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RESEARCH ARTICLE

Genome-wide DNA methylation profiles and ribosomal DNA copy number 
at birth
Kathrin Barth a, Rossella Alfano a, Michelle Plusquin a, Congrong Wang a, Tim S. Nawrot a,b 

and Dries S. Martens a

aCentre for Environmental Sciences, Hasselt University, Hasselt, Belgium; bResearch Unit Environment and Health, KU Leuven 
Department of Public Health and Primary Care, University of Leuven, Leuven, Belgium

ABSTRACT
Ribosomal DNA copy number (rDNAcn) and DNA methylation are important modulators 
of the human genome, both studied in relation to overall cellular function, biological 
ageing, and disease development. Despite the overlapping roles, their relationship 
remains poorly understood, especially in the early stages of life, characterized by rapid 
growth and high cellular demands. Even though previous studies have associated rDNA 
methylation with cancer and ageing, no study to date has examined the interplay 
between rDNAcn and whole-genome DNA methylation. In an epigenome-wide associa
tion study of 45S rDNAcn variation in 194 newborns, we show strong positive associa
tions between rDNAcn and single DNA methylated CpGs, measured with the Illumina 
EPIC array. Out of the 122 Bonferroni-significant CpGs, 63.5% were also Bonferroni- 
significant in a replication cohort of 167 newborns, in which a second EWAS was 
conducted using DNA methylation data from the Illumina 450K array. The identified 
CpGs were dispersed over the autosomes and were not functionally related to the rDNA- 
forming nucleolar-associated domains. The top CpGs were annotated to genes (GFI1, 
USP46, ABHD14B, CHL1, CGREF1) that are functionally linked to cancer and cellular 
proliferation. In downstream analyses, the 122 rDNAcn-related CpGs revealed 31 
differentially methylated regions and 253 nominally significant correlations with 
cord blood gene transcripts in an eQTM analysis. Pathway enrichment analyses 
showed an overrepresentation of the following pathways: 'RNA Polymerase III tran
scription' (R-HSA-76071, R-HSA-76046, R-HSA-74158, R-HSA-749476, R-HSA-73780, 
R-HSA-73980, R-HSA-76066, R-HSA-76061, hsa03020), ‘cytosolic sensors of pathogen- 
associated DNA’ (R-HSA-1834949), ‘RNA polymerase II transcribes snRNA genes’ 
(R-HSA-6807505), and 'translation initiation' (R-HSA-72613, R-HSA-72737). Our findings 
reveal a close link between rDNAcn variation and DNA methylation in early life. 
Disruptions in this interplay may influence cellular functions critical for early devel
opment, potentially shaping health and disease trajectories later in life.
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Introduction

Ribosomal DNA (rDNA) is organized in a tandem repeat structure, which is highly conserved across all 
kingdoms. Of the 100 to 600 rDNA repeats that can be found in the human diploid genome [1], only about 
50% are actively transcribed [2]. Still, the rDNA transcription makes up the majority of all the RNA 
production in a cell [3].

In humans, rDNA is encoded from the 45S and the 5S array. The 45S array is localized on the short arms 
of the acrocentric chromosomes 13, 14, 15, 21, and 22. It is transcribed by RNA Polymerase I and processed 
into 18S, 5.8S, and 28S rRNAs. The 5S rDNA array is found on chromosome 1, where it is transcribed by 
RNA Polymerase III. The 5S rRNA, combined with the 45S rRNAs and cytoplasmic ribosomal proteins 
(cRP), builds the human ribosomes responsible for protein synthesis [4]. Furthermore, rDNA clusters 
encompass nucleolus organizer regions (NORs), which aggregate to form the nucleolus. This membrane- 
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less organelle, located within the cell’s nucleus, is the primary site of ribosome biogenesis. It has been shown 
that several NORs are affiliated with other genomic regions, known as nucleolar-associated domains 
(NADs) [5,6]. Even though the NADs are spread across all chromosomes, they are typically associated 
with repeated DNA sequences, low gene density, and reduced global gene expression [5].

Variations in the structure, sequence, and copy number of the rDNA arrays are frequently reported [7,8]. 
The direct implications of those changes have, however, only barely been studied. The regulation of the 
rDNAcn in humans is only partly understood. Repeats can get lost over time due to deleterious recombina
tion events, double-strand-break repair, or the formation of unintended secondary structures [9]. An 
increase in the copy number was observed in yeast, where the rDNA amplification mechanism has been 
described [10].

In recent years, accumulating evidence supports that rDNA not only plays an important role in ribosome 
biogenesis but also that variation in the rDNA arrays can induce genetic and phenotypic diversity within 
populations [11,12]. rDNAcn is connected to global gene expression [11], ageing [13,14], and health 
phenotypes [15], including body mass [16], renal function [17], and different types of human cancer [18]. 
Additionally, it was found that rDNA can trigger genomic instability [19] and alter genome organization 
[20]. Therefore, it is argued that rDNA could play a role in cellular senescence [21] and induce replication 
gaps [22].

DNA methylation is one of the major processes that regulates gene expression. A broad range of studies 
reveal insights into molecular underpinnings and areas of influence. Hypermethylation of a gene’s promoter 
region suppresses gene expression [23], while gene body methylation is connected to an upregulation of 
gene transcription [24]. Besides this, DNA methylation is listed as a hallmark of ageing [25] and cancer [26]. 
It is associated with genomic instability [27] and developmental processes [28].

While DNA methylation has been the focus of many studies, rDNA appears to be a rather understudied 
genomic regulator. Despite the considerable overlap in functionalities, their relation remains largely 
unclear. Recent evidence suggests a link between rDNAcn and gene expression [11], potentially mediated 
by DNA methylation. Therefore, here we examined the associations or interconnections between rDNAcn 
and genome-wide DNA methylation. The large biological implications of both of these genome regulators 
may be related to important phenotypic differences in health and disease. The Developmental Origins of 
Health and Disease (DOHaD) hypothesis stipulates that diseases in later life may be programmed in the 
early stages of life. Consequently, investigating key omic regulators such as rDNAcn and genome-wide 
methylation may provide insights into the starting point of the molecular programming of health and 
disease, potentially shaping later health phenotypes. Therefore, we investigated the interconnection between 
rDNAcn and genome-wide DNA methylation in newborns. We conducted an epigenome-wide association 
study (EWAS) to identify CpGs associated with the number of rDNA copies in cord blood samples of two 
independent newborn populations. By analysing gene-annotated CpGs, we evaluated the overrepresenta
tion of biological pathways to uncover insights into molecular underpinnings and regulatory processes. Our 
results provide the first evidence for a positive interconnection between DNA methylation and rDNAcn in 
cord blood. Furthermore, we were able to identify biomolecular pathways that may contribute, as a cause or 
consequence, to this relation.

Methods

Study population

This study included participants from the ongoing ENVIRONAGE (ENVIRonmental influence ON 
early life AGEing) birth cohort. General study procedures have been described before [29]. In brief, 
mother-newborn pairs were recruited at birth at the East-Limburg Hospital (Genk, Belgium). 
Inclusion criteria were the mothers’ ability to fill out a Dutch questionnaire and that they did 
not have a planned C-section or a multiple birth. The ENVIRONAGE study protocol is approved 
by the local ethical committees of Hasselt University (Diepenbeek, Belgium, reference no. 
B371201216090 and B37120107805) and East-Limburg Hospital (Genk, Belgium, reference no. 
EudraCT B37120107805) and has been carried out according to the Helsinki declaration. Mothers 
provided written informed consent. Between February 2010 and June 2015, 930 participants were 
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recruited. This study included a subset of 361 participants for whom rDNAcn measurements were 
available. Of these, 194 had genome-wide DNA methylation measured via the Illumina 
HumanMethylationEPIC Bead-Chip array and constituted the EPIC discovery dataset. In addition, 
167 newborns had methylation measured via the Illumina HumanMethylation450K Bead-Chip array 
and constituted the 450K replication dataset (for a flow chart, see Supplementary Figure S1). To 
assess the representativeness of the population, we compared the analysed fraction of the 
ENVIRONAGE population with all births from Flanders, Belgium, between 1999–2009. Overall, 
the ENVIRONAGE population is representative of the gestational segment at large in Flanders, 
Belgium, with a slightly higher degree of newborns classified as European and a higher educational 
level of the mothers (Supplementary Table S1).

