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ABSTRACT

Polygenic approaches often access more variance of complex traits than is possible by single
variant approaches. For genotype data, genetic risk scores (GRS) are widely used for risk prediction
as well as in association and interaction studies. Recently, interest has been growing in transfer-
ring GRS approaches to DNA methylation data (methylation risk scores, MRS), which can be used
1) as biomarkers for environmental exposures, 2) in association analyses in which single CpG sites
do not achieve significance, 3) as dimension reduction approach in interaction and mediation
analyses, and 4) to predict individual risks of disease or treatment success. Most GRS approaches
can directly be transferred to methylation data. However, since methylation data is more sensitive
to confounding, e.g. by age and tissue, it is more complex to find appropriate external weights. In
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this review, we will outline the adaption of current GRS approaches to methylation data and

highlight occurring challenges.

Introduction

Since most complex diseases are influenced by several
genes each having only a small effect on its own,
polygenic approaches that deal with the genetic basis
en masse often access more of the variance of complex
traits than is possible by single variant approaches.

The most popular polygenic approach is using
weighted genetic risk scores (GRS) (also called
polygenic risk scores (PRS)), which are defined as
weighted sums of risk alleles of a pre-selected
number of single nucleotide polymorphisms
(SNPs) [1]. Particularly for complex diseases,
GRS are statistically powerful to test for marginal
genetic effects and gene-environment interaction
effects, as well as to predict individual trait values
or risks of disease. As a gold standard, weights are
determined externally from independent studies,
but there are also approaches in which the weights
are determined from within the study sample,
which can be applied if appropriate external
weights are not available [2-4]. A thorough over-
view on different methods, available software and
recent GRS studies with a focus on psychiatric
disorders is given in [5].

Very recently, interest has been growing in trans-
ferring GRS approaches to DNA methylation data,
which are then called DNA methylation risk scores
(MRS). MRS are defined as weighted sums of the
individual’s methylation markers’ beta values of
a pre-selected number of CpG sites and they can be
used 1) as biomarkers for environmental exposures
such as smoking [6,7], 2) in association analyses in
which single CpG sites do not individually achieve
significance [8], 3) as powerful dimension reduction
approach for interaction (popular for GRS [9-11]) as
well as mediation analyses [8] and 4) to predict
individual risks of disease [12,13] or treatment suc-
cess [14].

However, up to now, little is known about how
to correctly transfer GRS approaches to MRS and
what challenges need to be considered.

Risk score profiling
Constructing risk scores

In general, weighted risk scores are a weighted sum
of reference features (e.g. genotypes or methylation
levels).
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Given N subjects (i = 1,..., N), for an individual
i the weighted GRS is defined as weighted sum of the
number of alternate alleles (coded as 0, 1, 2) of k
considered SNPs (gi1, . . ., ik):

GRS; = wigin + ...+ Wk gi (1)

Using the same logic, the weighted MRS is defined
as weighted sum of the individual’s methylation

markers’ beta values of k pre-selected CpG
sites (myy, ..., my):

MRS; = wimj + ... + wemgg (2)

The determination of appropriate weights
(wir, ..., wi) is discussed in the following chapters
as well as depicted for MRS in the flow chart in
Figure 1.

Target methylation data

Fit of external weights depends on

1) Study objective:

Find
appropriate
external
weights

Association of environmental exposure E
with DNAm: EWAS on E and DNAm
Association of DNAm with phenotype Y:
EWAS on DNAm and Y

Interaction study: epigenome-wide
interaction study or weights from i) or ii)

2) Following characteristics of target and reference
population should match:

Ethnicity

Age

Sex

Tissue

Array (# overlapping CpG sites)

Is there an external study that fits to the study objective and characteristics?

Use summary statistics from the
external study as weights to calculate a
MRS in target data and fit association
models

Figure 1. Flow chart of methylation risk score (MRS) calculation.

Split target data into independent
training and test datasets

e Training data: estimate weights
o Test data: calculate MRS and fit
association models

Balance of optimal split:
1) Risk prediction:

N training data > N test data
2) Association testing:

N training data = N test data

Abbreviations: DNAm, DNA methylation; EWAS, epigenome-wide association study



External weights

The most common weighting approach, which is
also referred to as gold-standard, is to use external
weights wy, . .., wg, e.g. marginal (epi)genetic effects
(B-estimates) of the k SNPs/CpG-sites estimated in
an independent study population [4,15]. External
weights from genome-wide meta-analyses that pro-
vide the combined effect estimates of a range of
independent studies are usually preferred, followed
by weights from meta-analyses, which only include
a selected number of SNPs identified to be relevant
for the phenotype and by genome-wide association
studies (GWAS) in large single cohorts [3]. Meta-
analysis of multiple GWAS has become common
practice over the last few years [16] and today large-
scale meta-analyses with 10,000 or more subjects
exist for almost every phenotype.

