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Abstract

One  of  the  biggest  modern  challenges  lies  in  keeping  an  increasingly  aged  population

healthy.  Alternative  splicing  (AS),  a  tightly  regulated  process  by  which  one  gene  can  originate

multiple proteins, has recently been implicated in aging of humans and mice. Age-related changes in

expression  of  genes  involved  in  mRNA  processing,  as  well  as  an  increase  in  the  number  of

alternatively spliced genes in tissues of aged mice, affecting RNA processing pathways, have been

described, pointing to an important role of AS in the aging process.

In this work, RNA-sequencing data collected by the Genotype-Tissue Expression project from

over five hundred donors were analyzed and AS signatures of aging were derived for human healthy

tissues.  Those signatures point  to  aberrant  splicing of  spliceosome components  in  most tissues,

except for brain, where neuronal functions are affected. Tissue-specific linear models based on the

AS signatures were used to estimate tissue biological age and compare aging trends between tissues,

grouping  brain  regions  and  circulatory  and  respiratory  systems.  Further  analyses  also  suggest

increased variability in alternative exon usage with age in most tissues, except for colon, kidney and

salivary gland, where AS gives place to constitutive splicing.

Furthermore, samples from cells progressing into replicative senescence were analyzed to

obtain an AS signature of cellular senescence which was used to quantify contribution of this process

to human aging.

These results highlight the importance of AS in the aging process across tissues and provide

novel insights into aging mechanisms.

This  work  has  been  presented  as  a  poster  at  the  1st Symposium  on  Aging  Research

(University of Coimbra, 2016).

Keywords
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Resumo

Um dos maiores desafios actuais é manter saudável uma população cada vez mais idosa. O

splicing alternativo (SA) – processo fortemente regulado, a partir do qual um gene origina várias

proteínas  –  foi  relacionado com o  envelhecimento  de humanos  e  ratinhos.  Além de  um maior

número de genes sofrer SA com a idade,  genes envolvidos em processamento de mRNA foram

descritos como sofrendo alterações de expressão e de splicing com a idade, o que aponta para um

papel importante do SA no envelhecimento.

Neste trabalho foram analisados dados de sequenciação de RNA de tecidos de mais de 500

dadores saudáveis, obtidos pelo projecto  Genotype-Tissue Expression, para recolha de assinaturas

de SA.  Estas  apontam para  alterações  no  SA  de componentes  do spliceosoma com a  idade  na

maioria dos tecidos, excepto cérebro, onde são afectadas funções neurais. Usando modelos lineares

baseados nas assinaturas de SA, a idade de biológica de cada tecido foi estimada e estes agrupados

segundo tendências de envelhecimento. Tecidos de regiões do cérebro agruparam juntos, bem como

os sistemas circulatório e respiratório. Outras análises sugeriram um aumento na heterogeneidade

do SA na maioria dos tecidos, excepto colon, rim e glândula salivar, onde o SA diminui e dá lugar ao

splicing constitutivo.

Usando  amostras  de  células  progredindo  para  senescência  replicativa,  obteve-se  uma

assinatura  de  SA  de  senescência  celular  que  foi  utilizada  para  quantificar  a  contribuição  deste

processo para o envelhecimento.

Estes resultados evidenciam a importância do SA no envelhecimento dos tecidos e ajudam a

esclarecer os mecanismos de envelhecimento.

Este trabalho foi apresentado em formato de poster no 1st Symposium on Aging Research

(Universidade de Coimbra, 2016).

Palavras-chave

Envelhecimento; Senescência Celular; Splicing Alternativo; Transcriptómica; Biologia Computacional
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1. Introduction

1.1. Aging

The average human lifespan has markedly increased in the past decades, having more than

doubled since 1900, and is expected to continue to do so (Figure 1 a.). This great achievement now

poses a new issue: with falling birthrates in developed countries, the population will become more

aged and fragile (Figure 1 b.). By 2050, there will be as many people aged 60 or over as under 15 in

the world. The situation is particularly serious in Europe, where this equality was already achieved

before the turn of the millennium 1,2.

Aging  is  the  primary  risk  factor  for  a  number  of  diseases  such  as  cancer,  diabetes,

cardiovascular and neurodegenerative disorders. Hence, the increasing elderly population will have a

greater incidence of such diseases, which is expected to raise a number of issues regarding health

and social care costs, labor and family structure in future societies 1.

Therefore,  it  is  imperative  to  focus  on  the  extension  of  the  health-span,  the  period  of

disease-free physiological health, in order to improve the quality of life of the elderly and delay the

functional impairment and frailty associated to aging. In order to do so, it is necessary to have a clear

knowledge of the process of aging and how it affects age-related disorders 3.

1.1.1. Overview of aging

Aging has many definitions but it is generally regarded as a progressive functional decline,

that begins when individuals achieve reproductive maturity and leads to an increased vulnerability to

death over time 3,4.

Although  the  causes  for  this  decline  have  been  the  topic  of  extensive  research,  the

understanding of the mechanisms of aging is still fragmented. In the past, the scientific community

searched for a single gene or pathway responsible for the whole process of aging and elaborated

hundreds of theories that partially explain the aging phenotype 5. For instance, the most popular of

1

Figure 1: a.  Evolution of life expectancy at birth around the world, from 1770 to 2012: global and regional averages. Sources:
114 and WHO, for 2012. Image adapted from 112; b. Population pyramids in the EU-28, for 2014 (bordered) and 2080 (full) - % of
the total population 2. Source: Eurostat.



these theories argues that the accumulation of reactive oxygen species, which are generated during

cellular  respiration  and  are  chemically  reactive,  causes  progressive  damage  throughout  life  to

cellular  constituents  such  as  deoxyribonucleic  acid  (DNA),  proteins  and  lipids  6.  Other  theories

explain aging in the light of natural selection and DNA damage accumulation, among many others.

While most of these theories are based on mechanisms that are known to be linked to age, they fail

to integrate these mechanisms into a unifying theory 5,7.

This unifying theory of aging still does not exist, but current views are more comprehensive

and regard aging as a highly complex and multifactorial process. The aging of an organism is now

understood as the aging of its biomolecules, cells and tissues, due to several different mechanisms

that  are  interconnected and  often  aggravate  or  accelerate  each other 7.  The  current  knowledge

regarding these mechanisms is summarized in nine hallmarks of aging, established by López-Otin et

al. 4.

Figure 2: The nine hallmarks of aging 4.

The  established  hallmarks  range  from  the  systemic  to  the  molecular.  While  the  most

systemic are the ones directly responsible for the aging phenotype the reader is familiar with, they

are only the integrative consequences of aging at the molecular level and the turn of protective

mechanisms of the cell into deleterious ones. In the following sections, the reader will be guided

through the nine hallmarks of aging. Systemic age-related alterations are detailed in section  1.1.2,

2



cellular changes, with a particular emphasis in cellular senescence, in section 1.1.3 and the known

underlying molecular causes of aging are discussed in section 1.1.4.

1.1.2.  Systemic mechanisms of aging

With age, the skin and lungs lose their elasticity, neuronal function decreases, the immune

system becomes less efficient, liver and kidneys start to fail, body fat increases, among other familiar

alterations.  All  these can be summarized as disturbance of internal regulation and loss of tissue

function, which are linked to two hallmarks of aging: altered intercellular communication and stem

cell exhaustion, respectively 5.

1.1.2.1. Altered intercellular communication

The immune, neural and endocrine systems form a communication network responsible for

maintaining internal homeostasis, that is, a stable internal environment despite external changes.

The immune system protects the organism from pathogens or possibly harmful molecules

and is known to be affected with age. It becomes permanently activated, causing a state of low-

grade, chronic inflammation that has been termed  inflammaging. This up-regulated inflammatory

response  plays  a  role  in  the  initiation  and  progression  of  several  age-related  diseases, such  as

Alzheimer’s disease, diabetes or atherosclerosis, and affects the neuroendocrine system, since there

is an extensive cross-talk between these regulatory systems 4,8.

The  neuroendocrine  system  is  regulated  by  the  hypothalamus  and  is  responsible  for

regulating reproduction, metabolism and other behaviors. The hypothalamus is capable of sensing

the inflammatory state in the organism and produce its own inflammatory molecules, triggering a

signaling pathway that results in decreased production of a sex hormone, gonadotropin-releasing

hormone. This decrease, while  leading to the end of the reproductive period, is  also thought to

induce age-related changes such as reduced neurogenesis, bone frailty or skin atrophy 7,9,10.

1.1.2.2. Stem cell exhaustion

Stem  cells  are  capable  of  differentiating  and  self-renewing,  being  essential  for  tissue

regeneration. They balance a quiescent state, that is,  a reversible arrest of  the cell  cycle,  with a

proliferative state: while the former assures the long term functionality of the cells by avoiding their

exhaustion, the latter is responsible for the renewal of the terminally differentiated cells present in

the different tissues. Stem cells are therefore fundamental to assure the integrity and functionality of

tissues.

However, since these cells remain in the tissues throughout life, they are particularly affected

by the accumulation of damage with age that will be described further into this section. This damage

leads to a loss of function or to the removal of these cells from the tissue, compromising its function

and integrity 4,7,11.

The consequences of stem cell exhaustion can be illustrated by taking hematopoietic stem

cells as an example. These cells are present in the bone marrow and are responsible for producing

3



blood cells. Hematopoietic stem cells are known to suffer a decrease in proliferative activity with age
12, which is reflected on the production of cells, including those involved in the adaptive immune

response.  This  causes  a  decrease  in  the  efficiency  of  the  immune  system,  termed

immunosenescence.  Similar  processes  occur  with  practically  all  stem cells,  resulting  in  systemic

failures of tissue function 4.

It is clear from this section that, with age, the communication network of the body becomes

deregulated, leading both to hormonal disturbance and exacerbated inflammation in a systemic way.

On the other hand, tissue regeneration is compromised due to exhaustion of stem cells, leading to a

loss  of  tissue  function  throughout  the  body.  The  causes  of  both  systemic  inflammation  and

exhaustion of stem cells can be found zooming in to the cellular and molecular mechanisms of aging,

which are described in the next sections.

1.1.3. Cellular mechanisms of aging

The  aged  cell  is  characterized  by  a  decrease  in  energy  production,  accumulation  of

macromolecular aggregates and deregulation of several important pathways. Cell function is often

compromised due to accumulation of damage with age and the process of cellular senescence can

be triggered. If removal of these damaged cells occurs easily in young organisms, with the help of

the immune system for instance, cell removal mechanisms become impaired with age and damaged

cells  accumulate  in  the  tissues,  leading  to  and  aggravating  the  systemic  hallmarks  previously

discussed 4.

1.1.3.1. Cellular senescence

Cellular senescence consists of an irreversible arrest of the cell cycle accompanied by the

expression of several markers and morphological changes 13.

Briefly,  the  cell  cycle  is  a  succession  of  events  (phases  of  the  cell  cycle)  leading  to  cell

doubling to replace damaged cells, for instance. The succession of the several phases of the cell cycle

is  assured  by  two  groups  of  proteins:  cyclins  and  cyclin-dependent  kinases  (CDKs).  CDKs  are

responsible for phosphorylating specific cyclins (that is, transferring a phosphate group to amino

acids of these proteins) at specific cell cycle phases, which in turn promotes the different events that

must happen at each phase. The activity of CDKs can be switched off by CDK inhibitor proteins, which

include p16, also known as INK4A, p15/INK4B, p21 and p27, encoded by genes  CDKN2A,  CDKN2B,

CDKN1A and CDKN1B, respectively 5,13.

It is fundamental that cell division does not take place under damaging conditions, namely

DNA damage and expression of oncogenes (genes with potential to cause cancer), among others 13.

Cell division in such cases may give rise to damaged daughter cells that compromise tissue function

and homeostasis and may lead to tumor formation. In order to avoid this, surveillance mechanisms

during  cell  division  may  activate  the  repair  machinery  or  force  cell  death  if  the  repair  is  not

successful. Such surveillance mechanisms are protagonized by protein 53 (p53) and retinoblastoma

protein  (RB).  p53  is  involved  in  several  signaling  pathways  and  acts  as  a  transcription  factor,
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promoting  the  expression  of  genes  responsible  for  growth  arrest  (including  the  previously

mentioned CDK inhibitor proteins), DNA repair and apoptosis. On the other hand, RB binds to the

transcription factor E2F, inhibiting the transcription of the genes that would assure the progression

of the cell cycle to the next phase 5,13.

Many stimuli can lead to cellular senescence, as seen in Figure 3, but they all culminate in

the activation of previously mentioned p53, which promotes the transcription of cell cycle inhibitors,

and RB, which inhibits the transcription of cell cycle progression genes.

DNA  damage  (mutations  or  telomere  shortening)  triggers  DNA-damage  response  (DDR),

which activates p53. Derepression of the CDKN2A locus, encoding for p16 and ARF, due to epigenetic

changes that disturb the silencing state of chromatin, leads to an increased expression of p16 and

ARF, increasing p53 levels and arresting cell cycle. ROS accumulation and oncogenic changes also

lead to the activation of p16 and p53. Finally, the senescence-associated secretory phenotype (SASP)

released by neighbor senescent cells is also capable of inducing senescence, as will be discussed

below 13.

Figure 3: Senescence induction by different kinds of damaging agents, signaled by different pathways and
converging on activation of common cell cycle inhibitors and tumor suppressor RB. Adapted from Muñoz-
Espín et al. 13.

As mentioned in the beginning of this section, cellular senescence is characterized not only

by the arrest of the cell cycle, as other types of cells (such as fully differentiated cells like nerve cells)

also do not divide 5. In fact, there is a wide range of markers that can be used to identify senescent

cells, from the in vitro morphology (flat, large, vacuolized cells) to the histochemical detection of β-

galactosidase activity at pH 6.0 (senescence-associated β-galactosidase). Within these markers, the

secretion of a number of extracellular factors is particularly relevant, comprising what is called the
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senescence-associated  secretory  phenotype  (SASP).  Among the  extracellular  factors  released  are

transforming  growth  factor-β  (TGFβ),  proteases,  pro-inflammatory  cytokines,  chemokines,

macrophage inflammatory proteins and granulocyte-macrophage colony-stimulating factor, which all

together propagate senescence to neighboring cells and initiate an inflammatory response aiming to

trigger clearance of senescent cells 13.

