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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
alterations in 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.
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Introduction

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 1. This poses a new
issue: with falling birthrates in developed countries, the
population  will  become  more  aged  and  fragile.  Since
aging is the primary risk factor for a number of diseases
–  cancer,  diabetes,  cardiovascular  and
neurodegenerative  disorders,  among  others  –  this
situation  is  expected  to  raise  a  number  of  issues  in
societies.  Therefore,  there  is  great  need  for  the
extension  of  the  period  of  disease-free  physiological
health known as the health-span, for which knowledge
regarding the mechanisms of aging is essential.

The  mechanisms  of  aging  have  been  extensively
researched, but there is still no unifying theory that can
integrate  all  current  knowledge.   Even  though  nine
hallmarks of aging have been established by López-Otín
et  al. 2,  the  causal  network  connecting  them  is  still
missing,  as  well  as  further  characterization  of  the
changes  taking  place  in  cells  during  aging.  These
changes  can  be  approached  by  focusing  on  the
transcriptome,  the  full  range  of  messenger  RNA
molecules (mRNA) in the cell, which serve as blueprints
for protein synthesis. Analysis of transcriptomic changes
with age have already resulted in the identification of
increased expression of genes involved in inflammation
and immune response in mice,  rats and humans  3,  as
well as changes in the expression of genes involved in
pre-mRNA  processing  4.  Furthermore,  changes  in  the
alternative  splicing  of  transcripts  with  age  have  also
been  found  5,6,  pointing  to  an  important  role  of  this
process in aging. However, this potential role has not yet

been inspected in detail in human tissues and with the
statistical  power  conferred  by  large  numbers  of
samples.

Splicing, the removal of introns and ligation of exons in
premature  messenger  RNA  (pre-mRNA),  can  be
performed in different ways, leading to transcriptional
diversity  7. This process is known as alternative splicing
and  is  tightly  regulated  both  by  cis-acting  and  trans-
acting factors.  The first  include sequences of  the  pre-
mRNA  known  as  exonic/intronic  splicing
enhancers/silencers,  which  provide  binding  sites  for
trans-acting factors such as some RNA-binding proteins
(RBPs), that promote or inhibit the inclusion of a given
exon  in  the  mature  transcript  7.  Deregulation  of
alternative splicing has been linked to several diseases,
including  cancer,  and  can  be  analyzed  using  RNA-
sequencing  data.  In  the  present  work,  alternative
splicing  changes  taking  place  in  human  aging  were
characterized  from  post-mortem samples  of  several
tissues  of  over  500  human  donors,  collected  by  the
Genotype-Tissue  Expression  (GTEx)  project  8,9.
Furthermore, the contribution of cellular senescence to
the observed changes with age was estimated.

Results

Gene expression changes with age

Gene expression data was filtered in order to remove
genes that are not sufficiently expressed in any of the
age groups and normalized to account for non-biological
variability  present  in  the  data.  Since  samples  from
several tissue regions are available for the same tissue,
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Figure  1: Top panel: 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 encoding RNA-binding proteins or splicing factors among the genes with age-
correlated expression changes are marked. Bottom panel: Number of alternative splicing events with age-correlated changes in each tissue and
brain region.



these values were grouped all into one (the mean value)
for  each  tissue  of  each  donor,  except  for  esophagus
mucosa, which presented a signature very distinct from
that of remaining esophagus regions. Brain regions were
also  analyzed  separately,  given  the  complexity  of  this
organ  and  its  interest  in  the  link  between
neurodegenerative disorders and aging.

A  test  for  correlation  (Spearman  rank  correlation)
between expression levels of each gene across samples
and age of the same samples was performed for each
tissue, with the results shown in Figure 1 (top panel). In
order to assess the biological implications of these gene
expression  changes,  a  Gene  Set  Enrichment  Analysis
(GSEA)  was  performed  to  test  for  enrichment  in
pathways available  at  KEGG database among a list  of
genes ordered by decreasing correlation coefficient. In
brain regions, pathways related to neural functions were
found to be down-regulated (FDR of enrichment < 0.05)
and inflammatory and immune pathways up-regulated,
which  in  line  with  previous  findings  6,10–13.  In  the
remaining  tissues,  up-  and  down-regulation  of
inflammatory  and  immune  pathways  was  observed,
which  is  not  in  total  agreement  with  previously
described changes with age, which only account for up-
regulation of these pathways.

