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Recently, it was suggested that tissue variation in cancer risk
originates from differences in the number of stem-cell divisions
underlying each tissue, leading to different mutation loads. We
show that this variation is also correlated with the degree of
aberrant CpG island DNA methylation in normal cells. Methylation
accumulates during aging in a subset of molecules, suggesting
that the epigenetic landscape within a founder-cell population
may contribute to tumor formation.
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ne of the riddles of cancer has always been the extreme
variation in lifetime risk for different tissues of the body,
which may extend over four orders of magnitude (1). Although it
has been suggested that these differences might be explained on
the basis of how each individual cell type responds to environmental or hereditary effects (2, 3), a recent report by Tomasetti
and Vogelstein (1) indicated that this variation may actually be
linked to the inherent developmental properties of each tissue
type. Using data from the literature, these authors showed that
there is a strong correlation between lifetime cancer risk and the
cumulative number of previous stem-cell divisions within each
tissue. Their interpretation of these findings is that every round
of DNA replication is associated with a constant error rate,
leading to the random accumulation of somatic mutations,
thereby increasing the chances of tumor formation. It is likely
that many mutations also are caused by extrinsic factors (4). In any
event, the more stem-cell divisions involved in tissue formation,
the higher is the probability for cancer-causing mutations.
More than 10 years ago, it was proposed that epigenetic, as
opposed to genetic, alterations may predispose to tumors, and
these modifications represent a crucial target for cancer risk
assessment (5). Indeed, an accumulating body of evidence suggests that cancer is characterized by many epigenetic changes in
histone modification and DNA methylation that may influence
tumor biology (6). Although some alterations in DNA methylation are of a tissue-specific nature, most occur in a global
manner, with large regions of lamin-associated sequences becoming hypomethylated (7), whereas polycomb-bound CpG islands specifically undergo de novo modification (8–10). This
pattern appears to involve a similar set of sites in all tumors but
varies quantitatively between different cell types (11). Furthermore, as opposed to some methylation events that take place
after tumor formation, the abnormal CpG island modification
profile can already be observed to some degree in normal tissues
where it probably develops as a function of aging (11, 12), upstream to tumor transformation.
Results and Discussion
The fact that abnormal CpG island methylation varies with cell
type prompted us to ask whether this epigenetic mark may have
some bearing on the lifetime risk of cancer. To this end, we
collected extensive DNA methylation data in normal human
tissues from a large number of individuals of different ages, all
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extracted from The Cancer Genome Atlas (TCGA) and Gene
Expression Omnibus (GEO) databases (Illumina 450K platform)
by using fixed inclusion criteria (Materials and Methods) to
guarantee fair representation. These unprocessed data were then
corrected by applying a uniform background subtraction technique. To quantify the overall level of abnormal de novo methylation, we calculated the average β value for a defined set (n =
500) of polycomb-bound CpG islands known to carry the highest
levels of aberrant methylation (Materials and Methods). For each
tissue, data were compiled as a function of age (Fig. S1) extrapolated to 70 y to yield a single value and plotted against the
lifetime risk of cancer. As seen in Fig. 1, there is a strong correlation (P = 0.0006) between these two variables, with a Pearson
correlation (R) of 0.75, suggesting that up to 56% (R2) of the
variation in cancer risk may be attributed to tissue differences in
abnormal methylation.
It should be noted that this correlation appears to be quite
robust. These results, for example, were found to remain highly
significant when the number of polycomb islands used for determining the level of aberrant methylation in each tissue was
varied over a relatively wide range (Fig. S2). Although these data
for high polycomb-bound islands were derived from the relatively neutral ES cell type, selection of islands from other specific
cell types yielded similar results, consistent with the observation
that these sites overlap between tissues (ref. 11; Fig. S2C). The
relationship between aberrant methylation and lifetime risk of
cancer was also found to be significant over a wide range of age
choices and different combinations of test tissues (Fig. S3 A and B).
Significance
It is well-known that the risk of cancer varies widely between
different tissues of the body with some cell types (e.g., colon,
breast) being prone to cancer, whereas others (e.g., brain,
bone) only rarely develop tumors, but the mechanism of this
phenomenon has not been elucidated. Recently, it was shown
that this risk coefficient may actually be related to the inherent
number of stem-cell divisions that go into generating each individual cell type during development. In this work, we demonstrate that cancer risk is highly correlated with the degree of
aberrant age-dependent methylation in normal tissues, clearly
supporting the idea that cell-type tumor susceptibility may be
influenced by biologically intrinsic epigenetic factors.
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Intriguingly, the strongest correlation between DNA methylation
and lifetime cancer risk, R = 0.8 (P < 0.0001) was found around
age 50 with as few as 80 test CpG islands. Finally, we also
demonstrated using bootstrapping (1,000 reiterations) that this
correlation is robust and does not depend on the specific individual methylation samples used for each tissue type, with ∼99%
of the runs yielding a significant correlation (P < 0.01)
(Fig. S3C).
It is well-known that abnormal de novo methylation takes
place preferentially on CpG islands marked with the polycomb
complex (8, 11, 13), but it is not clear what actually drives this
