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Abstract

Background: There is growing evidence that DNA methylation alterations contribute to carcinogenesis. While cancer
tissue exhibits widespread DNA methylation changes, the proportion of tissue-specific versus tissue-independent
DNA methylation alterations in cancer is unclear. In addition, it is unknown which factors determine the patterns of
aberrant DNA methylation in cancer.

Results: Using HumanMethylation450 BeadChips (450k), we here analyze genome-wide DNA methylation patterns
of ten types of fetal tissue, in addition to matched normal-cancer data for corresponding tissue types, encompassing
over 3000 samples. We demonstrate that the level of aberrant cancer DNA methylation in gene promoters and gene
bodies is highly correlated between cancer types. We estimate that up to 60 % of the DNA methylation variation in

a cancer genome of a given tissue type is explained by the corresponding variation in a cancer genome of another
type, implying that much of the cancer DNA methylation landscape is tissue independent. We further show that his-
tone marks in normal cells are better predictors of aberrant cancer DNA methylation than the corresponding signals
in human embryonic stem cells. We build predictors of cancer DNA methylation patterns and show that although
inclusion of three histone marks (H3K4me3, H3K27me3 and H3K36me3) improves model accuracy, the bivalent marks
are the most predictive. Finally, we show that chromatin accessibility of gene promoters in normal tissue dictates the
promoter’s propensity to acquire aberrant DNA methylation in cancer in so far as it determines its level of DNA meth-
ylation in normal tissue.

Conclusions: Our data show that a considerable fraction of the aberrant cancer DNA methylation landscape results
from a mechanism that is largely tissue specific. Histone marks as specified in the normal cell of origin provide highly
predictive models of aberrant cancer DNA methylation and outperform those derived from the same marks in hESCs.
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Background

Aberrant DNA methylation (DNAm) is a well-established
cancer hallmark [1-4]. Characteristic features of the
cancer epigenome include promoter hypermethylation
[4] and large mega-base scale blocks of hypomethyla-
tion [5-8], which often coincide with lamina-associated
domains (LADs) [9] and domains of heterochromatin
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(H3K9me2 and H3K9me3) termed LOCKs [10]. Cancer-
associated hypermethylation of gene promoters has been
shown to be more frequent at genes that are bivalently or
PRC2 marked in human embryonic stem cells (hESCs)
[11-13], and this appears to be a universal signature
across all types of cancer. Likewise, large hypomethylated
blocks have been shown to be a universal feature of solid
[8] and blood cancers [7]. Interestingly, hypermethyla-
tion at bivalently or PRC2-marked gene promoters, and
large-scale block hypomethylation are also characteristic
features of the DNAm landscape of aged normal tissue
[14, 15]. Given that age is a major risk factor for many
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cancer types, it is plausible that age-associated epigenetic
changes in normal cells contribute to a cell’s predisposi-
tion to undergo neoplastic transformation [1], with the
transformation itself further aggravating these epigenetic
changes [15].

Although many of the features of the cancer DNAm
landscape appear to be universally valid across dif-
ferent cancer types, few studies have systematically
explored the tissue specificity, or non-specificity, of
these features at the level of individual genomic loci.
For instance, although an interesting recent study by
Nejman et al. [16] has shown that each CpG island
(CGI) has an inherent tissue-independent propensity
to become de novo methylated in cancer, this phenom-
enon has only been demonstrated across a few tissue
types. Likewise, the demonstration that histone marks,
specifically H3K27me3 and H3K4me3, in normal cells
yield improved predictors of CGI hypermethylation in
the corresponding cancer type, compared with the cor-
responding marks in hESCs, has only been demonstrated
for colon tissue. Other studies have explored patterns of
cancer DNAm in relation to gene expression patterns
in the corresponding normal tissue, but were not highly
quantitative, did not consider histone modifications and
only used DNAm data from the older Illumina 27k tech-
nology [17, 18]. Further, motivated by a previous study,
which has shown that the somatic mutational landscape
of a given cancer type can be best predicted using histone
marks in the corresponding normal cell type [19], we
here decided to conduct a similar analysis in the context
of predicting the cancer DNAm landscape, using sev-
eral tissue types, as well using as the most recent histone
modification data from the NIH Epigenomics Roadmap
and DNAm data generated using the more comprehen-
sive Illumina 450k bead arrays.

Results

The propensity for promoter hypermethylation

and gene-body hypomethylation is highly correlated
across cancer types

In order to understand the molecular rules which deter-
mine aberrant de novo DNAm in cancer, we decided to
follow the strategy of Nejman et al. [16] and to focus on
a background set of genomic sites which exhibit consti-
tutively normal DNAm levels in a ground state. In order
to avoid confounding by age [15, 20, 21], we defined this
ground state to be that of DNAm levels in fetal tissue. In
contrast to Nejman et al., however, we used a more com-
prehensive DNAm data set profiling ten different fetal
tissue types (stomach, heart, tongue, kidney, liver, brain,
thymus, spleen, lung and adrenal) [22] genome-wide with
[lumina Infinium 450k bead arrays [23], thus allowing us
to define a more objective set of sites with constitutively
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normal DNAm levels (“Methods” section). We focused
on three different types of genomic elements, including
gene promoters (defined as the region 200 bp upstream
of the transcription start site—TSS), CGIs and gene bod-
ies, resulting in 9063 constitutively unmethylated CGlIs
(cu-CGlIs), 8360 constitutively unmethylated gene pro-
moters (cu-GPs) and 4059 constitutively methylated gene
bodies (cm-GBs) across all fetal tissue types (“Methods”
section, Additional file 1: Table S1). Confirming our defi-
nitions, we observed a strong correlation of our cu-CGlIs
with those defined by Nejman et al. [16] using Agilent
promoter DNAm arrays (Additional file 2: Table S2).

