Flintoft 2013). Considering the potential functions of 

lncRNAs, their transcription must be tightly regulated. Aberrant expression of lncRNAs has 

appeared in prevalent cancer types, including breast cancer. A notable example is HOTAIR 

that is over-expressed in breast cancers, and loss of HOTAIR moderates the invasiveness of 

breast cancer (Nie et al. 2013). Another example is the lncRNA MIR31HG, which is 

expressed abundantly in the non-invasive breast cancer cell lines of luminal subtype (Augoff 

et al. 2012). While lncRNAs are a proven component of gene expression modulation (Mercer 

and Mattick 2013), epigenetic regulation of lncRNA itself remains poorly understood. 

Emerging studies have described aberrant methylation of specific lncRNAs in breast cancers; 

studies of the aberrant epigenetic regulation patterns at a global scale of lncRNA genes are 

scarce.  

In addition, it has become apparent that miRNAs have been one of the recently discovered 

and well characterized classes of ncRNAs (Griffiths-Jones et al. 2006). MiRNAs are 

important regulators of gene expression that are frequently deregulated in cancers (Wu et al. 

2010; Iorio and Croce 2012), with aberrant DNA methylation being an epigenetic mechanism 

involved in this process (Croce 2009; Suzuki et al. 2012; Baer et al. 2013). Aberrant DNA 

methylation linked to silencing of individual miRNAs has been demonstrated in many cancer 
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types, including breast cancer (Weber et al. 2007; Shen et al. 2012). Some of these miRNAs 

function as tumor suppressors (such as miR-203, miR-195 and miR-497) and their down 

regulation due to aberrant hypermethylation is associated with increased malignancy or 

metastatic potential in breast cancer (Li et al. 2011; Zhang et al. 2011b). Using 5-

methylcytosine immunoprecipitation coupled to miRNA tiling microarray hybridization, 

Vrba et al. have demonstrated that miRNA gene promoters are frequent targets of aberrant 

DNA methylation in human breast cancer (Vrba et al. 2013), indicating an important role of 

DNA methylation in miRNA deregulation in cancer. However, only 167 miRNAs were 

analyzed in their study, accounting for only 10% miRNAs in the genome. To our knowledge, 

a comprehensive analysis of DNA methylation of miRNAs in breast cancer is still 

insufficient.  

The next-generation sequencing technologies have emerged as powerful tools to allow 

whole genome profiling of epigenetic modifications, including DNA methylation. MBDCap-

seq protocol, for instance, is a technique used to capture methylated DNAs by using a 

methyl-CpG binding domain (MBD) protein column followed next-generation sequencing 

(Robinson et al. 2010). The low cost and unbiased display of methylation profiles of both 

coding and non-coding regions make it suitable for genome-wide methylation profile analysis. 

Here, we reported use of high throughput sequencing technology to map DNA methylation in 

a cohort of 87 breast samples (77 cancers and 10 normal controls) (Gu et al. 2013). 

Comparative analysis of the methylomes presented the unbiased systematic effort to 

determine the aberrant methylation patterns of ncRNAs, and provided the precise genomic 

locations that undergo methylation changes, which will be a highly valuable public resource 

for investigations at understanding epigenetic regulation of the breast cancer genomeand 

identification of ncRNA therapeutic targets. 

RESULTS 

Global differences of DNA methylation in breast cancer 

We performed comprehensive comparison analyses of DNA methylation profiling in normal 

controls and breast cancers, which were downloaded from the Cancer Methylome System 

(CMS) (Gu et al. 2013). Pair-wise comparison of average genome-wide methylation intensity 

across all breast cancers and normal cohorts showed that normal and breast cancer samples 

correlated reasonably well within classes, but not inter-classes (Figure 1A). This result 

remained valid even when we used more relaxed resolutions of genomic regions (Figure S1), 

indicating that a large fraction of the breast cancer genome is differentially methylated as 
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compared to normal cells. Moreover, the correlation coefficient among tumor group shows 

higher variation than that of the normal group (Figure 1B), suggesting that some 

heterogeneity might be in the methylation profiles among breast cancers.  

Next, we carried out statistical comparisons between the breast cancer methylomes with 

the controls to identify differentially methylated genomic bins (see details in Methods). As a 

result, we observed global hypomethylation and local hypermethylation in breast cancer 

compared to controls. A striking of 4.72% genome was hypomethylated; on the other hand, 

hypermethylation was relatively limited, with 0.45% genomic bins exhibiting 

hypermethylation compared to controls. And then consecutive differentially methylation bins 

with no gap between them were merged into differentially methylation regions (DMRs). As a 

result, we identified about 838,817 hypo-DMRs in breast cancers, which were about sixteen 

times of hyper-DMRs (Figure 1C). Investigation of the distribution of hypermethylated and 

hypomethylated DMRs across the entire genome, we found that the hyper- and/or hypo-

methylated DMRs were dispersed throughout the genome on multiple chromosomes and in 

each chromosome, the proportion of hyper- and hypo-methylated DMRs is similar (Figure 

1D). In summary, the comparison analyses of comprehensive methylation profiles indicated 

that there are extensive methylome alterations in breast cancers. 

Extensive CGIs hyper-methylation in breast cancer 

Previous DNA methylation analyses have mainly focused on CpG islands (CGIs), which are 

highly clustered CpGs often located at gene promoter regions (Hatada et al. 2006; Dai et al. 

2013). Mapping the DMRs to CGIs, we observed that most (31.85%) of the CGIs showed 

hyper-methylation in breast cancers (Figure 2A), associated with ~25.20% hyper-DMRs, 

which was significantly higher than random regions (p<0.001, Figure S2A, details in Text 

S1). Besides CGIs, CpG island shores had been demonstrated to be frequently aberrant 

methylation in colon cancer (Irizarry et al. 2009). However, investigation of the methylation 

patterns of CGI shores in breast cancer is hampered by the lack of genome-wide profiling. 

We found that about 40% of the CGI shores, both 5’-shores and 3’-shores showed 

significantly aberrant methylation (Figure 2A), wherein 20.11% and 20.76% of 5’-shores and 

3’-shores were respectively hypermethylated, covering more than 20% hyper-DMRs, which 

were significantly higher than random regions (Figure S2B). On the other hand, the hypo-

DMRs were significantly under-represented on CGIs and shores (p<1.0e-3). Of the 

hypermethylated CGIs, 88.69% were also mapped with hyper-DMRs on their shores, either 
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on 5’-shores or 3’-shores (Figure 2B). However, of the hypomethylated CGI shores, few 

(0.28%) corresponding CGIs were aberrantly methylated. In addition, we found that the 5’-

shore and 3’-shore were rarely both hypomethylated (Figure 2C). Analyses of the distribution 

of aberrant methylation frequency around hyper- and hypo-methylated CGIs, there was a 

reversal in the frequency trends observed between hypermethylation and hypomethylation 

(Figures 2D and 2E). The hypermethylation frequency was extremely high in CGIs, while the 

hypomethylation frequency was substantially high on CGI shores. Collectively, these data 

indicated that in breast cancer, a large proportion of CGIs were hypermethylated which may 

drive a specific transcriptional program to promote breast carcinogenesis. 

