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1. Longevity as a Complex Genetic Trait

INTRODUCTION
Complex traits are phenotypic characteristics
that result from the integration of many genetic
loci and environmental factors. Longevity,
along with the age-dependent decline in cellular and physiological processes that define
aging, is quintessentially a complex genetic
trait. A complete understanding of a complex
trait requires both defining the range of factors
that contribute to the trait and developing models for how the various factors interact. In the
past several decades, hundreds of genes have
been identified that are capable of influencing
longevity or other age-associated phenotypes
across a range of model systems. The majority
of these genes can be broadly assigned to one
or more of the following genetic pathways:
(1) protein homeostasis, (2) insulin/IGF-1-like
signaling (IIS), (3) mitochondrial metabolism,
(4) sirtuins, (5) chemosensory function, or
(6) dietary restriction (DR) (Fontana et al., 2010;
Kenyon, 2010). Pharmacologic agents targeting
several of these pathways have been shown to
increase lifespan and improve outcomes in ageassociated disease in model systems and are
either in use or in clinical trials for treatment
of specific ailments. These include the target of
rapamycin (TOR)-inhibitor rapamycin, the sirtuin activator resveratrol, and the antidiabetic
drug metformin (Kaeberlein, 2010), and are
discussed in greater detail in Chapters 2, 3, and
10. Extragenetic, but organism-intrinsic, factors
such as tissue-specific gene expression, parentally inherited molecules, and epigenetics can
also contribute to aging phenotypes.
Many environmental factors have been identified that impact longevity and age-associated
disease. These include the abundance and composition of diet, exposure to various forms of
stress, environmental temperature, social interaction, and even the presence or absence of a
magnetic field. Among these, DR is by far the
most widely studied. Reduction in total dietary
intake or a change in the composition in the

diet can have a profound impact on longevity
in model systems (Masoro, 2005; Omodei and
Fontana, 2011). Short-term exposure to thermal, oxidative, endoplasmic reticulum (ER),
or other forms of stress is sufficient to increase
lifespan (Cypser et al., 2006; Mattson, 2008). In
both worms and fruit flies, adjusting the culture
temperature can dramatically influence lifespan
(Hosono et al., 1982; Loeb and Northrop, 1917;
Miquel et al., 1976). In each case, genes have
been identified that mediate the organism’s
response to the environmental stimuli.
This chapter will examine aging as a complex trait. The following sections review past
and ongoing efforts to define the scope of
genetic, extragenetic, and environmental factors that influence aging, outline strategies
for building interaction models, and discuss
emerging tools that are furthering our ability to
comprehend the complexities of aging.

DEFINING THE AGING
GENE-SPACE
A primary task in understanding the genetic
complexity underlying any highly integrative phenotype is to identify the range of
genes capable of impacting that phenotype.
Three approaches are commonly employed to
uncover novel aging factors. In models where
targeted genome-scale genetic manipulation
is possible and lifespan can be measured in a
moderate- to high-throughput manner, screens
have been carried out to identify single-gene
manipulations capable of enhancing longevity.
In longer-lived models and those less amenable
to high-throughput targeted genetics, genetic
mapping strategies are used to identify genetic
loci at which natural variation is associated
with differences in lifespan. A third approach
is to leverage a secondary phenotype, such as
stress resistance, that correlates with longevity
but can be more rapidly screened to narrow the
candidate gene list, and only examine longevity
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for genes that pass a specified threshold for the
secondary phenotype.

