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Abstract

DNA Methylation (DNAm) is an epigenetic modi cation involving the addition

of a methyl group to DNA without altering the genetic sequence. DNAmM can
regulate gene expression and thereby in uence phenotypes, including disease sus-
ceptibility. Genome-wide DNAm patterns are dynamic, changing throughout life

in response to both endogenous factors (such as developmental processes and
genetics) and exogenous factors (such as environmental exposures and disease).
Early-life epigenetic changes may shape developmental trajectories and contribute
to later disease risk. However, most epigenetic research to date has focused on
adult cohorts and cross-sectional data, leaving major gaps in our understand-
ing of how DNAm patterns develop in childhood and evolve over time. Here,
we investigate the dynamics of DNAm across childhood and adolescence, focus-
ing on two epigenetic biomarkers: (1) Epigenetic Age (EA) and (2) Methylation
Quantitative Trait Loci (mQTLS).

Epigenetic Age (EA) estimates an individual's biological age based on age-
associated DNAm patterns. While EA has been widely studied in adults and
shown to predict health and lifespan, its applicability in paediatric populations
remains unclear. The increasing availability of longitudinal cohorts o ers new
opportunities to study EA trajectories, yet a lack of methodological consensus
limits reproducibility.

In this thesis, we rst conducted simulation studies to identify appropriate
approaches for modelling longitudinal EA. We then applied these methods to
examine bidirectional associations between Internalising Symptoms (IS) and EA
from early childhood to early adulthood in two large, socioeconomically and eth-
nically distinct cohorts. Our results indicate that persistently high or increasing

Xiii
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IS during childhood are associated with accelerated EA across childhood and ado-
lescence. No evidence was found for the reverse e ect - that is, accelerated EA
did not predict later IS. These ndings suggest that early mental health problems
may shape biological ageing trajectories across development.

Methylation Quantitative Trait Loci (mQTLS) are genetic variants that
in uence DNAmM at speci c sites. To date, no longitudinal studies have exam-
ined mQTL e ects in early childhood, particularly in non-European populations.
We analysed mQTL dynamics in a paediatric South African cohort, revealing
diverse trajectories ranging from stable to increasing or attenuating e ects across
early childhood. Replication in independent cohorts supported the robustness
of these ndings and highlighted both age-related and ancestry-speci c e ects.
These results indicate that early childhood represents a critical window during
which genetic in uences may disproportionately shape DNAmM and, consequently,
phenotypic development.

Together, these studies provide novel insights into the dynamics of DNAmM
across childhood and adolescence and underscore the importance of longitudinal
and diverse cohort designs to accurately capture epigenetic changes over time.
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Chapter 1

Introduction

1.1 Epigenetics and DNA Methylation

The term epigenetics was originally introduced in the 1940s [4] to describe how
gene{environment interactions shape developmental pathways and phenotypic
outcomes. In 2007, Adrian Bird de ned epigenetics as \the structural adaptation
of chromosomal regions so as to register, signal or perpetuate altered activity
states" [5]. Today, the term refers to molecular mechanisms that regulate gene
activity without altering the Deoxyribonucleic Acid (DNA) sequence itself [6].
These include histone modi cations, various Ribonucleic Acid (RNA)-mediated
processes, and DNA Methylation (DNAm) [6], [7].

DNAm involves the covalent addition of a methyl group CH3) to the 5’
carbon of cytosine residues, usually when cytosine is followed by guanine in the
DNA sequence, forming so-called CpG dinucleotides [8]. These CpG sites are
often clustered in regions called CpG islands, which are frequently located near
gene promoters [9], [10].

DNAmM can be measured using a range of biochemical and sequencing-based
approaches that di er in resolution, coverage, and cost [11]. The most widely
used method in population studies is bisul te conversion followed by array-based
guanti cation, where unmethylated cytosines are chemically converted to uracil
[12], [13]. Commonly used arrays, such as the most recent lllumina In nium Hu-
manMethylationEPIC v2.0 BeadChip (EPIC v2) [14], provide quantitative mea-
surements of DNAm at hundreds of thousands of CpG sites across the genome.
Each site is represented by two uorescence intensity values, one for the methy-
lated and one for the unmethylated signal, which are normalised and expressed
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as beta values ranging from 0 (fully unmethylated) to 1 (fully methylated) [15].
For higher-resolution analyses, sequencing-based methods such as whole-genome
bisul te sequencing or targeted reduced-representation bisul te sequencing can
capture methylation patterns genome-wide or in selected regions, though at sub-
stantially higher cost and computational complexity [16].

Functionally, DNAmM predominantly has a repressive e ect on gene expres-
sion by preventing transcription factor binding or recruiting repressive protein
complexes [17]{[19]. Importantly, DNAm is reversible, with methylation states
changing dynamically across the life course in response to both intrinsic and ex-
trinsic in uences. Both genetic factors [20] and environmental exposures [21]
shape DNAm status over time, highlighting its plasticity.

1.2 Epigenetic Epidemiology

Epigenetic epidemiology integrates molecular epigenetics with population-based
approaches to understand how epigenetic variation contributes to health and
disease. It also sheds light on the mechanisms and mediators linking risk fac-
tors to disease susceptibility [22], [23]. Over the last two decades, the eld has
grown rapidly [24], [25], driven by technological advancements that have greatly
increased the range and resolution of measurable epigenetic variation.

DNAmM has received particular attention in population-based research, largely
because it is chemically stable, can be reliably measured at scale from stored
biospecimens, and is supported by well-established array technologies that enable
cost-e ective, high-throughput pro ling across large cohorts. In DNAm stud-
ies, array technologies have evolved substantially: the earliest lllumina In nium
HumanMethylation27 BeadChip (27k) measured roughly 27,000 CpG sites [26],
whereas the most recent EPIC v2 captures over 900,000 CpG sites [14], enabling
increasingly comprehensive mapping of DNAm variation across the genome.

While advances in technologies have expanded our ability to measure epige-
netic variation, understanding the biological mechanisms that shape epigenetic
patterns remains a key challenge. Epigenetic modi cations are dynamic, chang-
ing throughout life in response to environmental stimuli and re ecting the organ-
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ism's capacity for molecular adaptation. This dynamic nature underpins many
hypotheses linking early-life environments to later health, most notably the Devel-
opmental Origins of Health and Disease (DOHaD) hypothesis, which posits that
early-life environments (both pre- and postnatal) shape future health outcomes
through perturbations during critical developmental periods [27]. Such perturba-
tions are thought to trigger so-called predictive adaptive responses, physiological
adjustments that anticipate continued exposure to similar environmental condi-
tions [28].

For example, poor fetal nutrition can induce reprogramming of glycemic
metabolism, preparing the fetus for suboptimal prenatal and expected postnatal
environments. However, if the postnatal environment di ers from that expec-
tation, for instance, when adequate nutrition becomes available, this mismatch
may increase the risk of developing adult-onset conditions such as cardiovascu-
lar disease, obesity, and impaired glucose tolerance [29]{[33]. Over the last two
decades, numerous epidemiological studies have investigated the role that epige-
netic mechanisms play in mediating these associations [34], often by examining
variation in DNAm across the genome.

To systematically identify such epigenetic associations, researchers commonly
conduct Epigenome-Wide Association Study (EWAS), which test associations be-
tween variation in DNAm and phenotypic traits or disease outcomes in case{con-
trol, cross-sectional, or (ideally) prospective cohort studies [35]. One of the most
robust and well-replicated ndings from such analyses is the e ect of maternal
smoking during pregnancy on o spring DNAm in cord blood, that persist into
adulthood [36]{[38]. Beyond their utility in association analyses, epigenetic pro-
les can also serve as predictive biomarkers. DNAm{based predictors have shown
promise for estimating environmental exposures and health-related traits with
greater accuracy than self-reported or retrospective measures, such as biological
ageing or smoking during pregnancy [39].

