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ABSTRACT
Non-Alcoholic fatty liver disease (NAFLD) is the leading cause of chronic liver disease in children. 
Epigenetic alterations, such as through DNA methylation (DNAm), may link adverse childhood 
exposures and fatty liver and provide non-invasive methods for identifying children at high risk for 
NAFLD and associated metabolic dysfunction. We investigated the association between differen-
tial DNAm and liver fat content (LFC) and liver injury in pre-adolescent children. Leveraging data 
from the Newborn Epigenetics Study (NEST), we enrolled 90    mother-child dyads and used linear 
regression to identify CpG sites and differentially methylated regions (DMRs) in peripheral blood 
associated with LFC and alanine aminotransferase (ALT) levels in 7–12yo children. DNAm was 
measured using Infinium HumanMethylationEPIC BeadChips (Illumina). LFC and fibrosis were 
quantified by magnetic resonance imaging proton density fat fraction and elastography. 
Median LFC was 1.4% (range, 0.3–13.4%) and MRE was 2.5 kPa (range, 1.5–3.6kPa). Three children 
had LFC ≥ 5%, while six (7.6%) met our definition of NAFLD (LFC ≥ 3.7%). All children with NAFLD 
were obese and five were Black. LFC was associated with 88 DMRs and 106 CpGs (FDR<5%). The 
top two CpGs, cg25474373 and cg07264203, mapped to or near RFTN2 and PRICKLE2 genes. These 
two CpG sites were also significantly associated with a NAFLD diagnosis. As higher LFC associates 
with an adverse cardiometabolic profile already in childhood, altered DNAm may identify these 
children early in disease course for targeted intervention. Larger, longitudinal studies are needed 
to validate these findings and determine mechanistic relevance.
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Introduction

Non-Alcoholic fatty liver disease (NAFLD) is 
now the most prevalent chronic liver disease 
among children and adults in the United 
States [1,2]. Driven largely by the epidemics of 
obesity and insulin resistance, it is expected 
that NAFLD will soon become the leading 
cause of liver transplantation among children 
in the Western world and that rates of chronic 
progressive NAFLD will expand into children of 
increasingly younger ages [2–4]. Given these 
predictions and the risks associated with more 
severe disease over time, the rising prevalence 
of NAFLD among the paediatric population is 
particularly alarming [5,6].

Mounting evidence suggests that risk for fatty 
liver starts very early in life and predisposes chil-
dren to progressive NAFLD and liver injury as 
well as to increased morbidity and mortality 
[7,8]. Similar to adults, NAFLD in children devel-
ops as a result of a complex interplay between 
metabolic derangements in the form of increased 
total body fat and insulin resistance, genetic and 
epigenetic variation, and environmental exposures 
[9]. Many of these influences can begin in utero, 
such as through adverse exposures to pre- 
pregnancy maternal obesity [10–12], diabetes 
[12–14], and low and high birthweight [15]. All 
of these have been linked to increased risk for 
obesity and poor metabolic health, as well as the 
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increased likelihood for progression of steatosis to 
non-alcoholic steatohepatitis (NASH) and 
advanced fibrosis [16,17].

Despite increased knowledge about the risks for 
paediatric NAFLD and NASH and its natural his-
tory, biomarkers able to identify children early in 
the disease course remain undefined. Standard of 
care techniques used to identify these children 
early have proven insufficient in identifying or 
halting disease progression[18]. Thus, alternative 
mechanisms to identify disease risk and progres-
sion earlier are critically needed. Epigenetics may 
be an important tool to fill these gaps. Epigenetic 
mechanisms alter gene expression and subsequent 
phenotypes without altering the DNA sequence 
and can be inherited across generations[19]. 
DNA methylation represents one of the most stu-
died and stable epigenetic mechanisms. In 
humans, several studies have shown that exposure 
to maternal body mass index (BMI) [20,21] and 
gestational diabetes [22] associate with reproduci-
ble differences in DNA methylation at birth. 
Despite reduced effect sizes over time, differences 
in DNA methylation can persist through child-
hood and may be an important mechanism estab-
lishing and promoting increased risk for ongoing 
disease throughout life[23]. Despite accumulating 
evidence to support DNA methylation influences 
on childhood metabolic dysfunction, studies of 
DNA methylation in NAFLD have largely been 
performed in adults using liver biopsy tissue [24– 
27] or peripheral blood [28,29], and few have 
assessed the association between peripheral blood 
differences in DNA methylation with other meta-
bolic disease, hepatic steatosis and/or NAFLD in 
children[30].

Although epigenetic marks are generally cell- 
and tissue-specific, there are data to suggest that 
peripheral blood DNA methylation profiles can 
reflect differences in DNA methylation in internal 
organs including the liver. [31] A recent study 
using untargeted approaches revealed that periph-
eral blood DNA methylation patterns reflect cell- 
type changes in the liver and thus could provide 
a biomarker for NAFLD fibrosis[32]. In addition, 
specific changes in peripheral blood-derived DNA 
hypermethylation at one CpG (cg06690548) was 
recently shown to be associated with lower risk of 
hepatic steatosis[33]. More recently, investigators 

identified a whole blood DNA methylation profile 
associated with hepatic fat and NAFLD risk and 
found that methylation levels in blood were mod-
erately correlated with those measured in liver 
tissue[28]. Thus, while some DNA methylation 
may be tissue specific, changes in those tissues 
are likely reflected in blood, particularly the liver 
through which more than 75% of the body’s blood 
flows. The ability to identify non-invasive markers 
as a proxy of disease for more inaccessible tissues 
would be critical to improved mechanistic under-
standing, early identification and even interven-
tions particularly in children where risk should 
be mitigated.

To address the gap in knowledge, we examined 
the epigenome-wide association between DNA 
methylation at >850,000 CpGs and liver fat con-
tent (LFC), fibrosis, and cardiometabolic abnorm-
alities in pre-teenage children initially recruited to 
the longitudinal birth cohort, the Newborn 
Epigenetics Study (NEST). We assessed the asso-
ciation between differentially methylated regions 
(DMRs) and single CpG sites in peripheral blood 
to identify epigenetics marks that could signal 
a possible mechanistic risk for NAFLD and serve 
as future potential biomarkers of cardiometabolic 
health.