Direct Screens for Genetic Longevity
Determinants
Among models commonly used in aging
research, the nematode Caenorhabditis elegans
and the budding yeast Saccharomyces cerevisiae
possess three characteristics allowing for largescale genetic screening for longevity: (1) genetic
tools allowing for targeted genome-scale manipulation of individual genes, (2) relatively short
lifespans, and (3) techniques to rapidly and
inexpensively culture large populations in the
laboratory. Complete genome sequences are
available for both organisms (Consortium, 1998;
Goffeau et al., 1996) and standardized lifespan
assays can be completed in a matter of weeks
(Murakami and Kaeberlein, 2009; Steffen et al.,
2009; Sutphin and Kaeberlein, 2009). Both models have been used in genome-scale screens for
single-gene manipulations capable of increasing
lifespan. In Drosophila melanogaster, while targeted gene-modification is not available at the
genome-scale, random mutagenesis screens are
used to identify novel longevity determinants.
RNAi Screens in Nematodes
In C. elegans, targeted gene knockdown by
RNA interference (RNAi) can be accomplished
by feeding animals bacteria expressing doublestranded RNA containing the target sequence
(Timmons and Fire, 1998). Two RNAi feeding
libraries targeting individual genes throughout
the C. elegans genome have been constructed
and are commercially available. The original
Ahringer library contains 16,256 unique clones
constructed by cloning genomic fragments targeting specific genes between two inverted T7
promoters (Fraser et al., 2000; Kamath et al.,
2003). This library has recently been supplemented with an additional 3507 clones. The
complete Ahringer library is commercially
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available through Source Bioscience (2013).
The Vidal library contains 11,511 clones produced using full-length open reading frames
(ORFs) gateway cloned into a double T7 vector
(Rual et al., 2004) and is commercially available
through Thermo Scientific (2013). Combined,
these libraries provide single-gene clones targeting more than 20,000 unique sequences covering
more than 90% of known ORFs in C. elegans.
In total, more than 300 C. elegans genes have
been identified for which reducing expression results in prolonged lifespan (Braeckman
and Vanfleteren, 2007; Smith et al., 2008b),
the majority of these genes were identified
from longevity screens using the RNAi feeding libraries (reviewed in Yanos et al., 2012)
or strains generated by random mutagenesis (de Castro et al., 2004; Munoz and Riddle,
2003) (Table 1.1). These include three genomewide screens using the Ahringer RNAi feeding library (Hamilton et al., 2005; Hansen
et al., 2005; Samuelson et al., 2007), two partial screens targeting genes on specific chromosomes (Dillin et al., 2002; Lee et al., 2003),
and six screens of RNAi clones or mutant sets
selected in a preliminary screen for a secondary age-associated phenotype, such as arrested
development, resistance to thermal or oxidative stress, or activation of the mitochondrial
unfolded protein response (UPR) (Bennett et al.,
2014; Chen et al., 2007; Curran and Ruvkun,
2007; de Castro et al., 2004; Kim and Sun, 2007;
Munoz and Riddle, 2003). Combined, these
studies have identified aging factors in a range
of biological processes including mitochondrial
metabolism, mitochondrial UPR, cell structure,
cell surface proteins, cell signaling, protein
homeostasis, RNA processing, and chromatin
binding.
Notably, while a large number of genes
has been identified through longevity screening in C. elegans, and common functional categories (e.g., mitochondrial electron transport
chain components) were identified in different screens, there is little overlap in the specific
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TABLE 1.1 Invertebrate Longevity Screens

Study

Primary gene
selection

#
Genes

# Aging
genes

Tested

Identified

Epistasis tested

Functional groups identified

WORM LIFESPAN
Dillin et al. (2002)

Chr. 1, Ahringer RNAi 2445
Library

4+a

daf-2, daf-16

Metabolism, mitochondrial
metabolism

Lee et al. (2003)

Chr. 1 and II, Ahringer 5690
RNAi Library

52+b

daf-16

Mitochondrial function,
metabolism, gene expression,
protein homeostasis, signal
transduction, stress response

Hamilton et al.
(2005)

Whole genome,
Ahringer RNAi
Library

16,475

89

daf-16, sir-2.1

Metabolism, signal transduction,
protein homeostasis, gene
expression

Hansen et al. (2005)