modification. Mechanistically, this process probably involves the
histone H3K27 methylase, EZH2, which has been shown to be
capable of recruiting the DNA methylase machinery (14, 15). In
this manner, these target CpG islands may slowly accumulate
methyl groups that would then be faithfully maintained over long
periods of time in normal tissues. One possibility is that abnormal methylation is linked to DNA replication, an idea that is in
keeping with data showing that the level of CpG-island methylation in each tissue is closely correlated with the extent of stemcell divisions contributing to this cell type (Fig. S4). A similar
process appears to take place in tissue culture cell lines where
this same profile of abnormal methylation increases with continued cell passage and replication (16). This idea would also
explain why aberrant methylation increases as a function of aging, specifically in those tissues that are constantly being renewed
through an adult stem-cell division process (Fig. S1). Although
replication errors also increase with each division, the mechanism of aberrant DNA methylation probably operates in an independent manner through polycomb binding.
In light of this possibility, we next attempted to use statistical
modeling to explore the relationships among aberrant DNA
methylation, stem-cell division number, and lifetime risk of
cancer. As a first step, we calculated how much of the methylation cannot be explained by stem-cell division number (Fig.
S4A) (residual methylation), as well as the extent of lifetime risk
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that is not explained by the number of stem-cell divisions (Fig.
S4B) (residual lifetime risk). A comparison of these residuals
indicates that even after removing the influence of stem-cell
divisions in each tissue, there is still a good correlation (R = 0.74,
P < 0.01) between aberrant tissue methylation and lifetime risk
of cancer (Fig. 2A). Conversely, when we first correlate lifetime
risk with DNA methylation (Fig. 1, R = 0.75), thus explaining
56% of the variance [percentage of variance (PVE)], there is no
significant correlation between the residual number of stem-cell
divisions and residual lifetime cancer risk (R = −0.03, P < 1),
(Fig. S4C). We then used linear regression analysis to model the
influence of DNA methylation and stem-cell division number on
the lifetime risk of cancer (Fig. 2B). DNA methylation alone was
able to explain 77% of the variance, whereas the number of
stem-cell divisions alone could only account for 49% of the
variance in lifetime risk. A combined model considering both
methylation and stem-cell divisions did not explain any more of
the variance than methylation alone. It should be noted, however, that cancer risk must also depend on other factors, as well.
Considering the connection between DNA methylation and
lifetime cancer risk, we next asked whether this aberrant modification is spread out over the entire cell population and, thus,
provides a general predicator for cancer risk, or, alternatively,
methylation may be restricted to select cells with their proportion in the cell population being associated with risk. Previous
studies on individual islands in a few different tissues have already demonstrated that most molecules are largely unmethylated, with only a small percentage being highly modified,
suggesting that this aberrant methylation may be restricted to a
small number of cells (11). To examine whether this distribution
is typical for all CpG islands, we collected data from the literature for a number of different normal-tissue DNA samples by
using genome-wide Reduced Representation Bisulfite Sequencing (RRBS) to analyze the molecular distribution of DNA
methylation. This high-throughput method produces small fragments (40–220 bp) that cover almost all (>90%) CpG islands
PNAS | February 28, 2017 | vol. 114 | no. 9 | 2231
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Fig. 1. Correlation between cancer lifetime risk and tissue DNA methylation. Methylation β-value scores were calculated from patient samples (n = 803) by
using the Illumina 450K methylation array platform. The average methylation score at 500 polycomb-bound CpG islands was calculated, and normalized for
each patient age, resulting in an estimated average methylation value at 70 y of age for each tissue (Fig. S1 and Materials and Methods). This value was
plotted against cancer lifetime risk (in log scale), as calculated for each tissue (Materials and Methods), resulting in a Pearson correlation coefficient of 0.75
(P = 0.0006), and a Spearman correlation of 0.70 (P = 0.002) with the percentage of variance (PVE) being 0.56. It should be noted that the calculation of β value is a
close approximation of percent methylation (36).
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Fig. 2. Statistical modeling. (A) Residual cancer lifetime risk (i.e., effect not
explained by stem-cell division number per tissue) vs. residual methylation
(i.e., methylation not explained by correlation with stem-cell division number) as derived from the data in Fig. S4A. Here, we plot the 10 tissues for
which all datasets were measured. This comparison is described by a Pearson
correlation coefficient of 0.74 (P = 0.014). (B) Linear regression modeling of
the statistical link among DNA methylation, cancer lifetime risk, and stemcell divisions (Materials and Methods). Each arrow marks the percent of
variance (PVE, R-squared) of the destination variable, explained by a linear
model of the origin variable. For example, stem-cell division number explains
49% of the variance in cancer life time risk estimates over the different
tissues (PVE = R2 = (0.7)2). The two-headed arrow signifies the cancer lifetime risk PVE given a multiple linear model of both DNA methylation and
cell division number per tissue. P values calculated for each correlation: division vs. risk: P = 0.024; division vs. methylation: P = 0.0045; methylation vs.
risk: P = 0.0008; divisions and methylation vs. risk: P = 0.0057. The PVE for
DNA methylation vs. lifetime cancer risk (0.77) differs from that shown in
Fig. 1 (0.56) because the analysis in Fig. 2 was based on the subset of tissues
for which there is also data for cell division number (Table S1).

