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ABSTRACT

Aims: Epidemiological studies of DNA methylation often use buccal swabs, which contain mixtures of
cell types, but no low-cost methods exist for statistical correction in candidate gene studies using
targeted bisulfite sequencing. This study aims to address this gap by estimating the proportion of
buccal epithelial cells in swab and mouthwash samples.

Materials & methods: We applied a recently described and smoothly to implement method for
estimating the proportion of buccal epithelial cells in buccal swab and mouthwash samples using
targeted bisulfite sequencing. Additionally, we investigated the methylation of actinin alpha 3 (ACTN3),
a marker for cell type-specific methylation, following psychosocial and physical stress.

Results: The proposed estimation method showed strong correlation with the EpiDISH algorithm and
effectively controlled for cellular heterogeneity. Over 90% of the variance in ACTN3 methylation was
explained by including the epithelial cell proportion in the model.

Conclusion: Our findings provide a solution for controlling cellular heterogeneity in buccal swab and
mouthwash DNA methylation studies. This method is particularly relevant for candidate gene studies in
clinical settings, but future work should refine it for more detailed analyses of cell type proportions to
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improve precision.

1. Introduction

DNA methylation is an epigenetic mark [1] that results from the
transfer of a single methyl group (—CH3) to a cytosine residue,
converting it to 5-methylcytosine. Methylation typically occurs
at cytosines followed by a guanine nucleotide (CpG site)
throughout the genome [2]. In a single somatic cell, methyla-
tion can be present in both alleles (100% methylation), only in
one allele (50%), or absent altogether (0%) at any given CpG
site [3]. However, methylation levels are not uniformly distrib-
uted across the genome. For instance, regions with high CpG
density, known as CpG islands, typically show little to no
methylation [4]. In contrast, other regions exhibit cell type-
specific methylation patterns, which are the result of normal
phylogenetic and ontogenetic development [5,6]. In fact, during
ontogenesis, cell differentiation is invariably accompanied by
extensive epigenetic reorganization of the entire (epi)genome,
including DNA methylation. Regarding somatic tissues, this
epigenetic reorganization occurs in a systematic manner, allow-
ing somatic cells to be identified based on their cell type-
specific DNA methylation patterns (e.g [2]). While studies on
cancer cells benefit from cell type-specific DNA methylation as
a measure of comparability (e.g [6]), studies correlating envir-
onmental exposures or mental states with DNA methylation
levels are often complicated by cellular heterogeneity. This

cellular heterogeneity is one of the most significant confound-
ing factors in DNA methylation research [7]. For example, in
psychological research, buccal swabs are commonly used to
extract DNA [8]. However, buccal swabs contain not only buccal
epithelial cells but also leukocytes [9], and these cell types
display distinct DNA methylation patterns [10]. Additionally,
the ratio of leukocytes to epithelial cells varies between samples
due to intrinsic and extrinsic factors [9]. The blood cell compo-
sition also fluctuates based on factors such as time of day,
menstrual cycle, and stress [11]. Consequently, observed
changes in DNA methylation may reflect shifts in cellular com-
position rather than providing accurate insights into the trait
being investigated [8,12]. This issue extends to studies of com-
plex tissues like blood or oral mucosa. Notably, DNA methyla-
tion levels in complex tissues that contain a mixture of cell
types reflect a weighted average of potentially distinct methy-
lation levels [13]. Therefore, DNA methylation studies must
account for this confounding factor. While epigenome-wide
association studies (EWAS) and cell isolation methods can
straightforward correct for cellular heterogeneity [14], next-
generation sequencing techniques, such as targeted bisulfite
sequencing, are only able to quantify methylation levels in
individual cell types with extensive effort. This is unfortunate,
as targeted bisulfite sequencing is particularly useful for
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Article highlights

e In targeted bisulfite sequencing data, two CpGs can be used to
estimate the proportion of buccal epithelial cells in buccal swab
and mouthwash samples

