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Abstract—An integrative analysis of methylation and gene
expression is performed using TCGA data for 997 samples from
multiple cancer types. We use conditional mutual information
to examine each gene separately, identify 798 genes whose
expression are repressed by their methylation, and derive gene-
specific thresholds to dichotomize their methylation data. For
each methylation controlled gene, we evaluate its conditional
correlation with other genes, and infer which other genes are
its regulators or targets. The resulting set of regulator genes is
much larger than that of target genes, and the set of regulator
genes is highly enriched by transcription factors.

I. INTRODUCTION

DNA methylation plays an important role in cancer through

hypermethylation to turn off tumor suppressors [1], [2] and

hypomethylation to activate oncogenes [3]. It is widely rec-

ognized that DNA methylation is associated with silencing of

gene expression [4]. With data from high-throughput array and

sequencing technologies, a number of studies have reported

integrative analysis of methylation and gene expression [5]–

[7].

Integrating methylation and gene expression data can lead to

better understanding of regulatory relationships among genes.

In the literature, great efforts have been made to study gene

regulatory networks using expression data. Pairwise corre-

lation and mutual information have been used to construct

gene networks [8]. In addition, several methods for uncov-

ering context-dependent relationships have been proposed.

For example, the liquid association model was developed

to identify genes that can modulate coexpression of other

pairs of genes [9]. A few other similar models have been

proposed to describe three-way relationships among genes

[10], [11]. Conditional mutual information has been used to

identify regulators that strongly affect the concerted activities

of transcription factors and their targets [12]. These methods

can be applied to integrate methylation and gene expression

data, uncovering how relationships among genes are dependent

on the epigenetic context of DNA methylation.

To integrate methylation and gene expression, an ideal

resource is a large collection of samples for which both data

are available. The Cancer Genome Atlas (TCGA) project

provides such data [13]. Moreover, the TCGA samples are

derived from multiple cancer and tissue types. The diversity

among the samples may enable us to see relationships that

cannot be observed in individual tissue types.

In this paper, we analyze DNA methylation and gene

expression data in TCGA. Conditional mutual information

is used to examine the relationship between the methylation

status of a gene and its expression, to identify which genes

are significantly repressed by their methylation and derive

gene-specific methylation thresholds. For each methylation

controlled gene, we use conditional correlation to examine the

three-way relationships among the methylation and expression

of that gene, and the expression of another gene, for the

purpose of inferring directional regulatory relationships among

genes.

II. TCGA DATA AND PREPROCESSING

We use DNA methylation data and gene expression data

provided by TCGA. Genome-wide methylation measurements

were generated using the Illumina Infinium Human DNA

Methylation27 array platform, which interrogates the methyla-

tion status of 27,578 CpG sites in proximal promoter regions

of 14,475 genes in the human genome. As of February 25,

2012, methylation data for 3382 samples across 12 cancer

types were available. We downloaded the TCGA level 3

preprocessed data, which is the ratio Mi/(Ui +Mi) for each

CpG site i. Mi represents the intensity of the methylated

probe for CpG site i, whereas Ui is the unmethylated probe

intensity. Therefore, the numerical range of the data is be-

tween 0 and 1. 0 indicates unmethylated, whereas 1 indicates

completely methylated. The data contains a small fraction of

empty entries, because the corresponding probes either overlap

with known single nucleotide polymorphisms (SNPs) or other

genomic variations, or their signal intensities are lower than

the background.

TCGA uses several platforms to quantify gene expression,

among which the Illumina GA II and HiSeq platforms profiled

the largest number of samples. As of February 25, 2012,

RNA-seq data for 2271 samples across 9 cancer types were

available. Again, we downloaded preprocessed data, which

are the RPKM values for 20532 genes in each sample. The

numerical range of the data is between 0 and 105. For each

gene, we replace the zero entries with the minimal non-zero
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value of this gene across all samples, and transform the data

to log2 scale.

The number of overlapping samples between the methyla-

tion data and the gene expression data is 997, which covers

7 different cancer types. The three most prevalent cancer

types among those samples are breast invasive carcinoma (306

samples), kidney renal clear cell carcinoma (207 samples) and

colon adenocarcinoma (161 samples). Our integrative analysis

is performed based on these 997 overlapping samples.

III. GENE-SPECIFIC METHYLATION ON-OFF THRESHOLD

Methylation is often described as a binary on-off signal [14],

and it is widely recognized that methylation represses gene

expression. Typically, if a gene is controlled by its methylation,

its expression is low when methylated. On the other hand,

when unmethylated, its expression can be either high or low.

Since measurements for methylation and expression are both

continuous, a biaxial plot of these two signals will exhibit an

L-shape pattern, similar to those shown in Figure 1. If we truly

believe that methylation is binary, there are two implications:

(1) the reflection point of the L-shape is an appropriate choice

to binarize methylation data, and (2) conditioning on the

binarized on-off methylation status, the continuous valued

methylation data and expression data should be independent,

which motivates us to quantify the L-shape pattern using

conditional mutual information (MI) [15]. In this section, we

use TCGA data to ask two questions: which genes exhibit

L-shape, and what is the optimal threshold for binarizing

methylation data for each L-shape gene.

