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DNA methylation data preprocessing in the KORA data set

Raw methylation data were extracted with Illumina GenomeStudio Version 2011.1, Methylation
Module 1.9.0 and preprocessed using R, version 3.0.1 [1]. Some preprocessing steps were adopted
from the pipeline proposed by Touleimat and Tost [2]. First, probes with signals being summarized
from less than three functional beads, and probes associated with a detection p-value larger than
0.01 were defined as low-confidence probes. Samples with more than 20% low-confidence probes
were removed from the data set. Second, sites representing or being located in 50 bp proximity
to single nucleotide polymorphisms (SNPs) with a minor allele frequency of at least 5% were
excluded from the data set to avoid confounding of the methylation level by genetic variation.
Third, color bias adjustment using smooth quantile normalization, and background correction based
on the negative control probes present on the BeadChip, separately for the two color channels, were
conducted on the β-values using the R package lumi, version 2.12.0 [3].

In addition, β-values corresponding to low-confidence probes were set to missing, and CpG sites
were subjected to a 95% callrate threshold, were CpG sites with more than 5% low-confidence
probes were removed from the analysis. Then, beta-mixture quantile normalization (BMIQ) was
applied to correct the shift in the distribution of the beta values of the Infinium I and II probes [4]
using the R package wateRmelon, version 1.0.3 [5]. Finally, to avoid ambiguous methylation signals
derived from probes co-hybridizing to highly homologous genomic sequences other than the target
sequence, such probes, as predicted by Chen et al. 2013 [6], were removed prior to analysis. X
and Y chromosomes were removed from the epigenome-wide association study (EWAS) on age and
BMI.

To avoid technical confounding of the investigated phenotype-methylation associations, we per-
formed a principal component analysis on the positive control probes present on the BeadChip,
assuming that differences in control probe levels reflect technical differences between samples (John
Chambers, personal communication). The first 15 principal components (PCs) were then included
as covariates in the location submodels in all analyses.

Definition of the pseudo R2 criterion for the competing models

The pseudo R2 criterion [7, 8] is defined as:

R2 = 1−
(
L0

L1

)2/n

= 1− exp
(
− 2

n
(l1 − l0)

)
,

where L0 and L1 represent the likelihoods of the intercept-only and the full model, respectively,
while l0 and l1 represent the corresponding log-likelihoods.
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Thereby, log-likelihoods were derived for the different models as follows: For the models with a
transformed response ỹ, the transformation theorem

fY (y) = fỸ
(
h−1(y)

) ∣∣∣∣dh−1(y)

dy

∣∣∣∣
was applied, where for the logit2 transformation (h−1(y) = log2

(
y

1−y

)
):

dh−1(y)

dy
=

1

log(2)

1− y
y

1

(1− y)2
=

1

log(2)y(1− y)

and for the arcsine square root transformation (h−1(y) = arcsine
(√
y
)
):

dh−1(y)

dy
=

1√
1−√y2

1

2
√
y

=
1

2
√
y(1− y)

.

Thus, the following log-likelihoods resulted for the different models, evaluated at the fitted
distribution parameters µ̂i and σ̂i, i = 1, . . . , n, of the fitted and intercept-only models, respectively:

� for Gaussian regression on the raw data (ra, ra+):

l(µ,σ|y)
∣∣∣
µ̂,σ̂

=
n∑
i=1

(
−1

2
log(2π)− log(σ̂i)−

(yi − µ̂i)2

2σ̂2i

)
(1)

� for Gaussian regression on the logit2-transformed data (lo, lo+):

l(µ,σ|y)
∣∣∣
µ̂,σ̂

=
n∑
i=1

−1

2
log(2π)− log(σ̂i)−

(
log2(

yi
1−yi )− µ̂i

)2
2σ̂2i

− log (log(2)− log(yi(1− yi)))



� for Gaussian regression on the arcsine square root-transformed data (ar, ar+):

l(µ,σ|y)
∣∣∣
µ̂,σ̂

=
n∑
i=1

(
−1

2
log(2π)− log(σ̂i)−

(
arcsine(

√
yi)− µ̂i

)2
2σ̂2i

− log
(

2
√
yi(1− yi)

))

� and for beta regression on the raw data (be, be+):

l(µ,σ|y)
∣∣∣
µ̂,σ̂

=

n∑
i=1

log

 Γ
(

1
σ̂2
i
− 1
)

Γ
(

( 1
σ̂2
i
− 1)µ̂i

)
Γ
(

( 1
σ̂2
i
− 1)(1− µ̂i)

)


+

(
(

1

σ̂2i
− 1)µ̂i − 1

)
log(yi) +

(
(

1

σ̂2i
− 1)(1− µ̂i)− 1

)
log(1− yi).
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Data preprocessing and methods for the ALL data set

Methylation data from bone marrow samples of 615 acute lymphoblastic leukemia (ALL) patients
(535 B-cell precursor type and 80 T-cell type) and 80 healthy controls were obtained from GEO (ac-
cession number: GSE49031; http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE49031).
Data preprocessing has been described in detail [9]. Briefly, methylation levels were determined
with the Infinium HumanMethylation 450K BeadChip, and methylation β-values were normalized
using peak-based correction [10]. No batch effects were observed. Sites on the X and Y chromo-
somes and sites with genetic variation in the probes were removed, leaving data for 435,941 CpG
sites for analysis [9].

All procedures described for the KORA data set were repeated on the ALL data set. For model
comparison, in all location and scale submodels, the respective parameter was specified as a linear
function of cancer status. Thereby, cancer status was defined as two dummy variables specifying
T-ALL and BCL-ALL types. The additional inclusion of cancer subtypes did not influence observa-
tions (not shown). The resampling procedure was evaluated on the example of the effect of T-ALL
status (as compared to healthy) on methylation.
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