Despite, and in part due to, its rapid technological progress, important method-
ological and conceptual challenges remain that complicate the interpretation and
reproducibility of ndings [40]. One major challenge lies in the enormous dimen-
sionality of epigenetic data. Modern arrays and sequencing platforms can measure
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hundreds of thousands to millions of CpG sites per individual. When repeated
measurements are available across the life course to capture temporal changes
in DNAm patterns, the resulting datasets impose substantial computational and
multiple-testing burdens [41]. High-performance computing resources and meth-
ods such as dimensionality reduction or penalised regression have been developed
to address these issues, but ongoing development of scalable, rigorous analytical
frameworks remains essential for ensuring reproducible and interpretable ndings
[42]{[44].

Beyond computational considerations, the temporal variability of epigenetic
marks further complicates causal inference, particularly when measurements are
taken at a single time point, and increases the risk of reverse causation, where
disease states in uence epigenetic pro les rather than the other way around [45].
Longitudinal designs and repeated epigenetic measurements can mitigate this
limitation, although such studies remain costly, resource-intensive and computa-
tionally demanding [41].

The epigenome is also highly cell- and tissue-speci c [46]. As most epidemi-
ological studies rely on surrogate tissues such as blood [47], [48], cellular hetero-
geneity can confound associations if not adequately controlled for [49]. Statisti-
cal deconvolution methods and reference-based cell-type correction models have
become standard tools to mitigate this issue [50], [51], although they remain
imperfect approximations for complex tissues [52].

Another challenge in epigenetic epidemiology is that most EWAS focus on
DNAm, while other epigenetic marks remain understudied. 5-hydroxymethyl-
cytosine (5hmC), an oxidative derivative of DNAm enriched in the brain and
other post-mitotic tissues, often marks active regulatory regions and re ects dy-
namic, tissue-speci c processes relevant to development, ageing, and disease [53].
Standard DNAm assays, including Illumina arrays, cannot distinguish DNAmM
from 5hmC, potentially confounding interpretation of EWAS ndings. Emerging
approaches, such as oxidative-bisul te sequencing and 5hmC-speci c arrays, now
allow direct measurement of 5hmC and may provide new insights into its role in
human health [54], [55].

Even when technical and temporal sources of variation are addressed, the
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multifactorial nature of epigenetic variation introduces additional layers of com-
plexity and potential confounding [45], [56]. Lifestyle, socioeconomic status, ge-
netics, and environmental exposures can all in uence both epigenetic patterns
and disease risk. Integrative study designs incorporating genetic instruments,
multi-omics frameworks, and improved causal inference models are increasingly
being applied to disentangle these complex relationships and strengthen the inter-
pretability of epigenetic epidemiological ndings [45], [57){[59]. Together, these
challenges highlight the need for continued methodological innovation and careful
study design to ensure robust, interpretable, and reproducible insights in epige-
netic epidemiology.

1.3 Epigenetic Biomarkers

DNAm changes dynamically across the lifespan, making it a promising biomarker
of development, disease risk, and ageing [60], [61]. In this thesis, we focus on
two conceptually distinct DNAm-derived biomarkers: Epigenetic Age (EA) and
Methylation Quantitative Trait Loci (mQTLS).

1.3.1 Epigenetic Age

EA captures age-related changes in DNAm to estimate an individual's age. In
2011, Bocklandt et al. rst introduced the concept of an age estimator based
on DNAm at CpG sites that change with age [62]. Shortly after, Hannum et al.
[63] and Horvath [64] developed algorithms to implement this approach. These
algorithms, termed epigenetic clocks, calculate EA by weighting the DNAm state
of a subset of CpG sites, typically selected through penalised regression models
trained on large datasets igure 1.1 ).

The rst generation of clocks were trained to predict chronological age [63]{
[65]. These clocks di er in their training data: the Hannum clock [63] was trained
on whole-blood samples from adults of varying ages, Horvath's multi-tissue clock
[64] was trained across 51 tissue types, and the later \Skin and Blood" clock [65]
was restricted to skin and blood samples across a wider age range to increase
precision in these tissues.
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While chronological age re ects the time an individual has been alive, devi-
ations between chronological age and EA are thought to capture di erences in
physiological or molecular ageing between individuals, providing an estimate of
biological age. This is supported by evidence that DNAm is shaped by factors
that also in uence biological ageing, such as genetics, lifestyle, stress, disease, and
environmental exposures [21]. First-generation clocks predicted all-cause mortal-
ity with notable accuracy. For example, Marioni and colleagues [66] found that a
ve-year higher EA was associated with a 21% higher mortality risk. This nd-
ing demonstrated the potential of EA as a marker of biological ageing. However,
because rst-generation clocks were explicitly trained to estimate chronological
rather than biological age, their ability to predict health outcomes was inherently
limited. To overcome the limitations of rst-generation clocks, second-generation
clocks were trained to incorporate additional information relevant to health and
lifespan, such as clinical biomarkers or DNAmM surrogates of risk factors, thereby
improving their ability to capture morbidity and mortality risk [67], [68]. The
most widely used second-generation clocks are GrimAge [68], [69] and PhenoAge
[67], both demonstrating robust predictive validity for health outcomes and mor-
tality [70[{[72].

While rst- and second-generation clocks were trained on cross-sectional data,
a new wave of third-generation clocks is based on longitudinal data [73], [74].
Both DunedinPoAm [73] and its updated version DunedinPACE [74] were devel-
oped using longitudinal measurements of physiological biomarkers in the Dunedin
Study. Rather than predicting chronological age or cross-sectional biomarkers,
these clocks were trained to capture the observed within-individual change over
time, re ecting the cumulative \pace of ageing". The resulting measure functions
like a \speedometer”, indicating how quickly an individual is ageing relative to
the average population [75].

Since EA captures age-related DNAm changes in uenced by both internal and
external factors, it has emerged as a practical biomarker for examining how these
exposures a ect biological ageing, as well as how EA predicts health outcomes
[76], [77]. However, using EA in association studies poses several challenges [78].
Most widely used epigenetic clocks were trained on adult populations, limiting
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Figure 1.1: Work ow of estimating EA. Samples are collected for DNAmM measurement. For a
clock-speci ¢ subset of CpG sites, beta values (average DNAm at each CpG site) are combined
with clock-dependent coe cients or weights to estimate EA.

their applicability in paediatric cohorts. In these younger populations, EA esti-
mates often deviate substantially from chronological age, and the implications of
these deviations are not well understood. While older EA generally associates
with adverse physiological and mental health outcomes in adults [66], [70], [72],
it is not yet clear whether accelerated EA in children and adolescents represents
transient variation in developmental timing [79] or an early indicator of later
adverse health outcomes [80].

At the same time, the growing availability of longitudinal DNAm data [81]{
[83] 0 ers an opportunity to capture more robust within-person dynamics of EA
and to reduce the in uence of transient environmental, health, or genetic factors
on these estimates. Nonetheless, there is currently little guidance or consensus
on how to model longitudinal associations of EA in a robust and interpretable
manner.
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1.3.2 Methylation Quantitative Trait Loci

Methylation Quantitative Trait Loci (mQTLs) are genetic loci where sequence
variation in uences DNAm levels, contributing to the epigenetic regulation of
gene expressionHigure 1.2 ). mQTLs can act locally, a ecting CpG sites in close
proximity ( cis mQTLSs), or at distant loci, sometimes even across chromosomes
(trans mQTLSs).

