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ABSTRACT
Epimutations are rare alterations of the normal DNA methylation pattern at specific loci, which 
can lead to rare diseases. Methylation microarrays enable genome-wide epimutation detection, 
but technical limitations prevent their use in clinical settings: methods applied to rare diseases’ 
data cannot be easily incorporated to standard analyses pipelines, while epimutation methods 
implemented in R packages (ramr) have not been validated for rare diseases. We have developed 
epimutacions, a Bioconductor package (https://bioconductor.org/packages/release/bioc/html/epi 
mutacions.html). epimutacions implements two previously reported methods and four new sta
tistical approaches to detect epimutations, along with functions to annotate and visualize epimu
tations. Additionally, we have developed an user-friendly Shiny app to facilitate epimutations 
detection (https://github.com/isglobal-brge/epimutacionsShiny) to non-bioinformatician users. 
We first compared the performance of epimutacions and ramr packages using three public 
datasets with experimentally validated epimutations. Methods in epimutacions had a high perfor
mance at low sample sizes and outperformed methods in ramr. Second, we used two general 
population children cohorts (INMA and HELIX) to determine the technical and biological factors 
that affect epimutations detection, providing guidelines on how designing the experiments or 
preprocessing the data. In these cohorts, most epimutations did not correlate with detectable 
regional gene expression changes. Finally, we exemplified how epimutacions can be used in 
a clinical context. We run epimutacions in a cohort of children with autism disorder and identified 
novel recurrent epimutations in candidate genes for autism. Overall, we present epimutacions 
a new Bioconductor package for incorporating epimutations detection to rare disease diagnosis 
and provide guidelines for the design and data analyses.
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Background

The European Commission defines rare diseases as 
disorders with a prevalence of less than 1 person in 
2,000 people [1]. Over 350 million people world
wide and 30 million people in the EU (European 
Union) may suffer from one of the ≈7,000 existing 

rare diseases, of which 80% are thought to have 
a genetic origin [1]. These conditions commonly 
have an onset during childhood and frequently 
result in chronic disabilities or even early death 
[2]. Despite the successful contributions of 
sequence-based approaches (e.g., exome and 
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genome sequencing), about 60% of the patients 
remain undiagnosed [3]. Part of these undiag
nosed cases are suspected to have a molecular 
cause different to a genetic aberration.

Epigenetic aberrations can explain additional 
molecular diagnosis. The most studied epigenetic 
aberrations are epimutations, i.e., rare alterations 
in the DNA methylation pattern at specific loci. In 
humans, DNA methylation commonly occurs in 
cytosines of CG dinucleotides (CpG sites), so DNA 
methylation microarrays were developed to mea
sure DNA methylation in a set of 450K (Illumina 
450K) or 850K (Illumina MethylationEPIC) CpG 
sites along the genome. DNA methylation arrays 
measure the proportion of methylation cells for 
a given CpG site, returning values from 0 (no 
cell is methylated) to 1 (all cells are methylated). 
Methods to detect epimutations from microarray 
data rely on identifying groups of contiguous 
CpGs that have DNA methylation values outside 
the distribution of the reference population, i.e., 
these measurements are outliers. Two main 
approaches have been proposed: (i) quantile, 
which identifies CpG outliers based on the quan
tile distribution and clusters them in epimutations 
[4]; and (ii) manova, which identifies candidate 
regions with bumphunter [5] and then tests the 
statistical significance of the epimutation with 
a Multivariate ANOVA [6]. Although these meth
ods have been successful to identify epimutations 
as the causative factor of some genetic diseases 
[4,6,7], they are not implemented in any library, 
so they cannot be easily integrated in bioinfor
matic pipelines. The ramr Bioconductor package 
implements other approaches to detect epimuta
tions based on outliers using either the inter- 
quartile range or beta distribution [8]. However, 
ramr methods have not been used in real data 
studies and their performance has not been com
pared with others.

We have created a Bioconductor package, called 
epimutacions, that enables detecting epimutations 
on DNA methylation microarray data and over
comes existing limitations: (i) contains functions 
implementing previously reported methods (quan
tile and manova), and (ii) includes more sophisti
cated statistical methods to detect outliers, such as 
beta distribution (beta), multivariate regression 
(mlm), isolation forest algorithm (iForest) and 

distance-based approach (mahdist). In this paper, 
we first evaluated the methods included in our 
package and compared them with the methods 
implemented in the ramr package [8] using three 
public datasets with validated epimutations. 
Second, we used two general population child’s 
cohorts to determine the technical and biological 
factors that affect epimutations discovery, provid
ing guidelines on how designing the experiments, 
preprocessing the data, or choosing the reference 
samples to include in the analysis. We also used 
these cohorts to define the epimutations burden in 
the general population and to explore the associa
tion between epimutations and gene expression. 
Third, we evaluated to what extent epimutations 
were cell-specific or shared among different blood 
cell types. Finally, we exemplified how epimuta
cions can be used in a clinical context, by using the 
package to detect epimutations in a cohort of 
children with autism. A Shiny app called 
epimutacionsShiny is also available to facilitate epi
mutations detection for a non-bioinformatician 
experts.

Implementation

The input of epimutacions package is 
a GenomicRatioSet object, a standard 
Bioconductor class to manage preprocessed 
DNA methylation data. epimutacions package 
includes six methods to detect epimutations, 
defined as three or more consecutive CpGs with 
outlier measurements closer than 1kb, following 
the definition of Barbosa and colleagues [7]. epi
mutacions methods can be grouped into two main 
approaches: (I) bumphunter + outlier test and (II) 
outlier test + clustering (Figure 1). The bumphun
ter + outlier test approach, which includes man
ova, mlm, iForest and mahdist, identifies if 
a differentially methylated region (DMR), defined 
using bumphunter [5], is an epimutation. Each 
method uses a different statistical test: (I) manova 
uses the covariance between the outcome vari
ables to test the statistical significance of the 
mean difference in the methylation level between 
the case sample and the reference panel [9]; (II) 
mlm creates a multivariate linear model using the 
reference panel and identifies as epimutations the 
methylation values that deviated from predicted 
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values [10]; (III) iForest repeats random portion
ing of observations until all instances are isolated 
and classifies as outliers the instances isolated in 
a few splits [11]; and (IV) mahdist calculates the 
robust Mahalanobis distance using the minimum 
covariance determinant [12]. The outlier test +  
clustering approach, which includes quantile and 
beta, identifies individual CpGs that are outliers 
and collapses them into epimutations. quantile 
and beta differ in the distribution used to define 
the outliers: (I) quantile relies on the quantile 
distribution [7]; while (II) beta fits the values 
from the reference population onto a beta distri
bution. Finally, each method reports the signifi
cance of the epimutation using a different 
measure: manova and mlm assess the significance 
using a p-value, iForest uses an outlier score, 
mahdist the chi-square distribution and quantile 
the extreme quantile value. We defined default 

significant thresholds, which can be modified by 
the users (Additional File 1: Supplementary 
Table S1).