Whole genome,
Ahringer RNAi
Library

13,417

29

daf-2, daf-12,
daf-16, eat-2,
glp-1

Signal transduction, stress
response, gene expression,
mitochondrial metabolism

Samuelson et al.
(2007)

Whole genome,
Ahringer RNAi
Library

16,757

115

daf-16

Metabolism, mitochondrial
function, lysosomal functions,
genomic stability, stress resistance

Chen et al. (2007)

Developmental arrest

57

24

daf-2, daf-2
daf-16, eat-2

Mitochondrial function,
metabolism, protein homeostasis,
transcription

Curran and
Ruvkun (2007)

Developmental arrest, 2700
Ahringer RNAi
Library

64

daf-16

Protein homeostasis, signal
transduction, transcription,
mitochondrial function, RNA
processing, chromatin binding
factors

Munoz and Riddle
(2003)

Thermal stress
resistance, EMS
mutagenesis

63

49

daf-16

Signal transduction, stress
resistance

de Castro et al.
(2004)

Oxidative stress
resistance (juglone),
transposon-mediated
mutagenesis

6

4

daf-16

Stress resistance

Kim and Sun (2007)

Oxidative stress
resistance (paraquat),
Chr. Ill and IV,
Ahringer RNAi
Library

608

84

daf-16

Stress resistance, cell structure,
signal transduction, metabolism,
protein homeostasis,
transcription, chromatin binding,
mitochondrial function

Bennett et al. (2014)

Mitochondrial UPR
activation, whole
genome, Vidal
RNAi Library

19

10

Mitochondrial potassium
homeostasis, fat storage, pentose
phosphate metabolism
(Continued)
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TABLE 1.1 (Continued)
Invertebrate Longevity Screens

Study

Primary gene
selection

#
Genes

# Aging
genes

Tested

Identified

Epistasis tested

Functional groups identified

YEAST REPLICATIVE LIFESPAN
Kaeberlein et al.
(2005a,b)

Random, ORF
deletion collection

564

10

Protein homeostasis, metabolism,
DNA replication

Smith et al.
(2008a,b)

Orthologs of worm
pro-aging genes

264

25

Protein homeostasis,
transcription, mitochondrial
function

Steffen et al. (2012)

Ribosomal proteins

31

11

Protein homeostasis, metabolism

YEAST CHRONOLOGICAL LIFESPAN
Powers et al. (2006)

Whole genome, ORF
deletion collection

~4800

90+c

Protein homeostasis, stress
resistance

Matecic et al. (2010)

Whole genome, ORF
deletion collection

~4800

12

Protein homeostasis, metabolism

Burtner et al. (2011)

Whole genome, ORF
deletion collection

227

32

Mitochondrial function, stress
resistance, protein homeostasis

Burtner et al. (2011)

Orthologs of worm
pro-aging genes

235

18

Mitochondrial function, cell
division, metabolism, protein
homeostasis, exocytosis

Burtner et al. (2011)

Increased replicative
life span

47

10

Cell division, transcription, DNA
replication, metabolism

Burtner et al. (2011)

Increased media pH

76

20

Endocytosis, protein homeostasis,
signal transduction, stress
resistance

FRUIT FLY LIFESPAN
Landis et al. (2003)

Random doxinducible P element
insertion

10,000

6

Vacuolar function, membrane
transport, cell structure

Paik et al. (2012)

Random EP element
insertion

27,157

15d

DNA replication, transcription,
chromatin binding or
modification, protein
homeostasis, signal transduction,
metabolism, immunity

Funakoshi et al.
(2011)

Reduced wing and
eye size; random
P{GS} element
insertion

716

2

Signal transduction, cell growth,
protein homeostasis

a

The authors only pursue four genes, but do not report the total number found to significantly affect lifespan.
The authors only report the number of significant hits on chromosome 1.
c
Authors pursue the 90 genes with the largest change in chronological lifespan, but do not report how many are statistically significant.
d
8736 of 27,157 lines were putatively classified as long-lived; the authors selected 45 and 15 remained long-lived after validation.
b
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TABLE 1.2 Experimental Conditions Used in Different C. elegans Longevity Screens
Strain

Worm stock

Experiment

RNAi

Study

Background

Temperature

Temperature

Treatment start

FUdR?

