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Stellingen behorend bij het proefschrift getiteld:

BEYOND THE CPG

an integrative approach to decoding DNA methylation in immunometabolic health

Meta-analysis of large-scale blood-based datasets can reveal biologically meaningful DNA
methylation, even for traits non-hematopoietic in origin (this thesis; Hannon et al. eLife,
2021).

Only by triangulating evidence from complementary techniques can we extract the most
promising loci from high-dimensional results (this thesis; Gutierrez et al., Eur ] Epidemiol,
2025).

CpGs should not be interpreted independently of the regulatory proteins they encounter,
their broader chromatin environments, or the cells they were discovered in (this thesis;
Machado et al. Brief Funct Genomics, 2014; Schiibeler, Nature, 2015; Yin et al., Science,
2021).

With an unprecedented wealth of public data at our fingertips, progress now depends on
our ability to translate associations into clinically relevant results (this thesis; Jiang et al.
Nat Rev Cancer, 2022; Singh et al. Adv Protein Chem Struct Biol, 2024).

Following robust identification of disease-associated CpGs across tissues and studies, our
focus must shift from discovery to mechanistic interpretation (Kaluscha et al., Nat Genet,
2022; Hawe et al., Nat Genet, 2022).

Novelty accelerates science as long as fundamental questions remain at the steering wheel
(Cohen, eLife, 2017; Teplitskiy et al., Proc Natl Acad Sci, 2022).

Advances in infrastructure and accessible tools now support collaborative discovery across
sensitive data without compromising privacy (Teo et al., Cell Rep Med, 2024; The Galaxy
Community, Nucleic Acids Res, 2024).

Even the most sophisticated algorithms cannot rescue a flawed experimental design (Leek
et al., Nat Rev Genet, 2013; Goh et al., Trends Biotechnol, 2018).

While discovery charts our scientific paths, it is the people who nurture our creativity and

curiosity that illuminate them.

Humans are emerging as an unparalleled model organism for studying human biology.
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General introduction

Healthy Ageing

Age is the leading risk factor for most common, chronic diseases, but the ageing pro-
cess itself is highly heterogenous?. While some individuals suffer from decades of
multimorbidity and functional decline, others enjoy a comparatively healthy older age
with lower levels of frailty and limited disease development. Modifiable lifestyle fac-
tors, such as diet and physical activity, can influence these trajectories and targeted
interventions have successfully improved health in older adults®*. Yet, key challenges
remain to identify the molecular determinants of age-related phenotypes and uncover
the biological roots driving intervention effects®.

Markers of health offer valuable insights into the processes and pathways underly-
ing ageing. They encompass a broad spectrum of measures, from functional tests
and anthropometry to clinical chemistry and cellular biomarkers, each with distinct
strengths and limitations®. While physiological metrics are typically easier to observe
and interpret in the clinic, they emerge following a series of subtler shifts in health’.
Early detection of such inter-individual variation is where biochemical and molecu-
lar markers shine®. Interleukin-6 (IL-6) levels can predict cardiovascular disease and
all-cause mortality years prior to clinical onset®, nutrient-sensing genes are robustly
linked to longevity and represent promising therapeutic targets'' 3, and epigenetic
clocks integrating DNA methylation (DNAm) at sensitive sites can accurately estimate
chronological age'*'s. These examples offer a glimpse into the promise of molecular
biology in ageing research, but the links between markers and the mechanics of their
regulation await full elucidation.

Immunometabolism

Profound shifts in both immunity and metabolism accompany ageing, and these
systems are intimately engaged in a bidirectional crosstalk termed immunometabo-
lism'*7. This dynamic communication shapes physiological function and dysfunction
throughout the lifecourse, providing a compelling framework for studying the biology
of ageing, particularly in tissues, such as blood, adipose, and muscle, which sit at the
crossroads between immune surveillance and metabolic regulation'®*.

Among these interconnected systems, age-related changes in the immune compart-
ment have been especially well characterized®*. Leukocyte populations undergo
extensive remodelling with age, culminating in a distinct immunological landscape
known as immunosenescence. This state is marked by a decline in naive T-cell popu-
lations relative to terminally differentiated memory cells, inversion of CD4+/CD8+
T-cell ratios, and reduced T-cell receptor diversity?*?. Such qualitative and quantitative
immunological alterations have consequences for the health of older adults, contrib-
uting to impaired tumour surveillance, increased susceptibility to autoimmunity, and




Chapter 1

higher risk of chronic, non-communicable disease (Fig. 1a)*?%.

Paradoxically, even as adaptive immunity declines, a persistent, low-grade inflamma-
tion referred to as inflammaging emerges®. Sustained in part by chronic stimulation
from misplaced self-molecules and cellular debris, affected leukocytes remain in a
state of prolonged activation®. These exhausted immune cells, no longer finely attuned
to specific threats, mount maladaptive responses and exhibit a heightened propensity
to differentiate into pro-inflammatory subtypes, such as Th1l7 effectors (Fig. 1b)*3.
Inflammaging is characterized by elevated serum levels of molecular mediators,
including IL-6 and TNF-a®**. The physiological relevance of these changes is under-
scored by studies in centenarians, where genetic variants in the IL6 locus strongly cor-
relate with longer lifespans®, and by growing evidence that dampening inflammation
may be central to attaining exceptional longevity*>.

b

Impaired immune Shifts in immune cell Genomic instability Reactive oxygen
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of metabolic disease stressed adipocytes and inhibits autophagy leads to ER stress

% (=)
o

“leptin X

vadiponectin

uonen3aisip orjoqelsy  SurSewIweFUI pUL SOUSDSIUISOUNTU]

Organismal Molecular

Figure 1 | Immune, inflammatory, and metabolic components of ageing across biological scales. a) Organis-
mal-level alterations increase incidence of cancer, autoimmune, and metabolic diseases, including type 2 diabe-
tes. b) Loss of naive T-cells impairs adaptive immunity, cytokine production promotes chronic inflammation, and
stressed adipocytes adjust their secretory profiles. €) Cellular effects include genomic disruptions of immune cell
function, mitochondrial dysfunction, and hyperactive mTOR signalling. d) Molecular changes propagate endoplas-

mic reticulum (ER) and oxidative stress, fuelling DNA damage and genomic instability. Figure created in BioRender.
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General introduction

At the cellular level, age-associated changes in immune function both rely on and
shape shifts in metabolism®. Pro-inflammatory cytokines, such as IL-6, trigger stress
pathways that impair mitochondrial function, disrupt proteostasis, and contribute to
genomic instability (Fig. 1c,d)*®®. Additionally, immune cells depend on metabolic
reprogramming to meet the energetic and biosynthetic demands of activation®. While
oxidative phosphorylation is largely sufficient to support the modest energy require-
ments of naive T-cells, activating cells rapidly shift to glycolysis for ATP generation.
Indeed, glucose deprivation alone can suppress T-cell expansion and cytokine produc-
tion even when alternative metabolic substrates are available, highlighting the critical
role of metabolic flexibility in ageing and the immune response*-*.

This interplay between immunity and metabolism extends beyond the circulation as
well. Chronic inflammation infiltrates other tissues, including adipose and muscle,
where activation of cytokine receptors on resident cells both impairs glucose home-
ostasis and promotes insulin resistance®. Yet, adipocytes and myocytes are not mere
passive targets of inflammaging; they also secrete pro- and anti-inflammatory medi-
ators, including IL-6, adiponectin, and leptin, thereby modulating immune responses
and influencing organismal energy balance**. This bidirectional crosstalk system-
ically propagates age-related dysfunction, underpinning a constellation of immune,
inflammatory, and metabolic alterations*. Taken together, these processes demon-
strate the pivotal role of distinct cellular phenotypes and their regulation for shaping
health trajectories in later life, and position immunometabolism as a unifying frame-
work for understanding ageing and health in the population at large.

Gene regulation and epigenetics

Cellular phenotypes are fundamentally determined by gene expression and protein
production patterns. This is exemplified by effector T-cell subtypes, whose distinct
transcriptional and translational signatures enable their transformation from naive
cells into specialized lineages®. The classical markers that distinguish these subsets
underscores the vital role of genomic regulation in shaping their fates (Fig. 2a). Lin-
eage-defining transcription factors (TFs) such as T-bet drive Thl identity by promoting
expression of IFN-y, receptors including CD25 detect IL-2 in the extracellular milieu and
support regulatory T-cell (Treg) survival and immunosuppressive functions, and IL-17A
secretions enables Th17 subtypes to amplify local inflammation and recruit neutrophils
to sites of tissue damage®.

