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Abstract

DNA methylation is a key epigenetic modification involved in gene regulation whose
contribution to disease susceptibility is still not fully understood. As the cost of genome
sequencing technologies continues to drop, it will soon become commonplace to perform
genome-wide quantification of DNA methylation at a single base-pair resolution. However, the
demand for its accurate quantification might vary across studies. When the scope of the
analysis is to detect regions of the genome with different methylation patterns between two or
more conditions, e.g., case vs control; treatments vs placebo, accuracy is not crucial. This is
the case in epigenome-wide association studies used as genome-wide screening of
methylation changes to detect new candidate genes and regions associated with a specific
disease or condition. If the aim of the analysis is to use DNA methylation measurements as a
biomarker for diseases diagnosis and treatment [1, 2], it is instead recommended to produce
accurate methylation measurements. Furthermore, if the objective is the detection of DNA
methylation in subclonal tumour cell populations or in circulating tumour DNA or in any case
of mosaicism, the importance of accuracy becomes critical. The aim of this chapter is to
describe the factors that could affect the precise measurement of methylation levels and a
recent Bayesian statistical method called MethylCal and its extension that have been

proposed to minimize this problem.
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1. Introduction

The deviation between the observed and the expected methylation level is mainly due to the
chemical treatment used to discriminate between methylated and unmethylated cytosine. The
detection of a methyl group at the 5’-carbon of cytosines in a CpG dinucleotide is challenging
because the methylation marks will be lost after one cycle of PCR and the limitation of the
large majority of high-throughput technologies to detect only four bases (C, T, G, A).

In 1970, two independent groups Shapiro et al. [3] and Hayatsu et al. [4] discovered a chemical
interaction between sodium bisulfite and pyrimidines capable to deaminate cytosine into uracil.
Ten years later, Wang et al. [5] observed significant differences in the speed of this reaction
between 5-methylcytosine (5mC) and cytosines (C). Inspired by these works, Frommer et al.
[6] proposed in 1992 to use the reaction to distinguish 5mC from C in the analysis of DNA
methylation levels in genomic DNA. The deamination into uracil is much faster at cytosine
residues than 5mC. Since then, this chemical treatment is called “bisulfite conversion” and
consists in the conversion of unmethylated cytosines into uracil, maintaining methylated
cytosines unchanged. The conversion begins with the denaturalization of the genomic DNA at
95°C in order to separate DNA strands and make cytosines accessible to bisulfite treatment
(Fig. 1). After denaturalization, single strand genomic DNA suffers a nucleophilic addition of
bisulfite to the C-6 position of cytosine, allowing the deamination into 5,6-dihydrouracil-6-
sulfonate. The treatment with an alkaline solution eliminates the sulfonate group and
regenerates the double bond, obtaining uracil (Fig. 1). Uracil will be converted into thymidine
after one polymerase chain reaction cycle. Finally, after bisulfite conversion, DNA becomes

single strand fragmented DNA no longer complementary.
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Fig. 1 Bisulfite conversion reaction. During the treatment of double-strand genomic DNA with
bisulfite, DNA suffers denaturalization and conversion of unmethylated cytosines in uracil. This
conversion begins with the addition of bisulfite to cytosine producing cytosine sulphonate,
which is deaminated into uracil sulfonate. After the treatment with an alkaline solution, uracil

sulfonate is converted into uracil.

The revolution of bisulfite conversion treatment in the detection of DNA methylation has led in
recent years to an increasing number of DNA methylation studies as well as the identification
of new epigenetic biomarkers and epigenetic signatures associated with specific diseases. All
high-throughput technologies, capable to detect DNA methylation, including pyrosequencing,
amplicon-based bisulfite sequencing, capture-based bisulfite sequencing, genome-wide
methylation array, whole-genome bisulfite sequencing (WGBS) and reduced representation
bisulfite sequencing (RRBS) use bisulfite conversion for the discrimination of methylated
cytosine from unmethylated cytosines. However, the bisulfite conversion of the genomic DNA
also introduces some technical problems in the measurement of methylation levels that should

be taken into account in downstream analyses.

1.1. Incomplete bisulfite conversion

During bisulfite conversion, only unmethylated cytosines will be transformed in uracil, so any
incomplete bisulfite conversion will be read in the downstream analysis as methylated
cytosines, a false positive. The main reason for incomplete bisulfite conversion is the
incomplete denaturation or partial renaturation. Since double-strand DNA is unreactive to
bisulfite, an incomplete denaturation will result in cytosine fail to react with bisulfite instead of

the conversion of unmethylated cytosines into uracil (Fig. 2).
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Fig. 2 Incomplete bisulfite conversion (left) produces a different sequence of bisulfite DNA

compared to the sequence produced after complete conversion (right). Also, the PCR product
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obtained after PCR amplification will have a different sequence. In the example, two
unmethylated cytosines (red asterisk) elude the conversion and produce bias results that lead
to misinterpretation in downstream analyses. In this case, the incomplete bisulfite conversion

of two cytosines will be read as two false methylated cytosines.

