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1 Introduction

Chronological age, a count of how many orbits of the sun
an individual has made as a passenger of planet earth, is
a useful but limited proxy of aging processes. Some indi-
viduals die of age related diseases in their sixties, while
others live to double that age. As a result, a great deal
of effort has been put into identifying biomarkers that
reflect the underlying biological changes involved in ag-
ing. These markers would provide insights into what
processes were involved, provide measures of how much
biological aging had occurred and provide an outcome
measure for monitoring the effects of interventions to
slow ageing processes.

Our DNA sequence is the fixed reference template
from which all our proteins are produced. With the
sequencing of the human genome we now have an ac-
curate reference library of gene sequences. The recent
development of a new generation of high throughput
array technology makes it relatively inexpensive to si-
multaneously measure a large number of base sequences
in DNA (or RNA, the molecule of gene expression). In
the last decade, array technologies have supported great
progress in identifying common DNA sequence differ-
ences (SNPs) that confer risks for age related diseases,
and similar approaches are being used to identify vari-
ants associated with exceptional longevity [1]. A strik-
ing feature of the findings is that the majority of com-
mon disease-associated variants are located not in the
protein coding sequences of genes, but in regions of the
genome that do not produce proteins. This indicates
that they may be involved in the regulation of nearby
genes, or in the processing of their messages.

While DNA holds the static reference sequences for
life, an elaborate regulatory system influences whether
and in what abundance gene transcripts and proteins
are produced. The relative abundance of each tran-

script is a good guide to the demand for each protein
product in cells (see section 2 below). Thus, by exam-
ining gene expression patterns or signatures associated
with aging or age related traits we can peer into the un-
derlying production processes at a fundamental level.
This approach has already proved successful in clini-
cal applications, for example using gene signatures to
classify cancer subtypes [2]. In aging research, recent
work conducted in the InCHIANTI cohort has identi-
fied gene-expression signatures in peripheral leucocytes
linked to several aging phenotypes, including low muscle
strength, cognitive impairment, and chronological age
itself. In the sections that follow we provide a brief in-
troduction to the underlying processes involved in gene
expression, and summarize key work in laboratory mod-
els of aging. We then provide an overview of recent work
in humans, thus far mostly from studies of circulating
white cells.

2 Introducing gene expression

Since the early 1900s a huge worldwide research effort
has lead to the discovery and widespread use of genetic
science (see the NIH website [3] for a comprehensive
review of the history of the subject, and a more de-
tailed description of the transfer of genetic informa-
tion). The human genome contains the information
needed to create every protein used by cells. The in-
formation in the DNA is transcribed into an interme-
diate molecule known as the messenger RNA (mRNA),
which is then translated into the sequence of amino-
acids (proteins) which ultimately determine the struc-
tural and functional characteristics of cells, tissues and
organisms (see figure 1 for a summary of the process).
RNA is both an intermediate to proteins and a regu-
latory molecule; therefore the transcriptome (the RNA
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2 INTRODUCING GENE EXPRESSION

Figure 1: Representation of the transcription and translation processes from DNA to RNA to Pro-
tein — DNA makes RNA makes Protein. This is the central dogma of molecular biology, and describes the
transfer of information from DNA (made of four bases; Adenine, Guanine, Cytosine and Thymine) to RNA to
Protein (made of up to 20 different amino acids). Machinery known as RNA polymerase carries out transcription,
where a single strand of RNA is created that is complementary to the DNA (i.e. the sequence is the same, but
inverted although in RNA thymine (T) is replaced by uracil (U)). Not all RNA molecules are messenger RNA
(mRNA) molecules: RNA can have regulatory functions (e.g. micro RNAs), and or can be functional themselves,
for example in translation transfer RNA (tRNA) molecules have an amino acid bound to one end (the individual
components of proteins) and at the other bind to a specific sequence of RNA (a codon again, this is comple-
mentary to this original sequence) for instance in the figure a tRNA carrying methionine (Met) can bind to the
sequence of RNA, and the ribosome (also in part made of RNA) attaches the amino acids together to form a
protein.

production of a particular cell, or sample of cells, at a
given time) is of particular interest in determining the
underlying molecular mechanisms behind specific traits
and phenotypes. Genes are also regulated at the post-
transcriptional level, by non-coding RNAs or by post-
translational modifications to the encoded proteins.

Transcription is a responsive process (many factors
regulate transcription and translation in response to
specific intra and extra-cellular signals), and thus the
amount of RNA produced varies over time and between
cell types and tissues. In addition to the gene and RNA
transcript sequences that will determine the final pro-
tein sequence (so called exons) there are also interven-
ing sections (the introns) that are removed by a process
known as mRNA splicing. While it was once assumed
that each gene produced only one protein, it is now

clear that up to 90% of our genes can produce different
versions of their protein through varying the number of
exons included in the protein, a process called alterna-
tive splicing. Alteration in the functional properties of
the protein can be introduced by varying which exons
are included in the transcript, giving rise to different
isoforms of the same gene. Many RNA regulatory fac-
tors govern this process, and variations to the DNA se-
quence can affect the binding of these factors (which can
be thousands of base pairs from the gene itself) and al-
ter when, where and for how long a particular transcript
is produced.