Testing for enrichment in a customized list of RBPs and
splicing factors (SFs)  among the previous list  of  genes
yielded  significant  results  for  several  tissues,  marked
with stars and diamonds in  Figure 1 (top panel). Since
some  of  these  RBPs  and  SFs  may  be  play  a  role  in
splicing regulation, changes in their expression hint at
potential changes in alternative splicing patterns.

Alternative splicing changes with age

Alternative  splicing  quantification  data  was  filtered  in
order  to  remove  events  and  samples  with  too  many
missing values (≥ 20% for events and ≥ 30% for samples)
and  events  that  are  constitutively  spliced  across  all
samples (variance of event across samples < 0.01 and
mean PSI across samples in a window of 0.05 around
the extremes 0 or 1),  since the first compromise both
the reliability of the data and downstream analysis, and
the  latter  are  not  informative.  Samples  from  several
regions of the same tissue, from the same donor, were
grouped into one value, as for gene expression analysis,
but taking the median of all values.

A  test  for  correlation  (Spearman  rank  correlation)
between  alternative  splicing  quantification  for  each
event across samples and age of the same samples was
performed  for  each  tissue,  with  the  results  shown  in
Figure 1 (bottom panel). The tissues with most changes
correlated to age are the same at both gene expression
and alternative splicing level. Even though the reasons
for  the  disparity  between  strength  of  signatures
between  tissues  are  not  fully  understood,  potential
explanations  include  differences  in  the  cell  turnover
rate,  functional  complexity  or  cellular  heterogeneity
between tissues.

A GSEA was performed using a list of the genes affected
by AS events, ordered by strength of correlation of AS
events to age. The only significant enrichment found for

several tissues was in genes encoding for spliceosome
components, as shown in Table 1.

Table 1: Pathways significantly enriched (FDR < 0.05) in genes affected
by age-associated events across tissues.

Tissue Pathway FDR

Adipose Tissue Spliceosome 0.019

Breast Aminoacyl-tRNA Biosynthesis 0.015

Esophagus Spliceosome 0.038

Stomach Spliceosome 0.027

Testis Spliceosome 0.002

Uterus Spliceosome 0.041

This  analysis  revealed  a  striking  difference  between
brain  and  the  remaining  tissues,  as  the  pathways
enriched across regions of  this  organ were related to
synaptic functions, as seen in Table 2.

Table 2: Pathways significantly enriched (FDR < 0.05) in genes affected 
by age-associated events across brain regions.

Brain region Pathway FDR

Cortex Adherens junction 0.039

Endocytosis 0.041

Hippocampus Huntington’s disease 0.042

Oxidative phosphorylation 0.029

Calcium signaling 0.029

Endocytosis 0.023

Melanogenesis 0.031

Alzheimer’s disease 0.040

Gap junction 0.034

Long term depression 0.034

These  results  imply  that  genes  encoding  spliceosome
components and spliceosome-associated proteins suffer
a progressive inclusion or exclusion of a given exon with
age  throughout  human  tissues,  which  can  alter
expression, structure and function of the proteins that
are  synthesized  and  lead  to  decreased  specificity  and
disruption of splicing. On the other hand, the effect on
neural pathways that is found in brain region analysis
may be linked to the decrease of neural plasticity that
accompanies  aging.  Both  results  are  in  line  with
previous findings in mice and humans 4–6.

Heterogeneity of alternative splicing with age

Further characterization of AS changes with age involved
analysis  of  variation  in  heterogeneity  of  alternative
splicing  patterns  with  age,  since  an  increase  in
heterogeneity  of  phenotype  and  gene  expression  had
already been described 14–17.