The ultimate goal of senescence is, therefore, to initiate a process of tissue remodeling, by

arresting  proliferation  of  damaged  cells,  recruiting  immune  cells  to  clear  them  and  mobilizing

progenitor cells to repopulate the tissue. This sequence of senescence-clearance-regeneration leads

to tissue remodeling in response to damage. However, in cases of prolonged damage, in pathological

contexts or in aged tissues, the clearing and regenerating steps of this process become less effective.

During aging in particular, the number of exhausted stem cells in the tissue increases, as seen in the

previous section, which compromises regeneration. Inflammatory responses are also weakened due

to  immunosenescence,  impairing  clearance  of  senescent  cells.  Therefore,  senescent  cells

accumulate,  leading  to  a  chronic  inflammation  and  lesion  in  the  tissue,  which  aggravates  the

pathology 4,13.

1.1.3.2. Mitochondrial dysfunction

Mitochondria,  the  organelles  responsible  for  production of  energy  in  the  cell,  lose  their

function with age 4. This leads to a decreased production of energy for the cell, increased production

of reactive oxygen species (ROS) and impairment of cellular processes in which mitochondria play a

role 14.

ROS are generated during cellular respiration, the process by which nutrients  are oxidized to

carbon dioxide and water, with production of energy. While low levels of ROS are beneficial for the

cell, since they activate mechanisms to assure homeostasis 15, above a certain threshold they become

deleterious and cause damage to cellular constituents, mitochondria included, aggravating the aging

process.  This  observation  is  the  basis  of  the  mitochondrial  free  radical  theory  of  aging,  which

proposes ROS as the source of damage in cells and the cause of aging 6.

Beyond  ROS  increase,  mitochondrial  dysfunction  also  affects  cellular  processes  such

apoptosis. This is a process of programmed cell death, by which cells that are no longer needed or

pose a threat to the organism are eliminated. Mitochondria play a role in the intracellular cascade of

events that culminate in apoptosis and their dysfunction impairs this process, compromising the

clearance of damaged cells and contributing for the deterioration of tissue function 3,5. Inflammatory

pathways are also triggered by this process, aggravating the pro-inflammatory phenotype associated

to aging 16.

1.1.3.3. Deregulated nutrient sensing

Nutrient sensing is assured by different and interconnected pathways. Some signal nutrient

abundance and trigger anabolic responses,  that is,  the building up of macromolecules from the

available  building  blocks,  while  others  signal  nutrient  scarcity  and  trigger  a  catabolic  response,
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degrading  macromolecules  for  obtaining  energy  or  for  redirecting  the  building  blocks  to  other

anabolic processes. The activity of nutrient scarcity signaling (catabolic) pathways is protective to the

cell  and  increases the  lifespan,  as  shown by caloric  restriction studies,  since  the metabolism is

slowed down,  leading  to  lower  rates  of  cellular  damage  17.  However,  these  protective  catabolic

pathways also show decreased activity with age 18, which may seem contradictory. This is thought to

be a response of the cell to aging, trying to protect itself by decreasing anabolic activity below safe

levels and ending up aggravating the aging phenotype 4.

1.1.4. Molecular mechanisms of aging

The systemic and cellular hallmarks of aging are triggered as a response to cellular damage,

that is, damage exerted on the essential macromolecules of the cells: deoxyribonucleic acid, or DNA,

which stores genomic information, proteins, which play structural, functional and regulatory roles,

and lipids,  which compose the cell  membranes and serve  as  energy storage.  Although the next

sections only cover damage inflicted on DNA and proteins, lipid damage (for instance, oxidation by

ROS) has severe consequences for the cell such as hardening of membranes, which can compromise

cellular function 5.

1.1.4.1. Loss of protein homeostasis

The  functionality  and  stability  of  proteins  is  assured  by  their  tridimensional  structure.

Incorrectly folded proteins become inactive and may form aggregates that are toxic to the cell. In

order  to  avoid  this,  the  cell  possesses  several  mechanisms  of  stabilization  of  correctly  folded

proteins and degradation of incorrectly folded ones, such as the autophagy-lysosomal system and

the  ubiquitin-proteasome system.  With  age,  the  amount  of  misfolded  or  aggregated  proteins  is

increased,  presumably  due  to  damage  exerted  by  ROS,  while  the  efficacy  of  the  surveillance

mechanisms responsible for their degradation decreases, leading to the intracellular accumulation of

these damaged protein products 4,19. The presence of incorrectly folded or aggregated proteins in the

cell also contributes to age-related diseases such as Alzheimer’s or Parkinson’s disease 4,20.

1.1.4.2. Genomic instability

The integrity and stability of DNA are essential to assure expression of genes and pathways

responsible for proper cell function. However, the genome suffers continuous threats throughout

life,  both  exogenous and endogenous,  such as  errors  in  DNA replication  or  damage by ROS  21.

Despite the existence of multiple DNA repair mechanisms in the cell, capable of fixing most of the

inflicted damage, it accumulates throughout life and contributes to aging 4.

The  nuclear  lamina,  the  network  of  proteins  that surrounds the  inside  of  the  nuclear

envelope, also plays a role in genomic stability and other nuclear activities such as DNA replication,

RNA transcription, cell  cycle regulation or apoptosis.  The nuclear lamina is altered with age and

perturbations of its major components, the nuclear lamins, cause accelerated aging syndromes such

as the Hutchinson-Gilford progeria syndrome 22.
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Besides nuclear DNA, also mitochondrial DNA is affected by mutations and deletions with

age. The mitochondrial DNA encodes proteins which assure the efficiency of the energy-generating

process of oxidative phosphorylation and lacks some of the protective mechanisms that surround

nuclear DNA, making it more sensitive to accumulation of damage, particularly replication errors.

The accumulation of this damage with age causes a decrease in mitochondrial energy production

and is related to a set of age-related diseases, such as vascular dysfunction 4,23,24.

1.1.4.3. Telomere attrition

The accumulation of DNA damage previously discussed is particularly evident in telomeres,

repetitive protective regions located at the end of chromosomes. The telomeric region is not fully

copied by the DNA polymerases responsible for genome duplication at  each cell  division,  which

results in a progressive loss of this region and its protective effect,  eventually leading to cellular

senescence or  apoptosis  in  somatic  cells.  While  telomere attrition constitutes  a  defense against

tumor formation, as it is a barrier to cell proliferation, it has also been linked to aging 4,25. Telomere

length of human leukocytes has also been used as a predictor of mortality 26.

1.1.4.4. Epigenetic alterations

Epigenetic alterations also occur during aging. These are changes to the genome that do not

involve alteration of the DNA sequence. Epigenetic alterations may chemically affect the DNA itself

(by methylation), or the nucleoprotein complex that allows the DNA to be packed inside the nucleus,

the chromatin (by modifications in the proteins that form the basic repeating units of chromatin, the

histones, or by chromatin remodeling)  27.  Modifications in DNA methylation patterns and histone

modifications occur with aging 4,27,28, as well as an alteration of the chromatin architecture, resulting

in global loss of gene silencing architecture in specific repetitive regions such as centromeres and

telomeres  4,29.  Given the importance of  chromatin in regulation of  gene expression and genome

stability, these alterations are thought to contribute to the global changes in gene expression levels

and the decline of genomic integrity that occur during aging 29.

In this section, the main known mechanisms of aging were briefly covered. The general loss

of tissue function and disturbance of internal regulation that characterize the aging phenotype were

established as a consequence of cellular and molecular mechanisms of aging. At the cellular level,

aging is  accompanied by cellular  senescence,  which plays  an essential  role  in  this  process,  and

dysfunction of mitochondria and metabolic pathways. All these processes are shown to be related

with the accumulation of damage at the molecular level,  affecting essential cellular constituents:

DNA, proteins and lipids.

However,  the  complex  phenomenon  of  aging  is  not  yet  clearly  understood.  Current

challenges lie  in identifying molecular changes in cells that associate with age or with increased

lifespan, as well as in understanding the mechanistic link between the several hallmarks discussed

and the contribution of each to the aging process. Age-related changes at the cellular level can be
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approached by focusing on the transcriptome, that is, the full range of messenger RNA molecules

that are synthesized from DNA and serve as blueprints for protein synthesis. While the genome is

static and is the same in nearly every cell, different cells express genes differently and therefore have

a different transcriptome. This assures functional diversity between cells in healthy tissues but can

also reflect differences between, for instance, young and aged cells. In fact,  several studies have

been performed focusing on the transcriptomic changes with age, identifying increased expression

of genes involved in inflammation and immune response with age across mice, rats and humans, for

instance  30. Other studies focused on the transcriptome have identified age-associated changes in

alternative splicing of transcripts, which is the topic of the next chapter.
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1.2. Precursor-messenger RNA splicing

In  eukaryotes,  protein  coding  genes  are  organized  in  exons,  composed  by  terminal

untranslated  regions  together  with  protein-coding  regions,  and  introns,  which  are  non-coding

segments  that  intercalate  the  exons. The  efficient  removal  of  introns  and  ligation  of  exons  is

therefore necessary to generate a mature messenger RNA (mRNA) which can be translated into a

protein. This processing step is known as splicing and is catalyzed by a large ribonucleoprotein (RNP)

complex, the spliceosome 31,32.

1.2.1. The spliceosome

The core of the spliceosome is composed of five different small nuclear ribonucleoprotein

(snRNP)  subunits  –  U1,  U2,  U4,  U5 and U6 –,   each containing one or  two small  nuclear  RNAs

(snRNAs) and counts with the intervention of several associated proteins. It is a dynamic complex

which becomes catalytically active and changes its composition as it binds to the precursor-mRNA

(pre-mRNA) substrate 31.

In order for splicing to occur, the spliceosome must recognize specific reactive regions in the

precursor-mRNA (pre-mRNA) and position them correctly. There are three such regions, defined by

short consensus sequences: the 5’ splice site (5’SS), the 3’ splice site (3’SS) and the branch point site

(BPS). In metazoan pre-mRNA in particular, these regions are poorly conserved and a fourth reactive

region is also present: the polypyrimidine tract (PPT) 31,32.

The assembly of the spliceosome occurs in a stepwise fashion, with progressive binding of

the snRNAs in the different subunits to the mentioned reactive regions in the pre-mRNA substrate, as

detailed in Figure 4. Since these reactive regions are poorly conserved, the base-pairing interactions

that  are  established  between  the  two  RNA  molecules  are  weak  and  count  on  metal  ions  and

surrounding proteins (snRNP proteins,  serine-arginine-rich proteins,  or others)  to  stabilize them.

Despite the weakness of these RNA-RNA interactions, the accuracy of the splicing process is assured

by the complexity of the network of the interactions established between the two RNA molecules and

the spliceosome components themselves 33.

Pre-mRNA splicing can occur at the same time as the transcription of the DNA template by

RNA polymerase II (Pol II) or afterward, in structures enriched in pre-mRNA splicing factors called

nuclear speckles. About 80% of the splicing activity is estimated to occur co-transcriptionally. In fact,

these two processes are interdependent, with processing factors acting as effectors of transcription

initiation or elongation and, on the other hand, being recruited to the transcription site to act on the

nascent transcript.  The spatial  coupling of  these processes has implications at  the level  of  gene

expression regulation, since many interactions are established between chromatin, Pol II and the

processing and export  machinery.  On one hand, the  carboxy-terminal  domain (CTD)  of  Pol  II  is

known to function as an anchor to several nuclear factors, orchestrating different processing events

depending on its phosphorylation patterns. It has been shown to recruit Serine/Arginine-rich (SR)

proteins,  snRNPs  and  splicing  complexes  from  the  nuclear  speckles  and  target  them  to  the
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transcription site, while elongation occurs. On the other hand, the splicing machinery is thought to

interact  with  Pol  II  and modulate  the elongation rate,  which in  its  turn affects  decisions of  the

spliceosome regarding the inclusion or exclusion of a given exon, affecting alternative splicing 33–37.

1.2.2. Alternative splicing

Alternative splicing (AS) consists of the differential splicing of transcripts of the same gene,

leading to an increased transcriptional diversity. The more complex the organisms are, the more

important the role of AS: 95% of the multi-exon genes undergo AS in humans, compared to 60% in

the fruit-fly.  This helps explaining the increasing phenotypic and behavioral  complexity found in

higher organisms, despite the small differences in genome sizes 31,38.
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Figure 4: Spliceosome assembly and catalytic steps. The snRNPs that constitute the building blocks of the spliceosome (U1 to
U6) are represented in color. Introns and exons are represented as lines and boxes, respectively. Spliceosome assembly starts
with the binding of U1 to the 5’SS, originating complex E. U2 snRNP recognizes the 3’SS and interacts with U1 to form complex
A, which then recruits the pre-assembled tri-snRNP U4/U6.U5. Through a series of conformational rearrangements and loss of
U1 and U4, complex B acquires catalytic activity and is ready to perform the first step of the splicing reaction. Complex C is
then generated, containing a free exon (in blue) and the intron-exon lariat  intermediate. The second step of the splicing
reaction joins the exons together  and removes the intron lariat,  creating the post-spliceosomal  complex.  The remaining
snRNPs are released from the complex to be recycled and the spliced mRNA is also released. The conformational changes
needed to achieve catalytic activity and release the product are mediated by helicases that rearrange the RNA-RNA interaction
between the substrate pre-mRNA and the snRNAs in the spliceosome 33,111. Adapted from 113.



The  different  transcripts  generated  by  alternative  splicing  of  the  same  gene  are  called

isoforms and may either encode proteins with distinct functional properties or disrupt the protein-

coding sequence. If  the transcript encodes a different protein, its enzymatic activity,  localization,

stability/expression,  molecular  interactions  or  structure  may  be  affected.  On the  other  hand,  if

premature termination codons (PTCs)  are introduced in the transcript,  it  is  targeted for removal

through nonsense-mediated decay (NMD).  This is a mechanism of transcriptional quality control,

which  not  only  promotes  the  degradation  of  PTC-containing  transcripts  but  also  regulates  the

expression of naturally occurring ones 39. 

Each splicing decision in a gene is referred to as an event. The main types of AS events are

shown in Figure 5.