Materials and methods

Study population

We enrolled children currently followed in 
NEST, a multi-ethnic, birth cohort study 
designed to understand the role of environmental 
influences on epigenetic responses and health 
outcomes in later life. Between 2005 and 2011, 
NEST recruited pregnant women from prenatal 
clinics serving Duke University Obstetrics and 
Durham Regional Hospital Obstetrics facilities 
in North Carolina, respectively. A detailed 
description of the study participants, enrollment 
criteria, and data collected has been previously 
reported [34,35]. Briefly, women were consecu-
tive visitors to the two Durham County obste-
trics clinics and considered eligible for enrolment 
in NEST if aged 18 years and older, pregnant, 
and spoke English or Spanish. Women were 
excluded if planning to move in the next three 

EPIGENETICS 1447



years or to have their newborns adopted. NEST 
and the present study have been approved by the 
Duke University Institutional Review Board. 
Written informed consent was obtained for all 
participants and children aged 12 or older pro-
vided additional assent for participation.

From these participants, we conducted 
a cross-sectional study called the Study of Early- 
life, Epigenetics and NAFLD (SEEN). We 
recruited children for SEEN based on maternal 
pre-pregnancy body mass index (BMI). At 
enrollment in NEST, questionnaires and medical 
abstractions gathered information regarding 
maternal pre-pregnancy anthropometric mea-
surements, including current height (metres) 
and usual pre-pregnancy weight (kilograms). 
BMI was calculated from these measurements 
and mothers were classified as obese if BMI 
was 30 kg/m2 or greater, according to the 
World Health Organization classifications 
(https://www.who.int/dietphysicalactivity/child 
hood_what/en/). For this study, we oversampled 
children born to women with pre-pregnancy 
obesity. All participants had baseline data col-
lected at enrolment in NEST and mother-child 
dyads were screened for the presence of under-
lying chronic liver disease. Children were 
excluded if they had a history of known under-
lying liver disease or alternative reason for fatty 
liver disease such as exposure to total parenteral 
nutrition within the prior three months, short 
bowel syndrome, biliopancreatic diversion or 
bypass, active malignancy, or contraindication 
to MRI. Between August 2016 and April 2019, 
a total of 181 eligible mother-child dyads with 
pre-pregnancy BMI and parity data and children 
between the ages of 7 and 12 from NEST were 
re-contacted. Of these, 60 declined to participate 
or were unsure of participation and 31 failed to 
show for appointments. A total of 90 mother- 
child dyads were consented for SEEN. All con-
sented mother-child dyads completed enrollment 
activities. We compared the 90 participants to 
the overall NEST cohort (n = 2681) and they 
were similar with respect to maternal age at 
delivery (p = 0.30), maternal education 
(p = 0.32), sex of the child (p = 0.30), and 
child birthweight (p = 0.43). The 90 mother- 
child dyads were more likely to be African 

American (p < 0.05). We examined race/ethni-
city as a potential confounder.

Data collection

Upon enrollment in SEEN, each parent completed 
a questionnaire that provided information about 
their own and their child’s demographics, lifestyle 
characteristics including employment/education, 
exercise and dietary habits, smoking history, 
comorbidities including NAFLD and other 
chronic liver disease, family history and medica-
tion use. As part of the parent NEST study, demo-
graphics, medical history, questionnaires, lifestyle, 
diet, and health characteristics were obtained for 
all enrolled mothers. At delivery, parturition data 
were obtained from medical records.

Assessment of child body size and 
cardiometabolic health at age 7-12 years

Children underwent a physical exam which 
included vital signs, weight and height mea-
surements, and waist and hip circumference 
measurements. Using these values, sex and age- 
specific BMI percentiles were computed based 
on the Centers for Disease Control and 
Prevention protocols (https://www.cdc.gov/ 
healthyweight/bmi/calculator.html)[36]. 
A diagnosis of hypertension or elevated blood 
pressure were assessed by blood pressure per-
centiles calculated using the American Academy 
of Paediatrics (AAP) MDCalc for paediatric 
hypertension based on the AAP Paediatric 
Hypertension Guidelines according to recom-
mended guidelines from the National 
Education Program Working Group on High 
Blood Pressure in Children and Adolescents 
[37]. Fasting venous blood samples were col-
lected to measure liver function and measures 
of metabolic health including alanine amino-
transferase (ALT) and aspartate aminotransfer-
ase (AST) levels, total bilirubin, total 
cholesterol, triglycerides (TG), high density 
lipoprotein (HDL) and low density lipoprotein 
(LDL) levels, and glycosylated haemoglobin 
(HbA1c%).
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Liver fat content and fibrosis assessments

We measured LFC using a 3.0 Tesla MRI system 
(TIMTrio, Siemens Healthineers, Erlangen, 
Germany). MRI was performed in children after 
a fasting period of more than six hours without 
sedation and each exam lasted approximately 
25 minutes. MRI was performed using a non- 
contrast, breath-hold, multi-echo spoilt gradient 
recalled echo sequence that uses a low flip angle 
to reduce T1 bias, with correction for T2*decay, 
and uses spectral modelling to address fat-water 
and fat-fat signal interference effects, and proton- 
density fat fraction (PDFF) maps were generated 
[38,39]. Three equal-sized regions of interest mea-
suring at least 2 cm2 each were placed in the 
anterior, mid, and posterior portions of the right 
hepatic lobe, avoiding visible vessels and artefacts 
on the PDFF maps. LFC was determined as the 
mean PDFF value of the regions of interest.

Abdominal adiposity was measured using 
a conventional, T1-weighted 3D gradient recalled 
echo sequence. Cross-sectional area of intra- 
abdominal fat, subcutaneous fat, and skeletal mus-
cle wwa measured using manually-drawn regions 
of interest. From these, we calculated subcuta-
neous to visceral fat and visceral to subcutaneous 
fat ratios. Subcutaneous Additionally, T1 mapping 
of the liver was performed using an FDA- 
approved multi-flip angle gradient echo sequence. 
T1 mapping has been suggested as a surrogate for 
hepatic fibrosis, but not extensively validated.

MR elastography (MRE) was used to measure 
liver stiffness using the Resoundant system 
(Resoundant, Inc., Rochester, MN). The acquired 
images are used to generate quantitative maps of 
tissue stiffness referred to as elastograms and to 
provide an overall estimate of parenchymal stiff-
ness with units of kiloPascals (kPa) [40,41]. 
Regions of interest covering at least 10 cm2 in 
total were drawn on one or more of the stiffness 
maps, and the liver stiffness recorded as the mean 
pixel-wise stiffness.