In order to study the DNAm patterns of these genomic
sites in cancer, we compared their DNAm levels in ten
different TCGA cancer types (BRCA, COAD, KIRC,
LIHC, LUAD, GBM, LAML, STAD, UCEC and PAAD,
“Methods” section) to their respective normal tissues.
For instance, focusing on colorectal adenoma carcinoma
(COAD), we ranked the top 1500 cu-GPs in order of high-
est 3 values in colon cancer and compared their DNAm
levels to those in other cancer types and age-matched
normal tissues (Fig. 1a). Extending the results of Nejman
et al., we observed that cu-GPs exhibited similar propen-
sities to becoming methylated in other cancer types. This
was particularly evident for colon and stomach (STAD)
cancer, two tissue types that are developmentally similar.
To formally quantify these correlations, we calculated R
values from Pearson’s correlations of the DNAm levels
over all 8630 cu-GPs and for all pairwise combinations of
ten tumor types (Fig. 1b). Most R* values were relatively
high confirming strong correlative patterns. Interestingly,
correlations were also high between a given cancer type
and its age-matched normal tissue (Fig. 1a). For instance,
in the case of colon cancer, the most highly methylated
cu-GPs were generally also the ones exhibiting most
methylation in the age-matched normal colon (Fig. 1a). If
this analysis was repeated using another cancer type, say
breast cancer (BRCA), we observed a very similar pattern
(Fig. 1a). To quantify this, we asked whether correlation
R? values between a given cancer and its normal tissue
were in general higher than between cancer and normal
comparisons from different tissue types. We were able to
confirm this with statistical significance (Fig. 1c, Addi-
tional file 2: Fig. S1).

All of the above results were replicated had we used the
set of cu-CGlIs or cm-GBs (Additional file 2: Figs. S2, S3).
This further supports the view that specific gene-centric
patterns of aberrant DNAm in cancer are largely inde-
pendent of cancer type, with mean R? values between
cancer types of 0.57, 0.55 and 0.5 for GPs, CGIs and GBs,
respectively. Although the R* values were significantly
higher for GPs compared with GBs (Additional file 2:
Fig. S4), this could be driven by the fact that 450k probe
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Fig. 1 Tissue-independent cancer DNA methylation patterns. a Top heatmap depicts the DNA methylation values of 1500 top-ranked cu-GPs,
ranked by level of hypermethylation in colon cancer (COAD), across all fetal tissue types, adult normal tissue and age-matched cancer types from
the TCGA. Lower heatmap is the analog for top 1500 cu-GPs, ranked according to hypermethylation in breast cancer (BRCA). In every case, we show
the average DNAm values in each phenotype. b Upper diagonal Scatterplots of average DNAm levels of the 8360 cu-GPs between each cancer type.
Lower diagonal corresponding R* (Pearson) correlation values. ¢ Heatmap of correlation R? values of the average DNAm levels of the 8360 cu-GPs in
a given cancer type against the corresponding DNAm levels in normal tissue

density was also highest for GPs, with average DNAm
values in these regions being estimated over probes that
are more highly correlated (Additional file 2: Fig. S5).

Aberrant cancer DNAm patterns are predicted best

by bivalently marked histone signals measured in normal
tissue

Having demonstrated that a substantial component of
the aberrant DNAm landscape in cancer appears to be
independent of tissue type, we next decided to explore
the molecular determinants of tissue-specific cancer
DNAm. Given that histone signals in normal tissue have
recently been demonstrated to be good predictors of the
tissue-specific somatic mutation [19, 24] and DNAm [16]

landscape in cancer, we decided to investigate this more
comprehensively in the context of DNAm.

We downloaded histone signal data for three major
marks (H3K4me3, H3K27me3 and H3K36me3) in nor-
mal tissue types for which corresponding TCGA DNAm
data were available (“Methods” section). We defined
histone signals over gene promoters using a procedure
which tuned the window size around the gene pro-
moter to optimize the correlation between H3K27me3/
H3K4me3 histone signals and gene expression (RNA-
Seq) for H1 hESC line (“Methods” section, Fig. 2a, b).
We chose the H1 cell line because it exhibited a rela-
tively high similarity of histone modification pattern with
the majority of other human embryonic stem cell lines
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Fig. 2 Prediction of tissue-specific cancer DNAm patterns from bivalent marks in normal cells. a Scatter plot shows the association between gene
expression with promoter H3K4me3 (x-axis) and H3K27me3 (y-axis) occupancy. b Pearson’s correlation coefficients calculated between promoter
H3K4me3 and H3K27me3 modification with corresponding gene expression levels in H1 hESC line, as function of the window size (bp) centered at
the TSS over which the signal is estimated. € ROC-AUC analysis assessing the predictive potential of cancer-associated hypermethylation at unmeth-
ylated GPs in normal tissue from H3K4me3 and H3K27me3 promoter signals in normal tissue and hESC cells, as indicated. Each panel is for a given