Dillin et al. (2002)

Wild type

20°C

25°C

Egg

No

Lee et al. (2003)

Wild type

20°C

25°C

L1

Yes

Hamilton et al. (2005)

Wild type

?

20°C

L1

Yes

Hansen et al. (2005)

fer-15(b26); fem-l(hcl7)

25°C

20°C or 25°C

Egg

No

Samuelson et al. (2007)

lin-15b(n744);
eri-l(mg366)

?

15°C to L4,
25°C thereafter

L1

Yes

Chen et al. (2007)

Wild type

20°C

20°C

L4

Yes

Curran and Ruvkun (2007)

eri-l(mg366)

20°C

20°C

L4

Yes

Munoz and Riddle (2003)

fer-15(b26ts)

20°C

25.5°C

n/a

No

de Castro et al. (2004)

mut-7(pk242)

20°C

20°C

n/a

No

Kim and Sun (2007)

rrf-3(pkl426)

?

20°C

L1

No

Bennett et al. (2014)

rrf-3(pkl426)

?

25°C

Egg

Yes

genes identified between screens (Smith et al.,
2007; Yanos et al., 2012). There are several possible explanations that may account for this
lack of overlap. RNAi is inherently noisy, which
may result in a different degree of knockdown
between experiments for a given clone. The
screens were also designed to assess maximum
lifespan, scoring only the number of worms
alive after all control worms had died. Between
these two factors, the low overlap may reflect
a high false-positive rate inherent in the methodology. Another possibility is that subtle differences in experimental design may result in a
different range of factors becoming prominent.
These differences may include culture temperature, strain background, age at RNAi induction,
or the presence or absence of floxuridine (FUdR)
to prevent reproduction (Table 1.2). Regardless
of the cause, the small degree of overlap, and
the fact that these screens only identified proaging genes—genes for which reduced expression increases lifespan—suggests that the range