o Cellular heterogeneity, or the proportion of buccal epithelial cells, signifi-
cantly impacts the measured ACTN3 methylation of each sample

o Acute psychosocial and physical stress do not appear to influence the
ACTN3 methylation in the samples

validating epigenome-wide data and conducting candidate
gene analyses [15]. To address the current gap in low-cost
statistical correction methods, we extended the approach pro-
posed by Eipel et al. [9] to calculate the proportion of buccal
epithelial cells and applied it to targeted bisulfite sequencing
data. Unlike estimation methods from epigenome-wide studies,
Eipel and colleagues [9] enhanced their analysis by incorporat-
ing just two differentially methylated CpGs. Adapting their
approach to targeted bisulfite sequencing requires only the
additional quantification of two amplicons. To illustrate the
impact of altered cell composition on targeted bisulfite sequen-
cing data, we selected actinin alpha 3 (ACTN3) for investigation
due to its cell type-specific differential methylation pattern
[16,17]. DNA methylation of ACTN3 was analyzed in buccal
swab and mouthwash samples within the context of a study
on acute psychosocial and physical stress. We hypothesize that
measurement errors, as well as stress-related shifts in cellular
composition, lead to changes in the composition of buccal
swab and mouthwash samples, resulting in alterations in the
detected ACTN3 methylation. In summary, this study had two
main objectives. First, we aimed to replicate and extend the
buccal epithelial cell estimation from [9] using two specific
CpGs. Second, we applied this estimation to targeted bisulfite
sequencing data of ACTN3 to demonstrate how changes in cell
composition following stress exposure could potentially con-
found the results.

2. Materials and methods
2.1. Datasets

Three different datasets were utilized in the analysis:

(1) Independent EWAS data (GSE154566): Adapted from
Eipel et al. [9], epigenome-wide data from oral cavity
and blood samples were used to estimate the propor-
tion of buccal epithelial cells. We utilized a subsample
from the Environmental Risk Longitudinal Twin Study
[18]. Participants were 18-year-old twins who provided
both buccal swab and blood samples and were healthy
controls, with no history of stress-related diseases. Due
to the requirement for both buccal swab and blood
samples, n=37 participants (40.54% female; 12 com-
plete twin pairs), corresponding to a total of 74 sam-
ples, were included. Data were examined using the
lllumina Infinium HumanMethylation850 BeadChip.

(2) Lab-internal EWAS data: Data from buccal swab,
mouthwash, and blood samples collected after acute psy-
chosocial and physical stress were used to replicate the

buccal epithelial cell estimation of the GSE154566 dataset.
Acute psychosocial stress was induced using the “Trier
Social Stress Test” (TSST [19];), while acute physical stress
was induced by a modified version of the “Physical Working
Capacity” examination (PWC [20];). A total of 98 samples
were collected before the stressor (—2 min), immediately
after the stressor (+2 min), and 15 minutes after the stressor
(+15 min). Data from n = 12 participants (50% female) were
used, with four individuals participating in both the acute
physical and psychosocial stress paradigms. As in the
GSE154566 dataset, DNA methylation was analyzed using
the lllumina Infinium HumanMethylation850 BeadChip.

