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Abstract

Title: Computational studies on ageing and agerelated diseases

Age is the major risk factor for a variety of noncommunicable diseases. As life
expectancy increases, ageing poses significant challenges to the individual, soci
ety, and healthcare systems. Ageing is a complex process involving multiple inter
connected cellular and organismal phenotypes. Thus, understanding the molecular
mechanisms and finding potential interventions is challenging and requires systems
level approaches. In this PhD I have addressed three main questions about ageing,
using highthroughput data and computational methods.

My first study considers interindividual heterogeneity in gene expression during age
ing. Previous studies had suggested that phenotype, epigenome and gene expression
become more heterogeneous with age. However, the list of genes and pathways re
ported as heterogeneous in late age showed differences in the literature and did not
resolve whether the increase in heterogeneity is a timedependent process starting at
birth or is restricted to the ageing period (i.e. after 20 years of age). Using different
data preprocessing steps and heterogeneity measures on the same transcriptome
dataset, we have shown that the inconsistency in the literature could reflect techni
cal issues as well as biological variability. Next, applying a metaanalysis scheme
that relies on consistent results across multiple datasets to increase reproducibility,
we have shown that the increase in interindividual heterogeneity starts after the age
of 20. Moreover, the genes that become more heterogeneous during ageing have
a higher number of transcriptional regulators (miRNAs and transcription factors) and
are associated with known longevity pathways.

My second study focuses on the link between ageing and agerelated diseases. Many
diseases show agedependency, but the molecular nature of this relationship is not
fully understood. Using UK Biobank data, I have characterised 116 common diseases
based on their ageofonset profiles and genetic associations. I first showed diseases
following the same ageofonset distribution are genetically more similar, and this sim



ilarity could not be explained by disease categories, cooccurrences, or causal rela
tionships. Two groups of diseases showed agedependent profiles, starting to become
more prevalent after the ages of 20 and 40 respectively. They both showed an asso
ciation with known ageingrelated genes but had different functional and evolutionary
profiles. I found support for the two evolutionary genetic theories of ageing, mutation
accumulation, and antagonistic pleiotropy, using the variants linked to diseases with
different ageofonsets. I also identified some drugs that could be repurposed to target
multiple conditions and potentially decrease the need for polypharmacy in the elderly.

Finally, I followed a systemslevel approach to identify drugs that can target ageing in
the human brain. Using transcriptome datasets frommultiple brain regions, I first iden
tified the gene expression changes that can characterise ageing. Then, comparedwith
the drugperturbed gene expression profiles in the Connectivity Map, I identified 24
drugs that are significantly associated with the ageing signature. Some of these drugs
may function as antiageing drugs by reversing the detrimental changes that occur
during ageing, others by mimicking the cellular defence mechanisms. The drugs that
we identified included a significant number of already identified prolongevity drugs,
indicating that the method can discover de novo drugs that ameliorate ageing.

H. Melike Donertas
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Chapter 1

Introduction

Human life expectancy has been increasing steadily worldwide (Oeppen & Vaupel,
2002) and is currently around 80 years of age in developed countries (Max Roser &
Ritchie, 2020). Improvements in the healthcare system, immunisation against infec
tious diseases, antibiotics, better sanitary measures, housing and lifestyle, resulted in
a decline in early life mortality (Waite, 2004). There has also been a significant im
provement in latelife mortality, mostly thanks to economic and social developments
and ongoing medical advances (Vaupel, Carey, & Christensen, 2003).

The scientific community has long been discussing whether there is a limit to lifes
pan (Barbi, Lagona, Marsili, Vaupel, & Wachter, 2018; Dong, Milholland, & Vijg, 2016;
Oeppen & Vaupel, 2002; Olshansky, 2016; Olshansky, Carnes, & Cassel, 1990; Ol
shansky, Carnes, & Désesquelles, 2001). For example, using conditional probabilities
integrating disease data, in 1990 and 2001, Olshansky et al. had suggested the re
quired changes in disease rates are too much to achieve 35 years of additional life
expectancy at the age of 50, and thus it is highly unlikely to achieve (Olshansky et al.,
1990, 2001). However, female life expectancy at the age of 50 in Japan surpassed
this limit (Oeppen & Vaupel, 2002). Dong et al. (2016) used global demographic data
and suggested that the survival rates at later ages slow down and maximum lifes
pan in humans is fixed. A recent study, on the other hand, suggested the mortality
rate decreases and essentially reaches a plateau after the age of 105 (Barbi et al.,
2018). Similarly, Kontis et al. (2017) followed a probabilistic Bayesian model av
eraging (BMA) approach that considers an ensemble of 21 forecasting models and
predicted a continued increase in longevity.
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The increase in healthspan, i.e., healthy years of life, increases at a slower rate and
16 to 20% of life is spent with multiple diseases (Jagger et al., 2008). Moreover, the
difference between lifespan and healthspan is higher in females, and in individuals
with a lower socioeconomic status. The force of natural selection declines with age,
and thus variants with deleterious effects in latelife accumulate and can cause dis
eases in the elderly (Niccoli & Partridge, 2012). Compression of the time spent ill at
the end of life by targeting ageing is one of the trends in the ageing research as it
becomes more and more clear that it is achievable (Partridge, Deelen, & Slagboom,
2018). There are some ‘blue zones’ in the world; Okinawa in Japan, Sardinia in Italy,
Ikaria in Greece, Nicoya in Costa Rica, and Loma Linda in the US (Poulain, Herm, &
Pes, 2013). People living in these regions enjoy increased lifespan and healthspan.
We have only recently started to live long periods, and thus genetics is not expected
to have a significant role in these populations (Partridge et al., 2018). Indeed, these
populations are not genetically different from their neighbours, but their lifestyle and
social networks can explain the difference (Poulain et al., 2013). Diet, education, and
physical activity contributes to a healthier life in human populations (Crimmins, 2015).
Another line of evidence for the malleability of life and healthspan comes from the
model organism studies. Multiple genetic, environmental, and pharmacological inter
ventions are shown to both increase lifespan and decrease the functional decline in
late life (Fontana, Partridge, & Longo, 2010).

Nevertheless, application of the accumulated knowledge to humans to improve health
span requires a better understanding of the molecular biology of ageing, agerelated
changes, and agerelated diseases. In this thesis, I aim to approach this aim by using
computational studies.

1.1 What is ageing?

Ageing is a phenomenon that everybody is familiar with through either observation or
experience, yet there is no clear definition. While it could be used to only mean an
increase in chronological age; to most of the researchers working in the field, ageing
is a biological process with specific characteristics. Throughout this thesis, I will also
make a distinction between the changes with chronological age and ageing. I will
consider ageing as a process that starts after the average age at first reproduction,
and the time before then as postnatal development. The reasoning comes from the
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evolutionary theories stating that the force of natural selection is the highest before
the reproductive period (see Section 1.2).

In the literature, ageing is often defined as the timedependent functional decline,
increased susceptibility to pathologies, and an increased risk of death (LópezOtıń,
Blasco, Partridge, Serrano, & Kroemer, 2013). While I strongly agree with this defi
nition, I want to state that ageingrelated changes observed through highthroughput
experiments are not necessarily always detrimental. Instead, they may include neutral
or beneficial changes as a response to harmful effects seen during ageing (Kowald &
Kirkwood, 2016). Unfortunately, the characterisation of these changes is still lacking.
Thus, even though, in principle, I would consider only the processes that result in func
tional decline as contributors of ageing, in practice, all agerelated changes after the
average age at reproduction will be considered as ageingrelated changes in the up
coming chapters. The challenges and results of this ambiguity are further discussed
in the relevant chapters.

1.2 Evolution of ageing

If ageing results in a decline in organismal fitness and an increase in the risk of mortal
ity, how could it survive through evolution, and how can it be almost ubiquitous, seen
in most animals? There have been more than 300 theories of ageing (Medvedev,
1990), and many attempted to answer this question. Overall, we can classify these
theories into two as programmed and nonprogrammed theories of ageing. Today, the
mainstream opinion favours the nonprogrammed theories (Austad, 2004); however,
I will briefly describe both categories.

1.2.1 Programmed theories of ageing

The programmed theories of ageing suggest that functional decline in postreproductive
age and shorter lifespan confers evolutionary benefit and thus is evolved under se
lection. This could be driven to prevent postreproductive individuals from competing
for resources or to increase genetic diversity and the speed of evolution by increas
ing the number of generations. There are three main counterarguments against pro
grammed theories, and these are presented and reviewed multiple times by Tom Kirk
wood and his colleagues (Kirkwood, 1977, 2005; Kirkwood & Melov, 2011; Kowald &
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Kirkwood, 2016). The first counterargument is that although ageing is almost univer
sal for many species in captivity (Flatt & Partridge, 2018), it is rarely observed in the
wild. In natural conditions, mortality is generally due to extrinsic factors (e.g. predation
and pathogens), and rarely caused by ageingrelated mortality. Thus, ageingrelated
mortality cannot be under selection. This argument has been challenged by recent
field studies documenting that multiple species experience ageing in the wild (Brunet
Rossinni & Austad, 2005; Nussey, Froy, Lemaitre, Gaillard, & Austad, 2013). The
second counterargument is that if ageing were programmed, there would be a lim
ited number of genes controlling ageing. This argument was also challenged by the
discovery of genes and pathways that modulate lifespan. However, these genes only
postpone the ageing process and do not eliminate it. Last and probably, the most per
suasive argument is that these theories are based on group selection, which is much
weaker than selection on individuals, except for a few special conditions (Smith, 1976).
If there were factors that accelerate ageing because of its benefits for the species, they
would not be selected as their disadvantageous effects on individuals would override
the selection at the group level.

1.2.2 Nonprogrammed theories of ageing

Nonprogrammed theories suggest that ageing is nonadaptive, and is a result of ei
ther decreasing natural selection or is a sideeffect of the selective pressure on other
traits (Flatt & Partridge, 2018). The force of natural selection at different ages can
be described as a function of reproduction and extrinsic mortality (Kirkwood & Melov,
2011). As age increases, especially after the age of reproduction, the force of nat
ural selection is predicted to decline because of extrinsic hazards. There are two
main evolutionary genetic theories of ageing that are based on population genetics
principles, i.e. mutation accumulation and antagonistic pleiotropy theories of ageing.
Mutation accumulation theory of ageing (MA) predicts an intergenerational accumula
tion of deleterious variants in the population if they are only expressed (i.e. functional)
at a late age (Medawar, 1953). Antagonistic pleiotropy theory of ageing (AP) focuses
on pleiotropic variants that have opposite effects on multiple traits. If the variant is
beneficial for a trait that is important when the force of natural selection is strong, e.g.
survival or reproductive success, these variants would be favoured to be passed on
the future generations despite their detrimental effects in late age (Williams, 1957).
A modified version of AP that is expressed in terms of physiological tradeoffs is the
disposable soma theory. It is based on the principle that cellular resources are limited
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and are distributed between growth, reproduction, and maintenance. Thus, greater
investment in growth and reproduction would result in reduced investment in mainte
nance, which would result in the accumulation of cellular damages (Kirkwood, 1977).

The discovery of genes and pathways that regulate lifespan in model organisms had
challenged the nonadaptive theories of ageing (Johnson, 2002). However, the fact
that these genes are mostly in pathways that sense the environmental resources (e.g.
nutrientsensing network (NSN), mTOR / PI3K pathway) or regulate genetic mainte
nance (e.g. DNA repair genes) supports the notion that these genes do not control
the ageing process, but instead regulate the resource allocation (Kirkwood & Melov,
2011). Moreover, none of these genes causes complete abolition of ageing, but they
rather postpone the process, which supports the predictions of nonprogrammed the
ories.

1.3 The hallmarks of ageing

The first signals that genetics may play a role in modulation of lifespan started to
emerge around 40 years ago when the first longlived strains of Caenorhabditis ele
gans were isolated (Klass, 1983). The first genetic element discovered to modulate
lifespan was age1. However, the impact of this gene was controversial as it also
affects total food intake, possibly causing caloric restriction. Later, Friedman and
Johnson showed 65% lifespan extension was due to the mutation itself, not a re
duction in the caloric intake (Friedman & Johnson, 1988). Ten years later, Kenyon et
al. showed daf2mutant worms also have potential to double their lifespans, and more
importantly, without a cost on their reproductive success (Kenyon, Chang, Gensch,
Rudner, & Tabtiang, 1993). daf2 also codes for a protein in the NSN, a homologue
of IGF1 receptor in humans. Many other discoveries followed these and scientists
found different pathways regulating lifespan in model organisms. LópezOtıń et al.
(2013), later reviewed these genetic elements together with the changes that occur
in physiological ageing in mammals to compile a set of characteristics that define the
ageing phenotype. Authors considered three criteria to consider these characteristics
as hallmarks: i) they should manifest themselves in physiological ageing, ii) their ex
perimental exacerbation should worsen the ageing phenotype, and iii) their reduction
should improve lifespan or at least delay functional decline. Not all of the molecular
changes can be tested extensively in multiple organisms, and some of the hallmarks
do not satisfy all three. Another layer of complexity comes from the interconnected
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ness between hallmarks as they are not independent. Nevertheless, the list of nine
hallmarks presents the functional characteristics associated with ageing.

1.3.1 Primary hallmarks

These are the hallmarks that explain likely causes of cellular damage. These have
adverse effects on the functionality, and their reduction would ameliorate the ageing
process.

Genomic instability: DNA integrity and stability are threatened by various intrinsic
(e.g. DNA replication errors, reactive oxygen species (ROS)), or extrinsic (e.g. UV
radiation, cancerogenic factors) factors throughout life (Hoeijmakers, 2009). These
result in point mutations, translocations, chromosomal abnormalities like aneuploidy
that can affect the structure or regulation of essential genes and result in a decrease
in the functional capacity of cells (Faggioli, Wang, Vijg, & Montagna, 2012; Forsberg
et al., 2012; GarcıáNieto, Morrison, & Fraser, 2019). Genes functioning in the DNA
repair mechanisms have been found important for physiological ageing (Gorbunova,
Seluanov, Mao, & Hine, 2007) as well as accelerated ageing syndromes (Kubben &
Misteli, 2017).

Telomere attrition: While the accumulation of somatic damage throughout the genome
seems to be random, telomeres are the primary sites being affected during ageing
(Blackburn, Greider, & Szostak, 2006). DNA polymerase cannot replicate the ends
of linear DNA molecules and, in the absence of telomerase, the telomere region gets
shortened in each replication (Shay, 2018). Most mammalian species lack telomerase
in somatic cells, and thus telomere attrition is one of the characteristics of ageing. This
also limits the number of possible replications and leads to replicative senescence
(Hayflick & Moorhead, 1961; Olovnikov, 1996). Shorter telomeres are associated
with shorter lifespan (Boonekamp, Simons, Hemerik, & Verhulst, 2013), and induced
telomerase activity rescues this phenotype (Jaskelioff et al., 2011).

Epigenetic alterations: Just like somatic genetic mutations, epimutations can result
in disruption of cellular activities (Talens et al., 2012). Characteristic changes in the
epigenome involve global DNA hypomethylation, regionspecific DNA hypermethyla
tion, and histone modifications (Pal & Tyler, 2016). These changes are also used to
develop the epigenetic ageing clock, the most accurate agepredictor today (see Sec
tion 1.4.3) (Horvath & Raj, 2018). The epigenome is vital for the regulation of gene
expression and disruptions can result in a decrease in functional capacity. While ge
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netic mutations are mostly irreversible, understanding the epigenomewide changes
can offer ways to intervene in ageingrelated phenotypes (Freije & LópezOtıń, 2012;
Rando & Chang, 2012).

Loss of proteostasis: Proteostasis, or protein homeostasis, is the sum of all activities
to ensure the stability and functionality of the proteome. It involves many regulators,
including molecular chaperones, protein posttranslational modification enzymes, pro
teasome, and lysosome (Hipp, Kasturi, & Hartl, 2019). Accumulation of nonfunctional
and misfolded proteins is a characteristic of physiological ageing and agerelated dis
eases, especially neurodegenerative diseases such as Alzheimer’s and Parkinson’s
(Klaips, Jayaraj, & Hartl, 2018). Improvement of proteostasis through experimental
interventions delayed ageing in mammals (Zhang & Cuervo, 2008).

1.3.2 Antagonistic hallmarks

This category involves hallmarks that might have positive or negative effects depend
ing on the intensity. They generally occur as a response to the primary hallmarks, and
when their amplitude or duration is excess, they result in pathological consequences.

Deregulated nutrient sensing: Genes and proteins functioning in the nutrientsensing
network (NSN) have been shown to modulate life, and healthspan in model organ
isms (Fontana & Partridge, 2015). In general, anabolism accelerates the ageing pro
cess and decreases lifespan (Fontana et al., 2010). In line with this observation,
dietary restriction improves lifespan in a wide range of organisms (see Section 1.6)
(Colman et al., 2014; Mattison et al., 2012).

Mitochondrial dysfunction: Ageingrelated accumulation of ROS, and mutations
in the mitochondrial DNA result in the disruption of the energy metabolism and de
creased ATP availability (Green, Galluzzi, & Kroemer, 2011; Kauppila, Kauppila, &
Larsson, 2017). However, a limited amount of ROS was observed to trigger mito
hormesis, a process that prevents further damage. Thus, while a small amount of
ROS can activate protective mechanisms, the excess can disrupt energy metabolism
(Balaban, Nemoto, & Finkel, 2005).

Cellular senescence: Broadly, cellular senescence can be defined as cell cycle ar
rest upon various triggers, such as telomere attrition and oncogene activation (Camp
isi & Fagagna, 2007). Cellular senescence prevents the accumulation of damaged
cells by preventing further divisions. However, the senescent cells also secrete vari
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ous proinflammatorymolecules (senescenceassociated secretory phenotype, SASP),
that, in turn, cause neighbouring cells to become senescent (Rodier & Campisi, 2011).
Because it prevents nonfunctional cells from dividing and accumulating, inducing cel
lular senescence in modest levels may improve lifespan (Matheu et al., 2009). How
ever, eliminating the senescent cells that accumulate with age also extends lifespan
(Childs et al., 2017).

1.3.3 Integrative hallmarks

The integrative hallmarks are the results of the previously mentioned hallmarks. They
induce systemlevel changes and result in an overall ageing phenotype that causes a
decline in the organism’s functional capacity.

Stem cell exhaustion: Decline in tissues’ proliferative capacity is one of the well
known characteristics of ageing (Goodell & Rando, 2015). As a result of the multi
layered accumulation of damage, tissues lose their regenerative capacity (Janzen et
al., 2006; Rossi et al., 2007). Improving the division capacity of the stem cells may
improve lifespan at the organismal level (Rando & Chang, 2012).

Altered intracellular communication: Apart from cellintrinsic changes, hormonal
and nonhormonal intercellular communication is also disrupted with age (Russell &
Kahn, 2007; Zhang et al., 2013). Inflammaging, which is a continuously inflamed
state of aged tissues, is one of the characteristics of ageing and it is triggered by the
proinflammatory signals, inefficient clearing of pathogens and their hosts, and SASP
(Franceschi, Garagnani, Parini, Giuliani, & Santoro, 2018). Coordinated functional
decline in multiple organ systems is also observed through communication via gap
junctions, celltocell contacts, and other signalling channels (Durieux, Wolff, & Dillin,
2011; Nelson et al., 2012). Bloodborne interventions, such as parabiosis, offer op
portunities to modulate lifespan at the intercellular level (Conboy et al., 2005; Villeda
et al., 2011).

1.4 Highthroughput ‘omics’ studies of ageing

The majority of today’s knowledge about ageing and regulation of lifespan has been
driven by the genetic studies on model organisms, investigating how genetic pertur
bations influence lifespan. A relatively recent development has been the advances
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in the highthroughput technologies, allowing the study of physiological ageing at the
molecular level. In this section, I summarise some of the conclusions driven by these
highthroughput omics studies focusing on ageing in humans.

1.4.1 Genomics

Highthroughput measurements became first available for genomics. Using chips de
signed to capture specific single nucleotide polymorphisms, or later using DNA se
quencing technologies, it became possible to resolve genetic variation at a single
nucleotide level.

Germline mutations and longevity

The heritability of longevity estimated to be only 2025% (Deelen, Beekman, Capri,
Franceschi, & Slagboom, 2013; Murabito, Yuan, & Lunetta, 2012); however, many
agerelated diseases which influence healthspan and longevity have rather high her
itability estimates. For example, Alzheimer’s show 6080% heritability (Van Cauwen
berghe, Van Broeckhoven, & Sleegers, 2016), and cataract has around 50% (Ham
mond, Snieder, Spector, & Gilbert, 2000).

Studies comparing centenarians, i.e. people reaching 100 years of age, with younger
controls found several candidate genes influencing longevity, including CDKN2A/B
and APOE genes and FOXO transcription factors which were found repeatedly in in
dependent studies (Deelen et al., 2013; Partridge et al., 2018; Pilling et al., 2017;
Wright et al., 2019). Despite the relatively low heritability of longevity, studies us
ing parental longevity as a proxy to individual longevity also replicated these results
and identified other candidates, which were also associated with lateonset diseases
(Deelen et al., 2019).

Somatic mutation accumulation with age

Spontaneous stochastic mutations occur in somatic cells throughout life. Most of them
are thought to be harmless, but some may occasionally affect a gene or its regula
tion, leading to functional consequences. The role of somatic mutations and cancer is
better understood today (Martincorena & Campbell, 2015). Some nonmalignant neu
rological diseases, such as cerebral cortical malformation, epilepsy, autism spectrum
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disorder, are also related to somatic mutations that occur early in life (Rodin & Walsh,
2018). Progressive accumulation of somatic mutations is proposed to contribute to
ageing (LópezOtıń et al., 2013); however, the characterisation of the extent requires
improved sequencing technologies.

The somatic mutation rate in human B and T lymphocytes, fibroblasts, retina, and the
intestinal epithelium is estimated to be in the order of 2 to 10 mutations per diploid
genome per cell division, which is ten times more than germline mutations (Lynch,
2010; Martincorena & Campbell, 2015). Using wholegenome/exome sequencing,
singlecell DNA sequencing, or RNA sequencing technologies, studies showed that
somatic mutations occur stochastically but are affected by the underlying genetic pro
grams such as biases in the DNA repair mechanisms. They can lead to clonal expan
sion as in cancer, and can involve cancer driver mutations (Lodato & Walsh, 2020;
Risques & Kennedy, 2018). Moreover, mutation landscape is tissuespecific, but
genes whose expression is associated with increasedmutation load in multiple tissues
include DNA repair, immune response, autophagy, and cell adhesion (GarcıáNieto
et al., 2019).

1.4.2 Transcriptomics

Genes are transcribed into RNAmolecules, and the total of these transcripts are called
the transcriptome. It includes both coding and noncoding RNA molecules. Similar to
genomics, both microarrays and sequencing methods are used to measure the abun
dance of transcripts in the cell. Most of the studies have a crosssectional design,
i.e. have multiple samples from different individuals at different ages, to measure
how the expression of genes changes with age. Most of the human studies have a
limited sample size, and thus, replication of the results is an issue (Valdes, Glass, &
Spector, 2013). Although the genes that show an increase or decrease in expression
with age do not overlap well, studies agree on overall up and downregulated path
ways. However, these pathways show a high tissuespecificity. Blood tissue shows
significant changes in immune regulated pathways and apoptosis (Magalhães, Cu
rado, & Church, 2009; Peters et al., 2015). Brain tissue is associated with changes
in synapserelated genes (Berchtold et al., 2008; Colantuoni et al., 2011; Kang et al.,
2011). Downregulation of mitochondrial genes, on the other hand, is observed across
multiple tissues (Valdes et al., 2013). Agerelated change in transcriptome is not lim
ited to abundances but also involves expression of different isoforms. Both the most
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abundant isoform and the number of coexisting isoforms change with age, especially
in the brain tissue (Bhadra, Howell, Dutta, Heintz, & Mair, 2019).

Most of the transcriptome studies for ageing focus on one species at a time, and in
vestigate one of the most widely used laboratory organisms (McCarroll et al., 2004;
Stegeman & Weake, 2017), humans (Colantuoni et al., 2011; Glass et al., 2013; Lu
et al., 2004), or longlived species such as naked molerat (Kim et al., 2011) or bow
head whale (Seim et al., 2014). However, natural lifespan is highly variable across
species and could be investigated to understand what contributes to a longer lifespan.
The biggest of these studies analysed gene expression in kidney, brain and liver of
33 mammals (Fushan et al., 2015) and found a parallel evolution of gene expression
and lifespans. More specifically, they identified a positive correlation between lifes
pan and expression of genes involved in DNA repair, immune response, and damage
response. They also showed downregulation of lipid metabolism, TCA cycle, and
amino acid degradation with increased lifespan. Another study used primary skin fi
broblasts from rodents, bats, and a shrew and again found DNA repair as up and
proteolysis as downregulated with increased lifespan (Ma et al., 2016). However, it
is important to note that these studies compare gene expression in adult organisms
and do not consider the regulation of gene expression across the lifespan.

The described studies use bulk tissue, and thus, whether these changes are cell
autonomous or due to the changes in the cellular composition is not clear. Recent
developments in singlecell sequencing technology allowed to measure gene expres
sion levels in a single cell. The number of human studies using scRNAseq is minimal.
Nevertheless, they suggest that both the changes in celltype composition and cell
specific changes contribute to the agerelated changes observed using bulk tissue
(Darmanis et al., 2015; Enge et al., 2017). A recent study sampling multiple tissues
at different ages inMus musculus suggested distinct cell types undergo different age
ing trajectories, but similar cell types in different tissues show similar changes; thus
ageing and celltype identity are coupled (Kimmel et al., 2019).

Here I summarised the transcriptomics studies focusing on coding transcripts, how
ever, there are several studies suggesting noncoding RNAs such as miRNAs (Danka
Mohammed, Park, Nam, & Kim, 2017; Kinser & Pincus, 2019; Victoria, Nunez Lopez,
& Masternak, 2017), circRNAs (Knupp & Miura, 2018; Mahmoudi & Cairns, 2019),
lncRNAs (Bink, LozanoVidal, & Boon, 2019; Marttila, Chatsirisupachai, Palmer, &
Magalhães, 2020; SousaFranco, Rebelo, Rocha, & Bernardes de Jesus, 2019) also
show changes with age and control some of the critical regulators of longevity.
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1.4.3 Other omics

Epigenome is the total of chemical compounds that change the DNA regulation with
out altering the base sequence. This can be achieved by modifying the DNA or his
tone proteins. Epigenome undergoes substantial changes with age, including a global
DNA hypomethylation, regional DNA hypermethylation, and histonemodifications (Pal
& Tyler, 2016), and global heterochromatin loss (Tsurumi & Li, 2012). The first studies
identified specific CpG sites that show differential methylation between young and old
in different tissues and cell types (Bork et al., 2010; Rakyan et al., 2010; Teschen
dorff et al., 2010). Moreover, one of the characteristic observations in the agerelated
change in DNA methylation is the increase in interindividual variability (see Section
1.4.4), which is called ‘epigenetic drift’ (Teschendorff, West, & Beck, 2013). Despite
this increased heterogeneity, DNA methylation offers the most accurate biomarkers
of ageing. Bocklandt et al. (2011), for the first time, showed that epigenetic changes
in only two CpG sites could predict the chronological age with 5.2 years of error. Af
ter this pioneering study, many different epigenetic clocks are designed for different
tissues or species. Horvath (2013) and Hannum et al. (2013) epigenetic clocks con
stitute the most accurate biomarker of human ageing so far with 3.6 and 4.9 years of
mean absolute errors. In these models, the deviation from the chronological age is
interpreted as acceleration or deceleration of ageing process and is associated with a
wide range of healthrelated conditions, such as cancer, obesity, menopause, Werner
syndrome, and Huntington’s disease (Horvath & Raj, 2018).

Proteomics is the study of the entirety of the proteins, their alternative isoforms and
modifications. Due to alternative splicing and posttranslational modifications, the
number of proteins is estimated to be two orders of magnitude higher than the coding
transcripts. However, due to technical challenges, only a small fraction of proteins or
their variants are examined. Although only around 3000 proteins could be examined,
sampling more than 4000 individuals, Lehallier et al. (2019) showed the changes in
proteome are not linear but show changes in direction, as also reported for transcrip
tome and proteome studies with much smaller sample size (Anisimova et al., 2020;
Colantuoni et al., 2011; Dönertaş et al., 2017; Somel et al., 2010). Although the num
ber of proteins that could be investigated is limited, previous studies also report that
the changes in protein abundance mostly reflect transcript abundances (Ori et al.,
2015; Somel et al., 2010), however translational efficiency impacts the protein abun
dance (Ori et al., 2015). Moreover, the composition of key protein complexes, such
as nuclear pore complex, polycomb repressive complex, exon junction complex, and
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complexes involved in vesicular transport, changes with age; potentially leading to
misassembly or change in functionality (Ori et al., 2015).

Metabolome, which encompasses lowmolecularweight molecules in a biological
system, also shows substantial changes with age. Studies report agerelated changes
in twothirds of the entire metabolomic content measured (Menni et al., 2013; Yu,
Wang, Han, & He, 2012). The changes are also associated with a wide range of
agerelated functional decline, including changes in bone mineral density, cholesterol
levels, cancer, and type 2 diabetes (Zierer, Menni, Kastenmüller, & Spector, 2015).

Microbiomics investigates all of the genetic material and their products within the
entire collection of microorganisms in a given environment. The majority of ageing re
search focuses on intracellular molecular changes with age; however, there is growing
evidence that the gut microbiome changes with age and in ageingrelated diseases
(Buford, 2017). The human gut is inhabited by over 1000 microbial species, which
have coevolved with humans to live together with mutual benefit. These microbial
communities are involved in various processes, including modulation of the nutrient
absorption, insulin signalling pathway, overall metabolic state, and the immune sys
tem, which are also implicated in ageing (Seidel & Valenzano, 2018). During ageing,
the interaction between host and gut microbiota disrupts, leading to dysbiosis and
infections (Aleman & Valenzano, 2019). There is some inconsistency about which mi
crobial families in the human gut are affected the most as changes in lifestyle, back
ground population, and antibiotic usage that accompany ageing can influence the pop
ulations as well. Nevertheless, all studies agree that the microbial diversity decreases
with age (O’Toole & Jeffery, 2015). Older ages are associated with an increased num
ber of pathogenic species and a reduced number of shortchain fatty acidproducing
bacteria (Smith et al., 2017). The permeability of intestinal epithelial barrier also in
creases in diverse species (with a limited proof in humans), and likely causes chronic
inflammation (Camilleri, 2019). The experiments in mice and killifish show microbiota
transfer from young to old individuals have effects on both agerelated phenotypes
and lifespan and suggest that the ageassociated changes in gut microbiota play a
functional role rather than being just a correlation (Kundu et al., 2019; Smith et al.,
2017). Disruption of the stability in gut microbiota contributes to various food aller
gies and inflammatory bowel disorders. However, in recent years it became evident
that the changes in microbial composition are relevant for even organs distant from
the intestine. Diseases associated with changes in the microbial composition include
colon cancer, Parkinson’s and Alzheimer’s diseases, obesity, diabetes, cardiovascu
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lar conditions, frailty, osteoporosis, gout, and rheumatoid arthritis, majority of which
are agerelated conditions (Buford, 2017).

1.4.4 Heterogeneity in molecular changes associated with age

Despite the ubiquity of ageing in all living organisms, the molecular mechanisms re
sponsible still require further elucidation. Ageing differs phenotypically among indi
viduals, including monozygotic twins (Herndon et al., 2002; Kirkwood, 2005), and
within tissues from the same individuals (Horvath, 2013). Researchers have ob
served an agerelated increase in variability in the epigenome (Cheung et al., 2018;
Fraga et al., 2005) and transcriptome (Somel, Khaitovich, Bahn, Pääbo, & Lachmann,
2006) of genetically identical samples, which may underlie the phenotypic differences.
Agerelated expression variability has been detected in many different cells, and tis
sue types including mice stem cells, cardiomyocytes and immune cells (Bahar et
al., 2006; HernandoHerraez et al., 2019; MartinezJimenez et al., 2017), rat neu
ral retina (Li, Wright, & Royland, 2009), fruitfly, mice and human brain (Angelidis et
al., 2019; BrinkmeyerLangford, Guan, Ji, & Cai, 2016; Davie et al., 2018; Somel
et al., 2006; Ximerakis et al., 2019) as well as human pancreas, lung, blood, skin,
fat and human fibroblasts in vitro (Angelidis et al., 2019; Enge et al., 2017; Viñuela
et al., 2018; Wiley et al., 2017). Despite these reports, there is no agreement on
the underlying mechanisms, extent and functional consequences. Suggested mech
anisms include somatic (Bahar et al., 2006; Enge et al., 2017) and germline mutations
(BrinkmeyerLangford et al., 2016; Viñuela et al., 2018), changes in the DNA methyla
tion (HernandoHerraez et al., 2019; Slieker et al., 2016; Viñuela et al., 2018) and chro
matin modifications (Cheung et al., 2018) and resulting chromatin compaction (Davie
et al., 2018) as well as global dysregulation, caused by the change in a transcription
factor or miRNA expression (Inukai, Pincus, Lencastre, & Slack, 2018). Both genome
wide and hypothesisdriven approaches have been employed to explore the extent of
expression variability with age. Among the former, some show a transcriptomewide
increase (Angelidis et al., 2019; Davie et al., 2018; Enge et al., 2017; Hernando
Herraez et al., 2019; Somel et al., 2006), while others focus only on those genes
showing significant changes in their variability. BrinkmeyerLangford et al. (2016) re
port that an equal number of genes show a significant increase or decrease in their
expression variability, whereas a recent study from Viñuela et al. (2018) suggests
more genes with a decrease in variability of expression. Hypothesisdriven studies
mostly show an increase in variability for the genes measured (Bahar et al., 2006;
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MartinezJimenez et al., 2017; Wiley et al., 2017), whereas Warren et al. (2007) sug
gest this might be specific only to the nonrenewing tissues. Similarly, Ximerakis et al.
(2019) show that change in transcription variability is in different directions in different
cell types of the mouse brain. The reports also vary in terms of the functional associ
ation of this variability. While some consider that increase in variability is widespread
(Davie et al., 2018; Somel et al., 2006), others report that variability is concentrated
in various cellular functions (BrinkmeyerLangford et al., 2016; Li et al., 2009; Slieker
et al., 2016) – although these functions also differ between reports. In Chapter 2, I
present an analysis of the extent and functional associations of the agerelated change
in gene expression heterogeneity in the human brain.

1.5 Ageing and diseases

Ageing is the major risk factor for many diseases. Increase in life expectancy poses
a threat to both individuals and society, considering that latelife is generally associ
ated with multiple diseases. Thus, it is vital to elucidate the nature of the relationship
between ageing and diseases.

Many diverse diseases have an increased risk with age, including cardiovascular,
neurodegenerative, metabolic diseases, and cancer (Niccoli & Partridge, 2012; Par
tridge et al., 2018). However, even before the diagnosis of diseases, structural, me
chanic, and endocrine changes occur throughout the body. For example, agerelated
changes in bone density, muscle mass, strength, cognitive abilities, hormone levels,
insulin resistance, and vascular stiffness can result in medically defined diseases at
later ages.

Although these diseases involve different organs and pathologies, they all show a
strong dependence on age (Niccoli & Partridge, 2012) and could, therefore share
common aetiologies based upon the underlying mechanisms of ageing. It is therefore
essential to understand if the ageing process itself leads agerelated deterioration in
common pathways and thus different agerelated conditions, or if these diseases in
stead have independent causes. Previous studies have suggested the presence of
common pathways that are associated with different agerelated diseases. A compu
tational study, comparing GWAS summary results for different agerelated diseases
has shown that pathways such as proteostasis and NSN are associated with vari
ous agerelated diseases at the pathway level (Johnson, Dong, Vijg, & Suh, 2015).
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Similarly, independent studies have shown the importance of NSN in cardiovascular
diseases (Nishimura, Ocorr, Bodmer, & Cartry, 2011) and neurodegeneration (Bové,
MartıńezVicente, & Vila, 2011). A comprehensive review on the role of ageingrelated
pathways in agerelated diseases suggests that not only NSN but mitochondrial func
tion, DNA damage response and autophagy pathways are also linked to agerelated
diseases (Niccoli & Partridge, 2012). Components of the proteostasis system have
also been repeatedly shown to have a role in many agerelated diseases including but
not limited to ALS, Alzheimer’s, cataracts, cardiomyopathy, cardiovascular disease,
frontotemporal dementia, and type II diabetes (Kaushik & Cuervo, 2015).