The splicing events are mainly influenced by  cis-acting factors, which consist of sequence

features of the transcripts, and  trans-acting factors, such as other RNAs and proteins. Splice site

sequences  are  one  of  the  features  of  the  transcripts  that  affect  their  splicing.  As  previously

mentioned,  splice site  consensus sequences are  degenerate in  metazoans and there are  several

degrees of  match  to  the  consensus.  Sequences with  a  higher  match bind more strongly  to  the

spliceosome  components  and  are  therefore  preferred  over  ones  with  a  lower  match.  Usually,

alternative exons have splice sites with weaker matches to the consensus than constitutive exons.

However,  weaker splice  sites  can be reinforced and become functional  with  the aid of  auxiliary

sequences known as exon/intron splicing enhancers. These are binding sites for splicing regulatory

proteins that help define the splice site among the numerous sequences that match to a greater or

lower  extent  the  consensus,  as  illustrated  in  Figure  6.  Among  other  cis-acting  factors  are  RNA

modifications  and  transcript  secondary  structure  and  architecture.  Trans-acting  factors  involve

regulatory  proteins  (SR  protein  family  and  others)  and  RNAs,  some  of  which  are  spliceosomal

components themselves. They may either act as activators or repressors of splicing, depending on

where they bind relatively to the target exon 31.
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Figure 5:  Types of AS events: skipping exon (SE), mutually exclusive exons (MX), alternative 5' splice-site (A5), alternative 3'
splice-site (A3),  retained intron (RI),  alternative first  exon (AF)  and alternative last exon (AL).  One form of the alternative
splicing event includes regions in blue and white, while the other includes regions in gray and white.



Trans-acting  splicing  factors  are  also  involved  in  interactions  with  the  transcriptional

machinery and the chromatin template being transcribed. As previously mentioned, the CTD of Pol II

recruits splicing proteins to act on the nascent transcript, as well as other regulatory proteins like SR

proteins, which help promote alternative events. The rate of transcription elongation and pausing of

Pol II also affect splice site recognition, spliceosome assembly and splicing patterns, by giving the

time to the spliceosome to bind to weaker (alternative) splice sites or splicing regulators to bind to

the nascent transcript and enhance or silence specific events. Besides Pol II, other components of

the transcription machinery, such as promoters and the transcriptional activators/repressors that

bind to them, also have an impact on splicing since they establish interactions with the splicing

machinery. Chromatin features also have an impact on splicing. Enrichment in nucleosomes around

weaker splice sites can form a barrier able to slow down Pol II and promote the usage of that splice

site by  altering the elongation rate.  On the other hand,  exons are known to  possess chromatin

features  different  from  those  of  introns  –  higher  nucleosome  occupancy,  specific  histone

modifications and increased DNA methylation – which may help the spliceosome in its difficult task

of defining an exon in the middle of a genome rich in long introns and with degenerated splice sites
31.

Due to the consequent change in protein function, alternative splicing events can have an

impact in important biological processes and are regulated in a cell-type-, developmental- or signal-

specific manner. One known example is the transcription factor Foxp1, which takes part in human

embryonic stem cell pluripotency and reprogramming. In human embryonic stem cells there is a

mutually  exclusive  splicing event  in  the  Foxp1 gene that  leads to  a  change in  the DNA binding

specificity of the protein, causing it to regulate a different set of genes, involved in pluripotency. In

the remaining cells this event does not occur and the transcription factor regulates genes involved in

differentiation.  Alternative  splicing  can  also  regulate  the  expression  levels  of  a  given  gene,  by

generating with higher frequency a transcript that is degraded through NMD 31.
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Figure  6: Binding of regulatory proteins to sequences in the pre-mRNA. The protein in orange binds to an exon splicing
enhancer (ESE) and helps define the 3’ and 5’ splice sites (3’SS and 5’SS) that lead to the inclusion of the alternative exon (in
blue). The protein in yellow binds to an exon splicing silencer (ESS) and promotes the exclusion of the alternative exon. These
proteins can be referred to as RNA-binding proteins (RBPs), since they bind to sequences in the pre-mRNA, and, since they
play a role in the splicing process, can also be considered splicing factors (SFs).



1.2.3. Deregulation and diseases

Since alternative splicing is so complexly regulated in order to orchestrate several events in

the organism and has such a great impact in the phenotype, it is not surprising that mistakes in

important AS events have a great impact on the organism and may lead to different diseases, such as

cancer, developmental and neurological disorders 31,38.

Cis-acting mutations in splice sites can destroy or weaken them, or activate cryptic splice

sites, which would not be used otherwise. This may result in defective proteins or NMD degradation

of the transcript. Mutations in the previously mentioned splicing enhancer/silencing sequences can

also disrupt splicing in a  cis-acting manner and cause diseases. One example is the Hutchinson-

Gilford progeria syndrome (HGPS), characterized by premature aging and caused by a mutation in

the lamin A/C gene (LMNA) which disrupts an exon splicing enhancer, activating a cryptic splicing site

that truncates the final protein. Besides cis-acting mutations, trans-acting mutations that affect the

capacity of splicing regulators to bind RNA motifs are also involved in several diseases 31,40.

In the next section are discussed some alterations in alternative splicing patterns that are

associated to aging and cellular senescence.

1.2.3.1. Alterations in aging and cellular senescence

Studies  performed  on  human  peripheral  blood  leukocytes  have  revealed  a  differential

expression of  genes involved in mRNA processing with age,  suggesting that modification of  pre-

mRNA processing could be a feature of human aging 41. This was confirmed with studies performed

on several tissues of mice of different ages, which show that more genes are alternatively spliced

with age and these genes are also involved in RNA processing 42. Several studies have been focused

on the aging brain in particular.  Alternative  splicing in the aging mouse hippocampus has been

shown to be considerably altered and genes undergoing differential splicing with age are implied in

neural and synaptic functions 43, showing a pattern different from the remaining tissues. A parallel

between  age-related  alternative  splicing  changes  and  those  found  in  patients  with

neurodegenerative disorders has also been established: while part of the AS signature of the two

processes  is  shared  and  seems  to  be  regulated  by  polypyrimidine  tract  binding  protein  (PTBP)

-dependent splicing activity, there is also a disease specific signature, regulated by neuro-oncological

ventral antigen (NOVA) proteins 44.

Cellular senescence induced by telomere shortening has also been related to changes in

alternative  splicing,  affecting  mostly  genes  related  to  cytoskeleton  function  45.  Among  these,

alternative splicing of fibronectin with age and cellular senescence has already been described  46.

Besides, the splicing factor SRSF1 has been shown to stabilize p53 and induce cellular senescence 47.

In summary, alternative splicing of pre-mRNA adds complexity to the proteome in a tightly

regulated fashion. Splicing pathways are modulated according to cell type, developmental stage or as

a response to stimuli,  for instance,  and their  deregulation leads to different  diseases.  A role  of
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alternative splicing deregulation in aging has started to emerge; however, the alternative splicing

changes that occur with age in several human tissues have not yet been characterized.

In  this  work,  an alternative  splicing signature  of  aging  across  multiple  human tissues  is

identified and used as an estimation of biological age to evaluate the coordination of aging between

the  different  tissues.  A  signature  for  the  process  of  cellular  senescence  is  also  derived  and  its

contribution for tissue aging estimated.
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2. Materials and methods

2.1. Transcriptome profiling

The  importance  of  the  transcriptome  has  been  highlighted  in  the  previous  chapter.  It

constitutes  a  snapshot  of  the  functional  elements  of  the  genome and  provides  insight  into  the

mechanisms behind several processes in the cell, from development to disease.

2.1.1. RNA-sequencing

Transcriptomic studies in the past have been based on microarray technologies, which test

for  hybridization between DNA molecules  complementary  to  the  RNA of  the  sample  of  interest

(referred to as complementary DNA or cDNA) and thousands of DNA fragments immobilized on a

surface  (referred  to  as  probes)  48.  This  presents  several  drawbacks,  such  as  inaccuracy  in

measurements of transcripts with low expression due to background hybridization, dependency on

genome annotations and lack of resolution to detect splice junctions or allele-specific expressions
49,50.

The advent of Next Generation Sequencing (NGS) technologies solved such problems, since it

allowed  the  sequence  of  the  transcripts  to  be  known  in  a  high-throughput  fashion,  through

conversion to cDNA, in a process known as RNA-sequencing (RNA-seq). This technique now provides

a precise measurement of levels of transcripts and their isoforms 49.

RNA-seq experiments start with the isolation of a population of RNA (total or fractioned) and

its  conversion  into  a  library  of  cDNA  fragments,  as  exemplified  in  Figure  7.  The  RNA  can  be

fragmented first and then converted to cDNA by the enzyme reverse transcriptase, or can be first

converted to cDNA and then fragmented. Small oligonucleotides, the adapters, are attached to one

or both ends of the fragments and, after denaturation, the cDNA is sequenced in a high-throughput

fashion, with or without amplification. After sequencing, the reads are aligned to a reference genome

or transcriptome, or assembled de novo, with no genomic sequence as reference 49.

The sequencing step is performed using one of the several NGS platforms available. These

platforms  are  able  to  sequence  the  cDNA  in  a  high-throughput  fashion  by  running  millions  of

sequencing reactions in parallel. The platforms commercialized by Illumina, for instance, perform

the amplification and sequencing steps on a surface,  usually  a glass  slide.  The cDNA fragments

become attached to the surface, which is coated with adapters and complementary adapters. The

fragments then bend, creating a bridge-like structure, and the adapters on their tips hybridize with

the nearby complementary adapters, creating a template for PCR to occur, in which the enzyme DNA

polymerase synthesizes a strand complementary to the cDNA fragment. Repetition of this process

allows for amplification to occur, obtaining in the end clusters of several hundreds of copies of each

original cDNA fragment. These clusters allow for the amplification of the signal in the next step, the

sequencing reaction. In that stage, peculiar nucleotides which reversibly block the addition of more

nucleotides and contain a fluorescent dye are put in contact with the templates and are incorporated
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in a newly synthesized strand. Only one is incorporated at a time, due to the existence of a blocking

group,  so the reaction stops.  A  laser  excites the dyes,  which fluoresce according to the type of

nucleotide incorporated (A, T, C or G), allowing to know which nucleotide was added. The information

is kept, the dye and blocking groups are removed and the process is repeated 49,51–53.

The images of the position of nucleotides along the sequence are converted into short reads

(from 25 base pairs to 450 base pairs, depending on the NGS platform), text strings containing part

of  the  sequence  of  the  fragments.  These  reads  are  then  aligned  to  the  reference  genome  or

transcriptome, if this is available for the organism in question, or assembled de novo. Once the reads

are mapped, gene expression can be estimated by quantifying the reads that map to each gene in

the genome. The expression of isoforms (the several transcripts generated from the same genes) can

also be estimated by quantifying the reads that map to each isoform 51,53.
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Figure 7: Process of RNA-sequencing for an Illumina platform. Adapted from 110.



2.1.2. Alternative splicing quantification

From  RNA-sequencing  results,  alternative  splicing  events  can  be  quantified.  This

quantification can be based either on isoform expression or exon junction reads (reads that map to

exon  junctions)  directly,  as  shown  in  Figure  8.  Isoforms  that  include  the  alternative  exon  are

considered evidence for the inclusion and isoforms that do not are considered evidence for the

exclusion. Following the same principle, exon junction reads that map to the alternative exon are

evidence for its inclusion and reads that only map to the constitutive exons are evidence for its

exclusion.

Quantification of alternative exon inclusion is given by the Percent Spliced In, or PSI, which is

computed as follows:

PSI=
inclusion read counts

inclusion+exclusion read counts
 (1) 

or

 PSI=
expressionof inclusionisoforms

expression of inclusion+exclusion isoforms
(2)

The PSI can be used as a ratio, as presented in Equations 1 and 2, or as a percentage.

Alternative splicing quantification is performed by a number of different software, such as

SUPPA or VAST-TOOLS.  SUPPA generates all  the  possible  splicing events  in the  genome from an

annotation file and computes the PSI value for each of the events based on isoform expression 54.

VAST-TOOLS,  on  the  other  hand,  performs  the  alignment  of  reads  and  quantifies  both  gene

expression and alternative splicing, being the latter based on junction reads 55.
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Figure  8: Alternative splicing quantification of an exon skipping event.  a. Isoform-centric approach, with isoforms supporting
alternative  exon  (in  blue)  inclusion  on  top  and  exclusion  in  the  bottom;  b. Exon-centric  approach,  with  reads  supporting
alternative exon inclusion on top and exclusion in the bottom.



2.2. Data

2.2.1. GTEx dataset

The dataset used for the analysis of gene expression and alternative splicing with age was

obtained from the Genotype-Tissue Expression (GTEx) portal (version 6), where genotype, expression

and clinical data are available from 8555 postmortem samples of 30 tissues taken from non-diseased

544  human donors  56,57.  Among clinical  data available  are  the  age  groups of  the  donors  of  the

samples, separated in decades from 20 to 79 years old, as well as the tissue and the detailed area

within the tissue from which the sample was obtained. Detailed areas include 29 solid organ tissues,

13 brain areas, whole blood and two cell lines, derived from donor blood and skin.

The number of samples available per tissue and per age group is shown in Figure 9.

For each sample, gene and exon junction reads obtained by RNA-sequencing were retrieved

and alternative splicing quantified from exon junctions,  as previously explained.  As a result,  the

expression of 56318 genes and exon inclusion in 38395 exon skipping events was quantified.

2.2.2. Senescence dataset

RNA-seq data used for analysis of gene expression and alternative splicing in senescent cells

was retrieved from the public functional genomics data repository Gene Expression Omnibus (GEO),

under the accession ID GSE60340 58. The authors used MDAH041 LFS cells, obtained from fibroblasts

from a patient with Li-Fraumeni Syndrome (heterozygous for p53). These fibroblasts either lost their

single  copy  of  the  p53 gene  and  were  immortalized,  or  kept  it  and  progressed  into  replicative

19

Figure 9: Sample number per tissue and per age group in GTEx dataset.



senescence after serial  culture.  The immortalized cells  were treated with 3 reagents  in order to

induce senescence: hydrogen peroxide, which causes oxidative damage to cellular constituents, 5-

aza-deoxycytidine,  which  promotes  DNA  demethylation  (which  has  been  linked  to  aging)  and

adriamycin, a DNA damaging agent. Beyond samples of induced senescent cells obtained by these

three methods, samples of immortalized cells are also available, as well as samples throughout serial

culture.  The  latter  were  harvested  at  population  doublings  between  10  and  12  (referred  to  as

“young”), 17 and 19 (referred to as “aging”) and 29 and 30 (cells in replicative senescence). Samples

of induced quiescent cells, obtained by growth of MDAH041 cells in low serum, are also available.