(3) Lab-internal targeted bisulfite sequencing (TBS) data: Forty-
six participants (67% female) were tested in the main acute
stress study. Participants (n = 46) were healthy male (n = 15)
and female (n = 37) volunteers of mostly European ances-
try, age 18 to 29years (mean=21.8+2.5 (SD)), with
a normal body mass index (mean = 22.4 + 2.3) and did not
report regular alcohol intake or smoking behavior.
Moreover, participants reported normal weight, no current
pregnancy, no rotating shift work, and no stay abroad with
time lag in the past 4 weeks, no history of or current mental
health problems as well as no chronic or acute physical
illnesses, and no current intake of medication. All partici-
pants gave written informed consent, and the study was
approved by the local ethics committee (759/2022). Testing
sessions were offered at least 4 weeks after getting vacci-
nated or donating blood. Females using oral contraceptive
medication were tested at least 3 days after onset of
a blister pack and before pausing oral application. To
ensure hypothalamic — pituitary — adrenal axis reactivity
comparable to the group of men, females who did not
take oral contraceptives were tested during the luteal
phase between day 17 and the last day of the menstrual
cycle [21]. Data from none of these participants were
included in the lab-internal EWAS dataset. However, as
with the EWAS dataset, psychosocial and physical stress
were induced using modified versions of the TSST and
PWC, respectively. Sample characteristics are depicted in
Table 1 and elsewhere [22]. The study followed
a randomized crossover design, providing data from both
stress conditions for each participant. Buccal swab,
mouthwash, and blood samples were taken before the
stressor, immediately after the stressor, and 45 minutes
after the stressor (-2, +2, and +45min, respectively).
Blood samples were also collected 15 minutes after each
stressor (+15 min). In total, 726 samples were available for
statistical analysis of the TBS data.

Table 1. Sample characteristics.

Age, mean (SD) 21.8 (2.54)
BMI, mean (SD) 22.4 (2.34)
Sex, n (%)
Female 15 (33%)
Female using oral contraceptive medication 16 (34%)
Male 15 (33%)
Smoking, n (%)
Non-smoker 36 (80%)
Occasional smoker 9 (20%)

A total of n = 46 participants were included in the TBS acute stress study.



2.2. Sampling procedures

InnuPREP Swabs (Analytik Jena) and mouthwash samples
(Listerine, JOHNSON & JOHNSON GmbH) were used to collect
oral cavity tissue. Participants were instructed to swipe the tip of
the swab along the inner surface of their cheek for 30 seconds. To
increase the amount of tissue, the procedure was repeated with
a second swab before the swabs were stored at —20°C. Ten ml of
mouthwash solution, aliquoted into 50 ml reaction tubes, were
swished in the mouth for 30 seconds, expectorated back into the
tube, and stored at —20°C until DNA extraction. Blood samples
were collected from the finger pulp following the manufacturer’s
instructions (Microvette® APT 250 EDTA K2E 250 pl, Sarstedt;
Niimbrecht, Germany) and were immediately processed in the
Genetic Psychology Laboratory as outlined below.

2.3. DNA extraction and targeted bisulfite sequencing

DNA was extracted from buccal swabs, mouthwash, and blood
samples following a protocol originally described by Miller et al.
[23]. DNA yield and purity were assessed using a Synergy2 plate
reader (Biotek, Agilent; USA), and 300 ng of DNA from each sample
was bisulfite-treated using the EZ DNA Methylation Gold Kit (Zymo
Research, Freiburg, Germany). Targeted bisulfite sequencing [15]
was performed on these samples for the candidate genes listed in
Table 2. Prepared libraries were sequenced on an MiSeq at the
Genomics & Transcriptomics Facility, University Hospital Essen,
using a 600bp Flowcell. Samples were subsequently demulti-
plexed with bcl2fastq and quality-checked using FastQC.

2.4. Bioinformatic and statistical analysis

2.4.1. EWAS data

lllumina Infinium HumanMethylation850 BeadChip files from the
Environmental Risk Longitudinal Twin Study were pre-processed
and downloaded from the GEO database (GSE154566) in the form
of normalized beta-values. Data from our lab, which utilized the
same array, underwent standard quality control, preprocessing,
and beta-value extraction using RnBeads [24]. Samples with quality
issues, cross-reactive probes, probes on sex chromosomes, and
probes containing SNPs in the last three bases of the target
sequence were excluded.

2.4.2. TBS data

For DNA methylation assessment of each sample, FASTQ files were
analyzed using the amplikyzer2 software [25]. Statistical analyses
were performed based on the average ACTN3 methylation pro-
vided by amplikyzer2. The methylation of buccal epithelial cell-
specific CpGs was extracted from the respective amplicon’s

Table 2. Gene localization and primer sequences.
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amplikyzer2 output. Samples with fewer than 1,000 reads were
excluded from the analysis.