AS events which showed a significant change in variance
across age groups (Levene test FDR < 0.05) were selected
and,  for  each,  a  measure  of  heterogeneity  across
individuals of the same age group – the Inter-Quartile
Range (IQR) of PSIs – was computed, age group by age
group.  Testing  for  correlation  (Spearman  rank
correlation)  between  IQR  and  age  for  each  event
provides  insight  to  whether  heterogeneity  of  AS
increases  or  decreases  with  age  for  each  particular
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event.  The  distributions  of  the  resulting  correlation
coefficients are shown in Figure 2.

Tissues  with  a  distribution  of  correlation  coefficients
concentrated on the positive semi-axis (where most of
the AS events show increased heterogeneity with age)
are brain, esophagus (including mucosa),  blood vessel,
heart, lung, nerve, pituitary, stomach, thyroid and blood.
Tissues  where  AS  heterogeneity  mostly  decreases  are
colon, kidney and salivary gland.

Most tissues present an increase in heterogeneity with
age,  which  was  expected  due  to  the  stochastic
accumulation  of  damage  and  mutations  in  different
ways for different individuals.  However, the decreased
heterogeneity  in  colon,  kidney and  salivary  gland  was
not expected. Upon closer inspection, the percentage of
events that are alternatively spliced is found to decrease
with age in these tissues, as exemplified in Figure 3 for
colon. In tissues with increased heterogeneity with age,
this does not take place and the percentage of events
alternatively spliced is even found to increase in some
cases,  as  depicted  in  Figure  3 for  esophagus.  The
observed  loss  of  AS  may  be  due  to  a  possible
impairment  of  the  enhancer/silencer  effect  of  some
RNA-binding proteins with age.

Brain  region  analysis  yields  similar  results,  shown  in
Figures  4 and  5,  with  some  regions  increasing  AS
heterogeneity with age (such as cerebellar hemisphere,

cortex,  hypothalamus,  putamen  and  substantia  nigra)
and others decreasing (such as cerebellum, spinal cord,
anterior  cingulate  cortex  and  caudate),  even  though
brain as a whole shows increased heterogeneity of AS
with age.

It  must  be  taken  into  account  that  increase  in
heterogeneity,  particularly  in  brain  regions,  may  be
related not only to increase in stochastic events but also
to loss of specific cell types, as takes place for neurons
during  neurodegeneration,  at  different  rates  between
different individuals.

Tissue aging coordination

Physiological  fitness  of  individuals  can  be  taken  into
account by biological age, as opposed to chronological
age.  Biological  age  predictions  based  on  methylation
and gene expression data have already been performed
by Horvath et al. 18 and Yang et al. 19, respectively. Yang
et  al. predicted  biological  ages  based  on  a  Principal
Component  Analysis  and  used  the  predicted  ages  to
estimate  “co-aging”  between  pairs  of  tissues,  using
samples from the GTEx dataset. This resulted in a tight
grouping  of  heart,  blood  and  lung,  as  tissues  with
synchronized age-related changes in gene expression. A
similar approach was applied in this work, using linear
models based on AS quantification data to predict tissue
biological age.
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Figure 2: Distribution of correlation coefficients between age and IQR 
of selected AS events in each tissue.

Figure 4: Distribution of correlation coefficients between age and IQR 
of selected AS events in each tissue.

Figure  5: Percentage  of  events  with  decreased  heterogeneity  in
caudate  and increased heterogeneity in cortex that  are alternatively
spliced throughout the 6 age groups.

Figure 3: Percentage of events with decreased heterogeneity in colon
and  increased  heterogeneity  in  esophagus  that  are  alternatively
spliced throughout the 6 age groups.



A  multiple  linear  regression  model  that  describes
sample age as a linear function of AS quantification was
adjusted to the data for each tissue.

The  optimal  number  of  events  to  be  included  in  the
model was determined by progressively adding the most
age-correlated events to the model and monitoring its
performance, as depicted in Figure 6 for adipose tissue.