The RNA-seq data from these samples was used for quantification of gene expression and

alternative  splicing  with  VAST-TOOLS.  The  expression  of  19847  genes  was  quantified,  as  well  as

266287 alternative splicing events, 74702 of which exon skipping events.

2.2.3. Data processing for the GTEx dataset

Data processing steps performed prior to exploratory analysis of both gene expression and

alternative splicing quantification on the GTEx dataset are detailed below.

2.2.3.1. Gene filtration

Genes that are not sufficiently expressed in at least one age group are filtered out in order to

facilitate downstream analysis. The threshold set for considering a gene not sufficiently expressed

was 1 or less Counts Per Million (CPMs). CPMs are counts scaled for library size and result from the

division of each gene count by the number of total counts in the sample times one million. CPMs

were computed from the original data matrix using the cpm function from the R package edgeR 59–63.

Only genes with CPM > 1 in at least as many samples as the ones contained in the smallest age group

were kept, that is 26849 out of the initial 56318.

2.2.3.2. Gene expression data normalization

A normalization step was performed in  order to remove non-biological  variability  across

samples. The main source of variation between samples comes from differences in library size, that

is,  the number of  mapped fragments obtained from a sample.  In order to account for this,  the

distribution of gene counts was forced to be the same across all samples by quantile normalization,

using the normalizeBetweenArrays function from the limma R package 64.

2.2.3.3. Missing values in alternative splicing quantification data

AS events with 20% of missing values or more and samples with 30% of missing values or

more were removed, which corresponded to keeping 25999 of the initial 38395 events and removing

one sample. The remaining missing values were imputed whenever necessary, taking the median

value of AS quantification of the event in question in all samples of the same tissue and age group as

that for which the value was missing.
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2.2.3.4.  Alternative splicing event filtration

Events that are constitutively spliced were selected based on their variance and mean value

across all samples: a very low variance and an extreme mean PSI value (close to 0 or to 1) indicates

that the exon is always included or excluded in practically all samples of the dataset and therefore

the event is not interesting as a putatively regulated alternative splicing event. Events with variance

below 0.01 and mean values below 0.05 or above 0.95 were labeled as constitutively spliced and

removed from the alternative splicing quantification data, keeping 10482 events.

2.2.3.5. Gene expression and alternative splicing quantification sample removal

Among  the  samples  available,  there  are  402  belonging  to  cell  lines:  Epstein-Barr  virus

transformed lymphocytes  and  transformed fibroblasts.  These  samples  were  removed since  they

would not contribute to the analysis of the behavior of gene expression or alternative splicing in cells

of tissues of several ages. Three tissues were also removed due to low sample number: bladder,

cervix uteri and Fallopian tube, with 11, 11 and 6 samples, respectively.

2.2.4. Data processing for the senescence dataset

Data processing steps performed prior to exploratory analysis of both gene expression and

alternative splicing quantification on the senescence dataset are detailed below.

2.2.4.1. Gene filtration

Out of the 19847 genes for which expression data across samples of the senescence dataset

was available, 354 contained only missing values for all samples and were removed. The remaining

19493 genes were filtered in order to remove those that were not sufficiently expressed in at least

one of the groups of samples, similarly to the procedure used for the GTEx dataset. Only genes with

CPM > 1 in at least 3 samples were kept, since this is the number of replicates available for each test

condition in the dataset. After this step, 13647 genes remained for further analysis.

2.2.4.2. Gene expression data normalization

Gene  expression  data  normalization  was  performed  using  quantile  normalization,  as

described in section 2.2.3.2.

2.2.4.3. Alternative splicing event filtration

Since  the  majority  of  the  alternative  splicing  events  had  no  missing  values  (see  section

3.5.2.1), those that had were removed, which reduced the number of events to 147789. Removal of

events considered to be constitutively spliced in all samples was performed as in  2.2.3.4, with the

exception of the variance threshold that was used to consider an event constitutively spliced across

all  samples, which was set at 0.05 and not at 0.01 as used for the GTEx dataset.  After filtration,

126724 events were kept, 42670 of which were exon skipping events.
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2.3. Statistical methods

2.3.1. Statistical hypothesis testing

Statistical hypothesis testing allows to reject a null hypothesis in favor of the hypothesis of

interest,  the alternative hypothesis, in case there is enough evidence to do so. For instance, one

could be interested in testing for correlation between the expression of a gene across samples and

the age of those samples. The null hypothesis, that the gene expression was not correlated to age,

could be rejected if the statistical test provided enough evidence to do so.

2.3.1.1. Spearman rank correlation

The Spearman rank correlation test is nonparametric, not requiring knowledge about the

form of the distribution of the population being studied, and can therefore be applied when the

distribution is not normal, as is the case for alternative splicing quantification 65.

The Spearman rank correlation coefficient determines the relation that exists between two

sets of data by ranking the values from smallest to largest within each sample and comparing them

between the samples. This rank statistic can be used to test for relation between two variables. The

test can be bilateral, meaning that it tests for either a positive or negative correlation between the

two variables, or unilateral, testing only for a positive or a negative correlation. The tests performed

in this work were always bilateral 65,66.

Spearman correlation was implemented using the cor.test function.

2.3.1.2. Levene test for equality of variances

The Levene test 67 is used to test for equal variance between two or more samples. The null

hypothesis of equal variance between samples is rejected if the p-value resulting from the test is

below the critical p-value considered and samples are considered to have different variances. The

Levene test was implemented using the levene.test function provided by the lawstat package 69.

2.3.1.3. P-value adjustment

The p-value that results from a statistical  test  like the Spearman rank correlation or the

Levene test represents the probability of getting the observed result – or a more extreme one – if the

null  hypothesis  is  true.  Of course the lower it  is,  the more reliable the conclusion that the null

hypothesis can be rejected. However, a p-value of 0.05, for instance, would mean that there is a 5%

chance of getting a result more extreme than the observed if the null hypothesis is true. In scenarios

where multiple tests are applied, for instance, one for each one of hundreds of genes, 5% of the tests

applied to scenarios where the null hypothesis is true would result in its rejection in favor of the

alternative hypothesis (the so-called false positives). This compromises the reliability of the results of

the test and leads to the need to adjust p-values when performing multiple tests.

The p-value adjustment method used is based on the ideas of Benjamini and Hochberg  70

and relies on controlling the false discovery rate (FDR),  that is,  the proportion of  false positives
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(rejecting the null hypothesis when it is true) among the positive results (null hypothesis rejected).

This way, an FDR of 0.05 means that 5% of the positive results obtained are expected to be false

positives.

P-value adjustment was performed using the p.adjust function.

2.3.2. Principal Component Analysis

Principal Component Analysis (PCA) is an algorithm that reduces the dimensionality of the

data while retaining most of the variation in a data set. The purpose of performing PCA can be either

to  reduce  the  number  of  features  describing  the  samples  in  the  data  set,  facilitating  data

visualization, or to focus on the variables and compare their behavior across samples. PCA focused

on the samples, thus reducing the number of features, is extremely useful to explore NGS data, in

which  the  number  of  samples  is  considerably  lower  than  the  number  of  features  (genes  or

transcripts) 71.

Dimensionality reduction in a PCA is achieved by defining new variables that are a linear

combination of the original ones present in the data and along which the variation is maximal -  the

principal components. In the first place, the data is centered variable by variable on the mean value

and then it is standardized, that is, scaled to the variable’s  standard deviation. This procedure was

not performed in the case of this work, since it would ignore the magnitude of the variation of the

values,  which  has  a  biological  meaning.  A  correlation  matrix  is  then  computed,  containing  the

correlation between all pairs of variables. From this matrix the eigenvectors and eigenvalues can be

extracted. These describe the directions of patterns in data and the variance explained by these

directions, respectively. The extracted eigenvectors correspond to the principal components and the

eigenvalues to the variance each component explains 71,72.

The samples can then be plotted according to their projection onto each of the components,

allowing the visualization of possible patterns contained in it.

Principal  Component  Analysis  was  implemented  using  the  function  PCA from  the

FactoMineR package 74.

2.3.3. Multiple linear regression model for relative rank of tissue age estimation

A  multiple  linear  regression  model  assumes  a  linear  relationship  between  a  variable  Y,

referred  to  as  the  independent  variable,  and  n explanatory  variables  X1,  X2,  ...,  Xn.  Given  k

observations, the model for multiple linear regression can be stated as 75

y j=β0+β1⋅x1 j+β2⋅x2 j+...+βn⋅xn j+ε j for j=1,2,... , k (3)

A model can be adjusted to observations of Y and X1, X2, ..., Xn by estimating the parameters

β0, β1, ..., βn. The obtained model can then be used to predict values of Y for new sets of X1, X2, ..., Xn.

The parameters are estimated by the method of the least squares, which chooses the set of

parameters that minimizes the sum of the squared deviations of the k observed values of Y from the

k values estimated by the model.
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In  this  work,  a  multiple  linear  regression model  was adjusted to  the alternative  splicing

quantification data tissue by tissue. A vector containing the age of the samples was used as the

independent variable Y and the quantifications of the alternative splicing for a number n of AS events

in those samples as the explanatory variables  X1,  X2, ...,  Xn. The age obtaining for each sample  j is

given by

Agesample j=β0+βevent 1⋅PSI event 1,sample j+βevent 2⋅PSI event 2,sample j+...+βevent n⋅xevent n , sample j+εsample j (4)

The  number  of  alternative  splicing  events  to  include  as  variables  of  the  multiple  linear

regression  model  was  selected  for  each  tissue  as  detailed  in  section  2.3.3.1.  A  model  with  the

selected number of AS events was then adjusted to all the available samples, tissue by tissue.

2.3.3.1. Selection of optimal number of AS events

The number of alternative splicing events, n, to be included in the multiple linear regression

model  of  each  tissue corresponds to  that  originating the model  with  best  performance.  Several

values of n were tested, including, but not limited to, the range advised to avoid overfitting (between

one fifth and one tenth of the number of training samples). So, the maximum value for the range

was set  at  one third of  the number of training samples or,  in case there were not enough age-

correlated events to cover this range, the total number of age-correlated events in that particular

tissue. The minimum of the range was set at n = 2.

For each tested value, the  n events with the strongest correlation to age were chosen and

their AS quantification data retrieved. The data was partitioned into training and validation sets as

described in section 2.3.3.2 and the goodness of fit of the model to the data assessed according to

the measure detailed in section  2.3.3.3. The value of  n originating the best fit was selected as the

optimal.

Repeating this process of selection of the optimal number of events 3 times confirmed the

reproducibility of the procedure. The median of the 3 obtained values of optimal n was selected and

used to fit the final model to all available samples of each tissue.

2.3.3.2. Data partitioning

In order to evaluate the performance of the multiple linear regression model in data that

was not used for its adjustment, the samples available for each tissue were partitioned into training

set (80%, the average of the commonly used percentages: 70%-90%) and validation set (20%). The

process of assigning each sample to one of the two sets is random, but assures that there is the

same proportion of samples from each age group in the training and validation sets. In order to

make sure that all the samples are sufficiently represented in both sets and all biological variability

contained in the samples is taken into account, 1000 permutations were performed.
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2.3.3.3. Goodness of fit

The Mean Squared Error (MSE) is commonly used to assess the goodness of fit of models,

that is, the extent to which the model fits the data. It  consists of the mean of the square of the

residuals of all observations. For each model, the MSE is given by

MSE=
1
k
∑
i=1

k

(Ŷ i−Y i)
2

(5)

in  which Ŷ is  a  vector  of  k predictions  made  by  the  model  and Y is  the  vector  of  the

corresponding observed values.

However, it was observed that, for some tissues, the minimization of the Mean Squared Error

would lead to the choice of  too few AS events  to  be included as variables in the  linear  model,

compromising  the  goodness  of  fit  of  the  final  model.  The  tissues  for  which  this  situation  was

considered  the  most  severe  were  brain  and  skin.  Another  possible  measure  to  consider  in  the

process of selection of number of AS events would be the Spearman rank correlation. This would

reflect more clearly the ultimate goal of the model, which is to define a rank of samples of the same

tissue according to their relative ages. In order to understand which of the measures would lead to

the number of events which originated a model with a better fit to the data in most tissues, the two

were  compared.  The number  of  AS  events  to  include  in  the  model  was  chosen based  on  MSE

minimization  and  maximization  of  the  significance  of  the  correlation  between  predicted  and

observed ages. The optimal number of AS events resulting from these 2 methods were considered

and 2 different final models were applied to the available samples of each tissue. The significance of

correlation and MSE of the final model for each tissue is presented in Table 1 for both methods.

Table  1: Performance of models with number of events obtained by MSE minimization and significance (-log10(p-value of
Spearman rank correlation)) maximization. The Spearman rank correlation p-value and the MSE between the age predicted by
the final model when applied to all available data and the age of samples are presented for each method.

Optimization by MSE minimization Optimization by significance maximization

Tissue Sp. rank cor. p-value MSE Sp. rank cor. p-value MSE

Adipose Tissue 8.36e-22 120 2.01e-32 107

Brain 1.49e-08 83.9 2.80e-24 54.2

Breast 2.43e-14 118 6.16e-31 87

Colon 9.59e-25 109 1.49e-28 104

Esophagus 6.80e-18 127 7.93e-30 105

Esophagus – Mucosa 2.15e-29 113 4.10e-64 63.4

Blood Vessel 2.93e-32 110 1.72e-35 107

Heart 6.35e-13 115 6.35e-13 115

Lung 6.17e-14 124 6.17e-14 124

Salivary Gland 1.40e-14 71.4 2.02e-15 58.9

Muscle 5.52e-27 120 5.01e-32 114

Nerve 1.34e-24 111 1.34e-24 111

Prostate 7.95e-11 131 2.83e-11 130

Skin 7.28e-15 132 6.24e-50 96.1
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Optimization by MSE minimization Optimization by significance maximization

Tissue Sp. rank cor. p-value MSE Sp. rank cor. p-value MSE

Testis 2.25e-25 97.6 2.25e-25 97.6

Thyroid 3.41e-20 110 3.41e-20 110

Uterus 3.71e-15 91.5 2.84e-24 58.7

Blood 3.41e-16 139 5.70e-17 138

Since selection of number of AS events to include in the model by significance maximization

leads to models with either equal  or better performance according to both measures (MSE and

Spearman correlation p-value between predicted and observed ages), this was the measure that was

chosen.

