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Thesis Abstract 

This thesis investigates how germline–soma communication shapes 

molecular ageing in a vertebrate system, using zebrafish to integrate 

transcriptomic analysis, DNA methylation–based ageing biomarkers, and 

pharmacological intervention. The overarching aim is to determine how 

reproductive status influences somatic regulatory programmes and 

epigenetic ageing trajectories across tissues and lifespan. Chapter 2 

demonstrates that germline removal induces a consistent reorganisation of 

somatic gene expression. Germline-free fish upregulate DNA repair, cell-cycle 

control, and genome maintenance pathways across multiple tissues, whereas 

germline-carrying fish prioritise metabolic and growth-associated processes. 

Following genotoxic stress, germline-free fish activate somatic repair 

responses more rapidly, while testes in germline-carrying fish show the 

strongest repair response overall, indicating tissue-specific allocation of 

maintenance investment. Chapter 3 develops and benchmarks over 3,000 

cross-sectional epigenetic clock models, demonstrating that clock accuracy 

depends strongly on tissue context and modelling strategy. Chapter 4 applies 

optimised cross-sectional clocks across multiple tissues and identifies a robust 

subset of CpG sites with shared age-associated trajectories alongside extensive 

tissue-specific methylation patterns, indicating that epigenetic ageing 

comprises both conserved and tissue-restricted components. Chapter 5 

adopts a longitudinal framework to track within-individual epigenetic ageing 

over time. Germline-free fish are epigenetically younger early in life but exhibit 

steeper late-life trajectories. These shifts are associated with age- and 

germline-dependent hypomethylation at robustly selected CpG sites and 

occur alongside preserved locomotor function in old age. Chapter 6 examines 

rapamycin effects across two experimental designs. Short-term late-life 

exposure reveals sex-specific epigenetic age acceleration accompanied by 
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reduced male fertility and altered behaviour. Lifelong exposure identifies 

increased ovarian pathology in genome-unstable fish alongside reduced 

anxiety-like behaviour in wild-type animals. Collectively, these findings 

establish germline status as a key regulator of somatic epigenetic ageing 

dynamics, highlight fundamental differences between cross-sectional and 

longitudinal ageing measures. This demonstrates that interventions targeting 

nutrient-sensing pathways have context-dependent and genotype-specific 

effects. 
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CHAPTER ONE  

 

Introduction: Integrative perspectives on ageing, 

evolutionary theories, epigenetic clocks and 

therapeutic advances 
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1. Chapter 1 

1.1. Conceptual and molecular foundations of ageing  

Ageing manifests as a gradual decline in physiological function, increased 

disease susceptibility, and elevated mortality risk across an organism's 

lifespan (López-Otín et al., 2013). This progressive deterioration affects fertility 

and multiple tissue systems, leading to progressive tissue dysfunction 

(Mchugh and Gil, 2018, Partridge and Barton, 1993). Traditionally, ageing was 

considered primarily a feature of protected environments where extrinsic 

mortality is minimised, such as in modern human societies or laboratory 

conditions (Medawar, 1952 , Kirkwood, 1977). Under this view, most organisms 

in the wild were assumed to die from predation, disease, or environmental 

hazards before senescence could become apparent. However, ageing is now 

well-documented across wild populations of birds, mammals, and 

invertebrates (Ivimey-Cook and Moorad, 2020, Nussey et al., 2008), from 

declining reproductive success in European kestrels (Blas et al., 2009) to 

actuarial senescence in red deer (Nussey et al., 2006). These observations 

demonstrate that senescence is a pervasive biological phenomenon rather 

than an artefact of captivity or extended lifespan. 

From an evolutionary perspective, senescence arises because the force of 

natural selection declines with age, allowing late-acting deleterious effects 

to persist in populations. Two classical genetic theories formalise this 

principle. Medawar’s mutation accumulation (MA) theory proposes that 

mutations whose harmful effects are expressed only in late life can drift to 

high frequency because selection against them is beyond the reproductive 

period (Medawar, 1952 ). Complementarily, “Williams” antagonistic pleiotropy 

(AP) theory posits that alleles conferring fitness benefits early in life are 

favoured by selection even if they incur costs later in life, generating a trade-
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off between early-life performance and late-life survival (Williams, 1957). 

Together, these mechanisms provide a genetic explanation for why ageing 

is an intrinsic outcome of biological systems rather than an artefact of 

protected environments.  

This evolutionary logic is reflected molecularly through conserved "hallmarks 

of ageing," including genomic instability (López-Otín et al., 2013), telomere 

attrition (Lee et al., 1998, Rudolph et al., 1999), and changes in cellular 

metabolism (Jinesh et al., 2025), amongst others. However, the identification 

of these hallmarks has not resolved fundamental conceptual disagreements, 

and ageing remains fragmented in its interpretation, with debate over 

whether it represents a pathological condition (Kennedy et al., 2014), a 

genetically programmed process (Kirkwood and Melov, 2011), or the 

cumulative results of stochastic molecular damage (Harman, 1981). This lack 

of consensus has contributed to disciplinary separation between 

evolutionary biology, molecular gerontology and biomedical research. A 

major development bridging the different perspectives is the emergence of 

epigenetic clocks, particularly those based on DNA methylation (DNAm) 

patterns, which provide accurate estimates of biological age distinct from 

chronological time (Horvath, 2013). These models have revealed molecular 

signatures associated with ageing, such as inflammation-linked 

hypermethylation, and offer a quantitative framework for assessing 

interventions targeting ageing, from dietary restriction to pharmacological 

approaches (Levine et al., 2018). 

This thesis aims to integrate the evolutionary and molecular perspectives by 

evaluating key theories of ageing, advances in epigenetic biomarker 

research, and treatments targeting cellular senescence, with a particular 

focus on rapamycin. Through this synthesis, a comprehensive understanding 

of the ageing process is developed, providing insight into  the mechanisms 

driving it.  
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1.2. Evolutionary perspectives of ageing 

Ageing is fundamentally shaped by evolutionary forces that prioritise 

individual fitness, maximising lifetime reproductive success over indefinite 

longevity. Natural selection acts most strongly on traits that directly affect 

reproductive success during the prime reproductive window, and its 

influence progressively wanes after peak reproduction, a phenomenon 

framed as Haldane’s “selection shadow” in which post-reproductive traits 

experience negligible selective pressure (Haldane, 1941). This decline allows 

latent deleterious mutations and maladaptive traits to accumulate 

unchecked in populations and manifest phenotypically later in life, leading 

to senescence (Medawar, 1952 , Williams, 1957). 

 

1.2.1. Hallmarks of ageing 

Central to this evolutionary process are several interconnected and 

evolutionarily conserved molecular and cellular mechanisms, collectively 

termed the “hallmarks of ageing”, which together drive the progressive 

functional decline observed across tissues and tissue systems (López-Otín et 

al., 2013, Kenyon, 2010). These hallmarks have been organised into three 

broad categories: the primary, the antagonistic and the integrative hallmarks 

(López-Otín et al., 2013). 

Primary hallmarks comprise the initial forms of molecular damage which 

trigger the ageing response. These include genomic instability from 

unrepaired DNA lesions, point mutations, bulky adducts, and double-strand 

breaks that progressively compromise genome integrity (López-Otín et al., 

2013, López-Gil et al., 2023). This category also includes other forms of 

damage, such as telomere attrition, triggering replicative senescence 

through chromatin shortening (Lee et al., 1998, Rudolph et al., 1999); and 
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epigenetic alterations, encompassing global DNA hypomethylation, 

destabilising chromatin structure, and promoter hypermethylation silencing 

tumour suppressor genes (López-Otín et al., 2013). 

Antagonistic hallmarks reflect adaptive cellular responses that become 

pathogenic when chronically activated. Proteostasis loss permits toxic 

protein aggregates to accumulate, as seen with amyloid-β and tau in 

Alzheimer’s disease (López-Otín et al., 2013); as well as deregulated nutrient 

sensing, particularly chronic hyperactivation of insulin/IGF-1 and mTOR 

pathways, which causes prioritisation of anabolic growth over cellular repair 

and stress resistance (Kenyon, 2010, Jinesh et al., 2025).  

Integrative hallmarks manifest as downstream processes that consolidate 

damage from primary and antagonistic mechanisms. A main example of this 

category is mitochondrial dysfunction. This condition, driven by electron 

transport chain defects, generates excess reactive oxygen species (ROS) that 

disrupt cellular energy metabolism and redox balance (López-Otín et al., 

2013). Cellular senescence follows similar processes. Through stable 

p16INK4a/p21CIP1-mediated cell cycle arrest, senescent cells acquire a pro-

inflammatory senescence-associated secretory phenotype (SASP), driving 

tissue remodelling and chronic inflammation upon accumulation (López-

Otín et al., 2013). Similarly, altered intercellular communication manifests as 

"inflammageing" with elevated IL-6 and TNF-α	 cytokines, disrupting 

endocrine, paracrine, and neuronal signalling networks to promote tissue-

specific pathologies like fibrosis and neuroinflammation (López-Otín et al., 

2013).  

Together, these hallmarks provide a mechanistic framework that links 

evolutionary theories of declining selection with the concrete cellular and 

tissue pathologies observed during ageing, thereby bridging conceptual 

models and empirical biology. 
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1.2.2. Key physiological theories  

Among the most influential physiological models that link evolutionary 

genetics to soma–germline interactions and the cellular hallmarks of ageing 

is the Disposable Soma theory (DST), proposed by Tom Kirkwood in 1977 

(Kirkwood, 1977). DST posits that organisms possess a finite pool of energetic 

and metabolic resources that must be allocated between two core functions: 

maintaining the somatic body (soma) through continuous repair of 

molecular damage and reproducing via the germline to ensure gene 

transmission to future generations (Kirkwood, 1977). In natural environments 

where extrinsic mortality from predation, infection, or starvation frequently 

reduces lifespan, natural selection is predicted to favour substantial early-life 

investment in reproduction over costly, open-ended somatic maintenance 

(Kirkwood, 2017, Kirkwood, 1977). Under this framework, the soma is 

effectively “disposable” once successful germline transmission has occurred, 

and the progressive accumulation of unrepaired somatic damage, such as 

lipid peroxidation, protein glycation, and DNA crosslinks, is viewed as an 

inevitable consequence that drives the ageing process (Kirkwood, 1977, 

Kirkwood, 2017, Hughes, 2010). DST therefore emphasises that the primary 

evolutionary driver of ageing is the maximisation of lifetime reproductive 

fitness under ecological constraints, in which the maintenance of perfect 

cellular integrity would be prohibitively expensive and confer diminishing 

returns beyond the reproductive period. 

Building on DST, the expensive germline hypothesis refines this perspective 

by drawing attention to the exceptionally high cost of maintaining germline 

fidelity relative to somatic upkeep. Germ cells require specialised DNA repair 

pathways, stringent control of meiotic recombination, robust telomere 

maintenance, and protection from mutational and oxidative insults to 
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preserve genomic integrity across generations (Maklakov and Immler, 2016). 

According to this hypothesis, preferential allocation of resources to germline 

protection necessarily constrains the energy available for somatic repair, 

thereby shaping lifespan and ageing trajectories across species (Maklakov 

and Immler, 2016). In this way, the expensive germline hypothesis 

complements DST by clarifying the germline’s privileged hierarchical 

position in evolutionary fitness, without requiring that soma and germline 

always trade off in a strictly zero-sum manner. 

Complementing these resource-focused models, the developmental theory 

of ageing proposed by Chapman and Maklakov, integrates a mechanistic 

account of how senescence emerges from ongoing germline–soma conflicts 

(Maklakov and Chapman, 2019). Late-life pathologies are interpreted as 

consequences of incomplete downregulation or mistiming of regulatory 

programmes that are beneficial earlier in life, such as growth and 

reproductive signalling pathways. For example, persistent activation of 

Hedgehog or IGF1 signalling in post-reproductive tissues can drive 

hyperfunction, that is continued growth, proliferation, or secretory activity, 

which becomes maladaptive in later life, contributing to fibrosis, 

hypertrophy, or tumour promotion when purifying selection is weakened 

(Lemaître et al., 2024). This framework therefore shifts emphasis away from 

simple “energetic trade-offs” and towards context-dependent physiological 

states, in which extrinsic mortality risk and ecological conditions modulate 

how strongly developmental and reproductive programmes are expressed 

across the lifespan. 

A growing body of empirical evidence supports these physiological 

perspectives. Species with delayed or reduced reproductive investment, 

such as many bat species, live substantially longer than rodents of 

comparable body size and metabolic rate, consistent with stronger selection 

for somatic maintenance when reproduction is postponed (Austad, 1993, 



Chapter 1 - Evolutionary perspectives of ageing 

 25 

Lemaître et al., 2015). Experimental caloric restriction in laboratory mice, 

which mimics ecological food limitation, reliably extends median lifespan by 

30–50% while attenuating reproductive output and downregulating growth-

promoting pathways such as IIS and mTOR, in line with predictions that 

reduced reproductive effort allows increased allocation, or regulatory 

prioritisation towards repair and maintenance (Di Francesco et al., 2024, 

Mitchell et al., 2024). Together, DST, the expensive germline hypothesis, and 

the developmental theory of ageing offer complementary, rather than 

competing, explanations of ageing’s evolutionary logic. DST and the 

expensive germline hypothesis highlight the fitness consequences of 

differential investment in soma versus germline, whereas the physiological 

theory explains how age-specific gene regulation and developmental 

programmes implement those investments at the molecular and 

organismal levels. 

Despite their explanatory power, important questions remain regarding the 

detailed molecular mechanisms through which selection shapes these 

physiological processes. For example, the precise gene-regulatory networks 

that mediate germline-derived signals to somatic tissues, the roles of specific 

transcription factors and hormonal axes, and the extent to which these 

pathways exhibit plasticity in response to environmental variation are still 

being defined. Ongoing work is therefore increasingly integrative, 

combining comparative evolutionary analyses, high-throughput molecular 

approaches such as single-cell RNA sequencing and chromatin profiling, 

alongside computational modelling to connect genotype, regulatory 

architecture, physiological function and demographic ageing patterns 

within a unified framework (Lemaître et al., 2024). 
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1.3. Biological functions of ageing 

Ageing, or senescence, is not only an evolutionary outcome but also a 

process that is concretely initiated through changes in cells and tissues. 

While evolutionary theories frame ageing in terms of declining selection and 

germline–soma conflicts, a mechanistic understanding of how ageing 

manifests at the organismal level requires careful examination of its cellular 

and molecular underpinnings. In this proximate view, ageing can be 

described as the cumulative result of progressive molecular damage, 

spanning DNA, proteins, lipids and organelles, together with declining repair 

and quality-control capacity, leading to a gradual loss of cellular, tissue and 

systemic function over the lifespan; and a transition from youthful 

homeostasis and resilience to increased frailty and vulnerability (Gladyshev 

et al., 2021). 

 

1.3.1. Somatic mutation accumulation and genomic instability 

A principal contributor to age-related cellular dysfunction is genomic 

instability, defined as the increasing burden of DNA damage and de novo 

somatic mutations that accrue specifically in somatic cells over time. This is 

conceptually distinct from the germline mutations central to Medawar’s 

mutation accumulation theory, which act at the population level. Somatic 

mutations arise during mitotic divisions and from continual chemical and 

physical insults, and although mutation is the raw material for evolutionary 

adaptation at the species level (Barrick and Lenski, 2013; Wiser et al., 2013), at 

the level of the individual, they can have deleterious consequences. 

Accumulating de novo mutations can generate extensive genomic 

alterations, such as aneuploidy or loss of heterozygosity, that compromise 

genome architecture, impair gene dosage and regulatory networks, and 

ultimately reduce cellular viability and tissue function. The somatic mutation 
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rate is relatively constant across adult life and reflects the combined effects 

of intrinsic DNA replication errors (with an error rate on the order of 10^-10 

per base pair per replication), stochastic mitotic events, and persistent 

exposure to genotoxic agents (Lynch, 2010; Drake, 1991). 

These genotoxic agents can arise from two principal sources, namely 

endogenous processes intrinsic to cellular metabolism and exogenous 

environmental exposures. Endogenous damage is generated continuously 

within cells, primarily through oxidative stress caused by ROS produced as 

by-products of mitochondrial oxidative phosphorylation. ROS such as 

superoxide and hydroxyl radicals attack DNA bases and the sugar–phosphate 

backbone, producing lesions such as single-strand breaks. It has been 

estimated that mammalian cells experience tens of thousands of such 

oxidative hits per genome per day, which can miscode during replication if 

unrepaired (Lindahl and Barnes, 2000; Harman, 1981). Exogenous damage, by 

contrast, is inflicted by environmental factors including ultraviolet (UV) 

radiation, genotoxic chemicals, and ionising radiation (Chatterjee and 

Walker, 2017). 

To cope with this continuous onslaught of damage, cells have evolved an 

integrated DNA damage response (DDR) network. This system comprises 

lesion sensors that detect DNA abnormalities, signal transducers that 

amplify and propagate damage signals, and effector pathways that 

coordinate cell-cycle arrest, DNA repair, or when damage is irreparable, the 

induction of senescence or apoptosis (Jackson and Bartek, 2009). Within this 

framework, several partially specialised repair pathways operate in parallel to 

resolve distinct classes of DNA lesions. Base excision repair (BER) removes 

small base modifications, including many ROS-induced lesions. Mismatch 

repair (MMR) corrects replication-associated errors such as base–base 

mismatches and small insertions, thereby maintaining replication fidelity. 

Homologous recombination (HR) repairs double-strand breaks using the 
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sister chromatid as a template, ensuring largely error-free restoration of 

sequence but restricting its activity to S/G2 phases of the cell cycle. 

Nucleotide excision repair (NER) excises helix-distorting adducts, including 

UV-induced photoproducts (Harper and Elledge, 2007; Ciccia and Elledge, 

2010). Collectively, these pathways are essential for maintaining genomic 

stability and, by extension, cellular and tissue viability. Beyond their somatic 

role, they are also critical for safeguarding the germline by limiting the 

transmission of deleterious mutations to subsequent generations, thereby 

shaping both individual ageing trajectories and long-term evolutionary 

dynamics (Richardson et al., 2004; Jackson and Bartek, 2009). 

 

1.3.2. Protein homeostasis and the ubiquitin–proteasome system 

Genomic integrity represents only one dimension of cellular homeostasis. 

The maintenance of a functional and balanced proteome, termed 

proteostasis, is equally critical for preventing age-associated cellular 

dysfunction. Proteostasis is maintained by an interconnected network of 

molecular chaperones, protein degradation systems and quality-control 

checkpoints that together regulate protein synthesis, folding, trafficking and 

turnover. Among these, the ubiquitin–proteasome system (UPS) plays a 

central role (Balchin et al., 2016). The UPS mediates the selective, ATP-

dependent degradation of damaged, misfolded or short-lived regulatory 

proteins and is indispensable for fundamental cellular processes, including 

cell cycle progression, signal transduction, and stress adaptation (Koga et al., 

2011; Navon and Ciechanover, 2009). In this pathway, target proteins are 

marked for destruction through the covalent attachment of polyubiquitin 

chains to lysine residues involving E1 ubiquitin-activating enzymes, E2 

ubiquitin-conjugating enzymes, and E3 ubiquitin ligases (Hershko and 
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Ciechanover, 1998). This process prevents the accumulation of potentially 

toxic protein species.  

With advancing age, proteasome activity declines in many tissues, leading to 

the accumulation of misfolded and aggregation-prone proteins. Such 

aggregates are a defining hallmark of numerous age-associated 

neurodegenerative disorders, including hyperphosphorylated amyloid-β  

and tau in Alzheimer’s disease, and -synuclein aggregation in Parkinson’s 

disease. By contrast, preserved UPS function is strongly associated with 

healthy ageing. Fibroblasts derived from long-lived human centenarians 

show proteasome activity comparable to that observed in cells from much 

younger individuals, and display increased resistance to proteotoxic stress, 

suggesting that preserved proteasomal capacity contributes to both 

extended lifespan and compression of morbidity (Chondrogianni et al., 2000). 

Together, these observations position proteostasis decline as a key 

mechanism by which molecular damage accumulates with age and is 

converted into cellular dysfunction and tissue-level pathology, 

complementing genomic instability as a core hallmark of the ageing process.  

i 

1.3.3. Soma–germline dynamics and conserved signalling pathways 

Despite the presence of robust DNA repair and proteostasis systems, 

maintaining molecular integrity is energetically expensive. Evolutionary 

theory predicts that the allocation of these maintenance resources differs 

between soma and germline, with patterns shaped by ecological and 

reproductive context. Experimental evidence from model organisms 

indicates that germline status can actively influence somatic maintenance 

and lifespan, highlighting a regulatory, rather than purely resource-limited, 

interaction between soma and germline. For example, ablation of germline 

stem cells in Caenorhabditis elegans extends lifespan by up to 60%, an effect 
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mediated by germline-derived steroid hormone signalling that activates 

somatic FOXO/DAF-16 transcription factors, promoting stress resistance and 

repair (Hsin and Kenyon, 1999). Similar interventions in Drosophila 

melanogaster enhance survival, and germline ablation in zebrafish (Danio 

rerio) increased somatic DNA repair capacity following genotoxic insult, 

indicating that reproductive signals can suppress somatic maintenance 

under normal conditions and that their removal reconfigures gene-

regulatory programmes in favour of somatic protection (Partridge et al., 1999; 

Nöthel, 1987; Chen et al., 2020). 

Reflecting this prioritisation, germ cells typically exhibit far lower mutation 

loads than somatic cells, often an order of magnitude fewer mutations per 

cell division, owing to intensified DNA repair, more stringent cell-cycle 

checkpoints and protective niche environments (Milholland et al., 2017). This 

asymmetry underscores the evolutionary imperative to safeguard heritable 

genetic information, while somatic maintenance is comparatively less 

stringently preserved (Milholland et al., 2017; Maklakov and Immler, 2016; 

Kirkwood and Austad, 2000). 

At the signalling level, soma–germline dynamics are coordinated by 

conserved pathways that integrate reproductive status, environmental cues, 

and metabolic information to regulate longevity. The insulin/insulinl-like 

signalling (IIS) pathway, for instance, inhibits FOXO transcription factors 

under nutrient-rich conditions, whereas reduced IIS activity upregulates 

stress-resistance, autophagy, and repair genes, extending lifespan in worms, 

flies, and mice (Dillin et al., 2002; Flatt et al., 2008; Kenyon, 2010a). Similarly, 

the mTOR signalling pathway serves as a central hub integrating amino acid 

availability, energy status, and growth factor signalling to balance anabolic 

and catabolic processes. Downregulation of mTOR, as occurs under dietary 

restriction or pharmacological inhibition, consistently promotes longevity 
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across taxa, highlighting the benefits of moderating growth and metabolic 

activity for long-term somatic maintenance (Kenyon, 2010a; Murphy, 2018). 

Collectively, these observations show that the biological foundations of 

ageing arise from a dynamic interplay between persistent molecular 

damage, adaptive repair, quality-control systems, and regulatory networks 

that link reproductive status, nutrient availability and somatic maintenance. 

Rather than reflecting fixed trade-offs, ageing emerges from dynamic, 

environmentally sensitive soma–germline signalling, evolved to optimise 

reproductive success while shaping both lifespan and healthspan across 

species. 

 

1.4. Epigenetic clocks as biomarkers of ageing 

The biological foundations of ageing extend beyond the accumulation of 

molecular damage to include dynamic regulation of gene expression and 

chromatin architecture. Epigenetic modifications integrate developmental 

history, environmental exposures, and physiological state, providing a 

molecular interface between genome and environment. Among the most 

precise measures of biological age are epigenetic clocks, machine learning 

models trained on molecular markers, most commonly DNAm, to estimate 

biological age as a function of chronological time (Horvath, 2013, Bell et al., 

2019, Zheng et al., 2024). These clocks achieve high predictive accuracy by 

identifying age-correlated methylation changes at thousands of cytosine–

phosphate–guanine (CpG) sites across the genome, offering a robust readout 

of cumulative physiological wear. 
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1.4.1. Development and mechanistic basis of DNA methylation clocks 

Epigenetic clocks are primarily based on DNAm, a chemical modification 

where methyl groups are added to cytosine bases, typically regulating gene 

activity and chromatin architecture. Age-associated methylation patterns 

follow both hypermethylation (gain of methyl groups) and hypomethylation 

(loss of methyl groups), which can be statistically modelled to predict age 

with high precision (Horvath and Raj, 2018, De Lima Camillo et al., 2023, 

Morandini et al., 2023).  

Horvath’s seminal 2013 pan-tissue clock, trained on 353 CpGs across 51 tissues 

and cell types (including blood, brain, liver and fibroblasts), achieved a 

median absolute error of 3.6 years, demonstrating applicability from foetal 

stages to centenarians (Horvath, 2013). Hannum’s blood-specific clock, using 

71 CpGs optimised for peripheral blood leucocytes, is particularly sensitive to 

inflammatory states and shifts in immune cell composition (Hannum et al., 

2013). More recent ‘second-generation’ clocks integrate DNAm with clinical 

phenotypes. Levine’s PhenoAge (Levine et al., 2018), combines 199 CpGs with 

nine plasma biomarkers (including lymphocyte percentage, mean cell 

volume and red cell distribution width) to predict phenotypic age and all-

cause mortality (hazard ratio 1.6 per 5-year excess biological age); while Lu’s 

GrimAge model (Lu et al., 2019), refined as GrimAge2, leverages 1,030 CpGs as 

proxies for seven plasma proteins (e.g., plasminogen activator inhibitor-1), 

outperforming prior models in lifespan prediction.  

Collectively, these approaches surpass other predictors such as telomere 

length in prognostic utility, which suffers from limited tissue generality, high 

measurement variance, and weak correlation with morbidity (Levine et al., 

2018).  
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1.4.2. Mechanisms of age-related methylation change and clock 

interpretation 

Initially, age-associated DNAm changes were hypothesised to directly drive 

senescence by silencing genes involved in DNA repair or stress responses 

(Wilson and Jones, 1983). However, integrative multi-omics studies now 

indicate that DNAm shifts largely reflect downstream responses or adaptive 

reprogramming to primary ageing insults, such as inflammation, metabolic 

dysregulation or oxidative stress. (Hernandez et al., 2011, Ying et al., 2024, Xiao 

et al., 2019, Lu et al., 2023, Jung and Pfeifer, 2015). Critically, epigenetic clocks 

also exhibit differential sensitivity across ageing hallmarks, aligning more 

closely with nutrient-sensing and mitochondrial function (Kabacik et al., 

2022), stem cell composition (Van Der Rijt et al., 2020) and intercellular 

communication (López-Otín et al., 2013) than genomic instability or classical 

senescence.  

Clock accuracy is influenced by genetic variation (He et al., 2018), cell 

differentiation states (Kabacik et al., 2022), and environmental exposures 

such as diet or irradiation (Marsit, 2015). Moreover, local mutation rates, 

particularly at CpG dinucleotide prone to C -> T transitions, contribute to 

epigenetic drift and tissue-specific ageing signatures (Zhou et al., 2020, Koch 

et al., 2023). 

Accordingly, tissues show variable age-related DNAm changes, with regions 

of the brain such as the cerebellum exhibit comparatively slower epigenetic 

ageing relative to other tissues (Spiers et al., 2016, Guevara et al., 2022). 

 

1.4.3. Applications of epigenetic clocks 

Epigenetic clocks have become critical tools in ageing research, serving as 

quantitative endpoints in epidemiology, intervention trials, and mechanistic 
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investigations. For example, GrimAge acceleration predicts 10-year mortality 

in large cohorts such as the UK Biobank (Lu et al., 2019), while Phenoage2 has 

been applied to pharmacological trials examining metformin’s potential 

anti-ageing effects (Higgins-Chen et al., 2022). Clocks also allow assessment 

of lifestyle and environmental effects. For example, smoking one pack of 

cigarettes advances GrimAge by ~0.7 years (Lu et al., 2019), whereas exposure 

to air pollution alters methylation at inflammatory loci, and caloric restriction 

can slow pan-tissue clocks by approximately 1% annually (Meer et al., 2018).  

Despite their predictive power, epigenetic clocks vary in generalisability. 

Tissue or phenotype-specific models often outperform pan-tissue clocks, but 

lack their broad adaptability (Shireby et al., 2020). Furthermore, DNAm 

changes captured by clocks include both functionally relevant and neutral 

modifications, complicating mechanistic interpretation (Porter et al., 2021). 

Beyond serving as molecular biomarkers, epigenetic clocks also offer insight 

into evolutionary processes. Age-associated DNAm patterns likely reflect 

interactions between somatic maintenance and reproduction shaped by 

natural selection. Integrating epigenetic ageing with an evolutionary 

framework can thus illuminate how molecular changes relate to organismal 

fitness strategies and life-history optimisation. 

 

1.5. Cellular senescence and therapeutic approaches 

1.5.1. Mechanisms of cellular senescence and the senescence-

associated secretory phenotype (SASP) 

Cellular senescence represents a key downstream consequence of the 

molecular changes captured by epigenetic clocks, particularly those related 

to DNA damage responses, chromatin remodelling and altered intercellular 

communication (López-Gil et al., 2023, Herranz and Gil, 2018). It is a stable and 
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highly regulated physiological state induced by diverse cellular insults, 

including genotoxic stress, telomere attrition, oxidative damage and 

oncogenic activation (López-Gil et al., 2023, Herranz and Gil, 2018). 

Senescence is characterised by irreversible cell-cycle arrest, mediated 

predominantly through upregulation of cyclin-dependent kinase inhibitors 

via p53-dependent pathways (Herranz and Gil, 2018). This programme acts as 

a potent tumour-suppressive mechanism in early life by preventing the 

proliferation of damaged or pre-malignant cells (Herranz and Gil, 2018). 

However, with advancing age, the progressive accumulation of senescent 

cells, estimated to reach approximately 1–15% of cells in certain human tissues 

by around 80 years of age, contributes directly to functional decline and a 

broad spectrum of age-associated pathologies (López-Gil et al., 2023, Kanad 

Ghosh and Brian, 2016). Senescence, therefore, exemplifies antagonistic 

pleiotropy, providing early-life benefits while exerting deleterious effects late 

in life (Herranz and Gil, 2018, López-Gil et al., 2023). 

Beyond growth arrest, senescent cells adopt a distinctive SASP profile, 

comprising pro-inflammatory cytokines, chemokines, growth factors, 

matrix-remodelling proteases and extracellular matrix components which 

collectively alter tissue microenvironments (Kanad Ghosh and Brian, 2016, 

Coppé et al., 2010). Transient SASP activity can be beneficial, supporting 

embryonic tissue patterning, wound repair, and reinforcing tumour 

suppression (Coppé et al., 2010, Soto-Gamez and Demaria, 2017, Birch and Gil, 

2020). However, chronic SASP signalling during ageing promotes low-grade 

inflammation, pathological tissue remodelling, and disruption of tissue 

architecture contributing to diseases including osteoarthritis, atherosclerosis 

and neurodegeneration (Coppé et al., 2010, Soto-Gamez and Demaria, 2017, 

Huang et al., 2022). 

SASP expression is governed by multi-layered signalling networks 

integrating persistent DDR signalling, inflammatory transcription factors, 
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and stress-responsive kinases (Herranz and Gil, 2018, Freund et al., 2011). DDR 

maintains p53 activity to initiate SASP, while NF-κB acts as the central 

transcriptional regulator of SASP genes (Herranz and Gil, 2018, Freund et al., 

2011). Importantly, SASP composition is highly context dependent, varying 

with the initiating insult, tissue and cell type, and duration of senescence, 

which introduces substantial heterogeneity even within a single tissue 

(Freund et al., 2011, Salminen et al., 2012). This variability complicates 

mechanistic dissection and presents challenges for targeted 

senotherapeutic strategies.  

 

1.5.2. Consequences of senescent cell accumulation in tissues and 

immune surveillance 

While transient senescence supports development, tissue repair, and 

tumour suppression, chronic accumulation of senescent cells drives tissue 

dysfunction and age-related disorders. Experimental ablation of senescent 

cells in progeroid and naturally aged mice delays the onset of frailty, 

improves tissue function, and reduces cancer incidence, confirming the 

causal role of senescent cells in systemic ageing (Childs et al., 2015, Kanad 

Ghosh and Brian, 2016).  

Senescent cells resist apoptosis, disrupt tissue organisation, promote fibrosis 

via extracellular matrix deposition, and perpetuate inflammation via 

persistent SASP signalling (Kanad Ghosh and Brian, 2016). In addition, 

senescence can propagate to neighbouring non-senescent cells through 

paracrine SASP factors, a phenomenon termed the “senescence-associated 

bystander effect”, amplifying tissue dysfunction (Soto-Gamez and Demaria, 

2017, Herranz and Gil, 2018). 
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Under normal conditions, senescent cells are removed by 

immunosurveillance pathways mediated by natural killer (NK) cells, cytotoxic 

T-cells and macrophages, which detect stress-induced ligands and altered 

self-antigens to induce apoptosis (Herranz and Gil, 2018, Wang et al., 2024a, 

Wang et al., 2024b). Ageing impairs these processes through 

immunosenescence and inflammageing, characterised by diminished NK 

cytotoxicity, T-cell exhaustion and SASP-driven expansion of 

immunosuppressive myeloid populations, collectively impairing senescent 

cell clearance (Wang et al., 2024a, Wang et al., 2024b, Huang et al., 2022). As 

a result, senescent cell burden increases in older individuals, accelerating 

functional decline and compromising tissue regenerative capacity (Wang et 

al., 2024a, Wang et al., 2024b). 

 

1.5.3. Therapeutic strategies: senolytics, senomorphics, and the central 

role of rapamycin 

Recognition of senescent cells as drivers of ageing has motivated the 

development of senotherapeutic strategies, which can be grouped into two 

categories. Senolytics are agents that selectively induce apoptosis in 

senescent cells by targeting their dependence on pro-survival pathways, 

thereby reducing senescent cell burden and ameliorating pathology in 

preclinical models (Childs et al., 2015, Kanad Ghosh and Brian, 2016). The 

combination of dasatinib and quercetin (D+Q) is currently under early-phase 

clinical investigation for age-related conditions (Pulakat and Chen, 2020, 

Justice et al., 2019). 

Senomorphics (or senostatics) modulate deleterious components of the 

SASP without eliminating senescent cells, reducing chronic inflammation 

and paracrine damage (Soto-Gamez and Demaria, 2017, Huang et al., 2022). 

Representative senomorphics include rapamycin and metformin, which 
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modulate metabolic and inflammatory pathways to suppress SASP output 

(Soto-Gamez and Demaria, 2017, Saliev and Singh, 2025). Early clinical studies 

of rapamycin in older adults report improved vaccine responses, physical 

performance and systemic inflammatory profiles (Mannick et al., 2014). 

Central to many senomorphic interventions is mTOR, a conserved kinase 

integrating nutrient, energy and growth factor signals to regulate cell 

growth, metabolism and autophagy (Saxton and Sabatini, 2017). mTOR 

functions in two complexes, mTORC1, promoting anabolic processes and 

inhibiting autophagy, and mTORC2, regulating cytoskeletal organisation and 

insulin/AKT signalling (Saxton and Sabatini, 2017, Weichhart, 2018). Chronic 

mTORC1 hyperactivation in adulthood drives hallmarks of ageing, including 

impaired proteostasis, deregulated nutrient sensing, mitochondrial 

dysfunction, and cancer susceptibility, representing another example of 

antagonistic pleiotropy at the signalling level (Blagosklonny, 2010, Weichhart, 

2018). 

Rapamycin, a macrolide derived from Streptomyces hygroscopicus, 

selectively inhibits mTORC1, attenuating SASP output by limiting NF-kB-

driven transcription, enhancing autophagy and mitophagy, improving 

mitochondrial quality control, and supporting proteostasis (Herranz et al., 

2015, Laberge et al., 2015). Preclinical studies show rapamycin extends 

lifespan and healthspan across yeast, nematodes, flies, and mice, even when 

administered in mid-to-late life, improving survival, immune function, 

metabolic regulation, and cognitive performance (Harrison et al., 2009, Miller 

et al., 2011, Kaeberlein, 2014, Saxton and Sabatini, 2017).  

Clinical use of rapamycin is, however, constrained by dose-dependent 

adverse effects. Doses of rapamycin that cause immunosuppressive effects, 

as used in tissue transplantation, impair wound healing and increase 

infection risk, while chronic exposure can induce glucose intolerance and 
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dyslipidaemia, likely through partial mTORC2 inhibition (Saxton and Sabatini, 

2017, Konopka et al., 2023). These concerns have prompted exploration of low-

dose or intermittent regimens, which appear to retain many of the beneficial 

effects on immune function and physical performance while mitigating 

toxicity. However, long-term data in healthy older populations remain limited 

(Mannick et al., 2014).  

 

1.6. Zebrafish as a model for ageing research  

Zebrafish (Danio rerio) have emerged as a versatile vertebrate model for 

ageing combining many experimental advantages of invertebrate systems 

with key features of mammalian biology, including gradual, multi-system 

senescence and conserved genetic pathways. They are small, inexpensive to 

maintain, highly fecund, and amenable to large-scale genetic and 

pharmacological screens, making them particularly suitable for mechanistic 

studies of ageing and the evaluation of interventions at scale (Gerhard, 2003, 

Kishi et al., 2009, Gilbert et al., 2014). Unlike short-lived invertebrates, 

zebrafish exhibit vertebrate-typical tissues and tissue systems, such as a 

complex brain and adaptive immune system, allowing direct study of age-

related decline in structures and functions that are closely analogous to 

those affected in humans (Gerhard, 2003, Kishi et al., 2009). 

A major strength of zebrafish lies in their external development and optical 

transparency during embryonic and larval stages, enabling in vivo imaging 

of cellular and molecular processes, including DNA damage responses, 

stem-cell dynamics and senescence-associated markers, within intact 

organisms over time (Kishi et al., 2009, Adams and Kafaligonul, 2018). Their 

relatively short lifespan, approximately two years under laboratory 

conditions, facilitates longitudinal analysis of gradual ageing trajectories, 
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including progressive changes in musculoskeletal morphology, fin 

regeneration and endocrine function, and circadian rhythm (Kishi et al., 

2009, Gilbert et al., 2014). Ageing zebrafish also display many classical 

mammalian ageing phenotypes, such as spinal curvature, accumulation of 

senescence-associated proteins, reduced regenerative capacity, and 

declining reproductive output, underscoring the conservation of core ageing 

processes (Kishi et al., 2009, Adams and Kafaligonul, 2018). 

Beyond these general advantages, zebrafish are uniquely suited to 

experimental tests of evolutionary theories of ageing, particularly those 

concerning soma–germline interactions. Their amenability to genetic 

manipulation enables precise dissection of germline–soma dynamics in vivo, 

providing vertebrate insights into physiological trade-offs central to models 

such as the expensive germline hypothesis (Chen et al., 2020). A key resource 

for such work, and the primary germline ablation model employed in this 

thesis, is the dead end 1 (dnd1) mutant line, generated through targeted 

disruption of the RNA-binding protein dnd1, which is essential for primordial 

germ cell (PGC) specification, survival and migration during early 

embryogenesis (Slanchev et al., 2005, Li et al., 2017, Chen et al., 2020). In this 

strain, dnd1 loss-of-function prevents PGC formation beyond the first few cell 

divisions, yielding viable, germline-free adults that develop normally through 

somatic lineages. This model therefore enables controlled investigation of 

soma-only ageing trajectories, providing critical insights into the interplay 

between reproductive status and somatic maintenance (Slanchev et al., 

2005, Li et al., 2017, Chen et al., 2020). 
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1.7. Integration and future directions 

The multidisciplinary study of ageing has advanced through the integration 

of complementary perspectives spanning evolutionary theory, molecular 

biomarkers and therapeutic interventions, creating a cohesive narrative from 

ultimate causation to proximate mechanisms. Evolutionary frameworks, 

including mutation accumulation, antagonistic pleiotropy, disposable soma 

theory, developmental theory of ageing, and the expensive germline 

hypothesis, collectively explain senescence as an adaptive consequence of 

declining late-life selection pressures and germline-soma conflicts shaped 

by extrinsic mortality regimes. At the molecular level, epigenetic clocks 

provide precise, quantifiable tools to estimate biological age and track the 

progression of ageing, linking genotypic influences, environmental 

exposures, and physiological decline, thereby translating abstract 

evolutionary predictions into measurable epigenomic phenomena. 

Therapeutically, rapamycin and related mTOR inhibitors provide proof-of-

concept that targeting evolutionarily conserved ageing pathways can yield 

tangible benefits, suppressing SASP-driven inflammation, restoring 

autophagy, mitophagy, and proteostasis, and extending healthspan and 

lifespan across diverse model organisms, including yeast (Saccharomyces 

cerevisiae), worms (Caenorhabditis elegans), flies (Drosophila 

melanogaster) and mice (HET3). 

Despite these converging advances, critical knowledge gaps remain. 

Foremost among them is elucidating the precise molecular mechanisms of 

germline-soma interactions and their direct influence on lifespan, biological 

age and healthspan. Furthermore, the causal versus correlative relationship 

between age-associated DNAm changes and phenotypic ageing requires 

mechanistic clarification to refine biomarkers, optimise predictive models, 

and identify optimal windows for intervention.  
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This thesis addresses these gaps by employing the dnd1 germline-ablated 

zebrafish model to dissect germline-soma signalling dynamics under 

controlled genotoxic stress, integrating phenotypic, epigenetic clock, and 

transcriptomic analyses to establish causal links between germline status, 

DNA repair capacity and biological ageing trajectories. Through this 

vertebrate system, the work tests core predictions of unified evolutionary 

frameworks, quantifies the plasticity of physiological resource allocation, and 

evaluates the translational potential of mTOR modulation for healthspan 

extension. In doing so, it bridges molecular mechanisms with evolutionary 

theory, illuminating actionable pathways to mitigate age-related decline. 
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2. Chapter 2 

2.1.  Abstract  

Genomes are continuously challenged by DNA damage arising from both 

endogenous metabolic processes and exogenous insults. Although repair 

pathways counteract this damage, their efficiency declines with age. 

Evolutionary theory predicts that the germline is prioritised for genomic 

fidelity over somatic tissues, implying the existence of regulatory signals that 

differentially modulate germline and somatic maintenance. Here, we show 

that germline ablation in male zebrafish (Danio rerio) enhances somatic 

genome protection across five tissues (brain, intestine, kidney, spleen and 

fin). Transcriptomic profiling revealed that germline-free males exhibit 

baseline upregulation of DNA repair pathways, cell-cycle checkpoint 

regulators and chromatin integrity genes, together with an accelerated and 

amplified transcriptional response to γ-irradiation. These changes were 

accompanied by reduced repression by the DREAM complex, transient 

activation of Hedgehog signalling and suppression of transposable element 

activity, particularly LINEs and LTRs, under genotoxic stress. In contrast, 

germline-carrying controls preferentially upregulated metabolic and 

biosynthetic programmes, indicating a divergent allocation of 

transcriptional and energetic resources. We further identified temporal shifts 

in gene length and exon density consistent with more energy-efficient 

transcriptional strategies in the germline-ablated soma. Tissue-specific 

analyses revealed pronounced enhancement of repair-associated pathways 

in brain and kidney, alongside immune remodelling in intestine and spleen, 

demonstrating that soma–germline interactions are both tissue-specific and 

functionally heterogeneous. Notably, testes mounted stronger and more 

rapid DNA damage responses than any somatic tissue, underscoring their 

privileged status in genome maintenance. 
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Together, these results provide direct experimental evidence that germline-

derived signals actively suppress somatic maintenance programmes. 

Germline removal reconfigures transcriptional regulation in favour of 

genome protection, stress responsiveness and chromatin stability in somatic 

tissues. This supports evolutionary frameworks in which ageing emerges 

from regulatory interactions between germline fidelity and somatic 

investment, linking molecular DNA repair dynamics to broader theories of 

germline cost and somatic decay. 

 

2.2. Introduction  

Cellular genomes are continuously challenged by endogenous metabolic 

processes and exogenous insults that generate DNA lesions. These are 

counteracted by specialised DNA repair pathways that preserve genomic 

integrity (Schumacher et al., 2021). Repair, however, is inherently imperfect, 

and residual errors accumulate as mutations that compromise genome 

stability and cellular function. Across the animal kingdom, the germline 

exhibits higher-fidelity repair than somatic tissues, whereas the soma relies 

more heavily on error-prone mechanisms, resulting in substantially higher 

mutation rates. In somatic tissues, declining repair capacity contributes to 

the age-associated accumulation of mutations and genomic instability 

(Moore et al., 2021, Gorbunova et al., 2007). Beyond oncogenesis, unrepaired 

DNA damage interferes with transcription and replication, thereby 

disrupting core cellular processes and promoting downstream dysfunction 

in proteostasis, mitochondrial activity and signalling networks (Schumacher 

et al., 2021). DNA damage is therefore not only a driver of mutational burden 

but a central contributor to organismal ageing.  

Accumulating evidence indicates that the germline actively modulates 

somatic maintenance, including DNA repair capacity (Moses et al., 2023). 
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Germline ablation increases stress resistance and longevity in multiple 

systems (Moses et al., 2023), and under genotoxic stress the germline can 

promote enhanced somatic protection (Ermolaeva et al., 2013). These 

findings are often framed within the disposable soma theory, which 

proposes a trade-off between investment in reproduction and somatic 

maintenance (Kirkwood, 1977, Kirkwood and Holliday, 1979). Under this 

model, organisms may favour energetically cheaper but less accurate repair 

in somatic tissues to preserve resource for high-fidelity germline 

maintenance (Maklakov and Immler, 2016). Consistent with this view, 

germline ablation accelerates somatic repair after genotoxic stress in 

zebrafish (Danio rerio) (Chen et al., 2020).  

However, several studies suggest that germline-soma coupling cannot be 

explained by resource allocation alone (Maklakov and Immler, 2016, Flatt and 

Partridge, 2018). In Caenorhabditis elegans, removal of the somatic gonad 

abolishes reproduction but does not extend lifespan, whereas germline 

ablation does, implicating endocrine signalling rather than reproductive cost 

in the regulation of somatic ageing. Similarly, in the short-lived killifish 

Nothobranchius furzeri, germline ablation enhances somatic maintenance 

in females and extends lifespan in males, whereas simply reducing resource-

intensive reproduction does not (Moses et al., 2023). Together, these findings 

argue that germline-derived signals actively regulate somatic repair and 

stress responses, independently of immediate energetic trade-offs.  