The execution of these differential programs depends on a complex and tightly regulated
network of molecular interactions. TFs act in concert with co-factors and the surround-
ing chromatin landscape to activate or repress target genes®*'. Epigenetic alterations,
including DNAm and histone modifications, modulate chromatin accessibility, thereby
determining which genomic regions are transcriptionally permissive, and which are

11
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not*?. Through the integration of these regulatory layers of control, cells establish the
expression profiles that define their phenotypes and ultimately enable their precise
functional specialization®.

DNAm is one such epigenetic modification, involving the addition of a methyl group
to the 5’ position of cytosine residues, primarily at CpG dinucleotides (Fig. 2b). By
influencing local chromatin structure and TF binding potential, DNAm can modulate
expression without altering underlying genetics®. While traditionally regarded as a
repressive mark, particularly when located in promoters or enhancers, the regulatory
effects of DNAm are now recognized as strongly context dependent (Fig. 2c)>%.

b
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Figure 2 | Gene regulation involves co-operation between transcription factors (TFs) and the chromatin land-
scape. a) T-cell subtypes are defined by lineage-defining TFs, receptors, and secretions. b) DNA methylation
(DNAm) attaches a methyl group (red) to cytosine residues. ¢) DNAm is context-dependent: it may block the bind-
ing of TFs at promoter and enhancer regions but is also linked to transcriptional activation when located in gene
bodies. d) Large-scale integrative analyses can improve CpG-gene annotations including functional genomics, TF

binding site (TFBS) enrichment, eQTM analyses, and genetic colocalization. Figure created in BioRender.
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Methylation within gene bodies, for example, is frequently associated with active
transcription, and intergenic DNAm can help preserve the boundaries of regulatory
domains. Furthermore, expression quantitative trait methylation (eQTM) studies have
demonstrated that DNAm correlates with expression in both directions; although asso-
ciations are predominantly negative, a substantial proportion are positive, underscor-
ing a nuanced role for DNAm in transcriptional regulation®.

This context-dependent regulatory nature has complicated the development of reliable
maps linking DNAm to target genes®. While CpGs are frequently annotated to the near-
est gene body, this pairing is crude: it overlooks tissue-specificity, ignores local chro-
matin structure, and provides no insight into the regulatory factors involved. Emerging
evidence supports more distal CpG-gene associations and reveals that TFs differ in
their sensitivity to DNAm, highlighting the limitations of simple proximity based
approaches®®. Refining CpG-gene annotations will require large-scale, longitudinal,
and tissue-specific analyses that combine available epigenetic, transcriptomic, and
genetic data, such as those generated by the Roadmap Epigenomics and BBMRI BIOS
consortia®’. These resources offer valuable opportunities to uncover the shared regu-
latory architecture of molecular traits. Yet, systematic integration of evidence-based
mapping is not yet routine in epigenomic studies, and functional and mechanistic
interpretations continue to lag behind their scientific potential (Fig. 2d).

Epigenome-wide association studies

DNAm is a stable and accessible epigenetic mark that can be profiled using minimally
invasive sampling and cost-effective, microarray-based technologies®?. These practical
advantages have fuelled a wave of large-scale epidemiological investigations examining
DNAm variation across populations. A core method in this field is the epigenome-wide
association study (EWAS), which systematically associates DNAm with a trait of inter-
est®>%*, EWAS have become a cornerstone of population epigenetics, revealing DNAm
signatures for a broad range of traits, including age, lifestyle factors, and immunomet-
abolic health!4¢-¢7,

Methylation changes across the lifecourse have been particularly well-characterised®.
Genome-wide analyses and twin studies uncovered a hallmark signature of global
hypomethylation, particularly in intergenic and repetitive elements, accompanied by
site-specific hypermethylation at CpG-rich promoters®?. A subset of these predicta-
ble modifications forms the foundation of epigenetic clocks, which estimate calendar
age using highly informative CpGs''>. Beyond chronological prediction, these clocks
also capture biological changes, including shifts in immune cell composition, mortal-
ity risk, and functional decline, with reorganization of the epigenetic landscape now
established as a characteristic component of human ageing®7>72.
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EWAS have also revealed robust associations between DNAm and immunometabolic
health, linking CpG sites at key regulatory genes to body mass index (BMI), circu-
lating lipid levels, and type 2 diabetes across multiple studies” 7. Notable examples
include ABCGI1, which encodes a cholesterol transporter central to lipid homeostasis
and inflammation, SREBFI, a transcriptional regulator of lipogenesis, and CPTIA, a
rate-limiting enzyme in mitochondrial fatty acid oxidation®>”. These findings reveal
a central role for methylation of metabolic loci in health and disease, illustrating the
power of EWAS to uncover compelling CpGs with clear biological relevance.

Yet, despite these successes, the epigenetic architecture of many clinically relevant
traits and exposures remains poorly characterised. While certain risk factors, such as
adiposity and smoking, have been extensively studied, many others lie unexplored®.
As a result, gaps persist in our understanding of how DNAm contributes and responds
to early shifts in immunometabolic health, and EWAS efforts will need to be expanded
to capture a broader spectrum of inter- and intra-individual epigenetic variation.

Technical considerations

Although EWAS primarily yield correlational findings, their interpretation requires
careful consideration of plausible underlying causal structures’. By directly altering
the mechanical properties of DNA, CpG methylation can modulate chromatin acces-
sibility and alter TF binding>#®. However, this regulatory potential by no means guar-
antees that CpGs identified in EWAS are a product of direct, functional effects within
studied cells (Fig. 3a). Observed DNAm-trait associations may also arise from technical
or biological confounding, reverse causation, or shared upstream factors (Fig. 3b-f)%27.
Distinguishing between these scenarios requires a combination of thoughtful study
design, high-quality data, and analytical strategies capable of separating biological sig-
nals from technical artifacts.

Among these scenarios, technical confounding (Fig. 3b) is arguably the only one that
is wholly undesirable. Arising from differences in sample handling, array position, or
environmental conditions during processing, these effects represent variation intro-
duced only after sample collection and therefore do not reflect underlying biology in
the organism or test system sampled. As DNAm datasets expand, they become increas-
ingly vulnerable to these confounders which, if not properly addressed, can obscure
signals or even generate misleading results™%. While post hoc adjustment strategies,
such as ComBat and other normalisation techniques, are widely employed, they risk
inadvertently masking genuine biological variation®'. Consequently, proactive strate-
gies to minimise batch effects through experimental design and randomisation are pre-
ferred. Despite this, practical frameworks and accessible tools to support researchers
at the design stage remain limited, and there is a disconnect between best-practice rec-
ommendations and their routine implementation in high-throughput studies.

14
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Figure 3 | Six potential causal structures. a) Direct regulatory DNAm effects within studied cells alters expression

and thereby influences the trait. b) Associations between the trait and technical factors induce systematic DNAm
differences. ¢) Associations between cell composition and the trait lead to apparent DNAm differences at CpGs
that mark cell types but are not linked to their differentiation. d) DNAm directed cell fate decisions lead to changes
in cell-type composition associated with the trait. e) The trait influences DNAm in studied cells. f) Shared upstream
factors like diet cause independent effects on DNAm in studied cells and the trait, including through DNAm effects

in a non-studied cell type. Figure created in BioRender.

Since DNAm patterns are tightly linked to cellular identity, biological confounding
poses another major consideration for EWAS®2%3, Blood, the most accessible and widely
studied tissue in epigenetic epidemiology, offers rich opportunities for large-scale anal-
ysis, but its cellular heterogeneity complicates interpretation. DNAm-trait associations
may arise from shifts in immune cell proportions (Fig. 3c) rather than within-cell dif-
ferential methylation, and this is further complicated by methylation’s ability to direct
cell fate decisions (Fig. 3d)3®. Although routine clinical tests measure only a small
number of immune cell categories, recent developments in algorithmic deconvolution
now allow estimation of a much wider spectrum of cellular subtypes across multiple
tissues®-®. This has greatly improved the available resolution for disentangling drivers
of observed results. Crucially, however, changes in sample composition are also bio-
logically meaningful readouts, such as the shifts in immune cell populations that occur
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with age?. As such, EWAS interpretation must carefully distinguish between cellular
variation that introduces bias and that which reveals key aspects of immune or physio-
logical function.