The unhealthy proportion of life at late ages, often with more than two diseases (i.e.
multimorbidity) (Kingston, Robinson, Booth, Knapp, & Jagger, 2018; Marengoni et al.,
2011; Violan et al., 2014), and the use of multiple drugs for treatment (i.e. polyphar
macy) (Bushardt, Massey, Simpson, Ariail, & Simpson, 2008; Gu, Dillon, & Burt, 2010;
Guthrie, Makubate, HernandezSantiago, & Dreischulte, 2015; Parameswaran Nair et
al., 2016) poses challenges for the individuals, their carers and social networks, and
healthcare systems. Limiting the effect of the unhealthy proportion at the end of life
is a high priority for the researchers, national governments, and international health
organisations (World report on Ageing And Health, 2015). A plausible idea is to target
ageing to alleviate the effect of multimorbidity and associated polypharmacy at late
ages. However, this assumes that multiple diseases have a common underlying fac
tor that can be attributed to agerelated changes. There are a few studies investigating
the link between ageing and agerelated diseases. However, to our knowledge, as a
part of this thesis, I present the most comprehensive and systemic analysis of dis
eases that are clustered based on their agerelevance using an unbiased datadriven
approach in Chapter 3.

1.6 Pharmacological interventions to improve life and
healthspan

The genetic studies showed that the lifespan of model organisms could be modulated
(Kenyon, 2010). Later studies showed lifespan could be extended not only through ge
netic modifications but also by environmental perturbations, more specifically through
dietary restriction (Fontana et al., 2010). Dietary restriction (DR), i.e. restricted food
intake without malnutrition, can improve both life and healthspan in diverse organ
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isms (Fontana & Partridge, 2015; Kapahi, Kaeberlein, & Hansen, 2017). DR has been
shown to reduce plasma triglycerides, diabetes, cardiovascular disease, neoplasms,
and brain atrophy in rhesus macaque (Colman et al., 2014; Mattison et al., 2012).
NSN, including insulin/insulinlike growth factor and mTOR signalling pathways, mon
itor the changes in diet. Genetic perturbations that reduce the activity of NSN have
led to improved lifespan in diverse organisms (Fontana et al., 2010; Kenyon, 2010;
Pan & Finkel, 2017). This, in turn, directed the attention to finding pharmacological in
terventions that improve health and lifespan. Could it be possible that we take some
drugs and live longer and healthier?

Model organism studies suggest that there are at least several chemical compounds
that can improve lifespan in diverse species. Moreover, combinations of drugs acting
on separate pathways or branches of pathways can be used to achieve even longer
lifespan (Admasu et al., 2018; CastilloQuan et al., 2019). As of March 2020, DrugAge,
which is a literaturebased database of chemical compounds that modulate lifespan
in model organisms, harbours 567 unique drugs that modulate lifespan of at least one
model organism (Barardo et al., 2017). Not all of these compounds have a consid
erable influence on the lifespan of multiple organisms, but there are a few that are
repeatedly shown to extend lifespan in independent studies. Here, I summarise three
that has been tested in Caenorhabditis elegans, Drosophila melanogaster, and Mus
musculus and recorded 20% extension in average lifespan in at least one experiment:

Rapamycin: Rapamycin, or sirolimus, inhibits the mTOR Complex 1 (TORC1) activ
ity and is used after tissue transplants to prevent rejection (“Sirolimus,” n.d.). Shortly
after the first discovery of the importance of mTOR signalling in ageing (Kapahi et al.,
2004; Vellai et al., 2003), lifespan extension by rapamycin was shown in diverse or
ganisms, including yeast (Kaeberlein et al., 2005), worm (RobidaStubbs et al., 2012),
fly (Bjedov et al., 2010), and mice (Harrison et al., 2009). It also alleviates many age
related conditions in ageing mice (Kennedy & Lamming, 2016). All seven studies that
are recorded in DrugAge database and use the three model organisms mentioned
above extended lifespan (Barardo et al., 2017).

Metformin: Metformin is a drug used to treat type 2 diabetes (“Metformin,” n.d.).
There are multiple ageingrelated mechanisms targeted by metformin. In essence, it
decreases insulin levels, decreasing IGF1 signalling (Liu et al., 2011), inhibits mTOR
(Kickstein et al., 2010), inhibits mitochondrial complex 1, reducing endogenous ROS
production (Batandier et al., 2006), activates AMPK (Foretz, Guigas, Bertrand, Pollak,
& Viollet, 2014), and reduces DNA damage (Algire et al., 2012). However, it is not yet
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clear if the effect of metformin on lifespan is through multiple independent pathways
or the effects are downstream of one primary action (Barzilai, Crandall, Kritchevsky,
& Espeland, 2016). Moreover, metformin reduces allcause mortality in people with
diabetes compared to the ones receiving nonmetformin therapies (Campbell, Bell
man, Stephenson, & Lisy., 2017) and is under clinical trials for protection against the
effects of ageing (Barzilai et al., 2016; Espeland et al., 2016). 62% of 13 studies on
the three model organisms that are recorded in DrugAge extended lifespan (Barardo
et al., 2017).

Resveratrol: Resveratrol is a compound found in red wine. It is not an approved
drug, though it is being investigated to treat cold sores (“Resveratrol,” n.d.). Since
1992, there have been several reports showing cardioprotective, anticancer, stress
resistance effects of resveratrol, as well as its capacity to extend lifespan (Baur &
Sinclair, 2006). The mechanism of action of resveratrol remains controversial. Early
studies suggested it acts directly by activating SIRT1. However, recent studies sug
gest that SIRT1 is activated by the inhibition of cAMP phosphodiesterase (Novelle,
Wahl, Diéguez, Bernier, & Cabo, 2015). Nevertheless, direct or indirect, resveratrol
seems to act through activation of sirtuins, which are NAD+dependent deacetylases,
and promote survival and stress resistance (Baur & Sinclair, 2006). Only 50% of 32
studies using the three model organisms that are recorded in DrugAge database ex
tended lifespan (Barardo et al., 2017).

Recent computational developments and highthroughput testing technology also al
lowed a new area of research: computational drug repurposing. Instead of designing
new compounds that target key contributors of a disease / phenotype, drug repurpos
ing strategies search for drugs that are already in use or designed for other conditions
but could be used for a new purpose, ageing in our case. There are already a few
studies in this area, and as part of this thesis, I present a new approach in Chapter 4,
together with an overview of other computational methods developed to achieve this
aim.

1.6.1 Challenges involved in drug studies

Several drugs have been shown to extend lifespan in model organisms; however, a
significant challenge remains to be the reproducibility of the effects. As noted in the
previous section, although there are many candidates, only three had been found to
extend lifespan in multiple organisms, and even they do not have a very high repro
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ducibility (50%, 62%, and 100% of the studies extended the average lifespan of tested
organisms). NIA Interventions Testing Program (ITP) is a critical multiinstitutional
program aiming to test the effects of chemical or environmental perturbations on the
lifespan of genetically heterogeneous mice (Nadon, Strong, Miller, & Harrison, 2016).
The program aims to increase reproducibility and find candidates to modulate ageing.

Although some of the candidates indicate potential use for lifespan extension, their
effects in humans are difficult to assess experimentally. We need access to human
data in old ages, longitudinal data enabling advanced computational modelling, and
reliable biomarkers of ageing. The need for biomarkers of ageing is becoming ever
more critical to allow a rapid assessment of the effects of a drug on an organism
other than by conducting lengthy, expensive lifespan experiments. The emergence of
several ‘epigenetic ageing clocks’ (Hannum et al., 2013; Horvath, 2013; Levine et al.,
2018) provides opportunities to monitor ageing in both cells and organisms actively.
Combining molecular, clinical, and lifestyle data is crucial to model the effects of drugs
in humans (Dönertaş, Fuentealba, Partridge, & Thornton, 2019).

Moreover, even though the targets of the candidates are highly conserved, we see
that their effects on lifespan change drastically between organisms. Drugs have much
more notable effects on shortlived species such as C. elegans and D. melanogaster
than in mice. Homo sapiens already lives much longer than its closely related species
and whether the effects seen in model organisms are reliable predictions for their
impact for humans remains an open question. Moreover, the challenge today is not
to increase the lifetime of humans. Instead, we should aim to improve healthy years
of life by reducing the multimorbidity associated with old age. This challenge has not
been adequately addressed, either in model organism research or in clinical studies.

1.7 Thesis overview and objectives

In this chapter, I introduced some of the key concepts of ageing biology, with a focus
on the current gap in understanding and the challenging aspects. In the rest of this
thesis, I will introduce the computational approaches aiming to address some of these
challenges.

In Section 1.4.4, I introduced the interindividual heterogeneity in gene expression
as a challenge in ageing research. Although multiple studies have investigated how
heterogeneity changes with age, several questions remain unanswered. In Chapter
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2, I will summarise our analyses aiming to understand i) how the interindividual het
erogeneity in gene expression changes with age, at the transcriptome, pathway, and
genelevel?, ii) what is the influence of different preprocessing steps and measures of
heterogeneity on the conclusions?, iii) if the change in heterogeneity is linear through
out lifespan or is different between postnatal development (0 to 20 years of age) and
ageing (20+ years of age)?

In Section 1.5, I introduced ageing as a major risk factor for diverse diseases. The
exact nature of this relationship, however, is not yet known. In Chapter 3, I will present
an analysis of 116 diseases in the UK Biobank, aiming to characterise the common
underlying genetic factor between diseases with similar age profiles concerning their
relevance to ageing, functional, and evolutionary characteristics. I will present a list
of drugs targeting multiple lateonset diseases.

In Section 1.6, I summarised the pharmacological interventions that extend lifespan
in model organisms. In Chapter 4, I will first give an overview of the published com
putational approaches to find potential lifespanextending candidates. Then, I will
introduce a drug repurposing approach to find drugs that target the characteristic
agerelated gene expression changes in the human brain. Lastly, I will present a
comparison of the results of all published studies, including our approach.

In Chapter 5, I will summarise our contributions and future directions of research.
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Chapter 2

Agerelated changes in gene
expression heterogeneity in the
human brain
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2.1 Introduction

Ageing is a complex process characterised by a gradual decline in maintenance and
repair mechanisms, accompanied by an increase in genetic and epigenetic mutations,
and oxidative damage to nucleic acids, protein and lipids (Gorbunova et al., 2007; Lu
et al., 2004). The human brain experiences dramatic structural and functional changes
in the course of ageing. These include decline in grey matter and white matter vol
umes (Sowell, Thompson, & Toga, 2004), increase in axonal bouton dynamics (Grillo
et al., 2013) and reduced synaptic plasticity, all processes that may be associated
with decline in cognitive functions (Dorszewska, 2013). Changes during brain ageing
are suggested to be a result of stochastic processes, unlike changes associated with
postnatal neuronal development that are known to be primarily controlled by adaptive
regulatory processes (Polleux, InceDunn, & Ghosh, 2007; Schratt, 2009; Stefani &
Slack, 2008). The molecular mechanisms underlying agerelated alteration of regu
latory processes and eventually leading to ageingrelated phenotypes, however, are
little understood.

Over the past decade, a number of transcriptome studies focusing on agerelated
changes in human brain gene expression profiles were published (Kang et al., 2011;
Lu et al., 2004; Miller et al., 2014; Somel et al., 2010; Tebbenkamp, Willsey, State, &
Šestan, 2014). These studies report ageingrelated differential expression patterns in
many functions, including synaptic functions, energymetabolism, inflammation, stress
response, and DNA repair. By analysing agerelated change in gene expression pro
files in diverse brain regions, we previously showed that for many genes, gene ex
pression changes occur in opposite directions during postnatal development (pre20
years of age) and ageing (post20 years of age), whichmay be associated with ageing
related phenotypes in healthy brain ageing (Dönertaş et al., 2017). While different
brain regions are associated with specific, and often independent, gene expression
profiles (Kang et al., 2011; Miller et al., 2014; Tebbenkamp et al., 2014), these studies
also show that agerelated alteration of gene expression profiles during ageing is a
widespread effect across different brain regions.

One of the suggested effects of ageing is increased heterogeneity between individu
als and somatic cells, which has been previously reported by several studies. Some
of these studies find an increase in agerelated heterogeneity in heart, lung and white
blood cells of mice (Angelidis et al., 2019; Bahar et al., 2006; MartinezJimenez et
al., 2017), Caenorhabditis elegans (Herndon et al., 2002), and human twins (Fraga
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et al., 2005). A study analysing microarray datasets from different tissues of humans
and rats also reported an increase in agerelated heterogeneity in expression as a
general trend (Somel et al., 2006). However, this study found no significant consis
tency across datasets, nor any significant enrichment in functional gene groups. That
said, the generality of increase in expression heterogeneity remains unresolved. For
instance, Viñuela et al. (2018) find more decrease than an increase in heterogeneity
in human twins and Ximerakis et al. (2018) show the direction of the heterogeneity
change depends on cell type in ageing mice brain. Using GTEx data covering differ
ent brain regions (20 to 70 years of age), BrinkmeyerLangford et al. (2016) identify
a set of differentially variable genes between age groups, but they do not observe
increased heterogeneity at old age. Meanwhile, another study performing singlecell
RNA sequencing of human pancreatic cells, identifies an increase in transcriptional
heterogeneity and somatic mutations with age (Enge et al., 2017). My previous re
search also suggested more shared expression patterns during development than in
ageing, implying an increase in interindividual heterogeneity (Dönertaş et al., 2017).

2.1.1 Research objectives

Whether agerelated increase in heterogeneity is a universal phenomenon remains
contentious. The studies analysed different organisms, organs, and age ranges, mak
ing the comparison difficult. Thus, we first employ different methodologies to assess
the same dataset, to understand the extent of technical influence on these different
results. Furthermore, where it can be detected, whether the increase in heterogeneity
is a timedependent process that starts at the beginning of life or whether this in
crease and its functional consequences are only seen after developmental processes
are completed, have not yet been explored. In this study, we retrieved transcriptome
data from three independent studies covering the whole lifespan, including data from
diverse brain regions, and conducted a comprehensive analysis to identify the preva
lence of agerelated heterogeneity changes in human brain ageing compared with
those observed during postnatal development. We further investigate the pathways
and biological functions associated with the increased heterogeneity.
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2.2 Comparison of different methods to measure the
change in gene expression heterogeneity with age

2.2.1 Methods

Data processing steps

Dataset Selection: We utilised one of the largest ageseries human brain expres
sion datasets, featuring 269 prefrontal cortex samples from healthy individuals and
spanning the whole lifespan from development (prenatal samples) through ageing (80
years) (Colantuoni et al., 2011). These data were collected using microarray technol
ogy from people of both sexes and 4 races, namely African American (AA), Caucasian
(CAUC), Hispanic (HISP) and Asian (AS). In the current analysis, we excluded foetal,
childhood and early adulthood samples before the age of 20, thus limiting our sample
size to 147. This was to exclude developmental processes taking place in the brain
until the end of early adulthood, which exhibit discontinuous expression changes be
tween early adulthood and ageing (Dönertaş et al., 2017). Our main motivation was
to study changes in gene expression variability during ageing, considering 20 years
old as a starting point.

Data Characterisation: The preprocessed data (loess normalisation was applied
on the background corrected log2 intensity ratios (sample/reference)(Colantuoni et
al., 2011)); sample and gene (probe set to Entrez genemapping) annotations were ob
tained from theNCBIGene ExpressionOmnibus (GEO) at accession numberGSE30272.
Samples were processed in 19 batches, had different quality measurements, namely
pH and RNA integrity number (RIN), and differed in the time of collection after death
(postmortem interval (PMI)). Using a PCA, we found no sample outliers as judged
by visual inspection of the first two principal components. However, the relationship
analysis between the abovementioned factors (i.e. batch, RIN, PMI and others) and
age yielded significant correlations for sex, postmortem interval and RNA integrity,
pointing to potential confounders in the data. We further checked the overlap between
significantly differentially variable genes in our analysis and previously reported genes
that are affected by PMI and detected only a limited overlap.

Probe set to gene summarisation: If one probeset was mapped to several genes,
it was deleted to avoid duplication. Conversely, when one gene had several probeset
expression values, they were averaged to obtain a unique gene expression value. In



2.2 Comparison of different methods to measure the change in gene expression
heterogeneity with age 25

total 16675 genes were measured on the array. Batch correction: To compensate
for technical variation between samples, quantile normalisation (QN) was performed
using the ‘normalize.quantiles’ function from the ‘preprocessCore’ R library. To differ
entiate between the age effect and the effect of the unwanted technical and biological
variability, we have applied different expression correction strategies: linear regres
sion of the known covariates, unsupervised estimation of covariates using surrogate
variable analysis (SVA) (Leek & Storey, 2007). As a result, we analysed the same
data two times, corrected using QN+regression and QN+SVA. Different corrections
work by adjusting for the different covariates in the linear model that explains the gene
expression, namely: i) QN – no covariates were added; ii) QN+regression – consid
ering technical batches (N = 19), sex (N=2), race (N=4), postmortem interval, RNA
integrity number, pH; iii) QN + SVA – 20 surrogate variables (SV) were inferred from
the expression data using the ‘sva’ function from ‘SVA’ R library (Leek et al., 2019).

Differential variability

The continuous approach: First, a linear model to fit gene expression during age
ing, using 𝑎𝑔𝑒0.25 and potential confounders, was constructed. Next, the Spearman
correlation was calculated between the absolute values of the residuals, |𝜖𝑖| from the
linear model and age. Consequently, Spearman correlation estimates were used as a
measure of the change in variability, referred as Δ𝑣𝑎𝑟𝑖(𝜌). p values for the Spearman
correlation estimates were corrected for multiple testing using FDR. FDR adjusted p
≤ 0.05 was used as a threshold to define significantly DV genes.

Δ𝑣𝑎𝑟𝑖(𝜌) = 𝜌(|𝜖𝑖, 𝑎𝑔𝑒|)

The grouped approach: First, a corrected expression matrix was obtained by remov
ing the effect of covariates (see data processing steps) from the data using the resid
uals from a linear regression model. The ‘grouped approach’ is a custom resampling
based test designed to compare gene expression variability between young (20 – 40
years old) and old (6080 years old) groups using an interquartile range (IQR). IQR
corresponds to the difference between the 75th and 25th percentiles of the distribution
and is considered to be a robust measure of variability, meaning it is not susceptible
to outliers and departure from normality in the data. In order to adjust for the unequal
sample size of the young (N = 53) and old (N = 22) groups, we, first, calculated a null
distribution of the IQR values for the young group by resampling it 10,000 times with
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the size of the old group. Next, we calculated significance as a percentage of samples
where 𝐼𝑄𝑅𝑜𝑙𝑑 was more extreme than 𝐼𝑄𝑅𝑦𝑜𝑢𝑛𝑔 and corrected it for multiple testing
using FDR correction, q ≤ 0.05. The ‘grouped’ measure of change in the variability,
Δ𝑣𝑎𝑟𝑖(𝐼𝑄𝑅), for the gene i, corresponds to the difference between IQR value for the
old, 𝐼𝑄𝑅𝑖,𝑜𝑙𝑑 , and 𝐼𝑄𝑅𝑖,𝑦𝑜𝑢𝑛𝑔 (i.e. mean IQR value from the young distribution), which
is then divided by the latter, see formula:

Δ𝑣𝑎𝑟𝑖(𝐼𝑄𝑅) = 𝐼𝑄𝑅𝑖,𝑜𝑙𝑑 − 𝐼𝑄𝑅𝑖,𝑦𝑜𝑢𝑛𝑔
𝐼𝑄𝑅𝑖,𝑦𝑜𝑢𝑛𝑔

Gene Set Enrichment Analysis for KEGG pathways

Δ𝑣𝑎𝑟 measures from the differential variability analyses were used to perform gene
set enrichment analysis, GSEA (Subramanian et al., 2005) using the ‘clusterProfiler’
R library (Yu et al., 2012). 315 KEGG pathways with the size of between 10 and 500
genes were considered as gene sets for the GSEA.

Heterogeneity Distributions in Pathways

KEGG pathway to gene mapping was obtained from ‘KEGGREST’ R library and path
ways were prefiltered to contain between 5 and 500 genes. As a result, 310 KEGG
pathways that comprise 5922 unique genes were used for the subsequent analysis.
The boxplots illustrated distributions of the Δ𝑣𝑎𝑟 measure for genes in each pathway.
Pathways were sorted according to their median Δ𝑣𝑎𝑟 measure in ascending order.
The percentage of pathways that have their median Δ𝑣𝑎𝑟 above zero was calculated.

Distribution tests

Distributions of the Δ𝑣𝑎𝑟  measures for all the genes were tested for normality using
the ShapiroWilk test in R (‘Shapiro.test’ function) on the multiple subsamples, con
sisting of 5000 measures. Skewness of the distributions was calculated using the
‘fBasics’ function from ‘BasicStatistics’ R library.
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2.2.2 The effects ofmethods correcting for batch effects andmea
suring agerelated changes in gene expression heterogene
ity

In order to study the effect of different preprocessing methods and heterogeneity mea
sures on gene expression heterogeneity during ageing, we used one of the biggest
published human brain transcriptome datasets, generated using microarray technol
ogy (Colantuoni et al., 2011). We limited the age range to between 20 and 80 years,
resulting in RNA expression data for 147 prefrontal cortex samples. We excluded
prenatal, infant and childhood samples (up to 20 years old) because their expression
levels are inherently coupled with developmental processes in the brain.

We applied two different batch correction strategies to account for technical and bio
logical confounders:

1. Regression: Quantile normalisation followed by linear regression to correct for
known covariates,

2. SVA: Quantile normalisation followed by Surrogate Variable Analysis

We choose these two approaches as representatives of one supervised and one un
supervised approach. Linear regression requires the known confounders to be added
as factors to the model, whereas SVA is unsupervised and deduces the factors from
data. We also applied only quantile normalisation and ComBat to correct for batch
effects and the results are available in the paper (Kedlian et al., 2019). For the brevity
here I just summarise the results with these two methods. Quantile Normalisation
was performed using the ‘normalize.quantiles’ function from the ‘preprocessCore’ R
library. Linear Regression was applied considering: technical batches (N = 19), sex
(N=2), race (N=4), postmortem interval, RNA integrity number, and pH. Surrogate
Variable Analysis (SVA) was applied using 20 inferred surrogate variables using the
‘sva’ package in R (Leek et al., 2019). Details of the methods are available in Section
2.2.1.

We also applied two different strategies to measure the change in the gene expression
heterogeneity with age, namely continuous and grouped approaches. The continuous
approach detects continuous monotonic change in variation from 20 to 80 years of
age. The grouped approach compares the gene expression variation between two
age groups: young (20  40 years old, N = 53) and old (60  80 years old, N = 22).
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In the continuous approach, we first fit a linearmodel to explain agedependent change
in expression, and then use the residuals from this model to represent the heterogene
ity. To measure change in the expression heterogeneity with age, we calculate the
Spearman correlation coefficient (Δ𝑣𝑎𝑟(𝜌)) between the absolute value of residuals
and age.

In the grouped approach, we first generated a distribution of expected heterogene
ity in gene expression for the young individuals and treated it as a null distribution to
compare with the heterogeneity from the old individuals. We used interquartile range
(IQR) as a measure of heterogeneity because it is robust to outliers. In order to calcu
late a distribution of expected heterogeneity in the young group, we randomly selected
a subsample of 22 individuals (the number of samples in the old group) from the 53
individuals in the young group for 10,000 times and calculated IQR. The change in
heterogeneity, Δ𝑣𝑎𝑟(𝐼𝑄𝑅), was measured as a fractional change in the IQR between
old and young groups. The pvalue was determined by calculating how many times
we observed a value as extreme as 𝐼𝑄𝑅𝑜𝑙𝑑.

Details of the methods are available in Section 2.2.1.

2.2.3 Changes in heterogeneity at the transcriptomelevel

The change in heterogeneity calculated using continuous approach, Δ𝑣𝑎𝑟(𝜌), ranged
between 0.32 and 0.36 and were normally distributed (ShapiroWilk test, p > 0.05)
(Figure 2.1A). The distributions were significantly shifted towards positive values for
both correction methods (Wilcoxon test, 𝑝 < 2.2𝑒−16, median values range between
0.01 and 0.03). Although the shift in the distribution was small, 57 and 63% of the
genes showed increase in heterogeneity with age, for SVA and Regression correc
tions, respectively. However, we noted that the changes in heterogeneity calculated
for each gene, using regression and SVAcorrected data were only weakly correlated
(𝜌 = 0.35, Figure 2.1B).
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Figure 2.1 Distributions of the Δ𝑣𝑎𝑟measures for all the genes (n = 16675) obtained in
the continuous (A) and grouped (C) approaches. Increase in the heterogeneity with age,
Δ𝑣𝑎𝑟 > 0, is coloured in orange, while decrease in heterogeneity, Δ𝑣𝑎𝑟 < 0, is marked in blue.
The red dashed line depicts median of the distribution. The Δ𝑣𝑎𝑟(𝜌) distributions are normal
with their mean and median values equal to 0.03 and 0.02 for regression and SVA, respec
tively; The Δ𝑣𝑎𝑟(𝐼𝑄𝑅) distributions are moderately skewed: skewness values are 0.66 and
0.68 for regression and SVA, respectively. The mean and median values of the Δ𝑣𝑎𝑟(𝐼𝑄𝑅)
distribution are 0.05 and 0.02 for regression and 0.04 and 0.01 for SVA, respectively. Hexag
onal heat maps illustrate relationship between regression and SVAcorrected measures of the
heterogeneity for each gene, obtained in continuous  Δ𝑣𝑎𝑟(𝜌) (B) and grouped  Δ𝑣𝑎𝑟(𝐼𝑄𝑅)
(D) approaches. The colour gradient represents the density of the data. The linear regression
line and the Spearman correlation estimate, 𝜌, for the corresponding variables are shown on
each graph.

The distributions of the change in heterogeneity calculated using grouped approach,
Δ𝑣𝑎𝑟(𝐼𝑄𝑅), were moderately skewed to the right and ranged from 0.7 to 2.1 for the
regression corrected data and from 0.78 to 1.71 for the SVA corrected data (Fig
ure 2.1C). The skew to the right was expected given that we calculate heterogeneity
change as a fraction and thus, it was more sensitive to increase in heterogeneity. In
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both cases, the distributions demonstrated a significant deviation from zero (Wilcoxon
test, 𝑝 < 2.2𝑒−16). 6% and 2% more genes showed higher heterogeneity in the old
group, for regression and SVAcorrected data, respectively. Similar to the continuous
approach, the effect sizes calculated using different batch correction methods weakly
correlated (𝜌 = 0.24, Figure 2.1D).

2.2.4 Changes in heterogeneity at the genelevel

We then asked if we could detect any genes with a significant change in heterogeneity.
Using the continuous approach, we did not detect any significant change in hetero
geneity with age after multiple testing correction. The grouped approach leads to 741
and 746 differentially variable (DV) genes (FDR corrected p ≤ 0.05) using the regres
sion and SVA correction, respectively. However, the two sets of DV genes had only
83 genes in common, one of which shows an opposite direction of change in the two
sets. The correlation between Δ𝑣𝑎𝑟(𝐼𝑄𝑅) for regression and SVA corrected data is
weak (𝜌 = 0.24), but correlation increases when we select only the common DV genes
(𝜌 = 0.44). In agreement with our overview analysis above, we find twice as many DV
genes with an increase in heterogeneity as those that decrease heterogeneity, using
both correction methods: i) 533 genes increase and 208 decrease their heterogeneity
after the regression correction, ii) 505 genes increase and 241 decrease their hetero
geneity after the SVA correction.

2.2.5 Changes in heterogeneity at the pathwaylevel

Following the individual gene analysis, we explored whether genes that tend to in
crease or decrease heterogeneity with age are localised in particular functional groups.
We performed multiple gene set enrichment analyses (GSEA) using the change in the
heterogeneity with age (Δ𝑣𝑎𝑟) measures obtained in the continuous and grouped ap
proaches on the gene sets from KEGG and Biological Process GO categories. We
observed no genomelevel significant enrichment in particular functional groups on the
data either from the continuous (SVA correction), or the grouped approach (Regres
sion and SVA corrections). However, we found that 4 pathways, namely betaAlanine
metabolism, Ras signaling pathway, Phosphatidylinositol signaling system, Bacterial
invasion of epithelial cells (FDR corrected p ≤ 0.05) were enriched among the genes
showing more heterogeneity of expression in the continuous approach (Regression
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correction). These pathways had positive normalised enrichment scores (NES), i.e.
enrichment for the genes that increase heterogeneity with age. Moreover, these path
ways also had positive NES for other approaches, even though they were not signifi
cant.

Figure 2.2 The distribution of the heterogeneity measures (Δ𝑣𝑎𝑟) for the genes within each
pathway is represented as a box, encapsulating part of the distribution between 1st and 3rd
quantile, median of the box is coloured in black. (A) represents heterogeneity measure distri
butions for the continuous, while (B) for the grouped approaches. Pathways are ordered by
increasing median. Boxes are coloured in orange if the corresponding pathways have me
dian Δ𝑣𝑎𝑟 > 0, and in blue, if median Δ𝑣𝑎𝑟 < 0. Text label on the plot shows percentage of
pathways with median Δ𝑣𝑎𝑟 > 0. Red dashed line marks Δ𝑣𝑎𝑟 = 0. The mean values for the
median across all pathways are 0.033 for Δ𝑣𝑎𝑟(𝜌)𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛, 0.021 for Δ𝑣𝑎𝑟(𝜌)𝑆𝑉 𝐴, 0.033 for
Δ𝑣𝑎𝑟(𝐼𝑄𝑅)𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛, and 0.027 for Δ𝑣𝑎𝑟(𝐼𝑄𝑅)𝑆𝑉 𝐴.

The gene set enrichment analysis shows if there are particular gene sets that include
the genes with the highest increase or decrease. Failing to detect such functional
categories, we asked how the heterogeneity measures for the genes were distributed
in the different functional groups of genes. For each of 310 KEGG pathways, en
compassing 5922 unique genes, we analysed the distributions of Δ𝑣𝑎𝑟 measures,
focusing on the median value for the change in heterogeneity (Figure 2.2A, B). In line
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with the overall tendencies we observed (Figure 2.1A, C), the majority of pathways
contained a larger number of genes that become more variable with age, irrespective
of the approach or correction method used. Although the increase in heterogeneity
is ubiquitous and is observed across the majority of the pathways (7494%), the in
crease is small (the mean value for the shift in distributions range between 0.021 and
0.033) – in accordance with the small, but significant increase observed in the distri
bution for all genes. Since the pathways are not mutually exclusive, we checked if
there are particular genes that are present in many different pathways and cause the
shift. However, no significant correlation between the pathway membership of gene
and its heterogeneity measure (Δ𝑣𝑎𝑟) was detected.

2.3 Temporal landscape of the changes in gene ex
pression heterogeneity during brain development
and ageing

2.3.1 Methods

Dataset collection

In this study, we performed reanalysis of publicly available transcriptome datasets
to test agerelated change in gene expression heterogeneity. All data collection in
these previous studies were performed in accordance with relevant guidelines, regu
lations and approved experimental protocols, including informed consents for the use
of samples for research from all donors or their next of kin.

Microarray datasets: Raw data used in this study were retrieved from the NCBI Gene
Expression Omnibus (GEO) from three different sources (Supplementary Table S1).
All three datasets consist of human brain gene expression data generated on microar
ray platforms. In total, we obtained 1017 samples from 298 individuals, spanning the
whole lifespan with ages ranging from 0 to 98 years (Figure A.1).

RNA sequencing dataset: We used the transcriptome data generated by the GTEx
Consortium (v6p) (Ardlie et al., 2015). We only used the samples with a death circum
stance of 1 (violent and fast deaths due to an accident) and 2 (fast death of natural
causes) on the Hardy Scale excluding individuals who died of illnesses. As we focus
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only on the brain, we used all 13 brain tissue data in GTEx. We thus analysed 623
samples obtained from 99 individuals.

Separating datasets into development and ageing datasets: To differentiate changes
in gene expression heterogeneity during ageing from those during development, we
used the age of 20 to separate preadulthood from adulthood. It was shown that the
age of 20 corresponds to the average first age of reproduction in human societies
(Walker et al., 2006). Structural changes after the age of 20 in the human brain were
previously linked to agerelated phenotypes, specifically neuronal shrinkage and a
decline in total length of myelinated fibers (Sowell et al., 2004). Earlier studies exam
ining agerelated gene expression changes in different brain regions also showed a
global change in gene expression patterns after the age of 20 (Colantuoni et al., 2011;
Dönertaş et al., 2017; Somel et al., 2010). Thus, consistent with these studies, we
separated datasets using the age of 20 into development (0 to 20 years of age, n =
441) and ageing (20 to 98 years of age, n = 569).

Preprocessing

Microarray datasets: RMA correction (using the ‘oligo’ library in R) (Carvalho &
Irizarry, 2010) and log2 transformation were applied to Somel2011 and Kang2011
datasets. For the Colantuoni2011 dataset, as there was no public R package to anal
yse the raw data, we used the preprocessed data deposited in GEO, which had been
loess normalised by the authors. We quantile normalised all datasets using the ‘pre
processCore’ library in R (Bolstad, 2019). Notably, our analysis focused on consistent
patterns across datasets, instead of considering significant changes within individual
datasets. Since we don’t expect random confounding factors to be shared among
datasets, we used quantile normalisation to minimise the effects of confounders, and
we treated consistent results as potentially a biological signal. We also applied an
additional correction procedure for Somel2011 datasets, in which there was a batch
effect influencing the expression levels, as follows: for each probeset (1) calculate
mean expression (M), (2) scale each batch separately (to mean = 0, standard devia
tion = 1), (3) add M to each value. We excluded outliers given in Supplementary Table
S1, through a visual inspection of the first two principal components for the probeset
expression levels as in Dönertaş et al. (2017) and Dönertaş, Fuentealba Valenzuela,
Partridge, & Thornton (2018). We mapped probeset IDs to Ensembl gene IDs 1) us
ing the Ensembl database, through the ‘biomaRt’ library (Durinck, Spellman, Birney, &
Huber, 2009) in R for the Somel2011 dataset, 2) using the GPL file deposited in GEO
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for Kang2011, as probeset IDs for this dataset were not complete in Ensembl, and 3)
using the Entrez gene IDs in the GPL file deposited in GEO for the Colantuoni2011
dataset and converting them into Ensembl gene IDs using the Ensembl database,
through the ‘biomaRt’ library in R. Lastly, we scaled expression levels for genes (to
mean = 0, standard deviation = 1) using the ‘scale’ function in R. Age values of in
dividuals in each dataset were converted to the fourth root of age (in days) to have
a linear relationship between age and expression both in development and ageing.
However, we repeated the analysis using different age scales and confirmed that the
results were quantitatively similar (Figure A.3).

RNA sequencing dataset: The genes with median RPKM value of 0 were excluded
from the dataset. The RPKM values provided in the GTEx data were log2 transformed
and quantilenormalised. Similar to the microarray data, we excluded the outliers
based on the visual inspection of the first and second principal components (Supple
mentary Table S1). In GTEx, ages are given as 10 year intervals. We therefore used
the middle point of these age intervals to represent that individual’s age.

Agerelated expression change

We used linear regression to assess the relationship between age and gene expres
sion. The model used in the analysis is:

𝑌𝑖 = 𝛽𝑖0
+ 𝛽𝑖1

∗ 𝐴𝑔𝑒1/4 + 𝜖𝑖 (2.1)

where 𝑌𝑖 is the scaled log2 expression level for the 𝑖𝑡ℎ gene, 𝛽𝑖0
is the intercept, 𝛽𝑖1

is
the slope, and 𝜖𝑖 is the residual. We performed the analysis for each dataset (devel
opment and ageing datasets separately) and considered the 𝛽1 value as a measure
of change in expression. pvalues obtained from the model were corrected for multi
ple testing according to Benjamini and Hochberg procedure (Benjamini & Hochberg,
1995) by using ‘p.adjust’ function in R.

