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Abstract

Epigenome-wide association studies (EWAS) are susceptible to widespread confounding caused by population structure and genetic relatedness.
Nevertheless, kinship estimation is challenging in EWAS without genotyping data. Here, we proposed MethylGenotyper, a method that for the first
time enables accurate genotyping at thousands of single nucleotide polymorphisms (SNPs) directly from commercial DNA methylation microar-
rays. We modeled the intensities of methylation probes near SNPs with a mixture of three beta distributions corresponding to different genotypes
and estimated parameters with an expectation-maximization algorithm. We conducted extensive simulations to demonstrate the performance of
the method. When applying MethylGenotyper to the Infinium EPIC array data of 4662 Chinese samples, we obtained genotypes at 4319 SNPs
with a concordance rate of 98.26%, enabling the identification of 255 pairs of close relatedness. Furthermore, we showed that MethylGenotyper
allows for the estimation of both population structure and cryptic relatedness among 702 Australians of diverse ancestry. We also implemented

MethylGenotyper in a publicly available R package (https://github.com/Yi-Jiang/MethylGenotyper) to facilitate future large-scale EWAS.
Key words: DNA methylation; Genotype calling; Genetic relatedness; Population structure; Epigenome-wide association study.

Introduction

DNA methylation (DNAm), which involves transferring a
methyl group on to the C5 position of the cytosine, is an im-
portant mechanism of gene regulation and is dynamically
variable in response to environmental changes. It has become
the most widely studied type of epigenetic modifications ow-
ing to the development of high-throughput DNAm microar-
rays. Specifically, the Infinium HumanMethylation450
(450K) and HumanMethylationEPIC (EPIC) arrays can si-
multaneously assay DNAm levels at hundreds of thousands
of Cytosine-phosphate-Guanine (CpG) sites across the ge-
nome. Using these arrays, epigenome-wide association studies
(EWAS) have identified numerous CpG sites associated with
complex diseases or environmental exposures, leading to a
better understanding of disease etiology [1-3]. Similar to
those observed in genome-wide association studies (GWAS),
population structure and cryptic relatedness can lead to spu-
rious association signals in EWAS. DNAm levels may differ
between populations due to the impacts of distinct genetic
and environmental factors [4]. In contrast, related samples
are likely to share similar environmental exposures and thus

similar DNAm levels [1,5]. Despite the potential confounding
effect, cryptic relatedness is often overlooked in EWAS due to
the lack of methods to infer genetic relatedness based on
DNAm data. Even in cohorts where both DNAm and GWAS
data have been generated, the sample overlap between the
two datasets is unlikely perfect due to their separate quality
control (QC) procedures or other logistic factors. Therefore,
methods to infer genetic relatedness directly from DNAm
data will be very useful to facilitate large-scale EWAS.

With sufficient single nucleotide polymorphism (SNP)
genotypes, we can easily estimate genetic relatedness in samples
with or without population structure using existing tools [6-10].
While the Infinium methylation arrays are designed to incorpo-
rate SNP probes to facilitate the identification of sample swap-
ping [11,12], the number of SNPs is too small to obtain
accurate kinship estimates (e.g., EPIC array consists of 59 SNP
probes, including 6 on the X chromosome). On the other
hand, tens of thousands of CpGs adjacent to common SNPs
[i.e., minor allele frequency (MAF) > 0.01] are often discarded
by standard QC, because nearby SNPs can introduce mis-
matches to the probe sequence and thus interfere with the mea-
sured methylation intensity [13-15]. It has been demonstrated
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that the measured methylation intensities at these probes fre-
quently show multi-modal distributions depending on the SNP
genotypes, especially when common SNPs are present at the
extension base [16-18]. Thus, we speculate that it is possible
to infer SNP genotypes, as well as subsequently population
structure and genetic relatedness, based on methylation inten-
sity data.

By design, there are two types of Infinium methylation probes.
Type I probes use two beads at each locus to measure the methyl-
ated and unmethylated signals separately. Fluorescent colors are
determined by the nucleotide at the extension base (i.e., red for
A and T alleles, green for G and C alleles). Thus, SNPs (except for
A/T and G/C SNPs) at the extension base will cause color channel
switching (CCS). Genotypes for these SNPs can be accurately de-
termined by comparing signal intensity from different color chan-
nels [13]. Type II probes use a single bead at each locus, with the
extension base occurring at the target CpG. After bisulfite conver-
sion, the red-labeled A and green-labeled G nucleotides will bind
to the unmethylated and methylated alleles, respectively. In the
presence of a SNP at the target CpG, a red color will be detected if
the target C allele is mutated to A or T despite no effect of bisulfite
conversion. Conversely, a green color will remain detected if C is
mutated to G. It is much more challenging to infer genotypes for
Type 1 probes than for Type I probes, because both methylation
and mutation can affect the fluorescent color of the single bead at
Type II probes. To the best of our knowledge, there are no existing
methods to estimate genotypes for SNPs adjacent to Type II
probes, although Infinium methylation arrays consist of a signifi-
cantly greater number of Type II probes than Type I probes [14].