In addition to MRE, we assessed liver stiffness 
in children via transient elastography (TE) 
(FibroScan®, Echosens, Paris). The feasibility of 
TE in children has been shown in several studies 
including those as young as 5 years of age 
[42,43]. The same trained personnel performed 

TE on all eligible, consented children after at 
least a six hour fast to obtain liver stiffness 
measurement (LSM). The M probe was used 
initially for all children and the examination 
was considered successful when ten valid mea-
surements and interquartile range (IQR) was less 
than 30% of the median LSM value. Participants 
with unsuccessful examinations were excluded 
from the analysis of LSM.

Liver fat fraction of ≥ 5% has been defined as 
NAFLD in adults[44]. Given that thresholds for 
NAFLD in children less than 10 years of age 
have not yet been validated, our goal was to 
assess associations with LFC across the spectrum 
of disease. We first defined NAFLD as a liver fat 
fraction above 3.7% as 90% of children had 
PDFF values less than 3.1% in our study popula-
tion. This decision was based on previously pub-
lished work suggesting 3.5% may represent an 
unhealthy amount of liver fat in adolescent chil-
dren and that liver fat accumulation above 2.0% 
is already associated with an increased risk for 
cardiometabolic disease [30,45,46]. Second, we 
assessed the association between top tertile 
LFC, defined as greater than or equal to 1.7%, 
and baseline child and mother characteristics as 
well as with altered DNA methylation.

DNA methylation

DNA from peripheral blood from children 
enrolled in this study was extracted using 
Puregene Reagents (QIAamp DNA Mini Kit, 
Qiagen, Valencia, CA, USA). Details have been 
described previously[47]. DNA quality was 
assessed using a Nanodrop 1000 
Spectrophotometer (Thermo Scientific; 
Wilmington, DE). Bisulphite conversion was 
performed using 500ng of DNA via the EZ 
DNA Methylation Kit per manufacturer’s 
instructions (Zymo Research; Irvine, CA). 
Samples were plated randomly onto 96 well 
plates and processed with the Illumina 
Infinium MethylationEPIC BeadChip Kit per 
the manufacturer’s recommendations (llumina 
Inc., San Diego, CA). The EPIC BeadChips 
interrogate over 850,000 methylation sites across 
the genome.
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DMR identification

Data processing and quality control assessment of 
the methyl-array data was carried out using the 
minfi package from the R statistical programming 
environment [48,49]. A MethylSet object containing 
only methylated and unmethylated signals was cre-
ated using the preprocessRaw function, and beta- 
value densities were inspected to assess sample qual-
ity. Normalization of the methylation data was car-
ried out using stratified quantile normalization 
processing method, which normalizes the methy-
lated and unmethylated intensities separately. The 
normalization step also addressed outliers and 
removed poorly performing samples of both methy-
lated and unmethylated channels when small inten-
sities were close to zero. Additional potential 
methylation beta values outliers were trimmed 
using values beyond the lower and the upper outer 
fences. These are defined by values < 25th percentile 
minus 3 times interquartile range (IQR) and values 
> 75th percentile plus 3 times IQR. We also 
excluded probes with a detection p-value > 0.01 in 
more than 20% of the samples and probes that 
overlapped with sex chromosomes[48]. A total of 
866,091 probes exist on the Illumina Methylation 
850 K array of which 845,797 probes were left after 
removing control probes, probes with a detection 
p-value > 0.01 in more than 20% of the samples, and 
those mapping to single nucleotide polymorphisms 
(SNPs) and sex chromosomes.

CpG identification

To identify individual CpG sites data processing 
and quality control was performed using quantile 
normalization to eliminate systematic differences 
across the arrays. Probes that had a detection 
p-value > 0.05 in more than 10% of the cohort 
were filtered out prior to analysis. Probes were 
annotated with their genomic coordinates in the 
hg38 version of the human genome and the near-
est gene to the probe was listed using the gene 
models provided by Ensembl (version 93). 
Chromatin state was reported for each probe 
based on the 18-state HMM for mononuclear 
cells from the Roadmap Epigenomics Project[50]. 
Principal components analysis was performed on 
filtered beta values to test for confounding factors 

and assess for the presence of outliers in the 
R statistical programming environment.

DNA methylation analysis

We assessed DNA methylation across the genome 
using two methods: DMRs and specific CpG 
methylation. Multivariable linear regression ana-
lyses were used to estimate the associations 
between DNA methylation in peripheral blood 
and liver health-related outcomes including LFC, 
top tertile LFC, top tertile ALT, and a diagnosis of 
NAFLD. Models were adjusted for maternal pre- 
pregnancy obesity, maternal age at delivery, 
maternal cigarette smoking, child sex, and cell 
proportions. The Houseman cell type count 
were generated using ExpirmentalHub package 
and combined with the covariate data table. 
Regression models for specific CpG site methyla-
tion were fit using the limma package in R. The 
DMRs analysis was performed using DMRcate 
[51] R package. Significant DMRs were defined 
based on the following criteria: 1) region with 
p-value <0.05 after correcting for multiple com-
parisons using the Benjamini and Hochberg 
approach [52]; 2) Epigenome-wide association 
(EWAS) effect estimates for the individual CpGs 
in a DMR have the same direction; 3) more than 
two CpGs in the DMR; and 4) minimum distance 
separating DMRs of 10 lambda (conseclambda).

Next, we examined our CpG results to deter-
mine if there was any overlap with 22 CpG sites 
measured in peripheral blood previously asso-
ciated with liver fat accumulation in adults[28]. 
In addition, we examined our DMR results for 
LFC to determine any overlap with differential 
methylation associated with BMI as measured in 
peripheral blood of children aged 2–18 years[53].

Statistical analysis

Mother and child characteristics were summarized 
by the mean and standard deviation for symme-
trical distributions and median and interquartile 
range (IQR) for asymmetric distributions.