Aberrant methylation is associated with ncRNAs in breast cancer 

Promoter aberrant methylation is usually linked to an altered chromosomal state, and thus to 

transcriptional gene silencing, which has been thought to contribute to tumorigenesis 

(Guzman et al. 2012). To determine whether DMRs preferentially occurred in promoters, 

genome-wide DMRs were mapped to coding and non-coding RNA promoters, exons and 

other genomic features. As a result, we identified 11.49% promoters of coding genes that 

were aberrantly hypermethylated in breast cancers (Figures 3A and 3B), associated with 

28.53% hyper-DMRs which were significantly higher than random regions (p<0.001, Figure 

S2). On the other hand, about 19.77% coding gene promoters were hypomethylated in breast 

cancers, which were associated with about 3.23% hypo-DMRs. Collectively, these results 

indicated that coding gene promoters were preferentially aberrantly methylated in breast 

cancers. Among these aberrantly methylated coding gene promoters, several were previously 

reported to be involved in cancer pathogenesis, such as, HOXB2, FGF4 and TTK (Li et al. 

2008; Marsit et al. 2010; Maire et al. 2013). Our observations of aberrant methylation of 

these genes provided a new layer of epigenetic regulation in breast cancers.  

In addition to aberrantly methylated coding genes identified above, non-coding RNAs 

(miRNAs and lncRNAs), are important regulators of gene expression. Compared with the 

proportion of aberrantly methylated coding gene promoters, there were more ncRNA 

promoters that were aberrantly methylated in breast cancers (Figure 3B). Specifically, about 

57.18% of lncRNA promoters and 57.88% of the miRNA promoters were aberrantly 

methylated, respectively (Figure 3B). In addition, 3,644/852 hyper-DMRs and 14,847/2,030 

hypo-DMRs were separately mapped to lncRNA and miRNA promoters (Figure S2C). 

Although a large proportion of coding and non-coding gene promoters were covered with 
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hypomethylated DMRs, no significant overrepresentation were observed comparing with 

random regions (Figures S2B and S2C). These results suggested that the promoters, 

especially the ncRNA promoters, undergo preferential aberrant hypermethylation during the 

breast cancer development. 

Previous reports have suggested that lncRNAs can affect the expression of nearby protein-

coding genes or act at a distance to control broader biological processes (Ponjavic et al. 2009; 

Jia et al. 2010). On the other hand, evidence has shown that intronic and intergenic miRNAs 

were with different numbers of target binding sites (Assel S. Issabekova 2011). These results 

indicated that different biotypes of ncRNAs were with distinct functions. Thus, these 

ncRNAs were further reclassified into three biotypes based on their location with respect to 

protein-coding genes: intergenic, intragenic and overlapping ncRNAs. Next, we investigated 

the methylation of these ncRNA biotypes. As a result, intergenic lncRNAs were observed to 

contribute a large slice of the aberrantly methylated lncRNA promoters in breast cancers. 

These intergenic lncRNAs could not be detected on the microarray previously, and our 

genome-wide analysis provided new candidates for further functional analyses. Specifically, 

about 31.79% of the hypermethylated lncRNAs were intergenic lncRNAs and 66.81% of the 

hypermethylated lncRNAs were intragenic. On the other hand, hypomethylated lncRNAs 

were overrepresented in the intergenic biotype. MiRNA shared similar patterns with 

lncRNAs, 62.94% of the significantly hypermethylated miRNAs were intragenic in breast 

cancers while hypomethylated lncRNAs were overrepresented in the intergenic subtypes 

(Figure 3C). These results indicated that the aberrantly methylated lncRNAs may share the 

common patterns with their host genes. Indeed, about 79.86% host genes of the aberrantly 

methylated lncRNAs were also aberrantly methylated. Taken together, these results suggested 

that the aberrant methylation was associated with ncRNAs in breast cancers. And the genome 

wide study not only discovered many intergenic ncRNAs that cannot be detected by 

microarray, but also extended the intragenic ncRNA candidates. Our data provided novel 

evidence of the mechanisms behind ncRNA dysregulation in breast cancers.  

Aberrant epigenetic regulation patterns of ncRNA promoters in the context of CGIs 

Although more and more ncRNAs were found to be epigenetically dysregulated in various 

types of cancers, the genome-wide aberrant methylation of ncRNAs in breast cancer is poorly 

revealed. Recently, Weber et al. reported that gene promoters with weak CGIs unbound to 

RNA polymerase II were frequently methylated (Koga et al. 2009). However, the relevance 
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of specific features of DNA methylation, such as the location of aberrant methylation, or 

whether with CGIs, to the development of cancers remains poorly understood. Profiling 

genome-wide DNA methylation of promoters is expected to produce different patterns of 

promoter aberrant methylation. Above DMR analyses revealed that the ncRNA promoters’ 

aberrant methylation was involved in breast cancer development, and thus we next looked for 

the aberrant methylation pattern around transcription start sites (TSSs) of ncRNAs.  

Firstly, visualization of the aberrant methylation marks in the context of CGIs revealed the 

presence of several distinct aberrant methylation patterns on lncRNA promoters. Broadly, 

these aberrantly methylated lncRNA promoters fell into two main groups based on the 

presence or absence of a CGI within their promoters. Interestingly, although 34.81% (n=473) 

of the hypermethylated lncRNA promoters lacked CGIs, they exhibited aberrant 

hypermethylation around the TSSs (Figure 4A). The remaining 65.19% (n=886) 

hypermethylated lncRNA promoters had CGIs and four distinct aberrant methylation patterns 

were observed (Figure 4B and Table S1): (1) aberrant methylation was mostly confined to 

CGIs; (2) aberrant methylation was positioned to the 5’ shore of CGIs; (3) aberrant 

methylation was positioned to the 3’ shore of CGIs and (4) aberrant methylation was overlap 

with CGIs or on both shores of CGIs. We found that aberrant hypermethylation was mostly 

confined to the CGIs or 5’/3’ shore of the CGIs (Figure S3). Next, we computed the average 

aberrant methylation frequency around the TSSs and observed that the aberrant 

hypermethylation frequency was particularly high immediately downstream of the TSSs in 

these hypermethylated promoters (Figure 4A). This region was generally regarded as core 

promoter (Bajic et al. 2004), in which RNA polymerase II is recruited to the DNA and acts to 

initiate transcription. Aberrant methylation in core promoter regions may lead to 

transcriptional inactivation/activation of cancer-related genes and plays an integral role in 

tumorigenesis. For the hypomethylated lncRNA promoters in breast cancers (Table S2), we 

found that nearly 89.91% were lack of CGIs (Figure 4C and Figure S3), the aberrant 

hypomethylation frequency peak was immediately downstream of TSSs (Figure 4C), which 

was similar to hypermethylated promoters. However, the aberrant methylation frequency of 

hypomethylated promoters with CGIs was distinct from other promoters, showing a lowest 

aberrant hypomethylation frequency around the TSSs (Figure 4C). Next, we investigated 

whether any subtypes of lncRNAs were preferentially to aberrantly methylated in breast 

cancers. As a result, intragenic lncRNAs were observed to contribute a large slice in each 
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pattern of aberrantly methylated lncRNA promoters. In addition, the intergenetic lncRNAs 

were overrepresented in hypomethylated lncRNAs (Figures 4B and 4D). 