In this study, we developed a novel method,
MethylGenotyper, to perform genotype calling based on
DNAm data for SNP probes, Type I probes, and Type 1I
probes (Figure 1). For each type of probes, we first converted
the methylation intensity signals to the ratio of alternative al-
lele intensity (RAI), initially proposed by Zhou et al. [13] for
Type I probes targeting CCS SNPs. RAI is expected to follow
a three-modal distribution with peaks near 0, 0.5, and 1, cor-
responding to three genotypes, respectively. We modeled RAI
for each type of probes with a mixture of three beta distribu-
tions and one uniform distribution, and employed an
expectation-maximization (EM) algorithm to obtain the
maximum likelihood estimates (MLEs) of model parameters
and genotype probabilities. The performance of the method
in parameter estimation and genotype calling was evaluated
by extensive simulations with different sample sizes and num-
bers of SNPs. Subsequently, we applied MethylGenotyper to
two empirical datasets with both DNAm data (EPIC array)
and GWAS data: the Dongfeng-Tongji (DFT]) cohort [19],
consisting of 4662 Chinese samples, and the Australian
Imaging, Biomarker and Lifestyle (AIBL) study [20,21], con-
sisting of 702 samples with diverse ancestry. In both datasets,
we demonstrated that MethylGenotyper can infer high-
quality genotypes at over 4000 SNPs, enabling accurate esti-
mation of individual ancestry and pairwise relatedness. We
also implemented MethylGenotyper into a publicly available
R package (https:/github.com/Yi-Jiang/MethylGenotyper) to
facilitate future large-scale EWAS.

Method
DNAmM and GWAS data from the DFTJ cohort

The DFT]J cohort is a prospective cohort of retired workers from
the Dongfeng Motor Corporation in Shiyan, Hubei Province,
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China [19]. A total of 38,295 participants were enrolled in 2013,
and leukocytes from 5200 samples were selected for DNAm pro-
filing wusing the Infinium HumanMethylationEPIC v1.0
BeadChips (Illumina, San Diego, CA) in two batches (Figure S1).
The samples with low detection quality (detection P > 0.01 in
over 1% probes), mismatched methylation-inferred and self-
reported sexes, discordant genotypes at > 10 SNP probes com-
pared with GWAS data, and those lacking GWAS data were ex-
cluded, resulting in 4662 samples. These 4662 samples
correspond to 4542 unique individuals, including 114 with dupli-
cate measurements and three with triplicate measurements. The
raw intensity data (IDAT) files were processed by background
correction with the noob method [22,23] and dye-bias correction
with the regression on logarithm of internal control probes
(RELIC) method [24]. Probes on the sex chromosomes
were excluded.

The GWAS data of 33,114 samples in the DFT] cohort were
assayed using the Infinium OmniZhonghua-8 v1.4 arrays
(Illumina). After excluding low-quality samples (> 0.05 discor-
dance rate at duplicate sites, call rate < 0.9, inbreeding coefficient
< =0.1 or > 0.3 based on autosomal SNPs or < —0.2 based on
the X chromosome), duplicated samples, and sex-mismatched
samples, a total of 31,155 individuals passed QC. The SNPs with
call rate < 0.95, minor allele count (MAC) < 3, or Hardy-
Weinberg equilibrium (HWE) P < 1 x 107 were excluded, leav-
ing 775,059 autosomal SNPs and 24,134 X chromosomal SNPs.
Then, the GWAS data were phased and imputed by Eagle
(v2.4.1) [25] and Minimac4 [26], with a whole-genome se-
quenced reference panel consisting of 3931 East Asian samples
from the 1000 Genomes Project (1KGP) [27] and the SG10K
project [28]. After excluding 20,640 variants with > 0.2 differ-
ence in allele frequency (AF) compared to East Asians in 1KGP,
14,495,888 variants with imputation R* > 0.3 and MAF >
0.001 were kept for downstream analyses.

DNAmM and GWAS data from the AIBL study

The AIBL study (https://aibl.org.au) is a consortium between
Austin  Health, Commonwealth Scientific and Industrial
Research Organisation, Edith Cowan University, the Florey
Institute (The University of Melbourne), and the National
Ageing Research Institute in Australia, aiming to improve the
understanding of Alzheimer’s disease [20,21]. We downloaded
DNAm array data (EPIC array) of 726 samples from the Gene
Expression Omnibus repository (GEO: GSE153712) [29]. We
downloaded IDAT files and processed the data with the noob
method [22,23] and the RELIC method [24] for background
correction and dye-bias correction, respectively. A total of 716
samples in the AIBL cohort were genotyped using the Infinium
OmniExpressHumanExome+ v1.0 arrays (Illumina) [30,31],
including 702 samples that overlapped with the samples having
DNAm data.