The amount of mRNA produced for a protein is not
necessarily directly related to the amount of protein pro-
duced or present, as other regulatory processes are in-
volved. The amount of mRNA is broadly indicative of
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3 EXPRESSION STUDIES OF AGING IN MODEL ORGANISMS

the demand for a particular protein (more mRNA for
gene A indicates that more protein A is required). RNA
studies can also provide unique insight into the activity
of non-protein-coding RNAs, such as small RNAs (mi-
croRNAs) or long no-coding RNAs (lncRNAs), which
often have regulatory functions and influence both nor-
mal biology and disease states by causing degradation
of target transcripts, or blocking the translation of those
targets (miRNAs), or by influencing the activity of tar-
get genes by altering chromatin conformation, promoter
methylation status or mRNA splicing patterns (lncR-
NAs).

3 Expression studies of aging in
model organisms

Until recently, the majority of work examining gene ex-
pression in relation to aging and longevity has used an-
imal models. Animal models offer advantages in that
experimental interventions are possible and all tissues
of interest are accessible. The main species used in ag-
ing research have been the nematode worm C.elegans,
the Drosophila genus of fruitfly, and rodents, all cho-
sen for being relatively short-lived, to expedite the re-
search process. There are a limited number of studies
on primates and higher mammals. Across these models,
gene expression studies have been prominent in identi-
fying the major pathways underlying aging processes,
including energy sensing, telomere function and TOR
signaling (controlling cell division, senescence and au-
tophagy), mitochondrial function and inflammation.

3.1 Gene expression in C. elegans

Much of the initial work on age-related changes in
gene expression was carried out in C. elegans nematode
worms with mutations which affect lifespan. Genes in-
volved in the insulin signaling pathway such as DAF-2
SKN-1 and DAF-16 have previously been implicated in
aging in C. elegans [4]. Over-expression of the SIR-2
deacetylases have also been reported to increase lifes-
pan in worms by interacting with DAF-16/FOX0 [4],
but has also been implicated in maintaining chromatin
structure at telomeres [5]. Genes involved in stress re-
sponse have also been shown to be altered in aging in
worms [6]. Genes such as DAF-16 and other genes in-
volved in insulin signaling or energy sensing have also
been identified in these microarray studies [7].

The TOR signaling pathway is also altered in ag-
ing in this species; the FOXA group of transcription
factors, involved in autophagy, has been shown to be
differentially expressed in aging worms [8].

Mutations in genes such as ISP-1 and CLK-1, in-
volved in mitochondrial function, were also seen to re-

sult in altered lifespan [9]. The advent of whole tran-
scriptome profiling has indentified over 1200 genes as-
sociated with aging in C. elegans. These studies have
highlighted the role of GATA transcription factors such
as ELT-3, ELT-5, and ELT-6 in aging in C. elegans [10].

3.2 Gene expression in Drosophila
species

Microarray studies in Drosophila melanogaster have
also identified several groups of genes associated with
aging. As in C. elegans, genes involved in energy sensing
and stress response were also found to be up-regulated
in both aged and calorifically restricted flies [11] [12],
whereas genes involved in mitochondrial function, re-
production, JUN kinase signaling and muscle contrac-
tion were found to be down-regulated in aged flies [13,
14]. Genes such as Attacin A, Attacin B, Attacin C, and
Attacin D, which are associated with defense against
bacterial pathogens have been found to show increases
in gene expression with age [11].

3.3 Gene expression in rodents

Several whole transcriptome expression profiling stud-
ies have determined gene expression patterns in multiple
tissues in the aging mouse [15-18]. Many of these stud-
ies have been curated into the AGEMAP (Atlas of Gene
Expression in Mouse Aging Project) gene expression
database. This work showed that gene expression pat-
terns in mouse demonstrate tissue-specific differences in
the transcripts that demonstrate expression differences
during the aging process as they do in C. elegans. Zahn
et al. discovered that several different patterns of ag-
ing occurred in mice; one common to neuronal tissues,
one found in vascular tissues and a different pattern in
steroid responsive tissues [16]. This tissue-specific pat-
tern of age-related expression changes is also noted in
other studies, with different patterns of transcripts be-
ing up- or down- regulated in different tissues, although
some pathways were common to more than one tissue
(for example inflammatory transcripts, histocompatibil-
ity transcripts and those involved in the complement
cascade were up-regulated in both heart and brain tis-
sues)[18].

Down-regulated genes showed more tissue-specific
pattern of gene expression, with genes involved in gly-
colysis, energy metabolism and mitochondrial function
being down-regulated in response to aging in muscle,
whereas genes involved in fatty acid oxidation and beta-
oxidation demonstrated decreases in expression in aging
rodent heart [18].
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3.4 Relevance to human aging

The animal models have given us a very good start-
ing point for the analysis of gene expression changes in
human aging. However, these models are usually ge-
netically homogeneous, short-lived compared to man,
and lack the complex interplay between genetics and en-
vironment apparent in the human population, as they
are generally maintained in laboratory conditions. This
raises questions about the transferability of results be-
tween the model species and man. Evidence is emerging
that although useful, animal models may have critical
limitations, and some of the findings from animal mod-
els do not directly translate to humans. Although ev-
idence is building that alterations to specific pathways
(such as insulin signaling, mTOR signaling, mitochon-
drial function) may be conserved throughout the ani-
mal kingdom [19], most age-related expression changes
appear to be specific to a given species [20]. For exam-
ple, while experimental models that down-regulate the
IGF-1/Insulin signaling in invertebrates and in mice are
generally associated with longer life span, insulin resis-
tance in humans is associated with severe pathology and
drastically reduced life expectancy. Furthermore, the
lack of overall correlation of regulation of age-related
traits even in mammalian species suggests that aging
processes may differ between even closely related species
[16]; this is exemplified by the observation that the pat-
tern of expression changes noted in aging human brain
cortex bears almost no resemblance to those observed
in chimpanzee cortex, an organism with which we share
97% of our DNA [21]. These findings highlight the need
for human studies to be able to fully unravel the pro-
cesses underpinning the aging process in man.

