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Abstract

Background To identify blood DNA methylation profiles related to liver steatosis, we performed an EWAS on the
presence of ultrasonically-identified liver steatosis in the Young Finns Study (YFS) participants (n=1529, 33-50y.), and
on liver enzyme levels and fatty liver index (FLI) across three discovery cohorts: YFS, LURIC (n=2371, 17-92y.) and
KORA FF4 (n=1872,39-88y.). We further investigated the discovered associations across the longitudinal subset of
YES (n=255), encompassing three follow-ups over 32 years, and the three-generational YFS-3G follow-up in 2018-
2020. Finally, we examined the associations of the discovered CpGs with nearby genetic variation and whole blood
expression of nearby genes.

Results In YFS, the methylation levels of cg06690548 (SLC/ATT) were lower in individuals with liver steatosis
(Abeta=-0.011, FDR=0.004). Methylation of 9 CpGs associated with GGT and 23 CpGs with FLI in at least two of the
discovery cohorts. Methylation at cg06690548 (SLC7A11) and the majority of the CpGs associating with GGT or FLI
had the strongest association in the two oldest generations of YFS-3G follow-up (ages 43-59y. and 59-93y.), with
minor or non-significant association in the youngest generation (ages 6-36y.). Discovered meQTLs for the CpGs did
not modulate the association between the methylation levels and GGT or FLI. The expression of the nearby genes
mediated only the association between cg06500161 (ABCGT) and cg20544516 (SREBFT) and FLI.

Conclusions Our findings highlight the association between the methylation levels of cg06690548 (SLC7AT1) and
liver steatosis, describe the dynamic relationship between whole blood DNA methylation and MASLD, and contribute
to a deeper understanding of the pathophysiology of liver diseases.
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Background

Steatotic liver disease is a spectrum of liver conditions
with various aetiologies, ranging from mild fat infiltra-
tion to steatohepatitis, fibrosis and cirrhosis [1]. The most
common subtype, known as non-alcoholic fatty liver dis-
ease (NAFLD), has recently been revised as metabolic
dysfunction-associated steatotic liver disease (MASLD)
to emphasise the central role of metabolic dysfunction
in the pathogenesis of the disease [1]. MASLD is defined
as over 5% liver fat content accompanied by at least one
cardiovascular risk factor [1], and about 99% of patients
diagnosed with NAFLD meet this criterion [2]. Affect-
ing 25-40% of the global population, MASLD’s alarm-
ingly increasing prevalence is contributing to the growing
liver transplantation burden [3-5]. MASLD is the lead-
ing cause of chronic liver diseases and is a risk factor for
cardiovascular diseases, overall mortality, and decreased
quality of life [6, 7]. It is a reversible condition, making
early identification and lifestyle interventions crucial to
prevent its progression to chronic and severe liver dis-
eases, such as steatohepatitis, cirrhosis, and hepatocellu-
lar carcinoma [3-5].

The increase in the prevalence of MASLD parallels
with the rise in sedentary behaviour, obesity, insulin
resistance, and metabolic syndrome, but the pathophysi-
ology and contributing factors are not fully understood
[8, 9]. Insulin resistance is a key component in MASLD
development that increases de novo lipogenesis and
enhances fatty acid transport from adipose tissue to the
liver [10]. Similarly, obesity increases circulating free
fatty acid levels contributing to MASLD development
and progression [8]. While alcohol-related liver disease
(ALD) and NAFLD have been considered distinct condi-
tions since 1980, both share similar pathophysiological
mechanisms [11-13]. To acknowledge this, the revised
terminology also introduced “metabolic dysfunction and
alcohol-associated liver disease” (metALD), capturing the
coexistence of two distinct aetiologies without excluding
their shared pathophysiology [1].

DNA methylation is a reversible epigenetic mechanism
that regulates gene expression and can have phenotypic
effects. It has been shown to mediate the adaptation to
many environmental exposures, such as changes in nutri-
tional status and metabolic diseases [14]. Liver biopsies
of NAFLD patients exhibit significantly lower global
DNA methylation levels in comparison to biopsies from
obese controls, with methylation levels correlating with
severity of NAFLD [15]. Furthermore, Ahrens et al. have
reported changes in liver DNA methylation patterns in
genes related to intermediary metabolism and insulin sig-
nalling, which also correlated with NAFLD severity [16].

Peripheral blood DNA methylation has been suggested
to be a potential biomarker for liver steatosis [17]. Pre-
vious EWASes have shown that methylation levels in
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CpGs of several solute carriers (SLCs) and phosphoglyc-
erate dehydrogenase (PHGDH) are robustly associated
with gamma-glutamyltransferase (GGT) levels [18] and
identified 22 CpGs, including several CpGs in SLCs and
PHGDH, associated with NAFLD [19]. These studies
have relied on a single discovery cohort (n<1500), with
the significant findings subsequently replicated in several
smaller cohorts. Several studies have explored whether
changes in DNA methylation profiles associated with
liver steatosis are causal or precede the onset of meta-
bolic diseases. Nano et al. linked solute carrier family 7
member 11 (SLC7A11) to the expression of lipid-associ-
ated genes and showed the causality of CpGs associated
with GGT using Mendelian randomisation [18]. Ma et
al. showed that some CpGs associated with NAFLD were
predictive of the onset of type 2 diabetes (T2D) [19].
However, both studies measured DNA methylation at a
single timepoint, making it impossible to investigate the
dynamic changes in methylation profiles over time. To
address this gap, Zeng et al. conducted a longitudinal
analysis of peripheral blood DNA methylation and liver
fat content in 96 individuals with approximately five-
year follow-up. Their results indicated that DNA meth-
ylation in SREBFI, ADBCGI, DHCR24, CTPT1A and
LINCO00649 may predict the change in liver fat content,
but the associations between SREBFI1 and ADBCGI were
largely influenced by body weight [20].

Here, we set to investigate the association between
whole blood DNA methylation, measured with the Illu-
mina EPIC array, and ultrasonically identified liver ste-
atosis (MASLD and metALD) using the 2011 follow-up
of the Young Finns Study (YFS, n=1529). These findings
were replicated across three generations in the 2018 YFS-
3G follow-up, which included the original YFS cohort
(G1, n=1273), their parents (GO, n=1342), and their
offspring (G2, n=1309). We also investigated whether
the methylation levels of CpGs that were associated with
liver steatosis predicted its presence in 2018 prospec-
tively in 2011 and 1986 in a subset of the YFS partici-
pants with longitudinal DNA methylation data (n=255).
In addition, we aimed to discover CpGs associated with
three separate liver enzymes and fatty liver index (FLI) in
at least two of the discovery cohorts—YFS 2011 follow-up
(n=1529), German cohorts Cooperative Health Research
in the Region of Augsburg (KORA, n=1872), and the
LUdwigshafen RIsk and Cardiovascular Health study
(LURIC, n=2371)—and validate these associations in the
three-generational YFS-3G 2018 follow-up. Finally, we
investigated whether methylation quantitative trait loci
(meQTLs) influenced the methylation levels of the dis-
covered CpGs and whether the methylation levels were
associated with the expression of nearby genes in whole
blood.
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Materials and methods

Cohorts and different analysis settings utilised are
described in Fig. 1. Throughout the text and tables hg19/
hg37 genetic coordinates are utilized.