One of the first applications of GRS with external
weights was published by Purcell et al. who used GRS
to argue that schizophrenia has a polygenic risk [17].
Although this GWAS identified few individually sig-
nificant single nucleotide polymorphisms (SNPs),
the authors provided evidence for a substantial poly-
genic component to risk of schizophrenia involving
thousands of common alleles of very small effect. In
addition, GRS showed promise for patient stratifica-
tion and subphenotyping [18]. In another study by
Hamshere et al., GRS for schizophrenia risk could
distinguish schizo-affective cases from other bipolar
disorder cases [19]. Moreover, GRS with external
weights were successfully used in interaction ana-
lyses to examine the genetic susceptibility to air
pollution-induced type 2 diabetes [9], lifestyle-
induced changes in BMI [10] and fried food-
induced obesity [11].

Considering MRS, up to now, only a very lim-
ited number of large-scale meta-analyses of epi-
genome-wide association studies (EWAS) has been
published [20-23], which makes it often difficult
to find appropriate external weights.

A limitation of GRS and MRS with external weights
is that only SNPs/CpG-sites for which marginal effects
have been published can be included in the analysis
[3]. It is therefore essential, that full summary statistics
presenting p-values and effect sizes for all analysed
SNPs/CpG-sites are publically available. Otherwise, if
only genome-wide significant hits are reported for
instance, also risk score profiles are restricted to
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these sites. Furthermore, not for every phenotype,
large-scale GWAS or EWAS are published and some-
times these have been conducted only in populations
with different ethnicity, sex or age range or, in case of
EWAS, using a different tissue.

Unweighted scores

In scenarios, in which the target and reference popu-
lation do not match perfectly (e.g. different ethnicity,
different but similar phenotype, etc.), unweighted
risk scores (RS), which are also called simple count
RS, can be used. Unweighted RS are defined as
simple-unweighted sum or count of risk alleles
(GRS) or beta values (MRS) and are calculated by
setting all weights wy, ..., wx in Equation (1) or (2)
equal to 1. However, even for unweighted RS, prior
knowledge about the effect sign of the beta coeffi-
cients of each SNP/CpG site is needed from an
external reference population. With regard to MRS,
for each CpG site, it needs to be determined if an
increase or decrease of methylation is associated with
disease. If a decrease of methylation is associated
with disease development, the beta values of the
CpG sites need to be multiplied by —1 so that subse-
quently a higher MRS is associated with a higher risk
of disease. Consequently, methylation-levels of CpG
sites which are negatively correlated with disease
development would be weighted with —1, whereas
methylation-levels of CpG-sites which are positively
correlated with disease development would be
weighted with 1. This information can be gained
from an external reference population even if there
is not a perfect match between target and reference
population (Figure 1) or in scenarios in which sum-
mary statistics from different EWAS need to be
combined (e.g. when information from more than
one phenotype needs to be included).

Unweighted RS are the easiest approach if no
appropriate external weights are available and
were used e.g. to investigate the interaction
between GRS and physical activity in obesity
[24,25]. However, unweighted RS are substantially
less powerful than weighted RS, particularly in the
presence of noise (SNPs or CpG sites without any
effect on the phenotype), because they assume that
each SNP/CpG site has the same effect on the
phenotype (shown for GRS in [2,15,26]).
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Internal weights

In another approach, if no external weights are avail-
able, weights are estimated in the own study sample,
called ‘internal weights’. The most important chal-
lenge here is to avoid overfitting, which is caused by
using the same data to estimate the weights as well as
for applying the RS and which can lead to biased effect
estimates as well as inflated type I errors [27,28]. This
can either be done with cross-validation or by splitting
the original dataset into a fixed but random training
dataset, in which the weights are estimated, and an
independent test dataset, in which the RS is con-
structed and applied [4].