The number of AS events for which the goodness of fit
was maximal was selected for all 3 trials and the median
was  considered  as  the  number  of  AS  events  to  be
included as variables of the final model (Tables 3 and 4).

Table 3: 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

Uterus 19 19 18 19

Blood 2 5 6 5

Table 4: 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

After the selection of the optimal number of AS events
to include as variables, the models are adjusted to all
available  samples  of  each  tissue.  Biological  ages  of
samples  are  predicted,  as  depicted  in  Figure  7 for
adipose tissue.

A  Spearman  rank  correlation  between  predicted  and
observed  ages  of  samples  confirms  that  the  model
accurately predicts the relative age rank of samples for
each tissue, since the results are highly significant for all
tissues  (p-values  between  5.59x10-9 and  4.10x10-64).
Accuracy of age prediction, however, is not ideal, as can
be seen in  Figure 7 by the under-estimation of ages of
samples from older individuals and over-estimation of
those of samples from younger ones. This is probably
due to the availability  of a higher number of samples
from individuals in their 50’s and 60’s, which tunes the
model for the correct prediction of these ages.

The  ages  predicted  by  the  multiple  linear  regression
models were used as estimates of the relative biological
age of samples of the same tissue from different donors.
Considering  that  for  each  pair  of  tissues  there  are
several  donors from which samples from both tissues
are  available,  correlation  between  biological  age  of
tissue pairs can be tested by Spearman rank correlation.
The higher these correlations, the most similar are the
aging trends of tissue pairs. Figure 8 presents a heatmap
of  the  correlation  matrix  for  the  tissues.  Two  main
groups of tissues are clustered together and therefore
seem to age similarly:  one composed mainly by brain
regions  and  another  mainly  by  circulatory  and
respiratory system tissues. This last group is in line with
the results found by Yang  et al.  using gene expression
data, who report a grouping of heart,  lung and blood.
Brain regions also seem to age somewhat independently
from  the  remaining  tissues,  indicating  that  the  aging
process of  the brain is  distinct,  not  only  in functional
terms, as previously seen, but also chronologically.
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Figure 6: 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.

Figure 7: 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.



Even  though  these  are  interesting  results,  attention
must be paid to the limitations of the linear model and
to the fact that the strength of the correlations between
tissues may be affected by the number of  individuals
from which samples from both tissues are available and
this may vary depending on the tissue pair.

Cellular senescence signature

Cellular  senescence  is  one  of  the  hallmarks  of  aging
described by López-Otín  et al. 2 and senescent cells are
known  to  accumulate  in  tissues  with  age,  disrupting
stem  cell  niches,  promoting  a  chronic  low-grade
inflammation and affecting tissue architecture.

Transcriptomic  changes  taking  place  during  cell
progression into  replicative  senescence were assessed
using  RNA-sequencing  data  from  LFS  fibroblasts  at
different time points in serial culture 20.

Genes that only contained missing values or that were
not  sufficiently  expressed  in  at  least  one  group  of
samples were filtered out and expression data for the
remaining  genes  was  subjected  to  quantile
normalization.  Correlation  between  gene  expression
levels  and  culture  age  was  tested  and  1766  genes
showed significant changes. GSEA of genes ordered by
decreasing  Spearman  rank  correlation  coefficient
revealed  up-regulation  of  inflammatory  and  immune
pathways  and  down-regulation  of  cell  cycle-related
pathways,  such  as  DNA  replication,  which  is  in
agreement with previous studies 21,22.

Alternative  splicing  quantification  data  was  filtered  in
order  to  remove  missing  values  and  events  that  are
constitutively  spliced  across  all  samples,  as  previously
defined  for  GTEx  data  analysis.  A  Spearman  rank
correlation  test  between  AS  quantification  data  and
culture  age revealed 207 events  significantly  changed,
107 of which are exon skipping events.

Given the role that accumulation of senescent cells plays
in aging, the contribution of the AS signature of cellular
senescence  to  aging  was  estimated  by  performing  a
Gene Set Enrichment Analysis, with the results shown in
Figure 9.