Agerelated heterogeneity change

In order to quantify the agerelated change in gene expression heterogeneity, we cal
culated Spearman’s correlation coefficient (𝜌). The correlations were calculated be
tween the absolute values of residuals obtained from equation (2.1) and the fourth
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root of individual age. We regarded the absolute values of residuals as a measure
of heterogeneity. Therefore, high positive correlation coefficients suggest that hetero
geneity increases with age, whereas strong negative correlation implies heterogeneity
decreases with age. pvalues were calculated from the correlation analysis and cor
rected for multiple testing with the Benjamini and Hochbergmethod using the ‘p.adjust’
function in R. We further confirmed our results using a different measure of hetero
geneity, BreuschPagan test, implemented as ‘ncvTest’ function in the ‘car’ package
in R (Fox & Weisberg, 2019) (Figure A.27).

Principal Component Analysis

We conducted principal component analysis on both agerelated changes in expres
sion (𝛽) and heterogeneity (𝜌). We followed a similar procedure for both analyses, in
which we used the ‘prcomp’ function in R. The analysis was performed on a matrix
containing 𝛽 values (for the change in expression level) and 𝜌 values (for the change
in heterogeneity), for 11,137 commonly expressed genes for all 38 development and
ageing datasets. In each dataset, the estimates of expression change (𝛽) or hetero
geneity change (𝜌) values were scaled for each dataset before calculating principal
components.

Permutation test

We used a permutation scheme that we developed earlier (Dönertaş et al., 2018,
2017), taking into account that samples across Somel2011 and Kang2011 datasets
are not independent (i.e. these datasets include multiple samples from the same in
dividuals for different brain regions). Specifically, we first randomly permuted ages
among individuals, not samples, for 1,000 times in each data source, using the ‘sam
ple’ function in R. Next, we assigned ages of individuals to their corresponding sam
ples, making sure that multiple samples from the same individual annotated with the
same age, retaining the dependency between datasets. Then, we calculated age
related expression and heterogeneity change for each dataset, using permuted ages.
For the tests related to the changes in gene expression with age, we used a linear
model between gene expression levels and the randomised ages. In contrast, for
the tests related to the changes in heterogeneity with age, we measured the corre
lation between the randomised ages and the absolute value of residuals from the
linear model that we obtained from equation (2.1) using nonrandomised ages for
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each gene. In this way, we preserved the relationship between age and expression,
and we were able to ensure that our regression model was appropriate for calculat
ing agerelated heterogeneity change (Somel et al., 2006). Using expression and
heterogeneity change estimates calculated using permuted ages, we tested (a) if the
correlation of expression (and heterogeneity) change in ageing is higher than in devel
opment datasets; (b) if the correlations of expression (and heterogeneity) change in
development and in ageing datasets are significantly higher than null expectation; (c) if
the number of genes showing significant change in expression (and heterogeneity) is
significantly higher in ageing than in development datasets; (d) if the overall increase
in agerelated heterogeneity during ageing is significantly higher than development;
(e) if the observed consistency in heterogeneity increase is significantly different from
expected. All tests using permuted ages were performed onetailed. We also demon
strate that our permutation strategy is more stringent than random permutations in
Figure A.10, giving the distributions calculated using both dependent permutations
and random permutations.

To test the overall correlation within development or ageing datasets for the changes
in expression (𝛽) and heterogeneity (𝜌), we calculated median correlations among in
dependent three subsets of datasets (one Kang2011, one Somel2011 and the Colan
tuoni2011 dataset), taking the median value calculated for each possible combination
of independent subsets (16 x 2 x 1 = 32 combinations). Using 1,000 permutations
of individuals’ ages, we generated an expected distribution for the median correla
tion coefficient for triples and compared these with the observed values, asking how
many times we observe a higher value. We used this approach to calculate expected
median correlation among development (and ageing) datasets, because the number
of independent pairwise comparisons are outnumbered by the number of dependent
pairwise comparisons, causing low statistical power.

To further test the significance of the difference between correlations among devel
opment and ageing datasets, we calculated the median difference in correlations be
tween ageing and development datasets for each permutation. We next constructed
the null distribution of 1,000 median differences and calculated empirical pvalues
comparing the observed differences with these null distributions. Next, to test the
significance of the difference in the number of significantly changing genes between
development and ageing, we calculated the difference in the number of genes show
ing significant change between development and ageing datasets for each permuta
tion. Empirical pvalues were computed according to observed differences. Likewise,
to test if the overall increase in agerelated heterogeneity during ageing is significant
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compared to development, we computed median differences between median hetero
geneity change values of each ageing and development dataset, for each permutation,
followed by an empirical pvalue calculation to answer if the ageing datasets have a
higher increase in agerelated heterogeneity.

Expected heterogeneity consistency

Expected consistency in heterogeneity change was calculated from heterogeneity
change values (𝜌) measured using permuted ages. For each permutation, we first
calculated the total number of genes showing consistent heterogeneity increase for
N number of datasets (N = 0, …, 19). To test if observed consistency significantly
differed from the expected, we compared observed consistency values to the distri
bution of expected numbers, by performing a onesided test for the consistency in N
number of datasets, N = 1, …, 19.

Clustering

We used the kmeans algorithm (‘kmeans’ function in R) to cluster genes showing
consistent heterogeneity change (n=147) according to their heterogeneity profiles. We
first took the subset of the heterogeneity levels (absolute value of the residuals from
equation (2.1)) to include only the genes that show a consistent increase with age
and then scaled the heterogeneity levels to the same mean and standard deviation.
Since the number of samples in each dataset is different, just running kmeans on the
combined dataset would not equally represent all datasets. Thus, we first calculated
the spline curves for scaled heterogeneity levels for each gene in each dataset (using
the ‘smooth.spline’ function in R, with three degrees of freedom). We interpolated at
11 (the smallest sample size) equally distant age points within each dataset. Then
we used the combined interpolated values to run the kmeans algorithm with k = 8, a
liberal choice, given the total number of genes being 147.

To test association of the clusters with Alzheimer’s Disease, we retrieved overall AD
association scores of the 147 consistent genes (n = 40) from the Open Targets Plat
form (CarvalhoSilva et al., 2019).
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Functional Analysis

We used the “clusterProfiler” package in R to run Gene Set Enrichment Analysis
(GSEA), using Gene Ontology (GO) Biological Process (BP), GO Molecular Function
(MF), GO Cellular Compartment (CC), Reactome, Disease Ontology (DO), and KEGG
Pathways. We used Normalised Enrichment Scores (NES) from ClusterProfiler pack
age, which gives a weighted KolmogorovSmirnov (KS) test statistic divided by the
mean of KS statistics obtained from random permutations. We performed GSEA on
all gene sets with a size between 5 and 500, and we corrected the resulting pvalues
with the Benjamini and Hochberg correction method. To test if the genes with a con
sistent increase or decrease in their expression are associated with specific functions,
we used the number of datasets with a consistent increase to run GSEA. Since we
are running GSEA using number of datasets showing consistency, our data includes
many ties, potentially making the ranking ambiguous and nonrobust. In order to as
sess how robust our results are, we ran GSEA 1,000 times on the same data and
counted how many times we observed the same set of KEGG pathways as significant
(Supplementary Table S3). The lowest number among the pathways with a significant
positive enrichment score was 962 out of 1,000 (Phospholipase D signaling pathway).
Moreover, we repeated the same analysis using the heterogeneity change levels (𝜌),
instead of using the number of datasets with a consistent change, for each dataset
to confirm the gene sets are indeed associated with the increase or decrease in het
erogeneity . We visualised the KEGG pathways using ‘KEGGgraph’ library in R and
coloured the genes by the number of datasets that show an increase.

We also performed an enrichment analysis of the transcription factors and miRNA to
test if specific TFs or miRNAs regulate the genes that become more heterogeneous
consistently. We collected generegulator association information using the Harmo
nizome database (Rouillard et al., 2016), ‘MiRTarBase microRNA Targets’ (12086
genes, 596 miRNAs) and ‘TRANSFAC Curated Transcription Factor Targets’ (13216
genes, 201 TFs) sets. We used the ‘fgsea’ package in R, which allows GSEA on a
custom gene set. We tested the association for each regulator with at least 10 and
at most 500 targets. Moreover, we tested if the number of regulators is associated
with the change in heterogeneity. We first calculated the correlation between hetero
geneity change with age (or the number of datasets with an increase in expression
heterogeneity) and the number of TFs or miRNAs regulating that gene, for ageing
and development separately. We repeated the analysis while accounting for the di
rection of expression changes in these periods (i.e. separating genes into downdown,
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downup, updown, and upup categories based on their expression in development
and ageing, Supplementary Figure A.16). To test the difference in the correlations be
tween ageing and development, we used 1,000 random permutations of the number
of TFs. For each permutation, we randomised the number of TFs and calculated the
correlation between heterogeneity change (or the number of datasets with an increase
in heterogeneity) and the randomised numbers. We then calculated the percentage
of datasets where ageing has a higher correlation than development. Using the dis
tribution of percentages, we tested if the observed value is expected by chance.

Proteinprotein interaction network analysis

We downloaded all human protein interaction data from the STRING database (v11)
(Mering et al., 2005). Ensembl Peptide IDs are mapped to Ensembl Gene IDs using
the ‘biomaRt’ package in R. Here we aimed to test whether genes showing consistent
increase in heterogeneity have a different number of interactors than other genes.
For this we calculated the degree distributions for the genes that become consistently
more heterogeneous with age and all remaining genes using different cutoffs for in
teraction confidence scores. In order to calculate the significance of the difference,
we i) calculated the number of interactors (degree) for each gene, ii) for 10,000 times,
randomly sampled k genes from all interactome data (k = number of genes that be
come heterogeneous with age across all datasets and have interaction information in
STRING database, after filtering for a cutoff), iii) calculated the median of degree for
each sample. We then calculated an empirical pvalue by asking how many of these
10,000 samples we see a median degree that is equivalent to or higher than our orig
inal value. The number of genes and interactions after each cutoff are given in Figure
A.17.

Celltype specificity analysis

Using FACSsorted celltype specific transcriptome data from the mouse brain (Cahoy
et al., 2008), we checked if there is any overlap between genes that become hetero
geneous with age and celltype specific genes. We downloaded the dataset from
the GEO database (GSE9566) and preprocessed it by performing: i) RMA correction
using the ‘affy’ package in R (Gautier, Cope, Bolstad, & Irizarry, 2004), ii) log2 trans
formation, iii) quantile normalisation using the ‘preprocessCore’ package in R (Bol
stad, 2019), iv) mapping probeset IDs to first mouse genes, and then human genes.
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We only included genes that have one to one orthologs in humans, after filtering out
probesets that map to multiple genes.

We first defined the celltype specific genes by calculating an effect size (Cohen’s D)
for each gene and cell type and identifying genes that have an effect size higher than
or equal to 2 as specific to that cell type. At this cutoff, there was no overlap between
cell type specific gene lists. To test for association between heterogeneity and cell
type specificity, we used the Fisher’s exact test using the R ‘fisher.test’ function.

Following another approach, we analysed the relative celltype contribution to the ex
pression profiles and calculated both how the level and heterogeneity of the relative
contributions change with age. This analysis requires positive expression values and
since the Colantuoni2011 dataset is loessnormalised, we only analysed Kang2011
and Somel2011 datasets. To determine the relative contribution of different celltypes
we used a linear regression based approach, where the contributions are determined
based on the following formula:

𝐸𝑥𝑝𝑟 = 𝛼 + 𝛽𝐴𝜁𝐴 + 𝛽𝑂𝑙𝑖𝜁𝑂𝑙𝑖 + 𝛽𝑀𝑂𝑙𝑖𝜁𝑀𝑂𝑙𝑖 + 𝛽𝑂𝑃𝐶𝜁𝑂𝑃𝐶 + 𝛽𝑁𝜁𝑁 + 𝜖 (2.2)

Where; A: Astrocytes, Oli: Oligodendrocytes, M_Oli: Myelinated Oligodendrocytes,
OPC: Oligodendrocyte Precursor Cells, N: Neurons. 𝛽’s represent the regression co
efficients estimate the relative contributions of each cell type, 𝜁’s represent expression
level of each cell type (averaged across replicates), and 𝜖 represents residuals.

Effect of sexspecific gene expression on heterogeneity

To test the effect of sex on increased heterogeneity during ageing, we first obtained
residuals from equation (2.1) for 147 consistent genes. Then, we performed two sam
ple Wilcoxon test, using ‘wilcox.test’ function in R, to test if the distribution of residuals
differs significantly between sexes. As we used the real values of residuals here (not
absolute values), we would expect a significant difference in their distribution if the
expression change is in different directions between sexes. pvalues obtained from
Wilcoxon test for each gene in each dataset separately were corrected for multiple
testing with the Benjamini and Hochberg method using the ‘p.adjust’ function in R.
The number of genes showing a significant difference, and their consistency among
ageing datasets are shown in Figure A.23.
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Code Availability

All analysis was performed using R and the code to calculate heterogeneity changes
with age is available as an R package ‘hetAge’, documented at https://mdonertas.
github.io/hetAge/. ‘ggplot2’ (Wickham, 2017), ‘ggpubr’ (Kassambara, 2018), and ‘pheatmap’
(Kolde, 2019), R libraries were used for the visualisation.

2.3.2 Agerelated change in gene expression levels

To investigate how heterogeneity in gene expression changes with age, we used 19
published microarray datasets from three independent studies. Datasets included
1,010 samples from 17 different brain regions of 298 individuals whose ages ranged
from 0 to 98 years (Supplementary Table S1, Figure A.1). In order to analyse the
agerelated change in gene expression heterogeneity during ageing compared to the
change in development, we divided datasets into two subsets as development (0 to
20 years of age, n = 441) and ageing (20 to 98 years of age, n = 569). We used the
age of 20 to separate preadulthood and adulthood based on commonly used age
intervals in earlier studies (see Section 2.3.1). For the analysis, we focused only on
the genes for which we have a measurement across all datasets (n = 11,137).

To quantify agerelated changes in gene expression, we used a linear model between
gene expression levels and age (see Section 2.3.1, Figure A.2). We transformed the
ages to the fourth root scale before fitting the model as it provides relatively uniform
distribution of sample ages across the lifespan, but we also confirmed that different
age scales yield quantitatively similar results (Figure A.3). We quantified expression
change of each gene in ageing and development periods separately and considered
regression coefficients from the linear model (𝛽 values) as a measure of agerelated
expression change (Figure A.4).

https://mdonertas.github.io/hetAge/
https://mdonertas.github.io/hetAge/
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Figure 2.3 Agerelated change in gene expression during postnatal development and age
ing. (a) Spearman correlations among agerelated expression changes (𝛽 values) across
datasets. The colour of the squares indicates if the correlation between the corresponding
pair of datasets (across β values of 11,137 common genes) is positive (red) or negative (blue),
while darker colour specifies a stronger correlation. Diagonal values were removed in order to
enhance visuality. Annotation rows and columns indicate data source, brain region and period
of each dataset. Hierarchical clustering was performed for each period separately (colour of
the dendrogram indicates periods) to determine the order of datasets. (b) Principal compo
nent analysis (PCA) of agerelated expression changes during ageing and development. The
analysis was performed on agerelated expression change values of 11,137 common genes
among all 38 datasets. The values of the first principal component on the xaxis and second
principal component on the yaxis were drawn, where the values in the parenthesis indicate
the variation explained by the corresponding principal component. Median Euclidean pair
wise distances among development and ageing datasets calculated using PC1 and PC2 were
annotated on the figure. Different shapes show different data sources and colours show de
velopment (dark orange) and ageing (blue) (c) Number of significant (FDR corrected p < 0.05)
gene expression changes in development (left panel) and ageing (right panel). The xaxis
shows the number of genes in the log scale. The colour of the bars shows the direction of
change, decrease (steel grey), and increase (orange). The exact number of genes are also
displayed on the plot.
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We first analysed similarity in agerelated expression changes across datasets by
calculating pairwise Spearman’s correlation coefficients among the 𝛽 values (Figure
2.3a). Both development (median correlation coefficient = 0.56, permutation test p
< 0.001, Figure A.5) and ageing datasets (median correlation coefficient = 0.43, per
mutation test p = 0.003, Figure A.5) showed moderate correlation with the datasets
within the same period. Although the difference between dataset correlations within
development and ageing datasets was not significant (permutation test p = 0.1, Figure
A.6), weaker consistency during ageing may reflect the stochastic nature of ageing,
causing increased heterogeneity between ageing datasets.

The principal component analysis (PCA) of agerelated expression changes (𝛽) re
vealed distinct clusters of development and ageing datasets (Figure 2.3b). Moreover,
ageing datasets were more dispersed than development datasets (median pairwise
Euclidean distances between PC1 and PC2 were 77 for ageing and 21 for develop
ment), which may again reflect stochasticity in gene expression change during ageing
and can indicate more heterogeneity among different brain regions or datasets during
ageing than in development.

We next identified genes showing significant agerelated expression change (FDR
corrected p < 0.05), for development and ageing datasets separately (Figure 2.3c).
Development datasets showed more significant changes compared to ageing (per
mutation test p = 0.003, Figure A.6), which may again indicate higher expression vari
ability among individuals during ageing. The direction of change in development was
mostly positive (14 datasets with more positive and 5 with more negative), whereas
in ageing datasets, we observed more genes with a decrease in expression level (13
datasets with more genes decreasing expression and 5 with no significant change,
and 1 with an equal number of positive and negative changes).

2.3.3 Agerelated change in gene expression heterogeneity

To assess agerelated change in heterogeneity, we obtained the unexplained variance
(residuals) from the linear models used to calculate the change in gene expression
level. For each gene in each dataset, we separately calculated Spearman’s correla
tion coefficient (𝜌) between the absolute value of residuals and age, irrespective of
whether the gene shows a significant change in expression (Figure A.2). We consid
ered 𝜌 values as a measure of heterogeneity change, where positive values mean
an increase in heterogeneity with age. We also repeated this approach using loess
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regression instead of a linear model between expression level and age, and found
high correspondence between 𝜌 values based on linear and loess regression mod
els (Figure A.7). Still, loess regression was more sensitive to the changes in sample
sizes and parameters and we therefore continued downstream analyses with the 𝜌
estimates based on the residuals from the linear model.

Figure 2.4 Agerelated change in gene expression heterogeneity during development and
ageing. The procedures are similar to those in the previous figure, except, agerelated het
erogeneity changes (𝜌 values) were used instead of expression changes (𝛽 values). (a) Spear
man correlations among agerelated heterogeneity changes (𝜌 values) across datasets. (b)
Principal component analysis (PCA) of heterogeneity change with age. (c) The number of
genes showing significant heterogeneity change in ageing and development.

We next asked if datasets show similar 𝜌, i.e. agerelated changes in heterogene
ity, by calculating pairwise Spearman’s correlation between pairs of datasets, across
shared genes (Figure 2.4a). Unlike the correlations among expression level changes,
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𝜌 values did not show a higher consistency during development. In fact, although the
difference is not significant (permutation test p = 0.2, Figure A.6), the median value
of the correlation coefficients was higher in ageing (median correlation coefficient =
0.21, permutation test p = 0.24, Figure A.5), than in development (median correlation
coefficient = 0.11, permutation test p = 0.25, Figure A.5).

A principal component analysis (PCA) showed that, like expression change, hetero
geneity change with age can also differentiate ageing datasets from development
(Figure 2.4b). Similar to the pairwise correlations (Figure 2.4a), ageing datasets clus
tered more closely than development datasets, though the effect is small compared
to the changes in expression level (median pairwise Euclidean distances are 41 and
44 for ageing and development, respectively). Both observations imply more similar
changes in heterogeneity during ageing.

Using the pvalues from Spearman’s correlation between age and the absolute value
of residuals for each gene, we then investigated the genes showing a significant
change in heterogeneity during ageing and development (FDR corrected pvalue <
0.05). We found almost no significant change in heterogeneity during development,
except for the Colantuoni2011 dataset, for which we have high statistical power due to
its large sample size. In ageing datasets, on the other hand, we observed more genes
with significant changes in heterogeneity (permutation test p = 0.06, Figure A.6) and
the majority of the genes with significant changes in heterogeneity tended to increase
in heterogeneity (Figure 2.4c). However, the genes showing a significant change did
not overlap across ageing datasets (Figure A.8).

Nevertheless, our analyses indicated relativelymore consistent heterogeneity changes
among datasets in ageing compared to development, implying that heterogeneity
change could be a characteristic linked to ageing.

2.3.4 Consistent increase in heterogeneity during ageing

As our previous analyses suggested agerelated changes in heterogeneity can differ
entiate development from ageing and show more similarity during ageing, we sought
to characterise the genes displaying such changes. Since the significance of the
changes is highly dependent on the sample size, instead of focusing on significant
genes identified within individual datasets, we leveraged upon the availability of mul
tiple datasets and focused on their shared trends, capturing weak but reproducible



46 Agerelated changes in gene expression heterogeneity in the human brain

trends across multiple datasets. Consequently, we used the level of consistency in
agerelated heterogeneity change across datasets to sort genes.

Figure 2.5 (a) Boxplots, showing distributions of agerelated heterogeneity changes (𝜌 values)
of 11,1137 common genes for each dataset and period separately. The dotted red line (vertical
line at x = 0) reflects no change in heterogeneity. The difference between median heterogene
ity change in ageing and development is given as a bar plot on the right panel. Datasets are or
dered by the differences in median heterogeneity changes in ageing and development. (b) The
relationship between expression and heterogeneity change with age. Spearman correlation
analysis was performed between agerelated expression changes (𝛽 values) and agerelated
heterogeneity changes (𝜌 values) of 11,137 common genes, separately for each dataset. The
dotted grey line at y = 0 reflects no correlation between expression and heterogeneity. (c)
Expected and observed consistency in the heterogeneity change across datasets in develop
ment and ageing. There is a significant shift toward heterogeneity increase in ageing (permu
tation test p<107) (lower panel), while there is no significant consistency in either direction
in development (upper panel). The expected distribution is constructed using a permutation
scheme that accounts for the dependence among datasets and is more stringent than random
permutations
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We first examined profiles of agerelated heterogeneity change in ageing and de
velopment. Among ageing datasets 18/19 showed more increase than decrease in
heterogeneity with age (median 𝜌 > 0, i.e. higher numbers of genes with increase),
while the median heterogeneity change in one dataset was zero. In development,
on the other hand, only 5/19 datasets showed more increase in heterogeneity, while
the remaining 14/19 datasets showed more decrease with age (median 𝜌 < 0) (Figure
2.5a). The agerelated change in heterogeneity during ageing was significantly higher
than during development (permutation test p < 0.001, Figure A.6). We also checked
if there is a relationship between changes in heterogeneity during development and
during ageing (e.g. if those genes that decrease in heterogeneity tend to increase in
heterogeneity during ageing) but did not find any significant trend (Figure A.9).

A potential explanation why we see different patterns of heterogeneity change with
age in development and ageing could be the accompanying changes in the expres
sion levels, as it is challenging to remove dependence between the mean and vari
ance. To address this possibility, we first calculated Spearman’s correlation coefficient
between the changes in heterogeneity (𝜌 values) and expression (𝛽 values), for each
dataset. Overall, all datasets had values close to zero, suggesting the association
is not strong. Moreover, we saw an opposing profile for development and ageing;
while the change in heterogeneity and expression were positively correlated in devel
opment, they showed a negative correlation in ageing (Figure 2.5b).

Having observed both amore consistent heterogeneity change among ageing datasets
(Figure 2.4ab) and an increased heterogeneity in the ageing datasets compared to
development (Figure 2.5a), we asked which genes show consistent increase in het
erogeneity across datasets in ageing and development. We therefore calculated the
number of datasets with an increase in heterogeneity during development and ageing
for each gene (Figure 2.5c, A.10c). To calculate significance and expected consis
tency, while controlling for dataset dependence, we performed 1,000 random permu
tations of individuals’ ages and recalculated the heterogeneity changes. In develop
ment, there was no significant consistency in heterogeneity change in either increase
or decrease. During ageing, however, there was a significant signal of consistent
heterogeneity increase, i.e. more genes showed consistent heterogeneity increase
across ageing datasets than randomly expected (Figure 2.5c, lower panel). We iden
tified 147 common genes with a significant increase in heterogeneity across all age
ing datasets (permutation test p < 0.001, Supplementary Table S2), whereas only
one gene (GPR137B) showed a consistent decrease in heterogeneity during ageing.
Based on our permutations, we estimated that 84/147 genes could be expected to
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have consistent increase just by chance, suggesting only ~40% true positives. In de
velopment, in contrast, there was no significant consistency in heterogeneity change
in either direction (increase or decrease). Nevertheless, comparing the consistency in
ageing and development, there was an apparent shift towards a consistent increase
in ageing – even if we cannot confidently report the genes that become significantly
more heterogeneous with age across multiple datasets.

2.3.5 Heterogeneity trajectories

Figure 2.6 Clusters of genes showing a consistent heterogeneity increase in ageing (n = 147).
Clustering was performed based on patterns of the change in heterogeneity, using the kmeans
clustering method. The x and yaxes show age and heterogeneity levels, respectively. Mean
heterogeneity change for the genes in each cluster was drawn by spline curves. The colours
and linetypes of curves specify different brain regions and data sources, respectively.

We next asked if there are specific patterns of heterogeneity change, e.g. increase
only after a certain age. We used the genes with a consistent increase in heterogeneity
with age during ageing (n = 147) to explore the trajectories of heterogeneity change
(Figure 2.6). Genes grouped with kmeans clustering revealed three main patterns of
heterogeneity increase (Supplementary Table S2): i) genes in clusters 3 and 7 show
noisy but a steady increase throughout ageing, ii) genes in clusters 4, 5 and 8 show
increase in early ageing but a later slight decrease, revealing a reversal (updown)
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pattern, and iii) the remaining genes in cluster 1, 2 and 6 increase in heterogeneity
dramatically after the age of 60. We next asked if these genes have any consistent
heterogeneity change pattern in development (Figure A.11), but most of the clusters
showed no or only weak agerelated changes. We also analysed the accompanying
changes in mean expression levels for these clusters. Except for cluster 1, which
shows a decrease in expression level at around the age of 60 and then shows a
dramatic increase, all clusters show a steady scaled mean expression level at around
zero, i.e. different genes in a cluster show different patterns (Figure A.12).

We further tested the genes showing dramatic heterogeneity increase after the age of
60 (clusters 1, 2 and 6) for association with Alzheimer’s Disease, as the disease inci
dence increases after 60 as well (Evans et al., 1989); however, we found no evidence
for such an association (Figure A.13).

2.3.6 Functional analysis

To examine the functional associations of heterogeneity changes with age, we per
formed gene set enrichment analysis (GSEA) using KEGG pathways (Kanehisa, Sato,
Furumichi, Morishima, & Tanabe, 2019), Gene Ontology (GO) categories (Ashburner
et al., 2000; The Gene Ontology Consortium, 2019), Disease Ontology (DO) cate
gories (Kibbe et al., 2015), Reactome pathways (Fabregat et al., 2018), transcription
factor (TF) targets (TRANSFAC) (Matys et al., 2003), and miRNA targets (MiRTar
Base) (Chou et al., 2016). Specifically, we rankordered genes based on the number
of datasets that show a consistent increase in heterogeneity and asked if the extremes
of this distribution are associated with the gene sets that we analysed. There was
no significant enrichment for any of the functional categories and pathways for the
consistent changes in development. The significantly enriched KEGG pathways for
the genes that become consistently heterogeneous during ageing included multiple
KEGG pathways known to be relevant for ageing, including the longevity regulating
pathway, autophagy (Rubinsztein, Mariño, & Kroemer, 2011), mTOR signaling (John
son, Rabinovitch, & Kaeberlein, 2013) and FoxO signaling (Martins, Lithgow, & Link,
2016) (Figure 2.7a). Among the pathways with a significant association (listed in Fig
ure 2.7a), only protein digestion and absorption, primary immunodeficiency, linoleic
acid metabolism, and fat digestion and absorption pathways had negative enrichment
scores, meaning these pathways were significantly associated with the genes having
the least number of datasets showing an increase. However, it is important to note
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that this does not mean these pathways have a decrease in heterogeneity as the dis
tribution of consistent heterogeneity levels is skewed (Figure 2.5c, lower panel). We
also calculated if the KEGG pathways that we identified are particularly enriched in
any of the heterogeneity trajectories we identified. Although we lack the necessary
power to test the associations statistically due to small number of genes, we saw that i)
group 1, which showed a stable increase in heterogeneity, is associated more with the
metabolic pathways and mRNA surveillance pathway, ii) group 2, which showed first
an increase and a slight decrease at later ages, is associated with axon guidance,
mTOR signaling, and phospholipase D signaling pathways, and iii) group 3, which
showed a dramatic increase after age of 60, is associated with autophagy, longevity
regulating pathway and FoxO signaling pathways. The full list is available as Figure
A.14.

Figure 2.7 Functional analysis of consistent heterogeneity changes. (a) Distribution of consis
tent heterogeneity increase for the significantly enriched KEGG pathways, in development and
ageing. x and yaxes show the number of datasets with a consistent increase and the density
for each significant pathway, respectively. The dashed red line shows x = 9.5, which is the
middle point for 19 datasets, representing no tendency to increase or decrease. Values higher
than 9.5, shown with red colour, indicate an increase in heterogeneity while values lower than
9.5, shown with blue colour, indicate a decrease in heterogeneity and the darkness shows the
consistency in change across datasets. b) The longevity regulating pathway (KEGG Pathway
ID: hsa04211), exemplifying the distribution of the genes (circles), their heterogeneity across
datasets (colour – the same colour scheme as panel (a)), and their relationship in the pathway
(edges).

The distribution of consistent heterogeneity in development and ageing also showed
a clear difference. The pathway scheme for the longevity regulating pathway (Figure
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2.7b), coloured based on the number of datasets with a consistent increase, shows
how particular genes compare between development and ageing. Other significantly
enriched gene sets, including GO, Reactome, TF and miRNA sets, are included as
Supplementary Tables S310. In general, while the consistent heterogeneity changes
in development did not show any enrichment (except for miRNAs, see Supplemen
tary Table S10), we detected a significant enrichment for the genes that become more
heterogeneous during ageing, with the exception that Disease Ontology terms were
not significantly associated with consistent changes in either development or ageing.
The gene sets included specific categories such as autophagy and synaptic functions
as well as broad functional categories such as regulation of transcription and transla
tion processes, cytoskeleton or histone modifications. We also performed GSEA for
each dataset separately and confirmed that these pathways show consistent patterns
in ageing . There were 30 significantly enriched transcription factors, including EGR
and FOXO, and 99 miRNAs (see Supplementary Table S89 for the full list). We also
asked if the genes that become more heterogenous consistently across datasets are
known ageingrelated genes, using the GenAge Human gene set (Tacutu et al., 2018),
but did not find a significant association (Figure A.15).

It has been reported that the total number of distinct regulators of a gene (apart from
its specific regulators) is correlated with gene expression noise (Barroso, Puzovic, &
Dutheil, 2018). Accordingly, we asked if the total number of transcription factors (TFs)
or miRNAs regulating a gene might be related to the heterogeneity change with age
(Figure 2.8). We calculated the correlations between the total number of regulators
and the heterogeneity changes and found a mostly positive (18 / 19 for miRNA and 15
/ 19 for TFs), and higher correlation between change in heterogeneity and the number
of regulators in ageing (p = 0.007 for miRNA and p = 0.045 TFs). We further tested the
association while controlling for the expression changes in development and ageing
since regulation of expression changes during development could confound the rela
tionship. However, we found that the pattern is mainly associated with the genes that
show a decrease in expression during ageing, irrespective of their expression during
development (Figure A.16).
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Figure 2.8 Correlation between the change in heterogeneity and number of transcriptional
regulators, i.e. miRNA and transcription factors. Each point represents a dataset, and the
colour shows the data source. pvalues are calculated using a permutation test. The dashed
line at y = 0 shows zero correlation.

We further tested if genes with a consistent heterogeneity increase in ageing are more
central in the protein interaction network using STRING database (Mering et al., 2005).
Using multiple cutoffs and repeating the analysis, we observed a higher degree of
interactions for the genes with increasing heterogeneity (Figure A.17).

Johnson et al. (2015) previously compiled a list of traits that are agerelated and have
been sufficiently tested for genomewide associations (n = 39). Using the genetic
associations for GWAS Catalog traits, we tested if there are significantly enriched
traits for the consistent changes in heterogeneity during ageing (Supplementary Table
S11). Although there was no significant enrichment, all these agerelated terms had
positive enrichment scores, i.e. they all tended to include genes that consistently
become more heterogeneous with age during ageing.

Using celltype specific transcriptome data generated fromFACSsorted cells inmouse
brain (Cahoy et al., 2008), we also analysed if there is an association between genes
that become heterogeneous with age and celltype specific genes, which could be
expected if brain celltype composition progressively varied among individuals with
age. Although there was an overlap with oligodendrocytes and myelinated oligoden
drocytes, there was no significant enrichment (which could be attributed to low power
due to small overlap – n= 9 genes  between ageing and celltype specific expres
sion datasets) (Figure A.18). We further analysed if the celltype proportions change
or become heterogeneous with age, using a deconvolution method. Overall, we see
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an increase in myelinated oligodendrocytes in development and astrocytes in ageing
(Figure A.19a). Focusing specifically on the 147 genes that become consistently het
erogeneous with age, we do not see any consistent pattern in ageing (Figure A.19b),
suggesting these genes are not more relevant for certain celltypes. Moreover, we
checked if the celltype proportions, calculated for all genes and only for the 147
genes, become heterogeneous with age during ageing, and found that all cell types
seem to become heterogeneous when the heterogeneous gene set analysed, again
suggesting their effects are more likely to be broad and not celltype specific (Figure
A.19d).

2.4 Discussion

Ageing is characterised by a gradual decrease in the ability to maintain homeostatic
processes, which leads to functional decline, agerelated diseases, and eventually to
death. This agerelated deterioration, however, is thought as not a result of expression
changes in a few individual genes, but rather as a consequence of an agerelated
alteration of the whole genome, which could be a result of an accumulation of both
epigenetic and genetic errors in a stochastic manner (Enge et al., 2017; Vijg, 2004).
This stochastic nature of ageing impedes the identification of conserved agerelated
changes in gene expression from a single dataset with a limited number of samples.

In this study, we examined 19 gene expression datasets compiled from three indepen
dent studies to identify the changes in gene expression heterogeneity with age. While
all datasets have samples representing the whole lifespan, we separated postnatal
development (0 to 20 years of age) and ageing (20 to 98 years of age) by the age
of 20, as this age is considered to be a turningpoint in gene expression trajectories
(Dönertaş et al., 2017). We implemented a regressionbased method and identified
genes showing a consistent change in heterogeneity with age, during development
and ageing separately. At the single gene level, we did not observe significant age
related heterogeneity change in most of the datasets, possibly due to insufficient sta
tistical power due to small sample sizes and the subtle nature of the phenomenon.
We hence took advantage of a metaanalysis approach and focused on consistent
signals among datasets, irrespective of their effect sizes and significance. Although
this approach fails to capture patterns that are specific to individual brain regions, it
identifies genes that would otherwise not pass the significance threshold due to insuf
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ficient power. Furthermore, we demonstrated that our method is robust to noise and
confounding effects within individual datasets.

By analysing agerelated gene expression changes, we first observed that there are
more significant and more similar changes during development than ageing. Addition
ally, genes showing significant change during ageing tended to decrease in expres
sion (Figure 2.3). These results can be explained by the accumulation of stochastic
detrimental effects during ageing, leading to a decrease in expression levels (Lu et
al., 2004). Our initial analysis of gene expression changes suggested a higher het
erogeneity between ageing datasets.

We next focused on agerelated heterogeneity change between individuals and found
a significant increase in agerelated heterogeneity during ageing, compared to devel
opment. Notably, increased heterogeneity is not limited to individual brain regions,
but a consistent pattern across different regions during ageing. We found that age
related heterogeneity change is more consistent among ageing datasets, which may
reflect an underlying systemic mechanism. Further, a larger number of genes showed
more significant heterogeneity changes during ageing than in development, and the
majority of these genes tended to have more heterogeneous expression.