Processing and analysing DNAm data remains a rapidly evolving science, driven
by novel platforms and technological innovations. Bioconductor packages, such as
methylAid®, omicsPrint™, and bacon®® provide powerful, interactive frameworks for
monitoring data quality, verifying sample identify, and reducing bias in analysis. Yet,
computational pipelines and packages require regular updates, and optimal analyti-
cal choices vary with study aims and designs®*®. Flexible, scalable, and reproducible
workflows, supported by clear and accessible documentation, are essential to empower
researchers to keep pace with advances while ensuring high-quality analysis. Even
so, modular and transparent resources remain scarce and the steep learning curve of
DNAm data processing and analysis continues to limit broad participation.

Yet, despite these ongoing methodological challenges, the expanding availability of
large-scale DNAm data offers opportunities to aggregate EWAS findings across popu-
lations. In this context, meta-analysis has become an indispensable tool, enhancing
the statistical power available to detect modest but consistent DNAm-trait associations.
Scalable software such as METAL facilitates the integration of summary statistics while
quantifying cohort-specific heterogeneity, allowing researchers to detect robust sig-
nals that may not reach significance in individual studies®. To fully capitalise on EWAS
meta-analysis, careful consideration of plausible causal structures will be required
alongside collaborative efforts and consortia aimed at elucidating how the DNAm land-
scape varies with complex traits.

Functional interpretation

Most EWAS to date remain largely descriptive and there is a pressing need to move
beyond site discovery towards in-depth functional interpretation’”. While genic anno-
tation of CpGs, particularly when strengthened by tissue-specific reference epige-
nomes and TF binding site information, can offer preliminary clues about regulatory
potential, this alone is insufficient to contextualize high-dimensional results. Achiev-
ing meaningful biological interpretation requires a more systematic and integrative
approach. Yet, despite growing enthusiasm and the increasing availability of relevant
resources, such follow-up remains inconsistently applied. This limits the field’s capac-
ity to generate mechanistic insights and leaves the full potential of EWAS unrealized.

One promising avenue to address this gap is to use curated databases containing
gene sets and prior EWAS findings (Fig. 4a,b)*>**. These resources can be systemati-
cally interrogated through enrichment analyses to determine whether differentially
methylated CpGs and their putative target genes converge on shared biological

16
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Figure 4 | Follow-up analyses available for epigenome-wide studies including a) gene-set analyses, b) EWAS
enrichment analysis, ) bidirectional two-sample Mendelian randomization, and d) multi-tissue investigations and

interventions. Figure created in BioRender.

processes or pathways. This can illuminate underlying mechanisms, reveal points of
regulatory control, and help prioritize loci for functional follow-up. By embedding bio-
logical and clinical context into epigenomic workflows, researchers can shift from the
isolated nucleotide resolution of CpGs back up to interpretable, systems-level biology.

Yet even biologically plausible associations do not imply causality. A central challenge
in epigenetic epidemiology is determining whether differential methylation plays a
direct role in shaping cellular phenotypes, or if it instead reflects a different under-
lying causal structure such as reverse causation (Fig. 3e) or shared upstream drivers
(Fig. 3f). Robust study designs and causal inference approaches can assist in disentan-
gling these possibilities: bidirectional two-sample Mendelian randomization provides
a powerful statistical framework to assess directionality of associations by leveraging
genetic instruments as proxies for exposure and outcome (Fig. 4¢)®, tissue- or cell-type
specific follow-up can assess whether blood-based signals mirror changes in other rel-
evant compartments (Fig. 4d)”, and intervention studies, in which exposure precedes
DNAm by design, offer a valuable window into causality by revealing if epigenetic con-
trol is responsive to established modulators of immunometabolic health.

When applied in concert and thoughtfully interpreted, these integrative approaches
will allow researchers to move beyond CpG associations, highlighting focal points for
mechanistic investigations and generating testable hypotheses about how epigenetics
and immunometabolic health interact. In doing so, such frameworks have potential
to transform the field of epigenetic epidemiology from a cataloguing exercise into a
mature, mechanistically grounded discipline that advances translational research.
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Outline of this thesis

A central feature of ageing is a progressive decline in immunometabolic health, ampli-
fying the risk of certain conditions in older adults. This thesis aims to examine the
epigenetic component of such immunometabolic health variation through cohort and
intervention studies, using in-depth functional epigenomics to gain fresh insights into
the mechanisms that limit or lead to the pathogenesis of age-related disease.

In Chapters 2 and 3, we explore DNAm signatures of circulating adipocytokines, address-
ing key knowledge gaps in the epigenetics of immunometabolic risk. Chapter 2 focuses
on IL-6, a central inflammatory mediator that increases with age and is predictive of
cardiovascular events and all-cause mortality®!°. By combining blood-based data from
over 4,000 individuals, we identify CpG sites associated with circulating IL-6 levels and
assess their regulatory potential. Furthermore, we uncover the shared molecular archi-
tecture of DNAm, expression, and IL-6 through integration with transcriptomic and
genetic data, including large-scale quantitative trait loci databases and genome-wide
association studies. In this manner, the resulting epigenetic signature is connected
to immunometabolic risk and disease, with three complementary causal inference
approaches placing CpGs along the aetiological pathway from elevated inflammation to
IL-6 related conditions, such as increased BMI and inflammatory bowel disease.

In Chapter 3 we conduct a meta-analysis of five European cohorts to explore links
between DNAm and serum adiponectin and leptin, two circulating adipokines with
established regulatory roles in ageing and immunometabolic disease. Using compre-
hensive functional annotation, integration with BIOS consortium data, and follow-up
in adipocytes, we carefully consider the directionality, tissue-specificity, and broader
relevance of our findings for immunometabolic health, including by exploring causal
effects on lipid levels and type 2 diabetes.

Recognising the common challenges in epigenome-wide studies, Chapter 4 and 5 focus
on improving analytical workflows and data quality for use in a novel experimental
setting. In Chapter 4 we present statistical software designed to proactively minimise
batch effects in high-throughput genomic studies with special attention for accessible
implementation and paired designs. Chapter 5 introduces DNAmArray, a reproducible
and modular workflow with extensive documentation that streamlines quality control,
preprocessing, and analysis in EWAS using existing packages, including methylAid®,
omicsPrint®, and bacon®!, ensuring high-quality DNAm data for downstream analyses.

In contrast to observational cohort study designs, interventions can examine alteration
to immunometabolic health and molecular traits in parallel. Therefore, in Chapter 6
we evaluate multi-tissue epigenomic responses to a combined lifestyle intervention,
where older adults improved their health through a combination of calorie restriction
and increased physical activity. We comprehensively characterise epigenetic effects in
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fasted blood, subcutaneous adipose tissue, and skeletal muscle, linking them to
changes in immunometabolic health markers, including BMI, body fat percent-
age, grip strength, and serum adipocytokine levels. Furthermore, we incorporate
epigenetic clocks to assess the efficacy of DNAm-based algorithms for capturing
intervention-driven effects, demonstrating value for combining experimental and
computational methods in epigenomic studies.

The general discussion in Chapter 7 synthesizes our main findings within the broader
context of immunosenescence and inflammaging. We discuss the importance of inte-
grative approaches in large-scale EWAS, emphasizing the role of functional annota-
tion and causal inference in moving beyond CpG associations. By comparing findings
across Chapters 2, 3, and 6, we identify shared epigenetic indicators of health and focal
points for follow-up investigations. In closing, we offer fresh perspectives for future
directions and outline next steps on the path towards a more mechanistic and transla-
tional epigenetic science.

19




Chapter 1

References

1.

10.

11.

12.

13.

14.

15.

16.

20

Niccoli, T. and Partridge, L. Ageing as a risk factor
for disease. Curr Biol 22 (17): R741-752 (2012).

Partridge, L., Deelen, J. and Slagboom, P. E. Facing
up to the global challenges of ageing. Nature 561
(7721): 45-56 (2018).

Reiner, M. et al. Long-term health benefits of phys-
ical activity: A systematic review of longitudinal
studies. BMC Public Health 13: 813 (2013).