4 Candidate gene expression
studies and human longevity:
p16

There have been few molecular markers which show
promise as biomarkers of human aging, but perhaps the
most promising is the cell cycle / cell senescence associ-
ated gene p16 (also called p16ink4a, or cyclin-dependent
kinase inhibitor 2A (CDKN2A), located on chromosome
9: locus 9p21). Gene specific expression studies show
good correlations with age in rodents and humans, and
laboratory models indicate that this gene plays a causal
role in aging. To add to this, a recent study removing
p16 expressing senescent cells had a positive effect on
age related pathology.

Two distinct isoforms are expressed from the
CDKN2A, namely p16INK4a (p16) and p14ARF
(ARF). Functionally the two proteins are similar in that

they are both tumor suppressors and thus negatively
regulate the cell cycle, however their mechanisms of ac-
tion are distinct [22]. Isoform p16 binds to and inacti-
vates CDK4, an important regulator of retinoblastoma
(Rb, a potent tumor suppressor), thereby promoting the
Rb pathway. In contrast, ARF promotes p53 activity
(another potent tumor suppressing protein) by binding
to and inhibiting the MDM2 protein (a negative regu-
lator of p53). Their importance as tumor suppressors is
emphasized by the fact that elements of the p16/ARF
pathways are disrupted in nearly all human cancers [22]
[23].

While the mechanism that cause cells to transition
into senescence has not been fully elucidated, it is well
know that multiple types of stimuli can induce this
process, including telomere erosion, DNA damage too
severe to be repaired, mitogenic signals, physical and
chemical stress in cell cultures, oxidative stress, P53 in-
duction and probably many others. Growth and pro-
liferation arrest, expression of p16ink4a and the devel-
opment of a pro-inflammatory secretory phenotype are
all hallmarks of senescence. Although the physiological
function of the senescence program remain unknown, it
is generally accepted that activation of senescence is a
protective strategy to avoid cancer, but that the accu-
mulation of senescent cells contribute to the reduction
in tissue function that is associated with aging (see Fig-
ure 2).

Increased p16 expression is a major player in pre-
venting cell division and proliferation of damaged cells
and cellular senescence[24]. Expression of p16 increases
with age [25] in animal species and in man. The up-
regulation of p16 levels during aging is due to a loss of
binding of the Polycomb Repressive Complexes 1 and
2 (PRC1, PRC2) to the genomic region containing the
CDKN2A and CDKN2B genes during cell senescence
[26]. The PRC1 and 2 complexes direct the addition
of methyl residues to specific parts of the histone scaf-
fold that determines its conformation, and thus the ac-
cessibility of the gene promoters to transcription fac-
tors. The loss of PRC1 and 2 binding to CDKN2A and
CDKN2B genes causes a change in histone modifica-
tion with a resultant up-regulation of p14, p15 and p16
activity.

Recent evidence in mice shows that p16-associated
senescent cells actually cause age-related tissue dysfunc-
tion, hypothesized to be due to the secretion of pro-
inflammatory factors [27]. By targeting a cell killing
drug to cells expressing p16, Baker et al showed delayed
onset of age-related pathologies (in tissues such as adi-
pose, skeletal muscle and the eye) in a mouse model
of progeria [28]. Even if clearance of the p16-positive
senescent cells occurred after the onset of age-related
pathologies, disease progression was stalled by the re-
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Figure 2: Diagrammatic representation of the transition between healthy proliferating cells and
cell senescence — Senescent cells are those that have permanently left the cell-cycle and no longer proliferate,
which is hypothesized to be an evolved tumor suppressing mechanism. Their phenotypes change as they secrete
a milieu of factors known as the Senescence Associated Secretary Phenotype, known to be pro-inflammatory and
pro-senescent (as well as, ironically, pro-cancer). The senescent phenotype is induced by a series of insults to the
cell, mostly arising from the normal functioning and exposures of a proliferative cell.

moval of the senescent cells. This marks an exciting
step forward in aging research; not only has a gene ex-
pression biomarker (p16) been causally implicated in
the aging process, but Baker et al have shown that pro-
gression of some age-related disease can be postponed
by removal of cells expressing p16 protein.

5 Analyzing genome wide ex-
pression data from humans

In recent years the gene expression field has changed
from focusing on small sets of candidate genes to study-
ing very large numbers of transcripts simultaneously.
Current generations of gene expression chips are capa-
ble of determining the relative amounts of mRNA be-
ing produced for tens of thousands of transcripts across
the genome, providing an increasingly comprehensive or
genome wide view of gene expression. Below we discuss
the challenges of analyzing such data and then review
some of the emerging findings.