The epimutacions package includes two config
urations to detect epimutations (Figure 1): (i) 
a case–control configuration, using the epimuta
tions function, which compares one sample at 
a time against a reference panel; and (ii) a one- 
against-others configuration, using the epimuta
tions_one_leave_out function, which compares 
each sample against all the remaining samples. 
The case–control configuration is designed for 
case–control cohorts, where we aim to detect epi
mutations present in the cases as compared with 
the controls (the reference panel). Notice that epi
mutations are not computed for the individuals in 
the reference panel, when using the case–control 
configuration. The one-against-others configura
tion is designed when we cannot define 

Figure 1. The epimutacions package workflow. The package accepts GenomicRatioSet object as an input. For the case–control 
configuration (epimutations function), the case samples and the reference panel are introduced separately. However, for the one- 
against-others configuration (epimutations_one_leave_out function), all samples are introduced together. The six outlier detection 
methods can be used with the two configurations. manova, iForest, mlm and mahdist identify differentially methylated regions 
using bumphunter and then test the outliers’ significance, while quantile and beta define outlier CpGs and then group them into 
epimutations.
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a reference panel, such as in a general population 
cohort or a cohort where all samples are cases. In 
contrast, the one-against-others configuration 
detects epimutations for all samples in the 
datasets.

The package also includes two functions to 
visualize and annotate the identified epimutations, 
plot_epimutations and annotate_epimutations, 
respectively. plot_epimutations shows, for a given 
epimutation region: (i) the DNA methylation 
values of all the samples; (ii) gene annotation 
from TxDb.Hsapiens.UCSC.hg19.knownGene 
Bioconductor package [13]; and (iii) CpG island 
and H3K4me3, H3K27me3 and H3K27ac chroma
tin marks from seven ENCODE cell lines [14,15]. 
annotate_epimutations uses Illumina annotation to 
include GENCODE names of genes overlapping 
the epimutation, and the location of the epimuta
tion CpGs relative to the gene or the CpG island. 
In addition, annotate_epimutations relies on the 
biomaRt Bioconductor package [16,17] to map 
genes to OMIM identifiers and to identify 
ENSEMBL regulatory regions overlapping the epi
mutations. The package vignette contains exam
ples of both functions.

Along with the epimutacions package, we pro
vide epimutacionsData, a Bioconductor experi
ment package to illustrate how to use 
epimutacions in real settings (https://bioconduc 
tor.org/packages/release/data/experiment/html/ 
epimutacionsData.html). epimutacionsData con
tains two example datasets: (i) a reference panel, 
GEO GSE127824 [18], which contains 22 control 
samples; and (ii) a case–control dataset, which 
contains 48 control samples from GEO 
GSE104812 [19] and 3 case samples from GEO 
GSE97362 [20]. epimutacionsData also contains 
a list of candidate epimutation regions for the 
Illumina Infinium HumanMethylation450 array 
(450K array). The list uses a standard nomencla
ture to enable the comparison of the epimuta
tions detected in different studies. To create the 
list, we considered that all CpGs in the array 
were outliers and clustered them using bum
phunter [5]. Epimutations can be found in 
a total of 40,480 regions, considering the irregu
lar distribution of the probes in the 450K array 
and our definition of epimutation (at least 3 
CpGs closer than 1Kb).

We have also developed a shiny app, 
epimutacionsShiny (https://github.com/isglobal- 
brge/epimutacionsShiny). That contains all the 
functionalities of epimutacions and enables using 
the package with a more user-friendly interface.

Materials and methods

Epimutations’ detection methods comparison

Simulations
We generated synthetic datasets where we included 
epimutations using ramr package [8]. The underlying 
DNA methylation distribution for each CpG was 
derived from GSE84727 dataset (see below). The 
main simulation dataset consisted on 100 samples, 
with 10 unique epimutations per sample with 
a mean methylation difference of 0.4 and 
a minimum size of 3 CpGs. For assessing the impact 
of the epimutations’ effect size, we generated a dataset 
with the same parameters than in the previous simula
tion, but setting the effect size to 0.2. We assessed the 
impact of sample size by subsetting from 20 to 90 
samples from the main simulation dataset. Finally, 
we generated small datasets to assess the effect of 
epimutations recurrency. In each simulation, we ran
domly selected 1,000 candidate epimutations regions 
and, on these regions, we introduced 100 epimutations 
with an effect size of 0.4 and varying levels of recur
rence (from 2% to 10% of the samples). These small 
datasets also contained 100 samples in total. For run
ning epimutacions using the case–control configura
tion, we set as cases those samples with the 
epimutation and controls the rest. The synthetic data
sets are deposited in Zenodo (https://zenodo.org/ 
record/7839977#.ZD5YuHZBwuU).

We run epimutacions methods using the default 
values to evaluate their performance (Additional 
File 1: Supplementary Table S1). Optimal para
meters for ramr methods were explored based on 
the synthetic datasets with unique epimutations. 
For ramr-IQR, we explored IQR cut-off values 
between 1.3 and 7, while for ramr-beta and ramr- 
wbeta we explored q-value cut-offs between 0.05 
and 1e-7. Optimal parameters were an IQR of 3 
for ramr-IQR, a q-value cut-off of 1e-3 for ramr- 
beta and a q-value cut-off of 1e-6 for ramr-wbeta 
(Additional File 1: Supplementary Figure S1). 
These parameters were used for the evaluation of 
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sample size and recurrency. All the methods were 
enforced to detect epimutations with at least 3 
CpGs separated by less than 1kb. We assessed the 
performance of the methods using the true posi
tive rate (TPR), false positive rate (FPR) and F1 
score (for choosing the optimal parameters). TPR 
was defined as the proportion of epimutations 
detected by epimutacions and ramr. FPR was 
defined as the proportion of false positives over 
the total number of epimutations detected by 
a method. F1 score was defined as the harmonic 
mean between TPR and Precision, which equals to 
1 – FDR. True epimutations were defined as an 
epimutation in a sample partially overlapping an 
introduced epimutation in the same sample. False 
positives were defined as an epimutation in sample 
not overlapping any introduced epimutation in the 
same sample. False negatives were defined as an 
introduced epimutation in a sample not overlap
ping any epimutation called in that sample.

Additionally, we compared the performance of four 
DMR (Differentially Methylated Regions) to detect 
epimutations: ProbeLasso [21], DMRcate [22], 
Bumphunter [5] and Limma + comb-p [23]. In the 
four cases, one sample was compared against the 
others. ProbeLasso was run using the champ.DMR 
function from ChAMP Bioconductor package 
[24,25], with minDMRsep = 1000, meanLassoRadius  
= 1000 and minProbes = 3. DMRcate was run with 
DMRcate Bioconductor package, with lambda = 1000 
and min.cpgs = 3. Bumphunter was run using the 
champ.DMR function from ChAMP Bioconductor 
package with cut-off = 0.1, minProbes = 3, maxGap  
= 1000, nullMethod = ‘bootstrap,’ B = 100 and 
minProbes = 3. The Limma + comb-p approach was 
run by first running lmFit and then the comb-p pipe
line with dist = 1000. For the four methods, we 
assessed the effect of applying different p-value thresh
olds, ranging from 0.05 to 1e-12. Columns selected for 
filtering dependned on the method: ProbeLasso – 
dmrP column; DMRcate – Stouffer column; 
Bumphunter – fwer column; Limma+comb-p – 
z_sidak_p column.