Measures

At birth, clinical, anthropometrical, and lifestyle data were collected for mothers and newborns via medical 
records and questionnaire data. Gestational age (in weeks) was estimated based on the last menstrual cycle and 
the first fetal ultrasound examination. Birth weight was measured in grams. Maternal height and weight were 
measured without shoes, wearing light clothes at the first antenatal visit (week 7–9 of gestation) to the nearest 
centimetre and 0.1 kg. Pre-pregnancy BMI was weight in kilograms divided by height in metres squared. 
Maternal educational achievement was categorized using the International Standard Classification of 
Education (for further information, see Education https://uis.unesco.org/en/topic/international-standard- 
classification-education-isced). It was low when no diploma was obtained, middle when a secondary diploma 
was obtained, and high when a college or university diploma was obtained. Maternal smoking was coded as 
nonsmokers, stopped before pregnancy, and continued smokers. Newborn ethnicity was coded as European if 
at least two grandparents of the child were of European origin; otherwise, they were considered non-European.

Sample collection, DNA, and RNA extraction

Immediately after birth, umbilical cord blood was collected in BD Vacutainer® plastic whole blood tubes 
with spray-coated K2EDTA (BD, Franklin Lakes, NJ, USA). Blood samples were centrifuged within 
one hour at 3200 rpm for 15 min to obtain the buffy coat layer. Buffy coats were aliquoted and stored at 
−80°C upon analysis. Cord blood genomic DNA (gDNA) was extracted from buffy coats using the 
QIAamp DNA Mini Kit (Qiagen, Inc., Venlo, the Netherlands). gDNA quantity and purity were 
assessed by a Nanodrop 1000 spectrophotometer (Isogen, Life Science, Belgium). gDNA passed the 
purity control test when the A260/280 was greater than 1.80 and A260/230 greater than 2.0. Samples 
were re-extracted when poor purity was detected. gDNA integrity was visually assessed and confirmed 
by agarose gel electrophoresis (Supplementary Figure S2). Total RNA was extracted from whole blood 
collected in Tempus tubes (ThermoFisher Scientific, Waltham, MA, USA) using the Tempus Spin RNA 
Isolation kit (Life Technologies, Paisley, UK) according to the manufacturer’s instructions. RNA yields 
were evaluated using the Nanodrop 1000 spectrophotometer, and the quality of the samples was 
checked with an Agilent 2100 Bioanalyzer (Agilent Technologies, Amstelveen, the Netherlands). 
Samples with an RNA Integrity Number that was higher than 6 were stored at − 80°C until further 
processing.

DNA methylation measurement and data processing

Illumina HumanMethylationEPIC Bead-Chip arrays (EPIC, Illumina Inc., San Diego, USA) were used to 
measure DNA methylation of the EPIC discovery dataset at the GenomeScan laboratory (Leiden, The 
Netherlands). For the replication dataset, DNA methylation measurements were performed with the 
Infinium HumanMethylation450 BeadChip arrays (450K, Illumina Inc., San Diego, USA), at the 
International Agency for Research on Cancer (Lyon, France). Full details of sample preprocessing, mea
surements, and data processing, including quality control, are given in Supplementary Text S1 and S2. After 
the processing, the EPIC array yielded M-values for 787,264 CpG probes, while the 450K array yielded 
M-values for 459,781 CpG probes.
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rDNA content assessment

rDNA content was measured using a multiplex droplet digital PCR method as described by Xu et al., 2017 
[18]. Primer-probe sequences were obtained directly after contacting the corresponding authors. First, a 20x 
primer-probe stock was prepared for the rDNA (45s rDNA, for exact genomic location of primers see 
Supplementary Figure S3) and the single-copy gene (TBP, TATA-box binding protein) assays using 
a primer:probe ratio of 2 (fluorescent labels and primer-probes were obtained from Bio-Rad, and sequences 
are provided in Supplementary Table S2). gDNA samples were normalized to ensure a uniform DNA input 
of 1 ng for each ddPCR reaction. This was verified using the Quant-iT™ PicoGreen® dsDNA Assay Kit (Life 
Technologies, Europe). Reaction master mixtures (20 µl) contained 20x rDNA and TBP primer-probe 
stocks (1 µl), 2 units HaeIII restriction enzyme (Thermo-Fisher), 10 µl ddPCRTM supermix for probes (no 
dUTP) (Bio-Rad), and 1ng of template gDNA. Samples were first incubated for 15 minutes at room 
temperature, allowing DNA digestion. A total of 70 µl droplet generation oil for probes (Bio-Rad) was 
added, and droplets were generated using the QX200TM Droplet Generator (Bio-Rad). After droplet 
generation, a PCR reaction was carried out in 96-well semi-skirted ddPCR Plates (Bio-Rad) using the 
C100 Touch Thermal Cycler (Bio-Rad). The following cycling conditions were applied: 95°C for 10 min, 
followed by 40 cycles at 96°C for 30s and 57°C for 56s, followed by 98°C for 10 min. All samples were 
analysed in triplicate, and on each plate, a non-template control was added, and 2 inter-run calibrators were 
included to account for plate-to-plate variation. Finally, after PCR amplification, PCR plates containing 
droplets with amplified DNA were read using the QX200TM Droplet Reader and QuantasoftTM software 
(Bio-Rad). rDNAcn was calculated by dividing the mean of rDNA copies by the mean of TBP copies. The 
reliability of the assay is shown by an intra-assay intraclass correlation coefficient (ICC) of 0.97 (95%CI: 
0.963–0.975) and an inter-assay ICC of 0.94 (95%CI: 0.891–0.987).

Micro-array gene-expression analysis

An aliquot of 0.2 μg total RNA was reverse-transcribed into cDNA, labelled with cyanine-3 following the 
Agilent one-colour Quick-Amp labelling protocol (Agilent Technologies), and hybridized onto Agilent Whole 
Human Genome 8 × 60 K microarrays. Microarray signals were detected using the Agilent DNA G2505C 
Microarray Scanner (Agilent Technologies). The Agilent Feature Extraction Software (Version 10.7.3.1, 
Agilent Technologies, Amstelveen, The Netherlands) was used to convert the scanned images into TXT 
files. After an in-house developed quality control pipeline (Supplementary Text S3) in R software, the final 
dataset contained 28,555 probes. Transcriptomic measurements were available for a subset of 64 out of the 194 
participants comprising the EPIC discovery dataset. Those were included in the subsequent eQTM analysis.