RNA is a fragile molecule and therefore on collection
of samples from participants RNA needs to be stabilized
as soon as possible. If this stabilization step does not
happen quickly, a bias towards the survival of more ro-
bust longer lived transcripts can be introduced (some
RNA molecules have half-lives of only a matter of min-
utes). Levels of some RNA transcripts can also increase
during storage. In the authors studies, PAXgene col-
lection tubes (from Qiagen) were used to preserve RNA
levels of peripheral blood (leukocytes) as these were ex-
tracted from the respondents vein. The development of
inexpensive and flexible blood collection systems such
as PAXgene has accelerated the research in the field of
aging, as other fields, allowing the collection of large
cohorts suitable for epidemiological studies. Following
extraction and stabilization, a microarray chip was used
to generate a relative expression value for each mea-
sured transcript. The number of transcripts measured

depends on the coverage of the specific microarray chip
used these can be genome-wide, specific (only certain
transcripts), or exonic (i.e. only protein-coding tran-
scripts are measured).

Gene expression data generated using microarrays
essentially reports the relative abundance of each probe,
which correspond (or map) to one or more specific gene
transcript. These resulting databases of study partici-
pant specific gene transcript abundances can then be
statistically analyzed to identify the transcripts that
are differentially expressed with a phenotype of in-
terest. Until recently this was reserved for matched
case/control studies using relatively small sample sizes,
however due to cost reduction this technology is now
available for larger samples of hundreds or even thou-
sands of human participants in epidemiological studies
of aging.

Methods for data extraction or curation vary de-
pending on the technology used and the context of the
experiment. Here we aim to provide an overview of the
different methods for data analysis. Array expression
data is commonly Z-transformed so that each value rep-
resents the difference in standard deviations from the
mean probe value, which is useful for two reasons; as
the original probe data has no units this gives the val-
ues some tangibility to the reader; it also allows direct
comparison between genes that might in real terms be
expressed at very different concentrations. Typically a
quality control step is applied to the microarray data
to remove any outlier samples (e.g. not enough probes
differ from the background noise), and any probes that
were not expressed. Non-expression can be due to sev-
eral reasons including technical failures (e.g. RNA frag-
ment did not bind to the probe correctly, or the RNA
sample was degraded), or the RNA was not produced
in high enough concentrations in the studied cell type.

Assessing statistical associations between gene ex-
pression levels and gross phenotypes, for instance a
disease-state or a blood marker, and inferring biological
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meaning from the results are two distinct challenges.

5.1 Determining expression associa-
tions

The mainstay of analysis is testing for associations be-
tween the expression level of each gene of interest (as
measured by probe binding intensity) and the pheno-
type under assessment, using well established multivari-
ate statistical methods, albeit repeated as many times
as there are valid probes measured. Statistical associa-
tions between two variables can be estimated using mul-
tiple regression analysis (logistic, linear, etc as appro-
priate), where the size of the association (the coefficient)
is derived, as well as indicators of statistical confidence
(the confidence intervals and associated P-value) in the
reported association. The advantages of this approach
are that confounding factors can be adjusted for, and
thus improve the robustness of the result. By individu-
ally assessing each probes association with a particular
outcome it is possible to determine those transcripts
most closely associated with a particular trait.

An important consideration when screening more
than one transcript for statistical associations is choos-
ing a suitable significance level or p-value, which will
be taken to suggest significant association. The conven-
tional p-value=0.05 threshold equates to a 5% probabil-
ity that a single test result could have arisen by chance
alone: probabilities lower than this are widely accepted
as reasonable statistical evidence for a real association.

The probability of falsely reporting a positive asso-
ciation where none exists inevitably increases with the
number of tests performed. False-positive results gen-
erated by testing for multiple associations can be con-
trolled for using one of several techniques; these include
the Bonferroni correction [29], which achieves good con-
trol of false positives, but tends to have low power
to detect real differences (high numbers of false neg-
atives). An alternative approach is the false discovery
rate (FDR)[30], which yields better power at the cost of
slightly higher chosen likelihood of false positives [31].

Many small-scale studies, such as one by Welle et
al [32], find many hundreds of genes to be differentially
expressed between old and young participants. Some
of these associations may be true, but due to the small
sample sizes involved (e.g. 7 young and 8 old in the
cited study) many are likely to be false-positives. On-
line databases such as the Digital Ageing Atlas [33] col-
lect the results of these studies for broader views of gene
and transcriptome associations with age-related pheno-
types.

In performing a 1-by-1 analysis of transcript expres-
sion associations with a phenotype certain assumptions
are made. For instance, a linear regression model as-
sumes that the outcome, or dependent, variable is nor-

mally distributed. To ensure that this assumption is not
violated probe abundance values can be transformed
into a normal distribution (for example log2 transfor-
mation) prior to analysis. This is completely separate
to data normalization for known systematic biases (see
Mark Reimers website for information about data nor-
malization [34]).

An alternative analysis approach is to use machine
learning algorithms to determine underlying relation-
ships in a given set of data. These methods fall into two
broad categories; supervised and unsupervised analyses.
In both cases the machine learning algorithms aim to
group similar samples together based on the data. In a
supervised analysis the investigator may supply classifi-
cation information, e.g. cancerous/non-cancerous cells
[35], to train the algorithm with regard to that specific
phenotype so that later, in a discovery set, the algo-
rithm may correctly classify the samples based purely
on the data. In an unsupervised analysis no informa-
tion is given other than the data to be analyzed this is
known as clustering and often reveals underlying struc-
ture within a dataset.

5.2 Biological inference

Once each transcript has been assessed for statisti-
cal associations with an outcome, interpretation of
the results can begin. Techniques vary depending
on the number of significant associations if very
few genes are associated, then information can easily
be found using databases such as GeneCards [36] or
the National Center for Biotechnology web interface
(http://www.ncbi.nlm.nih.gov/guide/). Alternatively
if many associations are reported, it may be more prac-
tical to consider the broader biological processes that
the genes represent.