Differences in normally distributed data were 
analysed using Student’s t test or analysis of var-
iance, while non-normally distributed data were 
analysed using the Mann-Whitney U test. Chi- 
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square or Fisher’s exact test, as appropriate, were 
used to compare proportions. All statistical tests 
were two-sided and based on a significance level of 
5%. Data were analysed using SAS JMP statistical 
software for Windows (version 14.0; SAS Institute, 
Inc., Cary, NC.)

Pathway analysis and comparison to CpG 
associated with hepatic steatosis in adults

We used the Ingenuity Pathway Analysis (IPA, 
Ingenuity systems, Inc., Redwood City, CA, www. 
ingenuity.com) tool to examine canonical pathways, 
upstream regulators, diseases and functions asso-
ciated with significant genes annotated to the DMRs 
with peripheral blood of NAFLD, ALT and top tertile 
LFC. The significance of canonical pathways and 
upstream regulators was determined by IPA’s default 
threshold [-log(Benjamini Hochberg p-value) > 1.3]. 
We also conducted aggregate comparison analysis to 
find pathways common in PDFF, NAFLD and ALT.

Results

Participant characteristics

Of the 90 children enrolled in the study, good 
quality MRI-PDFF values were obtained in 79 
(87.8%). Baseline characteristics of the 79 children 
and mothers are summarized in Table 1. These are 
shown by LFC dichotomized by the top-tertile 
PDFF. Breakdown of baseline characteristics by 
child BMI (obese/overweight (OW) versus non- 
obese/OW) is shown in Supplementary Table 1. 
Children enrolled in the study were a median age 
of 9.2 years (IQR 8.1–9.8) and 44.3% identified as 
male at birth. A majority (64.5%) of children were 
African American (AA) and significantly more AA 
children were considered obese or OW and were 
born to mothers with pre-pregnancy obesity 
(66.1% vs. 33.9%, p < 0.0001) (Supplemental 
Table 1). LFC did not differ significantly by race 
or ethnicity in this cohort. Children with higher 
LFC were significantly more likely to be older, 
have higher BMI and larger waist circumference, 
and fall into the obese BMI category. Several para-
meters indicative of the metabolic syndrome in 
adults (e.g., increased systolic blood pressure, 
serum triglyceride concentrations, and serum 

TG/HDL ratio [54–56]) tended to be higher in 
the top-tertile LFC than in the lower two tertiles 
of LFC, but none of these achieved statistical sig-
nificance. In contrast, ALT values were signifi-
cantly higher in children in the top-tertile LFC.

Imaging characteristics of children

Table 2 shows the imaging characteristics for chil-
dren enrolled in SEEN by LFC (i.e., top tertile 
PDFF). This is shown by obese/OW status in 
Supplementary Table 2. Liver fibrosis was assessed 
by liver stiffness measurement (LSM) via TE in 85 
(94%) and MRE in 81 (90%). Median LFC was 
1.4% (range, 0.3–13.4%), LSM was 4.3 kPa 
(range, 2.3–14.5 kPa), and MRE was 2.5 kPa 
(range, 1.5–3.6kPa). Three children had LFC ≥ 
5%, while six (7.6%) met our definition of 
NAFLD. All children meeting our definition of 
NAFLD were considered obese by BMI category 
(z > 95th percentile) and interestingly, five of the 
six were AA. Five children had MRE values ≥ 3 
kPa and the majority were considered obese by 
BMI. MRE was significantly higher in those with 
lower LFC and whether this is of clinical signifi-
cance remains uncertain. Subcutaneous to visceral 
fat ratio and subcutaneous fat area were signifi-
cantly higher in children with top-tertile LFC as 
was visceral fat area. As expected, obese and over-
weight children also had significantly greater sub-
cutaneous and visceral fat area than normal weight 
children (Supplementary Table 2). Visceral and 
subcutaneous adipose tissue have been shown to 
confer different metabolic risks in children. In 
adults, visceral adipose tissue (VAT) is more 
strongly associated with cardiometabolic risk than 
subcutaneous adipose tissue (SAT) [57,58]. In chil-
dren, however, the relationship is less clear with 
some data suggesting there may be a threshold 
above which VAT and/or SAT confers risk while 
other data found SAT to be more strongly asso-
ciated with insulin resistance and obesity.

Differentially methylated regions and liver fat 
content, NAFLD and ALT in pre-teenage children

First, we assessed associations between top tertile 
LFC, a diagnosis of NAFLD, and top tertile ALT 
and DMRs to determine potential mechanistic 
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pathways as well as non-invasive risk markers 
for early signs of liver fat and injury. At an 
FDR adjusted p-value of <0.005, we identified 
88 DMRs associated with top-tertile LFC, 71 
with a diagnosis of NAFLD, and 123 with top 
tertile ALT values. The top ten significant DMRs 
associated with LFC are shown in Table 3. The 
most significant of these was for a DMR of 13 
CpG sites in the maestro heat like repeat family 
member 6 (MROH6) gene. This gene shows cell 
type specificity to hepatocytes but low overall 
tissue specificity and is known to affect expres-
sion of transforming growth factor beta-1 
(TGFß-1) according to the human protein atlas. 
KEGG pathway annotations reveals it is most 
associated with primary bile acid biosynthesis 
and nitrogen metabolism in humans and a SNP 
in the gene was found to be associated with IL- 
18 levels in patients with acute coronary syn-
drome[59]. The full list of significant DMRs by 

Table 1. Child characteristics by top tertile liver fat content (PDFF).

Child Characteristics
All with PDFF 

(n = 79)

Top Tertile 
PDFF ≥ 1.7% PDFF < 1.7% 

(n = 50) p-value(n = 29)

