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CpG island methylation plays an important role in epigenetic gene control during mammalian development and is
frequently altered in disease situations such as cancer. The majority of CpG islands is normally unmethylated, but a
sizeable fraction is prone to become methylated in various cell types and pathological situations. The goal of this study
is to show that a computational epigenetics approach can discriminate between CpG islands that are prone to
methylation from those that remain unmethylated. We develop a bioinformatics scoring and prediction method on the
basis of a set of 1,184 DNA attributes, which refer to sequence, repeats, predicted structure, CpG islands, genes,
predicted binding sites, conservation, and single nucleotide polymorphisms. These attributes are scored on 132 CpG
islands across the entire human Chromosome 21, whose methylation status was previously established for normal
human lymphocytes. Our results show that three groups of DNA attributes, namely certain sequence patterns, specific
DNA repeats, and a particular DNA structure, are each highly correlated with CpG island methylation (correlation
coefficients of 0.64, 0.66, and 0.49, respectively). We predicted, and subsequently experimentally examined 12 CpG
islands from human Chromosome 21 with unknown methylation patterns and found more than 90% of our predictions
to be correct. In addition, we applied our prediction method to analyzing Human Epigenome Project methylation data
on human Chromosome 6 and again observed high prediction accuracy. In summary, our results suggest that DNA
composition of CpG islands (sequence, repeats, and structure) plays a significant role in predisposing CpG islands for
DNA methylation. This finding may have a strong impact on our understanding of changes in CpG island methylation
in development and disease.

Citation: Bock C, Paulsen M, Tierling S, Mikeska T, Lengauer T, et al. (2006) CpG island methylation in human lymphocytes is highly correlated with DNA sequence, repeats,
and predicted DNA structure. PLoS Genet 2(3): e26.

Introduction

DNAmethylation is a frequent biochemical modification of
eukaryotic DNA [1–6]. In humans, it affects the C5 position of
cytosines that belong to CpG dinucleotides (i.e., a cytosine
directly followed by a guanine).

CpG dinucleotides are distributed unevenly across the
human genome. In non-coding DNA, CpG dinucleotides are
4-fold underrepresented compared to the frequency of the
other dinucleotides [7,8], with the remarkable exception of
so-called CpG islands. There, CpGs are approximately as
frequent as one would expect from single base pair
frequencies. For practical reasons, CpG islands are usually
defined as sequence stretches that fulfill three conditions [9]:
(i) GC content above 50%, (ii) ratio of observed versus
expected number of CpG dinucleotides above 0.6, and (iii)
more than n base pairs in length (we use n ¼ 400 in
accordance with the source of our dataset [10]). CpG islands
rarely exceed 5,000 base pairs and are often associated with
functional elements. In particular, CpG islands overlap with
the promoter regions of 50% to 60% of human genes,
including most housekeeping genes [11,12].

As DNA methylation in the human genome is largely
confined to CpG dinucleotides, it is not surprising that the
distribution of DNA methylation along the genome is closely
intertwined with CpG frequencies. The classical view is that
almost all dispersed CpG dinucleotides in the human genome
are methylated by default, whereas CpG dinucleotides inside

CpG island promoters are typically unmethylated in normal
(i.e., non-neoplasic, non-senescent) tissue [1]. However,
exceptions have been known for a long time, such as de novo
methylation during cell differentiation [13], imprinting [3],
and X-chromosome inactivation [14]. Strong biallelic DNA
methylation of CpG island promoters is associated with stable
silencing of neighboring or associated genes and constitutes a
frequent event in cancer progression [15].
Initial chromosome-wide and genome-wide studies of CpG

island methylation indicate that a sizeable fraction of CpG
islands is methylated in normal tissue [10,16]. However, little
is known about the mechanisms that lead to methylation of
certain CpG islands while leaving others unmethylated, and it
is unclear whether these two groups can be identified by
characteristic attributes. Inspired by recent exploratory
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Preview: Validation

• Univariate feature selection:          
Bonferroni with p = 0.01

• Classi#cation:                                            
10$ fold strati!ed cross"validatio#

• Experimental veri#cation

• Seemingly, exceeds usual standards.  But...

3

Outline

• Characterization of  !some" genomics 
data structures and analysis objectives.

• Background re CpG island methylation.

• Data, analyses and validation performed 
by Bock et al.  Interwoven with concerns 
and proposed re#nements.

• Conclusions.
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Genome$Scale Problems

• Large number of features: 

• microarrays, sequence derived

• Complex between$feature dependencies

• pathways, networks, structural

• Small number of samples: 

•                                   !class imbalance"

p > 103

n < 102

“p ! n” (> n1)
5

CpG Island Methylation

• In humans, the measured frequency of CpG 
dinucleotides is very low <2%: CG suppression. 

• CG suppression is characteristic of genomes 
that use Cytosine methylation; may be related 
to hypermutability of methylated Cytosines.

• Evident except in small areas <5 kbp long, 
where CpG frequencies equal or exceed 
expectations:  CpG islands  ~1% of the genome.

6

• CpG islands escaped suppression over 
evolution since usua$y not methylated.

• Primarily located in the 5! region of 
expressed genes; > 60% promoters are 
contained within such CpG islands.

• When these become methylated the 
associated gene is permanently silenced; 
in turn transmitted through mitosis.

• Epigenetic means of inheritance.
7

• Numerous exceptions to methylation$ 
free state of CpG islands documented:  
X chromosome inactivation, imprinting, 
senescence and cancer. 

• Little known about mechanisms leading 
to methylation of select CpG islands.  
Some implication of local DNA sequence 
in determining methylation of CpGs.