Association between DNAm intensity and
nearby SNPs

The association between DNAm f-values and the genotypes of
nearby SNPs was assessed based on the DFT] data. We focused
on biallelic SNPs with MAF > 0.01 in the East Asian samples
of 1KGP [27] and excluded probes with multiple SNPs within
5 bp from the 3’ end of the probe. For each probe, the f-values
were pre-adjusted by regressing out sex, age, body mass index
(BMI), smoking status, sample plates, and six immune cell type
proportions estimated by Bigmelon [32]. The squared Pearson
correlation (R?) between the residualized p-values and the
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Figure 1 The workflow of MethylGenotyper

MethylGenotyper takes either raw intensity data (recommended) or preprocessed data (only works for SNP probes and Type Il probes) to calculate the
RAI of each probe. Probes with MAF > 0.01 in the corresponding population in 1KGP are kept, and the RAI of each probe possessing two or three modes
is required. An EM algorithm is developed to fit the RAls of each type of probes with a mixture of three beta distributions and one uniform distribution.
The three beta distributions correspond to three genotypes and their weights are probe-specific based on the assumption of HWE. The uniform
distribution represents background noise with a constant weight across the same type of probes. RAI, ratio of alternative allele intensity; MAF, minor
allele frequency; 1KGP, the 1000 Genomes Project; EM, expectation-maximization; HWE, Hardy-Weinberg equilibrium; PCA, principal component
analysis; SNP, single nucleotide polymorphism; IDAT, intensity data; LASER, locating ancestry from sequencing reads.

genotype dosages of the nearby SNP was computed as a func-
tion of the SNP position relative to the probe.

Calculation of RAI
We considered three types of probes for SNP genotyping: (1)
SNP probes by design, (2) Type I probes targeting CCS SNPs
introduced by Zhou et al. [13], and (3) Type II probes with a
SNP at the extension base. RAI is defined for each type of
probes separately.

For SNP probes, the reference and alternative alleles are
targeted by different probes and the RAI can be calculated as:

S (pALT)

RAI =
S(pREF) +S(pALT)

(1)

where S(pRFF) and S(pA'T) denote probe signals supporting
the reference allele and the alternative allele, respectively.

For Type I probes with CCS SNPs, we followed Zhou et al.
[13] to calculate RAI as:

_ Sooh (pM) + Soob (pU)
Soob (pM) + SOOb (pU) + Sib (pM) + Sib (p U)

RAI (2)

where pM and pU denote the proportions of methylated and
unmethylated probes, respectively, $°°? represents the out-of-

band signal supporting the alternative allele, and S repre-
sents the in-band signal supporting the reference allele.

For Type II probes, the extension base targets C of a CpG.
Without mutation at the target site, a red color signal will be
detected after bisulfite treatment when there is no methyla-
tion, while a green color signal will be detected when C is
methylated. When C is mutated to A or T, a red color signal
will always be detected; when C is mutated to G, a green
color signal will always be detected. Thus, we have

5 §Grm (1 -RADxpM  for C/A or C/T SNPs
~SGm4SRed T (1 _RAD xpM +RAI for C/G SNPs
3)
where SR¢? and S represent the red and green color intensi-

ties, respectively, pM represents the proportion of methylated
C alleles, and g is the standard beta value calculated as the
proportion of green color intensity. RAI roughly corresponds
to 0, 0.5, and 1 for reference homozygotes, heterozygotes,
and alternative homozygotes, respectively. Therefore, we ex-
pect f to follow a three-modal distribution with modes near
(0, 0.5pM, and pM) for C/A or C/T SNPs and (pM, 0.5pM +
0.5, and 1) for C/G SNPs, under the assumption that pM is
stable across samples for each CpG. In practice, we used the
“multimode” method to check the distribution of S-values
for each CpG, including the number of modes, mode
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locations, and the density of each mode [33]. Probes that
exhibited at least two modes with density height > 0.001
(bandwidth = 0.04) were retained. For probes with more
than three modes detected, we removed the lowest modes un-
til only three modes remained. We defined /., as the location
of the central mode of g (or the mode closest to 0.5 if only
two modes are detected), which corresponds to heterozy-
gotes. We then proposed to estimate pM for each CpG as:

for C/A or C/T SNPs
for C/G SNPs

—~ min (2, 1)
P = max (2l — 1, 0)

Finally, RAI was calculated as:

1—p/ph
(B—pM)/(1—pM)

We truncated RAI values at 0.01 or 0.99 for those outside
the range of 0.01-0.99.