Real dataset
In order to compare the performance of the meth
ods implemented in epimutacions and ramr 
packages, we applied both packages to GSE84727 
[26,27], a public whole-blood DNA methylation 

dataset from GEO. GSE84727 was a case–control 
cohort with 847 individuals, 414 schizophrenia 
cases, and 433 controls. We downloaded the beta 
values of GSE84727 from GEO which were pre
processed using methylumi package.

We compared the epimutations detected in the 
GSE84727 dataset by the different epimutations 
methods: (I) the six methods implemented in our 
epimutacions R package; (II) the three methods 
(rmar-iqr, rmar-beta and rmar-wbeta) implemen
ted in ramr Bioconductor package [8]; and (III) 
quantile-perl, the original implementation in perl 
of quantile [4]. We compared the methods at two 
levels: (I) by checking the number of epimutations 
detected per individual; and (II) by checking the 
overlap among individuals. epimutacions and ramr 
methods were run using same parameters than for 
the simulations.

Effect of technical pre-processing on 
epimutations detection

INMA study
To assess the effect of preprocessing in epimuta
cions’ detection we used the DNA methylation 
data from cord blood and child blood (mean age 
4 years) DNA methylation data from children of 
the INfancia y Medio Ambiente (INMA) Sabadell 
subcohort. INMA project is a population-based 
birth cohort in Spain, where all children are from 
European ancestry [28]. Cord blood samples were 
used to assess the effect of pre-processing on epi
mutations detections, while cord blood and child 
blood samples were used to characterize epimuta
tions in a healthy paediatric cohort (see next 
section).

Comparison of laboratories methods
DNA methylation data was produced using the 
Illumina 450K in two laboratories as part of two 
projects (Lab 1: cord blood and 4-year blood; and 
Lab 2: only cord blood samples). Preprocessing 
was initially run using two strategies: combined 
and independent. In the combined strategy, all 
idat files were preprocessed as if they came from 
a single lab. In the independent preprocessing, the 
idat files of each laboratory were processed inde
pendently and merged once the beta values were 
obtained. In both cases, samples were normalized 
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using meffil package [29], following the default 
pipeline. Briefly, we filtered samples with low qual
ity based on bead number, a call rate <90%, sex 
mismatch between sex inferred from DNA methy
lation and sex reported by the family, outlier con
trol probes values, dye bias, methylated- 
unmethylated ratio and X-Y ratio. We also 
removed probes with a call rate <95%, probes not 
measuring CpGs, problematic probes [30], and 
probes in sexual chromosomes. Finally, measure
ments with a detection p-value >2e-16 were set to 
missing. The combined preprocessing did not 
reduce batch effect, so we decided to follow inde
pendent strategy (data from the two laboratories 
processed separately) for the epimutacions 
analyses.

Comparison of technical replicates
We assessed the effect of preprocessing in epimu
tacions detection using the technical replicates 
available in the project. Due to its lower variability, 
we defined Lab 1 samples as the reference batch, 
and Lab 2 samples as the alternative batch. We run 
the epimutations discovery in the samples from 
the reference batch with technical replicates: two 
individuals (four samples) with technical replicates 
in the same batch (two samples); and 10 indivi
duals with technical replicates in each batch (10 
samples per batch) (Figure 2). We run epimuta
cions using the case–control configuration, so we 
defined a reference group, which comprised the 
176 samples from the reference batch without 
technical replicates (Figure 2). We compared the 
epimutations detected in the technical replicates 
from the same batch to assess the replicability of 
the methods, while we compared the epimutations 
from the technical replicates from different 
batches to assess the batch effect.

Comparison of normalization methods
We normalized the DNA methylation data from Lab 
1 using six algorithms implemented in minfi 
Bioconductor package [31] (raw normalization, 
functional normalization [32], Illumina normaliza
tion, quantile normalization [33], noob [34] and 
SWAN normalization [35]) and BMIQ [36] with 
noob [37] from wateRmelon R package [38]. In all 
cases, we removed the probes and samples pre
viously identified in the QC performed with meffil. 

We run the methods using the default parameters 
defined in minfi v1.36. Then, we compared the 
epimutations detected after the different normaliza
tion approaches in the 14 samples selected in Lab 1 
(4 samples with replicates in the same batch, 10 with 
replicates in the other batch) (Figure 2).

Epimutations’ replicability
We defined two levels of epimutations replicability. 
The highest levels are epimutations detected with 
the same method either in both technical replicates 
or after normalizing with different algorithms. 
The second level are epimutations detected in one 
sample (either technical replicates or normaliza
tions), but with outlier DNA methylation values in 
the others. Samples with a mean percentile value  
>0.95 or <0.05 in the epimutation CpGs were con
sidered to have outlier DNA methylation values.

Epimutations’ characterization in a paediatric 
healthy cohort

INMA study: DNA methylation and gene expression 
data
Samples from INMA study were also used to char
acterize epimutations in a healthy paediatric cohort. 
As described in the previous section, samples from 
the two laboratories were preprocessed indepen
dently and the beta values were merged. In addition 
to probes and samples removed due to quality 
(described in the previous section), we also removed 
technical replicates (either from different or the 
same batch) and only one was included. We cor
rected laboratory effect using ComBat [39]. After 
preprocessing, cord blood and children blood sam
ples were considered as two independent datasets.

We also evaluated the correlation between DNA 
methylation levels in epimutations and expression 
of nearby genes. Gene expression data and pre
processing was previously described [40]. A total 
of 117 children had gene expression and DNA 
methylation at 4 years.

HELIX study: DNA methylation and gene 
expression data
The Human Early Life Exposome (HELIX) study 
is a collaborative project across six established and 
ongoing longitudinal population-based birth 
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cohort studies in Europe [41]: the Born in 
Bradford (BiB) study in the UK, the Étude des 
Déterminants pré et postnatals du développement 
et de la santé de l’Enfant (EDEN) study in France, 
the INfancia y Medio Ambiente (INMA) cohort in 
Spain, the Kaunus cohort (KANC) in Lithuania 

[42], and the RHEA Mother Child Cohort study 
in Crete, Greece. The aim of the HELIX project is 
to describe the exposome, evaluate their associa
tion with child health outcomes and investigate 
molecular mechanisms of action, including blood 
DNA methylation assessed at the mean age of 8  

Figure 2. Pediatric cohorts used in the study. Numbers refer to the number of individuals, while numbers in parentheses refer to the 
number of samples. a: Samples used to evaluate the effect of pre-processing on epimutations detection. All samples are part of the 
same cohort (cord blood samples of INMA) but were processed in two projects: Lab 1 and Lab 2. Lab 1 was used to define the 
reference panel, so we called it reference batch, while we defined Lab 2 as alternative batch. Colors define the use of samples in the 
epimutations analysis: samples used as reference (yellow), technical replicates from the same batch (blue) and technical replicates 
from different batches (red). Samples from Lab 2 without replicates in Lab 1 (green) were not used in these analyses. b: Samples 
used to define features of epimutations in a healthy pediatric cohort. At 0 and 4 years old, all samples come from INMA project. At 8 
years old, HELIX project contains samples from INMA and four additional cohorts (BIB, EDEN, KANC and RHEA). Samples from INMA 
project were obtained at three time points (0, 4 and 8 years old). Colors defines the cohort of the samples. INMA individuals present 
in the three time-points are shown in red, while the rest of INMA samples are shown in blue.
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years with the Illumina 450K array. The obtention 
of biological samples was previously described 
[43]. Here, we selected data of 860 children of 
European ancestry defined by questionnaire.