Statistical analysis

All statistical analyses were performed using the R software version 4.5.0. The main statistical approach is 
applied to the EPIC discovery dataset. In the first step, an EWAS was performed using methylation at 
individual CpG sites (measured with Illumina EPIC Bead-Chip array) as an outcome and cord blood 
rDNAcn as the predictor. In the second step, results from the EWAS were used to identify differentially 
methylated regions (DMRs). In the third step, the methylation level of the CpGs identified in step 1 was 
correlated with gene expression data in an eQTM analysis. As a fourth step, genes annotated to the CpGs 
identified in step 1, DMRs identified in step 2, and correlated gene expression identified in step 3 were used 
as input for pathway overrepresentation analyses. Finally, the EWAS, DMR, and pathway analyses were 
replicated using the 450K replication dataset containing DNA methylation data measured with the Illumina 
450K Bead-Chip array. An overview of the statistical approach is provided in Figure 1

Epigenome-wide association analysis of cord blood rDNAcn

Robust linear regression models (rlm function from the MASS package [30]) were used to associate 
individual CpG sites (M values, measured with Illumina EPIC Bead-Chip array) and cord blood rDNAcn 
of 194 newborns. Models were adjusted for a priori selected potential confounders known to be linked with 
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cord blood DNA methylation, namely newborn sex, gestational age, birth weight, maternal age, pre- 
pregnancy BMI, estimated blood cell counts (CD8+ T cells, CD4+ T cells, natural killer cells, B cells, and 
monocytes), and the technical factor storage time. We applied Bonferroni correction for multiple testing 
and considered a 0.05 threshold for significance. Prior to EWAS, we tested the model’s multicollinearity by 
calculating the variance inflation factor (VIF) with the R package car. In the initial model, including all 
aforementioned covariates and all estimated blood cell counts, granulocytes showed a high VIF of 18.8. 
Therefore, this variable was removed from the final model. Quality control of the EWAS results was 
performed by visual inspection of residual plots and scatter plots from the top results, as well as the 
calculation of p-value inflation (λ). Due to the small sample size, we used the R package bacon [31] to handle 
p-value inflation. A comparison of the quantile-quantile plots (QQ-plots) and the λ values of the original 
p-values with the bacon-corrected p-values (Supplementary Figure S4) showed no substantial improvement 
by the correction, which suggested minimal inflation. We therefore used the original p-values for further 
analysis.

Gene annotation was performed using IlluminaHuman-MethylationEPICanno.ilm10b4.hg19. 
Manhattan and volcano plots were created using ggplot2. Ideograms were created to show the genomic 
locations of the associated CpGs using karyoploteR [32]. To evaluate whether there is a chromosome- 
specific association between rDNAcn and DNA methylation, we calculated the proportion of significant 
CpGs per chromosome and, for each chromosome, tested whether this proportion is significantly different 
compared to the proportion in the rest of the genome, using a Fisher’s Exact Test for count data.

Figure 1. Overview of the statistical analyses and results. In the first step, an EWAS of cord blood rDNAcn was performed in 
an EPIC discovery dataset (measured with the Illumina EPIC Bead-Chip array). In a second step, the EWAS results were used 
in a differentially methylated region analysis. In step three, the methylation level of the Bonferroni-significant CpGs from the 
EWAS was correlated with gene-expression profiles. In a fourth step, genes annotated to the Bonferroni-significant CpGs 
(from step one), DMRs (from step two), and transcripts (from step three) were independently examined in a pathway 
overrepresentation analysis for further interpretability of the results. Finally, the EWAS, DMR, and pathway analyses were 
replicated using a 450K replication dataset (DNA methylation measured with the Illumina 450K Bead-Chip array).
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To test the robustness of the EWAS findings, we used a minimally adjusted model (only adjusting for 
storage time and estimated blood cell counts). Additionally, model robustness was assessed in several 
sensitivity analyses by adjusting models for factors that have been well-established predictors of the cord 
blood methylome. First, we additionally adjusted for maternal smoking and maternal education, both 
factors associated with cord blood DNA methylation [33,34]. Second, we performed a restricted analysis 
using only European participants, as clear genome-wide methylation differences have been observed in 
populations from different ethnic backgrounds [35,36]. Finally, as rDNAcn is linked to haematological 
profiles [17], we also evaluated whether cord blood rDNAcn is associated with cord blood haematological 
data (platelets, neutrophils, lymphocytes, monocytes, eosinophils, basophils) using a subset of 150 partici
pants, for whom measured blood cell type counts were available. Within this subgroup, we assessed whether 
our main results from the EPIC discovery analysis remained significant after replacing the estimated with 
the measured cell counts (neutrophils, lymphocytes, monocytes, eosinophils, basophils).

Differentially methylated region analysis

DMRs associated with the cord blood rDNAcn were identified using DMRcate [37] and ENmix-combp 
[38]. The analysis was performed with the results obtained in the EWAS. DMRcate was set to lambda = 500, 
C = 5. The package is powered by limma and smooths t-test statistics with a Gaussian kernel; p-values were 
adjusted for multiple testing using FDR correction. For combp, the maximal distance to combine adjacent 
DMRs was set to 750 base pairs. The bin size was 310, and the seed was 0.05. The package uses p-values from 
neighbouring CpG sites within a specific region; the default method of p-value adjustment for multiple 
testing is 1-step Siddak correction. The minimum number of CpGs constituting a DMR was two. 
Ideograms, for illustration of the results, were created.

Expression quantitative trait methylation (eQTM) analysis

To improve the biological interpretation of the rDNAcn-associated CpGs, we correlated the methylation 
level of the identified CpGs from the EWAS with available cord blood gene expression data in an eQTM 
analysis. For 64 participants, both methylation and micro-array gene-expression data were available. 
Pearson correlations were calculated between the methylation level of the Bonferroni-significant CpGs 
found in the EWAS and the expression levels of transcripts located on the same chromosome, with starting 
sites within 1Mb from the CpG locus. Partial correlations were calculated, adjusted for estimated blood cell 
counts (CD8+ T cells, CD4+ T cells, natural killer cells, B cells, and monocytes). p-values were not corrected 
for multiple testing because the statistical power was constrained by the limited sample size, and the eQTM 
analysis was conducted for exploratory purposes. Correlations having a nominal p-value below 0.05 were 
considered significant. Network plots showing the CpGs that are correlated with more than one transcript 
were created using the packages ggraph [39] and igraph [40].

Pathway overrepresentation analysis

A pathway overrepresentation analysis was performed using the Reactome, KEGG, and Gene Ontology 
(GO) term databases. Three separate pathway analyses using different inputs were performed: i) The results 
of the EWAS were examined with the package methylGSA to account for CpG number bias [41], ii). Genes 
annotated to the DMRs, and iii) genes annotated to transcripts that significantly correlated with the 
methylation level of the Bonferroni-significant CpGs in the eQTM analysis were analysed using 
ReactomePA and clusterProfiler [42,43]. The p-value threshold for the overrepresentation analyses was 
0.05 (after FDR correction). Dotplots were used to show identified pathways having FDR-corrected p-values 
smaller than 0.05.

Additional analyses

(1) As a complementary analysis, we evaluated the association of global DNA, gene promoter, gene 
body, and intergenic methylation with rDNAcn using linear regression models. Global DNA 
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methylation was calculated as the study participants’ arithmetic mean of the M-values (n = 787,264 
probes). The same was done for promoter (n = 180,705 probes), gene body (n = 332,964 probes), and 
intergenic regions (n = 84,958 probes). Models were adjusted for the same covariates as in the EWAS.

(2) We evaluated whether previously identified NADs were over- or underrepresented in rDNAcn- 
associated methylation marks. The genomic locations of previously identified NADs were obtained 
from Bersaglieri et al., 2022 [44]. An overlap of the Bonferroni-significant CpGs or the identified 
DMRs with NADs was assessed by i) calculating the percentage of significant CpGs and DMRs that 
overlap with the NADs and by ii) creating ideograms that show the positions of significant CpGs or 
DMRs and NADs. For the overlap between the CpGs and the NADs, we additionally performed 
a Fisher’s exact test.