Genetic variants in uence DNAm patterns through both direct and indirect
mechanisms [84]. Directly, SNPs can function ass mQTLs by altering the DNA
sequence, either disrupting existing methylation sites or creating new ones. In-
directly, SNPs may modify transcription factor binding, chromatin accessibility,
or histone modi cations, thereby in uencing the activity of DNA methyltrans-
ferases [85].Trans mQTLs typically act indirectly, often as Expression Quan-
titative Trait Loci (eQTLs) or via cis mQTLs that regulate genes in uencing
DNAmM. Three-dimensional genome organisation can facilitate these long-range
interactions by bringing distant loci into physical proximity, enabling regulatory
mechanisms analogous to those observed fos mQTLSs.

Figure 1.2: Schematic and example of an mQTL e ect. Allele A represents the non-e ect allele,
while allele B represents the e ect allele for the example CpG site. The boxplot illustrates the
distribution of beta values at this CpG site across individuals carrying 0, 1, or 2 copies of the
e ect allele B. In this example, allele B is associated with increased methylation at the CpG
site.

Studies have shown that around 45% of CpG sites pro led by the lllumina In-
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nium HumanMethylation450 BeadChip array are associated with mQTLs [86],
with up to 90% of these acting incis [87]. Trans mQTLs are less frequent but
often cluster in regulatory regions, such as enhancers and transcription factor
binding sites, highlighting their potential role in gene regulatory networks [88].
The e ects of mQTLs can vary across tissues, developmental stages, and popu-
lations [89], [90], underscoring the importance of mapping these loci in diverse
cohorts. Accurately characterising mQTLs enhances our understanding of the
genetic regulation of DNAmM and its downstream e ects on health, disease [89],
[90], development, and ageing [91]. However, most studies to date have focused
on cross-sectional analyses [86], [87]. Longitudinal data are essential to disentan-
gle temporal variation in mQTLs and to characterise their trajectories across the
life course. Yet, only a few studies have examined longitudinal mQTLs [92], and
none have investigated their developmental trajectories.

1.4 Relevance of Longitudinal Study Design in
Epigenetic Research

Genome-wide DNAm is in uenced by a wide range of factors, leading to uctua-
tions over time. These can be driven by circadian rhythm and sleep quality [93],
shifts in blood cell type composition [94], [95], or temporary stress exposures [96],
with uctuation levels varying by sequence context [97]. Moreover, the complex
and multifactorial in uences on DNAmM mean that site-level variation may re ect
background exposures [98] or genetic e ects [86] that confound associations of
interest. Such variability can bias biomarkers that rely on subtle inter-individual

di erences, including EA [99].

Longitudinal study designs can mitigate several of these challenges by mod-
elling repeated DNAmM measures, thereby capturing within-individual changes
rather than relying on a single snapshot [41]. This approach reduces the in uence
of short-term uctuations and transient exposures, while highlighting long-term
patterns that cross-sectional studies cannot capture. The value of such longi-
tudinal modelling was demonstrated in the \Epidelta" project by Mulder et al.
[100], which analysed DNAm trajectories from birth to late adolescence across
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two large cohorts and showed that over half of the CpG sites covered on the
450k array changed over time. The increasing availability of longitudinal cohorts
[81]{[83] thus enables more robust analyses of dynamic epigenetic processes and
their health consequences. However, these designs also introduce new analytical
challenges, including the need for statistical models that appropriately account
for correlated measures and complex within-individual dependencies over time
[101].

1.5 Childhood as a Critical Window

Childhood represents a critical developmental window of heightened plasticity,
during which both genetic and environmental in uences can disproportionately
shape long-term health and disease trajectories [102].

During human embryogenesis, genome-wide DNAmM patterns are reset through
multiple demethylation events andde novomethylation [103], [104]. Postnatally,
DNAmM landscapes continue to evolve, shaped by developmental transcriptional
requirements, stochastic drift, and environmental exposures. Because DNAmM
modi cations are mitotically heritable, alterations triggered by early-life in u-
ences can propagate across entire cell lineages, leaving lasting molecular imprints
[105].

Evidence from both animal and human studies suggests that childhood, and
especially early childhood, is a sensitive period for environmental exposures [106],
[107]. For instance, exposure to psychosocial adversity has been linked to lasting
changes in DNAm [108]{[111], with early childhood emerging as a period of in-
creased epigenetic \vulnerability”, during which exposures leave persistent marks
on DNAm trajectories [112]. Some of these changes are captured in risk scores
such as EA [113], [114], yet important questions remain about how trajectories
evolve over time and whether such e ects persist beyond adolescence.

At the same time, the extent to which genetic factors shape DNAm trajec-
tories in childhood, and whether these in uences remain stable across the life
course, is still poorly understood [92]. A clearer picture of how environmen-
tal exposures and genetic predisposition longitudinally shape DNAm during this
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sensitive developmental window is needed to disentangle their contributions and
inform prevention and early intervention strategies.

1.6 Thesis Aims and Objectives

The central aim of this thesis is to better understand genetic and environmental
in uences on longitudinal DNAm across childhood and adolescence. We speci -
cally focussed on two aspects: (i) the in uence of psychopathology on longitudi-
nal, age-related changes captured by epigenetic clocks, and (ii) the in uence of
genetic variation on longitudinal, genome-wide DNAm.

In Chapter 2 , we address the question of how to model associations with
EA over time. With little consensus on how to incorporate longitudinal cohort
data into EA research, we conduct a simulation study comparing several popular
statistical approaches to evaluate their accuracy. Additionally, we examine the
issue of bias introduced by cross-array comparisons by assessing the impact of
commonly used DNAm arrays on EA estimates across di erent epigenetic clocks.
These results informed the methodological choices madeGmapter 3 and pro-
vide recommendations and guidance for future longitudinal studies.

In Chapter 3 , we build on these methodological insights to investigate longi-
tudinal associations between Internalising Symptoms and EA from childhood to
early adulthood. Using data from two large birth cohorts, we provide evidence
on the direction and strength of these associations, 0 ering new perspectives on
how psychopathology relates to biological ageing across development.

In Chapter 4 , we identify genomic loci where common genetic variation
in uences variation in DNAmM across early childhood in a longitudinal South
African cohort. This represents the rst study to investigate longitudinal genetic
e ects on DNAm, o ering novel insights into the dynamic in uence of genetic
variation on DNAm trajectories during early life and the contribution of ancestry-
speci c e ects.
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Longitudinal epigenetic age analysis: Statistical
modelling and array-based bias

The content in this chapter has been published in two journal articles
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and Andrew J. Simpkin. Maximizing insights from longitudinal
epigenetic age data: simulations, applications, and practical
guidance Clinical Epigenetics 16(1), 187, December 2024
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author on the resulting publication. AJS provided supervisory guidance, and all
co-authors o ered critical feedback during the analysis and writing process.

[1] Alexandre A. Lussier, Isabel K. Schuurmans, Anna Gro bach, Julie
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the 450K, EPICv1, and EPICv2 DNA methylation arrays:

lessons learned for clinical and longitudinal studies Clinical
Epigenetics 16(1), 166, November 2024.

in which AG completed the epigenetic clock analyses and created the R Shiny
application CACTI ( https://cacti.geddes.rcac.purdue.edu/ ).
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2.1 Abstract

Epigenetic Age (EA) is an age estimate, developed using DNA Methylation
(DNAm) states of selected CpG sites across the genome. Although EA and
chronological age are highly correlated, EA may not increase uniformly with time.
Departures, known as Epigenetic Age Acceleration (EAA), are common and have
been linked to various traits and future disease risk. Limited by available data,
most studies investigating these relationships have been cross-sectional, using a
single EA measurement. However, the recent growth in longitudinal DNAm stud-
ies has led to analyses of associations with EA over time. These studies di er in
(1) their choice of model; (2) the primary outcome (EA vs. EAA); and (3) in
their use of chronological age or age-independent time variables to account for
the temporal dynamic. Additionally, they dier in the DNAm pro ling arrays
used to estimate EA, which may impact results.