(17) in the genome including many molecules with strings of five
CpG residues.
This molecule-by-molecule analysis indicated that polycombbound islands have a skewed distribution of methylation, with the
number of molecules that are highly methylated (≥60%) being much
greater than expected by chance (Fig. S5), and this same skewing was
also seen in many different cell types (Table 1). In other words, DNA
methylation in these tissues is not randomly distributed, but rather
mostly concentrated in a relatively small number of molecules and
although not yet confirmed by single cell analysis, these data strongly
suggest that increased aberrant methylation may be indicative of
more cancer-prone cells in the population.
Both abnormal demethylation, and CpG island-specific de novo
methylation are characteristic of almost all types of cancer and have
been implicated in tumor physiology with a high degree of DNA
methylation being associated with poorer prognosis (18). In keeping
with this picture, demethylation drugs, such as 5azaC, used either
alone or in combination with other agents have been shown to be
successful in treating many different cancer types (19–22), although
the mechanism is unknown. In the mouse model for intestinal
2232 | www.pnas.org/cgi/doi/10.1073/pnas.1616556114

adenomas (min–), it has been demonstrated that whereas this mutation may be necessary to initiate tumors, DNA methylation is
essential for tumor growth (23), and the same may be true for other
cancer types in mice (24). Furthermore, targeted methylation of the
p16 (Ink4a) polycomb gene promoter leads to increased incidence
of spontaneous tumors in mice (25). In some cases, it appears that
aberrant demethylation may also play a role in tumorigenesis (26,
27). These observations suggest that both genetic and epigenetic
changes play critical and parallel roles in tumor biology. Our findings serve to strengthen this basic idea by demonstrating that the
chance of developing cancer in a particular tissue is highly correlated with the underlying level of abnormal de novo methylation in
the same cell type even before tumorigenesis. It should be noted
that the pattern of CpG-island methylation appears to be universal
and similar in all cancer cell types (11), suggesting that this abnormal methylation constitutes a genuine epigenetic component
independent of mutations.
The paper by Tomasetti and Vogelstein (1) nicely demonstrates
that cancer risk is somehow correlated with the basic developmental
design of each tissue as determined by counting the number of
stem-cell divisions that go into its generation. It was further suggested that this elemental property has its effect by controlling the
number of intrinsic mutations that each tissue accumulates and in
this way influences cancer risk. Previous experiments have already
demonstrated that normal cells accumulate aberrant methylation,
perhaps as a function of aging (11, 12). Our studies, however, indicate that the amount of aberrant methylation that takes place in
normal tissues is closely correlated with lifetime cancer risk, raising
the possibility that this epigenetic change may also contribute to
tumor susceptibility. Furthermore, statistical modeling of all of the
data seem to imply that abnormal methylation itself may serve as a
link that mediates the inherent association between stem-cell division number and cancer.
There is now considerable evidence demonstrating that abnormal
methylation in normal tissues actually precedes the onset of tumors
(11), and this early marker can be observed in individual crypts of
the colon (28), in aging stem cells from the hematopoietic system
(13) and in skin (29), raising the possibility that tumors themselves
may evolve from normal cells that have already undergone excess
de novo modification (30). In keeping with this idea, we have shown
that tissue methylation is concentrated in a small number of individual CpG-island molecules, perhaps indicative of a fraction of
cells that have undergone abnormal methylation (Table 1 and Fig.
S5) (11). According to this idea, the risk of cancer in any given tissue
would be correlated with the number of abnormally methylated
precancer cells in that cell type. Because de novo modification
appears to take place almost exclusively on CpG islands that are
already silenced by polycomb in the normal tissue (8), we suggest
that this modification works by preventing these genes from becoming activated, thereby inhibiting normal tissue differentiation,
causing clonal selection for cells that may predispose to cancer (31).
Table 1. Molecular distribution of tissue DNA methylation
Tissue
Breast
Lung
Liver
Prefrontal
cortex
CD34+ bone
marrow cells