Besides lncRNAs, genetic alterations and failure of posttranscriptional regulation might 

cause the dysregulation of subsets of miRNAs, but epigenetic alterations also appear to be 

likely culprits (Lujambio et al. 2008). We found that 278 miRNAs were hypermethylated 

(Table S3) and 802 were hypomethylated in the promoter regions (Table S4). Similar to 

lncRNAs, aberrant hyper-methylation of miRNA promoters were confined to CGIs while 

hypo-methylation miRNA promoters were lack of CGIs (Figures S4 and S5). Comparing the 

aberrant methylation frequency distributions between miRNAs and lncRNAs, we found that 

the distribution of miRNAs was similar to lncRNAs (Figures S4 and S5), suggesting similar 

epigenetic mechanism between different kinds of ncRNAs. The aberrantly methylated 

frequency, especially hypermethylation frequency, was also higher around TSSs, implying 

the miRNA promoters were frequent targets of aberrant DNA methylation in human breast 

cancer (Vrba et al. 2013). Among these identified miRNAs, many have been demonstrated to 

be involved in the process of tumorigenesis, such as hsa-mir-29b (Suzuki et al. 2012), hsa-

mir-21 (Yan et al. 2008) and hsa-mir-10b (Ma et al. 2007). 

Regulation of ncRNAs expression by DNA methylation 

To identify aberrant methylation of ncRNAs with functional significance, we next examined 

ncRNA promoter methylation events associated with transcriptional changes. Two scenarios 

of particular biological relevance were considered. In the first scenario, lower expression of 

ncRNA is due to hypermethylation (silencing), and in the second, higher expression of 

ncRNA is due to hypomethylation (activating). Considering 13,463 lncRNA genomic loci, 

533 hypermethylated lncRNAs were down-regulated in MCF-7 cell line, whereas 829 

hypomethylated lncRNAs were up-regulated in MCF-7 cell line. Meanwhile, we observed 

that 219 hyper- and 1,683 hypomethylated lncRNAs were associated with transcription 

changes in HCC1954 cell line. As breast cancer is a highly heterogeneous disease and the cell 

lines used here represent two distinct subtypes. Next, we explored these aberrantly 

methylated lncRNAs to identify the common ones. Finally, 156 hyper- and 448 

hypomethylated lncRNAs candidates were derived in two cell lines (Figure 5A).The 

identification of this set of lncRNAs in two cell lines suggests that the lncRNAs are actually 

dysregulated in breast cancers. Among these lncRNAs, we found that they were distributed in 

various patterns of aberrantly methylated lncRNAs. However, in consistence with previous 
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studies in coding genes, the aberrantly hypermethylated lncRNAs with CGIs were more 

likely to be associated with transcriptional repression. About 54.45% hypermethylated 

lncRNAs with CGIs were associated with transcriptional repression in MCF-7 cells and 

HCC1954 cells (Figure 5A). As both DNA methylation and histone modification are 

involved in establishing patterns of gene expression during the progression of caners, next we 

explored whether these aberrant expression of lncRNAs were also associated with altered 

histone modification. The occupancy of aberrant H3K4me3 and H3K27me3 modifications 

were assessed in MCF-7 and HCC1954 by comparing with Human Mammary Epithelial 

Cells (HMEC). A notable observation is that about 50% of the hypermethylated lncRNAs 

display reduced H3K4me3 or elevated H3K27me3, meanwhile, about 30% of the 

hypomethylated lncRNAs were with elevated H3K4me3 and reduced H3K27me3 (Figure 5B). 

However, the aberrant DNA hypermethylation of ncRNAs is likely to co-occur with aberrant 

H3K4me3 modification than H3K27me3. In the contrast, ncRNA hypomethylation is 

associated with the alteration of H3K27me3 levels. These are consistent with the previous 

observations that H3K27me3 and DNA methylation are mutually exclusive, especially for 

CGIs, and total loss of DNA methylation is associated with alteration of H3K27me3 levels in 

embryonic stem cells (Brinkman et al. 2012). To visualize the epigenetic patterns at these 

aberrantly methylated lncRNAs, H3K4me3 intensity plots showed the occupancy in three 

breast cell lines. We found that the aberrant histone modification is extremely high at the TSS 

location, reinforcing the notion that aberrant epigenetic modifications were strongly biased 

toward core promoters (Figure 5C). Altered DNA methylation is ubiquitous in human cancers 

and specific methylation changes are often correlated with clinical features. In the next step, 

we exampled whether these lncRNAs can be used as potential biomarkers for early detection. 

Importantly, these lncRNAs were capable of distinguishing breast cancer samples from 

healthy controls, which might be aid in the future development of diagnostic biomarkers for 

breast cancer. The performance of these lncRNAs was evaluated by area under the receiver 

operation characteristic (ROC) curve (AUC). ROC curves of the hyper- and hypomethylated 

lncRNAs gave AUC values of 0.944 and 0.983 in the CMS dataset, respectively (Figure 5D).  

Several miRNAs have been reported to be expressed aberrantly in breast cancers and 

might be used as potential biomarkers for cancer diagnosis. Next, we aimed to examine the 

miRNA expression profiles in tissue samples of breast cancer to explore the clinical 

significance in disease diagnosis of the aberrantly methylated miRNAs identified above. We 

then used the miRNA expression in TCGA dataset to select the miRNA biomarkers using the 
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similar method as lncRNAs. As a result, 26 miRNAs (5 hypermethylated and 21 

hypomethylated) were selected as biomarkers based on the concordance between differential 

methylation and differential expression. Of these five hypermethylated miRNAs, three were 

confined to CGIs. Although most of the hypomethylated miRNAs were lack of CGIs in their 

promoters, aberrant methylation was positioned to the shores of CGIs of several miRNA 

promoters, such as hsa-mir-106a, hsa-mir-1292 and hsa-mir-3613. When hierarchical 

clustering of samples using the methylation and expression of the 26 miRNAs (Figures 6A 

and 6C), most breast cancers were able to be distinguished from benign adjacent tissues, with 

overall AUCs larger than 0.90 in the CMS and TCGA datasets, respectively (Figures 6B and 

6D). Among the 26miRNAs, most were previously found to be associated with breast cancer 

(Table S5 and Text S1).  