YFS
The YFS is a multicentre follow-up study on cardiovas-
cular risk from childhood to adulthood in Finland. The
study was launched in 1980, with 3596 children and ado-
lescents (aged 3—18 years) participating in the baseline
study [21]. Participants have been followed through sev-
eral examinations, including comprehensive risk factor
assessments with major follow-ups in 1986, 2001, 2007,
2011 and 2018-2020. The 40-year follow-up was con-
ducted in 2018 and expanded to include parents (GO) and
children (G2) of the original YFS participants (G1) [22].
DNA methylation was successfully profiled for 311
study participants in the 1986 follow-up, 1714 in the
2011 follow-up, and 1311 in the 2018 follow-up, with
255 original study participants having DNA methylation
data available for all three time points. In addition, DNA
methylation data was available from the 2018 follow-up
for 1343 parents (GO) and 1309 children (G2). See Sup-
plementary Table 1 for the demographics of the utilised
populations.
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KORA

The KORA FF4 study is the second follow-up of the
KORA S4 study, conducted in 2013-2014. Of the 4261
participants of the S4 baseline study, 2279 also par-
ticipated in the FF4 14-year follow-up study. In both
follow-up surveys, participants completed a lifestyle
questionnaire and underwent standardised examinations
including blood samples collection, as described previ-
ously [23, 24]. DNA methylation profiling was successful
for 1872 participants of the KORA FF4 study (39-88y.).

LURIC

LURIC is a patient cohort of 3316 German individuals
aged 17-92 years, who underwent coronary angiography
between 1997 and 2000 and have since been followed up
on non-fatal events after five years, and on all-cause and
cause-specific mortality after 10 years [25]. DNA meth-
ylation profiling was successful for 2371 participants of
the LURIC study.

DNA methylation

For the DNA methylation analysis of the YFS cohort,
leukocyte DNA was obtained from EDTA blood sam-
ples collected during the 1986 and 2011 follow-ups
using a Wizard® Genomic DNA Purification Kit (Pro-
mega Corporation, Madison, W1, USA). Samples in the

A. e—avey B. [EWAS on liver steatosis
i YFS 2011 G1 EPIC
KORA Meta-analysis on GGT/FLI levels
39-88y M“Iﬁgeneraﬁonal YFS 20]1 G] EPIC
n=1872, EPIC settlng KORA
Longitudinal setting LURIC YFS 2018 GO L
n=255 for three 17-92y. 59-93y.
( timepoints) n=2424, EPIC n=1342, EPIC Longitudinal dynamics of CpG methylation
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Fig. 1 A Cohorts and B study settings utilised in the study. Out of the discove
only from the YFS 2011 and 2018 follow-ups, while liver enzyme levels and FL
is comprised of 255 individuals from whom we have DNA methylation data

meQTL analysis in YFS
YFS 2011 G1 EPIC

e¢QTM analysis/mediation analysis
YFS 2011 G1 EPIC

ry cohorts, the information on the presence of steatotic liver was available
| were available also from KORA and LURIC. The longitudinal study setting
available from the three follow-ups spanning over 30 years, while in the

multigenerational setting we utilise DNA methylation data available from the follow-up cohort (G1) and their parents (G0) and children (G2), all of whom
participated in the 2018 follow-up of YFS. Abbreviations: G=generation, EWAS = Epigenome wide association study, GGT=gamma glutamyl transferase,
FLI=fatty liver index, meQTL =methylation quantitative trait loci, eQTM = expression quantitative trait methylation



Ciantar et al. Clinical Epigenetics (2026) 18:22

2018 follow-up were processed using the Perkin Elmer
Chemagic (CMG-1074) according to the manufacturer’s
instructions, except for utilizing modified binding bufter
2 with a subset of the samples.

In YFS, 181 of the 1986 samples and 188 of the 2011
samples were analyzed with Illumina Infinium Human-
Methylation450 BeadChips. The 1986 samples were pro-
cessed at the Helmholtz Zentrum in Munich, Germany,
and the 2011 samples in the Core Facility at the Insti-
tute of Molecular Medicine Finland (FIMM), Univer-
sity of Helsinki, according to the protocol by Illumina,
as described earlier [26]. 130 of the YFS 1986 samples
and 1526 of the YFS 2011 samples were analyzed with
the Illumina Infinium MethylationEPIC vl BeadChip
at Helmholtz Zentrum Munich, Germany as described
earlier [27]. Samples were applied to the arrays in a ran-
domised order. Aliquots of 1 pug of DNA were subjected
to bisulphite conversion, and a 4 pl aliquot of bisul-
phite-converted DNA was subjected to whole-genome
amplification, followed by enzymatic fragmentation
and hybridization onto an Illumina Infinium Methyl-
ationEPIC BeadChip. The arrays were scanned with the
iScan reader (Illumina). All pre-processing steps were
performed using functions implemented in the minfi R/
Bioconductor package [28]. Cross-reactive probes [29,
30] and probes with SNPs given by minfi were removed.
For discovery analysis 769,683 probes from 1526 samples
with profiling done with EPIC v1 were utilized.

For the YFS 2018-2020 follow-up, blood DNA meth-
ylation profiling was performed for 3963 participants,
spanning all three generations (GO n=1343, G1=1311,
and G2 n=1309). In short, methylation profiling was
performed with the Illumina Infinium MethylationEPIC
BeadChip vl and v2 at Helmholtz Zentrum, Munich,
Germany. Samples were applied to the arrays in a ran-
domised order. Aliquots of 1 pug of DNA were subjected
to bisulphite conversion, and a 4 pl aliquot of bisul-
phite-converted DNA was subjected to whole-genome
amplification, followed by enzymatic fragmentation
and hybridization onto an Illumina Infinium Methyl-
ationEPIC BeadChip (version 1 and 2). The arrays were
scanned with the iScan reader (Illumina). Background
subtraction was performed on all probe values using
the bgcorrect.illumina function in the minfi package.
Probes with a detection p-value >10e—16 and samples
with a sample call rate of more than 95% were filtered
out. Autosomal probes were separated into six groups by
probe-type and quantile normalization was performed
separately for each group. Samples for which the actual
sex did not match the predicted sex were excluded and
quality control was performed on the data. All pre-pro-
cessing steps were performed using functions imple-
mented in the minfi, sesame or limma R/Bioconductor
package. For 255 individuals with available methylation
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data from all three YFS follow-ups, data from 1986 and
2011 was renormalized with sesame to enable longitudi-
nal analysis.

For KORA genome-wide DNA methylation was per-
formed using the Illumina Infinjum MethylationEPIC
vl BeadChip® for 1,928 KORA FF4 samples. Genomic
DNA (750 ng) was bisulphite-converted using the EZ-96
DNA Methylation Kit in two separate batches (n=488,
n=1440). A subsequent methylation analysis was per-
formed on an Illumina iScan platform according to
standard protocols provided by Illumina. GenomeStu-
dio software (version 2011.1) with Methylation Mod-
ule v1.9.0 was used for an initial quality control of assay
performance and for the generation of methylation data
export files. Further quality control and preprocessing
of the data were performed in R v3.5.1 with the pack-
age minfi v1.28.3, and following primarily the CPACOR
pipeline as described earlier [31]. Cross-reactive probes
[29, 30], probes with SNPs with a minor allele frequency
of >5% at the CG position or the single base extension
as given by minfi; and with >5% missing values were
removed. 1872 samples and total of 697,732 probes
remained for analysis.