2.4.3. Buccal epithelial cell estimation
Following the procedure proposed by Eipel et al. [9], we screened
the epigenome-wide for CpGs exhibiting maximum DNA methyla-
tion differences between swab and blood samples. Two targets
(cg08141395 and cg12389346) were selected based on their suit-
ability for amplification in targeted bisulfite sequencing and their
correlation with the EWAS-predicted percentage of epithelial cells.
The RPC method provided by the EpiDISH algorithm [26] was used
to estimate the proportion of epithelial cells in all EWAS samples.
A multilevel model, adapted for the hierarchical structure of
the GSE154566 data, was created to estimate the proportion
of epithelial cells based on the methylation of both buccal
epithelial cell-specific CpGs. The intercept and coefficients of
this model were extracted to formulate a general-purpose
estimation of the proportion of epithelial cells:

Estimated % of Epithelial Cells=95.45113+0.01371 x
€g08141395 methylation — 1.01601 x cg12389346 methylation.

The accuracy of our estimation was evaluated by calculating cor-
relations with, and mean absolute deviations (MAD) from, the
EpiDISH-predicted % of epithelial cells. Furthermore, this proce-
dure was repeated with the EWAS data from our lab to validate the
results (see Figure 2). Additionally, the association between both
buccal epithelial cell-specific CpGs and the multilevel estimation of
cellular proportions was investigated in the TBS dataset by calcu-
lating correlations (see Figure 4). Correlations between the buccal
epithelial cell-specific CpGs were also assessed in both EWAS
datasets and the TBS sample to ensure data comparability and
transferability (see Figure 3).

2.4.4. Sources of variation in DNA methylation

The buccal epithelial cell estimation, based on cg08141395 and
€g12389346, was tested by applying it to TBS data of ACTN3.
Specifically, a random intercept model was created for the TBS
dataset to determine whether acute stress and/or the proportion
of buccal epithelial cells contribute to variations in average ACTN3
methylation. Only buccal swab and mouthwash samples were
included in the analysis. Time, type of acute stress, and the buccal
epithelial cell estimation were added as predictors, nested within
each participant and tissue sample. The amount of variance
explained by the model was derived by calculating Nakagawa’s
R2. Additionally, we “normalized” ACTN3 methylation by calculating
the residuals of a linear model predicting average ACTN3 methyla-
tion based on the estimated % of buccal epithelial cells. As a result,
we present the average methylation of ACTN3 irrespective of the

Name Chromosomal position

Primer sequences

ACTN3 (178bp) chr11:66,314,330-66,314,507

CTBP1 (220 bp) chr4:1,214,984-1,215,203

MAML2 (327 bp) chr11:95,987,271-95,987,597

Fw: CTTGCTTCCTGGCACGAGggttgggttgggttttatttaatg
Rv: CAGGAAACAGCTATGACccaatcctcctcctattccatat

Fw: CTTGCTTCCTGGCACGAGtttgggtttgtatttaggagtgga
Rv: CAGGAAACAGCTATGACaaaaatactcaacctcctcactt

Fw: CTTGCTTCCTGGCACGAGtaggggaaagtgatttgatgttaagt
Rv: CAGGAAACAGCTATGACaaaaccacaacaaacttacatattca

The gene-specific forward (Fw) and reverse (Rv) primers, as well as the genomic location of the amplicons used, are shown.
Gene-specific, bisulfite-specific DNA sequences are indicated in lowercase letters; uppercase letters denote tag sequences used

for amplification during the second-round PCR.
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proportion of epithelial cells, thereby controlling for cellular
heterogeneity.

All analyses were performed using R-Studio (version
2023.12.1 +402).