Commercial bisulfite conversion kits like EZ DNA Methylation-Gold (Zymo®) assures a
conversion efficiency rate greater than 99%. The conversion rate is calculated as the number
of non-CpG cytosines converted into thymidine over the total number of non-CpG sites
analysed [7, 8]. Moreover, it is estimated in non-CpG sites because the majority of non-CpG
sites are unmethylated and the conversion should be closed to 100%.

To assess the bisulfite conversion rate, another option is the inclusion of completely
unmethylated DNA controls. In the past, the most commonly unmethylated DNA control used
was Lambda phage DNA, but now there are many companies that provide commercial
unmethylated DNA controls especially for human and mouse studies. There are multiple
methods to produce unmethylated DNA like the DNA purification from cells knockout for both
DNA methyltransferases DNMT1 (-/-) and DNMT3b (-/-) or DNA from whole genome
amplification. None of these methods produces exact values and all have a similar error rate,
around 5%.

In summary, the conversion rate gives a general overview of the efficiency of the bisulfite
reaction. A conversion rates greater than 97% is considered good, while less than 90% is
considered very poor for methylation analysis. However, since it is estimated in non-CpG sites,

it may fail to provide an accurate assessment of the bisulfite conversion in CpG sites.

1.2. PCR bias

Some technologies, like amplicon-based bisulfite sequencing or pyrosequencing, require the
amplification of the region of interest to detect methylation levels. These technologies may
suffer an additional problem called “PCR bias” which is a preferential amplification of an allele
and strand in the PCR due to methylation state [9]. After bisulfite conversion, bisulfite DNA is
a single strand fragmented DNA no longer complementary with a reduced number of cytosines
which results in a low diversity sequence. Depending on the methylation status in each allele,
the amplification of the region of interest could show variable efficiency which will affect the
results and the accuracy.

In order to obtain accurate results, it is important to minimize the PCR-bias effect as much as
possible. To this end, investigators [10, 11] have proposed to redesign primers by looking at
strand-specific as well as bisulfite-specific flanking primers, but this solution is expensive and
time-consuming and might not solve the problem completely. Instead, PCR bias can be

calculated and corrected in silico [9, 12, 13] by using standard controls with known methylation
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levels (Fig. 3). The apparent level of methylation after PCR in standard controls is used to

correct the observed methylation levels in the case and control samples.
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Fig. 3 The observed degree of bias introduced by PCR amplification in (A) KCNQ10T1, (B)
H19/IGF2 and (C) PLAGL1 DMRs by amplicon-based bisulfite sequencing presented in
Ochoa et al. [13]. The apparent level of methylation observed after amplification (y-axis) is
plotted as a function of the actual methylation percentage (x-axis). The black dashed line
represents Moskalev's cubic polynomial interpolation curve [12] on the average (across CpGs)
apparent level of methylation. The grey dot-dashed line represents an unbiased plot. The
deviation of observed DNA methylation from the expected DNA methylation is similar in the
first two target regions (low degree of preferential PCR amplification of unmethylated alleles),
but it is different in PLAGL1 DMR (high degree of methylated DNA loss).

The effect of the PCR bias in amplicon-based approaches will depend on the region and
should be calculated during the development of new assays. The rest of technologies
(pyrosequencing, methylation array, capture-based BS, WGBS and RRBS) only used PCR for
the enrichment of the library and it is considered to have a small contribution in the deviation
between the observed and the expected DNA methylation. Despite the cost, the analysis of at
least three standard controls with known methylation level (0%, 50% and 100% actual

methylation) is desirable to obtain accurate calibrated methylation measurements.

1.3. Region-specific bias

A study of the influence of DNA sequence and methylation status on bisulfite conversion
revealed non-B DNA structures that could form monomolecular double-stranded regions
resistant to bisulfite treatment [14]. In addition to this, the same authors [15] described that the
bisulfite reactivity of neighbouring cytosines, within a DNA sequence that has the potential to
form secondary structures, was influence by certain methyl groups. The majority of repetitive

DNA maotifs in the genome forms the canonical right-handed B-form, but some may also adopt



alternative conformations, called non-B DNA structures like hairpins/cruciforms, Z-DNA,
triplexes (H-DNA), G-quadruplex and slipped DNA (Fig. 4). These non-B DNA structures are
more resistant to denaturation, and therefore resistant to bisulfite conversion. In these cases,
a high bisulfite conversion rate, which demonstrates a general success of the bisulfite
conversion, will not warn about region-specific bisulfite conversions errors. In 2008 Clark et
al. [16] described an inaccessible region for bisulfite treatment in a DNA methylation hotspot

for breast cancer produced by a non-B DNA structure form by tandem repeat elements.
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Fig. 4 Non-B DNA structures formed by genomic repetitive sequences (Figure adapted from
Bacolla et al. [17]). (A) Slipped (hairpin) structure; (B) Triplex; (C) Left-handed Z-DNA; (D)
Quadruplex; (E) Cruciform; (F) DNA unwinding element.