HELIX was pre-processed with the MethylAid 
Bioconductor package [44] using default values. 
We filtered low-quality samples using the overall 
quality control and detection p-values (call rate <  
0.98). We discarded one sample because did not 
pass any of the two criteria. After flagging probes 
with low call rate, we checked the sample call rates. 
We removed one sample with a call rate <98%. We 
applied functional normalization, which includes 
Noob background subtraction and dye-bias cor
rection [34]. Finally, measurements with 
a detection p-value >2e-16 were set to missing.

We also evaluated the correlation between epi
mutations and nearby gene expression in HELIX. 
Gene expression, including coding and non- 
coding transcripts, was assessed with the 
Affymetrix HTA v2 at the University of Santiago 
de Compostela (USC), Spain, following Affymetrix 
protocol. Data was normalized with the GCCN 
(SST-RMA) algorithm at the gene level. 
Annotation of transcript clusters (TCs) was done 
with the ExpressionConsole software using the 
HTA-2.0 Transcript Cluster Annotations Release 
na36 annotation file from Affymetrix. After nor
malization, several quality control checks were 
performed and four samples with discordant sex 
and two with low call rates were excluded [45]. 
Control probes were excluded. Probes with 
a DABG (Detected Above Background) p-value 
<0.05 were considered to have an expression level 
different from the background, and they were 
defined as detected. Probes with a call rate <1% 
were excluded from the analysis.

Gene expression values were log2 transformed 
and batch effect controlled by residualizing the 
effect of surrogate variables calculated with the 
sva method [46] while protecting for main vari
ables in the study (cohort, age, sex, and blood 
cellular composition). A total of 640 children had 
gene expression and DNA methylation.

Epimutations’ detection
To remove technical effects and artefacts from the 
data, the top two principal components of the 
DNA methylation were regressed out before 

running epimutacions. The number of principal 
components to regress out was estimated using 
isva CRAN package. Principal components were 
computed independently for INMA cord blood 
and INMA children blood samples, using meffil 
[29] package. After principal components were 
regressed out with limma [47], we run epimuta
cions using the one-against-others configuration 
and quantile, beta and mlm approaches in the 
two INMA time points and HELIX.

We assessed whether the processing lab, the 
cohort, child age, child sex or maternal smoking 
during pregnancy modified the epimutations’ bur
den, using two approaches. First, we used a chi- 
square test (or a logistic regression for age – con
tinuous) to evaluate which factors modified the 
likelihood of an individual of having at least an 
epimutation. Second, we selected individuals with 
at least one epimutation, and we ran a Poisson 
regression model to test whether these factors 
altered the number of epimutations per individual. 
For the age effect, we made two analyses: (I) 
between time-points comparisons (i.e., 0, 4 or 8  
years); and (II) within each time-point compari
sons (i.e., test small age differences between chil
dren in each time-point). For sex and maternal 
smoking, we additionally evaluated the effect of 
having systematic differences between the control 
group and the cases. We run epimutacions in the 
case–control configuration, using as a reference 
group all girls, all boys, or all children whose 
parents did not smoke. We defined as recurrent 
sex-specific epimutations those epimutations not 
detected in the one-against-others but with 
a frequency >0.5% for one of the sexes. Similarly, 
we defined as recurrent of children whose parents 
smoked those epimutations with a frequency  
>0.5% and not found in the one-against-others 
approach.

We defined the epimutations magnitude as 
the mean of the differences between the median 
methylation of the target sample and the median 
methylation of the reference population (in this 
setting, the remaining samples of the cohort). 
We computed the overlap between detected epi
mutations and imprinted regions as defined by 
Court and colleagues [48]. We also explored 
whether epimutations were persistent in time, 
i.e., whether the same epimutations in the same 
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individual was present at the three time points. 
We defined as recurrent those epimutations 
detected in >0.5% of the individuals in the 
three time points. Persistent epimutations were 
explored on the 110 individuals from INMA 
having a sample at the three points and using 
the same approach to assess replicability used 
for technical replicates (see Outlier signal 
section).

Correlation with gene expression
We correlated epimutations with gene expression 
of nearby genes. As there is no straightforward 
way to link DNA methylation with gene expres
sion, we used three approaches: (i) eQTM, (ii) TSS 
and (iii) nearest. In eQTM, we linked the CpG to 
a gene if it was found in the eQTM (expression 
quantitative trait methylation) catalogue in chil
dren’s whole blood [43]. Gene expression data 
from INMA and HELIX was obtained from the 
same array used to define the catalogue, so the 
catalogue gave us directly the mapping between 
the CpG and the gene. In the TSS approach, we 
linked the CpGs annotated to the promoter 
regions (TSS1500 or TSS200 in Illumina annota
tion) of a gene, to the gene having the same gene 
Symbol in the arrays. Finally, for the nearest 
approach, we mapped the CpG to the nearest 
gene in the array, considering only genes whose 
TSS (transcription start stie) was closer than 
250Kb to the epimutation CpGs.

To define gene expression as an extreme value 
we used three approaches: (1) outlier; (2) z-score 
and (3) rank. A gene expression measure was 
considered an outlier if it was <25% percentile − 
1.5 × IQR or >75% percentile + 1.5 × IQR, where 
IQR is the interquartile range. z-score was defined 
as x� mean xð Þ

sd xð Þ . The rank was the position of the 
measurement inside the population, the lowest 
gene measurement has a rank of 1 and the highest 
a rank equal to the number of samples.

Cell-type specificity of epimutations

Datasets
We used the GEO GSE87650 superseries [49] to 
evaluate the effect of cell-type in epimutations. 
GSE87650 superseries contains a dataset of DNA 

methylation (GSE87640) and another of gene 
expression (GSE86434) for the same 63 samples.

GSE87640, the DNA methylation dataset, con
tains individuals with samples from different cell 
types (whole blood, CD4, CD8 and monocytes), 
totalling 232 samples. GSE87640 was generated 
with the Illumina 450K DNA methylation array. 
We downloaded the beta values from GEO, which 
were preprocessed using lumi, methylumi and 
minfi Bioconductor packages [49]. We run 
a PCA on the general matrix and discarded sam
ples grouped with a discordant cell type cluster. 
We applied the same criteria for discarding 
probes than in the previous datasets. 
Measurements with a detection p-value >2e-16 
were also set to missing.

GSE86434 contains gene expression values from 
the same samples than GSE87640. We used this 
dataset to assess the correlation between epimuta
tions and gene expression. Gene expression data 
was generated with Illumina HT12 human v4 
array. We downloaded gene expression data from 
GEO, which was previously processed with lumi 
and limma Bioconductor packages [49].

Epimutations’ detection
Samples were grouped by cell type and considered as 
independent datasets. We also regressed out top prin
cipal components, to remove technical effects from 
the data, as described for the paediatric cohorts (see 
previous section). Principal components were com
puted independently for each cell type dataset and was 
2 for all cases. After principal components were 
regressed out, we run epimutacions using the one- 
against-others configuration and the quantile 
method.

Epimutations’ replicability was defined as find
ing the same epimutation in the same individual in 
different cell types. Replicability was assessed using 
the same approach than for technical replicates 
(see Outlier signal section).