How to select a set of SNPs/CPGs for a RS

The most common way to select a set of SNPs/CpG
sites for a RS is to choose an arbitrary p-value thresh-
old and only include SNPs/CpG sites that passed that
threshold in an external dataset or in an independent
training dataset, which is split off the study sample.
Since GWAS/EWAS often only publish the summary
statistics of the genome-wide significant SNPs/CpG
sites, ‘genome-wide significance’ is the most common
p-value threshold for a RS. However, the optimal
p-value threshold will strongly depend on the sup-
porting data and the underlying genetic and epige-
netic architecture of the trait of interest with a more
polygenic trait benefiting from the addition of a larger
fraction of the top SNP associations [29] for instance.
Furthermore, if the external weights are less stable, e.g.
because of a small sample size, it may be necessary to
include also less significantly associated sites to cap-
ture more of the variability [29]. Finally, if the study
objective is to construct a RS as screening tool for
prediction of disease risk or treatment success, a slight
loss in prediction quality may be acceptable if it leads
to a more meaningful interpretation of the predictor
[30] or makes it possible to create a smaller, custom
chip.

It should be noted that, when different p-value
thresholds are used and hence different scores are
constructed, multiple testing has to be taken into
account. Software programs such as PRSice [31]
offer the possibility to obtain the optimal p-value
threshold, resulting in the score yielding the most

significant association results. This is achieved by
testing a large number of incrementally different
scores while correcting for multiple testing using
a permutation-based approach.

Another approach, which is getting more atten-
tion in gene-environment interaction studies, is
the pathway-based selection of candidate SNPs.
The idea behind this approach is that SNPs with
a strong marginal genetic effect are not necessa-
rily the strongest candidates regarding interaction
with environmental exposures and gene-environ-
ment interactions can exist without strong mar-
ginal genetic effects [3]. More promising
candidates might be SNPs/CpG sites that are
related to a biological pathway that is assumed
to mediate the association between an environ-
mental exposure and a phenotype. In the Traffic,
Asthma, and Genetics (TAG) study, candidate
SNPs were selected that were related to oxidative
stress and inflammation [32] and in the Study on
the Influence of Air Pollution on Lung,
Inflammation and Aging (SALIA) candidate
SNPs related to endoplasmatic reticulum stress,
which plays a major role in inflammatory pro-
cesses, were selected [33]. Monnereau et al. con-
structed pathway-specific PRS for adult BMI and
showed that these SNPs influence body mass
development in early life [34].

Traditionally, analogous to GWAS and EWAS
approaches, one linear or logistic regression model is
fitted for each SNP/CpG site to estimate the weights.
However, weights can also be estimated using pena-
lized regression models instead of relying on an arbi-
trary p-value threshold. Shrinkage methods (e.g. lasso
regression [35], elastic net [36] or LDPred [37]) enable
us to include a much higher number of SNPs/CpG
sites in our training model and the variable selection is
conducted based on shrinkage happening simulta-
neously to the effect estimation. The elastic net regres-
sion was shown to be useful to estimate weights for
MRS prediction models including >20,000 CpG sites
in the model [38] as well as for the detection of GRS-
environment interactions [2,3]. LDPred, which is
a Bayesian approach to calculate a posterior mean
effect for all variants using external weights with sub-
sequent shrinkage based on linkage disequilibrium



[37], can even be applied to genome-wide data in
applications with a sufficient sample size (several
thousands) [39].

Taking correlation into account

The most popular approaches to handle SNPs in high
linkage disequilibrium (LD) or correlated CpG sites
are LD pruning and LD clumping. When LD pruning
is performed, all pairwise LD-values between SNPs
are calculated in a pre-defined basepair-window. If
a SNP-pair presents with high LD, e.g. r* > 0.8, only
one SNP of this pair is kept in the analysis. Wu et al.
confirmed the beneficial effect of LD pruning on risk
prediction [40], whereas other authors showed that
RS are surprisingly robust towards LD [2,15,29].
However, one disadvantage of LD pruning is that
usually a random SNP, which is not necessarily the
SNP with the lower p-value, from each correlated pair
is kept. LD clumping on the other hand also takes the
p-values of the base sample into account. Correlation
between SNP-pairs is assessed as before, but the SNP
with the lower p-value observed in the external data-
set, is kept in the analysis.

With regard to MRS, no standard procedures are
available for clumping. One possibility would be to
aggregate information across spatially correlated
CpG-sites and use region-wide association p-values,
hence to identify differentially methylated regions
(DMRs). Such regions are determined with algo-
rithm such as DMRcate for instance [41].