It was previously proposed that somatic mutation accumulations (Lodato et al., 2018;
Lombard et al., 2005; Lu et al., 2004; Vijg, 2004) and epigenetic regulations (Che
ung et al., 2018) might be associated with transcriptome instability. While Enge et al.
(2017) and Lodato et al. (2018) suggested that genomewide substitutions in single
cells are not so common as to influence genome stability and cause transcriptional
heterogeneity at the cellular level, epigenetic mechanisms may be relevant. Although
we cannot test agerelated somatic mutation accumulation and epigenetic regulation
in this study, an alternative mechanism might be related to transcriptional regulation,
which is considered to be inherently stochastic (Maheshri & O’Shea, 2007). Sev
eral studies demonstrated that variation in gene expression is positively correlated
with the number of TFs controlling gene’s regulation (Barroso et al., 2018). We also
found that genes with a higher number of regulators and a decrease in expression
during ageing become more heterogeneous. Further, significantly enriched TFs in
clude early growth response (EGF), known to be regulating the expression of many
genes involved in synaptic homeostasis and plasticity, and FOXO TFs, which reg
ulate stress resistance, metabolism, cell cycle arrest and apoptosis. Together with
these studies, our results support that transcriptional regulation may be associated
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with agerelated heterogeneity increase during ageing and may have important func
tional consequences in brain ageing.

We next confirmed that observed increase in heterogeneity was not a result of low
statistical power (Figure A.1) or a technical artefact (Figure 2.5b, A.19, A.20). Specifi
cally, we tested whether increased heterogeneity during ageing can be a result of the
meanvariance relationship, but we found no significant effect that can confound our
results. In fact, the meanvariance relationship in development and ageing showed
opposing profiles. We further analysed this by grouping genes based on their expres
sion in development and ageing (Figure A.19). The genes that decrease in expression
both in development and ageing showed the most opposing profiles in terms of the
meanvariance relationship, which could suggest that the decrease in development
are more coordinated and wellregulated whereas the decrease in ageing occurs due
to stochastic errors. Another potential confounder is the postmortem interval (PMI),
which is the time between death and sample collection. Since we do not have this data
for all datasets we analysed, we could not account for PMI in our model. However,
using the list of genes previously suggested as associated with PMI (Zhu, Wang, Yin,
& Yang, 2017), we checked if the consistency among ageing datasets could be driven
by PMI. Only 2 PMIassociated genes were among the 147 that become consistently
heterogeneous, and the distribution also suggested there is no significant relationship
(Figure A.20). We also confirmed that the increase in heterogeneity is not caused
by outlier samples in datasets (Figure A.21) or by the confound of sex with age (Fig
ure A.22). Moreover, we asked if differential expression trajectories between different
sexes may contribute to the observed heterogeneity. Specifically, we tested if the dis
tribution of residuals differs between males and females using 147 consistent genes.
We observed that only 15 of 147 genes show a significant difference in at least one
dataset (Figure A.23).

Gene set enrichment analysis of the genes with increased heterogeneity with age re
vealed a set of significantly enriched pathways that are known to influence ageing,
including longevity regulating pathway, autophagy, mTOR signaling pathway (Figure
2.7a). Furthermore, GO terms shared among these genes include some previously
identified common pathways in ageing and agerelated diseases . We have also
tested if these genes are associated with agerelated diseases through GWAS, and
although not significant, we found a positive association with all agerelated traits de
fined in Johnson et al. (2015). Overall, these results indicate the effect of heterogene
ity on pathways that modulate ageing and may reflect the significance of increased
heterogeneity in ageing. Importantly, we identified genes that are enriched in terms
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related to neuronal and synaptic functions, such as axon guidance, neuron to neuron
synapse, postsynaptic specialisation, which may reflect the role of increased hetero
geneity in synaptic dysfunction observed in the mammalian brain, which is considered
to be a major factor in agerelated cognitive decline (Morrison & Baxter, 2012). We
also observed genes that become more heterogeneous with age consistently across
datasets are more central (i.e. have a higher number of interactions) in a protein
protein interaction network (Figure A.17). Although this could mean the effect of het
erogeneity could be even more critical because it affects hub genes, another expla
nation is research bias that these genes are studied more than others.

2.4.1 Limitations

One important limitation of our study is that we analyse microarraybased data. Since
gene expression levels measured by microarray do not reflect an absolute abundance
of mRNAs, but rather are relative expression levels, we were only able to examine
relative changes in gene expression. A recent study analysing singlecell RNA se
quencing data from the ageing Drosophila brain identified an agerelated decline in
total mRNA abundance (Davie et al., 2018). It is also suggested that, in microarray
studies, genes with lower expression levels tend to have higher variance (Aris et al.,
2004). In this context, whether the change in heterogeneity is a result of the total
mRNA decay is an important question. As an attempt to see if the agerelated in
crease in heterogeneity is dependent on the technology used to generate data, we
repeated the initial analysis using RNA sequencing data for the human brain, gener
ated by GTEx Consortium (Ardlie et al., 2015) (Figures A.24, A.25, A.26). Nine out
of thirteen datasets displayed more increase than decrease in heterogeneity during
ageing, consistent with 18/19 microarray datasets, while the remaining four datasets
showed the opposite pattern (BA24, cerebellar hemisphere, cerebellum and substan
tia nigra). Unlike what we observed for the microarray datasets, the change in ex
pression levels and heterogeneity were strongly positively correlated (Figure A.26).
Unfortunately, average expression levels and variation levels in RNA sequencing is
challenging to disentangle. Thus, the biological relevance of the relationship between
the agerelated change in expression levels and expression heterogeneity still awaits
to be studied through novel experimental and computational approaches. Neverthe
less, RNA sequencing analysis also suggests an overall increase in agerelated het
erogeneity.
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In this study, mainly restricted by the number of available datasets, we limited our
analysis to the human brain. However, ageing affects the whole organism, and each
organ/tissue might be affected differently. More importantly, the brain is a postmitotic
tissue and may involve different types of cellular damage compared to mitotic tissues
or tissues that have closer contact with the environment. For example, other tissues
may involve more intraindividual variability due to errors that occur during cell division
or environmental influence. It is, thus, important that future studies compare different
types of tissues also to study other sources of heterogeneity in gene expression. It
should also be noted that our results may be biased toward the cortex region, as the
independent data sources mostly included samples from the cortex region.

Another limitation is related to use of bulk RNA expression datasets, where each value
is an average for the tissue. While it is important to note that our results indicate
increased heterogeneity between individuals rather than cells, the fact that the brain is
composed of different cell types raises the question if increased heterogeneity may be
a result of changes in brain celltype proportions. To explore the association between
heterogeneity and celltype specific genes, we used FACSsorted cell type specific
transcriptome dataset frommouse brain (Cahoy et al., 2008). We only had nine genes
that have consistent heterogeneity increase and are specific to one celltype. Eight
out of nine were highly expressed in oligodendrocytes. However, we did not observe
any significant association between celltype specific genes and heterogeneity (Figure
A.18, A.28).

2.4.2 Conclusion

In the first study (Section 2.2), our comparison showed that the correction strategy
plays a pivotal role in identifying the specific set of differentially variable (DV) genes.
However, irrespective of the approach and correction method used, a transcriptome
wide increase in the gene expression heterogeneity was observed, i.e. more genes
showed a tendency to increase than to decrease expression heterogeneity with age.
We also showed that most of the functional processes were susceptible to the ageing
related increase in the expression heterogeneity.

In our second study (Section 2.3), by performing ametaanalysis of transcriptome data
from diverse brain regions we found a significant increase in gene expression hetero
geneity during ageing, compared to development. Increased heterogeneity was a
consistent pattern among diverse brain regions in ageing, while no significant con
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sistency was observed across development datasets. Our results support the view
of ageing as a result of stochastic molecular alterations, whilst development has a
higher degree of gene expression regulation. Similar to our first study, we observed
a widespread heterogeneity in genes and functional categories. However, the genes
showing a consistent increase in heterogeneity during ageing are involved in pathways
important for ageing and neuronal function. Therefore, our results demonstrate that
increased heterogeneity is one of the characteristics of brain ageing and is unlikely to
be only driven by the passage of time starting from developmental stages.
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Chapter 3

The link between ageing and
agerelated diseases

Data Availability

Supplementary Tables are available to download here. At the moment the data is not publicly
available but requires a permission which is granted case by case. All supplementary tables
and summary statistics will be publicly available in the BioStudies database under accession
number SBSST377 upon publication of this work. Data tables are referred with the corre
sponding file names throughout the text. This research has been conducted using the UK
Biobank Resource (application no. 30688).

3.1 Introduction

Risk of many agerelated diseases is influenced by genetic variation. Genomewide
association studies (GWAS) have identified genetic variants that alter complex traits.
Pleiotropy, where variants or genes influence multiple traits, is more prevalent than
previously thought (BulikSullivan et al., 2015; Cortes, Albers, Dendrou, Fugger, &
McVean, 2020; CrossDisorder Group of the Psychiatric Genomics Consortium et al.,
2013; Pickrell et al., 2016), and it indicates that different traits share common causal
pathways (Solovieff, Cotsapas, Lee, Purcell, & Smoller, 2013). Pleiotropy within the
disease classification system (Cortes et al., 2020) and in certain disease classes,
such as immunerelated diseases (Ellinghaus et al., 2016; Parkes, Cortes, Heel, &
Brown, 2013) and cancer (Bien & Peters, 2019), have been studied, but understand
ing of pleiotropy in agerelated diseases (ARD) more broadly is limited. Johnson et al.

https://drive.google.com/file/d/1j6AJfTOD9euHCdZTlhtWYn22M1KdaQ5A/view?usp=sharing
https://www.ebi.ac.uk/biostudies/studies/S-BSST377
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(2015) manually curated a list of 39 ageingrelated biomarkers and diseases, collected
their genetic associations from previous studies, and asked if they share commonal
ities. Although the number of genes implicated in diverse traits was low, they found
that traits shared common pathways, such as NSN (i.e. nutrientsensing network)
and proteostasis (Johnson et al., 2015). Other studies aimed to understand if ageing
and agerelated diseases share common genes. Specifically testing if known ageing
related genes and their interactors are implicated in lateonset diseases, they showed
significant but limited number of genes (Fernandes et al., 2016; Wang, Zhang, Wang,
Chen, & Zhang, 2009). Despite the challenges of combining data from published stud
ies, these studies provided the first hints that at least some lateonset diseases share
common pathways (Johnson et al., 2015), and they are related to some ageingrelated
genes (Fernandes et al., 2016).

Genomewide germline variations that increase the risk of diseases in old age may
not be pruned by natural selection, or may be associated with beneficial phenotypes
earlier in life. Indeed, comparing genetic associations in the GWASCatalog (Buniello
et al., 2019), Rodrıǵuez et al. (2017) found support for both theories.

3.1.1 Research objectives

In this chapter, I present the investigation of causal connections between different
ARDs by clustering them according to their ageofonset, and determining whether
the resulting clusters share common genetic risk variants. The UK Biobank (UKBB)
(Bycroft et al., 2018) includes genetic and healthrelated data for almost half a mil
lion participants. We extracted ageofonset profiles for 116 diseases and identified
unbiased clusters to define the relationship between disease incidence and age. We
identified variants associated with each disease and compared the genetic associa
tions between diseases based on the clusters. In particular, we aimed to answer the
following questions:

• Do diseases follow similar ageofonset profiles?
• Are diseases with the same ageofonset profile genetically similar? Can this
be explained by comorbidity and disease causeeffect relationships, or does it
suggest a common aetiology?

• Does the genetic component shared in lateonset diseases overlap with known
ageingrelated genes and pathways?

• Is the shared component druggable?
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• Do variants associated with different ageofonset profiles support evolutionary
theories of ageing?

3.2 Methods

UK Biobank Data

Data is downloaded using bash and following the guidelines provided by the UK
Biobank.

Sample quality control

After excluding all samples from individuals who have withdrawn their data from UK
Biobank, we first filtered out all samples without genotypes (N = 14,248). Then, we
used the following criteria for the remaining 488,295 samples.

Discordant sex: Data includes two entries for sex: 1) selfreported and 2) genetic
sex determined using the call intensities on sex chromosomes. There are multiple rea
sons why these two entriesmay not correspond, such as samplemishandling, errors in
data input, transgender individuals, and sex chromosome aneuploidies (Anderson et
al., 2010; Bycroft et al., 2018). Since we used sex as a covariate in our GWAS model,
we preferred to be cautious about this issue and excluded all cases where the genetic
sex and selfreported sex do not correspond and all cases where sex chromosome
aneuploidy is detected. Specifically, we used the fields ‘310.0’ (Sex) and ‘220010.0’
(Genetic sex) to compile discordant information. There were 235 selfreported males
being identified as female by the genetics, and 143 selfreported females being iden
tified as males by the genetics. We excluded these 378 cases, making only 0.077%
of the data. Moreover, field ‘220190.0’ (Sex chromosome aneuploidy) is used to ex
clude cases with sex chromosome aneuploidy. There were 651 cases of aneuploidy,
making 0.133% of all data. 181 of these cases (27.80% of aneuploidy cases) are also
detected as discordant information in the first step. This corresponds to 47.88% of
discordant sex cases. Overall, we identified 848 samples to be excluded based on
this criterion.

Genotype call rate & Heterozygosity: For exclusions based on missingness and
heterozygosity we only used the suggested exclusions by UK Biobank. Specifically,
we used the field ‘220100.0’ (Recommended genomic analysis exclusions) and de
termined the cases with ‘poor heterozygosity/missingness’ (N = 469). We next used
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the field ‘220180.0’ (Genetic relatedness exclusions) and noted down the cases with
‘Participant selfdeclared as having a mixed ancestral background’ (N = 692), and the
cases with ‘High heterozygosity rate (after correcting for ancestry) or highmissing rate’
(N = 840). Lastly, there were 968 cases that are suggested as outliers for heterozy
gosity or missing rate, field ‘220270.0’ (Outliers for heterozygosity or missing rate).
Genotypemissingness and heterozygosity are widely used as ameasure of DNA sam
ple quality. We then checked the scatter plots for logit(Missingness) vs. Heterozygos
ity for each Ethnic Background, in accordance with the identification of samples to
exclude by the UK Biobank (Bycroft et al., 2018) (Figure A.51). Logit transformation is
used to linearize sigmoidal distribution of missingness. Investigation of heterozygos
ity can detect DNA sample contamination, inbreeding, or mixed ethnicity (Anderson et
al., 2010). This quality check enables seeing that people with a mixed ethnicity tend
to have a higher heterozygosity, even after correcting for PCs. We confirmed these
are in accordance with the original article and excluded the samples suggested by the
UK Biobank.

Overall, there were 3,697 samples excluded based on these two criteria. Please note
that the numbers presented above may not add up to this number. That is because
there were some samples excluded because of multiple criteria. The percent overlap
across multiple criteria is given in Figure A.52.

After the exclusions, we had 484,598 samples.

Preparing the trait data

Using the samples that pass the quality control (N=484,598), we subset the data so
that it includes only the baseline visit. Apart from the data that is already available in
UK Biobank, we calculated some other values:

1. BMI: Using the columns for ‘Weight’ and ‘Standing height’ we calculated BMI as:
Weight / (Standing Height / 100)2,

2. Parent Age at Death  Minimum: The youngest age at which either parent died.
3. Parent Age at Death  Maximum: The age of death for the parent who lived

longest.
4. Parent Age at Death  Average: The average age of death for the two parents.

If neither of the parents died, or if the data is unavailable, these values (24) are
set to be NA. If only one parent died, we use the corresponding age as both the
minimum, maximum, and average.
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5. The number of selfreported noncancer diseases: The number of unique self
reported noncancer illnesses each participant recorded in the baseline recruit
ment.

6. The number of selfreported cancers: The number of unique selfreported can
cers each participant recorded in the baseline recruitment.

7. Selfreported diseases after taking the disease hierarchy into consideration (Prop
agated disease data): The selfreported diseases in UK Biobank are not inde
pendent, but rather are organised in a hierarchical manner. Using the relation
ship information between diseases, we propagate diseaseparticipant associa
tions, upwards, including terms higher up the tree. For example, if a person
reports having “essential hypertension”, we also annotate that person with “hy
pertension”, and “cardiovascular disease”.

8. Age at diagnosis for the selfreported diseases after taking the disease hierarchy
into consideration (Propagated age at diagnosis data): We redefined age at
diagnosis using the minimum age at diagnosis for all the diseases that are child
term for a particular disease.

9. The number of selfreported noncancer diseases after taking the disease hi
erarchy into consideration (Propagated number of noncancer diseases): The
number of unique selfreported diseases each participant records after taking
into account the data propagation.

10. Age when the last deceased person died: We calculated the age of each person
when the last death entry in the UKBB happened. This value is used to calculate
the proportion of people who died at a certain age interval in Figure 3.1c.

Selecting diseases to analyse

We calculated the disease occurrences for all selfreported diseases in UK Biobank.
Specifically, among the cohort we will use, we calculated how many participants and
what proportion of males and females reported each disease. Since we analyse the
same set of SNPs that have MAF>=0.01 across multiple diseases, to decrease the
false positive rate in GWAS, we limited the diseases to a subset with at least 2,000
cases (n = 129 out of 472). Moreover, we only focused on diseases that are common
and not sexspecific, i.e. we only considered diseases that are seen in 1 in every 1,000
males and females (n = 189 out of 472). The intersection of these two conditions was
116 diseases and we excluded all others.

In this study, we only analysed selfreported noncancer diseases (field ‘20002’) and
did not combine selfreported cancers (field ‘20001’), mainly because i) the number
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of cases is low (45,224 compared to 384,906 for other diseases), ii) cancer is thought
as a result of a complex interaction between germline and somatic mutations (Kanchi
et al., 2014; Khurana et al., 2016), whereas the evidence for the effect of somatic mu
tations in other diseases is limited to rare and neurological disorders (Poduri, Evrony,
Cai, & Walsh, 2013; Zhang & Vijg, 2018), iii) the relationship between cancer and age
ing is complex, e.g. while telomere attrition and cellular senescence, are thought to be
evolved as a tumour suppressor mechanisms; ageingrelated changes in epigenomic
landscape and genomic instability contribute cancer occurrence (Finkel, Serrano, &
Blasco, 2007). Thus, although a similar analysis using cancers would be interesting,
we only focused on noncancer selfreported diseases in this study.

Disease cooccurrences

Table 3.1 Contingency table for disease cooccurrence calculations.

. Disease_B Not_Disease_B Total

Disease A Nab Nanb Ta
Not Disease A Nnab Nnanb Tna

Relative risk (RR) score

Relative risk is an estimate of having the disease A, when already affected by disease
B. Overall it measures if disease A cooccurs with disease B more frequently than
expected if these diseases were independent in the population. It is calculated as a
fraction between the number of patients diagnosed with both diseases and a random
expectation based on disease prevalence (SanchezValle et al., 2018). Mathemati
cally it can be expressed as follows, using the values from Table 3.1:
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𝑃𝑒𝑥𝑝𝑜𝑠𝑒𝑑 = 𝑁𝑎𝑏
𝑇𝑎

, 𝑃𝑛𝑜𝑡𝑒𝑥𝑝𝑜𝑠𝑒𝑑 = 𝑁𝑛𝑎𝑏
𝑇𝑛𝑎

𝑅𝑅 = 𝑃𝑒𝑥𝑝𝑜𝑠𝑒𝑑
𝑃𝑛𝑜𝑡𝑒𝑥𝑝𝑜𝑠𝑒𝑑

𝐶𝐼 = 𝑙𝑛𝑅𝑅 ± 1.96

√√√√
⎷

𝑇𝑎 − 𝑁𝑎𝑏
𝑁𝑎𝑏
𝑇𝑎

+
𝑇𝑛𝑎 − 𝑁𝑛𝑎𝑏

𝑁𝑛𝑎𝑏
𝑇𝑛𝑎

(3.1)

𝜙 value (Pearson correlation for binary variables)

It measures the robustness of the association between diseases based on cooccurrences
(GutiérrezSacristán et al., 2018). Mathematically, it can be expressed as:

𝜙𝐴𝐵 = 𝐶𝐴𝐵𝑁 − 𝑃𝐴𝑃𝐵
√𝑃𝐴𝑃𝐵(𝑁 − 𝑃𝐴)(𝑁 − 𝑃𝐵)

(3.2)

𝑁 : the total number of individuals

𝑃𝐴: Prevalence of disease A

𝐶𝐴𝐵: Number of patients with both diseases

𝜙 ranges between 1 and 1, where the sign indicates the type of association.

Disease ageofonset

Disease dissimilarity measure

Temporal correlation: In order to calculate dissimilarities among diseases, we use
CORT (Chouakria & Nagabhushan, 2007) distance as included in R package TSclust
(Montero & Vilar, 2014). Euclidean distance and dynamic time warping (Berndt & Clif
ford, 1994) are the two most widely used proximity measures for time series proximity.
However, they are both calculated based on the closeness of the values and disregard
the growth behaviour. Correlationbased measures are also used to calculate the sim
ilarity between time series. However, Pearson correlation overestimates the similarity
because of the underlying temporal dependency and Spearman correlation fails to
consider the growth rate as it is based on ranks. Chouakria et al., on the other hand,
suggests a measure that also considers the proximitybased on growth behaviour,
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CORT. Temporal correlation between two time series objects S1=(u1,u2,…,up) and
S2=(v1,v2,…,vp) is calculated as follows:

𝐶𝑂𝑅𝑇 (𝑆1, 𝑆2) = ∑𝑝−1
𝑖=1 (𝑢𝑖+1 − 𝑢𝑖)(𝑣𝑖+1 − 𝑣𝑖)

√∑𝑝−1
𝑖=1 (𝑢𝑖+1 − 𝑢𝑖)2√∑𝑝−1

𝑖=1 (𝑣𝑖+1 − 𝑣𝑖)2
(3.3)

CORT ranges between 1 and 1. A value of CORT = 1 implies that two time series
increase or decrease simultaneously with the same growth rate, whereas a value of
1 shows the same growth rate but in the opposite direction. If the value is 0, it means
there is no temporal correlation between the series.

Dissimilarity Index: The dissimilarity index suggested by Chouakria et al, is calcu
lated based on an automatic adaptive tuning function and considers similarity based
on both values and behaviour, i.e. the strength of monotonicity and closeness of the
growth rates as calculated by CORTmeasure introduced in the previous section. They
suggest a dissimilarity index D as follows:

𝐷(𝑆1, 𝑆2) = 𝑓(𝐶𝑂𝑅𝑇 (𝑆1, 𝑆2)).𝛿𝑐𝑜𝑛𝑣(𝑆1, 𝑆2) (3.4)

Where 𝑓(𝑥) is an exponential adaptive tuning function:

𝑓(𝑥) = 2
1 + 𝑒𝑥𝑝(𝑘𝑥), 𝑘 ≥ 0 (3.5)

As k increases, the contribution of behaviour increases. We use k = 2 and as a result
behaviour (CORT) contributes 76.2% to D and values (𝛿𝑐𝑜𝑛𝑣) contribute 23.8%. For
𝛿𝑐𝑜𝑛𝑣 we used conventional Euclidean distance.

Clustering diseases by ageofonset

Weclustered data using ‘partition aroundmedoids (PAM)’ algorithm (Kaufman&Rousseeuw,
1990) based on the distance measure calculated using the previous step. The aim
of this algorithm is to minimise the average distance (based on any dissimilarity mea
sure) between the objects and their closest selected medoid object. It works very
similarly to kmeans, except instead of defining arbitrary points as the means, it de
fines medoids among the objects. Thus, it can incorporate any distance measure
instead of just using the mean distance between points (i.e., euclidean distances).
The algorithm first searches for k number of objects that represent the structure of the
data (Here the number k is assumed to be known a priori but see the next section for
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the determination of k). After finding a set of k medoids, k clusters are constructed
by assigning each observation to the nearest medoid. Overall, the goal is to find k
representative objects such that the sum of dissimilarities of the observations to their
closest representative is as small as possible. After each assignment, medoid and
nonmedoid data points are swapped and a cost (sum of distances of points to the
new medoid) is calculated. If the total cost of configuration is decreased, then the
new configuration is maintained, otherwise, it is reversed. We used ‘pam’ function in
the ‘cluster’ package (Maechler, Rousseeuw, Struyf, Hubert, & Hornik, 2019) in R to
apply this algorithm.

Choosing the optimum number of clusters

The clustering algorithm we used, PAM, clusters data into k clusters, which is deter
mined by the user. So, even if there is no real structure in data, as we increase the
number of clusters, we can get more and more clusters. A potential way to decide
on the number of clusters is using the gap statistic (Tibshirani, Walther, & Hastie,
2001). This value is calculated by comparing logarithm of the withinsumofsquares
and comparing it to averages from simulated data where there is no structure.

𝑊𝑆𝑆𝑘 =
𝑘

∑
𝑙=1

∑
𝑥𝑖∈𝐶𝑙

𝑑2(𝑥𝑖, 𝑥𝑙) (3.6)

𝑘: number of clusters
𝐶𝑙: objects in the lth cluster
𝑥: the average point.
Calculating only WSS, however, is not enough as it would be minimised when each
point has its own cluster. Thus, we use the gap statistic which suggests calculating
𝑙𝑜𝑔(𝑊𝑆𝑆𝑘) for a range of values of k and compare it to that obtained by WSS calcu
lated based on simulated data. So, after WSS is calculated for various values of k,
the algorithm involves generating B (we choose B=1,000) reference datasets, using
Monte Carlo sampling from a homogeneous distribution and recalculate WSS for all
k values. Using these values gap(k) statistic is calculated:

𝑔𝑎𝑝(𝑘) = 𝑙𝑘 − 𝑙𝑜𝑔(𝑊𝑆𝑆𝑘)

𝑙𝑘 = 1
𝐵

𝐵
∑
𝑏=1

𝑙𝑜𝑔(𝑊 ∗
𝑘𝑏)

(3.7)
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If the clustering is good (WSS is small) we expect lk to be higher than 𝑙𝑜𝑔(𝑊𝑆𝑆). Thus
gap statistic is mostly positive and we are interested in the highest value. Tibshirani
et al. (2001) suggests using the smallest k such that,

𝑔𝑎𝑝(𝑘) ≥ 𝑔𝑎𝑝(𝑘 + 1) − 𝑠′
𝑘+1 (3.8)

where

𝑠′
𝑘+1 = 𝑠𝑑𝑘+1√1 + 1

𝐵

𝑠𝑑2
𝑘 = 1

𝐵 − 1
𝐵

∑
𝑏=1

(𝑙𝑜𝑔(𝑊 ∗
𝑘𝑏) − 𝑙𝑘)2

(3.9)

Using this approach, we determined k = 4.

Genome wide association study

Preparing the files required for GWAS

Fixing FAM files: In UK Biobank FAM files, the column for ‘phenotype’ includes batch
that is coded with characters. In order to use BOLTLMM (Loh et al., 2015), we up
dated all the entries in this column to numeric values (Loh, 2017).

‘Remove’ files for BOLTLMM: BOLTLMM accepts a list of individuals to be removed
from the analysis as an input. These files are called ‘remove’ files and are in the FAM
format. We prepared these files for i) withdrawn samples (n = 51), ii) samples that
failed the quality control (n = 3,779), iii) samples that have information in PLINK files
but lack BGEN files (n = 968).

Calculating the SNP statistics: In order to apply a quality filter for SNPs, using
PLINK (Anderson et al., 2010), we calculated i) pvalues for each SNP showingwhether
it deviates from HardyWeinberg equilibrium, and ii) Minor allele frequencies (MAF).

SNP Quality Control: We excluded SNPs that deviate from HardyWeinberg equilib
rium (p ≤ 1e6, n = 202,473) or with a minor allele frequency (MAF) smaller than 0.01
(n = 127,969). In total, we discarded 314,697 SNPs (Note that the numbers do not
add up as these SNPs can overlap).

Phenotype File: We created a phenotype file that can be used as an input for BOLT
LMM, including the following fields: sex, age when attended assessment centre, cal
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culated BMI, assessment centre, ethnicity, batch, first 20 PCs, and selfreported dis
eases (one column per disease).

GWAS run using BOLTLMM

For each disease, we run GWAS separately using BOLTLMM with the following in
puts:

• We remove the samples that are in plink files but now in bgen; samples that did
not pass our QC; samples from the individuals who have withdrawn their data
from the UKBB

• We excluded the SNPs that deviate from HardyWeinberg equilibrium, and have
minor allele frequency lower than 0.01.

• We used Sex, Age, BMI, assessment centre, ethnicity, batch, and the first 20
PCs as covariates.

• To run the mixedmodel, a reference LD score table is required. We used LD
scores generated using 1000G Europeanancestry samples, which is provided
with the BOLTLMM download.

• Genetic map for hg19 file provided in the BOLTLMM website.
• We set ‘bgenMinMAF’ argument to 10−2 and ‘bgenMinINFO’ parameter to 0.5
to only include SNPs that pass these criteria.

GWAS Results

We removed MHC region (chr6: 28,477,797  33,448,354) from the analysis and con
sidered positions with a pvalue lower than 5 ∗ 10−8 as a significant association.

Coding Variants

We used VarMap (Stephenson, Laskowski, Nightingale, Hurles, & Thornton, 2019) to
map variants to proteins and domains. VarMap provides detailed information about
coding variants, including annotations for the missense, synonymous, and nonsense
variations. In our analysis, if a variant is not annotated as a coding variant in VarMap
output, we assumed it is noncoding.
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Genetic similarities between diseases

In order to calculate the overlap between diseases we used the number of SNPs that
are significantly associated with both diseases, but corrected by the number that is
expected by chance, if two diseases are independent:

𝐺𝑒𝑛𝑒𝑡𝑖𝑐𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = 𝑁𝑐𝑜𝑚𝑚𝑜𝑛
𝑁𝑑1 ∗ 𝑁𝑑2

∗ 𝑁𝑡𝑜𝑡𝑎𝑙 (3.10)

𝑁𝑐𝑜𝑚𝑚𝑜𝑛: Number of SNPs in common.

𝑁𝑑𝑥: Number of SNPs associated with disease X.

𝑁𝑡𝑜𝑡𝑎𝑙: Total number of SNPs analysed in the study.

The statistical significance of these genetic similarities is calculated using binomial
test, and the similarity is only considered for downstream analysis if p<=0.01. More
over, the value is only calculated if two diseases do not have any hierarchical relation
ships in the disease hierarchy.

In order to assess the genetic similarity within ageofonset clusters, we further used
linear regression to correct this value by disease cooccurrences (risk ratios) and dis
ease categories (binary data showing whether two diseases are of the same category).
The ‘corrected genetic similarity’ is the residuals from this linear model.

LD Blocks

In order to assess the similarity between different diseases we use overlaps across
significant associations and thus preferred not to do fine mapping. However, a sig
nificant challenge is that genomic variations are not independent but instead linked in
the genome. To understand the effect of linkage or overcome it, we made use of link
age disequilibrium blocks previously defined for human genome (Berisa & Pickrell,
2016). We repeated the analysis for genetic similarity after collapsing all positions
within an LD block and thus creating independent genomic loci (n = 1,703). We use
binary information for LD blocks, i.e. blocks with at least one significant association
are considered as a hit, and the rest are not.

Analysis of causal relationships between diseases

Using the LCV method developed by O’Connor & Price (2018), we tested the causal
relationships between diseases. We used the R functions developed by the authors
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and provided on GitHub (github.com/lukejoconnor/LCV/). We calculated the genetic
causality proportion (GCP) between each disease pair, if the diseases have at least
10 significant variants and a significant heritability estimate as suggested by the devel
opers (Zh≥7). We only calculated GCP if the diseases are not vertically connected on
the disease hierarchy. Following the criteria applied by the developers, we considered
pairs with FDR corrected p≤0.01 and mean GCP>0.6 as significant.

SNP to gene mapping

We map all SNPs analysed in GWAS to genes based on proximity and eQTL results.

Using proximity

Using VariantAnnotation (Obenchain et al., 2014), GenomicRanges (Lawrence et al.,
2013), and TxDb.Hsapiens.UCSC.hg19.knownGene (Carlson &Maintainer, 2015) pack
ages in R, we mapped the genomic coordinates for each SNP to genes. Specifically,
if a gene is within the coding region, intron, 5’ or 3’ UTR, or 1kb down or upstream
of the transcription start site, we annotated that SNP to the gene. As a result, we had
4,443,872 SNPgene associations for 4,236,176 SNPs and 22,228 Entrez gene IDs.
We used the Ensembl biomaRt (Durinck et al., 2009) package in R to retrieve HGNC
symbols (17,994), Ensembl Gene IDs (20,507), and gene descriptions for the Entrez
gene IDs obtained from TxDb.Hsapiens.UCSC.hg19.knownGene database.

Using GTEx eQTL data

Using SNPgene associations based onGTEx v7 eQTL data (accessed on 04.09.2018)
(Gamazon et al., 2018), we associated SNPs with the genes they could potentially
regulate. We generated a combined tissue list, which associates SNP to the gene if
there is at least one tissue in which there is a significant (p <= 5e8) association. As a
result, there are 2,166,300 unique SNPs associated with 15,312 Ensembl Gene IDs.
We used the biomaRt (Durinck et al., 2009) package in R to retrieve HGNC Symbols
(12,292), Entrez IDs (10,163), and gene descriptions.

Comparison of proximity and eQTL based mapping

Instead of only focusing on diseaseassociated SNPs, we first mapped all SNPs that
we analysed to discover if there is a bias for certain genes (e.g. some genes could
have many more SNPs because they are longer, or because they are already asso
ciated with certain traits and the chip is designed in that way). There were as much
as 19,195 SNPs mapped to one gene (CSMD1) by proximity, whereas there were 82
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SNPs per gene on average (median). The number of SNPs per gene was on average,
higher for the mappings by eQTL (Figure A.53a). The maximum was 8473 SNPs for
HLAC gene and the median number of SNPs per gene was 218. However, we did
not consider MHC region in our downstream analysis and thus this region is also ex
cluded. The correlation between the number of SNPs per gene was low (rho = 0.13,
Figure A.53b). Since the proximity based mapping is by definition dependent on the
gene length, we also tested if there is a significant correlation between the number
of SNPs per gene and gene length. While the correlation is low for gene mappings
by eQTL (Spearman’s correlation rho = 0.03, p = 1.073e4), mappings by proximity
show a high correlation as expected (Spearman’s correlation rho = 0.87, p < 2.2e16).
This also explains the low correlation between eQTL and proximitybased mappings.
We next checked the correlation between the number of SNPs per gene mapped by
proximity but only to promoter region. The correlation between the number of SNPs
and gene length decreased (rho = 0.21), and the correlation with the number of SNPs
by eQTL slightly increased but was still low (rho = 0.08). Overall, we concluded that
both eQTL data and proximitybased mapping could capture different information and
decided to use both for the downstream analyses.

GWAS Catalog analysis

Weaccessed theGWASCatalog on 30072019 and used v1.0.2 e96 dataset (Buniello
et al., 2019). We excluded all studies which used UK Biobank dataset (n = 190,
data courtesy of GWAS Catalog team). Using the associations with a pvalue lower
than 5 ∗ 10−8, we compiled significant associations between MAPPED_GENEs and
MAPPED_TRAITs. We use GWAS catalog analysis to check if our GWAS hits are
supported by previous studies and applied a Fisher test between all traits in GWAS
catalog and the diseases in our study. pvalues are corrected for multiple testing using
FDR correction.

Analysis of the relevance with ageing

We downloaded GenAge human, GenAge model organism (Tacutu et al., 2018) and
DrugAge (Barardo et al., 2017) data on Aug 13, 2019 and CellAge (Avelar et al.,
2019) data on Oct 02, 2019 (CellAge data is kindly provided by Avelar et al.). We
used HGNC Symbols for GenAge and CellAge genes. In order to compile genes that
are targeted by the drugs in DrugAge database, using the drug names in DrugAge



3.2 Methods 73

data, we first compiled PubChem IDs using PubChem REST API (Kim et al., 2019).
Using UniChem (Chambers et al., 2013), we mapped PubChem IDs to ChEMBL IDs
(Gaulton et al., 2017). Next, using DGIdb (Cotto et al., 2018), we compiled the genes
targeted by these ChEMBL IDs. As a result, we had 307 genes from GenAge human
database, 902 genes from GenAge model organism database, 279 genes from Cel
lAge database, and 714 genes targeted by DrugAge drugs. We next calculated the
overlaps between these databases and the genes associated with multiple diseases
or multiple categories in different ageofonset clusters. To calculate the expected val
ues and statistical significance, we used 10,000 permutations calculating the overlap
for the same number of random genes among genes that can be detected by GWAS.
Then, an odds ratio is calculated by dividing the observed value to the mean of ex
pected values.