(“Methods” section, Additional file 2: Fig. S6). This pro-
cedure resulted in £300 bp around the TSS as an optimal
(or near optimal) window size for histone signals defined
over gene promoters (Fig. 2b, Additional file 2: Fig. S7).
We then used this window size to define corresponding
histone signals in normal cell types. Specifically, focusing
on the cu-GPs, we computed for each of the two histone
marks H3K4me3 and H3K27me3 in the corresponding
normal tissue, an AUC, assessing its ability to predict
DNA hypermethylation at the same cu-GPs in the corre-
sponding cancer (“Methods” section). In order to bench-
mark performance, we compared the AUCs to those

obtained using the same histone marks in hESCs. We
observed that H3K4me3 and H3K27me3 signals derived
in the normal tissue of the same cell type were better pre-
dictors of cancer hypermethylation at cu-GPs than the
corresponding signals as estimated in hESCs (paired Wil-
coxon’s test one-tailed P value = 0.0007, Fig. 2c, Addi-
tional file 2: Fig. S8). Interestingly, we observed that this
improvement in prediction was much more marked for
the H3K4me3 signal. In fact, while the hRESCs H3K27me3
signal already yielded a relatively high prediction accu-
racy with only a marginal improvement seen for the nor-
mal-tissue H3K27me3 signal, the corresponding hESCs
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signal for H3K4me3 was generally not predictive, or only
marginally so (Fig. 2c). In general, the H3K27me3 and
H3K4me3 signals performed similarly in normal adult
tissue (Fig. 2c). Thus, these results generalize the obser-
vations made previously in the case of colon tissue [16] to
several other normal tissue types.

H3K36me3 histone signal measured in normal tissue type
outperforms the corresponding hESC signal as predictor
of gene promoter hypermethylation and gene-body
hypomethylation in cancer
Next, we decided to extend the analysis described
above to include other histone marks. We considered
H3K36me3 for various reasons. First, this mark fea-
tured prominently as a predictor of somatic mutation
frequency in cancer [19]. Second, we previously found a
reader (WHSC1) and an editor (CBX7) of this mark to
be among candidate key master regulators of the cancer
DNA methylome [25]. Thus, we posited that this mark in
normal cells may carry important predictive information
of which genes are aberrantly methylated in cancer. In
contrast to the bivalent marks, the H3K36me3 signal was
estimated over the gene body, due to its role in transcrip-
tion elongation (“Methods” section). We observed that
the signal derived in normal tissues was more predictive
of promoter hypermethylation in cancer than the corre-
sponding signal in hESCs (one-tailed paired Wilcoxon’s
test P = 0.047, Fig. 3a). Although overall accuracies were
high, comparison of H3K36me3 to the bivalent marks
revealed marginally worse performance (Additional file 2:
Fig. S9).

Since H3K36me3 is mainly distributed over the gene
body, we also investigated whether the mark would better
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Fig. 3 Prediction accuracy of tissue-specific cancer DNAm patterns
from the H3K36me3 signal. a Scatter plot shows the area under the
curve (AUC) prediction accuracy (y-axis) of promoter hypermeth-
ylation in cancer from the H3K36me3 signal in the corresponding
normal tissue or hESC, as indicated. Normal/cancer tissues consid-
ered include colon (COAD), kidney (KIRC), lung (LUAD), liver (LIHC),
pancreas (PAAD) and breast (BRCA). P value is from a paired Wilcoxon
rank sum test. b As a, but now predicting gene-body hypomethyla-

tion in cancer
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predict gene-body hypomethylation in cancer. For this
analysis, we focused on the cm-GBs and asked how well
the marks in normal cells would predict cancer-associ-
ated hypomethylation. We found that the H3K36me3
signal could better predict tumor-associated gene-body
hypomethylation than the corresponding signal meas-
ured in hESCs for half of the six tissue types (Fig. 3b).
Although there was no statistical significance, for those
tissues exhibiting a larger difference in AUC, the AUC
was always higher for the H3K36me3 mark in normal
tissue (Fig. 3b). Interestingly, predicting cancer-associ-
ated gene-body hypomethylation with H3K4me3 and
H3K27me3 promoter signals in normal tissues was also
possible, although, overall, H3K36me3 performed mar-
ginally better than the bivalent marks (Additional file 2:
Fig. S10).

Multivariate histone signal models allow highly accurate
prediction of cancer-associated hypermethylation

To more formally compare the three histone signals to
each other and to more objectively assess prediction per-
formance, we used a 70 % training 30 % test set strategy
whereby differentially hypermethylated and non-hyper-
methylated genes were assigned in equal proportions to
each set (“Methods” section). We first used a forward
selection strategy to train a total of seven nested models
with all potential combinations of histone marks as pre-
dictors within a logistic regression model framework.
We used an internal validation set to select a best pre-
dictive model from the training set for each tissue type,
which was then finally evaluated in the blind test set
(“Methods” section). In addition, all seven models were
compared using the Akaike information criterion (AIC).
Overall, across the six tissue types, both model selection
procedures (forward selection and AIC) revealed that a
three-predictor (histone) model performed best, typically
achieving AUC values of over 0.8 (Fig. 4a). Importantly,
performance in the training and test sets was similar,
although marked variation across tissue types was evi-
dent (Fig. 4b). Of note, the three-predictor model yielded
highly consistent predictive patterns across the six tissue
types, with H3K27me3 emerging overall as the top pre-
dictor, correlating positively with promoter cancer hyper-
methylation, whereas H3K4me3 and H3K36me3 signals
correlated negatively (Fig. 4c). This indicates that higher
levels of promoter H3K4me3 or gene-body H3K36me3 in
normal tissue is protective of cancer-associated promoter
hypermethylation.