Green, C. L., Lamming, D. W. and Fontana, L.
Molecular mechanisms of dietary restriction pro-
moting health and longevity. Nat Rev Mol Cell Biol
23 (1): 56-73 (2022).

Campisi, J. et al. From discoveries in ageing
research to therapeutics for healthy ageing. Nature
571 (7764): 183-192 (2019).

Wagner, K. H. et al. Biomarkers of Aging: From
Function to Molecular Biology. Nutrients 8 (6): 338
(2016).

Khan, S. S., Singer, B. D. and Vaughan, D. E. Molec-
ular and physiological manifestations and meas-
urement of aging in humans. Aging Cell 16 (4):
624-633 (2017).

Lopez-Otin, C. et al. Hallmarks of aging: An
expanding universe. Cell 186 (2): 243-278 (2023).

Hirata, T. et al. Associations of cardiovascular bio-
markers and plasma albumin with exceptional
survival to the highest ages. Nat Commun 11 (1):
3820 (2020).

Mossmann, M. et al. Increased serum IL-6 is pre-
dictive of long-term cardiovascular events in high-
risk patients submitted to coronary angiography:
an observational study. Diabetol Metab Syndr 14 (1):
125 (2022).

Mannick, J. B. and Lamming, D. W. Targeting the
biology of aging with mTOR inhibitors. Nat Aging 3
(6): 642-660 (2023).

Johnson, S. C., Rabinovitch, P. S. and Kaeberlein,
M. MTOR is a key modulator of ageing and age-re-
lated disease. Nature 493 (7432): 338-345 (2013).

Passtoors, W. M. et al. Gene expression analysis of
mTOR pathway: Association with human longev-
ity. Aging Cell 12 (1): 24-31 (2013).

Bernabeu, E. et al. Refining epigenetic prediction
of chronological and biological age. Genome Med
15 (1): 12 (2023).

Horvath, S. and Raj, K. DNA methylation-based
biomarkers and the epigenetic clock theory of age-
ing. Nat Rev Genet 19 (6): 371-384 (2018).

Hotamisligil, G. S. Inflammation, metaflamma-
tion and immunometabolic disorders. Nature 542
(7640): 177-185 (2017).

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Zhu, X. et al. Inflammation, epigenetics, and
metabolism converge to cell senescence and age-
ing: the regulation and intervention. Signal Trans-
duct Target Ther 6 (1): 245 (2021).

Mraz, M. and Haluzik, M. The role of adipose tis-
sue immune cells in obesity and low-grade inflam-
mation. J Endocrinol 222 (3): R113-127 (2014).

Juban, G. and Chazaud, B. Metabolic regulation of
macrophages during tissue repair: insights from
skeletal muscle regeneration. FEBS Lett 591 (19):
3007-3021 (2017).

Montecino-Rodriguez, E., Berent-Maoz, B. and
Dorshkind, K. Causes, consequences, and reversal
of immune system aging. J Clin Invest 123 (3): 958-
965 (2013).

Liu, Z. et al. Immunosenescence: molecular mech-
anisms and diseases. Signal Transduct Target Ther 8
(1): 200 (2023).

Walford, R. L. The immunologic theory of aging.
Gerontologist 4: 195-197 (1964).

Nikolich-Zugich, J. The twilight of immunity:
Emerging concepts in aging of the immune sys-
tem. Nat Immunol 19 (1): 10-19 (2018).
Mittelbrunn, M. and Kroemer, G. Hallmarks of T
cell aging. Nat Immunol 22 (6): 687-698 (2021).

Weyand, C. M. and Goronzy, J. J. Aging of the
immune system: Mechanisms and therapeutic tar-
gets. Ann Am Thorac Soc 13: $422-S428 (2016).

Barbé-Tuana, F. et al. The interplay between
immunosenescence and age-related diseases.
Semin Immunopathol 42 (5): 545-557 (2020).

Lian, J. et al. Immunosenescence: a key player in
cancer development. J Hematol Oncol 13 (1): 151
(2020).

Fulop, T. et al. Immunosenescence and inflam-
maging as two sides of the same coin: Friends or
Foes? Front Immunol 8: 1960 (2018).

Franceschi, C. et al. Inflammaging and ‘Garb-ag-
ing’. Trends Endocrinol Metab 28 (3): 199-212 (2017).

Haynes, L. and Maue, A. C. Effects of aging on T
cell function. Curr Opin Immunol 21 (4): 414-417
(2009).

Schmitt, V., Rink, L. and Uciechowski, P. The Th17/
Treg balance is disturbed during aging. Exp Geron-
tol 48 (12): 1379-1386 (2013).

Ferrucci, L. and Fabbri, E. Inflammageing: chronic
inflammation in ageing, cardiovascular disease,
and frailty. Nat Rev Cardiol 15 (9): 505-522 (2018).

Michaud, M. et al. Proinflammatory cytokines,
aging, and age-related diseases. J Am Med Dir Assoc
14 (12): 887-882 (2013).

Zeng, Y. et al. Novel loci and pathways significantly
associated with longevity. Sci Rep 6: 21243 (2016).



General introduction

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

Zhou, L. et al. Centenarians Alleviate Inflammag-
ing by Changing the Ratio and Secretory Pheno-
types of T Helper 17 and Regulatory T Cells. Front
Pharmacol 13: 877709 (2022).

Minciullo, P. L. et al. Inflammaging and Anti-In-
flammaging: The Role of Cytokines in Extreme
Longevity. Arch Immunol Ther Exp (Warsz) 64 (2):
111-126 (2016).

Martin, D. E. et al. Targeting Aging: Lessons
Learned From Immunometabolism and Cellular
Senescence. Front Immunol 12: 714742 (2021).

Desdin-Mic6, G. et al. T cells with dysfunctional
mitochondria induce multimorbidity and pre-
mature senescence. Science 368 (6497): 1371-1376
(2020).

Hipp, M. S., Kasturi, P. and Hartl, F. U. The prote-
ostasis network and its decline in ageing. Nat Rev
Mol Cell Biol 20 (7): 421-435 (2019).

Soto-Heredero, G. et al. Glycolysis: a key player in
the inflammatory response. FEBS J 287 (16): 3350-
3369 (2020).

Macintyre, A. N. et al. The glucose transporter
Glutl is selectively essential for CD4 T cell activa-
tion and effector function. Cell Metab 20 (1): 61-72
(2014).

Cham, C. M. et al. Glucose Deprivation Inhibits
Multiple Key Gene Expression Events and Effector
Functions in CD8+ T Cells. Eur J Immunol 38 (9):
2438-2450 (2008).

Brestoff, J. R. and Artis, D. Immune regulation of
metabolic homeostasis in health and disease. Cell
161 (1): 146-160 (2015).

Maury, E. and Brichard, S. M. Adipokine dysregu-

lation, adipose tissue inflammation and metabolic
syndrome. Mol Cell Endocrinol 314 (1): 1-16 (2010).

Leal, L. G., Lopes, M. A. and Batista, M. L. Physical
exercise-induced myokines and muscle-adipose
tissue crosstalk: A review of current knowledge
and the implications for health and metabolic dis-
eases. Front Physiol 9: 1307 (2018).

De Carvalho, F. G. et al. Adipose tissue quality in
aging: How structural and functional aspects of
adipose tissue impact skeletal muscle quality.
Nutrients 11 (11): 2553 (2019).

Klemm, S. L., Shipony, Z. and Greenleaf, W. J.
Chromatin accessibility and the regulatory epige-
nome. Nat Rev Genet 20 (4): 207-220 (2019).

Zhou, L., Chong, M. M. W. and Littman, D. R.
Plasticity of CD4+ T Cell Lineage Differentiation.
Immunity 30 (5): 646-655 (2009).

Saravia, J., Chapman, N. M. and Chi, H. Helper T
cell differentiation. Cell Mol Immunol 16 (7): 634-
643 (2019).

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

Wilson, C. B., Rowell, E. and Sekimata, M. Epige-
netic control of T-helper-cell differentiation. Nat
Rev Immunol 9 (2): 91-105 (2009).

Henning, A. N., Roychoudhuri, R. and Restifo, N.
P. Epigenetic control of CD8+ T cell differentiation.
Nat Rev Immunol 18 (5): 340-356 (2018).