These observations point to a regulatory model in which germline-soma 

signalling pathways dynamically tune somatic genome maintenance 

according to environmental context. When conditions compromise 

germline function or delay reproduction, enhanced somatic protection may 

be favoured to preserve survival until reproduction becomes viable again 

(Ermolaeva et al., 2013). From a life-history perspective, environmental 

suppression of fertility has long been proposed to strengthen selection on 
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somatic robustness and stress tolerance by shifting resource allocation away 

from reproduction and towards maintenance (Kirkwood and Holliday, 1979; 

Stearns, 1992), a pattern supported by recent empirical evidence in zebrafish 

(Irish et al., 2025). Resource-allocation and endocrine-signalling hypotheses 

are therefore complementary rather than competing, with germline 

maintenance costs likely to be highly context dependent.  

Transposable elements (TEs) provide a sensitive indicator of genome 

maintenance capacity. TE mobilisation represents an important endogenous 

source of DNA damage, including double-strand breaks generated during 

retrotransposition, and TE activity is strongly modulated by environmental 

and physiological stress (Kazazian and Goodier, 2002, Slotkin and 

Martienssen, 2007, Levin and Moran, 2011). TE repression is markedly stronger 

in the germline than in somatic tissues (Rebollo et al., 2012), reflecting the 

higher value placed on heritable genome integrity. Consequently, 

comparing TE activity between soma and germline across environmental 

and genetic context offers a sensitive window into differential investment in 

genome maintenance.  

Here, we investigated how the germline regulates somatic genome 

maintenance and DNA repair across five somatic tissues in male zebrafish. 

We examined both baseline conditions and responses to non-lethal γ-

irradiation, a defined genotoxic stress that elicits robust responses in both 

germline and soma. Using transcriptome profiling and TE expression 

analyses in brain, intestine, kidney, spleen, caudal fin, and, in testes where 

available, we compared germline-free males (GLF; homozygous dnd1 

knockout) with germline-carrying full-sib controls (GLC; homozygous wild-

type). Tissues were collected 3 h and 24 h post-irradiation (hpir) to capture 

early and intermediate response dynamics. We show that germline ablation 

broadly enhances somatic genome protection under both standard and 

stressful conditions, accelerates transcriptional responses to DNA damage, 
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and suppresses TE expression in somatic tissues, supporting a model in 

which germline-derived signals actively constrain somatic maintenance. 

 

2.3. Material and methods 

2.3.1. Fish lines and maintenance  

Wild-type AB zebrafish were obtained from the Zebrafish International 

Resource Centre (ZIRC, University of Oregon, Eugene, OR) and maintained 

under standard laboratory conditions at the SciLifeLab, Evolutionary Biology 

Centre, Uppsala University, Sweden. Fish were housed in 3-L tanks at 28°C 

under a 12:12-h light–dark cycle and fed live Artemia and dried flake food 

(Sparos) three to five times daily, depending on age. 

 

2.3.2. Germline-free fish  

CRISPR/Cas9-mediated knockout of the germline-specific gene dead-end 

(dnd1) was performed to generate GLF males, whereas heterozygous carriers 

(wt/dnd1) produced GLC wild-type siblings. Loss of dnd1 results in the 

absence of primordial germ cells, leading to sterile males with normal 

somatic gonadal development. 

˙ 

2.3.3. Exposure to gamma irradiation   

Twenty-four sexually mature male GLC and GLF fish (>6 months old) were 

exposed to 20 Gy γ-irradiation from a Cs-137 source at Stockholm University, 

Sweden. Fish were individually housed in six-well plates containing 16.8 mL 

system water per well, sealed, and irradiated for ~25 min. 
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2.3.4. Sample collection 

Five somatic tissues (intestine, kidney, spleen, brain, caudal fin) and testes 

(GLC only) were collected at 3h and 24h post-irradiation (hpir) from three fish 

per group-time, resulting in 24 individuals in total, yielding 126 tissue 

samples, with three replicates per tissue per condition. Tissues were 

dissected on ice and flash-frozen in liquid nitrogen (Figure S1). 

 

2.3.5. RNA extraction and sequencing  

RNA was extracted using TRIzol, cleaned with TURBO DNA-free (Ambion), 

and libraries were prepared with NEBNext Ultra II Directional RNA-seq (poly-

A selection, 200–300 bp inserts) at Novogene (UK). Sequencing was 

performed on Illumina NovaSeq 6000 (150-bp paired-end reads). 

 

2.3.6. Differential gene expression analysis 

Raw RNA-seq reads were processed using the nf-core/rnaseq pipeline v3.9 

executed within the Nextflow workflow framework v22.04.5 (Ewels et al, 2020, 

Di Tommaso et al., 2017). Read alignment to the reference genome was 

performed using STAR (Dobin et al., 2013), and transcript abundance was 

quantified using Salmon (Patro et al., 2017). Differential expression analysis 

was conducted using edgeR v3.38 based on negative binomial models, with 

p-values adjusted for multiple testing using the Benjamini–Hochberg false 

discovery rate procedure (Robinson et al., 2009). Volcano plots were 

generated using the EnhancedVolcano package  

(https://bioconductor.org/packages/release/bioc/html/EnhancedVolcano.ht

ml). 

https://bioconductor.org/packages/release/bioc/html/EnhancedVolcano.html
https://bioconductor.org/packages/release/bioc/html/EnhancedVolcano.html
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2.3.7. Gene Ontology and chromatin analysis 

Gene Ontology (GO) enrichment analysis was performed using pathfindR 

v2.1.0 (Ulgen et al., 2019), using zebrafish GO annotations derived from 

MsigDB gene set collections (Liberzon et al., 2015, Liberzon et al., 2011). To 

enable cross-species comparison, human orthologues were identified using 

BiomaRt v1.0.7 (Durinck et al., 2009), and analogous GO enrichment analyses 

were conducted on the corresponding human gene sets. Genomic 

coordinates of differentially expressed genes were intersected with 

chromatin accessibility and chromatin state tracks (ATAC-seq) to assess 

associations with heterochromatic regions (see Supplementary Methods). 

Exonic and intronic lengths were calculated from Ensembl gene 

annotations, release 107 (Cunningham et al., 2022). 

2.4. Results 

2.4.1. Germline ablation reorganises baseline somatic transcription 

Across the five somatic tissues examined (brain, caudal fin, spleen, intestine 

and kidney), GLF and GLC males displayed extensive baseline transcriptional 

divergence. In total, we identified 6,855 differentially expressed genes (DEGs), 

with 4,498 upregulated in GLC and 2,357 upregulated in GLF (Tables S1, S2). 

Although more than 270 Gene Ontology (GO) terms were shared between 

strains, these were predominantly associated with transcriptional regulation, 

genome maintenance and protein synthesis, and were largely driven by 

higher expression in GLC soma (Wilcoxon V = 1,701.5, p < 0.0001; Figure 1). 

Semantic similarity analysis revealed that gene sets supporting shared GO 

terms overlapped only weakly, with low median Resnik similarity values for 

non-irradiated samples (median = 0.2; interquartile range = 0.08), indicating 

that similar functional categories were frequently underpinned by distinct 

molecular programmes in each strain. The highest similarities were observed 

for double-strand break repair and ribosome biogenesis, whereas 
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microtubule organisation, DNA replication and chromatin remodelling 

showed particularly low concordance (Figure S2, S3). 

At the functional level, GLF-upregulated genes were enriched for processes 

related to cell-cycle progression and chromatin-linked DNA integrity, 

including telomere maintenance and DNA packaging. In contrast, GLC-

upregulated genes emphasised metabolic activity and adaptive stress 

responses, such as mitochondrial gene expression and ubiquitin-mediated 

proteolysis (Figure 1). These opposing functional signatures were largely 

driven by genes located in consistently closed chromatin regions. In these 

regions, strain-specific differences in expression were strongly associated 

with systemic differences in gene architecture, with GLC favouring longer, 

exon-poor genes and GLF favouring short, exon-rich genes. In contrast, in 

traditionally open chromatin regions, GLF preferentially upregulated longer 

exon-poor genes (Figure 2).  

These global somatic trends were preserved at the tissue level. Brain and 

kidney showed enrichment for genome maintenance pathways, intestine 

and spleen were dominated by immune-related programmes, and the 

caudal fin was characterised by structural and checkpoint control processes 

(Figure S3). Among the most strongly differentially expressed baseline genes, 

GLF soma upregulated armc9, implicated in ciliogenesis and cilia-mediated 

signalling, and nlrc11, associated with antiviral immunity. GLC soma, on the 

other hand, showed higher expression of immune and differentiation-

related genes, including mhc2dab and sppl2 (Figure 3, Table 3, 4, 5). 

In addition to functional differences, the global properties of DEGs differed 

markedly between strains (Figure 3). Mixed-effects modelling identified a 

significant interaction between contrast and strain for gene expression level 

(χ² = 2,252, df = 17, p < 0.0001), gene length (χ² = 1,538, df = 17, p < 0.0001) and 

exonic density (χ² = 301,334, df = 17, p < 0.0001). In GLC, DEGs were typically 
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longer, exhibited lower exonic density and were expressed at lower levels 

relative to the transcriptome average (Tables S6, S7). In contrast, GLF soma 

preferentially engaged shorter, exon-rich genes. This pattern is consistent 

with reduced transcriptional expenditure and increased splicing efficiency, 

as proposed by models linking shorter gene length and higher exon-to-

intron ratio to lower energetic cost for equivalent transcriptional output 

(Hausser et al., 2019, Heyn et al., 2015, Jonkers et al., 2014). 
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Figure 1: Germline absence enables rapid somatic shift from damage 

response to genomic fidelity programmes post-irradiation.  

GO term enrichment across three timepoints post-irradiated A) non-

irradiated (nonIR), B) 3 hours post-irradiated (3hPIR), and C) 24 hours post-

irradiated (24hPIR), stratified by host strain. Each panel displays significantly 

enriched GO terms grouped by strain. Circle colour denotes statistical 

significance (–log₁₀ p-value; orange = high significance, blue = low), and 

circle size reflects the number of genes associated with each GO term.  
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Figure 2: Germline ablation elicits a dynamic expression of genes 

and chromatin structure in response to irradiation.  

A) Displays gene expression (logCPM), B) gene length, and C) exon 

percentage, respectively, stratified by chromatin accessibility status 

(open vs. closed chromatin). Each plot compares the soma of GLC vs 

GLF across the same post-irradiation timepoints. Colours denote strain 

identity. Points denote group means, and error bars represent 

standard error. D) Line plots display temporal expression trajectories of 

genes (FDR < 0.05) that exhibit directional flips in logFC across 

timepoints (nonir_soma, 3hpir_soma, 24hpir_soma). Genes were 

categorised into four flip patterns: (i) Down → Up → Up, (ii) Down → Up → 

Down, (iii) Up → Down → Down, and (iv) Up → Down → Up, based on the sign 

of logFC at each timepoint. Each facet represents one flip pattern. 

Lines connect the expression values for individual genes, coloured by 

fish strain. Points indicate mean logFC per gene per timepoint. Labels 

denote the top 15 genes per flip category, ranked by absolute logFC. 

Label placement was optimised to minimise overlap using repulsion-

based adjustment.  
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Figure 3 : Bidirectional shifts in gene regulation reveal temporally 

distinct somatic responses to germline ablation and irradiation.  

Panels (A-D) explore the interaction between germline ablation (GLC vs 

GLF) and irradiation (nonir, 3hpir & 24hpir) on the soma, where nonir_soma 

refers to contrast C1 (nonir GLC vs nonir GLF), 3hpir_soma to contrast C2.3 

(3hpir GLC vs 3hpir GLF) & 24hpir_soma to contrast C2.24 (24hpir GLC vs 

24hpir GLF). A) Shows gene expression (logCPM), B) Number of differentially 

expressed genes, C) Gene length (bp) and D) Percentage exonic region of 

differentially expressed genes. Points denote group means, and error bars 

represent standard errors. Volcano plots (E-G), where points represent a 

single gene, the x-axis shows the log2 fold change in expression between 

GLC and GLF fish, and the y-axis displays the -log10(p-value), which indicates 

statistical significance. Genes with a positive logFC are expressed more in 

GLF tissues, while downregulated ones are expressed more in GLC tissues. 

Non-significant genes are depicted in grey. Horizontal and vertical dashed 

lines represent the significance threshold (-log10(p-value) = 1.3) and fold-

change thresholds (log2FC = ±0.6), respectively. E) Shows the differential 

expression of contrast C1, F) shows the differential expression of contrast 

C2.3, and G) shows the differential expression of contrast C2.24. (H) Gene 

expression values (logCPM) were normalised per gene across the soma of 

GLC and GLF fish to compute Z-scores, representing relative expression 

levels. Positive Z-scores (shaded orange) indicate expression above the 

gene’s mean, whereas negative Z-scores (shaded blue) indicate expression 

below the mean. Rows correspond to genes, columns represent samples 

grouped by strain and timepoint post-irradiation. 
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2.4.2. Baseline differences in DREAM complex architecture 

The conserved DREAM repressor complex coordinates cell-cycle and DNA 

repair by silencing proliferation-associated genes during quiescence and 

following DNA damage, including pcna, ccna2, rad51, and cdk1 (Bujarrabal-

Dueso et al., 2023). In non-irradiated soma, its transcriptional configuration 

differed markedly between strains (Figure 4). GLC expressed three core 

DREAM components (lin54, rbl1, e2f5), consistent with an intact and 

potentially active repressor complex. In contrast, GLF expressed only e2f4, 

indicating a partial or weakened DREAM assembly.  

In parallel, GLF showed elevated expression of canonical DREAM target 

genes (pcna, ccna2, rad51; Figure 4, S4), consistent with reduced DREAM-

mediated repression and a higher basal engagement of replication and DNA 

repair programmes in the soma (Sadasivam and DeCaprio, 2013). 
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Figure 4: GLF fish show distinct hedgehog regulatory gene and 

DREAM complex target genes expression patterns at 3hpir.  

Panels (A-B) Line plots showing the number of differentially expressed 

genes (FDR < 0.05) across timepoints (nonir_soma, 3 hpir_soma, 

and 24hpir_soma) for GLC and GLF fish. Gene counts are grouped by 

gene type (Hedgehog regulatory vs target; DREAM complex vs DREAM 

targets; see facet panels). Lines and points represent the dynamics of DE 

gene counts across developmental timepoints for each fish, coloured 

according to either GLC or GLF fish. A) Hedgehog complex, B) Dream 

Complex. Panels (C-H) display network visualisations of the relationships 

between differentially expressed genes (FDR < 0.05) and their 

classification as regulatory or target gene (for Hedgehog (C, D, E) and 

Dream pathways (F, G, H), for each timepoint-specific contrasts. Panel (C 

& F) non-irradiated soma, (D & G) Soma 3hpir, (E & H) Soma 24hpir .Circles 

represent individual genes, and squares represent gene type categories. 

Nodes are coloured by fish population. Edges connect genes to their 

respective functional category. Multiline labels are used for clarity in type 

nodes; gene node labels are shown in white. Networks were arranged 

using the Fruchterman–Reingold layout algorithm to emphasise 

topological separation between categories. 
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2.4.3. Germline ablation accelerates and redirects the somatic 

response to genotoxic stress 

To assess somatic responses to DNA damage, males were exposed to 20 Gy 

γ-irradiation with a 137Cs source and sampled at 3 hpir and 24 hpir. Both 

strains mounted strong transcriptional responses, but these differed in 

timing, functional composition and gene usage (Figure 3). At 3 hpir, 8,252 

DEGs were differentially expressed (3,779 higher in GLF; 4,473 higher in GLC), 

and at 24 hpir, 7,991 DEGs were detected (3,372 higher in GLF; 4,619 higher in 

GLC; Table S2).  

Although many GO terms were shared between strains (208 at 3 hpir; 262 at 

24 hpir), the genes supporting these categories showed limited overlap, 

particularly immediately after irradiation (Figure S2, S3). At 3 hpir, similarity 

confined to core damage-response processes such as chromosome 

segregation, DSB repair and RNA catabolism, whereas processes such as 

protein autophosphorylation, nuclear localisation and I-κB kinase/NF-κB 

signalling were supported by largely distinct gene sets. By 24 hpir, gene-level 

overlap increased for ribosomal large subunit biogenesis and RNA 

metabolism indicating partial convergence of translational control, while 

DNA repair, chromatin regulation and nucleocytoplasmic trafficking 

remained strain specific (Semantic similarity median was 0.2 (IQR 0.07) at 3 

hpir and 24 hpir; Figures 1, 3).  

Among highly divergent function categories, the “ageing” GO term showed 

strong temporal and strain dependence. It was supported exclusively by GLC 

genes at baseline, shared between strains immediately after irradiation, and 

by 24 hpir became largely restricted to GLC genes (Figure 5). This pattern 

suggests that irradiation transiently synchronises ageing-related 

transcriptional programmes before reinstating strain-specific control. 
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Functionally, the early response in GLC (3 hpir) was dominated by 

biosynthetic housekeeping processes, including cytoplasmic translation and 

ribosome biogenesis (Figure 1). In contrast, GLF upregulated pathways 

involved in signal transduction, immune modulation and structural 

remodelling, consistent with a faster transition into adaptive and reparative 

states (Figure 1). By 24 hpir, GLC remained biased towards transcriptional and 

biosynthetic activity, whereas GLF shifted strongly towards DNA replication, 

mitosis, homologous recombination and proteasomal degradation (Figures 

1, 5). Together, these patterns indicate that germline ablation accelerates the 

engagement of repair and turnover pathways while redirecting the balance 

away from sustained biosynthetic investment.  
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Figure 5: Treatment-dependent conservation of ageing-related GO 

terms across zebrafish strains.  

Alluvial plot illustrating the relationships between enriched Gene 

Ontology (GO) terms, experimental condition, strain, and contributing 

gene sets. Each stratum on the left represents a GO biological process 

term, with flows tracking their association across irradiation 

condition/timepoint, strain, and underlying gene sets. Ribbon widths 

are proportional to the number of genes contributing to each 

connection, highlighting shared versus strain-specific contributions. 

While major ageing-related GO terms are observed in both strains, GLC 

fish show stronger representation and higher gene-level contribution 

to ageing-associated processes compared with GLF. Colours denote 

strain-level clustering. 
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2.4.4. A temporal ‘directional flip’ in genomic features after irradiation 

Beyond functional categories, gene architecture and expression properties 

also showed systemic and reversible strain differences after irradiation 

(Tables S6, S7; Figures 2, 3). At baseline, relative to GLF, GLC DEGs were 

characterised by lower expression, lower exonic density and longer gene 

length. At 3 hpir, this relationship inverted, with GLF engaging longer, exon-

poorer and more weakly expressed genes. By 24 hpir, these properties 

reverted towards the original baseline configuration. Thus, irradiation 

induced a transient “directional flip” in the genomic architecture of the 

transcriptional response.  

These reversals were not uniformly driven by all tissues. Brain and kidney 

contributed most strongly to expression divergence; brain, caudal fin and 

spleen dominated gene-length divergence; and brain and intestine primarily 

shaped exonic-density differences. 

Genes that switched from being higher in GLF at 3 hpir to higher in GLC at 

24 hpir were enriched for tissue regeneration (Figures 1, 2), muscle 

maintenance and cellular catabolism, consistent with earlier activation of 

reparative and metabolic restructuring in GLF soma (Schiaffino and 

Reggiani, 2011). Among the most prominently temporally flipping genes 

were MHC class II haplotypes (mhc2dgb, mhc2dhb, mhc2dga), which 

consistently shifted from GLF-biased expression at 3 hpir to GLC-biased 

expression at 24 hpir across tissues (Table S5). Notably, mhc2dab remained 

uniquely high in GLC soma (Figures 2, 3), highlighting stable strain-specific 

immune regulation.  
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2.4.5. Tissue-specific programmes reveal rapid adaptation and repair 

in GLF 

At 3 hpir, GLC tissues broadly upregulated biosynthetic and proliferative 

metabolism, including cytoplasmic translation, ribosome biogenesis and 

DNA replication. In contrast, GLF tissues preferentially upregulated pathways 

associated with tissue repair, immune signalling and stress response (Figure 

1), reinforcing the idea of earlier adaptive reprogramming. This distinction is 

evident at the tissue level. In GLF, the brain showed enrichment for 

coagulation and ERK signalling, the intestine and kidney for DNA damage 

response and NF-κB signalling, and the caudal fin for hormone-mediated 

pathways. By 24 hpir, GLF brain, intestine and spleen strongly upregulated 

recombinational repair, chromosome segregation and mitotic division, while 

the caudal fin showed signatures of metabolic adaptation (Figure 1). In 

contrast, GLC tissues at 24 hpir continued to emphasise mitochondrial 

energy metabolism, ribosome biogenesis and RNA splicing (Figure 1), 

indicating prolonged prioritisation of biosynthetic and energetic 

homeostasis rather than rapid engagement of repair and turnover.  

 

2.4.6. Testes trajectories contextualise somatic responses 

In GLC testes, irradiation induced a stronger and more dynamic 

transcriptional response than in any somatic tissue. At 3 hpir, 6,710 genes 

were upregulated and 9,118 downregulated, and at 24 hpir, 6,989 were 

upregulated and 7,736 downregulated, with widespread reversals between 

the two timepoints (Table S2; Figure S5).  

At 3 hpir, testes rapidly activated DNA repair, chromatin remodelling and 

transcriptional control while simultaneously repressing many pathways that 

were induced in GLC soma, including ribosome biogenesis, RNA splicing and 

mitochondrial translation (Table S8). By 24 hpir, testes upregulated ribosome 
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biogenesis, telomere maintenance, mitochondrial gene expression and DSB 

repair while downregulating immune signalling, returning towards 

homeostasis more rapidly than any somatic tissue (Table S8). 

 

2.4.7. Temporal control by DREAM and hedgehog signalling 

Irradiation reshaped the baseline configuration of the DREAM repressor 

network (Figure 4). At 3 hpir, GLC upregulated four DREAM targets (ezh2, 

pcna, ccnb1, rad51), whereas GLF showed little activation of this axis. By 24 

hpir, the pattern reversed: GLF expressed ccna2 and cdk1, while GLC 

expressed pcna, approximating the respective baseline configurations 

observed under non-irradiated conditions. This dynamic is consistent with 

DREAM-mediated temporal control of cell-cycle and DNA repair gene 

expression following genotoxic stress (Figure 4).  

Hh signalling, which regulates stem-cell maintenance, proliferation and 

regenerative capacity in adult tissues and mediates germline-soma 

communication (Jing et al., 2023, Jia et al., 2015), also showed strain-specific 

activation (Figure 4). In GLF, Hh regulators (disp1, ptch2, gli1, gli2a, gli3, smo) 

were transiently induced in the spleen at 3 hpir, followed by broader somatic 

upregulation of gli2a, ssha and smo at 24 hpir. This pattern indicates a short-

lived, context-dependent activation of Hh signalling, consistent with a 

transient regenerative or niche-supportive response in the absence of the 

germline.  

 

2.4.8. Germline ablation reshapes somatic transposable-element 

dynamics 

TEs exhibited strong strain- and time-specific behaviour that closely 

paralleled gene expression dynamics (Figures 6, S7). At baseline, 522 TEs were 
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differentially expressed (239 higher in GLF; 283 in GLC; Table S9). After 

irradiation, 229 TEs were differentially at 3 hpir and 256 at 24 hpir (Table S9).  

A directional switch mirrored the gene-expression response; GLF reduced TE 

expression at 3 hpir and increased it at 24 hpir, whereas GLC showed the 

opposite pattern (Figure 6). This indicates that germline ablation alters not 

only the timing of gene activation but also the temporal control of repetitive-

element activity. 

There was also a TE class-specific response. At baseline, GLF showed a 

positive correlation between LINE copy-number and diversity. After 

irradiation, both strains converged on reduced diversity with increased copy 

number (Figure S6). At 3 hpir, GLF LINE expression declined, and differentially 

expressed repeats were located closer to genes on opposite strands, 

consistent with increased regulatory interference in the absence of the 

germline (Figure S6). GLC uniquely expressed L2-1_DR at this timepoint 

(Figure S6). LTR dynamics were largely driven by Gypsy elements and showed 

an inverse relationship between copy number and diversity across 

conditions. DNA transposons were particularly elevated in GLF at 24 hpir and 

were characterised by increased copy number and younger inferred 

insertion age. 

When DE genes and DE TEs were intersected, GLC showed greater overlap 

at baseline (Figure S7), suggesting tighter basal coupling between gene 

expression and TE activity, potentially through shared chromatin accessibility 

or epigenetic control. In GLF, this overlap was weaker at baseline, consistent 

with stronger TE repression. After irradiation however, overlap increased 

specifically on chromosome 4 in GLF and was dominated by LTR elements 

(Figure S7). Given that LTRs are stress-responsive and can function as 

enhancers or alternative promoters (Chuong et al., 2016, Feschotte, 2008), 
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this pattern is consistent with local rewiring of regulatory networks during 

the DNA damage response.  

No comparable chromosome-wide structure was observed for DE genes or 

DE TEs in isolation, indicating that the coordinated response emerges 

specifically from their interaction rather than from independent 

chromosomal effects.  
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Figure 6: Age-dependent transposable element expression in somatic 

tissues shows strain- and timepoint-specific directional shifts 

following irradiation.  

A) presents the mean log counts per million (CPM) of significantly 

expressed TE Repeats (FDR < 0.05). B) the mean TE Copy number of each 

repeat per class, C) the number of TE subfamilies differentially expressed, 

D) the mean synonymous substitution rate (Ks) for the same TE Repeats, 

used as a proxy for TE evolutionary age. E) the distance of expressed TE to 

the closest gene on the opposite strand (in bp), and F) shows the distance 

to genes on the same strand. Points denote group means, and error bars 

represent standard errors Strain identity is denoted by colour and 

maintained consistently across panels. All panels examined TE metrics 

across non-irradiated, 3 hours post-irradiation (3hpir), and 24 hours post-

irradiation (24hpir) conditions. 
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2.5. Discussion  

In the absence of the germline, somatic tissues expressed a greater number 

of shorter, exon-rich genes involved in cell communication, proliferation and 

genome integrity, a strategy consistent with reduced energetic cost and 

increased splicing efficiency (Pai et al., 2017, Hausser et al., 2019). At baseline, 

DREAM complex repression appears attenuated in GLF fish, permitting 

selective activation of nucleotide-excision and homologous-recombination 

repair pathways. Following irradiation, DREAM activity is re-established, 

restraining proliferation and restoring cell-cycle control (Bujarrabal-Dueso et 

al., 2023, Hwang and Kim, 2025). This dynamic likely limits the propagation of 

highly damaged cells while maintaining genomic integrity (Agrawal and 

Sengupta, 2025, Schmidt et al., 2024). 

Germline ablation also produced a faster and more clearly phased response 

to genotoxic stress. GLF fish mounted an early adaptive response dominated 

by signal transduction, immune modulation and structural remodelling, 

before transitioning by 24 h to replication-coupled repair and proteostasis. In 

contrast, GLC fish preferentially activate biosynthetic and transcriptional 

programmes early and delay engagement of genome-maintenance 

modules. Temporal ‘directional flips’ in gene length, exonic density and 

expression profiles, and tissue drivers (particularly the brain), underscore a 

rapid and systematic reprioritisation of resources in GLF. Although protein 

synthesis and translational control emerged as shared functional categories 

between strains, the underlying gene usage differed substantially, indicating 

that germline ablation reshapes the regulatory implementation of protein-

related programmes rather than uniformly altering proteostasis capacity. 

Primary cilia act as signalling hubs that integrate pathways central to growth, 

metabolism and tissue homeostasis, and accumulating evidence links ciliary 

dysfunction to ageing-related phenotypes, including neurodegeneration, 
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metabolic dysregulation and impaired regenerative capacity (Anvarian et al., 

2019, Morrison, 2021, Palla et al., 2022). Upregulation of armc9 in GLF, 

therefore, suggests enhanced ciliary maintenance and signalling capacity. In 

parallel, preservation of chromatin organisation during DNA repair is 

essential for transcriptional fidelity, and elevated expression of chromatin 

regulators in GLF may buffer epigenetic drift and reinforce long-term 

genomic stability (Teschendorff et al., 2013, Rodrigues et al., 2014). 

Ageing is also accompanied by immune decline, particularly through 

reduced MHC class II expression and impaired antigen presentation (Wang 

and Liu, 2022, Bertucci-Richter and Parrott, 2023). In GLF, dynamic regulation 

of MHC loci, characterised by early activation followed by coordinated 

resolution, suggests efficient detection and clearance of damaged cells, 

followed by restoration of homeostasis. This pattern is consistent with 

established links between senescence, MHC class II expression, and tissue 

remodelling during ageing (Sinning et al., 2023, Herrero et al., 2001), as well 

as broader DNA damage-immune system crosstalk (Bujarrabal-Dueso et al., 

2023, Schmidt et al., 2024). 

In vivo, DREAM target engagement inverts after irradiation, consistent with 

transient relaxation of cell-cycle to facilitate high-fidelity repair before re-

establishing proliferative control (Bujarrabal-Dueso et al., 2023, Schmidt et al., 

2024). Hh signalling is essential for tissue regeneration and metabolic 

regulation but becomes pro-ageing when chronically dysregulated and 

shows a similarly precise pattern; suppressed at baseline in GLF and 

transiently induced under genotoxic stress. This mirrors tightly controlled 

activation in regenerative contexts (Rajan et al., 2023, Male et al., 2020, Sun et 

al., 2020) and potentially limiting chronic, deleterious signalling (Baechle et 

al., 2023). 
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Collectively, across tissues and molecular layers, germline ablation 

reprogrammes the soma toward rapid, immune-coupled adaptation and 

high-fidelity repair coordinated by pathway-level regulators such as DREAM 

and Hh. Despite distinct strain identities, GLF fish adopt elements of a 

“germline-like” temporal logic, supporting models in which resource 

reallocation from reproduction to somatic maintenance enhances resilience 

and mitigates age-associated decline. This framework aligns with systemic 

regulators of ageing, including mTOR and NF-κB signalling. Pharmacological 

mTORC1 inhibition (such as rapamycin) reduces NF-κB activity, DNA damage, 

and immune dysfunction in ageing models (Lamming, 2016, Dumas and 

Lamming, 2020), paralleling several features observed in GLF and reinforcing 

disposable-soma trade-offs.  

Thus, germline ablation establishes an energy-efficient somatic programme 

characterised by rapid immune-coupled adaptation and timely deployment 

of high-fidelity DNA repair. Temporal control by DREAM and Hedgehog 

pathways, integrating both gene and TE regulation, underpins a faster and 

more robust recovery from genotoxic stress in GLF than in GLC. TE dynamics, 

including class-specific behaviour and age-associated shifts, both reflect and 

potentially facilitate this rewiring. Together, these findings position germline 

status as a systems-level modulator of somatic homeostasis and ageing and 

suggest that transient induction of germline-like repair programmes may 

offer a route to enhanced genome stability without compromising somatic 

integrity.   

 

2.6. Data availability 

All sequencing data, including RNA-seq data, generated for this project are 

available under accession PRJEB102813 (under embargo until acceptance for 
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publication), https://www.ebi.ac.uk/ena/browser/view/PRJEB102813. All 

scripts and supplementary data are available at the git repository : 

https://github.com/asdfjohnny1/germline-ablation-transcriptomics.git. 

Detailed methodology and settings for bioinformatic pipelines used can be 

found in supplementary methods. 
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2.9. Extended data  

See file “Appendix Chapter 2” for supplementary methods, figures, tables 

and legends.  

All files and processed data files are available on the GitHub page : 

https://github.com/asdfjohnny1/germline-ablation-transcriptomics.git. 

 

2.10. Abbreviations  

TEs – Transposable Elements 

GLC – Germline Carrying 

GLF – Germline Free 

DEGs – Differentially expressed Genes 

GO – Gene Ontology 

3 hpir – 3 hours post irradiation  

24 hpir – 24 hours post irradiation  

Hh – Hedgehog 

Chr4 – Chromosome 4 

Dnd1 – Dead-end 1 gene 
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3. Chapter 3 

3.1. Abstract  

Epigenetic clocks are widely used quantifiers of biological ageing that 

estimate age from coordinated DNA methylation changes across the 

genome. Although increasingly applied across tissues and species, the 

methodological choices in feature definition and aggregation shape clock 

performance, but this remains remains poorly understood. Here, we 

systematically benchmark over 4,000 epigenetic clock models constructed 

from reduced representation bisulphite sequencing data across brain, 

caudal fin, intestine, and pooled multi-tissue datasets in zebrafish. The aim 

was to quantify how methodological choices influence clock accuracy, 

stability and biological interpretability, rather than defining a single “best” 

clock. Models span three CpG aggregation strategies (Point, Tile, and Cluster), 

multiple regression frameworks, and feature-selection thresholds. In single 

tissues, Tile-based clocks consistently outperform both Point- and Cluster-

based models, particularly in brain and intestine, with whole-region tiling 

outperforming CpG-island–restricted approaches. Feature-scaling analyses 

reveal tissue-specific limits on informative CpG number, indicating 

diminishing returns beyond defined CpG budgets. Mixed-effects modelling 

identifies CpG aggregation strategy and feature filtering as the dominant 

determinants of performance. By contrast, multi-tissue clocks show reduced 

accuracy and marked instability across tissues. In pooled multi-tissue 

models, R²-based CpG pre-filtering degrades performance, and most pooled 

models fall into low-performing or unstable rank classes. Cross-tissue 

stability analyses demonstrate that CpGs optimised for single-tissue 

prediction rarely generalise when tissues are pooled, revealing a 

fundamental trade-off between tissue-specific precision and cross-tissue 

robustness. 
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Together, these results show that epigenetic clock performance is driven 

more by how methylation features are defined and aggregated than by 

model architecture, and that clocks require scale- and tissue-aware design 

principles rather than universal feature sets. 

3.2. Introduction  

Ageing is a progressive, systemic process characterised by the gradual loss 

of cellular and physiological integrity. It arises from the cumulative impact of 

molecular damage, stochastic events and epigenetic drift, leading to 

functional decline and increased susceptibility to disease and death (López-

Otín et al., 2013). Epigenetic changes, particularly those involving DNA 

methylation (DNAm), have attracted attention as measurable and dynamic 

indicators of biological ageing (Horvath, 2013, Hannum et al., 2013), providing 

a molecular substrate for developing quantitative models of ageing rate – 

epigenetic clocks.  

Epigenetic clocks, as introduced in Section 1.4 of the Introduction of this 

thesis, are statistical models that estimate biological age from DNAm data. 

They typically rely on a subset of CpG sites whose methylation levels correlate 

predictably with chronological age (Horvath, 2013, Hannum et al., 2013). The 

construction of an epigenetic clock involves three major steps: (i) 

preprocessing and normalisation of DNAm data; (ii) identification or 

selection of CpGs associated with age; and (iii) model fitting using regression 

or machine learning techniques. Model-fitting approaches used in 

epigenetic clock construction include penalised linear regression methods, 

as well as non-linear and machine-learning frameworks including random 

forests, support vector machines, and neural networks.  

Amongst these, penalised regression models are the most commonly 

applied. Lasso regression (L1 regularisation) reduces model complexity by 

shrinking the coefficients of many CpG sites exactly to zero, thereby 
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excluding them from age prediction (Horvath, 2013; Hannum 2013). Elastic 

Net regression extends this approach by combining L1 and L2 regularisation, 

improving coefficient stability in the presence of strong correlations among 

CpG sites, a characteristic feature of high-dimensional DNAm data in which 

the number of CpGs greatly exceeds the number of samples (Zou and Hastie, 

2005). The resulting “epigenetic age” provides a continuous measure of 

molecular ageing, and its deviation from chronological age, termed age 

acceleration, has been linked to mortality, disease risk, and exposure to 

physiological or environmental stressors (Levine et al., 2018; Lu et al., 2019; 

Hillary et al., 2020). 

DNAm involves the enzymatic addition of a methyl group to cytosine 

residues, predominantly at CpG dinucleotides. In vertebrates, DNAm 

regulates gene expression, chromatin structure and genome stability 

(Deaton and Bird, 2011, Jones et al., 2015). During ageing, many vertebrate 

species, particularly mammals, exhibit a characteristic pattern of DNAm 

change involving a gradual global hypomethylation alongside site-specific 

hypermethylation at discrete regulatory regions, including promoters and 

enhancers (Hernandez-Meza et al., 2021). This pattern has been most 

consistently documented in humans and other mammals, while evidence 

from non-mammalian vertebrates suggests greater tissue and species-

specific variability (Rakyan et al., 2010, Field et al., 2018). Global 

hypomethylation is thought to arise from imperfect maintenance of 

methylation during DNA replication and cumulative epigenetic drift (Field et 

al., 2018), whereas localised hypermethylation at regulatory elements may 

reflect targeted chromatin remodelling or selective constraints acting on 

gene regulatory networks during ageing (Rakyan et al., 2010, Hernandez-

Meza et al., 2021).   

The directionality and localisation of these changes make DNAm a suitable 

metric for modelling chronological age. However, methylation patterns 
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associated with age are not uniformly distributed. Age-related CpGs are 

often enriched near developmental genes and regulatory elements (Rakyan 

et al., 2010, Zhou et al., 2022), suggesting that methylation drift may involve 

partial reactivation or repression of key transcriptional networks. These 

observations lend biological plausibility to the use of DNAm as a molecular 

clock but also highlight that statistical correlations may not always 

correspond to causal mechanisms (Jiang and Guo, 2020, Aquino et al., 2018). 

 

3.2.1. Approaches to clock construction 

Although the goal of most of these epigenetic clocks is to predict age from 

DNAm data, approaches differ in how DNAm is represented across the 

genome. Across the literature, three main, broad CpG aggregation 

frameworks are used, here termed Point, Tile and Cluster clocks, each 

offering a different balance between resolution, noise tolerance and 

interpretability.  

Point clocks use the methylation levels of individual CpG sites as predictors 

(Li et al., 2022, Hannum et al., 2013), where each site acts as a discrete variable 

in a penalised regression model. This approach captures fine-scale variation 

and often yields high predictive accuracy when training large datasets (Li et 

al., 2022, Hannum et al., 2013, Lehne et al., 2015, Zhang et al., 2019). However, 

because single-CpG measurements can be affected by local biological 

variability, batch effects, or population and tissue-specific differences, Point 

clocks may exhibit sensitivity to dataset composition. For example, CpGs 

selected as predictive in one training dataset may not generalise to other 

datasets from different tissues or technical approaches (Li et al., 2022, Lehne 

et al., 2015, Zhang et al., 2019). 
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Tile clocks aggregate CpG methylation values over fixed genomic windows, 

typically ranging from ~ 300-500bp, randomly spread across the genome. 

Averaging within these defined tiles provides a regional estimate of 

methylation, reducing stochastic noise at individual CpGs and potentially 

capturing high-order regulatory states (Chrusciel et al., 2022, Stubbs et al., 

2017, Meer et al., 2018, Higgins-Chen et al., 2022). By integrating multiple 

neighbouring sites, Tile-based aggregation can improve model stability 

relative to Point clocks, but it can also complicate biological interpretation, 

because window size and spacing are arbitrarily defined and influence how 

local chromatin and regulatory context are represented.  

Like Tile clocks, Cluster clocks aggregate CpGs to reduce stochastic noise and 

stabilise age predictions (Ester et al., 1996, Simpson et al., 2023). However, 

instead of averaging CpGs within fixed genomic windows, Cluster clocks 

define groups based on data-driven clustering algorithms, such as DBSCAN, 

which aggregate CpGs with correlated methylation patterns across samples. 

The mean methylation of each cluster is then used as a predictor in the age 

model (Simpson et al., 2023, Ester et al., 1996). These clusters often capture 

co-methylation modules that correspond to regulatory domains or 

chromatin regions, providing greater biological coherence than Point clocks 

while reducing sensitivity to single-site variability. Cluster clocks, therefore, 

aim to balance stability and interpretability, although aggregation can 

sometimes reduce raw predictive accuracy when clusters encompass 

heterogeneous methylation behaviour.  

Together, these approaches reflect a continuum between fine-grained 

statistical precision and biologically informed generalisation.  
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3.2.2. CpG pre-selection and randomness  

A common feature of clock construction is CpG pre-selection. Typically, only 

CpGs showing significant association with age or sufficient variability are 

retained prior to model training. Feature filtering reduces dimensionality and 

computational burden but introduces bias and limits interpretability, as 

selected CpGs may reflect noise, tissue composition or cohort-specific effects 

rather than universal ageing signals.  

Higgens Chen et al. (2022) and Mathur et al. (2024) demonstrated that 

models trained on randomly chosen CpG subsets can perform similarly to 

canonical clocks, yielding comparable mean absolute error (MAE) and R2 

(Mathur et al., 2024; Higgins-Chen et al., 2022) . This suggests that predictive 

power derives from the global correlation structure of the methylome rather 

than the biological importance of individual loci. Consequently, while clocks 

remain useful biomarkers, their constituent CpGs should not automatically 

be interpreted as mechanistically or functionally important in ageing, since 

their inclusion may reflect correlated methylation patterns rather than 

causal roles in biological processes.  

 

3.2.3. Tissue scope: single tissue and multi-tissue models 

Epigenetic clocks can be developed at different biological scales, ranging 

from single-tissue models that capture local ageing trajectories to multi-

tissue clocks that reflect systemic ageing across whole individuals. Single-

tissue epigenetic clocks are trained on DNAm data from a specific tissue or 

cell type, capturing local ageing trajectories (Meer et al., 2018). These models 

often achieve high accuracy within the same tissue but generalise poorly to 

others due to differences in methylation dynamics across tissues (Apsley et 

al., 2024). By contrast, multi-tissue clocks are trained across diverse tissues to 

identify CpG sites whose methylation changes are consistent across the 
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whole organisms or a group of organisms (Horvath, 2013, Apsley et al., 2024). 

These models are more versatile but typically display reduced precision, as 

they must accommodate heterogeneous tissue-specific ageing patterns 

(Horvath, 2013, Levine et al., 2018, McEwen et al., 2020). The distinction 

between these two approaches reflects the broader balance between 

specificity and generality in biological modelling. Understanding how tissue 

scope influences clock performance provides insight into whether DNAm 

age represents systemic or tissue-specific ageing processes.  

 

3.2.4. Model choice  

The choice of modelling approach for an epigenetic clock is closely related to 

the tissue scope of the data. Single-tissue clocks generally involve more 

homogeneous DNAm patterns, whereas multi-tissue clocks must 

accommodate correlated CpG dynamics across diverse tissues, influencing 

both feature selection and model regularisation. Most epigenetic clocks 

employ regularised regression approaches, predominantly Lasso (L1) or 

Elastic Net (L1 + L2) regression, to simultaneously perform feature selection 

and prevent overfitting (Zou and Hastie, 2005). Lasso enforces sparsity, 

producing compact models, but performs poorly when predictors are highly 

correlated (Hannum et al., 2013). Elastic net models, on the other hand, are 

advantageous because they handle groups of correlated predictors by 

allowing them to be selected together, whilst still maintaining a sparse 

model structure (Horvath, 2013, Friedman et al., 2010, Zou and Hastie, 2005). 

Hyperparameters (α for mixing ratio and λ for penalty strength) are typically 

optimised via cross-validation. In some cases, alternative machine learning 

approaches, such as gradient boosting machines (Li et al., 2018), support 

vector machines (Fan et al., 2022) or neural networks (Martínez-Enguita et al., 

2025), are used for epigenetic clock construction, but penalised regression 
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remains the dominant choice due to its interpretability, variable selection 

properties and stability in high-dimensional genomic data.  

 

3.2.5. Balancing predictive accuracy and biological meaning  

A central challenge in epigenetic clock research lies in reconciling predictive 

accuracy with biological interpretability. High R2 values indicate strong 

correlation with chronological age but may result from statistical overfitting 

or latent confounding (Dabrowski et al., 2023). Conversely, metrics such as 

MAE, which quantify absolute prediction error, may better reflect biologically 

relevant variation in ageing rate, but clocks optimised for interpretability or 

functional coherence often exhibit higher MAE and underperform on 

predictive benchmarks (Higgins-Chen et al., 2022). Few studies explicitly 

consider this trade-off. Most report predictive statistics without evaluating 

how methodological choices, such as feature aggregation, pre-selection or 

model regularisation, affect biological inference. As a result, there is a lack of 

consensus on what impacts the construction of robust clocks, whether one 

that predicts age with minimal error or one that reflects biological coherent 

processes. In practice, these goals are difficult to achieve simultaneously. 

Epigenetic clocks can be very good statistical models or very good biological 

representations, but rarely both. Recognising this distinction is essential for 

interpreting clock outputs and improving their utility as biomarkers for 

biological ageing. 

Despite the growing number of published epigenetic clocks, the 

methodological reasoning behind their construction is also often under-

described. Decisions about feature definition, CpG aggregation and 

regression strategy are rarely justified, leaving open questions about why 

certain steps are performed and how they influence model performance. The 

present study attempts to address this gap by comparing multiple strategies 
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for building epigenetic clocks, including Point, Tile and Cluster aggregation 

of CpG sites, across single and multi-tissue contexts in the model organism, 

zebrafish (Danio rerio). By using RRBS, we evaluated how data 

representation, CpG selection and modelling approaches influenced both 

predictive accuracy and biological interpretability. By examining these 

factors systematically, our study aims to clarify the methodological 

foundations of clock construction and to promote a more transparent 

understanding of how methylation data encode biological time.  

 

3.3. Material and Methods  

3.3.1. Fish Lines and Maintenance  

Wild-type zebrafish (AB strain) were obtained from the Zebrafish 

International Resource Centre (ZIRC, University of Oregon, Eugene, USA) and 

maintained under standard laboratory conditions in the Controlled 

Environment Facility, University of East Anglia, UK. All experimental fish used 

in this study were the product of the facility's strict outbreeding programme 

to preserve genetic diversity.  

Fish were housed in 3L tanks under a 12: 12 light: dark photoperiod at 28°C. 

Adult fish were fed three times daily with live Artemia (ZM System) and dried 

food (Sparos, Adult zebrafish diet, nutrition in aquaculture). Juvenile fish 

were fed four times daily to support growth and maintain consistent 

nutritional conditions across developmental stages.  

 

3.3.2. Sample Collection  

Fish were euthanised using Aquacalm (Syndel) in accordance with 

institutional and UK Home Office guidelines. Samples of three somatic 
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tissues were collected from 70 individual fish, brain, caudal fin and intestine, 

yielding a total of 196 samples (67 brain, 65 fins and 64 intestine). Fish ages 

spanned eleven groups from 3 to 22 months (Table S10). To account for 

increased variability in methylation at younger ages, sampling was more 

intensive in early life stages.  