of genetic factors involved in C. elegans aging
has yet to be exhaustively bounded.
Knockout Screens in Budding Yeast
In the budding yeast S. cerevisiae, an analog
to the C. elegans RNAi feeding libraries exists
in the form of a genome-wide single-gene
deletion strain collection. This collection contains approximately 4800 strains, each containing a complete ORF deletion for a single
non-essential gene in a common genetic background (Winzeler et al., 1999). Versions of this
collection are available in both haploid mating types and in the homozygous diploid life
stage. When considering longevity in a singlecelled organism like S. cerevisiae, the first question to consider is the definition of “lifespan.”
Two aging paradigms are commonly studied
in the budding yeast (Steinkraus et al., 2008).
Replicative lifespan refers to the number of
times a cell can divide prior to undergoing
senescence (Kaeberlein, 2006; Mortimer and
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Johnston, 1959). In contrast, chronological lifespan refers to the length of time a cell can remain
in a quiescent state while retaining the ability to
re-enter the cell cycle (Fabrizio and Longo, 2003;
Fabrizio et al., 2001; Kaeberlein, 2006).
High-throughput techniques have only been
developed for measuring chronological lifespan in yeast. Chronological lifespan is typically measured by growing yeast cells in liquid
culture until they enter a stationary phase,
maintaining the cells in the expired media,
and periodically sampling the aging culture
to assess viability (Kaeberlein, 2006). Viability
has traditionally been measured by plating a
defined culture volume onto rich solid media
and counting the number of colonies to calculate the total of colony forming units (CFUs).
Powers et al. (2006) dramatically increased
throughput by replacing the labor-intensive
(though quantitative) process of counting
CFUs with the more qualitative approach of
instead diluting a sample from the aging culture back into rich liquid media and measuring optical density at 600 nm (OD600) after
a fixed outgrowth time. This approach was
used to screen the homozygous diploid deletion collection, identifying 90 chronologically
long-lived mutants (Powers et al., 2006). This
technique has more recently been improved to
quantitatively assess outgrowth using a combined instrument that provides continuous culture agitation, temperature control, and OD600
measurement (Burtner et al., 2009a; Murakami
and Kaeberlein, 2009; Olsen et al., 2010) and
has been used to screen selected sets of mutants
from the yeast ORF deletion collection for
increased chronological lifespan (Burtner et al.,
2009b, 2011). Matecic et al. (2010) employed an
alternative competitive strategy, chronologically aging a pooled culture containing cells
from each of the single-gene deletion strains in
the ORF deletion collection and using microarrays to genotype the longest-surviving cells.
The typical method for measuring replicative
lifespan in yeast involves the manual removal
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of daughter cells from a dividing mother.
Automated high-throughput methods for
measuring replicative lifespan using microfluidics are just starting to be developed (see discussion of emerging tools later in this chapter).
To bypass this problem, a moderate-throughput
iterative strategy was devised to identify longlived mutants in the yeast deletion collection
by determining replicative lifespan initially
for only five cells per strain and using statistical methods to select strains for further testing
(Kaeberlein et al., 2005b). A preliminary report
identified 13 genes for which deletion extends
replicative lifespan out of the first 564 strains
initially tested in the ORF deletion collection
(Kaeberlein et al., 2005b). Of the 13 genes, five
map to the TOR signaling pathway (ROM2,
RPL6B, RPL31A, TOR1, and URE2). This screen
was recently completed and the final report
is now being prepared for publication. Two
additional replicative lifespan screens have
been reported examining gene sets selected for
either orthology to known worm aging genes
(Smith et al., 2008b) or ribosomal components
(Steffen et al., 2008, 2012). Combined, longevity screens in yeast have identified more than
100 pro-aging genes related to a range of cellular processes including protein homeostasis,
metabolism, stress resistance, and mitochondrial function (Table 1.1).
Overexpression Screens in Fruit Flies
Tools for genome-scale targeted genetic
modification have yet to be used in the context
of aging in D. melanogaster. Drosophila does provide a unique tool among invertebrate aging
models in the form of transposable enhancer
and promoter elements that can be randomly
inserted into the genome allowing for unbiased identification of genes that increase lifespan when overexpressed. In an early study
using this method, Landis et al. (2003) screened
10,000 lines and identified six genes for which
overexpression increased longevity, including factors involved in vacuolar function,
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membrane transport, and cell structure (Table
1.1). More recently, Paik et al. (2012) initiated
a longevity screen examining 27,157 lines and
have reported the first 15 long-lived transgenic
strains, which overexpress genes involved
in transcription, translation, cell signaling,
metabolism, and immunity (Table 1.1). A third
study used growth-impairment in the form
of reduced wing and eye size as a surrogate
marker for longevity in a screen of 716 transgenic Drosophila lines (Funakoshi et al., 2011).
Two genes were identified with previous links
to IIS and TOR signaling (Table 1.1).
Genetic screening for lifespan variants
using invertebrate models has been invaluable
to defining the range of factors and biological processes involved in the determination of
lifespan. Hundreds of genes have been identified across a range of central biological processes, the most prominent being mitochondrial
metabolism, protein homeostasis, and stress
resistance (Table 1.1). There is still work to be
done in this area, particularly with respect
to understanding how the range of factors
important for lifespan is affected by different
environmental conditions, such as changes in
temperature or in response to DR.

Leveraging Genetic Diversity to Identify
Aging Loci
The previous sections describe reverse genetic
approaches to identifying aging genes, in which
large numbers of genes are knocked out individually and the effect on lifespan measured.
Because of the scale, this approach has only been
carried out in short-lived invertebrate models
that are simple and inexpensive to maintain in
the laboratory. Current genome-scale knockout
efforts like the International Knockout Mouse
Consortium (IKMC; see discussion of emerging
tools later in this chapter) may lend themselves
to a similar strategy in mice on a smaller scale,
though the cost of maintenance will still likely
prevent full-genome mouse lifespan screens.