However, a general limitation of pruning and
clumping is that it discards information and can
reduce predictive accuracy. One way to address this
problem is to apply shrinkage methods instead (e.g.
lasso regression [35], elastic net [36] or LDPred [37]
as discussed earlier). Vilhjalmsson et al. showed that
LDpred reaches a higher predictive accuracy than
LD clumping, particularly at large sample sizes
[37]. LDPred could be easily extended to methyla-
tion data, while penalized regression models are
already used for MRS [38].

Incorporating functional annotations

Incorporating functional annotations in the con-
struction of RS might provide more insights about
the biological meaning of a RS as well as possibly
increase its prediction accuracy.
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Post-GWAS/EWAS annotation facilitates the
selection of most likely causal variant(s). Multiple
resources are available for post-GWAS annotation
[42,43], which facilitate the selection of most likely
causal variant(s). Including functional annotation
could therefore be used to filter out noise and
thereby possibly increase the power and prediction
accuracy of RS. Shi et al. proposed a method,
which extends the common LD pruning and
thresholding approach by correcting the marginal
effect sizes of SNPs for winner’s curse (bias that is
caused by only including SNPs below a specific
p-value threshold) and incorporates external func-
tional annotation data [44]. The winner’s curse
correction is performed by applying LASSO
shrinkage to the marginal association statistics of
the GRS. External functional/annotation knowl-
edge is incorporated by defining two disjoint
SNPs sets, representing ‘high-prior’ SNPs and
‘low-prior’ SNPs, two functional sets for which
different p-value thresholds can be chosen. Using
this approach, Shi et al. [44] reached an increased
prediction accuracy in comparison to the common
LD pruning and thresholding approach in simula-
tion studies as well as in a GWAS of type 2
diabetes. A way to incorporate continuous instead
of binary functional annotations is to use priors
based on the recently developed baseline-LD
model [45] as it is described in a recent pre-
print [46].

Although these methods were developed for
GRS, they can be directly transferred to MRS.
Particularly, the variation of methylation levels
at specific CpG sites and gene expression levels
might be important functional priors to increase
the prediction accuracy of MRS. Furthermore,
annotation of tissue and cell type specificity of
CpG sites might be helpful to identify a subset
of CpGs that might be functionally relevant for
the disease outcome. This information can either
be used for a better pre-selection of CpG sites or
be directly included as prior in the weighting
strategy.

Furthermore, enrichment analysis of the top
SNPs/CpG sites included in the RS can provide
more information about the biological meaning of
the RS. Knowledge about which mechanisms/path-
ways are covered by the RS can improve the inter-
pretation of the RS-associations.
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MRS in prediction models
Prediction of age

In the current literature, MRS have mainly been
applied for prediction. The most popular MRS pre-
diction model is an epigenetic clock, which is a
multi-tissue predictor of age that allows to estimate
the DNA methylation age of most tissues and cell
types [38]. In Horvath’s clock, an elastic net regres-
sion model was used to regress a transformed ver-
sion of age on the roughly 21k beta values in the
training data. The elastic net regression model auto-
matically selected 353 CpGs with coefficients
unequal to zero, which were then called (epigenetic)
clock CpGs since their weighted average (formed by
the regression coefficients) amounts to an epigenetic
clock. This weighted average, which can be used in
test datasets to predict epigenetic age, is equivalent to
the definition of MRS in equation (2). Horvath’s
clock was shown to be associated with markers of
physical and mental fitness [47], accelerated ageing
effects due to HIV infection [48], sex, race/ethnicity,
risk factors for coronary heart disease [49], diet, and
obesity [50]. More recently Hovarth’s approach was
used to construct an epigenetic clock for gestational
age, which may provide additional information rele-
vant to developmental stage [51].