26



2.4. Tools and software

2.4.1. Gene Set Enrichment Analysis

GSEA software implements Gene Set Enrichment Analysis, a method to determine whether a

defined set of genes shows statistically significant, concordant differences between two biological

states or conditions  76,77.  A vast collection of gene sets is available to be used with the software,

including hallmark, positional and curated gene sets.  The gene sets used in this work were either

custom-made or came from KEGG pathway database, which contains a collection of pathway maps

that represent molecular interaction and reaction networks for a series of  higher-level  biological

functions 78,79.

The GSEA software includes the  GseaPreranked tool,  which takes as input a list of genes

accompanied by a rank of choice, the gene sets to be considered and an annotation file. The pre-

ranked list of genes is a tab-delimited text file that contains the genes identified by their gene symbol

and a ranking metric, with no genes repeated. The software sorts this list in descending numerical

order and walks it down, incrementing a sum statistic when the gene is in the selected gene set and

decreasing it when it is not. The increments are weighted according to the position of the gene in the

ranked list and a metric,  the enrichment score (ES) is computed. This metric corresponds to the

maximum deviation from zero that was found running the list, and is a measure of the degree to

which the gene set is over-represented at the top or bottom of the list. The level of significance

(nominal p-value) of the ES is estimated based on a permutation test that computes the enrichment

score of random gene sets of the same size as the actual gene set. The ES is then normalized in order

to account for differences in gene set size, yielding the normalized enrichment score (NES).  The

probability  that a given NES represents a false positive (the false discovery rate or FDR) is  then

computed in a similar manner as the p-value, with the difference that the FDR is adjusted for gene

set size and multiple hypothesis testing. Each of the metrics mentioned is obtained for all gene sets

selected.

 The ranked lists that were used as input to the software were either a list of Spearman rank

correlation coefficients, ordered from 1 to -1, or a list of the -log10 of the corrected p-values of the

Spearman rank correlation test, in descending numerical order. The criterion used to consider that a

gene set is enriched in a given list of genes was FDR < 0.05.

2.4.1.1. Enrichment in custom gene sets

Enrichment in custom gene sets was tested using the GSEA software at two points in this

work: first to evaluate enrichment in RNA-binding proteins and splicing factors among the genes that

undergo expression changes with age (section 3.1.3.1) and later to test the contribution of a cellular

senescence signature in the aging signature (section 3.5.2.4).

The test for enrichment in RNA-binding proteins and splicing factors among the genes that

undergo expression changes with age was performed using the GSEA software with custom gene

sets.  A  list  of  genes encoding  for  RNA-binding  proteins  and  splicing  factors  was retrieved  from
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resources of the NMorais Lab at Instituto de Medicina Molecular (based on the work of Sebestyén et

al. 80) and those that matched to genes passing the filters described in section 2.2.3.1 were used in

order to build a .gmx file that was used as input to GSEA and identified the two gene sets related to

RNA-binding proteins and splicing factors.

To test for contribution of a cellular senescence signature to the aging signature, a custom

gene set  was also used,  this  time using the alternative splicing signature  of  cellular  senescence

obtained in section 3.5.2.3. Among the events that took part in that signature, the ones that matched

the events passing the filters in the aging analysis of alternative splicing described in section 2.2.3.4

were listed in a .gmx file that was used as input to the GSEA software.

2.4.2. The R programming language

The analyzes described in this work were implemented in R 81, a free software environment

for statistical computing and graphics. R provides a variety of statistical and graphical techniques and

can be easily extended using a wide range of packages available, which facilitates the data analyzes

performed  in  this  work.  In  order  to  run  R  in  a  more  user-friendly  environment,  RStudio,  an

integrated development environment (IDE) was used.

The  vast  majority  of  the  graphics  displayed  in  this  document  were  generated  using  the

ggplot function from the ggplot2 package 82.
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3. Results and discussion

3.1. Gene expression signature of aging

Analysis of transcriptomic changes that take place during aging started by inspecting gene

expression data in a tissue-specific manner. After data processing and exploratory data analysis,

genes  with  age-correlated  changes  in  expression  were  identified,  their  biological  functions

interrogated and enrichment in genes encoding RNA-binding proteins and splicing factors tested.

3.1.1. Data processing

The data used for gene expression analysis of aging is a matrix of gene counts, that is, the

number of  reads that mapped to each gene in the genome, with genes in rows and samples in

columns. Genes were filtered in order to remove those that are not sufficiently expressed in any of

the age groups, as described in section  2.2.3.1. After this filtration step, 48% of the initial genes

remained for further analysis. After filtration, the matrix of gene counts was normalized in order to

account for differences in library size, as described in section 2.2.3.2.

3.1.2. Exploratory data analysis

In order to understand the main sources of variance among the data, a Principal Component

Analysis (PCA) was performed after data filtration and normalization. This analysis shows that the

main source of variance in the gene expression values from different samples of the same tissue is
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Figure  10:  Principal  Component  Analysis  on  adipose  tissue  gene  expression  data,  highlighting  regions  from which  the
samples  were  taken  (left)  and  age  group  of  sample  donor  (right).  The  percentage  of  the  variance  explained  by  each
component is indicated in the respective axis label.



related to the different regions of the tissue from where the samples were obtained, and not the age

of samples. Figure 10 shows an example for adipose tissue.

Even though the gene expression values vary according to the region of  the tissue from

where the samples were obtained, in most cases this variation is small enough to consider that gene

expression in a given tissue from a given donor can be quantified by a single value – the mean of the

values from the several regions of that tissue, from that donor. This is supported by the PCA shown

in Figure 11,in which intra-tissue differences are diluted by inter-tissue differences except in the case

of esophagus, where the mucosa (in blue) behaves as a separate tissue in relation to remaining

esophagus regions.

Summarizing the values in this way allows to have a single quantification per patient in each

tissue. The exception to this procedure was the esophagus, due to the strong separation between the

mucosa and the remaining regions, seen in Figure 12. The esophagus mucosa was therefore defined

as a new tissue and summarization of esophagus only took into account the remaining two regions.
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Figure  11:  Principal Component Analysis on gene expression data for adipose tissue, blood vessels, esophagus and skin,
colored by tissue region.



In  brain,  a  very  strong  separation  was  also  found  between  cerebellum  and  cerebellar

hemisphere and the remaining brain regions (Figure 13). However, given the complexity of this tissue

and its importance in the study of aging (due to the incidence of neurodegenerative disorders in the

elderly and the research dedicated to brain aging in particular),  it  was considered interesting to

perform  an  analysis  distinguishing  between  all  the  13  brain  regions  available.  Therefore,

summarization of the brain grouped all 13 regions but a brain-specific analysis was performed in

parallel with the analysis tissue by tissue.
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Figure 12:  Principal Component Analysis on esophagus gene expression data, highlighting regions from which the samples
were taken. The percentage of the variance explained by each component is indicated in the respective axis label.



3.1.3. Tissue-specific signature

For each tissue, a gene expression signature of aging is retrieved, composed of genes whose

expression is progressively increased or decreased with age. The biological functions of these genes

are assessed and the results are compared to those described in the literature. The enrichment of

these genes in  RNA-binding proteins and splicing factors is  also assessed due to their  potential

regulation of age-related splicing changes.

3.1.3.1. Selection of genes with age-correlated expression

A Spearman rank correlation test was performed between the normalized gene expression

values of each gene across samples and the age of the donors of those samples. The p-value of the

test was corrected for multiple testing according to the method described in section 2.3.1.3 and the

genes with a corrected p-value below 0.05 were considered to have an age-correlated expression.

The  number  of  genes  with  age-correlated  expression  is  plotted  in  Figure  14.  Tissues  and  brain

regions with no age-correlated gene expression changes were left out of downstream analyses in this

section.
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Figure 13: Principal Component Analysis on brain data, highlighting regions from which the samples were taken.



Out of the 26849 genes tested for correlation between expression levels and age, a large

fraction shows significant results, particularly in samples from colon, blood vessel, blood, lung and

muscle. Wide changes in gene expression patterns with age had already been described in tissues of

humans and mice 83,84.

Three genes were found to have expression levels significantly correlated with age in 19 of

the 28 tissues analyzed: EDA2R, PTCHD4 and HPS6. Both EDA2R and PTCHD4 have been identified as

p53  target  genes:  EDA2R encodes  a  receptor  which  binds  to  EDA-A2,  a  protein  involved  in

maintenance of hair and teeth, and triggers the NF-κB pathway 85,86, while PTCHD4 inhibits Hedgehog

signaling as part of a tumor suppressor mechanism 87. Besides, EDA2R expression level changes with

age had already been described  88.  HPS6 has not  been related to  aging and encodes a  protein

involved in lysosome-related organelles biogenesis, trafficking and maturation 89.

Testing for enrichment in RNA-binding proteins and splicing factors among the genes that

undergo expression changes with age, as described in section 2.4.1.1, yielded significant results for

several tissues (see star and diamond marks in Figure 14). Since RNA-binding proteins and splicing

factors regulate the splicing process, for instance promoting the inclusion or exclusion of a given
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Figure 14: Number of genes with age-correlated expression changes in each tissue and brain region. Genes with up-regulated
and down-regulated expression with age are distinguished and the total number of genes with gene expression changes
correlated to age is shown on top of each bar. Tissues with a significant enrichment in genes coding for RNA-binding proteins
or splicing factors among the genes with age-correlated expression are marked.



alternative exon, changes in their gene expression are expected to have an impact on alternative

splicing patterns.

3.1.3.2. Gene Set Enrichment Analysis

In order to assess the biological implications of the gene expression changes taking place in

each tissue with age, a Gene Set Enrichment Analysis was performed, considering all the pathways

available at KEGG database and ordering the list of genes by decreasing Spearman rank correlation

coefficient, as described in section 2.4.1. The Normalized Enrichment Score (NES) of pathways that

were found to be significantly enriched in at least one tissue is shown in the heatmap of Figure 15.

Clustering of tissues by NES of these pathways creates three clusters, as can be seen in the

top dendogram of Figure 15. Brain regions are clustered together and considerably apart from the

remaining  tissues,  which  indicates  that  the  aging  process  in  the  brain  seems  to  affect  gene

expression in a very particular way.  A cluster of  pathways with mostly neural  function is  down-

regulated with age. Changes in pathways such as calcium signaling and long term depression may

point to a loss of synaptic plasticity and cell excitability, while changes in axon guidance pathway

suggest a loss of brain connectivity and repair mechanisms as well. All of these are in agreement

with  previous  findings  regarding  gene  expression  alterations  in  the  aging  brain  of  humans  and

rodents 90–92. On the other hand, a cluster of mainly inflammatory and immune response pathways is

up-regulated  in  these  regions,  which  is  also  in  agreement  with  previous  findings  that  have

established a link between aging and neuroinflammation  43,93. The remaining tissues seem to be

clustered in two groups according to whether inflammatory pathways are up- or down-regulated

with age. Previously described changes in gene expression of these pathways only involve their up-

regulation and, as mentioned in section 1.1, a chronic state of low-grade inflammation is known to

accompany aging.
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Figure 15: Heatmap of the Normalized Enrichment Score (NES) of pathways found to be significantly enriched in genes with
age-correlated expression changes in at least one tissue.



3.2. Alternative splicing signature of aging

After gene expression analysis, alternative exon usage with age was assessed. An alternative

splicing signature of aging was identified and its biological role characterized. The capacity of this

signature  to  predict  the  age  of  tissues  based  on  the  quantification  of  exon  inclusion  levels  is

confirmed by a Principal Component Analysis.

3.2.1. Data processing

The data used for alternative splicing analysis of aging consists of a matrix of PSI values, with

samples  in  columns  and  splicing  events  in  rows.  The  matrix  was  filtered  in  order  to  facilitate

downstream analysis: events and samples with too many missing values were removed, as well as

events that did not show considerable variance across samples of several ages and tissues. Below are

detailed the steps of data processing.

3.2.1.1. Handling of missing values

Unlike gene expression data, which did not contain any missing value, alternative splicing

quantification data presented a high incidence of missing values (more than 22% of the entries in the

matrix).  This  compromises  the  representativeness  of  the  data  and  renders  some  downstream

analysis such as Principal Component Analysis impossible. However, due to the high incidence of

missing values, it is not possible to remove all of them. Therefore, a threshold was set attending to

the distribution of percentage of missing values per row (event) and column (sample) seen in Figure

16. This allows the remaining missing values to be imputed as described in section 2.2.3.3 without

considerably distorting the data.

In this step, one sample is removed and the number of events is reduced to 68% of the initial

number.
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Figure 16: Histogram of the percentage of missing values per row and column present in unprocessed data. Dashed gray lines
represent the chosen thresholds for filtration.



3.2.1.2. Event filtration

Events that were considered to be constitutive in all  samples were discarded, since they

would not add information to the alternative splicing signature of aging. The criteria for considering

an event to be constitutive was set based on its variance and mean value across samples, as seen in

Figure 17 and detailed in section  2.2.3.4. The number of events was reduced to 40% of the initial

number.

3.2.2. Exploratory data analysis

An exploratory Principal Component Analysis (PCA) was performed on alternative splicing

quantification data after filtration. This analysis yielded results similar to those observed for gene

expression: the main source of variance resides in the different regions of the tissue from where

samples were obtained, as visible in Figure 18.

Summarization  of  samples  in  order  to  obtain  only  one  value  of  alternative  splicing

quantification  per  tissue  per  donor  was  performed  in  a  manner  similar  to  that  used  for  gene

expression, considering the esophagus mucosa as a separate tissue, except that the value assigned

for each tissue of each donor was the median and not the mean of the PSI values of the several

regions of the tissue, since the distribution of AS quantification is not normal.
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Figure  17:  Event  filtration.  The events  were plotted  according  to  their  mean value  and
variance across all samples. Events in red were excluded from the analysis.