Functional Enrichment Test

Using the goseq package in R (Young, Wakefield, Smyth, & Oshlack, 2010), which
takes the gene length bias into account, we performed a functional analysis of the
genes associated with different ageofonset clusters. Using GO categories with more
than 10 and less than 500 annotated genes, we applied an enrichment test for the
Gene Ontology (GO) (Ashburner et al., 2000; The Gene Ontology Consortium & The
Gene Ontology Consortium, 2019) Biological Process (BP), Molecular Function (MF),
and Cellular Compartment (CC) categories. BY correction (Benjamini & Yekutieli,
2001) is applied to the pvalues for all tests for all clusters and 3 GO Categories (BP,
MF, and CC) combined. We considered associations with a BYcorrected pvalue
lower than 0.05 as significant. For the ease of visualisation and comprehension we
selected representative categories for significant associations as follows: For each
cluster and GO Ontology (i.e. BP, MF, CC) separately; i) Jaccard similarity index (i.e.
number of genes in common divided by the number of unique genes in each category
combined) is calculated between all significantly associated GO Categories; ii) Jac
card indices are hierarchically clustered and cut to k number of groups, where k is the
minimum number of clusters which ensures median Jaccard similarity within a cluster
is above 0.5; iii) The category with the highest average similarity to other categories
in the same cluster is assigned as the representative.
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Drug Repurposing

We searched for the drugs that specifically target multicategory genes in cluster 1,
cluster 2, or cluster 1 and 2. Using the Fisher’s exact test, we compiled the drugs
in DGIdb (Cotto et al., 2018) specifically targets these genes (p≤0.01) and drugs that
target only one gene in one of these cluster. The interaction data is compiled from
DGIdb, and the names of the drugs are obtained from ChEMBL REST API (Gaulton
et al., 2017).

Evolutionary Analysis

In order to test the mutation accumulation and antagonistic pleiotropy theories of age
ing we used the risk allele frequencies in UK Biobank and 1000 Genomes super
populations (1000 Genomes Project Consortium et al., 2015). Risk allele is an allele
that shows positive association with a disease. Since the SNPs are not independent
and have similar allele frequencies in a given LD block, we analysed LD blocks in
stead of individual SNPs and used the median risk allele frequency for a given LD
block. We used only the biallelic SNPs for this analysis. Allele frequencies for UK
Biobank are calculated using BOLTLMM and the allele frequencies for 1000 Genome
superpopulations are obtained from the vcf file provided on the 1000Genomes project
website. To test the antagonistic pleiotropy excess, we calculated the proportion of
antagonistic vs. agonist SNPs within the same vs. different ageofonset clusters us
ing Fisher’s exact test. We considered pleiotropic SNPs as agonist if the risk allele
for two or more diseases are the same, and antagonist if the risk alleles are opposite.
We only tested the risk allele frequency differences between cluster 1 and cluster 2.
Also, we excluded any SNPs that are antagonistic within an ageofonset cluster and
agonist between clusters.

3.3 Exploratory analysis of the UKBB for ageing and
agerelated disease research

In this study, we used selfreported diseases and ageatdiagnoses in the UKBB (By
croft et al., 2018). Using the samples that pass quality control (n = 484,598), we first
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performed an exploratory analysis using the basic demographics, disease data, and
ageingrelated data fields.

There were more females (n=262,758) than males (n = 221,840) (Figure 3.1a). The
age range of participants during the first visit was between 37 (minimum age of males
= 37, females = 39) to 73 (maximum age of males = 73, females = 71) with a median
value of 58 (median age of males = 58, females = 57) (Figure 3.1b). There were
13,697 participants who died after participating in the study and the death rate was
higher in males (Figure 3.1c). As expected, height, weight, and BMI also differed in
females and males (Figure 3.1df).

Participants were also asked how they rate their health, how satisfied they are with
their health, smoking status, alcohol drinker status, if other people generally say they
look i) younger than they are, ii) about their age, or iii) older than they are, and if they
had a close relative who had nonaccidental sudden death. Overall, more people
rated their health high and were happy with their health (Figure A.29ab). Most of the
UKBB participants either never smoked or were previous smokers (Figure A.29c) and
are current alcohol drinkers (Figure A.29d). Most of the participants also reported that
people generally think they are either younger than their age or about the same age
(Figure A.29e). Most of the participants did not have any close relatives who died
suddenly from nonaccidental causes (Figure A.29f).
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Figure 3.1 Participant data in the UKBB after quality control steps. a) The number of female
and male participants, b) Age distribution when participants first attended the UKBB assess
ment centre and answered selfreported questions, c) Age at death (every 5 years are binned
together) for the participants who died after attending the UKBB assessment centre. The
values are corrected for the number of female and male participants who passed the ages
specified in the yaxis, d) Distribution of ’standing height’ field in the UKBB, e) Distribution of
’weight’ field in the UKBB, f) Distribution of BMI field calculated using ’standing height’ and
’weight’ fields in the UKBB.

We also checked the distribution of other ageingrelated fields, namely parents’ age
at death, age at menarche, and age at menopause. There were 391,842 participants
whose at least one parent is dead. The distribution of age at death for parents was
wide (10 to 117), but the majority of the data (between the first and third quantiles) lie
between 65 and 79.5 (average age at death) (Figure A.30a). The age at menarche
differed between 5 and 25, with a median of 13 (Figure A.30b). The age at menopause
differed between 18 and 68, with a median of 50 (Figure A.30c).

The number of selfreported operations ranged between 1 to 32, with a median of 1
and the number of selfreported medications ranged between 0 to 48, with a median
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of 2 (Figure A.31a). Among 39,910 participants with cancer, most of them had only
one cancer, while there was also a participant with 6 cancers (Figure A.31b).

Figure 3.2 Pairwise correlations between traits. Each row and column show a trait in the
UKBB, and the colour shows the pairwise Spearman correlation coefficients between traits.
Dark red denotes a strong positive correlation, while darker blue indicates strong negative
values. Traits are ordered based on the hierarchical clustering of the correlation coefficients.

We then checked the correlations between these traits (Figure 3.2). As expected, age
when attended assessment centre was very strongly correlated with age at death. It
also showed a correlation with parental age at death, the number of noncancer dis
eases, and the number of medications taken. ‘Overall health rating’ and ‘health sat
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isfaction’ were also correlated with the number of diseases and medications. More
over, these values also show a correlation to BMI and weight. While ‘sex’ and ‘stand
ing height’ are correlated with ‘weight’, they are not correlated with ‘BMI’ and ‘overall
health rating’ which are both correlated with ‘weight’. BMI is also correlated with ‘num
ber of medications taken’.

3.4 Selfreported diseases in the UKBB

The UKBB includes disease information from two sources: i) disease ICD10/9 codes
based on hospital episode statistics (HES) and ii) the selfreported (SR) diseases. We
analysed the SR diseases as the participants also inform the age at diagnosis. And
since they report the diseases they had at earlier ages as well, this data is less biased
by the age distribution of the UKBB participants. Moreover, a previous study using the
UKBB suggested that GWAS using selfreported diseases and ICD10 codes were
sufficiently similar (Cortes, Dendrou, Fugger, & McVean, 2018).

Figure 3.3 Disease hierarchy for the 116 diseases included in the analysis. The nodes are
coloured by the disease categories as indicated in the legend.

Like ICD10 codes, the UKBB SR Diseases are defined in a hierarchical structure (Fig
ure 3.3). This tree is constructed by the UKBB nurses and it mostly reflects the system
or the tissue that disease is most symptomatic in. Participants enter SR disease data
with a trained nurse, who guides them. However, we observed that some participants
did not consider the disease hierarchy while some did. For example, some patients
having ‘essential hypertension’ also reported having ‘hypertension’ which is the par
ent node, while some did not. In order not to bias data, we propagated disease data
towards upper levels, so that a participant with a disease at a lower level is always
annotated with the connected nodes at upper levels.

Importantly, we only considered 116 noncancer diseases with at least 2,000 cases
and that are not sexspecific. Although we exclude singlesex diseases, we included
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the ones that are more prevalent in females (thyroid problem, hypothyroidism, bone
disorder, osteoporosis) or in males (abdominal hernia, gout, heart attack) (Figure 3.4).

Figure 3.4Sexstratified statistics for 116 selected diseases. (a) The distribution of the number
of selfreported diseases (yaxis) stratified by sex (xaxis). (b) The distribution of disease
prevalence in males and females. The x and yaxes show the number of cases in 1,000
males and females (in log scale), respectively. The colour of each point denotes if a disease
has a higher prevalence in females (rosy brown, above the dashed line) or males (slate grey,
below the dashed line). The linear regression line is depicted as blue. Diseases having a
residual value bigger than 3 standard deviations are labeled but not excluded as they are also
common in the other sex.

3.5 Disease cooccurrences

We next calculated disease cooccurrences, using relative risk score to calculate as
sociations and 𝜙 values as a measure of robustness (GutiérrezSacristán et al., 2018;
Jiang, Ma, Shia, & Lee, 2018; Park, Lee, Christakis, & Barabási, 2009; SanchezValle
et al., 2018).
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Figure 3.5Disease association matrix summarizing relative risk scores and correlations. Each
row and column denote diseases, ordered by hierarchical clustering of risk scores. The colour
is defined by relative risk scores while the size is determined by ɸ value, indicating the robust
ness. The diagonal tiles are coloured by the UKBB’s disease hierarchy to visualise if diseases
from the same category cluster together. Associations for the 62 diseases that have at least
one relative risk ratio higher than four or lower than minus four (|𝑙𝑜𝑔2𝑅𝑅| ≤ 2) are plotted.

There were five major clusters with high relative risk scores and robustness and they
seemingly cluster by disease categories: i) musculoskeletal/trauma diseases and
earlyonset gastrointestinal diseases such as appendicitis, ii) other musculoskele
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tal/trauma diseases such as sciatica and disc problems, iii) respiratory/ENT diseases
such as bronchitis and pneumonia, iv) cardiovascular diseases and diabetes, v) retinal
problem, glaucoma, and cataract (Figure 3.5). While most of these clusters are biolog
ically plausible, some could be explained by reporting bias, e.g. bone fractures and
appendicitis. Moreover, we saw a strong negative correlation between osteoarthri
tis and arthritis (nos). The disease ‘arthritis (nos)’ does not include osteoarthritis by
definition (nos = not osteoarthritis) and seeing this association suggests that we can
detect cooccurrences reliably.

3.6 Ageofonset clusters

In order to characterise diseases based on their agerelevance, we used age at diag
nosis as a proxy to disease onset and derived disease ageofonset profiles (Figure
A.32A.41). On average, cardiovascular and endocrine diseases had a high median
ageofonset, while infections had the lowest (Figure 3.6).

Figure 3.6Distribution of median ageofonset (yaxis) across categories (xaxis). Points show
diseases, grouped by the categories (individual boxplots). Categories are ordered by the
median value of the median ageofonset.

We then clustered diseases into 4 clusters (the optimum number determined by gap
statistic) using the PAM algorithm and disease dissimilarities calculated using CORT
(temporal correlation measure) distance (Chouakria & Nagabhushan, 2007) (Figure
3.7, Supplementary Table S1).
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Figure 3.7 Ageofonset profiles clustered by the PAM algorithm, using dissimilarities calcu
lated using (CORT). The yaxis shows the number of individuals who are diagnosed with the
disease at a certain age, divided by the total number of people having that disease. Values
are calculated using the median values for 100 permutations of 10,000 people in the UKBB.
The xaxis shows the ageofonset in years. Each line shows one disease and is coloured by
disease categories. The heatmap on the right upper corner shows the percent overlap be
tween categories and clusters. Numbers give the % of an ageofonset cluster belonging to
each category.

Cluster 1 diseases (n = 25) showed a rapid increase with age after the age of 40;
11 were cardiovascular diseases, but this cluster also included other diseases such
as diabetes, osteoporosis, and cataract. Cluster 2 (n = 51) diseases started to in
crease in the population at an earlier age of 20, but had a slower rate of increase with
age; diseases in this cluster were the most diverse, including 17 musculoskeletal, 13
gastrointestinal diseases, as well as others such as anaemia, DVT, thyroid problems,
depression. Cluster 3 diseases (n = 30) showed a low age dependency with a mostly
uniform distribution across ages, but with slight increases around the ages of 10 and
60 years. This category included similar numbers of immunological, neurological,
musculoskeletal, gastrointestinal and respiratory diseases but all have an ‘immune’
component even if not classified in this way by the UKBB (e.g., inflammatory bowel
disease (gastrointestinal), asthma (respiratory), psoriasis (dermatology)). Cluster 4 (n
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= 10) had a peak at around 010 years of age and included respiratory diseases (n =
5) and infections (n = 4). Notably, all infectious diseases were in this cluster.

3.7 Genetic similarities between diseases

Using linear mixed models implemented in BOLTLMM (Loh et al., 2015), we per
formed GWAS on each disease separately and included approximately 10 million
common variants that pass quality control. Considering associations with the liter
ature standard pvalue lower than 5 ∗ 10−8 as significant (Panagiotou, Ioannidis, &
GenomeWide Significance Project, 2012; Pe’er, Yelensky, Altshuler, & Daly, 2007),
we next quantified the associations for each disease, category, and ageofonset clus
ter (Figure 3.8). The major histocompatibility complex (MHC) region is excluded from
all analyses, as in the literature, because of its unusually high effect sizes and LD pat
terns (chr6: 28,477,797  33,448,354) (BulikSullivan et al., 2015; “MHC region of the
human genome  genome reference consortium,” n.d.). Out of 116 diseases, 36 had
no significant association and the total number of polymorphic regions with at least
one significant association was 93,817. The maximum number of significant associ
ations was 35,001 (hypertension) and the median and mean were 13.5 and 1389.3,
respectively. We also checked if diseases from different ageofonset clusters vary
in the number of associations. Cluster 4 had almost no significant associations (the
disease with the maximum number of associations had only 3 significant variants).
Although cluster 1 had the highest number of significant associations on average, the
values across clusters 1, 2, and 3 were not significantly different (Figure 3.8b). More
over, endocrine, immunological, cardiovascular diseases had the highest number of
associations and infections had the lowest (Figure 3.8c). Only 1% of the significant
polymorphisms (n=932) were in coding regions, and of these 49% (n=452) were mis
sense and only 1% (n=10) were nonsense. We further found that 47% of significant
variants (n=43,810) were associated with multiple diseases, but only ~9% were asso
ciated with multiple diseases from different categories (n=8,048) and again ~9% with
different ageofonset clusters (n=8,801) (Figure A.42).
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Figure 3.8 (a) Number of diseases for different number of significant variants (p≤5e8). Dis
eases with the highest number of associations (N≥10,000) are given as an inset table. (b)
Comparison of the number of significant associations (yaxis, in log scale) across ageofonset
clusters (xaxis) (ANOVA after excluding cluster 4, p = 0.06). Since the yaxis is in log scale,
diseases with zero significant associations are not shown on the graph. (c) The same as (b)
but for disease categories. Categories are ordered by the median number of significant SNPs.
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Figure 3.9 (a) Network representation of the genetic similarities. Nodes (n=47) show diseases
with at least one significant genetic similarity and are coloured by the ageofonset cluster.
Edges (n=167) are weighted by the genetic similarity corrected by disease categories and
cooccurrences. (b) The difference between genetic similarity within and across the ageof
onset clusters. The yaxis shows genetic similarity corrected by category and cooccurrence
on the log2 scale and xaxis groups similarities into different or same ageofonset clusters. c)
Network representation of the cause and effect relationships between diseases. Each node
(n=48) shows a disease, coloured by the ageofonset cluster. Size of the nodes represent
the number of significant causal relationships. Arrows show the cause and effect relationship
between pairs with FDR corrected p≤0.01 and GCP>0.6. The inset bar plot shows the per
cent significant causal relationships (yaxis) between disease 1 (xaxis) and disease 2 (bars
coloured by the ageofonset).
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We next sought to characterise the genetic similarities between diseases using a score
that shows the excess of overlapping associations between diseases, given the num
ber of significant associations for each disease. Importantly, we calculated genetic
similarities between 80 diseases that have at least one significant association, ex
cluding the pairs that are vertically connected (i.e. ancestors to child) in the disease
hierarchy (e.g. essential hypertension and hypertension). We found 47 significant
overlaps and diseases with similar ageofonset profiles showed a higher genetic sim
ilarity, even when controlled for disease categories and cooccurrences (Ftest p =
1.19 x 108, Figure 3.9ab,A.43). Moreover, this trend was reproducible when each
cluster was analysed separately (Figure A.44). We repeated the analysis using 1,703
previously defined LD blocks (Berisa & Pickrell, 2016) instead of taking all SNPs as
independent, and found significant similarity only between diseases of the same age
ofonset cluster (Figure A.45). Importantly the disease categories (p=0.89) and co
occurrences (p=0.15) did not explain the similarity.

3.8 Causeeffect relationships between diseases

Using a recent methodology developed by O’Connor & Price (2018), we tested for
partial or fully causal relationship between diseases. In particular, the method iden
tifies if a latent causal variable (LCV) mediates the genetic correlation between dis
eases. Using a genetic causality proportion, it assigns a causal relationship if one of
the diseases is more strongly correlated with the LCV. The authors report that, unlike
mendelian randomisation, this method can distinguish between the correlation due
to common aetiology and causation. We tested for potential causation between 60
diseases, excluding the ones with less than 10 significant genetic variants and low
heritability estimates (𝑍ℎ < 7) (O’Connor & Price, 2018). Also, similar to genetic sim
ilarities, we did not calculate the causation between diseases that are vertically con
nected in the disease hierarchy. Following the same significance criteria proposed in
the methods article (FDR corrected p≤0.01 andmean𝐺𝐶𝑃 > 0.6  i.e. genetic causal
ity proportion), we found significant evidence for fully or partial genetic causality in 91
disease pairs between 48 diseases (Figure 3.9c, Supplementary Table S2). DVT, ve
nous thromboembolic disease, and pulmonary embolism had the highest number of
out degrees, meaning they were found as causal for multiple diseases, including all 3
ageofonset clusters and 5 different disease categories. Gastrooesophageal reflux
(GORD)/gastric reflux and oesophageal disorder, on the other hand, had the high
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est number of in degrees, meaning there are multiple diseases detected as causal. A
likely explanation is that there are multiple types of drugs, used for different conditions,
that are associated with increased risk or exacerbated symptoms of GORD (Mungan
& Pınarbaşı Şimşek, 2017). These causal diseases spanned 5 disease categories
and ageofonset clusters 1 and 2.

Using Fisher’s exact test, we also tested if the causal relationships were more com
mon between diseases in certain ageofonset clusters but did not find any significant
difference (FDR corrected p>0.1 for all comparisons, inset bar plot in Figure 3.9c).
Thus, we concluded that although there are some causal links, the high genetic simi
larity within clusters (Figure 3.9ab) cannot be explained by causation but more likely
to include common aetiologies.

3.9 Known ageingrelated genes and genes associated
with different ageofonset clusters

We next mapped all variants to genes based on proximity or known eQTLs using the
GTEx data (Gamazon et al., 2018). To assess the reproducibility of the genes identi
fied from this study, we compared the significant hits we found with all those reported
in the GWAS Catalog. We verified that most of the diseases had significant over
laps with the same or associated traits in the GWASCatalog (e.g. osteoporosis and
bone density), confirming our results are reproducible with independent data (Supple
mentary Table S3). We next compiled the genes associated with multiple diseases
and multiple categories and grouped them based on the ageofonset cluster of the
associated diseases (Supplementary Table S4). In particular we created two sets of
genes, ‘multidisease’ and ‘multicategory’, for clusters 1, 2, and 3. We exclude cluster
4 from downstream analysis, because the number of variants significantly associated
with this cluster was low (n=7 associated with 5 diseases), mapping to only 2 genes
(ZPBP2, NPC1L1). We also compiled genes associated with multiple diseases or
categories in combinations of different ageofonset clusters. Importantly, genes as
sociated with multiple clusters are not in the gene sets for individual clusters as they
only include genes specific to those clusters, e.g. cluster 1, cluster 2 and cluster 1 &
2 sets all include mutually exclusive sets.
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Figure 3.10 a) Overlap between known ageingrelated genes in databases and genes as
sociated with diseases in different clusters. xaxis shows log2 enrichment score, and yaxis
shows the ageofonset clusters. The numbers of genes in each cluster (for both Multidisease
and Multicategory genes) are given. The size of the points shows the statistical significance
(larger shows marginal pvalue≤0.05) and the colour shows different databases. The coloured
numbers near the points show the numbers of overlapping genes. bf) Gene Ontology (GO)
Enrichment results for genes associated with diseases in b) Cluster 1, c) Cluster 2, d) Cluster
3, e) Cluster 1 and 2, f) Cluster 1, 2 and 3. Representative GO categories for significantly
enriched categories (BYadjusted pvalue ≤ 0.05) are listed on the yaxis. Log2 enrichment
scores are given on the xaxis. The colour of the bar shows the result for multidisease and
multicategory genes. There was no significant enrichment for cluster 1 & 3 and 2 & 3.

We next sought to understand if the genes we identified were previously associated
with ageing, by comparing the gene lists we compiled from the literaturebased ageing
databases: GenAge human (genes associated lifespan in humans or closely related
species), human orthologs in GenAge model organism (genes modulating lifespan in
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model organisms), CellAge (genes regulating cellular senescence), DrugAge targets
(drugs modulating lifespan in model organisms), and all databases combined (Avelar
et al., 2019; Barardo et al., 2017; Tacutu et al., 2018) (Figure 3.10a). In general,
genes associated with clusters 1 and 2 showed significant enrichment with known
ageingrelated genes, but not cluster 3. The list of overlapping genes is given in
Supplementary Table S5. CellAge database showed the largest number of significant
overlaps, with genes associated with clusters 1, 2, and both 1 and 3. DrugAge targets
had a significant overlap with clusters 1, 2, and both 1 and 2. GenAge Human only
had significant association with genes associated with both cluster 1 and 2. GenAge
model organism data significantly overlapped with genes associated with both cluster
1 and 2, and all clusters (1 & 2 & 3). The results showed that, although the number
of overlaps is low, the clusters 1 and 2, constituting ageassociated diseases, share
a significant genetic component with known ageingrelated genes, while cluster 3 did
not.

3.10 Biological functions of the genes associated to
different ageofonset clusters

We next did a Gene Ontology (GO) enrichment analyses using Biological Process
(BP), Molecular Function (MF) and Cellular Component (CC) categories. Cluster 1
was associated with many lipoproteinrelated categories, cellular signaling, cellular
response, cell cycle arrest, and blood pressure (Figure 3.10b). Cluster 2 showed
association to MHC class II binding, fibrinolysis, and negative regulation of epithelial
cell (Figure 3.10c). Cluster 3 had associations to many immunerelated categories
and cell adhesion (Figure 3.10d). Genes associated with both cluster 1 and cluster
2 were related to nucleosome complex, glucose homeostasis, retinoic acid binding
(Figure 3.10e). Genes in clusters 1 and 3, and in 2 and 3 did not have any significant
associations. Genes associated with at least one disease in all clusters were related
to nucleosome complex, interleukin7 response, differentiation, telomere, and gene
silencing (Figure 3.10f). Here we listed the categories that are representative to all
other significant associations. The full list is given in Supplementary Table S6, and
the procedure of selecting representatives is described in Section 3.2.
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3.11 Drug repurposing to improve healthspan

Figure 3.11 Drugtarget gene interaction network for the drugs that specifically target multi
category cluster 1, cluster 2 or cluster 1 and 2 genes as determined by Fisher’s exact test.
Blue diamonds show the drugs with significant association or targeting only one gene in these
gene groups. Circles represent the genes targeted by the significant hits, coloured by their
ageofonset cluster. Grey circles show the genes targeted by these drugs but are not among
the gene set of interest. The interaction data is collected from DGIdb.

Identification of drugs that can target the multicategory genes in clusters 1 or 2 poses
a possibility to treat many diseases simultaneously and thus extend healthspan in
the elderly. Thus, we investigated if there are drugs that target these genes specif
ically (p≤0.01 or having only one specific target, Figure 3.11). We found drugs tar
geting multicategory cluster 1 genes i) ABCC8 and KCNJ11, which code for parts of
KATP channels, ii) CCND1, iii) MTAP, iv) NPC1L1. There were also several drugs
targeting multicategory genes associated with both cluster 1 and 2 diseases, such
as PPARG, INSR, FGFR4, MAPKAPK5, ALDH2, PTPN11. Interestingly, 23 of the
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significant drugs were approved drugs for 14 conditions, including diabetes, hyper
lipidaemia, neoplasms, osteoporosis, cardiovascular diseases (list of all drugs and
indications available in Supplementary Table S7). Moreover, one of the drugs we
identified, prunetin (targeting ALDH2), was previously shown to improve the lifespan
of male Drosophila melanogaster (Piegholdt, Rimbach, & Wagner, 2016).

3.12 Evolution of ageing and agerelated diseases

Figure 3.12 Risk allele frequency distributions (yaxis) of different ageofonset clusters (x
axis) in the UKBB for a) SNPs associated with one disease (excluding antagonistic associ
ations), b) SNPs specific to one cluster (excluding antagonistic associations) (ns: p>0.05,
*:p≤0.05, **: p≤0.01, ***: p≤0.001, ****: p≤0.00001), and c) SNPs that have antagonistic as
sociation with cluster 1 and 2 (excluding agonists between cluster 1 and 2). d) The same as
panel c but for different 1000 Genomes superpopulations (ALL: complete 1000 Genomes co
hort, AFR: African, AMR: Ad Mixed American, EAS: East Asian, EUR: European, SAS: South
Asian). The pvalues specified on the plots are marginal pvalues calculated for twosided
tests and are not corrected for multiple testing.
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We next sought to understand the abundance of diseaseassociated variants in the
population and their relationship with the evolutionary theories of ageing. We first hy
pothesized that according to the mutation accumulation theory of ageing (MA), SNPs
associated with lateronset diseases (Cluster 1) would have a higher frequency than
the SNPs associated with diseases that occur at earlier ages (Clusters 2 & 3). We
therefore compared the risk allele frequencies of diseases in different ageofonset
clusters. As SNPs which are close together in the genome are expected to have sim
ilar allele frequencies due to linkage, we calculated the median risk allele frequency
for SNPs within previously defined LD blocks (Berisa & Pickrell, 2016). Diseases of
cluster 1 had significantly higher risk allele frequencies than cluster 2, both for the
SNPs associated with one disease (Figure 3.12a, Wilcoxon test p = 0.00033) or with
one cluster (Figure 3.12b, Wilcoxon test p = 0.0068, also confirmed by bootstrapping
n = 100 loci for B = 1,000; Figure A.46). We also analysed the risk allele frequencies
in populations of the 1000 Genomes Project (1000 Genomes Project Consortium et
al., 2015) data and confirmed that the same trend is observed in all superpopulations
(Figure A.47A.48).

To test the antagonistic pleiotropy theory (AP), we first asked if the diseases with dif
ferent onsets have an excess of antagonistic SNPs. Here, following the literature
(Rodrıǵuez et al., 2017), we defined a pleiotropic biallelic SNP as agonistic if the risk
allele is the same for different diseases, and as antagonistic if opposite alleles are
associated with increased risk for different diseases. If one of these diseases are
under a stronger negative selection, then the risk allele of the other disease could
increase with time. Comparing the proportion of agonist and antagonist SNPs within
and between the ageofonset clusters, we found that there is an excess of antago
nistic pleiotropy between diseases with different ageofonset profiles (Fisher’s exact
test p<0.001, Supplementary Table S8). Next, we tested the differences in risk al
lele frequencies between the clusters as AP predicts a higher risk allele frequency for
lateonset diseases. Interestingly, the difference between the risk allele frequencies
for cluster 1 and cluster 2 was not significant for the UKBB population (Figure 3.12c).
However, all 1000 Genome superpopulations except for Europeans had higher risk
allele frequencies for cluster 1 diseases (Figure 3.12d). A potential explanation is that
it is easier to detect antagonistic associations for SNPs with a minor allele frequency
closer to 0.5 because of the increased power for both alleles. Indeed, associations
with a larger effect size showed the expected differences in allele frequencies, al
though the number of independent loci was limited (Figure A.49). We also examined
the type of diseases and genes associated with antagonistic pleiotropy. The main
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driver of the pattern was the loci with ABCG8 and ABCG5 genes, showing antagonis
tic relationship for high cholesterol (cluster 1) and other lipidrelated diseases that are
in cluster 2, such as gallbladder disease and cholelithiasis. Another locus included
variants that show antagonistic relationship with cardiovascular disease (cluster 1)
and cluster 2 diseases gout (ADH1B), osteoarthritis and joint disorder (SLC39A8),
and osteoarthritis (BANK1). Another potential candidate was a locus associated with
hypertension (cluster 1) and musculoskeletal diseases (cluster 2), but this locus in
cluded multiple candidate genes (Supplementary Table S9).

3.13 Discussion

The number and the incidence of diseases increase with age. Is this just a result of
the accumulation of timedependent stochastic damage, or is there a common genetic
component among ageingrelated diseases, which can also be attributed to the age
ing process? In this study, we aimed to answer this question by comparing genetic
associations and ageofonset distributions of 116 selfreported diseases in the UKBB.

We first used an unsupervised, datadriven approach to classify diseases based on
their ageofonset profiles and found 4 main clusters (Figure 3.12); diseases that i)
rapidly increase after 40 years of age, ii) increase after 20 years of age, iii) do not
show any agerelated pattern, and iv) peak at around 10 years of age. Notably, un
like previous studies (Fernandes et al., 2016; Wolfson, Budovsky, Tacutu, & Fraifeld,
2009), using this unsupervised approach, we detect a distinction between cluster 1
and cluster 2, which show agedependency but distinct ageofonset distributions.

We next found that the diseases in the same ageofonset cluster show significantly
higher genetic similarity, evenwhen corrected for disease categories and cooccurrences
(Figure 3.9ab). While correcting for the disease categories and cooccurrences, we
may remove some true positive signals from the analysis. However, this correction is
particularly necessary for our study, as we use the same cohort for multiple diseases,
and thus, diseases vertically connected on disease hierarchy and those that cooccur
uses the same set of samples. Nevertheless, we retain a significant signal even af
ter this correction, suggesting diseases on average are more similar to others that
have a similar ageofonset profile. We next asked if cause and effect relationships,
rather than a common aetiology, may explain this observation (Figure 3.9c). We found
91 disease pairs with a significant causal association; however, there was no bias to
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wards any specific ageofonset cluster. Overall, our results suggest that even though
each diseasemay have separate contributors, a genetic component may influence the
agedependency of diseases and the average ageofonset.

In this study, we mainly relied on the identification of individual SNPs that are as
sociated with diseases. However, SNPs do not segregate independently, and those
that are close to each other are inherited together. Those SNPs that occur in linkage
disequilibrium (LD), meaning they segregate together, may cause spurious signal as
they can boost minimal effects due to dependency. There are methods such as LD
pruning, LDclumping, or finemapping that can generate a set of uncorrelated SNPs
to overcome this issue. LDpruning removes SNPs that are highly correlated with
each other to create an independent set of SNPs, and the method requires previously
set window size and pruning threshold. LDclumping summarises a set of correlated
SNPs by choosing a representative based on a value, such as pvalues from GWAS
or MAF. Fine mapping aims to find causative SNPs within an associated locus using
external information such as eQTLs, methylation loci etc. These are practical ap
proaches; however, with our aim to detect overlaps across complex diseases, they
might cause problems. Mainly, i) use LDpruning is not ideal as the removal of SNPs
would depend on initial parameters and ii) use of LDclumping or finemapping is not
preferred as the most significantly associated SNPs, or causal SNPs may not be the
same between diseases, but still, diseases might influence the evolution and inheri
tance of each other because of the LD, and we would be interested in detecting such
signal. Thus, we reverted to a conservative approach and created a list of genomic
loci that are independent of each other based on a previously published list of inde
pendent LD blocks in the human genome. We considered the loci as a significant
association if there is at least one overlap. This dramatically reduces the number of
loci that could be tested in the genome and thus quite conservative when comparing
the overlaps. Still, this analysis also revealed that diseases with similar age of onset
profiles have more similar genetic profiles (Figure A.45).

By mapping the significantly associated variants to genes, we defined pleiotropic
genes that are specific to each cluster or combinations of clusters. For example,
MTAP and CDKN2B genes were associated with the highest number of diseases in
cluster 1, spanning 3 disease categories; cardiovascular, endocrine, and eye dis
eases. MTAP, coding for an enzyme in polyamine biosynthesis, is found deleted in
a number of cancers (Piñero et al., 2019). Being adjacent to a tumour suppressor
gene, CDKN2A, its loss in cancer was attributed to being a bystander or regulator of
CDKN2A expression (Schmid et al., 1998). Recent studies suggest MTAP itself is a
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tumour suppressor (Kadariya et al., 2013, 2009) and controls IGF1R activity (Xu et al.,
2019), which has been repeatedly shown to have evolutionary conserved relevance
for ageing (LópezOtıń et al., 2013). CDKN2B also codes for a tumour suppressor and
is associated with multiple ageingrelated diseases and parental longevity (Pilling et
al., 2017). Notably, we did not analyse cancer associations in our dataset, and the dis
eases we analysed did not show a widespread cooccurrence with cancers that can
bias the results (Figure A.50). Although cancer associations are not included, finding
these tumour suppressor genes is interesting; but potentially could be explained by
the involvement of these genes in cell cycle regulation and cellular senescence.

Genes associated with multiple diseases or multiple categories in clusters 1 and 2
were enriched among genes previously associated with ageing (GenAge, CellAge,
DrugAge databases), but not cluster 3 alone (Figure 3.10a). However, the associa
tion is established through a small subset of genes, as also previously described in
the literature (Fernandes et al., 2016; Johnson et al., 2015). Especially the genes in
CellAge database, which include genes regulating cellular senescence in human cell
lines, and genes targeted by the drugs in DrugAge, which include drugs modulating
lifespan in model organisms, showed strong associations. Eleven genes associated
with multiple categories and diseases spanning all three clusters had a significant
association with the GenAge model organism genes, which modulates longevity in
model organisms. Overall, both cluster 1 and cluster 2 showed significant associa
tion with known lifespan modulators. This suggests the ageassociated diseases in
clusters 1 and 2 share a genetic component with longevity determinants.

Our analysis so far suggested a potential role of regulation of cellular senescence
in agerelated diseases, but we also found several functional categories associated
with different clusters. Cluster 1 genes were involved in lipoproteinrelated functions,
cellular response, and cell cycle arrest. Cluster 2, on the other hand, had a different
functional profile, including epithelial cell apoptosis, blood coagulation and fibrinoly
sis, and MHC II protein binding. Cluster 3 had a strong immunerelated profile, as we
expect from the diseases in this category. The genes that are associated with both
clusters 1 and 2 were related to the nucleosome, chromatin structure, homeostasis,
metabolic process, and gene silencing. Interestingly, multicategory genes in Cluster 1
& 2 and 3, also had associations with the nucleosome, chromatin structure, and gene
silencing. Since cluster 3 did not have an agedependent profile, these categories
could represent pleiotropic genes in general. Genes in this group were also associ
ated with the interleukin7 signaling pathway. Overall, these results suggest, although
both cluster 1 and 2 genes were linked to previously identified ageingrelated genes,
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they have distinct functional profiles. Moreover, the genes associated with diseases
spanning these two categories were related to homeostasis and metabolic process,
which were previously reported to change with age and modulate lifespan (LópezOtıń
et al., 2013).

Therapies targeting the multicategory genes in cluster 1 and 2 diseases may alle
viate the effects of multimorbidity at late ages and extend healthspan. We found
many drugs that are currently in use for different conditions, including agerelated dis
eases we analysed, might be repurposed for other agerelated conditions. Some of
these drugs are already considered for multiple diseases from different categories.
For example, acetohexamide, which targets the KATP channel, is in use for diabetes
mellitus and is undergoing clinical trials for cataracts (“Compound,” n.d.a).