For LURIC, the DNA methylation levels were quan-
tified using the Illumina Infinium MethylationEPIC
BeadChip according to the manufacturer’s protocols.
In the LURIC study, quality control was implemented
using the CPACOR pipeline as described earlier [32].
A total of 795,619 autosomal probes from 2423 sam-
ples were included in further analyses. CpGs located in
close proximity (1-2 bp) to a genetic polymorphism in
the European population with a frequency of >0.01%
as well as cross-reactive probes [33] and probes with a
detection P-value of >0.05 in at least 1% of the samples
were removed using the rmSNPandCH function in the
DMRcate package [34].

For all datasets, methylated and an unmethylated sig-
nal count per CpG site are obtained and combined into
B-values, defined as the ratio of the methylated sig-
nal intensity divided by the overall signal intensity:
B-value=M/(M+ U +a), where an offset was added as a
regularization for the situation when both M and U are
low, as recommended by Illumina [35]. Untransformed
beta values were utilized in all the analyses [36]. 689,101
probes overlapped with all the three discovery cohorts.

Genome-wide genotyping in the YFS

Genomic DNA was extracted from peripheral blood leu-
kocytes using a commercially available kit and a Qiagen
BioRobot M48 Workstation according to the manufac-
turer’s instructions (Qiagen, Hilden, Germany). Genotyp-
ing was performed using a custom-built Illumina Human
670 k BeadChip at the Welcome Trust Sanger Institute,
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as described earlier [37]. Genotype imputation was per-
formed using TOPMed r2 as reference [38].

Genome-wide blood transcriptomics analysis in the YFS
From the 2011 follow-up of YFS (YFS 2011), whole blood
was collected into PaXgene Blood RNA Tubes (PreAna-
lytix) and isolated with a PaXgene Blood microRNA Kit
(Qiagen), including the DNase Set with the QiaCube
according to the manufacturer’s instructions. The expres-
sion levels were analysed with an Illumina HumanHT-12
version 4 Expression BeadChip (Illumina Inc.) containing
47,231 expression and 770 control probes as described
earlier [39]. 200 ng of RNA was reverse-transcribed into
¢DNA and biotin-UTP-labelled using the Illumina Total-
Prep RNA Amplification Kit (Ambion); 1500 ng of cDNA
was then hybridized onto the Illumina HumanHT-12 v4
Expression BeadChip. The BeadChips were scanned with
the Illumina iScan system. Raw Illumina probe data were
exported from GenomeStudio and analysed in R using
the Bioconductor packages. The expression data were
processed using non-parametric background correc-
tion, followed by quantile normalisation with control and
expression probes using the neqc function in the limma
package, and log2 transformation. The expression analy-
sis was successful in 1364 samples with DNA methylation
data also available.

Liver ultrasound in the YFS

In the 2011 and 2018 follow-ups, ultrasound imaging and
steatosis evaluation were performed using a validated
protocol, employing Sequoia 512 ultrasound mainframes
(Acuson) with 4.0 MHz adult abdominal transducers. The
diagnostic evaluation of liver steatosis was performed
visually using a standard system by a trained sonographer
according to the following criteria: liver-to-kidney con-
trast, parenchymal brightness, deep beam attenuation,
and bright vessel walls. Participants were further classi-
fied into those with detectable liver steatosis and those
with a normal liver.

Liver enzymes

In YFS, serum alanine aminotransferase (ALT), aspar-
tate aminotransferase (AST), and GGT concentrations
were measured with System Reagent (Beckman Coulter
Biomedical). In KORA, the GGT, AST, and ALT levels
were analysed according to the recommendations of the
International Federation of Clinical Chemistry (IFCC)
from 1983, including the optimization of substrate con-
centrations, the employment of NaOH, glycylglycine buf-
fer, and sample start. Pyridoxal phosphate was applied in
the assessment of ALT and AST [40]. In LURIC, GGT,
ALT, AST, and alkaline phosphatase (AP) were deter-
mined using an enzymatic assay (Hitachi 717, Roche,
Mannheim, Germany). Liver enzymes were measured
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at 25 °C. Reference values were defined as follows:
GGT <29 U/l, ALT <23 U/l, AST <19 U/l, AP 55-170 U/l
[41]. Fatty liver index (FLI) was calculated for all the
cohorts using the formula [42].

des) 0.953+log e(triglycerides

0.953xlog e(triglyceri
+0.139«BM I+ 2 e(GGT) +0.139«BM I+ GGT)
FLI = | e+0.033«waist circum ference—15.745 | /(] 4 ¢+0.053xwaist circum fere

Covariates

In the YFS 2011 and 2018 follow-ups, alcohol consump-
tion data were acquired with standardized questionnaires
and calculated in standard doses (12 g pure ethanol per
day) by dividing the total number of doses consumed
per week (0.33 L doses of beer or cider, 0.12 L doses of
wine, and 0.04 L doses of hard liquor) by 7 [43]. In the
YES 1986 follow-up, participants were divided into those
who drank any alcohol weekly and those who did not. For
the KORA study, alcohol intake was also self-reported
through a standardised interview by trained staff (g/
day) [13]. In LURIC, information on alcohol consump-
tion was collected using a questionnaire, which recorded
the frequency of beer, wine and spirit consumption. The
reported alcohol portions were turned into measures of
volume as follows: one bottle of beer: 300 ml; one glass
of wine: 100 ml; one measure of spirits: 30 ml (standard
sizes that are common in Germany). The average Ger-
man alcohol contents (5% for beer, 12% for wine, and 43%
for spirits) were used to calculate pure alcohol consump-
tion by multiplying the volume by the alcohol percentage
and the weight of one millilitre of alcohol (0.8 g/ml) [44].
Smoking information was acquired with questionaries
and categorized in YFS and KORA as smoking daily yes/
no and current smokers yes/no in LURIC. In all cohorts,
weight and height were measured during study visit
and body mass index (BMI) calculated BMI=weight/
(height*height).

Statistical analysis

For all analyses, GGT, ALT, AST and FLI were inverse-
transform normalised to account for the skewed distribu-
tion of these variables. All EWAS analyses were adjusted
with age, sex, BMI, smoking, alcohol consumption, esti-
mated cell type proportions [45] and principal compo-
nents of the control probes (30 for YFS and LURIC, 10
for KORA). When significant inflation was detected,
BACON [46] was used to control bias and inflation in
EWAS. Meta-analysis was performed using the inverse-
variance-weighted method in METAL [47], combining
three discovery cohorts. Individual regression models in
the YFS 2018 follow-up and the longitudinal follow-up
data were adjusted with age, sex, BMI, smoking, alco-
hol consumption, cell type proportions, and, when suit-
able, array type and batch as covariates in the model.



Ciantar et al. Clinical Epigenetics (2026) 18:22

Differentially methylated regions (DMRs) were identified
using the DMRcate R package [48] as described previ-
ously [49], comparing individuals with steatotic liver to
those without. FDR-corrected p-values (FDR <0.05) were
considered significant in EWAS and meta-analysis, but
nominal p-values were reported in the replication.