Age (years) (median and IQR) 9.2 (8.1–9.8) 9.6 (8.4–10.6) 8.8 (7.9–9.5) 0.02
Male Sex, n (%) 35 (44.3) 14 (40) 21 (60) 0.59
Race 0.81
White 24 (30.4) 8 (33.3) 16 (66.7)
Black 51 (64.5) 19 (37.3) 32 (62.7)
Other 4 (5.1) 2 (50) 2 (50)
Non-Hispanic Ethnicity 72 (91.1) 26 (36.1) 46 (63.9) 0.72
Maternal pre-pregnancy BMI (kg/m2) (n = 77) 31.6 (23.7–44.7) 31.9 (27.4–35.9) 31.1 (23.3–46.7) 0.56
Child Body Mass Index (BMI) (kg/m[2]) (n = 78) 19.3 (15.6–23.9) 22.7 (20.3–29.6) 17.4 (15.4–20.9) <0.0001
BMI %tile (n = 78) 86.5 (41.7–96) 95 (85–99) 64 (30.5–92) 0.0004
BMI %tile Category (n = 78)
Obese (> 95%), n (%) 29 (37.2) 18 (62.1) 11 (22.5) .002
Overweight (> 85th to < 95th), n (%) 11 (14.1) 4 (13.8) 7 (14.3)
Normal (> 5th to <85th), n (%) 34 (43.6) 6 (20.7) 28 (57.1)
Underweight (<5th), n (%) 4 (5.1) 1 (3.4) 3 (6.1)
Waist Circumference (inches) (n = 76) 24 (22–29.9) 29.8 (24.5–32.5) 23 (21–25.) <0.0001
Waist to Hip Ratio (n = 75) 1.0 (0.9–1) 1.0 (0.90–1.0) 1.0 (0.9–1.0) 0.18
Systolic Blood Pressure (mmHg) %tile (n = 78) 66 (46–88.3) 74.5 (46.5–91.8) 65 (43.5–88.3) 0.35
Diastolic Blood Pressure (mmHg)%tile (n = 78) 53 (28.3–74) 51.5 (30.8–73) 54.5 (24.5–74.3) 0.84
Hypertension, n (%) (n = 78) 15 (19.2) 7 (25) 8 (16) 0.63
Elevated blood pressure, n (%) 7 (9) 2 (7.1) 5 (10)
Laboratory Data
Glycosylated Haemoglobin (HbA1c%) (n = 77) 5.4 ± 0.4 5.5 ± 0.3 5.4 ± 0.4 0.15
Total Bilirubin (mg/dL) (n = 76) 0.6 (0.4–0.8) 0.6 (0.4–0.7) 0.7 (0.5–0.8) 0.22
AST (U/L) (n = 77) 28 (24–30) 26.5 (25.5–29) 28 (23–32) 0.63
ALT (U/L) (n = 77) 17 (15–20) 18 (15–21.5) 16 (14–19) 0.01
Triglycerides (mg/dL) (n = 78) 45 (37–63) 51 (40–67.5) 43.5 (35–54) 0.08
Total Cholesterol (mg/dL) (n = 78) 157 (132–169) 154.5 (122.7–166) 157 (133.7–169.3) 0.33
HDL (mg/dL) (n = 78) 56 (45–66) 51 (44–63.5) 58.5 (48–67) 0.12
LDL (mg/dL) (n = 78) 88.5 (75–96) 85 (72.5–97) 90.5 (81–96) 0.54
TG/HDL ratio (n = 78) 0.85 (0.58–1.17) 0.97 (0.7–1.45) 0.78 (0.52–1.1) 0.07

AST, aspartate aminotransferase; ALT, alanine aminotransferase; BMI, body mass index; HDL, high density lipoprotein; HTN, hypertension; LDL, low 
density lipoprotein; IQR, interquartile range; OW, overweight; PDFF, proton density fat fraction; SD, standard deviation; TG, triglycerides. 

Table 2. Imaging characteristics of children by top tertile liver 
fat content (PDFF).

Characteristics 
(median ± IQR)

All with 
PDFF 

(n = 79)

Top Tertile 
PDFF ≥ 1.7% 

(n = 29)

PDFF < 
1.7% 

(n = 50) p-value

Liver Stiffness 
Measurement (kPa) 
(n = 74)

4.3 (3.7– 
4.9)

4.4 (3.7–5.3) 4.2 (3. – 
4.6)

0.33

MRE (kPa) (n = 78) 2.5 (2.2– 
2.6)

2.3 (2.2–2.5) 2.5 
(2.3– 
2.7)

0.047

Subcutaneous to 
Visceral Fat Ratio 
(n = 78)

0.84 
(0.77– 
0.88)

0.87 (0.81–0.92) 0.82 
(0.74– 
0.88)

0.03

Visceral to 
Subcutaneous Fat 
Ratio (n = 78)

0.16 
(0.12– 
0.23)

0.13 (0.09–0.2) 0.18 
(0.12– 
0.26)

0.03

MR Subcutaneous Fat 
Area (cm2) 
(n = 75)

51.4 
(24.9– 
156.6)

157.5 (83.1– 
199.5)

30.8 
(21.4– 
61.2)

<0.001

MR Visceral Fat Area 
(cm2) (n = 75)

11 (6.3– 
22.3)

20.2 (9.9–35.8) 8.2 
(4.9– 
13.7)

0.001

IQR, interquartile range; OW, overweight; PDFF, proton density fat 
fraction; MRE, magnetic resonance elastography; MR, magnetic 
resonance 
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outcome are listed in Supplementary Tables 3–5. 
We then assessed overlap of significant DMRs 
among the three analyses of liver fat and injury. 
Of the 88, 71, and 123 significant DMRs, we did 
not identify any overlap between LFC and 
NAFLD while six DMRs overlapped between 
NAFLD and ALT. These DMRs mapped to six 
genes, namely, AURKC, BHMT, FAM47E- 
STBD1, KIAA0040, NBPF19 and ZNF264 
(Supplementary Table 6).

CpG site methylation and liver fat content, 
NAFLD and ALT

Next, we analysed the association of individual 
CpG sites with LFC, ALT and a diagnosis of 
NAFLD in pre-teenage children. 106 CpG sites 
were significantly associated with LFC and 122 
with ALT at an adjusted p-value <0.005 
(Supplementary Tables 7–9). Only two CpG 
sites were significantly associated with 
a diagnosis of NAFLD at the adjusted p-value 
<0.005. Interestingly, the genes associated with 
these top two CpG sites on Chromosomes 2 
and 3, cg25474373 and cg07264203, correspond 
to RFTN2 and PRICKLE2, both of which were 
also the top two CpG sites found to be differ-
entially methylated in the LFC analysis. RFTN2, 

Raftlin Family Member 2, is a protein coding 
gene that mediates clathrin-dependent interna-
lization of TLR4 in some cells upon bacterial 
lipopolysaccharide stimulation and may regu-
late B-cell antigen receptor-mediated signalling 
[60]. More recently, lower levels of raftlin in 
maternal serum and placental tissue were 
found in women who gave birth to foetus with 
intrauterine growth retardation (IUGR) [61] 
which is interesting as IUGR has been asso-
ciated with metabolic dysfunction including 
insulin resistance and NAFLD later in life[62]. 
The exact function of PRICKLE2, Prickle Planar 
Polarity Protein 2 gene, is not well described 
but the gene encodes a postsynaptic protein 
involved in neuronal architecture and function. 
Its function has been related to the Wnt 
Signalling pathway. Altered DNA methylation 
of this gene in sperm has been associated with 
reduced fecundity[63]. Altered methylation of 
this CpG or gene has not previously been asso-
ciated with the liver or fatty liver in the pub-
lished literature.