(3) The webtool eFORGE v2.0 [45,46]) was used to test for enrichment of Bonferroni-significant CpGs 
in DNase I hypersensitive sites (DHSs) across a range of tissues and cell types, using the default 
settings of the eFORGE web interface.

Replication of EWAS, DMR, and pathway overrepresentation analysis using the 450K replication 
dataset

The EWAS (main model), the DMR analysis, and the corresponding pathway analyses were replicated with 
the 450K replication dataset, containing DNA methylation data from 459,781 CpGs measured with the 
Illumina 450K Bead-Chip array. This replication analysis included data obtained from 167 newborns. 
Participants from the 450K replication dataset were independent of the EPIC discovery dataset.

Results

Study population

Comparative characteristics of the participants in the EPIC discovery dataset and the 450K replication dataset are 
presented in Table 1. The included newborns had an average (±SD) birth weight of 3394 ± 487 grams and 
a gestational age of 39.1 ± 1.6 weeks. Among them, 51.2% were boys, and most newborns were of European 
descent (92.2%). Non-European newborns were predominantly from Turkish (50%) and Moroccan (36%) 

Table 1. Comparative characteristics of participants from the EPIC discovery dataset and the 450K 
replication dataset from the ENVIRONAGE study.

Characteristic
EPIC discovery dataset 

(n = 194)
450K replication dataset 

(n = 167) P-value

Newborn
Gestational age, weeks 39.1 ± 1.6 39.1 ± 1.6 >0.99
Birth weight, grams 3386.5 ± 473.1 3403 ± 505.5 0.75
Sex >0.99

Boys, n 99 (51%) 86 (51.5%)
Girls, n 95 (49%) 81 (48.5%)

Ethnicity 0.051
European, n 184 (94.8%) 149 (89.2%)
Non-European, n 10 (5.2%) 18 (10.8%)

rDNAcn 478.6 ± 108.4 450.2 ± 97.6 0.0088
Maternal
Age, years 30.1 ± 4.2 29.4 ± 4.6 0.15
Pre-pregnancy BMI, kg/m2 24 ± 3.9 24.6 ± 4.5 0.13
Education at delivery 0.02

Low, n 18 (9.3%) 25 (15%)
Middle, n 53 (27.3%) 60 (35.9%)
High, n 123 (63.4%) 82 (49.1%)

Smoking 0.83
Never smoked, n 128 (66%) 105 (62.9%)
Stopped smoking, n 41 (21.1%) 39 (23.3%)
Continued smoking, n 25 (12.9%) 23 (13.8%)

Values are reported as a mean ± standard deviation or as a number (%). Maternal education was categorized using the 
International Standard Classification of Education (for further information, see Education https://uis.unesco.org/en/topic/ 
international-standard-classification-education-isced) and was low when no diploma was obtained, middle when 
a secondary diploma was obtained, and high when a college or university diploma was obtained. The reported p-values 
are from Fisher’s exact test for the categorical variables and from the large sample Z-test for the continuous variables.
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origin; only 14% were of other origins, including Russia, Algeria, and Jordan. Mothers were on average 29.8 ± 4.4  
years and had a mean pre-pregnancy BMI of 24.3 ± 4.4 kg/m2. However, 34.6% were overweight, of whom 10.5% 
were obese. Most mothers obtained a college or university diploma (56.8%), whereas 11.9% did not obtain 
a diploma. In total, 13.3% of the mothers continued smoking during pregnancy, 22.2% stopped at the time of 
pregnancy, and 64.5% never smoked. Newborn rDNAcn was on average 465.42 (range 208.68–857.84) and did 
not differ between boys and girls (468.4 vs 462.3; p = 0.57), nor between Europeans and non-Europeans (467.2 vs 
444.5; p = 0.14). Compared to the EPIC discovery dataset, participants in the 450K replication dataset showed no 
differences in gestational age, birth weight, sex, maternal pre-pregnancy BMI, maternal age, and smoking status. 
However, the 450K replication dataset had a slightly higher proportion of non-European newborns (5.2% vs 
10.8%; p = 0.051), a lower proportion of highly educated mothers (63.4% vs 49.1%; p = 0.02), and participants had 
a slightly lower cord blood rDNAcn (478.6 vs 450.2; p = 0.0088) (Table 1, Figure 2).

Cord blood rDNAcn epigenome-wide associations

In the EPIC discovery analysis, cord blood rDNAcn was associated with 122 Bonferroni-significant single 
CpG probes (120 positive and 2 negative associations). An overview of associated CpGs and annotated genes 
is provided in Supplementary Table S3, and results are visualized in a Manhattan (Figure 3A) and a volcano 
plot (Supplementary Figure S5A). The asymmetrical shape of the volcano plot, with a clear skew towards 
positive associations, reflects the predominance of CpGs showing a positive relationship with rDNAcn. Of the 
122 CpGs, 109 were annotated to one or more genes, resulting in a set of 125 genes, with only two CpGs 
annotated to the same gene (Supplementary Table S3). The top 10 ranked CpGs based on p-values were 
annotated to the following genes: GFI1 (growth factor independent 1 transcriptional repressor, padj = 2.43−19), 
USP46 (ubiquitin specific peptidase 46, padj = 1.01−18), ABHD14B (abhydrolase domain containing 14B, 
padj = 1.36−18), ABHD14A (abhydrolase domain containing 14A, padj = 1.36−18), CHL1 (cell adhesion molecule 
L1 like, padj = 7.07−18), CGREF1 (cell growth regulator with EF-hand domain 1, padj = 7.43−18), CRCP (CGRP 
receptor component, padj = 3.21−17), CCNI (cyclin I, padj = 1.11−16), AGBL3 (AGBL carboxypeptidase 3, 
padj = 3.07−16), EIF4G1 (eukaryotic translation initiation factor 4 gamma 1, padj = 1.24−15) and PROM1 
(prominin 1, padj = 2.50− 15) (for scatter plots see Figure 4). We assessed whether the CpGs were positioned 
within promoter or gene body regions to gain insight into potential effects on gene expression. Among the top 

Figure 2. Violin plots of rDNAcn in the EPIC discovery and 450K replication dataset. The plot shows the distribution of 
rDNAcn in the EPIC discovery and the 450K replication dataset, with violin widths reflecting the kernel density of the data. 
Overlaid boxplots summarize the distribution: The central line indicates the median, and the lower and upper hinges 
correspond to the first and third quartiles (25th and 75th percentiles), respectively. Whiskers extend to the most extreme 
values within 1.5 times the interquartile range from the hinges, while observations beyond this range are shown as 
individual outliers.
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POSITIVE ASSOCIATIONS