To discover genetic variants, possibly affecting the
association between the methylation of discovered CpG
sites and liver variables, first methylation quantitative
loci (meQTLs) were investigated in the GoDMC database
[50]. In addition, genetic association studies were per-
formed in YFS 2011 to identify cis-acting genetic variants
(meQTLs) within 1 Mb of the CpG sites. All genetic asso-
ciation analyses were performed using PLINK 2.0 [51].
Statistically significant variants (p <5e-8) with a minor
allele frequency of >0.02 which passed the Hardy—Wein-
berg equilibrium check (p >1e-6) and had less than 5%
missingness were identified. When multiple variants met
these criteria, the variant with the lowest p-value was
selected as the top-associating variant. The relationship
between the discovered top variant, CpG methylation
and liver phenotypes was further analysed with linear
regression models predicting the liver variable, including
the CpG, genetic variant, age, sex, BMI, smoking, alcohol
consumption and cell type proportions in the model.

Association analysis between methylation at the iden-
tified CpGs and whole blood gene expression (Expres-
sion Quantitative Trait Methylation analysis, eQTM)
was performed on gene transcripts within 100 kb of the
methylation locus. Target genes were identified using
the biomaRt R package [52]. Linear regression analyses
predicting transcript expression were adjusted for age,
sex, BMI, smoking and alcohol consumption. Mediation
analysis was performed if the CpG and a nearby gene,
whose expression correlated with the methylation levels
(nominal p <0.05), both associated with the liver variable
in question.

Mediation analysis

For each CpG methylation—gene expression pair identi-
fied according to the criteria above, a separate mediation
analysis was performed to investigate whether the effect
of DNA methylation on FLI was mediated through the
expression levels of the nearby gene [53]. The assumed
causal associations of the mediation question as two
directed acyclic graphs are presented in Supplementary
Fig. 1. In observational studies, certain assumptions per-
taining to confounding are required. Confounding vari-
ables (confounders) are the common causes of DNA
methylation, gene expression and/or FLI. These so-called
exchangeability conditions are:

(1) No unmeasured confounding of exposure-outcome
(DNAm-FLI) relationship
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(2) No unmeasured confounding of mediator-outcome
(GE-FLI) relationship

(3) No unmeasured confounding of exposure-mediator
(DNAm-GE) relationship

(4) No mediator-outcome confounders that are affected
by the exposure; i.e., DNA methylation cannot affect
any common cause of gene expression and fatty liver
index.

If these conditions are fulfilled, the individuals with cer-
tain levels of exposure and mediator can be considered as
“exchangeable” conditionally on the confounders, i.e., the
exposure and mediator can be treated as if they were ran-
domized and confounding can be ruled out as the expla-
nation of any associations observed. Thus, the mediation
effects of interest delineated below can be identified
based on observational data [54].

Under the exchangeability conditions above, the medi-
ation effects came be obtained from the observed data.
In practice, this was accomplished by fitting the following
three linear regression models:

FLI = ny + m DN Am + n,C (1)
FLI =~ +'leNAm+'y2GE+7;C (2)

GE = By + BLDN Am + B5C, (3)

where GE denotes the gene expression level, DNAm the
DNA methylation, and C includes all covariates adjusted
for in each model: age, sex, smoking and alcohol use cate-
gorized into 0, 0—1 or more than 1 drink per day. Param-
eter 71 descibes the total effect, i.e., the effect of DNA
methylation on (normalized) FLI when not accounting
for gene expression, while v; corresponds to the direct
effect, the effect of DNA methylation on FLI when taking
gene expression into account (pathway (a) in Supplemen-
tary Fig. 1A). The indirect effect of DNA methylation on
FLI via gene expression was calculated utilising the prod-
uct-of-coefficients approach by multiplying the param-
eters 31 and 72 (pathways (c) and (d) in Supplementary
Fig. 1B), and its standard error was obtained using the
multivariate Delta method [55]. The proportion mediated
was calculated by dividing the indirect effect with the
total effect, and its standard error was also obtained with
the multivariate Delta method. Mediation was inferred
if the 95% confidence interval of the indirect effect did
not include zero. The sample was stratified into normal-
weight participants (BMI <25 kg/m? n=524) and over-
weight/obese participants (BMI > 25 kg/m? n=686) and
mediation analyses were conducted separately for both
strata.
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Results children of the original follow-up cohort, but the asso-
Methylation levels of cg06690548 (SLC7A11) are associated ~ ciation was not statistically significant (YFS 2018 G2, age
with presence of liver steatosis 6—-36 years, nominal p=0.277, regression beta=-0.005,

In YFS 2011 (33-50 years, n=1529), we identified that delta methylation beta=-0.001).

only the methylation levels of cg06690548 in the body We then analysed the methylation level of cg066905438
of SLC7A11 were significantly (FDR<0.05) different (SLC7A11) in a longitudinal setting in a subset of 255
between those with and without liver steatosis (nomi- individuals from YFS with DNA methylation data avail-
nal p=5.55x107%, FDR =0.004, regression beta=—0.018, able from 1986, 2011, and 2018. Those who devel-
delta methylation beta=-0.011, Fig. 2A). This dif- oped liver steatosis by 2018 (n=98) had lower levels of
ference in cg06690548 (SLC7A11) methylation levels cg06690548 (SLC7A11) methylation across all three
was also observed after a 7- to 9-year follow-up of the timepoints (delta methylation beta 1986=-0.006,
same cohort (YFS 2018 G1, age 41-56 years, nominal 2011=-0.016 and 2018=-0.011), but the difference
p=0.018, regression beta=-0.008, delta methylation was not statistically significant (p>0.05) in this smaller
beta=-0.012), and a similar methylation pattern was also ~ population subset at any of the timepoints (Fig. 2C). The
observed in the parents of the original cohort (YES 2018  association between cg06690548 methylation and the
GO, age 59-92 years, nominal p=4.18 x 107'3, regression  presence of liver steatosis remained significant in the
beta=-0.016, delta methylation beta=-0.016) (Fig. 1B).  YFS 2011 follow-up when investigating individuals who
Levels of cg06690548 (SLC7A11) methylation were also  consumed alcohol moderately (<350 g/week for females
slightly lower in individuals with liver steatosis in the and <420 g/week for males’) or not at all (nominal
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Fig. 2 Methylation of cg06690548 (SLC7AT1T) in the YFS A 2011 follow-up, where cg06690548 was the only CpG which was statistically (FDR <0.05) dif-
ferently methylated in individuals with and without liver steatosis; B 2018 follow-up in the follow-up cohort (G1) and their children (G2) and parents (GO).
The difference in methylation levels of cg06690548 (SLC7AT1) between those with and without liver steatosis was statistically significant (p <0.05) in G1
and GO, but not in the younger G2; C longitudinal YFS data from G1 from the 1986, 2011 and 2018 follow-ups. In the smaller subset of individuals with
methylation data available from three timepoints (n=255), methylation levels of cg06690548 (SLC7AT1) were already lower in 1986 in individuals who
develop MASLD by 2018. Methylation levels of this site decrease in the whole population and the median difference between those who do and do not
develop liver steatosis by 2011 slightly increases when the individuals age. After adjusting with age, sex, BMI, smoking, alcohol consumption and esti-
mated cell proportions (as all models), the differences between those who do or do not develop liver steatosis by 2018 were not statistically significant in
any timepoint; D YFS 2011 follow-up stratified with alcohol consumption. Association between cg06690548 (SLC7A11) methylation and presence of liver
steatosis was non-significant in individuals who reported to consume no alcohol at all and greatest in the subpopulation who reported excess alcohol
consumption. *—p <0.05; ns—p >0.05
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p=6.37x107% regression beta=-0.004, delta methyla-
tion beta - 0.020, n=1269). However, the association was
not significant in individuals who reported not drink-
ing alcohol (nominal p=0.501, regression beta=-0.011,
delta methylation beta=-0.003 n=333). The greatest
difference between individuals with and without steato-
sis was seen in those who consumed alcohol excessively
(nominal p=0.008, regression beta=-0.036, delta meth-
ylation beta =-0.051, n=131) (Fig. 2D).