For both Type I and Type II probes, an additional filtering
step was applied based on the distribution of RAI values, and
only Type I probes with at least two modes and Type II
probes with at least three modes were retained. A more strin-
gent threshold was applied to Type II probes, because the
SNPs for which we call genotypes correspond directly to the
methylation target sites, which are more susceptible to the in-
fluence of methylation g-values and potential confounding.

for C/A or C/T SNPs
RAI =

for C/G SNPs

Modeling the distribution of RAI

For each type of probes, we coded the RAI values by an
m X n matrix X, where m and # indicate the numbers of
probes and samples, respectively. We assumed that X follows
a mixture of three beta distributions corresponding to three
genotypes, and a uniform distribution represents the back-
ground noise [12]:

2
Xy ~ (1= 2)) “wyBeta(ay, f) +AU(0, 1) (6)
k=0
wie = (F) k(1 - ) (7)

where X;; represents the RAI value at probe i of sample j; k
represents the genotype dosage, coded as 0, 1, and 2 for
reference homozygotes, heterozygotes, and alternative homo-
zygotes, respectively; Beta(ay, ;) represents the beta distribu-
tion with parameters a; and f,; U(0,1) represents the
standard uniform distribution; A represents the probability
that RAI comes from background noise; (1 —1) wy, repre-
sents the probability that RAI comes from genotype k with
weight w;, specified by the Hardy—Weinberg proportions at
probe i; and ¢, represents the AF at probe i.

The EM algorithm

Let By, = Beta(Xj;; a,f) denote the probability density of
Beta(ag,f;) at Xj;. Assuming Xj; is independent, the log-
likelihood function can be written as:
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m n

2
o, B, 0) = log(um—mzwiksﬁk) (8)
1 k=0

i=1 j=

We developed an EM algorithm to estimate the parameters
(a, B, ¢, A), of which the initial values were set as ay =
5, By=60, a1 =p; =30, ay =60, B, =35, ¢;=0.2 for any
i,and A=0.01.

In the E-step, we calculated the probability of X;; from
U(0,1) as:

~ A
A= 9
YA+ (-2) Zﬁ:o wip Bijp )

and the probability of Xj; from Beta(ay, ;) as:

= (1 — D)wy.Bj, wieBijk -~

ik = p =—3 1 _Ai/')
A4+ (1 =) owaBie  YiowiBik

(10)

In the M-step, we updated the parameters with their mo-
ment estimators:

~ 1 A
L= D A (11)
i=1 j=1
R 1 2 k/\zk
bi=5- = (12)
Zn,;gl—m,-
[ Mg(1—-M
@ = k( (1 "’)_1) (13)
Vi
- [ My(1-M
B = (1— My (M_ 1) (14)
k

where
P (15)
>ic Z;‘:1 Pijg

m n p )
‘A/k __mn - Zi::n Z,‘:; Pij\kxij _ ]\A/Ii (16)
mn = >t Z;‘:l Pijk

We iterated the E-step and M-step until the log-likelihood
converged to its maximum, and thus yielded the maximum
likelihood estimates of (a, §, ¢, A).

Genotype calling and QC
With the estimated genotype probabilities IA’,-,-,z and back-
ground probabilities /A\,-f, we set the genotypes with

Xi,- > max IA’,-,»k as missing and then updated each ﬁ,»,-k by di-
0<k<2

viding it with (1 —/A\,-,-) to ensure Zi:o IA’i,-k =1 for any probe i
and sample j. For the other non-missing genotypes,
we defined (A?i,- as the most probable genotype and ﬁi, =
Zi:o klA’i/k as the genotype dosage. Following the methodol-
ogy of Li et al. [34], we computed the AF g, and the dosage

IAQ,Z as follows:
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5, = 21 D (17)
! 2n
32 _ Var(ﬁ,:) _ Z?:l 1312, - 4@,2” (18)
' 251‘(1 *6,-) 251‘(1 - 51)"

~

where 7 is the sample size and Var(D;.) is the variance of

D;. across samples. We calculated SNP-level missing rate as
the proportion of genotypes being missing or with

Omkaszi,-k<0.9. To ensure the data quality, we excluded
<k<

SNPs with MAF < 0.01, HWE P value < 1 x 107%, R? <0.75

or l/ilz >1.1, or missing rate > 0.1.

Simulation data

To examine the performance of our genotype calling algorithm,
we conducted simulations with two parameter settings, mimick-
ing the RAI distributions of Type I probes (@ =3, S, =33,
a; =p; =20, ay =65, p, =4, 1=0.025) and Type Il probes
(a0 =2, fo=20, ar =35, f; =40, ay =40, p, =3, A=0.015),
respectively. Let 72 and » be the numbers of probes and samples,
respectively. We chose four values of 12 (50, 100, 200, and 400 for
Type I probes; 500, 1000, 2000, and 4000 for Type II probes) and
six values of # (100, 200, 400, 800, 1600, and 3200) in different
simulations. In each simulation, we first randomly drew AFs of m
common SNPs (MAF > 0.05) from the 1KGP data, denoted as g;
for SNP i. We then simulated an 7 X 7 genotype matrix (T) by
drawing genotypes of SNP i from a binomial distribution with
probability g;. Next, we randomly set a small fraction (1) of geno-
types in T to missing. Finally, we simulated an 72 X 7z RAI matrix
(X) by drawing X; from U(0,1) if Tj is missing and from
Beta(ay, p) if Tj = k, where k =0, 1, or 2. In total, we gener-
ated 48 (= 2 X 4 X 6) sets of simulations based on combinations
of parameter settings, sample sizes, and numbers of probes. For
each simulation, we repeated 20 times to evaluate the mean and
standard error (SE) of the accuracy of our methods in estimating
the parameters and genotypes.