Repetitive motifs folded in non-B structures are responsible for repeat expansion or genomic
rearrangements associated with neurodegenerative disorders and cancer [18]. These
structures are chromosomal targets for DNA repair, recombination and aberrant DNA
synthesis indicating the crucial role of these regions in human disease [17]. Repeated
elements folded in non-B conformations are also frequent in imprinted regions and there are
considered to take part in the regulation of these regions [19]. The majority of the DNA
methylation studies focus their effort in CpG sites (28 million in the human genome) which are
predominantly methylated [20] and heterogeneously distributed across the genome. However,
only 21.8% of autosomal CpGs show dynamic regulation and most of which are located distal
to the transcription start sites co-localizing with gene regulatory elements (enhancers and

transcription factor-binding sites) and repetitive elements [20]. Therefore, there is a high
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probability that some genomic regions which are clinically relevant can show resistance to
denaturation during bisulfite treatment which, in turn, will affect methylation measurements.
These observations suggest that regions with repetitive elements should be carefully studied
to avoid misinterpretation of the observed methylation levels. The analysis of standard controls
with different actual methylation levels could help understand the response of these regions

to bisulfite conversion and improve the interpretation of the results.

1.4. Coverage bias

The accuracy of methylation detection also depends on the coverage or read-counts obtained
per CpG. Recently, the comparison between whole-genome bisulfite sequencing (WGBS) and
methylation arrays data revealed that minimum coverage of 100X for WGBS is recommended

to achieve a level of precision broadly comparable to the methylation array [21] (Fig. 5).
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Fig. 5 Comparison of the standard deviation (SD) (y-axis) of methylation levels between
methylation array and WGBS at different levels of the average read depths (x-axis) (Figure
adapted from Zhou et al. [21]).

Ziller et al. [22] showed that at the previously recommended sequencing depth of 30x, the
technical variability for WGBS is two to three-fold higher than for the methylation array. An
insufficient read-counts will generate lower precision quantification. This problem will affect
mainly WGBS because pyrosequencing, amplicon-based bisulfite sequencing and capture-
based bisulfite sequencing and RRBS can easily achieve very high sequencing depth for a

reasonable price (> 100X).

In summary, there are some limitations to obtain accurate methylation measurements. Some
of these limitations affect equally all technologies like the incomplete BS conversion or region

bias and others only affect some technologies like the PCR bias and the coverage bias (Table



1). Therefore, DNA methylation studies should consider these factors during design, analysis

and interpretation of DNA methylation levels.

Table 1 Factors that could affect methylation measurements stratified by technology. BS:
bisulfite sequencing; WGBS: whole-genome bisulfite sequencing; RRBS: reduced

representation bisulfite sequencing.

BS conversion PCR bias Region bias Coverage bias

Pyrosequencing v v v
Amplicon-based BS v
Methylation array
Capture-based BS

WGBS

DN N N NN
N N NN

RRBS

2. Material
. MethylICal is available as an R package on https://github.com/Ib664/MethyICal.

. On line R help files are associated with MethylCal’s functions. They provide a detailed
description of the syntax and the arguments of the functions as well as the class of the
values returned by each function.

. A vignette included in the R package illustrates, by means of simple examples, data pre-
processing, input data format and output generated by MethylCal.

° A markdown step-by-step user’'s documentation that explains how to perform the
analysis and produce the plots presented in this book chapter is also available on
https://github.com/Ib664/MethylCal.

3. Methods

The first step to improve the accuracy of the methylation levels requires the control of the most
critical point, the bisulfite conversion, and design the study using an appropriate coverage per
region. The second step is the use of methylation controls to determine the risk of each region
to suffer incomplete conversion. The third step is the estimation and correction of the deviation
of the observed DNA methylation from the expected DNA methylation using appropriate
statistical algorithms. The efficiency of the conversion reaction and the structure of the
genomic region will influence the “observed:expected” (O:E) ratio. If this quantity is small, the
correction produced by the calibration will be negligible, but if the ratio is large the calibration
will produce results that could depart significantly from the observed methylation levels.

3.1. Statistical methods to correct methylation levels
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PCR bias can be calculated and corrected in silico by using standard controls with known
methylation levels. Different statistical models have been proposed to correct the observed
methylation levels, specifically the best-fit hyperbolic [9], cubic polynomial curve [12] and a
recently proposed Bayesian calibration model called MethylCal [13].