Methylated reads

Expected reads

Fold enrichment

1,045
511
145
1,036

35
34
16
96

30
15
9
11

411

17

24

Calculation of fold enrichment for molecules having more than two of
five CpG methylations using RRBS DNA methylation datasets (Materials and
Methods) compared with the expected value as determined by its binomial
distribution (P < 10−300 for all samples) (Fig. S5).
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Materials and Methods
Methylation Data. We included in our dataset samples from the TCGA and
GEO databases for which DNA methylation profiles had been analyzed by
using the Illumina Infinium HumanMethylation450 BeadChip Array, for
which raw data were available, and the age of the sample donors. Data
were retrieved from the following sources: For bladder, breast, colon,
esophagus, head and neck, kidney, liver, lung, prostate, rectum, thyroid,
and uterus, data were downloaded from the TCGA website: https://
cancergenome.nih.gov. For blood, cerebellum, frontal lobe, temporal
lobe (GSE43414), and pancreas (GSE49149), data were downloaded from
the GEO database (www.ncbi.nlm.nih.gov/geo). It should be noted that
some of these normal tissue samples were derived from cancer patients
and may be slightly contaminated with tumor cells. Sample information
is presented in Dataset S1.
Raw methylation data for all samples were processed by using the RnBeads
software package (Max Planck Institute, rnbeads.mpi-inf.mpg.de/). The background fluorescence for each sample was estimated by means of negative
control probes located on the array and used to normalize all samples to a
reference sample, with the methylumi.lumi (Bioconductor) method (32). To
measure the amount of aberrant methylation in each sample, we first identified the full set of CpG islands that are constitutively unmethylated in fetal
tissues (11). For each CpG island, we calculated the mean H3K27me3 ChIP-seq
occupancy in H1 ES cells (GSM537583) and selected 500 CpG islands with the
highest levels of H3K27me3. This island set was then used to define the average methylation for each sample. We used robust linear regression (MASS R
package) to compare the age and methylation for each sample and calculated
the regressed methylation value for age 70. For Fig. S2D, where we varied the
source tissue for H3K27me3 data, we have used the following dataset instead
of H1 ES: H9 ES 2 (GSM706066), colon (GSM910564), brain (GSM772833), liver
(GSM1112814), fetal brain (GSM621393), and fetal lung (GSM706852).
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Lifetime Risk Values (by Tissue). Lifetime risk for the different cancer types was
obtained from the following sources: The data for bladder (2.4%), colorectal
(4.8%), esophagus (0.51%), kidney (1.61%), thyroid (1.08%), uterus (2.7%),
and pancreas (1.49%) were obtained from the SEER data fact sheet (seer.
cancer.gov/archive/csr/1975_2010/results_merged/topic_lifetime_risk.pdf). The
data for breast (12.3%) and prostate (15%) were obtained from the American
Cancer Society website (www.cancer.org). The data for head and neck
(1.38%), liver (0.71%), lung (0.45%), and cerebellum (0.01%) were calculated by Vogelstein and Tomasetti (1). According to Cancer Research
UK data (www.cancerresearchuk.org/health-professional/cancerstatistics/
statistics-by-cancer-type/bowel-cancer/incidence#heading-Zero), the lifetime
risk for rectal cancer is one-third that of colorectal cancer (4.8%/3 = 1.6%). As
calculated by Vogelstein and Tomasetti (1), lifetime risk of glioblastoma is
0.22%. Because frontal lobe tumors represent 40% of the samples (33), their