Overlap with DNA methylation in adult NAFLD

Next, we assessed the overlap between 22 CpGs 
differentially methylated in adult NAFLD [28] 

Table 3. Significant DMR associated with top tertile liver fat content (by MRI-PDFF).

Gene
# of 
CpG Chr. max. β Area FDR P-value Gene Ontology/Annotation

MROH6 13 Chr 8 −0.007 PROMOTER 3.3 x 10−[8] IL18, body fat percentage/Variant may regulate inflammasome
CDH24 4 Chr 

14
−0.0031 PROMOTER 1.2 x 10−[7] Cell morphogenesis, cell-cell junction assembly/Binds catenins, alterations 

implicated in several cancers
WFIKKN2 20 Chr 

17
0.005 PROMOTER 1.4 x 10−[7] Skeletal system development, TGFβ-R signalling pathway/Loss of function 

variant associated with glucose, haemoglobin A1c and HOMA-IR in humans
FGFBP1 9 Chr 4 −0.0067 GENE_BODY 2.4 x 10−[7] Signal transduction, cell-cell signalling/Increased gene expression associated 

with familial hypertension
TMEM232 14 Chr 5 −0.013 PROMOTER 8.9 x 10−[6] Membrane component/Variant associated with atopic dermatitis
KCNG2 6 Chr 

18
0.008 GENE_BODY 1.1 x 10−[5] Ion transport, regulation of insulin secretion/Regulation of neurotransmitters, 

heart rate, transport
AKAP8L 6 Chr 

19
−0.007 PROMOTER 1.1 x 10−[5] mRNA processing, mitotic chromosome condensation/Regulation of H3K4 

histone methyltransferase complexes, apoptosis, DNA replication
WIZ 6 Chr 

19
−0.007 DOWNSTREAM 1.1 x 10−[5] Regulation of transcription, cell cycle/Aberrant methylation associated with 

atherosclerosis risk subtype
SLC6A20 4 Chr 3 −0.005 INTRON 4.3 x 10−[5] Amino acid transport, glycine transport/Variants associated with increased 

risk for diabetes, kidney transporters
SCO2 6 Chr22 −0.005 PROMOTER 4.7 x 10−[5] In utero embryonic development, copper transport/Cytochrome c oxidase 

assembly, mitochondrial copper delivery pathways

Analysis adjusted for mother’s pre-pregnancy body mass index, mother’s age at delivery, child sex, maternal smoking and cell proportions. DMR, 
differentially methylation region; Chr, chromosome; FDR, false discovery rate; TSS, transcription start site. 

EPIGENETICS 1453



with the significantly differentially methylated 
CpGs in the peripheral blood of children with 
liver fat accumulation (top tertile PDFF). Two 
CpGs, cg18120259 corresponding to the 
LOC100132354 gene, and cg19016694 correspond-
ing to the TBCD gene, overlapped between the two 
analyses. In both analyses, hypomethylation of 
cg10916694 was associated with higher LFC while 
hypermethylation of cg18120259 was associated 
with higher LFC in our analysis and mixed in the 
adult NAFLD analysis. Many others overlapped in 
terms of gene name but not by specific CpG site 
(i.e., SKI, PHGDH, SLC7A11, RPS6KA2, SLC43A1, 
CPT1A, SLC9A3R1, ZFR2, LINC00649, ABCG1).

Overlap with DNA methylation and paediatric 
body mass index

DNA methylation has also been associated with 
adiposity in adults. To determine whether changes 
in DNA methylation may underlie earlier associa-
tions between exposures and adiposity, a large 
meta-analysis of children in five continents was 
recently conducted[53]. These investigators identi-
fied a relationship between DNA methylation and 
BMI in different age groups. We compared our 
differential methylation results for LFC with those 
associated with BMI to determine a potential over-
lap. Of the 13 genes that met genome-wide signif-
icance in their analysis, we identified an overlap 
three SNORD genes and SNHG1 (SNORD29, 
SNORD30 and SNORD31, SNHG1).

Pathway and upstream regulator analyses

In order to assess how DMRs associate with one 
another and significant biological processes and 
pathways, we conducted an Ingenuity Pathway 
Analysis of the three outcomes. For the canonical 
pathway analyses, Type I Diabetes Mellitus signal-
ling, Type II Diabetes Mellitus signalling, 
Antioxidant Action of Vitamins and MSP-RON 
signalling pathways were significant across all 
three outcomes while those most involved with 
DMRs from the hepatic fat content (PDFF) analy-
sis also included Endocannabinoid Cancer, TGF-β 
signalling, and Interferon signalling (Figure 1). 
Glycine Betain Degradation was the most signifi-
cant canonical pathway involved with NAFLD. For 

the analysis of upstream transcriptional regulators, 
IPA identified two significant genes, CTCF and 
RAD21, for the NAFLD DMRs while there were 
no significant upstream regulators identified for 
ALT or PDFF (Figure 2).