Together, our findings illustrated how epigenetic mechanisms were linked to aberrant 

expression of ncRNAs and offered a strong rationale to develop epigenetic-based therapeutics 

for treatment of breast cancer patients. 

Epigenetically dysregulated ncRNAs disrupt functions associated with breast cancer 

Increasing number of lncRNAs are being characterized, however, the functions of most 

lncRNA genes are still unknown. Besides, functional prediction of lncRNAs is also hampered 

by the lack of collateral information such as molecular interaction data and expression 

profiles. The large scale functions annotated to the lncRNAs were mainly predicted by co-

expression and genomic adjacency (Liao et al. 2011; Guo et al. 2013). However, despite 

similar expression patterns, groups of functionally related genes can be further distinguished 

at the chromatin level (Wamstad et al. 2012). We expected that genes with similar aberrant 

methylation patterns may have similar functions. To test this idea, we first investigated the 

aberrant methylation patterns of protein coding genes. As a result, we found that protein-

coding genes share similar aberrant methylation patterns with ncRNAs (Details in Text S1 

and Figure S6 and S7). Next, we determined gene set functional similarity between genes 

with distinct aberrant methylation patterns (Figure 7A and Text S1). Consistent with our 

hypothesis, we found that genes with similar aberrant methylation patterns were with higher 

function similarity than genes with distinct patterns (Figure 7B). In addition, genes that have 

the methylation change in the same direction were with higher similarities than those in the 

opposite direction (Figure S8). As the general large-scale functional annotation of lncRNAs 

has been based on the ‘guilt-by-association’ principle, we combined this principle and 
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aberrant methylation patterns to predict the probable functions of the aberrantly methylated 

and expressed lncRNAs identified above. For example, the lncRNA ENSG00000232821 is 

hypermethylated confined to CGI. We found that a coding gene-TWIST1, adjacent to this 

lncRNA is also hypermethylated confined to CGI (Figure 7C). TWIST1 is an important 

transcription factor that has been implicated in cell lineage determination and differentiation. 

TWIST1 promoter methylation has been found significantly more prevalent in malignant 

compared with healthy breast tissues.  It is reasonable to infer that this lncRNA may be also 

involved in development of breast cancer. We found that the potential functions of this 

lncRNA in NONCODE were regulation of growth and development, suggesting that this 

lncRNA played important roles in the development of cancers. Our methylation analysis 

indicated that ENSG00000232821 was hypermethylated in breast cancers, providing the 

epigenetic view to explain its aberrant expression. Next, we aimed to explore the 

dysregulated pathways of different patterns of aberrantly methylated lncRNA biomarkers. As 

a result, we found that only the hypermethylated lncRNAs confined to CGIs and 

hypomethylated lncRNAs lack of CGIs enriched pathways directly associated with the 

development and progression of breast cancers (Figure 7D). The hypermethylated lncRNAs 

mainly affected the cell cycle and signaling pathways while the hypomethylated lncRNAs 

disturbed most of metabolism pathways. Cancer cells require metabolism to sustain their 

existence, including support of several functions, such as cell maintenance, proliferation and 

motility. Common to all this activities is the demand for energy (Dolfi et al. 2013). These 

results indicated that lncRNA hypomethylation may be linked to carcinogenesis by causing 

the signaling and metabolism pathways dysregulation.  

MiRNAs play their important roles through targets; functional enrichment analysis 

revealed that the predicted targets of the 26 aberrantly methylated and expressed miRNAs, 

greater than that expected by chance, were implicated in functions which have important 

roles in direct tumor growth and metastasis (Figure 7G, Table S6). hsa-miR-29b was 

observed to be highly over-expressed in breast cancer, and enhanced hsa-miR-29b impaired 

apoptosis, increased tumor cell migration and invasion directly by targeting PTEN tumor 

suppressor (Wang et al. 2011). In our present study, we found that although the promoter of 

miR-29b lack of CGI, it was hypomethylated in breast cancer (Table S4), providing the 

epigenetic view of aberrant expression of hsa-miR-29b in cancers. Another example is the 

tumor suppressor- hsa-miR-1258, which was hypermethylated on 3’ shore and lowly 

expressed in our current study (Figure 7E). Heparanase (HPSE) is a potent protumorigenic, 
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proangiogenic, and prometastatic enzyme that is over-expressed in brain metastatic breast 

cancer (BMBC). Evidences have shown that hsa-miR-1258 inhibited the expression and 

activity of heparanase in BMBC cells, stable expression of hsa-miR-1258 in BMBC cell 

inhibited heparanase in vitro cell invasion and experimental brain metastasis (Zhang et al. 

2011a). In addition, high hsa-miR-21 expression was associated with mastectomy, larger 

tumor size, higher stage, higher grade, estrogen receptor status. Increasing studies have 

identified many downstream targets of hsa-miR-21 in various types of cancers, such as 

WNT5A, PTEN and BRCA1 (Yan et al. 2008). Consistent with previous studies, the hsa-miR-

21 is significantly highly expressed in breast cancers in our analysis (p=1.1e-7). However, the 

mechanism underlying hsa-miR-21 high expression remains largely unknown. We found that 

the promoter of this miRNA lacks of CGI and is hypomethylated in breast cancer (Figure 7F), 

suggesting a possible epigenetic role in regulating its activity in breast cancer. Moreover, we 

found that some of the targets of this miRNA are hypermethylated, such as BRCA1, CDK6 

and WNT5A. Mutation of the BRCA1 tumor suppressor gene is an important contributing 

factor in hereditary breast cancer; however, BRCA1 mutations have not been detected in some 

types of breast cancers, suggesting that DNA methylation and/or miRNA repression of 

BRCA1 may participate in the genesis of breast cancers (Rice et al. 2000). Our analysis 

indicated that hypomethylation of the miRNA regulators and hypermethylation of the gene 

may be another repression mechanism of this tumor suppressor gene. 

Taken collectively, these observations suggest that the identified ncRNAs in our study 

play a critical role in the development and progression of breast cancer, systematical 

investigation of their functions may provide new potential targets for breast cancer therapy. 

Noncoding-RNAs and coding genes coordinately mediated pathways dysregulation in 

breast cancers 

Tumorigenesis is a complex dynamic biological process that includes multiple steps of 

genetic and epigenetic alterations, aberrant expression of ncRNA, and changes in the 

expression profiles of coding genes (Cao et al. 2013). In addition, ncRNAs are integral 

components of biological networks with fundamental roles in regulating gene expression. 