Correlation with gene expression
We used the same approach to correlate epimutations 
with gene expression than for the paediatric cohorts 
(see previous section). However, as the eQTM cata
logue was generated with a different gene expression 
array than GSE87640, we mapped both array feature 
names to gene Symbol to have coincident ids.
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Application to a cohort of autism patients

Dataset
We applied epimutacions to a cohort of autism 
patients to exemplify how to use it in practice. 
We used the GSE83424 dataset [50], which con
tains 63 DNA methylation samples from whole 
blood, comprising 10 controls and 53 individuals 
with autism. Normalized beta values were down
loaded from GEO, and we applied the same cri
teria for discarding probes than in the previous 
datasets. Finally, measurements with a detection 
p-value >2e-16 were set to missing.

Epimutations’ detection
We applied the same approach described above to 
remove technical effects from the data: the first 
two principal components were regressed out 
before running epimutacions. After the principal 
components were regressed out, epimutacions was 
run with the quantile method and using the one- 
against-others and the case–control approaches. 
For the latter, healthy individuals were the refer
ence panel so epimutations were only estimated in 
autism cases.

Results

Comparison of methods to detect epimutations

In our package epimutacions, we have implemen
ted two previously described methods (quantile 
and manova) and four new methods (beta, mlm, 
iForest and mahdist) to detect epimutations. We 
evaluated their performance on synthetic datasets 
where epimutations were randomly introduced 
(see Methods), and compared their results with 
the methods from the ramr package and four 
methods to detect DMRs (Differentially 
Methylation Regions): ProbeLasso, DMRcate, 
Bumphunter and Limma + comb-p.

First, we introduced unique epimutations, i.e., 
each epimutation was only present in a sample, 
with different DNA methylation differences. All 
methods from epimutacions and ramr but iForest 
had an almost perfect TPR for epimutations with 
large effect sizes (Additional File 1: Supplementary 
Figure S2), while mlm, manova, mahdist, ramr- 
beta and ramr-wbeta had also a very high TPR 
for medium effect size epimutations. In general, 

the FDR of all methods was below 5%. All meth
ods to detect DMRs had a lower performance than 
methods designed to detect epimutations 
(Additional File 1: Supplementary Figure S3). 
Regarding effect size, all methods but iForest pre
sented the same performance with a sample size as 
small as 20 samples (Additional File 1: 
Supplementary Figure S4).

Second, we further evaluated the performance 
of epimutations’ methods for recurrent epimuta
tions, i.e., epimutations present in multiple sam
ples. The case–control configuration performed 
much better than the one-against-others config
uration (Additional File 1: Supplementary Figure 
S5), having the best performance independent of 
the frequency of the recurrent epimutation. ramr- 
IQR and ramr-wbeta were not affected by the 
epimutation frequency, while rmar-beta perfor
mance was penalized for epimutations with 
a frequency higher than 8% in the dataset. 
Finally, we evaluated the time and the memory 
usage of the methods to detect epimutations. epi
mutacions methods had comparable times to ramr 
methods for the case–control configuration, while 
they were slower when using the one-against- 
others approach (Additional File 1: 
Supplementary Figure S6). Memory consumption 
was higher for epimutacions methods, especially 
for the one-against-others configuration 
(Additional File 1: Supplementary Figure S7).

We run epimutacions (using one-against-others 
configuration) and ramr methods in the 847 whole 
blood samples of a case–control cohort of adults 
with schizophrenia (GSE84727 dataset). epimuta
tions’ methods have diverse levels of sensitivity, 
ranging from quantile (the most restrictive), 
which detected one epimutation in few samples, 
to manova, mlm and iForest (the most liberal), 
which detected a high number of epimutations in 
most samples (Figure 3a). Epimutations detected 
by quantile were also detected in the more liberal 
list of epimutations detected by the other methods, 
except for mahdist, which detected a high number 
of epimutations not detected by any other method 
(Figure 3b). Regarding rmar methods, ramr-wbeta 
detected more epimutations per sample than any 
other method, ramr-IQR and ramr-beta detected 
a similar number of epimutations than manova, 
mlm or iForest (Figure 3c). Finally, quantile 
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detected all the epimutations detected by quantile- 
perl (original implementation of quantile method), 
showing the accuracy of our implementation.

Based on these results, we selected quantile, beta 
and mlm for the next sections. quantile and beta 
detected none or few epimutations per sample, 
which is what we expect in a reference population 
if epimutations have a relevant effect in phenotype. 
We also added mlm to include a more liberal 
method. All in all, these methods showed 
a satisfactory performance and represent diverse 
levels of sensitivity.

DNA methylation pre-processing influences 
epimutation detection

We assessed whether the algorithm used to nor
malize the data or processing the sample in multi
ple laboratories affected epimutations detection. 
To this end, we used a general population cohort 
of newborns with DNA methylation obtained 
from cord blood (INMA). Samples were processed 
in two labs and 14 samples had technical repli
cates, either in the same lab or in different labs 
(Figure 2a). We run epimutacions using quantile, 

beta and mlm on samples with replicates using as 
a reference the samples of the reference batch 
without replicates (Figure 2a and see Materials 
and Methods).

The algorithm used to normalize DNA methy
lation data affected epimutation detection. We 
normalized the data with seven algorithms and 
compared the epimutations detected for the same 
sample after each normalization. The three meth
ods only found a subset of the epimutations in all 
the normalizations (Additional File 1: 
Supplementary Figure 8A). Nonetheless, epimu
tations detected in one normalization had 
extreme methylation values in the others 
(Additional File 1: Supplementary Figure 8B and 
Supplementary Figure 9). Epimutations detected 
in technical replicates from the same batch 
showed a similar pattern. While only a subset of 
the epimutations were called in both replicates, 
all the epimutations presented extreme methyla
tion values in both replicates (Figure 4a, 
Additional File 1: Supplementary Figure 10). 
This pattern was present in all the normalization 
algorithms (Additional File 1: Supplementary 
Figures 11–12).
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Figure 3. Evaluation of method to detect epimutations. We ran the methods of epimutacions and ramr packages in GSE84727 
dataset. We compared the overlap epimutations per method and the identified epimutations per individual. a: Sensitivity of 
epimutacions methods. Each column contains the proportion of individuals in GSE84727 with a given number of epimutations 
detected. b: Overlap of the epimutations detected by the different epimutacions methods. c: Sensitivity of rmar methods, compared 
with beta, mlm, and quantile. These three epimutacions methods were selected because they represented three different sensitivity 
levels. d: Overlap of the epimutations detected by the rmar methods, beta, mlm, and quantile.
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Processing samples in different labs had 
a greater effect on epimutation detection. In our 
dataset, samples were grouped by the lab they were 
processed, either when we processed samples from 
each lab independently or when we normalized all 
samples together (Additional File 1: 
Supplementary Figure 13). When we run epimuta
cions on the technical replicates from different 
batches, a low proportion of the epimutations 
were detected in both technical replicates, while 
most epimutations were only detected in the tech
nical replicate from the alternative batch 
(Figure 4b). Regressing out the first principal com
ponents (PCs) of the whole methylation matrix 
removed the effect of lab (Additional File 1: 
Supplementary Figure 15). Consequently, a high 
proportion of epimutations were identified in both 
technical replicates, while the proportion of epi
mutations only identified in the technical replicate 
from the alternative batch was much lower 
(Figure 4b, Additional File 1: Supplementary 
Figure 15). When all samples come from the 
same lab, regressing out the first PCs did not affect 
epimutation detection (Additional File 1: 
Supplementary Figure 16). Thus, most epimuta
tions were detected either in the original matrix 
or after regressing out the first methylation PCs 
(Additional File 1: Supplementary Figures 17–18). 