Inference of population structure

We inferred population structure for the AIBL samples using
the locating ancestry from sequencing reads (LASER) method
[35,36]. Briefly, we first defined an ancestral space using the
top 4 principal components (PCs) of principal component
analysis (PCA) of the 1KGP samples, because the top 4 PCs
of 1KGP could separate major continental groups [28]. We
then used the trace program in LASER to project each study
sample into the ancestral space based on genotypes from
MethylGenotyper.

Estimation of kinship coefficient

For DNAm data, we estimated kinship coefficients by
SEEKIN [6], which accounts for the uncertainty in the in-
ferred genotypes through the dosage R,~2 for each SNP. We
used the SEEKIN-hom and SEEKIN-het estimators for sam-
ples from the DFTJ and AIBL cohorts, respectively. The
SEEKIN-het estimator accounts for the diverse ancestry
by introducing individual-specific AFs [6]. Briefly, given
an ancestral space defined by the top 4 PCs of the 1KGP
samples, we modeled genotypes with a linear function of the
top 4 PCs:

GE ~ Pio +Bav] +Bov + Bv + Bavh (19)

where Gf} indicates the genotype at SNP i of individual j from
the reference samples, 1/,1-‘2 indicates the PC coordinates of indi-
vidual j, and B; are the regression coefficients for SNP i.
Denoting 7;. as the projected PC coordinates of the j-th study
sample, the individual-specific AF g;; can be estimated as:

S I
45 =3 (oo + Bt +Badp +Bad +Putin)  (20)

We truncated g; at 0.001 and 0.999 for values outside
the boundary.

For comparison, we estimated kinship coefficients using
GWAS data of the DFT] and AIBL cohorts. For the DFT]J co-
hort, we applied SEEKIN-hom [6] to GWAS data of 286,727
SNPs with MAF > 0.01 and linkage disequilibrium (LD)
r* < 0.5. For the AIBL cohort, we applied PC-Relate [10] to
GWAS data of 113,690 SNPs with MAF > 0.05 and LD
* < 0.2. Based on kinship coefficients estimated from GWAS
data, we classified relatedness into duplicated, 1st-degree,
2nd-degree, 3rd-degree, and unrelated pairs according to the
cutoffs described by Manichaikul and his colleagues [8]. In
addition, we grouped 2nd-degree or closer relatedness
(kinship coefficient > 273-) as the positive set and the rest as
the negative set to compute the following statistics for
DNAm-based kinship classification:

True positive 21)

Precision =

True positive + False positive

T ..
Recall = rue positive

True positive + False negative

Precision X Recall
Fl=2X —MM 23
! X Precision + Recall (23)

Results

Correlation between DNAm intensity and

SNP genotypes

We first examined squared correlation between the measured
DNAm pg-values and genotypes (coded as 0, 1, and 2) of
nearby SNPs in the DFT] dataset (Figure S1) [19]. We fo-
cused on biallelic autosomal SNPs with MAF > 0.01 in East
Asian samples of 1KGP, and excluded probes with multiple
SNPs within 5 bp from the 3’ end of the probe. After regress-
ing out age, sex, BMI, smoking status, sample plates, and six
immune cell type proportions, the highest R* was observed
for Type II probes with a SNP at the extension base (median
R? = 0.90 at position —1) (Figure S2A), which was expected
because Type Il probes measured DNAm at the extension
base. For Type I probes, the highest R* was observed at the 3/
end (median R* = 0.48 at position 0), where DNAm was
measured. Importantly, the number of Type II probes with a
SNP at the extension base (7 = 7619) is the largest among all
probe categories that we examined (Figure S2B). Considering
both the R? and the number of probes, we chose to focus on
Type II probes with a SNP at the extension base, in addition
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to the SNP probes and Type I probes targeting CCS
SNPs [13].