Patterns of cancer DNA methylation across DNase
hypersensitive sites

Finally, we decided to investigate how the patterns
of aberrant cancer methylation may depend on the
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Fig. 4 Prediction accuracy of tissue-specific cancer DNAm patterns from the H3K36me3 signal. a Left panel depicts a barplot of the AUC of seven
different models (as obtained in the cross-validation model selection step) in predicting promoter DNA hypermethylation in cancer, for each of
six different cancer types (COAD, KIRC, LIHC, LUAD, PAAD and BRCA), as indicated. High AUC values indicate better models. Right panel depicts the
Akaike information criterion (AIC) values of each model in each cancer type. Lower AIC values indicate better models. b AUC values of optimal model
in the mode selection (training) and blind test sets and for each cancer type. € For the model including all three histone signals as predictors, we
plot the estimated z-statistics of each predictor of the trained model. Positive (negative) associations indicate that larger (lower) signal values cor-
relate with increased promoter hypermethylation in cancer

accessibility of chromatin in normal tissue. To this end,
we obtained DNase hypersensitive sites (DHSs), as deter-
mined by the NIH Epigenomics Roadmap [26, 27] for
a number of primary (adult) and fetal cell types, which
included lung, kidney and pancreas (“Methods” section).
First, we considered all gene promoters, regardless of
their DNAm levels in normal tissue, and asked whether
promoters in DHSs are more likely to undergo can-
cer hypermethylation than promoters located in closed
chromatin regions. Across the three tissue types (lung,
kidney, pancreas) and considering in total five cancer
types (LUAD, LUSC, KIRC, KIRP and PAAD), in every
single case we observed a stronger differential methyla-
tion pattern for promoters in DHSs, possibly owing to
their lower level of DNAm in normal tissue (Fig. 5a). GPs
outside DHSs were generally highly methylated in nor-
mal tissue and did not exhibit a clear trend toward either
hyper- or hypomethylation in cancer (Fig. 5a). Next, we
repeated the same analysis but now restricting to tissue-
specific bivalent GPs. The bivalent GPs located outside
DHSs exhibited significantly lower levels of DNAm in
normal tissue compared with non-bivalent GPs, resulting
in a significant trend toward hypermethylation in cancer,
although not as significant as for bivalent GPs located in

DHSs (Fig. 5b). A similar finding was evident by restrict-
ing to the class of cu-GPs identified earlier (Additional
file 2: Fig. S11). Together these data suggest that chroma-
tin accessibility of GPs in normal tissue only determines
the propensity of cancer hypermethylation in so far as it
determines the level of DNAm in the normal tissue.

Discussion

The results presented here confirm those of Nejman et al.
[16] and Sproul et al. [17], while also extending their key
findings to several other tissue types and gene regions.
Specifically, we have here shown that the aberrant DNAm
landscape of any given cancer type is highly correlated
(R? values >0.5) across cancer types, a result which was
valid not only for CGIs but also for gene promoters and
gene bodies. As proposed by Nejman et al. for the case of
CGlIs, this suggests that each gene-associated region, be
it a promoter or gene body, has an intrinsic propensity to
acquire aberrant DNAm in cancer.

Our second main contribution is the demonstration
that bivalent histone marks at gene promoters, as defined
in normal cells, are a better predictor of promoter hyper-
methylation in cancer compared with the corresponding
marks in hESCs. This result was demonstrated across
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Fig. 5 Patterns of promoter DNAm change in cancer depending
on open/closed chromatin. a Boxplots of DNAm S values of gene
promoters, stratified according to normal/cancer tissue and whether
in or outside of a DHS region, where DHS status is determined in the
corresponding normal cell type. DHS data were available for three
normal tissues (lung, kidney and pancreas), and hence, there were a
total of five cancer types (KIRC, KIRP, LUAD, LUSC and PAAD). Above
boxplots, we give the t statistics between normal (N) and cancer (O).
Red labels the t statistics when restricted to DHS regions, and blue
labels t statistics when restricted to non-DHS regions. Above the
plot we give the corresponding t test P values. b As a, but now for
bivalently marked gene promoters, with bivalency as determined in
the normal cell type

six different tissue types, while Nejman et al. only con-
sidered colon tissue. In addition, we also considered the
H3K36me3 mark in normal cell types, which in general
also resulted in better predictions of aberrant cancer
DNAm compared with the signal as defined in hESCs.
Thus, we built prediction models using all three histone
marks (H3K27me3, H3K4me3 and H3K26me3), which
demonstrated that each one of these marks adds predic-
tive value, although the bivalent marks were generally the
most predictive of promoter hypermethylation in cancer.
Indeed, our data further support the view that H3K27me3
in normal cells is the most predictive mark of promoter
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cancer hypermethylation, followed closely by H3K4me3,
which acts to protect the promoters from cancer hyper-
methylation, consistent with the findings of Sproul et al.
[17] who only considered gene expression levels. This
indicates that promoters marked only by H3K27me3 in
normal cells are the most likely to undergo hypermethyl-
ation in cancer, with bivalently marked promoters show-
ing marginally less propensity to do so. Interestingly, our
data further point to the H3K4me3 promoter mark in
normal tissue as being particularly informative of which
promoters do not undergo hypermethylation in cancer,
with the corresponding mark in hESCs not being predic-
tive. It will be interesting to explore these results further
in the context of a recent study showing that promoters
characterized by broad H3K4me3 peaks in normal cells
may mark candidate tumor suppressor genes [26].

Finally, we have also explored the cancer DNAm land-
scape in relation to open/closed chromatin states in the
corresponding normal cell types. Not unexpectedly, we
observed a very strong inverse correlation between pro-
moter DNAm levels and chromatin accessibility, both
defined in the same normal tissue. As a result of this,
promoters in closed chromatin regions, which are gen-
erally methylated, did not exhibit a consistent and sig-
nificant trend toward aberrant DNAm in cancer. In
contrast, promoters in open chromatin regions were
invariably unmethylated in normal tissue and gener-
ally exhibited hypermethylation in cancer. Interestingly,
however, this pattern changed slightly when we focused
on bivalent promoters or promoters which are unmethyl-
ated in a normal tissue type, since these promoters, even
those outside of DHSs, generally exhibited significant
hypermethylation in cancer. Thus, irrespective of chro-
matin accessibility, the propensity of a promoter region
to undergo DNAm changes in a specific cancer type is
mainly determined by its level of DNAm in the corre-
sponding normal tissue.