To determine whether methylation and expression of a

gene exhibit an L-shape, we compute the conditional MI for

different choices of thresholds to binarize the methylation

data. If we consider the continuous valued methylation and

expression data as two random variables X and Y , and denote

a nominal threshold as t, the conditional MI can be written as

a weighted sum of MIs on the two sides of the threshold.

cMI(t) = I(X,Y |X < t)p(X < t)+I(X,Y |X ≥ t)p(X ≥ t)
(1)

When t is chosen to be 0 or 1, all data points are on one

side of the threshold, and the conditional MI equals to the

mutual information derived from all data points. For an L-

shape gene, as t moves from 0 to 1, cMI(t) first decreases

and then increases, and its value approaches zero when t
coincides with the reflection point (Figure 1). Therefore,

the ratio r = min(cMI(t))
cMI(0) for an L-shape gene is small,

and t∗ = argmin(cMI(t)) is the optimal threshold for

dichotomizing the methylation data of this gene. Although

some other patterns may also lead to small r, this ratio can

serve as a criterion to filter out genes that do not exhibit L-

shape.

To estimate the MI terms in equation (1) from the TCGA

data, we use a kernel-based estimator [16], which constructs

a joint probability distribution by applying a Gaussian kernel

to each data point, and estimates the MI based on the joint
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Fig. 1. Two example genes whose expression is controlled by methylation,
panel (a) corresponds to ESR1 and panel (b) corresponds to PAX8. In both
examples, the top panels show the scatter plots of methylation and expression
data. Colors are used to distinguish cancer types: breast cancer samples
are in red; kidney samples are in black; colon samples are in blue; and
green represents the other cancer type samples. The bottom panels show the
conditional MI for different choices of methylation thresholds. Appropriate
thresholds can be suggested by the minimum of conditional MI.
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where h is a tuning parameter for the kernel width, i and

j are indices for samples. In our analysis, we normalize the

methylation and expression data to zero-mean-unit-variance

and empirically set h = 0.3 [16].

For each CpG site, we examined the conditional MI between

its methylation and the expression of its corresponding gene.

Then, we filtered for L-shapes using a combination of three

criteria: the ratio r < 0.25; unconditioned MI cMI(0) > 0.1;

the average expression on the left side of the optimal threshold

t∗ is higher than the average expression on the right side. The

parameters here are chosen according to a random permutation

test and p-value of 0.01. According to the above criteria, a

total of 798 genes are selected to be L-shape genes. Two

examples are shown in Figure 1. For ESR1, the optimal

threshold to binarize its methylation is 0.18, whereas the

optimal threshold for PAX8 is 0.55. This result suggests that

the optimal thresholds can be quite different for different

genes. Indeed, if we plot the histogram of the identified

thresholds for all the 798 L-shape genes, we see a wide-spread

distribution in Figure 2, indicating that the optimal threshold

for dichotomizing methylation data is highly gene-specific.

In both examples shown in Figure 1, the colors encode for

different disease types. Red, black and blue represent breast,

kidney and colon cancers, respectively. Green represents all

other cancer types in the data. When data for all disease

types are visualized together, it is easy to observe the L-shape

relationship. However, since dots with the same color tend to

appear on the same side of the optimal threshold, if we focus

our attention on only one disease type, we will not be able
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Fig. 2. Histogram of gene-specific methylation thresholds for the 798
identified genes whose expression are controlled by their methylation.

to observe the L shape. This shows the power of analyzing

multiple cancer types together.

IV. INFERRING DIRECTIONAL GENE REGULATORY

RELATIONSHIPS

In the previous section, we identify L-shape genes whose

expressions are controlled by methylation and their gene-

specific methylation on-off thresholds. For each L-shape gene

i, we can use its specific methylation threshold to divide

samples into two groups, one with gene i unmethylated and

the other with gene i methylated. This enables calculation of

the conditional correlations between gene i and other genes,

conditioning on the methylation status of i. The conditional

correlations may be used to infer directional regulatory rela-

tionships between i and other genes.

More specifically, we are interested in gene pairs that exhibit

patterns shown in Figure 3. If expressions of i and j are

highly correlated when i is unmethylated, and j’s expression

is tightly constrained when i’s expression is controlled by its

methylation, we will observe a pattern similar to Figure 3 (a).

Such a pattern indicates that expression of gene j is highly

correlated with gene i regardless of i’s methylation status,

which implies that gene j is likely to be a target of gene i.
On the other hand, if j’s expression is not constrained when i
is methylated, the data will exhibit a pattern similar to Figure

3 (b), which implies that gene j is likely to be a regulator

of gene i, and j only regulates i when i is not silenced by

its own methyaltion. Unfortunately, the pattern in Figure 3 (b)

does not rule out a more complex relationship in which gene

i and j are both regulated by some other gene.