• Motivation for study of Bock et al., 2006.
8



Bock et al 
Data Acquisition and Generation

• 132 CpGIs on Chr 21;

• Normalized !kb" frequencies of all tetramers

• Repeat frequencies and distributions

• Predicted local DNA structure 

• Gene & exon distribution, predicted TFBS, 
evolutionary conservation, SNPs

n1 = 29 methylated

9 10

Analyses I: 
Univariate Feature Selection

• Two$sample !M, UnM" testing, ranking

• Selection via Bonferroni with 

• Seemingly highly stringent:  41 / 706

• But, prior to testing, #ltering of features 
displaying no/little variation imposed.

• Misplaced: subject to abuse, contrary to 
manner whereby features generated.

p = 0.01

11

Analyses I: 
Univariate Feature Selection

• Improper feature #ltering can distort 
simultaneous inference:  the only sequenc% 
pattern showcased by Bock et al would no& 
survive the thresholding resulting 'om using 
a$ candidate features.

• More important, however, is the referent 
null distribution under which p$values are 
computed.

12



Analyses II: 
Quadratic Regressions

• Previous univariate tests were based on 
feature values over the CpG island itself.

• Expanded to include 10 surrounding       
sequence windows: -20kb to +20kb.

• F tests from quadratic regressions used in 
order to capture symmetry !??": 

Feature ∼ Meth ∗ Posn + Meth ∗ Posn2
13

• Results in high rankings for two predicted DNA 
structural features: average rise                         
and average twist 

• These are the only other features interpreted: 
(methylated CpG islands tend to co"locate with areas 
of unusual predicted DNA structure.) 

• Top ranked standard deviation of total length of 
self$alignments                                is not 
appraised.

(2 : p < 10−30)
(3 : p < 10−25)

(1 : p < 10−60)

14

• Now, these are impressive p$values.

• Indeed, Bonferroni with                  now 
yields  220 / 833 features %FDR 339 / 883&.

• Underlying F tests notoriously non$robust.

• Try moderation/penalization via lmFit.

p = 0.01
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• Conditional on bulk of features being 
null it is evident that the theoretical 
null distribution provides a very poor 
approximation to the empiric null. 

• That the large majority of features are, 
in fact, null is all too plausible given the 
manner in which they were generated: 
a$ tetrameter patterns, skewness & kurtosis 
of a$ predicted DNA structural attributes...

18

• Efron !2004 JASA,  2005ab, 2006".

• Large p settings provide their own empirical 
null which may be consequentially di'erent 
from the theoretic null appropriate for 
individual level testing.

• Distinct from multiplicity concerns.

Large$Scale Simultaneous 
Hypothesis  Testing

19

p0 = Pr{Null} f0(z) Null density

p1 = Pr{NonNull} f1(z) NonNull density

f(z) = p0f0(z) + p1f1(z) Mixture density

Posterior prob of being Null given z is

Define the local false discovery rate as

fdr(z) ≡ f0(z)/f(z)

Pr{Null|z} = p0f0(z)/f(z)

(BH) Fdr(z) ≡ Pr{Null|Z ≤ z} = p0F0(z)/F (z)20



Identi#cation of Non$Null Features

• estimate          from observed ensemble of

• assign or estimate a null density

• calculate the local fdr:

• report features with

•                                                                              

•                                                                              

• Permutation may not provide appropriate null                                                                                            

f(z) z’s

f0(z)

fdr(z) = f0(z)/f(z)

fdr(zi) < c (= 0.2 say)

f(z): Poisson regression on histogram of z’s

f0(z): Gaussian matched to central portion
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Local FDR Summary

• Dramatic reduction in number of declared 
features:  31  vs  220 (339)

• Empiric null captures feature dependencies 
!Efron, 2006" but, more importantly here, 
readily repairs poorly assigned p$values. 

• No free lunch:  stability concerns surround 
binning, central counts, empiric null df....

24



Analyses III: 
Classi#cation Approaches

• Use di'ering feature classes & combinations 
thereof to discriminate between M, unM.

• Frontline technique employed:  SVM with 
linear kernel, default tuning parameters.

• Evaluation via strati#ed, cross$validated  
accuracies and correlations.
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• Trivial model !everything UnM" has 
accuracy 0.78

• Baldi et al., 2000 Bioinformatics: 
(Highly non$informative and useless.)

• Sounds like a null hypothesis:  
>binom.exact(10,13)                                                              
x    n   propn      lower      upper                                       

10 13  0.769      0.462      0.950     
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• Following Baldi et al., Bock et al. favor   
use of correlation over accuracy:         
some questionable reasoning employed.

• Correlation uses TP, TN, FP, FN 
!symmetric in FP, FN" $$ begs for ROC.

• For a null referent use uninformative 
CpGI attributes:  Chr 21 position, length, 
category:  TSSoverlap, Intergenic, GeneEnd, 
ExonIntro#

(∝ χ
2
1)
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Analyses IV: 
Experimental Validation

• Predict M, UnM status of a$ CpGIs not 
in the original dataset. 

• Next, select 8 CpGIs predicted as UnM 
and 4 predicted as M and experimentally 
determine methylation status.

• 10 / 11 predictions correct  p < 0.01
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• Relaxed de#nition of a CpGI used: 
length > 200 bp vs > 400 bp previously.

• Aside: 10* of original CpGIs do not 
conform to stated de#nition.

• > 800 eligible CpGIs:  selection criteria?

• p$value seemingly based on p0 = 0.5

Using p0 = 0.66 gives p > 0.1
33

• Commonly encountered concerns 
pertaining to feature #ltering, null referent 
distributions, and class imbalance need 
attention in genomics validation e'orts.

• Findings of Bock et al., re role of predicted 
DNA structure and sequence patterns in 
determining CpG island methylation status 
deserve further scrutiny.

Conclusions
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