3. Results

3.1. Two buccal epithelial cell specific CpGs enable
estimation of cellular heterogeneity in swab and
mouthwash samples

Epigenome-wide screening of the environmental risk long-
itudinal twin study dataset
Epigenome-wide screening of the Environmental Risk
Longitudinal Twin Study (ER-LTS) dataset for CpGs exhibiting max-
imal differences in average methylation between buccal swab and
blood samples identified several potential candidates for amplifi-
cation. We ultimately selected cg08141395, located within the
Mastermind Like Transcriptional Coactivator 2 gene (MAML2),
which exhibited high average methylation in buccal swab samples
and low average methylation in blood samples. Additionally, we
chose cg12389346, located within the C-Terminal Binding Protein 1
gene (CTBP1), as it demonstrated the opposite methylation pattern
(Figure 1(a)).

Both CpGs displayed nearly perfect linear correlations with the
predicted percentage of epithelial cells derived from the EpiDISH
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algorithm (r=0.99, 95% Cl [0.979, 0.992], for cg08141395 and r=
—0.99, 95% Cl [-0.994, —0.987], for cg12389346; see Figure 1(b,c)).
Furthermore, our general-purpose formula for estimating the per-
centage of epithelial cells, based on a multilevel model, revealed
a high correlation with the EpiDISH prediction (r=0.99, 95% Cl
[0.987, 0.995]) and a mean absolute deviation (MAD) of 3.47% (see
Figure 1(d)). These results were replicated in the lab-internal EWAS
dataset (see Figure 2(a,d)), and both buccal epithelial cell-specific
CpGs demonstrated high correlations across all three datasets (see
Figure 3(a,c)). Additionally, the methylation of both CpGs was highly
correlated with the multilevel estimation of epithelial cell propor-
tions (see Figure 4(a,b)). Moreover, additional analysis using the
GSE40279 dataset did not reveal any significant correlations
between age and methylation levels of ¢g08141395 and
€g12389346 in 656 blood samples (age 19-101). It can therefore
be assumed that these two target CpGs are not affected by biolo-
gical aging and show stable methylation patterns across the
lifespan.

3.2. Variation in ACTN3 methylation is mainly due to
cellular heterogeneity

Predicting differences in ACTN3 methylation across sample time
points, stress type, and the estimated proportion of buccal epithe-
lial cells (adjusted for the multilevel data structure) revealed that

0
o

00

00
r=0.99

MAD = 3.47 %
75

EpiDISH predicted % of epithelial cells
EpiDISH predicted % of epithelial cells
o
o

0 25 50
multilevel estimation of % epithelial cells

50 100
CTBP1 CpG methylation in %

® Blood @ Buccal Swab ® Blood ® Buccal Swab

Figure 1. Comparison of DNA methylation at individual CpG sites between different tissues. (a) Average blood and swab methylation of 695.834 CpG sites. (b)
Correlation between cg08141395 and the EpiDISH prediction of % epithelial cells. (c) Correlation between cg12389346 methylation and the EpiDISH prediction of %
epithelial cells. (d) Correlation between the multilevel and the EpiDISH predicted proportion of epithelial cells. The multilevel model displays a MAD of 3.47% from

the EpiDISH prediction.
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Figure 2. Replication of DNA methylation comparison at individual CpG sites between different tissues. (a) Average methylation of 770.621 CpGs in blood and
buccal swab samples. (b) Correlation between cg08141395 and the proportion of epithelial cells predicted by the EpiDISH algorithm. (c) Correlation between
€g12389346 and the EpiDISH predicted proportion of buccal epithelial cells. (d) Correlation between the multilevel and the EpiDISH estimation of % buccal epithelial

cells. MAD in the lab internal EWAS dataset is 6.45%.
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Figure 3. Linear relationship between DNA methylation of cg08141395 and cg12389346. (a) Correlation between cg08141395 and cg12389346 in the environmental
risk longitudinal twin study EWAS dataset. (b) Correlation between cg08141395 and cg12389346 in the lab internal EWAS dataset. (c) Correlation between
cg08141395 and ¢g12389346 in the lab internal targeted bisulfite dataset. Similar correlation values indicate adequate data comparability and transferability.
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Figure 4. DNA methylation of cg08141395 and cg12389346 in relation to epithelial cell proportions. (a) cg08141395 correlation with the multilevel estimation of %
buccal epithelial cells. (b) cg12389346 correlation with the proportion of epithelial cells based on the multilevel model prediction. The perfect linear correlation
reflects the massive influence that cg12389346 has on the multilevel model estimation. Potentially, the proportion of buccal epithelial cells can be estimated by only

one buccal cell specific CpG site.