To address these variations, we evaluated the robustness of each approach us-
ing simulations and tested our results in two real-world examples, using biological
sex and birthweight as predictors of longitudinal EA. We also conducted a cross-
array comparison of EA estimates derived from multiple epigenetic clocks across
the three most recent generations of lllumina methylation arrays | 450k, EPIC
vl, and EPIC v2 | to assess the in uence of array di erences on cross-platform
consistency.

Our simulations showed most accurate e ect sizes in a Linear Mixed E ect
Model or Generalized Estimating Equation, using chronological age as the time
variable. The use of EA versus EAA as an outcome did not strongly impact es-
timates. Notably, EA estimates generated from Principal Component-based epi-
genetic clocks showed the greatest stability across arrays. Applying the optimal
model in real-world data uncovered advanced GrimAge in individuals assigned
male at birth that decelerates over time.

Our results can serve as a guide for forthcoming longitudinal EA studies,
aiding in methodological decisions that may determine whether an association is
accurately estimated, overestimated, or potentially overlooked.
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2.2 Introduction

2.2.1 Methodological Approaches to Longitudinal EA Anal-
ysis
2.2.1.1 Why Modelling Choices Matter

Longitudinal analyses of biological data o er several advantages over cross-sectio-
nal designs. First, repeated measures increase statistical power and replicability
by leveraging within-subject comparisons [115]{[117]. Second, modelling within-
individual trajectories provides insight into the temporal dynamics of biological
processes and enables a more nuanced understanding of trait progression and
change over time [41], [118].

In EA research, longitudinal analysis provides powerful insights into how bi-
ological ageing processes unfold over time and how they relate to environmental
exposures and health outcomes [78]. Unlike cross-sectional studies, which cap-
ture EA at a single point in time, a longitudinal design enables modelling within-
person changes and assessment of whether certain factors predict or in uence the
acceleration or deceleration of biological ageing. They also reduce the risk of at-
tributing between-person variability unrelated to the trait of interest, or technical
artifacts, to genuine ageing e ects.

However, extracting accurate and meaningful estimates from longitudinal EA
data depends heavily on the statistical model used [119]{[121]. Despite the grow-
ing number of studies utilising repeated DNAm data, there is no clear consensus
on how best to model longitudinal EA. Current approaches vary widely in their
statistical framework, choice of time variables, and outcome de nitions | deci-
sions that can directly in uence e ect sizes, statistical signi cance, interpretabil-
ity, and comparability across studies. For example, using di erent time variables
(e.g., chronological age vs. age-independent variables) changes the interpretation
of model coe cients. Similarly, choosing between EA and EAA as an outcome
determines whether results re ect changes in absolute biological age or deviations
from age expectations.

This diversity in analytical choices means that two studies examining the same
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exposure and outcome could reach di erent conclusions purely due to modelling
strategy. However, few studies explicitly report or evaluate the rationale behind
their methodological decisions, and even fewer assess how di erent models per-
form under realistic longitudinal data conditions. The following section reviews
the statistical approaches currently used in the literature.

2.2.1.2 Overview of Current Methods in Longitudinal EA Research

Numerous approaches exist to model the e ects that exposures have on longitu-
dinal outcomes such as EA. The approaches di er in (i) the choice of model, (ii)
outcome and (iii) time variables, as well as (iv) the number of repeated measures
included in those methods. The three most commonly applied models are: Linear
Mixed E ect Model (LME) [122], Generalized Estimating Equation (GEE) [123],
and Ageing, representing a change score [119].

Linear Mixed E ect Models LMEs are widely used for longitudinal data
because they explicitly account for both the correlation within an individual's
repeated measures, and the variability between individuals. For example, they
can be used to track changes in EA across the life course while simultaneously es-
timating di erences in mean trajectories between groups, such as exposed versus
unexposed participants [79], [124{[132].

In these models, xed e ects capture the average population-level associa-
tions (e.g., » for exposure;Formula 2.1 ), while interaction terms (e.g., 4 for
the exposure-by-time interaction;Formula 2.1 ) capture how the e ect of an
exposure changes over time:

Outcomg = ¢ + 4 Time Variablej + , Exposure

+ 3 Sex+ 4 (Time Variable; Exposure)+ j; (2.1)

where Outcomg is either EA or EAA | the residual resulting from regressing
EA on chronological age | measured in individual i, at time point j.

To accommodate longitudinal changes in EA, LMEs explicitly account for the
correlation among repeated measures within the same individual by introducing



2.2. Introduction 17

random e ects. Random e ects capture the idea that individuals di er in their
overall baseline level of EA and also in the rate at which their EA changes over
time. Specically, two random e ects are commonly used: a random intercept
and a random slope.

A random intercept ¢ allows each individuali to have their own baseline
level of EA (Formula 2.2 ). A random slope ;4 allows each individuali to have
their own rate of change in EA over time Formula 2.3 ).

They are de ned as the sum of the population-average estimates and individual-
speci ¢ deviations:

0= ot by (2.2)
1= 1+ by (2.3)

This means that while the model estimates a common average regression line
for the entire cohort (i.e. o+ 1 X;), each participant's trajectory is shifted up

or down depending on their own deviation.
Together, the random intercept and random slope model can be written as

Yi = ot 1 X5t s (2.4)

wherey; is the EA of individual i at timepoint j, X; is the age at measure-
ment, and ; N (0; 2) denotes the residual error, assumed independent of the
random e ects

N (O;) ; 2.5
by ;) (2.5)

with covariance matrix

(2.6)
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where go and gl denote the variances of the random intercepts and slopes,
respectively, and y,, their covariance.

By allowing each person to have their own intercept and slope, LMEs partition
the variance into a between-person component (random e ects) and a within-
person component (residual error). This modelling framework ensures more ac-
curate estimation of both population-level e ects and individual di erences.

Generalized Estimating Equations While LMEs model both population-
level e ects and individual-speci c trajectories by including random e ects, GEEs
[133]{[135] take a di erent approach. Instead of explicitly modelling the covari-
ance structure with random e ects, GEE accounts for within-individual corre-
lation by specifying a working correlation matrix (e.g., exchangeable, autore-
gressive). This makes GEE particularly useful when the primary interest lies in
estimating population-average e ects rather than individual di erences.

A random intercept LME and a GEE with an exchangeable correlation struc-
ture are conceptually similar, as both approaches allow repeated measures within
the same individual to be correlated while estimating a common population-
average trajectory. However, the key distinction is that LMEs directly partition
variance into between- and within-individual components through random e ects,
whereas GEE treats the correlation as a nuisance structure to obtain robust es-
timates of regression coe cients.

Accounting for Time In longitudinal analyses, the choice of time variable is
central, as it determines how within-individual change is represented and how
repeated measures are ordered. Both LMEs and GEEs allow exible speci ca-
tions, ranging from continuous measures such as chronological age at assessment
or the duration (in days or years) between measurements, to discrete representa-
tions such as numerical ranks (e.g., 1, 2, 3 for repeated waves) or factorised time
points (e.g., timel, time2, time3).