Canwe use SNPdisease associations to understand the evolution of ageing? Extend
ing the work of Rodrıǵuez et al. (2017), we tested the two most widely appreciated
evolutionary genetic theories of ageing (see Section 1.2.2). In line with the MA theory,
allele frequencies of the variants associated with ageingrelated diseases were higher
than the frequencies of cluster 2 disease variants (i.e., diseases that start as early as
the age of 20). Variants associated with cluster 3, which includes immunerelated
diseases, were not significantly different than cluster 1, although cluster 3 diseases
can occur even at an earlier age. The genes in this cluster were also enriched in im
mune response categories, which were previously suggested to be under longterm
balancing selection in humans (Bitarello et al., 2018), explaining higher minor allele
frequencies. We then showed that AP between different ageofonset clusters is more
common than expected. Comparing the allele frequencies of antagonistic variants be
tween cluster 1 and 2 diseases in the UKBB and 1000 Genomes superpopulations,
we found support for the AP theory (i.e., higher risk allele frequency for cluster 1 vari
ants) only in nonEuropean populations but not in the UKBB or European population.
A potential explanation why we do not see the same trend in the UKBB and European
population is that the probability of detecting significant association for two diseases
associated with different alleles is higher for SNPs with a minor allele frequency closer
to 0.5. Indeed, repeating the analysis with different effect size cutoffs (Figure A.49),
we saw that stronger associations had a clear risk allele frequency difference in these
populations as well. Importantly, the number of independent loci is minimal, and thus,
although there is a signal supporting the AP theory, it is unlikely that the effect is
genomewide.
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Overall, we showed that diseases clustered by their ageofonset profiles show higher
genetic similarity and are associated with specific genes, functions, and evolutionary
characteristics. How may these genes and functions affect whether a disease is an
adult or lateonset disease? Here, we analysed the associations of the germline mu
tations, and thus, to understand their effects on the ageofonset, we should consider
their dynamic interaction with the environment, timedependent somatic mutations,
and the agerelated changes in their expression. Somatic mutation load increases
with age across almost all tissues, but themutation profiles are tissuespecific (Garcıá
Nieto et al., 2019). Thus, if somatic genetic mutations lead to the increased risk of
disease, one may expect to see a clustering by tissue or disease category but not
necessarily by the ageofonset profiles. Genes with consistently increased muta
tional load across multiple tissues were found to be associated with autophagy, DNA
damage repair, and some immune response categories. Although the functional asso
ciations we identified for lateonset diseases do not overlap with these, the interaction
between the identified functions and those found to be associated with mutational load
could still play a role. Another potential contributor is the change in gene or protein ex
pression. Agerelated changes in the transcriptome and proteome are not linear and
around 20 and 60 years of age, include changes in the direction or rate (Anisimova
et al., 2020; Colantuoni et al., 2011; Dönertaş et al., 2017). Similarly, a recent study
investigating the changes in proteome after the age of 20, suggested three groups of
proteins with changes at 34, 60, and 78 years of age (Lehallier et al., 2019). They fur
ther compared these groups to genes associated with Alzheimer’s and cardiovascular
disease. The authors showed Alzheimer’s had a significant association with only the
proteins that change at later ages (60 and 78). However, cardiovascular disease was
also associated with proteins that change at 34, and this could potentially explain an
earlier ageofonset. Similarly, the genes defining cluster 1 and cluster 2 genes may
have different gene or protein expression trajectories due to various environmental or
intrinsic factors. .

3.13.1 Limitations

We employed one of the largest comprehensive available datasets, including medical
and genotype data for almost half a million participants, to perform GWAS on human
diseases. However, our study is not without limitations.
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• We used the same cohort to perform multiple GWAS and thus, data is not inde
pendent. In our genetic analysis, we correct for disease cooccurrence values
which consider if the same people have the diseases, however, it is still possible
that the effect is not fully neutralised and we detect more commonality between
diseases that cooccur together. This, however, is not likely to cause misinter
pretations as most of the lateonset diseases do cooccur and the results still
could have biological relevance.

• In this study, we only used selfreported diseases. Throughout the study, there
were several instances that revealed reporting bias. For example, seemingly
unrelated diseases such as fractures and appendicitis had high cooccurrence
values. Another example is the peaks in ageofonset distributions of diseases
at every 5 years. These both suggest the reporting is not perfectly accurate.

• We used the UKBB dataset, which has samples mostly from British descendants
and thus our results should be validated in independent cohorts.

• In order to discover the common genetic component between diseases, we fol
lowed a GWAS approach and thus were limited to common variants. Another
related outcome is that we only analysed common and complex diseases. These
limit our ability to detect truly causal variants and instead we detect incremental
contributions to risk of disease development. In general, considering that ageing
is a gradual and subtle phenotype and most of the lateonset diseases are com
mon, this approach may not prevent the analysis of many interesting diseases
for ageing research. However, especially the analysis for evolutionary theories
of ageing could benefit inclusion of rare variants and diseases. Moreover, it
is important to note that complex diseases generally have strong interactions
with environmental factors. However, we only included BMI as a covariate in
our GWAS model. Especially studies aiming to find more causal genetic factors
influencing multiple diseases should model environmental factors.

• In this study, we had a limited age range, covering individuals up to 65 years old
and thus, could not analyse diseases of later ages, such as Alzheimer’s Disease.

• In order to calculate the genetic similarities between diseases, we used a sim
ple overlapbased measure. The main reason was to specifically test the over
lapping variants so that we can further analyse that specific set of variants for
ageingrelevance, functional associations, and evolutionary characteristics. How
ever, this method is limited as it only considers ‘significant’ variants and ignores
potential association between diseases that have limited sample size or more
complex nature due to power issues. Future studies aiming to discover the
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associations between diseases may use probabilistic approaches to calculate
diseasedisease similarities that can also consider the factors we considered in
this study, such as disease categories and cooccurrences.

• Lastly, the UKBB only includes genotypes and lack other ’omics data types.
Also, although participants provide selfreported data and some of the biomark
ers multiple times, they are genotyped for only once and the genetic profile is
assumed to represent germline variants. As most of the agerelated diseases
are influenced by environment, especially to drive conclusions about the causal
nature of the identified variants, we would need data spanning somatic muta
tions, transcriptome and epigenome.

Future cohorts with a broader age range and data spanning different ’omics data,
somatic mutations, health outcomes, and lifestyle information, can enable a better
understanding of the genetic mechanisms of ageofonset determination and estab
lishing the causal link with candidate genes.

3.13.2 Conclusion

In this study, we have taken the first steps in understanding the relationship between
ageing and diseases through a comprehensive analysis of disease ageofonset pro
files and genetic associations in the UK population. Diseases with more similar age
ofonset profile were genetically more similar, and this similarity was not explained by
disease categories, cooccurrences, or causeeffect relation between diseases, sug
gesting biological pleiotropy and common aetiology. The shared genetic component
between ARDs overlapped with some ageingrelated genes, but diseases with dif
ferent ageofonset profiles had different functional associations. We also identified
drugs targeting the common genetic component between ARDs, which could target
multiple diseases at once and thus alleviate the effects of polypharmacy in the elderly.
Lastly, variants associated with ARDs that start to occur at different ages had different
evolutionary characteristics, supporting the mutation accumulation and antagonistic
pleiotropy theories of ageing.





101

Chapter 4

Drug repurposing for ageing
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4.1 Introduction

4.1.1 The malleability of ageing

Since ageing is the major risk factor for poor functioning and disease, intervening
to ameliorate its effects could also prevent multiple agerelated conditions simulta
neously. There is growing evidence for the feasibility of this approach. People who
die when they are very old (100, 105, 110) show progressively less multimorbidity at
the end of their lives (Andersen, Sebastiani, Dworkis, Feldman, & Perls, 2012; Chris
tensen, McGue, Petersen, Jeune, & Vaupel, 2008). Thus, a healthy ageing phenotype
in humans can be achieved, and if we could understand the mechanisms leading to
it, we might be able to extend it to the general population. Moreover, work over the
past 20 years has shown that lifespan of laboratory model organisms can be greatly
extended by genetic and environmental interventions, which also improve health and
function during ageing (Clancy et al., 2001; Lucanic, Lithgow, & Alavez, 2013; Xiao et
al., 2013).

Dietary restriction (DR), a reduction in food intake that avoids malnutrition, can extend
lifespan and induce a marked improvement in health during ageing in diverse organ
isms, including rodents (Fontana & Partridge, 2015; Kapahi et al., 2017). Two stud
ies of rhesus monkeys subjected to DR found that the animals had lowered plasma
triglycerides, diabetes, cardiovascular disease, sarcopenia, incidence of neoplasms,
and brain atrophy, all features of ageing in humans (Colman et al., 2014; Mattison et
al., 2012; Vaughan et al., 2017). However, compliance with DR regimes in humans is
low, and for this reason, it is not a practical public health intervention.

Changes in diet are monitored by many nutrientsensing systems, including the insulin
/ insulinlike growth factor and target of rapamycin (mTOR) signalling network. Many
of the interventions further target components of the nutrientsensing network (NSN),
and decrease the activity of IGF / Insulin / TOR signalling (Fontana et al., 2010). This
highly conserved network senses nutrients, growth factors, and stress status, and
modulates the costly activities of the organism, such as metabolism, growth, and re
production, accordingly. Genetic interventions that reduce the activity of the network
have proved to extend lifespan in nematode worms, fruit flies, and mice (Fontana et
al., 2010; Kenyon, 2010; Pan & Finkel, 2017). These longlived mutants are protected
against many natural pathologies of old age and also those associated with genetic
models of agerelated diseases. Mechanisms of ageing are highly conserved during
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evolution, and the process shows a set of characteristic hallmarks of ageing, which
are also present in the aetiology of agerelated diseases (LópezOtıń et al., 2013;
Partridge et al., 2018). Interventions that improve health during ageing and increase
lifespan in laboratory animals do so by reducing the impact of one or more of these
hallmarks.

Pharmacological intervention can also extend animal lifespan. The DrugAge database
reports druginduced lifespan extensions up to 1.5fold for C. elegans, 1.1fold for D.
melanogaster, and 31% forM. musculus (Barardo et al., 2017). Some of these chem
icals may mimic the effects of DR (Fontana et al., 2010). For example, resveratrol,
which induces a similar gene expression profile to dietary restriction (Pearson et al.,
2008), can increase lifespan of mice on a highcalorie diet, although not in mice on
a standard diet (Strong et al., 2013). Rapamycin, directly targets the mTORC1 com
plex, which plays a central role in nutrient sensing network (NSN) and has an important
role in lifespan extension by DR (Mair & Dillin, 2008). Rapamycin extends lifespan by
affecting autophagy and the activity of the S6 kinase in flies. However, it can further
extend the fly lifespan beyond the maximum achieved by DR, suggesting that different
mechanisms might be involved (Bjedov et al., 2010). Nevertheless, the mechanisms
of action for most of the drugs are not well known.

4.1.2 Previous in silico studies to discover antiageing drugs

Here we review 11 recent insilico studies aiming to identify and prioritise prolongevity
drugs for animal models and humans. All such studies have been enabled by the de
velopment of powerful databases for the annotation and curation of genes/proteins
(Ensembl (Herrero et al., 2016), UniProt (Consortium, 2017)), their associated func
tions and pathways (Gene Ontology (Ashburner et al., 2000), KEGG (Kanehisa, Sato,
Kawashima, Furumichi, & Tanabe, 2016), Reactome (Fabregat et al., 2018)) and
chemical ligands and drugs interacting with them (ChEMBL (Gaulton et al., 2017),
DrugBank (Law et al., 2014), STITCH (Szklarczyk et al., 2016), DGIdb (Griffith et
al., 2013), PDB (Berman et al., 2000)) or affecting their expression (Connectivity
Map (Lamb et al., 2006), CREEDS (Wang et al., 2016)), as well as drugs (DrugAge
(Barardo et al., 2017), Geroprotectors.org (Moskalev et al., 2015)) and targets (GenAge
(Tacutu et al., 2018), AgeingClusters (Blankenburg, Pramstaller, & Domingues, 2018))
implicated in ageing and agerelated disease mechanisms.



104 Drug repurposing for ageing

Although the published studies of drug repurposing to target ageing use different
strategies and sources of data, they can be classified into two main categories: meth
ods employing the structural information to predict drugs potentially interacting with
proteins already identified as being involved in ageing, and methods based on the
similarity between ageingrelated drugs or genes based on molecular structure, inter
actions, pathways or networks.

Methods using structural information to find drugs targeting known regulators
of lifespan in model organisms

The concept here is to find drugs which are known to target those genes that have
been implicated in ageing. Two studies adopted methods based on the hypothesis
that proteins or ligands with similar structures are likely to bind similar ligands or pro
teins, respectively, to predict drugtarget interactions. The first of these (Snell et al.,
2016) aimed to identify novel drugs targeting 3 specific temperature sensing proteins
implicated in ageing in the rotifer Brachionus manjavacas (TRP7, S6P, FhBC). The au
thors used a virtual screening software called FINDSITEcomb that combines protein
modelling with sophisticated threading approaches to model the target. The pockets
in the model are then compared against the pockets in experimentally determined
structures of proteins with ligands or modelled structures with known binders. The lig
ands of the top 100 ranked pockets are then compared against a library of screened
ligands and ranked by ligand similarity. The authors screened 1,347 FDA approved
drugs in silico and tested four drugs for each target experimentally in the rotifers for
their effects on lifespan and healthspan. Five out of the 12 compounds tested sig
nificantly increased the rotifers’ lifespan. Changes in healthspan, approximated by
swimming speed, reproduction and mitochondrial activity, were also observed. In a
subsequent study by the same authors (Snell et al., 2018), the number of proteins
analysed was expanded to a set of ageingrelated genes found in other animal mod
els with orthologues genes in rotifers. This time a total of 94 targets were screened
in silico using the FINDSITEcomb software. The top 1% binding compounds for each
target were further ranked by their cumulative lifespan extension achieved by genetic
interventions into their targets as taken from experimental model organism data, and
filtered according to availability and previously predicted side effects (Zhou, Gao, &
Skolnick, 2015). From the 31 drugs experimentally tested in rotifers by two tendays
survival screens, seven drugs were further tested in two whole life survival analyses,
two of them resulting in a median lifespan extension of 1342%. The prolongevity
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effect of these drugs was observed even when drug treatment was initiated in middle
age.

Another in silico screening study was restricted to a single gene, AMPactivated pro
tein kinase (AMPK), whose activation partially mediates the effects on ageing of di
etary restriction (DR) (Mofidifar, Sohraby, Bagheri, & Aryapour, 2018). To find new
molecules to activate AMPK and theoretically mimic DR, Mofidifar et al. (2018) per
formed virtual screening using molecular docking of 1,908 FDA approved drugs. The
interaction between the topranked compounds and their targets was then further
checked by more detailed molecular dynamics. The study reported 4 compounds
with predicted high affinity for AMPK, but these were not tested experimentally.

Similaritybased methods to discover drugs targeting ageing

Using a priori information on known ageingrelated genes, prolongevity drugs or gene
expression profiles, several studies have implemented a series of similaritybased
approaches to identify novel antiageing drugs.

Finding drugs that target known ageingrelated genes. Given that drugs target
ing ageingrelated gene products are expected to affect the ageing process, Fernan
des et al. (2016) focused on finding drugs that target human genes whose ortho
logues in animal models are associated with longevity. The drugs were ranked by the
likelihood of targeting ageingrelated genes among all targets. For this calculation,
only inhibitory drugs interacting with antilongevity genes and activators targeting pro
longevity genes were considered. In total, 376 drugs were obtained of which 20 were
considered to be statistically significant. Thirteen targeted histone deacetylases, and
three were previously associated with lifespan extensions in animal models. Recently,
a study I have contributed used a composite set of ageingrelated genes with direct
evidence for influencing human ageing, together with physical and functional drug
protein interactions, to implement a similar geneset overlap analysis (Fuentealba
et al., 2019). This study also considered other levels of biological actions including
pathways, functions and proteinprotein interactions. Three of the top 10 compounds
ranked highest on an aggregate score were previously shown to increase lifespan
in animal models, and seven had been proposed to affect longevity by other drug
repurposing methods. The prolongevity effects of the topranked compound (tane
spimycin) was experimentally validated in Caenorhabditis elegans.
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Finding drugs similar to known prolongevity drugs. An alternative approach
is to find drugs similar to known prolongevity drugs using machine learning, which
is a strategy wellsuited for prediction tasks. Liu et al. (2016) attempted to predict
new prolongevity drugs for C. elegans. They adopted a semisupervised algorithm
trained with highconfidence prolongevity drugs derived from an experimental screen
for C.elegans (Ye, Linton, Schork, Buck, & Petrascheck, 2014), together with their as
sociated ageingrelated genes curated from the literature and the GenAge database
(Tacutu et al., 2018). They produced a rankordered list of 785 drugs with a poten
tial to increase lifespan in worms, with experimental validation for one drug in their
list, using a lifespan assay. A separate machine learning approach was trained with
chemical descriptors of known prolongevity drugs, and functional annotation of their
targets (Barardo et al., 2017). Using a supervised algorithm (i.e. random forest), they
generated a ranked list of drugs predicted as lifespan extending compounds, although
no validation was performed.

Comparing transcriptome signatures from ageing and drugs. The Connectiv
ity Map (CMap) Resource provides druginduced expression profiles for 1,309 com
pounds (version 2). Comparing these profiles with ageingrelated gene expression
signatures using a geneset enrichment analysis can reveal drugs that generate changes
in expression correlated (positively or negatively) to those seen in ageing (or any other
biological process or disease). This approach requires no a priori list of ‘ageing genes’
and can therefore potentially identify new targets, based solely on expression profile
similarities. Calvert et al. (2016) used dietary restriction (DR) expression profiles in
rats and rhesus monkeys to find DR mimetics. They identified 11 drugs that could
potentially increase lifespan by mimicking DR. They experimentally tested several of
the drugs in C.elegans and most extended lifespan. I also follow a similar methodol
ogy and instead aim to find drugs that target genes that show the most reproducible
agerelated changes in gene expression in the human brain. The results of this study
are presented under Section 4.3. Importantly using this databased approach I aim
to identify novel drugs and genes, not previously associated with ageing. More re
cently, after the publication of the work I present in this Chapter, Yang et al. (2020)
used a networkbased methodology, called ANDRU (ageing networkbased drug dis
covery). Instead of relying on model organisms, this approach was also driven by
human transcriptome data (GTEx) from young and old adipose and artery tissues
and signatures from the CREEDS database (Wang et al., 2016) to identify differen
tially expressed genes within the ageingrelated networks and drugs reversing these
changes. They report three distinct drugs ranking as the first five. Although none is
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previously reported as a lifespan modulator, these drugs target pathways that change
in expression with age, such as metabolic enzymes and lipid metabolism.

Approaches to prioritise drugs for testing

One of the major challenges in developing antiageing drugs is experimental valida
tion. Since clinical trials involve many ethical considerations and are very expensive,
such drugs are pretested in model organisms. In this spirit, Aliper et al. (2016), aimed
to predict which prolongevity drugs previously tested in C.elegans could work in hu
mans. Using young and old human stem cell expression profiles and an algorithm
called Geroscope that maps the gene expression changes with age to ageingrelated
signalling pathways, they ranked a set of candidate drugs by their likelihood of target
ing these pathways. To do this they calculate the pathway activation strength (PAS)
for each drug. They shortlisted ten compounds with prolongevity effects in C. ele
gans, and tested six of them for geroprotective effects in senescent human fibroblast
cultures. While the majority of tested drugs improved senescenceassociated phe
notypes, one drug (PD98059), a highly selective MEK1 inhibitor, also showed life
prolonging and rejuvenating effects.

Comparably, to assess which ‘human’ drugs and chemicals are likely to modulate
the C. elegans and Drosophila melanogaster orthologue of the target, Ziehm et al.
(2017) developed a method to rank chemicals binding to genes implicated in human
ageing. They generated an empirical scoring function that considers the conservation
of the domain and binding site at the sequence level between the animal and the hu
man protein, predicted binding energy for the compounds for the human targets and
experimental bioavailability, in addition to scores for druglikeness, promiscuity, pur
chasability and development status. Although the authors provided no experimental
validation, they conducted a comprehensive literature mining and molecular docking
procedure to validate their results.

4.1.3 Research objectives

Although previous studies tried to discover drugs that can affect ageing, they all focus
on genes or drugs related to lifespan regulation. The role of these drugs in promoting
healthy ageing in humans is still an open question. In this study, using gene expres
sion data for human brain ageing, we aimed to discover not only new prolongevity
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drugs but also those that can improve health during ageing. Human brain undergoes
substantial structural changes with age, including changes in brain weight, white and
grey matter volumes. Accompanied by the altered intercellular communication and
synaptic loss, these changes bring about cognitive decline, neurodegeneration and
memory loss (Salthouse, 2009). The biological processes showing a change in ex
pression include pathways related to synaptic and cognitive functions as well as pro
teostasis (Lu et al., 2004), suggesting gene expression changes in the ageing brain
could be used as a surrogate to find drugs to target detrimental effects.

Here, we extended the previous approaches to identification of new antiageing drugs
for humans, by focusing directly on human ageing data. We used a framework that
does not require any prior knowledge and is thus robust to biases in the literature
and databases on ageing. Moreover, using human ageseries data, this methodology
has the potential to discover drugs affecting both life and healthspan. Through a
metaanalysis of multiple gene expression datasets, we aimed to first compile a robust
signature that can characterise ageing in the human brain. We then aimed to identify
a list of potential drug candidates that could influence human brain ageing, using drug
induced RNA expression profiles deposited in the Connectivity Map (CMap) (Lamb et
al., 2006). We also provide an analysis of the results combined with the results from
other in silico studies.

4.2 Methods

Datasets

In order to define the gene expression changes during ageing, we only included datasets
with samples across different ages. In this way, we calculated the changes that oc
cur monotonically throughout the ageing process, rather than looking at differences in
the young and old group. Datasets used in this study are all published datasets and
include both microarray and RNAseq data. The preprocessing steps for each are
described below.

Microarray datasets. We used seven microarraybased RNA expression studies
with samples from 22 brain regions, that are not mutually exclusive (Supplementary
Table S1). Data from different brain regions are processed and analysed separately,
resulting in 26 datasets. The number of individuals in each dataset ranges between
11 and 148. The total number of individuals is 304, and the total number of sam
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ples is 805 (after removing the outliers). Some studies include samples covering the
whole lifespan. However, in this study, we only considered samples above 20 years of
age, which corresponds to the age at first reproduction in human societies (Walker et
al., 2006). Previous human brain ageing studies using transcriptome data have also
suggested gene expression patterns before and after the age of 20 are discontinuous
(Colantuoni et al., 2011; Dönertaş et al., 2017). Since we are interested in finding con
sistent tendencies in terms of the direction of change, which can characterise ageing,
we only included samples above 20 years of age. As a result, the samples included in
the analysis had ages between 20106. The microarray data were downloaded from
NCBI GEO (Barrett et al., 2013) using the accession numbers in Supplementary Table
S1. Using “affy” (Gautier et al., 2004) or “oligo” (Carvalho & Irizarry, 2010) libraries in
R, RMA background correction is applied to the expression data. The data is then log2
transformed, and quantile normalised (using “preprocessCore” library in R). By visual
inspection of the first and second principal components of the probeset expression
levels, outliers were excluded from the further analysis (Supplementary Table S1).
The age distributions for the datasets after outlier removal are given in Figure A.54a.
Gene annotations for the probesets are obtained from the Ensembl database us
ing the ‘biomaRt’ library (Durinck et al., 2009) in R. Because the annotations for the
probesets used in Kang2011 and Colantuoni2011 are not available in Ensembl, we
used the GPL files deposited in GEO. If Ensembl gene IDs are not provided in the GPL
files, Entrez gene IDs were extracted and converted to Ensembl Gene IDs using the
‘biomaRt’ package. Probeset level expression information is then mapped to gene
IDs. In order not to duplicate expression values, we excluded the probesets corre
sponding to multiple genes. Expression values for the genes with multiple probesets
were summarised using the mean expression levels. The PCA plots for the samples
using gene expression levels are given in Figure A.54b.

RNAseq dataset: We analysed transcriptome data generated by GTEx project (v6p)
(GTEx Consortium, 2015). Samples are filtered based on the cause of death circum
stances (4point Hardy Scale). Only the cases with a death circumstance of 1 (violent
and fast deaths due to an accident) and 2 (fast death of natural causes) are used
for the downstream analysis and the samples with illnesses are excluded. Among all
tissues, only the ones having at least 20 samples are considered. We also excluded
‘Cells  Transformed Fibroblasts’ category to include only the samples from tissues.
As a result, 35 datasets (17 major tissue type) are used for the downstream analy
sis, 13 of which were from the brain. The final set that we analysed includes 2152
(623 for the brain) samples from 120 (99 for the brain) individuals. The genes with
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median RPKM value of 0 are also excluded from data. The RPKM values provided in
the GTEx database are log2 transformed and quantile normalised for the downstream
analysis. Similar to the microarray data, we excluded the outliers based on the visual
inspection of the first and second principal components (Supplementary Table S1).
Distribution of the ages and the PCA plots after outlier exclusion are given in Figure
A.54.

Batch correction. In this study, each dataset is analysed separately, and only the
gene expression changes that are consistent across all datasets are considered for
the downstream analysis. Since multiple datasets are not combined, and datasets
generated at different labs using different platforms unlikely to have the same con
founders, we did not apply a correction method other than quantile normalisation and
outlier removal based on the PCA (using probeset level expression data for microar
rays and genelevel expression data for RNAseq as described above). Moreover,
most of the datasets have a homogenous sample set as the number of samples is low
and for the datasets with a large number of samples, we do not detect any clustering.

Agerelated expression changes and the ageing signature

The Spearman’s rank correlation coefficients between age and gene expression lev
els are used to measure agerelated expression changes. Instead of combining the
datasets, we calculated the Spearman’s correlation for each gene, for each dataset
separately. As a result, each gene had two measures to assess its agerelated ex
pression: 1) a correlation coefficient (rho), indicating the strength and the direction of
change with age and 2) a pvalue, showing the significance of the association. The p
values are corrected formultiple testing using p.adjust function in R, withmethod=“FDR”
argument. As the power to detect significant changes in each dataset is different and
the sample size is small for most of the datasets, for the downstream analysis we only
used the correlation coefficients (rho) and assessed the significant gene expression
change tendencies that are consistent in all datasets. When a gene is upregulated
by age throughout the lifespan, then it would have a positive Spearman’s correlation
coefficient that is close to one. In contrast, a gene would have negative correlation
coefficient if it is downregulated. When the association is not strong, the magnitude of
the correlation coefficient decreases, but the sign still reflects the direction of change
that is observed in most of the timepoints. We used the sign of correlation coefficient,
i.e. the direction of change, to compile the set of genes that show consistent changes
across all datasets. This set of genes are referred to as the ‘ageing signature’. The
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ageing signature, thus, does not reflect the dramatic changes in gene expression but
captures consistent trends that are observed across all datasets. The statistical sig
nificance of the ageing signature is calculated using a permutation scheme, testing
the significance of the consistency.

Permutation test

We used a permutation scheme that we developed earlier (Dönertaş et al., 2017), to
simulate the null hypothesis that there is no association between age and the gene
expression, while retaining the dependence between genes and the datasets. Partic
ularly, the ages of individuals in each study are permuted (randomised) 1,000 times
and if that individual donated multiple samples for different brain regions, each sample
is annotated with the same age. Then, the Spearman’s correlation coefficient between
these randomised ages and the gene expression value for all genes are calculated.
In this way, we retain the dependence between genes (e.g. those regulated by the
same transcription factor) and the samples (e.g. donated by the same individuals).
Permutations are performed using ‘sample’ function in base R.

Using the correlation coefficients calculated through permutations performed as ex
plained above, we tested i) significance of the correlations among datasets, ii) signifi
cance of the finding the same or a higher number of consistently up or downregulated
genes, i.e. the ageing signature. In order to test the significance of the correlations
among datasets, we calculated the correlations between the expressionage correla
tion coefficients calculated using the permutations. We constructed the distribution for
the median correlation coefficient among datasets (distribution of the 1,000 values),
and calculated how many times the randomised values have higher correlation than
the value we calculate using the real ages. In this way, we calculate an empirical p
value. The median of the permuted values reflects the value that would be expected
by chance. Similarly, in order to test the significance of the ageing signature, we com
piled permuted ageing signatures, for 1,000 times, and asked how many times we
have the same or higher value than the calculated number of genes in the microar
ray or GTEx ageing signatures. In this way, we calculate the empirical pvalue and
median of the number of shared tendencies based on permutations, reflecting what
would be expected by chance.



112 Drug repurposing for ageing

Gene Ontology Enrichment

Using “topGO” (Alexa & Rahnenfuhrer, 2019) and “org.Hs.eg.db” (Carlson, 2019) li
braries in R, we performed a functional analysis of the ageing signature. Using GO
categories with more than 10 annotated genes, we applied an enrichment test for the
Gene Ontology (GO) (Ashburner et al., 2000; The Gene Ontology Consortium & The
Gene Ontology Consortium, 2019) Biological Process (BP) categories.

Connectivity Map Analysis

A list of genes showing a consistent change in ageing (the ageing signature) is used
to query the Connectivity Map (Lamb et al., 2006). Since the Connectivity Map input
requires probeset ids, the “biomaRt” package in R is used to convert the gene list
to the probeset ids that are compatible with the CMap data. The probesets that
are in both up and downregulated probeset lists are excluded from both lists. The
final lists are used to query CMap database to associate the ageing signature with
the drug perturbed expression profiles in the database. The resulting pvalues are
FDR corrected to account for multiple testing and adjusted p<0.05 is used as the
significance threshold.

The ageing signature compiled using the GTEx data had more than 500 probesets
in both up and down lists. Since the algorithm requires an input with less than 500
entries, we used the ones with the higher magnitude of expression change (median
Spearman’s rank correlation coefficients across 13 brain regions). In order to show
that this does not bias the results, we repeated this step for 1,000 times by randomly
selecting 500 of the probesets in the GTEx ageing signature. In order to automatize
this process, we reimplemented CMap algorithm in R and calculated the drug similar
ity scores using the ‘rankMatrix.txt’ data provided on the CMapwebsite. Drug similarity
scores generated using the top 500 and randomly selected 500 of the GTEx ageing
signature showed a significant correlation (median rho = 0.81, range = (0.80,0.82)),
suggesting that this approach does not bias the results.

Searching the drug databases for CMap drugs

Entries in the Connectivity Map are composed of the drug names, which are generally
the catalogue names for the drugs from chemical vendors. Similarly, DrugAge drugs
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also do not have an ID that is possible to map across different databases. The Dru
gAge database was retrieved on 11th May 2017, from the DrugAge website. In order
to compare the drugs in the Connectivity Map and the DrugAge, we first used the
PubChem database (Kim et al., 2016) to make a transition across different sources.
We obtained PubChem compound IDs for each drug in the Connectivity Map and Dru
gAge using PubChem API accessed through R programming environment and ‘RCurl’
and ‘jsonlite’ libraries.

Targets of the drugs that are significantly associated with ageing

We compiled the drugtarget associations for the drugs significantly associated with
ageing mostly through literature research. For the cases where the database en
tries are manually curated and consistent, we used CHEMBL (Bento et al., 2014),
DrugBank (Law et al., 2014), and PubChem (Kim et al., 2016). We downloaded
GenAge model organism and human datasets (Tacutu et al., 2018) on 10th October
2017 using GenAge website. Using the human orthologues for the model organisms
(genage_models_orthologs_export.tsv) and the human dataset, we asked if any of the
drug targets were previously shown to be implicated in ageing. In order to construct
the drug – target network, we used ‘ggnetwork’ package in R.

The ProLongevity Drug Expression Profile

In order to compile a set of gene expression changes that can be associated with
the known prolongevity drug profile, we first downloaded the preprocessed data ma
trix with the druginduced expression changes (‘amplitudeMatrix.txt’ from CMap FTP
server ftp://ftp.broadinstitute.org/distribution/cmap). Using this matrix, for the seven
prolongevity drugs in DrugAge that are among the significant associations accord
ing to our analysis, we generated a prolongevity drug profile. We first identified the
druginduced gene expression changes for each of these seven drugs and each of
the probesets that are in the microarray ageing signature. For each drug – probeset
pair, we take the direction of change that is observed in at least 60% of the exper
iments (using different doses or different cell lines) as the effect of that drug on the
expression of that probeset. After deciding on the individual drug effects, we took
the type of change observed in at least four of seven drugs as the prolongevity drug
profile. The reason why we do not seek a perfect overlap among different drugs is
to allow potentially different mechanism of actions to be included in the prolongevity

ftp://ftp.broadinstitute.org/distribution/cmap
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drug profile. As a result, we got five categories: 1) increase in ageing, increased
by the drugs; 2) increase in ageing, decreased by the drugs; 3) decrease in ageing,
increased by the drugs; 4) decrease in ageing, decreased by the drugs; and 5) the
ones that are not affected consistently by the drugs. The full list of genes in the first
four categories is given as Supplementary Table S5. We also asked if any of the GO
Biological Processes is enriched in any of the first four categories and thus did an
enrichment analysis. We calculated the odds ratio for each GO category by keeping
the type of change in ageing the same. For example, we asked if a GO category is
enriched in genes that increase in ageing and also increased by the drugs, compared
to the genes that increase in ageing but decreased by the drugs. Because the number
of genes is small, it is not possible to detect significant associations after correcting
for multiple testing and thus we only report the odd’s ratios for the categories (Sup
plementary Table S6). We also compared the known prolongevity drug profile we
compiled with the profile induced by the 24 drugs identified in the study (Figure A.62).
We calculated the percentage of probesets that show the same type of change as
the prolongevity drug profile. For this, we again only considered probesets that show
the same type of change in at least 60% of the experiments per drug.

Geneset enrichment analysis for druginduced changes

Using the ‘amplitudeMatrix.txt’ downloaded from the CMap website, we determined
the expression changes at the gene level for each drug. We first subset the matrix to
include only the experiments for the 24 significant drugs we found. We then mapped
the probeset ids (total number of probesets = 22,283) to Entrez gene ids using the
Ensembl biomaRt package in R. We map 19,222 probesets to genes, excluding ex
amples where the same probeset id maps to multiple genes (628 multigene probe
set ids in total). The genes with more than one probeset id are represented by taking
the median expression change induced for the probesets (number of genes = 12064).
When the experiments for each drug are treated separately, we noticed that the re
sults were confounded by cellline. Thus, we then summarised multiple experiments
for each drug by taking the median of the change they induce. In this way, we trimmed
the cellline specific effects. Then the expression changes (for 12064 genes) for each
drug (24 drugs) are rank ordered. Using clusterProfiler package and ‘gseKEGG’ and
‘gseGO’ functions, we performed GSEA for the gene expression changes induced
by each drug separately. For the KEGG pathway analysis, we only considered the
pathways with at least 50 genes (188 pathways), and for GO analysis, we only con
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sidered Biological Process categories with at least 50 and maximum of 200 genes
(1589 categories).

Comparing Brain Ageing Signature to Other Tissues

We calculated the proportion of genes that show a change in the same direction with
the ageing signature compiled using brain data. The proportions are calculated for
ageing signatures compiled using the array and GTEx brain data, separately. We
also analysed upregulated and downregulated genes separately to observe any dif
ferential pattern. In order to calculate the significance of similarity or dissimilarity we
performed 10,000 permutations as follows: i) N number of genes, where N is the
number of genes in a particular group (array / GTEx and up / downregulated), were
selected randomly from a given GTEx dataset, ii) the proportion of changes in a given
direction is calculated, and iii) using the distribution of these proportions, we asked
how many times we obtain a value as extreme as the proportion calculated for that
tissue and assign empirical p value.

Side Effects

Using compound PubChem IDs, we subset the Side Effect Resource (SIDER 4.1)
(Kuhn, Letunic, Jensen, & Bork, 2016), a database of adverse drugs reactions for
marketed medicines. The latest version of SIDER code the side effects by using the
Medical Dictionary for Regulatory Activities (MedDRA), an adverse event classification
dictionary. To obtain term at the system level, we mapped the lowestlevel MedDRA
terms in SIDER (LLT codes) to MedDRA System Organ Class terms (SOC codes)
using hierarchical files downloadable from the MedDRA webbased browser (https:
//tools.meddra.org/wbb/). A total of 8 drugs among the 24 had labelled side effects.

https://tools.meddra.org/wbb/
https://tools.meddra.org/wbb/
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4.3 Gene expressionbased drug repurposing to tar
get ageing

4.3.1 Analysis of agerelated changes in RNA expression in hu
man brains

We analysed data from seven, published, microarraybased studies of agerelated
changes in RNA expression (Barnes et al., 2011; Berchtold et al., 2008; Colantuoni et
al., 2011; Kang et al., 2011; Lu et al., 2004; Maycox et al., 2009; Somel et al., 2010,
2011). The data came from 22 different brain regions, and the ages of the donors
ranged from 20 to 106 years (Figures 4.1a, A.54). The data for each brain region in
each study were analysed separately, resulting in 26 datasets.