Consequently, we regressed out the first PCs in all 
the subsequent analyses.

Epimutation characterization in a paediatric 
healthy cohort

We explored which biological factors modified the 
epimutation burden (i.e., the probability of having 
at least an epimutation) in a general paediatric 
cohort. Our paediatric cohorts include INMA 
(newborns n = 391, and 4y n = 210 from Spain) 
and HELIX (8y n = 860) HELIX project is com
posed of five European cohorts: (I) INMA from 
Spain; (II) BIB from the United Kingdom; (III) 
EDEN from France; (IV) KANC from Lithuania; 
and (V) RHEA from Greece. One hundred and ten 
individuals had samples in the three time points. 
While the cohort was gender-balanced at the three 
time points, other covariables exhibited differences 
between HELIX cohorts (Table 1). Thus, EDEN 
and INMA children were older (p-value <2e-16), 
while a lower proportion of KANC children were 
passive smokers (p-value = 1.23e-5).

We aimed to achieve four goals with this data
set: (I) estimate the epimutation burden in 
a healthy population; (II) identify the factors that 
can determine it; (III) explore the features of the 
epimutations detected in a healthy population; and 
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Figure 4. Replicability of epimutations in technical replicates. a: Replicability of epimutations in technical replicates from the same 
batch. Both replicates: epimutations detected in both replicates. One replicate and outlier signal: epimutations detected in one 
replicate, while in the other replicates these CpGs are in the most extreme 5%. b: Replicability of epimutations in technical replicates 
processed in different batches. Each point correspond to a combination of individual, epimutations’ method and preprocessing (raw 
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(IV) analyse the association of epimutations with 
gene expression. To this end, we run epimutacions 
in these cohorts using quantile, beta and mlm and 
the one-against-others configuration.

Biological factors have a low effect on epimutation 
burden
epimutacions methods had different sensitivities 
that resulted in different inferred epimutation bur
dens (Figure 5a), ranging from 30% with quantile 
to >85% with mlm. Although individuals present 
more epimutations when using more sensitive 
methods, all methods identified individuals with 
an extreme number of epimutations (>20) in the 
three time points.

Next, we assessed the influence of five factors in the 
epimutations burden: (I) lab where samples were pro
cessed; (II) cohorts in HELIX; (III) child age, (IV) 
child sex, and (V) maternal smoking during preg
nancy. First, neither laboratory in the newborns’ time
point nor HELIX cohort in the 8 years’ time point 
modified the epimutation burden (Additional File 1: 
Supplementary Figures 19–20). Second, the correla
tion between age and epimutation burden was not 
clear. While the epimutation burden was higher at 8  
years than at birth using beta (p-value = 1.2e-4), this 
correlation was not observed for the other methods 
(Figure 5a). Besides, inside each time-point, older 
children did not have a higher epimutation burden. 
Third, boys did not have a different epimutation 

burden than girls (Additional File 1: Supplementary 
Figure 21). However, if we run epimutations detection 
using a reference panel from the other sex (e.g., run 
epimutation detection in boys using girls as 
a reference), the methods recurrently identified epi
mutations absent in the one-against-others approach. 
Overall, quantile detected 70 recurrent sex-specific 
epimutations, beta 208 and mlm 526 (Additional 
File 2). Recurrent sex-specific epimutations com
prised >90% of CpGs previously identified as having 
differences in DNA methylation between boys and 
girls [51], when using quantile or beta and >50% 
when using mlm (Additional File 1: Supplementary 
Figure 22). Fourth, maternal smoking during preg
nancy or parental smoking during childhood were not 
consistently associated with a higher epimutation bur
den or with a higher number of epimutations per 
individuals (Additional File 1: Supplementary 
Figure 23). When running epimutacions in children 
whose parents smoked in childhood using the rest as 
controls, only five epimutations were recurrently 
found in children exposed to passive smoke 
(Additional File 3) and all were identified in 
newborns.

Features of the detected epimutations

We explored four features of the epimutations 
detected in our paediatric cohort: (1) direction and 
magnitude; (2) overlap with imprinted regions; (3) 

Table 1. Summary of our paediatric cohort.
INMA HELIX (8 years)

0 years 4 years All INMA BIB EDEN KANC RHEA

Sex Girls 192 
(49.10%)

100 
(47.62%)

386 
(44.88%)

99 (45%) 40 (44.4%) 66 (44%) 92 (46%) 89 (44.5%)

Boys 199 
(50.90%)

110 
(52.38%)

474 
(55.12%)

121 (55%) 50 (55.6%) 84 (56%) 108 (54%) 111 (55.5%)

Age 0 4.35 (4.27– 
4.42)

6.97 (6.44– 
9.09)

8.79 (8.42– 
9.20)

6.65 (6.43– 
6.82)

10.79 (10.34– 
11.18)

6.37 (6.13– 
6.84)

6.46 (6.36– 
6.61)

Maternal 
Smoking

No 
smoking

277 
(70.84%)

161 
(76.67%)

673 
(78.26%)

163 (74.1%) 52 (57.8%) 119 (79.3%) 183 (91.5%) 156 (78%)

Any 
smoking

109 
(27.88%)

48 (22.86%) 160 
(18.60%)

54 (24.5%) 19 (21.1%) 31 (20.7%) 13 (6.5%) 43 (21.5%)

Missing 5 (1.28%) 1 (0.48%) 27 (3.14%) 3 (1.4%) 19 (21.1%) 0 (0%) 4 (2%) 1 (0.5%)
Batch Lab 1 203 

(51.92%)
- - - - - - -

Lab 2 188 
(48.08%)

- - - - - - -

Total 391 210 860 220 90 150 200 200

Note: INMA: INfancia y Medio Ambiente cohort (Spain). BIB: Born in Bradford study (United Kingdom). EDEN: Étude des Déterminants pré et 
postnatals du développement et de la santé de l’Enfant (France). KANC: Kaunus cohort (Lithuania). RHEA: Mother Child Cohort study (Greece). 
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cell type or whole blood.
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recurrence, and (4) persistence. First, hypermethyla
tion epimutations were more frequent than hypo
methylation epimutations (Additional File 1: 
Supplementary Table S2). Regarding the magnitude, 
epimutations detected by quantile had a magnitude 
0.1 points higher (p-value <2e-16) than epimutations 
detected with beta or mlm, independent of the time- 
point or the epimutation direction (Additional File 1: 
Supplementary Figure 24). Second, a small proportion 
of epimutations overlapped with imprinted regions, 
ranging from 1.6% in mlm to 4.7% in quantile 
(Additional File 1: Supplementary Table S3).