To search for patterns similar to Figure 3, we examine the

conditional correlations between each of the 798 methylation

controlled genes and all other genes. For gene j to be consid-

ered a target of a methylation controlled genes i, we require:

absolute value of their overall correlation |corr(i, j)| > 0.6;

when i is unmethylated, |corr(i, j|imeth off)| > 0.6 and j’s

expression range is larger than 60% of its overall range; when i
is methylated, |corr(i, j|imeth on)| < 0.4 and j’s expression

range is smaller than 40% of its overall range. Using this

set of criteria, 531 gene pairs are identified, corresponding to

112 unique target genes. One examples is shown in Figure

4 (a). The left panel shows that GUCY2C’s expression is

repressed by its methylation. In the middle panel, we observe a

positive correlation between GUCY2C and NOX1 in samples
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Fig. 3. Possible patterns of expressions of i and j conditioning on the
methyaltion status of i. Such pattern can be used to infer directional regulatory
relationships, i.e. (a) indicates j is a target of i, whereas (b) indicates j is a
regulator of i.

whose GUCY2C is unmethylated. The right panel shows that

NOX1’s expression is tightly constrained when GUCY2C is

methylated. This combination indicates that NOX1 is likely to

be a target activated by GUCY2C. Another example is shown

in Figure 4 (b), suggesting that PKP3 is a target which is

inhibited by EDNRB.

Another set of criteria is used to identify genes that are

potentially regulators of the methylation controlled genes:

when i is unmethylated, |corr(i, j|imeth off)| > 0.6 and

j’s expression range is larger than 60% of its overall range;

when i is methylated, |corr(i, j|imeth on)| < 0.4 but j’s

expression range is still larger than 60% of its overall range.

This set of criteria generates 21911 gene pairs, corresponding

to 8057 unique genes regulating the methylation controlled

genes. Two examples are shown in Figure 5, suggesting that

MYB regulates and activates LGALS4, and EME1 is likely to

regulate and inhibit SLC3A1.

To investigate the validity of the directional relationships,

we compare the identified sets of regulator genes and target

genes against a manually curated list of 1391 transcription

factors (TFs) [17]. Using the hypergeometric test, we notice

significant overlap between the 8057 regulator genes and the

TFs (pvalue = 0.00013). In contrast, the overlap between the

112 target genes and the TFs is insignificant (hypergeometric

test pvalue = 0.74). This comparison supports our results,

because if the identified directional relationships are valid, we

would expect that the set of regulator genes is more enriched

by TFs than the set of target genes.

V. DISCUSSION

We perform integrative analysis of methylation and gene

expression data in TCGA. Using the conditional mutual infor-

mation, we identify 798 genes whose expression are regulated

by their methylation status, and derive gene-specific thresholds

to determine the on-off methylation status for those genes.

We further compare the conditional correlation between the

methylation controlled genes and others to infer directional

regulatory relationships, i.e., which genes are regulators or

targets of the methylation controlled genes. The number of

the identified regulator genes is much larger than that of the

target genes, and the regulator genes are much more highly

enriched by TFs.
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Fig. 4. Examples of identified target genes of methylation controlled
genes. (a) Relationship between GUCY2C (methylation controlled gene) and
NOX1. The red, blue and gray dots collectively represent all 997 samples.
Red highlights samples with GUCY2C unmethylated, and blue highlights
samples whose GUCY2C is methylated. This pattern indicates NOX1 is a
target activated by GUCY2C. (b) Methylation and expression of EDNRB and
expression of PKP3, indicating that PKP3 is a target which is inhibited by
EDNRB.
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Fig. 5. Examples of potential regulator genes of methylation controlled
genes. (a) Methylation and expression of LGALS4 and expression of MYB,
indicating that MYB regulates and activates LGALS4. (b) Methylation and
expression of SLC3A1 and expression of EME1, indicating that EME1
regulates and inhibits SLC3A1.

For future work, there are a few possible extensions. The

methylation data used here are generated by the Illumina

Methylation 27k platform, which measures 27,578 CpG sites

annotated to 14,475 genes. TCGA also generates methylation

data using another platform, the Illumina Methylation 450k

array, which measures roughly 20 times more CpG sites.

We plan to redo the analysis using the 450k methylation

data, which will enable us to identify more methylation

controlled genes and a larger number of directional regulatory

relationships. Another extension is to assemble the identified

directional relationships into a directed gene network, and

study the biological relevance of hub nodes and root nodes

of the network.

In this analysis, samples from multiple cancer and tissue

types are included. The diversity in such a pan-cancer dataset

empowers the analysis to identify more relationships. For

example, many of the L-shape patterns between methylation

and gene expression can only be observed when multiple tissue

types are analyzed together. However, such a dataset will also

lead to many false positives that reflect tissue differences rather

than regulatory mechanisms. Therefore, there is a dilemma of

what data to use, multiple cancer types together or individual

diseases separately. To better understand this question, we will

repeat our analysis in individual cancer types separately, and

compare the results with that observed here.
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