DMR analysis revealed one DMR (chr2:10,184,444—
10184650) overlapping the transcription factor KLFI11,
with three CpGs that were hypomethylated in individu-
als with liver steatosis in comparison to those without
(FDR=1.63x107%, max difference —0.014, mean differ-
ence —0.009).

Meta-analysis reveals systematic associations between
blood DNA methylation and GGT levels and FLI

We identified CpGs associated with liver enzyme lev-
els in three discovery cohorts (YFS 2011, KORA and
LURIC) and aimed to replicate these associations again
in the three-generational YFS 2018 follow-up to assess
their potential longitudinal change and the effect of
the age of the cohort on the discovered associations.
Only ¢g00078197 (in the body of HGHI homolog) and
cg14141451 (in the body of scribble planar cell polarity
protein SCRIB) were associated with ALT levels in the
YES 2011 follow-up (nominal p=1.09 x 10~%, EDR = 0.008
regression beta=0.003 and nominal p=5.75x107%,
FDR =0.022 regression beta=0.018). No significant asso-
ciations were discovered for ALT in KORA or LURIC.
Similarly, no CpG sites were associated with AST levels
in any of the discovery cohorts.

For GGT EWAS results, we identified significant infla-
tion in LURIC (A=1.47) which was decreased but not
fully controlled by the BACON correction (A=1.08) and
thus we selected only those CpG sites that were found
to be FDR-significantly associated with GGT levels in at
least two cohorts for further investigation (Table 1). In
the three-generational YFS 2018 follow-up, we observed
that the association between cg06690548 (SLC7A11),
cg26457483 (PHGDH), ¢g19693031 (TXNIP), and
cgl14476101 (PHGDH) and GGT levels were stronger in
the older generations compared to the younger genera-
tions. In contrast, the association between cg06088069
(JDP2) and ¢g22699725 (PFKFB2) was equally strong in
all generations. Interestingly, the association between
cg00163198 (SNX19), cg27516100 (DHX16) and GGT
levels was significant in G1 and G2, but not in the oldest
GO population (Fig. 3A).

We further investigated the association between FLI
and blood DNA methylation levels in the three discov-
ery cohorts. Similarly, with GGT, LURIC results pre-
sented inflation (A=1.41), which decreased by BACON

Table 1 The association between GGT levels and whole blood DNA methylation in the discovery analysis

limnID

5769)

Meta-analysis (n

=2371)
SE

LURIC (n
Beta

KORA FF4 (n=1872)

Beta

1526)
SE

YFS (n
Beta

Gene

Zscore P-value FDR Direction

FDR

P-value

FDR

P-value

SE

FDR

P-value

2.50E-29
1.54E-21

3.22E-35

3.96E-27

4.05E-20

1.56E-25
461E-25

8.97E-20

532E-24 828E-19

4.54E-21

589E-16  +++

1.35E-04 9419
7.58E-05

0.002
1.000

591E-14  +++
3.00E-08  +++
2.12E-05

6.07E-19

8.891
7.16

1.88E-09
347E-07

8.09E-13

-

2.63E-09

5.953

-0014
-0.014

1.34E-07
0.023

0.001  1.93E-13

—0.008
—0.007
-0.009
—0.008
—0.004

1.18E-07 0.014
0.004

0.001

—0.006
—0.008
-0.009
—-0.009
—0.003

SLC7ATT
0.006

cg06690548
€g26457483

2.30E-07

0.001

5.02E-08 0.009

1.31E-07

0.002

PHGDH
TXNIP

0.014 0.001

0.002

€g19693031

015

0.

1.11E-07

0.002

579E-08 0.009

3.12E-05

0.002

PHGDH
JDP2

14476101
€g06088069
€g00163198
€g27516100

¢

0.005

0.052

9.91E-07
3.28E-09
4.65E-07

0.005

0.001

0.004

0.032

0.000

0.032

4.25E-07

0.265

1.98E-08  0.005

0.004
0.004

0457

0.741

221E-09 0.002

0.005

SNX19

0.003

DHX16
TCF3

0.002

cg12973487
€g22699725

0.007

PFKFB2
Only CpGs associating with GGT significantly (FDR<0.05) in at least 2 of the cohorts are presented. All analyses are adjusted with age, sex, BMI, smoking, alcohol consumption, estimated cell proportions and technical

principal components (PCs). Manhattan plot of the meta-analysis results in Supplementary Fig. 2A
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Fig. 3 The associations between DNA methylation levels in CpGs identified and A GGT and B FLI in the three generational YFS 2018 follow-up. Many of
the CpGs show stronger associations with the given liver variable in the older GO (59-93y.) and G1 (43-58y.) populations. Intriguingly, for example, the
methylation of cg27516100 (DHX16) associates statistically significantly with GGT or FLI only in the young G2 and G1, and not in the GO population. All
models are adjusted with age, sex, BMI, smoking, alcohol consumption and estimated cell type proportions. NOTE X-axis of the A and B figure are not on

the same scale

(A=1.07). After the correction, we discovered 23 sites
that were significantly associated with FLI in at least
two cohorts. Among them, eight CpGs were also asso-
ciated with GGT levels in at least two discovery cohorts
(Table 2). In addition, this analysis revealed associations
between FLI and the methylation in ABCGI (3 CpGs)
and CPTIA (3 CpGs) (Table 2). When analysing the asso-
ciations between these 23 CpGs and FLI in YFS 2018
follow-up, CpGs locating near or at TXNIB SLC7A1l,
PHGDH, JDP2, PDK4, TNIK had stronger negative asso-
ciation in older generations, while a similar but positive

pattern could be seen in CpGs locating near or at ABCG,
PHGDH (Fig. 3B).

In a longitudinal setting, we analysed whether youth
methylation levels (G1 1986 follow-up) of the CpGs asso-
ciating with liver health variables cross-sectionally pre-
dicted 2018 GGT or FLI levels (n=255 for those CpGs
that are in 450 K and EPIC array, n=98 for those CpGs
that are only in EPIC array) No statistically significant
association were found (p > 0.1 for all analysis).



Page 10 of 17

(2026) 18:22

Ciantar et al. Clinical Epigenetics

ge¢ ‘614 LA1eusws|ddng ul s1jnsai siskjeue-e1aw syl jo 10|d uenleyuey
'sDd [e21uyda) pue suoiiodoud |92 parewilss ‘uondwnsuod [oyodje ‘bunjows ‘||Ng ‘x3s ‘@be yum paisnipe ale saskjeue ||y ‘paiuasald a1e S1I0Y0D Y1 JO Z 1Sed| 1. Ul (S0°0 > Ya4) Ajpuedyiubis [14 yum buneposse sndd Ajuo