 

3.3.3. DNA Extraction  

Genomic DNA was extracted individually from each tissue sample using a 

modified Qiagen DNeasy Blood and Tissue Kit protocol (Qiagen, 69506). 

Samples were digested in proteinase K at 56 °C for 1-2 h with intermittent 

vortexing until complete lysis was achieved. Lysates were processed through 

silica spin columns according to the manufacturer’s instructions, and DNA 

was eluted in 30 μL EB buffer. DNA concentrations and purity were evaluated 

using a Qubit fluorometer and a NanoDrop spectrophotometer prior to 

library preparation.  

 

3.3.4. Library Preparation 

A total of 196 RRBS libraries were prepared in two independent batches. 

Batch 1 (n = 99) was processed at the University of Edinburgh, and Batch 2 

(n=97) at the University of East Anglia, using the TECAN Ovation® RRBS 

methyl-Seq System Kit (TECAN, 9522-A01), following an optimised version of 

the manufacturer’s protocol (see detailed procedure at 

https://www.protocols.io/view/ovation-rrbs-methyl-seq-library-preparation-

protocol-kxygx3kydg8j/v1). 

Briefly, genomic DNA was digested with MspI, ligated to methylated 

adapters, end-repaired, and subjected to bisulphite conversion. Libraries 

were then purified via magnetic beads, PCR amplified, and size selected. 
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Fragment size distribution and library quality were assessed using an Agilent 

TapeStation, and final quantification was performed prior to equimolar 

pooling.  

 

3.3.5. RRBS sequencing 

Batch 1 libraries were sequenced on an Illumina NovaSeq 6000 platform 

using an S2 flow cell across six lanes, 2 x 150 bp paired-end reads generating 

approximately 4 billion reads per lane. Batch 2 libraries were sequenced on 

an Illumina NovaSeq X platform using a 10B flow cell over three lanes, 

producing 2 x 150 bp paired-end reads, generating approximately 2.5 billion 

reads per lane. All sequencing was performed at the Wellcome Sanger 

Institute, Cambridge, UK. Raw data were demultiplexed and delivered as 

gzipped FASTQ files.  

 

3.3.6. Data Trimming, Alignment and Methylation Extraction 

Raw reads were processed using the NuGEN Technologies pipeline 

(https://github.com/nugentechnologies/NuMetRRBS). Adapter and low-

quality bases were trimmed with Trim Galore v 0.6.5 

(https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) and 

diversity adaptor artefacts were removed using a NuGEN-provided Python 

script 

(https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAda

ptCustomers.py). Cleaned reads were aligned to the zebrafish reference 

genome (GRCz11; 

https://www.ncbi.nlm.nih.gov/datasets/genome/GCA_000002035.4/), using 

Bismark v 0.25.1 (Krueger and Andrews, 2011), and duplicate reads were 

https://github.com/nugentechnologies/NuMetRRBS
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAdaptCustomers.py
https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAdaptCustomers.py
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identified and marked with the NuDup tool in NuGEN 

(https://github.com/tecangenomics/nudup).  

Methylation calling was performed using the Bismark methylation extractor 

(Krueger and Andrews, 2011), generating cytosine methylation reports in 

“.cov” format. Methylation metrics (methylated and unmethylated counts 

per CpG) were used as input for downstream analyses. 

 

3.3.7. Methylation data pre-processing  

Methylation data were imported into R v 4.3.1 (R Core Team, 2022) using the 

methylKit package v 1.3 (Akalin et al., 2012). Coverage files were read using 

the “methRead()” function, applying a minimum per-CpG coverage 

threshold of five reads (mincov =5). CpG sites were retained only if present in 

at least 90% of samples within each tissue (min_samples <- 

as.interger(ceiling(n_samples * 0.9))).  

Methylation percentage was calculated as methylated reads / total reads x 

100. No transformation was applied to these percentages. The resulting 

tissue-specific methylation matrices formed the basis for subsequent clock 

training across all analytical configurations.  

 

3.3.8. Epigenetic Clock Model Construction and Evaluation 

To assess how analytical design influences predictive performance, 

epigenetic clocks were constructed under a factorial framework combining 

multiple pre-processing, filtering and modelling strategies. Each model 

estimated epigenetic age from DNA methylation data derived from either 

individual CpG (Point), aggregated genomic windows (Tile), or correlated 

CpGs (Cluster).  

https://github.com/tecangenomics/nudup
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Five major methodological aspects were systematically changed: (I) Feature 

inclusion thresholds involved minimal sample coverage per CpG / CpG island 

of 0 (no filter), ≥ 5, ≥ 10 or ≥ 20 CpGs. (II) Age-association filtering where a 

minimum univariate CpG-age correlation (R2) was performed at 0 (no filter), 

≥ 0.05, ≥ 0.1, ≥ 0.2, or ≥ 0.3. (III) Feature aggregation at three genomic scales, 

namely Point, Tile and Cluster. (IV) Regression model, either Lasso or Elastic 

net models. (V) Window size (Epsilon; Epse) of CpG site/island was set to 12 

different sizes (bp), 1 (point), 50, 100, 500, 750, 1000, 2000, 3000, 5000, 22500, 

25000.  

This full-factorial design produced a comprehensive model space 

incorporating multiple features and parameter combinations, allowing 

systematic evaluation of robustness, interpretability and predictive power of 

the different clock models (Table S11). The top selected CpGs for each tissue 

can be found in Table S12. 

 

3.3.9. Epigenetic clock model training and selection  

The complete model space included 3 x CpG aggregation groups, 2 x 

regression models, 5 x R2 Thresholds, 4 x Feature filters, 12 x Epses (Tile 

windows) and 4 x Tissues / Tissue-groupings (Table S11), resulting in 4,320 

distinct models. For each model, the full set of samples was randomly divided 

into a training set (80% of individuals) and a held-out validation set (20%), 

with the training set used for model fitting, optimisation of CpG selection, 

and hyperparameter tuning, and the held-out validation set for unbiased 

evaluation of predictive performance. 

Model optimisation was performed using a nested iterative procedure 

comprising 100 outer iterations and 50 inner iterations per outer iteration. 

Each outer iteration corresponds to a new random division of the samples 
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into training (80%) and held-out validation (20%) sets, capturing variability in 

the training sample composition. Within each outer iteration, 50 inner 

iterations were performed in which random subsets of candidate CpGs were 

selected from the available pool and used to fit the regression model. Each 

inner iteration produced predicted ages and associated performance 

metrics (R² and MAE), which were standardised across inner iterations. A 

combined score integrating scaled R², inverted MAE, and a penalisation for 

models with large numbers of CpGs was used to rank inner iterations and 

identify the best-performing set of CpGs for that outer iteration. 

After all 100 outer iterations were completed, the single best-performing 

outer iteration, representing both the most robust training/validation split 

and the optimised subset of CpGs, was selected for final model construction. 

A final epigenetic clock was then refitted using the full training set and only 

the selected CpGs from this best outer iteration. Predicted ages for the held-

out validation set were computed using this final model to assess its 

generalisability. For each model, the number and identity of both candidate 

and selected CpGs, the fitted cross-validation object, and predicted ages 

were kept for further quantification. This procedure was repeated 

independently across all tissues and analytical conditions, enabling 

quantitative comparison of predictive performance across the full parameter 

space. 

 

3.3.10. Technical parameters for epigenetic clock construction 

For point clocks, each CpG site was treated as an independent predictor, with 

all available after filtering CpGs retained across samples. Tile clocks 

summarised DNAm across genomic windows of varying size (50 bp–25 kb), 

with tiles placed using two strategies: (1) covering the whole reduced 

representation region, capturing global methylation patterns without bias, 
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and (2) confined to CpG-rich regions corresponding to annotated CpG 

islands. The CpG island approach reduces randomness in tile placement, 

focusing feature selection on biologically relevant regions, and decreases the 

total number of tiles, reducing model complexity and computational 

requirements. CpG island annotations for the Danio rerio reference genome 

GRCz11 were retrieved from the UCSC Genome Browser Table Browser and 

exported as a BED file using default settings for chromosome coordinates. 

Cluster clocks grouped CpGs based on correlated DNAm patterns using a 

DBSCAN-based clustering pipeline, with mean cluster DNAm used as the 

predictive feature. 

Where CpG sites were missing from individual samples, values were imputed 

using the median methylation level within tissues to preserve matrix 

completeness. Regularisation strength (λ) was optimised using 10-fold cross-

validation to minimise mean squared error. 

 

3.3.11. Analytical Rationale 

By systematically varying filtering thresholds, feature scales and 

regularisation schemes, we characterised the sensitivity of model 

performance to both statistical and biological sources of variation.  

Including both Lasso and Elastic Net regression enabled evaluation of how 

penalty structure affects feature retention, particularly for spatially correlated 

CpGs. Comparing Point, Tile and Cluster aggregations provided insight into 

the genomic window sizes most informative for biological age estimation. 

Collectively, this framework offers a comprehensive and reproducible basis 

for assessing the methodological determinants of epigenetic clock 

behaviour across somatic tissues.  
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3.4. Results 

After sequencing and quality control, 14 samles failed QC, resulting in the 

generation of a total of 182 tissue samples , comprising 62 brain, 61 caudal fin, 

and 59 intestine samples, forming the input dataset for all downstream 

analyses. All samples passing initial sequencing and alignment quality 

control were retained as candidates for epigenetic clock construction. 

Subsequent filtering steps, including CpG coverage thresholds, CpG 

completeness requirements, and feature selection, were applied within each 

modelling configuration, such that the number of retained CpGs and 

effective sample–feature matrices varied across models (All analytical steps 

can be found in the GitHub repository, discussed in section 3.10 of this thesis).  

In total, 4,320 distinct epigenetic clock configurations were trained, 

spanning multiple CpG aggregation strategies, regression frameworks, and 

filtering parameterisations. Following model training and validation, 3,036 

models met performance and quality criteria and were retained for 

downstream analyses (Table S11). Unless stated otherwise, all results below 

refer to this model set defined in the methods (3.3.8, 3.3.9 & 3.3.10), with 

comparisons interpreted across configurations rather than assuming a 

shared underlying feature space. 

 

3.4.1. CpG selection strategies reveal tissue × method interactions 

We evaluated all 3,036 epigenetic clock models across brain, caudal fin, 

intestine, and multi-tissue (pooled brain + caudal fin + intestine) datasets, 

testing three CpG aggregation strategies: Point, Tile, and Cluster (Figure 7A). 

Model performance, summarised as a combined score integrating rescaled 

R² and inverse MAE, differed substantially depending on both tissue and CpG 

grouping. 
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Across all datasets, Tile clocks consistently outperformed the other two CpG 

aggregation methods (Figure 7B). A linear mixed-effects model confirmed a 

highly significant effect of CpG grouping on performance (χ² = 97, df = 2, p < 

0.0001; Table S13). Pairwise comparisons revealed that Cluster and Point 

performed similarly (Cluster vs Point: Estimate = -0.03, z = -0.9, p = 0.6), but 

both were worse than Tile clocks (Cluster vs Tile: Estimate = -0.1, z = -8.9, p < 

0.0001; Point vs Tile: Estimate = -0.08, z = -2.4, p = 0.04). This pattern held when 

examining single-tissue clocks individually. In brain and intestine, Tile clocks 

outperformed both Point and Cluster strategies (brain: Cluster vs Tile: 

Estimate = -0.3, z = -13.4, p < 0.0001; Point vs Tile: Estimate = -0.2, z = -3.4, p = 

0.002; intestine: Cluster vs Tile: Estimate = -0.2, z = -8.5, p < 0.0001) (Figure S8). 

In multi-tissue clocks, however, Cluster aggregation slightly outperformed 

Tile clocks (Cluster vs Tile: Estimate = 0.1, z = 4.7, p < 0.0001), highlighting a 

tissue × CpG grouping interaction (Figure S8). 

These results indicate that while Tile clocks are generally superior for single-

tissue models, optimal CpG selection depends on the tissue context. 

Strategies optimised for individual tissues do not necessarily generalise to 

multi-tissue datasets, emphasising the need for context-specific 

optimisation when designing epigenetic clocks. 

 



Chapter 3 - Results 

 116 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 3 - Results 

 117 

 

 

Figure 7: Comprehensive design space mapping reveals tissue x 

method interactions and CpG scaling limits.  

A) Heatmap of model counts across CpG grouping strategies (Point, Tile, 

Cluster) and tissues (brain, caudal fin, intestine, multi-tissue). B) 

Performance scores (rescaled R² + inverse MAE) by CpG grouping, faceted 

by tissue, showing Tile dominance over Point and Cluster methods. (C-D) 

Tissue-specific scaling of performance with selected C) and candidate D) 

CpG counts. (E-F) Heatmaps of performance scaling slopes (performance 

~ selected CpG count) for tissue × CpG grouping E) and regression 

models, Lasso and Elastic Net F). G) Optimal CpG grouping per tissue 

(Tile: brain/intestine; Cluster: fin; Point: multi-tissue). H) Mixed-effects 

model coefficients ranking all design parameters (CpG grouping > tiling 

> Elastic Net > R² filtering). Significance is indicated with asterisks, with *  

= p < 0.05, ** p < 0.001 & *** p < 0.0001. Point indicate the mean and error 

bars represent standard errors.  
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3.4.2. CpG dosage effects expose tissue-specific scaling limits and overfitting 

risks 

We next examined how the number of selected CpGs, influenced clock 

performance across tissues (Figure 7C, Table S14). Overall, performance 

scaled heterogeneously with selected CpG count. In brain (LMM: Estimate = 

0.003, z = 29.2, p < 0.0001) and caudal fin (Estimate = 0.002, z = 22, p < 0.0001), 

additional selected CpGs improved predictive accuracy, indicating these 

tissues benefit from higher CpG complexity (Table S14). By contrast, intestine 

and multi-tissue clocks showed no significant scaling with selected CpGs, 

suggesting these systems operate in a lower-complexity regime where 

adding more features provides minimal marginal gain (Figure 7C). 

Examining the number of candidate CpGs imputed into the regression 

model further highlighted tissue-specific dynamics (Figure 7D; Table S13). 

Increasing the candidate pool available for the regression model improved 

performance for multi-tissue (Estimate = 0.05, z = 20.2, p < 0.0001) and caudal 

fin clocks (Estimate = 0.07, z = 20.7, p < 0.0001), but paradoxically reduced 

performance in brain (Estimate = -0.03, z = -8, p < 0.0001) and intestine 

(Estimate = -0.002, z = -8.7, p < 0.0001), indicating that excessive candidate 

expansion can introduce noise and overfitting in some tissues. 

Tissue × CpG grouping heatmaps revealed that positive scaling with selected 

CpGs was near-universal across combinations, with the exception of Tile 

clocks in intestine, which showed no significant effect (LMM: Estimate = 1.2, z 

= 1, p = 1; Figure 7E). Model-specific effects were also observed: Lasso models 

displayed negative scaling in caudal fin (Estimate = -0.004, z = -15.6, p < 

0.0001) and intestine clocks (Estimate = -0.0004, z = -4.4, p = 0.01), whereas all 

other tissue–model combinations showed improved performance with 

increasing selected CpGs (Figure 7E, 7F). 
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Taken together, these patterns define tissue-specific “CpG budgets”, 

described here as the minimum number of CpGs required to achieve near-

maximal predictive performance within a given tissue. Median performance 

was achieved with 65 CpGs (IQR: 42–94), and models with ~50–100 CpGs 

captured 95% of maximum performance, highlighting diminishing returns 

and overfitting risks when expanding the candidate pool excessively. 

 

3.4.3. Global design hierarchy prioritises feature selection over model 

complexity 

To assess the relative contribution of all analytical choices simultaneously, we 

fitted a comprehensive linear mixed-effects model incorporating CpG 

aggregation strategy, tiling method, regression model family, R² pre-filtering 

threshold, feature filtering strategy, and tile size (Epse) (Figure 7H). Among 

these parameters, CpG aggregation strategy emerged as the dominant 

determinant of performance. Tile-based clocks significantly outperformed 

both Point and Cluster approaches (χ² = 97, df = 2, p < 0.0001), and within Tile 

models, whole-RRBS tiling consistently outperformed CpG-island–restricted 

tiling (χ² = 139, df = 1, p = 0.0002). 

Regression model family had a smaller but significant effect, with Elastic Net 

models outperforming Lasso models overall (χ² = 8.6, df = 1, p = 0.03), 

consistent with the improved stability of Elastic Net in the presence of 

correlated methylation features. Moderate R² pre-filtering thresholds (0.1–

0.2) improved predictive performance across models (χ² = 23, df = 4, p < 

0.0001), whereas stricter (0.05 & 0.3) or no filtering reduced accuracy, 

reflecting a balance between noise removal and excessive feature exclusion. 

In contrast, tile size, spanning 50 bp to 25 kb, had no detectable effect on 

model performance once CpG grouping and filtering were accounted for (χ² 
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= 0.4, df = 1, p = 0.5), indicating that tiling granularity plays a minor role relative 

to feature selection strategy. 

Tissue-stratified analyses revealed predictable shifts in optimal design 

choices (Figure 7G). Tile-based clocks were consistently superior in brain and 

intestine, Cluster clocks performed best in caudal fin, and Point clocks 

achieved the highest performance in multi-tissue models (Figure 7G). 

Despite these tissue-specific differences, the global hierarchy of design 

parameters was preserved across contexts, with CpG grouping and feature 

filtering exerting substantially larger effects than regression architecture or 

tiling resolution. Together, these results demonstrate that epigenetic clock 

performance is driven primarily by how methylation features are defined and 

filtered, rather than by increased model complexity or finer genomic 

partitioning. 

 

3.4.4. Multi-tissue clocks decouple metrics and destabilise performance 

rankings 

Across all models, higher predictive concordance (R²) was associated with 

lower absolute prediction error (MAE), indicating that models explaining 

more variance in age tended to make more accurate predictions overall (t = 

7, df = 3304, p < 0.0001; Figure 8A). However, this relationship depended 

strongly on the CpG aggregation strategy (Figure 8A). When stratified by 

CpG grouping, Cluster-based models showed a significant negative 

association between R² and MAE (LMM: Estimate = −0.07, z = −1.9, p < 0.001), 

consistent with coherent improvements across both metrics. In contrast, 

Point and Tile clocks exhibited positive associations (Point: Estimate = 0.5, z = 

2.8, p < 0.0001; Tile: Estimate = 0.2, z = 6.5, p < 0.0001), indicating that gains in 

explained variance were accompanied by increased absolute error in these 

models. This divergence suggests that metric optimisation behaves 
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differently across CpG grouping strategies and that R² and MAE are not 

universally interchangeable indicators of performance. 

The impact of R²-based CpG pre-filtering further underscored tissue-specific 

effects (Figure 8B). Increasing the R² threshold significantly improved model 

performance in brain clocks (LMM: Estimate = 0.6, z = 5.9, p < 0.0001 per unit 

increase in threshold), whereas the same filtering strategy significantly 

reduced performance in multi-tissue models (Multi-tissue Estimate = −0.5, z 

= −5, p < 0.0001). Caudal fin and intestine clocks showed no significant 

sensitivity to R² thresholding, with performance remaining stable across 

filter levels (caudal fin: Estimate = −0.09, z = −0.7, p = 0.4; intestine: Estimate 

= −0.1, z = −1.2, p = 0.2). This narrow performance range indicates robustness 

to preprocessing choices in these tissues. 

Assessment of cross-tissue stability highlights differences in performance 

consistency. When models were classified by mean rank and rank variability 

across tissues (Figure 8C, Table S15), Tile-based clocks were the most 

consistently high-performing and stable, with 36.5% of models in the “High-

performing stable” category and only 14.3% classified as “Low-performing 

stable.” Cluster-based clocks showed intermediate stability, with 14.4% high-

performing stable models and the largest fraction of low-performing models 

(32–33%). Point-based clocks were the least stable, with 40% of models 

considered “High-performing unstable” despite only 8.6% being high-

performing stable (Table S15). Tissue-level analysis similarly revealed tissue-

specific patterns: brain clocks were enriched for high-performing stable 

models (24.3%), while multi-tissue clocks displayed the greatest instability, 

with 69.6% falling into the low-performing unstable category (Table S15). 

These results indicate that both CpG aggregation strategy and tissue context 

strongly influence model robustness, with Tile aggregation enhancing 

stability across tissues. 
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Collectively, these analyses demonstrate that both metric coupling (R² vs 

MAE) and the benefits of R²-based CpG filtering are context-dependent. 

They also underscore the importance of explicitly assessing clock stability 

across tissues and CpG strategies, reinforcing the need for tissue-aware 

optimisation and multi-model benchmarking when designing epigenetic 

clocks for multi-tissue applications. 
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Figure 8: Multitissue clocks decouple metrics and exhibit pervasive 

rank instability. 

(A) Relationship between predictive concordance (R²) and scaled 

mean absolute error (MAE) for individual models, coloured by CpG 

aggregation method (Point, Tile, Cluster). The overall trend is coloured 

in black. (B)Effect of R²-based CpG pre-filtering on model 

performance across tissues. Points show individual models, with 

smoothing lines indicating tissue-specific trends in sensitivity to 

thresholding. Brain clocks are strongly affected, while fin and intestine 

clocks show minimal change. (C) Cross-tissue stability of models 

summarised by CpG aggregation method. Each point represents a 

model, with mean rank across tissues (x-axis) versus rank variability (y-

axis). Colour indicates CpG grouping. Dashed lines show median 

thresholds for high/low performance and stability. (D) Cross-CpG 

grouping stability across tissues. Points show mean rank versus rank 

variability per tissue (colour). Dashed lines indicate median thresholds. 
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3.5. Discussion  

Our systematic evaluation of >3,000 cross-sectional epigenetic clock variants 

identified CpG aggregation strategy as the dominant determinant of 

predictive performance in tissue-specific settings. Tile-based clocks 

consistently outperformed both Point- and Cluster-based models, 

particularly in the brain and the intestine, with whole-region tiling 

outperforming CpG-island-restricted approaches. These findings extend 

prior observations that regional methylation summaries outperform single-

CpG predictors by reducing stochastic noise and capturing coordinated 

epigenetic regulation (Higgins-Chen et al., 2022, Chrusciel et al., 2022) and 

demonstrate that these benefits are strongest when tissue context is 

preserved. 

Most widely used epigenetic clocks, including the Horvath human multi-

tissue clock (Horvath, 2013), Hannum’s human blood clock (Hannum et al., 

2013), and subsequent mouse (Meer et al., 2018) and pan-mammalian clocks 

(Lu et al., 2019, Lu et al., 2023), are Point-based, relying on individual CpGs 

selected for cross-tissue or cross-species stability. This design choice has 

proven effective for broad applicability but necessarily prioritises robustness 

over tissue-specific resolution. Our results show that, when tissue 

homogeneity is maintained, aggregating CpGs into genomic tiles yields 

substantially higher accuracy, likely by integrating local regulatory context 

and buffering measurement noise intrinsic to RRBS-based methylation data. 

Unexpectedly, Tile clocks also outperformed Cluster-based clocks, despite 

the latter’s biologically motivated aim of capturing co-regulated CpG 

modules. This suggests that correlation-driven clustering, particularly when 

combined with aggressive preprocessing, specifically high feature and R2 

filtering, may remove informative variance in tissues where methylation 

changes are spatially structured but only weakly correlated across samples. 
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In such contexts, age information is distributed across neighbouring CpGs 

rather than concentrated in tightly co-varying modules, rendering 

correlation-based grouping (Cluster) inefficient. By contrast, moderate 

preprocessing preserves absolute methylation levels, whilst local genomic 

coherence retains the necessary spatial signal.	 Together, these findings 

define a clear design hierarchy, CpG aggregation followed by moderate R²-

based filtering and Elastic Net regression, that offers a transparent and 

reproducible alternative to increasingly opaque clock construction pipelines. 

 

3.5.1. CpG scaling reveals tissue-specific efficiency limits 

Scaling analyses revealed that the relationship between clock performance 

and CpG number is strongly tissue dependent. Brain and caudal fin clocks 

benefitted from increasing numbers of selected CpGs, whereas intestinal 

clocks rapidly saturated, achieving high performance with remarkably few 

features. This establishes a novel concept of tissue-specific CpG budgets, 

defined here as the minimum number of CpGs required to achieve near-

maximal predictive performance, reflecting underlying differences in 

epigenetic complexity, cellular heterogeneity, and regulatory organisation 

across tissues. 

Notably, the highest-performing intestine clocks required as few as two 

CpGs, contrasting sharply with brain and caudal fin clocks, which achieved 

top decile performance with approximately 20–30 CpGs. Low-dimensional 

ageing signatures have similarly been reported in highly proliferative 

mammalian tissues, particularly peripheral blood and haematopoietic 

lineages in humans and mice, where methylation ageing is dominated by a 

limited set of mitotically linked loci (Hannum et al., 2013, Stubbs et al., 2017). 

These parallels suggest that epigenetic ageing signatures may be 
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fundamentally simpler in tissues with high cell turnover, regardless of 

species. 

Conversely, expanding the candidate CpG pool negatively impacted brain 

and intestine clocks, highlighting overfitting risks associated with excessive 

feature availability, particularly for Lasso-based models, which are sensitive 

to correlated predictors. Similar behaviour has been observed in human 

clock development, where increasing feature counts often improve training 

performance but reduce generalisation to independent cohorts (Higgins-

Chen et al., 2022). Our results formalise this trade-off and show that optimal 

clocks balance feature richness against tissue-specific signal efficiency 

rather than maximising CpG inclusion. 

 

3.5.2. Multi-tissue clocks require different design paradigms  

One of the most striking results was the reversal of performance rankings 

between single-tissue and multi-tissue clocks. Strategies optimised for 

individual tissues, particularly Tile aggregation, systematically 

underperformed in multi-tissue settings, where Point-based clocks showed 

superior generalisation. This mirrors the design logic of canonical universal 

clocks, including Horvath’s pan-tissue clock (Horvath, 2013) and the 

Mammalian Methylation Consortium clocks (Meer et al., 2018, Lu et al., 2019, 

Lu et al., 2023), which prioritise CpGs with conserved age-associated 

trajectories across tissues and species. 

Across all models, improvements in R² were not consistently accompanied 

by reductions in MAE, and rank variability differed substantially between 

single- and multi-tissue clocks. Classification of models by cross-tissue 

stability (Tables S15, Figure 8C) highlighted these differences. Tile-based 

clocks were enriched for high-performing stable models in single tissues 

(e.g., brain, 36.5 % high-performing stable), whereas Cluster- and Point-based 
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clocks exhibited higher instability. In contrast, multi-tissue clocks were 

overwhelmingly low-performing and unstable (Tables S15). This instability 

was reflected in the distribution: 5.4% of models were high-performing 

stable, 8.5% were high-performing unstable, 16.5% low-performing stable, 

and nearly 70% low-performing unstable. These data indicate that CpGs 

optimised for single-tissue precision, even if highly predictive locally, rarely 

generalise across tissues, revealing an inherent trade-off between tissue-

specific accuracy and cross-tissue robustness. Similar metric discordance 

has been noted in human clocks applied outside their original training 

context (Levine et al., 2018, Belsky et al., 2015). 

Importantly, R²-based pre-filtering, which improved performance in brain 

clocks, significantly degraded multi-tissue models. This suggests that CpGs 

with strong tissue-specific age correlations may actively undermine 

generalisation when tissues are pooled. Rather than implying that universal 

clocks are infeasible, these findings clarify why they require fundamentally 

different design constraints and accept reduced tissue-specific resolution in 

exchange for robustness. Together, the results argue for a scale-aware 

framework in which clocks are explicitly designed either for tissue-specific 

precision or for cross-tissue applicability, but not both simultaneously. 

 

3.5.3. Implications for clock benchmarking and reproducibility   

Our analysis reveals a dense landscape of statistically distinct yet similarly 

performing clocks within the same parameter space. This multiplicity 

underscores a key limitation of current practice: selecting a single “best” 

clock risks overinterpretation, as minor perturbations in training data, 

preprocessing, or feature selection can invert performance rankings. This 

concern extends to widely used epigenetic clocks, where model selection is 

frequently based on a single training cohort or limited validation 
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frameworks. Comparative analyses have demonstrated substantial variability 

in clock behaviour across tissues, interventions, and biological contexts 

(Levine et al., 2018, Higgins-Chen et al., 2022). More broadly, ageing 

biomarkers, including DNAm–based measures, capture partially non-

overlapping dimensions of biological ageing. Our results provide a 

systematic demonstration of this instability at scale, and support calls for 

multi-model benchmarking and ensemble-based approaches, particularly 

when clocks are deployed outside their original training context. 

Although conducted in zebrafish, the principles identified here, CpG 

aggregation, tissue-specific feature efficiency, and metric instability under 

generalisation, align closely with observations in mammalian systems. Cross-

species validation remains essential, but the framework presented offers a 

scalable and interpretable strategy for epigenetic clock construction that 

avoids ad hoc feature selection. 

 

3.5.4. Conclusion  

Epigenetic clocks are powerful, yet inherently sensitive biomarkers shaped 

by complex interactions between methylome architecture, tissue 

composition, and modelling choices. This study demonstrates that no single 

clock construction, whether Point-, Tile-, or Cluster-based, single- or multi-

tissue, consistently outperforms other in terms of accuracy, precision, and 

generalisability. The central insight is that robustness emerges from diversity 

rather than optimisation. Reliance on a single “best-performing” clock is 

fragile, as performance rankings are highly contingent on sampling and 

design parameters. Instead, constructing and benchmarking ensembles of 

clocks and summarising predictions across models provides more stable, 

interpretable, and reproducible estimates of biological age. By embracing 

methodological pluralism rather than seeking universal optima, epigenetic 
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clocks can evolve from bespoke predictors into robust quantitative tools for 

ageing biology. 

 

3.6. Data Availability 

All sequencing data, including RRBS data, generated for this project are 

available under accession (under embargo until acceptance for publication), 

https://www.ebi.ac.uk/ena/browser/view/PRJEB107117. All scripts and 

supplementary data are available at the git repository: 

https://github.com/asdfjohnny1/epigenetic-clock-determinants.git.  
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3.9. Extended data 

See Appendix Chapter 3 for supplementary figures, tables and legends.  

All scripts and processed data files are available on the GitHub page : 

https://github.com/asdfjohnny1/epigenetic-clock-determinants.git.  

 

3.10. Abbreviations  

DNAm – DNA methylation 

MAE – Mean Average Error 
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4. Chapter 4 

4.1. Abstract  

Epigenetic clocks are widely used to quantify biological ageing, yet their 

performance and interpretation across tissues remain poorly resolved. Here, 

we present a systematic comparison of epigenetic ageing across zebrafish 

somatic tissues with contrasting proliferative and regenerative properties. 

Using genome-wide DNA methylation data from brain, caudal fin, and 

intestine, we benchmarked 3,036 epigenetic clock models spanning multiple 

CpG aggregation strategies, regression frameworks, and feature selection 

parameters. Clock performance varied strongly by tissue, with brain-derived 

clocks consistently outperforming fin, intestine, and multi-tissue clocks, 

indicating pronounced tissue-specific age predictability. CpG aggregation 

strategy affected performance in a tissue-dependent manner: regional 

aggregation improved tissue-specific clocks but reduced the performance 

of multi-tissue models in this dataset, highlighting a trade-off between 

signal stability and cross-tissue generalisability. Epigenetic age and its 

trajectories across chronological age differed markedly between tissues, with 

intestine exhibiting the highest acceleration and caudal fin the lowest, 

independent of modelling strategy, reflecting distinct ageing kinetics. 

Analysis of CpG architecture revealed both tissue-specific and overlapping 

somatic CpGs. While overlapping CpGs showed uniform mean methylation 

across tissues, they exhibited tissue-specific regulatory dynamics at the 

individual CpG level and were enriched near Polycomb group target genes 

and core transcriptional regulators. Higher-order methylation features 

indicated tissue-specific patterns of stochastic drift and entropy. Together, 

these findings support a mosaic model of epigenetic ageing, in which 

conserved regulatory vulnerabilities coexist with tissue-specific ageing 

trajectories. Methodologically, our results demonstrate that optimal 
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epigenetic clock design is conditional on tissue context and biological 

question, with important implications for the interpretation of epigenetic 

ageing biomarkers across systems. 

 

4.2. Introduction  

Ageing is a progressive decline in physiological integrity that leads to 

impaired function, increased morbidity, and elevated risk of mortality (López-

Otín et al., 2013). Emerging evidence indicates that ageing is not uniform 

across tissues. Histological deterioration, regenerative capacity, and 

functional decline manifest at markedly different rates in distinct tissues 

(Terman and Brunk, 2006, Baker et al., 2011), suggesting that ageing is a 

mosaic process shaped by tissue-specific development, proliferative 

histories, metabolic demands, and environmental exposures (de Magalhães 

and Church, 2005, Tomasetti and Vogelstein, 2015, Alexandrov et al., 2015, 

Yamamoto et al., 2022, Stoeger et al., 2022). Despite this recognition, the 

molecular mechanisms that encode tissue-specific ageing trajectories 

remain incompletely understood.  

Several theoretical frameworks predict differential ageing across tissues. 

Somatic mutation accumulation scales with stem cell division and 

replication-associated DNA damage, implying that highly proliferative 

tissues accumulate molecular damage more rapidly than largely post-

mitotic tissues (Tomasetti and Vogelstein, 2015). Consistent with this idea, 

intestinal epithelium undergoes continuous renewal and exhibits elevated 

mutation burdens relative to post-mitotic tissues such as the brain 

(Martincorena et al., 2015, Blokzijl et al., 2016, Bae et al., 2018). Tissues that 

combine low baseline turnover with regenerative potential either accelerate 

epigenetic ageing through proliferative reprogramming or buffer it through 

activation of developmental programmes (Yun et al., 2015, Coffman et al., 
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2016, Da Silva‐Álvarez et al., 2020). Evolutionary frameworks, including the 

disposable soma theory, the expensive germline hypothesis and the 

developmental theory of ageing, predict that investment in somatic 

maintenance and repair is shaped by energetic trade-offs, reproductive 

priorities and developmental constraints, leading to systematic differences 

in ageing trajectories. (Kirkwood, 1977, Maklakov and Immler, 2016, Maklakov 

and Chapman, 2019).  

To interrogate these principles empirically, we focused on three tissues in 

zebrafish (Danio rerio), namely brain, intestine and caudal fin. These three 

tissues span distinct axes of proliferative activity, mutation exposure, and 

regenerative potential. The zebrafish brain consists predominantly of post-

mitotic neurons with limited adult neurogenesis and relatively stable 

chromatin architecture (Kizil et al., 2012). In contrast, the intestine are highly 

proliferative, with constant epithelial turnover driven by stem cell division, 

rendering it susceptible to replication-associated mutations and epigenetic 

drift (Barker, 2014, Nalapareddy et al., 2022). The caudal fin occupies an 

intermediate state, with largely quiescent cells under homeostasis, yet 

capable of rapid regeneration via progenitor activation, epigenetic 

reprogramming, and reactivation of developmental transcriptional 

programmes (Poss et al., 2002, Lee et al., 2020). By using epigenetic ageing, 

these tissues provide a tractable model for examining how proliferative 

history and regenerative potential interact with the sample’s biological age. 

DNA methylation-based epigenetic clocks are among the most accurate 

molecular biomarkers of chronological age across vertebrates (Horvath, 2013, 

Hannum et al., 2013). By quantifying reproducible age-associated changes at 

CpG sites, they allow precise estimation of chronological age and the 

assessment of deviations from expected age (Δ-Age or age acceleration), 

which are linked to mortality, disease susceptibility and environmental stress 

exposure (Levine et al., 2018). In zebrafish, species-specific clocks confirm 
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evolutionary conservation of epigenetic ageing signatures (Mayne et al., 

2020). However, most clocks are trained on a single tissue, often blood or 

epidermis due to sampling accessibility, and consequently assume that 

ageing trajectories in that tissue provide a reasonable proxy for systemic 

ageing (Horvath and Raj, 2018, Jylhävä et al., 2017). While multi-tissue clocks 

exist but these are optimised across species rather than across tissues within 

an organism (Horvath, 2013, Higgins-Chen et al., 2022), raising the question 

of whether tissue-specific molecular ageing can be extrapolated to whole 

organisms.  

Ageing-associated methylation changes are not uniform across the genome. 

Promoter hypomethylation of developmental and polycomb-repressed 

genes, a class of developmentally regulated genes maintained in a repressed 

chromatin state, contributes to transcriptional silencing and loss of cellular 

identity (Rakyan et al., 2010), while intergenic regions experience global 

hypomethylation. Gene body methylation, linked to active transcription, may 

shift with age and influence splicing or elongation (Zampieri et al., 2015). The 

magnitude and direction of these changes differ between tissues, with 

proliferative tissues accruing replication-induced errors, whereas quiescent 

tissues experience passive demethylation or chromatin remodelling via 

oxidative stress and transcription factor erosion (Field et al., 2018). Dissecting 

methylation dynamics across regulatory contexts is therefore crucial for 

understanding tissue-specific ageing. However, it is unclear whether high-

turnover tissues such as intestine show greater epigenetic age acceleration 

than post-mitotic tissues like the brain, or whether regenerative tissues such 

as the caudal fin, resist or accelerate ageing. Most studies aggregate CpG 

signals genome-wide, potentially obscuring region-specific dynamics in 

promoters, gene bodies, or transposable elements.  

Here, we quantify and compare epigenetic ageing across zebrafish brain, 

intestine and caudal fin using reduced representation bisulphite sequencing 



Chapter 4 - Material and Methods 

 144 

for DNA methylation profiling. Specifically, we examine (i) whether 

epigenetic age and age acceleration differ systematically between tissues, (ii) 

whether tissue-specific methylation drift correlates with proliferative and 

mutational histories, and (iii) how methylation dynamics in promoter and 

gene bodies contribute to divergent tissue ageing trajectories. By combining 

evolutionary theory, epigenetic biomarkers and regulatory-context analyses, 

we aim to determine whether ageing is inherently mosaic and to identify the 

molecular signature underlying tissue-level divergence. 

 

4.3. Material and Methods  

All experimental procedures, data processing and statistical analyses used in 

this chapter are identical to those described in Chapter 3 Material and 

Methods, unless stated otherwise below. The distribution of samples across 

ages and organs can be found in Table S16, and across technical and 

biological factors in Table S17. 

 

4.3.1. Genomic feature annotation and methylation quantification 

We quantified CpG methylation across four genomic contexts: gene bodies, 

promoters, transposable elements (TEs), and a methylation-based mutability 

proxy. Annotations were based on the Danio rerio GRCz11 genome and 

information on gene bodies and promoters were derived from Ensembl 

release 111 (Howe et al., 2013). Gene bodies spanned the full transcribed 

region, whilst promoters were defined as ±1 kb from the transcription start 

site, accounting for strand orientation. TE coordinates were obtained from 

RepeatMasker (Smith et al., 2013-2015) annotations and filtered to retain non-

redundant autosomal elements with Class and subfamily information. CpG 
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density adjusted methylation levels were additionally used as a proxy for 

regional mutability (Zhou et al., 2020).  

 

4.4. Results 

Following quality control and filtering, 182 samples were retained for 

downstream analyses, comprising 62 brain, 61 caudal fin, and 59 intestine 

samples. With this dataset, we constructed and evaluated a comprehensive 

set of 3,036 candidate epigenetic clock models across different CpG 

aggregation strategies, regression frameworks, and feature selection 

parameters. This results in 859 models for brain, 816 models for caudal fin, 

824 model for intestine, and 870 models for multi-tissue models (Table S17).  

 

4.4.1. Epigenetic clock performance is strongly shaped by tissue context and 

CpG aggregation strategy 

Across all epigenetic clock models (Table S17), prediction performance 

(composite MAE + R² score) varied markedly by tissue of origin (LMM, χ² = 

85.6, df = 3, p < 0.0001; Figure 9A; Table S18). Brain-derived models consistently 

outperformed those trained on caudal fin (Estimate = 0.23, z = 7.9, p < 0.0001), 

intestine (Estimate = 0.20, z = 5.6, p < 0.0001), and multi-tissue models 

(Estimate = 0.10, z = 2.6, p = 0.05; Figure 9A). In contrast, caudal fin-derived 

models performed significantly worse than multi-tissue models (Estimate = 

−0.30, z = −3.6, p = 0.002), while differences between caudal fin and intestine 

(Estimate = −0.60, z = −2.2, p = 0.1) and between intestine and multi-tissue 

models (Estimate = −0.10, z = −1.8, p = 0.2) were not significant (Figure 9A). 

Together, these results demonstrate pronounced tissue-specific epigenetic 

age predictability, with brain clocks showing the most robust performance. 
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Clock performance was also strongly influenced by CpG aggregation 

strategy (LMM, χ² = 188.5, df = 2, p < 0.0001; Figure 9B; Table S18). Across tissues, 

Cluster-based CpGs performed significantly worse than Tile CpGs (Estimate 

= −0.10, z = −9.7, p < 0.0001), while no significant difference was detected 

between Cluster and Point-based CpGs (Estimate = −0.04, z = −1.2, p = 0.4; 

Figure 9B). The contrast between Point and Cluster CpGs was weaker and 

did not reach statistical significance (Estimate = −0.07, z = −2.0, p = 0.1). 

When stratified by tissue, CpG grouping effects were highly tissue-specific 

(Figure S9; Table S18). In brain models, Cluster-based CpGs substantially 

reduced performance relative to both Tile (Estimate = −0.10, z = −13.7, p < 

0.0001) and Point-based CpGs (Estimate = −0.20, z = −3.4, p = 0.002), with the 

Cluster–Point contrast approaching statistical significance (Estimate = −0.10, 

z = −2.1, p = 0.08; Figure S9). A similar pattern was observed in intestinal 

models, where clustered CpGs underperformed relative to Tile CpGs 

(Estimate = −0.20, z = −8.5, p < 0.0001), while other contrasts were not 

significant. In caudal fin models, no CpG grouping comparisons reached 

significance (Figure S9). In contrast, multi-tissue models showed the 

opposite trend, with Cluster-based CpGs outperforming Tile CpGs (Estimate 

= 0.10, z = 4.4, p < 0.0001), and no significant differences between other 

groupings. These results indicate that regional methylation features are 

detrimental for multi-tissue clocks but can enhance performance when 

modelling shared, multi-tissue ageing signals. 
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Figure 9: Tissue and CpG aggregation strongly influence clock 

performance score.  

A) Clock performance score for epigenetic age prediction models trained 

within four tissue groupings: brain, caudal fin, intestine, and a multi-tissue 

model combining all three tissues. Performance score is defined as a 

composite metric integrating model fit (R²) and prediction error (inverse 

mean absolute error, MAE). B) Clock performance score across three CpG 

aggregation strategies: individual CpGs, data-driven CpG clusters, and fixed 

genomic Tiles. Points denote group means, and error bars represent 

standard errors. Statistical significance was assessed using a linear mixed-

effects model (LMM) and is indicated by asterisks (* p < 0.05; ** p < 0.001; *** 

p < 0.0001). 
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4.4.2. Tissue-specific differences in epigenetic age acceleration and ageing 

trajectories 

Epigenetic age acceleration, quantified as Δ-Age (chronological age minus 

predicted age), differed significantly between tissues (LMM, χ² = 35.8, df = 3, p 

< 0.0001), with intestine exhibiting the greatest acceleration and caudal fin 

the lowest (Figure 10A; Table S18). Δ-Age in intestine was significantly higher 

than in brain (Estimate = −0.90, z = −8.4, p < 0.0001) and caudal fin (Estimate 

= −1.20, z = −10.8, p < 0.0001) and also exceeded predictions from multi-tissue 

clocks (Estimate = 0.70, z = 7.8, p < 0.0001; Figure 10A). By contrast, brain 

showed moderately elevated Δ-Age relative to caudal fin (Estimate = 0.30, z 

= 2.6, p = 0.04), while caudal fin-derived estimates were consistently lower 

than those from multi-tissue clocks (Estimate = −0.50, z = −5.4, p < 0.0001; 

Figure 10A). There was a marginal brain–multi-tissue trend (Estimate = −0.20, 

z = −2.3, p = 0.09). These tissue-specific differences were independent of CpG 

aggregation strategy, as neither CpG grouping (LMM, χ² = 2.1, df = 2, p = 0.3) 

nor CpG grouping × tissue interactions (LMM, χ² = 8.4, df = 6, p = 0.2) 

significantly affected Δ-Age. 

Beyond baseline offsets, Δ-Age trajectories diverged markedly with 

chronological age across tissues (tissue × age interaction: LMM, χ² = 1073.8, df 

= 3, p < 0.0001; Figure 10B; Table S18). Brain and caudal fin exhibited 

significantly different age-dependent slopes (Estimate = 0.30, z = 5.7, p < 

0.0001), as did comparisons between caudal fin and intestine (Estimate = 

−0.40, z = −6.3, p < 0.0001) and caudal fin and multi-tissue clocks (Estimate = 

−0.40, z = −7.7, p < 0.0001; Figure 10B). In contrast, slope differences between 

brain and intestine (Estimate = −0.40, z = −0.7, p = 0.8), brain and multi-tissue 

(Estimate = −0.60, z = −1.2, p = 0.6), and intestine and multi-tissue clocks 

(Estimate = −0.02, z = −0.3, p = 0.9) were not statistically significant (Figure 

10B). 
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Figure 10: Tissue strongly impacts Δ-Age and the rate of epigenetic 

ageing.  

A) Mean epigenetic age deviation (Δ-Age), defined as the difference 

between predicted epigenetic age and chronological age, estimated from 

epigenetic clock models across four tissue groupings: brain, caudal fin, 

intestine, and a multi-tissue model combining all three tissues. B) Estimated 

rate of epigenetic ageing, quantified as the slope of epigenetic age with 

respect to chronological age, for the same tissue groupings. Points indicate 

group means, and error bars represent standard errors. Statistical 

significance was assessed using a linear mixed-effects model (LMM) and is 

denoted by asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 
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4.4.3. Tissue-specific and overlapping CpG architectures  

Based on all 3,036 model iterations, two classes of CpG sets were defined. The 

first comprised tissue-specific CpGs, identified independently for each tissue 

by retaining CpGs selected in at least 10% of final models within that tissue. 

This yielded 18 brain-, 47 caudal fin–, 38 intestine–, and 44 multi-tissue–

associated CpGs (Table S19). These CpGs represent loci with robust age-

associated signal within a tissue but not necessarily shared across tissues. 

The second class consisted of overlapping CpGs, defined as CpGs selected 

across all somatic tissues (brain, intestine, and caudal fin), resulting in 30 

shared loci (Table S19). These CpGs capture age-associated methylation 

changes that are conserved across somatic tissues and therefore reflect 

more general, soma-wide ageing signatures rather than tissue-restricted 

effects. 