A popular method of converting a list of genes into
meaningful results is to use one of the many bioinfor-
matics tools and resources available, to infer the higher-
order biological pathways, functions or processes repre-
sented by the genes. In table 1 we have listed some of
the freely available web tools.

Public repositories of information about higher-
order biological processes, and how the individual genes
and proteins fit into each function or pathway, are used
to infer functions that are over-represented in a list of
genes, above what you might expect by chance. These
include Gene Ontology [37] and KEGG (the Kyoto En-
cyclopedia of Genes and Genomes) [38]. Biological pro-
cesses are grouped in these systems so that every gene
and pathway is classified into a hierarchical set of cate-
gories, with Biological Process at the top and with each
child becoming gradually more specific. In figure 3 we
have given an example of this data structure as dis-
played by WebGestalt (most tools can give an equivalent
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Table 1: Examples of freely available bioinformatic tools for gene set analysis of enriched functional categories

Package Details
DAVID Database for Annotation, Visualization and Integrated Discovery. (http://david.abcc.ncifcrf.gov)
BiNGO Biological Network Gene Ontology tool. (http://www.psb.ugent.be/cbd/papers/BiNGO)
PANTHER Protein ANalysis THrough Evolutionary Relationships. (http://www.pantherdb.org)
WebGestalt WEB-based GEne SeT AnaLysis Toolkit. (http://bioinfo.vanderbilt.edu/webgestalt)

network diagram), in the context of 6 immune-system
related genes. Highlighted categories (appear in red)
indicate which biological processes are overrepresented
in the genes.

Figure 3: Example diagram of gene transcript
sets overrepresented in associations with a phe-
notype and summarized into biological processes
(strong associations in red) — Example of an en-
richment analysis of Biological Processes (as defined by
Gene Ontology) in a list of 6 immune system-related
genes (CCR7, LTB, CCL5, CCR6, CD27, LAG3) using
WebGestalt, a web-based bioinformatic tool used to
infer the over-represented processes associated with a
list of genes. The writing in red indicates an associated
process (adjusted P-value also supplied) processes with
black writing make up the rest of the tree structure.
This image has been cropped.

5.2.1 Gene set enrichment analysis

Gene Set Enrichment Analysis (GSEA) [39] is another
example of a free tool that makes use of public gene
ontology databases to infer biological function, but it
uses the expression data itself to generate an enrich-
ment score (coefficient) for each process as a whole, and
from there determines statistical significance. There are
advantages to this type of approach, in that the direc-
tion and magnitude of the association for each gene and
thus each pathway can also be taken into account, giv-
ing another level of information not available when just
analyzing the lists. Disadvantages include no option
to adjust the analysis for potential confounding factors,
and a limited selection of algorithms.

Alternative programs to GSEA include PathVar
[40], which, apart from performing GSEA-like analyses,
also has the ability to extract overall pathway expres-
sion variance information (i.e. an individual phenotype
for each functional pathway, with a value for each sam-
ple). This extracted data can then undergo adjusted
regression analysis like any other however this useful-
ness is also limited in that it is not possible to determine
the contribution of each gene to the pathway variance
score. There are also commercial packages available,
such as MetaCore [41] and Ingenuity [42], which offer
much the same functionality as described above, but
generally with much easier to use interfaces and many
more custom/specific features.

6 Findings from human aging
studies

Until recently, studies of gene expression in aging were
restricted to small scale case/control experiments (<100
participants): results obtained from these can be hard
to interpret due to difference in experimental design and
the high chance of producing false positive results. Re-
cently, larger scale studies have appeared with docu-
mentation of methods, adjustment for potential con-
founders and statistical significance methods suitable
for multiple statistical testing.

6.1 The InCHIANTI study of aging

Over the past few years the author group has used
InCHIANTI [43], a population study of aging conducted
in Italy, to assess gene transcript associations in circu-
lating leukocytes with aging and age-related traits. In
this study peripheral blood samples from 698 partic-
ipants aged 30 to 104 years were stabilized for RNA
extraction at the point of collection, so the resulting
expression abundance reflects the in-vivo expression in
leucocytes. Immune cells circulating in the blood are
one of the few relatively accessible sources of RNA
from humans, and have been shown to interact with
a wide range of tissues, and the age related changes
in white cells are an important aspect of aging. Using
the Illumina HT12 microarray chip 48,803 probes were
scanned, of which 16,571 were expressed in at least 5%
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of the sample. These were carried forwards into our
analyses.

Using some of the analysis methods described in sec-
tion 3 we have estimated transcript associations with
age [44]. 2% (295) of these transcripts were robustly as-
sociated with age, much less than originally expected.
This suggests that molecular aging is in a specific sub-
set of RNAs, as opposed to random/global deregula-
tion. Less than 1% of biological processes were associ-
ated with age in an analysis of pathways, which promi-
nently included the processing of mRNAs. This pro-
vided an interesting hypothesis that disruption to alter-
native splicing is characteristic of aging cells, and may
provide a mechanism for the buildup of abhorrent or
mis-folded proteins within the cells. Evidence in sup-
port of this hypothesis included up-regulated of tran-
scripts such as the ubiquitin and proteosomal pathway,
which identify and dispose of aberrant or misfolded pro-
teins. This could be of particular interest with regards
to age-related diseases such as Alzheimers and Parkin-
sons, in which buildups of misfolded proteins are char-
acteristic of the progression of these diseases.