Conclusions

In summary, this work shows that much of the cancer
DNAm landscape is determined by a mechanism which
is largely independent of the original tissue type. Never-
theless, bivalent histone marks in normal cells are better
predictors of aberrant cancer DNAm patterns than the
corresponding marks defined in hESCs.

Methods

Data collection

DNAm data of 37 fetal samples were downloaded from
the Stem Cell Matrix Compendium version 2 (SCM2)
[22]. There were ten types of fetal tissues in total, includ-
ing stomach, heart, tongue, kidney, liver, brain, thy-
mus, spleen, lung and adrenal gland. DNAm data of
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normal/cancer tissues were downloaded from The Can-
cer Genome Atlas (TCGA) Data Portal and included
colon, kidney, liver, lung, pancreas, stomach, skin, brain,
endometrium and breast tissue.

All DNAm data were generated on the Illumina Infin-
ium HumanMethylation450 BeadChip, which provides
genome-wide coverage of 99 % RefSeq genes and 96 %
CGIs. Probes on this bead array are distributed across all
gene regions (promoter region, 5 UTR, 1st exon, gene
body and 3’ UTR), and all CGI regions, including shores
and shelves. Such a broad coverage of genes and CGlIs
make it possible for us to calculate 5 values for specific
gene regions and CGls.

ChIP-Seq data for H3K4me3, H3K27me3 marks meas-
ured in normal colon mucosa, normal liver, normal
lung, normal pancreas and normal breast, as well as all
H3K36me3 marks were downloaded from the NIH Road-
map Epigenomics Mapping Consortium Web site (http://
www.roadmapepigenomics.org/). The H3K4me3 and
H3K27me3 signal data for kidney were downloaded from
the International Human Epigenome Consortium (IHEC)
Web site (http://ihec-epigenomes.org/).

Gene expression data (RNA-Seq) for the human
embryonic stem cell line H1 were downloaded from the
NIH Roadmap Epigenomics Mapping Consortium Web
site.

Processing of TCGA DNA methylation data

Level-3 TCGA data were further processed as follows:
Probes with a coverage of <70 % were removed. Miss-
ing values of remaining probes were estimated using the
impute.knn function from the impute package (k = 5)
[28]. BMIQ was then applied to adjust for the type II
probe bias [29]. To assess potential confounding by tech-
nical sources of inter-sample variation or unknown batch
effects, we applied singular value decomposition (SVD)
to each TCGA data set to check that the top compo-
nent of variation of the data is associated with normal/
cancer status, an approach we have validated previously
[30]. After that, 5 values of probes located within 200
base pairs upstream of the TSS of a gene or, alternatively,
located within a gene body (excluding the 1st exon) were
averaged for each gene, yielding separate promoter and
gene-body DNAm values for each gene. We also calcu-
lated an averaged 3 value for each promoter CGI.

Definition of constitutively unmethylated gene promoters,
CGls and constitutively methylated gene bodies

We defined sets of constitutively unmethylated (cu) gene
promoters and CGIs across all ten types of fetal tissue.
To declare a methylation value as being unmethylated
in a given sample, we inferred sample-specific thresh-
olds from the application of BMIQ, which assigns all
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methylation values to three states (unmethylated, half-
methylated, fully methylated) according to a three-state
beta-mixture model [29]. Specifically, if the gene pro-
moter or CGI methylation value was less than the lower
threshold inferred using BMIQ for that particular sam-
ple, that value was declared unmethylated. In the case
of gene bodies, we used the upper threshold of BMIQ to
determine whether the average gene-body methylation
was “methylated” Specifically, we declared values larger
than the upper threshold as methylated.

Processing of ChIP-Seq data

All ChIP-Seq data were downloaded in bigWig format
from the Web sites mentioned earlier. First, we con-
verted bigWig formatted data to bedGraph format using
the function bigWigToBedGraph provided by the UCSC
Genome Bioinformatics Web site. The bedGraph for-
matted data could be directly read into R. Each row of
a bedGraph file gives the start and end position of each
tag and an associated minus logl0 p value, S = —log;,[P]
for this region. All of these data were of the hgl9 genome
assembly, so we used the gene annotation file of the same
assembly to map tags in bedGraph files to gene promoter
or gene-body regions (gene body defined here from the
1st exon to the last one, including introns). An averaged
(S) signal value was assigned to each gene by averaging S
values from the matched tags.

In the case of gene promoters, the window size for
promoter H3K4me3 and H3K27me3 signals needs to be
carefully chosen. To tune this parameter, we first calcu-
lated average H3K4me3 and H3K27me3 signal values for
each gene promoter using different window sizes (£200,
300, 500, 700, 900, 1100, 1300 and 1500 bp from the gene
TSS). Then, we assessed the correlation (Pearson’s corre-
lation coefficients) of the resulting histone signals (calcu-
lated for different window sizes) with gene expression, all
measured in H1 hESC cell line.

The H1 cell line was selected from a total of eight dif-
ferent human embryonic stem cell lines (WA?7, I3, H1,
H9, UCSF4, HUES6, HUES48 and HUES64). The selec-
tion was done by comparing the similarity between gene
promoter (TSS300) H3K4me3/H3K27me3 and gene body
(from the end of the 1st exon to the last one, excluded
introns) H3K36me3 modifications. We used pairwise
Pearson’s correlation coefficients between the eight hESC
lines as a measure of similarity. The H1 cell line exhibited
the hightest similarity to most other hESC lines.