However, our understanding of the complex network intertwined by coding genes and 

ncRNAs in cancer biology is still in an early stage. Our above analyses have revealed that the 

aberrant methylation of ncRNAs in breast cancer could perturb various pathways. In addition, 

we found that the aberrant methylation of lncRNA or miRNA can both perturb some common 
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pathways, such as cell cycle, MAPK signaling pathways, indicating that ncRNAs mediate the 

dysregulation of pathways in a coordinate manner. As one of the most important cellular 

processes, the cell cycle is under precise regulation in all organisms. Mis-regulation of the 

cell cycle can lead to catastrophic cellular events, e.g. premature apoptosis or abnormal 

proliferation of cells, which are the causes of cancers (Cheng et al. 2013). We found that both 

the lncRNA and miRNA regulated the key components of this pathway. One example is the 

gene CDK6, which is responsible for modulation of the activities of Rb family growth-

suppressing proteins. Evidences have shown that normal human mammary epithelial cells 

have a high amount of CDK6 activity, but all breast tumor-derived cell lines had reduced 

levels, with several having little or no CDK6 (Lucas et al. 2004). Our analyses demonstrated 

that DNA methylation mainly be one mechanism for repression of this cell cycle associated 

genes (Figure 8A). Moreover, we found that this gene was also targeted by two 

hypomethylated miRNAs, hsa-miR-21 and hsa-miR-29b. The hypomethylation of these two 

key regulators may further repress the activity of CDK6, implying the complement effect of 

DNA methylation and miRNA regulation. Another example is the hypermethylated gene-

CCND2 (Figure 8A), which was also regulated by a hypomethylated miRNA (hsa-miR-16). 

This cyclin forms a complex with and functions as a regulatory subunit of CDK4 or CDK6, 

whose activity is required for cell cycle G1/S transition (Pic-Taylor et al. 2004). In addition, 

two hypermethylated lncRNAs share the similar aberrant methylation pattern with this gene 

(both hypermethylated on CGIs), implying that these two lncRNAs play key roles in cell 

cycle regulation.  

MAPK signaling pathway is evolutionarily conserved kinase modules that link 

extracellular signals to the machinery that controls fundamental cellular processes such as 

growth, proliferation, differentiation, migration and apoptosis (Dhillon et al. 2007). It is 

revealed in our study that most of genes in this pathway were aberrantly methylated in breast 

cancer (Figure 8B). Among these genes, some were reported to be involved in tumorgenesis, 

such as FGFR1, KRAS and PRKCB. Although there are correlations between the expression 

of FGFRs and breast cancer progression (Hynes 2000), the underlying mechanism of its over-

repression is still not fully understood and may, in fact, be multiple. Our study indicated that 

DNA hypomethylation may be another mechanism response for its over-repression in breast 

cancers. The Ras oncogene family has been very extensively studied and the fundamental 

implication of Ras protein in pathological processes such as cancer and development 

(Fernandez-Medarde and Santos 2011). The experimental observations of accumulated for 
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many years document that somatic mutations are the typical genetic lesions affecting Ras. 

However, the mutational event for RAS gene does not seem to be involved in some breast 

cancer patients (Sanchez-Munoz et al. 2010). We found that the KRAS gene is under strict 

regulation by DNA methylation and miRNAs. Besides hypomethylation of KRAS gene itself, 

two miRNAs (hsa-miR-16 and hsa-miR-98) that regulated KRAS were also found to be 

aberrantly methylated. Dysregulation of these two miRNAs have also been implicated in the 

development of breast cancer (Cho 2007). These observations implied that contrary to 

mutation of KRAS, the epigenetic dysregulation of ncRNA regulators and itself may be 

another mechanisms response for aberrant expression.   

Cells employ cellular signaling pathways and networks that are intertwined by non-coding 

and coding RNAs to drive biological processes. Our observations indicated that aberrant 

methylation of ncRNA regulators and target mRNAs, in principle, might result in aberrant 

expression of genes, which may encourage neoplastic transformation (Figure 8C). Epigenetic 

dysregulation of ncRNAs and mRNAs coordinately mediated the pathways mis-regulation, 

which then leads to the development and progression of breast cancer. Together, integration 

of multi-dimensional genomic data is likely to generate more insight into the fundamental 

pathway wiring in cancer, with the more focused aim of identifying candidate ncRNAs and 

coding-genes induced by epigenetic alterations that will be useful for interpreting complex 

mechanisms underlying the cancer genome. 

DISCUSSION 

In this study, we characterized genome-wide methylation patterns in breast cancer using a 

novel high throughput sequencing methodology. Our study reveals important DMRs and 

aberrant methylation patterns of ncRNAs in breast cancers. Consistent with prior studies in 

breast cancer cell lines (Ruike et al. 2010), we found widespread hypomethylation and local 

hypermethylation in breast cancers. Besides the extensive CGI hypermethylation, an 

increasing number of ncRNA promoters were found to be aberrantly methylated, including 

lncRNAs and miRNAs. Among these ncRNAs, intergenic lncRNAs were observed to 

contribute a large slice of the aberrantly methylated lncRNA promoters in breast cancers. Our 

comparative methylome analyses allow us to dissect the genome-wide methylation patterns 

of ncRNAs. We summarized five patterns of ncRNA promoter aberrant methylation, where 

aberrant methylation not only span the CGI, but also in 5’ and 3’ shores, which have been 

found previously in colorectal cancer (Irizarry et al. 2009) and prostate cancer (Kim et al. 
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2011) for protein coding genes. Although coding and non-coding RNAs function in different 

ways, they share similar aberrant methylation patterns.  

Integrating epigenomics data with expression profiling of ncRNA, we found that the 

aberrant methylation of ncRNAs were associated with transcriptional changes. Numerous 

studies show that it seems obvious that the expression of ncRNAs can also be modified by 

genetic variants, such as copy number variants (CNV) and single nucleotide polymorphism 

(SNP) (Ramsingh et al. 2013). However, we found that about 11.8% and 9.71% of 

hypermethylated lncRNAs and miRNAs were located in the regions of recurring deletions 

(Beroukhim et al. 2010). This result is consistent with recent observations that although 

individual genetic alterations appear to affect the gene expression and methylation levels, 

these are rare (Gibbs et al. 2010). These observations demonstrated that ncRNA expression 

can be controlled not only by genetic but also epigenetic determinants, which is consistent 

with recent observations (Aure et al. 2013; Jacobsen et al. 2013). Next, we identified a panel 

of ncRNA biomarkers that can effectively discriminate cancer and normal samples. Finally, 

functional analysis indicated that the aberrant methylation of ncRNAs disturbs widely 

processes associated with the development and progression of breast cancers.  