For tissue-specific CpGs, mean methylation differed significantly between 

tissues (LMM : χ² = 2,407, df =3, p < 0.0001; Table S20), brain CpGs exhibited 

higher methylation than those in caudal fin (Estimate = 16.6, z = 13.7, p < 

0.0001), intestine (Estimate = 41.1, z = 11.2, p < 0.0001), and multi-tissue sets 

(Estimate = 5.8, z = 5.3, p < 0.0001). Caudal fin CpGs were more highly 

methylated than intestine (Estimate = 25.3, z = 26.5, p < 0.0001) but less than 

multi-tissue CpGs (Estimate = -10.7, z = -14.7, p < 0.0001), and CpGs in intestine 

showed the lowest methylation overall. (Estimate = -36, z = -44.2, p < 0.0001; 

Figure 11A). No sex-specific differences were detected (LMM: χ² = 0.2, df =1, p = 

0.6; Figure S10A; Table S20). These tissue-specific methylation differences 

were also maintained across chronological age, with approximately linear 

trajectories within each tissue (LMM: χ² = 14.7, df = 27, p = 1; Figure S10; Table 

S20). 

In contrast, overlapping CpGs showed no significant differences in mean 

methylation between tissues (LMM: χ² = 0.9, df = 2, p = 0.6; Figure 12A; Table 
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S21), sexes (LMM: χ² = 0.3, df = 1, p = 0.6; Figure S11; Table S21), or across 

chronological age (LMM: χ² = 4.5, df = 18, p = 1; Figure S11; Table S21), indicating 

that, at the tissue-averaged level, methylation at these CpGs appears 

uniform. However, examination at the individual CpG level revealed 

pronounced tissue-specific patterns. Heatmap-based clustering of scaled 

CpG methylation trajectories showed clear tissue-level separation over time, 

reflecting distinct regulatory dynamics within each tissue (Figure 12B). 

Quantitative analyses confirmed these observations: median pairwise 

correlations of CpG trajectories were near zero between brain and intestine 

(r = 0.06) and brain and caudal fin (r = 0.11), and only moderate between 

intestine and caudal fin (r = 0.39). Supporting this, permutational multivariate 

analysis of variance on Euclidean distances of scaled methylation profiles 

indicated a strong effect of tissue identity (PERMANOVA, R² = 0.5, F = 11.9, p = 

0.001; Table S22). Collectively, these results suggest that although 

overlapping CpGs do not drive differences in mean methylation at the tissue 

level, they participate in highly tissue-specific regulatory programmes that 

are detectable only when analysed at the resolution of individual CpGs. 

 

4.4.4. Functional enrichment of overlapping CpGs 

Genes proximal to overlapping somatic CpGs were analysed for functional 

enrichment using g:Profiler (Raudvere et al., 2019), with zebrafish–specific 

annotations and all annotated zebrafish genes used as the background set. 

Enrichment testing was performed across gene ontology biological process, 

molecular function, and cellular component categories, as well as KEGG 

pathways, with multiple testing correction applied using the false discovery 

rate (FDR). Two dominant functional axes were identified. The first axis 

encompassed core transcriptional control and proteostasis, including RNA 

polymerase II elongation and CTD phosphorylation, cyclin–CDK regulatory 
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complexes, and protein processing pathways (Figure S11). The second axis 

reflected neuronal structure and presynaptic signalling. Of the 30 

overlapping CpGs, ten were located within gene bodies, three within 

promoter regions, and the remainder were unclassified (Figure S11). These 

CpGs also showed significant enrichment for Polycomb group target genes 

(23%), consistent with epigenetic ageing preferentially accumulating at 

regulatory hubs with broad transcriptional consequences (Figure S11). No 

functional annotations were found for tissue-specific CpGs.  
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Figure 11: Tissue-specific CpGs and methylation dynamics.  

CpGs shown were selected in at least 10% of epigenetic clock models within 

each tissue. A) Mean DNA methylation level per tissue, with beeswarm 

points representing individual. B) Relationship between mean CpG 

methylation level and age-associated methylation change (dM/dAge), 

where dM/dAge denotes the slope of methylation proportion with respect 

to chronological age, estimated by linear regression for each CpG within 

each tissue. A locally estimated scatterplot smoothing (LOESS) curve is 

overlaid to visualise non-linear trends, with shaded bands indicating 95% 

confidence intervals. C) Density distribution of CpG-specific methylation 

slopes (dM/dAge) for each tissue, with the vertical dashed line indicating 

zero slope (no age-associated change). D) Stochastic drift signature per 

tissue, quantified as the mean correlation between CpG-specific deviation 

from the tissue mean methylation level and the corresponding dM/dAge 

slope. Points indicate tissue-level means, and error bars represent ± SE. 

Statistical significance was assessed using a linear mixed-effects model 

(LMM) and is denoted by asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 
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4.4.5. Methylation density, stochastic drift, and entropy 

For tissue-specific CpGs, methylation density differed significantly between 

tissues (LMM, χ² = 8.9, df = 2, p = 0.01; Table S20), driven primarily by higher 

density in brain relative to intestine (Estimate = 3.7, t = 3.0, df = 133, p = 0.009; 

Figure 11). Differences between brain and caudal fin (Estimate = 1.9, t = 1.5, df 

= 136, p = 0.2) and caudal fin and intestine (Estimate = 1.8, t = 1.5, df = 152, p = 

0.28) were not significant. Stochastic drift showed a near-significant tissue 

effect (LMM, χ² = 5.3, df = 2, p = 0.06; Table S20), with greater drift in brain than 

intestine (Estimate = 3.3, t = 2.6, df = 131, p = 0.03), but no significant 

differences between brain and caudal fin or caudal fin and intestine (Figure 

11D). 

For overlapping CpGs, neither methylation density (LMM, χ² = 2.0, df = 2, p = 

0.4; Table S20) nor stochastic drift (LMM, χ² = 2.4, df = 2, p = 0.3; Table S21) 

differed significantly between tissues (Figure 12C, 12D). In contrast, entropy 

differed strongly by tissue (LMM, χ² = 92.7, df = 2, p < 0.0001; Table S21), with 

intestine exhibiting higher entropy than both brain (Estimate = 0.07, t = 8.2, 

df = 126, p < 0.0001) and caudal fin (Estimate = 0.07, t = 8.5, df = 129, p < 0.0001), 

while brain and caudal fin did not differ (Estimate = −0.003, t = −0.3, df = 128, 

p = 0.9; Figure 13C). 
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Figure 12: Shared somatic CpG methylation dynamics across tissues.  

CpGs shown are those shared across all somatic tissues analysed. A) Mean 

DNA methylation level per tissue, with beeswarm points representing 

individual. B) Relationship between mean CpG methylation level and age-

associated methylation change (dM/dAge), where dM/dAge denotes the 

slope of methylation proportion with respect to chronological age, 

estimated by linear regression for each CpG within each tissue. A locally 

estimated scatterplot smoothing (LOESS) curve is overlaid to visualise non-

linear trends, with shaded bands indicating 95% confidence intervals. C) 

Density distribution of CpG-specific methylation slopes (dM/dAge) for each 

tissue, with the vertical dashed line indicating zero slope (no age-associated 

change). D) Stochastic drift signature per tissue, quantified as the mean 

correlation between CpG-specific deviation from the tissue mean 

methylation level and the corresponding dM/dAge slope. E) Heatmap of 

CpG-level methylation trajectories across chronological age and tissue, with 

rows representing shared CpGs and columns representing individual 

samples. CpGs and samples are ned by similarity. Points indicate tissue-level 

means, and error bars represent ± SE. Statistical significance was assessed 

using a linear mixed-effects model (LMM) and is denoted by asterisks (* p < 

0.05; ** p < 0.001; *** p < 0.0001). 
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Figure 13: System-level divergence of epigenetic ageing across tissues.  

A) Principal component analysis (PCA) of tissue-level DNA methylation 

profiles, illustrating separation of tissues in reduced-dimensional space 

based on genome-wide methylation patterns. B) Distribution of individual 

epigenetic age deviation (Δ-Age), defined as the difference between 

predicted epigenetic age and chronological age, across tissues, highlighting 

tissue-specific offsets in epigenetic age estimates. C) Sample-wise DNA 

methylation entropy per tissue, used as a measure of epigenetic 

heterogeneity, with violin plots showing the full distribution of values for 

each tissue. Points denote tissue-level means, and error bars represent ± SE. 

Statistical significance was assessed using a linear mixed-effects model 

(LMM) and is indicated by asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 
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4.5. Discussion  

Here we present a systematic, within-organism comparison of epigenetic 

ageing across zebrafish tissues with contrasting proliferative histories, 

regenerative capacity, and cellular turnover. By benchmarking over 3,000 

independently trained epigenetic clocks alongside region-specific 

methylation analyses, we demonstrated that epigenetic ageing is neither 

uniform nor fully systemic. Instead, age-associated methylation changes 

emerged from a mosaic architecture, whereby tissue-specific CpG and 

region-level ageing trajectories coexist alongside a smaller set of CpGs 

exhibiting shared, cross-tissue age associations. 

 

4.5.1. Tissue context strongly constrains epigenetic clock performance 

The pronounced tissue dependence of clock performance observed here 

indicates that chronological age is encoded in distinct methylation 

architectures across tissues. Brain-derived clocks consistently outperformed 

fin, intestine, and multi-tissue models, suggesting that post-mitotic or low-

turnover tissues provide more stable substrates for age prediction. Similar 

observations have been reported in mammalian systems, where brain and 

muscle often exhibit smoother epigenetic trajectories and reduced 

stochastic noise compared to proliferative tissues (Horvath, 2013, Field et al., 

2018, Chapter 3). Reduced clonal turnover likely preserves coherent age-

associated methylation patterns, enhancing clock precision. 

In contrast, intestinal clocks performed less robustly, consistent with the high 

mitotic activity and continuous epithelial renewal in this tissue (Barker, 2014). 

Frequent cell division amplifies replication-associated methylation error and 

clonal heterogeneity, processes linked to both somatic mutation 

accumulation and epigenetic drift (Alexandrov et al., 2015, Jenkinson et al., 
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2017, Blokzijl et al., 2016). Comparable reductions in clock precision have been 

reported for rapidly renewing mammalian tissues, including blood and gut 

epithelium (Hannum et al., 2013, Levine et al., 2018). 

Caudal fin clocks exhibited intermediate performance. Although largely 

quiescent under homeostatic conditions, caudal fin tissue retains substantial 

regenerative capacity. Regeneration involves widespread chromatin 

remodelling and reactivation of developmental gene programmes (Stewart 

et al., 2014, Duong et al., 2024), processes that may partially decouple 

methylation state from chronological time and introduce additional variance 

into age-associated signals. Similar effects have been observed in 

regenerating mammalian tissues, where repair-associated reprogramming 

can transiently reset epigenetic age estimates (Ocampo et al., 2016, Lu et al., 

2020). 

The divergent behaviour of CpG aggregation strategies further reinforces the 

importance of tissue-specificity. Tile-based aggregation improved clock 

performance in the brain and the intestine but systematically degraded 

performance in multi-tissue models. Regional aggregation appears to 

enhance noise when cellular composition is relatively homogeneous, 

consistent with prior reports that regional methylation summaries 

outperform single CpGs by buffering local stochastic variation (Higgins-Chen 

et al., 2022, Chrusciel et al., 2022). However, when heterogeneous tissues are 

pooled, tiling obscures tissue-specific regulatory patterns, reducing the 

ability to resolve distinct tissue ageing trajectories. Consistent with this 

pattern, pan-tissue human clocks seem to preferentially rely on individual 

CpGs with conserved age associations across tissues, rather than regionally 

aggregated signals (Horvath, 2013, Lu et al., 2019). 

Together, these results indicate that optimal clock design is conditional. 

Tissue-specific clocks benefit from regional aggregation, whereas multi-
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tissue clocks require locus-level resolution to allow cross-tissue 

generalisability. 

 

4.5.2. Epigenetic age acceleration reflects tissue-specific cellular histories 

Epigenetic age acceleration differed markedly between tissues, with 

intestine showing the highest Δ-Age and caudal fin the lowest. These 

differences align with expectations based on proliferative history, stem-cell 

dynamics, and somatic mutation burden (Blokzijl et al., 2016, Moore et al., 

2021). Importantly, the tissue differences were independent of CpG grouping 

strategy, indicating a higher likelihood of these results reflecting intrinsic 

biological properties rather than modelling artefacts. 

Beyond differences in overall Δ-Age, tissues also diverged in how epigenetic 

ageing progressed with chronological age. In particular, caudal fin displayed 

pronounced age-dependent divergence in Δ-Age trajectories across 

chronological age, indicating differences in the rate at which epigenetic age 

accumulates. This pattern is consistent with repeated regenerative activation 

in caudal fin tissues, which may influence epigenetic ageing through cycles 

of chromatin remodelling, lineage re-specification, and progenitor 

expansion. Comparable changes in epigenetic ageing slopes gave been 

reported in mammalian tissues following injury or regenerative interventions 

(Ocampo et al., 2016, Lu et al., 2020), supporting a link between cellular 

plasticity and ageing dynamics.  

 

4.5.3. Shared CpGs encode conserved regulatory ageing signals 

Tissue-specific CpGs displayed clear tissue-restricted methylation patterns, 

consistent with divergent ageing trajectories shaped by local cellular 
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histories. In contrast, overlapping somatic CpGs represent a conserved 

component of epigenetic ageing. These sites showed minimal differences in 

mean methylation across tissues, sex, or age when analysed jointly, 

suggesting they represent a conserved set of CpGs under shared regulatory 

constraint, rather than tissue-specific ageing signals.  

The preferential enrichment of overlapping CpGs near Polycomb group 

target genes is consistent with the central role of Polycomb-mediated 

repression in maintaining stable cell identity and transcriptional fidelity 

across cell divisions. Polycomb repressive complexes (PRC1 and PRC2) 

establish and maintain repressive chromatin states at developmental and 

lineage-specifying loci, primarily through histone modifications (Sen et al., 

2016). With ageing, Polycomb-regulated domains show progressive 

epigenetic drift, including loss or redistribution of repressive marks and 

increased susceptibility to DNA methylation gain, particularly at CpG-dense 

promoters (Rakyan et al., 2010, Teschendorff et al., 2013, Stubbs et al., 2017).  

These features make Polycomb target loci especially prone to age-associated 

epigenetic change, they are transcriptionally poised, mitotically heritable, 

and subject to long-term regulatory constraint. As a result, modest 

methylation changes at these sites can have disproportionate downstream 

effects on gene regulatory networks, providing a plausible mechanism by 

which overlapping CpGs capture a conserved, systemically shared 

component of epigenetic ageing, and support the view that ageing reflects 

the progressive destabilisation of regulatory networks established during 

development, consistent with the developmental theory of ageing 

(Maklakov and Chapman, 2019). 
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4.5.4. Divergent drift and entropy reveal tissue-specific ageing modes 

Beyond mean methylation changes, tissues differed in higher-order 

methylation dynamics. Tissue-specific CpGs showed differences in 

methylation density and stochastic drift, with the brain exhibiting greater 

drift than the intestine. Although initially counterintuitive, this pattern may 

reflect stabilising selection in rapidly renewing tissues, where aberrant 

epigenetic states are purged through cell turnover, whereas long-lived cells 

accumulate drift over time (Bahar et al., 2006, Martinez-Jimenez et al., 2017). 

Similar enrichment of epigenetic drift in post-mitotic tissues has been 

reported in the mammalian brain (Slieker et al., 2018). 

In contrast, entropy at overlapping CpGs differed strikingly between tissues, 

with intestine showing substantially higher entropy than brain or fin. 

Increased entropy reflects elevated regulatory noise and reduced constraint, 

hallmarks of ageing systems approaching transcriptional instability (Vaidya 

et al., 2023). That this effect was concentrated at shared CpGs suggests that 

systemic ageing manifests not as uniform methylation change, but as tissue-

specific increases in regulatory variability at conserved loci. 

 

4.5.5. Conclusion 

Together, these findings support a model in which epigenetic ageing 

emerges from the interaction between shared regulatory vulnerabilities and 

tissue-specific cellular histories. This mosaic architecture reconciles classical 

systemic ageing frameworks (López-Otín et al., 2013) and growing evidence 

for tissue-specific ageing trajectories (Gladyshev et al., 2021). From a 

methodological perspective, our results do not challenge the utility of tissue-

specific epigenetic clocks when applied consistently within a given tissue. 

Rather, they highlight a limitation in extrapolation. Clocks trained in one 

tissue cannot be assumed to report whole-organism ageing when applied 



Chapter 4 - Data Availability 

 165 

across tissues or individuals. Within-tissue clocks remain well suited for 

estimating relative or chronological age in a defined biological context, 

whereas multi-tissue clocks trade tissue-level specificity for robustness by 

capturing conserved, cross-tissue components of epigenetic ageing. In 

summary, epigenetic ageing across zebrafish somatic tissues is neither 

purely systemic nor entirely tissue-specific. By explicitly benchmarking clock 

architectures across tissues, this work provides a conceptual and 

methodological framework for the design of epigenetic biomarkers that 

accommodate biological heterogeneity while retaining interpretability, a 

principle likely to generalise across vertebrate systems.  

 

4.6. Data Availability 

All sequencing data, including RRBS data, generated for this project are 

available under accession (under embargo until acceptance for publication), 

https://www.ebi.ac.uk/ena/browser/view/PRJEB107117. All scripts and 

supplementary data are available at the git repository : 

https://github.com/asdfjohnny1/cross-tissue-ageing-comparison.git 
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4.10. Abbreviations  

Δ-Age – Delta-Age 

DNA – DNA Methylation 

MAE – Mean Average Error 

TE – Transposable Elements  

LMM – Linear Mixed Model 

SE – Standard Error 

https://github.com/asdfjohnny1/cross-tissue-ageing-comparison.git


Chapter 4 - References 

 167 

PCA – Principle Component Analysis 
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5. Chapter 5 

5.1. Abstract  

Ageing is characterised by a progressive loss of molecular and regulatory 

homeostasis, yet how interactions between the germline and somatic 

tissues shape somatic ageing dynamics remains poorly understood. While 

evolutionary theory predicts that germline status can influence somatic 

maintenance, direct longitudinal molecular evidence linking germline–soma 

interactions to ageing trajectories in vertebrates is limited. Here, we 

investigate how germline ablation alters somatic epigenetic ageing using 

longitudinal DNA methylation profiling in zebrafish. Using reduced 

representation bisulphite sequencing, we quantified age-associated DNA 

methylation changes across individual lifespans in germline-carrying (GLC) 

and germline-free (GLF) fish. Tissue-specific epigenetic clocks based on fin 

clip methylation were used to estimate epigenetic age and its deviation from 

chronological age, enabling direct comparison of ageing trajectories 

between groups. GLF and GLC fish exhibited significantly different 

epigenetic ageing dynamics, with GLF fish showing reduced epigenetic age 

early in life relative to GLC fish. In both groups, epigenetic ageing decelerated 

with advancing chronological age; however, GLF fish displayed altered late-

life dynamics characterised by a weaker age-related deceleration. At the CpG 

level, age-associated methylation changes were concentrated near genes 

involved in developmental regulation, chromatin organisation, and 

transcriptional control, rather than core metabolic or structural 

housekeeping functions. In late life, GLF fish showed directional divergence 

away from intermediate methylation states, consistent with reduced 

epigenetic stability, whereas GLC fish exhibited comparatively stabilised 

methylation patterns. These molecular differences were accompanied by 

behavioural divergence in late life, with GLF fish displaying burst-like, high-
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intensity locomotor activity relative to the more sustained movement 

observed in GLC fish. Together, these findings demonstrate that the 

germline shapes not only the magnitude but also the temporal organisation 

and stability of somatic epigenetic ageing. Germline ablation does not 

uniformly slow ageing; instead, it confers early-life molecular youth at the 

cost of altered late-life regulatory stability. By integrating longitudinal 

epigenetic and behavioural analyses, this work identifies the germline as a 

general modulator of somatic ageing and shows that its influence on 

somatic ageing dynamics operates across the vertebrate lifespan. 

 

 

5.2. Introduction  

Ageing is characterised by a progressive loss of molecular and cellular 

homeostasis that emerges from the cumulative effects of DNA damage, 

replication error, metabolic stress and declining repair capacity across tissues 

(López-Otín et al., 2013). Endogenous processes such as oxidative 

phosphorylation generate reactive oxygen species that induce base 

modifications and DNA strand breaks, while DNA replication itself introduces 

mismatches and replication stress even under normal physiological 

conditions (Jackson and Bartek, 2009). Although cells deploy multiple repair 

pathways, including base-excision repair, nucleotide-excision repair, 

mismatch repair and homologous recombination, the efficiency, fidelity and 

coordination of these systems decline with age. This leads to the 

accumulation of somatic mutations and associated disruption of gene 

regulatory control, manifested as reduced coordination of transcriptional 

and epigenetic programmes, increased variation in regulatory states, and 

diminished fidelity of stress-response activation (Lodato et al., 2018, Vijg and 

Suh, 2013). Importantly, these processes do not affect all cell types equally. 
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Long-lived somatic tissues experience progressive challenges to regulatory 

homeostasis with age, whereas germline perturbation can elicit organism-

wide protective responses, highlighting distinct regulatory roles of germline 

and soma (Ermolaeva et al., 2013).  

The asymmetry between germline and soma has long been central to 

evolutionary theories of ageing. The disposable soma theory proposes that 

limited energetic resources are preferentially allocated to reproduction at the 

expense of somatic maintenance, resulting in gradual somatic deterioration 

over time (Kirkwood, 1977). The expensive germline hypothesis refines this 

view by arguing that germ cells actively sequester molecular maintenance 

capacity, including DNA repair, chromatin regulation and proteostasis 

machinery, thereby indirectly accelerating somatic ageing (Maklakov and 

Immler, 2016). In contrast, the developmental theory of ageing emphasises 

the persistence or misregulation of developmental programmes beyond 

their adaptive window, proposing that late-life decline reflects regulatory 

imbalance rather than the simple accumulation of stochastic damage 

(Maklakov and Chapman, 2019). While these frameworks differ in emphasis, 

they converge on the view that germline-soma interactions are central to 

shaping ageing, even though they conceptualise this influence through 

distinct evolutionary and mechanistic lenses.  

Experimental studies have provided strong empirical support for a 

regulatory role of the germline in shaping somatic ageing. In Caenorhabditis 

elegans, selective ablation of germ cells extends lifespan and enhances 

stress resistance, whereas removal of the entire gonad, including somatic 

gonadal tissue, fails to produce comparable effects, demonstrating that 

longevity arises from germline-specific signalling rather than from loss of 

reproduction per se (Arantes-Oliveira et al., 2002, Hsin and Kenyon, 1999). 

Similar dissociations have been reported in Drosophila melanogaster, where 

germline proliferation negatively regulates lifespan through insulin-like 
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signalling pathways independently of egg production (Yamawaki et al., 

2008). Together, these findings highlight the systemic regulatory effects that 

germ cells exert on somatic physiology, rather than acting solely as sinks for 

energetic resources. 

At the molecular level, germline-derived signals modulate conserved 

nutrient-sensing and stress-response pathways, including insulin/IGF-1 

signalling (Templeman and Murphy, 2018) and mTOR (Saxton and Sabatini, 

2017), which in turn regulate autophagy, cell-cycle progression, proteostasis 

and DNA repair. In C. elegans, DNA damage restricted to germ cells is 

sufficient to induce organism-wide stress resistance via innate immune 

signalling, illustrating direct communication between germline integrity and 

somatic maintenance (Ermolaeva et al., 2013). Vertebrate studies similarly 

suggest that reproductive or germline-associated signalling can influence 

somatic transcriptional programmes linked to DNA repair, stress response, 

and metabolism, particularly under conditions of physiological stress (Chen 

et al., 2020, Mitchell et al., 2024). Notably, these effects are often context- and 

time-dependent, suggesting that germline signalling shapes the dynamics 

of ageing rather than imposing a uniform ageing rate. 

From this perspective, ageing-related molecular change is increasingly 

understood as a process of coordinated regulatory alteration rather than 

diffuse epigenomic erosion. DNA methylation (DNAm), a key epigenetic 

modification involved in transcriptional regulation and cellular identity, 

exhibits reproducible age-associated changes across tissues and species 

(Horvath, 2013, Horvath and Raj, 2018). These changes in methylation are not 

randomly distributed across the genome; instead, they are frequently 

clustered across neighbouring CpG sites and enriched near genes involved 

in development, differentiation and transcriptional regulation (Bell et al., 

2019). Such patterns support the view that ageing reflects the progressive 

destabilisation of regulatory networks established during development, 
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consistent with the developmental theory of ageing (Maklakov and 

Chapman, 2019).  

DNAm-based epigenetic clocks provide a quantitative framework for 

capturing these coordinated age-associated changes. By integrating 

methylation status across selected CpG sites which correlate with 

chronological age, epigenetic clocks summarise complex regulatory 

dynamics into a single predictive measure (Horvath, 2013). Deviations 

between predicted and chronological age, termed Δ-Age (predicted – 

chronological age) or epigenetic age acceleration, are widely interpreted as 

indicators of altered biological ageing (Horvath and Raj, 2018). However, Δ-

Age does not reflect a single underlying process. One source of Δ-Age is a 

change in the rate at which age-associated methylation accumulates, such 

that methylation at clock-associated CpG sites changes more steeply or 

more shallowly across adulthood than expected (Horvath, 2013, Belsky et al., 

2015). Alternatively, Δ-Age can arise from shifts in the timing of age-related 

regulatory transitions, for example, when coordinated methylation changes 

emerge abruptly in late life (Snir et al., 2019, Levine et al., 2018). Δ-Age can also 

arise from increased stochastic divergence in methylation states at 

individual CpG sites, where sites that are normally maintained within a 

narrow regulatory range progressively drift away from intermediate or 

coordinated methylation levels, reducing the coherence of clock signals 

without necessarily altering mean methylation (Snir et al., 2019, Bell et al., 

2019). Consequently, Δ-Age reflects not only differences in the magnitude of 

age-associated change but also alterations in the temporal organisation and 

regulatory stability of methylation dynamics. Interpreting Δ-Age, therefore, 

requires more than a snapshot at a single time point. Instead, it requires 

longitudinal analyses that track within-individual methylation trajectories 

over time, rather than reliance on cross-sectional comparisons alone. 
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Despite substantial theoretical and experimental interest, direct longitudinal 

analyses of epigenetic ageing remains rare, particularly in vertebrates. While 

DNA methylation has been longitudinally measured within individuals, and 

epigenetic clocks have been applied to repeated measures, primarily in 

human blood, these studies are observational, and not designed to 

interrogate experimental models, such as germline-soma interactions 

(Marioni et al., 2015, Snir et al., 2019). Consequently, most existing work relies 

on cross-sectional epigenetic measurements or indirect inference from 

lifespan, limiting insight into regulatory stability, late-life divergence, and 

stochastic methylation behaviour (Bell et al., 2019, Horvath and Raj, 2018). 

Moreover, few studies explicitly examine how modelling choices in 

epigenetic clock construction influence sensitivity to biologically meaningful 

perturbations, including changes in germline status. 

In this chapter, we investigated how germline status shapes the longitudinal 

dynamics of somatic epigenetic ageing. We conducted a longitudinal study 

in male zebrafish (Danio rerio), comparing germline-carrying (GLC) and 

germline-free (GLF) individuals from 4 to 22 months of age, to determine 

whether germline ablation alters the timing, coordination and stability of 

epigenetic ageing trajectories. Repeated DNA methylation measurements 

from fin clips were used to construct tissue-specific epigenetic clocks under 

multiple CpG aggregation strategies, enabling within individual tracking of 

epigenetic age over time. We additionally examined CpG-level methylation 

dynamics to assess whether germline status influences stochastic 

methylation drift at regulatory loci. Finally, late-life behavioural phenotypes 

were quantified to test whether molecular differences in epigenetic ageing 

are accompanied by functional divergence.  
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5.3. Material and methods 

5.3.1. Fish Lines and Maintenance 

Experimental zebrafish (Danio rerio) used in this study were derived from a 

laboratory-maintained dnd1 mutant line generated and bred in the 

Controlled Environment Facility at the University of East Anglia, UK. This line 

was originally established on an AB genetic background obtained from the 

Zebrafish International Resource Centre (ZIRC; University of Oregon, Eugene, 

USA) and has since been maintained under a strict outbreeding programme 

to preserve genetic diversity.  

Fish were housed in 3L tanks under a 12: 12 light : dark photoperiod at 28°C. 

Adult fish were fed three times daily with live Artemia (ZM System) and dried 

food (Sparos, Adult zebrafish diet, nutrition in aquaculture). Juvenile fish 

were fed four times daily to support growth and maintain consistent 

nutritional conditions across developmental stages.  

 

5.3.2.  Germline-free fish 

We used a CRISPR/Cas9 knockout strain of the germline-specific gene dead-

end (dnd1). dnd1 is essential for primordial germ cell (PGC) specification and 

survival in zebrafish and is expressed predominantly in PGCs during early 

embryogenesis (Weidinger et al., 2003). Loss of dnd1 disrupts PGC 

maintenance and migration, resulting in complete germ cell ablation 

(Weidinger et al., 2003; Slanchev et al., 2005). In zebrafish, the absence of 

germ cells biases sex determination towards male development, producing 

sterile males with somatic testes, male secondary sexual characteristics, and 

typical male courtship behaviour despite an inability to fertilise eggs 

(Slanchev et al., 2005).  Fish for this study were generated by crossing dnd1 

heterozygous carriers. Homozygous dnd1 (GLF) males were compared with 
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full-sibling homozygous wild-type (GLC) males, ensuring a shared genetic 

background between experimental groups.   

 

5.3.3.  Sample Collection  

A total of 27 fish were  followed, yielding 96 samples after attrition/missing 

timepoints cover a period of 22 months at six-month intervals (4, 10, 16, 22), 

resulting in four distinct time points. Fin clips were obtained from the same 

fish at each time point (Table S23). 

 

5.3.4. DNA extractions 

Genomic DNA was extracted from all fin clips using a modified Qiagen 

DNeasy Blood and Tissue Kit protocol (Qiagen, 69506). In short, samples were 

digested in proteinase K at 56 °C for 1-2h with intermittent vortexing until 

complete lysis was achieved. Lysates were processed through silica spin 

columns according to the manufacturer’s instructions, and DNA was eluted 

in 30 μL EB buffer. DNA concentrations and purity were evaluated using a 

Qbit fluorometer and a Nanodrop spectrophotometer prior to library 

preparation.  

 

5.3.5.  Library preparation and sequencing 

A total of 96 RRBS libraries were prepared at the University of East Anglia, 

using the TECAN Ovation® RRBS methyl-Seq System Kit (TECAN, 9522-A01), 

following an optimised version of the manufacturer’s protocol (see detailed 

procedure at https://www.protocols.io/view/ovation-rrbs-methyl-seq-library-

preparation-protocol-kxygx3kydg8j/v1). Briefly, genomic DNA was digested 

with Msp1, ligated to methylated adapters, end-repaired, and subjected to 

bisulphite conversion. Libraries were then purified via magnetic beads, PCR 

amplified, and size selected. Fragment size distribution and library quality 

https://www.protocols.io/view/ovation-rrbs-methyl-seq-library-preparation-protocol-kxygx3kydg8j/v1
https://www.protocols.io/view/ovation-rrbs-methyl-seq-library-preparation-protocol-kxygx3kydg8j/v1


Chapter 5 - Material and methods 

 184 

were assessed using an Agilent TapeStation, and final quantification was 

performed prior to equimolar pooling.  

Libraries were sequenced on an Illumina NovaSeq X platform using a 10B 

flow cell over three lanes, producing 2 x 150 bp paired-end reads, generating 

approximately 2.5 billion read pairs per lane.  

 

5.3.6.  Data trimming, alignment and methylation Extraction 

Raw reads were processed using the NuGEN technologies pipeline 

(https://www.nugen.com/products/nugen-nuget-rrbs). Adapter and low-

quality bases were trimmed with Trim Galore v 0.6.5 (https://Δ-

Age.bioinformatics.babraham.ac.uk/projects/trim_galore/), and diversity 

adaptor artefacts were removed using a NuGEN-provided Python script 

(https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAda

ptCustomers.py). Cleaned reads were aligned to the zebrafish reference 

genome (GRCz11; https://Δ-

Age.ncbi.nlm.nih.gov/datasets/genome/GCF_000002035.6/) using Bismark v 

0.25.1 (Krueger and Andrews, 2011), and duplicate reads were identified and 

marked with the NuDup tool in NuGEN 

(https://github.com/tecangenomics/nudup).  

Methylation calling was performed using the Bismark methylation extractor 

(Krueger and Andrews, 2011), generating cytosine methylation reports in 

“.cov” format. Methylation metrics (methylated and unmethylated counts 

per CpG) were used as input for downstream analyses. 

 

5.3.7. Methylation data pre-processing  

Methylation data were imported into R v 4.3.1 (R Core Team, 2022) using the 

methylKit package v 1.3 (Akalin et al., 2012). Coverage files were read using 

https://www.nugen.com/products/nugen-nuget-rrbs
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAdaptCustomers.py
https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAdaptCustomers.py
https://github.com/tecangenomics/nudup
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the methRead() function, applying a minimum per-CpG coverage threshold 

of five reads (mincov =5). CpG sites were retained only if present in at least 

90% of samples within each tissue ( min_samples <- 

as.interger(ceiling(n_samples * 0.9)))).  

Methylation percentage was calculated as methylated (reads / total reads ) x 

100.  The resulting tissue-specific methylation matrices formed the basis for 

subsequent clock training across all analytical configurations.  

 

5.3.8. Epigenetic clock model training and selection   

A comprehensive epigenetic clock modelling framework was applied, 

encompassing multiple CpG aggregation strategies, regression approaches, 

feature filtering schemes and parameter settings, yielding a total of 1440 

distinct model configurations (Table S23). For each configuration, models 

were trained and evaluated using repeated random splits of individuals into 

training and held-out validation sets, with optimisation performed through 

a nested iterative procedure to ensure robust CpG selection and unbiased 

performance assessment. Importantly, because individuals were sampled 

repeatedly over time, training–validation splits were defined at the individual 

level, such that all time points from a given individual were assigned 

exclusively to either the training or validation set. 

Epigenetic clock construction, optimisation and validation followed the 

pipeline described in detail in Chapter 3, including nested resampling, 

performance-based CpG selection and final model refitting using optimised 

feature sets. Predicted ages and model diagnostics were retained for 

downstream analyses. All modelling in this chapter was restricted to fin 

tissue, enabling direct comparison of ageing trajectories under different 

germline conditions without introducing tissue-specific confounding 

effects. 

 



Chapter 5 - Material and methods 

 186 

5.3.9. Behaviour tracking and speed analysis 

At 24 months of age, for each assay, all focal individuals from a given tank 

were transferred together into a circular arena (235mm diameter) containing 

2L of system water. Behaviour was recorded for 16 minutes using an overhead 

GoPro HERO4 camera. The first minute of recording was excluded to allow 

for acclimation. 

Video data were processed using id.Tracker.ai v 5.1.3 (Romero-Ferrero et al., 

2019) to extract per-frame x–y coordinates for each individual. From these 

trajectories, eight standardised locomotor and spatial metrics were derived 

following Kermen et al. (2020).  

(i) Total distance (mm) travelled was calculated as the cumulative Euclidean 

displacement between consecutive frames and converted to millimetres 

using a geometry-derived calibration factor of 3.  

(ii) Mean speed (mm s⁻¹) was calculated as total distance divided by assay 

duration.  

(iii) Maximum speed was defined as the highest speed value exceeding 1 mm 

s⁻¹.  

(iv) Mean Acceleration was computed from frame-to-frame displacement at 

30 Hz. 

(v) Max acceleration was defined as the highest acceleration value exceeding 

1 mm s⁻¹. 

(vi) Path straightness was defined as the ratio between the straight-line 

distance from start to end position and the total distance travelled, with 

vales close to 1 indicating direct swimming.  

(vii) Thigmotaxis was quantified as the proportion of frames in which the fish 

centroid was located within 20 mm of the arena wall.  

(viii) Angular velocity (° s⁻¹) was calculated as the mean absolute angular 

change between successive movement vectors, converted from radians 

and adjusted to the frame rate. 
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5.4. Results 

In total, 27 fish were sampled longitudinally, forming the input dataset for all 

downstream analyses. A total of 94 samples passed initial sequencing and 

alignment quality control and were retained as candidates for epigenetic 

clock construction. Subsequent filtering steps, including CpG coverage 

thresholds, CpG completeness requirements, and feature selection, were 

applied within each modelling configuration, such that the number of 

retained CpGs and resulting sample-feature matrices varied across models. 

In total, 1440 distinct epigenetic clock configurations were trained, spanning 

multiple CpG aggregation strategies, regression frameworks, and filtering 

parameterisations (Table S23). Because filtering was configuration-specific, 

no single CpG set or feature count applied across all models. Following model 

training and validation, 958 models met predefined performance and quality 

criteria and were retained for downstream analyses. Unless stated otherwise, 

all results below refer to this filtered model set, with comparisons interpreted 

across configurations rather than assuming a shared underlying feature 

space. 

 

5.4.1. CpG aggregation strategy shapes epigenetic clock performance 

We first assessed how CpG aggregation strategy influenced epigenetic clock 

performance across all model iterations. CpG grouping had a significant 

effect on model performance (linear mixed-effects model, X2= 9.8, df = 2, p = 

0.01; Table S24). Tile-based aggregation performed significantly worse than 

Cluster-based aggregation (Estimate =-0.05, t = -2.8, p = 0.006), whereas 

Cluster-based and Point-based models did not differ in performance 

(Estimate =0.004, t = 0.1, p = 0.9; Figure 14A, table S24). 
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Figure 14: Epigenetic clock performance across CpG aggregation 

strategies. 

A) Epigenetic clock performance scores (combining scaled R2 + inverse Mean 

Average Error) by CpG aggregation method. Raw data is presented in 

beeswarm. B) Predicted epigenetic age plotted against chronological age, 

stratified by treatment. Points represent individual predictions, solid lines 

show linear regression fits with 95% confidence intervals and inset 

annotations report mean absolute error and coefficient of determination (R²) 

per treatment. Points denote group means, and error bars represent standard 

errors. Statistical significance was assessed using a linear mixed-effects model 

(LMM) and is indicated by asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 



Chapter 5 - Results 

 189 

 

 

5.4.2. Identification and methylation dynamics of robust CpG sites 

To examine the contribution of individual CpG sites to clock predictions, we 

identified CpGs that were repeatedly selected across 958 independently 

trained models. 64 CpG sites appeared in at least 10% of model runs and were 

therefore classified as robustly selected sites, using a selection-frequency 

criterion analogous to stability selection approaches for penalised 

regressions (Meinshausen and Bühlmann, 2010; Haury et al., 2012). Across all 

samples, these CpGs did not differ in overall mean methylation between GLC 

and GLF fish (linear mixed model, X2= 2.5, df = 1, p = 0.1; Figure 15A). However, 

there was a near-significant interaction between germline status and age 

(X2= 7.0, df = 3, p = 0.07; Table S24). Despite the marginal interaction term, post 

hoc analysis revealed that GLF fish at 22 months of age exhibited 

significantly reduced methylation at these sites compared to age-matched 

GLC fish (EMM, Estimate =-3.2, z = -3.1, p = 0.002; Figure 15B;). 

Hierarchical clustering of methylation profiles further revealed a strong age-

by-germline interaction, with late-life GLF samples forming a distinct cluster 

(Figure 15E). Permutational multivariate analysis of variance on Euclidean 

distances of scaled methylation profiles confirmed a significant effect of 

individual tissues across time (R2 = 0.7, F = 2.3, p = 0.02, Table S4). 

Collectively, these results indicate that robust CpG sites do not drive 

differences in global methylation levels but instead exhibit age-specific 

variation that becomes more prominent late in life. 
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Figure 15: Age-dependent treatment effect in CpG methylation. 

A) Mean methylation trajectories of CpGs shared across models, 

summarised by treatment. B) Age-dependent methylation dynamics of the 

same CpGs across chronological age, with locally weighted regression 

(LOESS) fits and 95% confidence intervals, highlighting treatment-specific 

deviations in methylation trajectories. C) Stochastic drift signature 

quantified as the correlation between individual CpG methylation 

deviations and their age-associated slopes; bars represent mean correlation 

± SE across bootstrap iterations, with the dashed line indicating no 

association. D) Distribution of CpG methylation slopes (dM/dAge) per 

treatment, illustrating heterogeneity in age-associated methylation 

change. (E) Heatmap of age-associated methylation patterns across 

selected CpGs, ordered by chronological age, summarising coordinated 

methylation structure underlying epigenetic ageing. Points denote group 

means, and error bars represent standard errors. Statistical significance was 

assessed using a linear mixed-effects model (LMM) and is indicated by 

asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 
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5.4.3.  Functional context of robust CpG sites 

To place these CpG sites in a functional context, each robust CpG was 

assigned to its nearest gene and enrichment analysis was performed. Genes 

associated with robust CpGs were enriched for biological processes related 

to tissue morphogenesis, sensory and visual development, including retinal 

and lens formation, and transcriptional regulation (Figure 16A). These 

enrichments highlight developmental regulatory networks as prominent 

targets of age-associated methylation change. 

16% of robust CpGs overlapped with Polycomb group target regions (Figure 

S12), indicating that Polycomb-associated regions were overrepresented 

among robust CpGs, suggesting that ageing-associated methylation 

changes preferentially affect regulatory circuits established during 

development.  

 

 

 



Chapter 5 - Results 

 193 

 

 



Chapter 5 - Results 

 194 

 

 

 

 

Figure 16: System-level divergence of CpG methylation in caudal fin. 

A) Functional enrichment of genes associated with the top-performing 

CpGs, as assessed by g:Profiler. Bars indicate the −log₁₀ adjusted p-value for 

significantly enriched Gene Ontology terms in Biological Processes (BP) and 

Molecular Function (MF), coloured by source database.  
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5.4.4. Germline ablation alters somatic epigenetic ageing trajectories 

We next examined whether germline ablation influenced epigenetic ageing 

at the level of clock predictions. Δ-Age differed significantly between GLF 

and GLC fish (X2= 122.5, df = 1, p < 0.0001), with GLC fish exhibiting higher 

overall epigenetic age relative to GLF fish (Estimate =1.4, t = 4.0, p < 0.0001; 

Figure 17A, Table S24). 

Across chronological age, however, Δ-Age declined significantly in both 

groups (X2= 314.9, df = 1, p < 0.0001), indicating reduced epigenetic ageing 

over time in both strains (Figure 17B, Table S24). Interestingly, this decline was 

significantly weaker in GLF fish than in GLC fish (Estimate =7.4, t = 18.2, p < 

0.0001), demonstrating that germline ablation alters the temporal structure 

of epigenetic ageing rather than producing a simple shift in mean 

epigenetic age.  

This late-life reversal towards relative epigenetic ageing in GLF fish parallels 

methylation changes at robust CpG sites, with reduced methylation 

coinciding with increased Δ-Age at 22 months (Figure S1A, S1B). 
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Figure 17: Germline ablation significantly alters Delta age trajectories and 

residual structure. 

A) Mean epigenetic age deviation (Δ-Age), defined as the difference between 

predicted epigenetic age and chronological age, stratified between GLC and 

GLF strains. B) Δ-Age as a function of chronological age, stratified by 

treatment. Solid lines represent linear model fits with 95% confidence 

intervals; annotated slopes indicate treatment-specific ageing rates. C) 

Distribution of Δ-Age residual variance per treatment. Split violins show the 

distribution of individual residuals, overlaid with mean ± SE, highlighting 

treatment-associated differences in stochastic deviation from the fitted 

epigenetic ageing trajectory. D) Relationship between mean methylation 

and age-associated slope (dM/dA-ge) for individual CpGs, highlighting top-

ranked CpGs driving age-related changes. Dashed horizontal line denotes no 

change with age; labels indicate CpGs with the steepest slopes. Points 

denote group means, and error bars represent standard errors. Statistical 

significance was assessed using a linear mixed-effects model (LMM) and is 

indicated by asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 
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5.4.5.  Germline ablation influences stochastic methylation drift 

To assess whether germline status affects the stability of methylation 

regulation, we analysed longitudinal methylation drift at robust CpG sites. 

Although the overall effect of germline ablation on drift did not reach 

statistical significance (linear mixed model, X2= 1.5, df = 1, p = 0.2; Figure 15C; 

Table S24), quantitatively distinct longitudinal patterns were observed 

between groups. In GLC fish, CpG sites with extreme initial methylation 

values showed a tendency to revert towards intermediate methylation levels 

with age, consistent with stabilising regulatory control. In contrast, GLF fish 

exhibited the opposite pattern, with CpGs displaying progressive divergence 

away from intermediate methylation states over time. This pattern suggests 

reduced regulatory constraint and increased stochastic drift in the absence 

of the germline. 

 

5.4.6. Late-life behavioural correlates of epigenetic ageing 

Behavioural analysis of 24-month-old fish revealed that GLC fish  were 

associated with reduced maximal acceleration (Estimate =-138,672, t = -2.4, p 

= 0.02), maximal speed (Estimate =-15,149, t = -2.6, p = 0.02), and total distance 

travelled (Estimate =-155,309, t = -2.1, p = 0.05). In contrast, these GLC fish 

spent more time moving overall (Estimate =0.3, t = 2.1, p = 0.04; Figure 18; 

Table S25). This pattern indicates that relative epigenetic ageing acceleration 

in GLF fish is associated with burst-like, high-intensity locomotor activity, 

whereas GLC fish maintain more sustained, moderate movement patterns 

in late life. 
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Figure 18: Behavioural phenotypes of GLC and GLF zebrafish. 

Panels show quantitative assessment of locomotor and exploratory 

behaviours across nine metrics: A) total distance travelled, B) mean 

swimming speed, C) maximum swimming speed, D) mean acceleration, E) 

maximum acceleration, F) proportion of time moving, G) path straightness, 

H) thigmotaxis, and I) mean angular velocity. Individual points represent 

single animals; points denote group means (GLC and GLF), error bars 

represent standard errors; with each metric plotted in a separate panel with 

independent y-axis scaling Statistical significance was assessed using a 

linear mixed-effects model (LMM) and is indicated by asterisks (* p < 0.05; ** 

p < 0.001; *** p < 0.0001). 
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5.5. Discussion  

This study provides molecular evidence that the germline directly affects 

somatic ageing. By developing a longitudinal epigenetic clock based on 

repeated fin clips from individual zebrafish, this study shows that germline 

ablation alters not only the level but also the temporal organisation and 

stability of somatic epigenetic ageing, with measurable consequences for 

late-life behaviour. These findings extend previous work based largely on 

lifespan or cross-sectional molecular readouts (Chen et al 2020; Chapter 2) 

and provide insight into how germline signalling influences ageing across 

the life course. 