NEGATIVE ASSOCIATIONS

A EPIC Discovery dataset

POSITIVE ASSOCIATIONS

NEGATIVE ASSOCIATIONS

B 450K Replication dataset

Figure 3. Manhattan plots showing the EWAS results of cord blood rDNAcn in the EPIC discovery dataset (A) and the 450K 
replication dataset (B). Manhattan plots show the -log10 transformed p-value on the y-axis of the associated CpGs across all 
chromosomes on the x-axis. CpGs with positive associations to rDNAcn are shown above the middle line, while CpGs with 
negative associations to rDNAcn are shown below. The top 15 positively and negatively associated Bonferroni-significant 
CpGs were annotated. The genes (within those top 15) that were found in the EPIC discovery dataset, as well as in the 450K 
replication dataset, are highlighted in red. The p-values were obtained from robust regression models [30] adjusted for 
newborn sex, gestational age, birth weight, maternal age, pre-pregnancy BMI, estimated blood cell counts (CD8+ T cells, 
CD4+ T cells, natural killer cells, B cells, and monocytes) and the technical factor storage time, using the EPIC discovery and 
the 450K replication dataset. The horizontal red line represents the Bonferroni level of significance.
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Figure 4. Scatter plots from the top 10 CpGs identified in the cord blood rDNAcn using the EPIC discovery dataset. Scatter 
plots show the rDNAcn on the x-axis and CpG methylation (M-values) on the y-axis. Linear regression line (red) and 95% 
confidence interval (grey shade) are shown. Pearson correlation coefficients (r) and corresponding p-values are displayed in 
the lower right corner of each plot.
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10 ranked CpGs, those annotated to genes GFI1, ABHD14A, CHL1, CGREF1, CCNI, AGBL3, EIF4G1, and 
PROM1 were located in the promoter region. For USP46, ABHD14B, and CRCP, the specific location of the 
methylation sites could not be mapped due to missing functional annotations for the corresponding genomic 
regions. Overall, among the 125 genes to which CpGs were annotated, 79 showed promoter methylation, 
while only 16 exhibited gene body methylation, and 30 genes could not be classified. The associated CpGs 
were dispersed throughout the autosomes, as shown in the ideogram (Figure 5). We examined whether the 
number of significant CpGs is equally distributed over the chromosomes. Although no significant CpGs were 
detected on chromosomes 6, 10, and 21, the ratio between the significant CpGs and the total number of CpGs 
was found to be significantly lower only on chromosome 6 (p = 0.005), as its overall CpG content is 
comparatively high (Figure 6). A QQ-plot of the p-values is shown in Supplementary Figure S3, with an 
inflation factor λ = 0.97. In our sensitivity analyses (minimally adjusted model, models additionally adjusted 
for maternal smoking or maternal education, and restricting the analysis to European participants), 108 out of 
the 122 Bonferroni-significant CpGs remained significant across all analyses (Supplementary Figure S6). 
rDNAcn was not associated with any of the measured cell-type proportions (see Supplementary Table S4). 
Moreover, all 122 CpG sites that were significant after Bonferroni correction in the original analysis remained 
significant when measured cell-type proportions were used in the model instead of estimated cell counts (see 
Supplementary Table S5).

Using the 450K replication dataset, we observed 96 out of the 122 Bonferroni-significant CpGs from the 
EPIC discovery analysis to be present on the 450K array. In the 450K replication analysis, all 96 were found 
significant based on the nominal p-value, and all were consistent in the direction of association as observed in 
the EPIC discovery dataset. After Bonferroni correction for 459,781 tests, in total 61 CpGs (63.5%) remained 
significant (for a comparison of the results, see Supplementary Table S6 and S7). Overall, when using the 450K 
replication dataset, we observed 118 Bonferroni-significant CpGs (114 positive and 4 negative associations) 
associated with rDNAcn at birth. An overview of these associated CpGs and annotated genes is provided in 
Supplementary Table S8. Results are visualized in a Manhattan (Figure 3B) and a volcano plot (Supplementary 
Figure S5B). The genomic location and overlap between the Bonferroni-significant CpGs from the EPIC 
discovery and 450K replication analysis are shown in an ideogram (Figure 7) and in a Venn diagram (Figure 8).

Figure 5. Ideogram of autosomes showing cord blood rDNAcn-associated CpGs and DMRs from the EPIC discovery analysis. 
EWAS-derived CpGs (black) and DMRs (orange) are indicated above and below each chromosome structure, respectively.
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Differentially methylated regions

In the EPIC discovery dataset, 31 FDR-significant DMRs were observed (Supplementary Table S9) in 
relation to cord blood rDNAcn when using DMRcate. When using combp, we did not identify any DMRs. 
Of the 31 identified DMRs, 23 were annotated, resulting in 30 genes overlapping with the DMRs. The 5 most 
significant DMRs are related to USP46 (ubiquitin specific peptidase 46, padj = 5.68−23), ABHD14A (abhy
drolase domain containing 14A, padj = 5.68−23), ABHD14B (abhydrolase domain containing 14B, 
padj = 5.68−23), RP11-155D18.14 (uncharacterized, padj = 5.68−23), RP11-155D18.12 (uncharacterized, 
padj = 5.68−23), CHL1 (cell adhesion molecule L1 like, padj = 2.20−22), CHL1-AS2 (CHL1 antisense RNA 2, 

Figure 7. Ideogram of autosomes showing cord blood rDNAcn-associated CpGs from the EPIC discovery and 450K 
replication analysis. EWAS-derived CpGs from the EPIC discovery analysis (black) and from the 450K replication analysis 
(blue) are indicated above and below each chromosome structure, respectively.

Figure 6. Bar plot showing the proportion of Bonferroni-significant CpGs per chromosome. The bar plot shows the proportion 
of Bonferroni-significant CpGs per autosome (y-axis), calculated as the number of significant CpGs on each chromosome 
divided by the total number of CpGs on that chromosome. Chromosome numbers are displayed along the x-axis.
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padj = 2.20−22), CGREF1 (cell growth regulator with EF-hand domain 1, padj = 2.77−22). Those DMRs 
spanned between 2 and 8 CpGs. The locations of the identified DMRs are shown in the ideogram 
(Figure 5). From the 31 DMRs, only 1 is located far from a differentially methylated CpG. This is likely 
because the observed differential methylation was driven by strong, localized CpG-level effects rather than 
weak, spatially diffuse signals. Such a pattern favours detection by DMRcate over combp, which further
more may also explain why no DMRs were identified using combp.

In the 450K replication dataset, a total of 24 DMRs (using DMRcate) were observed, of which 18 were 
annotated, resulting in 22 overlapping genes (Supplementary Table S10). 11 out of the 24 DMRs from the 
450K replication dataset overlapped with the DMRs found in the EPIC discovery analysis (Figure 9).

All CpGs EPIC 

All CpGs 450K

Bonferroni 
significant 
CpGs 450K Bonferroni 

significant 
CpGs EPIC

Figure 8. Overlap of CpGs from the EPIC discovery analysis and the 450K replication analysis. The Venn diagram shows the 
overlap of CpGs included in the EWAS analyses performed with the EPIC and 450K arrays, as well as the number of 
Bonferroni-significant CpGs observed in each dataset.

Figure 9. Ideogram of autosomes showing cord blood rDNAcn-associated DMRs from the EPIC discovery and 450K 
replication analysis. DMRs from the EPIC discovery analysis (orange) and DMRs from the 450K replication analysis (pink) 
are indicated above and below each chromosome structure, respectively.
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Downstream analyses using eQTM analysis

64 newborns from the EPIC discovery dataset were available for an eQTM analysis. A total of 253 nominally 
significant correlations (73 positive and 180 negative) were observed between the methylation level of the 
EWAS-identified CpGs and gene expression (Supplementary Table S11). This resulted in 192 unique genes 
whose expression correlated with the methylation level of the significant CpGs. The top 5 negative 
correlations included: cg06297958 and CENPT (centromere protein T; r = −0.434, p < 0.001), cg18182148 
and GLMN (glomulin, FKBP associated protein; r = −0.427, p < 0.001), cg01255913 and LOC202181 
(SUMO-interacting motifs containing 1 pseudogene; r = −0.41, p < 0.001), cg11817993 and GPR68 (G 
protein-coupled receptor 68; r = −0.4, p = 0.001), cg09463466 and LOC91450 (uncharacterized; r = −0.399, 
p = 0.001). The top 5 positive correlations included: cg02660524 and PFKM (phosphofructokinase, muscle; 
r = 0.422, p <0.001), cg23733562 and TMEM140 (transmembrane protein 140; r = 0.381, p = 0.002), 
cg06297958 and PARD6A (par-6 family cell polarity regulator alpha; r = 0.354, p = 0.004), cg02660524 
and TUBA1A (tubulin alpha 1a; r = 0.352, p = 0.004), cg05696584 and MRPS27 (mitochondrial ribosomal 
protein S27, r = 0.348, p = 0.005).