Polycomb targeted genes are frequent targets of aberrant DNA methylation in cancers, and 

some miRNA genes have also been showed to be targeted by polycomb proteins. Therefore, 

we examined whether polycomb targeted ncRNAs are more likely to be targets of aberrant 

DNA methylation in breast cancer. To this end, we used the repressed regions of Ernst et al. 

study as polycomb targeted regions (Ernst et al. 2011). We found a significant overlap 

between ncRNA promoters occupied by the polycomb and those aberrantly hypermethylated 

in cancer cells (Figure S9). The comparisons show that ncRNA promoters targeted by 

polycomb were more likely to be hypermethylated in cancer. These observations provided 

additional evidences for the link between polycomb repression and aberrant DNA 

methylation in breast cancer. The high portion of polycomb targets among ncRNA promoters 

may, to a certain extent, explain the high proportion of ncRNA promoters with aberrant 

methylation in cancer. However, it is possible that no direct functional link between both 

phenomena. Such ncRNAs are unmethylated in normal cells and repressed by polycomb 

proteins, and acquire DNA methylation as an alternative silencing mechanism. These 

ncRNAs, have tumour suppressive functions and are inducible in normal cells, although 

repressed by polycomb. One can hypothesize that the epigenetic switch to DNA methylation-

mediated repression reduces the plasticity of the regulatory program of these ncRNAs, 
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locking silencing of the key ncRNA regulators and contributing to the cell’s abnormal growth 

potential.  

Emerging evidence suggests that the vast, often uncharted, noncoding landscape of human 

genome plays an important role in biology and cancer progression. Despite growing 

appreciation of the importance of ncRNAs in breast cancer, our knowledge of the functions 

of ncRNAs remains limited. MiRNAs have well-established differential patterns of 

expression in cancer and function as tumor suppressors or oncogenes by silencing target gene 

expression. Much less is known about lncRNAs, subsets of which have been characterized as 

epigenetic factors, enhancers and antisense transcripts. However, the functions of most 

lncRNAs in cancer remain a mystery.Currently, the large scale functions annotated to the 

lncRNAs mainly predicted by co-expression and genomic adjacency. In addition, we found 

that genes with similar aberrant methylation patterns tend to have higher functional similarity 

and then the functions of aberrantly methylated lncRNAs were predicted based on similar 

patterns. Our results have shown that groups of functionally related genes can be further 

distinguished at the chromatin level, providing an epigenetic view to dissect the functional 

roles of lncRNAs in complex diseases. Although coding and noncoding genes function in 

different manners, our analysis highlighted at least two cases that ncRNAs and coding genes 

coordinately mediated the pathway dysregulation in the development of breast cancers. 

Systematically analysis of the combinations in the context of pathway is likely to generate 

more insight into the fundamental network wiring in cancer. 

In contrast to hypermethylation, which seems to happen locally, preferentially targeting 

the promoters of genes, the mechanism of global hypomethylation is a long-standing question 

in cancer epigenetics (Hon et al. 2012). Our results seem to support that hypomethylation 

appears to target large inter-genic repeat regions. To assess the frequency of hypomethylation 

at repeats, we examined the ratio of repetitive elements covered with DMRs. Dramatically, 

more repetitive elements were covered by hypo-DMRs than hyper-DMRs (Figure S10A). 

Additionally, the hypo-DMRs were significantly over-represented in SINEs and LTRs than 

random regions (p<0.001, Figure S2D). Increased expression of repetitive elements is a 

hallmark of cancer cells, and our current and previous studies suggest a possible mechanism 

that this aspect of cancer may be attributed to global hypomethylation (Hon et al. 2012). 

Analysis of GO and KEGG functional categories for the adjacent genes of these repetitive 

elements revealed overrepresentation of functional categories common in cancer 

development and progression, such as cell adhesion molecules, MAPK signaling pathway 
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and VEGF signaling pathway (Figure S10B-H). A well-recognized result of DNA 

hypomethylation of these repeat elements are the induction of global genetic instability and, 

though the evidence is mostly indirect, this has been observed in cases of extreme global 

hypomethylation in murine models and in multiple studies of human cancers (Rodriguez et al. 

2006). We supposed that DNA hypomethylation-related instability may disturb the functions 

of adjacent genes, thus leading to the dysregulation of pathways. 

In summary, we have performed a comparative methylome analysis of breast cancer and 

normal controls and provided the precise genomic locations that undergo methylation 

changes. Our data shows the suitability of MBDCap-seq to investigate cancer methylomes 

and to identify novel epigenetically dysregulated ncRNAs (lncRNAs or miRNAs). This study 

presents the aberrant methylation patterns of ncRNAs, which will be a highly valuable 

resource for investigations at understanding epigenetic regulation of breast cancers. In 

addition, the identified ncRNA biomarkers in our study might be potentially used for 

diagnostic purposes. Together, these results demonstrate the ability of integration of multi-

dimensional epigenomic and transcriptomic data to identify candidate ncRNAs induced by 

epigenomic alterations, which will be useful for interpreting complex cancer genome. 

MATERIAL AND METHODS 

Genome-wide DNA methylation profiles 

The genome-wide DNA methylation profiles from the Cancer Methylome System (CMS, 

http://cbbiweb.uthscsa.edu/KMethylomes) were used in the current study (Gu et al. 2013). 

The CMS consists of whole genome-wide methylation data conducted by the methyl-CpG 

binding domain proteins followed by sequencing, or MBDCap-seq protocol. The current 

version contains methylation profiles from endometrial and breast cancers, and some normal 

samples are included for comparison purpose. We used the methylation intensity profiles for 

77 breast cancer and 10 normal samples. Briefly, sequencing reads in 36bp lengths were 

mapped by the ELAND algorithm, with up to two mismatches. Genome-wide methylation 

intensity at 100 base-pair resolution was quantified by the read numbers that were located 

within the genomic bin, and then normalized based on the unique read numbers for each 

sample by the linear method (Derrien et al. 2012). The following equation was used for linear 

normalization: 
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Where Nread,i is the normalized read number of the genomic bin i, and Uread,i is the unique 

mapped read number of genomic bin i, NU is the total unique mapped reads for the sample, 

and Nbin is the total bin number of human genome. 

Genome-wide expression of ncRNAs 

As the expression profiles of lncRNA in breast cancer tissues are insufficient currently, we 

used two breast cancer cell lines (MCF-7 and HCC1954) and one control (HMEC) to analyze 

the expression. The raw reads data of MCF-7 and HMEC were downloaded from the 

ENCODE project (Bernstein et al. 2012) and the data for HCC1954 was kindly provided by 

Hon et al (Hon et al. 2012). To quantify the FPKM expression (reads per kilobase of exon 

model per million mapped reads) at lncRNAs, the Cuffdiff program was applied to the 

mapped TopHat reads (Trapnell et al. 2010). Only the subset of RNA-seq reads that are 

uniquely mapped to hg18 were used.  