Allis, C. D. and Jenuwein, T. The molecular hall-
marks of epigenetic control. Nat Rev Genet 17 (8):
487-500 (2016).

Smith, Z. D. and Meissner, A. DNA methylation:
roles in mammalian development. Nat Rev Genet
14 (3): 204-220 (2013).

Moore, L. D., Le, T. and Fan, G. DNA Methylation
and Its Basic Function. Neuropsychopharmacology
38 (1): 23-38 (2013).

Greenberg, M. V. C. and Bourc’his, D. The diverse
roles of DNA methylation in mammalian develop-
ment and disease. Nat Rev Mol Cell Biol 20 (10): 590-
607 (2019).

Jones, P. A. Functions of DNA methylation: Islands,
start sites, gene bodies and beyond. Nat Rev Genet
13 (7): 484-492 (2012).

Bonder, M. J. et al. Disease variants alter transcrip-
tion factor levels and methylation of their binding
sites. Nat Genet 49 (1): 131-138 (2017).

Hannon, E. et al. Leveraging DNA-Methylation
Quantitative-Trait Loci to Characterize the Rela-
tionship between Methylomic Variation, Gene
Expression, and Complex Traits. Am J Hum Genet
103 (5): 654-665 (2018).

Calo, E. and Wysocka, J. Modification of enhancer

chromatin: what, how and why? Mol Cell 49 (5):
825-837 (2013).

Yin, Y. et al. Impact of cytosine methylation on
DNA binding specificities of human transcription
factors. Science 356 (6337): eaaj2239 (2017).

Roadmap Epigenomics Consortium et al. Integra-
tive analysis of 111 reference human epigenomes.
Nature 518 (7539): 317-330 (2015).

Bock, C. Analysing and interpreting DNA methyla-
tion data. Nat Rev Genet 13 (10): 705-719 (2012).

Rakyan, V. K. et al. Epigenome-wide association
studies for common human diseases. Nat Rev
Genet 12 (8): 529-541 (2011).

Wei, S. et al. Ten Years of EWAS. Adv Sci (Weinh) 8
(20): €2100727 (2021).

Ling, C. and Ronn, T. Epigenetics in Human Obe-
sity and Type 2 Diabetes. Cell Metab 29 (5): 1028-
1044 (2019).

Szarc Vel Szic, K. et al. From inflammaging to
healthy aging by dietary lifestyle choices: Is epige-
netics the key to personalized nutrition? Clin Epige-
netics 7 (1): 33 (2015).

21




Chapter 1

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

22

Fragoso-Bargas, N. et al. Epigenome-wide associa-
tion study of objectively measured physical activity
in peripheral blood leukocytes. BMC Genomics 26
(1): 62 (2025).

Jones, M. J., Goodman, S. J. and Kobor, M. S. DNA
methylation and healthy human aging. Aging Cell
14 (6): 924-932 (2015).

Teschendorft, A. E., West, J. and Beck, S. Age-asso-
ciated epigenetic drift: implications, and a case of
epigenetic thrift> Hum Mol Genet 22 (R1): R7-R15
(2013).

Talens, R. P. et al. Epigenetic variation during the
adult lifespan: Cross-sectional and longitudinal
data on monozygotic twin pairs. Aging Cell 11 (4):
694-703 (2012).

Jonkman, T. H. et al. Functional genomics analy-
sis identifies T and NK cell activation as a driver of
epigenetic clock progression. Genome Biol 23 (1):
24 (2022).

Kuiper, L. M. et al. Epigenetic and Metabolomic
Biomarkers for Biological Age: A Comparative
Analysis of Mortality and Frailty Risk. J Gerontol A
Biol Sci Med Sci 78 (10): 1753-1762 (2023).

Wahl, S. et al. Epigenome-wide association study
of body mass index, and the adverse outcomes of
adiposity. Nature 541 (7635): 81-86 (2017).

Pfeiffer, L. et al. DNA methylation of lipid-related
genes affects blood lipid levels. Circ Cardiovasc
Genet 8 (2): 334-342 (2015).

Walaszczyk, E. et al. DNA methylation markers
associated with type 2 diabetes, fasting glucose
and HbAlc levels: a systematic review and repli-
cation in a case-control sample of the Lifelines
study. Diabetologia 61 (2): 354-368 (2018).

van Dijk, S. J. et al. Recent developments on the
role of epigenetics in obesity and metabolic dis-
ease. Clin Epigenetics 7: 66 (2015).

Mill, J. and Heijmans, B. T. From promises to prac-
tical strategies in epigenetic epidemiology. Nat Rev
Geret 14 (8): 585-594 (2013).

Birney, E., Smith, G. D. and Greally, J. M. Epige-
nome-wide Association Studies and the Interpreta-
tion of Disease -Omics. PLoS Genet 12 (6): €1006105
(2016).

Leek, J. T. et al. Tackling the widespread and crit-
ical impact of batch effects in high-throughput
data. Nat Rev Genet 11 (10): 733-739 (2010).

Harper, K. N., Peters, B. A. and Gamble, M. V.
Batch effects and pathway analysis: Two potential
perils in cancer studies involving DNA methylation
array analysis. Cancer Epidemiol Biomarkers Prev 22
(6): 1052-1060 (2013).

Yang, H. et al. Randomization in laboratory proce-
dure is key to obtaining reproducible microarray
results. PLoS One 3 (11): €3724 (2008).

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

Teschendorff, A. E. and Relton, C. L. Statistical and
integrative system-level analysis of DNA methyla-
tion data. Nat Rev Genet 19 (3): 129-147 (2018).

Loyfer, N. et al. A DNA methylation atlas of nor-
mal human cell types. Nature 613 (7943): 355-364
(2023).

Dekkers, K. F. et al. Human monocyte-to-mac-
rophage differentiation involves highly localized
gain and loss of DNA methylation at transcription
factor binding sites. Epigenetics Chromatin 12 (1):
34 (2019).

Sun, D. et al. Epigenomic profiling of young and
aged HSCs reveals concerted changes during aging
that reinforce self-renewal. Cell Stem Cell 14 (5):
678-688 (2014).

Houseman, E. A. et al. DNA methylation arrays as
surrogate measures of cell mixture distribution.
BMC Bioinformatics 13: 86 (2012).

Salas, L. A. et al. Enhanced cell deconvolution
of peripheral blood using DNA methylation for
high-resolution immune profiling. Nat Commun
13 (1):761 (2022).

Wang, X. et al. Bulk tissue cell type deconvolution

with multi-subject single-cell expression refer-
ence. Nat Commun 10 (1): 380 (2019).

Van Iterson, M. et al. MethylAid: visual and inter-
active quality control of large Illumina 450k data-
sets. Bioinformatics 30 (23): 3435-3437 (2014).

Van Iterson, M. et al. omicsPrint: detection of data
linkage errors in multiple omics studies. Bioinfor-
matics 34 (12): 2142-2143 (2018).

van Iterson, M. et al. Controlling bias and inflation
in epigenome- and transcriptome-wide associa-
tion studies using the empirical null distribution.
Genome Biol 18 (1): 19 (2017).

Michels, K. B. et al. Recommendations for the
design and analysis of epigenome-wide associa-
tion studies. Nat Methods 10 (10): 949-955 (2013).

Wilhelm-Benartzi, C. S. et al. Review of processing
and analysis methods for DNA methylation array
data. Br J Cancer 109 (6): 1394-1402 (2013).

Willer, C. J., Li, Y. and Abecasis, G. R. METAL: fast
and efficient meta-analysis of genomewide asso-
ciation scans. Bioinformatics 26 (17): 2190-2191
(2010).

Battram, T. et al. The EWAS Catalog: a database
of epigenome-wide association studies. Wellcome
Open Res 7: 41 (2022).

Li, M. et al. EWAS Atlas: A curated knowledgebase
of epigenome-wide association studies. Nucleic
Acids Res 47 (D1): D983-D988 (2019).



General introduction

23



lNFATCZlP

=,

CHAPTER TWO v

Interleukin-6 d.