+++ 803658 L1-3€0°L €089 9¢00 SO—3rLL 1000 5000 1220 €00 1000 000 9000 £0-3£0°L  ¢000 1100 DIXO4  8/08580002
+++  80-360¢ <Cl-3IlCE 8969 1000 80-36£9 1000 8000 €00  £0-3S9% 1000 000 9¢L0 ¥¥00 000 000 €41 /8¥€/6T10D
+++  L1-3/97  Sl-IveEv S8/ ¢l00  90-3¢0S  ¢000 0100 €80 ¢800 1000 000 &v00 90-389'L 000 loo £16¥05/06>
——— €l-36/6 /1-3E0V cLy8— 1000 Z0—3l€l 1000  8000— £0/£°0 7100 1000  ¢O00— S000 80-3899 OO0  LLOO—  €#OPID  TTS6160102
——— €l-38%¢ /l-38¢'L LEG8— ¥0-399¢ 80-3/L'c 1000 6000— €6v'0  ¥0-36¢9 1000  ¥000— €e00 90-3LcL 000 100— 7/61¥870b2
——— €l-38§'¢ 81-3156 0858— +0-355°C 80-3¢6'L L1000  £000— €850 ¢000 L1000  €000— 9000 £0-3¢l’'L  ¢000  €L00— MINL  62002€€C0
+++  pl-3¢E’s  8l-3l6'L ¢9/'8  £0-3¢L€  L1-390°L 1000 8000 6¥80 8010 1000 1000 £C00 £0-3€06 1000 £000 149745 91S¥PS0THd
+++  vl-310c  8l-3r0'L 0€88 £0-3¢/'€ L1-390°L 1000 8000 L1000 60-38C¢ 1000 7000 9150 €000  ¢000 5000 9IXHG  001915/¢Bd
——— Sl=39%'C¢ 0c¢-3cC8 oLre— 90-3Irl'9 0L-3S¥'¢ 1000  9000— 911’0 90—-38CY¥ 1000  +¥000— (Y00  90-3/6'L  ¢000 LLOO— 14d1l /208978102
+++ 9131/, 0C—38C¢C 8YC6 /0 8500  ¢000 €000 ¢e00  £0-3scy 1000 G000 90-d6v'¢ <¢l-3¢/6 <000 9100 29hHd - §C/6697Hd
——— [l-3%6'C (C—3€89 9196— ¥0-3€C¢ 80-30S'L  C000  LLOO— (vC0  S0-3/Lv 1000 SO00— ¢l00  £0-389°C €000  9100— v¥dd  8885/0/162
+++  /1-391°C ALY Y596 £0—-3€6'L Cl-39/% <000 ¢L00 6’0 €0 1000 1000 ¢00 £0-3F¥'S <000 100 1909y 9850v/9162
——= /[1-389'L <¢C30vE 8896~ 8000 90-38¥'¢ 1000  SOO0— GlO0O 80-3868 1000  €000— rl'0 S0-398'L 000  8000— dINXL  290v/69¢0d
+++  1¢—39¢€8  SGC—305°L 8¥70l  60-398'L ¥1-3/8¢ 1000 8000 960 71¥0 1000 1000 S000 80-3948 <000 100 1909y €00871016>
——— €361l 8¢-3ESL  8OLL— 60355l ¥l-310€ 1000 9000— 6190 5000 1000  ¢000— 8¥00 90-3¥0Cc ¢000 Z000— VildD  S/¥850/160
——— Vv¢-3¢6’l 6C—386'L  YOCLL—  €l-39%C 8l-3€C’¢ 1000  0L00— 8100 £0-395'L 1000  ¥000— 910 SO-3ZL's 1000  9000— 2dar - 6908809062
——— ¢&3le’L e3¢ LeLcl— el—3LlcL 6l-3L¥6 1000 8000— 990 8000 LO0OO ¢O00— VO-3LlCL 0L-3£8Z <000 6000— VildD  €9/57€5060
——— €E-3r0'lL 6€-3€08 cCe0€El— L1389l 9l-38lC 1000  SO00— A0 00 0 1000— £0-388'L €l-3r¥'¢ 1000 8000— VildD  8S6v/50000
——— [&-3CE6 (v—366'S LLSEL— 9l-ICC (C—3048 <000  SCO0— GlOO £0-3LL'L <000 8000— G000 80-3/58 €000 /ZLOO— HA9Hd  1019/p116d
——— 8&Iv¥t Ep-3/L1 9¢8El— 8l-3/SC vC-3IvEE 000 8C00— €¢00 £0-30€C 1000  £000— 000 80-358% €000 9100— HASHd  €8v/S5y9¢0d
++t+ 6E-3EEY  YP—3/9°L seocl  vl-36lv 61-3/1'C 1000 €100 8¢80 800 1000 L0000 90-36F'C <Cl-35C6 000 clo0 [9DgY 1910059062
——— 6&-3EEY PP-3¢SL C00vlL—  €l-3/01 61-3€69 <000 00— ¥0-39L°L Ol-3lee 1000 6000— SO0-3¢C’s Ol-3LLC €000 00— dINXL  LE0£69616D
——— 6£-3/TL Sp-3E9L  09L¥l— /1-3668 CC-IEET 000 9200— /0-IwEL €L-IE6L  LO00  8000— #0-I8ET 60-39L'C 000 ¥LOO—  LLV/DIS 8750699002
uondaig 444 °njeaq 910357 4ad  °njead EN elag 4ad  °njead EN elag 4ad  °njead EN ejag
(6945 =) siskjeue-e1ay (L£gZ=u) D1¥NM (z£8L=U) ¥44 v4OM (9TSL=U) SdA ausH aruuwyy

sisk|eue A12A0DSIp a3 Ul UoleIAYIaW YN POO|d 9]0YM PUE (|74) X2pul JaAl| A11e) Udamlag UoleDosse Y] g ajqel



Ciantar et al. Clinical Epigenetics (2026) 18:22

Association between the CpG sites and GGT or FLl is
affected by meQTLs

We first identified meQTLs using the GoDMC database,
based on genetic and methylation data from over 32,000
individuals. Of the CpG sites associated with GGT,
only cgl19693031 (TXNIP) and cgl4476101 (PHGDH)
had genome-wide level meQTLs in GoDMC. This was
expected, as only three of the 9 identified CpGs are pres-
ent in 450 K array used in the GoDMC analyses. We
identified 3 of the 9 CpG sites associated with GGT as
having meQTLs in YFS (Supplementary Table 2). To
analyse whether the meQTLs were the cause of the asso-
ciation between the CpG methylation and GGT levels,
we included the most significant SNP as a cofactor in the
model predicting GGT levels in YFS 2011 follow-up data.
The inclusion of the SNP did not modify the associa-
tions between the CpGs and GGT levels, and none of the
meQTLs discovered in YFS had independent association
with GGT levels (nominal p>0.05 for all) (Supplemen-
tary Table 2).

Of the 23 CpGs that were associated with FLI in the
discovery cohorts, six and nine had a cis-meQTLs in the
GoDMC database and in the YFS data, respectively. Six
of the meQTLs discovered in the YFS data did not over-
lap with the CpGs and SNPs discovered for GGT. As with
the CpGs and SNPs associated with GGT, all the CpGs
that associated with FLI in YFS in the initial analysis also
remained significantly associated after adjusting with the
most significant meQTL (Supplementary Table 3). None
of the discovered meQTLs associated with FLI levels in
the YFS (nominal p >0.05 for all).