An alternative approach is to use forward
genetics to leverage the natural phenotypic
variation in genetically diverse populations to
map candidate aging loci. This approach has
the advantage of directly identifying longevityassociated genes in a mammalian system, making findings more relevant to human aging,
and provides a complement to the screens carried out in invertebrate systems. Invertebrate
screens tend to increase or decrease gene
expression to levels outside of what is typically
experienced from allelic variants in natural
populations. Natural variants can result in large
changes in gene activity, including complete
inactivation of a gene, but more typically cause
subtler changes in gene action or specificity.
Gene mapping will therefore both identify longevity effects from less dramatic gene interventions, and point to genes that make the largest
contributions to variation in aging within the
population examined.
Mapping Longevity Genes in Human
Populations
The first gene-mapping studies involved
in longevity were through linkage analysis
in human families. Three studies of this type
mapped loci associated with extreme longevity
in 137 sibling pairs with one member being at
least 98 years old and other members being at
least 90 (males) or 95 (females) years old (Puca
et al., 2001), 95 pairs of male fraternal twins
with healthy aging (Reed et al., 2004), and
279 families with multiple long-lived siblings
(Boyden and Kunkel, 2010). All three studies identified one or more loci associated with
variation in longevity, most notably a common
locus on chromosome 4 (Table 1.3).
With the availability of relatively inexpensive
high-density single nucleotide polymorphism
(SNP) arrays and exome sequencing, most mapping efforts are now concentrating on genomewide association studies (GWAS) with increasing
population sizes. A recent example of this type of
study is work by Newman et al. (2010), in which
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TABLE 1.3 Significant and Suggestive Loci Identified in Genome-Wide Human Mapping Studies
Chromosome

Region or marker
location (Mb)

Gene(s)

References

1

3.6

TP73

Beekman et al. (2013)

41.2, 44.2, 45.3

BTBD19, KCNQ4,
NFYC, ST3GAL3

Bennett et al. (2014), Bernardes de Jesus
et al. (2011)

63.4, 73.3, 73.4, 73.8,
73.9

LOC101927295

Bae et al. (2008), Bernardes de Jesus et al.
(2011)

156.1

LMNA

Bennett et al. (2014), Bentzinger et al. (2008)

2

3

6.9, 8.5

Bennett et al. (2014), Bernardes de Jesus
et al. (2012)

28.4, 28.7

BRE

Bartke et al. (2001), Bennett et al. (2014)

50.5

NRXN1

Bernardes de Jesus et al. (2012)

70.8

TGFA

Bernardes de Jesus et al. (2012)

137.8, 139.4

NXPH2, THSD7B

Bae et al. (2008), Bennett et al. (2014)

238.3

COL6A3

Bernardes de Jesus et al. (2011)

0.2, 2.0

Anselmi et al. (2009), Artandi et al. (2002),
Beekman et al. (2013)

28.0, 28.6–33.6 (29.6,
30.2)

RBMS3

Anderson and Weindruch (2010), Artandi
et al. (2002)

37.0, 38.0

CTDSPL, TRANK1

Austad and Kristan (2003), Baret et al. (1994)

48.5, 50.1

ATRIP, CCDC51,
RBM6, TMA7

Anselmi et al. (2009), Bernardes de Jesus
et al. (2012)

71.8

EIF4E3

Bennett et al. (2014), Bentzinger et al. (2008)

101.0, 101.9

IMPG2, LOC101929411

Baret et al. (1994), Bennett et al. (2014)

114.1, 115.1

ZBTB20

Beekman et al. (2013), Bennett et al. (2014)

147.8, 147.9

LOC100507461

Bennett et al. (2014), Bentzinger et al. (2008)