Processing of H1 mRNA expression data

We downloaded the RNA-Seq gene expression data
(quantified as RPKM) of the H1 human embryonic stem
cell line from NIH Roadmap Epigenomics Mapping Con-
sortium Web site. We substituted zero values with the
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smallest positive value. As a threshold for calling expressed
and non-expressed genes, we used ten reads. Since the
total number of reads used in the generation of the data
is around 39 million [26] and since the average length
of genes in the whole genome is about 1 kb, we used a

rounded value of —2 <log2 (%) ~ —1.96) as a thresh-

old for calling a gene expressed or not. In other words, if a
gene has <10 matched reads (log,[RPKM] < —2), we assign
alog,[RPKM] value of —2 to it.

Differential DNA methylation analysis

Two tailed t-tests were performed for each gene sepa-
rately to detect differential promoter, or gene-body,
DNAm in tumors compared with normal samples. We
ranked genes by ¢ statistic, with the resulting top N genes
declared to be differentially methylated, while the bot-
tom N genes were defined as not differentially methyl-
ated. N is a varying number used to assess the stability
of our method. Because gene promoter and CGI levels
are usually unmethylated in normal tissue, in these cases
we ranked genes by the level of hypermethylation (i.e.,
by positive ¢ statistics) in cancer compared with normal.
Correspondingly, for gene-body DNAm, we ranked genes
according to the negative t statistic, ranking at the top
those genes exhibiting the largest decreases in gene-body
methylation in cancer.

Histone mark prediction of cancer DNA methylation
patterns

We used a varying threshold to define the histone mark
occupancy (signal value) as a binary state at individual
genes. Since each gene is also defined as differentially
methylated in cancer or not (depending also on the
parameter N of top-ranked genes), a two-by-two con-
tingency table for each histone modification threshold
was generated, and a ROC curve was plotted out with
the sensitivity and one-specificity calculated from the
table. From this, we then estimated the area under the
curve (AUC), indicating the prediction accuracy of each
histone mark. A value of AUC was obtained for differ-
ent choices of N. For all three histone marks (H3K4me3,
H3K27me3 and H3K36me3), we chose N of 300 as this
threshold gave us a consistent and robust result. For a
given same value of N, we compared the prediction accu-
racy for each histone mark measured in normal tissue
to the prediction accuracy of the corresponding marks
measured in hESCs. Paired Wilcoxon’s tests across all
normal tissue types were performed to assess whether
the difference between the AUCs derived from normal
tissue and hESCs was statistically significant. Robustness
of results to variations in N was assessed by comparing
AUC values for different values of N.

Page 9 of 11

Prediction of promoter DNA hypermethylation in cancer
using multivariate histone signal models

In order to assess the interplay between histone signals
in predicting promoter DNA hypermethylation in can-
cer, we considered multivariate logistic regression mod-
els. Differentially hypermethylated and not differentially
hypermethylated gene promoters in each cancer type
were defined as the top 1000 and bottom 1000 genes
(totally 2000), ranked by their ¢ statistic. We then used a
number of different model selection strategies to identify
the best predictive logistic regression model among all
models representing different possible combinations of
one, two or three histone marks (seven models in total:
1 x 3,3 x 2,3 x 1). In one approach, we compared the
seven models using the estimated AIC values (smaller
AIC values indicate better models). In an alternative
approach, we split the 2000 genes into a 50 % training
set, a 20 % internal validation set (used for model selec-
tion) and a 30 % true blind test set, in equal proportions.
The strategy here was to use the training set to learn the
seven different logistic regression models and to then use
an internal cross-validation (or model selection) step to
evaluate each of the learned models in the blinded 20 %
internal validation set, allowing us to assess which of
the trained predictive models generalized best in a blind
validation set. Finally, in order to check that our model
selection has not introduced overfitting, the selected
best model was tested using the true blind test set (30 %).
Performance evaluation of all models in all three sets
(training, internal test and true blinded) was assessed by
computing the AUC.

Correlation analysis of DNAm patterns

For each background set of cu-GPs, cu-CGls or cm-GBs,
we calculated the Pearson correlation coefficients of their
average DNAm values in each cancer type with the corre-
sponding values in their respective normal tissue. R* values
between cancer and normal tissue of the same type were
compared (using a t test) to those of cancer-normal com-
parisons of different tissue types. We also used Pearson’s
correlations to calculate the correlation of DNAm patterns
at cu-GPs, cu-CGls and cm-GBs, between cancer types.

450k probe density for each genomic region

Probe density was calculated by dividing the number of
450k probes in a given genomic region by the length of
the region. After having mapped the Illumina 450k probes
annotated as “TSS200” or “Body” to all genes in the
genome, we divided the number of probes mapped to the
same gene by the distance between two matched probes
which are farthest from each other. The density of probes
over CGIs was calculated in a similar way. After mapping,
for each CGI we counted the number of matched probes
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and the length of the CGI (the end site — the start site).
Then, we did pairwise comparison of difference in probe
density over the three genomic types of region by ¢ test.

Additional files

Additional file 1: Supplementary Table S1. Excel Table Spreadsheet
listing details of the constitutively unmethylated CGls (cu-CGls), constitu-
tively unmethylated gene promoters (cu-GPs) and constitutively methyl-
ated gene bodies (cm-GBs).

Additional file 2. Pdf document containing all Supplementary Figures
S1-11, as well as Supplementary Table S2.

Abbreviations

DNAm: DNA methylation; hESC: human embryonic stem cell; DHS: DNase
hypersensitive site; RPKM: reads per kilobase of exon per million reads; TSS:
transcription start site; CGl: CpG island.

Authors’ contributions

YC performed the statistical analysis and contributed to the writing and prep-
aration of the manuscript. AET devised the study and wrote the manuscript.
CEB and SB contributed data and methods. SZ helped with the processing of
ChIP-Seq data. All authors read and approved the final manuscript.