Association between cg06500161 (ABCG1) and
€g20544516 (SREBF) methylation and FLI was mediated by
the expression of nearby genes
In YFS, the methylation levels of all CpGs associated with
GGT, except cg06690548 (SLC7A11) and cg00163198
(SNX19), were significantly associated with the whole
blood expression of genes located within 100 kb of the
methylation locus. Strong negative associations were
seen especially between ¢g27516100 (DHX16) and the
expression of IER3, KIAA1949, FLOT1 and PPPI1R10;
€g26457483 and cgl4476101 (PHGDH) and PHGDH
expression; ¢g06088069 (/DP2) and JDP2 expression;
€g22699725 (PFKFB2) and PFKFB2 expression. Posi-
tive associations were observed between c¢g27516100
(DHX16) and the expression of MDC1, TUBB, ABCFI,
GNL1, MRPS18B and DHX16; cgl12973487 (TCF3) and
the expression of MBD3 and TCF3. Of the analysed
transcripts expression of ZNF697, GNLI and MRPS18B
associated with GGT levels with nominal significance
(Supplementary Table 4).

CpG sites associated with FLI in the proximity of
ABCGI (cg06500161, cgl0128003, cgl6740586) and
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CPT1A (cg00574958, ¢g05325763 and ¢gl7058475)
negatively associated with the expression of mul-
tiple transcripts of the corresponding gene. Similarly,
¢g20544516 (SREBF) negatively associated with two dis-
tinct transcripts from this gene and ¢g02841972 with
the expression of three KLFI11 transcripts. Further nega-
tive associations were seen between cgl17075888 (PDK4)
and PDK4 expression; cg07504977 and SCD expression;
and ¢g23320029 (TNIK) and TNIK expression (Supple-
mentary Table 5). The expression of several of these
transcripts also independently associated with FLI levels
(Supplementary Table 5).

We further investigated whether the blood gene expres-
sion of the nearby transcripts could mediate the associa-
tion between CpGs and FLI in the YFS 2011 population.
In both normal-weight and overweight/obese subpopula-
tions, mediation by the expression of nearby transcripts
was observed for c¢g06500161 (ABCGI) (proportion
mediated: 36% for both strata) and cg20544516 (SREBF)
(proportion mediated: 11% and 20% for normal-weight
and overweight/obese, respectively). In addition, a medi-
ation effect was indicated only in the overweight/obese
subpopulation with ¢g27593172 and BANKI1 transcript,
however, the directions of direct and indirect effect were
different, which could reflect an alternative mechanism
rather than gene expression regulation by DNA methyla-
tion (Supplementary Table 6, Fig. 4).

Discussion

The presence of ultrasonically-identified steatotic
liver associated only with the methylation levels of
cg06690548 in SLC7AI11. This finding was replicated
two of the oldest generations (G1 and GO) but not in the
youngest generation (G2) of the three-generational YFS
2018 follow-up. Meta-analysis revealed highly replica-
tive findings between blood DNA methylations levels and
GGT and FLI. Most of these associations were stronger
in the older generations of the YFS 2018 follow-up, while
only a few associated with liver variables in the youngest
participating generation (age 6—36 years). Although we
found several meQTLs associating with these CpGs, the
association between the methylation of the CpGs and the
liver variables was independent of genetic variation. We
further report associations between the discovered CpGs
and whole blood gene expression of nearby genes, indi-
cating a possible biological function of the methylation
changes.

Methylation at cg06690548 in SLC7A11 was the only
CpG site associated with the presence of liver steatosis in
YES 2011. The methylation of this site was also strongly
associated with GGT levels and FLI in the meta-analysis.
Previously, methylation at this CpG has been associ-
ated with liver steatosis [18], NAFLD [19], and the levels
of GGT and ALT [18] in mostly European populations.
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Fig. 4 Nearby transcripts mediating the effect of CpG methylation on FLI in the YFS 2011 follow-up. Methylation levels of cg06500161 (ABCGT) and
€g20544516 (SREBF1) on FLI were mediated by the blood expression of nearby transcripts in both the normal-weight (n=542) and overweight/obese
(n=686) subpopulations, while mediation effect of cg27593172 (E) on BANK1 expression could only be seen in the overweight/obese subpopulation.
In E, the direction of direct effect and indirect effect are different, indicating a more complex association than direct regulation of gene expression by

methylation

However, it did not associate with liver fat content in a
Chinese population [20]. We observed that methylation
levels of this CpG were already lower in individuals in
their twenties who later developed liver steatosis by their
fifties; however, in general, the association of this CpG
and liver variables was stronger in the older population
(GO). On the other hand, Melton et al. did not observe an
association between cg06690548 methylation and steato-
sis score or NAFLD in adolescence (mean age 17 years)
[56]. Although Nano et al. suggest that methylation in
SLC7A11 could be causal for elevated GGT levels, our

results indicate that the changes in methylation of this
site are accompanied by the worsening metabolic health.
In line with this hypothesis, methylation of cg06690548
has been previously associated with BMI [57-60], CRP,
glucose [57, 61] and insulin levels [57, 61], T2D [62], tri-
glyceride levels [57] and alcohol consumption [63-66].
Even though we adjusted all our analyses with age, BMI
and self-reported alcohol consumption, we cannot rule
out that these confounding factors could be causal for
the observed changes in methylation at this site, rather
than the liver condition itself. The association between
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liver steatosis and cg06690548 methylation levels was
observed in the subpopulation of YFS who were mod-
est alcohol consumers, but not in those who reported
no alcohol consumption. These results do not rule out
the possibility that the association between cg06690548
methylation and liver steatosis is influenced by alcohol
consumption; however, due to the small number of indi-
viduals in analysis (n=333) and especially the number
with liver steatosis (n=44), the lack of association in the
teetotalers could also be due to limited study power.

SLC7A11 is an amino acid transporter of cysteine and
glutamate and it has a well-established role in protecting
cells from ferroptosis [67]. It has been implied to coun-
teract effects of oxidative stress and maintain triglyceride
metabolism in primary hepatocytes [68]. Knocking down
SLC7A11 from liver cells lead to a significant decrease in
lipid-associated genes and alterations in lipid metabo-
lism, indicating that SLC7A11 has a role in maintaining
lipid homeostasis in the liver [18]. Even though we, or
Ma et al. [19], could not identify an association between
cg06690548 and SLC7A11 expression in blood, Vallegra
et al. [69] report an association utilising summary-based
mendelian randomisation (SMR) analysis [70]. Negative
correlation has been observed between SLC7A11 meth-
ylation and gene expression in hepatocellular carcinoma
[71] and Simner et al. demonstrated that decreasing
methylation via 5-AZA-dC treatment in trophoblast-
derived BeWo cells increased SLC7A11 levels [72], both
indicating that DNA methylation could regulate SLCA11
expression.

We discovered one DMR between individuals with and
without liver steatosis in YFS 2011. Although none of the
CpGs within the DMR chr2:10184444-10184650 were
individually statistically significantly associated with the
presence of liver steatosis or other liver health indica-
tors investigated here, methylation of nearby cg02841972
(chr2:10176151) associated with FLI levels and with the
expression of KLF transcription factor 11 (KLF11), over-
lapping the DMR (chr2: 10183677-10194963). KLF11
is a transcription factor that regulates glucose metabo-
lism and insulin secretion. Rare mutations in KLF11 are
thought to be causal for maturity-onset diabetes of the
young type 7, while a more common variant has been
associated with T2D in northern European populations
[73]. Methylation levels in the body of KLFI1, previ-
ously associated with insulin resistance (cg20853880 and
cg05301188) [74], and cg02841972 upstream of KLF11,
associated here with FLI, have previously been associated
with T2D [62] and CRP [75], further linking methylation
in this region with the metabolic dysfunction underlying
the co-morbidity of T2D and MASLD.