Epigenome-wide association study of circulating
interleukin-6 connects DNA methylation to
immunometabolic and inflammatory health

Lucy Sinke!, Jenny van Dongen??, Thomas Delerue*, Rory Wilson*,
Yujing Xia® Marian Beekman!, Gonneke Willemsen??,
Christian Gieger*®, Christian Herder”#, Wolfgang Koenig®®,
Annette Peters*®!!, Eco J.C. de Geus*?, Jose M. Ordovas'?,
Jordana T. Bell°, Melanie Waldenberger*®, Dorret I. Boomsma?3,
P. Eline Slaghoom!, and Bastiaan T. Heijmans!

Leiden University Medical Centre, Leiden, The Netherlands

Vrije Universiteit Amsterdam, Ams am, The Netherlands
Amsterdam University Medical Centre, Amsterdam, The Netherlands
Helmholtz Munich, Neuherberg, Ge

King’s Colle

or Cardiovascule

(S

> London, London, United Ki
German Centre esearch (DZHK), Munich, Ge \
Heinrich Heine University Diisseldorf, Diisseldorf, Germany

German Centre for Diabetes Research (DZD), Neuherberg, Ger:
Technic

al University of Munich, Munich, Ge \
Ulm University, Ulm, Germany

Ludwig Maximilian University of Munich, Munich, Germany
Tufts University, Boston, Massachusetts, United States of America

Published in Communications Biology 9, 242 (2026)



Abstract

Interleukin-6 (IL-6) drives metabolic and inflammatory pro-
cesses central to disease. Current knowledge implicates epi-
genetic mechanisms in the regulation of these pathways,
including through the methylation of CpG sites. This blood-
based meta-analysis of three cohorts (n = 4,361) identifies 401
IL-6-associated CpGs enriched in regulatory regions and linked
to keyimmunometabolic genes, including AIM2, MTOR, and IL6R.

Three complementary causal inference approaches support
most sites as responding to IL-6, with SOCS3 (Suppressor of
Cytokine Signalling 3) methylation statistically mediating
inflammatory bowel disease risk. Notably, one CpG connected
to NFATC2IP (Nuclear Factor of Activated T-cells 2 Interact-
ing Protein) plausibly influences both IL-6 production and
multiple immunometabolic conditions, including body mass
index and type 2 diabetes. Collectively, our results map
the DNA methylation landscape surrounding circulating
IL-6 levels and unveil directional effects and distinct func-
tional relationships between epigenetics and inflammation.
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+ Triangulation supports IL-6 as driving DNA methylation at the majority of
the identified CpGs.
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Background

Interleukin-6 (IL-6) is a multifunctional cytokine and a central player in immunity,
metabolism and disease'?. A low-grade chronic inflammation, characterised by ele-
vated levels of circulating IL-6, is observed in both ageing and multiple health con-
ditions, including type 2 diabetes (T2D), rheumatoid arthritis (RA), and inflammatory
bowel disease (IBD)*®. Evidence from preclinical models, genome-wide association
studies (GWAS), and Mendelian randomisation directly implicates IL-6 in the pathogen-
esis and progression of these diseases®’, and inhibitors of IL-6 signalling are success-
fully used as therapeutics®°. Despite this, the molecular mechanisms leading to, and
effects of elevated IL-6 levels, remain incompletely understood.

Inflammatory cascades are complex and highly context-dependent®!'. IL-6 activation
of JAK/STAT signalling, for example, can both amplify IL6 expression in a positive feed-
back loop and also restrain IL-6 activity via SOCS3. Furthermore, IL-6 production is
governed by a multi-layered regulatory network, integrating transcription factors (TFs)
with post-transcriptional control to ensure rapid yet reversible induction®?. Such spe-
cific and tightly regulated processes can be orchestrated in part by epigenetic mecha-
nisms, including DNA methylation (DNAm), which modifies genomic accessibility and
TF binding, leading to altered expression of target genes'. Yet, while epigenome-wide
association studies (EWAS) have robustly defined how DNAm associates with IL-6
related phenotypes such as body mass index (BMI), IL-6 itself has been comparatively
underexplored®-'s.

Here, we perform a meta-analysis of epigenome-wide associations with circulating
IL-6 levels from over 4,000 participants, exploring sensitivity of effects to smoking,
twelve distinct immune cell types, and C-reactive protein (CRP). We comprehensively
characterise the resulting DNAm signature through functional genomics, large-scale
integrative analyses, and colocalisation. Finally, we apply three complementary causal
inference techniques: triangulation, mediation analysis, and two-sample Mendelian
randomisation (2SMR), to directionally connect CpGs to both IL-6 and a broad range of
immunometabolic traits and diseases.
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Results

Circulating IL-6 levels are associated with DNA methylation in blood

We conducted a meta-analysis of epigenome-wide associations with circulating IL-6
levels in a combined sample of 4,361 individuals from three cohorts (Table 1). Mean
age ranged from 37.6 years in the NTR to 68.8 years in KORA, and the population was
predominantly female (60.9%). Analyses were performed on DNAm profiled from
whole blood samples; representing an accessible, metabolic tissue widely used in clin-
ical diagnostics and comprised of a mixture of immune cell-types that produce and
respond to circulating cytokines'®'’. The top 20 CpGs are presented (Supplementary
Table 1) alongside a study design overview with key findings (Fig. 1).

Characteristic KORA F4 LLS NTR
Sample size 799 668 2894

Age, years 68.8 £ 4.4 58.8+6.7 37.6 £12.7
Sex, female 390 (48.8) 346 (51.8) 1921 (66.4)
Smoking, current 69 (8.6) 85 (12.7) 608 (21.0)
Smoking, never 381 (47.7) 205 (30.7) 1603 (55.4)
hsCRP, mg/L 1.47 (2.25) 2.00 (2.33) 1.41 (2.80)
IL-6, pg/mL 1.51 (1.26) 0.63 (0.43) 1.00 (0.90)

Table 1 | Characteristics of the three cohorts included in this IL-6 EWAS meta-analysis. Values are shown as
mean + standard deviation for age (in years), as median (IQR) for IL-6 levels (in pg/mL) and high-sensitivity C-reac-

tive protein (hsCRP; in mg/L), and as total (%) for sex and smoking status.

Individual cohorts Extended sensitivity Functional annotation of Three complementary
performed EWAS of analyses identified IL-6 associated causal inference
circulating IL-6 levels independent effects CpGs approaches
KORAF4 _, Smoking EWAS enrichment Triangulation
(n=799) (R=0.97) Previously associated with DNAm is more often a
il ic di than a cause
and related risk factors of circulating IL-6 levels
LLS Fixed-effects Tl 4011IL-6 Genomic mapping Mediation
—> meta-analysis —|— —» associated — Located in regulatory Two sites linked to SOCS3
(n=668) (R=0.96) regions close to relevant ‘mediate IL-6 effects on
of results CPGS TF binding sites inflammatory disease
Gene-based results Two-sample MR
Genetic colocalisation and One CpG plausibly influences
NTR L, CRP large-scale eQTM analyses both IL-6 production and
- connect CpGs to genes immunometabolic health
(n=2894) (R=0.99) L

Figure 1 | Flowchart summarizing the study design. This study included meta-analysis, extended sensitivity anal-

yses, functional annotation, and multiple causal inference approaches. Figure created in BioRender.
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After adjusting for age, sex, technical covariates, and six immune cell-types predicted
from DNAm data, IL-6 was associated with 531 CpGs (p,.
were obtained following extensive quality control and correction for minor inflation
(0.94 < A < 1.25) and bias (|u| < 0.25) in the test statistics. Six CpGs were excluded due
to between-cohort heterogeneity (I* > 90%), comprising three positively and three
inversely associated with IL-6. These removed CpGs, as well as the top 100 IL-6 associ-
ated CpGs, showed consistent directions of effect across cohorts, indicating that overall
directions were comparable despite estimate variability (Supplementary Fig. 1).