only the estimated cell fraction significantly contributed to the
variation in DNA methylation (see Table 3). Nakagawa’s R2 calcula-
tion showed that the fixed effects explained 90.8% of the variance

Table 3. Multilevel analysis of ACTN3 methylation levels.

(95% Cl [0.874, 0.936]). Additionally, methylation of the ACTN3
amplicon exhibited a high correlation with the multilevel estima-
tion of the epithelial cell proportion (r=-0.96, 95% ClI [-0.964,

Fixed Effects Coefficient SE T-ratio p
Intercept 36.09 0.31 118.25 <.007***
Time —-0.04 0.03 -1.18 24
Type of stress —-0.01 0.08 -0.15 .88
Multilevel estimation of % epithelial cells -0.25 0.004 —-70.22 < .001***
Random Effects Variance SD
Intercept (Tissue/Participant) 0.84 0.92
Intercept (Participant) 1.93 1.39
Model fit REML Nakagawa’s R

1285.6 Conditional 0.983 95% Cl [0.978, 0.985]

Marginal 0.908 95% Cl [0.874, 0.936]

Fixed and random effects together with the model fit of the multilevel analysis are presented. Nakagawa’s R2 shows that 90.8% of the variance are explained by

fixed effects.
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Figure 5. ACTN3 DNA methylation and the influence of buccal epithelial cell type proportions. (a) Correlation between the average ACTN3 methylation and the
multilevel estimation of the proportion of buccal epithelial cells. (b) Residuals/”Normalized” ACTN3 methylation values of a linear model predicting ACTN3
methylation based on the estimated proportion of buccal epithelial cells. (c) Raincloud plot of “normalized” ACTN3 methylation values/residuals for each stressor

and measurement time point combination.

—0.947]; see Figure 5(a)). In contrast, the “normalized” ACTN3
methylation showed some residual variance that was unrelated
to the cellular proportion (r=0, 95% Cl [-0.1, 0.1]; see Figure 5(b)).
Moreover, the distribution of “normalized” ACTN3 methylation
values displayed substantial overlap across all time points and
both acute stressors (see Figure 5(c)).

4. Discussion

4.1. Addressing cellular heterogeneity in targeted
bisulfite sequencing

True DNA methylation levels of a specific cell type can only be
assessed in isolated cells [14]. However, various statistical
correction methods have been developed to estimate the
proportion of cell types in blood and buccal samples using
epigenome-wide data [26]. To date, no such statistical
approaches have been available for targeted bisulfite sequen-
cing data. To fill this gap, we introduce a general formula for
estimating the proportion of buccal epithelial cells.
Specifically, we followed the approach proposed by Eipel
et al. [9] and performed an epigenome-wide screen to identify
two CpGs with maximal differences in average methylation
between blood and buccal swab samples. Using the lllumina
Infinium HumanMethylation850 BeadChip, we screened nearly
700,000 CpGs and identified c¢g08141395, located within
MAML2, and cg12389346, located within CTBP1, as suitable
candidates for amplification.

Additionally, we validated our findings in a secondary
EWAS sample and applied our formula to a targeted bisulfite
sequencing dataset consisting of buccal swab and mouthwash
samples. CpG site cg08141395 exhibited an average methyla-
tion of >73% in buccal swabs and <5% in blood samples,
while cg12389346 showed > 94% methylation in blood and <
28% in buccal swab samples across all datasets. Both CpGs
demonstrated high correlations (|r>0.98|) with the EpiDISH
predicted proportion of epithelial cells. The formula derived
from a multilevel model, which used both CpGs to estimate
the proportion of buccal epithelial cells, showed a high

correlation (|r = 0.98|) with the EpiDISH prediction, with mean
absolute deviations (MADs) ranging from 3.47% to 6.45%.
While our multilevel estimation does not match the accuracy
of the EpiDISH prediction, it enables control over the influence
of cellular heterogeneity in DNA methylation studies of buccal
swab and mouthwash samples.