Third, despite most epimutations were detected 
in only one individual (Additional File 3), more 
sensitive methods were more likely to detect the 
same epimutation in different individuals (50% 
epimutations shared in mlm vs 20% in quantile). 
More than 40% of the epimutations detected in 
our dataset were not previously reported in four 
children’s cohorts [4] (Additional File 1: 
Supplementary Figure 25). Nonetheless, in these 
four children’s cohorts, the percentage of epimuta
tions found only in one cohort was higher (83.7%) 
[4]. Comparing the frequency of the epimutations 
in our cohort with those reported in the four 
children’s cohorts, most epimutations had excep
tionally low frequencies in both datasets, and no 
clear correlation was observed (Additional File 1: 
Supplementary Figure 26).

Fourth, to explore the persistence of epimuta
tions across time, we used the 110 INMA indivi
duals with samples in the three time points and 
defined as persistent those epimutations identified 
in all three time points (Additional File 5). More 
than half of the epimutations were found in just 
one time point, irrespective of the method applied 
(Additional File 1: Supplementary Figure 27). 
After considering having outlier DNA methylation 
measurements, 79.5% of epimutations identified 
with quantile were persistent, while less than half 
of the epimutations detected by beta or mlm were 
persistent.

Correlation with gene expression

We assessed whether the epimutations detected 
were associated with aberrant changes in gene 
expression in the 4- and 8-year time-points. As 
there is no optimal method to define gene 

expression outliers for microarray data, we used 
three measures: (1) outlier; (2) z-score, and (3) 
rank. Since genes regulated by each CpG are not 
well defined, we also used three approaches to 
map epimutations to genes: (1) eQTM – existing 
catalogue in blood [43]; (2) TSS – gene annota
tion by Illumina for CpGs mapped to a TSS1500 
or TSS200 region; (3) map the CpG to the nearest 
gene.

Most epimutations were not associated with 
outlier gene expression in any method or under 
any annotation strategy (Figure 5b) 
(Supplementary Figures 28–29) (Additional 
File 6). Detecting epimutations with quantile and 
using eQTM to map epimutations to genes yielded 
the highest proportion of epimutations with sig
nificant cis-acting effects on expression (11.8% at 
4 years and 21.4% at 8 years). In the 8 years’ time- 
point, a higher proportion of the epimutations 
modified nearby expression, with some epimuta
tions having close genes with a strong overexpres
sion (Additional File 1: Supplementary Figure 29).

Cell-type specificity of epimutations

We explored the effect of cell type on epimutation 
detection on the GSE87640 dataset, which contains 
the DNA methylation of the same 63 individuals 
in whole blood and three cell types. We considered 
each cell type as an independent dataset and ran 
epimutacions using the one-against-others 
approach and the quantile method, selected based 
on the previous results.

We identified 89 regions as epimutations in 
whole blood or in at least one cell type, with 39 
unique individuals having at least one epimuta
tion. Only 15/89 epimutations (16.9%) were iden
tified in whole blood and the three cell types, while 
39/89 epimutations (43.8%) were only identified in 
a cell type (i.e., cell-type specific epimutations) 
(Figure 5c). When regions with outlier values 
were also considered, 62/89 epimutations (69.7%) 
were identified in whole blood and the three cell 
types (Additional File 1: Supplementary 
Figure 30). In contrast, 10/89 epimutations 
(11.2%) were cell-type specific and were typically 
located in regions with cell-type specific methyla
tion patterns (Additional File 1: Supplementary 
Figure 31).
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We also assessed the association between epi
mutations and gene expression. We applied the 
same three metrics for gene expression (outlier, 
z-score, and rank) and the same three approaches 
(eQTM, TSS, near) to map epimutations to genes 
than for the paediatric cohort. Between 10% and 
20% of epimutations were associated with gene 
expression, depending on the tissue and the 
approach to map epimutations to genes 
(Additional File 1: Supplementary Figures 32– 
33). The eQTM approach did not result in 
a higher proportion of epimutations mapped to 
outlier genes, as happened in the paediatric 
cohort.

Application to a clinical setting: Epimutations 
detection in a cohort of autism patients

We applied epimutacions to whole-blood DNA 
methylation of case–control of 53 individuals with 
autism and 10 controls (the GSE83424 dataset) to 
exemplify how epimutations detection could be incor
porated into a clinical setting. We used quantile and 
compared the results of applying the case–control or 
the one-against-others approaches.

Using the case–control approach, we detected 
83 epimutations in 42/53 cases (79.2%) 
(Additional File 7). Ten epimutations were recur
rent, i.e., found in at least three samples (frequency 
>5%) (Additional File 8). Four epimutations were 
found in genes associated with autism: two recur
rent epimutations in BRSK2 gene and NUP20L 
promoter and two epimutations in ZCCHC9 and 
PHACTR1 (Figure 6a–d). While epimutations in 
ZCCHC9 and PHACTR1 have been previously 
reported [50], the recurrent epimutations are 
novel. Additionally, we identified an epimutation 
in an imprinted region on HM13 gene (Figure 6e), 
which was previously described in schizophrenia 
patients [52].

Using the one-against-others, we only identified 
eight epimutations, seven in autism patients and 
one in controls. Therefore, autism individuals did 
not present a higher epimutation burden than 
controls (p = 0.78) (Figure 6f). Inside the eight 
epimutations detected, we identified epimutations 
in ZCCHC9 and PHACTR1 genes, but none of the 
recurrent epimutations.

Discussion

We have developed epimutacions, a Bioconductor 
package to detect, annotate and visualize epimutations 
using Illumina DNA methylation microarray data, 
which is available in Bioconductor. We demonstrated 
that the six methods available in epimutacions package 
can reliably detect epimutations in DNA methylation 
data. All methods but iForest had a TPR close to 100% 
and independent of the sample size, while iForest 
required a bigger sample size (>60 control samples) 
for a satisfactory performance. mahdist, beta and 
quantile had better control of false positive and their 
FPR was <5%. The epimutations detected by manova, 
mlm, iForest, beta and quantile overlapped, which 
means that the methods are quite reliable when 
doing the analysis. However, manova, mlm and 
iForest detected a higher number of epimutations 
than beta and quantile, respectively. Thus, we can 
choose manova, mlm and iForest when prioritizing 
detecting all possible epimutations, or quantile and 
beta if we aim to be more restrictive. mahdist detected 
many epimutations not detected by any other meth
ods, so we discourage its use.

We compared the performance of epimutacions 
and ramr [8] packages. While the alternative 
Bioconductor package ramr used GRanges objects as 
the main input source with DNA methylation values 
added as metadata, epimutations used 
GenomicRatioSet, a Bioconductor package designed 
to manage DNA methylation data, which is easy to 
obtain from common DNA methylation pre- 
processing pipelines. Although ramr methods pre
sented a high performance, case–control configura
tion in epimutacions outperformed ramr methods 
when recurrent epimutations are present in the case 
samples, making epimutacions more suitable for 
a clinical application. Finally, our implementation of 
quantile detected all the epimutations of quantile-perl 
(the original perl implementation) and additional epi
mutations, possibly because quantile excludes the tar
get sample when computing the methylation 
quantiles, whereas in quantile-perl the quantiles are 
computed including the target sample.