MethylCal can analyse jointly all CpGs within a CpG island (CGl) or a differentially methylated
region (DMR), avoiding “one-at-a-time” CpG calibration or the calibration of the average
methylation level across CpGs that ignores the variability and dependence across CpGs [23].
The second key feature of MethylCal is the inclusion of random effects [24] that capture the
unobserved heterogeneity (variability) of the apparent methylation levels at each actual
methylation percentage or CpG or a combination of both. This enables more precise modelling
of the methylation measurements observed in the standard controls compared to alternative
methods [9, 12] since they assume a unique calibration curve across all CpGs or independent
calibration curves for each CpG.

MethylCal’'s modularity allows also the analysis of complex experimental designs. While the
derivation of the calibration curves obtained from a single standard control sample is the
typical experimental design in clinical diagnostic and research laboratories, technical
replicates might also be available. Rather than taking the average across them, MethylCal can
be extended, with negligible computational costs, to include a further random effect that
models the variability of the apparent level of methylation across repeated control experiments

(technical replicates), allowing precise quantification of biological and technical variability.

3.2. Model outline
MethylCal’s regression model and its extension for repeated control experiments can be

described as follows:
Yijk = Bok + BikXijic + BarXfix + BaiXiy + REyj; + RE + €y, (1)

where y;j, is the apparent level of methylation after PCR at the ith actual methylation
percentages (AMP) (i = 1,--,1), jth CpG (j = 1,-:-,]) and kth technical replicate (k = 1, -+, K),
x;ji is the ith AMP (x4, = 0% and x,;;; = 100%) which is assumed constant across CpGs and
technical replicates and By, -, B3, are the intercept and coefficients of the cubic polynomial
regression. In a typical experimental design the percentage control points x;;; are equally
spaced and placed at least at 0%, 50% and 100% actual methylation. Finally, RE;; and RE,

are random effects and eijk~N(O,02).



The specification of the random-effects RE;; is key in MethylCal’s formulation (1) (full details

regarding the technical replicates random-effects RE, are presented in Section 3.3).

Specifically,

Simple random-effects model, RE;; = AMP;: the random-effects AMP; are introduced
to model the variability of the apparent level of methylation after PCR at different AMPs
not explained by the cubic polynomial regression;

Crossed random-effects model, RE;; = AMP; + CpG;: besides the random-effects
AMP;, the crossed random-effects CpG; are added to capture the heterogeneity of the
apparent level of methylation across CpGs;

Paired random-effects and latent Gaussian field model, RE;; = AMP; + u;: the

crossed random-effects CpG; are replaced by the latent Gaussian field u = (;11, ---,u,)T
to smooth the spatial dependence of the apparent levels of methylation across CpGs;

Crossed random-effects with random-intercepts and random-slopes model,
RE;; = AMP; + CpG; + CpGj X x;;: the random-slopes CpG; are added to model the
variability of the apparent level of methylation after PCR across CpGs at lower/higher
AMPs (we dropped the indexes k in x;j;, since we assume that they are constant across

technical replicates).

The priors distributions on all unknown quantities (intercept and coefficients of the cubic

polynomial regression, random effects and the latent Gaussian field) are discussed in detail

in Ochoa et al. [13]. MethylCal uses INLA [25] for fast inference and model selection of the

random-effects RE;; specification by selecting the RE;; model that fits the data best based on

the DIC [26]. Fig. 6 and Fig. 7 show the departure of MethylCal from the simple hypothesis of

cubic polynomial regression (black dots) with different specifications of the random-effects

RE
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observed after amplification (y-axis) is plotted as a function of the actual methylation
percentages (x-axis). The black dots and the black dotted line represent the apparent level of
methylation predicted by the best-fit cubic polynomial regression across all CpGs, whereas
dots and red dotted lines depict the level of methylation predicted by MethylCal's models.
Panels (A), (B), (C) and (D) correspond to different specifications of the random-effects RE;;,
simple random effects, crossed random effects, paired random effects and latent Gaussian
field and crossed random effects with random intercepts and random slopes, respectively. In

(A), the calibration curves for different CpGs overlap.
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Fig. 7 The apparent level of methylation observed after amplification (y-axis) is plotted as a
function of the CpGs (x-axis) in the target region. The black dots at x = 0 represent the level
of methylation predicted by the best-fit cubic polynomial regression across all CpGs, whereas
dots and red dotted lines depict the level of methylation predicted by MethylCal's models.
Panels (A), (B), (C) and (D) correspond to different specifications of the random-effects RE;; as

in Fig. 6.