Author details

! CAS Key Laboratory of Computational Biology, CAS-MPG Partner Institute

for Computational Biology, Shanghai Institute for Biological Sciences, Chinese
Academy of Sciences, Shanghai 200031, China. 2 University of Chinese Acad-
emy of Sciences, 19A Yugquan Road, Beijing 100049, People’s Republic of China.
3 Medical Genomics, Paul O'Gorman Building, UCL Cancer Institute, University
College London, 72 Huntley Street, London WCTE 6BT, UK. 4 Statistical Cancer
Genomics, Paul O'Gorman Building, UCL Cancer Institute, University College
London, 72 Huntley Street, London WC1E 6BT, UK. 5 Department of Women's
Cancer, University College London, 74 Huntley Street, London WCIE 6AU, UK.

Acknowledgements

We thank the continued support from the Chinese Academy of Sciences (CAS)
and the Max-Planck Society. The research presented here was supported by an
NSFC grant (Grant Number 31571359) and a Royal Society Newton Advanced
Fellowship (NAF Project Number: 522438, NAF Award Number: 164914). CEB
was supported by a PhD fellowship from the EU-FP7 project EpiTrain (316758).
SB was supported by the Wellcome Trust (99148), a Royal Society Wolfson
Research Merit Award (WM100023) and EU-FP7 projects EPIGENESYS (257082)
and BLUEPRINT (282510).

Competing interests
The authors declare that they have no competing interests.

Received: 9 January 2016 Accepted: 11 February 2016
Published online: 08 March 2016

References

1. Feinberg AP, Ohlsson R, Henikoff S. The epigenetic progenitor origin of
human cancer. Nat Rev Genet. 2006;7:21-33.

2. Berman BP, Weisenberger DJ, Aman JF, Hinoue T, Ramjan Z, Liu Y,
Noushmehr H, Lange CP, van Dijk CM, Tollenaar RA, et al. Regions of focal
DNA hypermethylation and long-range hypomethylation in colorectal
cancer coincide with nuclear lamina-associated domains. Nat Genet.
2012;44:40-6.

3. Baylin SB, Jones PA. A decade of exploring the cancer epigenome—bio-
logical and translational implications. Nat Rev Cancer. 2011;11:726-34.

4. Baylin SB, Ohm JE. Epigenetic gene silencing in cancer—a mechanism for
early oncogenic pathway addiction? Nat Rev Cancer. 2006;6:107-16.

20.

21

22.

23.

24.

Page 10 of 11

Hansen KD, Timp W, Bravo HC, Sabunciyan S, Langmead B, McDonald
OG, Wen B, Wu H, LiuY, Diep D, et al. Increased methylation variation in
epigenetic domains across cancer types. Nat Genet. 2011;43:768-75.
Irizarry RA, Ladd-Acosta C, Wen B, Wu Z, Montano C, Onyango P, Cui

H, Gabo K, Rongione M, Webster M, et al. The human colon cancer
methylome shows similar hypo- and hyper-methylation at conserved
tissue-specific CpG island shores. Nat Genet. 2009;41:178-86.

Hansen KD, Sabunciyan S, Langmead B, Nagy N, Curley R, Klein G, Klein E,
Salamon D, Feinberg AP, Large-scale hypomethylated blocks associated
with Epstein—Barr virus-induced B-cell immortalization. Genome Res.
2014;24:177-84.

Timp W, Bravo HC, McDonald OG, Goggins M, Umbricht C, Zeiger M, Fein-
berg AP, Irizarry RA. Large hypomethylated blocks as a universal defining
epigenetic alteration in human solid tumors. Genome Med. 2014,6(8):61.
Berman BP, Weisenberger DJ, Aman JF, Hinoue T, Ramjan Z, Liu Y, Noushmehr
H, Lange CPE, van Dijk CM, Tollenar RA, et al. Regions of focal DNA hyper-
methylation and long range hypomethylation in colorectal cancer coincide
with nuclear lamina-associated domains. Nat Genet. 2011;44(1):40-6.

. Wen B, Wu H, Shinkai Y, Irizarry RA, Feinberg AP. Large histone H3 lysine

9 dimethylated chromatin blocks distinguish differentiated from embry-
onic stem cells. Nat Genet. 2009;41:246-50.

. Widschwendter M, Fiegl H, Egle D, Mueller-Holzner E, Spizzo G, Marth C,

Weisenberger DJ, Campan M, Young J, Jacobs |, Laird PW. Epigenetic stem
cell signature in cancer. Nat Genet. 2007;39:157-8.

Schlesinger Y, Straussman R, Keshet |, Farkash S, Hecht M, Zimmerman J,
Eden E, Yakhini Z, Ben-Shushan E, Reubinoff BE, et al. Polycomb-mediated
methylation on Lys27 of histone H3 pre-marks genes for de novo meth-
ylation in cancer. Nat Genet. 2007;39:232-6.

Ohm JE, McGarvey KM, Yu X, Cheng L, Schuebel KE, Cope L, Mohammad
HP, Chen W, Daniel VC, Yu W, et al. A stem cell-like chromatin pattern may
predispose tumor suppressor genes to DNA hypermethylation and herit-
able silencing. Nat Genet. 2007;39:237-42.

YuanT, JiaoY, de Jong S, Ophoff RA, Beck S, Teschendorff AE. An integra-
tive multi-scale analysis of the dynamic DNA methylation landscape in
aging. PLoS Genet. 2015;11:21004996.

. Teschendorff AE, Menon U, Gentry-Maharaj A, Ramus SJ, Weisenberger

DJ, Shen H, Campan M, Noushmehr H, Bell CG, Maxwell AP, et al. Age-
dependent DNA methylation of genes that are suppressed in stem cells
is a hallmark of cancer. Genome Res. 2010;20:440-6.

Nejman D, Straussman R, Steinfeld |, Ruvolo M, Roberts D, Yakhini Z, Cedar
H. Molecular rules governing de novo methylation in cancer. Cancer Res.
2014;74:1475-83.