The 253 nominally significant correlations involved 239 unique transcript probes; 14 were associated 
with two CpGs each. In contrast, the 253 nominally significant correlations included 89 unique CpGs. From 
those, one CpG (cg00231422) was associated with 11 transcript probes, two CpGs (cg02660524, 
cg27138088) were associated with the expression of 10 transcript probes each, one CpG (cg17681277) 
was associated with 8 transcript probes, one CpG (cg06297958) was associated with 7 transcript probes, 4 
CpGs (cg01255913, cg03727280, cg23806621, cg25371950) with 6 transcript probes each, and 7 CpGs 
(cg04228104, cg05035456, cg07049977, cg11817993, cg21855135, cg25552435, cg26228123) with 5 tran
script probes each. Collectively, these 16 CpGs accounted for 105 of the 253 nominally significant correla
tions (Figure 10 and Supplementary Figure S7).

Pathway overrepresentation analysis

The EWAS results from the EPIC discovery analysis revealed 44 overrepresented pathways. ‘Cytosolic 
sulfonation of small molecules’ (R-HSA-156584) and 'RNA Polymerase III Transcription' (R-HSA-76071, 
R-HSA-76046, R-HSA-74158, R-HSA-749476) were found within the Reactome database. The GO terms 
show, among others, pathways related to regulation of translation (GO:0032056, GO:0008190, 
GO:0036490), kidney development (GO:0072160, GO:0061004, GO:0072048, GO:0072070), and regulation 
of vitamin metabolism (GO:0030656, GO:0042368, GO:0042362, GO:0009110) (for full details, see 
Supplementary Table S12). When using the 25 genes annotated to the DMRs, a total of 13 overrepresented 
pathways were identified, of which 11 were significant (padj < 0.05), and 2 remained only borderline 
significant (padj = 0.06) after FDR correction. Those pathways were mainly connected to 'RNA 
Polymerase III Transcription' (R-HSA-76071, R-HSA-76046, R-HSA-74158, R-HSA-749476, R-HSA- 
73780, R-HSA-73980, R-HSA-76066, R-HSA-76061). Additionally, an overrepresentation of ‘Cytosolic 
sensors of pathogen-associated DNA’ (R-HSA-1834949), ‘RNA polymerase II transcribes snRNA genes’ 
(R-HSA-6807505), ‘RNA polymerase’ (hsa03020), ‘Eukaryotic Translation Initiation’ (R-HSA-72613), and 
‘Cap-dependent Translation Initiation’ (R-HSA-72737) was observed (for full details, see Supplementary 
Table S13). Figure 11 shows the overrepresented pathways (Reactome and KEGG) from both analyses 
(EWAS and DMRs).

Running the pathway overrepresentation analysis using the EWAS results from the 450K replication 
dataset, we were able to partly reproduce the findings from the EPIC discovery analysis (see Supplementary 
Table S14). Using the 22 genes annotated to the DMRs from the 450K replication dataset supported all 
pathways identified in the genes annotated to the DMRs from the EPIC discovery analysis (for full details, 
see Supplementary Table S15).

Finally, a pathway overrepresentation analysis conducted using all correlated gene transcripts from 
the eQTM analysis revealed 59 overrepresented pathways (Supplementary Table S16). These pathways 
were mainly related to hormone and peptide regulation, including ‘Positive regulation of insulin 
secretion’ (GO:0032024) or ‘Regulation of peptide transport’ (GO:0090087). Furthermore, we found 
pathways connected to intracellular transport, e.g., ‘Kinesins’ (R-HSA-983189) and ‘Intra-Golgi and 
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CpGs correlated with five or more transcripts

CpGs correlated with three or four transcripts

Figure 10. Network plot from the eQTM analysis showing the CpGs correlated with five or more gene transcripts (A) and 
CpGs correlated with three or four gene transcripts (B). The network plot visualizes the correlations from the eQTM analysis 
between the methylation level of the Bonferroni-significant CpGs found in the EWAS and the expression levels of transcripts 
(Pearson correlations adjusted for estimated blood cell counts (CD8+ T cells, CD4+ T cells, natural killer cells, B cells, and 
monocytes)). The colour of the lines encodes the correlation coefficient, whereas line thickness corresponds to −log10 
(p-values), such that thicker lines indicate stronger statistical significance. Only CpGs correlated with three or more gene 
transcripts (probe ID shown if there is no gene symbol available for the probe) are shown in this plot. The network plot of 
CpGs correlated with two gene transcripts can be found in Supplementary Figure S7.
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retrograde Golgi-to-ER traffic’ (R-HSA-6811442), pathways connected to mitosis and ‘Separation of 
Sister Chromatids’ (R-HSA-2467813), as well as signalling pathways such as ‘Signaling by Hedgehog’ 
(R-HSA-5358351) and ‘PKR-mediated signaling’ (R-HSA-9833482). All those pathways were not 
identified when using CpG and DMR annotated genes. Overall, the majority of pathways are driven 
by the genes TUBA1A, TUBA1B, TUBA1C, and TUBB6, all of which encode tubulins (Supplementary 
Table S16).

Global, promoter, gene body, and intergenic DNA methylation and rDNAcn

Linear regression analysis did not reveal an association between global, promoter, gene body, or 
intergenic DNA methylation and rDNAcn (all p > 0.19) within the EPIC discovery dataset 
(Supplementary Table S17).

Overlap of NADs with rDNAcn-associated CpGs and eForge analysis

Previously reported genomic locations of NADs showed that there was a non-significant overlap of 
4.9% of the Bonferroni-significant CpGs, and a 6.5% overlap with the DMRs (for ideograms, see 
Supplementary Figures S8 and S9). Using the web-based tool eFORGE, we identified 32 tissues and 
cell types in which the Bonferroni-significant CpGs were enriched in DNase I hypersensitive sites. Of 
these, 15 corresponded to fetal or embryonic stem cells. The most significant enrichment was 
observed in fetal kidney DNase I hypersensitive sites (full results see Supplementary Table S18).

NA

EWAS

DMRs

RNA 
Polymerase

RNA 
Polymerase

Translation

Figure 11. Pathway analysis from the EWAS results and from annotated genes to cord blood rDNAcn-associated DMRs from 
the EPIC discovery analysis. The dot size shows the number of genes (count) appearing in a pathway. The gene ratio (ratio of 
input genes that map to this pathway) is represented on the x-axis. Significance is indicated by FDR-corrected p-values. The 
databases used are the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Reactome. The overrepresentation analysis 
from the EWAS results was conducted with the package methylGSA, and therefore, gene counts and gene ratios were not 
available.
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Discussion

To date, studies have evaluated methylation on the rDNA array, revealing associations of rDNA methyla
tion patterns with cancer and ageing in humans [14,47,48]. However, no study has examined the interplay 
between rDNAcn and genome-wide DNA methylation. We performed an EWAS of cord blood rDNAcn in 
two independent newborn populations. Using the EPIC discovery dataset, we found 122 significant single 
CpGs related to rDNAcn, of which 98.4% were positively associated. Furthermore, 31 DMRs were 
identified. In downstream analyses, we could relate the methylation level of the identified CpGs to cord 
blood gene expression and observed 253 nominally significant correlations with 177 annotated genes. 
Pathway analyses revealed a consistent enrichment of RNA Polymerase III Transcription pathways even 
when different gene input approaches were used. Using the 450K replication dataset in an EWAS, DMR, 
and downstream pathway enrichment analyses, we were able to find consistent evidence for those findings.