 

5.5.1. Germline ablation reshapes somatic epigenetic ageing trajectories 

At the level of epigenetic age estimates, GLF fish exhibited a lower overall 

epigenetic age than GLC controls, consistent with a substantial body of work 

showing that germline removal or suppression can enhance somatic 

maintenance and stress resistance across diverse taxa (Hsin and Kenyon, 

1999, Ermolaeva et al., 2013, Chen et al., 2020, Zhou et al., 2024). Comparable 

reductions in molecular ageing readouts have also been observed following 

interventions that alter reproductive or growth signalling, consistent with 

the involvement of conserved nutrient-sensing pathways in germline–soma 

communication (Templeman and Murphy, 2018, Saxton and Sabatini, 2017). 

However, longitudinal evaluation revealed a more complex temporal 

structure. In both GLF and GLC fish, epigenetic age relative to chronological 

age declined with advancing age, indicating that epigenetic ageing 

trajectories are non-linear rather than reflecting uniform monotonic 

acceleration across the lifespan. Comparable non-linear behaviour has been 

reported in longitudinal human cohorts and experimental systems, where 

epigenetic clocks often show reduced slope, deceleration, or plateauing at 
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advanced ages despite continued chronological ageing (Marioni et al., 2019, 

Horvath, 2013, Snir et al., 2019). These observations suggest that epigenetic 

clocks are sensitive to age-dependent changes in regulatory dynamics and 

stability, rather than simply integrating cumulative molecular damage over 

time. 

Importantly, the age-associated deceleration of epigenetic ageing was 

markedly weaker in GLF fish, such that their somatic epigenetic age 

exceeded that of GLC individuals at late chronological ages. Comparable 

stage-dependent effects have been reported in experimental studies of 

longevity and genome maintenance interventions, in which early-life 

molecular or physiological benefits are not sustained into advanced age. For 

example, mouse models with enhanced genome surveillance or tumour 

suppressor activity show improved early life stress resistance and cancer 

protection but develop premature ageing phenotypes and tissue 

dysfunction later in life (Tyner et al., 2002, Campisi, 2005). Similarly, 

constitutive activation of DNA damage response pathways improves early 

genome stability while promoting senescence-associated decline and 

epigenetic instability at later ages (Dabin et al., 2016, Baker et al., 2011). 

Perturbations of conserved growth and reproductive signalling pathways 

also support this pattern. Reduced IGF-1 signalling confers early life stress 

resistance and lifespan extension in some contexts, but does not uniformly 

preserve late life tissue function and can exacerbate age-associated decline 

under specific conditions (Holzenberger et al., 2003). In vertebrate systems, 

several interventions that bias resources or regulatory control towards early 

life genome protection can therefore impose long term costs on tissue 

maintenance and regulatory stability, highlighting a trade-off between early 

life robustness and late life homeostasis rather than uniform slowing of 

ageing across the lifespan. Indeed, persistent activation of DNA damage 

response pathways, including p53-mediated signalling, has been shown to 
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enhance early life genome integrity while promoting cellular senescence 

and epigenetic instability later in life (Lane, 1992, Vousden and Lane, 2007, 

Dabin et al., 2016). 

This pattern is difficult to reconcile with a purely energetic interpretation of 

the disposable soma theory, which predicts sustained improvement in 

somatic maintenance following reduced reproductive investment 

(Kirkwood, 1977). Instead, the observed trajectories are more consistent with 

models in which the germline exerts active regulatory control over somatic 

repair and stress response pathways, shaping ageing trajectories in a stage-

dependent manner (Maklakov and Chapman, 2019, Maklakov and Immler, 

2016). In this framework, germline-carrying individuals exhibit elevated 

somatic epigenetic age during periods of active reproduction but undergo a 

late-life deceleration or reorganisation of epigenetic ageing as reproductive 

investment declines. Germline-free individuals, by contrast, show early-life 

molecular youth but lack this late-life reorganisation, resulting in weaker 

slowing of epigenetic ageing at advanced ages. 

Together, these findings support the idea that germline ablation shifts 

somatic maintenance in a way that is beneficial early in life but compromises 

long-term epigenetic stability, rather than uniformly slowing ageing  

throughout life. 

 

5.5.2. Developmental gene regulation as a substrate of epigenetic ageing 

The CpG sites that were robustly selected across clock models were enriched 

near genes involved in tissue morphogenesis, sensory and visual 

development, and transcriptional regulation, indicating that age-associated 

methylation change in this system preferentially targets developmental 

regulatory networks rather than core metabolic or structural housekeeping 

genes. Such enrichment is a recurring feature of epigenetic clocks across 

species: in both humans and mice, age-informative CpGs are repeatedly 
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located near developmental transcription factors and regulators of cell fate, 

supporting the view that epigenetic ageing reflects altered regulation of 

developmental programmes rather than uniform accumulation of molecular 

damage (Horvath, 2013; Stubbs et al., 2017). 

Within this broader developmental signature, genes associated with sensory 

and visual system development were particularly prominent. This is 

consistent with evidence that neuronal and sensory regulatory pathways are 

frequent targets of age-associated DNA methylation change, reflecting the 

high degree of epigenetic constraint imposed during development and the 

sustained sensitivity of these systems to regulatory disruption later in life 

(Horvath, 2013; Slieker et al., 2018). 

Finally, the pronounced late-life hypomethylation at these robustly selected 

CpG sites in GLF fish suggests reduced stabilisation of developmental gene 

regulation in the absence of the germline. Loss of such stabilisation is 

expected to increase regulatory noise at loci that require precise methylation 

control, providing a plausible molecular basis for the late-life divergence in 

epigenetic ageing trajectories observed in GLF individuals. 

 

5.5.3. Stochastic methylation drift and loss of homeostatic control 

Although the overall effect of germline ablation on stochastic methylation 

drift did not reach statistical significance, the qualitative divergence in drift 

behaviour between groups is biologically informative. In GLC fish, CpG sites 

showed a tendency to revert towards intermediate methylation states over 

time. Similar convergence towards intermediate methylation levels has been 

reported in ageing mammalian tissues and has been interpreted as the 

outcome of active but imperfect epigenetic maintenance rather than purely 

random drift (Fraga et al., 2005, Issa, 2014). Mechanistically, such behaviour is 

consistent with the probabilistic nature of maintenance methylation during 
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DNA replication, whereby copying errors accumulate gradually but remain 

constrained by ongoing maintenance activity (Bestor, 2000, Jones and Liang, 

2009). In addition, DNA repair-associated chromatin remodelling can locally 

reshape methylation states, contributing to bounded convergence rather 

than unstructured divergence (Dabin et al., 2016, Cuozzo et al., 2017). 

Together, these processes provide a plausible basis for the stabilising 

tendency observed in GLC fish, in which extreme methylation states are 

progressively constrained despite increasing cellular stress. In contrast, GLF 

fish exhibited divergence away from intermediate methylation states, a 

pattern consistent with weakened epigenetic homeostasis and increased 

stochastic methylation drift (Fraga et al., 2005, Gensous et al., 2017). Increased 

methylation drift of this kind has been associated with elevated 

transcriptional noise, erosion of cellular identity and reduced regulatory 

precision in ageing tissues (Gensous et al., 2017, Viñuela et al., 2017). 

Experimental and observational studies further indicate that such drift can 

decouple regulatory programmes from their developmental constraints, 

increasing vulnerability to functional decline and stress sensitivity in late life 

(Fraga et al., 2005, Gensous et al., 2017). While the present data do not 

demonstrate a statistically significant increase in drift, the directionality 

observed in GLF fish is consistent with these previously described patterns. 

One plausible contributor to the altered methylation dynamics observed in 

GLF fish is sustained activation of DNA damage response signalling. 

Germline ablation has been shown to enhance genome surveillance and 

DNA damage responses in somatic tissues, particularly under genotoxic 

stress, indicating increased engagement of repair and checkpoint pathways 

(Ermolaeva et al., 2013, Chen et al., 2020). While such activation can improve 

early life genome protection, experimental evidence indicates that 

prolonged engagement of DNA damage response pathways can disrupt 
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chromatin organisation and compromise long-term epigenetic stability 

(Dabin et al., 2016, Panier et al., 2024). 

Within this context, the p53 signalling network provides a coherent 

mechanistic link. p53 integrates DNA damage signalling with cell cycle 

arrest, apoptosis and senescence, and plays a central role in enforcing 

genome integrity (Lane, 1992, Vousden and Lane, 2007). Experimental 

models with elevated or constitutive p53 activity show enhanced tumour 

suppression and genome protection early in life, but develop premature 

tissue dysfunction, increased senescence and age-associated epigenetic 

alterations at later stages (Tyner et al., 2002, Campisi, 2005, Campisi and 

d'Adda di Fagagna, 2007). Consistent with this framework, we have 

previously reported increased expression of p53-associated genes in GLF 

somatic tissues (Chapter 2), supporting a link between germline ablation, 

heightened genome surveillance and the late-life epigenetic destabilisation 

observed here. Together, these findings support a model in which germline 

ablation alters the balance between genome protection and long-term 

epigenetic stability, resulting in early life molecular benefits that are 

accompanied by increased susceptibility to late-life regulatory drift. 

 

5.5.4. Molecular ageing and behavioural outcomes 

The association between altered epigenetic ageing trajectories and late-life 

locomotor behaviour provides an important functional context for the 

molecular findings. GLF fish exhibited increased burst-like, high-intensity 

movement, whereas GLC fish maintained more sustained, moderate activity. 

Comparable shifts in locomotor patterning have been reported in ageing 

vertebrates and are often interpreted as reflecting changes in 

neuromuscular control, sensory processing, or stress responsiveness rather 

than simple changes in overall activity levels (Kishi et al., 2009, Bronikowski 

et al., 2022). 



Chapter 5 - Discussion 

 206 

The behavioural phenotype observed in GLF fish can therefore be 

interpreted in at least two non-exclusive ways. One possibility is that, despite 

exhibiting accelerated epigenetic ageing in late life, GLF fish retain 

enhanced short-term energetic capacity or neuromuscular responsiveness, 

resulting in elevated peak acceleration and swimming speed. Under this 

interpretation, DNA methylation–based age reflects cumulative regulatory or 

metabolic alteration rather than an immediate loss of functional capacity. 

Such decoupling between molecular ageing markers and short-term 

performance has been documented in vertebrates, where ageing or stress 

exposure can coexist with preserved or even exaggerated burst 

performance, particularly in tasks relying on anaerobic output or rapid motor 

recruitment (Bronikowski et al., 2022). This interpretation is consistent with 

the view that epigenetic clocks capture integrated regulatory state rather 

than moment-to-moment physiological competence (Horvath and Raj, 

2018). 

An alternative, non-exclusive interpretation is that the burst-dominated 

movement pattern reflects altered locomotor regulation, in which activity is 

expressed as short, intense bouts rather than sustained swimming. Age-

associated changes in swimming behaviour and locomotor performance 

have been documented in zebrafish, including reduced endurance, altered 

activity patterns, and increased fragmentation of movement with age 

(Gerhard et al., 2002, Kishi et al., 2003). In addition, acute stressors are well 

established to elicit burst-like or erratic locomotion in zebrafish, reflecting 

heightened arousal rather than coordinated exploratory behaviour (Stewart 

et al., 2012, Egan et al., 2009). From this perspective, increased peak 

acceleration may arise from dysregulated motor control or elevated stress 

responsiveness rather than improved functional performance per se. 

Together, these interpretations indicate that increased burst activity does 

not necessarily imply improved locomotor health. Instead, it may reflect a 
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shift in how locomotor output is deployed, with preserved or exaggerated 

short-term responses occurring alongside broader age-associated 

regulatory changes. Discriminating between these possibilities would 

require direct assessment of endurance, neuromuscular coordination, and 

stress responsiveness, which lies beyond the scope of the present study. 

 

5.5.5. CpG organisation and the structure of ageing signals 

A central methodological finding of this study is that Cluster-based CpG 

aggregation outperformed tiled aggregation in longitudinal epigenetic 

clock models. This contrasts with our previous observations in the 

determinant clock framework, expanded on further in Chapter 3, and 

underscores an important conceptual point: the genomic architecture of 

age-associated methylation change is context dependent. In longitudinal 

settings, where within-individual trajectories and late-life dynamics are of 

interest, biologically coherent CpG clusters are likely to better capture 

coordinated regulatory change than arbitrary genomic windows. 

Clustered CpG behaviour is consistent with the organisation of DNA 

methylation within regulatory domains such as promoters, enhancers and 

chromatin interaction units, where neighbouring CpGs often exhibit 

correlated dynamics driven by shared transcriptional and chromatin states. 

In contrast, Tiled aggregation combines CpGs that may belong to distinct 

regulatory elements and be governed by different transcriptional or 

chromatin states. Averaging across such heterogenous sites reduced 

sensitivity to coordinated methylation change, thereby weakening the signal 

relevant for modelling longitudinal epigenetic ageing. This observation 

reinforces the view that epigenetic ageing is not uniformly distributed across 

the genome but structured around regulatory units that are selectively 

sensitive to cumulative cellular stress and altered maintenance regimes. 
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More broadly, it highlights the importance of benchmarking multiple clock 

architectures when testing mechanistic hypotheses, rather than assuming 

that an optimal design is transferable across experimental contexts. 

 

5.5.6. Conclusion 

These results provide direct evidence that the germline influences not only 

the rate but also the temporal structure and regulatory stability of epigenetic 

somatic ageing. By following individual trajectories over time, this study 

shows that germline ablation is associated with reduced epigenetic age early 

in life but altered late-life dynamics characterised by weakened slowing and 

increased regulatory instability. Similar early-life enhancements of somatic 

maintenance and stress resistance following germline removal or 

suppression have been demonstrated in invertebrate and vertebrate 

systems (Hsin and Kenyon, 1999, Ermolaeva et al., 2013, Chen et al., 2020). Our 

findings extend these observations by showing that such benefits are 

accompanied by altered late-life epigenetic organisation, consistent with a 

trade-off between early-life somatic robustness and long-term regulatory 

stability. 

In summary, these findings support a model in which the germline acts as 

an active regulator of somatic ageing. In this framework, germline ablation 

rebalances genome surveillance, stress response and maintenance 

pathways in a manner that confers early life molecular benefits but 

compromises long-term epigenetic stability. Such stage-dependent effects 

reconcile observations of lifespan extension or early life molecular youth with 

late life dysregulation and align with evolutionary theories that emphasise 

trade-offs between robustness, reproduction and ageing, including the 

expensive germline hypothesis and developmental theory of ageing 

(Maklakov and Immler, 2016, Maklakov and Chapman, 2019). 
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5.6. Data Availability 

All sequencing data, including RRBS data, generated for this project are 

available under accession (under embargo until acceptance for publication), 

https://www.ebi.ac.uk/ena/browser/view/PRJEB107118. All scripts and 

supplementary data are available at the git repository : 

https://github.com/asdfjohnny1/germline-ablation-epigenetic-ageing.git 

 

 

5.7. Contributions 

The studies were conceptualised and designed by S.I , J.C.D.C.  

Data analysis and visualisation was carried out by J.C.D.C. , 

Samples were collected and processed by J.C.D.C 

All code was conceived and generated by J.C.D.C.  

Supervision was provided by S.I., A.M 

Funding was provided by S.I., R.R 

The first draft of the manuscript was written by J.C.D.C. and S.I.  

 

5.8. Ethics declaration 

Competing interests: All authors declare no conflict or competing interests. 

All zebrafish work was completed in accordance with institutional, local and 

national laws and governing bodies.  

 

https://github.com/asdfjohnny1/germline-ablation-epigenetic-ageing.git


Chapter 5 - Extended data 

 210 

5.9. Extended data 

Appendix Chapter 4 for supplementary methods, figures, tables and 

legends.  

All files and processed data files are available on the GitHub page : 

https://github.com/asdfjohnny1/germline-ablation-epigenetic-ageing.git 

 

5.10. Abbreviations  

GLF - Germline-free fish 

GLC Germline-carrying fish  

DNAm - DNA methylation  

CpG - 5′-C-phosphate-G-3′ 

Δ-Age - Delta age  
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6. Chapter 6 

6.1. Abstract  

Rapamycin, a pharmacological inhibitor of mechanistic target of rapamycin 

(mTOR) signalling, robustly extends lifespan in multiple mammalian models 

and improves selected healthspan-associated traits in dogs and humans. 

However, how rapamycin influences molecular ageing trajectories and non-

survival phenotypes across different exposure regimes and genetic contexts 

remains incompletely resolved. In this chapter, we examined the effects of 

rapamycin on epigenetic ageing, reproduction, behaviour, and ovarian lesion 

susceptibility using two complementary treatment paradigms in zebrafish 

(Danio rerio): a short-term late-life exposure initiated in aged adults and a 

longitudinal exposure spanning early to late life. Epigenetic ageing was 

quantified using DNA methylation–based age predictors derived from 

reduced representation bisulphite sequencing, while reproductive output, 

locomotor behaviour, and macroscopic ovarian lesions were assessed using 

standardised phenotypic and histopathological measures. 

To assess whether genome maintenance capacity modulates responses to 

mTOR inhibition, experiments were conducted in both wild-type fish and a 

mismatch repair–deficient strain lacking functional msh2, which exhibits 

elevated genome instability and increased tumour susceptibility. Short-term 

rapamycin exposure in late life resulted in increased DNA methylation–based 

estimates of epigenetic age alongside reduced male reproductive output, 

indicating an acute perturbation of epigenetic and reproductive regulation 

rather than a shift towards a younger molecular state. By contrast, 

longitudinal exposure across adulthood altered behavioural ageing 

trajectories and increased the prevalence of macroscopic ovarian lesions, 

with effects most pronounced in mismatch repair–deficient individuals. 
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These regime-specific outcomes demonstrate that the effects of rapamycin 

on ageing-related phenotypes depend on the timing and duration of 

exposure as well as underlying genome maintenance capacity. Collectively, 

these findings emphasise that rapamycin functions as a context-dependent 

geromodulator rather than a universally beneficial anti-ageing intervention. 

6.2. Introduction  

Ageing is characterised by a progressive decline in physiological function 

accompanied by an increased risk of morbidity and mortality. Rather than 

constituting a discrete disease, ageing represents the primary risk factor for 

most chronic conditions, including cancer, cardiovascular disease, and 

neurodegeneration (Kennedy et al., 2014). The biological study of ageing, or 

biogerontology, proposed a set of conserved biological processes, commonly 

referred to as the hallmarks of ageing (López-Otín et al., 2013), and include 

genomic instability, loss of proteostasis, cellular senescence, and altered 

intercellular communication, among others (López-Otín et al., 2013). This 

framework provides a conceptual basis for identifying interventions 

improving ageing trajectories, preserving function, and/or reduce 

susceptibility to age-associated disease. 

Among the most reproducible interventions known to influence ageing is 

dietary restriction, which extends lifespan and, in some contexts, healthspan 

across a wide range of taxa, from yeast to primates (Fontana et al., 2010; 

Partridge et al., 2018). Genetic and pharmacological manipulation of these 

pathways, including insulin/IGF signalling and the mTOR pathway, 

recapitulates many dietary restriction–associated effects in model organisms 

such as yeast (Saccharomyces cerevisiae), nematodes (Caenorhabditis 

elegans), fruit flies (Drosophila melanogaster), and mice (Mus musculus), 

positioning nutrient-sensing networks as central integrators of growth, 

metabolism, reproduction, and somatic maintenance rather than as a single 
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ageing mechanism (Ingram and Roth, 2015; Partridge et al., 2018). Within this 

framework, mTOR plays a key role in coupling nutrient and growth factor 

signals to anabolic processes. While essential for development and 

reproductive investment, sustained mTOR activity in adulthood has been 

associated with tissue dysfunction and increased susceptibility to age-

related pathologies, including cancer and neurodegeneration 

(Blagosklonny, 2010; Weichhart, 2018; Papadopoli et al., 2019). These 

observations align mTOR signalling with evolutionary theories of ageing that 

emphasise trade-offs between early-life growth and reproduction and late-

life somatic maintenance, including disposable soma and developmental 

ageing frameworks (Kirkwood, 1977; Maklakov and Chapman, 2019). 

At the molecular level, mTOR functions as a serine/threonine kinase within 

two distinct multiprotein complexes. mTOR complex 1 (mTORC1) promotes 

anabolic processes, including protein synthesis, lipid biosynthesis, and cell 

growth, while suppressing autophagy, whereas mTOR complex 2 (mTORC2) 

regulates cytoskeletal organisation, cell survival, and insulin signalling 

(Saxton and Sabatini, 2017). Chronic activation of mTOR, particularly mTORC1, 

has been linked to several hallmarks of ageing, including impaired 

proteostasis, dysregulated nutrient sensing, and reduced autophagic 

capacity (Johnson et al., 2013). Consequently, pharmacological inhibition of 

mTOR signalling has emerged as a prominent strategy for influencing 

ageing-related processes. 

Several pharmacological strategies have been used to attenuate mTOR 

signalling, differing in their specificity and mechanism of action. Some 

clinically used agents, including metformin and acarbose, influence mTOR 

activity indirectly by altering upstream metabolic and hormonal inputs such 

as glucose handling, insulin signalling, and cellular energy balance; as a 

result, their effects on ageing-related phenotypes are pleiotropic and cannot 

be attributed specifically to mTOR modulation (Harrison et al., 2014; Barzilai 
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et al., 2016). By contrast, rapamycin and related rapalogues inhibit mTOR 

signalling more directly through FKBP12-dependent suppression of 

mTORC1, with comparatively limited effects on mTORC2 (Saxton and 

Sabatini, 2017). Rapamycin robustly extends lifespan across multiple taxa, 

including yeast, nematodes, Drosophila, and mice, even when treatment is 

initiated late in life (Harrison et al., 2009; Bjedov et al., 2010; Miller et al., 2011). 

In addition to longevity, rapamycin modulates selected healthspan-

associated traits, including immune function, cardiac performance, and 

metabolic homeostasis; however, these effects are strongly dependent on 

dose, treatment duration, sex, and genetic background (Kaeberlein, 2014). 

Evidence from domestic dogs and older human cohorts similarly indicates 

that rapamycin responses are context-dependent rather than uniformly 

beneficial (Mannick et al., 2014; Urfer et al., 2017). Despite its efficacy, the 

translation of sustained mTOR inhibition to long-term clinical use has been 

limited by adverse effects, including metabolic dysregulation and 

immunosuppression, which vary across tissues and life stages (Papadopoli et 

al., 2019; Roark and Iffland, 2025). 

While lifespan and healthspan provide integrative measures of ageing, 

molecular biomarkers are required to assess whether these interventions 

directly modulate underlying biological ageing processes. Among these, 

epigenetic alterations, particularly changes in DNA methylation, have 

emerged as robust and evolutionarily conserved markers of biological 

ageing (Bell et al., 2019, Horvath and Raj, 2018). DNA methylation-based 

epigenetic clocks provide quantitative estimates of biological age that 

correlate with functional decline, disease risk, and mortality, and are 

increasingly used to evaluate the molecular impact of ageing interventions. 

In mice, rapamycin treatment slows epigenetic ageing in liver and blood 

(Petkovich et al., 2017, Horvath et al., 2019), and partial rejuvenation in specific 

tissues following mTOR inhibition (Shindyapina et al., 2022). However, these 
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effects are not universal: limited or absent effects on epigenetic age have 

been reported in brain and skeletal muscle, and responses vary by sex, 

genetic background, and the age at which treatment is initiated (Petkovich 

et al., 2017; Horvath et al., 2019; Miller et al., 2014). Together, these findings 

highlight the need for systematic assessments that integrate molecular 

ageing markers with functional and pathological outcomes. 

Here, we use zebrafish as a vertebrate model system to investigate the 

effects of rapamycin on ageing phenotypes, including epigenetic ageing by 

reduced representation bisulphite sequencing, behaviour, reproductive 

output, and ovarian lesion prevalence. We compare two experimental 

procedures: a short-term late-life exposure, in which rapamycin was 

administered for four months beginning in aged adults after the completion 

of somatic growth and reproductive maturation, and a lifelong exposure, in 

which treatment was initiated in early adulthood and maintained 

continuously until natural death. This design allows separation of acute, late-

life responses to mTOR inhibition from cumulative effects arising from 

sustained pathway suppression across the adult lifespan. Importantly our 

experimental design incorporates two genetic backgrounds: a wild-type 

strain (ABWT) and a strain lacking the mismatch repair (MMR) gene msh2. 

Msh2 is a core component of the MutS complex and plays an essential role in 

correcting DNA replication errors and maintaining genomic stability; its loss 

leads to microsatellite instability, elevated mutation rates, and a strong 

predisposition to cancer (Baretti and Le, 2018, Lynch et al., 2009). The msh2-

deficient zebrafish strain therefore provides a clinically relevant model of 

compromised genome maintenance and elevated susceptibility to genomic 

instability–associated pathology. By combining pharmacological inhibition 

of mTOR with genetic disruption of DNA repair, this study examines how 

rapamycin affects genome stability, tumour risk, and epigenetic ageing, 

allowing us to test whether mTOR inhibition mitigates, exacerbates, or 
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reshapes ageing trajectories under conditions of heightened genomic 

instability. 

 

6.3. Material and methods 

We performed two separate experiments to test the effects of rapamycin: 

Experiment 1 – rapamycin was fed to fish late in life for a short period of 4 

months to test possible rejuvenation. Experiment 2 – fish were fed rapamycin 

throughout life to test for long-term effects of rapamycin.  

 

6.3.1. Shared procedures 

The following procedures were common to both the Aged Exposure and 

Lifelong Exposure experiments unless otherwise stated. 

 

6.3.1.1. Rapamycin feed preparation 

Rapamycin (LC Laboratories, USA) was incorporated into Sparos Adult 

Zebrafish Diet dry feed. Two treatment concentrations were prepared: 

(i) Low dose: 24.5 mg rapamycin kg⁻¹ body weight 

(ii) High dose: 245 mg rapamycin kg⁻¹ body weight 

Feeds were prepared every six weeks and stored at −20 °C in airtight 

containers to preserve stability. Aliquots were thawed weekly and protected 

from light. Body weight dosing was calculated by regularly weighing the fish 

to maintain correct dosage of Rapamycin.  
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6.3.1.2. Behavioural tracking and analysis 

For each assay, all focal individuals from a given tank were transferred 

together into a circular arena (235mm diameter) containing 2 L of system 

water. Behaviour was recorded for 21 minutes using an overhead GoPro 

HERO4 camera. The first minute of recording was excluded to allow for 

acclimation. 

Video data were processed using id.Tracker.ai v 5.1.3 (Romero-Ferrero et al., 

2019) to extract per-frame x–y coordinates for each individual. From these 

trajectories, eight standardised locomotor and spatial metrics were derived 

following Kermen et al. (2020), including total distance (mm), mean speed 

(mm s⁻¹), maximum speed (mm s⁻¹), mean acceleration, max acceleration, 

path straightness, thigmotaxis, and mean angular velocity. Full details on 

how these were calculated can be found in Chapter 5 Material and methods. 

 

6.3.1.3. Statistical analyses 

All statistical analyses were performed in R v4.3.1 (R Core Team, 2022). 

Continuous variables, including methylation levels, epigenetic age estimates 

and behavioural metrics, were summarised as means ± standard error unless 

stated otherwise. 

Treatment effects were evaluated using linear models or linear mixed-effects 

models from the lme4 package (Bates et al., 2015), with fish identity and/or 

experimental tank included as random effects where repeated measures or 

hierarchical structure was present. 

Proportional data (e.g. probability of spawning, proportion of time spent in 

the upper half of the tank, ovarian lesion incidence) were analysed using 

generalised linear models or generalised linear mixed models with binomial 

error distribution and logit link function. 
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Age-dependent trajectories of behavioural or epigenetic variables were 

modelled using generalised additive models (mgcv package) to capture 

non-linear relationships with chronological age (Wood, 2017). 

Significance of fixed effects (treatment, sex, genotype and their interactions) 

was evaluated using Type III ANOVA or likelihood ratio tests. Pairwise 

contrasts were performed using estimated marginal means, with p-values 

corrected for multiple testing using false discovery rate (FDR) correction 

(Lenth, 2021). 

All statistical tests were two-sided, and significance was defined as FDR-padj 

< 0.05. 

 

6.3.2. Experiment 1: Ageing Experiment: Short-term Rapamycin exposure in 

late life  

6.3.2.1. Experimental design and procedures  

Wild-type AB zebrafish were obtained from the European Zebrafish 

Resource Centre (EZRC; Karlsruhe Institute of Technology, Germany) and 

maintained under standardised laboratory conditions in 3.5 L tanks at 28 °C 

on a 14 h:10 h light:dark cycle, with five females and five males per tank. Fish 

were selected at 18 months of age and randomly assigned to control, low-

dose, or high-dose rapamycin treatment groups, as described in Section 6.3.1 

(Shared Procedures). 

Rapamycin was administered via supplemented feed, with fish receiving 

daily doses corresponding to the low- and high-dose concentrations defined 

in Section 6.3.1 (Shared Procedures). Treatment was maintained for four 

months to assess short-term late-life responses to mTOR inhibition. 
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Reproductive performance was assessed after two and four months of 

treatment (approximately 20 and 22 months of age). Each experimental fish 

was paired with a non-experimental, untreated wild-type partner of the 

opposite sex, approximately one year younger, to minimise age-related 

fertility constraints in the mating partner. Each focal fish underwent two 

mating attempts separated by 24 h using standard zebrafish breeding 

protocols. Tanks were monitored at 30-minute intervals for spawning activity, 

and eggs were collected and counted manually. Reproductive success was 

quantified as both the probability of spawning and the total number of eggs 

produced per spawning event (Table S26). 

Group swimming behaviour was assessed at baseline, and after two and four 

months of treatment, using the behavioural assay procedures described in 

Section 6.3.1 (Shared Procedures). 

 

6.3.2.2. Epigenetic clock by RRBS 

Fin clips were collected from female and male fish for DNA methylation 

analysis. Caudal fin clips were taken after two months of rapamycin 

treatment, and dorsal fin clips were taken after four months of treatment. 

Eight females and eight males were sample per treatment group (n = 16 per 

group, 96 samples total; Table S27). Fin tissue was immediately snap-frozen 

in liquid nitrogen and stored at −80 °C until DNA extraction. 

Genomic DNA was extracted from individual fin clips using a modified 

Qiagen DNeasy Blood and Tissue Kit protocol (Qiagen, 69506). Briefly, tissue 

was lysed in ATL buffer containing proteinase K and incubated at 56 °C for 1–

2 hours with intermittent vortexing until complete digestion. 

Lysates were processed through silica membrane spin columns according to 

the manufacturer’s protocol, washed, and DNA was eluted in 100 µL of EB 
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buffer. DNA concentration and purity were assessed using a NanoDrop 

spectrophotometer and a Qubit fluorometer prior to downstream 

processing. 

A total of 96 samples were processed for Reduced Representation Bisulphite 

Sequencing (RRBS) at the University of East Anglia using the TECAN 

Ovation® RRBS Methyl-Seq System. Libraries were prepared following a 

modified version of the manufacturer’s protocol 

(https://www.protocols.io/view/ovation-rrbs-methyl-seq-library-preparation-

protocol-kxygx3kydg8j/v1). 

Briefly, genomic DNA was digested using MspI, followed by adapter ligation, 

end repair and size selection. Bisulphite conversion was then performed, 

followed by PCR amplification and final purification. 

Library quality and fragment size distribution were assessed using an Agilent 

TapeStation system. Libraries were quantified prior to pooling for 

sequencing. 

Sequencing was performed at the Wellcome Sanger Institute (Cambridge, 

UK) on an Illumina NovaSeq X platform using a 10B flow cell across three 

lanes, generating 150 bp paired-end reads.  

 

6.3.2.3. Data trimming, alignment and methylation extraction for 

epigenetic clock analysis 

Raw reads were processed using the NuGEN technologies pipeline 

(https://www.nugen.com/products/nugen-nuget-rrbs). Adapter and low-

quality bases were trimmed with Trim Galore v 0.6.5 (https://Δ-

Age.bioinformatics.babraham.ac.uk/projects/trim_galore/), and diversity 

adaptor artefacts were removed using a NuGEN-provided Python script 

(https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAda

https://www.protocols.io/view/ovation-rrbs-methyl-seq-library-preparation-protocol-kxygx3kydg8j/v1
https://www.protocols.io/view/ovation-rrbs-methyl-seq-library-preparation-protocol-kxygx3kydg8j/v1
https://www.nugen.com/products/nugen-nuget-rrbs
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAdaptCustomers.py
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ptCustomers.py). Cleaned reads were aligned to the zebrafish reference 

genome (GRCz11; https://Δ-

Age.ncbi.nlm.nih.gov/datasets/genome/GCF_000002035.6/) using Bismark v 

0.25.1 (Krueger and Andrews, 2011), and duplicate reads were identified and 

marked with the NuDup tool in NuGEN 

(https://github.com/tecangenomics/nudup).  

Methylation calling was performed using the Bismark methylation extractor 

(Krueger and Andrews, 2011), generating cytosine methylation reports in 

“.cov” format. Methylation metrics (methylated and unmethylated counts 

per CpG) were used as input for downstream analyses. 

 

6.3.2.4. Methylation data preprocessing and epigenetic clock 

prediction 

RRBS methylation data were imported as Bismark “.cov” files into R and 

processed using the methylKit package. CpGs with coverage below 5× were 

excluded, and cytosines overlapping known single-nucleotide 

polymorphisms were removed. For each retained CpG, methylation levels 

were calculated as the ratio of methylated reads to total coverage. 

For the rapamycin RRBS dataset, epigenetic age prediction was performed 

using the final fin clip clock models identified in Chapter 3. In that analysis, a 

total of 816 final fin clip models had been selected. For each of these models, 

a CpG-level methylation matrix was reconstructed from the rapamycin RRBS 

data, retaining only the CpG sites included in the corresponding final model. 

CpG identifiers were intersected between the rapamycin dataset and each 

model, and features were ordered to exactly match the coefficient structure 

of the original model. Where CpG sites were missing from individual 

samples, values were imputed using the median methylation level across 

samples to preserve matrix completeness. Each reconstructed matrix was 

https://github.com/nugentechnologies/NuMetRRBS/trimRRBSdiversityAdaptCustomers.py
https://github.com/tecangenomics/nudup
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then used to predict epigenetic age for the rapamycin-treated samples 

using the corresponding final model. No additional normalisation or 

transformation was applied prior to model-based prediction. 

Epigenetic age estimates were generated using the model coefficients. 

Delta age (Δ-Age = Predicted – Chronological age) was calculated for each 

sample as the difference between predicted epigenetic age and 

chronological age, providing a measure of accelerated or decelerated ageing 

relative to chronological time. 

 

6.3.3. Experiment 2: Lifelong Exposure experiment (chronic rapamycin 

treatment in ABWT and msh2 background) 

6.3.3.1. Experimental design and procedures  

ABWT fish were obtained from the Zebrafish International Resource Centre 

(ZIRC, University of Oregon, USA). The msh2 mutant line (allele Sa22101, 

Tübingen background) was obtained from EZRC. Homozygous mutants 

were outcrossed to ABWT to generate a heterozygous ABWT–Sa22101 line, 

which was maintained by continued outcrossing to ABWT. Heterozygous fish 

were used throughout the experiment. 

Experimental tanks contained 13 females and 3 age-matched males of the 

same genotype and treatment. Male mortality was mitigated by 

replacement with fish of identical age, genotype, and treatment. Fish were 

randomly assigned to control, low-dose, or high-dose rapamycin treatment 

groups at three months of age. 

Fish received feed supplemented with 10mg per kg body weight, per tank of 

rapamycin daily, corresponding to the low and high-dose rapamycin 

concentrations described in Section 6.3.1 (Shared Procedures). 
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Group swimming behaviour was measured longitudinally at six time points 

between 5 and 19 months of age (5,8,11,13,16,19). Anxiety-like behaviour was 

assessed using the Novel Tank Diving Test at 9 and 20 months. Behavioural 

tracking and metric extraction followed the protocol in Section 6.3.1 (Shared 

Procedures). 

 

6.3.3.2. Novel Tank Diving Test  

Anxiety-like behaviour and vertical exploration were assessed using the 

Novel Tank Diving Test (NTDT) at 9 and 20 months of age. At each time point, 

a randomly selected subset of female fish from each tank was tested 

individually. 

Each fish was transferred into a rectangular novel tank (dimensions: 420 × 84 

× 130 mm) filled with system water and recorded for 6 minutes using a side-

mounted camera. The first minute was excluded from analysis to account for 

handling stress and initial acclimation. 

Videos were analysed using IDtrackerAI to extract x–y coordinates. Vertical 

position was quantified by dividing the tank into equal top and bottom 

halves, with boundaries defined at 396 pixels for 9-month assays and 260 

pixels for 20-month assays, based on camera geometry and tank dimensions. 

The proportion of time spent in the upper half of the tank was calculated for 

each individual as a measure of exploratory and anxiety-related behaviour. 

In addition, freezing behaviour was quantified as described above, based on 

frame-to-frame displacement in the y-coordinate, with movements of less 

than 2 pixels scored as freezing events. All behavioural metrics were 

calculated across the full assay duration and used for statistical comparisons. 
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6.3.3.3. Tumour-like ovarian mass (gross pathology) 

At the end of the lifelong exposure experiment, fish were euthanised using 

Aquacalm (Syndel) in accordance with institutional and UK Home Office 

guidelines. Animals were dissected immediately, and ovaries were examined 

under a stereomicroscope. 

Ovarian pathology was assessed based on gross morphology. Macroscopic 

ovarian lesions were operationally defined as solid, abnormal tissue masses 

clearly distinct from normal ovarian architecture. Small age-associated foci 

commonly observed in older females were not classified as lesions and were 

excluded from scoring. 

Lesion burden was recorded as a binary outcome (presence or absence) and, 

where applicable, further categorised by number (e.g. multiple lesions 

present). No histological or cellular analyses were performed; therefore, 

classifications reflect gross morphology rather than confirmed neoplastic 

status. 
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Figure 19 : Representative ovarian morphologies used to gross lesion 

classification  

 A) Normal ovarian ovaries., B) Ovaries with small, dark age-associated foci, 

not classified as lesions for the purposes of this study. C) Multiple small 

macroscopic lesions. D) Ovary with a single large macroscopic lesion.  
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6.3.4. Rapamycin blood concentration measurements 

Rapamycin blood concentrations were measured to confirm systemic 

exposure following dietary administration. Measurements were performed 

in female ABWT fish at 10 months of age, 3 hours after administration of a 

single low- or high-dose rapamycin-containing feed (Figure S13). Fish were 

euthanised using Aquacalm (Syndel) in accordance with institutional and UK 

Home Office regulations. 

Whole blood was collected via incision posterior to the dorsal gill plate using 

a capillary tube. Due to the limited blood volume obtainable from individual 

fish, samples from 3–5 individuals within the same treatment group were 

pooled to obtain approximately 10 µL of blood per sample. Pooled blood was 

transferred into an Eppendorf tube containing 2 µL of 1% K₂EDTA in H₂O as 

anticoagulant. 

Cells were lysed and proteins precipitated by addition of 10 µL precipitation 

solution (acetonitrile:ZnSO₄, 4:1 v/v), followed by vortexing and centrifugation 

at 2,680 × g for 6 minutes. The resulting supernatant was filtered through a 

2 µm filter and analysed by liquid chromatography–mass spectrometry (LC–

MS). 

Calibration standards were generated by spiking blood from untreated fish 

with known concentrations of rapamycin and processed identically to 

experimental samples. Measured concentrations therefore reflect group-

level circulating rapamycin levels rather than individual variability. 

 

6.4. Results 

Data presented in this chapter derive from two independent rapamycin 

exposure experiments with partially overlapping but non-identical sampling 

structures. In the short-term late-life exposure experiment, reproductive 
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assays were conducted on 114 fish, behavioural analyses were performed 

across 12 tanks containing 10 fish per tank, and DNA methylation analyses for 

epigenetic clock evaluation were based on 95 RRBS samples passing quality 

control. In the lifelong rapamycin exposure experiment, behavioural ageing 

trajectories were assessed using 54 tanks containing 16 fish per tank, ovarian 

lesion prevalence was evaluated following dissection of 234 fish, and novel 

tank diving tests were conducted using 5 fish per tank across 18 tanks. 

Sample sizes therefore vary by assay and experimental regime and are 

reported explicitly for each analysis. To verify effective drug delivery, 

circulating rapamycin levels were measured in blood samples from treated 

fish. Rapamycin concentrations were higher in the high-dose treatment 

group than in the low-dose group, confirming systemic uptake following 

administration (Figure S13). The weight of fish was also measured at the end 

of treatment and there was no difference in weight between treatments 

(Figure S13).  

	

6.4.1. Experiment 1: Male reproductive success is reduced by high-dose 

rapamycin  

Given the sensitivity of reproductive function to mTOR signalling, breeding 

success was first assessed after two months of rapamycin exposure to 

capture early, sex-specific effects in late life. A Treatment × Sex interaction 

was suggestive but did not reach the conventional significance threshold 

(binomial GLMM: χ² = 5.3, df = 2, p = 0.06; Table S26). In males, breeding 

success was reduced under high-dose rapamycin relative to controls 

(Estimate = −2.4, z = −1.9, p = 0.04), while the low-dose group showed a similar 

but non-significant trend (Estimate = −1.4, z = −1.7, p = 0.08). No statistically 

significant treatment effects were detected in females (Figure 20). 
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Figure 20: Rapamycin exposure alters circulating concentrations, 

reproductive performance and ovarian lesion incidences. 

 (A) Proportion of fish that bred in Experiment 1, short-term late-life 

experiment. Males exposed to rapamycin bred less frequently than controls. 

(B) Proportion of female fish with at least one ovarian lesion in the lifelong 

experiment. MMR strain individual exposed to rapamycin were more likely to 

develop ovarian lesions. (C) Proportion of female fish with multiple ovarian  

lesions in Experiment 2 : the lifelong experiment. MMR strain individuals 

exposed to rapamycin showed increased incidence of multiple ovarian lesions. 

Points denote group means, and error bars represent standard errors. 

Statistical significance was assessed using a linear mixed-effects model (LMM) 

and is indicated by asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 



Chapter 6 - Results 

 239 

 

6.4.2. Experiment 1: Low and High-dose rapamycin produce distinct 

locomotor behaviours in late-life 

Rapamycin had significant effects on locomotor behaviour in a dose-

dependent manner (Figure 21). Relative to controls, low-dose fish exhibited 

reduced total movement and decreased thigmotaxis (Table 1). In contrast, 

high-dose fish displayed increased peak performance metrics, including 

maximum speed and acceleration, spent a greater proportion of time 

moving, and showed increased thigmotaxis alongside reduced mean 

angular velocity (Tables 1, S28). Collectively, these results indicate that low-

dose rapamycin attenuated exploratory activity, whereas high-dose 

treatment was associated with elevated locomotor activity and increased 

wall-associated swimming behaviour. 
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Figure 21: Behaviour metrics in Aged and Lifelong experiments 

Panels show behavioural measurements for Aged (A-H) and Lifelong (I-P) 

experiments. Each pair of panels represents the same behavioural metric 

across the two experiments. The metrics are. : (A,I) Total distance travelled 

(mm), (B,J) Mean speed (mm/s), (C,K) Maximum speed (mm/s), (D,L) Mean 

acceleration (mm/s2), (E,M) Max acceleration (mm/s2),  (F,N) Percentage of time 

moving (%), (G, O) Thigmotaxis (%), (H,P) Mean angular velocity. Points denote 

group means, and error bars represent standard errors. Statistical significance 

was assessed using a linear mixed-effects model (LMM) and is indicated by 

asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 
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Table 1 : Linear Mixed model showing dose-dependent effects of 

rapamycin on locomotor behaviour 

Estimates (E) are calculated as the value of the first group minus the second 

group. Positive estimates indicate higher values in the first group listed.  

 

Behaviour metric Contrast Estimate (E) z-value p-value 

Total distance (mm) 
Control - Low 193 3.5 0.001 

Low - High -503 -9 <0.0001 

Thigmotaxis 

Control - High -12 -11.5 <0.0001 

Control - Low 3.9 3.6 <0.0001 

Low - High -16 -15.2 <0.0001 

Maximum Speed 
Control - High -423 -9.4 0.0001 

Low - High -281 -5.5 <0.0001 

Maximum Acceleration 
Control - High -12.7 -9.4 <0.0001 

Low - High -0.7 -7.6 <0.0001 

Time moving (%) 
Control - High -0.7 -13 <0.0001 

Low - High -0.7 -11.5 <0.0001 

Mean Angular velocity  
Control - High 327 16 <0.0001 

Low - High 341 16 < 0.0001 
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6.4.3. Experiment 1: Rapamycin accelerates epigenetic ageing with dose and 

sex-specific effects  

All 95 samples passing initial sequencing and alignment quality control were 

retained to predict epigenetic age. In total, 816 distinct predictions were 

made, spanning multiple CpG aggregation strategies, regression 

frameworks, and filtering parameterisations, and used for downstream 

analyses. Unless stated otherwise, all results below refer to this filtered model 

set, with comparisons interpreted across configurations rather than 

assuming a shared underlying feature space. 

Exposure to rapamycin increased epigenetic age relative to controls (LMM: χ² 

= 553.3, df = 2, p < 0.0001; Table S29), and fish exposed to both Low and High 

doses differed from controls (Control–Low: Estimate = -0.34, z = -25, p < 0.0001; 

Control–High: Estimate = -0.10, z = -7, p < 0.0001). The Low dose resulted in a 

more pronounced  increase than the High dose (Low–High: Estimate = 0.23, 

z = 17, p < 0.001; Figure 22). 

Non-Linear age-dependent patters were observed across treatment groups 

in generalised additive models (Figure 22; Table S29), indicating that 

rapamycin affected the relationship between chronological age and the 

methylation-based age estimate over the course of the experiment. 

Treatment effects also differed by sex (LMM: χ² = 1093.9, df = 2, p < 0.0001; Table 

S29). In females, predicted epigenetic age was highest under the High dose 

treatment (Control–High: Estimate =-0.17, z = -8.9, p < 0.0001; Low–High: 

Estimate =-0.14, z = -7, p < 0.0001); whereas in males the largest increase was 

observed under the Low dose (Control–Low: Estimate =-0.64, z = -33, p < 

0.0001; Low–High: Estimate =-0.60, z = -32, p < 0.0001). 