Sproul D, Kitchen RR, Nestor CE, Dixon JM, Sims AH, Harrison DJ, Ramsa-
hoye BH, Meehan RR. Tissue of origin determines cancer-associated CpG
island promoter hypermethylation patterns. Genome Biol. 2012;13:R84.
Sproul D, Nestor C, Culley J, Dickson JH, Dixon JM, Harrison DJ, Meehan
RR, Sims AH, Ramsahoye BH. Transcriptionally repressed genes become
aberrantly methylated and distinguish tumors of different lineages in
breast cancer. Proc Natl Acad Sci USA. 2011;108:4364-9.

Polak P, Karlic R, Koren A, Thurman R, Sandstrom R, Lawrence MS,
Reynolds A, Rynes E, Vlahovicek K, Stamatoyannopoulos JA, Sunyaev SR.
Cell-of-origin chromatin organization shapes the mutational landscape
of cancer. Nature. 2015;518:360-4.

Maegawa S, Hinkal G, Kim HS, Shen L, Zhang L, Zhang J, Zhang N, Liang
S, Donehower LA, Issa JP. Widespread and tissue specific age-related DNA
methylation changes in mice. Genome Res. 2010;20:332-40.

Rakyan VK, Down TA, Maslau S, Andrew T, Yang TP, Beyan H, Whittaker

P, McCann OT, Finer S, Valdes AM, et al. Human aging-associated DNA
hypermethylation occurs preferentially at bivalent chromatin domains.
Genome Res. 2010;20:434-9.

Nazor KL, Altun G, Lynch C, Tran H, Harness JV, Slavin |, Garitaonandia |,
Muller FJ, Wang YC, Boscolo FS, et al. Recurrent variations in DNA methyla-
tion in human pluripotent stem cells and their differentiated derivatives.
Cell Stem Cell. 2012;10:620-34.

Sandoval J, Heyn H, Moran S, Serra-Musach J, Pujana MA, Bibikova M,
Esteller M. Validation of a DNA methylation microarray for 450,000 CpG
sites in the human genome. Epigenetics. 2011;6:692-702.
Schuster-Bockler B, Lehner B. Chromatin organization is a major
influence on regional mutation rates in human cancer cells. Nature.
2012;488:504-7.


http://dx.doi.org/10.1186/s13072-016-0058-4
http://dx.doi.org/10.1186/s13072-016-0058-4

Chen et al. Epigenetics & Chromatin (2016) 9:10

25.

26.

27.

28.

Yang Z, Jones A, Widschwendter M, Teschendorff AE. An integrative pan-
cancer-wide analysis of epigenetic enzymes reveals universal patterns of
epigenomic deregulation in cancer. Genome Biol. 2015;16:140.

Kundaje A, Meuleman W, Ernst J, Bilenky M, Yen A, Heravi-Moussavi A,
Kheradpour P, Zhang Z, Wang J, et al. Integrative analysis of 111 reference
human epigenomes. Nature. 2015;518:317-30.

Thurman RE, Rynes E, Humbert R, Vierstra J, Maurano MT, Haugen E, Shef-
field NC, Stergachis AB, Wang H, Vernot B, et al. The accessible chromatin
landscape of the human genome. Nature. 2012;489:75-82.

Troyanskaya O, Cantor M, Sherlock G, Brown P, Hastie T, Tibshirani R,
Botstein D, Altman RB. Missing value estimation methods for DNA micro-
arrays. Bioinformatics. 2001;17:520-5.

29.

30.

Page 11 of 11

Teschendorff AE, Marabita F, Lechner M, Bartlett T, Tegner J, Gomez-
Cabrero D, Beck S. A beta-mixture quantile normalization method for
correcting probe design bias in lllumina Infinium 450k DNA methylation
data. Bioinformatics. 2013;29:189-96.

Teschendorff AE, Menon U, Gentry-Maharaj A, Ramus SJ, Gayther SA,
Apostolidou S, Jones A, Lechner M, Beck S, Jacobs 1J, Widschwendter

M. An epigenetic signature in peripheral blood predicts active ovarian
cancer. PLoS One. 2009;4:e8274.

Submit your next manuscript to BioMed Central
and we will help you at every step:

We accept pre-submission inquiries

Our selector tool helps you to find the most relevant journal

We provide round the clock customer support

Convenient online submission

Thorough peer review

Inclusion in PubMed and all major indexing services

Maximum visibility for your research

Submit your manuscript at

www.biomedcentral.com/submit () BiolMed Central




	Tissue-independent and tissue-specific patterns of DNA methylation alteration in cancer
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Results
	The propensity for promoter hypermethylation and gene-body hypomethylation is highly correlated across cancer types
	Aberrant cancer DNAm patterns are predicted best by bivalently marked histone signals measured in normal tissue
	H3K36me3 histone signal measured in normal tissue type outperforms the corresponding hESC signal as predictor of gene promoter hypermethylation and gene-body hypomethylation in cancer
	Multivariate histone signal models allow highly accurate prediction of cancer-associated hypermethylation
	Patterns of cancer DNA methylation across DNase hypersensitive sites

	Discussion
	Conclusions
	Methods
	Data collection
	Processing of TCGA DNA methylation data
	Definition of constitutively unmethylated gene promoters, CGIs and constitutively methylated gene bodies
	Processing of ChIP-Seq data
	Processing of H1 mRNA expression data
	Differential DNA methylation analysis
	Histone mark prediction of cancer DNA methylation patterns
	Prediction of promoter DNA hypermethylation in cancer using multivariate histone signal models
	Correlation analysis of DNAm patterns
	450k probe density for each genomic region

	Authors’ contributions
	References