Comparing with the results shown in the bottom panel
of Figure 1, the strongest AS signatures of aging seem to
be enriched in the cellular senescence signature. Even
though this signature has been obtained from cultured
cells, which may not entirely recapitulate the aspects of
senescence  in vivo, the analysis has been validated by
the concordance with previously reported results,  and
highlights the contribution of cellular senescence to the
aging process.

Discussion

This work provides a characterization of the AS changes
taking place  during human aging,  using samples from
over 500 human donors and a wide variety of tissues,
allowing  for  a  comprehensive  characterization  of  AS
changes  with  relevant  statistical  power.  Furthermore,
the  RNA-sequencing  data  used  in  this  work  present
higher  accuracy  when  compared  to  the  microarrays
used in some of the previous works.

The observed gene expression changes were in line with
previous reports,  validating the approach  used in  this
work. Alternative splicing changes were shown to affect
spliceosome components in several tissues and neural
function  in  brain  regions,  which  confirms  previous
reports indicating similar observations in some tissues
of humans and mice. Strong transcriptomic signatures
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Figure  8: 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.

Figure 9: 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.



(both at the gene expression and AS level) were found
for  some tissues  but  not  for  others,  probably  due  to
differences  in  tissue  characteristics  like  cell  turnover
rate,  heterogeneity  in  cell  composition  or   functional
complexity.

Heterogeneity of AS with age was found to increase in
most tissues, according to what would be expected due
to accumulation of stochastic events with age. However,
this may also reflect losses in specific cell types (as takes
place in neurodegeneration) at different rates between
different individuals, which must be carefully evaluated.
This could be performed using the Cybersort software 23,
which estimates the abundance of cell types in a mixed
cell population from gene expression data. In a minority
of the tissues, AS heterogeneity was found to decrease,
which seems to be linked to a loss of alternative splicing
and  progression  into  constitutive  splicing,  leading  to
decreased transcriptomic diversity.

A linear model was developed to predict biological age
of tissues based on AS quantification data and allowed
aging  trends  between  tissues  to  be  assessed.  Two
clusters of tissues with similar aging at the AS level were
found  –  one  containing  mostly  brain  regions  and
another  with  tissues  mostly  from  the  circulatory  and
respiratory systems – which are partially in line with a
similar  analysis  previously  performed  using  gene
expression data. However, improvements to the model
must be made in order to improve its accuracy and it is
likely that equal numbers of samples from the several
age groups would contribute to solve current issues. The
possibility of adding gene expression data as variables
of the model is also interesting since these are known to
be  able  to  separate  samples  of  peripheral  blood
leukocytes from young (< 65 years old)  and old (≥ 75
years old) humans.

Furthermore,  transcriptomic  changes  taking  place
during cell progression into replicative senescence were
assessed.  Observed  gene  expression  changes  were  in
line  with  previous  findings,  affecting  mostly
inflammatory  and  immune  pathways.  AS  changes  did
not  present  any  significant  enrichment  in  biological
functions and were used to quantify the contribution of
cellular senescence to the aging process. The strongest
aging  signatures  were  found  to  be  enriched  in  this
cellular  senescence  signature,  underlining  the  already
established contribution of this process to human aging.

The present work could be extended by performing the
same analysis for all kinds of alternative splicing events
and not only exon skipping, even though this is the most
common type of  event.  The regulation of  AS by RNA-
binding proteins can also be analyzed, both in cellular
senescence and aging, in order to identify exons that are
putative targets of RBPs involved in AS regulation and
that undergo AS changes with these processes.

Given  the  importance  of  AS  in  human  aging,  further
research may result  in  the  identification  of  AS events
playing  a  role  in  the  decrease  of  fitness  that
accompanies  aging.  Therapeutic  targeting  of  these
events,  using  for  instance  splice-switching  antisense
oligonucleotides, that modulate specific AS events, could
result in an amelioration of the aging phenotype, at least

to  some  extent,  and  be  used  together  with  other
therapies to increase human health-span.