3.3. Calibration experiment with technical replicates

While the cost of running a control experiment may prevent its wide applicability, the effects
of the of PC bias, as well as BS conversion and region bias (Table 1), can be greatly reduced.
We advise to include at least three percentage control points at 25%, 50% and 75% actual
methylation, besides at 0% and 100%, prepared by mixing different ratios of nonmethylated
(0%) and methylated (100%) control DNA bisulphite converted.

To raise the sensitivity of the correction curve, rather than increasing the number of AMPs, a
different strategy would be to generate technical replicates, i.e., repeated measurements of
the same control experiment that represent independent measures of the random noise
associated with the preparation of different control DNA ratios. The main problem connected
to the generation of these ratios is that currently only 0% and 100% methylated DNA are
commercially available in humans. The rest, 25%, 50% and 75%, are manually generated by
mixing an appropriate volume of 0% and 100%. During this process, any pipetting error will
create an incorrect expected ratio.

In this scenario, MethylCal’s regression model (1) is extended to include the random effects

RE;, (k=1,---,K) that model the heterogeneity (variability) of the levels of apparent
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methylation across replicates. Instead of fitting and estimate a separate MethylCal’s model for
each control experiment, all technical replicates are jointly analysed using the whole vector of

observations y of dimensionn =1 x ] X K.

3.4. Corrected methylation degree

The specification of a further random effect for the technical replicates leads to a modification
of the original MethylCal’s algorithm for the derivation of the corrected methylation degree.
Following Ochoa et al. [13], for each CpG (j = 1,-++,]) and for each technical replicate (k =
1,-+,K), the PCR-bias corrected methylation degree %, € [0%, 100%)] is the solution of

i = arg min[yf* — EBely) + () + Gl ()
j

where yj’bs € [0%, 100%] is the observed level of methylation at the jth CpG, E(Bly) is the
posterior mean of the intercept and regression coefficients of the cubic polynomial regression
in the kth control experiment, x;;, = (1, x;jx, X/, X% ) and n(x; ) is the predicted value evaluated
in x;;. of the smoothed posterior mean of the random-effects AMP; obtained from a cubic spline
that interpolates E(AMP,|y) (i = 1,---,1). Finally, Cj;, = E(RE,|y) , Cjx = E(CpG;|y) + E(RE,[y),
Cix = E(1;]y) + E(REgly) and Cj, = E(CpG,|y) + E(CpG;

specification of the random-effects RE;; where E(CpG;|y), E(CpG;

y) X xj. + E(RE,|y) according to the

y), E(i;]y) and E(RE.|y)

*

are the posterior mean of the random-intercepts CpG;, random-slopes CpGj, latent Gaussian

field y; and the technical replicates random-effects RE,, respectively. Note that C;, depends
on the unknown PCR-bias corrected methylation degree only when the random-slopes CpGj
is specified in RE;;.

The solution of the minimisation problem (2) produces k corrected methylation degrees X, for
each observed level of methylation y}’bs at each CpG. This is expected since there is a different
correction depending on which technical replicate is considered, although the posterior

estimates are obtained by using all n observations at once. To get a unique calibration curve,

we interpolate %;;, by a cubic spline across the technical replicates and along CpGs and finally

obtain a single corrected value %; € [0%,100%] ( =1,-,]).

3.5. Real case applications
The interest in DNA methylation and its correlation with diagnostic, prognostic and treatment
is constantly growing. There are well-known DNA methylation biomarkers that support the

diagnostic of imprinting disorder [27], the clinical decisions in various cancers [28—-32] and are
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also used for non-invasive prenatal testing [33]. In the context of clinical practice, accurate
DNA methylation levels are crucial because they can influence treatment decisions or further

actions.

3.5.1. Application in clinical diagnostic of celiac patients

Celiac disease (CD) is a common, immune-mediated enteropathy induced by the exposure to
gluten. Multiple studies in the last decade exposed the important relationship between
autoimmunity and DNA methylation [34, 35]. Recently, a methylation array study in celiac
disease was published confirming the implication of DNA methylation in the pathogenesis of
this disease [36]. The validation and identification of new diagnostic, prognostic and/or
therapeutic biomarkers related to DNA methylation in celiac disease will require approaches
to interrogate specific target like pyrosequencing or amplicon-based bisulfite sequencing. As
we explained earlier in this chapter, these methodologies may suffer PCR bias which should
be considered and corrected in order to obtain accurate DNA methylation measurements.