Genes most prominent in the analysis of individual
transcripts included LRRN3, LEF1 and CD248, all of
which are involved in immune cell function, and all
of which were found to be down-regulated with age.
This may represent tissue-specific changes in expression
rather than more general markers of aging, but could
be critical given that immune-system changes are char-
acteristic of, and possibly contributory to, age-related
phenotypes such as increased susceptibility to infection
and chronic low-grade inflammation [45]. Similar results
have been reported from the San Antonio Family Heart
Study (see section 6.2), and more recently the Leiden
Longevity Study (see section 6.3).

In an exploratory analysis, we determined that ex-
pression of just 6 genes expression discriminated be-
tween old (>75 years) and young (<65 years) partic-
ipants. The genes selected for inclusion in the test half
of the dataset were LRRN3, CD248, CCR6, GRAP,
VAMP5 and CD27 (see Figure 4 for associations with
age) based on their (not over-lapping) contribution to
the classification. In the replication data this gene set
had exceptionally high discrimination power (area un-
der the ROC curve >95%) Current work in progress
includes examining whether these markers or alterna-
tives are responsive to change over time and whether
they predict health outcomes.

In an analysis of the biological pathways associated
with age we found genes involved in regulation of mRNA
splicing or mRNA processing (5 capping of the mRNA
molecule and polyadenylation) to be strongly significant
(P <0.001). The remaining pathways featured genes
involved in chromatin remodeling, which influences the

transcriptional activity of genes. All these probes were
negatively associated with age, indicating that loss of
specialization and dedifferentiation may be a key char-
acteristic of molecular aging.

Figure 4: Spline point regression association be-
tween relative transcript abundance in leuko-
cytes and age for 6 discriminant genes: data
from the InCHIANTI study — We can classify
subjects as old (>75) or young (<65) correctly over
90% of the time using the expression levels of 6 genes.
This plot shows the individual relationship of each gene
with age in the InCHIANTI cohort (sample size = 695)
using penalized cubic regression spline models, apply-
ing the methods as described in [48]. Only 1 of these
genes (VAMP5) has a positive association with age;
its function is related to the trafficking of vesicles to
the cell membrane. The y-axis represents the expres-
sion levels at the age relative to the expression at the
mean age (72 years) therefore, whilst the genes may
vary in absolute expression, the relative expression and
thus their relationships with age can here be compared.
Confidence intervals are not included for graph-clarity,
however the p-values for the spline terms were LRRN3
(P<2x10-16), CD248 (P<2x10-16), CCR6 (P=9x10-11),
GRAP (P=1x10-12), VAMP5 (P=4x10-10) and CD27
(P=7x10-9), indicating very strong associations with
age.

6.1.1 Muscle strength

Loss of muscle strength, or dynamopenia, is a core char-
acteristic of aging, which is only partially explained by
sarcopenia, the decline of lean body mass that occur
with aging in virtually all men and women. Under-
standing the cause of dynamopenia is very important

8
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because the decline in strength is a key cause of frailty
and disability in the elderly. We aimed to determine any
expression associations with muscle strength in InCHI-
ANTI, hypothesizing that genes whose expression cor-
relates with muscle strength would highlight the specific
cellular mechanisms that are involved. We found only
1 transcript to be robustly associated with hand-grip
strength in the cohort [46]; CCAAT/enhancer-binding-
protein beta (CEBPB) is a transcription factor involved
in macrophage function, which includes the mediation
of repair to damaged muscle. We found that CEBPB ex-
pression increased proportionally with muscle strength
across a wide age range (30years to 104years). Other
genes involved in macrophage function were also moder-
ately associated with strength, including TGFB3 (anti-
inflammatory signaling).

Having studied the literature we noted that a mouse
model lacking the ability to increase CEBPB expression
had sarcopenia-like muscle loss and fibrosis [47]. This
new link between CEBPB expression in blood leuko-
cytes and muscle strength suggests that the relation-
ship between tissue damage and macrophage-mediated
tissue-repair is critical, and should be a target of further
studies into age-related muscle decline.

6.1.2 Cognitive function

Inflammation is proposed to play a role in age-related
cognitive decline, so we hypothesized that specific
changes in gene expression in peripheral blood leuko-
cytes may correlate with either recent decline in cog-
nitive function, or independently with current cognitive
status. Each participant in the study was assessed using
the mini mental state examination (MMSE) of cogni-
tive function, and we anticipated finding inflammatory-
related pathways and mechanisms to be associated with
the MMSE score. We only found a single transcript
for chemokine receptor 2 (CCR2) to be robustly associ-
ated with MMSE score [48]. CCR2 was independently
associated with change in cognitive score over 9 years
in an analysis of inflammation-specific transcripts. Ex-
pression of CCR2 is also associated with the ApoE risk
allele, one of the major risk factors for Alzheimers, in-
dicating that CCR2 could have a more direct role in
cognitive function in later life.

CCR2 has been previously associated with -amyloid
deposition (a hallmark trait of Alzheimers) in mouse
models [49]. It has been hypothesized that normal,
CCR2 producing, monocytes (an immune cell subtype
which includes macrophages) may contribute to the
clearance of abnormal protein deposits. As the par-
ticipants in the study only had their cognitive function
assessed, we can only suppose that the link is also true
in humans until further evidence has been gathered, but
it is useful to note that several mouse models seem to

have particular relevance to humans. Of singular in-
terest is a study performed in mice whereby functional
memory was restored by transplantation of monocytes
with functional CCR2 [50]. The implications here for
future studies are immense.