Performance of MethylGenotyper in
simulation data

We conducted two sets of simulations to examine the perfor-
mance of MethylGenotyper based on the parameters of Type
I probes and Type II probes obtained from real data (see next
section). Our method fit the simulated RAI distributions per-
fectly for both probe types (Figure S3). The estimated
values of @ and B (parameters of three beta distributions), 4
(relative intensity of the background noise), and ¢
(AF), approached their simulated true values as the sample
size and the number of SNPs increased (Figure 2, Figure S4).
For Type II probes, the error rates of the parameter estimates
began to stabilize as the sample size reached 800 (Figure 2A—
G). For a dataset consisting of 3200 samples and 4000 SNPs,
the estimation errors relative to the true values were 0.0046
[95% confidence interval (CI): 0.0036-0.0055) for a, 0.0041
(95% CI: 0.0033-0.0049) for g, 0.086 (95% CI: 0.084-
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0.088) for 4, and 0.031 (95% CI: 0.031-0.031) for ¢. The ge-
notype concordance rates were ~ 98.4% for different num-
bers of samples and SNPs (Figure 2I). For Type I probes, the
genotype concordance rates were slightly lower (~ 97.7%),
possibly due to a higher level of background noise (4 = 0.025
for Type I probes versus A = 0.015 for Type II probes) and a
smaller number of simulated SNPs (Figure S4I).

Inferring genotypes using EPIC data from the
DFTJ cohort

Following the probe selection procedure (Figure 1; see
Method), we retained 53 SNP probes, 168 Type I probes, and
5050 Type II probes for genotype calling using the EPIC data
of 4662 Chinese samples from the DFTJ cohort. The RAI dis-
tributions for each type of probes were fit well with parame-
ter values shown in Figure 3. The relative intensities of the
background noise 1 were estimated to be 0.014, 0.024, and
0.017 for SNP probes, Type I probes, and Type II probes, re-
spectively. After QC, we called genotypes at 4319 SNPs, in-
cluding 53 from SNP probes, 111 from Type I probes, and
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Figure 2 Performance of MethylGenotyper on simulation data mimicking the RAI distribution of Type Il probes

The genotype matrices were simulated under the assumption of HWE, with AFs (@) randomly sampled from the 1KGP data. Conditional on these
genotype matrices, RAl matrices were generated from a mixture distribution with parameters matching characteristics of Type Il probes in the DFTJ
dataset. A.—G. Error rates of the estimated parameters (e, 8, A). True parameter values were labeled in each panel. H. Mean error rates of the estimated
AFs. I. Concordance of the inferred genotypes. As shown in the inserted panel, concordance was computed by dividing the number of genotypes in the
shade areas by the total number of genotypes. In each panel, dots and vertical bars represent the means and 95% confidence intervals (+=1.96 SE),
calculated from 20 repeats of simulation. AF, allele frequency; DFTJ, Dongfeng—Tongji; SE, standard error.
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Figure 3 Performance of MethylGenotyper in the DFTJ dataset
A.—C. Fitted distributions of RAI for SNP probes (A), Type | probes (B), and Type Il probes (C), respectively. Histograms show the distributions of RAI for
all selected probes, and smooth lines indicate the fitted beta distributions, with weights averaged across probes. D.—F. Comparison of AFs derived from
DNAm data with those from GWAS data for SNP probes (D), Type | probes (E), and Type Il probes (F), respectively. Each point represents a SNP, colored
by the estimated dosage R?. Only SNPs passing QC were shown in the bottom panels. DNAm, DNA methylation; GWAS, genome-wide association
study; QC, quality control.

Table 1 Accuracy of genotypes called by MethylGenotyper in the

DFTJ dataset
Probe type Number Genotype Heterozygote
of SNPs concordance concordance
SNP probe 53(53) 98.89% 98.53%
Type I probe 111 (109) 98.26% 96.93%
Type II probe 4155 (4092) 98.25% 96.59%
C-to-T 3875 (3818) 98.27% 96.62%
C-to-A 193 (191) 98.24% 96.37%
C-to-G 87 (83) 97.75% 96.05%
Overall 4319 (4254) 98.26% 96.64%

Note: SNPs with MAF < 0.01, HWE P < 1 x 107%, R < 0.75 or > 1.1, or
missing rate > 0.1 were excluded. Concordance was evaluated by
comparison to the array genotyping data of the same samples. Number of
SNPs with array genotyping data were shown in the parentheses. SNP,
single nucleotide polymorphism; DFT], Dongfeng-Tongji; MAF, minor
allele frequency; HWE, Hardy—Weinberg equilibrium.

4155 from Type 1I probes, with high accuracy (Table 1).
Compared to the imputed GWAS data, the overall genotype
concordance was 98.26%, and the heterozygote concordance
was 96.64%. It is noteworthy that the genotyping accuracy
reported here may be underestimated, because erroneous gen-
otypes could be present in the imputed GWAS data. For Type

AF (DNAm data)

II probes, the C allele at the extension base might be mutated
to T, A, or G alleles, of which C-to-T mutations accounted
for 93.3% of all SNPs. We found that SNPs with C-to-T or
C-to-A mutations exhibited similar genotype concordance
rates at ~ 98.27%, while C-to-G SNPs showed lower geno-
type concordance at 97.75%. Given the high genotyping ac-
curacy of MethylGenotyper, it was not surprised that the
estimated AFs were highly consistent with those based on the
GWAS data for different probe types (Figure 3D-F).