In the following example, we show pyrosequencing results from three assays: NFKBIA, RELA
and TNFAIP3 genes previously associated with susceptibility to celiac disease. Fig. 8 presents
the calibration curves for the target regions considered. It is apparent that there is a large
variability of the apparent level of methylation in the control experiment, especially at medium
and high percentages of actual methylation. Fig. 8B, D and F show that this is mainly due to
abnormal low values of the apparent level of methylation measured in CpGs located at the
end of each target region, in particular in NFKBIA and RELA assays. MethylCal is able to
identify several of these observations and automatically mark them as possible outliers (black
dots). As a result, they can be removed from the analysis (including the corresponding CpGs
from the observed levels of methylation y°Ps), or the data generation process should be further
investigated to understand the possible causes of this unusual pattern, including biological
and biochemical factors. For instance, several factors reported in Table 1 that could affect
methylation measurements, may play an important role also in the derivation of the calibration
curves, exerting their influence on the apparent level of methylation measured in the control
experiment. A combination of these factors can explain the observed anomalous pattern of
the methylation levels at CpGs located at the end of the target regions.

In all assays analysed, the crossed random-effects with random-intercepts and random-slopes
model RE;; = AMP; + CpG; + CpGj X x;; is chosen as the best-fit model. By looking at Fig. 8A,
C and E, this is expected since there is an increasing level of variability of the apparent level

of methylation after PCR across CpGs at higher AMPs.
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Fig. 8 Calibrated methylation levels of (A, B) NFKBIA, (C, D) RELA and (E, F) TNFAIP3
assays in celiac patients using MethylCal. (A, C, E) The apparent level of methylation
observed after PCR (y-axis) is plotted as a function of the actual methylation percentage
(AMP) (x-axis). Circles depict the apparent level of methylation for each CpG at different
AMPs, whereas red dotted lines show the predicted level of methylation. Black dots highlight
potential outliers. (B, D, F) The apparent level of methylation (y-axis) is plotted (circles) against
the CpGs in the target region (x-axis), stratified by AMP (top panel box and grey dot-dashed
line). For each stratum, red dotted and dot-dashed lines show the level of methylation and the
95% prediction credible interval. All panels have been generated using MethylCal’'s R
package. For example, (A) and (B) are obtained by typing in R command line:
MethylCalCalibrationOutlierPlot (Celiac data, Target="NFKBIA").

Once the calibration curves have been estimated, we applied MethylCal PCR-bias correction
to obtain the methylation degree X%; € [0%,100%] (j =1,---,/) as the solution to the
minimization problem (2) with k = 1. Fig. 9 shows the corrected methylation degree of
NFKBIA, RELA and TNFAIP3 assays in healthy controls (top panels) and celiac patients
(bottom panels). The statistical test used to declare individuals having undergone loss/gain of
methylation is based on the mean of the corrected methylation degree across CpGs for each
individual in the case and control groups. Patients with an average corrected methylation level
below healthy individuals’ three standard deviations (SD) confidence interval were considered
to undergo loss of methylation and those with a level above the 3SD confidence interval were

considered to experience gain of methylation. To avoid false positives, we chose healthy
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individuals’ +3SD confidence interval since it guarantees very low type-l error (a = 2.7 X
1073).

The results of differential calibrated analysis displayed in the bottom panels of Fig. 9 show
that while RELA assay is not clinically relevant to distinguish patients from healthy controls, in
both NFKBIA and TNFAIP3 assays, we were able to classify patients 09D, 12D and 14D and
09D, 10D and 11D as having undergone gain of methylation. For NFKBIA and TNFAIP3
assays, it is also evident that almost all celiac patients considered were borderline cases that
are difficult to diagnose. More sophisticated in silico calibration statistical tools and
consequently more reliable corrections of the methylation levels in target regions are therefore

essential for improving diagnosis based on methylation data.
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Fig. 9 Corrected methylation degree of (A, B) NFKBIA, (C, D) RELA and (E, F) TNFAIP3
assays in healthy controls (top panels) and celiac patients (bottom panels) using MethylCal.
For each individual (x-axis), the boxplot depicts the range and the mean (circle) of the
corrected methylation degree (y-axis) across CpGs, while the dashed-dotted grey lines show
the healthy controls’ +3SD confidence interval. Top red triangles in bottom panels indicate
patients classified as having undergone gain of methylation. All panels have been generated
using MethylCal’'s R package. For example, (A) and (B) are obtained by typing in R command
line: MethylCalCorrection (Celiac data, Target=”NFKBIA”, n Control=13,

n Case=17).

3.5.2. Application in clinical diagnostic: Mosaic Beckwith—Wiedemann syndrome
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Beckwith—Wiedemann syndrome (BWS) is an imprinting disorder caused by genetic and
epigenetic abnormalities that dysregulate imprinted genes on 11p15.5 [37]. This rare disorder
is characterised by overgrowth, macroglossia, hemihyperplasia, exomphalos and embryonal
tumour produced by an increased expression of the growth factor, IGF2, or reduced
expression of the growth suppressor, COKN1C. The most frequent epigenetic alterations on
BWS are: Loss of methylation of maternal KCNQ710OT1, gain of methylation of maternal
Furthermore, BWS

presentation is frequently as mosaic due to alterations during embryonic development. In

H19/IGF2 and paternal uniparental disomy of chromosome 11.

mosaic cases, methylation measurements will depend on the percentage of cells with the
alteration in the tissue tested. Depending on the level of mosaicism, methylation levels may
be borderline for diagnostic criteria and the accuracy may be critical in these cases.