These results indicate that epigenetic age acceleration was greatest in low-

dose males and high-dose females and was accompanied by dose-
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dependent departures from typical hypomethylation trajectories, 

demonstrating that rapamycin modulates both the rate and trajectory of 

age-associated methylation change in a treatment- and sex-specific 

manner. 
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Figure 22 Rapamycin drastically effects epigenetic ageing in the Aged 

experiment 

A) Mean epigenetic age deviation (Δ-Age), defined as the difference 

between predicted epigenetic age and chronological age. Low-dose fish 

showed significantly higher Δ-Age age than controls, and High-dose dish 

were also significantly higher than controls. B) Δ-Age trends across 

chronological time. Both High and Low-dose treatments showed a 

reduced slope compared to controls. C) Generalised Additive Model (GAM) 

of epigenetic age trajectories across chronological age. Low-dose fish 

showed plateauing Δ-Age age after 4 months of rapamycin 

supplementation, while High-dose fish exhibited early hypermethylation 

after 2 months followed by a subsequent decline after 4 months. Shaded 

areas represent 95% confidence intervals of the smooth trend. D) Δ-Age 

separated by Sex. Females exhibited epigenetic acceleration under High-

dose rapamycin, whereas males showed accelerated epigenetic age under 

Low-dose rapamycin, indicating sex-specific treatment effect. Points 

denote group means, and error bars represent standard errors. Statistical 

significance was assessed using a linear mixed-effects model (LMM) and is 

indicated by asterisks (* p < 0.05; ** p < 0.001; *** p < 0.0001). 
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6.4.4. Experiment 2: Chronic rapamycin increases the prevalence of 

macroscopic ovarian lesions in MMR-deficient fish 

Chronic rapamycin treatment was associated with an increased prevalence 

of macroscopic ovarian lesions in a genotype-dependent manner (Figure 20; 

Table S30). In msh2 heterozygous (Sa22101) fish, rapamycin increased the 

probability of observing at least one macroscopic ovarian lesion (GLMM: χ² = 

4.7, df = 2, p = 0.03), with the high-dose treatment differing significantly from 

control (Estimate = 1.5, SE = 0.7, p = 0.03). Rapamycin exposure in this 

genotype was also associated with an increased occurrence of multiple 

macroscopic lesions (GLMM Low: Estimate =1 .2, SE = 0.005, p < 0.0001; High: 

Estimate = 2.0, SE = 0.0005, p < 0.0001). 

In ABWT fish, no statistically significant treatment effects were detected for 

overall lesion prevalence. However, high-dose rapamycin showed a non-

significant trend towards an increased occurrence of multiple macroscopic 

lesions (GLMM: Estimate = 1.7, SE = 0.08, p = 0.08). 

In Experiment 2, reproductive output was not significantly affected by 

rapamycin treatment or genotype, with no differences observed in the 

proportion of fish laying eggs or in egg number across groups (Figure S13). 

 

6.4.5. Experiment 2: High and low-dose rapamycin differentially affect 

locomotor ageing trajectories 

Across the fish’s lifespan, rapamycin was associated with dose-dependent 

differences in locomotor metrics (Figure 21; Table S31). High-dose fish had 

higher mean speed than controls (LMM Control–High: Estimate =-0.9, z = -2.9, 

p = 0.009), however, their maximum speed was also lower relative to controls 

(LMM Control–High: Estimate =3 14, z = 12.1, p < 0.0001) and Low-dose fish 

(Low–High: Estimate =9 4.7, z = 3.7, p = 0.0006). Low-dose fish, compared to 
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controls, spent a greater proportion of time moving (LMM Control–Low: 

Estimate =0 .3, z = 3.6, p = 0.0008), and showed higher mean angular velocity 

(LMM Control–Low: Estimate = -59.8, z = -8.1, p < 0.0001). Thigmotaxis also 

showed a modest increase in Low-dose fish relative to control (Control - Low: 

Estimate =0 .4, z = 1.9, p = 0.09), 

These results indicate that rapamycin differentially modifies behavioural 

ageing trajectories: High-dose treatment is associated with sustained but 

blunted peak performance, whereas Low-dose treatment increases overall 

activity and edge-preference behaviours, consistent with heightened 

exploratory or stress-related locomotion. 

 

6.4.6. Experiment 2: Rapamycin modifies stress-related behaviours in a 

strain-dependent manner 

In the NTDT, fish top-zone occupancy decreased with age, with treatment 

effects different by strain (GLMM: χ² = 32,995, df = 2, p < 0.0001). In the msh2 

fish, top-zone occupancy was lower at 20 months than at 9 months under 

both doses (Low: Estimate =-1, z = -178, p < 0.0001; High: Estimate =-0.9, z = -

160, p < 0.0001). In ABWT, a Treatment × Age interaction was detected (GLMM: 

χ² = 11,573, df = 2, p < 0.0001), but no within-treatment contrasts reached 

significance (Figure 23; Table S32). 

Freezing behaviour also increased with age (GLMM: χ² = 88,470, df = 1, p < 

0.0001) and showed a Treatment × Strain effect (GLMM: χ² = 45,426, df = 2, p < 

0.0001). Notably, in ABWT, rapamycin reduced freezing behaviour (GLMM: χ² 

= 46,168, df = 2, p < 0.0001), with High-dose fish freezing less than controls 

(Control–High: Estimate =1.7, z = 3.9, p = 0.0004), with similar trend appearing 

when compared to Low-dose fish (Low–High: Estimate =0.9, z = 2, p = 0.09; 

Figure 23). 
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These results indicate that rapamycin increases anxiety-like behaviours in 

the MMR-deficient genotype, and reduces freezing behaviour in ABWT, 

demonstrating opposing, strain-specific effects on stress-related locomotor 

phenotypes. 
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Figure 23: Effects of Rapamycin on anxiety-related behaviour in Novel Tank 

Diving Test  

A) Proportion of time spent frozen during the first minute of the assay, B) 

Proportion of time spent in the top half of the tank across the full recording. 

Data are shown across ages and split by strain (WT and msh2 heterozygous). 

Raw data are shown in the background, and points denote group means, and 

error bars represent standard errors. Statistical significance was assessed using 

a linear mixed-effects model (LMM) and is indicated by asterisks (* p < 0.05; ** p 

< 0.001; *** p < 0.0001). Rapamycin reduced freezing behaviour in WT fish, 

whereas older fish spent less time in the top half of the tank under rapamycin 

treatment, indicating an age and strain-specific effects on exploratory and 

anxiety behaviour.  
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6.5. Discussion  

Our results provide clear evidence that rapamycin does not produce 

uniformly beneficial effects across ageing-related endpoints in zebrafish. 

Instead, rapamycin exposure was associated with increased epigenetic age 

estimates, dose- and strain-dependent alterations in behavioural 

trajectories, reduced male reproductive success, and an increased 

prevalence of ovarian lesions in a mismatch repair–compromised 

background. Collectively, these findings indicate that chronic mTOR 

inhibition can incur biological costs, particularly under conditions of reduced 

genome maintenance capacity, thereby defining limits to the beneficial 

effects of rapamycin reported in other systems. 

 

6.5.1. Rapamycin and epigenetic ageing 

Rapamycin increased DNA methylation–based estimates of epigenetic age 

in the short-term late-life experiment, with effects that were non-linear, sex-

specific, and dose dependent. In this context, increased epigenetic age 

reflects shifts in age-associated methylation patterns interpreted by clock 

models as accelerated relative to chronological age, rather than uniform 

advancement of all ageing processes. These findings contrast with reports of 

reduced epigenetic ageing under rapamycin treatment in mouse liver and 

blood (Petkovich et al., 2017; Horvath et al., 2019). Such discrepancies are not 

unexpected, as epigenetic clock responses to intervention depend strongly 

on tissue context, clock architecture, species, and treatment regime, as 

highlighted in comparative analyses of epigenetic ageing (Horvath and Raj, 

2018; Chapters 2 and 3). Importantly, interventions need not uniformly 

decelerate epigenetic age; instead, they can reshape ageing trajectories, 

producing non-linear or tissue-specific methylation patterns without 

consistent reductions in predicted biological age (Horvath and Raj, 2018; 
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Shindyapina et al., 2022). Consistent with this context dependence, 

rapamycin produced little to no change in blood-based epigenetic age 

estimates in rhesus macaques (Macaca mulatta), despite clear physiological 

responses to treatment (Horvath et al., 2021). Viewed alongside these studies, 

the dose-dependent and non-linear methylation trajectories observed here 

fall within the broad variability reported for epigenetic clock responses across 

tissues, species, and experimental design 

Epigenetic clocks capture coordinated DNA methylation changes associated 

with biological ageing rather than mortality risk per se (Horvath and Raj, 

2018). In the late-life exposure experiment, increased epigenetic age 

estimates coincided with altered locomotor behaviour and reduced male 

reproductive success, while in the lifelong exposure experiment rapamycin 

increased the prevalence of macroscopic ovarian lesions in the mismatch 

repair–deficient background. Although molecular and phenotypic measures 

were not assessed in the same individuals or time windows, these results 

indicate that rapamycin-induced shifts in epigenetic age can occur 

alongside changes in organismal phenotypes. In addition to altering 

epigenetic age estimates, rapamycin modified the relationship between 

chronological age and methylation-based age, producing dose-dependent 

non-linear trajectories rather than a single monotonic pattern. Consistent 

with the known sensitivity of teleost DNA methylation to environmental and 

nutritional inputs (Piferrer and Anastasiadi, 2023), these findings indicate 

that rapamycin perturbs age-associated methylation dynamics through 

context-dependent modulation rather than uniform deceleration or 

acceleration. 

 



Chapter 6 - Discussion 

 252 

6.5.2. Behavioural ageing under mTOR inhibition 

Rapamycin modified behavioural ageing trajectories in a dose- and strain-

dependent manner under both short-term late-life and lifelong exposure. In 

the late-life experiment, low-dose treatment reduced overall locomotor 

activity and exploratory behaviour, whereas high-dose treatment increased 

peak locomotor performance, time spent moving, and thigmotaxis. Under 

lifelong exposure, rapamycin altered age-associated behavioural trajectories 

without preserving youthful behavioural profiles, with effects most 

pronounced in the mismatch repair–deficient background. 

Thigmotaxis, freezing, and vertical exploration are commonly used in 

zebrafish to index anxiety-like or stress-related behavioural states and are 

sensitive to both internal physiological condition and environmental context 

(Stewart et al., 2014; Haghani et al., 2019; Johnson et al., 2023). In this study, 

rapamycin-treated fish showed increased thigmotaxis and altered freezing 

and exploratory patterns, particularly under high-dose and lifelong exposure, 

indicating heightened wall-associated swimming and changes in stress-

responsive behaviour rather than delayed behavioural ageing. Importantly, 

these responses were not uniform: low-dose treatment tended to suppress 

exploratory activity, whereas high-dose treatment increased activity and wall 

association, and effects were further modulated by genetic background. This 

divergence demonstrates that rapamycin altered the structure of 

behavioural ageing trajectories rather than producing a consistent anxiolytic 

or youth-preserving effect. 

Such context dependence is consistent with findings from mammalian 

systems. In mice, rapamycin has been reported to impair learning and 

memory under certain dosing regimens and treatment windows, while in 

other contexts modest improvements or neutral effects have been observed, 

depending on sex, age at initiation, and the behavioural domain assessed 
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(Ehninger et al., 2014; Kaeberlein, 2014). For example, chronic rapamycin 

treatment has been associated with deficits in spatial learning and task-

dependent increases in anxiety-like behavioural measures in some studies, 

despite extending lifespan. Viewed in this comparative context, the present 

results indicate that rapamycin modifies behavioural ageing trajectories 

without conferring a generalised behavioural benefit, reinforcing the 

conclusion that behavioural responses to mTOR inhibition are contingent on 

dose, timing, genetic background, and the specific behavioural endpoint 

measured, rather than being uniformly geroprotective. 

 

6.5.3. Reproductive suppression and ovarian lesions in a genome-

unstable context 

Rapamycin reduced male reproductive success following short-term late-life 

exposure, while female reproductive output was unaffected. Sex-dependent 

effects of mTOR inhibition on reproduction have been documented across 

vertebrate models. In rodents, chronic rapamycin treatment disrupts 

mTORC1 signalling in the testes of mice (Mus musculus) and rats (Rattus 

norvegicus), leading to arrested spermatogenesis, reduced sperm 

production, and testicular atrophy, consistent with impaired male 

reproductive investment under sustained mTOR suppression (Oliveira et al., 

2017; Liu et al., 2017; Zhu et al., 2019). By contrast, effects on female 

reproductive output under comparable dosing regimens are less well 

characterised. Nonetheless, mTOR signalling is known to regulate ovarian 

follicle activation and follicular lifespan in mammalian systems, particularly 

mice, where modulation of mTOR activity influences the balance between 

follicle recruitment and preservation (Dou et al., 2017). These observations 

suggest differential sensitivity of male and female reproductive processes to 

mTOR inhibition. In several species, including mammals and fish, reduced 
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male reproductive investment has been interpreted within a life-history 

framework as a trade-off favouring somatic maintenance under resource 

limitation or stress (Lind et al., 2017). In the present study, however, reduced 

male reproductive success was not accompanied by improvements in other 

ageing-related phenotypes, indicating that reproductive suppression alone 

does not provide evidence for enhanced somatic maintenance under the 

conditions tested. 

The most pronounced pathological effect observed was an increased 

prevalence of macroscopic ovarian lesions following lifelong rapamycin 

exposure in the msh2 heterozygous background. MSH2 is a core component 

of the mismatch repair pathway, and partial loss of MSH2 function elevates 

mutation burden and cancer susceptibility in humans and model organisms 

(Lynch et al., 2009; Baretti and Le, 2018). In this context, rapamycin 

significantly increased the occurrence and multiplicity of ovarian lesions in 

msh2 heterozygous fish, whereas effects in wild-type animals were 

comparatively modest. Despite this, rapamycin did not significantly alter 

egg-laying behaviour under the conditions tested, indicating that the 

observed pathological and behavioural effects were not driven by gross 

changes in reproductive output. Lesion classification was based on gross 

morphology; although histological validation was not performed, scoring 

criteria were applied consistently across genotypes and treatments.  

The present data do not indicate that rapamycin is directly mutagenic. 

Rather, the restriction of increased lesion prevalence to the mismatch repair–

compromised background, together with the observed dose dependence, 

supports an interaction between chronic mTOR inhibition and reduced 

genome maintenance capacity. This interpretation does not require a single 

mechanistic pathway but is consistent with a scenario in which impaired 

genome surveillance lowers tolerance to long-term perturbation of growth 

and survival signalling. Under this framework, genome maintenance 
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capacity emerges as a critical modifier of the long-term pathological 

consequences of rapamycin exposure. 

 

6.5.4. Comparative context of rapamycin effects on ageing 

Rapamycin robustly extends lifespan in mice, including when treatment is 

initiated late in life (Harrison et al., 2009, Miller et al., 2011), and improves 

selected healthspan-related outcomes in dogs and humans, particularly 

immune and cardiovascular function (Mannick et al., 2014, Urfer et al., 2017). 

The present findings do not contradict these results. Rather, they reflect 

differences in experimental endpoints, exposure regimes, and biological 

context between survival-focused studies and the current work. 

Across taxa, rapamycin acts as a context-dependent geromodulator rather 

than a uniformly age-slowing intervention. In invertebrates, pharmacological 

inhibition of TOR signalling extends lifespan when administered during 

adulthood and activates conserved downstream processes, including 

autophagy and stress resistance (Bjedov et al., 2010, Kapahi et al., 2004). 

However, the magnitude and qualitative nature of these benefits depend on 

exposure timing, dose, and physiological state, supporting the view that TOR 

integrates nutrient availability, growth, and repair priorities rather than 

regulating ageing through a single linear pathway	 (Kapahi et al., 2004, 

Johnson et al., 2013). 

In mammals, the strongest evidence for lifespan extension derives from 

long-term, survival-optimised dietary regimens. In the NIA Interventions 

Testing Program, (Harrison et al., 2009) administered microencapsulated 

rapamycin at approximately 14 ppm in diet, beginning at ~600 days of age, 

and observed increases in both median and maximal lifespan in genetically 

heterogeneous mice. Subsequent studies demonstrated clear dose- and sex-
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dependence using dietary concentrations of 4.7, 14, and 42 ppm, with larger 

and more consistent lifespan gains at higher doses and in females, 

accompanied by corresponding differences in circulating rapamycin levels 

(Miller et al., 2011, Miller et al., 2014). 

The pharmacological context is critical because rapamycin does not act 

exclusively through mTORC1 under all exposure conditions. Chronic 

administration can impair mTORC2 signalling in vivo, resulting in insulin 

resistance and altered metabolic homeostasis (Lamming et al., 2014, 

Lamming et al., 2012). Accordingly, rapamycin’s net phenotype reflects a 

balance between beneficial reduced translation and enhanced autophagy, 

and costs that emerge when exposure perturbs parallel regulatory systems 

(Saxton and Sabatini, 2017). 

Divergence is already evident within the mammalian literature when 

endpoints shift from survival to DNA methylation–based ageing measures. 

In mouse liver, dietary rapamycin slows epigenetic ageing signatures in 

intervention methylome analyses (Wang et al., 2017). In cultured human 

keratinocytes, rapamycin treatment similarly delays epigenetic ageing 

trajectories (Horvath et al., 2019). In contrast, rapamycin does not significantly 

alter blood-based epigenetic age estimates in common marmosets (Horvath 

et al., 2021). Even within mice, different tissues and clock architectures yield 

discordant responses, indicating that epigenetic clocks capture context-

specific regulatory state rather than providing a uniform proxy for lifespan 

extension (Horvath and Raj, 2018). 

This framework clarifies the interpretation of the present results. Epigenetic 

ageing was assessed exclusively under short-term late-life exposure, where 

rapamycin increased DNA methylation–based age estimates and reduced 

male reproductive output. In light of the broader literature, this pattern can 

be interpreted as an acute perturbation of epigenetic and reproductive 
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regulation in advanced age, rather than evidence that rapamycin fails to 

confer benefits under survival-optimised conditions. Short-term late-life 

exposure is more likely to reveal transient regulatory strain or compensatory 

responses than to reproduce the molecular outcomes observed under 

chronic dietary regimens designed to maximise lifespan. 

By contrast, lifelong exposure in the present study altered behavioural 

ageing trajectories and increased macroscopic ovarian lesions, particularly in 

a mismatch repair–deficient background. These findings aligns with 

evidence that rapamycin does not universally replicate dietary restriction–

associated benefits under compromised genome maintenance and may 

exacerbate vulnerabilities when DNA repair capacity is limiting (Birkisdóttir 

et al., 2021, Gladyshev et al., 2021). Anchoring these effects in interactions 

between exposure regime and repair competence provides a mechanistic 

explanation for the observed ovarian lesion phenotype without invoking 

species-specific exceptionalism. 

The rapamycin literature supports a model in which mTOR inhibition yields 

lifespan benefits under a relatively narrow set of dosing and exposure 

conditions optimised for survival, while alternative regimes expose trade-offs 

across molecular, reproductive, behavioural, and oncogenic domains. The 

present findings align with this model, demonstrating that rapamycin’s 

effects on ageing are conditional rather than universally beneficial, and that 

divergence from lifespan studies reflects differences in dose, timing, 

duration, and phenotypic resolution rather than inconsistency in rapamycin 

biology. 
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6.5.5. Conclusions  

In summary, this study shows that rapamycin does not exert a uniform, 

directionally beneficial effect on ageing-related phenotypes in zebrafish. 

Instead, pharmacological mTOR inhibition reshaped molecular, behavioural, 

and pathological ageing trajectories in a manner that depended on dose, 

sex, and genetic context. Increased epigenetic age estimates, altered 

behavioural trajectories, reduced male reproductive success, and elevated 

prevalence for ovarian lesions in a mismatch repair–compromised 

background can be associated with adverse shifts in specific molecular and 

phenotypic endpoints under certain conditions. In this setting, epigenetic 

clocks acted as descriptive biomarkers that tracked broader treatment-

associated changes in biological state rather than serving as direct proxies 

for lifespan. 

These findings emphasise that mTOR inhibition is not universally beneficial 

and that genome maintenance capacity represents a critical axis influencing 

its long-term consequences. Future studies incorporating tissue-specific 

molecular profiling, alternative dosing strategies, and explicit consideration 

of genome stability will be necessary to define the contexts in which 

rapamycin may confer benefit without incurring adverse effects. 

 

6.6. Data Availability 

All sequencing data, including RRBS data, generated for this project are 

available under accession (under embargo until acceptance for publication), 

https://www.ebi.ac.uk/ena/browser/view/PRJEB107120. All scripts and 

supplementary data are available at the git repository: 

https://github.com/asdfjohnny1/rapamycin-somatic-epigenetic-age.git 
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6.10. Abbreviations 

mTORC1 - mTOR complex 1 



Chapter 6 - References 

 260 

mTORC2 - mTOR complex 2 

ABWT - Wild-type strain 

MMR - Mismatch repair  

CpG - 5′-C-phosphate-G-3′ 

LMM - Linear mixed models 

GLMM - Generalised linear mixed models 
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7. Chapter 7 

7.1. Overview 

This thesis examined how somatic ageing is shaped by tissue context, 

germline status, and physiological intervention in a vertebrate system. Using 

zebrafish as an experimental model, a combination of transcriptomic 

analyses, DNA methylation profiling, longitudinal epigenetic modelling, and 

behavioural and pathological assays were used to investigate how ageing-

related regulatory states are organised and modified. 

Across Chapters 2–6, three complementary strategies were used. First, 

germline ablation was employed as a genetic perturbation that removes 

reproductive signalling without altering somatic genotype. Second, 

epigenetic clocks were treated not as fixed biomarkers but as models whose 

behaviour depends on tissue biology and feature architecture. Third, 

pharmacological inhibition of mTOR via rapamycin was used to perturb 

nutrient-sensing and growth signalling under different exposure regimes 

and genetic backgrounds. 

Rather than seeking to define or optimise a single quantitative measure of 

biological age, this thesis contributes (i) a cross-tissue benchmark of clock 

architecture, and (ii) longitudinal evidence that germline status shapes the 

temporal structure and stability of somatic epigenetic ageing. By integrating 

these approaches, this thesis examined how reproductive status, tissue 

context, and signalling pathways influence the organisation, stability, and 

temporal structure of molecular ageing. In this final chapter, these findings 

are synthesised to draw conceptual conclusions about the regulatory role of 

the germline in ageing, identify the questions they raise, and position the 

work within the broader field of ageing biology. 
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7.2. Conceptual conclusions 

7.2.1. Ageing trajectories are regulated, context-dependent processes 

A central conclusion of this thesis is that somatic ageing does not proceed as 

a uniform, cell-autonomous accumulation of molecular damage. Instead, 

ageing trajectories are regulated processes that depend on tissue identity, 

reproductive signalling state, and physiological context. Chapter 4 

demonstrated that epigenetic ageing across somatic tissues follows a 

mosaic architecture. Tissue-specific CpGs encode local ageing trajectories 

shaped by proliferative history and regenerative capacity, while a smaller set 

of overlapping CpGs captures conserved regulatory vulnerability across 

tissues. Similar tissue stratification of epigenetic ageing has been observed 

in mammals, where post-mitotic tissues exhibit more stable methylation 

trajectories than proliferative epithelia (Horvath, 2013, Hannum et al., 2013, 

Slieker et al., 2018). Notably, overlapping CpGs did not show homogeneous 

methylation behaviour between tissues but instead exhibited tissue-specific 

dynamics at the level of entropy across tissues and correlation structure. This 

indicates that conserved regulatory targets are differentially modulated 

depending on tissue context, consistent with models in which ageing 

reflects destabilisation of regulatory networks rather than uniform molecular 

decay (Teschendorff et al., 2013, López-Otín et al., 2013). 

Chapter 5 further showed that germline ablation alters the shape of somatic 

ageing trajectories rather than producing a uniform shift in biological age. 

Germline-free fish exhibited reduced epigenetic age early in life but 

weakened late-life deceleration and increased regulatory instability. 

Comparable non-linear ageing trajectories have been reported in 

longitudinal human epigenetic clock analyses, where age-associated slopes 

decelerate or plateau at advanced ages (Horvath, 2013, Snir et al., 2019, 

Marioni et al., 2019). 
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Together, these findings support a model in which ageing trajectories reflect 

long-term regulation of somatic maintenance programmes, shaped by 

tissue dynamics and inter-tissue signalling, rather than inevitable damage 

accumulation alone. By combining tissue-resolved epigenetic profiling with 

experimental manipulation of germline status, this work provides 

experimental evidence that such context dependence reflects active 

regulatory control rather than passive tissue turnover alone 

 

7.2.2. The germline acts as a regulator of somatic ageing, not merely a cost 

A second major conclusion is that the germline influences somatic ageing 

through regulatory mechanisms rather than through energetic depletion 

associated with reproduction. In Chapter 2, germline ablation reorganised 

baseline somatic transcription, altered gene architecture-associated 

regulation, weakened DREAM-mediated repression, and reshaped the 

timing and resolution of DNA damage responses. These effects were evident 

prior to acute stress and extended to transposable element regulation, 

indicating coordinated chromatin-level control rather than reactive 

compensation. Similar germline-dependent regulation of somatic 

maintenance has been described in invertebrate systems, where germline 

removal activates stress resistance and genome protection pathways 

independently of fertility (Hsin and Kenyon, 1999, Ermolaeva et al., 2013). 

Chapter 5 demonstrated that germline ablation modifies somatic epigenetic 

ageing trajectories across the life course. Early-life molecular youth in 

germline-free fish was accompanied by reduced late-life epigenetic 

stabilisation, increased stochastic divergence at robust CpG sites, and altered 

behavioural output. This pattern is inconsistent with a simple energetic 

interpretation of the disposable soma theory, which predicts sustained 

improvement in somatic maintenance following reduced reproductive 
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investment (Kirkwood, 1977). Instead, the data are more consistent with 

frameworks in which the germline provides stabilising regulatory input, that 

constrains late-life epigenetic drift and maintains long-term regulatory 

coherence. Removal of this input releases early-life protective programmes 

but compromises long-term epigenetic stability, consistent with 

developmental and regulatory trade-off models of ageing (Maklakov and 

Immler, 2016, Maklakov and Chapman, 2019). 

 

7.2.3. Epigenetic clocks measure different aspects of ageing, not a single 

truth 

A third conceptual conclusion concerns the interpretation of epigenetic 

clocks themselves. Chapters 3–5 collectively show that epigenetic clocks are 

not interchangeable measures of a single underlying ageing process. Clock 

performance and behaviour depended strongly on tissue context and CpG 

aggregation strategy. Tissue-specific clocks benefited from regional 

aggregation, whereas multi-tissue clocks required locus-level resolution. 

Comparable context dependence has been reported in human clock 

comparisons, where clocks trained on different tissues or objectives show 

divergent associations with health outcomes and mortality (Horvath and Raj, 

2018, Bell et al., 2019). Crucially, different clock architectures responded 

differently to the same perturbations, including germline ablation and 

rapamycin exposure. These discrepancies were systematic and reproducible, 

indicating that clocks emphasise different modes of age-associated 

methylation change rather than introducing random error. Similar 

discordance has been reported in comparative intervention studies, where 

epigenetic clocks respond inconsistently across tissues and species despite 

clear physiological effects (Horvath et al., 2021).  
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Epigenetic age should therefore be interpreted as a model-dependent 

readout of regulatory state, sensitive to tissue biology, feature representation, 

and experimental context, rather than as a universal scalar measure of 

biological ageing. 

 

7.2.4. Interventions reshape molecular trajectories rather than uniformly 

slowing them 

Chapter 6 demonstrated that pharmacological mTOR inhibition via 

rapamycin does not exert uniformly beneficial effects across ageing-related 

endpoints. Instead, rapamycin reshaped molecular, behavioural, 

reproductive, and pathological trajectories in a dose-, sex-, strain-, and 

exposure-dependent manner. Short-term late-life rapamycin exposure 

increased epigenetic age estimates, altered locomotor behaviour, and 

reduced male reproductive success. Lifelong exposure modified behavioural 

ageing trajectories and increased ovarian lesion prevalence in a mismatch 

repair–deficient background, even though rapamycin produces well-

established lifespan-extending effects in survival-optimised mouse studies 

(Harrison et al., 2009, Miller et al., 2011). Such context dependence is 

increasingly recognised across taxa. Rapamycin extends lifespan in 

invertebrates and mammals under specific dosing and timing regimes but 

can impair metabolic homeostasis, reproduction, or cognitive function under 

others, particularly when mTORC2 signalling is disrupted (Lamming et al., 

2012, Ehninger et al., 2014, Saxton and Sabatini, 2017). 

These results indicate that rapamycin acts as a context-dependent 

geromodulator rather than a universal suppressor of ageing. In this setting, 

epigenetic clocks functioned as descriptive biomarkers of altered regulatory 

state rather than proxies for lifespan extension. 
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7.3. Integration with ageing theory 

Taken together, the findings of this thesis align most closely with 

evolutionary and developmental theories of ageing that emphasise 

regulatory trade-offs rather than energetic depletion alone. 

The stage-dependent effects of germline ablation are difficult to reconcile 

with a strictly energetic/resource-allocation interpretation of the disposable 

soma theory (Kirkwood, 1977). Instead, they support models in which 

reproductive status actively shapes somatic regulatory programmes, 

influencing both early-life robustness and late-life stability (Gladyshev et al., 

2021) 

The preferential involvement of developmental and regulatory gene 

networks in age-associated methylation change, together with Polycomb 

enrichment at conserved CpGs, supports the developmental theory of 

ageing, in which ageing reflects the progressive destabilisation of regulatory 

programmes established during development (Maklakov and Chapman, 

2019). 

Rapamycin’s conditional effects further reinforce this view. Modulation of 

mTOR signalling did not uniformly preserve youthful states but exposed 

trade-offs between growth regulation, genome maintenance, behaviour, 

and pathology, consistent with antagonistic pleiotropy and hyperfunction-

based models of ageing (Williams, 1957, Blagosklonny, 2010). 

 

7.4. Conceptual questions raised by this work 

This thesis raises several testable conceptual questions. First, which 

germline-derived signals stabilise late-life somatic epigenetic regulation? 
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Distinguishing between endocrine, paracrine, and chromatin-mediated 

mechanisms will require targeted perturbation experiments rather than 

additional descriptive profiling. Second, when epigenetic clocks yield 

divergent responses to the same perturbation, do these differences reflect 

selective alteration of distinct modes of methylation ageing, or changes in 

cell-type composition within tissues? Single-cell or lineage-resolved DNA 

methylation profiling would allow these alternatives to be directly 

disentangled. Third, are the altered ageing trajectories induced by germline 

ablation established during development, or are they actively maintained by 

adult reproductive cues? Temporally controlled germline manipulation 

would provide a direct test of this distinction. Finally, under what conditions 

can interventions modify ageing trajectories without increasing late-life 

regulatory instability or pathological burden? Addressing this question will 

require experimental designs that explicitly quantify trade-offs across 

molecular, behavioural, and pathological domains, rather than assuming 

concordance among ageing-related endpoints.  

A limitation of the germline-ablation framework used here is that loss of dnd1 

biases zebrafish development towards phenotypic males, constraining 

inference primarily to male somatic ageing trajectories (Siegfried and 

Nüsslein-Volhard, 2008, Tzung et al., 2015). Given well-established sex 

differences in ageing regulation across vertebrates, including divergent 

lifespan trajectories and molecular ageing dynamics, germline–soma 

interactions may operate differently in female contexts (Moses et al., 2023, 

Austad and Fischer, 2016). Future work could address this limitation by 

combining germline manipulation with hormonal feminisation approaches, 

such as oestrogen (EE2) exposure, which can induce or maintain female 

somatic phenotypes in zebrafish, thereby allowing germline status to be 

disentangled from somatic sex and directly tested for sex-specific regulatory 
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effects on epigenetic ageing (Andersen et al., 2003, von Hofsten and Olsson, 

2005, Hu et al., 2021) 

 

7.5. Final remarks 

This thesis demonstrates that somatic ageing in zebrafish is shaped by tissue 

context, germline-dependent regulation, and physiological intervention. By 

treating epigenetic clocks as context-sensitive models rather than fixed 

biomarkers, it shows that ageing trajectories reflect regulated biological 

processes with inherent trade-offs. 

More broadly, the work argues against reducing ageing to a single 

quantitative variable. Molecular, behavioural, and pathological dimensions of 

ageing capture distinct aspects of biological change and do not necessarily 

move in parallel. Understanding how ageing trajectories are regulated, 

stabilised, and destabilised is therefore essential for both mechanistic insight 

and rational evaluation of interventions. 
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8. Appendix Chapter two 

Supporting Information for Germline ablation 

affects somatic gene expression resulting in 

improved somatic maintenance 

 

8.1. Material and Methods  

8.1.1. Fish husbandry details 

Wild-type AB zebrafish (Danio rerio) were maintained under standard 

conditions at 28 °C in 3 L tanks with a 12:12 h light–dark cycle, following 

established zebrafish facility protocols. Outbreeding was strictly maintained 

to preserve genetic variation between generations. Juvenile fish were fed five 

times per day, whereas adult fish were fed three times daily with live Artemia 

and dried flake food (Zeigler adult zebrafish diet; Aquatic Habitats). Water 

quality, temperature, and pH were continuously monitored and maintained 

within standard ranges (pH 7.0–7.5, conductivity 500–550 µS). Fish were 

reared and handled in accordance with ethical guidelines at the Evolutionary 

Biology Centre, Uppsala University. 

 

8.1.2. CRISPR/Cas9-mediated germline ablation in zebrafish 

To generate germline-free zebrafish, dead-end (dnd1) knockout was 

performed using CRISPR/Cas9-mediated mutagenesis. dnd1 is essential for 

primordial germ cell survival, and its loss leads to complete germ cell 

ablation, resulting in sterile males with somatic testes. 
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8.1.3. sgRNA design and template preparation 

Target sequences within dnd1 were designed using CRISPR-Scan 

(https://crisprscan.org) and verified for minimal off-target potential. For in 

vitro transcription using the T7 promoter, each 20 nt target sequence was 

prefixed with the T7 initiation site (“GG”) and appended to a 20 nt overlap 

sequence complementary to the generic sgRNA scaffold. The targeting oligo 

(oligo A) was annealed to a universal sgRNA backbone oligo (oligo B; 5′-

AAAAGCACCGACTCGGTGCCACTTTTTCAAGTTGATAACGGACTAGCCTTATTTTA

ACTTGCTATTTCTAGCTCTAAAAC-3′) as described by Varshney et al. (2015). 

Annealing and fill-in reactions were carried out using Phusion High-Fidelity 

DNA Polymerase (NEB M0530S) under the following conditions: 

98 °C for 2 min, 50 °C for 10 min, and 72 °C for 10 min. 

The expected 120 bp sgRNA template product was confirmed by 

electrophoresis on a 2.5% agarose gel. 

 

8.1.4. In vitro transcription of sgRNA 

Approximately 2–3 µL of the assembled sgRNA template was used as input 

for RNA synthesis using the T7 Quick High Yield RNA Synthesis Kit (NEB 

E2050S), following the manufacturer’s instructions. Following transcription, 

reactions were treated with 1 µL DNase I (from kit) at 37 °C for 15 min and RNA 

was purified by isopropanol/sodium acetate precipitation or alternatively 

using the mirVana miRNA Isolation Kit (Life Technologies AM1560). RNA 

pellets were dissolved in RNase-free water, quantified using a NanoDrop 

spectrophotometer (expected yield 1.5–3 µg/µL), and quality-checked on 2–

2.5% agarose gels. Aliquots were stored at −80 °C until use. 

 

https://crisprscan.org/
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8.1.5. Preparation of Cas9 mRNA 

Cas9 mRNA was synthesised from the pT3TS-nCas9n plasmid (Addgene 

#46757). The plasmid was linearised with XbaI (NEB), purified using a 

QIAprep Spin Column (Qiagen 27104), and quantified by NanoDrop. In vitro 

transcription was carried out using the mMESSAGE mMACHINE T3 Kit (Life 

Technologies AM1348). The resulting RNA was purified either by LiCl 

precipitation or using the RNeasy Mini Kit (Qiagen, 74104). RNA integrity was 

verified on a 1% agarose gel (expected single 4.5 kb band), and concentration 

determined (>1 µg/µL). Cas9 mRNA was aliquoted and stored at −80 °C. 

 

8.1.6. Microinjection 

Injection mixtures were prepared immediately prior to use on ice. A standard 

10 µL mix contained: 

- 1 µL Cas9 mRNA (750 ng/µL), 

- 1 µL sgRNA per target (250 ng/µL), 

- 1 µL phenol red (Sigma P0290), 

- RNase-free water to 10 µL total volume. 

Injection needles were calibrated to deliver 2 nL per embryo, corresponding 

to approximately 150 pg Cas9 mRNA and 25 pg sgRNA per target. Injections 

were performed at the 1-cell stage, typically into the yolk for higher embryo 

survival, or into the cell for greater mutagenesis efficiency. Embryos were 

maintained at 28 °C in E3 medium and inspected daily. 

 

8.1.7. Verification of mutagenesis and germline loss 

At 2–3 days post fertilisation, subsets of embryos were screened for editing 

efficiency using the T7 endonuclease I (T7E1) assay (NEB M0302L) or 
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fragment length analysis. Efficient sgRNAs were identified by cleavage of 

heteroduplexed PCR amplicons. Successfully edited fish were raised to 

adulthood and confirmed to exhibit complete germ cell ablation via 

morphological and genotypic analysis. 

 

8.1.8. Gamma irradiation procedure 

Twenty-four adult males (GLC and GLF, > 6 months old) were irradiated with 

a 20 Gy dose from a Caesium-137 gamma source (Gammacell 3000; 

Stockholm University). Fish were transferred to sterile six-well plates (16.8 mL 

per well, 1–2 fish/well) containing system water. Wells were sealed with 

laboratory film to prevent desiccation. Plates were placed in the irradiator for 

approximately 25 minutes to reach the target dose. Dosimetry was 

confirmed using a calibrated ionisation chamber (ISO/IEC 17025 standard). 

Post-irradiation, fish were returned to standard housing conditions and 

sampled at 3 h and 24 h post-irradiation. 

 

8.1.9. RNA extraction and library preparation 

Tissues were manually homogenised in Trizol Reagent (Invitrogen), and RNA 

was extracted following the manufacturer’s protocol. Phase separation was 

performed with chloroform, followed by centrifugation at 12,000 × g for 20 

min at 4 °C. The aqueous phase was recovered, and residual DNA was 

removed using the TURBO DNA-free Kit (Ambion). RNA concentration and 

purity were measured on a NanoDrop spectrophotometer, and integrity was 

verified using an Agilent Bioanalyzer. 

RNA libraries were prepared using NEBNext Ultra II Directional RNA Library 

Prep Kit (poly-A selection, 200–300 bp inserts) and sequenced by Novogene 

(UK). Samples were sequenced in two balanced batches (intestine, kidney, 
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and testes in batch 1; brain, spleen, and caudal fin in batch 2) on an Illumina 

NovaSeq 6000 S1 v1.5 platform, 150 bp paired-end, 60-plex per lane. 

 

8.1.10. RNA-seq processing pipeline 

Raw reads were processed using NF-core RNA-seq v3.9 under Nextflow 

v22.04.5. Quality trimming and adapter removal were performed using Trim 

Galore, retaining reads ≥ 10,000 per sample. Reads were aligned to the Danio 

rerio reference genome (GRCz11) using STAR (two-pass mode) and quantified 

with Salmon in selective-alignment mode. Gene-level count matrices were 

generated using the NF-core standard parameters. Quality metrics (FastQC, 

MultiQC) were verified for all samples. 

 

8.1.11. Differential gene expression analyses 

Gene-level counts were analysed in edgeR v3.38 (Bioconductor) within 

RStudio. Lowly expressed genes were filtered using CPM > 1 in ≥ 3 samples. 

Normalisation was performed using TMM (trimmed mean of M values). 

Differential expression was tested using generalised linear models with 

contrasts representing: (i) GLC vs GLF (non-irradiated); (ii) Irradiated vs 

control (GLC and GLF separately, 3 h and 24 h); (iii)Irradiated GLC vs GLF 

(time-matched). 

False discovery rate (FDR) was controlled using Benjamini–Hochberg 

correction (FDR < 0.05). Volcano plots were generated 

using EnhancedVolcano v1.18. 
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8.1.12. Transposable element (TE) annotation and analysis 

TE expression was quantified with TEtranscripts v2.2.3, using the Danio 

rerio genome (GRCz11) and Ensembl TE annotations. TE differential 

expression was analysed analogously to gene-level data. Because libraries 

were poly(A)-selected, detected TEs represent only polyadenylated fractions 

of transposon-derived transcripts. 

TE age and divergence were inferred using RepeatMasker (RM) and 

calcDivergenceFromAlign.pl, which calculates Kimura substitution levels 

(KS) between TE copies and their consensus sequences. Lower KS values 

indicate more recent transposon activity. TE density was calculated as the 

proportion of TE-occupied base pairs per gene, normalised by total gene 

length. 

 

8.1.13. Chromatin and gene structure analyses 

To assess chromatin openness, gene coordinates were mapped to ATAC-seq 

chromatin accessibility tracks derived from the zebrafish COPES dataset 

described by Baranasic et al., Nat. Genet. 54:1682–1693 (2022). These tracks 

identify Constitutively Open Predicted Elements (COPES), representing 

genomic regions consistently accessible throughout zebrafish development. 

Gene exon–intron structures were obtained from Ensembl v107 (Danio 

rerio GRCz11) annotations. Exonic regions were merged by chromosomal 

start sites to avoid artificial elongation from alternative splicing. Total exonic 

length per gene was computed as the sum of non-overlapping regions; 

intronic length was derived by subtracting exonic from total gene length. 

The proportion of exonic content was expressed as (exonic length / gene 

length) × 100. 
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8.2. Supplementary Tables  

Table S 1: Generalised linear modelling of gene expression for a targeted 

comparison. 

Two generalised linear models (GLMs; edgeR) were fitted to a biologically 

defined subset of samples to isolate the specified comparison and effect. 

Model dispersion (global overdispersion across genes), mean tagwise 

dispersion (average gene-level variability), and residual degrees of freedom 

(reflecting effective model power) are reported. 

Model EdgeR 

model 

Compariso

n of 

interest 

Numb

er of 

sample

s / Total 

Model 

Dispersio

n 

Mean 

Tagwise 

Dispersio

n 

Residu

al df 

Full 

Soma 

~  Strain * 

Irradiatio

n * Tissue 

* 

Timepoi

nt + 

Individua

l 

Overall 

difference 

in 

expression 

between 

somas 

considerin

g the 

effect of 

genotoxic 

stress 

111 / 123 2.4 3.7 55 
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Germlin

e 

~   

Irradiatio

n * 

Timepoi

nt + 

Individua

l 

Effect of 

irradiation 

on 

expression 

in the 

germline 

12/123 0.6 1.2 8 
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Table S 2: Number of differentially expressed genes identified by each 

generalised linear model. 

Differential expression was assessed using generalised linear models 

implemented in edgeR. Genes were classified as differentially expressed at a 

false discovery rate (FDR) < 0.05. Upregulated genes correspond to positive 

log₂ fold change (logFC > 0), while downregulated genes correspond to 

negative log₂ fold change (logFC < 0) 

Comparison 

Number of 

upregulated 

genes 

Number of 

downregulated 

genes 

Number of 

non-

differentially 

expressed 

genes 

Total 

number of 

expressed 

genes 

C1 2357 4498 16659 23514 

C2.24 3372 4619 15523 23514 

C2.3 3779 4473 15262 23514 

C3.br 1592 3891 18031 23514 

C3.int 3211 6476 13827 23514 

C3.kid 3405 6823 13286 23514 

C3.ski 5990 3766 13758 23514 

C3.spl 3850 5692 13972 23514 

C4.br.3 4498 4110 14906 23514 

C4.int.3 5188 4688 13638 23514 
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C4.kid.3 4997 4759 13758 23514 

C4.ski.3 4806 4654 14054 23514 

C4.spl.3 4819 6876 11819 23514 

C5.br.24 1884 3050 18580 23514 

C5.int.24 4465 7002 12047 23514 

C5.kid.24 6117 5270 12127 23514 

C5.ski.24 5629 5516 12369 23514 

C5.spl.24 4122 4024 15368 23514 

C6.24 6989 7736 8167 22892 

C6.3 6710 9118 7064 22892 
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Table S 3: Linear contrasts derived from the full model for systematic 

evaluation of gene expression effects. 

A comprehensive set of linear contrasts was specified from the full model to 

test predefined hypotheses, including strain-specific effects within 

individual tissues, irradiation responses within each strain, and strain–

treatment interactions. 

Model Contrast ID Comparison Interpretation 

Soma 

model 
C1 

Non-irrad. GLC vs 

Non-irrad. GLF 

 

Effect of germline ablation 

on non-irradiated somatic 

tissues 

 

Soma 

model 
C2.3 

3hpir GLC vs 3hpir 

GL 

Germline–irradiation 

interaction at 3 hours post-

irradiation (3hpir) in soma 

Soma 

model 
C2.24 

24hpir GLC vs 

24hpir GLF 

Germline–irradiation 

interaction at 24 hours 

post-irradiation (24hpir) in 

soma 

Soma 

model 
C3.brain 

Non-irrad. GLC 

brain vs Non-irrad. 

GLF brain 

Effect of germline ablation 

in brain tissue 

Soma 

model 
C3.intestine 

Non-irrad. GLC 

intestine vs Non-

irrad. GLF intestine 

Effect of germline ablation 

in intestinal tissue 
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Soma 

model 
C3.kidney 

Non-irrad.  GLC 

kidney vs Non-

irrad. GLF kidney 

Effect of germline ablation 

in kidney tissue 

Soma 

model 

C3.caudal 

fin 

Non-irrad.  GLC 

caudal fin vs Non-

irrad. GLF caudal 

fin 

Effect of germline ablation 

in caudal fin tissue 

Soma 

model 
C3.spleen 

Non-irrad. GLC 

spleen vs Non-

irrad. GLF spleen 

Effect of germline ablation 

in spleen tissue 

Soma 

model 
C4.brain.3 

3hpir GLC brain vs 

3hpir GLF brain 

Germline–irradiation 

interaction in brain tissue at 

3hpir 

Soma 

model 

C4.intestine.