Delta Ageing  Another popular method to analyse variations in temporal chang-
es is a two-step approach involving Ageing (\delta ageing") [136]{[142]. The
Ageing method is limited to studies with two repeated measures, as it quanti es
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the di erence between measurements, often referred to as the Ageing score, and
then compares these scores between groups, for example using linear regression.
Firstly, Ageing is typically calculated as the dierence between a follow-up

and a baseline measure of either EA or EAA, withRormula 2.8 ) or without
(Formula 2.7 ) adjustment for the duration of time between measurements:

Ageing = Outcome foiow up  OULCOM@yaseline (2.7)

c)Utcomeollow up OUtcomQ)aseline
Al€oliow up  AG€haseline

where Outcom@aseiine aNd AQ8,.scine fE€Present EAA or EA and age at the ini-

tial measure, while Outcomgyow up and Age, ., p COrrespond to the follow-up

measure. Secondly, models such as linear regression can be used to compare

trends in Ageing between the di erent groups:

Ageing(age adjusted) =

(2.8)

Ageing ; = o+ 1 Exposure + (2.9)

where Ageing; is the above-described di erence score between two measures for
individual i.

While these methods are all commonly used in longitudinal EA research, they
have yet to be systematically compared, which is essential to maximise epidemio-
logical insights and ensure ndings across studies can be reliably interpreted and
compared.

2.2.2 Considerations in Cross-Array EA Estimation

2.2.2.1 Technical Di erences Between Illumina Arrays

Another important consideration when modelling longitudinal EA data is tech-
nological di erences in DNAmM data generation across measurement waves.

Array-based technologies for measuring DNAmM have rapidly evolved over the
past two decades. Since 2008, lllumina has released a series of BeadChip microar-
rays, starting with the lllumina In nium HumanMethylation27 BeadChip (27Kk)
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[26], which covered approximately 27,000 CpG sites, followed by the Illumina

In nium HumanMethylation450 BeadChip (450k) in 2011 [143], covering over
485,000 sites. In 2016, lllumina released the Illumina In nium HumanMethyla-
tionEPIC BeadChip (EPIC v1) [144], which expanded coverage to over 850,000
CpG sites. An updated version, the lllumina In nium HumanMethylationEPIC

v2.0 BeadChip (EPIC v2), was released in 2023 with an additional 186,000 CpG
sites [14]. The expansion of CpG coverage across arrays has been guided by nd-
ings from disease research and large-scale functional genomics projects such as
ENCODE [145], [146] and FANTOMS5 [147].

While newer platforms o er increased genomic coverage and research poten-
tial, they also introduce risk of batch e ects | especially in longitudinal or multi-
cohort designs. Studies assessing technical comparability across arrays generally
report a high overall correlation in DNAmM levels between platforms [1], [144],
[148]. However, probe-level di erences can introduce substantial variation, with
some CpG sites showing inconsistent or biased DNAm levels across arrays. For
example, Fernandez-Jimenez et al. [148] identi ed over 25,000 probes with more
than 10% absolute DNAm di erence between the 450k and EPIC v1 arrays in pla-
cental samples. Lussier et al. [1] found that 77.5% of the 370,000 probes shared
across the three arrays exhibited statistically signi cant array-related variation,
though most di erences were small in magnitude.

These inconsistencies emphasise the importance of careful normalisation [149],
[150], probe ltering [1], [144], [148], and awareness of technical platform-speci c
biases, particularly when integrating data across array generations or in longitu-
dinal analyses where array type changes over time.

2.2.2.2 Sensitivity of Epigenetic Clocks to Array-Speci c Bias

Array-based di erences in CpG sites also play an important role in EA research.
All established epigenetic clocks [63[{[65], [67]{[69], [73], [74] were trained on
450k data and may include CpG sites that are no longer present on the EPIC v1
or EPIC v2 arrays. Only 34.2% of probes are shared across all three arrays [1],
meaning that DNAm values at non-overlapping sites must either be imputed or
excluded during EA estimation.
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Additionally, variability at CpG sites that are retained across arrays can still
introduce bias in EA estimates, particularly when those sites carry high weights
in the clock algorithm. Platform-speci c technical noise can mimic genuine age-
related or developmental DNAmM changes, potentially leading to systematic over-
or underestimation in longitudinal analyses.

To mitigate this, McEwen et al. [150] proposed using EAA | the residuals
from regressing EA on chronological age | as a normalised outcome that reduces
platform e ects. More recently, Higgins-Chen et al. [151] introduced a Principal
Component (PC)-based approach that summarises information from many CpG
sites using principal component analysis. Instead of relying on individual DNAmM
levels, the PC-based method captures an epigenetic clocks core ageing signal
while minimising technical noise, thereby improving the reliability and accuracy
of EA estimates.

While previous studies have compared the stability of EA estimates between
the 450k and EPIC v1 arrays for a few selected clocks [150], the majority of
epigenetic clocks | including their PC versions | have not been systematically
evaluated across the most recent and commonly used Illumina platforms.

2.2.3 Outlook Chapter 2

In reviewing recent longitudinal EA studies to inform our analysis irChapter 3 ,
we found substantial methodological variation and little consensus on which ap-
proaches lead to the most reliable results. We therefore reevaluated how both
statistical modelling choices and technical di erences in DNAmM measures in u-
ence e ect estimates and, in turn, epidemiological conclusions. This chapter
addresses these questions in two parts.

First, we conducted a simulation study to assess how the choice of statistical
model and time variables a ect bias in e ect estimates. We then applied the
same methodological approaches to two real-world examples, using birthweight
and biological sex as predictors of longitudinal EA. Our evaluation included three
commonly used models (LME, GEE, and Ageing), two outcome de nitions (EA
vs. EAA), four di erent time variables (age-based and age-independent), and two
data scenarios (two vs. four repeated EA measures).
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Second, we compared variability in EA estimates across 13 widely used epige-
netic clocks on the three most recent Illlumina arrays (450k, EPIC v1, and EPIC
V2).

This work represents the rst comprehensive methodological comparison in
longitudinal EA research and the rst systematic evaluation of array-related bias
in epigenetic clocks across the three most widely used Illumina platforms. To-
gether, these analyses provide new guidance for methodological choices in future
longitudinal EA studies and informed the framework applied irChapter 3 .
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2.3 Longitudinal Modelling

2.3.1 Methods

2.3.1.1 Study Population

Our simulation study is based on longitudinal DNAmM data generated as part
of the Avon Longitudinal Study of Parents and Children (ALSPAC) [81], [152].
Initially, ALSPAC recruited 14,541 pregnant women, resident in Avon, UK, with
expected delivery dates between April 1991 and December 1992. Of the initial
14,541 pregnancies, 14,062 resulted in live births and 13,988 children were alive
at 1 year of age. To supplement the initial sample, 1,000 additional children were
included after the initial participants were approximately 7 years old, increasing
the total sample of data collected after age 7 to 14,901. As part of the Acces-
sible Resource for Integrated Epigenomic Studies (ARIES) [82], a subsample of
ALSPAC mother{child pairs underwent genome-wide DNAm analysis from pe-
ripheral blood samples using the 450k and EPIC v1 arrays. DNAm wet-lab and
preprocessing analyses were performed at the University of Bristol [82], [153].
Brie y, probes with detection p > 0:01 or bead count< 3 in more than 10% of
samples were removed. Samples were excluded if predicted and reported sex did
not match or if more than 10% of probes were undetected. Raw probe intensities
were corrected for dye bias, background-adjusted using the noob method [154],
and normalized with functional normalization [155].