Figure 4.1 a) Age distribution of the brains from which the data sets used in the study were
derived. The error bars show the standard deviation of the sample frequency for different
brain regions in data sources with multiple brain regions. b) Hypothetical gene expression
plots, demonstrating how Spearman’s correlation coefficient and pvalue behave when the
association is weak or nonmonotonic. c) Pairwise Spearman’s rank correlation coefficients
across data sets. The intensity of the colours on the heatmap shows the magnitude of the
correlation coefficient

To characterise the association between the gene expression and age, we calculated
the Spearman’s correlation between the expression level and age, for each gene, in
each dataset separately. We first calculated the number of significant changes (FDR
corrected p<0.05) in each dataset (Figure A.55). While there were two datasets with
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a large number of significant changes, most of the datasets did not show substan
tial significant change. This can be explained by several factors, most importantly i)
most of the datasets had a small sample size, providing insufficient power to detect
changes in most of the cases, and ii) Spearman’s correlation test calculates significant
monotonic changes, whereas it is likely that many of the changes are not exclusively
monotonic throughout ageing. Thus, we applied another approach, using the correla
tion coefficient to capture significant trends across datasets, instead of within a dataset
(see Section 4.2). While the pvalue is affected by the number of the samples and the
strength of the monotonic relationship (Figure 4.1b), the sign of the correlation coeffi
cient can be used to capture consistent trends of up or downregulation once coupled
with an appropriate testing scheme. This strategy requires the datasets to be concor
dant and reflect genuine agerelated changes. We first investigated if this assumption
was valid. To assess the concordance among datasets, we used Spearman’s corre
lation coefficients and calculated the correlation between expressionage correlations
between datasets (Figure 4.1c). We observed a weak correlation with a median pair
wise correlation coefficient of 0.29. To calculate the significance of this correlation, we
developed a stringent permutation scheme specifically designed to account for the de
pendence between genes as well as the datasets (see Section 4.2). We concluded
that a median correlation coefficient of 0.09 would be expected by chance and that
our observation (median 𝜌=0.29), is statistically significant (p<0.001). Based on these
correlations, datasets clustered according to the data source rather than to the brain
region. This observation is in line with the previous studies suggesting that ageing
related changes are small and heterogeneous, making them difficult to detect (Somel
et al., 2006). We therefore tested for significant correlations across datasets from
different studies. When we excluded the correlation coefficients among the datasets
generated by the same studies, we still observed a significant correlation coefficient
of 0.22 (permutation test p<0.001, 𝜌=0.002 would be expected by chance), show
ing that we have significant correlations among different data sources as well. Using
these correlations, we proceeded to compile the ageingsignatures, reflecting consis
tent trends.

4.3.2 Defining the ageing signature

To construct a robust ageing signature, we identified the agerelated changes that
were observed across all datasets, irrespective of the effect size. We thus focused on
global agerelated changes in the brain, rather than regionspecific changes, and the
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set of genes that showed gene expression changes in the same direction across all
datasets (Figure 4.2a).

Figure 4.2Method summary for (a) compiling the ageing signature and (b) theCMap algorithm.

This profile consisted of only 100 up and 117 downregulated genes (Supplementary
Table S2, Figures A.56, A.57), ‘the ageing signature’. To establish the robustness
of the ageing signature, we calculated the statistical significance of the number of
consistent changes with the same permutation scheme used to test the correlations
among datasets. This methodology randomises the age of each individual, making it
possible to test the null hypothesis where there is no association between expression
and age while retaining the dependence between genes and datasets (see Section 4.2
for details). The number of consistent expression changes across brain regions was
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significant (p<0.001, Figure A.58a,b), establishing that the ageing signature indeed
has biological meaning.

To further test the robustness of the ageing signature, we used an independent data
set, consisting of gene expression in human brain generated by the GTEx Consortium
(GTEx Consortium, 2015), consisting of data from 99 individuals, 13 brain regions and
ages between 2079 (Figure A.56b, Supplementary Table S1). These data were gen
erated using RNASeq, allowing us to assess the robustness of the ageing signature
to different technology platforms. We used the pipeline previously applied to the mi
croarray data to calculated agerelated expression changes for each gene in each
brain region separately. The pairwise correlations between the GTEx datasets were
higher than with the other dataset, and they tended to cluster together (Figure A.59).
We found 1189 up and 1352 downregulated genes that showed the same direction
of change across all GTEx brain regions (Supplementary Table S2), compared with
only 100 and 117 in the microarray ageing signature. A likely explanation is that sam
ples from different brain regions from the same individuals were used in GTEx, while
the microarray ageing signature combined seven independent studies and different
microarray platforms. The numbers of shared expression changes based on permu
tations were 127 and 131.5, for down and upregulated genes, suggesting a higher
false positive rate in the GTEx dataset. Nevertheless, the numbers of consistent up
and downregulated genes in the GTEx dataset were also significant (p=0.001, Fig
ure A.58cd). The numbers of common up and downregulated genes across the
GTEx and microarray signatures were 50 and 48, respectively, both statistically sig
nificant (binomial test p < 2.2e16 for both), demonstrating that the ageing signature
was reproducible.

4.3.3 Biological processes associated with the ageing signature

We next investigated the biological processes associated with the microarray age
ing signature. Using the genes that were consistently expressed in all data sources
as background, we did Gene Ontology enrichment tests for consistently up and down
regulated genes, separately (Figure 4.3, Supplementary Tables S34). Downregulated
genes were enriched in synaptic functions and biosynthetic processes (FDR corrected
p<0.05), while differentiation and proliferationrelated categories showed enrichment
for the upregulated genes (FDR corrected p<0.05). These results are consistent with
the findings of earlier brain ageing transcriptome studies (Lu et al., 2004; Naumova
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et al., 2012; Xue et al., 2007). Oddly, ossificationrelated biological processes also
showed significant enrichment for the upregulated genes. However, except for one
gene, these ossificationrelated categories shared all genes with the more generic
developmentrelated categories. Thus, this result could be interpreted as a general
upregulation of the developmentrelated processes rather than ossificationrelated
categories.

Figure 4.3 Gene Ontology Biological Process Categories significantly enriched in (a) down
and (b) upregulated genes in the microarray ageing signature. Red circles represent the
genes, and diamonds show the significantly associated GO categories, where FDR adjusted
p < 0.05. The size of the diamonds represents the effect size (odds ratio).

We repeated the enrichment analysis using the GTEx ageing signature and found 194
and 256 GO BP categories as significantly associated with down and upregulated
genes, respectively (Supplementary Tables S78). Since the number of genes in the
GTEx signature is higher, we had more power to detect smaller changes and thus had
a higher number of significant associations. However, the effect sizes (odds ratios)
for each GO BP category calculated for microarray and the GTEx ageing signature
were correlated (Figure A.60). Correlations between the odds ratios calculated for
all of the GO categories calculated in both methods were 0.46 and 0.37, for the en
richment in the down and upregulated genes, respectively. Correlations increase
when we considered only the GO categories that are significantly associated with at
least one of the ageing signatures; 0.55 and 0.60, for the enrichment in the down
and upregulated genes, respectively. This further shows that the ageing signatures
are robust. The categories enriched in downregulated genes included biological pro
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cesses related to neuronal and synaptic functions, autophagy, posttranslational mod
ifications, and translation (see Supplementary Table S7 for the full list). Processes re
lated to response pathways, immune response, macromolecule organisation and lipid
metabolism showed enrichment in upregulated genes (see Supplementary Table S8
for the full list). Interestingly, categories related to ossification were also among the
GO categories significantly associated with upregulation, based on GTEx data.

4.3.4 Mapping the ageing signature onto drugperturbed expres
sion profiles

The Connectivity Map (CMap) is a database of drug perturbed gene expression pro
files (Lamb et al., 2006). It consists of 6100 gene expression profiles for 1309 drug
perturbation experiments performed on five different cell lines. The CMap algorithm
uses a modified KolmogorovSmirnov test statistic to calculate the similarity of a drug
perturbed expression profile to the gene expression profile used to query the database.
A positive similarity score means that the drugperturbed expression profile is similar
to the query, whereas a negative score indicates a negative correlation (Figure 4.2b).
Based on the random permutations, the statistical significance of the similarity score
for each drug is calculated. Thus, the pvalue shows the probability of finding the same
association when a random signature is supplied. We queried the CMap database and
identified drugs that showed significant associations in either direction with the ageing
signatures. To determine the robustness of this procedure, we queried the CMap data
using the microarray ageing signature, and the top 500 up and 500 downregulated
genes from the GTEx ageing signature (see Section 4.2). The correlation was sig
nificant (r=0.52, p<2.2e16, Figure A.61a) showing that the two ageing signatures
produce reproducible overlaps with the CMap database. In order to test the repro
ducibility and not bias the results due to the technology used to generate the data,
we preferred not to combine ageing signatures but report the resulting drug hits from
the two signatures separately. Nevertheless, it is noteworthy that the drug similarity
scores, generated using the overlap between signatures, show significant correlation
with the lists generated using both microarray and GTEx signatures (Figure A.63).
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Figure 4.4 Similarity score table for the drugs having at least one significant association with
the ageing signatures. Each row corresponds to a drug and columns correspond to two inde
pendent ageing signatures—using the microarray and the GTEx data sets. The size of score
labels indicates the significance of the results (FDRcorrected p < 0.05). The row labels written
in bold indicates the drugs in the DrugAge database.

Querying the CMap database, we identified 13 drugs significantly associated (FDR
corrected p<0.05) with the microarray ageing signature (Table 4.1, Figure 4.4). Four
of these drugs were previously shown to extend lifespan in worms or flies in at least
one experiment (Supplementary Table S9). The number of prolongevity drugs re
discovered using this methodology was statistically significant (p=0.004), and only one
drug would be expected based on 10,000 random permutations of drugs. Repeating
the same analysis with the GTEx ageing signature, we identified 18 drugs, seven
of which were in common with the microarray results, including the four known pro
longevity drugs. In total, 24 drugs were significantly associated with at least one of
the ageing signatures. The correlation between the drug similarity scores for these
24 drugs calculated based on the microarray and GTEx data was 0.88 (p<9.44e09,
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Figure A.61b), indicating high concordance. Since the similarity scores show high
correlation, the rest of the results will be presented for the 24 drugs that are associated
with at least one of the ageing signatures.

Table 4.1 The drugs that are significantly associated (FDR corrected p<0.05) with at least
one of the ageing signatures. Drug names denoted with (*) shows the drugs in DrugAge
database. ”Score” is the mean similarity score given in the CMap output, based on the KS
test. The similarity scores denoted with (*) show the significant associations. The list is or
dered by the mean of the similarity scores from negative to positive. Target or mechanism
of action is manually curated from literature or extracted from CHEMBL, DrugBank, and Pub
Chem databases. The targets denoted with (*) are found in the GenAge model organism or
GenAge human databases.

Drug name Array GTEx Target or Mechanism of action

Securinine 0.65 0.50 GABRA15, GABRB13
Levothyroxine sodium* 0.41 0.47 THRA, THRB*
Cinchonine 0.20 0.65 CYP2D6*
Geldanamycin* 0.45 0.38 HSP90AA1*
15delta prostaglandin J2 0.38 0.42 PPARG*

Rifabutin 0.16 0.60 BCL6
Atropine oxide 0.35 0.17 
Tanespimycin 0.18 0.31 HSP90AA1*
Alvespimycin 0.08 0.33 HSP90AA1*
Vorinostat 0.02 0.41 HDAC1*, HDAC2*, HDAC3*,

HDAC6

Trichostatin A* 0.09 0.30 HDAC6, HDAC7, HDAC8
Trifluoperazine 0.32 0.13 DRD2, DRD3, DRD4, HTR2A,

HTR2C
Tretinoin 0.42 0.12 RARA*, RARB*, RARC*
LY294002* 0.38 0.21 PI3KCG*
Thioridazine 0.35 0.25 DRD2, DRD3, DRD4, HTR2A,

HTR2C

Sirolimus* 0.28 0.33 mTOR*
Wortmannin* 0.29 0.42 PI3KR1*, PI3KCA*, PI3KCG*



124 Drug repurposing for ageing

Resveratrol* 0.42 0.48 SULT1B1, YARS, LTA4H, TTR,
NQO2, PTGS2*, PTGS1,
MAT2B, CSNK2A1, CYP3A4*,
ESR1*, PPARG*, SIRT1*,
SIRT5, CYP1A2, CYP1A1,
CYP1B1, NCOA2, TNNC1

Emetine 0.52 0.41 Protein Synthesis Inhibition
Daunorubicin 0.43 0.52 TOP2A*, TOP2B*

GW8510 0.47 0.55 CDK2, CDK5*
Irinotecan 0.39 0.78 TOP1*
Camptothecin 0.63 0.56 TOP1*
Quinostatin 0.86 0.76 PI3KCA*

Overall, themethod rediscovered seven known prolongevity drugs in DrugAge database
(p=0.00023, based on 100,000 random permutations); resveratrol, LY294002, wort
mannin, sirolimus (also known as rapamycin), trichostatin A, levothyroxine sodium,
and geldanamycin (Supplementary Table S9).

4.3.5 Targets of the drugs

Next, we investigated the targets of these 24 drugs, using the ChEMBL, PubChem
and DrugBank databases as well as through manual curation of the literature (Table
4.1), and whether these targets were previously implicated in ageing, using GenAge
human and model organism databases (Figure 4.5). Except for four (rifabutin, se
curinine, thioridazine, trifluoperazine); all drugs or their target genes had been pre
viously implicated in ageing. Moreover, the drugtarget association network showed
several clusters with multiple drugs sharing the same targets: i) quinostatin was in the
same cluster with two known prolongevity drugs, wortmannin and LY294002, tar
geting PI3K subunits, ii) tanespimycin and alvespimycin shared the same target with
another DrugAge drug, geldanamycin, targeting HSP90, iii) vorinostat shared one of
its targets, HDAC6, with trichostatin A, another DrugAge drug, iv) thioridazine and tri
fluoperazine had dopamine and serotonin receptors as targets and v) irinotecan and
camptothecin shared TOP1 as their target. The fact that drugs targeting the same pro
teins / acting through the same mechanism had similar CMap similarity scores (Figure
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4.4) further shows that our results are biologically relevant and reflects potential mech
anisms to target ageing.

Figure 4.5 Schematic representation of the drug–target associations as a network. Blue and
red nodes show drugs and targets, respectively. The drugs with a light blue background are
present in DrugAge database and the targets with a pink background are in either GenAge
model organism or GenAge human databases.

4.3.6 Drugs can act both by reversing ageing effects and mimick
ing responses

The general expectation from an ’omicsbased drug repurposing study is the identi
fication of drugs that can reverse the abnormalities detected in the disease state i.e.
identification of drugs with negative similarity scores (DuranFrigola, Mateo, & Aloy,
2017). Following the same logic, one might expect drugs with antiageing potential to
have negative scores. Interestingly, some of the known prolongevity drugs had pos
itive similarity scores to the ageing signatures, meaning that the druginduced profile
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was similar to the ageing signature. A plausible explanation for this observation is that
ageing signatures may partly reflect cellular defense responses, helping to alleviate
the damaging effects of ageing.

4.3.7 Characterising the biological functions associatedwith pro
longevity drugs

In order to identify the biological processes associated with the changes that were
reversed or mimicked by the prolongevity drugs, we used the drugs documented in
DrugAge, that were rediscovered in our analysis. We grouped the microarray age
ing signature into five categories, based on the expression changes in ageing (up or
down), and the prolongevity druginduced profile (up, down or inconsistent) (Supple
mentary Table S5). To compile the prolongevity drug profile, for each probeset in the
microarray ageing signature, we asked if the seven DrugAge drugs induced similar
changes. If the same direction of change was induced by more than half of these
DrugAge drugs, then we included these changes in the prolongevity drug profile (see
Section 4.2 for the details). We then analysed the biological processes associated
with the genes in these categories. The number of genes is small, with no significant
changes after multiple test correction. We therefore report the associations based on
the highest odds ratios only. For genes downregulated in ageing, the changes mim
icked by the drugs were associated with autophagy and metabolic processes (Supple
mentary Table S6), while for upregulated genes, prolongevity drugs tended to mimic
the changes in protein complex / cellular complex assemblyrelated functions and to
reverse the changes observed in protein localisation and immunerelated functions
(Supplementary Table S6). These findings are consistent with the mechanism of ac
tion for the most wellknown prolongevity drugs. For example, sirolimus (rapamycin)
is an immunosuppressant approved for human use, and similar drugs can enhance
the response of elderly humans to immunisation against influenza (Mannick et al.,
2014).

4.3.8 Similarity among significant drugs based on the expression
changes at the functional level

In order to analyse the similarities among drugs based on expression level changes,
we performed a geneset enrichment analysis (GSEA) for the druginduced expres
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sion profiles, including all genes irrespective of whether a given gene is in the ageing
signature (see Section 4.2). To measure the similarity between drugs, we calculate
the Spearman’s rank correlation coefficients between the enrichment scores and then
cluster drugs based on these correlation coefficients. Notably, drugs targeting the
same proteins or pathways, e.g. PI3K inhibitors LY294002, wortmannin and quinos
tatin, clustered together. Using this functional level approach, we grouped drugs into
four groups: i) known prolongevity drugs, ii) drugs clustering together with at least
one prolongevity drug, iii) drugs which clustered together but did not cluster with any
known prolongevity drugs, and iv) drugs which did not cluster with any other drugs
(Figure A.64).

4.3.9 Ageing signature in other tissues

Since our analysis is based on an ageing signature compiled using only the brain
tissue, we also explored if this signature is representative of the other tissues. A
plausible way to approach this question is repeating the same analysis using other
tissues. However, it is not straightforward because i) the number of datasets avail
able for the other tissues limits the capacity of our approach to compile consistent
signatures, increasing false positives, and ii) we find that the ageingrelated changes
in other tissues are not as consistent as in brain (Figure A.65a). Thus, we choose
another approach and asked if the direction of change for the ageing signature we
compiled is similar to the direction of change in other tissues (Figure A.65c). We also
tested the significance of the similarity in the direction of change based on random
permutations. As expected, GTEx brain data showed the highest percent similarity to
the array signature. 8/35 datasets showed more dissimilarity for the downregulated
genes (i.e. percent similarity was lower than 50%), while only two were statistically
significant, namely, liver and atrial appendage. Similarly, only 6/35 datasets showed
more dissimilarity for the upregulated genes, while none was significant. We repeated
the analysis with the GTEx signature and observed similar results with only exception
that there were five datasets with significant dissimilarity for the downregulated genes
(Figure A.65e). Thus, it is possible that brain signature includes some brainspecific
changes but based on significant similarity, we can say it is also representative of
other tissues.
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4.4 Comparing the results with other eleven in silico
studies

My study and all the other studies described in the Section 4.1.2 had different aims,
methods, and data sources. To facilitate their comparison, we have summarised each
study in terms of i) the drugs identified, ii) the genes targeted by these drugs, and iii)
biological pathways (KEGG) in which these genes are involved (Figure 4.6). Addition
ally, we compared the results with the manually curated databases of ageingrelated
genes (GenAge) and drugs (DrugAge).

Drugs: Overall only 12% of all DrugAge drugs are prioritised by at least one study (41
of 346 drugs in DrugAge), with one in every four drugs discovered already present in
DrugAge, reflecting the prioritisation process and the low number of drugs reported
as significant by each study (15 drugs on average). In addition, the 163 drugs iden
tified usually differ between studies with 91% (149 drugs) of them being specific to
one study. From the remaining 14 drugs present in more than one study, trichostatin,
geldanamycin, tanespimycin and vorinostat were identified by three studies (Figure
4.6a) and, while only the first two are present in the DrugAge database, the remain
ing two have been experimentally validated for prolongevity effects in animal models
(Fuentealba et al., 2019; McDonald, Maizi, & Arking, 2013). Most studies resulted in
a list of drugs containing mainly novel candidates not present in DrugAge (122 drugs
were classified as novel discovery), the only exception being Aliper et al. (2016), which
focused only on a set of known prolongevity drugs. We also note that 66% of the 122
drugs (i.e. 81 drugs) known to target ageingrelated proteins were prioritised by the
computational studies reviewed above, as expected considering that these drugs are
included in some of the databases used by some of the methods during the prioritisa
tion process.
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Figure 4.6 Drugs, human genes and KEGG pathways discovered in the 12 studies. Circular
heatmap of the drugs discovered by each of the 12 studies (drugs sector), genes targeted by
these drugs (human genes sector), and the pathways including these genes (KEGG pathways
sector). Drugs, genes and pathways are clustered independently to reflect discovery patterns
from the studies. For the drugs and human genes sectors, the inner circle shows whether
drugs or genes were previously associated with ageing, based on the DrugAge or GenAge
database, respectively. If a drug was not present in DrugAge, it was classified as ’candidate’,
and the cell was coloured blue, whereas if the drug was already in DrugAge, it was classified
as ’previously discovered’ and the cell coloured in orange. An equivalent strategy using the
GenAge databases instead of DrugAge was used for the human gene sector. In the inner
wheel we present the overlap with drugs targeting ageingrelated genes (drug sector – GenAge
Human/Model tracks) and for the human gene sector the overlap with genes targeted by the
drugs in DrugAge (Human genes sector – DrugAge track). The KEGG pathways sector shows
the proportion of genes on each pathway targeted by the drugs discovered by each study. The
cells representing KEGG pathways were coloured using a continuous gradient from white to
green, where white means that none of the genes in that pathway were targeted by the drugs
identified. In the section closer to the centre of the heatmap, we also showed the proportion of
ageingrelated genes in these pathways as well as the coverage of genes targeted by drugs
in the DrugAge database. Data and code for generating this plot are provided in Github:
https://github.com/mdonertas/ageing_drug_review.
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Genes: Overall, 34% of the GenAge human genes (103 genes) and 10% of the
GenAge model organism genes (94 genes) were identified in at least one study, re
flecting at least in part the different sizes of the datasets, with more than three times
the number of Model Organism genes in GenAge. For clarification, the computational
methods identified candidate drugs, which are predicted to modulate ageing, amongst
the known drugs, most of which are currently used as therapy for a specific disease.

Based on the DGIdb database (Griffith et al., 2013), 27% of the druggable genome
(i.e. 796 genes) is targeted by at least one of the drugs identified in the computational
studies (Figure 4.6b) and, while few genes were identified in multiple studies, some
of them were present in the GenAge database (Tacutu et al., 2018). Two of these
genes DDIT3 (DNA Damage Inducible Transcript 3) and ERBB2 (ErbB2 Receptor
Tyrosine Kinase 2) were targeted by the drugs prioritised in eight studies. However,
nine studies also identified drugs targeting BIRC5 (Baculoviral IAP Repeat Contain
ing 5) and KRAS (KRAS ProtoOncogene, GTPase), and ten studies predicted drugs
modulating ABCB1 (ATP Binding Cassette Subfamily B Member 1), which have not
previously been related to human ageing. Despite this, genes discovered by multiple
studies do not necessarily suggest higher relevance to ageing, and may instead re
flect research bias (e.g. genes targeted by many drugs because of a role in prevalent
disease such as cancer). We also observed that 80% of known prolongevity drugs
(i.e. 122 of 152 drugs with known targets) target at least one gene targeted by the
candidate geroprotective drugs identified by these twelve computational studies.

Pathways: Intriguingly, among all 319 KEGG pathways, 92% include at least one
gene targeted by the drugs identified in the twelve studies. The same tendency
was observed for genes in GenAge (83% Model GenAge & 74% Human GenAge),
or genes targeted by the DrugAge drugs (88%). While this may suggest ageing is
ubiquitous and affects all pathways, another possibility is that genes present in many
pathways could be discovered repeatedly because they play a central role in diseases
and regulatory mechanisms. Although this may not conclusively prove that ageing is
ubiquitous, the prioritised candidate drugs clearly have a genomewide effect.

4.5 Discussion

In this study, using gene expression data, we identified a set of drugs that are likely to
modulate ageing in the human brain. Using a metaanalysis approach, we generated
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a reproducible ageing signature that represents multiple brain regions and is indepen
dent of the platform used for the detection of expression. Using the Connectivity Map,
we identified drugs highly associated with this ageing signature.

Seven of the 24 drugs were previously shown to modulate lifespan in model
organisms. Based on the DrugAge database, seven of these drugs were previously
tested onmodel organisms and prolonged lifespan in at least one experiment. The fact
that we successfully rediscovered a statistically significant number of known lifespan
modulators, without using any prior drug ageing information, suggests that the other
drugs that we identified also have a high potential to be modulators of the ageing
process / lifespan.

Eleven of the drugs have targets previously associated with ageing. Vorinostat is
a histone deacetylase (HDAC) inhibitor used for the treatment of cutaneous Tcell lym
phoma (“Vorinostat,” n.d.). Although not reported in the DrugAge database, vorinostat
has already been tested on Drosophila for lifespan extension and shown to increase
both mortality rate and survival when the drug is given during ‘mid to latelife’ (Mc
Donald et al., 2013). This drug had the most prolongevity druglike profile (Figure
A.62, cluster 6) based on our analysis, suggesting that the methodology, as well as
the interpretation, yields biologically relevant results. Quinostatin, targeting the cat
alytic subunit of PI3K, had the highest CMap score with percent similarity above 50%
to the prolongevity drug profile for all four categories (Figure A.62). Considering that
drugs targeting PI3K, such as LY294002 and wortmannin, extend lifespan in worms
and flies (Barardo et al., 2017), quinostatin is a strong antiageing drug candidate.
Alvespimycin and tanespimycin inhibit the heat shock protein HSP90, which is also in
hibited by geldanamycin. Heat shock proteins are implicated in ageing based on both
experiments on worms and flies (Tacutu et al., 2018) and human expression studies.
Protein aggregation and disrupted proteostasis are a hallmark of ageing (LópezOtıń
et al., 2013). It is thus plausible that increased activity of HSP90 would reverse the ef
fects of ageing by restoring proteostasis, although its downstream effects might result
in reverse (FuhrmannStroissnigg et al., 2017; McClellan et al., 2007). Tretinoin is a
retinoic acid receptor (RAR) agonist widely studied for skin (Mukherjee et al., 2006)
and brain ageing (Enderlin et al., 1997). RAR genes in are implicated in synaptic
plasticity, learning, memory, and pathological conditions such as Alzheimer’s disease
(Lane & Bailey, 2005). GW8510 is a cyclindependent kinase 2 / 5 inhibitor and was
suggested to be neuroprotective (Johnson et al., 2005). 15d prostaglandin J2 acti
vates PPARG, which shows decreased expression with age, which can be restored by
DR (Tacutu et al., 2018). Camptothecin and irinotecan both target TOP1, which alters
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the topological state of DNA during transcription and can inhibit Warner syndrome
protein (WRN), which functions in DNA repair (Shamanna et al., 2016). These two
drugs, as well as daunorubicin which targets TOP2A, may therefore worsen health
status. Cinchonine, which targets CYP2D6 was similar to prolongevity drug profile
in terms of the genes upregulated by the prolongevity drugs but show opposite pro
file for the downregulated genes. The functions that are associated with the genes
downregulated by the drugs are autophagy or immune function related categories.
Most of the known prolongevity drugs are suggested to function through inhibition of
PI3K / mTOR pathways, favouring autophagy. It appears that cinchonine would not
function in the same way. However, considering that it targets CYP2D6, which was
shown to have a role in lifespan regulation in C. elegans, it is possible that this drug
has a distinct mechanism to modulate ageing. Mann et al. previously suggested that
expression of CYP2D6 increases with age in the human brain and is lower in Parkin
son’s disease (Mann et al., 2012). Considering that they suggest this protein might
be important to inactivate neurotoxins, inhibiting this protein using cinchonine might
function in the same direction and exacerbate ageing by downregulating one of the
cellular responses.

New targets and mechanisms to modulate ageing. Thioridazine and trifluoper
azine are serotonin and dopamine receptor antagonists used for the management of
psychoses, including schizophrenia. Thioridazine is withdrawn from the market due
to its side effects related to cardiac arrhythmias. Ye et al. (2014) screened a library of
compounds for lifespan extension in C. elegans and identified a couple of drugs tar
geting serotonin and dopamine receptor antagonists including thioridazine hydrochlo
ride, which extends lifespan by 31% in C. elegans. Thus, it is likely that these drugs
also have antiageing effects. Emetine is the principal alkaloid of the ipecac root. It
is a eukaryotic protein translation inhibitor. A recent study investigated the effect of
protein translation inhibition on cellular senescence. They suggest that cytoplasmic
protein accumulation is an important cause of the cellular senescence andmild protein
translation inhibition can prevent senescence induction in normal and tumourderived
human cells (Takauji et al., 2016). Although both this information and our results sug
gest that emetine can help alleviating the ageing, Takauji et al. (2016) did test the
effect of emetine on senescence and could not detect any significant result. Atropine
oxide is predicted to target muscarinic acetylcholine receptors (“Compound,” n.d.b),
which are suggested to be important for various brain functions as well as patholo
gies such as Alzheimer’s and Parkinson’s diseases (Langmead, Watson, & Reavill,
2008). The information regarding the effect of atropine oxide on different muscarinic



4.5 Discussion 133

acetylcholine receptors, however, is limited to make a conclusion whether this drug
could be beneficial or damaging for the human brain ageing. Securinine is a GABA(A)
receptor antagonist. GABA receptors are started to gain attention as potential tar
gets for neurodegenerative diseases (Rissman, De Blas, & Armstrong, 2007). The
drugs tested and shown to have an impact on cognitive abilities so far, however, are
mainly GABA(A) agonists or GABA(B) antagonists (Li et al., 2016). Considering that
GABA(A) subunit expression levels show a decrease with age (Supplementary Table
S2), and securinine is an antagonist, it is possible that it acts in the same direction as
ageing and exacerbates it. Rifabutin shows high similarity to the prolongevity drug
profile and clusters together with levothyroxine sodium and geldanamycin, which are
known prolongevity drugs (Figure A.62, cluster 2). Rifabutin is an antibiotic but it
is reported to also target BCL6 (Evans et al., 2014). BCL6 gene is not in GenAge
databases, however, there are studies linking this gene to ageing using human gene
expression data (Glass et al., 2013) and through its role in cell proliferation and senes
cence, regulated by miR127 (Chen, Wang, Guo, Xie, & Cong, 2013). Thus, it is pos
sible that rifabutin helps to reduce the effect of damaging changes induced by ageing,
through targeting BCL6.

Challenges. ’Omicsbased drug repurposing studies, such as the CMap, aim to iden
tify drugs reversing the profile induced by a biological state of interest. Ageing is
a timedependent, complex phenomenon, which induces subtler changes compared
to development (Dönertaş et al., 2017), or to a disease state such as Alzheimer’s
(Avramopoulos, Szymanski, Wang, & Bassett, 2011). The ’omics profile reflects two
potentially distinct contributions:  the detrimental effects which occur with age (e.g.
accumulation of mutations) and the potentially beneficial responses to those changes
(e.g. the immune response). As a result, CMap similarity score is not conclusive
on its own. In order to characterise the potential effects of drugs on ageing (anti
or proageing drugs), we use three different approaches: i) comparison of the drug
induced expression profiles with the known prolongevity drug profile (Figure A.62),
ii) functional analysis of the druginduced gene expression changes (Figure A.64),
and iii) compilation of literature on the drugs and targets. Based on these analyses
we suggest that eight of seventeen drugs (quinostatin, trifluoperazine, thioridazine,
vorinostat, alvespimycin, tanespimycin, rifabutin, and 15d prostaglandin J2), which
are not in DrugAge, are likely to have positive effects, whereas, topoisomerase in
hibitors (camptothecin, irinotecan, and daunorubicin) can be detrimental and could
act as proageing drugs. Four of the remaining drugs, which are cinchonine, securi
nine, emetine and tretinoin, do not cluster closely with any known prolongevity drugs
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in Figure A.64. Literature, however, suggests cinchonine and securinine are likely to
have negative effects, whereas emetine and tretinoin could act as antiageing drugs.
GW8510 and atropine oxide could not be classified because neither the clustering
results nor literature evidence are conclusive.

4.5.1 Limitations

In this study, we applied a datadriven methodology to overcome research bias and
increase the chance of discovering novel drugs to target ageing. However, there are
several aspects that could limit our study. It is important to note that none of the
cell lines used to generate the CMap data originates from the brain. The assumption
for using the CMap algorithm is that the effect we see in diverse celllines reflects
the global profile of the drug perturbation and thus should be also transferable to the
brain. However, it is possible that drugs have cell or tissuespecific effects. Even if the
drugs induce the same expression changes in brain cells, an important question is:
Can they cross the bloodbrain barrier to target the brain? If some of these drugs have
side effects on the CNS, it might be an indication that these drugs can affect the brain
and can be repurposed to target brain ageing. Only eight of the 24 compounds have
reported side effects and all of them has at least one reported effect on the nervous
system, based on MedDRA system organ classes (Supplementary Table S10). This
implies that these drugs can affect CNS, although we do not have information on their
ability to cross the barrier. The rest may or may not cross the barrier to influence the
expression in the brain, but theymay also improve health by targeting generic changes
throughout the body. The ageing signatures from brain tissue show a modest but
significant similarity to expression profiles from nonbrain tissues (Figure A.64). Thus,
it is possible that we identified not only drugs specifically targeting ageing in the brain
but also drugs targeting ageing in other tissues. It is also possible that there are drugs
which can target brain ageing with more potency, but we cannot identify them because
we do not have druginduced expression profiles for brain cells. Another important
technical drawback is that the data we used to generate the ageing signature are bulk
RNA expression datasets, where the expression profile is an average of all the cell
types in the human brain. Focusing on the changes that are observed ubiquitously
across all brain regions, we aimed to focus on global changes which are unlikely to be
driven by cell type differences. However, future datasets generated using singlecell
expression profiling can greatly improve the understanding of both the ageing process
itself and how the interventions work.
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4.5.2 Conclusion

To summarise, this study provides an unbiased identification of drugs that can tar
get human brain ageing. We first compiled a set of gene expression changes that
can characterise human brain ageing and asked if there are drugs which alter the
expression of the same genes. We identified 24 drugs, seven of which were among
known prolongevity drugs. Our analysis suggests that antiageing drugs may act by
mimicking the response while it is also possible that they can reverse the detrimental
changes in ageing. Based on the literature research, we concluded that some of the
drugs we identified can directly modulate the lifespan, whereas some are more likely
to function by improving the cognitive functions and promoting the healthy ageing.
We further combined the results with other drug repurposing studies to summarise
the state of the field. We found 27% of all druggable genome and 92% of all KEGG
pathways are targeted by the drugs suggested by these studies, showing the complex
and multifaceted nature of ageing.
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Chapter 5

Concluding remarks

In this thesis, the aim was to approach a better understanding of ageing through com
putational studies. In particular, agerelated change in heterogeneity, the link between
ageing and agerelated diseases, and drug repurposing for ageing were discussed. In
this chapter, I aim to both summarise themajor findings and also give a future perspec
tive focusing on each chapter separately. Finally, I will summarise future directions by
which computational studies can facilitate research on ageing.

5.1 Overview and future perspective

5.1.1 Agerelated changes in gene expression heterogeneity

In Chapter 2, the changes in gene expression heterogeneity during postnatal devel
opment and ageing were explored. The main conclusions of this study were:

• Agerelated increase in heterogeneity is widespread at the gene, functional
category, pathway, and transcriptomelevels.

• Previous studies focusing on gene expression variability in ageing reported dif
ferent genes as differentially variable in ageing. This may stem from the differ
ences in the tissues, organisms, and ages that were analysed or could be due to
the stochastic nature of increased variability. Using different methodologies on
the same dataset, we showed that the preprocessing steps and heterogeneity
measures used in different studies also make a significant difference in detecting
the ‘differentially variable’ set of genes. Despite this difference, a widespread
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increase in heterogeneity was observed with all combinations of preprocessing
steps and measures of heterogeneity.

• We also showed that the agerelated increase in heterogeneity is a characteristic
of postadult years (20+) but not preadulthood (020 years of age).