Fig. 10 shows the observed degree of bias introduced by PCR amplification in three target
regions chosen for their BWS clinical diagnostic power (KCNQ10T1 and H19/IGF2 DMRs)
and the high degree of methylated DNA loss (PLAGL1 DMR) at intermediate percentages of
actual methylation (25%, 50% and 75%). In these target regions, rather than increasing the
number of AMPs, we generated data from two independent technical replicates to assess the
variability associated with the preparation of different control DNA ratios. By looking at Fig.
10, significant differences were observed at 25%, 50% and 75% actual methylation in
KCNQ10T1 DMR, while values slightly diverge between replicates at 75% and 100% and
25% in H19/IGF2 and PLAGL1 DMRs, respectively.

% Apparent methylation after PCR >

50 75 100

25

25 50 75 100

% Actual methylation

% Apparent methylation after PCR (vy)

50 75 100

25

% Actual methylation

% Apparent methylation after PCR (%)

50 75 100
1 1
N

25
I
.

% Actual methylation

Fig. 10 The observed degree of bias introduced by PCR amplification in (A) KCNQ10T1, (B)
H19/IGF2 (C) PLAGL1 DMRs by amplicon-based bisulfite sequencing. The apparent level of
methylation observed after amplification (y-axis) is plotted as a function of the actual
methylation percentage (x-axis). Colour-coded circles (white and grey) indicate two
independent calibration replicates. The black dashed line represents Moskalev's cubic
polynomial interpolation curve of the average (across CpGs) apparent level of methylation for

each technical replicate. The grey dot-dashed line represents an unbiased plot. The deviation
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of observed DNA methylation from the expected DNA methylation is significantly different
between the technical replicates at 25% and 75% actual methylation in KCNQ710T1 DMR
while differences between replicates are apparent at 75% and 100% and 25% and 100% in
H19/IGF2 and PLAGL1 DMRs, respectively. All panels have been generated using
MethylCal's R package. For example, (A) is obtained by typing in R command line:
ExploratoryPlot (BWS data, Target="KCNQIOT1”).

The straightforward modification of MethylCal’s algorithm presented in Section 2.1, when
independent technical replicates are considered in the control experiment, allows us to
estimate the calibrated methylation levels in this new experimental design. Fig. 11 displays
the output of MethylCal’s algorithm in the three target regions considered. While there is a
negligible difference between the replicate-specific calibration curves (dark red dotted lines)
and the cubic spline interpolant (red dashed line) in H19/IGF2 and PLAGL1 DMRs (Fig. 11C
and E), in KCNQ710OT1 DMR the cubic spline interpolant lies between the calibration curves
obtained in each technical replicate (Fig. 11A). A closer inspection of the results shows that
in order to generate well-separated replicate-specific calibration curves, there should be
discordant values of the apparent level of methylation between replicates in at least two AMPs
(Fig. 11B at 25% and 75%) and the overall magnitude of the observed degree of bias at
different AMPs should be the same across technical replicates in contrast to H19//GF2 DMR
where at 75% and 100% the levels of the apparent methylation after PCR are flipped between
technical replicates (Fig. 11D). Finally, in PLAGL1 DMR abnormal low values of the apparent
level of methylation are measured in CpGs located nearly at the end of each target region
(Fig. 11F) and this phenomenon is reproduced in both technical replicates. The reason that
causes this behaviour is not completely clear and may depend on a combination of factors,
but the additional information obtained by standard controls at different AMPs shows that it is
CpG specific suggesting a possible region bias. In addition, the behaviour observed in Fig.
11F indicates that the observed bias grows with the level of apparent methylation. The most
plausible explanation of this pattern could be a secondary structure of DNA form in the
presence of methyl groups that avoid the access to Mssl methyltransferase enzyme used to

produce commercial fully-methylated DNA.
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Fig. 11 Calibrated methylation levels of (A, B) KCNQ10T1, (C, D) H19/IGF2 and (E, F)
PLAGL1 DMRs in mosaic Beckwith—-Wiedemann syndrome using MethylCal. (A, C, E) The
apparent level of methylation observed after PCR (y-axis) is plotted as a function of the actual
methylation percentage (AMP) (x-axis). Colour-coded circles (white and grey) depict the
apparent level of methylation for each CpG at different AMPs in two independent calibration
replicates. In each panel, dark red dotted lines show the predicted level of methylation for each
technical replicate while the red dashed line displays the cubic spline interpolant of the
predicted level of methylation curves. (B, D, F) The apparent level of methylation (y-axis) is
plotted (circles) against the CpGs in the DMR (x-axis), stratified by AMP (top panel box and
grey dot-dashed line) with different colours (white and grey) for the independent calibration
replicates. For each stratum, dark red dotted lines show the predicted level of methylation for
each technical replicate while the red dashed line displays the cubic spline interpolant of the
predicted level of methylation curves. All panels have been generated using MethylCal’s R
package. For example, (A) and (B) are obtained by typing in R command line:
MethylCalCalibrationPlot (BWS data, Target="“"KCNQ1OT1").