In order to investigate the effects of methylation on expression, miRNA expression 

analysis was performed using publically available dataset. Twenty-one tumor-adjacent 

normal samples from The Cancer Genome Atlas (TCGA) were used. These pairs were with 

both DNA methylation and gene expression profiles (Table S7). The gene expressions were 

evaluated with the AgilentG450 microarray, and we directly downloaded the log transformed 

data. A total of 17,814 genes are represented on this array. In addition, among the twenty-one 

pairs of samples, twenty breast cancer and nineteen normal samples with miRNA expressions 

were used in the miRNA biomarker analyses. The miRNA expression were measured by 

miRNA-Seq. Mapping the reads to the human genome, the reads per million mapped to each 

miRNA were used to represent the expression of miRNAs. As a result, a total of 1046 pre-

miRNAs were analyzed. 

Annotation of genomic features 

Long noncoding RNAs (lncRNAs) have been shown to play important roles in many 

biological processes, including cancers. The GENCODE annotation represents a valuable 

resource for studies of lncRNAs. We downloaded the human lncRNA annotation from 

GENCODE (version 18), including 13,479 gene loci. After converting the genomic location 

to hg18 by the LiftOver in UCSC, 13,459 lncRNAs were used for analyses. In addition, these 
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lncRNAs were further reclassified into three biotypes based on their location with respect to 

protein-coding genes: intergenic lncRNA, intragenic lncRNA and overlapping lncRNA. The 

promoters of lncRNAs were also defined as 2kb on either side of the TSSs. About 1866 pri-

miRNA genomic coordinates were taken from miRBase database (version 20.0) (Griffiths-

Jones et al. 2006). Currently, only a small number of human miRNA genes have confirmed 

transcription start sites (TSSs), however, numbers of studies have shown that miRNA shares 

common transcriptional patterns with protein coding gene (Ozsolak et al. 2008). In the 

current study, miRNA promoters were defined similar as protein coding genes, which were 

defined as 2kb upstream of and 2kb downstream from the start sites of pri-miRNAs.  

Coordinates of genomic features, such as refseq genes, intron and exon, are mainly taken 

from the UCSC database. Similar as previous studies, the gene promoters were defined as 

2kb upstream of and 2kb downstream from the TSS. In addition, the genomic coordinates of 

human CpG islands (CGIs) were also downloaded from the UCSC (Gardiner-Garden and 

Frommer 1987). CGIs were predicted by searching the sequence one base at a time, and each 

segment was evaluated for the following criteria: (1) CG content of 50% or greater; (2) length 

greater than 200bp; (3) CpG ratio greater than 0.6. The 5’- and 3’-shores of CGI were defined 

as 2kb on either side of the CGI according to previous studies (Irizarry et al. 2009). The list 

of repeat elements predicted by the RepeatMasker program was also downloaded from the 

UCSC genome browser and then classified into different groups according to their annotation 

in the UCSC. 

DMR identification 

To detect regions of differential methylation between breast cancer phenotypes and non-

neoplastic controls, we screened genomic bins of 100bp. For each bin, the normalized 

methylation intensity of this bin was compared between sample cohorts with Wilcox rank-

sum test. Bins with adjusted p-value less than 0.01 and fold differences greater than twice 

were identified as differentially methylated bins (Benjamini 1995). For each differentially 

methylated bin, we defined hyper-methylation if the average normalized methylation 

intensity of breast cancer group is higher than that of controls, and vice versa (hypo-

methylation). Consecutive hyper/hypo-bins with no gap between them were merged into 

differentially methylated regions (DMRs). 

To investigate whether certain structural genomic features were enriched DMRs, we firstly 

computed the ratios for any given structural genomic features that covered with DMRs. A 
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DMR was regarded as located with a given genomic features if 50% of the DMR was 

overlapped with the feature. Significance of this ratio was evaluated using random features. 

The same numbers of random features were generated with the BEDTools by randomly 

permuting the locations of features within a genome (Quinlan and Hall 2010). The significant 

p-value is the fraction of the features covered with DMRs in random conditions, which is 

greater than the value in the real condition.  

Identification of the patterns of aberrant methylation 

To investigate the aberrant methylation patterns around the TSSs, each promoter region was 

firstly divided into 10bp windows. And then the aberrant methylation frequency was 

calculated for each window, which was defined by the number of base-pairs covered by 

DMRs divided by the length of window. Similarly, CGI frequency for each window was 

calculated. Specifically, we focused on two types of aberrantly methylated promoters: 

aberrantly hyper-methylated and hypo-methylated in breast cancer. Then their aberrant 

methylation patterns were analysed in the context of CGIs. Finally, five methylation patterns 

were identified for promoters aberrantly methylated in breast cancer. (1) The aberrant 

methylation was mostly confined to the CGIs, that was the number of overlapped windows 

between aberrantly methylated and covered by CGIs was larger than either half of the number 

of aberrantly methylated windows or that of covered by CGIs; (2) The aberrant methylation 

was positioned 5’ to the CGIs; (3) The aberrant methylation was positioned 3’ to the CGIs; (4) 

The aberrant methylation was overlapped with CGIs. (5) The aberrantly methylated 

promoters lack of CGIs. In these analyses, all the hyper- and hypo-DMRs were analyzed, 

respectively. The average aberrant methylation frequency or CGI frequency of all the 

aberrantly methylated promoters was used to obtain the aberrant methylation patterns around 

the TSS. 

Regulation of ncRNA expression by DNA methylation 

A two-sample t-test was carried out to select the differentially expressed miRNAs. The P 

values were adjusted by the Benjamini and Hochberg (BH) correction procedure to account 

for multiple tests with the false discovery rate (FDR) < 5%. In addition, the differentially 

expressed lncRNAs were identified by the fold change method, lncRNAs with fold change 

greater than 2 or less than 0.5 were identified as over-repressed or under-expressed, 

respectively. 
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Histone modification of ncRNAs in breast cancers 

ChIP-seq data (H3K4me3 and H3K27me3) for HMEC and MCF-7 was downloaded from 

ENCODE and the ChIP-seq data for HCC1954 cell lines were obtained from NCBI Gene 

Expression Omnibus (GEO) database (GSE29069) (Hon et al. 2012). We downloaded the 

fastq format data and then the reads were mapped to human genome (hg18) by the software 

Bowtie (Langmead and Salzberg 2012), and only reads that at most three mismatches were 

retained for subsequential analysis. The ChIPDiff program (Xu et al. 2008) was used for 

quantitative comparison of the histone modification levels in the breast cancer cells and the 

normal cell lines. It employs a hidden Markov model (HMM) to infer the states of histone 

modification changes at each genomic location. The genomic 1kb bins were first identified as 

differential histone modification sites (DHMS) and consecutive DHMSs with no gap between 

them were merged into DHMS regions. And then lncRNAs covered by DHMS regions were 

regarded as histone modification dysregulation. 