Our simulation study includes up to four within-person DNAmM measures,
drawn from peripheral blood, at ages 7, 9, 15-17, and 24, and pro led with the
450k and EPIC vl arrays [156]. Samples from individuals who had multiple
DNAmM measurements at a given time point were excluded. Of the remaining
3126 individuals, 997 have DNAmM measured for at least two of these time points,
473 individuals have DNAmM measured for at least three time points and 81 have
DNAmM measured at all four time points Eigure 2.1 ).

The real-world examples are analysed in a subset, only including two within-
person DNAmM measures at ages 7 and 15-Tlable 2.4 ).
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Figure 2.1: Overlap of ALSPAC DNAmM samples across measurement time points.

2.3.1.2 Epigenetic Age Estimates

EA estimates were calculated using published algorithms for 13 epigenetic clocks.
We applied three rst-generation clocks: Horvath's original pan-tissue clock (Hor-
vathl) [64], Horvath's Skin and Blood clock (Horvath2) [65], and the Hannum
clock [63]. In addition, we used three second-generation clocks: PhenoAge [67],
GrimAge version 1 (GrimAgel) [68], and its updated version, GrimAge2 [69]. For
each of the rst- and second-generation clocks, we applied their corresponding
principal component (PC) versions as described by Higgins-Chen et al. [151].
Finally, we estimated the pace of ageing using third-generation clocks: Duned-
inPoAm [73] and DunedinPACE [74]. EA estimation using the DunedinPoAm
clock was not possible for the DCHS EPIC v2 samples, as the clock relies on too
many CpG sites that are missing from this array.

2.3.1.3 Simulation Work ow

To better understand to what extent methodological choices in uence the robust-
ness of results, we compared commonly used methods (introducedSection
2.2.1.2). We conducted a series of simulations, in which we manipulated longi-
tudinal EA data from the ALSPAC cohort using a known e ect size, applied all
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models introduced inSection 2.2.1.2 , and compared the accuracy of e ect size
estimates across methods. The simulation work ow described below is illustrated
in Figure 2.2 .

Table 2.1: Overview of common time variables included in longitudinal EA studies and their
application in ALSPAC cohort data. Age variables in our example should be interpreted as

a single study participant's age at measurement, since chronological age di ers between indi-
viduals. FO7, F09, F17, and F24 are examples of measurement wave labels that some studies
treat as ranked, categorical time variables, while timepoint represents their numeric equivalent.
Years between measures captures the time elapsed between measurements.

Terminology Meaning Wave 1 Wave 2 Wave 3 Wave 4
Timefactor Categorical measurement rank FO7 FO09 F17 F24
Timepoint Numerical measurement rank 1 2 3 4
Years between measures Average years between measurements within cohort 0 2 10/11 17
Age Chronological Age at measurement 7.3 9.8 16.7/18.2 23.8

Simulations were based on longitudinal DNAm data from ALSPAC [82], con-
densed into EA measures. To compare EA derived from conceptually di erent
epigenetic clocks, we investigated EA calculations from several popular epigenetic
clocks [63], [64], [67]{[69], [73], [74], [157] and, where available, their PC versions
[151] in separate simulation cycles. Considering the di erences in data availabil-
ity across studies, we conducted simulations using both the full ALSPAC dataset
(ages 7, 9, 15{17, and 24) and a subset with only two repeated measures (ages 7
and 15{17). At present, most studies are limited to two measurements, but more
datasets with additional repeated measures are becoming increasingly available.

In our binary exposure simulations, 100 participants were randomly selected

as \exposed". To create an association between the exposure and the average
outcome, EA was increased by a xed e ect of 2 years in those 100 \exposed"
individuals ( ,, Figure 2.2 ). Additionally, to create an association between
the exposure and change in the average outcome over time, an interaction with
chronological age by 0.1 years EA per year of age was included, (Figure 2.2 ).
In our continuous exposure simulations, all participants were randomly assigned
avalue (N (3:5;0:5%)), which a ected EA with a xed e ect coe cientof 0.1 ( »,
Figure 2.2 ) and an interaction coe cient of 0.02 ( 4, Figure 2.2 ).

We then iterated (N = 1;000 times) through all (i) models, (ii) outcomes
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Figure 2.2: Schematic overview of the simulation study work ow.
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and (iii) time variables discussed above. First, we evaluated three models (i):
LME models (with and without random slope term), GEE, and regression on
Ageing. Second, we assessed two outcomes within these models (ii): EA an
EAA. Third, we investigated four time variables (iii): chronological age, years
between measures, numerical ranks 1, 2, 3, and factorised values FO7, F09, F17,
F24 (Table 2.1). Ageing was calculated with and without adjusting for the
time between initial and follow-up measure. We ran all LME and GEE models
on both data scopes: the full dataset with four repeated measures and the subset
with only two measures. Due to methodological constraints, the Ageing model
was applied only to the two-measure subset.

To compare robustness across methods and variables, we extracted xed,(
Figure 2.2 ) and interaction ( 4, Figure 2.2 ) e ect estimates from all models and
evaluated how accurately they met the simulated exposure e ect. We measured
each model's performance by comparing whether the 95% Con dence Interval
(Cl) contained the simulated e ect size. Models resulting in Cls that were fully
above or below the simulated e ect were labelled as \in ated" or \de ated",
while models resulting in Cls that contained the simulated e ect were de ned as
unbiased.

All analyses were performed using R (version 4.3.3) [158]. LMEs were tted
using the Ime function from the nlme R package (version 3.1-163) [159], [160].
GEEs were tted using thegee function from the gee R package (version 4.13-23)
[161].

2.3.1.4 Real-world Examples

To apply our simulation results in a real-world example, we used sex assigned at
birth (Formula 2.10 ) and birthweight (Formula 2.11 ) as accessible biological
parameters and examples of binary and continuous predictors of longitudinal
EA. Longitudinal EAA or EA at ages 7, 9, 15-17, and 24, derived from the 13
epigenetic clocks described isection 2.3.1.2 were modelled as the outcome.
We applied all models and time variables discussed above and included sex and
cell type proportions [50] as covariates.
In LME models and GEE, the xed ( ;) and interactive (Formula 2.10 : o,



28 Chapter 2. Longitudinal Epigenetic Age Analysis

Formula 2.11 : o) e ects were estimated as:

Outcomg; = ¢ + 1 TimeVariable; + , Sex
+ 3 Bcellij + 4 CD4T” + 5 CDSTU + 5 Monqj
+ 7 Ney; + g NKj + o (TimeVariablej Sex)

T (210)

Outcomg = ¢ + 1 TimeVariable; + , Birthweight; + 3 Sex
+ 4 Bcellj + 5 CDAT; + ¢ CD8T; + 7 Mono;
+ g Neu; + o9 NKj + 10 (TimeVariablej Birthweight;)
+ (2.11)

where Outcomg represents either EA or EAA, measured for individual =

cells (CD4T), CD8" T cells (CD8T), monocytes (Mono), neutrophils (Neu), and
natural killer cells (NK) were estimated using the Houseman method [51].

Di erenttrends ( 1) in Ageing (with and without adjusting for time between
measures) across groups were modelled using linear regression:

Ageing ;= o+ 1 Sex+ | (2.12)
Ageing ; = o+ 1 Birthweight; + , Sex+ ; (2.13)

where Ageing; is the di erence score between two measures for individual

All analyses were performed using R (version 4.3.3) [158]. LMEs were tted
using the Ime function from the nlme R package (version 3.1-163) [159], [160].
GEEs were tted using thegeefunction from the gee R package (version 4.13-23)
[161].
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2.3.2 Results

2.3.2.1 Simulation Study

Table 2.2 and Figure 2.3 summarise e ect estimates for a binary exposure
across all models and time variables considered. Results are shown separately
for the subset with two repeated EA measures and the full set with four re-
peated measures. Only simulation results based on Horvathl EA estimates are
presented here, as di erences across clocks and outcome variables (EA vs. EAA)
were minor. The complete Horvathl-based results are provided in the chapter
supplement (Tables:Section 2.7 and Figures: Section 2.8).