3.2.3. Tissue-specific signature

In this section the alternative splicing signature of aging for each tissue or brain region in

particular  is  presented.  Alternative  splicing events  are  chosen based on the correlation of  exon

inclusion quantification with age of samples. The capacity of these events to distinguish between

different  age groups is  assessed with a  Principal  Component  Analysis,  confirming that  they can

separate samples according to their age. The biological  role of the genes affected by alternative

splicing alterations with age is assessed with a Gene Set Enrichment Analysis, revealing a remarkable

disturbance of the spliceosome pathway.

3.2.3.1. Selection of age-correlated AS events

In order to identify any exon that is progressively more included or excluded in the transcript

of a given gene as individuals age, a Spearman rank correlation test was performed between exon

inclusion quantification (PSI values) across samples and the age of the donors of the same samples.

This test was done event by event, considering only samples of the same tissue or brain region at a

time and repeated for all tissues. The p-values were corrected for multiple testing and the events

with corrected p-values under 0.05 were considered to be age-correlated in a specific tissue. The

number of age-correlated events in each of the tissues or brain regions is shown in Figure 19. Tissues

and brain regions with no age-correlated AS changes were left out of downstream analyses in this

section.
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Figure  18:  Principal Component Analysis on adipose tissue AS quantification data. a.  Highlighting different regions of the
tissue from where samples were taken;  b.  Highlighting age of sample donors. The percentage of the variance explained by
each component is indicated in the respective axis label.



The tissues with the most age-correlated AS changes are colon, lung and blood, which were

also found among the tissues with the highest numbers of genes with age-correlated expression

changes (Figure 14). These three tissues have relatively high turnover rates, with cells being renewed

every 1 to 8 days 94, which may force stem and progenitor cells to divide frequently and accumulate

age-related changes at  a comparatively  faster rate  95.  However,  other  tissues with  high turnover

rates, such as stomach, do not present such strong signatures. The number of samples available for

each tissue might also influence the number of significant results of the correlation test, since the

availability of more observations can result in higher significance of the correlation. However, that is

not influencing the strength of the signature of tissues, since for instance skin is one of the tissues

with most samples available (see Figure 9) and does not present one of the strongest signatures. It

may be that other differences between tissues influence the strength of the transcriptomic aging

signature, such as functional complexity or cellular heterogeneity of tissues, for instance.

It should also be noted that enrichment in genes encoding RNA-binding proteins or splicing

factors among those with expression changes correlated to age (see Figure 14) does not always imply

a strong alternative splicing signature. For instance, colon is the tissue with the most age-related

changes in  alternative  splicing and did  not  show a significant  enrichment  for  RBPs and splicing

factors among the genes with expression changes with age. This could hint at changes in alternative

splicing that are regulated by few RBPs or splicing factors.
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Figure 19: Number of alternative splicing events with age-correlated changes in each tissue and brain region.



In  order  to  confirm  whether  the  obtained  age-correlated  events  would  be  enough  to

distinguish between samples of different age groups in each of the tissues, a PCA was performed. For

each tissue, only the age-correlated events were considered as variables. Tissues with less than 10

age-correlated events (pancreas, stomach and vagina, as well  as caudate, cerebellum and cortex)

were not considered for further analysis.

In order to highlight the separation of age groups according to Principal Component 1 (PC1),

the projection of samples of each age group on PC1 was plotted in a specifically colored density plot.

A  quantitative  confirmation  of  the  separation  of  age  groups  along  PC1  was  obtained  with  a

Spearman rank correlation, as exemplified in Figure 20 for adipose tissue.

PCA visually confirms that the selected age-correlated events provide a separation between

the different age groups for all tissues and establish an alternative splicing signature of the aging

process. In the next section, the biological role of the events implied in this tissue-specific signature

is analyzed.
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Figure  20:  Principal Component Analysis of AS quantification using age-correlated events in adipose tissue samples. The
projections of the samples on PC1 and PC2 are plotted at  the top to more clearly show the distribution of samples of
different  age  groups along  PC1.  The p-value of  the  Spearman rank  coefficient  correlation  between age  sample  and  its
projection on PC1 is shown. The percentage of the variance explained by each component is indicated in the respective axis
label.



3.2.3.2. Gene Set Enrichment Analysis

For each tissue, events were ordered by strength of the correlation of the AS quantification

with age and their affected cognate genes listed. In cases of several events affecting the same gene,

only the most age-correlated was considered. The list of genes was then used to perform a Gene Set

Enrichment Analysis (GSEA).  The pathways that were significantly enriched (FDR < 0.05) in genes

affected by age-correlated events in each tissue are shown in Table 2.

Table 2: Pathways significantly enriched in genes affected by age-associated events across tissues.

Tissue Pathway
Normalized Enrichment

Score (NES)
FDR

Adipose Tissue Spliceosome 2.01 0.019

Breast Aminoacyl-tRNA Biosynthesis 2.08 0.015

Esophagus Spliceosome 1.54 0.038

Stomach Spliceosome 1.95 0.027

Testis Spliceosome 2.20 0.002

Uterus Spliceosome 1.84 0.041

Even though not all the tissues show a significant enrichment, the majority of the significant

results  and  the  remaining  top  results,  even  if  non-significant, point  to  an  enrichment  of  the

spliceosome pathway in age-correlated events across several tissues. This is a pathway that includes

genes  encoding  core  spliceosome components  and  spliceosome-associated  proteins.  The  results

obtained imply that these genes suffer a progressive inclusion or exclusion of a given exon with age,

which can have an impact on the expression or structure and function of  the proteins that are

synthesized.  This  may  lead  to  a  decreased  specificity  of  core  spliceosome  and  spliceosome-

associated proteins, disrupting splicing. These results are in line with those found by Rodríguez et al.,

who showed that genes that are alternatively spliced between young and adult mice in skin, skeletal

muscle and bone are involved in mRNA processing 96. Harries et al. have also reported a disruption in

the isoform balance in human peripheral blood leukocytes, further corroborating these results 41.

However,  brain  region  analysis  revealed  a  striking  difference  between  brain  and  the

remaining tissues.  The pathways enriched in  age-correlated events  across brain  regions are  not

related to pre-mRNA splicing but to neural and synaptic functions, as seen in  Table 3. Age-related

changes  in  splicing  patterns  of  genes  with  these  functions  have  also  been  reported  in  the

hippocampus of mice  43 and may be linked to the decrease of neural plasticity that accompanies

aging.

Table 3: Pathways significantly enriched in genes affected by age-associated events across brain regions.

Brain region Pathway
Normalized Enrichment

Score (NES)
FDR

Cortex
Adherens junction 1.50 0.039

Endocytosis 1.48 0.041
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Brain region Pathway
Normalized Enrichment

Score (NES)
FDR

Hippocampus

Huntington’s disease 1.54 0.042

Oxidative phosphorylation 1.53 0.029

Calcium signaling 1.50 0.029

Endocytosis 1.50 0.023

Melanogenesis 1.48 0.031

Alzheimer’s disease 1.45 0.040

Gap junction 1.45 0.034

Long term depression 1.45 0.034

These results show that both in tissues and brain regions alterations in inflammatory and

immune pathways only take place at the gene expression level. Alternative splicing changes with age

impact the spliceosome and, in the brain, neural functions, which also undergo expression changes

with age.
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3.3. Heterogeneity of alternative splicing with age

Increase  in  heterogeneity  of  phenotype  with  age  is  well  established.  Studies  in

Caenorhabditis elegans revealed an increase of variability with age both between organisms of the

same age group and different cells of the same organism, which was attributed to stochastic factors

that take part in the aging process of the nematode 97. Similar effects can be witnessed in the human

species as exemplified by monozygotic twins, which accumulate differences in phenotype with age

that have been linked to epigenetic changes 97. Beyond variation in the phenotype, also an increased

variation in gene expression with age was described in rats and humans and related to stochastic

effects, such as cellular damage and mutations 99,100. Adding to increase of variation, a decrease of

variation has also been found between some genes in brain regions of humans under and above 60

years old 101. However, changes in heterogeneity of alternative splicing patterns with age have not yet

been documented, which lead to the inclusion of this analysis in the current work.

In order to analyze age-related changes in heterogeneity of alternative splicing, the AS events

which showed a significant change in variance across age groups (Levene test FDR under 0.05) were

selected. For each of these events, a measure of heterogeneity across individuals of the same age

group,  given by the Inter-Quartile  Range (IQR)  of  PSIs  was  computed,  age group by age group,

resulting in six values per event, corresponding to the six age groups. A Spearman rank correlation

was used to test for correlation between IQR and age for each of the events. The distributions of the

resulting Spearman rank correlation coefficients are shown in Figure 21.

Tissues with  a  distribution  of  correlation coefficients  more  concentrated  on  the  positive

semi-axis correspond to tissues where most of the alternative splicing events show an increased
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Figure 21: Distribution of correlation coefficients between age and IQR of selected AS events in each tissue.



heterogeneity  with  age  (positive  correlation  between IQR and  age).  These  are  brain,  esophagus

(including mucosa), blood vessel, heart, lung, nerve, pituitary, stomach, thyroid and blood. Tissues

with a distribution of correlation coefficients more concentrated on the negative semi-axis are colon,

kidney and salivary gland.

The increase of heterogeneity with age observed in most tissues was expected, due to the

previously mentioned accumulation of stochastic effects with age, such as damage and mutations,

namely  point  mutations  and  genome  rearrangements.  While  point  mutations  occur  with  cell

replication,  genome rearrangements also take place  in  post-mitotic  cells  and have shown to  be

induced by oxidative  stress  102.  These could  lead to  an increase in  transcriptional  noise  in  both

dividing and non-dividing cells, be it at the level of gene expression or alternative splicing, resulting

in the observed increase in heterogeneity.

Nevertheless, the decrease in heterogeneity that takes place in colon, kidney and salivary

gland was not expected. One explanation for this could be the loss of alternative splicing with age,

leaving only constitutive splicing to occur in these tissues. In order to test this hypothesis, the events

which  located  in  the  negative  semi-axis  for  each  of  these  three  tissues  were  selected  and  the

percentage of these events which were alternatively spliced (0.05 < PSI < 0.95) was computed for all

the  6  age-groups.  The  percentage  of  events  with  heterogeneity  increase  with  age  that  were

alternatively spliced was also computed and the differences were compared.  Figure 22 shows the

examples of events with decreased heterogeneity in colon and events with increased heterogeneity

in esophagus.

Indeed a decrease in alternative splicing of events with decreased heterogeneity can be seen

in colon and, to a lesser extent, in kidney and salivary gland (see  A.1), as opposed to events with
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Figure  22: Percentage of events with decreased heterogeneity in colon and increased heterogeneity in esophagus that are
alternatively spliced throughout the 6 age groups.



increased heterogeneity, in which alternative splicing is maintained or even increased. The loss of AS

may be due to the loss of the enhancer/silencer effect of some RNA-binding proteins, that in young

tissues promote alternative  exon inclusion/exclusion,  but become impaired in  aged tissues.  This

results in a reduction of complexity and variety of the transcriptome and proteome of cells that is

expected to impact their function.

 The same analysis was performed for brain regions. Even though brain as a whole shows an

increase in  alternative  splicing heterogeneity  with  age,  some brain regions,  such as  cerebellum,

spinal cord, anterior cingulate cortex and caudate show decreased heterogeneity (Figure 23).

However, in cerebellar hemisphere, cortex, hypothalamus, putamen and substantia nigra, AS

heterogeneity  increases  with  age.  Beyond  the  previously  mentioned  increase  of  mutations  and

damage with age, different rates of loss of specific cell types between individuals as they age may

also help explain the increase in variation of AS with age.

This may be particularly applicable in the case of brain regions, since a direct parallel can be

established  with  neurodegenerative  disorders.  It  is  known  that  aging  is  a  risk  factor  for  the

development of neurodegenerative disorders; however, Figure 24 highlights a similarity between the

aging  and  neurodegeneration  trends  in  terms  of  alternative  splicing,  suggesting  that  the

neurodegeneration signature corresponds to an aggravation of the aging signature. Therefore, it can

be speculated that the loss of  neurons that  takes place in neurodegenerative disorders may be

present, in a lesser extent, during aging, which would explain an increase in heterogeneity with age

but also impose a tight control in order to make sure the derived signatures of aging are not affected

by this change in cell composition with age.
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Figure 23: Distribution of correlation coefficients between age and IQR of selected events in each brain region.



The  percentage  of  events  alternatively  spliced  among  those  showing  increased  and

decreased heterogeneity  in  brain  regions was also assessed,  revealing  a  decrease of  alternative

splicing  in  most  brain  regions  where  heterogeneity  of  AS  was  found  to  decrease  and  either  a

conservation or increase of AS in regions where heterogeneity increased, as exemplified in Figure 25.
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Figure 24: Principal Component Analysis of AS quantification using GTEx samples from frontal cortex and samples from
patients with Parkinson’s disease, as well as control patients. Samples from control and Parkinson’s patients were obtained
by Dumitriu  et al., available in the GEO under the accession number GSE68719  109, and analyzed by the colleague Marie
Bordone. PCA was performed considering only the 20 events most significantly correlated to age in frontal  cortex. The
percentage of the variance explained by each component is indicated in the respective axis label.

Figure  25: Percentage of events with decreased heterogeneity in caudate and increased heterogeneity in cortex that are
alternatively spliced throughout the 6 age groups.



3.4. Tissue aging coordination

This section concerns the prediction of the relative biological age of samples of the same

tissue using their alternative splicing aging signature. The biological age is a general concept widely

used in aging studies which takes into account the physiological fitness of individuals rather than

their chronological age. For instance, a 50 year old individual may have one tissue as functional as

that of a 30 year old, but another far less functional and equivalent to that of a 60 year old.

Horvath  et al. have developed a predictor of age based on DNA methylation data  103, and

recent work by Yang et al. using GTEx samples describes the prediction of biological age based on

gene expression 84. In this study, the authors assessed the “co-aging” between two tissues, by ranking

samples in a given tissue according to their projection on Principal Component 1, which was highly

correlated to samples’  chronological  age,  and testing for correlation between the relative  ranks.

Strong correlations were obtained between heart,  lung and blood, indicated tightly synchronized

age-related expression changes in these tissues. Given the interest in understanding the connections

between the aging patterns of different tissues and the possible insights into the mechanisms of

aging that  could  be withdrawn from that,  biological  age was  assessed in  a  similar  fashion,  but

considering  the  alternative  splicing  signature  of  aging  presented  in  section 3.2.3.1.  Beyond  the

application  of  previously  performed  Principal  Component  Analysis,  a  multiple  linear  regression

model was also used to estimate tissue biological age. This model is shown to result in a better

correlation between predicted and chronological age of samples when compared to PCA and is used

to assess aging trends between tissues.