lifetime risk would be 0.088%. Temporal lobe tumors represent 29% of the
samples, yielding a lifetime risk of 0.064%.
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Nucleated (white) blood cells are made up of 70% from myeloid and 30%
from lymphoid progenitors (34). Myeloid progenitors give rise to AML
(lifetime risk 0.41%) and CML (lifetime risk 0.17%), whereas lymphoid progenitors give rise to ALL (lifetime risk 0.13%) and CLL (lifetime risk 0.52%)
(SEER data fact sheet, 3 seer.cancer.gov/archive/csr/1975_2010/results_merged/
topic_lifetime_risk.pdf). Using this information, we calculate the lifetime risk
of blood tumors to be 0.6% (0.3 × (0.41+0.17) + 0.7 × (0.13+0.52)). All of the
data for lifetime risk and DNA methylation are presented in Table S1. It should
be noted that although the correlation between cell division number and
lifetime cancer risk appears to be linear with both factors in log scale (1), we
chose to compare methylation to cancer risk in a log linear relationship, because this presentation maximizes the (linear) Pearson Correlation between
the two factors. The data for stem-cell division number were derived from
Tomasetti and Vogelstein (1).
Data Processing. To analyze the molecular distribution of methylation in
polycomb-targeted CpG islands, we analyzed RRBS data from several
tissues (Fig. S5 and Table 1). RRBS data were downloaded from the GEO
database (GSM683761, GSM919982, GSM1463824, GSM683821, GSM1045532)
and analyzed as follows: Raw sequenced reads were filtered by quality, trimmed from barcode contamination by using trimGalore (Babraham Bioinformatics), and then aligned to the genome (version hg19) by using bismark
(35). We collected all reads overlapping the top 500 H3K27me3-marked CpG
islands that include runs of at least five CpGs, and counted how many of the
sites were methylated in that particular sequenced read. We then compared
the observed frequency of methylated reads with the expected number of
methylated CpGs calculated according to a randomly generated binomial
distribution with the same total number of reads and overall average methylation by using a bootstrap version of the Kolmogorov–Smirnov goodness-offit test as implemented in the Matching package in R (Fig. S5). The ratio between the observed and expected methylation for each tissue is presented in
Table 1. Four Bootstrapping analysis was performed by using 1,000 iterations.
In each iteration, a random selection of the original samples from each tissue
(Fig. S1), the same size as the original group, was taken with replacements,
and the resulting methylation of each tissue was compared with lifetime risk
for that same tissue as described above. Residuals analysis was performed in
the following manner. Residual methylation was defined as the difference
between the observed methylation of each tissue and the methylation level
predicted as a function of stem-cell divisions based on the optimal (log-)linear
regression model. Similarly, residual lifetime risk was defined as the difference
between the observed lifetime risk for each tissue and the predicted lifetime
risk as a function of stem-cell divisions. Model analysis was performed to
evaluate the relative contribution of methylation and stem-cell division
number to lifetime cancer risk. Univariate and multivariate linear models were
fitted by using the “stats” package in R. The code for analysis is presented in
Dataset S2.
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Indeed, many of these methylation targets have been shown to be
“driver” genes in a number of different cell types (Fig. S6).
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