Discussion

To our knowledge, this is one of the first epigen-
ome-wide association studies of liver fat accumu-
lation and liver injury in a multi-ethnic group of 
pre-teenage children. The aim was to determine 
these associations in order to identify markers of 
future progressive liver disease and poor metabolic 
health as well as genes and pathways involved. In 
this cohort of pre-teenage children, we identified 
88 DMRs and 106 CpGs significantly associated 
with LFC accumulation measured as a both higher 
versus lower LFC and continuous values. Many of 
the identified DMRs and CpGs were in or near 
genes regulating biological pathways relevant to 
the development of liver steatosis and associated 
metabolic risk factors. These include the DMR of 
the MROH6 promoter which affects expression of 
TGFB-1 and genetic variants have been previously 
identified as playing an important role in deter-
mining IL-18 levels in a large study of patients 
with acute coronary syndrome[59]. IL-18 pro-
motes atherosclerotic plaque formation in 
humans. Another was the DMR of the WAP, fol-
listatin/Kazal, Immunoglobulin, Kunitz and Netrin 
Domain Containing 2 (WFIKKN2) gene contain-
ing 20 CpGs on chromosome 17. This gene con-
trols the action of many types of proteases and 
a recently published study assessing the plasma 
proteome in obesity [64] found that this gene has 
a potentially causal role in the development of 
obesity likely via regulating some members of the 
transforming growth factor-beta (TGFB) family. 
Thus, altered methylation of this gene may associ-
ate with an increased risk for liver fat accumula-
tion through promotion of obesity. In our analysis 
of CpG site methylation with continuous LFC, the 
two most significant genes overlapped between the 
LFC and NAFLD analyses, RFTN2 and PRICKLE2. 
These did not overlap with the significant DMRs, 
however. Ingenuity Pathway Analysis for differen-
tially methylated DMRs and CpGs did identify 
many common pathways associated with altered 
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Figure 1. Ingenuity pathway analysis. Top 30 Canonical path-
ways of comparison analysis of genes overlap with most sig-
nificant DMRs in children with top-tertile ALT, PDFF and NAFLD.

Figure 2. IPA Results for upstream regulators.
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DNA methylation and increased LFC including 
TGFβ signalling, IL-12 and IL-22 signalling and 
production of macrophages, BEX signalling path-
way, and FXR/RXR activation.

In our assessment of DNA methylation and our 
diagnosis of NAFLD in children, the most signifi-
cant DMR was downstream of the gene ZNRD1 
(Zinc ribbon domain-containing 1), also known as 
RNA polymerase I subunit N. This gene is known 
to play a role in regulation of cell proliferation and 
in the development of several kinds of cancers 
including hepatocellular carcinoma, but has not 
yet been associated with NAFLD or obesity in 
the published literature[65]. The second most sig-
nificant DMR in the NAFLD analysis was in the 
promoter region of the GLTPD2, glycolipid trans-
fer protein domain containing 2, gene. Glycolipid 
transfer proteins accelerate the intermembrane 
transfer of glycolipids and can regulate sphingoli-
pid homoeostasis, inflammation and autophagy. 
Very little is published about this specific GLTP, 
but a recent large scale study of genetic regulation 
of the lipidome and its association with cardiovas-
cular disease found a variant of this gene is asso-
ciated with atherosclerosis[66]. Six genes were 
identified in common between the NAFLD and 
ALT DMRs analyses including AURKC, BHMT, 
FAM47E-STBD1, KIAA0040, NBPF19 and 
ZNF264. Of these, BHMT (betaine-homocysteine 
S-methyltransferase), is the best documented for 
its role in methylation as it is an enzyme that 
catalyzes the conversion of homocysteine into 
methionine by replacing a hydrogen on homocys-
teine with a methyl group from betaine. BHMT is 
important in metabolic health as it provides the 
body with the essential amino acid methionine 
which is key to maintaining normal patterns of 
DNA methylation, one carbon metabolism, and 
choline metabolism which is important to lipopro-
tein formation[67]. There is ample published lit-
erature in animal models to suggest that 
alterations in these amino acids (i.e., choline, 
methionine, betaine) in utero and early life alter 
an offspring’s phenotype and risk for obesity and 
diabetes as well as hepatic steatosis [68,69]. In 
addition, groundbreaking work by Robert 
Waterland, Randy Jirtle and colleagues revealed 
the epigenetic mechanisms likely play 

a significant role in the regulation of transgenera-
tional nutritional effects on obesity[70]. For exam-
ple, in one study using agouti mice, they showed 
that a methyl-supplemented diet (folic acid, vita-
min B12, betaine and choline) during development 
prevented the effect of maternal obesity on off-
spring obesity[71]. This affect did not appear to 
be related to methylation of the agouti allele itself, 
but through establishment of epigenetic mechan-
isms at other weight related genomic loci that 
interact with methyl supplementation, thus sup-
porting the role for epigenetic variation contribut-
ing to the interindividual effects of nutrition on 
offspring health. Using IPA, we found that signifi-
cant DMRs in the NAFLD analysis were identified 
in the Glycine Betain Degradation pathway.

To identify potential mechanistically important 
upstream regulators to these genes, we conducted 
an upstream regulators analysis in IPA. We iden-
tified to significant genes, CTCF and RAD21, in 
the NAFLD analysis. CCCTC-binding factor 
(CTCF) is a highly conserved zinc finger protein 
and serves as transcriptional activator, repressor or 
insulator for thousands of genes in the mammalian 
genome. CTCF is known to be involved in the 
H19/IGF2 locus where it plays an important role 
in the imprinting control region (ICR) of the gene 
[72]. There is precedent for the H19 gene in obe-
sity as it is a long noncoding RNA and plays a role 
in the negative regulation of body weight and cell 
proliferation and its expression is controlled via 
imprinting. Only a few studies have been pub-
lished about CTCF and fatty liver. One published 
in 2021 found that liver-specific deletion of CTCF 
lead to fatty liver in mice via augmented 
PPARγDNA-binding activity[73]. RAD21 
(RAD21 cohesin complex component) is 
a protein coding gene involved in the repair of 
DNA double-strand breaks and chromatid cohe-
sion during mitosis. It serves a diversity of cellular 
functions and also interacts with an element of 
CTCF. Thus far, there are no data published for 
a role of RAD21 in fatty liver, but one recent study 
identified RAD21 as part of a gene signature able 
to identify patients with hepatocellular carci-
noma[74].