To further assess this, we compared the effects of two acute
stress paradigms and the estimated epithelial cell proportion on the
DNA methylation of a cell type-specific methylated gene, ACTN3, as
measured by targeted bisulfite sequencing. Raw TBS data revealed
>20% variation in ACTN3 methylation. However, the multilevel
model showed that only the estimated proportion of epithelial
cells significantly predicted these differences, explaining more
than 90% of the variance. In contrast, when ACTN3 methylation
was “normalized” (i.e, adjusted for epithelial cell proportion), the
remaining variance showed no correlation with the cellular propor-
tion. Furthermore, we observed substantial overlap in ACTN3 methy-
lation values across all measurement time points and both acute
stressors, indicating that the observed variation was likely due to
measurement errors rather than actual effects of the stressors.

This finding aligns with recent evidence demonstrating that
methylation patterns in isolated cell types are highly reprodu-
cible [27], underscoring concerns raised in psychological
research that differences in DNA methylation may reflect the
cellular composition of buccal swabs [8]. Therefore, we recom-
mend that future targeted bisulfite sequencing studies using
buccal swab and mouthwash samples incorporate the quanti-
fication of two CpGs with maximal differences in methylation
between oral and blood tissue. In addition to the CpGs pro-
posed by Eipel et al. [9], we suggest adding cg08141395 and
€g12389346 as field-tested candidates for estimating the pro-
portion of buccal epithelial cells. This approach will allow
researchers to control for cellular heterogeneity and any shifts
in cellular composition that may arise.

4.2. Challenges and future directions

Despite the advances presented, there remains an unresolved
need for statistical correction when analyzing blood samples



using targeted bisulfite sequencing. Blood samples also contain
heterogeneous cell mixtures [14], which may similarly confound
accurate methylation estimates. Additionally, our approach
would benefit from further exploration into the number of
CpGs required for accurate yet cost-effective estimation.
Following the recommendation by Eipel et al. [9], we selected
two CpGs for estimating the buccal epithelial cell proportion.
However, our formula does not treat both CpGs equally but relies
more heavily on the methylation of cg12389346. In contrast, the
EpiDISH algorithm uses more than 500 CpGs for its estimation
[26]. We acknowledge that using a small number of CpGs may
limit precision. Therefore, future research should consider the
inclusion of additional CpGs to refine the accuracy of cellular
proportion estimates, particularly in cases of complex tissue
compositions. Further studies comparing the performance of
this approach with cytology-based methods, such as direct cell
counts or tissue-specific markers, could also provide important
insights into the validity and utility of this formula. This would
not only improve the precision of cell type estimation but also
help assess the generalizability of our formula across different
populations and tissue types.

5. Conclusion

Cellular heterogeneity remains a common challenge in many
epigenetic studies, often leading to misattribution of observed
deviations in DNA methylation to interventions or phenotypes
of interest. To mitigate this source of error, we have intro-
duced a low-cost method for estimating the proportion of
buccal epithelial cells in targeted bisulfite sequencing data.
We demonstrated that accounting for cell type proportions
can explain most of the variation in DNA methylation of a cell
type-specific gene (ACTN3), while the actual effect of an acute
stress paradigm on DNA methylation was negligible. However,
future work should explore the inclusion of additional CpGs
for more precise estimates and validate the method through
comparisons with cytology-based cellular composition analy-
sis. We hope our findings will emphasize the importance of
routinely correcting for cellular heterogeneity in DNA methy-
lation studies, ultimately improving the reliability and quality
of epigenetic research.
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