< 0.05). These associations

Since data preprocessing steps, cell-type proportions, and smoking can influence EWAS
findings, we evaluated the stability of IL-6 associations using sensitivity analyses. For
DNAm data, outlying values were removed in line with published guidelines and prior
work'!?. A sensitivity analysis in LLS excluding this processing step confirmed that it
did not unduly influence effect sizes in this cohort (R = 0.95, Supplementary Fig. 2a).
For circulating IL-6 levels, undetectable values were left-censored resulting in removal
of 1.19% of total samples (n = 52). A sensitivity analysis in the cohort with the largest
number of undetectable values (LLS) showed a strong correlation between effect sizes
using left censoring or limit of detection capping, indicating that findings were also
similar across IL-6 data preprocessing strategies (R = 0.98, Supplementary Fig. 2b).
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Figure 2 | Sensitivity analysis of IL-6 associated CpG sites. a) Scatter plot comparing effect sizes from the base
model (unadjusted) versus a model adjusted for twelve predicted blood cell-type proportions. CpG sites with
insufficient evidence for an independent IL-6 effect (p,, = 0.05) after adjustment are highlighted in orange (n =
130). b) Scatter plot comparing base model effect sizes versus a model adjusted for smoking status. CpGs previ-
ously removed due to cell-type confounding are shown in yellow and one CpG removed due to smoking effects is

highlighted in orange.

Furthermore, all three cohorts extended base models by additionally adjusting for
smoking status or the predicted proportions of twelve immune cell-types®. Effect
size estimates from these adjusted models were highly correlated with those from
the base model (R, = 0.96 and R, .= 0.97; Fig. 2a,b), suggesting that these com-
mon confounders minimally impacted IL-6 effects at the majority of identified CpGs.
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For 130 CpGs, IL-6 associations were no longer significant after correcting for multiple
testing in one or more sensitivity analyses (p,,, 2 0.05), indicating that signals at these
sites were partly attributable to variation in cell-type proportions or smoking. These
CpGs were therefore excluded from the final results to ensure focus on IL-6 specific
effects in downstream analyses. In summary, our analyses uncovered 401 IL-6 asso-
ciated CpGs mapped to 384 distinct genomic loci. Effect sizes ranged from -0.0143 to
0.0065, with most associations representing an inverse relationship between IL-6 and
DNA methylation (n = 282, 70.3%; Fig. 3a-c).
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Figure 3 | DNAm associations with circulating IL-6 levels. a) Directional Manhattan plot showing the genomic
position of all 412,226 tested CpGs (x-axis) and their signed -log, , p-values (y-axis). CpGs positively associated
with IL-6 are displayed in the upper half, and inversely correlated CpGs in the lower half. 401 CpGs associated
with IL-6 after multiple testing correction and sensitivity analyses are highlighted in blue (odd chromosomes) and
yellow (even chromosomes). Grey dots represent all other tested CpGs. b) Effect sizes and 95% confidence inter-
vals (Cls) for the 401 IL-6 associated CpGs, with points coloured by mean DNAm level across the three cohorts. c)
Volcano plot of IL-6 EWAS effect sizes (x-axis) against -log, p-values (y-axis) for all tested CpGs. Significant CpGs

are coloured by mean DNAm level and the top hits are labelled. All other tested CpGs are shown in grey.
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IL-6 associated CpGs are relevant for immunometabolic health and disease

To assess the broader relevance of the IL-6 associated CpGs to other phenotypes, we
cross-referenced our findings against publicly available EWAS databases. Of the 401
CpGs associated with IL-6, 329 (82.0%) had been previously connected to at least one
other trait. As anticipated, the largest overlap was with CRP (241 CpGs, 60.1%), an
acute-phase protein whose hepatic production is directly upregulated by IL-6, and this
represented a strong enrichment (OR = 438.9, p, . < 2.2e-308)*.

To investigate the bidirectional relationship between epigenetic signatures of these two
inflammatory biomarkers further, we first assessed the impact of adjusting for hsCRP
on IL-6 associations. Remarkably, following meta-analysis, all 401 IL-6 associated CpGs
retained their association with IL-6 (p,,. < 0.05) and effect sizes were only minimally
attenuated (R = 0.99, Fig. 4a). To explore the reciprocal direction, we examined 1,649
CpGs reported as associated with CRP in previous studies and conducted an hsCRP
EWAS meta-analysis in the three cohorts both with and without adjustment for IL-622-¢.
Correction for IL-6 here resulted in visual attenuation of the hsCRP-DNAm effect sizes
(Fig. 4b). Nevertheless, the correlation between effects before and after adjustment
remained high (R = 0.90). These results suggested that, despite considerable overlap
between IL-6 and CRP associated loci alongside their biological similarity, these meth-
ylation signatures of inflammation may represent partially distinct and independent
signals.
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Figure 4 | Sensitivity analyses for the relationship between IL-6 and hsCRP DNAm signals. a) Scatter plot com-
paring IL-6 associated DNAm effect sizes before and after adjustment for hsCRP levels. b) Scatter plot comparing
hsCRP-associated DNAm effect sizes before and after adjustment for IL-6 levels. The Pearson correlation coeffi-

cient and associated p-value are shown in blue for both plots.

Overall, our analyses identified 39 traits enriched among the IL-6 associated CpGs (Fig.
5; Supplementary Table 2). Some enrichments, such as those for education level and
aggression, may have reflected interactions with environmental, social, and biological
factors. For instance, education is frequently correlated with lifestyle factors, including
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diet, which can influence systemic inflammation, while aggression may arise as a con-
sequence of neuroinflammatory conditions®?. Additionally, although models were
adjusted for age and sex, we still observed enrichment for CpGs linked to these varia-
bles. This suggested that some CpGs may have represented signatures shared between
age, sex, and IL-6.

Notably, IL-6 associated CpGs were also enriched for diseases with inflammatory com-
ponents, including T2D (OR = 68.0, p, .= 7.4e-23) and post-traumatic stress disorder
(OR =89.7, p,,.= 3.1e-56)>*, as well as key immunometabolic risk factors, such as BMI
(OR = 148.6, p,,. < 2.2e-308), lipid levels (triglyceride OR = 128.3, p, .= 8.2e-33 and HDL
cholesterol OR = 109.1, p, . = 2.8e-72), systolic blood pressure (OR =71.8, p, . = 3.1e-48),
and fasting insulin (OR = 62.8, p, .= 3.3e-87). Collectively, these enrichments pointed to
a shared DNAm signature underlying IL-6 and a spectrum of inflammatory comorbidi-
ties, supporting the utility of IL-6-associated CpGs as potential biomarkers of health?.
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STNFR2 (20 CpGs, 14%)
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Figure 5 | Trait enrichment among IL-6 associated CpGs. Forest plot showing natural log-transformed odds ratios
(ORs) with their corresponding 95% confidence intervals for the twenty most strongly enriched traits. For each

trait, the count and percentage of overlapping CpGs are displayed alongside the plot.
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Functional genomics highlights regulatory potential for identified CpGs

To assess their regulatory context, we mapped the 401 IL-6 associated CpGs to 15
chromatin states, defined by the Roadmap Epigenomics Consortium PBMC reference
epigenome (E062)%. These encompassed eight active and seven repressive configura-
tions, each characterised by distinct patterns of DNAm, chromatin accessibility, and
regulator binding. Our analysis revealed that IL-6 associated CpGs were enriched for
four active annotations (Fig. 6a; Supplementary Table 3), including regions flanking
active transcription (OR = 6.5, p, .= 7.0e-6), weakly transcribed regions (OR = 1.6, p, .
= 5.8e-3), genic enhancers (OR = 3.2, p, .= 3.2e-4), and enhancers (OR=3.9, p_ . = 1.1le-
18). Conversely, three repressive chromatin states were depleted, including polycomb
repressed regions (OR = 0.48, p, .= 5.8e-3) and bivalent transcription start sites (OR =
0.26, p, . = 3.5e-2). These patterns indicated that IL-6 associated CpGs were preferen-
tially located in regulatory and transcribed chromatin, rather than in transcriptionally

silenced regions.