• Although the increase in heterogeneity is not specific to certain functional cate
gories, or pathways; we found that the genes that become more heterogeneous
across all datasets were enriched in many of the longevityregulating pathways.
However, they did not overlap with the exact genes that increase/decrease lifes
pan in laboratory organisms.

• Finally, we showed that not only specific transcription regulators but also the
number of regulators is associated with the increase in heterogeneity during
ageing and this is uncoupled from the change in expression during development.

However, some questions remain unanswered and require further experimental and
computational studies.

• In this study, we analysed 19 datasets covering 17 brain regions. The brain
is a postmitotic tissue and might include different sources of cellular damage
compared to mitotic tissues (e.g. liver) or tissues that are more open to environ
mental influence (e.g. skin). Thus, future studies comparing different types of
tissues can help understand the source of heterogeneity in gene expression.

• We showed an association between the number of regulators and increased
heterogeneity. However, both the molecular nature of this association and also
whether there are other contributing factors need further exploration. A new
study design allowing reliable detection of somatic mutations, and protein levels
coupled with the gene expression levels is important to understand the cause of
increased heterogeneity during ageing.

• We showed that the reproducible increase in heterogeneity is limited to post
adult ages; however, the reason why there is a difference with postnatal devel
opment could not be explored. Likely explanations include active protection from
damage or higher tolerance to damage. Moreover, damaging effects may need
to accumulate to a certain level to create phenotypic consequences. Under
standing the reason would require both a better comprehension of the causes
of heterogeneity and a balanced study design with more samples from both de
velopment and ageing.

• In this study, we focused on interindividual heterogeneity with the analysis of
bulk RNA expression levels. However, there are already multiple reports sug
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gesting intraindividual heterogeneity also increases with age (Davie et al., 2018;
Enge et al., 2017; HernandoHerraez et al., 2019; MartinezJimenez et al., 2017).
Moreover, different genes also show a difference in their interindividual variabil
ity at an adult age. A comparative analysis of these two phenomena together
with our findings could help understand the mechanisms of heterogeneity.

5.1.2 The link between ageing and agerelated diseases

In Chapter 3, we aimed to understand the link between ageing and agerelated dis
eases through a genomewide association study of 116 diseases in the UK Biobank.
The main conclusions were as follows:

• Diseases with similar ageofonset profiles show a higher genetic similarity which
is not explained by disease categories, cooccurrences, and disease cause
effect relationships.

• Common genetic factors shared between agedependent diseases significantly
overlap with regulators of cellular senescence and the targets of drugs known
to modulate lifespan in model organisms. However, the intersection is small.

• We identified biological functions associated with different ageofonset profiles.
Although the two agedependent clusters both had associations with known
ageingrelated genes, their functional categories were different. Diseases seen
after 40 were associated with lipid metabolism, cell cycle, and cellular response,
whereas the diseases seen after 20 were associated with MHC 2 protein binding,
fibrinolysis, and regulation of apoptosis. Genes associated with both clusters
were enriched among regulators of glucose metabolism, chromatin structure,
and transcription. However, in general, genes that are highly pleiotropic and
associated with all disease clusters were also regulators of chromatin structure
and transcription.

• We checked the risk allele frequencies (AF) of the variants associated with each
cluster and found diseases with later ageofonset had significantly higher AF,
which supports both mutation accumulation and antagonistic pleiotropy theories
of ageing.

• We searched for drugs that specifically target agedependent clusters and found
several significant hits. 23 of these drugs were already in use for 14 different
conditions such as diabetes, hyperlipidaemia, neoplasms, osteoporosis, cardio
vascular diseases. This means we can more easily repurpose these drugs to
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use for the diseases we analysed, which generally cooccur in the elderly. This
has the potential to improve healthspan and may also alleviate the effects of
polypharmacy.

This study, to my knowledge, provides the most comprehensive analysis of the link
between ageing and agerelated diseases. However, there are multiple aspects that
require further investigation:

• In this study, we suggest that there is a common ageingrelated genetic factor
associated with agedependent diseases. However, the mechanism by which
this factor may influence the ageofonset profile of diseases could not be ex
plored. Likely explanations include somatic mutations, agerelated changes in
gene and protein expression levels and epigenome, and geneenvironment in
teractions. We need a significantly improved longitudinal study design including
different ’omics and lifestyle data in order to address this question.

• There is a significant association between the targets of lifespanmodulating
drugs and the regulators of cellular senescence. However, we did not detect
significant overlap with genes that modulate lifespan in model organisms. One
plausible explanation is that these genes are deeply evolutionarily conserved
and we do not have common variations that we can detect in this study. How
ever, a detailed analysis of this lack of overlap could improve future study design
and also may facilitate knowledge transfer from model organism to human stud
ies.

• In this study, we could only include common diseases because of the sample
size limitations. However, a better comparison to analyse evolutionary theories
of ageing would include variants that are known to be causal for developmental
diseases.

• We suggest some drugs that may improve healthspan. The next step would be
to test these drugs in model organisms, particularly in mice and rat, and disease
models to measure their effect on health and lifespan.

5.1.3 Drug repurposing for ageing

In Chapter 4, we employed an applied study and aimed to identify pharmacological
interventions that can improve lifespan in humans. We followed a systemlevel ap
proach to find drugs that may mimic or reverse the agerelated changes in gene ex
pression.
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• Through a metaanalyses approach, we first compiled a robust and reproducible
list of gene expression changes that characterise ageing in the human brain.

• We compared this signature with the drugperturbed gene expression profiles
in the Connectivity Map database to find drugs that can mimic or reverse these
changes.

• We identified 24 candidates, 7 of which were prolongevity drugs that were pre
viously tested in model organisms. 18 of the 24 had at least one target that was
associated with ageing according to GenAge database. We identified 4 com
pletely novel drugs which may provide another angle in ageing interventions.

• Importantly, we found that some of the prolongevity drugs act by mimicking the
changes in ageing. That means that some of the captured gene expression
changes might be beneficial and include responses to the damaging effects.

• We also combined our results with 11 other published studies that perform in
silico drug repurposing to target ageing. Almost 30% of all druggable genome
was found to be targeted by at least one drug suggested in these 12 studies.
Moreover, 92% of all KEGG pathways had at least one gene targeted by the sug
gested drugs. These analyses reveal further that ageing is a complex, system
level phenotype.

Rediscovery of a significant number of known prolongevity drugs suggests ourmethod
ology is promising. We also experimentally validated one of the candidate drugs,
tanespimycin, in C.elegans, as part of another study that I contributed (Fuentealba et
al., 2019). Furthermore, since the input data is from humans it is plausible to suggest
that these drugs may provide benefits in humans as well. However, there are several
studyspecific aspects that may further be explored:

• In this study, mostly because of the limitations in the number of available datasets,
we restricted our analysis only to the human brain. However, the whole organ
ism is affected during the ageing process. We show that the ageing signature
can also represent changes seen in other tissues. Nevertheless, there might be
other drugs that can function in other tissues better, and thus, this study could
be expanded to other tissues.

• We found that some of the known prolongevity drugs we identified mimic the
changes observed during human brain ageing. This raises a question about their
applicability to humans. Humans live longer than their closely related species
and may have adapted some response mechanisms that are not observed in the
model organisms, which are shortlived. A comparison of the ageing signature
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with the agerelated changes observed in the model organisms can provide a
better understanding.

• Another aspect that we have not addressed in this study is the realworld ap
plication of the identified drugs, including factors such as the drugdrug interac
tions, the age at which drugs could be supplied, the potential effects of longterm
use, and bioavailability in humans. Unfortunately, computational studies require
more comprehensive experimental datasets that can allow predictive modelling
of these factors.

• Lastly, predictive modelling of the overall effect of these drugs on health, health
span and lifespan can help prioritisation of the candidates. Today, it is not pos
sible to perform this task for humans as the human clinical trials for ageing in
terventions are just beginning. However, thanks to DrugAge database, which
records the drug, organism, and outcome of the lifespan assays, future studies
employing machine learning approaches can prioritise drugs that may have the
highest effect on lifespan.

5.2 Future directions in computational biology of age
ing

Our understanding of the biology of ageing is improving every day. Theoretical, ex
perimental, clinical, and applied research on ageing has provided significant insight
into the mechanisms and interventions to achieve better health in old age. However,
so far, these realms of research have been disconnected. The studies presented in
this thesis exemplify how computational biology could help to build bridges between
different disciplines. However, the potential of computational biology is not limited to
the examples I presented. In this section, I summarise the improvements in compu
tational research that can help us improve our understanding of the biology of ageing
and provide the toolset to tackle the challenges of agerelated decline in health.

5.2.1 Singlecell genomics of ageing

Ageing has been studied at the population, organismal, tissue, and celltype levels.
With the advancement of singlecell genomic technology, it is now possible to study
ageing even at a singlecell resolution. Studying the molecular changes in single cells
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within different environments and interactors will provide a more detailed understand
ing of the mechanisms. This advancement is especially important with regards to the
damagebased theories of ageing. Understanding the changes at a singlecell level
can suggest better ways of targeting agerelated deterioration and help us model age
related changes in specific pathways.

Our understanding of heterogeneity in ageing can also benefit from singlecell tech
nologies. At the moment, studies approach heterogeneity as a stochastic noise; how
ever, Chapter 2 demonstrates that there is some consistency in increased hetero
geneity across datasets. This suggests, there might be a mechanism contributing to
the agerelated increase in heterogeneity. Studying genetic and epigenetic mutations
at the singlecell level can help us understand the source of heterogeneity.

5.2.2 Integrative biology of ageing

All the studies I have presented in this thesis further emphasised the importance of
having data from multiple layers of information flow (e.g. genome, epigenome, tran
scriptome, proteome, metabolome). Ageing is a complex phenotype that is far from
being driven by just a limited number of genes. By understanding the regulatory
changes at multiple levels, we can approach a better intervention strategy. More
over, it is plausible to argue that the information flow is disrupted at multiple stages
during ageing. So far, studies showed an agerelated decline in epigenetic stabil
ity, which interrupts information flow at a very top level. There are multiple studies
focusing on restoring the youthful epigenetic state using drugs targeting epigenetic
machinery. However, at the moment we do not know whether the flow of information
is disrupted at multiple levels or not. By studying the interactions between different
layers of information, we can get a more detailed insight for the source of increased
entropy during ageing.

Integration of phenotype level information such as diseases, frailty, and agerelated
cognitive decline can further provide a better understanding of the effect of molecular
changes on the decline in functional integrity during ageing. Furthermore, combining
different types of data, even from different organisms, and cultivating the mechanis
tic insight provided by the model organisms, can help us approach a molecular and
cellular model of ageing.
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Appendix A

Supplementary figures

A.1 Agerelated changes in gene expression hetero
geneity in the human brain

Figure A.1 The distribution of ages for the samples used in the analysis. (a) Scatter plot
showing number of samples (xaxis) included in age intervals (yaxis). (b) Distribution of sam
ples in fourth root scale of ages. The horizontal dotted lines reflect the separation point of
development and ageing (age of 20). Data sources are indicated with different colours.
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Figure A.2 Demonstration of the method used to calculate agerelated changes in expression
level and heterogeneity of two genes during development (a) and ageing (b). Left panels:
Age related expression change is quantified by a linear model using scaled gene expression
values (yaxis) and the fourth root of ages (xaxis). Beta values and raw pvalues are indi
cated on the figure. The blue line is drawn based on the linear model, and the red dotted
lines represent residuals. Right panels: corresponding scatterplots for the absolute values of
residuals (yaxis) and fourth root of age (xaxis). Rho and raw pvalues are calculated based
on Spearman’s correlation test. The blue line is drawn based on a linear model between the
absolute value of residuals and the fourth root of age, only for demonstration purposes.
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Figure A.3 Different age scales yields consistent results. We performed downstream anal
yses using age in days, age in years, log2 of age in days, and fourth root of age in days.
(a) Distribution of correlation coefficients between agerelated heterogeneity changes across
development and ageing datasets (yaxis), using different age scales (xaxis). (b) The num
ber of genes showing consistent heterogeneity change across all 19 datasets (yaxis), using
different age scales. (c) Scatterplots of age related heterogeneity change values of 11,137
genes from one example dataset (Somel2011_PFC) calculated using the fourth root of age in
days (yaxis) and different scales including log2 of age in days, age in days and age in years
(xaxis) during development (upper panel) and ageing (lower panel).
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Figure A.4 Distribution of agerelated change in expression values (Beta values) for each
dataset (x axis) during development and ageing. Beta values (yaxis) were computed by
linear models using scaled expression values and the fourth root of age for each gene in each
dataset during development (orange) and ageing (blue) separately.
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Figure A.5 Results of the permutation tests for dataset correlations of expression and het
erogeneity change during development and ageing. We constructed the distributions by cal
culating median correlation between all possible three independent datasets from three data
sources for all permutations. Similarly, the observed values were calculated as a median
value for all three independent dataset combinations from three data sources (i.e. the median
value of: Median Correlation(Kang2011_A1C, Somel2011_PFC, Colantuoni2011_PFC), Me
dian Correlation(Kang2011_AMY , Somel2011_CBC, Colantuoni2011_PFC), ...). (a, b) Per
mutation test results for the significance of observed correlation in gene expression change
during development (a) and ageing (b). (c, d) Permutation test results for the significance of
observed correlation in heterogeneity change during development (c) and ageing (d).
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Figure A.6 (a, b) Results of the permutation tests for differences between dataset correlations
during development and ageing. Distributions were constructed using the median differences
between correlations among ageing datasets and development datasets for 1000 permuta
tions, i.e. negative values imply higher correlation among development datasets compared
to ageing datasets, while positive values indicate higher correlation during ageing. (a) Dis
tribution of median differences between correlations among agerelated expression changes
(β values) among ageing datasets and development datasets. (b) The same distribution for
heterogeneity changes (ρ values). (c, d) Permutation test results for the median difference in
the number of genes showing significant change between ageing and development datasets,
in terms of (c) expression change and (d) heterogeneity change. For each permutation, p
values were corrected for multiple testing using FDR method. (e) Permutation test result for
the median heterogeneity change differences between ageing and development datasets. As
sociated pvalues are from onetailed tests.
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Figure A.7 Hexagonal density maps for the changes in heterogeneity based on the residuals
from a linear model (xaxis) and loess regressions (yaxis). The colour intensity shows the
number of genes in that hexagonal bin, where darker colour shows more genes. The blue line
is drawn using linear regression, for demonstration purposes. The correlations between the
values are calculated using Spearman’s correlation test.
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Figure A.8 Overlaps between datasets for the genes showing a significant increase in hetero
geneity. pvalues are computed using Spearman correlation test between the absolute value
of residuals and fourth root of ages, followed by FDR correction. The colour intensity of cells
reflects an increased number of overlapping genes among two corresponding datasets, while
the numbers show the exact numbers.



A.1 Agerelated changes in gene expression heterogeneity in the human brain 153

Figure A.9 The proportion of different trends in agerelated heterogeneity change in each
dataset and among the genes showing a consistent increase across ageing datasets (n = 147).
No effect size or significance cutoff was used. Updown: increase in development & decrease
in ageing; downup: decrease in development & increase in ageing; monotonic increase:
increase in development and ageing; monotonic decrease: decrease in development and
ageing.
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Figure A.10 Random (expectation calculated with independent permutations), expected
(based on permutations taking dataset dependency into account) and observed consistency in
the heterogeneity change across datasets in development and ageing. Here we demonstrate
the expectation based on independent permutations (’Random’), and demonstrate that it is
less stringent than our permutation scheme.
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Figure A.11 Heterogeneity trajectories in development for the genes that were clustered ac
cording to their heterogeneities in ageing, using kmeans clustering method. The xaxis shows
the age and the yaxis shows scaled heterogeneity level (residuals from linear model). Spline
curves represent mean agerelated heterogeneity changes of genes in each cluster, from each
dataset and brain region. The colours and linetypes of curves specify different brain regions
and data sources, respectively. Different patterns observed between age of 5 to 8 could be
biologically relevant but it is important to note that the number of samples in this age range is
low. The age distribution of samples in development datasets is given as a bar plot in upper
right corner.
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Figure A.12 Gene expression trajectories of the genes that were clustered according to their
heterogeneities, using kmean clustering method. The xaxis shows the age on the fourth
root scale, and the yaxis shows scaled gene expression values. Spline curves represent
mean agerelated expression changes of genes in each cluster, from each dataset and brain
region. The colours and linetypes of curves specify different brain regions and data sources,
respectively.
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Figure A.13 Association between the Alzheimer’srelated genes and the genes that consis
tently become more heterogeneous in ageing (n = 147) and belong to different heterogeneity
trajectories. The xaxis shows overall score for the association with Alzheimer’s Disease,
while the yaxis shows different heterogeneity trajectory clusters. Numbers in the parenthesis
on the yaxis reflect the proportion of the genes in clusters found to be in association with AD
(40/147, overall).
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Figure A.14 Heatmap showing the association between different heterogeneity trajectories
and KEGG pathways that are significantly associated with a consistent change in heterogene
ity during ageing. Heterogeneity trajectories are based on the definitions in the main text and
i) gr1 includes clusters 3 and 7, ii) gr2 includes clusters 4, 5, and 8, and iii) gr3 includes clus
ters 1, 2, and 6. The colours represent the Odd’s ratio, where red shows enrichment and blue
shows depletion.
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Figure A.15 Association between GenAge human gene set (n = 214) and agerelated het
erogeneity. (a) Boxplots show agerelated heterogeneity changes (𝜌 values) (yaxis) of genes
from GenAge gene set (orange) and the remaining genes (purple) in different datasets (xaxis)
during ageing (lower panel) and development (upper panel). (b) Consistency in agerelated
heterogeneity increase in genes from GenAge gene set (orange) and the other genes (pur
ple) in ageing (lower panel) and development (upper panel). The xaxis shows the number of
datasets among which genes show consistent heterogeneity increase, while the yaxis shows
the proportions of the number of genes.
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Figure A.16 Correlation between the change in heterogeneity and number of transcriptional
regulators, i.e. miRNA and transcription factors. Each point represents a dataset, and the
colour shows the data source. pvalues are calculated using a permutation test. The dashed
line at y = 0 shows zero correlation. Genes were divided into four sets based on the change
in their expression level in development and ageing, e.g. “downdown” includes genes with
decreased expression in both development and ageing, whereas “downup” includes genes
with decreasing expression level in development and then increase in ageing.
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Figure A.17 Degree distributions in proteinprotein interaction database (STRING) for con
sistent genes (red) and all others (blue). The yaxis show degree (number of interactors) in
log scale. The xaxis shows different cutoffs for interaction confidence used to filter STRING
database. The colour represents two sets of genes; red: consistent genes that show consis
tent increase in heterogeneity across all ageing datasets, blue: all other genes. Interaction
degree is significantly higher in consistent genes across all cutoffs except for 0.99 (permuta
tion test). Details, including the number of genes, interactions and pvalues, are given as a
table.
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Figure A.18Celltype specificity analysis for genes that become heterogenouswith age across
all ageing datasets. Fisher’s exact test is used to calculate the association (Odds Ratio) and
pvalue. FDR corrected pvalue (FDR column) is also given. “Total Celltype” column is the
total number of celltypespecific genes, “Total Heterogeneous” is the total number of genes in
the 147 consistently heterogeneous genes and are celltype specific for at least one cell type,
“a” is the overlap between celltype specific genes and heterogeneous for a given celltype,
“b” is the celltype specific genes that are not among the 147 genes but in the dataset, “c” is
the number of heterogeneous genes that are specific for other celltypes, and “d” is the total
number of genes that are specific for at least one celltype and measured in the ageseries
datasets.
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Figure A.19 The relationship between the agerelated changes in gene expression (b values)
and changes in heterogeneity (r values). The yaxis shows the Spearman’s correlation coef
ficients, while different periods are in the xaxis. Facets show different trends in expression
changes: updown: up regulation in development and downregulation in aging; downup:
downregulation in development and upregulation in aging; upup: upregulation in devel
opment and upregulation in aging; downdown: downregulation in development and down
regulation in aging.
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Figure A.20 Analysis of the consistency in ageingrelated heterogeneity of the postmortem
interval (PMI)associated genes. The xaxis shows the number of datasets in which genes
were showing a consistent increase in agerelated heterogeneity during ageing, while yaxis
reflects the number of genes. There were 105 previously identified PMI associated genes in
the human cerebral cortex (see main text), 75 of which were included in our analyses. We
asked if these PMI associated genes show more increase in heterogeneity, and found that
only 2 of 147 consistent genes (i.e. genes showing an increase in heterogeneity in 19 out of
19 ageing datasets) were associated with PMI.
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Figure A.21 Heatmaps for 38 datasets showing the heterogeneity levels (residuals) for each
individual (columns) in 147 genes that show consistent increase across all ageing datasets
(rows). The colour shows the rank of individuals with respect to their heterogeneity for that
particular gene. Darker colours show individuals with the highest heterogeneity for that partic
ular gene. Genes are clustered using the heterogeneity trajectories in Figure 4 and individuals
are ordered by age (darker green in column annotation showing older ages).
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Figure A.22 The proportions of sexes of samples used in the analysis. The x and yaxes
show age intervals and number of samples, respectively. The colours specify the proportion
of male (purple) and female (green) samples.
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Figure A.23 Genes showing significant difference (FDR corrected p < 0.05) in expression
trajectories between males and females. Two sample Wilcoxon test was performed using
residual values to determine if the distribution of residuals differs between different sexes. (a)
Number of genes showing significant difference in each dataset. (b) Number of datasets in
which the genes show significant difference. In total, 15/147 genes show significant change
in at least one dataset.
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Figure A.24 Age distribution of the individuals used in GTEx RNASeq datasets.
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Figure A.25Distribution of agerelated changes in heterogeneity (𝜌 values) (xaxis) in different
GTEx datasets, corresponding to different brain regions in (yaxis). The red dotted vertical line
(at x = 0) reflects no change in heterogeneity.
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Figure A.26 The relationship between expression and heterogeneity changes in GTEx
datasets. The yaxis shows Spearmen correlation coefficients calculated between agerelated
expression changes (𝛽 values) and heterogeneity changes (𝜌 values) separately for each
dataset. Different colours indicate the direction of expression change. Genes with the beta
values within the range of 0.1 and 0.1 were assumed to be no change. The overall includes
all the genes irrespective of the direction of their expression change.
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Figure A.27 Distribution of a) median Chi Square values and b) median log10 p values for
each gene obtained from BreuschPagan heteroskedasticity test, stratified for the changes in
development and ageing. The 147 genes that become heterogeneous with age consistently
in ageing datasets shown separately to compare with other genes.

Figure A.28 a) The change in celltype proportions with age in different datasets (beta values
from a linear model between celltype proportions and age in fourth root scale), b) The change
in celltype proportions based on the 147 genes that become more heterogeneous with age
during ageing, c) The change in celltype heterogeneity with age (correlation between the
absolute value of residuals from the linear model and age), d) The change in celltype hetero
geneity with age, calculated only using the 147 genes.
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A.2 The link between ageing and agerelated diseases

Figure A.29 The distribution of a) Overall health rating, b) Health satisfaction, c) Smoking sta
tus, d) Alcohol drinker status, e) Facial ageing, f) Nonaccidental death in close genetic family
fields in the UKBB. xaxes show the number of participants, while yaxes are the answers
given by the participants.
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Figure A.30Distributions of a) parents’ age at death, b) age when periods started (menarche),
and c) Age at menopause (last menstrual period).

Figure A.31 Selfreported health data. a) The number of selfreported medications and op
erations (xaxes) for the participants in the UK Biobank. The yaxis shows the number of
participants in log10 scale. b) The number of selfreported cancers (xaxis). Yaxis shows the
number of participants.
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Figure A.32 Ageofonset distributions for the cardiovascular diseases. The yaxis shows how
many people in 10,000 are diagnosed with that disease at a certain age (xaxis). The plots are
also normalized by the number of people that are older than that age so that it is unaffected
by the distribution of ages in the UKBB. We run permutations to define confidence intervals
for the disease onset rates. We thus randomly select 50,000 participants who passed that
particular age for 100 times and calculate the median (points, coloured by the ageofonset
clusters) and 95% range of the all points (grey error lines) A bestfit curve (calculated using
loess regression between the medians and ageofonset) is also displayed.
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Figure A.33 Same as the previous figure, but for endocrine / diabetes diseases

Figure A.34 Same as the previous figure, but for haematology / dermatology diseases.
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Figure A.35 Same as the previous figure, but for gastrointestinal / abdominal diseases.
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Figure A.36 Same as the previous figure, but for immunological / systemic disorders.

Figure A.37 Same as the previous figure, but for infections.
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Figure A.38 Same as the previous figure, but for musculoskeletal / trauma diseases.
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Figure A.39 Same as the previous figure, but for neurology / eye / psychiatry diseases.
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Figure A.40 Same as the previous figure, but for renal / urology diseases.
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Figure A.41 Same as the previous figure, but for respiratory / ENT diseases.
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Figure A.42 Distributions of the number of significant associations (yaxis) according to the
number of diseases associated with a given SNP and the number of ageofonset clusters (x
axis). For example, the upper left plot indicates that 50,019 polymorphisms are significantly
associated with one disease in one ageofonset cluster, while the lower right plot shows that
there are 15, 1, and 3 significant SNPs associated with 9 diseases in one, two, or three age
ofonset clusters, respectively.
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Figure A.43 a) The difference between genetic similarity within and across ageofonset clus
ters. Yaxis shows the genetic similarity on log2 scale (see Supplementary Methods). b) The
same as a) but the yaxis is corrected for disease category and cooccurrence using a linear
model.
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Figure A.44 Genetic similarities between cluster 1 (a, b), 2 (c, d), 3 (e, f) and other ageof
onset clusters. The yaxis shows the genetic similarity on a log2 scale as the raw values (a,
c, e) or as values corrected for disease category and cooccurrence using a linear model (b,
d, f).
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Figure A.45 Significant genetic similarities (p≤0.01) calculated using independent LD blocks.
Diseases (n=50) with at least one significant genetic similarity are displayed. The colour shows
the genetic similarity score, darker red means a higher score. Annotation columns show the
ageofonset clusters and disease categories. The diseases are clustered by the hierarchical
clustering of genetic similarity scores.
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Figure A.46 The distribution of Median Risk Allele Frequencies (RAF, yaxis) for 100 randomly
sampled LD blocks, for 1,000 times, using variants a) associated with one disease, b) asso
ciated with one cluster, c) with antagonistic association between cluster 1 and cluster 2. ns:
p>0.05, *:p≤0.05, **: p≤0.01, ***: p≤0.001, ****: p≤0.00001

Figure A.47 a) Risk allele frequency distributions (yaxis) of different ageofonset clusters
(xaxis) in UK Biobank for SNPs associated with one disease. b) The same as panel a but
for different 1000 Genomes superpopulations (ALL: complete 1000 Genomes cohort, AFR:
African, AMR: Ad Mixed American, EAS: East Asian, EUR: European, SAS: South Asian). ns:
p>0.05, *:p≤0.05, **: p≤0.01, ***: p≤0.001, ****: p≤0.00001
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Figure A.48 a) Risk allele frequency distributions (yaxis) of different ageofonset clusters (x
axis) in UK Biobank for SNPs associated with one cluster, excluding antagonistic associations.
b) The same as a but for different 1000 Genomes superpopulations (ALL: complete 1000
Genomes cohort, AFR: African, AMR: Ad Mixed American, EAS: East Asian, EUR: European,
SAS: South Asian). ns: p>0.05, *:p≤0.05, **: p≤0.01, ***: p≤0.001, ****: p≤0.00001
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Figure A.49 Risk allele frequencies in UK Biobank for the loci showing antagonistic associa
tions between cluster 1 and cluster 2 filtered by different effect size cutoffs. The title of each
plot shows the cutoff, where e.g. >=95 % BETA means only the SNPs with a BETA (effect
size) value higher than 95% of all other antagonistic SNPs are used. >=0 % BETA means no
filtering.



A.2 The link between ageing and agerelated diseases 189

Figure A.50 Cancer  disease cooccurrence matrix summarizing relative risk scores and cor
relations. Each row shows a cancer type and column shows a disease. The colour is defined
by relative risk scores while the size is determined by 𝜙 value (the scale is the same as the one
used for main figure depicting disease associations between the studied diseases for a better
comparison), indicating the robustness. Associations for the 114 diseases and 62 cancers that
have at least one relative risk ratio higher than four or lower than minus four (|𝑙𝑜𝑔2𝑅𝑅| ≤ 2)
are plotted.
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Figure A.51 Scatter plot between logit(missingness) and PCA corrected heterozygosity mea
sures. Each panel shows a selfdeclared ethnic background. Vertical red lines show the miss
ing rate of 0.05, and horizontal grey lines show the average heterozygosity in UK Biobank.
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Figure A.52 A heatmap showing the overlap between exclusions based on different criteria.
Values show the percent of the column in the row, e.g. 19.4% of ’Rec. Exclusions’ are in
’Hetero / missing outliers’ i) ’Hetero / missing outliers’: ’220270.0’ (Outliers for heterozygosity
or missing rate), ii) ’Rec. Exclusions’: field ’220100.0’ (Recommended genomic analysis
exclusions), iii) ’High hetero / missing’: ’220180.0’, High heterozygosity rate (after correcting
for ancestry) or high missing rate, iv) ’Mixed Ancestry’: ’220180.0’, Participant selfdeclared
as having a mixed ancestral background, and v) ’Discordant Sex’: as described in the sample
QC methods.
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Figure A.53 (a) Density plots showing the number of SNPs per gene, based on eQTL data
(blue) and proximity (brown). (b) Scatter plot between the number of SNPs per gene mapped
using genomic proximity (xaxis) or eQTL data (yaxis). Each dot represents a gene and the
blue line shows the linear model. Dashed red line shows onetoone relationship. The rug
plots on the axes show the marginal distribution of genes.
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A.3 Drug repurposing for ageing

Figure A.54 a) Age distribution of the subdatasets. b) PCA plots for the subdatasets (after
outlier removal).
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Figure A.55 The number of significant changes and the distributions of Spearman’s correlation
coefficient between gene expression and age for each dataset.
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Figure A.56 Scaled gene expression profile for the downregulated genes in the microarray
ageing profile. Each line shows one dataset, and the colours represent different data sources.
The lines are generated using geom_smooth function with method = loess argument in the R
ggplot2 package.
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Figure A.57 Scaled gene expression profile for the upregulated genes in the microarray age
ing profile. Each line shows one dataset, and the colours represent different data sources.
The lines are generated using geom_smooth function with method = loess argument in the R
ggplot2 package.
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Figure A.58 Distribution of the number of shared expression changes across datasets in 1000
permutations. a) Shared downregulation across microarray datasets (expected number=0),
b) shared upregulation across microarray datasets (expected number=0), c) shared down
regulation across GTEx datasets (expected number=127), and d) shared upregulation across
GTEx datasets (expected number=131.5).
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Figure A.59 Pairwise Spearman’s rank correlation coefficients across all datasets, including
GTEx. The intensity of the colours on the heatmap shows the magnitude of the correlation
coefficient
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Figure A.60 Scatter plot for the GO BP category log2 odds ratios calculated for the microarray
and GTEx ageing signature, using Fisher’s test implemented in the topGO package.
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Figure A.61 Scatter plot of the drug similarity scores for a) all drugs and b) only significant
drugs. xaxes show the similarity score based on the microarray ageing signature, whereas
yaxes show similarity score calculated using the GTEx ageing signature. The size of the
data points represents the statistical significance whereas the colour shows whether a drug is
previously tested on model organisms for lifespan extension (based on DrugAge database).

Figure A.62Heatmap showing the percent similarity of each drug to the compiled prolongevity
drug profile. The numbers 17 show the cluster number based on the hierarchical clustering
of the drugs based on the similarities. The annotation rows show the sign of similarity score
based on the CMap analysis. The column labels written in bold indicates the drugs in the
DrugAge database. Annotation columns show the up or downregulation of each category
in ageing and prolongevity drug profile. The small table shows the number of probesets in
each category we defined to reflect prolongevity drug profile.
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Figure A.63 Scatter plot of the drug similarity scores based on the overlap of the signatures
(50 up and 48 down regulated genes) and a) microarray signature and b) GTEx signature.
The size of the data points represents the statistical significance whereas the colour shows
whether the drug is significant based on the overlap of the signatures. The shape represents
whether the drug is one of the 24 hits reported in the main text.

Figure A.64 ab) Correlation matrices showing drugdrug similarities calculated using pair
wise Spearman’s correlation coefficients between normalized enrichment scores for a) KEGG
pathways and b) GO Biological Process categories. Drugs are clustered using hierarchical
clustering. The rectangles are drawn by cutting the hierarchical tree (the number of clusters is
decided based on the visual inspection of the heatmap). Labels written in green are the known
prolongevity drugs based on the DrugAge database, in blue are the drugs in the same cluster
with at least one prolongevity drug, in black are the ones which did not cluster with anything
and in orange are the ones that did not cluster any prolongevity drug but are similar to each
other. c) Summary matrix showing the outcome of each approach used, KEGG and GOGSEA
results from panel (a) and (b) and literature search given at the beginning of this section. The
colour code is the same as panel (a) and (b), and dark orange shows likely negative effects,
thus proageing drugs.
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Figure A.65 a) Heatmap showing the pairwise correlation coefficients among GTEx datasets,
corresponding 17major and 35minor tissue types. The intensity of the colours on the heatmap
shows the magnitude of the correlation coefficient. b and d) The same as (a) but using only
the genes in brain ageing signature compiled using microarray (a) and GTEx brain dataset (b).
c)Heatmap showing the proportion of the changes in the same direction with ageing signature
compiled using microarray signature. The colour shows the similarity (red), and dissimilarity
(blue) based on the majority of change. The labels show the proportion of the similar type of
change, where the size of the labels shows the statistical significance. e) The same as (c) but
for GTEx ageing signature compiled using only the brain data.
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Freije, J. M. P., & LópezOtıń, C. (2012). Reprogramming aging and progeria. Curr.
Opin. Cell Biol., 24(6), 757–764. http://doi.org/10.1016/j.ceb.2012.08.009

http://doi.org/10.1093/hmg/ddw307
http://doi.org/10.1038/nature05985
http://doi.org/10.1186/s12915-018-0562-z
http://doi.org/10.1016/j.cell.2015.02.020
http://doi.org/10.1016/j.cell.2015.02.020
http://doi.org/10.1126/science.1172539
http://doi.org/10.1126/science.1172539
http://doi.org/10.1016/j.cmet.2014.09.018
http://doi.org/10.1016/j.cmet.2014.09.018
http://doi.org/10.1016/j.ajhg.2011.12.009
http://doi.org/10.1073/pnas.0500398102
http://doi.org/10.1038/s41574-018-0059-4
http://doi.org/10.1016/j.ceb.2012.08.009


References 215

Friedman, D. B., & Johnson, T. E. (1988). Amutation in the age1 gene in caenorhab
ditis elegans lengthens life and reduces hermaphrodite fertility. Genetics, 118(1),
75–86.

Fuentealba, M., Dönertaş, H. M., Williams, R., Labbadia, J., Thornton, J. M., &
Partridge, L. (2019). Using the drugprotein interactome to identify antiageing
compounds for humans. PLoS Computational Biology, 15(1), e1006639. http:
//doi.org/10.1371/journal.pcbi.1006639

FuhrmannStroissnigg, H., Ling, Y. Y., Zhao, J., McGowan, S. J., Zhu, Y., Brooks,
R. W., … Robbins, P. D. (2017). Identification of HSP90 inhibitors as a novel
class of senolytics. Nat. Commun., 8(1), 422. http://doi.org/10.1038/s4146701700314z

Fushan, A. A., Turanov, A. A., Lee, S.G., Kim, E. B., Lobanov, A. V., Yim, S.
H., … Gladyshev, V. N. (2015). Gene expression defines natural changes in
mammalian lifespan. Aging Cell, 14(3), 352–365. http://doi.org/10.1111/acel.
12283

Gamazon, E. R., Segrè, A. V., Bunt, M. van de, Wen, X., Xi, H. S., Hormozdiari,
F., … Ardlie, K. G. (2018). Using an atlas of gene regulation across 44 human
tissues to inform complex disease and traitassociated variation. Nat. Genet.,
50(7), 956–967. http://doi.org/10.1038/s4158801801544
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