Classification algorithm and validation of ncRNA biomarkers 

Integration of methylation and expression, we identified ncRNA biomarkers. In order to 

evaluate these biomarkers, first, we performed Z-score transformation on the methylation or 

expression levels across the samples for each of the miRNA and then summarized the Z-

scores for these miRNAs in the signature. And then the receiver operation characteristic 

(ROC) curve is used for classifier evaluation which is drawn by plotting sensitivity against 

the false-positive rate. The area under the ROC curve (AUC) can be used as a reliable 

measure of classifier performance. This procedure was performed by the MedCalc program. 

Function enrichment analysis 

KEGG pathways and gene ontology (GO) analysis were performed to find enriched pathways 

using the WebGestalt (Zhang et al. 2005). P-values were multiple tests corrected in order to 

reduce false-positive rates. Pathways or GO terms with adjusted p-values of <0.01 and with 

at least two interesting genes were considered significant. 
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FIGURES LEGENDS 

Figure 1. Global DNA methylation profiles highlight clear difference in breast cancers 

and normal controls. (A) DNA methylation was calculated from MBD-seq data using 1kb 

bins across the genome, and the relationship among samples was determined by Pearson 

correlation. (B) The distribution of Pearson correlation among samples. Red lines indicate the 

mean correlation coefficient and the light green areas represent of the 95% confidence 

interval of mean. The dark blue areas indicate the stand error of the correlation coefficient, 

and the median correlation coefficient is fitted by the dark red line. Each dot represents the 

correlation between two samples. (C) The number of DMRs identified in the comparison 

between breast cancer and controls. (D) Stacking barplots showing percentage of hyper and 

hypomethylated DMRs out of all bins for each chromosome. 

Figure 2. Extensively CGI hypermethylation in breast cancers. (A) Stacking barplots 

representing the percentage of hyper- and hypomethylated CGIs and shores. (B) and (C) 

show the aberrant hyper- and hypomethylation around the CGIs. Each row represents a 

unique CGI and corresponding shores, which was divided into 500 windows. The aberrant 

methylation frequency is indicated in yellow. (D) and (E) show the average aberrant hyper- 

and hypo methylation frequency around the CGIs, respectively.  

Figure 3. Characterization of genome-wide methylation patterns in ncRNAs. (A) 

Cartoon represents the genomic features analysed. (B) Pieplots represent the percentage of 

coding and non-coding promoters overlapping with hyper- and hypo-DMRs in breast cancer. 

The green pies represent the percentage of features covered with hypo-DMRs and the red 

ones represent the percentage of hypermethyalted features. (C) LncRNA and miRNAs were 

classified into different subcategories based on their location with protein coding genes. 

Barplots show that the majority of intragenic ncRNAs were overrepresented in the 

hypermethylation and most of intergenic ncRNAs were hypomethylated in breast cancers. 

Figure 4. Aberrant methylation patterns around the TSSs of lncRNAs in the breast 

cancers. (A) Average aberrant hypermethylation frequency of 886 lncRNA promoters with 
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CGIs and 473 lncRNA promoters without CGIs. (B) Heat map of CGI frequency and aberrant 

hypermethylation frequency in breast cancer. A total of 1359 lncRNA promoters that 

harboured hypermethylation (yellow) were shown. Each row represents a unique promoter 

region at 10-bp window size, covering +2kb flanking the transcription start sites. The location 

of a CGI (red) in the aberrantly methylated lncRNA promoters is shown in the first column. 

Promoters are ordered by the location of methylation on a CGI, adjacent to the island (shore) 

or promoters that lacked CGI as represented with different shades of brown on the left. (C) 

Average aberrant hypomethylation frequency of 639 lncRNA promoters with CGIs and 5697 

lncRNAs that were lacked of CGIs. (D) Heat map of CGI frequency and aberrant 

hypomethylation frequency in breast cancer. The ratio of lncRNA subtypes for each pattern 

was shown adjacent the heat map.   

Figure 5. Regulation of lncRNA expression by DNA methylation in breast cancers. (A) 

The aberrantly methylated and expressed lncRNAs in two cell lines were significantly 

overlapped. (B) Clustering map of the selected lncRNA biomarkers in CMS methylation. The 

lncRNAs were grouped based on the aberrant methylation patterns. The barplot adjacent the 

heat map shows the percentage of lncRNAs in that group covered with aberrant histone 

modification. (C) Colour profiles of the H3K4me3 sequencing read densities from HMEC, 

MCF-7 and HCC1954. Each profile shows the 4kb regions surrounding the aberrantly 

methylated lncRNAs.  Average profiles are shown on the right of the colour profiles. (D) 

ROC map of the selected markers.  

Figure 6. Regulation of miRNA expression by DNA methylation in breast cancers. (A) 

and (C) Clustering map of the selected miRNA biomarkers in CMS methylation dataset and 

TCGA expression dataset. (B) and (D) ROC of the miRNA biomarkers. 

Figure 7. Aberrantly methylated ncRNAs disturb widely functions associated with 

breast cancer.  (A) A pipeline to compute the gene set functional similarity. (B) Genes with 

similar aberrant methylation patterns were with high functional similarity. The similarity 

score was normalized to the intra-classes. (C) An example of the lncRNA and protein-coding 

gene. The average methylation intensities (AMI) in the normal and breast cancer samples 

were shown. Green, normal samples; Pink, cancer samples. (D) The biological processes 

enriched by adjacent genes of lncRNA with similar aberrant methylation patterns. (E) The 

average methylation and expression levels of hsa-mir-1258 in the normal and breast cancer 

samples. RPM, reads per million. (F) The average methylation and expression levels of hsa-

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 28, 2014. ; https://doi.org/10.1101/002204doi: bioRxiv preprint 

https://doi.org/10.1101/002204
http://creativecommons.org/licenses/by-nc-nd/4.0/


mir-21 in the normal and breast cancer samples. (G)The top ten pathways enriched by targets 

of miRNA biomarkers. 

Figure 8. NcRNAs and coding genes coordinately mediated the pathway dysregulation 

in breast cancers. (A) The cell cycle pathway dysregulated by ncRNAs and coding genes. 

Hypermthylated genes were marked in red and hypomethylated genes were marked in green. 

The aberrantly methylated patterns were marked on the edge of the rectangle. The 

experimentally validated miRNA regulations from TarBase and adjacent lncRNAs with 

common aberrant methylation patterns were linked. (B) MAPK signalling pathway. (C) A 

model illustrating the dysregulated cellular network intertwined by ncRNAs and coding 

genes, ncRNA and coding genes coordinately mediated the pathway mis-regulation. 
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