Indeed, 12.7% (n = 51) of the IL-6 associated CpGs were annotated to enhancers in the
PBMC reference, compared with 3.6% of all tested CpGs (n = 14,767). This indicated
a high probability of colocalisation with markers of open chromatin, specifically
H3K4mel”. To evaluate cell-type specificity, we extended this analysis using refer-
ence epigenomes for 22 other immune cell types (E029-48, E050-51). In all tested cell
types, the genomic locations of the IL-6 CpGs were enriched for enhancers (p,, < 0.05)
demonstrating robust regulatory potential independent of immune cell identity.
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Figure 6 | Functional enrichment of IL-6 associated CpGs. a) Forest plot of ORs and 95% Cls with enrichment
across 14 chromatin states, calculated using the Roadmap PBMC reference epigenome (E062) with all tested CpGs
as the background set. States are sorted by OR, with yellow denoting enrichment, blue indicating depletion, and
grey for non-significant results. One non-significant term (ZNF/Rpts) not shown due to an extremely wide 95% Cl.
b) Bar plot of -log, p-values from TFBS enrichment analysis, performed using HOMER on sequences within 50bp of

IL-6 associated CpGs, tested against a GC-matched random genomic background.
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Since DNAm predominantly influences gene expression through TF binding modu-
lation®, we examined whether sequences within 50bp of IL-6 associated CpGs were
enriched for TF binding sites (TFBS; Fig. 6b, Supplementary Table 4). Consistent with
their regulatory potential, the tested regions were enriched for eleven TFBS. Notably,
this included direct regulators of inflammatory gene expression and celluar stress
responses, such as Atf4 (9 CpGs), Chop (8 CpGs), Nrf2 (3 CpGs), and subunits of the
NF-xB protein complex (p50/p52: 5 CpGs; p65: 10 CpGs)*-**. Taken together, these anal-
yses indicated that IL-6 associated CpGs were preferentially located in active regula-
tory regions across immune cell-types and supported a role for them in modulating
inflammatory and cellular stress pathways.

Integrative analyses connect IL-6 associated CpGs to immunometabolic genes

To gain insight into the plausible functional consequences of this epigenetic regula-
tion, we examined correlations between DNAm at IL-6 associated CpGs and expression
of genes in cis (+100kb) using blood-based data from the BIOS consortium (n = 3,152;
Supplementary Table 5). Among the 1,156 CpG-gene pairs evaluated, 320 (29.4%) were
correlated after correction for multiple testing (p,,, < 0.05), with most displaying an
inverse relationship (n = 255, 75.0%). In total, 200 unique CpGs were linked to 295 dis-
tinct genes, with evidence that 29 of these genes were connected to multiple IL-6 asso-
ciated CpGs. Notable examples included SOCS3, a negative regulator of IL-6 signalling,
and core inflammasome components, IFI16 and AIM2%:%,

Additionally, we leveraged large-scale quantitative trait loci (QTL) datasets to perform a
colocalisation analysis®-*. This framework evaluated whether IL-6 associated CpGs and
nearby genes shared underlying genetic architecture. Unlike direct expression-methyl-
ation correlations, colocalisation is more robust to short-term fluctuations in expres-
sion and can reveal stable genetically driven relationships, even when transcriptional
potential is not realised at time of sampling. Methylation QTL (mQTL) and expression
QTL (eQTL) data were available for 914 CpG-gene pairs, of which 214 (23.4%) were
flagged as colocalised, representing 130 unique CpGs and 197 unique genes.

In total, 421 genes were linked to IL-6 associated DNAm by one or both integrative anal-
yses. Despite capturing distinct regulatory mechanisms, there was substantial overlap
in CpG-gene pairs identified by both approaches (n = 76), indicating convergence on
common biological patterns (x*>= 15.2, p = 9.9e-5). Notably, several non-nearest gene
relationships were both biologically plausible and highly relevant to IL-6 biology,
including the IL-6 receptor (IL6R) and polycomb group ring finger 6 (PCGF6), which
transcriptionally represses IL6 in quiescent dendritic cells (DCs)*. Combined with the
established regulatory capacity of identified CpGs, these findings supported functional
relevance for our results and provided a framework to confidently map IL-6 associated
CpGs to plausible target genes in downstream analyses.
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Cytokine-specific pathways are linked to IL-6 associated DNA methylation

To systematically characterise the biological roles of the 421 genes connected to IL-6
associated DNAm, we performed an over-representation analysis. Of the 16,037 gene
sets tested, 265 were enriched in our results (p,,, < 0.05; Fig. 7a; Supplementary Table 6)
with 331 of the input genes mapping to at least one pathway (78.6%). The most strongly
enriched gene set was Immune System (65 genes, p, . = 1.0e-7), which included several
key mediators of IL-6 signalling, such as IL6R and SOCS3**. Notably, although the top
five terms included many large and generic sets (Immune System, Disease, and Metab-
olism), 25 of the enriched pathways were cytokine-specific (9.4%), including TNFa sig-
nalling via NF-«xB (14 genes, p, .=7.2e-4), IL-2/STATS signalling (16 genes, p, .= 3.9e-5),
and interleukin-6 family signalling (4 genes, p, .= 2.0e-2).

We next performed TF enrichment analysis using the DoRothEA database to assess
whether genes linked to IL-6 associated CpGs were over-represented among known TF
regulons (Fig. 7b; Supplementary Table 7). One of the top ten enriched TFs was STAT3,
the canonical downstream effector of IL-6 signalling, indicating that many genes con-
nected to IL-6 associated DNAm were direct IL-6 targets mediated through STAT3 acti-
vation?'. Other highly enriched TFs included ETS1 and ELF1, both key regulators of
immune cell differentiation**?, and TCF3, a central factor in B-cell commitment and
early T-cell development®. Collectively, these results suggested that IL-6 associated
DNAm was concentrated within regulatory networks that govern leukocyte differen-
tiation and cytokine signalling, whilst also highlighting a distinction between the TFs
whose regulons are enriched in genes connected to IL-6 associated DNAm and those
with binding sites located near the CpGs themselves.

To clarify how the enriched pathways converged on immune-cell and IL-6 biology, we
assembled a mechanistic map tracing terms from T-cell receptor (TCR) and co-stimu-
latory inputs through to mTORC1-driven glycolysis and expansion of pro-inflammatory
effectors. Within this axis, Th17 cells represented a conduit linking IL-6 signalling to
the IL-17 dominated inflammation characteristic of many chronic inflammatory dis-
eases*. We positioned eleven enriched terms along this aetiological trajectory and
highlighted 17 genes with specific relevance for this process (Fig. 7c). These encom-
passed four co-ordinated cues critical for Th17 activation: TCR engagement (Fig. 7ci),
co-stimulatory inputs (Fig. 7cii), and cytokine signals, including IL-1B (Fig. 7ciii) and
IL-6 (Fig. 7civ)®. The latter of these triggers JAK/STAT3 activation, upregulating RORC,
the lineage-defining TF of Th17 cells*. These inputs converge on mTORC1, promoting
glycolysis as activated cells metabolically shift to rapid ATP generation (Fig. 7cv)*. Con-
sistent with this model, our gene set included canonical glycolytic genes (GLUT1, HK2,
TPI1, GAPDH, and the lactate exporter SLC16A3), which support Th17 persistence in
inflamed, often hypoxic, tissues, and genes relevant for four arms of T-cell activation*.
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Figure 7 | Enrichment analyses of genes linked to IL-6-associated DNAm. a) Top five enriched gene sets, plus

eleven additional terms with specific relevance to Th17 activation and IL-6 signalling. Bars are colored by the

percentage of overlapping genes. Genes mapped onto the aetiological cascade from T-cell activation to glycoly-

sis-fuelled Th17 proliferation are indicated. b) Top ten TFs whose regulons are enriched in the 421 genes linked

to IL-6 associated DNAm based on DoRothEA TF target annotations. c) Selected enriched terms (white boxes) and

mapped genes (black boxes) arranged along the pathway towards Th17 differentiation. Four activation signals: (i)

TCR activation, (ii) co-stimulation, (iii) IL-1B stimulation, (iv) IL-6/JAK/STAT3 signalling, culminate in (v) mTORC1-

driven glycolysis, which fuels rapid proliferation and effector functions. Figure created in BioRender.
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Triangulation uncovers IL-6 as a driver of DNAm at the majority of CpGs

Overall, the genes and TFs linked to IL-6 associated methylation played a vital role
in immune and inflammatory processes. However, ascertaining the directionality of
these relationships was far from straightforward. Although we were able to map genes
and pathways on an aetiological cascade predominantly downstream of IL-6, immune
and inflammatory responses are inherently complex. Cytokines such as IL-6 can initi-
ate and amplify the processes that activated them, creating positive feedback loops. As
a result, many pathways such as inflammasome-mediated release of IL-1$ and PI3K/
Akt/mTOR signalling, can occur both upstream and downstream of IL-6 production*-2.

To disentangle these interactions we employed triangulation analysis, using genetic
variants as proxies for IL-6 levels and DNAm. T