6.2 The Leiden Longevity Study

It is well established that longevity is a moderately her-
itable trait, with the genetic component estimated to be
25% [51]. Determining the specific mechanisms and bio-
logical pathways by which this advantage is conferred is
of upmost importance in understanding the aging pro-
cess. The Leiden Longevity Study group has previously
reported on the genetic enrichment for exceptional sur-
vival in long-lived families in their Dutch cohort [52],
and in the current study they used nonagenarian spouse
pairs, their middle-aged offspring and the partners of
the offspring to determine gene transcripts associated
with aging, and to determine which are associated with
successful aging [53].

The study was split into 2 distinct sections; explo-
ration and replication. The exploratory stage found
that over 1,800 genes (almost 3,000 separate transcripts)
were differentially expressed between long-lived (old)
individuals and middle-aged controls. These included
LRRN3 (3-fold decreased expression in nonagenarians)
and interferon alpha-inducible protein 27 (IFI27; 2-fold
increased expression in nonagenarians), which are in-
volved in immune function and apoptosis (programmed
cell death) respectively. Of the age-associated genes,
244 (360 transcripts) were differentially expressed at
middle age between the children of long-lived parents
and the controls (their partners). This list does not in-
clude LRRN3 or IFI27, the genes with the greatest de-
crease and increase in expression with age, respectively.
The zinc finger protein 331 gene (ZNF331) was most dif-
ferentially expressed between the offspring and controls
(1.6-fold decrease every ten years). Upon exploration of
the biological processes (as defined by Gene Ontology,
GO) most prominent within the longevity-associated
genes the group found that the Rho protein signal trans-
duction pathway (GO:0007266) was significantly over-
represented. This is a broad system involved in cell
growth, cytoskeletal remodeling and lipid metabolism,
and it is regulated by the mammalian Target Of Ra-
pamycin (mTOR) pathway that has previously shown
to regulate lifespan [54].

Replication of these findings was performed on
separate, unrelated participants also from the Leiden
Longevity Study. RT-qPCR was used to measure the
expression of 25 specific genes in 79 nonagenarians, 332
of their offspring and 312 population controls (spouses
of the offspring). Three genes were chosen based on
their age or longevity associations (LRRN3, IFI27, and
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ZNF331), the other 22 for prior literature relating to
cellular aging. Over 80% of the genes replicated the as-
sociations observed in the microarray data, including
LRRN3 and IFI27. After accounting for multiple test-
ing, only 2 of the tested genes showed offspring vs con-
trols associations; anti-silencing function 1 homolog A
(ASF1A) and interleukin 7 receptor (IL7R) were both
found to be significantly decreased in the long-lived fam-
ilies in comparison to the controls. ZNF331 was not
found to be differentially expressed between the off-
spring of nonagenarians and their spouses. Functionally
ASF1A is involved in histone modulation and chromatin
remodelling one of several types of epigenetic gene ex-
pression regulation and IL7R is a receptor required for
the development and maintenance of the immune sys-
tem.

6.3 The San Antonio Family Heart
Study

Originally initiated as a study of the genetics of
atherosclerosis in Mexican Americans, the San Antonio
Family Heart Study (SAFHS) study of gene expression
in lymphocytes from 1240 individuals (aged 15-94) with
quantification of 18,519 genes (using microarray tech-
nology) [55]. Unlike the other studies described in this
section, the SAFHS assessed separated lymphocyte gene
expression rather than whole blood, which captures the
mean expression across the leukocyte cell sub-types (of
which lymphocytes are one).

In 2008 Hong et al [55] published an analysis gene
expression in human brain and lymphocyte senescence.
We discuss the results specific to the brain in the
next section, but the results gained from lympho-
cytes included associations with age. LRRN3 featured
prominently as the gene with the strongest associa-
tion with age. The analysis also reported associations
with broader biological functions including mitochon-
drial function (negatively correlated with age) and sig-
nal transduction/cell communication (positively corre-
lated with age).

In an interesting analysis into the variations in ge-
nomics architecture between the age-associated genes
the group found that intron/exon sequence length ra-
tios were larger amongst the genes that were negatively
associated with age, which replicated in the brain tis-
sue analysis (next section). They also looked into pre-
mRNA length, coding sequence length, number of ex-
ons, total intron length and 5 and 3 untranslated region
(UTR) lengths. This may be of relevance to the InCHI-
ANTI study finding that the most deregulated biological
pathways with age were RNA processing pathways [44].

6.4 In other tissues

Whole transcriptome quantification has been employed
in only a few analyses of other humans tissues in the
context of aging, which include analyses of skeletal [56]
muscle, the brain [57] and the kidney [58].

6.4.1 Brain

Hong et al (in the same study described in section 6.3)
also analyzed transcriptome changes with age in brain
tissue [55], in a sample of 191 port-mortem brains with
age-at-death ranging from 65 to 100 years. Fifty four
of the 14,078 transcripts assessed were associated with
age (after accounting for multiple testing). Function-
ally these represent a down-regulation of genes involved
in synaptic function, and an increase in expression of
genes involved in transcription and oxidative phospho-
rylation. These changes were not observed in the lym-
phocytes sample, so the authors conclude that tissue
specific changes to mitochondrial function with age are
likely. That genes involved in translational processes
were not found to be differentially expressed implies
that the increase in transcription is not in protein-
coding genes, but in non-coding RNAs (ncRNAs) these
tend to be regulatory in function, although some are
structural (e.g. ribosomal RNAs or involved in protein
biosynthesis e.g. transfer RNAs).