162.7, 168.7

4

Bernardes de Jesus et al. (2011)

192.5–192.6

MB21D2

Austad and Kristan (2003)

1.4

UVSSA

Bernardes de Jesus et al. (2012)

76.9

SDAD1

Bernardes de Jesus et al. (2012)

108.4, 110.6

CCDC109B

Anderson and Weindruch (2010),
Becker (2002), Beekman et al. (2013)

137.7

Bernardes de Jesus et al. (2012)

160.9–162.5

Austad and Kristan (2003)
(Continued)
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TABLE 1.3 (Continued)
Significant and Suggestive Loci Identified in Genome-Wide Human Mapping Studies
Chromosome

Region or marker
location (Mb)

Gene(s)

References

5

74.8–78.9 (76.2)

S100Z

Artandi et al. (2002)

95.1, 95.2, 96.3

ELL2, LOC101929747,
LNPEP, RHOBTB3

Anselmi et al. (2009), Baret et al. (1994),
Bennett et al. (2014)

110.8

CAMK4

Baret et al. (1994)

149.4, 149.6

CSF1R, SLC6A7

Bennett et al. (2014), Bentzinger et al. (2008)

0.8, 2.7, 3.8, 6.6, 8.2

LOC101927691, LY86AS1, MYLK4

Anselmi et al. (2009), Beekman et al. (2013),
Bennett et al. (2014), Bernardes de Jesus
et al. (2011)

29.6, 29.7, 31.6, 31.7,
31.9, 32.4

AIF1, BTNL2, C2,
HLA-F-AS1, MOG,
LY6G6F, ZFP57

Bartke et al. (2001), Bennett et al. (2014),
Bentzinger et al. (2008)

48.2–62.2 (50.2)

RCBTB1

Anselmi et al. (2009)

106.8

AIM1

Bernardes de Jesus et al. (2012)

164.4–169.6 (164.4,
166.2, 166.3, 166.7)

PRR18

Anselmi et al. (2009), Anson et al. (2003),
Bernardes de Jesus et al. (2012)

1.0, 1.9

C7orf50, MAD1L1

Bernardes de Jesus et al. (2012)

49.5–75.5 (52.2, 54.3,
64.7, 67.1, 75.2)

HIP1

Anselmi et al. (2009), Artandi et al. (2002),
Baret et al. (1994), Bennett et al. (2014),
Bernardes de Jesus et al. (2011)

6

7

81.0, 823

Bae et al. (2008), Bennett et al. (2014)

90.8, 92.4, 93.7, 103.9,
108.9, 109.8

CDK6, CDK14

Anson et al. (2003), Bennett et al. (2014),
Bentzinger et al. (2008), Bernardes de Jesus
et al. (2011)

122.8

SLC13A1

Anselmi et al. (2009)

134.3

AKR1B15

Bernardes de Jesus et al. (2012)

152.6
8

Baret et al. (1994)

6.7

DEFB1

Bennett et al. (2014), Bentzinger et al. (2008)

29.1, 31.0

KIF13B, WRN

Bennett et al. (2014), Bentzinger et al. (2008)

41.6–67.0 (49.0,53.9,
59.7, 62.8)

TOX, LOC 101929628

Al-Regaiey et al. (2007), Artandi et al. (2002),
Baret et al. (1994), Bennett et al. (2014),
Bentzinger et al. (2008)

134.5

ST3GAL1

Anselmi et al. (2009)
(Continued)
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TABLE 1.3 (Continued)
Significant and Suggestive Loci Identified in Genome-Wide Human Mapping Studies
Chromosome

Region or marker
location (Mb)

Gene(s)

References

9

5.3–5.4

RLN1, RLN2

Austad and Kristan (2003)

27.2, 27.3, 28.1

EQTN, LINC00032, TEK

Bennett et al. (2014)

72.3, 73.8, 74.3

PTAR1, TMEM2,TRPM3

Bennett et al. (2014), Bernardes de Jesus
et al. (2012)