Throughout this work, we have used the expected 
replicability to compare the algorithms and to assess 
distinct factors that might influence epimutation 
detection. In general, we obtained a low or modest 
replicability when defining replicability as calling the 
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epimutation, independent of the comparison or the 
assessed factor. However, when we used a more 
relaxed definition, checking if we found outlier DNA 
methylation values for the same CpGs, the replicability 

increased. On one hand, these results suggest that 
detection algorithms can capture epimutations due 
to true biological differences rather than due to tech
nical artefacts. On the other, most epimutations 
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Figure 6. Epimutations in an autism cohort. a-e: Candidate epimutations associated with autism disorder. Mean methylation values 
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EPIGENETICS 17



detected might be close to the detection threshold, so 
slight changes in DNA methylation values might affect 
the epimutation detection. The clearest example is the 
comparison between normalization algorithms. 
Different normalization algorithms might result in 
minor differences in DNA methylation values [53], 
which affects other DNA methylation derived mea
surements, such as DNA methylation age [54]. In our 
case, differences between normalization algorithms 
are also enough to affect the epimutations detected, 
although individuals with epimutations have the most 
extreme DNA methylation values independent of the 
normalization method. Overall, more sensitive experi
mental approaches should be considered when repli
cating previously detected epimutations.

Batch effect was the factor with the strongest effect 
on epimutation detection. Our dataset had a strong 
batch effect due to having samples processed in two 
projects executed at various times, by different labs 
and people. In this setting, using samples from 
a different batch as a reference panel inflates the 
epimutations detected. To correct the batch effect, or 
other systematic biases in the data, we suggest regres
sing out the top principal components of methylation 
before running the analysis. A similar approach is 
proposed in OUTRIDER, a Bioconductor package to 
detect gene expression outliers [55]. This approach 
removed the batch effect and corrected for technical 
covariates while preserving the biological signal for 
epimutations. Nonetheless, if the differences between 
cases and controls are large, this approach might 
remove epimutations shared by many cases.

We report biological factors that affect epimuta
tion burden, being the most relevant factor sex. 
Although boys did not have a different epimuta
tion burden than girls, systematic differences in 
DNA methylation between boys and girls [51,56] 
led to the detection of artificial epimutations. 
Despite age was described to increase epimutation 
burden [4], the association between age and epi
mutation burden was not clear in our dataset. 
Previous studies compared children with elderlies, 
so larger age differences might be required to see 
an effect in epimutation burden. Finally, parental 
smoking did not modify epimutation burden. 
Considering parental smoking as a proxy of com
mon environmental exposures, due to its persis
tent impact on DNA methylation [57], the effect of 
common environmental exposures on epimutation 

burden seems minor. These results provide guide
lines for designing an epimutations discovery 
experiment. Balancing sex and age between cases 
and controls is essential, while other environmen
tal variables are not so relevant.

A high proportion of epimutations found in whole 
cord and peripheral blood was shared among differ
ent cell types. A previous study already described an 
overlap of epimutations in blood cells and fibroblasts 
[7]. These results suggest that a considerable propor
tion of the epimutations detected in any tissue 
appeared in the embryo and were inherited by differ
ent cell lineages. This early origin can also explain the 
persistence of epimutations over time. The prenatal 
origin of epimutations can be explained by genetic 
variants, inheritance from parents or the result of 
environmental insults during pregnancy. Previous 
results support a prominent role of genetic variants, 
with 70% of epimutations close to genetic variants and 
two-thirds shared by twins [4]. The inheritance of 
epigenetic patterns in humans is still controversial 
[58], despite recent studies supporting this mechan
ism. Epimutations’ inheritance [59,60] was assessed in 
a familial study, and the inheritance frequency of 
epimutations was the expectation of a Mendelian 
transmission [7]. Finally, as previously discussed, 
our results do not support a relevant role for environ
mental insults during pregnancy. Overall, further stu
dies are required to define the origin of epimutations 
in the general population, their sharing between dif
ferent tissues and their persistence over time.

Although epimutacions enables the detection of 
epimutations for a clinical application, additional 
steps are required to define pathogenic epimutations. 
First, epimutations can be prioritized based on their 
effect on gene expression, as epimutations with clin
ical impact are expected to significantly alter gene 
expression [7,50,61]. In contrast, most epimutations 
in healthy population did not have a relevant effect 
on nearby gene expression, either in whole blood or 
in specific cell types, as previously described [4]. 
Second, epimutations present in the general healthy 
population are expected to have a low or null effect 
on disease. Thus, recurrent epimutations, i.e., epi
mutations found in different healthy datasets, are 
likely to be benign. Despite epimutations’ recurrence 
in healthy population is quite low, either in our 
paediatric cohort or in the literature [4], a database 
of epimutation variation in healthy individuals at 
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different ages (mainly in blood DNA, but also in 
other tissues) would improve the application of epi
mutations to clinical practice. Similar initiatives for 
genetic variants, such as gnomAD [62] or DGV [63], 
boosted the application of genetics in the clinical 
context. In addition, a catalogue with clinical inter
pretation (from benign to pathogenic) of epimuta
tions found in the different diseases, similar to 
clinVar [64] will also be needed. In our package, we 
propose a nomenclature for epimutations, which 
might serve as a basis for such databases.

Finally, we exemplified how to use epimutacions by 
applying it to an autism cohort. epimutacions enabled 
to detect epimutations using two approaches: case– 
control and one-against-others. On one hand, the 
case–control approach is useful in a clinical setting, 
where the aim is to find epimutations causative of the 
disease, an approach already used in previous works 
[6,7,50,52]. The case–control approach can be used to 
identify candidate epimutations specific to one indi
vidual and to identify recurrent epimutations in the 
cases. Thus, the case–control approach identified two 
novel recurrent epimutations in BRSK2 and NUP20L 
genes. BRSK2 was associated with autism in SFARI 
Gene database [65], while epigenetic aberrations in 
NUP20L promoter were only found in autism sam
ples [66]. On the other, the one-against-others 
approach was not able to detect recurrent epimuta
tions and only detected epimutations specific of an 
individual. Thus, while the one-against-others 
approach can still be useful in an epidemiology set
ting, where a reference population cannot be defined, 
this approach might miss epimutations present in 
more than one individual. Consequently, we strongly 
recommend including control samples when using 
epimutations in a clinical context.

This work has some limitations. First, we evalu
ated the effect of technical variables in only one 
cohort, which contained few technical replicates. 
Second, all the datasets analysed were generated 
with the Illumina Infinium HumanMethylation450 
methylation array while current studies are using 
Illumina Infinium MethylationEPIC. Nonetheless, 
both arrays follow the same technology and have 
comparable measures for shared probes [67], so con
clusions are expected to hold on to the new array.

The work also has some strengths. We charac
terized how the most common technical and bio
logical factors can affect epimutation detection, 

providing guidelines for study design. The use of 
a longitudinal cohort allowed us to study the per
sistence of epimutations and their lifetime origin. 
Finally, the batch effect in our cohort represents 
a worst-case scenario. Thus, if the residuals 
approached worked in this setting, we expect to 
also work in other datasets, where a lower batch 
effect is expected.

Overall, this work present epimutacions, 
a Bioconductor package to detect epimutations 
using DNA methylation microarray data. We have 
explored distinct factors that affected epimutation 
detection and burden, thus providing guidelines on 
how to include epimutations into clinical practice.
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(DTA). More information to initiate the request process can 
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/politica-de-colaboracion/ and https://www.projecthelix.eu/ 
index.php/es/data-inventory.
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