Estimation of genetic relatedness in the DFTJ
dataset

Based on GWAS data, we identified 123 duplicated pairs,
110 pairs of 1st-degree, 22 pairs of 2nd-degree, and 53 pairs
of 3rd-degree relatedness among 4662 DNAm samples in the
DFT]J cohort (Figure 4A). In contrast, based on genotypes in-
ferred from 53 SNP probes and 111 Type I probes, it was dif-
ficult to distinguish related pairs from the huge number of
unrelated pairs, with almost zero precision to identify 2nd-
degree or closer relatedness (Figure 4B and C, Figure S5A
and B). However, by incorporating genotypes inferred from
4155 Type II probes, the variance of kinship estimates was
dramatically reduced, leading to a clear separation of differ-
ent degrees of relatedness (Figure 4D, Figure S5C).
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Figure 4 Estimation of genetic relatedness among samples in the DFTJ dataset

A. Kinship estimates based on 286,727 genome-wide SNPs (gold standard). B. Kinship estimates based on 53 SNP probes. C. Kinship estimates based
on 53 SNP probes and 111 Type | probes. D. Kinship estimates based on 53 SNP probes, 111 Type | probes, and 4155 Type Il probes. Relationship types
were determined by the gold standard kinship estimates in (A), with the inference criteria indicated by vertical dashed lines. In (B-D), precision, recall,
and F; score were calculated by comparison to the gold standard, treating 2nd-degree or closer relatedness as positive. “¢" represents
kinship coefficient.
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Figure 5 Performance of MethylGenotyper in the AIBL dataset

A. Inferred ancestry of 702 AIBL samples in the ancestral space generated by the top 4 PCs of the 1KGP samples. Analysis was based on 4217 SNPs
called by MethylGenotyper. B. Comparison of kinship estimates based on genotypes called from DNAm data and those called from GWAS data.
Relationship types were determined based on array genotyping data. “¢" represents kinship coefficient. AIBL, Australian Imaging, Biomarkers and
Lifestyle; PC, principal component; AFR, African; AMR, American; EAS, East Asian; EUR, European; SAS, South Asian.

Compared to the benchmark established using GWAS data,
our method achieved a precision of 0.9659 and a perfect re-
call rate of 1.0000 (F; = 0.9827) in identifying 2nd-degree or
closer relatedness.

We also assessed whether our method could allow for ac-
curate kinship estimation using the Infinium 450K array. By
design, over 90% of the probes on the 450K array were in-
cluded in the EPIC array [14]. Thus, we extracted DNAm
data of these probes from the EPIC data of the DFT] cohort
and applied MethylGenotyper to call genotypes. A total of
2212 SNPs were identified with high-quality genotypes, in-
cluding 53 from SNP probes, 104 from Type I probes, and
2055 from Type II probes. The performance in kinship esti-
mation based on these SNPs was similar to that based on the
full EPIC data, albeit with a slightly larger variance
(Figure S6).

Inference of population structure and cryptic
relatedness in the AIBL dataset

We further validated MethylGenotyper using data from the
AIBL study [29], in which both DNAm data (EPIC array)
and GWAS data were available for 702 Australian samples.
Based on the DNAm data, we obtained high-quality SNP gen-
otypes at 4217 probes, including 52 SNP probes, 135 Type I
probes, and 4030 Type II probes. The AFs estimated from
DNAm data were highly consistent with those from 1KGP
European data, except for a small number of SNPs
(Figure S7).

We first investigated the ancestral background of the AIBL
samples using the LASER method with 1KGP data as the ref-
erence panel [35]. Surprisingly, while most samples were clus-
tered with Europeans, a handful of the samples were
clustered with East Asians, South Asians, or in between
(Figure 5A). To account for the diverse ancestry background,
we estimated kinship coefficients among AIBL samples using
estimators for heterogeneous samples [6,10]. We found that
the kinship estimates were highly consistent between those
derived from DNAm data and from GWAS data (Figure 5B).
Additionally, we identified four pairs of 1st-degree related-
ness that were previously unknown. These results

demonstrate the robustness of MethylGenotyper and its po-
tential applications in the inference of population structure
and cryptic relatedness among samples from diverse
populations.

Discussion

Population structure and cryptic relatedness are major con-
founding factors in both GWAS and EWAS, where hundreds
of thousands of sites are tested for phenotype association [1].
However, genetic data are often not available or incomplete
in EWAS samples. Several studies have explored the potential
to infer population structure directly from DNAm data,
mostly based on PCA of CpG sites near known SNPs [37-
39]. The methods developed in these studies, without prop-
erly modeling the relationship between SNP genotypes and
DNAm signals, have limited resolution to infer population
structure, because DNAm intensity can be affected by many
other factors, including batch effects. Furthermore, to date,
no study has attempted to infer genetic relatedness directly
from DNAm data, even though close genetic relatedness of-
ten implies shared environmental exposures that can affect
both DNAm and phenotypes. In this study, we developed a
novel method, MethylGenotyper, to accurately infer geno-
types at thousands of SNPs based on DNAm data that are
frequently discarded by standard QC. Our results demon-
strate that SNP genotypes inferred by our method allow for
accurate inferences of both population structure and genetic
relatedness, thus addressing a major confounding issue
in EWAS.