A relation between genome-wide DNA methylation and rDNAcn in cord blood has not been described 
before, and it is currently unknown whether methylation affects rDNAcn, rDNAcn affects methylation, or if 
there is a third factor that influences rDNAcn and DNA methylation at the same time, but in an 
independent manner. In our study, we aimed to highlight possible biological responses to differences in 
rDNAcn. Therefore, we made the following assumption: rDNAcn acts as the predictor variable, and DNA 
methylation was the outcome variable. However, we can only speculate if a higher rDNAcn leads to 
differences in the methylation degree of the identified CpGs or vice versa. Overall, currently, mechanistic 
evidence that directly connects rDNAcn and DNA methylation is missing. Nevertheless, both potential 
dependencies as well as the possibility of effects related to a third confounder are discussed.

First, the following observations might indicate a role of rDNAcn on DNA methylation. In a study by 
Gibbons et al., 2014 [11], it was shown that a strong association exists between gene expression and 
rDNAcn, and they speculate that differential recruitment of chromatin-modifying proteins and epigenetic 
changes could be the mechanism behind their observations [11]. Furthermore, they argue that variations in 
rDNAcn alter the required amounts of chromatin regulators and DNA-binding proteins needed for rRNA 
transcription. This might result in concentration changes of chromatin-modifying proteins throughout the 
rest of the genome, which affects genome-wide chromatin environments and transcription rates. In addition 
to that, it is known that rDNA clusters may play a role in global epigenetic gene regulation [49].

Second, based on some studies, we can speculate on how changes in DNA methylation might impact the 
rDNAcn. DNA methylation is known to affect gene expression. Therefore, regulatory genes of rDNAcn that 
are controlled by methylation can serve as a link between DNA methylation and rDNAcn. Currently, the 
mechanistic underpinnings of rDNA maintenance in humans remain largely unexplored, and knowledge in 
other multicellular organisms is limited. However, evidence suggests that the genes mus-101 and mei-41, 
both involved in the homologous recombination repair, are required for germline rDNA maintenance and 
the rapid expansion of rDNA copies in Drosophila [50]. Consequently, the expression of mus-101 or mei-41 
homologs and other genes involved in homologous recombination repair could potentially influence 
rDNAcn in humans.

Third, the considerable overlap in functionalities between rDNAcn and DNA methylation may suggest 
the presence of a third factor that influences rDNAcn and DNA methylation at the same time, but in an 
independent manner. However, a review of the current literature does not provide clear evidence for this. 
Although several attributes (including genomic instability, cancer, or body mass [16,18,19,51–53]) have 
been associated with rDNAcn and DNA methylation, the directionality of these associations often remains 
unclear, or those attributes are known to be the consequence rather than the cause of rDNAcn- or DNA 
methylation changes. Therefore, to the best of our knowledge, no common factors have been identified yet 
that directly cause changes in both rDNAcn and DNA methylation. Nonetheless, higher-order biological 
processes, including environmental exposures or developmental processes, could induce alterations in 
rDNAcn as well as DNA methylation, which have not yet been shown.

Our results indicate that a higher rDNAcn is associated with higher DNA methylation (120 out of the 122 
identified CpGs showed a higher methylation with increasing rDNAcn). This is in line with recent studies 
that showed strong positive correlations between rDNAcn and rDNA methylation in multiple human 
tissues and in mice [54,55]. Out of these 122 CpGs, 79 CpGs are found in the promoter regions of the 
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annotated genes, which mostly leads to a reduction in gene expression. Therefore, for the genes identified in 
the EWAS, our results indicate a trend of reduced expression with increasing rDNAcn in cord blood.

The top significant CpGs from the EPIC discovery analysis were related to the genes GFI1 (growth factor 
independent 1 transcriptional repressor), USP46 (ubiquitin specific peptidase 46), ABHD14A (abhydrolase 
domain containing 14A), ABHD14B (abhydrolase domain containing 14B), CHL1 (cell adhesion molecule 
L1 like) and CGREF1 (cell growth regulator with EF-hand domain 1). GFI1 preserves haematopoietic stem 
cell integrity [56], plays a crucial role in haematopoiesis [57], and its expression is associated with acute 
myeloid leukaemia [58]. USP46 is part of a large family of cysteine proteases that generate free ubiquitin and 
cleave ubiquitin from ubiquitylated substrates [59]. The gene plays a role in early embryogenesis [60] and 
has been connected to cancer, with some studies reporting suppression of progression [61] while others 
indicate it promotes metastasis [62]. ABHD14B was identified as a lysine deacetylase in mammals [63] and is 
potentially involved in metabolic activities in cancer cells [64]. ABHD14A, however, remains functionally 
uncharacterized. The gene CHL1 is mainly known for its connection to human cancers. It is involved in 
breast cancer tumorigenesis and progression [65] and acts as a tumour suppressor in neuroblastoma [66]. 
Furthermore, it plays an important role in the development of the nervous system [67]. CGREF1 is 
connected to cell proliferation [68] and cell growth [69]. It is associated with lipogenesis [70] and its 
transcript has been identified as a prognostic marker for osteosarcoma [71].

Taken together, the top genes we identified as associated with rDNAcn in newborns share a common 
functional link to (cancer) cell proliferation. This forms a bridge to rDNA, as studies have shown 
a strong connection between rDNA and cell proliferation. In mammalian cells, rDNA transcription 
fluctuates significantly throughout cell cycle progression [72], and it is regulated by cellular growth 
factors, nutrient availability, and the energy household of the cell [73]. At the same time, changes in 
ribosome biogenesis can hinder cell proliferation [74]. The 45S rDNAcn is negatively correlated with 
cell proliferation, while 5S rDNAcn is positively correlated with it [75]. When evaluating the functions 
of our top genes, it appeared conspicuous that several of them are associated with the mTOR pathway 
[61,76–78]. This signalling network coordinates eukaryotic cell growth and is responsive to growth 
factors, amino acids, cellular energy levels, oxygen availability, and stress. mTOR signalling is suggested 
to play an important role in regulating fetal growth by adjusting the growth trajectory of the foetus to 
the maternal supply of oxygen, nutrients, and growth factors [79]. Furthermore, mTOR has been shown 
to influence rDNA transcription [73] and may also be connected to rDNAcn [18]. Therefore, we 
speculate that mTOR could be the mechanistic connection between our top genes and rDNAcn. 
Besides the role in proliferation, most top genes are also functionally connected to cell growth and 
development, which might be in line with observations in this very early stage of life. It may also 
implicate potential long-term effects, as alterations in the development of the neuronal and immune 
systems are likely to be relevant later in life.

The most significant CpG overall was cg01804284. It emerged as the top hit in the 450K replication 
dataset; however, this probe is not present on the EPIC array. It is annotated to NFYC (nuclear transcription 
factor Y subunit gamma), a gene known to be connected to developmental processes [80,81] and cancer 
[82,83], which aligns with the findings reported above.

Despite the relatively large number of highly significant CpGs, we did not find any associations between 
the rDNAcn and the mean genomic CpG methylation level. Therefore, we currently have no evidence that 
rDNAcn does exert a global influence on overall genomic CpG methylation levels, but our results might 
indicate more localized or gene-specific effects.