Across all approaches, the choice of time variable had the most substantial
impact on the e ect estimate bias, which stayed consistent across models (LME,
GEE and Ageing) and outcome variables (EA, EAA). Including chronologi-
cal age in the model gave unbiased estimates, while other age-independent time
variables led to in ated results.
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Table 2.2: Summary of xed and interaction e ect estimates across models, time variables, and
data scopes in simulations with a randomly assigned binary exposure and Horvathl-derived
EA. Simulated e ects are: Fixed e ect = 2, Interaction = 0.1. Estimates are reported as
median [Q1, Q3] fromn = 1;000 simulations using either two or four repeated measures of EA.
Abbreviations: Rl = Random Intercept; RS = Random Slope

Time Variable Fixed E ect (EA) ‘ Interaction (EA)
Model
2 Measures 4 Measures ‘ 2 Measures 4 Measures
Age 1.97 [1.58,2.44] 2.00 [1.66,2.309.10 [0.06,0.14] 0.10 [0.08,0.12]
LME (RI) Years 2.74 [2.52,2.95] 2.75 [2.56,2.93).10 [0.06,0.14] 0.10 [0.08,0.12]
Timepoint 1.70 [1.20,2.30] 2.08 [1.78,2.3911.02 [0.61,1.44] 0.57 [0.45,0.69]
Timefactor 3.24 [3.02,3.47] 3.50[3.33,3.64D.72 [0.43,1.02] 1.33 [1.04,1.61]
Age 1.98 [1.58,2.46] 1.99 [1.67,2.319.10 [0.06,0.14] 0.10 [0.08,0.12]
LME (Rl & RS) Years 2.74 [2.52,2.95] 2.75[2.57,2.93).10 [0.06,0.14] 0.10 [0.08,0.12]
Timepoint 1.70[1.21,2.30] 2.10[1.81,2.411.03 [0.61,1.43] 0.56 [0.45,0.68]
Age 1.98 [1.58,2.44] 2.00 [1.65,2.309.10 [0.06,0.14] 0.10 [0.08,0.12]
GEE Years 2.73[2.52,2.95] 2.75 [2.56,2.92).10 [0.06,0.14] 0.10 [0.08,0.12]
Timepoint 1.70 [1.20,2.30] 2.08 [1.78,2.3811.03 [0.60,1.42] 0.57 [0.45,0.69]
Timefactor 3.24 [3.02,3.47] 3.49 [3.32,3.66D.73 [0.42,1.01] 1.32 [1.05,1.62]
. Age | | 0.10 [0.06,0.14] |
Aging
None [ [ 1.00 [0.57,1.45] |

For both xed and interaction e ects alike, we obtained similar estimates
across LME and GEE, holding the time variable constant. Models that included
timepoint as their time variable resulted in a slightly higher proportion of de ated
xed e ect estimates than models including age, when using two within-person
measures (LME with random intercept and slope term, binary simulation: time-
point 5.4% de ated, age 2.3% de ated;Table 2.2 and Figure 2.3 A&B ). A
large proportion of estimates from models accounting for years between measures
overestimated the simulated xed e ect (LME model with random intercept and
slope term, binary simulation: years between measures 64% in atetable 2.2
and Figure 2.3 A&B ). All xed e ect estimates from models incorporating time
as a categorical variable were in ated.
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Simulation Results:  Binary Exposure, Two Repeated Measures

Figure 2.3: Summary of N = 1;000 simulations using two ALSPAC DNAm measures (ages
7 and 15{17), simulating altered EA in individuals with a binary exposure. A and C show
xed and interaction e ect estimates across models and time variables (true e ects: 2.0 and
0.1, marked in black). B and D show the number of Clis classi ed as in ated (above), de ated
(below), or correct (contains the true value). Time variables are de ned in Table 2.1 . Models
include LME (random intercept/slope), GEE, and Ageing regression, using Horvath1-derived
EA [64].
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Simulation Results:  Continuous Exposure, Two Repeated Measures

Figure 2.4: Summary of N = 1;000 simulations using two ALSPAC DNAmM measures (ages 7
and 15{17), simulating altered EA based on a continuous exposureN (3:5;0:5%)). A and C
show xed and interaction e ect estimates across models and time variables (true e ects: 0.1
and 0.02; marked in black). B and D show the number of Cls classi ed as in ated (above),
de ated (below), or correct (contains the true value). Time variables are de ned in Table 2.1 .
Models include LME (random intercept/slope), GEE, and Ageing regression, using Horvath1-
derived EA [64].
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Table 2.3: Summary of xed and interaction e ect estimates across models, time variables, and
data scopes in simulations with a randomly assigned continuous exposuréN( (3:5; 0:5%)) and
Horvathl-derived EA. Simulated e ects are: Fixed e ect = 0.1, Interaction = 0.02. Estimates
are reported as median [Q1, Q3] fromN = 1;000 simulations using either two or four repeated
measures of EA.

Time Variable Fixed E ect (EA) ‘ Interaction (EA)
Model
2 Measures 4 Measures ‘ 2 Measures 4 Measures
Age 0.12 [-0.16,0.38] 0.11 [-0.09,0.319.02 [-0.01,0.04] 0.02 [0.01,0.03]
LME (RI) Years 0.25[0.14,0.38] 0.26 [0.14,0.3[7p.02 [-0.01,0.05] 0.02 [0.01,0.03]
Timepoint 0.08 [-0.29,0.39] 0.14 [-0.07,0.31p.20 [-0.07,0.47] 0.11 [0.04,0.18]
Timefactor 0.36 [0.22,0.50] 0.40 [0.31,0.50]0.14 [-0.05,0.33] 0.25 [0.08,0.45]
Age 0.12 [-0.17,0.37] 0.11 [-0.09,0.309.02 [-0.01,0.04] 0.02 [0.01,0.03]
LME (Rl & RS) Years 0.25[0.14,0.38] 0.26 [0.14,0.3[7p.02 [-0.01,0.05] 0.02 [0.01,0.03]
Timepoint 0.07 [-0.29,0.39] 0.14 [-0.06,0.31p.20 [-0.07,0.46] 0.11 [0.04,0.18]
Age 0.12 [-0.17,0.39] 0.10 [-0.09,0.319.02 [-0.01,0.04] 0.02 [0.01,0.03]
GEE Years 0.25[0.14,0.38] 0.26 [0.14,0.3[7p.02 [-0.01,0.05] 0.02 [0.01,0.03]
Timepoint 0.07 [-0.30,0.39] 0.14 [-0.07,0.32p.21 [-0.07,0.47] 0.11 [0.04,0.19]
Timefactor 0.36 [0.22,0.49] 0.40 [0.30,0.51]0.15 [-0.05,0.33] 0.26 [0.08,0.45]
) Age [ 0.02 [-0.01,0.05] |
Aging
None | | 0.22 [-0.07,0.47] |

Regression on Ageing showed high precision and accuracy for estimating the
interaction coe cients, when adjusted for years between measure3dble 2.2
and Figure 2.3 C&D ). Similar performance in approximating the age-exposure
interaction was achieved using LME and GEE accounting for time through either
chronological age or years between measurdalfle 2.2 and Figure 2.3 C&D ).
Including either categorical time or numerical timepoint led to overestimated
e ects across all models, resulting in up to 32% in ated interaction estimates
(LME with random intercept and slope term;Table 2.2 and Figure 2.3 C&D ).