3.4.1. Principal Component Analysis

In section 3.2.3.1 a Principal Component Analysis of AS was performed, identifying an aging

axis defined by Principal Component 1. A Spearman rank correlation test shows that the projection

of samples on PC1 is significantly correlated with age for each tissue, as shown in Table 4.

Table  4: Correlation between projections on PC1 and observed age of all available samples for each tissue. The Spearman
rank correlation coefficient and p-value are presented.

Tissue Sp. rank cor. coefficient Sp. rank cor. p-value

Adipose Tissue -0.378 9.91e-16

Brain -0.349 6.69e-07

Breast -0.465 7.09e-13

Colon -0.477 2.52e-16

Esophagus -0.422 4.36e-14

Esophagus – Mucosa -0.429 2.88e-14

Blood Vessel 0.428 3.65e-20

Heart -0.336 3.58e-09

Lung -0.393 2.74e-13

Salivary Gland -0.791 2.48e-13

Muscle -0.409 9.02e-19
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Tissue Sp. rank cor. coefficient Sp. rank cor. p-value

Nerve 0.505 4.18e-21

Prostate -0.596 1.61e-11

Skin -0.374 1.35e-15

Testis -0.516 4.50e-13

Thyroid -0.409 1.98e-14

Uterus -0.647 4.05e-11

Blood -0.383 3.60e-15

Table  5:  Correlation  between  projections  on  PC1  and  observed  age  of  all  available  samples  of  each  brain  region.  The
Spearman rank correlation coefficient and p-value are presented.

Brain region Sp. rank cor. coefficient Sp. rank cor. p-value

Cortex -0.447 6.16e-07

Hippocampus -0.503 2.38e-07

Hypothalamus -0.607 5.75e-11

Even  though  projections  on  Principal  Component  1  are  significantly  correlated  to  the

chronological ages of samples for each tissue, this PC may not incorporate all the variance that can

be related to the age of samples, despite being the one that explains the largest slice of variance. For

that reason, a multiple linear regression model was fit to the data, in an attempt to improve the

estimation of biological ages.

3.4.2. Multiple Linear Regression Model

An alternative method to rank samples from the same tissue according to their relative age is

to adjust a multiple linear regression model to the values of alternative splicing quantification of

each tissue. This model would be able to describe the age of samples of a given tissue as a linear

function of their alternative splicing quantification (PSI values).

3.4.2.1. Selection of the optimal number of AS events

Even though  the  number  of  age-correlated  alternative  splicing  events  for  each  tissue  is

known, it is not clear how many of those events should be included in the multiple linear regression

model in order to assure its maximal performance. Including a higher number of AS events results in

a more detailed model but too many will lead to overfitting. In this situation, the coefficients of the

model are not optimized to adjust as well as possible to the data due to the excess of variables and

the performance drops when the model is applied to the validation set. Therefore, the number of

alternative splicing events to include as variables of the model must be chosen. Since each tissue has

a specific model, built  with its specific aging signature, the process is applied to data from each

tissue separately.

The number of AS events to include as variables of the model was chosen by progressively

adding the most age-correlated events to the model and monitor its performance. The details of this

procedure can be found in section 2.3.3.1.
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Goodness of fit of the model to the data, measured by the significance of the Spearman rank

correlation between observed (that is,  real) ages and those predicted by the model,  is shown in

Figure 26, for three repetitions of the procedure in adipose tissue.

The number of AS events for which the goodness of fit is maximal is selected for all three

trials. The results of this selection are presented in Tables 6 and 7 for each tissue and brain region,

along with the median of the 3 results, which corresponds to the number of AS events to be included

as variables of the final model.

Table 6: Results of the three computations of the optimal number of alternative splicing events to be included in the multiple
linear regression model.

Tissue Trial 1 Trial 2 Trial 3 Median

Adipose Tissue 42 42 42 42

Brain 33 33 33 33

Breast 43 46 43 43

Colon 17 17 17 17

Esophagus 37 37 35 37

Esophagus – Mucosa 89 89 89 89

Blood Vessel 23 23 23 23

Heart 4 4 4 4

Lung 3 3 3 3

Salivary Gland 8 8 9 8

Muscle 18 19 18 18

Nerve 9 9 9 9

Prostate 6 6 5 6

Skin 71 67 71 71

Testis 20 20 20 20

Thyroid 7 7 7 7
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Figure  26:  Evolution  of  goodness  of  fit  of  the  multiple  linear  regression  model  for  adipose  tissue  with the  number  of
alternative splicing events included as variables of the model. The results for the 3 trials are presented.



Tissue Trial 1 Trial 2 Trial 3 Median

Uterus 19 19 18 19

Blood 2 5 6 5

Table 7: Results of the three computations of the optimal number of alternative splicing events to be included in the multiple
linear regression model.

Brain region Trial 1 Trial 2 Trial 3 Median

Cortex 3 7 3 3

Hippocampus 25 26 16 25

Hypothalamus 18 17 17 17

3.4.2.2. Adjustment to AS quantification data

After the selection of the number of alternative splicing events to include as variables, the

models are adjusted to all available  samples of each of the tissues, leaving none for validation. In

Figure 27 the predicted ages of adipose tissue samples are shown as an example of the obtained

results. Those for remaining tissues can be found in Appendix - A.2.

The  capacity  of  the  model  to  accurately  predict  the  relative  age  rank  of  samples  for  a

particular tissue is assessed with a Spearman rank correlation test between the observed age of the

samples and the age predicted by the model, with the results shown in Table 8.
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Figure  27:  Ages predicted by the model for adipose tissue, separated by real (chronological)  age groups of samples. The
number of events included in the model is discriminated on top.



Table  8: Correlation  between ages predicted by model  and observed ages  of  all  available  samples  for  each  tissue.  The
Spearman rank correlation coefficient and p-value are presented.

Tissue Sp. rank cor. coefficient Sp. rank cor. p-value

Adipose Tissue 0.534 2.01e-32

Brain 0.647 2.80e-24

Breast 0.685 6.16e-31

Colon 0.614 1.49e-28

Esophagus 0.598 7.93e-30

Esophagus – Mucosa 0.797 4.10e-64

Blood Vessel 0.556 1.72e-35

Heart 0.404 6.35e-13

Lung 0.403 6.17e-14

Salivary Gland 0.828 2.02e-15

Muscle 0.526 5.01e-32

Nerve 0.542 1.34e-24

Prostate 0.590 2.83e-11

Skin 0.638 6.24e-50

Testis 0.687 2.25e-25

Thyroid 0.482 3.41e-20

Uterus 0.850 2.84e-24

Blood 0.405 5.70e-17

Table 9: Correlation between ages predicted by model and observed ages of all available samples for each brain region. The
Spearman rank correlation coefficient and p-value are presented.

Brain region Sp. rank cor. coefficient Sp. rank cor. p-value

Cortex 0.513 5.56e-09

Hippocampus 0.802 2.91e-22

Hypothalamus 0.738 1.46e-17

The correlation between the ages predicted by the model  and the observed ages of  the

samples is highly significant for all tissues. When comparing these results with those presented in

Table 4, it becomes clear that the multiple linear regression model outperforms the ranking method

according to Principal Component Analysis. Furthermore, the Spearman rank correlation coefficients

obtained suggest a better performance than the method described by Yang et al. (mean Spearman

rank correlation coefficient of 0.5). However, it is important to note that the predicted ages lack some

accuracy, as seen in  Figure 27. Predicted ages are centered around the decades of 50’s and 60’s,

under-estimating the age of samples from older individuals and over-estimating that of  samples

from younger ones. This is very likely to be the result of a higher number of samples from individuals

of these age groups, which tune the model for the correct prediction of these ages. Furthermore, the

fact that the observed ages of samples are categorical variables (correspond to a range rather than

to a  number)  introduces an extra difficulty in the prediction by a linear model  which generates

numeric values, since the variability within the same age group cannot be taken into account.
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3.4.2.3. Aging trends across tissues

The ages predicted by the multiple linear regression models can be used to estimate the

relative biological age of samples of the same tissue from different donors. Considering that for each

pair of tissues there is a number of donors for which samples from both tissues are available, it is

possible to correlate each pair of tissues in terms of the relative biological age using a Spearman

correlation test.  This was the procedure implemented for all  pairs of tissues, thus assessing the

similarity in aging trends between them. High correlations between a given pair point to similar aging

trends between the tissues.  Figure 28 presents a heatmap of the correlation matrix, showing two

main groups of tissues that age together: one composed mainly of brain regions, together with the

esophagus mucosa,  and another composed of circulatory system tissues – such as blood, blood

vessels  and  heart  –  together  with  lung,  from  the  respiratory  system,  and  thyroid.  The  high

correlations also found by  Yang  et  al. between lung,  blood and heart  support  these results and

indicate  that  the  synchronization  of  their  age-related  changes  is  common  to  the  whole

transcriptome.
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Figure 28: Aging coordination between tissues. The colors of the heatmap correspond to the Spearman rank correlation
coefficient  between  each  pair  of  tissues  (strong  correlations  are  shown  in  red  and  weaker  ones  in  yellow).  The
dendograms show the hierarchical clustering of tissues according to their aging coordination.



Brain regions seem to age somewhat independently from the remaining tissues, which is

visible by the grouping of the lightest shades of yellow in the regions concerning correlation between

brain  regions  and  other  tissues.  Previous  analysis  of  biological  functions  implicated  in  the  AS

signature  (section  3.2.3.2)  also  showed a distinction between the aging of  the  brain,  marked by

changes in splicing patterns of genes with neural functions, and the remaining tissues, in which the

spliceosome  was  the  affected  pathway.  The  joint  interpretation  of  these  analyzes  points  to  an

independence  of  the  aging  process  of  the  brain  both  functionally  and  chronologically  when

compared to the remaining tissues.

While these are interesting results, it is important to take into account that the strength of

the correlations  between the tissues may be affected by the number of  individuals  from which

samples  from both  tissues  are  available.  A  higher  number  of  individuals  would  result  in  more

significant correlations, without an actual biological meaning.
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3.5. Cellular senescence signature

Cellular  senescence  is  one  of  the  hallmarks  of  aging,  as  defined  by  López-Otín  et  al.  4.

Accumulation  of  senescent  cells  is  known  to  occur  with  age,  promoting  a  chronic  low-grade

inflammation, disrupting stem cell niches and altering tissue architecture. Given the importance of

this process in aging, the transcriptomic changes that take place during cellular senescence were

evaluated, both at the level of gene expression and alternative splicing, and the contribution of this

process to the previously described aging signatures was estimated. Furthermore, the regulation of

alternative splicing events by RNA-binding proteins was analyzed.

3.5.1. Gene expression analysis

3.5.1.1. Data processing

Gene expression data for  the senescence dataset  was filtered in order to  remove genes

which only contained missing values or with very low expression in most samples, as described in

section  2.2.4.1,  since  they  would  not  be  informative.  After  filtration,  gene  expression  data  was

normalized, as described in section 2.2.4.2.

3.5.1.2. Exploratory data analysis

An exploratory Principal Component Analysis of normalized gene expression data revealed a

pattern in samples that matched the one described by Purcell et al. 58, visible in Figure 29.

54

Figure  29:  Principal  Component  Analysis  (PCA)  on  gene  expression  senescence  data.  The
percentage of the variance explained by each component is indicated in the respective axis label.



Principal Component 1 (PC1) separates very clearly the samples that kept one of the copies

of the  p53 gene (young, aging and replicative senescent cells) from the ones that do not have any

copy of p53 and were immortalized and induced into senescence or quiescence.

On  the  other  hand,  the  projection  of  samples  on  PC2  seems to  become lower  as  they

progress  into  senescence.  Immortalized  and  induced  quiescent  cells  both  present  high  PC2

projections,  which  become  lower  upon  senescence  induction  by  hydrogen  peroxide,  5-aza-

deoxycytidine or adriamycin. Adriamycin-induced senescent samples are reported by Purcell et al. to

present the highest fold change in expression of SASP components and, concordantly, present the

lowest PC2 projection. On the other hand, as non-immortalized cells are serially  passaged, their

projection on PC2 also becomes lower, until they reach replicative senescence. Since this trend was

not  fully  explored  in  the  work  of  Purcell  et  al.,  the  analysis  conducted  both  in  terms  of  gene

expression  and  alternative  splicing  is  focused  on  the  trends  found  when  progressing  into

senescence. Due to the strong separation shown in Figure 29, immortalized cells were not included

in this analysis.

3.5.1.3. Gene expression signature

Gene  expression  changes  as  cell  culture  age  increases  and  cells  progress  towards

proliferative  senescence  were  assessed  by  testing  for  Spearman  correlation  between  gene

expression quantification and culture age.

After  p-value  correction  for  multiple  testing,  1766  genes  showed  significant  changes  in

expression during serial culture, 151 of which encode RNA-binding proteins or splicing factors. Even

though genes known to be involved in cellular senescence (such as  p16,  p21 or  RB1) could not be

counted among those with identified gene expression changes, some components of the senescence

associated secretory phenotype (SASP) were found, such as IL1A.

A  Gene  Set  Enrichment  Analysis  of  the  genes  with  detected  expression  changes  during

culture was performed, with the results shown in  Table 10. Inflammatory and immune response

pathways  are  up-regulated,  while  cell  cycle-related  pathways  like  DNA  replication  are  down-

regulated, which is in agreement with previously found changes in gene expression during cellular

senescence 104,105.
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Table 10: Pathways significantly enriched in genes with up- or down-regulated expression as culture age increases.