In addition to cg06690548 (SLC7A11), out of the 9
CpG sites which associated with GGT levels in at least
two of our discovery cohorts, blood methylation levels
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of ¢g19693031 (TXNIP) and cgl4476101 (PHGDH) have
been previously associated with NAFLD in adults [19],
with ¢gl14476101 (PHGDH) also associating with steato-
sis score and NAFLD in adolescence [56]. Methylation of
¢g00163198 (SNX19), measured only with the EPIC array
(not 450 K), has also previously been associated with liver
fat content [20].The lack of replication is partly due to
the fact that only three of the discovered sites are pres-
ent in Illumina 450 K array, previously used in the major-
ity of analyses. In the three-generational YFS 2018 data,
cg06690548 (SLC7A1I1), cgl4476101 and cg26457483
(PHGDH), and ¢g19693031 (TXNIP) showed significant
association with GGT only in the older G1 (43-58 years)
and GO (59-93 years) generations, with the strongest
associations in GO. The difference is intriguing, as G1 and
GO have very similar BMISs, liver enzyme levels and preva-
lence of liver steatosis, and GO had consumed less alcohol
than G1. As GO are the parents of G1, genetic differences
should not offer a major explanation either. Of these, the
negative association of ¢g19693031 (TXNIP) with liver fat
content in longitudinal analysis has also been previously
reported [20]. Even more perplexing is the association
between ¢g27516100 (DHX16) and cg00163198 (SNXI19)
with GGT levels in the younger G2 and G1, but not in
GO.

Even though meQTLs were discovered for CpGs in
PHGDH (cg14476101 and ¢g26457483) and cg22699725
(PFKFB2), none associated with GGT levels or attenu-
ated the association between the methylation sites and
GGT. Similarly, although most of the CpGs associated
with GGT also associate with the expression of nearby
genes, the levels of these transcripts were not strongly
associated with GGT levels. It must be noted that our
gene expression data are from peripheral blood and, for
example, changes in PHGDH expression in the liver have
been linked to lipid-associated genes, indicating a role in
liver function [76].

In addition to those CpGs associating with GGT, we
discovered 15 additional CpGs associating with FLI in at
least two of our discovery cohorts. Of these, cg06500161
(ABCGI) has been associated with NAFLD [19] and
liver fat content [20] in a cross-sectional setting, and
cg06500161 and cgl6740586 (ABCGI) also in longitu-
dinal analysis [20], while cg00574958 (CPT1A) has been
associated with NAFLD in a cross-sectional setting [19].
ABCGI facilitates cholesterol efflux to HDL, whereas
CPT1A catalyses the rate-limiting step of beta-oxidation
of long-chain fatty acids. Methylation of these genes has
been strongly linked to obesity [57], and in previous anal-
yses reporting their association with NAFLD and liver
fat content, these associations diminished after adjusting
with BMI [19, 20]. Methylation levels in SREBF]I, a tran-
scription factor regulating de novo lipogenesis, have been
associated with liver steatosis in many studies [18-20,
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56]. However, while these studies report an association
between cg11024682 (SREBFI) and liver steatosis, we
observe an association between cg20544516 (SREBFI)
and FLI. Instead of liver steatosis, cg20544516 has previ-
ously been associated with T2D [62] and triglyceride lev-
els [77], linking it closely to the development of MASLD.

In the three generations participating the YFS 2018
follow-up, most of the DNA methylation sites associat-
ing with FLI show the strongest association in the old-
est GO and the weakest association in the youngest G2
generation. Interestingly, ¢g22699725 (PFKFB2) and
cg06088069 (JDP2), which had similar association levels
with GGT in all generations, have an increasing asso-
ciation with FLI from the youngest to the older genera-
tions. This highlights that these indicators of liver health
could be describing different aspects of the underlying
pathology.

We also identified several meQTLs for CpGs associ-
ated with FLI. Similar to those associated with GGT,
adding meQTL in the model predicting FLI levels did
not diminish the association—and in some cases, such
as ¢gl4476101 (PHGDHI), cgl7075888 (PDK4) and
¢gl10919522 in Cl4o0rf43, adding genetic variation to the
model even strengthened the association between the
CpG and FLI. Unlike in the GGT analysis, transcripts
associated with FLI-linked CpGs were often them-
selves associated with FLI. For example, the effects of
cg06500161 (ABCGI) and cg20544516 (SREBF) methyla-
tion on FLI levels were mediated by the blood transcript
levels of these genes. This indicates that the link between
these CpG sites and FLI could be more systemic—rather
than liver-specific—and that the biological link between
methylation and FLI levels may, at least partly, involve
regulation of nearby gene expression.

Like all studies, also ours has some limitations. Firstly,
the YFS longitudinal data encompassing the 1986, 2011,
and 2018 follow-ups is limited in size and consists of
several batches. Therefore, we chose not to perform true
longitudinal analysis but instead conducted repeated
cross-sectional analyses. Liver enzyme levels were also
not measured in the YFS 1986 follow-up, further limit-
ing longitudinal analyses. The datasets utilised here con-
sist of mainly white Europeans, and the results cannot be
directly generalised to other ethnicities. Importantly, we
observed some discrepancies between the Finnish data-
sets and the German, cgl12973487 (TCF3) which associ-
ated significantly with FLI in German cohorts but not
in any of the populations or settings in the Finnish YFS.
From all the cohorts, the DNA methylation levels have
been measured from blood leukocytes, and the associa-
tions should thus be considered to reflect the systematic
components of liver steatosis and the crosstalk between
the liver and the immune system. In the mediation analy-
sis, even though the confounders deemed relevant in the
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mediation question were controlled for, due to the cross-
sectional nature of these analyses, reverse causality can-
not be fully ruled out as an explanation of the results.
Thus, rather than interpreting these results through a
strictly causal lens, the mediation analysis should be
interpreted as a statistical decomposition of the associa-
tion between DNA methylation and FLL

Our study also has several notable strengths in com-
parison to previous studies. We utilise the Illumina EPIC
array with 850,000 CpG sites, compared to the approxi-
mately 450,000 available on the 450 K array used in most
previous studies. In our discovery analysis, we require
the CpG to associate with the liver variable in at least two
independent cohorts and in the meta-analysis involving
over 5500 individuals. Furthermore, we are able to inves-
tigate the association between the discovered CpGs and
liver variables across three different generations and age
groups in the multigenerational YFG 2018 follow-up.

Conclusions

We show that in YFS, methylation at cg06690548
(SLC7A11) is lower in individuals with ultrasonically-
identified liver steatosis, with this association becoming
more pronounced in older individuals. We further iden-
tify overlapping groups of CpGs associating with both
GGT levels and FLI, many of which also exhibit stronger
associations with these liver health indicators in older
YES generations. Although several meQTLs were identi-
fied for these CpGs which are linked to liver health, these
meQTLs did not affect the associations with liver-related
traits, nor were they independently associated with liver
health. Interestingly, some of the associations between
the identified CpGs and FLI were mediated by whole
blood gene expression, suggesting a possible broader
systemic connection. In contrast, methylation levels at
those CpGs associated with GGT rarely associated with
expression of nearby genes, pointing to potentially dis-
tinct mechanisms underlying these biomarkers of liver
function. Taken together, our findings contribute to a
deeper understanding of the pathophysiology of liver dis-
eases and provide insights in the systematic development
of steatotic liver and provide information on the crosstalk
between the liver and the circulatory immune cells.
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