3 

3hpir  GLC intestine 

vs 3hpir  GLF 

intestine 

Germline–irradiation 

interaction in intestinal 

tissue at 3hpir 

Soma 

model 
C4.kidney.3 

3hpir GLC kidney vs 

3hpir  GLF kidney 

Germline–irradiation 

interaction in kidney tissue 

at 3hpir 

Soma 

model 

C4.caudal 

fin.3 

3hpir  GLC caudal 

fin vs 3hpir  GLF 

caudal fin 

Germline–irradiation 

interaction in caudal fin 

tissue at 3hpir 

Soma 

model 
C4.spleen.3 

3hpir  GLC spleen 

vs 3hpir  GLF 

spleen 

Germline ablation–

irradiation interaction in 

spleen tissue at 3hpir 
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Soma 

model 
C5.brain.24 

24hpir  GLC brain 

vs 24hpir GLF brain 

Germline–irradiation 

interaction in brain tissue at 

24hpir 

Soma 

model 

C5.intestine. 

24 

24hpir GLC 

intestine vs 24hpir 

GLF intestine 

Germline–irradiation 

interaction in intestinal 

tissue at 24hpir 

Soma 

model 

C5.kidney. 

24 

24hpir GLC kidney 

vs I24hpir GLF 

kidney 

Germline–irradiation 

interaction in kidney tissue 

at 24hpir 

Soma 

model 

C5.caudal 

fin. 24 

24hpir GLC caudal 

fin vs 24hpir GLF 

caudal fin 

Germline–irradiation 

interaction in caudal fin 

tissue at 24hpir 

Soma 

model 

C5.spleen. 

24 

24hpir  GLC spleen 

vs 24hpir GLF 

spleen 

Germline ablation–

irradiation interaction in 

spleen tissue at 24hpir 

Germlin

e model 
C6.3 

Non-irrad. GLC 

testes vs 3hpir GLC 

testes 

Irradiation at 24 hours post-

irradiation in the germline 

(24hpir) 

Germlin

e model 
C6.24 

Non-irrad. GLC 

testes vs 24hpir 

GLC testes 

Irradiation at 3 hours post-

irradiation in the germline 

(3hpir) 
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Table S 4 : Top 5 differentially expressed genes in the soma across 

irradiation timepoints in zebrafish strains. 

This table presents the top ten differentially expressed genes (ranked by false 

discovery rate, FDR) for each zebrafish strain (GLC vs GLF) at three timepoints 

post-irradiation: A) non-irradiated controls (nonir), B) 3 hours post-irradiation 

(3hpir), and C) 24 hours post-irradiation (24hpir). Genes were selected from a 

linear model-based differential expression analysis using an FDR threshold 

of <0.05, stratified by strain and direction of regulation (upregulated or 

downregulated). For each gene, Ensembl gene identifiers, gene symbols, 

associated model groupings, and relevant Gene Ontology (GO) terms, 

including GO ID, term name, and definition, are provided.  

A) 

Ensemble Gene ID Symbol Model Label 

Strai

n GO ID 

ENSDARG00000079

105 

mhc2da

b 

full_mod

el 

nonir_so

ma GLC 

GO:004261

3 

ENSDARG00000097

137 NA 

full_mod

el 

nonir_so

ma GLC  

ENSDARG00000071

024 

zgc:1716

79 

full_mod

el 

nonir_so

ma GLC 

GO:000551

5 

ENSDARG00000030

448 sppl2 

full_mod

el 

nonir_so

ma GLC 

GO:00425

00 

ENSDARG00000044

074 loxl2b 

full_mod

el 

nonir_so

ma GLC 

GO:001664

1 
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B) 

ENSDARG00000086

418 

si:ch211-

236p5.3 

full_mod

el 

nonir_so

ma GLF 

GO:000551

5 

ENSDARG00000087

299 armc9 

full_mod

el 

nonir_so

ma GLF 

GO:00360

64 

ENSDARG000001127

02 NA 

full_mod

el 

nonir_so

ma GLF  

ENSDARG00000068

621 nlrc11 

full_mod

el 

nonir_so

ma GLF 

GO:000551

5 

ENSDARG00000104

899 

si:dkey-

242k1.4 

full_mod

el 

nonir_so

ma GLF  

Ensemble Gene ID Symbol Model Label 

Strai

n GO ID 

ENSDARG00000071

024 zgc:171679 

full_mo

del 

3hpir_so

ma GLC 

GO:00055

15 

ENSDARG0000000

3132 apip 

full_mo

del 

3hpir_so

ma GLC  

ENSDARG0000009

7137 NA 

full_mo

del 

3hpir_so

ma GLC  

ENSDARG0000009

8030 NA 

full_mo

del 

3hpir_so

ma GLC  
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C) 

ENSDARG00000103

841 NA 

full_mo

del 

3hpir_so

ma GLC 

GO:00038

24 

ENSDARG0000006

8621 nlrc11 

full_mo

del 

3hpir_so

ma GLF 

GO:00055

15 

ENSDARG0000010

4635 mhc2dgb 

full_mo

del 

3hpir_so

ma GLF  

ENSDARG0000009

1847 

LOC110437

747 

full_mo

del 

3hpir_so

ma GLF 

GO:00055

15 

ENSDARG00000116

524 mhc2dhb 

full_mo

del 

3hpir_so

ma GLF 

GO:00426

13 

ENSDARG0000007

9645 NA 

full_mo

del 

3hpir_so

ma GLF  

Ensemble Gene ID Symbol Model Label 
Strai

n 
GO ID 

ENSDARG0000007

9105 
mhc2dab 

full_mo

del 

24hpir_so

ma 
GLC 

GO:00426

13 

ENSDARG0000010

4635 
mhc2dgb 

full_mo

del 

24hpir_so

ma 
GLC  

ENSDARG0000007

1024 
zgc:171679 

full_mo

del 

24hpir_so

ma 
GLC 

GO:00055

15 
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ENSDARG0000004

4074 
loxl2b 

full_mo

del 

24hpir_so

ma 
GLC 

GO:00166

41 

ENSDARG0000007

4653 

si:ch211-

233m11.1 

full_mo

del 

24hpir_so

ma 
GLC 

GO:00055

15 

ENSDARG0000006

8621 
nlrc11 

full_mo

del 

24hpir_so

ma 
GLF 

GO:00055

15 

ENSDARG0000009

1847 

LOC110437

747 

full_mo

del 

24hpir_so

ma 
GLF 

GO:00055

15 

ENSDARG0000009

4210 
fthl31 

full_mo

del 

24hpir_so

ma 
GLF 

GO:00068

79 

ENSDARG0000008

7299 
armc9 

full_mo

del 

24hpir_so

ma 
GLF 

GO:00360

64 

ENSDARG0000010

4613 
NA 

full_mo

del 

24hpir_so

ma 
GLF  
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Table S 5: Top 5 differentially expressed genes in each somatic tissue 

across irradiation timepoints in zebrafish strains.  

This table presents the top ten differentially expressed genes (ranked by false 

discovery rate, FDR) for each zebrafish strain (GLC vs GLF) at three timepoints 

post-irradiation: A) non-irradiated controls (nonir), B) 3 hours post-irradiation 

(3hpir), and C) 24 hours post-irradiation (24hpir). Genes were selected from a 

linear model-based differential expression analysis using an FDR threshold 

of <0.05, stratified by strain and direction of regulation (upregulated or 

downregulated). For each gene, Ensembl gene identifiers, gene symbols, 

associated model groupings, and relevant Gene Ontology (GO) terms, 

including GO ID, term name, and definition, are provided.  

A) 

Ensemble Gene ID Symbol Model Label 

Strai

n GO ID 

ENSDARG000000

79105 mhc2dab 

full_mo

del nonir_brain GLC 

GO:0042

613 

ENSDARG000000

44074 loxl2b 

full_mo

del nonir_brain GLC 

GO:00166

41 

ENSDARG000000

97137 NA 

full_mo

del nonir_brain GLC  

ENSDARG0000011

3971 

LOC100149

352 

full_mo

del nonir_brain GLC 

GO:0005

634 

ENSDARG000000

04141 dhrs11b.2 

full_mo

del nonir_brain GLC 

GO:0005

575 
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ENSDARG000000

87299 armc9 

full_mo

del nonir_brain GLF 

GO:0036

064 

ENSDARG0000011

2702 NA 

full_mo

del nonir_brain GLF  

ENSDARG000000

86418 

si:ch211-

236p5.3 

full_mo

del nonir_brain GLF 

GO:0005

515 

ENSDARG000000

27992 hao2 

full_mo

del nonir_brain GLF 

GO:00164

91 

ENSDARG000000

95949 

si:dkey-

22i16.9 

full_mo

del nonir_brain GLF  

ENSDARG000000

79105 mhc2dab 

full_mo

del 

nonir_intes

tine GLC 

GO:0042

613 

ENSDARG0000010

4387 slc4a5b 

full_mo

del 

nonir_intes

tine GLC 

GO:0008

509 

ENSDARG000000

97137 NA 

full_mo

del 

nonir_intes

tine GLC  

ENSDARG000000

87012 NA 

full_mo

del 

nonir_intes

tine GLC 

GO:0005

525 

ENSDARG000000

36045 penkb 

full_mo

del 

nonir_intes

tine GLC 

GO:0007

218 

ENSDARG0000011

2702 NA 

full_mo

del 

nonir_intes

tine GLF  



Appendix Chapter two  

 304 

ENSDARG000000

76043 

si:dkeyp-

73d8.9 

full_mo

del 

nonir_intes

tine GLF  

ENSDARG0000010

5731 

LOC103908

715 

full_mo

del 

nonir_intes

tine GLF 

GO:0005

515 

ENSDARG000000

86418 

si:ch211-

236p5.3 

full_mo

del 

nonir_intes

tine GLF 

GO:0005

515 

ENSDARG000000

78844 

LOC100007

883 

full_mo

del 

nonir_intes

tine GLF  

ENSDARG000000

79105 mhc2dab 

full_mo

del 

nonir_kidn

ey GLC 

GO:0042

613 

ENSDARG000000

38587 

LOC100004

199 

full_mo

del 

nonir_kidn

ey GLC  

ENSDARG000000

78828 npb 

full_mo

del 

nonir_kidn

ey GLC 

GO:00016

64 

ENSDARG000000

55240 xdh 

full_mo

del 

nonir_kidn

ey GLC 

GO:00435

46 

ENSDARG000000

97137 NA 

full_mo

del 

nonir_kidn

ey GLC  

ENSDARG0000011

2702 NA 

full_mo

del 

nonir_kidn

ey GLF  

ENSDARG0000010

0851 gphnb 

full_mo

del 

nonir_kidn

ey GLF 

GO:00323

24 
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ENSDARG000000

86418 

si:ch211-

236p5.3 

full_mo

del 

nonir_kidn

ey GLF 

GO:0005

515 

ENSDARG000000

86569 zgc:172051 

full_mo

del 

nonir_kidn

ey GLF  

ENSDARG000000

35694 stm 

full_mo

del 

nonir_kidn

ey GLF  

ENSDARG000000

79105 mhc2dab 

full_mo

del 

nonir_caud

al fin GLC 

GO:0042

613 

ENSDARG000000

97137 NA 

full_mo

del 

nonir_caud

al fin GLC  

ENSDARG000000

88625 

si:ch211-

142d6.2 

full_mo

del 

nonir_caud

al fin GLC 

GO:0005

515 

ENSDARG0000011

3971 

LOC100149

352 

full_mo

del 

nonir_caud

al fin GLC 

GO:0005

634 

ENSDARG000000

30448 sppl2 

full_mo

del 

nonir_caud

al fin GLC 

GO:0042

500 

ENSDARG000000

86418 

si:ch211-

236p5.3 

full_mo

del 

nonir_caud

al fin GLF 

GO:0005

515 

ENSDARG000000

87299 armc9 

full_mo

del 

nonir_caud

al fin GLF 

GO:0036

064 

ENSDARG0000011

6832 NA 

full_mo

del 

nonir_caud

al fin GLF 

GO:00150

74 
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ENSDARG000000

43002 vmo1a 

full_mo

del 

nonir_caud

al fin GLF  

ENSDARG000000

37789 pvalb1 

full_mo

del 

nonir_caud

al fin GLF 

GO:0005

509 

ENSDARG000000

79105 mhc2dab 

full_mo

del 

nonir_splee

n GLC 

GO:0042

613 

ENSDARG000000

38587 

LOC100004

199 

full_mo

del 

nonir_splee

n GLC  

ENSDARG000000

30448 sppl2 

full_mo

del 

nonir_splee

n GLC 

GO:0042

500 

ENSDARG000000

31952 mb 

full_mo

del 

nonir_splee

n GLC 

GO:00156

71 

ENSDARG000000

97137 NA 

full_mo

del 

nonir_splee

n GLC  

ENSDARG000000

20084 tg 

full_mo

del 

nonir_splee

n GLF  

ENSDARG000000

86418 

si:ch211-

236p5.3 

full_mo

del 

nonir_splee

n GLF 

GO:0005

515 

ENSDARG000000

28148 pax2a 

full_mo

del 

nonir_splee

n GLF 

GO:0006

355 

ENSDARG000000

05392 slc5a5 

full_mo

del 

nonir_splee

n GLF 

GO:0055

085 
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ENSDARG000000

69296 moxd1l 

full_mo

del 

nonir_splee

n GLF 

GO:0004

500 

 

B) 

Ensemble Gene ID Symbol Model Label 

Strai

n GO ID 

ENSDARG0000011

4577 

LOC108183

819 

full_mo

del 3hpir_brain GLC 

GO:00055

15 

ENSDARG000000

44074 loxl2b 

full_mo

del 3hpir_brain GLC 

GO:00166

41 

ENSDARG000000

03132 apip 

full_mo

del 3hpir_brain GLC  

ENSDARG000000

98030 NA 

full_mo

del 3hpir_brain GLC  

ENSDARG000000

97137 NA 

full_mo

del 3hpir_brain GLC  

ENSDARG000000

68621 nlrc11 

full_mo

del 3hpir_brain GLF 

GO:00055

15 

ENSDARG0000010

4635 mhc2dgb 

full_mo

del 3hpir_brain GLF  

ENSDARG000000

97610 NA 

full_mo

del 3hpir_brain GLF  
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ENSDARG0000011

6524 mhc2dhb 

full_mo

del 3hpir_brain GLF 

GO:0042

613 

ENSDARG000000

91847 

LOC110437

747 

full_mo

del 3hpir_brain GLF 

GO:00055

15 

ENSDARG000000

88524 acot17 

full_mo

del 

3hpir_intes

tine GLC 

GO:00167

90 

ENSDARG0000010

4387 slc4a5b 

full_mo

del 

3hpir_intes

tine GLC 

GO:0008

509 

ENSDARG000000

77068 

si:ch211-

11p18.6 

full_mo

del 

3hpir_intes

tine GLC 

GO:00055

15 

ENSDARG0000001

6623 

si:ch211-

195b13.1 

full_mo

del 

3hpir_intes

tine GLC  

ENSDARG000000

87012 NA 

full_mo

del 

3hpir_intes

tine GLC 

GO:00055

25 

ENSDARG0000010

4635 mhc2dgb 

full_mo

del 

3hpir_intes

tine GLF  

ENSDARG000000

71216 

si:ch211-

133n4.9 

full_mo

del 

3hpir_intes

tine GLF 

GO:0003

676 

ENSDARG000000

92833 

si:dkeyp-

1h4.8 

full_mo

del 

3hpir_intes

tine GLF  

ENSDARG000000

79105 mhc2dab 

full_mo

del 

3hpir_intes

tine GLF 

GO:0042

613 
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ENSDARG000000

94210 fthl31 

full_mo

del 

3hpir_intes

tine GLF 

GO:0006

879 

ENSDARG000000

71223 zgc:158445 

full_mo

del 

3hpir_kidn

ey GLC 

GO:00055

75 

ENSDARG000000

97137 NA 

full_mo

del 

3hpir_kidn

ey GLC  

ENSDARG000000

03132 apip 

full_mo

del 

3hpir_kidn

ey GLC  

ENSDARG0000003

6846 anks4b 

full_mo

del 

3hpir_kidn

ey GLC 

GO:00055

15 

ENSDARG000000

78828 npb 

full_mo

del 

3hpir_kidn

ey GLC 

GO:00016

64 

ENSDARG000000

91847 

LOC110437

747 

full_mo

del 

3hpir_kidn

ey GLF 

GO:00055

15 

ENSDARG0000010

4635 mhc2dgb 

full_mo

del 

3hpir_kidn

ey GLF  

ENSDARG000000

68621 nlrc11 

full_mo

del 

3hpir_kidn

ey GLF 

GO:00055

15 

ENSDARG000000

78529 adgrb1b 

full_mo

del 

3hpir_kidn

ey GLF  

ENSDARG000000

79645 NA 

full_mo

del 

3hpir_kidn

ey GLF  
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ENSDARG000000

42988 slc24a2 

full_mo

del 

3hpir_caud

al fin GLC  

ENSDARG000000

98030 NA 

full_mo

del 

3hpir_caud

al fin GLC  

ENSDARG000000

97480 NA 

full_mo

del 

3hpir_caud

al fin GLC  

ENSDARG000000

25783 

si:ch211-

125e6.11 

full_mo

del 

3hpir_caud

al fin GLC  

ENSDARG000000

74754 ifi27.6 

full_mo

del 

3hpir_caud

al fin GLC 

GO:00160

20 

ENSDARG000000

68621 nlrc11 

full_mo

del 

3hpir_caud

al fin GLF 

GO:00055

15 

ENSDARG0000010

4635 mhc2dgb 

full_mo

del 

3hpir_caud

al fin GLF  

ENSDARG0000010

3716 mhc2dga 

full_mo

del 

3hpir_caud

al fin GLF 

GO:0042

613 

ENSDARG000000

24829 tnn 

full_mo

del 

3hpir_caud

al fin GLF 

GO:00055

15 

ENSDARG0000011

6524 mhc2dhb 

full_mo

del 

3hpir_caud

al fin GLF 

GO:0042

613 

ENSDARG0000001

6494 ddc 

full_mo

del 

3hpir_splee

n GLC  
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ENSDARG000000

71601 pvalb9 

full_mo

del 

3hpir_splee

n GLC 

GO:00055

09 

ENSDARG000000

68372 zgc:158427 

full_mo

del 

3hpir_splee

n GLC 

GO:00160

20 

ENSDARG000000

57789 lyz 

full_mo

del 

3hpir_splee

n GLC 

GO:00037

96 

ENSDARG000000

88524 acot17 

full_mo

del 

3hpir_splee

n GLC 

GO:00167

90 

ENSDARG000000

20084 tg 

full_mo

del 

3hpir_splee

n GLF  

ENSDARG0000010

4635 mhc2dgb 

full_mo

del 

3hpir_splee

n GLF  

ENSDARG000000

68621 nlrc11 

full_mo

del 

3hpir_splee

n GLF 

GO:00055

15 

ENSDARG0000010

3716 mhc2dga 

full_mo

del 

3hpir_splee

n GLF 

GO:0042

613 

ENSDARG0000011

6524 mhc2dhb 

full_mo

del 

3hpir_splee

n GLF 

GO:0042

613 

ENSDARG000000

78683 

LOC110437

942 

germlin

e 

3hpir_teste

s GLC 

GO:00165

67 

ENSDARG0000011

5978 NA 

germlin

e 

3hpir_teste

s GLC  
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ENSDARG000000

75352 brinp3b 

germlin

e 

3hpir_teste

s GLC 

GO:00057

37 

ENSDARG0000003

2631 ltb4r 

germlin

e 

3hpir_teste

s GLC  

ENSDARG000000

69282 bbc3 

germlin

e 

3hpir_teste

s GLC 

GO:0090

200 

 

C) 

Ensemble Gene ID Symbol Model Label 

Stra

in GO ID 

ENSDARG000000

79105 mhc2dab 

full_mo

del 

24hpir_brai

n GLC 

GO:0042

613 

ENSDARG000000

44074 loxl2b 

full_mo

del 

24hpir_brai

n GLC 

GO:00166

41 

ENSDARG000001

04635 mhc2dgb 

full_mo

del 

24hpir_brai

n GLC  

ENSDARG000000

37954 tnnt1 

full_mo

del 

24hpir_brai

n GLC 

GO:0005

861 

ENSDARG000000

91280 

si:ch211-

66k16.27 

full_mo

del 

24hpir_brai

n GLC 

GO:0042

981 

ENSDARG000000

68621 nlrc11 

full_mo

del 

24hpir_brai

n GLF 

GO:0005

515 
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ENSDARG000000

91847 

LOC110437

747 

full_mo

del 

24hpir_brai

n GLF 

GO:0005

515 

ENSDARG000000

76043 

si:dkeyp-

73d8.9 

full_mo

del 

24hpir_brai

n GLF  

ENSDARG000000

87299 armc9 

full_mo

del 

24hpir_brai

n GLF 

GO:0036

064 

ENSDARG000000

86418 

si:ch211-

236p5.3 

full_mo

del 

24hpir_brai

n GLF 

GO:0005

515 

ENSDARG000001

04387 slc4a5b 

full_mo

del 

24hpir_intes

tine GLC 

GO:0008

509 

ENSDARG000000

79105 mhc2dab 

full_mo

del 

24hpir_intes

tine GLC 

GO:0042

613 

ENSDARG000001

04635 mhc2dgb 

full_mo

del 

24hpir_intes

tine GLC  

ENSDARG000000

36045 penkb 

full_mo

del 

24hpir_intes

tine GLC 

GO:0007

218 

ENSDARG000001

03716 mhc2dga 

full_mo

del 

24hpir_intes

tine GLC 

GO:0042

613 

ENSDARG000000

16319 c9 

full_mo

del 

24hpir_intes

tine GLF  

ENSDARG000000

68621 nlrc11 

full_mo

del 

24hpir_intes

tine GLF 

GO:0005

515 
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ENSDARG000000

12694 c3a.1 

full_mo

del 

24hpir_intes

tine GLF 

GO:0004

866 

ENSDARG000000

55278 cfb 

full_mo

del 

24hpir_intes

tine GLF 

GO:0006

956 

ENSDARG000001

02456 cfhl4 

full_mo

del 

24hpir_intes

tine GLF  

ENSDARG000000

79105 mhc2dab 

full_mo

del 

24hpir_kidn

ey GLC 

GO:0042

613 

ENSDARG000000

91280 

si:ch211-

66k16.27 

full_mo

del 

24hpir_kidn

ey GLC 

GO:0042

981 

ENSDARG000000

67848 nmrk2 

full_mo

del 

24hpir_kidn

ey GLC 

GO:0005

737 

ENSDARG000000

38587 

LOC10000

4199 

full_mo

del 

24hpir_kidn

ey GLC  

ENSDARG000000

37550 cyp21a2 

full_mo

del 

24hpir_kidn

ey GLC 

GO:00167

05 

ENSDARG000000

68621 nlrc11 

full_mo

del 

24hpir_kidn

ey GLF 

GO:0005

515 

ENSDARG000000

91847 

LOC110437

747 

full_mo

del 

24hpir_kidn

ey GLF 

GO:0005

515 

ENSDARG000000

94210 fthl31 

full_mo

del 

24hpir_kidn

ey GLF 

GO:0006

879 
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ENSDARG000000

16771 tfa 

full_mo

del 

24hpir_kidn

ey GLF  

ENSDARG000000

86569 zgc:172051 

full_mo

del 

24hpir_kidn

ey GLF  

ENSDARG000000

79105 mhc2dab 

full_mo

del 

24hpir_caud

al fin GLC 

GO:0042

613 

ENSDARG000000

42988 slc24a2 

full_mo

del 

24hpir_caud

al fin GLC  

ENSDARG000001

04635 mhc2dgb 

full_mo

del 

24hpir_caud

al fin GLC  

ENSDARG000000

44074 loxl2b 

full_mo

del 

24hpir_caud

al fin GLC 

GO:00166

41 

ENSDARG000000

95082 

si:ch211-

194p6.12 

full_mo

del 

24hpir_caud

al fin GLC  

ENSDARG000000

68621 nlrc11 

full_mo

del 

24hpir_caud

al fin GLF 

GO:0005

515 

ENSDARG000000

91847 

LOC110437

747 

full_mo

del 

24hpir_caud

al fin GLF 

GO:0005

515 

ENSDARG000000

62788 irg1l 

full_mo

del 

24hpir_caud

al fin GLF 

GO:00168

29 

ENSDARG0000011

6832 NA 

full_mo

del 

24hpir_caud

al fin GLF 

GO:00150

74 
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ENSDARG000000

07769 sult5a1 

full_mo

del 

24hpir_caud

al fin GLF 

GO:00167

40 

ENSDARG000000

79105 mhc2dab 

full_mo

del 

24hpir_sple

en GLC 

GO:0042

613 

ENSDARG000001

04635 mhc2dgb 

full_mo

del 

24hpir_sple

en GLC  

ENSDARG000000

38587 

LOC10000

4199 

full_mo

del 

24hpir_sple

en GLC  

ENSDARG0000011

6524 mhc2dhb 

full_mo

del 

24hpir_sple

en GLC 

GO:0042

613 

ENSDARG000000

71024 zgc:171679 

full_mo

del 

24hpir_sple

en GLC 

GO:0005

515 

ENSDARG000000

20084 tg 

full_mo

del 

24hpir_sple

en GLF  

ENSDARG000000

68621 nlrc11 

full_mo

del 

24hpir_sple

en GLF 

GO:0005

515 

ENSDARG000000

69296 moxd1l 

full_mo

del 

24hpir_sple

en GLF 

GO:0004

500 

ENSDARG000000

91847 

LOC110437

747 

full_mo

del 

24hpir_sple

en GLF 

GO:0005

515 

ENSDARG000000

76043 

si:dkeyp-

73d8.9 

full_mo

del 

24hpir_sple

en GLF  
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ENSDARG000000

15866 apoa2 

germlin

e 24hpir_tests GLC  

ENSDARG000000

75261 timp2b 

germlin

e 24hpir_tests GLC 

GO:00081

91 

ENSDARG000000

03533 col8a1b 

germlin

e 24hpir_tests GLC 

GO:0005

515 

ENSDARG000000

69282 bbc3 

germlin

e 24hpir_tests GLC 

GO:0090

200 

ENSDARG000001

01324 apoa1b 

germlin

e 24hpir_tests GLC 

GO:00421

57 
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Table S 6: Mixed-effects modelling of somatic gene features. 

Linear mixed-effects models (LMMs; lmer, R) fitted to the full somatic dataset 

were used to analyse A) gene expression and B) gene length, while 

generalised linear mixed-effects models (GLMMs; glmer, R) were applied to 

(C) the proportion of exonic sequence. All models include random effects to 

account for hierarchical structure within the data. 

 A) 

 

 

 

 

 

 

 

 

 

 

 

 

 

Effect 
Gene Expression (logCPM) 

X2 df p 

Strain 63 1 < 0.0001 

Contrast 2412 17 < 0.0001 

Gene Length 770 1 < 0.0001 

Chromatin 11 1 < 0.001 

Strain : Contrast 2252 17 < 0.0001 

Random Effects Variance 
Chromosome : 0.08, SD : 0.28 

Strand : 0.001, SD : 0.03 
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B) 

 

 

 

 

 

 

 

 

Effect 
Gene Length (bp) 

X2 df p 

Strain 34 1 < 0.0001 

Contrast 717 17 < 0.0001 

Chromatin 7052 1 < 0.0001 

Strain : Contrast 1538 17 < 0.0001 

Random Effects Variance 
Chromosome : 0.007, SD : 0.08 

Strand : 0.0002, SD = 0.01 
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C) 

 

 

 

 

 

 

 

 

 

 

 

Effect 
Gene Exonic Region 

X2 df p 

Strain 18731 1 < 0.0001 

Contrast 146372 17 < 0.0001 

Gene Length 124737573 1 < 0.0001 

Chromatin 321416 1 < 0.0001 

Strain : Contrast 301334 17 < 0.0001 

Random Effects Variance 
Chromosome: 0.005, SD : 0.07 

Strand : 0.0001, SD = 0.1  



Appendix Chapter two  

 321 

Table S 7: Pairwise comparisons of estimated marginal means from 

mixed-effects models. 

Pairwise comparisons of estimated marginal means (EMMs) were derived 

from linear mixed-effects models (LMMs; lmer, R) for A) gene expression and 

B) gene length, and from generalised linear mixed-effects models 

(GLMMs; glmer, R) for C) the proportion of exonic sequence. P-values were 

adjusted for multiple comparisons using Tukey’s honestly significant 

difference (HSD) procedure. 

A) 

Contrast Estimate SE df z.ratio p-

value 

GLC C1 - GLF C1 -0.492 0.062 Inf -7.932 <.0001 

GLC C2.3 - GLF C2.3 0.725 0.05392563 Inf 13.442 <.0001 

GLC C2.24 - GLF C2.24 -0.711 0.0553 Inf -12.874 <.0001 

GLC C1 - GLC C2.3 -0.572 0.052 Inf -11.097 <.0001 

GLC C1 - GLC C2.24 0.409 0.051 Inf 8.009 <.0001 

GLC C2.24 - GLC C2.3 -0.981 0.051 Inf -19.167 <.0001 

GLF C1 - GLF C2.3 0.645 0.064 Inf 10.077 <.0001 

GLF C1 - GLF C2.24 0.190 0.065 Inf 2.898 <.0001 

GLF C2.24 - GLF C2.3 0.455 0.058 Inf 7.882 <.0001 

GLC C3.br - GLF C3.br -0.249 0.073 Inf -3.428 <.0001 
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GLC C3.int - GLF C3.int -0.451 0.053 Inf -8.564 <.0001 

GLC C3.kid - GLF C3.kid -0.416 0.051 Inf -8.133 <.0001 

GLC C3.ski - GLF C3.ski 0.108 0.051 Inf 2.123 <.0001 

GLC C3.spl - GLF C3.spl -0.533 0.051 Inf -10.465 <.0001 

GLC C4.br.3 - GLF C4.br.3 1.387 0.053 Inf 26.314 <.0001 

GLC C4.int.3 - GLF C4.int.3 0.2821 0.0491 Inf 5.7407 <.0001 

GLC C4.kid.3 - GLF C4.kid.3 -0.048 0.049 Inf -0.979 <.0001 

GLC C4.ski.3 - GLF C4.ski.3 0.765 0.050 Inf 15.238 <.0001 

GLC C4.spl.3 - GLF C4.spl.3 0.9058 0.0459 Inf 19.7469 <.0001 

GLC C5.br.24 - GLF C5.br.24 -0.258 0.071 Inf -3.611 <.0001 

GLC C5.int.24 - GLF C5.int.24 -0.525 0.047 Inf -11.236 <.0001 

GLC C5.kid.24 - GLF 

C5.kid.24 

-0.367 0.046 Inf -8.000 <.0001 

GLC C5.ski.24 - GLF C5.ski.24 -0.129 0.046 Inf -2.786 <.0001 

GLC C5.spl.24 - GLF C5.spl.24 -0.307 0.054 Inf -5.681 <.0001 
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B) 

Contrast Estimate SE df z.ratio p-value 

GLC C1 - GLF C1 0.1793 0.0309 Inf 5.8037 <.0001 

GLC C2.3 - GLF C2.3 -0.3542 0.0268 Inf -13.1951 <.0001 

GLC C2.24 - GLF C2.24 0.1444 0.0275 Inf 5.2462 <.0001 

GLC C1 - GLC C2.3 0.2508 0.0256 Inf 9.7795 <.0001 

GLC C1 - GLC C2.24 0.0307 0.0254 Inf 1.2079 <.0001 

GLC C2.24 - GLC C2.3 0.2201 0.0255 Inf 8.6381 <.0001 

GLF C1 - GLF C2.3 -0.2826 0.0319 Inf -8.8646 <.0001 

GLF C1 - GLF C2.24 -0.0042 0.0326 Inf -0.1274 <.0001 

GLF C2.24 - GLF C2.3 -0.2784 0.0288 Inf -9.6776 <.0001 

GLC C3.br - GLF C3.br 0.3898 0.0361 Inf 10.7859 <.0001 

GLC C3.int - GLF C3.int 0.1611 0.0262 Inf 6.1448 <.0001 

GLC C3.kid - GLF C3.kid 0.0510 0.0255 Inf 1.9999 <.0001 

GLC C3.ski - GLF C3.ski 0.0344 0.0253 Inf 1.3622 <.0001 

GLC C3.spl - GLF C3.spl 0.0758 0.0253 Inf 2.9904 <.0001 

GLC C4.br.3 - GLF C4.br.3 -0.5949 0.0262 Inf -22.6935 <.0001 

GLC C4.int.3 - GLF C4.int.3 -0.0864 0.0245 Inf -3.5301 <.0001 

GLC C4.kid.3 - GLF C4.kid.3 -0.0889 0.0246 Inf -3.6125 <.0001 
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GLC C4.ski.3 - GLF C4.ski.3 -0.3537 0.0250 Inf -14.1572 <.0001 

GLC C4.spl.3 - GLF C4.spl.3 -0.3856 0.0228 Inf -16.8984 <.0001 

GLC C5.br.24 - GLF C5.br.24 0.2516 0.0356 Inf 7.0681 <.0001 

GLC C5.int.24 - GLF C5.int.24 0.1738 0.0233 Inf 7.4723 <.0001 

GLC C5.kid.24 - GLF C5.kid.24 0.0165 0.0228 Inf 0.7247 <.0001 

GLC C5.ski.24 - GLF C5.ski.24 0.1368 0.0230 Inf 5.9434 <.0001 

GLC C5.spl.24 - GLF C5.spl.24 0.0195 0.0269 Inf 0.7238 <.0001 
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C) 

Contrast Estimate SE df z.ratio p-value 

GLC C1 - GLF C1 -0.0732 0.0005 Inf -136.8623 <.0001 

GLC C2.3 - GLF C2.3 0.0358 0.0005 Inf 77.2684 <.0001 

GLC C2.24 - GLF C2.24 -0.0537 0.0005 Inf -111.2968 <.0001 

GLC C1 - GLC C2.3 -0.0499 0.0004 Inf -111.3901 <.0001 

GLC C1 - GLC C2.24 0.0077 0.0004 Inf 17.6583 <.0001 

GLF C1 - GLF C2.3 0.0591 0.0005 Inf 107.8751 <.0001 

GLF C1 - GLF C2.24 0.0272 0.0006 Inf 47.3808 <.0001 

GLF C2.24 - GLF C2.3 0.0319 0.0005 Inf 64.2225 <.0001 

GLC C3.br - GLF C3.br -0.1395 0.0007 Inf -210.0547 <.0001 

GLC C3.int - GLF C3.int -0.0271 0.0005 Inf -57.3460 <.0001 

GLC C3.kid - GLF C3.kid -0.0704 0.0004 Inf -158.4571 <.0001 

GLC C3.ski - GLF C3.ski -0.0305 0.0004 Inf -67.8595 <.0001 

GLC C3.spl - GLF C3.spl -0.0809 0.0005 Inf -178.1585 <.0001 

GLC C4.br.3 - GLF C4.br.3 0.0932 0.0005 Inf 193.8331 <.0001 

GLC C4.int.3 - GLF C4.int.3 0.0443 0.0004 Inf 101.3887 <.0001 

GLC C4.kid.3 - GLF C4.kid.3 0.0037 0.0004 Inf 8.4026 <.0001 

GLC C4.ski.3 - GLF C4.ski.3 0.0419 0.0004 Inf 94.7956 <.0001 
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GLC C4.spl.3 - GLF C4.spl.3 0.0941 0.0004 Inf 232.0648 <.0001 

GLC C5.br.24 - GLF C5.br.24 -0.0599 0.0006 Inf -92.7293 <.0001 

GLC C5.int.24 - GLF C5.int.24 -0.0443 0.0004 Inf -106.2674 <.0001 

GLC C5.kid.24 - GLF C5.kid.24 -0.0533 0.0004 Inf -130.1877 <.0001 

GLC C5.ski.24 - GLF C5.ski.24 0.0219 0.0004 Inf 53.4500 <.0001 

GLC C5.ski.24 - GLF C5.spl.24 -0.0247 0.0004 Inf -56.3571 <.0001 

GLC C5.spl.24 - GLF C5.spl.24 -0.0706 0.0005 Inf -147.3544 <.0001 
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Table S 8: Mixed-effects modelling of germline gene features. 

Linear mixed-effects models (LMMs; lmer, R) fitted to the germline dataset 

were used to analyse A) gene expression, B) gene length, and C) the 

proportion of exonic sequence. 

A) 

 

 

 

 

 

 

 

B) 

Effect 
Gene Length (bp) 

X2 df p 

Irradiaiton Effect 498 1 < 0.0001 

Chromatin 1277 1 < 0.0001 

Random Effects Variance Chromosome: 0.008, SD = 0.09 

 

 

Effect 
Gene Expression (logCPM) 

X2 df p 

Irradiation Effect 132 1 < 0.0001 

Gene Length 15 1 < 0.0001 

Chromatin 20 1 < 0.0001 

Random Effects Variance Chromosome : 0.08, SD : 0.3 
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C) 

 

 

 

 

 

 

 

 

 

Effect 
Exonic Region Length 

X2 df p 

Irradiation Effect 25951 1 < 0.0001 

Gene Length 23358721 1 < 0.0001 

Chromatin 36931 1 < 0.0001 

Random Effects Variance 
Chromosome: 0.005, SD : 0.07 

Strand: 0.00008, SD : 0.009 
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Table S 9: Gene Index for the alluvial plot shown in Figure 5 of Chapter 2 

Table lists all genes contributing to the alluvial flows, provided as a reference 

to enable identification of individual genes underlying each pathway-strain-

timepoint interaction.  

 Timepoint 

Gene Index nonir 3hpir 24hpir 

1 abat abat abl1 

2 abl1 agt acta2 

3 ace amh agt 

4 aco1 arg2 akap9 

5 aco2 atr appl2 

6 adsl aurkb atr 

7 agap2 cab39 b2m 

8 agt calca bcar1 

9 ak4 calr blnk 

10 atp7a casp9 brca2 

11 atp8a2 cd68 c1qa 

12 atr cdk2 c1qc 

13 bnip3 chek2 c4b 

14 c1qa cisd2 c5 
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15 calca cited2 c8a 

16 calr cln8 c8g 

17 canx cnp cacna1g 

18 card14 col4a2 calca 

19 casp9 comp calr 

20 cat cops8 cat 

21 chchd10 ctc1 cblb 

22 cisd2 ctnna1 ccdc88c 

23 comp ctsc cd276 

24 cox15 daxx cd68 

25 cox4i2 dbf4b cdk2 

26 cox6a1 ddc cdk6 

27 cox6a2 dnmbp cfb 

28 cyc1 edn1 cfi 

29 dag1 ercc1 clu 

30 edn1 fbxo4 cmklr1 

31 emp2 fgf2 cmtm3 

32 endog foxm1 colec11 

33 ercc1 foxo3b csk 
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34 fh gclc ctc1 

35 foxm1 gprc5c cyt1 

36 foxo3b hamp dag1 

37 fxn il23r ddc 

38 gas6 irak1 dnmbp 

39 gprc5c jund eef1e1 

40 ikbkb kif14 eif2b3 

41 il6r kmo endog 

42 inpp5d lmna fbxo4 

43 ireb2 lrrk2 fcho1 

44 itgb1bp1 map2k1 fgf2 

45 kat6a map3k3 flna 

46 malt1 map3k5 foxo3b 

47 map3k3 mapkapk5 gata3 

48 mbl2 mbd2 gbp1 

49 mob3c mif gbp2 

50 msh6 mmp2 gclc 

51 nckap1l mob3c gpd1l 

52 ndnl2 ndnl2 hck 
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53 ndufa2 nsmce2 irak1 

54 ndufa6 nudt1 itk 

55 ndufa7 p2ry1 klhl6 

56 ndufaf1 park7 lck 

57 ndufb2 pawr malt1 

58 ndufb3 pck1 mapk1 

59 ndufb6 pdx1 mbl2 

60 ndufc1 phb mybpc3 

61 ndufs5 pibf1 myh10 

62 ndufv3 pink1 myh6 

63 nrg1 pitx3 myl6 

64 park7 ppp3ca myo5b 

65 pawr prelp myo5c 

66 pck1 rad54b nedd4l 

67 pibf1 rad54l nek6 

68 pik3ca rgcc nono 

69 ppp2r3c ripk3 pck1 

70 pqbp1 romo1 pde4d 

71 prkdc rplp1 pik3cd 
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72 pycard rpn2 pkp2 

73 rgcc rwdd1 pla2r1 

74 ripk3 scap polb 

75 rptor sec63 pqbp1 

76 sdhaf2 serpine1 prkd2 

77 sdhc serpinf1 ptprc 

78 shmt2 slc1a1 pycard 

79 sirt3 slc30a10 rbl1 

80 slc1a1 smc5 rc3h2 

81 slc25a33 sod1 rela 

82 src srebf1 serping1 

83 stoml2 srr skap1 

84 suclg2 stk11 slc12a2 

85 tbk1 stradb src 

86 tlr1 tal1 srebf1 

87 tlr3 tert srr 

88 tomm70a tfcp2l1 susd4 

89 tpx2 tgfb3 thy1 

90 traf6 tlr1 tnfrsf21 
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91 trpv4 tlr3 tomm70a 

92 uqcrc1 tp53 tp53 

93 uqcrfs1 tpra1 tyrobp 

94 wnt11 ucp2 ucp2 

95 znfx1 ulk3 ulk3 

96  vash1 vash1 
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8.3. Supplementary Figures  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S 1: Experimental design.  

Samples from three males per treatment (GLC or GLF), 

irradiation (non-irradiated or irradiated) and timepoint 

post-irradiation (3hours post irradiation (hpir) or 24hpir) 

were collected under a full-factorial design adding up to a 

total of 24 males. 
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Figure S 2: Cellular Origin defines transcriptional profiles of both genes 

and TEs; and Resnik similarity reveals conserved genomic stability 

functions and divergent chromatin-associated processes across strains 

and timepoints post irradiation.  

Variation across all samples used in the contrasts is shown, with strain (GLC 

and GLF fish) as shapes and colour-coded by tissue. A) shows a PCA of 

differentially expressed genes per sample, and B) shows a PCA of 

differentially expressed TEs per sample. C) shows mean Resnik similarity 

between GLC and GLF fish between timepoints, with lower values 

indicating lower similarity. Resnik heatmaps visualise the semantic 

similarity between GLC and GLF gene sets for the 100 most statistically 

enriched GO terms (lowest p-values) per condition. GO terms were selected 

from differential expression results and represent biologically salient 

responses to D) non-irradiated (nonir), E) 3 h post-irradiation, and F) 24 h 

post-irradiation states. Colour intensity reflects the degree of functional 

similarity between gene sets associated with each GO term, highlighting 

patterns of convergence or divergence in biological processes between 

strains. GO terms are ordered by increasing similarity within each condition. 
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Figure S 3 : Comparative functional analysis of somatic gene 

expression reveals specialised metabolic and immune 

programmes in all GLF somatic tissues and timepoint 

depending immune expression.  

A) Differentially expressed genes upregulated in the soma of non-

IR GLF fish. B) Differentially expressed genes upregulated in the 

soma of non-IR GLC fish. (C-D) Functional enrichment of 180 

overlapping genes in soma of non-IR GLF fish, C) Molecular 

Function (MF), D) Biological Processes (BP). E) function 

enrichment of 475 overlapping genes in the soma of non-IR GLC 

fish based on BP. F) Differentially expressed genes upregulated 

in the soma of GLF fish 3hpir. G) Differentially expressed genes 

upregulated in the soma of GLC fish. (H–J) Functional enrichment 

of 459 overlapping genes in the soma of GLF fish 3hpir, based on 

H) MF, I) CC and J) BP. (K–L) Functional enrichment of 494 

overlapping genes in the soma of GLC fish 3hpir, based on K) CC 

and L) KEGG. M) Differentially expressed genes upregulated in 

the soma of GLF fish 24hpir. N) Differentially expressed genes 

upregulated in the soma of GLC fish 24hpir. (O-Q) Functional 

enrichment of 288 overlapping genes in the soma of GLF fish 

24hpir., based on O) MF, P) CC) and Q) BP. (R-T) Functional 

enrichment of 308 overlapping genes in the soma of GLC fish 

24hpir., based on R) MF, S) CC and T) BP. Only terms with adjusted 

p < 0.1 are displayed. 
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Figure S 4: GLF soma shows a transient shift in Hedgehog pathway 

regulators (HH) and Dream Complex target genes at 3hpir, driven by 

spleen for HH regulators and all soma for Dream genes. 

 Line plot showing the number of differentially expressed genes (FDR < 0.05) 

across timepoints for each fish tissue between GLC and GLF fish, across 

Hedgehog regulatory genes and target genes A), C), E) and Drea complex 

target and regulatory genes B), D), F). (A-B) non-irradiated somatic tissues, 

(C-D) tissues 3hpir, and (E-F) tissues 24hpir. Gene counts are grouped by 

gene type (e.g., Hedgehog pathway complex vs  targets panels or Dream 

complex vs target genes; see facet). Lines and points represent the dynamics 

of DE gene counts across developmental timepoints for each fish, coloured 

according to population-specific palettes.  
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Figure S 5: Strain-specific timing of somatic transcriptional 

response to germline ablation and irradiation extends to each 

tissue.  