UP-REGULATED

Pathway
Normalized Enrichment

Score (NES)
FDR

Autoimmune thyroid disease 2.32 0.000

Lysosome 2.32 0.000

Allograft rejection 2.29 0.000

Graft versus host disease 2.20 0.001

Type I diabetes Mellitus 2.19 0.001

Leishmania infection 2.16 0.001

Natural killer cell mediated

cytotoxicity
2.10 0.002

Endocytosis 2.02 0.006

Antigen processing and presentation 1.99 0.007

RIG-I-like receptor signaling pathway 1.98 0.007

Notch signaling pathway 1.94 0.009

Proteasome 1.93 0.009

Toll-like receptor signaling pathway 1.89 0.013

Epithelial cell signaling in

Helicobacter pylori infection
1.85 0.017

B-cell receptor signaling pathway 1.82 0.022

Leukocyte transendothelial migration 1.80 0.026

Neurotrophin signaling pathway 1.79 0.024

Pathogenic Escherichia coli infection 1.74 0.033

Viral myocarditis 1.71 0.042

DOWN-REGULATED

Pathway
Normalized Enrichment

Score (NES)
FDR

Ribosome -2.96 0.000

DNA replication -1.98 0.020

Mismatch repair -1.89 0.031

Cardiac muscle contraction -1.81 0.046
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3.5.2. Alternative splicing signature

3.5.2.1. Data processing

Alternative splicing quantification data was filtered in order to remove missing values in

excess and events that were constitutively spliced across all samples.

Since the vast majority of events presented no missing values, as shown in  Figure 30, the

events with any missing value were excluded from the analysis. The remaining events were filtered in

order  to  remove  constitutively  spliced  events  across  all  samples,  as  previously  defined  for  the

analysis of the GTEx dataset.

3.5.2.2. Exploratory data analysis

An exploratory Principal Component Analysis was performed on filtered alternative splicing

quantification data, with the result shown in  Figure 31. Although the trend along PC2 is similar to

that observed for gene expression data, with samples increasing their projection on PC2 as culture

age progresses, the separation along PC1 according to maintenance or loss of p53 can no longer be

found, since immortalized cells show projections on PC1 similar to those of serially passaged cells.

This  may  indicate  that,  while  p53  has  a  high  impact  on  gene  expression,  its  impact  on

alternative splicing may not be as notorious, which would be expectable given the role of this protein

as a transcription factor.

57

Figure 30: Histogram of the percentage of missing values per event.



3.5.2.3. Alternative splicing signature

Alternative  exon  inclusion  or  exclusion  as  cells  progress  into  senescence  was  analyzed,

testing for a Spearman correlation between culture age and alternative splicing quantification. After

p-value correction for multiple testing, 207 AS events were found to be significantly correlated, 105

of which are exon skipping events. Figure 32 shows an example of an alternative splicing event (exon

skipping event) whose quantification correlates with culture age.

Gene  Set  Enrichment  Analysis  of  the  genes  affected  by  these  events  did  not  show any

significant enrichment.
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Figure 32: Example of alternative exon inclusion as cells progress into senescence.

Figure 31: Principal Component Analysis (PCA) on alternative splicing quantification data.



3.5.2.4. Contribution to the aging signature

Given the role that accumulation of senescent cells plays in the aging process, an enrichment

in the cellular senescence AS signature within the aging AS signature was tested. As described in

section  2.4.1.1,  a  custom gene  set  was  used,  corresponding  to  the  alternative  splicing  changes

detected as cells progress into senescence. The enrichment of age-correlated changes in alternative

splicing in cellular senescence-correlated changes is shown in Figure 33.

The strongest alternative splicing signatures of aging, as shown in Figure 19, were found to

be significantly enriched in the cellular senescence signature, highlighting the contribution of this

cellular mechanism to the process of aging. Even though the cellular senescence signature has been

obtained from cultured cells, which may not entirely recapitulate the aspects of in vivo senescence, it

can be considered a model  for the process,  since some of  the changes known to take place  in

senescence, such as the up-regulation of inflammatory pathways and down-regulation of cell cycle

pathways, are also found in this analysis.
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Figure  33:  Gene Set Enrichment Analysis results for age correlated AS changes in each tissue and brain region. The bar
height corresponds to the -log10 of the FDR of the enrichment result and the yellow star marks the tissues for which a
significant enrichment in the cellular senescence signature within the aging signature was found.



4. Conclusions

Previous  works  on  aging  transcriptomics  have  revealed  differential  expression  of  genes

involved  in  mRNA  processing  pathways  with  age,  as  well  as  changes  in  the  alternative  splicing

pattern of genes in those pathways. This hinted at the undisclosed importance of alternative splicing

in the process of aging which motivates this work.

This  work  provides a  characterization of  the  alternative  splicing changes that  take  place

during human aging, at a greater extent than previously done, by relying on samples from over 500

human donors and from a wide variety of tissues. This allows for a comprehensive characterization

of the changes taking place throughout the human body with relevant statistical power. In addition,

the use of RNA-sequencing data as opposed to the microarrays used in some of the previous works

presents the advantages of higher accuracy and independence from genome annotation.

In summary, gene expression changes with age were assessed, leading to conclusions similar

to those that had been previously described 83,84, which validates the approach chosen in this work.

Alternative splicing changes correlated with age were also identified, affecting genes encoding for

spliceosome components and confirming previous reports of age-associated AS changes in mRNA

processing genes 41,96. This was shown to be a phenomenon spread throughout most tissues, with the

remarkable exception of brain. A closer analysis of brain regions showed that alternative splicing

changes with age affected genes involved in neural functions, which was once again in line with

previous discoveries in the hippocampus of mice  43. In general, tissues that presented more gene

expression  changes  with  age  also  presented  more  alternative  splicing  changes,  which  was

considered  a  strong  transcriptomic  aging  signature.  It  is  not  clear  why  some  tissues  present

signatures stronger than others, but it may be related to the cell turnover rate in the tissues, among

other possibilities.

The variation of the heterogeneity of alternative splicing events with age was also assessed,

revealing an increase of heterogeneity with age in most tissues. This was the expected result, since

heterogeneity of gene expression and phenotype is known to increase with age 96–99 and mutations in

splice sites,  defects of the splicing machinery and other stochastic events impact each individual

differently.  However,  exceptions  like  colon,  kidney  and  salivary  gland  were  found,  in  which

heterogeneity of AS decreased with age. In these cases, the number of events that are alternatively

spliced was found to decrease, giving place to constitutive splicing and decreasing the complexity of

the transcriptome and likely the proteome. Attention must be paid to the possibility that, similarly to

what takes place during neurodegenerative disorders, in which neurons are lost, the proportion of

the different cells in the tissues may become different with age, and this may happen at different

rates for different individuals, increasing alternative splicing heterogeneity.

The aging trends of the different tissues were also assessed, in a perspective inspired by the

work of Yang et al. 84. A tissue-specific linear model able to predict biological age based on alternative

splicing quantifications was created and the correlation of predicted biological ages between tissues

was tested. This resulted in two clusters of tissues, one containing mainly brain regions and another
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tissues  from  the  circulatory  and  respiratory  systems,  which  is  in  agreement  to  what  would  be

expected.  However,  the  linear  model  used  presents  some  limitations,  mainly  in  the  accurate

prediction of biological ages, which are centered in the age groups with the most samples.

Given the importance of the accumulation of senescent cells in the tissues during human

aging,  a  second analysis  was  performed,  regarding  transcriptomic  changes  taking  place  as  cells

progress into replicative senescence. The gene expression changes found were in agreement with

previous knowledge  104,105,  affecting mostly genes related to inflammatory and immune pathways.

Alternative splicing changes did not present an enrichment in biological functions and were used as a

cellular  senescence signature  in  order  to  quantify  the  contribution of  this  process to  the aging

process.  The  strongest  aging  signatures  were  found  to  be  enriched  in  this  cellular  senescence

signature, underlining the already established contribution of cellular senescence to aging of human

tissues. It must be taken into consideration that this is an in vitro signature of cellular senescence,

which may present some differences to the in vivo process. In addition, the signature found is not

strong, given the low number of samples that were used.

4.1. Future work

Several shortcomings of the present work have been described throughout this document,

some of which may be overcome. A sensitive issue is the possibility that there is a loss of specific cell

types with age, and that this happens at a different rate between individuals. This may impact to

some  extent  the  observed  aging  signature  and  also  help  explain  the  observed  increase  in

heterogeneity with age in most tissues. This hypothesis is particularly relevant in brain regions, since

the processes of aging and neurodegeneration share a trend which may indicate that some of the

changes taking place in neurodegenerative disorders may also be happening,  to a lesser extent,

during aging. This could be confirmed using the Cibersort software 105, which estimates the relative

abundance of cell types in a mixed cell population from gene expression data.

The linear model  for prediction of  biological  age of  tissues based on alternative splicing

quantification may also be subject to improvements. First  of  all,  the linearity of  the relationship

between the variables should be tested, in order to make sure another type of model would not be

more appropriate. Secondly, the accuracy of the prediction of biological age by this model may be

improved by considering the same number of samples from each age group when fitting and testing

the model, in order to avoid centering the predicted biological age around the age groups with a

higher  number  of  samples,  namely  between  50  and  70  years  old.  Furthermore,  a  possible

improvement of the model would be the addition of the contribution of gene expression data, which

is already known to be able to separate samples of peripheral blood leukocytes from young ( < 65

years  old)  and old  (  ≥ 75  years  old)  humans  41 and was  used by Yang  et  al.  for  biological  age

prediction. Finally, it would be interesting to test the behavior of this model in an entirely different

dataset, in order to predict its robustness in a real-life situation.
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Some general comments remain to be done. In the first place, this work was focused on the

analysis of a particular subset of alternative splicing events, the exon skipping events. This is the

most common type of event, but other types may also play a role in the aging process which is not

included in the present analysis. Quantification data for these events in the GTEx dataset has already

been generated using the SUPPA software and can be used in future analyses.

Finally, the regulation of AS by some RNA-binding proteins can also be analyzed, both in

cellular  senescence  and  aging,  which  might  result  in  the  identification  of  putative  targets  of

regulatory RBPs that undergo AS changes with these processes.

4.2. Therapeutic potential

Current  therapeutic  approaches  targeting  alternative  splicing  include  the  use  of  splice-

switching  antisense  oligonucleotides,  that  modulate  a  specific  alternative  splicing  event,  and  of

molecular inhibitors of spliceosome components.

Splice-switching antisense oligonucleotides (SSOs) are short and synthetic oligonucleotides

that  hybridize  with  splicing  enhancer  or  silencer  sequences  in  a  given  target  transcript.  This

hybridization  impairs  RNA-RNA  or  protein-RNA  interactions  that  are  established  between  these

sequences  and  the  splicing  machinery,  thus  modulating  alternative  splicing.  SSOs  have  been

designed  to  treat  diseases  such  as  Duchenne  muscular  dystrophy,  for  instance,  by  promoting

skipping of exon 51 of the gene encoding for dystrophin, a structural protein in muscle cells, which

results in an increased expression of the protein 106,107.

On  the  other  hand,  molecular  inhibitors  target  not  a  single  event,  but  the  spliceosome

machinery.  Their  mechanism of action is  generally  not well  understood and they may be found

through high-throughput screenings of chemical libraries with splicing assays. These small molecules

possess a great potential for targeting cancer, since mutations in the spliceosome are known to be

involved  in  the  development  of  some  cancers,  but  can  lead  to  off-target  splicing  with  adverse

consequences 109,111.

Given  the  role  alternative  splicing  plays  in  the  human  aging  process,  described  by  the

present work and by previous findings, further research into alternative splicing changes taking place

in human aging may result in the identification of AS events that play a role in the decrease of fitness

that accompanies aging. Therapeutic targeting of these events, or other therapeutic strategies based

on  spliceosome  inhibition,  could  ameliorate  the  aging  phenotype  to  some extent  and  be  used,

together with other therapies, to increase human health-span.
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Appendix

A.1 Percentage of events with decreased heterogeneity with age that are

alternatively spliced
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Figure  39:  Percentage  of  events  with
decreased  heterogeneity  in  anterior
cingulate  cortex  that  are  alternatively
spliced throughout the 6 age groups.

Figure  38:  Percentage  of  events  with
decreased heterogeneity  in  spinal  cord
that are alternatively spliced throughout
the 6 age groups.

Figure  37:  Percentage  of  events  with
decreased  heterogeneity  in  cerebellum
that are alternatively spliced throughout
the 6 age groups.

Figure  36:  Percentage  of  events  with
decreased  heterogeneity  in  kidney  that
are alternatively spliced throughout the 6
age groups.

Figure  35:  Percentage  of  events  with
decreased  heterogeneity  in  kidney  that
are alternatively spliced throughout the 6
age groups.

Figure  34:  Percentage  of  events  with
decreased  heterogeneity  in  colon  that
are alternatively spliced throughout the 6
age groups.
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Figure  40:  Percentage  of  events  with
decreased heterogeneity in caudate that
are alternatively spliced throughout the
6 age groups.



A.2 Ages predicted by the multiple linear regression model for each tissue

and brain region
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Figure 44: Ages predicted by the model for breast, separated
by chronological age groups of samples.

Figure  43:  Ages predicted by the model for brain, separated
by chronological age groups of samples.

Figure 42: Ages predicted by the model for blood, separated
by chronological age groups of samples.

Figure  41:  Ages predicted by the model for adipose tissue,
separated by chronological age groups of samples.
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Figure 48:  Ages predicted by the model for heart, separated
by chronological age groups of samples.

Figure  47:  Ages  predicted  by  the  model  for  esophagus
mucosa, separated by chronological age groups of samples.

Figure 45: Ages predicted by the model for colon, separated
by chronological age groups of samples.

Figure  46:  Ages  predicted  by  the  model  for  esophagus,
separated by chronological age groups of samples.
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Figure  52:  Ages predicted by the model  for  salivary  gland,
separated by chronological age groups of samples.

Figure  51:  Ages  predicted  by  the  model  for  prostate,
separated by chronological age groups of samples.

Figure 50: Ages predicted by the model for nerve, separated
by chronological age groups of samples.

Figure 49: Ages predicted by the model for muscle, separated
by chronological age groups of samples.
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Figure 55: Ages predicted by the model for thyroid, separated
by chronological age groups of samples.

Figure 54:  Ages predicted by the model for testis, separated
by chronological age groups of samples.

Figure 53: Ages predicted by the model for skin, separated by
chronological age groups of samples.

Figure 56: Ages predicted by the model for uterus, separated
by chronological age groups of samples.
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Figure  60:  Ages predicted by the model for hypothalamus,
separated by chronological age groups of samples.

Figure  59:  Ages predicted by the model  for  hippocampus,
separated by chronological age groups of samples.

Figure 58: Ages predicted by the model for cortex, separated
by chronological age groups of samples.

Figure  57:  Ages  predicted  by  the  model  for  blood  vessel,
separated by chronological age groups of samples.
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