Fixed e ect estimates from models using all four repeated EA measures closely
matched those based on two repeated measur@alfle 2.2 andFigure 2.13 A&-

B). However, for interaction e ect estimates, models incorporating categorical
time or numerical timepoint as the time variable showed an increased number of
in ated results (Table 2.2 and Figure 2.13 C&D ).

Estimates from our continuous exposure simulation exhibited similar trends
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across models and data scopes as the binary exposure simulation. However, they
generally showed a higher proportion of Cls containing the true e ect, although
with notably lower precision (Table 2.3 & Figures 2.4 & 2.14 ).

2.3.2.2 Real-world Examples

In our real-world examples, we assessed (i) the impact of methodological choices
on e ect estimates and (ii) the epidemiological conclusions that could be drawn
from the resulting associations.

Comparison Across Models Figures 2.5, 2.6, 2.7 & 2.8 show the complete
range of e ect size estimates for both predictors | birthweight and sex assigned
at birth | on longitudinal EA, across models and time variables, in the Horvathl
and GrimAgel clock as well as their PC versions [64], [68], [151]. Again, the choice
of time variable had the most substantial impact on e ect estimates, which stayed
consistent across models. We therefore compared the impact that di erent time
variables had on e ect estimates within the LMEs (random intercept and slope
term) using Horvathl-derived EA as the outcome.

Figure 2.5 B&D shows the xed and interaction e ect estimates of sex on
longitudinal EA between the ages 7 and 15-17 years across methods. Individuals
assigned male at birth had 0.12 years lower average EA compared to individuals
assigned female at birth ( = 0:12, p = 0:680, 95% CI [-0.72, 0.47]) using
chronological age as the time variable, which based on our simulation study is an
unbiased estimate. With the age-derived result as a reference, using either years-
between-measures or categorical time resulted in estimates three times larger and
in the opposite direction | males were on average 0.36 years older (= 0:36,

p = 0:024, 95% CI [0.05, 0.66]). The use of timepoint led to estimates almost
three times larger in the same direction | males were on average 0.36 years
younger ( = 0:36,p=0:329, 95% CI [-1.07, 0.36]).

Interaction e ects between sex and age, leading to an accumulating positive
or negative e ect on EA over time, are shown inFigure 2.5 B . The choice of
model or outcome led to approximately equal estimates holding the time variable
constant. Once again, while e ect sizes di ered profoundly between clocks, the
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e ect of di erent time variables was similar using Horvathl or GrimAgel. Using
LME with age as the time variable, EA in individuals assigned male at birth
increased by an extra 0.07 years per year of age, compared to those of individuals
assigned female at birth ( = 0:07,p=0:007, 95% CI [0.02, 0.12]). Using either
years as the time variable, or Ageing, led to the same point estimate. However,
using either timepoint or categorical time in ated the interaction e ect drastically

( =0:72,p=0:004, 95% CI [0.23, 1.21]).

The xed e ect estimates of birthweight on longitudinal EA between the age
7 and 15-17 years of age are shown Kigure 2.5 A & C . Due to similar
estimates across models and outcome choices, we again compared results for
di erent time variables within LME models (random intercept and slope term)
using Horvathl-derived EA as the outcome. Using chronological age as the time
variable showed that an increase in birthweight of one kg is associated on average
with an additional 1.08 years of EA ( = 1:08, p < 0:001, 95% CI: [0.48, 1.69]).
With the age-derived estimate as a reference (assuming it is unbiased as per our
simulation results), then using either years-between-measures or categorical time
as the time variable led to an estimate 2.5 times smaller (= 0:43,p = 0:008, 95%

Cl [0.11, 0.74]) | 0.43 years average increase per one kg. The use of timepoint
increased estimates by 25% (= 1:30, p < 0:001, 95% CI 0.56, 2.03) | 1.3 years
average increase per kg.

Estimates of interaction e ects between birthweight and age are shown in
Figure 2.5 C . Again, the selection of either the model or the outcome led to
similar estimates when keeping the time variable constant. Using LME models
with age as the time variable, EA decreased on average by 0.09 years per year
of age for each kg increase in birthweight (= 0:.09, p < 0:001, 95% CI -
0.14, -0.04). Using years-between-measures, or age-adjusted Ageing, as the
time variable led to a similar point estimate. Regressing on non-age-adjusted
Ageing or including timepoint or categorical time in the model in ated the
interaction e ect by a factor of 10 ( = 0:87,p < 0:001 95% CI -1.37, -0.37).

While point estimates di ered using GrimAgel {Table 2.7 ) (likely due to the
di erent training outcome measures of these clocks), the choice of time variable
had a similar e ect as seen when using the Horvathl clocHgble 2.5 ).
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Table 2.4: Summary of ALSPAC variables used in this analysis, reported as count and percent-
age [%] for categorical variables, and as median [Q1, Q3] for continuous variables.

Variable FO7 450 F17 450k
Median [Q1, Q3] N =949 N =950

Age, years 7.41[7.3,75] 17.7 [17.6, 17.8]
Birthweight , kg 3.5[3.2, 3.8]

Female, n [%] 477 [50%]

489 [50%)]

Epigenetic Age

Horvath 8.4[7.0,10.0] 17.3 [14.3, 20.3]
PC Horvath  13.0 [11.0, 15.0] 24.0 [22.0, 27.0]
GrimAge 18.1 [16.3, 19.8] 25.7 [23.8, 27.6]
PC GrimAge  26.6 [25.0, 28.1] 34.9 [33.0, 36.8]

Epidemiological Findings For epidemiological insights, we only evaluated
LMEs with random intercepts and slopes, and chronological age as the time
variable.
Using the Horvathl clock, sex assigned at birth was not associated with di er-
ences in baseline EA, but we observed a positive age{interaction e ect € 0:07,
p < 0:001, 95% CI [0.02, 0.12]), indicating that males exhibited a faster rate of
EA across childhood and adolescence (increasing 0.07 EA years per year of life)
compared to females. This e ect was not detected in the PC-Horvath clock.
Using the GrimAge clock, we observed both a positive xed e ect (= 2:83,
p < 0:001, 95% CI [2.41, 3.26]) and a negative age{interaction e ect = 0:08,
p < 0:001, 95% CI [-0.11, -0.05]), suggesting that males had 2.83 year higher
baseline EA than females but that this di erence diminished with age (decreasing
0.08 EA years per year of life). Both e ects were replicated with the PC-GrimAge
clock (xed e ect: = 2:15,p < 0:001, 95% CI [1.88, 2.42]; interaction: =
0:07,p < 0:001, 95% CI [-0.08, -0.05]).
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Horvath-derived EA

Figure 2.5: Fixed e ect and age interaction estimates of the e ect of birthweight (left) and sex
assigned at birth (right) on Horvath-derived EA [64] over time in ALSPAC. Analysis is based
on two within-person EA measures (ages 7 and 15-17). E ects witlp < 0:05 are shown in red,
and those with p  0:05 are shown in black.



38 Chapter 2. Longitudinal Epigenetic Age Analysis

PCHorvath-derived EA

Figure 2.6: Fixed e ect and age interaction estimates of the e ect of birthweight (left) and sex
assigned at birth (right) on PCHorvath-derived EA [64], [151] over time in ALSPAC. Analysis

is based on two within-person EA measures (ages 7 and 15-17). E ects with < 0:05 are shown
in red, and those with p  0:05 are shown in black.
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