While it has been noted that SNPs near CpG target sites
can interfere with methylation intensity [16-18], few studies
have extensively explored genotype calling at these SNPs, ex-
cept for two studies [12,13]. Heiss and Just [12] developed
ewastools to call genotypes specifically for tens of SNP
probes incorporated into the Illumina 450K and EPIC arrays,
and showed that these SNPs can be used to identify misla-
beled or contaminated samples. Zhou et al. [13] proposed a
method to infer genotypes at hundreds of SNPs that can
cause CCS at Type I probes. Nevertheless, based on EPIC
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array data, we showed that SNP probes and Type I CCS
probes together were not sufficient for accurate kinship esti-
mation to separate closely related and unrelated pairs. In con-
trast, we expanded the number of genotyped SNPs by 25
times by incorporating thousands of Type II probes.

We processed SNP probes, Type 1 probes, and Type II
probes separately but under a unified statistical framework.
We first generalized the RAI statistic proposed by Zhou et al.
[13] for Type I probes to all three types of probes. We then
modeled RAI for each type of probes with a mixture of three
beta distributions and one uniform distribution, similar to
the model in ewastools [12], except that we introduced
probe-specific weights based on AFs from external source to
improve genotyping accuracy. With a sophisticated model
and an EM algorithm, our method can infer genotypes with
over 98% concordance rate for over 4000 SNPs from EPIC
array, allowing for almost perfect identification of < 2nd-
degree relatedness in the DFT] dataset. Notably, similar per-
formance in kinship estimation can be achieved even when
we used DNAm probes available on the lllumina 450K array,
supporting wide applicability of MethylGenotyper to differ-
ent methylation arrays.

Based on EPIC data from the AIBL cohort, we further illus-
trated that SNP genotypes inferred by MethylGenotyper can
be used to infer population structure and close relatedness
among samples with diverse ancestry. We used the LASER
method [35] to estimate individual ancestry in a reference an-
cestral space of worldwide populations, and the SEEKIN-het
estimator [6] for kinship estimation, accounting for
individual-specific ancestry background. The analysis work-
flow incorporating LASER and SEEKIN methods has been
implemented in the MethylGenotyper package to facilitate
the research community. Furthermore, while unexplored in
the present study, we expect that high-quality genotypes from
over 4000 SNPs will be sufficient to identify fine-scale popu-
lation structure within continental groups based on down-
sampling experiments in a previous study [40].

In addition to estimating population structure and genetic
relatedness, the accurate genotypes called by MethylGenotyper
can be used in many downstream analyses, including the esti-
mation of inbreeding coefficient and the detection of sample
contamination or sample swapping. Nevertheless, the utility of
these genotypes in methylation quantitative trait locus
(meQTL) mapping is limited due to the relatively small number
of SNPs and the potential impacts of these SNPs on the methyl-
ation measurements of nearby CpGs.

The computational cost of our method increases linearly
with the numbers of samples (7) and candidate probes (m),
resulting in a complexity of O(mn). Taking EPIC data of
1000 samples as an example, the raw data preprocessing
(background and dye-bias correction) takes ~ 17 min with
10 central processing units (CPUs), while genotype calling
takes ~ 13 min with 1 CPU. The test was run on a high-
performance computing cluster with Intel Xeon CPUs
(2.30 GHz).

In conclusion, we have developed MethylGenotyper to ac-
curately infer genotypes at thousands of SNPs directly from
DNAm microarray data. Our findings demonstrate that these
SNP genotypes can be used to accurately estimate population
structure and genetic relatedness, beyond simple tasks such as
identifying mislabeled or contaminated samples. One limita-
tion of MethylGenotyper is that we only focus on SNPs at the
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extension base of both Type I and Type II probes. Future
studies might consider incorporating SNPs present at other
nearby positions, which are also known to interfere with the
measured DNAm intensity. Given the widespread confound-
ing effects caused by population structure and genetic related-
ness, we recommend the research community to incorporate
MethylGenotyper into the standard analysis pipeline of
EWAS to maximize statistical power and avoid spurious as-
sociation signals.

Code availability

The R package of MethylGenotyper is publicly available at
GitHub (https://github.com/Yi-Jiang/MethylGenotyper) and
BioCode (https://ngdc.cncb.ac.cn/biocode/tool/BT007466).

Data availability

The DFTJ] methylation data of candidate probes for
MethylGenotyper have been deposited in the Open Archive
for Miscellaneous Data [41] at the National Genomics Data
Center, Beijing Institute of Genomics, Chinese Academy of
Sciences / China National Center for Bioinformation (OMIX:
OMIX006294), and are publicly accessible at https://ngdc.
cncb.ac.cn/omix.
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