Each point represents a single gene, with the x-axis denoting the 

log₂ fold change in expression between GLC and GLF strains, and 

the y-axis showing the –log₁₀(p-value), indicating statistical 

significance. Genes with a positive logFC are more highly 

expressed in GLF, whereas those with negative logFC values are 

more highly expressed in GLC. Genes not reaching significance 

(FDR ≥ 0.05) are depicted in grey. Vertical and horizontal dashed 

lines mark fold-change thresholds (log₂FC = ±0.6) and the 

significance threshold (–log₁₀(p-value) = 1.3), respectively.  A) 

presents differential expression in non-irradiated Brain, B) in 

Brain at 3 hours post-irradiation), and C) in Brain at 24 hours post-

irradiation (D–F) show corresponding plots for Intestine, (G–I) for 

Kidneys, (J–L) for Caudal fin, and (M-O) for Spleen. P) shows the 

differential expression of contrast C6.3 (Non-IR GLC testes vs 3hpir 

GLC testes) & Q) the differential expression of contrast C5.24 (Non-

IR GLC testes vs 24hpir GLC testes).  
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Figure S 6: Strain-specific divergence in transposable element copy 

number and expression following irradiation 

(A–C) show scatterplots of the percentage of total copy number expressed (x-

axis) versus the number of significantly expressed repeats (y-axis) for LINE A), 

LTR B), and DNA C) transposons, respectively. Each point represents a strain-

specific contrast at a given timepoint (non-irradiated, 3 hours post-irradiation 

or 24 hours post-irradiation ) with colour indicating strain identity. Linear 

models are fitted per panel to visualise the relationship between copy number 

representation and TE diversity. D) shows the mean copy number (± standard 

error) of significantly expressed LINE, LTR, and DNA transposable element 

classes across timepoints (non-irradiated, 3 hours post-irradiation 24 hours 

post-irradiation coloured by fish strain. E) focuses on LINE subfamilies, 

showing mean copy number trajectories for each significantly expressed 

subfamily across time, highlighting distinct patterns of activation among 

strains. F) presents repeat-level copy number dynamics within the L2 

subfamily, identifying specific L2 elements driving differential expression 

across timepoints. Data represent mean copy number values of significantly 

expressed repeats (FDR < 0.05), with error bars indicating standard error. G) 

Heatmap shows scaled log fold change (Z-score) of TE Repeats (rows) across 

somatic tissues (columns) from the nonirVShpir contrast group. Each value 

represents the mean logFC per TE Repeat per tissue, computed across 

significant comparisons (FDR < 0.05). Row-wise Z-score normalisation was 

applied to centre TE-specific responses. Both rows and columns are 

hierarchically clustered. Only TE subfamilies with complete expression profiles 

across tissues are shown. Colour indicates relative upregulation (orange) or 

downregulation (blue) based on the Okabe–Ito colour palette. 
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Figure S 7: Mapping of DE genes and TEs reveals chromosome 4 as a 

hotspot of enrichment in GLF fish in response to irradiation.  

(A-F) represent strain and timepoint-specific comparisons.  A) GLC nonir, B) 

GLC nonir, C) GLC 3hpir, D) GLF 3hpir, E) GLC 24hpir, and F) GLF 24hpir. 

Differentially expressed genes are shown in orange, whilst overlapping 

differentially expressed TEs are classified through colour by Class : LINE = 

yellow, LTR = Blye, and DNA = Purple. Each point corresponds to the 

genomic start position of either a TE or a gene, plotted on the Y axis against 

chromosome identity on the x-axis. TE positions are offset laterally to 

improve visual interpretation. Centromere locations are marked with blue 

diamonds, and grey ellipses approximate chromosome arms based on 

known centromeric coordinates  
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9. Appendix Chapter three 

Supporting information for Defining the 

determinants of a robust Epigenetic Clock 

9.1. Supplementary tables  

Table S 10: Number of samples per tissue and sex used in the 

experimental study  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Age Female Male 

Brain Intestine Caudal Fin Brain Intestine Caudal Fin 

3 6 6 6 7 7 5 

4 2 4 4 2 2 1 

5 5 3 5 6 4 7 

8 2 2 2 3 5 3 

10 4 4 4 2 2 2 

12 2 2 2 2 2 2 

14 3 3 3 3 3 1 

16 3 3 2 3 3 3 

18 3 3 3 2 2 2 

22 6 6 6 7 7 5 
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Table S 11: Distribution of samples across technical and biological factors  

CPG 

Aggregati

on 

Regressio

n model 

R2 

Threshol

d 

Feature 

Filter 
Epse Tissue 

Clust

er 
1312 

Elasti

c Net 

173

8 

No 

filte

r 

315 

No 

Filte

r 

80

6 
1 111 Brain 

85

9 

Point 111 Lasso 
156

8 
0.05 731 

Min 

5 
810 50 

41

2 

Caudal 

Fin 
816 

Tile 
188

3 
  0.1 

75

5 

Min 

10 

84

5 
100 

41

9 

Intestin

e 

82

4 

    0.2 
76

2 

Min 

20 

84

5 
500 

41

7 

Multie - 

Tissue 

80

7 

    0.3 
74

3 
  750 

14

9 
  

        1000 
41

7 
  

        1500 
14

9 
  

        2000 
42

1 
  

        3000 
13

9 
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        5000 
27

2 
  

        
2250

0 

12

8 
  

        
2500

0 

27

2 
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Table S 12: Top-selected CpG sites identified in single-tissue and multi-

tissue clocks, and their overlap across somatic tissues. 

 

Brain Caudal Fin Intestine Multi-tissue Overlapping 

Soma 

2:58868001:5

8869240 

1:712001:7130

00 

1:51950001:51

955000 

1:24076877:2

4076977 

1:14372733:14

373618 

4:1658618:165

8618 

1:24077077:2

4077150 

2:3575001:36

00000 

1:24077077:2

4077126 

1:40644559:4

0644788 

5:22750001:2

2775000 

1:41264001:41

266000 

2:11200001:112

25000 

2:34600001:3

4625000 

3:13557565:13

558122 

6:14882001:14

883000 

2:32775001:32

800000 

2:57232001:57

233798 

2:58868741:5

8869240 

4:3011851:301

2149 

8:5001:12000 2:57232001:57

233044 

3:15875001:15

900000 

3:1105225:1105

225 

4:51645740:5

1646027 

9:15788482:15

788482 

3:3650001:36

51000 

3:23525001:23

576000 

3:15875001:15

900000 

4:77559642:7

7559642 

10:38075001:

38100000 

3:11600001:116

25000 

4:12928001:12

929000 

3:23570001:23

576000 

4:77560396:7

7560396 

11:42714001:4

2716028 

3:23550001:23

576000 

4:77550001:7

7575000 

4:17675001:17

700000 

4:77561200:7

7561200 

12:16564778:1

6564778 

4:17675001:17

700000 

5:24200001:2

4205000 

4:31950001:31

975000 

5:38774677:3

8775285 
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12:34320001:3

4325000 

4:34312001:34

314000 

5:43683051:4

3683100 

4:34312001:34

314000 

6:4935441:49

35768 

14:7245001:7

247000 

5:39427001:3

9428000 

5:43683104:4

3683105 

4:42625001:4

2650229 

7:34162239:3

4162861 

14:13550001:1

3575000 

5:65610001:65

616000 

6:58690001:5

8696000 

6:64024:6402

4 

8:31120071:311

20427 

17:174609:179

608 

7:20967884:2

0970000 

7:1:25000 7:5001:10000 8:50628644:

50628910 

19:32030001:

32035000 

7:68415001:68

420000 

7:18598490:18

598711 

8:53670663:5

3671090 

8:51371072:51

371541 

20:37140001:

37145000 

9:11340947:113

41050 

7:21885001:21

890000 

13:13670001:13

672000 

13:3704291:37

04340 

22:11184001:11

190000 

10:720001:724

000 

7:32720001:32

725000 

13:14567598:1

4567598 

13:4766104:4

766350 

22:36300001:

36325000 

10:3746001:37

46500 

7:63325001:63

330000 

13:51245001:51

250000 

15:42582708:

42583050 

23:16300001:1

6325000 

11:26750001:2

6775000 

8:42620001:4

2626000 

14:214333:214

482 

16:5093555:5

093769 

 11:41769001:41

770000 

10:10875001:1

0900000 

14:4182269:41

82401 

16:815631:816

213 

 12:33192127:33

192400 

10:28150001:2

8175000 

14:28052001:2

8055000 

17:9936654:9

936703 
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 12:35875001:3

5900000 

11:10828040:1

0828428 

15:21200001:2

1226000 

2:44181891:44

182390 

 13:1532001:153

4000 

14:3570001:35

75000 

15:28199001:2

8199500 

2:6262120:62

62331 

 13:1755001:176

0000 

15:25802001:2

5804000 

15:31047627:3

1047627 

21:23174621:2

3174850 

 13:17470292:17

470491 

16:10345001:1

0350000 

15:43540924:

43540924 

22:11185769:11

186071 

 14:28050001:

28055050 

16:22780001:2

2782000 

16:22780001:2

2782000 

22:12224812:1

2225254 

 15:21715001:21

720000 

16:46765001:4

6770000 

16:44542001:

44544000 

22:34108053:

34108286 

 16:2807224:2

809000 

16:53015001:5

3020000 

16:46765344:

46766406 

22:37419600:

37419816 

 16:22780001:2

2782000 

17:28880001:

28885000 

17:7760001:77

62000 

24:3782666:3

783423 

 16:44542001:

44544000 

18:48950001:

48955000 

17:9936401:99

36898 

25:35134471:3

5134811 

 17:7760001:77

62000 

20:1764029:17

64100 

17:14458405:1

4458505 

25:35502450:

35502998 

 17:52099561:5

2099561 

20:32100001:3

2125000 

17:41075001:4

1100000 
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 18:18042001:1

8044000 

21:6775001:68

00000 

17:52708001:5

2710000 

 

 19:21574001:21

600000 

22:709001:70

9500 

18:44827390:

44827390 

 

 20:6999077:7

002000 

22:709512:70

9611 

19:6310001:63

16000 

 

 21:201001:2013

22 

22:4250001:4

255000 

20:15770001:1

5775060 

 

 21:9780001:97

85000 

24:18178001:1

8180000 

20:54175001:5

4180000 

 

 21:25175001:2

5200000 

24:37080001:

37085000 

20:54390001:

54395000 

 

 22:3300001:3

325000 

25:4420001:4

425000 

22:695001:70

0000 

 

 22:3631001:36

32000 

 22:709301:70

9611 

 

 22:11148001:111

55000 

 22:20910001:2

0915000 

 

 22:33820001:

33825000 

 24:986415:98

6416 

 

 23:7000001:7

025000 

 24:3017976:3

018219 
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 24:25350001:

25375000 

 24:3059536:3

059585 

 

 24:31942001:3

1944000 

   

 25:10685001:1

0690000 

   

 25:30800001:

30825000 

   

 25:35500001:

35505000 
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Table S 13: Linear mixed-effects modelling of epigenetic clock 

performance across CpG aggregation strategies. 

Linear mixed-effects models (LMMs; lmer, R) were used to analyse A) overall 

performance scores across CpG aggregation methods and B) performance 

scores as a function of CpG aggregation method and tissue. 

A) 

 

 

 

 

 

 

 

 

 

 

Effect 
Performance Score per CpG aggregation 

X2 df p 

GpG Aggregation 97 2 < 0.0001 

Tile method 13.6 1 < 0.0001 

Model type 8.6 1 0.003 

R-squared threshold 23.8 4 < 0.001 

Feature filter 48.9 3  < 0.0001 

Epse size  0.4 1 0.5 

Random Effects Variance Tissue 0.01, 0.1 
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B) 

 

 

 

 

Effect 

Performance Score per cpg aggregation & 

tissue 

X2 df p 

GpG Aggregation 199 2 < 0.0001 

Tissue 21.6 3 < 0.0001 

Tile method 13.6 1 < 0.0002 

Model type 87 1 0.007 

R-squared threshold 24.8 4 < 0.0001 

Feature filter 54.6 3  < 0.0001 

Epse size  0.3 1 0.5 

CpG Aggregation : Tissue 182.4 6 < 0.0001 

Random Effects 

Variance 

Tissue 0.01, 0.1 
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Table S 14 : Effect of CpG set size on epigenetic clock performance 

assessed by mixed-effects modelling. 

Linear mixed-effects models (LMMs; lmer, R) were used to assess the effect 

of the number of candidate and selected CpG sites included in clock models 

on the final performance score. 

 

 

 

 

 

 

Effect 

Performance Score per Number of Candidate and 

Selected CpG sites in models  

X2 df p 

Number Selected 

CpG 

450.6 1 < 0.0001 

Number 

Candidate CpG 

396.3 1 < 0.0001 

Random Effects 

Variance 

Selected CpG ID : 0.002, 0.2 

Chromosome : 0.00003, 0.005 

Tissue : 0.002, 0.01 
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Table S 15 : Distribution of Cross-Tissue Stability Classes 

A) By CpG Aggregation Method: Counts and percentages of epigenetic clock 

models classified by cross-tissue stability. Models were categorised into four 

stability classes: High-performing stable, High-performing unstable, Low-

performing stable, and Low-performing unstable, based on their mean rank 

across tissues and the variability of rank (rank SD). This panel summarises 

these metrics for each CpG aggregation strategy (Point, Tile, Cluster), 

highlighting differences in overall performance and robustness. B) By Tissue: 

Counts and percentages of models within each stability class stratified by 

tissue. This panel illustrates tissue-specific patterns in model performance 

and stability, showing how individual tissues differ in their sensitivity to clock 

design choices. 

A) 

 

 

CpG aggregation 

methods 

High-performing 

(%) 

Low performing 

(%) Total 

Stable Unstable Stable Unstable 

Cluster 14.4 20.3 32.1 33.2 355 

Point 8.6 40 25.7 25.7 35 

Tile 36.5 29.7 14.3 19.5 266 
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B) 

 

 

 

 

 

 

 

 

 

Tissue 
High-performing (%) Low performing (%) 

Total 
Stable Unstable Stable Unstable 

Brain 24.3 14 5.3 56.4 456 

Caudal Fin 6.3 5.3 16.5 71.8 419 

Intestine 13 6.5 23 57.4 430 

Multi-tissue 5.4 8.5 16.5 69.6 425 
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9.2. Supplementary Figure  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S 8: Performance scores (rescaled R² + inverse MAE) by CpG 

grouping method, faceted by tissue, showing Tile dominance in 

brain/intestine but reversal in multi-tissue clocks. 

 Significance is indicated with asterisks, with *  = p < 0.05, ** < 0.001   & *** < 

0.0001. Point indicate the mean and error bars represent standard errors.  
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10. Appendix Chapter Four 

Supporting information for Cross-tissue 

comparison of ageing in zebrafish using 

epigenetic clocks 

10.1. Supplementary Tables 

Table S 16: Number of samples per tissue and Sex used in Experimental 

Study  

 

 

 

 

 

 

 

 

 

 

 

 

 

Age Female Male 

Brain Intestine Caudal Fin Brain Intestine Caudal Fin 

3 6 6 6 7 7 5 

4 2 4 4 2 2 1 

5 5 3 5 6 4 7 

8 2 2 2 3 5 3 

10 4 4 4 2 2 2 

12 2 2 2 2 2 2 

14 3 3 3 3 3 1 

16 3 3 2 3 3 3 

18 3 3 3 2 2 2 

22 6 6 6 7 7 5 
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Table S 17: Distribution of samples across technical and biological factors  

CPG 

Aggregati

on 

Regressio

n model 

R2 

Threshol

d 

Feature 

Filter 
Epse Tissue 

Clust

er 
1312 

Elasti

c Net 

173

8 

No 

filte

r 

315 

No 

Filte

r 

80

6 
1 111 Brain 

85

9 

Point 111 Lasso 
156

8 
0.05 731 

Min 

5 
810 50 

41

2 

Caudal 

Fin 
816 

Tile 
188

3 
  0.1 

75

5 

Min 

10 

84

5 
100 

41

9 

Intestin

e 

82

4 

    0.2 
76

2 

Min 

20 

84

5 
500 

41

7 

Multi - 

Tissue 

80

7 

    0.3 
74

3 
  750 

14

9 
  

        1000 
41

7 
  

        1500 
14

9 
  

        2000 
42

1 
  



Appendix Chapter Four  

 365 

 

 

        3000 
13

9 
  

        5000 
27

2 
  

        
2250

0 

12

8 
  

        
2500

0 

27

2 
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Table S 18: Linear mixed-effects modelling of tissue- and aggregation-

dependent ageing metrics. 

Linear mixed-effects models (LMMs; lmer, R) were used to analyse A) overall 

performance scores across somatic tissues and CpG aggregation methods, 

B) overall delta age across somatic tissues and CpG aggregation methods, 

and C) the relationship between overall delta age, somatic tissue, and 

chronological age. 

A) 

 

 

 

 

Effect 

Performance Score per tissue and CpG 

aggregation  

X2 df p 

Tissue 85.6 3 < 0.0001 

CpG Aggregation 188.5 2 < 0.0001 

Tissue : CpG 

Aggregation 

188.2 6 < 0.0001 

 

Random Effects 

Variance 

Individual_fish_ID: 0.002, 0.05 
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B) 

 

 

 

Effect 
Delta Age per tissue and CpG aggregation 

X2 df p 

Tissue 35.6 3 < 0.0001 

CpG Aggregation 7.9 2 0.02 

Tissue : CpG Aggregation 30.2 6 < 0.0001 

 

Random Effects Variance 

Individual_fish_ID : 32.7, 5.7 
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C) 

 

 

 

 

 

 

 

 

 

 

Effect 
Delta Age per tissue and chronological age 

X2 df p 

Tissue 699.6 3 < 0.0001 

Chronological Age 114,804.5 1 < 0.0001 

Tissue : Chronological Age 1073.8 3 < 0.0001 

 

Random Effects Variance 

Individual_fish_ID : 1.9, 1.4 
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Table S 19:	Robustly selected tissue-specific and overlapping CpG sites 

identified from epigenetic clock model selection 

CpG sites were classified as tissue-specific if they were selected in at least 

10% of final epigenetic clock models trained within a given tissue. 

Overlapping CpGs represent sites selected across all somatic tissues, 

reflecting age-associated methylation features shared across tissues. 

Selection frequency was used as a stability criterion to identify CpGs with 

reproducible age-associated signal across modelling configurations. 

Brain Intestine Caudal fin Multi-tissue 

Somatic 

overlapp 

2:58868001:5

8869240 

1:51950001:51

955000 

1:712001:7130

00 

1:24076877:2

4076977  M 

6:4935441:49

35768 

4:1658618:165

8618 

2:3575001:36

00000 

1:24077077:2

4077150 

1:24077077:2

4077126 

8:50628644:

50628910 

5:22750001:2

2775000 

2:11200001:112

25000 

1:41264001:41

266000 

2:34600001:3

4625000 

4:51645740:5

1646027 

6:14882001:14

883000 

2:57232001:57

233798 

2:32775001:32

800000 

2:58868741:5

8869240 

5:38774677:3

8775285 

8:5001:12000 

3:15875001:15

900000 

2:57232001:57

233044 

3:1105225:1105

225 

8:51371072:51

371541 

9:15788482:15

788482 

3:23525001:23

576000 

3:3650001:36

51000 

3:15875001:15

900000 

24:3782666:3

783423 

10:38075001:

38100000 

4:12928001:12

929000 

3:11600001:116

25000 

3:23570001:23

576000 

2:44181891:44

182390 
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11:42714001:4

2716028 

4:77550001:7

7575000 

3:23550001:23

576000 

4:17675001:17

700000 

4:3011851:301

2149 

12:16564778:1

6564778 

5:24200001:2

4205000 

4:17675001:17

700000 

4:31950001:31

975000 

22:11185769:11

186071 

12:34320001:3

4325000 

5:43683051:4

3683100 

4:34312001:34

314000 

4:34312001:34

314000 

13:3704291:37

04340 

14:7245001:7

247000 

5:43683104:4

3683105 

5:39427001:3

9428000 

4:42625001:4

2650229 

16:815631:816

213 

14:13550001:1

3575000 

6:58690001:5

8696000 

5:65610001:65

616000 

6:64024:6402

4 

15:42582708:

42583050 

17:174609:179

608 7:1:25000 

7:20967884:2

0970000 7:5001:10000 

21:23174621:2

3174850 

19:32030001:

32035000 

7:18598490:18

598711 

7:68415001:68

420000 

8:53670663:5

3671090 

1:14372733:14

373618 

20:37140001:

37145000 

7:21885001:21

890000 

9:11340947:113

41050 

13:13670001:13

672000 

25:35134471:3

5134811 

22:11184001:11

190000 

7:32720001:32

725000 

10:720001:724

000 

13:14567598:1

4567598 

22:34108053:

34108286 

22:36300001:

36325000 

7:63325001:63

330000 

10:3746001:37

46500 

13:51245001:51

250000 

17:9936654:9

936703 

23:16300001:1

6325000 

8:42620001:4

2626000 

11:26750001:2

6775000 

14:214333:214

482 

25:35502450:

35502998 
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10:10875001:1

0900000 

11:41769001:41

770000 

14:4182269:41

82401 

8:31120071:311

20427 

 

10:28150001:2

8175000 

12:33192127:33

192400 

14:28052001:2

8055000 

22:37419600:

37419816 

 

11:10828040:1

0828428 

12:35875001:3

5900000 

15:21200001:2

1226000 

3:13557565:13

558122 

 

14:3570001:35

75000 

13:1532001:153

4000 

15:28199001:2

8199500 

7:34162239:3

4162861 

 

15:25802001:2

5804000 

13:1755001:176

0000 

15:31047627:3

1047627 

16:5093555:5

093769 

 

16:10345001:1

0350000 

13:17470292:17

470491 

15:43540924:

43540924 

1:40644559:4

0644788 

 

16:22780001:2

2782000 

14:28050001:

28055050 

16:22780001:2

2782000 

13:4766104:4

766350 

 

16:46765001:4

6770000 

15:21715001:21

720000 

16:44542001:

44544000 

22:12224812:1

2225254 

 

16:53015001:5

3020000 

16:2807224:2

809000 

16:46765344:

46766406 

2:6262120:62

62331 

 

17:28880001:

28885000 

16:22780001:2

2782000 

17:7760001:77

62000 

4:77561200:7

7561200 

 

18:48950001:

48955000 

16:44542001:

44544000 

17:9936401:99

36898 

4:77559642:7

7559642 
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20:1764029:17

64100 

17:7760001:77

62000 

17:14458405:1

4458505 

4:77560396:7

7560396 

 

20:32100001:3

2125000 

17:52099561:5

2099561 

17:41075001:4

1100000  

 

21:6775001:68

00000 

18:18042001:1

8044000 

17:52708001:5

2710000  

 

22:709001:70

9500 

19:21574001:21

600000 

18:44827390:

44827390  

 

22:709512:70

9611 

20:6999077:7

002000 

19:6310001:63

16000  

 

22:4250001:4

255000 

21:201001:2013

22 

20:15770001:1

5775060  

 

24:18178001:1

8180000 

21:9780001:97

85000 

20:54175001:5

4180000  

 

24:37080001:

37085000 

21:25175001:2

5200000 

20:54390001:

54395000  

 

25:4420001:4

425000 

22:3300001:3

325000 

22:695001:70

0000  

  

22:3631001:36

32000 

22:709301:70

9611  

  

22:11148001:111

55000 

22:20910001:2

0915000  
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22:33820001:

33825000 

24:986415:98

6416  

  

23:7000001:7

025000 

24:3017976:3

018219  

  

24:25350001:

25375000 

24:3059536:3

059585  

  

24:31942001:3

1944000 

24:11825001:11

850000  

  

25:10685001:1

0690000   

  

25:30800001:

30825000   

  

25:35500001:

35505000   
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Table S 20: Linear mixed-effects modelling of tissue-specific CpG 

methylation features. 

Linear mixed-effects models (LMMs; lmer, R) were applied to tissue-specific 

selected CpG sites to analyse A) mean methylation as a function of tissue, 

sex, and chronological age, B) age-associated methylation slope by tissue, 

and C) stochastic methylation drift by tissue. 

 

A) 

 

 

 

 

 

Effect 
Methylation per tissue and chronological age 

X2 df p 

Tissue 2407.4 3 < 0.0001 

Chronological Age 9 9 0.4 

Sex 0.2 1 0.6 

Tissue : Chronological Age 14.7 27 0.9 

 

Random Effects Variance 

Individual_fish_ID : 0, 0 
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B) 

 

 

 

 

 

 

C) 

 

 

 

 

 

 

 

 

 

 

 

Effect 
Slopes per tissue   

X2 df p 

Tissue 8.9 2 <0.01 

 

Random Effects Variance 

CpG ID : 45.8, 6.8 

Effect 
Stochastic drift per tissue 

X2 df p 

Deviation 0.1 1 0.7 

Tissue 9.6 2 0.008 

Deviation : Tissue 5.3 2 0.06 

 

Random Effects Variance 

CpG ID : 43.6, 6.6 
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Table S 21: Linear mixed-effects modelling of CpG sites shared across 

somatic tissues. 

Linear mixed-effects models (LMMs; lmer, R) were applied to selected CpG 

sites overlapping all three somatic tissues to analyse A) mean methylation as 

a function of tissue, sex, and chronological age, B) age-associated 

methylation slope by tissue, C) stochastic methylation drift by tissue, and D) 

methylation entropy. 

A) 

 

 

 

 

Effect 
Delta Age per tissue and chronological age 

X2 df p 

Tissue 0.9 3 0.6 

Chronological Age 
9 

6.2 

9 0.7 

Sex 0.3 1 0.6 

Tissue : Chronological Age 4.8 18 1 

 

Random Effects Variance 

Individual_fish_ID : 0, 0 
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B) 

 

 

 

 

 

 

 

C) 

 

 

 

 

 

 

 

 

 

 

Effect 
Slopes per tissue   

X2 df p 

Tissue 2 2 0.4 

 

Random Effects Variance 

CpG ID : 4.1, 2 

Effect 
Stochastic drift per tissue 

X2 df p 

Deviation 0.0002 1 1 

Tissue 2.5 2 0.3 

Deviation : Tissue 2.4 2 0.3 

 

Random Effects Variance 

CpG ID : 0,0 
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D) 

 

 

 

 

 

 

 

Effect 
Sample-wise methylation entropy per tissue 

X2 df p 

Tissue 92.7 2 <0.0001 

 

Random Effects Variance 

Sample ID : 0.0006, 0.02|\ 
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Table S 22: Multivariate test assessing tissue separation across 

chronological age based on CpG sites shared across somatic tissues. 

 

 

 

 

 

Effect 

Multivariate test on tissue separation across overlapping 

selected CpG sites 

df SumofSqs R2 F p 

Model 2 407.7 0.5 11.9 0.001 
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10.2. Supplementary Figures  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S 9: Epigenetic clock performance across tissue × CpG 

aggregation strategies. 

(A) Performance scores are shown for epigenetic clock models stratified by 

tissue and CpG aggregation method (Point, Cluster, and Tile). Individual 

model outcomes are shown as jittered points, with overlaid group means 

and ± standard error of the mean (SE). Panels are faceted by tissue with 

independent y-axis scaling. Pairwise statistical significance between CpG 

aggregation strategies within each tissue is indicated by asterisks. 
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Figure S 10 : No tissue-specific modulation of CpG methylation by sex 

and age. 

A) Mean CpG methylation stratified by tissue and sex, showing sex-specific 

differences in methylation levels across tissues. Points indicate group 

means, lines connect means within sex, and error bars represent ± standard 

error of the mean (SE). B) Mean CpG methylation across chronological age 

for each tissue, illustrating tissue-specific temporal trajectories. Points and 

lines denote tissue means with ± SE. Together, these analyses demonstrate 

that tissue-specific methylation patterns are not modulated by either sex 

and age.  



Appendix Chapter Four  

 382 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S 11: Comprehensive analyses of shared somatic CpGs. 

Analyses are restricted to CpGs shared across all somatic tissues. A) Mean 

methylation stratified by tissue and sex, shown as group means ± standard 

error of the mean (SE). B) Mean methylation trajectories across 

chronological age for each tissue, with points and lines indicating tissue 

means ± SE. C) Enrichment of shared CpGs proximal to Polycomb Group 

Target (PCGT) orthologues, shown as proportion ± SE with significance 

indicated. D) Genomic context of shared CpGs, partitioned into promoter, 

genebody, and total CpG categories. E) Functional enrichment analysis of 

genes associated with shared somatic CpGs, highlighting over-represented 

biological processes. Together, these analyses characterise the regulatory 

context and functional relevance of CpGs conserved across somatic tissues. 
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11. Appendix Chapter Five 

Supporting information for Defining the 

determinants of a robust Epigenetic Clock 

11.1. Supplementary Tables  

Table S 23: Distribution of samples across technical and biological factors 

CPG 

Aggregation 

Regression 

model 

R2 

Threshold 

Feature 

Filter 

Epse 

(Window 

size) 

Cluster 560 Elastic 

Net 

240 No 

filter 

190 No 

Filter 

239 1 38 

Point 360 Lasso 278 0.05 192 Min 5 239 50 120 

Tile 38   0.1 192 Min 10 240 100 120 

    0.2 192 Min 

20 

240 500 120 

    0.3 192   750 40 

        1000 120 

        1500 40 

        2000 120 

        3000 40 

        5000 80 
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        22500 40 

        25000 80 
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Table S 24: Mixed-effects and multivariate analyses of germline-

dependent epigenetic ageing metrics. 

Linear mixed-effects models (LMMs; lmer, R) were used to analyse A) overall 

performance scores across CpG aggregation methods, B) delta age 

differences between germline-carrying (GLC) and germline-free (GLF) fish 

across chronological age, C) methylation differences between GLC and GLF 

across chronological age, E) hypo- and hypermethylation density between 

GLC and GLF across chronological age, and F) stochastic methylation drift 

between GLC and GLF. A multivariate permutation test was applied to D) 

selected CpG sites. 

 

A) 

 

 

 

 

 

B) 

Effect 
Performance Score per CpG aggregation  

X2 df p 

CpG Aggregation 59.9 2 <0.0001 

 

Random Effects Variance 

R-squared threshold : 0.006, 0.08 

Feature filter: 0.0008, 0.03 
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C) 

 

 

Effect 

Delta Age between GLC and GLF across 

chronological age 

X2 df p 

Germline Ablation Treatment 122.5 1 <0.0001 

Chronological Age 93.3 1 <0.0001 

Germline Ablation : 

Chronological Age 

314.9 1 <0.0001 

 

Random Effects Variance 

Unique model ID : 0.3, 0.5 

Chronological Age : 2.5, 1.6 

Effect 

Methylation between GLC and GLF across 

chronological age 

X2 df p 

Germline Ablation Treatment 0.02 1 0.9 

Chronological Age 1.6 3 0.7 

Germline Ablation : 

Chronological Age 

7 3 0.06 

 

Random Effects Variance 

Chronological Age : 0.1, 0.3 
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D) 

 

E) 

 

 

Effect 

Multivariate permutation test at selected CpG 

sites 

df Sum of Sqs R2 F p 

Germline Ablation 

Treatment 

4 337.7 0.7 2.3 0.01 

Effect 

Hypo/hypermethylation density between GLC and 

GLF  across chronological age 

X2 df p 

Germline Ablation 

Treatment 

0.03 1 0.9 

 

Random Effects 

Variance 

CpG ID : 43.8, 6.6 
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F) 

 

 

 

 

Effect 

Stochastic drift between GLC and GLF  across 

chronological age 

X2 df p 

Deviation 0.2 1 0.6 

Germline Ablation 

Treatment 

1.5 1 0.2 

Deviation :Germline 

Ablation  

1.5 1 0.2 

 

Random Effects 

Variance 

CpG ID: 44.5, 6.7 
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Table S 25: Linear modelling of behavioural metrics. 

Linear models (LMs; lm, R) were used to analyse behavioural measures 

including A) total distance travelled (mm), B) mean speed (mm s⁻¹), C) 

maximum speed (mm s⁻¹), D) mean acceleration (mm s⁻²), E) maximum 

acceleration (mm s⁻²), (F) proportion of time spent moving (%), G) mean 

angular velocity, and (H) thigmotaxis (%). 

A) 

 

B) 

 

C) 

 

Effect 
Behaviour metrics : Total distance 

Estimate t p 

Germline Ablation Treatment -  GLC -155,309 -6.1 0.05 

Effect 
Behaviour metrics : Mean Speed 

Estimate t p 

Germline Ablation Treatment-  GLC -58.8 6 0.1 

Effect 
Behaviour metrics : Max Speed 

Estimate t p 

Germline Ablation Treatment-  GLC -5,149 -2.6 0.01 
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D) 

 

E) 

 

F) 

 

Effect 

Behaviour metrics : Mean 

Acceleration 

Estimate t p 

Germline Ablation Treatment-  

GLC 

-931.6 -1.2 0.3 

Effect 
Behaviour metrics : Max Acceleration 

Estimate t p 

Germline Ablation Treatment-  GLC -138,672 -2.4 0.02 

Effect 
Behaviour metrics : Time Moving 

Estimate t p 

Germline Ablation Treatment-  GLC 0.3 2.1 0.04 
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G) 

 

H) 

 

 

 

Effect 

Behaviour metrics : Mean Angular 

Velocity 

Estimate t p 

Germline Ablation Treatment-  

GLC 

256 0.7 0.5 

Effect 
Behaviour metrics : Thigmotaxis 

Estimate t p 

Germline Ablation 

Treatment-  GLC 

14.7 1.6 0.1 
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11.2. Supplementary Figures  
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Figure S 12: Epigenetic clock performance by CpG grouping. 

A) Δ Mean epigenetic age deviation (Δ-Age), defined as the difference 

between predicted epigenetic age and chronological age stratified by 

treatment, with LOESS smoothing and individual data points overlaid; slope 

values are indicated for each treatment. B) Mean methylation across 

chronological age per individual, highlighting treatment-specific 

trajectories. C) Proportion of selected CpGs overlapping Polycomb group 

target (PCGT) orthologues, with error bars representing standard error; 

significance is denoted above each point (*** p <0.001, ** p <0.01, * p <0.05, . p 

<0.1). D) Heatmap of age-associated methylation slopes per tile, clustered by 

similarity across CpG tiles. Data are shown for a single tissue (caudal fin) and 

stratified by experimental treatment. 

 



Appendix Chapter Six  

 394 

  

12. Appendix Chapter Six 

Supporting information for Rapamycin 

accelerates epigenetic age ,alters behaviour and 

ovarian lesions trajectories In zebrafish (Danio 

rerio) 

 

12.1. Supplementary Tables 

Table S 26: Experiment 1 - fishers test on sex-specific breeding outcomes 

by treatment 2 months after start of rapamycin treatment. 

 

Sex Rapamycin 

Treatment 

Number 

Bred 

Number 

non-Bred 

Proportion 

Bred 

Fish p-

value (vs 

Control) 

Female Control 1 19 0.05  - 

Female Low 6 14 0.30 0.1 

Female High 2 18 0.10 0.1 

Male Control 7 11 0.39  - 

Male Low 1 15 0.06 0.001 

Male High 0 20 0 0.001 
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Table S 27: Distribution of samples used for epigenetic clock construction 

This table summarises the number of samples used for epigenetic clock 

analyses in Experiment 1 of Chapter 6, stratified by treatment, sex, and time 

point. Only samples passing sequencing, alignment, and coverage quality 

control were included 

Timepoint 
Control Low High 

Female Male Female Male Female Male 

1 4 4 4 4 4 4 

2 4 4 4 4 4 4 
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Table S 28: Mixed-effects modelling of behavioural metrics across 

rapamycin treatment conditions in aged fish. 

Linear mixed-effects models (LMMs; lmer, R) were fitted separately to each 

behavioural metric to assess differences between rapamycin treatment 

conditions in the aged experiment. 

Behaviour Metric Effect 

Breeding success between 

Rapamycin conditions and Sex 

X2 df p 

Total Distance 

(mm) 

Rapamycin 

Treatment 
171.2 

2 < 0.0001 

Random Effects 

Variance 

Video Minute :792,080, 290 

Fish ID :10,746, 103.7 

Block : 5,372, 73.2 

Timepoint : 1,430,747, 1,196.1 

Mean Speed (mm / 

s) 

Rapamycin 

Treatment 
4.4 

2 0.1 

Random Effects 

Variance 

Fish ID :10,746, 103.7 

 

Max Speed (mm / 

s) 

Rapamycin 

Treatment 
102.5 

2 < 0.0001 
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Random Effects 

Variance 

Video Minute :6,978,83.5 

Fish ID :9,856,99.3 

Block : 1,780, 42.2 

Timepoint : 11,300, 106.3 

Mean Acceleration 

( mm / s2) 

Rapamycin 

Treatment 
4 

2 0.1 

Random Effects 

Variance 

Fish ID :126,11.2 

 

Max  Acceleration ( 

mm / s2) 

Rapamycin 

Treatment 
102.5 

2 < 0.0001 

Random Effects 

Variance 

Video Minute :6,280,315 , 2,506 

Fish ID :8,947,938 , 2,991 

Block : 1,605,225 , 1,267 

Timepoint : 10,208,043 , 19,296 

Time moving (%) 

Rapamycin 

Treatment 
217.6 

2 < 0.0001 

Random Effects 

Variance 

Fish ID :0.02,0.2 

Block : 0.008,0.09 

Timepoint : 0.02,0.1 

Thigmotaxis (%) 
Rapamycin 

Treatment 
249.9 

2 
< 0.0001 
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Random Effects 

Variance 

Video Minute :11.1 , 3.3 

Fish ID :11.2 , 3.3 

Block : 8.3 , 2.9 

Timepoint : 33.2 , 5.8 

Mean Angular 

Velocity 

Rapamycin 

Treatment 
352.4 

2 
< 0.0001 

Random Effects 

Variance 

Fish ID :11,504 , 107.3 

Block : 1,449 , 38.1 

Timepoint : 17,740 , 133.2 
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Table S 29 : Mixed-effects and non-linear modelling of epigenetic ageing 

metrics. 

Linear mixed-effects models (LMMs; lmer, R) were used to analyse A) 

treatment-associated changes in delta age, B) treatment-specific age-

associated slopes, C) tissue heterogeneity in epigenetic ageing, and E) sex-

specific treatment effects on delta age. Non-linear ageing architecture was 

assessed using generalised additive models (GAMs) in D). 

 

A) 

 

B) 

Effect 

Delta Age differences between Rapamycin 

Conditions across chronological age 

X2 df p 

Rapamycin Conditions 553.3 2 < 0.0001 

Chronological Age 16,468.8 1 < 0.0001 

Rapamycin Timepoint 810.7 1 < 0.0001 

Rapamycin Conditions : 

Chronological Age  

506.5 2 < 0.0001 

 

Random Effects Variance 

Unique model ID : 135.9, 11.7 

CPG Aggregation : 7/8, 2.8 
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Treatme

nt 

Age 

slope 

(β) SE 95% CI 

Comparis

on 

Δ 

slope SE z 

p-

value 

Control −1.123 

0.008

8 

[−1.140

, 

−1.106] 

Control − 

Low 

−0.08

8 0.01 

−8.5

2 

<0.00

01 

Low 

−1.03

5 

0.007

6 

[−1.05

0, 

−1.020

] 

Control − 

High 

−0.22

9 0.01 

−21.9

5 

<0.00

01 

High 

−0.89

4 

0.007

8 

[−0.90

9, 

−0.87

8] 

Low − 

High −0.141 

0.009

6 

−14.7

8 

<0.00

01 
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C)  

 

D) 

 

 

 

 

 

 

Effect 

Delta Age differences between Rapamycin 

Conditions across chronological age 

X2 df p 

Rapamycin Conditions 3.8 2 0.1 

Rapamycin Timepoint 1.6 1 0.2 

Rapamycin Conditions : 

Rapamycin Timepoint  

3 2 0.2 

 

Random Effects Variance 

Chronological Age : 0.003, 0.05 

 

Rapamycin Treatment EDF p-value 

Control 1.41 <0.001 

Low 1.98 <0.001 

High 2 <0.001 
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E) 

 

 

 

Effect 

Delta Age differences between Rapamycin 

Conditions and Sex 

X2 df p 

Rapamycin Conditions 280 2  < 0.0001 

Sex 2 1 0.1 

Rapamycin Conditions 

: Sex  

1,093.9 2 < 0.0001 

 

Random Effects 

Variance 

Unique Model ID : 138.9,11.8 

Chronological Age : 4.1,2 

Rapamycin Timepoint : 0.09, 0.3 
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Table S 30 : Generalised linear mixed-effects modelling of ovarian lesion 

incidence. 

Generalised linear mixed-effects models (GLMMs; glmer, R) were used to 

analyse A) the proportion of fish with at least one ovarian lesion across 

genotypes and B) the proportion of fish with multiple ovarian lesions. 

A) 

Effect 

Proportion of fish with  at least one ovarian 

lesion 

X2 df p 

Rapamycin Conditions 0.1 2  0.9 

Genotype 2.2 1 0.1 

Rapamycin Conditions : 

Genotype 

2.9 2 0.2 

 

Random Effects Variance 

Weight : 0.4, 0.6 

Tank : 0.6, 0.8 

Pairwise contrasts (Tukey 

adjusted) 

Estimate z value p 

WT : Control – Low 0.035 0.859 0.999 

WT : Control – High -0.246 0.854 0.955 

WT : Low - High -0.281 0.858 0.943 

Sa22101 : Control – Low -1.269 0.97 0.39 
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B) 

Sa22101 : Control – High -2.409 0.966 0.034 

Sa22101 : Low - High -1.14 0.875 0.393 

Effect 

Proportion of fish with multiple ovarian 

lesions 

X2 df p 

Rapamycin Conditions 3 2 0.2 

Genotype 0.2 1 0.7 

Rapamycin Conditions : 

Genotype 

0.7 2 0.7 

 

Random Effects Variance 

Weight : 3.6 e -9 , 6 e – 5 

Tank : 0.4 , 0.6 

Pairwise contrasts (Tukey 

adjusted) 

Estimate z value p 

WT : Control – Low -1.365 -1.464 0.3082 

WT : Control – High -1.517 -1.639 0.2293 

WT : Low - High -0.152 -0.191 0.9801 

Sa22101 : Control – Low -1.698 -1.648 0.2256 

Sa22101 : Control – High -2.543 -2.536 0.0301 
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Sa22101 : Low - High -0.846 -1.096 0.5168 
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Table S 31 : Linear effect model (lmer in R) for Behaviour metrics in the 

Lifelong experiment  

Behaviour Metric Effect 

Breeding success between 

Rapamycin conditions and Sex 

X2 df p 

Total Distance 

(mm) 

Rapamycin 

Treatment 
216.5 

2  < 0.0001 

Random Effects 

Variance 

Video Minute : 941, 950 ; 970.5 

Fish ID : 18,534 ; 136.1 

Rapamycin Timepoint : 1,024,417 ; 

1,012.1 

Mean Speed (mm / 

s) 

Rapamycin 

Treatment 
9.3 

2 0.009 

Random Effects 

Variance 

Video Minute : 0.6 ; 0.8 

Rapamycin Timepoint : 3.1 ; 1.8 

Max Speed (mm / 

s) 

Rapamycin 

Treatment 
128.2 

2 < 0.0001 

Random Effects 

Variance 

Video Minute : 53,250 ; 230.8 

Fish ID : 2,167 ; 46.5 

Rapamycin Timepoint :762, 605 ; 

873.3 
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Mean Acceleration 

( mm / s2) 

Rapamycin 

Treatment 
6.2 

2 0.04 

Random Effects 

Variance 

Video Minute : 336.5 ; 18.3 

Rapamycin Timepoint : 3. 583.1 ; 

59.9 

Max  Acceleration ( 

mm / s2) 

Rapamycin 

Treatment 
129.5 

2 < 0.0001 

Random Effects 

Variance 

Video Minute : 4.8 e + 7 ; 6,904 

Fish ID : 2 e + 6 ; 1, 397 

Rapamycin Timepoint : 6.7 e + 8 ; 

39,517 

Time moving (%) 

Rapamycin 

Treatment 
11.8 

2 0.002 

Random Effects 

Variance 

Video Minute : 0.007 ; 0.09 

Fish ID : 0.006 ; 0.08 

Rapamycin Timepoint : 5.2 ; 2.3 

Thigmotaxis (%) 

Rapamycin 

Treatment 
5.2 

2 
0.02 

Random Effects 

Variance 

Video Minute :  0.6; 0.8 

Fish ID : 0.3 ; 0.6 

Rapamycin Timepoint : 35.8 ; 8.9 
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Mean Angular 

Velocity 

Rapamycin 

Treatment 
213.2 

2 
< 0.0001 

Random Effects 

Variance 

Video Minute : 390.8 ; 19.8 

Fish ID : 200.2 ; 14.2 

Rapamycin Timepoint : 65, 974 ; 

256.9 
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Table S 32 : Linear mixed-effects modelling of vertical exploration 

behaviour in the Novel Tank Diving Test. 

Linear mixed-effects models (LMMs; lmer, R) were used to analyse A) the 

percentage of time fish spent in the upper zone of the tank and B) the 

percentage of time spent in the lower zone of the tank during the Novel Tank 

Diving Test (NTDT). 

A) 

 

Effect 

Percentage of time spent at top of 

tank  

X2 df p 

Rapamycin Conditions 1.8638 2 0.39381 

Genotype 1.5466 1 0.21363 

Age 50326.0161 1 < 0.0001 

Rapamycin Conditions : Genotype 1.6239 2 0.44399 

Rapamycin Conditions : Age 12555.8712 2 < 0.0001 

Genotype : Age 12119.4132 1 < 0.0001 

Rapamycin Conditions : Genotype : 

Age 32996.0709 2 < 0.0001 

 

Random Effects Variance 

Tank : 0.2; 0.5 

Fish ID : 0.05 ; 0.2 

Video minute : 0.2 ; 0.4 
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B) 

 

 

 

Effect 
Percentage of time spent at frozen  

X2 df p 

Rapamycin Conditions 0.513 2 0.773771 

Genotype 0.8429 1 0.358562 

Age 88466.9661 1 < 0.0001 

Rapamycin Conditions : Genotype 0.0239 2 0.988116 

Rapamycin Conditions : Age 45873.4166 2 < 0.0001 

Genotype : Age 29454.8347 1 < 0.0001 

Rapamycin Conditions : Genotype : 

Age 45423.5062 2 < 0.0001 

 

Random Effects Variance 

Tank : 0.2 ; 0.5 

Fish  ID : 0.4 ; 0.6 

Video minute : 0.2 ; 0.5 
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12.2. Supplementary Figures  
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Figure S 13 :  Rapamycin treatment does not significantly affect 

within-sample variability, reproductive output, or predicted growth in 

the lifelong experiment 

A) Within-sample variability in epigenetic age, quantified as the median 

absolute deviation (MAD) of ΔAge (predicted − chronological age) across 

tissues within individual fish, shown across rapamycin treatments and 

timepoints in Aged Experiment. No significant treatment effects were 

detected, B) Number of embryos laid per breeding event across 

rapamycin treatments in the lifelong experiment. No significant 

differences were observed between treatments, C) Breeding success 

(binary outcome: production of viable embryos) across rapamycin 

treatments in the lifelong experiment. No significant treatment effects 

were detected, D) Predicted body weight  from LMM model across 

rapamycin treatments in the lifelong experiment. No significant 

differences were observed between treatments, and E) whole-blood 

rapamycin concentrations for Low- and High-dose treatments are shown 

for reference; although statistical testing was not performed due to 

limited sample size, High-dose fish exhibited markedly higher circulating 

rapamycin levels than Low-dose fish. Data are shown as individual 

observations with mean ± s.e.m. overlaid. 
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