Methods

GTEx data

GTEx data (version 6) contains genotype, expression and
clinical  data  from  8555  post-mortem samples  of  30
tissues taken from 544 healthy human donors 8,9. Donor
age is indicated in decades,  between 20 and 79 years
old. Sample size for each tissue ranges from 6 to 1259.
Tissues with less than 30 samples were not included in
the analysis. For each sample, gene and exon junction
read counts, i.e. the number of reads that align to genes
and  exon  junctions,  respectively,  obtained  by  RNA-
sequencing were retrieved.

Cellular senescence dataset

RNA-sequencing  data  used  for  gene  expression  and
alternative  splicing  analysis  in  senescent  cells  was
retrieved  from  the  public  functional  genomics  data
repository Gene Expression Omnibus (GEO), under the
accession ID GSE60340  20.  The authors used MDAH041
LFS cells  (fibroblasts),  obtained from a patient with Li-
Fraumeni  Syndrome,  which  either  lost  their  only  p53
copy during cell culture and were immortalized, or kept
it  and  became  senescent.  Immortalized  cells  were
treated  with  3  different  damaging  agents  (hydrogen
peroxide, 5-aza-deoxycytidine and adriamycin) in order
to  induce  cellular  senescence.  Samples  of  non-
immortalized  cells  throughout  cell  culture  were
retrieved, at population doublings (PDs) between 10 and
12 (labeled as young), 17 and 19 (aging) and 29 and 30
(cells in replicative senescence).

Gene  expression  and  alternative  splicing
quantification

For the GTEx dataset  analysis,  alternative splicing was
quantified based on junction reads previously aligned to
a  reference  transcriptome  and  considering  them
evidence for alternative exon inclusion or exclusion, as
illustrated in Figure 10.

For  the  cellular  senescence  dataset  analysis,  gene
expression  and  alternative  splicing  were  quantified
using VAST-TOOLS 24.

The metric used for alternative splicing quantification is
the Percent Spliced In, or PSI:

PSI= evidence for inclusion
evidence for inclusion+exclusion

(1)
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Figure 10: Alternative splicing quantification of an exon skipping
event.  Reads  on top  support  alternative  exon inclusion,  while
reads in the bottom support exon exclusion.



Spearman rank correlation test

The Spearman rank correlation test  is non-parametric,
not  requiring  knowledge  about  the  form  of  the
distribution being studied 25. Therefore, it can be applied
when the distribution is not normal, as is the case for
alternative splicing quantification. In order to determine
the relation between two sets of data, values are ranked
from smallest to largest within each set and compared
between  sets.  Spearman  rank  correlation  was
implemented using R’s cor.test function.

Gene Set Enrichment Analysis (GSEA)

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, was implemented using
the GseaPreranked tool from GSEA software 26,27. A list of
genes, ordered according to a metric choice, is walked
down and a sum statistic is incremented when a gene in
the list belongs to the selected gene set and decreased
when it does not. Gene sets were either retrieved from
the KEGG database 28,29 or custom-made.

Levene test for equality of variances

The Levene test is used for testing equality of variances
between two or  more samples and  was  implemented
using the  levene.test function of the R package  lawstat
30.

P-value adjustment for multiple testing

P-value adjustment was performed using the p.adjust R
function,  with  the  method  based  on  the  ideas  of
Benjamini  and  Hochberg  for  controlling  the  false
discovery rate 31.

Linear model of tissue age prediction

The optimal number of AS events was determined, for
each tissue, by adding an event at a time and fitting a
multiple linear regression model to 80% of the available
data  for  each  tissue  (training  set)  and  evaluating
goodness of fit in the remaining 20% (validation set). In
order  to  make  sure  all  samples  were  sufficiently
represented  in  both  sets,  1000  permutations  were
performed.  The  procedure  was  repeated  3  times  in
order to assure its reproducibility and the mean of the 3
values was considered.

Goodness of fit was assessed using the -log10 of the p-
value  of  the  Spearman  rank  correlation  between
predicted and observed ages of samples.
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