Prediction of exposure level

Beside the prediction of age, MRS can also be used as
biomarker for environmental exposures that could
not sufficiently be determined by questionnaire or
clinical data. Hannon et al. and Elliott et al. estimated
a biomarker for smoking status based on the DNA
methylation profile at sites known to be associated
with smoking status in external EWAS [6,7]. The
derived continuous MRS can either be used as cov-
ariate in EWAS analysis to adjust for potential con-
founding caused by smoking [7] or to predict
smoking status by applying e.g. Random Forests to
identify the threshold score separating smokers and
never smokers and to assess misclassification [6].
Applying Random Forests on the smoking MRS,
Elliott et al. detected smokers from never and former
smokers with 100% sensitivity and 97% specificity
[6]. However, this can only be done for CpG sites
with a clear link to an environmental exposure.
Other environmental exposures with a clear link to

DNA methylation and for which MRS biomarkers
could be constructed include maternal smoking in
pregnancy [22], maternal BMI at the start of preg-
nancy [23] or fetal alcohol syndrome [52].

Prediction of other phenotypes

Another important application of MRS is the predic-
tion of individual risks of disease (Van Neste et al.
2016; Villanueva et al. 2015) or treatment success
(Moreaux et al. 2014), particularly in cancer diagnosis
and therapy. Villanueva et al. computed a MRS that
accurately discriminated survival of hepatocellular
carcinoma patients [12] and Van Neste et al. proposed
a MRS to identify men with high-grade (Gleason
score > 7) prostate cancer [13]. Furthermore, Van
Neste et al. showed that the prediction capacity of
their MRS could be improved by including traditional
clinical risk factors into the risk score, which empha-
sizes the value of combining information from differ-
ent sources for risk prediction [13].

Combining GRS and MRS

Since many phenotypes are influenced by both gen-
otypes as well as DNA methylation, Shah et al. pro-
posed to improve phenotype prediction by
combining GRS and MRS [53]. In their study, the
authors showed that BMI was best predicted by an
interaction or an additive effect between GRS and
MRS. GRS as well as MRS were based on SNPs/CpG
sites that were significantly associated with BMI in
external study populations.

MRS as a tool to understand the mechanisms
behind disease development

Marginal effects

RS approaches can be used to increase the power
to detect marginal associations between a MRS
and a phenotype as well as between an exposure
and a MRS.

Wahl et al. used MRS to test whether DNA methy-
lation levels in blood at 187 CpG sites being associated
with body mass index (BMI) in 5,387 samples from
EPICOR (n = 514), KORA (n = 2,193) and LOLIPOP
(n = 2,680), were associated with new onset, incident
type 2 diabetes, a major clinical consequence



associated with obesity, in participants of LOLIPOP
and KORA [8]. However, a shortcoming of their
analysis was the large overlap between participants
from training and test datasets, which increased the
risk of overfitting.

MRS might also be used to investigate the asso-
ciation between an environmental exposure and
a pre-defined MRS. This approach can be applied
to replicate previous shown associations between
an environmental exposure (e.g. smoking or air
pollution) with differentially methylated CpG
sites in smaller study populations.

Interaction effects

In the last years, RS approaches were shown to be
a powerful approach to detect interactions. GRS were
successfully used in interaction analyses to examine
the genetic susceptibility to air pollution-induced type
2 diabetes [9], air pollution-induced airway inflam-
mation [33], air pollution-induced atopic eczema
[32], fried food-induced obesity [11] as an altered
recovery from high levels of air pollution [54].

MRS can be useful to detect interactions between
an environmental exposure and a MRS as well as
interactions between genotypes (or GRS) and MRS.

Hiils et al. pointed out that in GRSXE interaction
analysis, it is important to differentiate between pre-
dominant marginal genetic effects and predominant
interaction effects — a differentiation that should be
made a priori and is based on the hypothesis behind
the selection of SNPs [3]. In GxE interaction studies,
SNPs can either be selected because of their strong
marginal genetic association with the phenotype
(scenario of predominant marginal genetic effects)
or because they are involved in a biological pathway
that is supposed to mediate the association between
an environmental risk factor and the phenotype
(scenario of predominant interaction effects).

This can be directly transferred to MRS because
CpG sites can either be selected because of their
strong marginal association with the phenotype
(scenario of predominant marginal effects) or
because they are involved in a biological pathway
that is supposed to mediate the association
between an environmental or genetic risk factor
(single genotype or GRS) and the phenotype (sce-
nario of predominant interaction effects).
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In scenarios with predominant marginal effects,
the weights should be determined from the marginal
effects of genotypes/CpG sites on the phenotype. The
gold-standard is again to use external weights esti-
mated in an independent study population or, if
there are no appropriate external weights available,
the weights can e.g. estimated with the elastic net
regression in the own study sample as proposed in
[2]. In scenarios with predominant interaction
effects, the weights should be determined from the
interaction estimates itself. Since there are only a few
published large-scale (epi)genome-wide interaction
studies, which is mainly due to the power limitations,
it is hard to find appropriate external weights for the
interaction terms. Therefore, a data splitting strategy
within the own study sample is often preferable [3].