For KCNQ10T1 and H19/IGF2 DMRs, the best MethylCal fit-model is the simple random-
effects model RE;; = AMP;; for PLAGL1 assay the crossed random-effects with random-
intercepts and random-slopes model RE;; = AMP; + CpG; + CpGj X x;; is selected to fit the
increasing level variability of the apparent level of methylation after PCR across CpGs at
higher AMPs. Fig. 12 presents the results of the differential calibrated analysis. Interestingly,
the higher sensitivity of the calibration curve obtained by adding a technical replicate allows a

different classification of patient B5B37 (Fig. 12B) as undergoing loss of methylation in
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KCNQ10T1 DMR compared to the single calibration curve presented in Ochoa et al. [13]
where the same patient was considered as undergoing gain of methylation in H19//GF2 DMR.
This final example highlights the importance of independent calibration replicates for the
quantification of the observed degree of bias introduced after PCR since they can reduce the
variability associated with the preparation of different control DNA ratios that, in turn, can have
a big impact in the derivation of the corrected methylation degree and classification of

borderline cases.
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Fig. 12 Corrected methylation degree of (A, B) KCNQ10T1, (C, D) H19/IGF2 and (E, F)
PLAGL1 DMRs in healthy controls (top panels) and alleged Beckwith—-Wiedemann syndrome
patients (bottom panels) using MethylCal. For each individual (x-axis), the boxplot depicts the
range and the mean (circle) of the corrected methylation degree (y-axis) across CpGs, while
the dashed-dotted grey lines show the healthy controls’ confidence interval. Top red triangles
in bottom panels indicate patients classified as having undergone gain/loss of methylation. All
panels have been generated using MethylCal's R package. For example, (A) and (B) are
obtained by typing in R command line: MethylCalCorrection (BWS data,
Target="KCNQI1OT1”, n Control=15, n Case=18).

4. Notes
1. MethylCal’s R functions detect automatically from the input data if independent control
replicates have been included in the analysis. However, they assume that the same

levels of actual methylation are used across all technical replicates. Different sets of
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CpGs are allowed across technical replicates although MethylCal’s R functions consider
only CpGs that are in common.

2. The automatic detection of outliers may inform regarding possible factors that cause the
observed bias. While MethylCal is robust to outliers (see calibration curves in Fig. 8A
and C), they are not removed automatically from the analysis. Corrected methylation
degree in Fig. 9B and D are obtained using all standard controls. If CpGs are manually
removed from standard controls, in the same way, they should be excluded from the
observed methylation levels.

3.  When technical replicates are included in the derivations of the calibration curves, the
automatic detection of possible outliers has not been implemented in MethylCal’'s R
package. Instead, we suggest checking for outliers independently in each control
replicate and mark observations as outliers if they are detected in more than half of the
technical replicates. Similarly to 2. above, they can be removed manually from the
technical replicates and observed methylation levels before running MethylCal.

4, In MethylCal’s formulation (1), we made the assumption that the error term is normally
distributed. While this assumption seems to be reasonable in the pyrosequencing real

data example (continuous observations although both y;j,, and yj’bs € [0%,100%)]), in

the second example with amplicon-based bisulfite sequencing we obtained beta
intensities by taking the ratio between the read counts and the read depth for each CpG
in the target regions. The same strategy could be employed for WGBS and RRBS data,
although a better approach would be to use a negative-binomial likelihood. However, in
count data regression models, the inclusion of crossed or nested random-effects or a
latent Gaussian field may produce biased estimates and overly narrow confidence
intervals [38] when posterior inference is performed by using numerical integration or

Laplace approximation [25].

5. Conclusions

DNA methylation is an epigenetic mechanism responsible for multiple biological processes
including genomic imprinting, X-inactivation, tissue-specific gene-expression and
transgenerational effects. Likewise, cumulative evidence indicates also a critical role of DNA
methylation in human diseases [39] like rheumatoid arthritis, obesity or autism [40—42]. The
interest in the study of DNA methylation changes and its relationship with the disease is
constantly growing. However, the technologies and methodologies available at the moment
are still evolving and right now the analysis of DNA methylation requires a deep understanding

of the limitations and possible solutions.
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