Our downstream pathway analyses were performed in three different ways. First, the results of the EWAS 
were used as an input, showing enrichment of ‘Cytosolic sulfonation of small molecules,’ RNA Polymerase 
III Transcription, as well as pathways related to regulation of translation, kidney development, and 
regulation of vitamin metabolism. Second, we performed a pathway analysis using the annotated genes of 
the significant CpGs and identified DMRs as input. This revealed a strong connection to RNA Polymerase 
III, ‘Cytosolic sensors of pathogen-associated DNA,’ ‘RNA polymerase II transcribes snRNA genes,’ ‘RNA 
polymerase,’ ‘Eukaryotic Translation Initiation,’ and ‘Cap-dependent Translation Initiation.’ Third, we 
performed a pathway analysis using the genes whose expression was correlated with the methylation level 
of the CpGs, and we observed an overrepresentation in pathways related to hormone and peptide regula
tion, intracellular transport, and mitosis. Although the key findings from our pathway overrepresentation 
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analyses have not been reported in previous studies, several of the identified pathways can be corroborated 
by the literature. A study conducted in 2014 by Gibbons and his colleagues directly investigated the 
correlations between rDNAcn and gene expression in adult humans. They reported 15 GO terms that 
were positively associated with rDNA dosage and 20 GO terms with negative correlations [11]. A higher 
rDNAcn was connected to a higher gene expression of genes associated with the nucleolus, ribosomes, 
spliceosomal complex, RNA metabolism, and response to virus, while a lower gene expression was mainly 
found for genes localized at the endoplasmatic reticulum [11]. Our findings overlap to some extent with 
those found by Gibbons. The pathway analysis conducted with the DMRs from the EWAS revealed 
a connection to RNA metabolism. Our third pathway analysis using genes from the eQTM analysis showed 
an enrichment of pathways connected to intracellular protein transport, as in line with Gibbons et al., 2014 
[11]. Besides that, we identified pathways that are related to kidney development. Consistent with this 
finding, a recent study reported an association between rDNAcn and the estimated glomerular filtration 
rate, which is known to be a marker for kidney function [17]. The pathway analysis using genes from the 
eQTM analysis showed an enrichment of pathways connected to mitosis. As previously discussed, there is 
a well-established link between rDNA and cell proliferation. The specific connection between rDNAcn and 
mitosis, described by Ide et al., 2010 [84], underlines the importance of rDNAcn for replicative functioning. 
Their study in yeast indicated that the separation of the sister chromatids is more sensitive to damage once 
the rDNAcn is decreased. They conclude that additional rDNA repeats promote condensin association and 
sister-chromatid cohesion, which enhances recombinational repair.

We are unaware of any direct association with rDNAcn for the remaining findings. Therefore, in the 
following, we speculate on possible links between some of those pathways and the RNA machinery and 
highlight some mechanistic interplays.

The most prominent result of the pathway analyses was RNA Polymerase III transcription activity. RNA 
Polymerase III mostly transcribes tRNAs and 5S rRNAs, which are integral components of the ribosomes. 
In this study, however, we assessed the copy number of 45S rDNA, which is transcribed by RNA Polymerase 
I rather than RNA polymerase III. Therefore, it is important to point out that RNA polymerase III is also 
required for the repair of DNA double-strand breaks [85]. These occur significantly more often in rDNA 
compared to the rest of the genome [86]. Based on this, we speculate that an increased 45S rDNAcn may be 
associated with a higher incidence of double-strand breaks, thereby increasing the demand for RNA 
polymerase III – mediated repair processes. Such a mechanism could indirectly lead to altered RNA 
Polymerase III transcription activity in people with higher 45S rDNAcn. However, direct experimental 
evidence supporting this hypothesis is currently lacking.

Furthermore, there was an overrepresentation of ‘RNA polymerase II transcribes snRNA genes.’ Besides 
small nuclear RNAs, which play an important role in splicing, RNA polymerase II transcribes messenger 
RNA and microRNA. In humans, there is no direct link between rDNAcn and RNA polymerase II. 
However, it was recently shown that RNA polymerase II plays a role in rDNAcn expansion in 
Drosophila [87].

Several results from the overrepresentation analysis seem to be connected to the RNA machinery via 
translation initiation. The (Cap-dependent) translation initiation pathway was overrepresented. It is 
described as the assembly of the elongation-competent 80S ribosomes, where the initiation codon is 
base-paired with the anticodon loop of the initiator tRNA in the ribosome (for further information, 
see [88]).

‘Cytosolic sensors of pathogen-associated DNA’ are known to be different receptors capable of initiating 
diverse immune responses upon the detection of pathogen-derived molecules or DNA from invading 
organisms [89]. Chromosomal-derived cytoplasmic DNA can trigger DNA-sensing receptors as well [90]. 
As rDNA sequences are enriched within the cytoplasmic DNA [91], they may induce pro-inflammatory 
responses [92].

It should be noted that most pathways identified based on the eQTM analysis are related to the 
TUBA1A, TUBA1B, TUBA1C, and TUBB6 genes, all of which encode tubulins. Tubulins constitute 
the primary structural components of microtubules, which are essential elements of the cytoskele
ton, playing a critical role in maintaining cellular architecture and facilitating intracellular 
transport.
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Also, it is important to point out that the results obtained from the first and second pathway analysis are 
considered to provide more robust and biologically meaningful results. The third analysis, based on genes 
identified through the eQTM analysis, was intended to be exploratory and used a subset of the data with less 
stringent statistical criteria. Its primary goal was to validate findings and generate directions for future 
research. As such, the pathways derived from the eQTM analysis should be interpreted with caution.

Strengths and limitations

To our knowledge, this is the first study showing an association between rDNAcn and genome-wide DNA 
methylation in the human genome. In the main analysis, we used the highly reliable EPIC array [93], which 
covers a wide range of genome regions, and a robust and sensitive ddPCR technique for rDNAcn 
measurement. The observed associations remained consistent in a comprehensive series of tests, including 
several adjustment sets and sensitivity analyses. In addition, we replicated the results using a fully inde
pendent dataset, which contained methylation data measured with the 450K array.

Nevertheless, it is important to point out some limitations of the study. First, as discussed above, we cannot 
pursue the direction of the dependencies. Second, the limited sample size in the eQTM analysis represents 
a constraint, as it may limit the robustness of the conclusions and warrants caution in the interpretation of the 
results. Third, a recent study reported maternal cell contamination of approximately 4% in umbilical cord 
blood samples [94]. Given this low level, we do not expect it to substantially affect our results. Nevertheless, we 
note it as a limitation, as it could potentially influence our analyses. Finally, rDNAcn measurements obtained 
by ddPCR do not capture sequence variation within rDNA arrays; given emerging evidence that such variation 
may be biologically relevant, this represents an additional limitation of the present study.

Conclusions

In this study, we showed an association between rDNAcn variation and genome-wide DNA methylation at 
birth. An increase in cord blood rDNAcn was related to higher DNA methylation, and we identified 122 
CpGs to be significantly associated with the number of rDNA repeats at birth. Like rDNA, the top genes 
annotated to the identified CpGs can functionally be linked to (cancer) cell proliferation, cell growth, and 
development. A pathway overrepresentation analysis uncovered potentially relevant biological pathways 
and, most intriguingly, a possible connection of the association to RNA Polymerase III transcription. 
Finally, we showed here that rDNAcn may serve as a key genomic regulator in early life, which highlights 
the need for further studies to explore the functional role of rDNAcn variation and its associated 
epigenomic effects in development, health, and disease.
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