Because we found several meaningful alterations 
in DNA methylation in the blood of children with 
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higher LFC, NAFLD and elevated ALT, we 
assessed whether any of the CpG sites matched 
hepatic-fat associated CpGs in adults. Several 
gene names overlapped between adult NAFLD 
and those found altered in LFC and ALT and 
NAFLD diagnosis in children. Two specific CpG 
sites were significant in the adult NAFLD analysis 
as well as the analysis of LFC in children. These 
included: a) cg18120259, a CpG site downstream 
of the LOC100132354 gene which was hyper-
methylated in children with top-tertile LFC vs. 
bottom two tertile LFC, and b) cg19016694, an 
intronic CpG site on the TBCD gene which was 
hypomethylated in top tertile LFC children and 
also found to be hypomethylated the blood of 
adult patients with increased hepatic fat[28]. 
TBCD, tubulin folding cofactor D gene, is 
a protein coding gene involved in the pathway 
leading to correctly folded beta-tubulin. Cofactor 
D is one of four proteins and is thought to play 
a role in capturing and stabilizing beta-tubulin. 
LOC100132354 is a long-noncoding RNA that 
has been found to regulate the adjacent gene, 
vascular endothelial growth factor A (VEGFA). 
VEGF is a key factor for inducing endothelial cell 
proliferation and angiogenesis, particularly in 
tumours[75]. LOC100132354 was previously iden-
tified as a potential mediator of prenatal adversity 
and risk factor for metabolic disease in an analysis 
of DNA methylation patients from the Dutch 
Hunger Winter study. Investigators suggested 
that DNA methylation alterations in this gene 
play a role in mediating the relationship between 
famine exposure during gestation and high trigly-
ceride values in adulthood[76]. In addition, a SNP 
near this gene has been associated with heritability 
of circulating VEGF levels which may play a role 
in increasing risk for cardiometabolic disease[77]. 
We performed a similar comparison with a large 
meta-analysis of DNA methylation and BMI 
throughout childhood[53]. Four genes associated 
with significant differential methylation with LFC 
overlapped with those findings. These included 
SNORD29, SNORD30 and SNORD31, SNHG1. 
These genes encode small Nucleolar RNA C/D 
Box 29, 30 and 31 and small nucleolar RNA host 
gene 1. All are noncoding genes and functions 
include guiding modifications of RNAs with C/D 

associated with methylation as well as regulation 
of expression of tumour suppressor and cell pro-
liferation genes. The function of these genes as it 
relates to obesity, fatty liver, or cardiometabolic 
dysfunction has yet to be defined. It is also 
unknown if methylation changes with age or if 
these differences are cause or consequence of adip-
osity. Further investigation of the relationship 
between DNA methylation, adiposity, and LFC 
throughout the lifespan is needed.

Only one prior published study has assessed the 
epigenome-wide association between DNA methy-
lation and liver fat accumulation in children. This 
was a large study of 10-year-old children enrolled 
in the Generation R Study from the Netherlands. 
In this study, Geurtsen and colleagues [30] found 
a median fat fraction of 2% (95% range, 1.3, 5.1) in 
their majority (81%) healthy weight Caucasian 
children. They assessed associations of DNA 
methylation in umbilical cord blood in one cohort 
and in peripheral blood of a different cohort of 10- 
year-old children. Like in our analysis, they ana-
lysed DMRs as well as CpG sites using several 
regression models. Unlike in ours however, they 
did not identify any significant CpG methylation 
or DMRs associated with LFC. This difference may 
have resulted from their population which 
included largely Caucasian, lean, healthy children 
born to healthy weight mothers. By comparison, 
our cohort comprised a more diverse, more over-
weight and obese group of children, with higher 
percentages of liver fat and who were more likely 
to be exposed to obesity in utero. Such early life 
exposures likely impacted our ability to identify 
significant changes in DNA methylation and such 
deserves further study.

Strengths and limitations

The strengths of this study include its prospective 
design in an ethnically and socioeconomically 
diverse population and the use of an established, 
comprehensive, and reproducible methylation 
array. Sensitive imaging-based methods were 
used to enable non-invasive measurement of liver 
fat content in children without the need for con-
trast, sedation, or invasive liver biopsies [78,79]. 
Limitations of the study include the relatively 
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small sample size and inability to make causal 
associations for alterations in DNA methylation 
in this investigation. Imaging results were not con-
firmed by liver histology but given the accuracy of 
MRI based imaging for liver fat in adults and the 
risks associated with liver biopsy in asymptomatic 
patients we did not feel that histologic validation 
was warranted. In addition, our goal is to identify 
non-invasive markers of liver fat accumulation 
and risks for future progressive NAFLD and fibro-
sis thus supporting the move away from liver 
biopsy. Currently this is only the second published 
study of DNA methylation and liver fat accumula-
tion in young children and the first in an ethni-
cally diverse population. Our cohort had a high 
percentage of AA children which makes it unique 
in that other studies of paediatric fatty liver typi-
cally include high numbers of Caucasian and/or 
Hispanic children. This heterogeneity may have 
impacted our ability to find increased LFC in AA 
children. We anticipate that this finding also 
increases the awareness of providers to consider 
fatty liver in children of all races and ethnicities. 
We acknowledge that this requires further studies 
in diverse populations. This is a critical need as 
recent studies of obese children in Indian and 
Malaysian found alarmingly high rates of NAFLD 
of over 60% by ultrasound in both populations 
[80,81]. Whether there are biologically relevant 
differences in methylation by race that impact 
LFC or metabolic dysfunction is an area that 
needs further study. Additionally, we were able to 
identify early signs of poor metabolic health in 
these young children. One recently published 
study in children aged 4–8 years from the 
Healthy Start Study, found that even low LFC 
was independently associated with estimated insu-
lin resistance and suggested that hepatic fat may be 
an early indicator of metabolic dysfunction in 
youth. While we did not directly measure insulin 
resistance in our study, other markers of metabolic 
dysfunction such as TG and HbA1c were abnor-
mal in our obese children with higher LFC[82]. 
Together, these studies suggests that even a lower 
LFC in children should trigger providers to follow 
these children more closely and focus on interven-
tions that decrease the likelihood of progressive 
liver injury in the future.

Conclusions

We identified significant alterations in blood DNA 
methylation associated with increased liver fat 
content and liver injury in pre-teenage children. 
These alterations may merely be an association but 
could identify important epigenetic variations 
resulting from developmental and/or nutritional 
exposures. It will therefore be critically important 
to follow children with ongoing metabolic risks 
prospectively to enable the identification of causal 
vs. consequential changes in DNA methylation. In 
addition, larger, prospective studies would aid in 
determining the timing and potential mechanistic 
associations of these changes in relation to liver 
and metabolic phenotypes. These advances are 
critical for the development of non-invasive bio-
markers, prevention, and novel therapeutic targets 
in the fight against the rising epidemic of paedia-
tric and adult NAFLD.
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