In a recent publication, Kang et al analyze differ-
ential transcript expression in different regions of the
brain, at different ages [57]. The focus is not on ag-
ing, but rather development; 42% of the sample was
pre-natal (ranging from 5.7 weeks post conception to
38 weeks), 23% were children, 30% were young/middle-
aged adults, and the remaining samples were older
(>60 years). Using clustering techniques the authors
show that expression of genes across the age-range (in
all regions) varied most between the youngest brain
(5.7 weeks post-conception) and the young (<12 years).
Comparatively, the young to old adults had very simi-
lar expression of genes however the different groups still
distinctly cluster together, implying that in a study de-
signed with enough power to detect early/mid/late-life
changes in gene expression would find them.

6.4.2 Muscle

Sarcopenia is the age-related loss of skeletal muscle
mass. Several studies into transcriptome changes in
muscle fibers with age have appeared over the years,
one of the most recent studied the effects of exercise
on skeletal muscle gene expression. This study found
that the response to exercise (at the gene expression
level) was more pronounced in younger participants (24-
25 years, vs 78-84 years), and also that basal level gene
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expression differed between the groups. 661 genes asso-
ciated with resistance exercise training regardless of the
age of the participants, yet changes were seen in >1000
genes in the young participants, only half of which were
also seen in the older participants. The cellular path-
ways most affected were (as expected) growth-related.
The expression of 49 genes were found to be robustly
associated with age in skeletal muscle (in both stud-
ies of their 2-study design). These included CDKN2B
i.e. p16 (see above), CDKN1A and CCNG2 all tumor
suppressing genes, and all up-regulated in the older par-
ticipants. This corresponds well with age-related loss of
muscle mass, because muscle fibers will be less able to
enter the cell-cycle, and thus less able to replace any
damaged/removed cells.

6.4.3 Kidney

Rodwell et al found almost 1000 genes in kidney tis-
sue showed altered expression with advancing age [58].
They note an increase in expression of some immune-
related genes, suggesting a possible link with age-related
inflammation. Using an additive kidney score (appear-
ance of the glomeruli, the tubules and the arterioles)
to assess kidney function, the authors determined that
many of the genes (n=447) also associated with the rel-
ative health/performance of the kidney in the older par-
ticipants, offering a possible biological aging biomarker.

7 Future Prospects

As set out above, gene expression studies have become
central to much laboratory work and have already pro-
duced clinically useful signatures, especially for cancers.
In human aging, a new generation of array technology
is supporting genome wide studies, with very promising
results. We should note however that there are impor-
tant limitations to this technology, including:

7.0.4 Tissue / cell specific expression

Gene expression varies across tissues, cell types and even
across regions of the same organ. Access to most tis-
sues from population representative human volunteers
will always be severely limited, and care will be needed
to avoid implying that changes seen in accessible tissues
are necessarily mirrored in the rest of the body.

7.0.5 Attributing causation

Gene expression is influenced by potential confounders
such as smoking status, diet, and geographical loca-
tion [59-61]. Associations found with phenotypes can
be the result of confounding and are not necessarily

causal. Gene expression patterns can reflect responses
to pathology rather than drivers.

7.0.6 Interpretation of signatures is somewhat
subjective

Gene transcripts identified as associated with pheno-
types of interest are frequently of unknown function or
have large numbers of functions within multiple path-
ways. Investigators tend to focus on the subset of strik-
ing findings that can be interpreted as conforming to
a known pathway or animal model. Caution is needed
to regard such interpretations as unproven hypotheses,
to ensure that these are robustly tested before being
accepted. Thus, much work is needed to confirm that
similarities with specific mouse models do in fact accu-
rately reflect what is happening in the human.

Human volunteer or population-based studies are
useful, but have limited utility for defining mechanisms.
This is because such studies are often limited to obser-
vational (rather than experimental) statistical associa-
tions, and human tissue samples often contain a het-
erogeneous mix of many different cell types, each of
which may behave differently. In-vitro studies provide a
widely studied and controlled environment to research
the mechanisms of aging (although generalisability to
the in-vivo situation is not guaranteed). Many funda-
mental discoveries in the biology of human aging, in-
cluding telomere shortening as a biomarker of aging,
have been identified by in-vitro models [62]. In-vitro
senescence models provide an important and accessi-
ble tool to investigate the pathways of aging and fur-
ther research into the mechanism of senescence will ad-
vance our understanding of the aging process. Given
the challenges ahead, it is likely that breakthroughs will
come from integrating in-vitro, animal model and hu-
man study approaches.

Despite the challenges we are likely to see many ex-
citing gene expression findings in aging, given the large
study resources appearing and the development of con-
sortia to replicate and pool data (e.g. the CHARGE
consortium). We are also likely to see studies explor-
ing the regulatory mechanisms controlling gene expres-
sion, including methylation, histone modification and
miRNA/lncRNA control, as these may provide routes
to interventions. Given the progress thus far, it seems
likely that the goal of identifying robust biomarkers of
aging processes might now be within reach.
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