Mediation effects

Understanding mediation is useful for identifying
intermediates (e.g. differentially methylated CpG
sites) lying between an exposure and an outcome
which, when intervened upon, will block (some or
all of) the causal pathway between the exposure
and outcome [55].

One of the most widely cited approaches for eval-
uating mediation in an epidemiological setting is
that originally outlined in [56]. While this approach
is widely implemented, it is known to be problematic
because it is highly dependent on a number of strong
assumptions, the measurement characteristics of the
variables and on reliable identification of causal
effects [55]. A newer mediation approach that is
currently very popular is the concept of causal med-
iation analysis from a counterfactual perspective.
Causal mediation analysis allows for definitions of
direct and indirect effects and a total effect as the
sum of direct and indirect effects even in models
with interactions. The indirect effect refers to the
effect that is through the mediator under study.
The direct effect refers to the remaining effect that
is not through the mediator [57]. The proportion of
the indirect effect in the total effect can then be used
to assess the extent to which the association between
exposure and outcome is mediated through the med-
iator as an intermediate pathway [58]. In R, causal
mediation analysis can be performed by using the
R package ‘mediation’ [59], an approach that relies
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on the quasi-Bayesian Monte Carlo method based on
normal approximation [60].

Mediation approaches used in conventional epide-
miology have been adapted to understanding the role
of molecular intermediates (e.g. DNA methylation)
in situations of high-dimensional omics data with
varying degrees of success [55]. The first step when
investigating the mediating effect of DNA methyla-
tion on the association between exposure and pheno-
type is to reduce the number of CpG sites that are
tested in the mediation analysis. This is usually done
by a pre-selection of CpG sites that were associated
with the exposure and/or the phenotype [61-64]. The
next step is to run a mediation analysis on each of
these CpG sites followed by a correction for multiple
testing (e.g. Bonferroni or FDR). This works well for
a small number of mediation tests (e.g. <100).
However, as soon as the sample sizes of EWAS
increase, the number of CpG sites associated with
common exposures/phenotypes will increase as well,
which will increase the burden of multiple testing for
the subsequent mediation analysis. Recognizing this
limitation of conventional mediation analysis, several
groups of methodologists have proposed mediation
approaches which allow for including a high-
dimensional vector of mediators (e.g. CpG sites)
[65-67]. Another approach is to combine the pre-
selected CpG sites into a MRS, which can then be
used as a mediator in one-dimensional causal media-
tion analyses. Using a MRS as mediator could increase
the power to detect mediation effects and can provide
a more global answer to the question if methylation
mediates the association between exposure and phe-
notype. In addition, if the MRS is based on CpG sites
associated with a particular biological pathway,
a mediation analysis could provide important infor-
mation about how the exposure affects the phenotype.

Confounding by tissue, ethnicity, age,
platform

EWAS findings are much more sensitive to con-
founders than it is the case for GWAS findings,
which makes it more difficult to get appropriate
external weights.

One main confounder of GWAs and EWAs stu-
dies is ethnicity. Genotypes as well as methylation
levels [68] can be ethnically different. Therefore,
when external weights are used, ideally these weights

were assessed in a population with the same ethnic
background as the study sample. While genotypes
are stable and normally do not change through life,
methylation is a very dynamic process depending on
age [38] and tissue [69]. Therefore, ideally, external
sample and study sample should match with regard
to tissue and age. Another issue arises when different
methylation arrays, e.g. 450K and EPIC arrays were
used as they do not cover the same set of CpGs.
While genotype imputation as performed via
Hidden Markov models for instance [70] is
a standard tool nowadays, imputation of methyla-
tion levels remains unclear, also due to the limited
number of WGBS (whole genome bisulfite sequen-
cing) samples which could be used as reference sets.

Conclusions

Most RS approaches that were designed for genotype
data can directly be transferred to DNA methylation
data. However, since methylation data is more sen-
sitive to confounding than genotype data, it is much
more challenging to find appropriate reference
populations to get valid external weights to construct
MRS. Therefore, strategies for estimating weights
from the own study sample might move more into
the focus when assessing MRS.
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