95.6, 97.5, 97.6

ANKRD19P, C9orf3

Baret et al. (1994), Bennett et al. (2014),
Bentzinger et al. (2008)

112.1, 113.1

EPB41L4B, SVEPI

Bennett et al. (2014), Bernardes de Jesus
et al. (2012)

128.3, 129.5, 137.6,
137.7

MAPKAP1, COL5A1,
LMX1B

Anderson and Weindruch (2010), Bennett
et al. (2014), Bernardes de Jesus et al. (2011),
Bernardes de Jesus et al. (2012)

3.3–5.6 (4.1, 4.3)

LOC101927946

Anson et al. (2003), Bernardes de Jesus et al.
(2012)

23.4

MSRB2

Baret et al. (1994)

51.9–52.3 (52.1)

SGMS1

Artandi et al. (2002)

89.3–92.7 (893, 90.8)

FAS

Artandi et al. (2002), Bass et al. (2007),
Bennett et al. (2014)

108.6, 108.9

SORCS1

Baret et al. (1994), Bennett et al. (2014),
Bentzinger et al. (2008)

0.3–1.1, 3.0

CARS

Austad and Kristan (2003), Bernardes de
Jesus et al. (2012)

10

11

12

49.9, 50.0–51.4

Austad and Kristan (2003), Bennett et al.
(2014)

90.9

Bae et al. (2008)

122.9, 123.5, 124.0,
125.1, 126.2

DCPS, GRAMD1B,
LOC341056, PKNOX2,
VWA5A

Bennett et al. (2014), Bentzinger et al. (2008),
Bernardes de Jesus et al. (2011)

14.1, 15.7

GRIN2B, PTPRO

Baret et al. (1994), Bernardes de Jesus et al.
(2011)

51.7

BIN2

Bernardes de Jesus et al. (2011)

121.4, 121.5, 127.4,
129.5, 131.5, 132.1

GLT1D1, GPR133,
RP11-575F12.1

Anderson and Weindruch (2010), Anselmi
et al. (2009), Bennett et al. (2014), Bernardes
de Jesus et al. (2012)
(Continued)
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TABLE 1.3 (Continued)
Significant and Suggestive Loci Identified in Genome-Wide Human Mapping Studies
Chromosome
13

Region or marker
location (Mb)

Gene(s)

References

46.4, 46.9, 48.0, 48.1,
48.4

LINC00563,
LOC101929389, LRRC63

Bae et al. (2008); Bartke et al. (2001);
Bernardes de Jesus et al. (2011)

59.6, 61.7, 71.9, 73.1

14

Baret et al. (1994); Bennett et al. (2014);
Bernardes de Jesus et al. (2012)

90.6, 93.9, 95.7, 97.8,
98.8, 99.1

ABCC4, FARP1, GPC6,
STK24

Baret et al. (1994); Bennett et al. (2014);
Bentzinger et al. (2008); Bernardes de Jesus
et al. (2012)

20.2, 20.4–23.7 (23.4),
29.0

OR4Q3, REM2, RBM23

Al-Regaiey et al. (2007), Austad and Kristan
(2003), Bae et al. (2008), Bass et al. (2007),
Bernardes de Jesus et al. (2012)

39.0, 40.7, 43.5–54.5
(43.5, 46.2,

DLGAP5, RP11-58E21.3,

Anselmi et al. (2009), Austad and Kristan
(2003), Baret et al. (1994), Bass et al. (2007)

47.8, 48.9, 49.5, 50.5,
54.2), 55.7

MDGA2

Bennett et al. (2014)

90.8,91.7

CCDC88C, NRDE2

Bennett et al. (2014), Bernardes de Jesus
et al. (2012)

104.2–106.1
15

16

17

18

Austad and Kristan (2003)

27.0, 27.9–35.0 (33.7)

GABRB3, RYR3

Al-Regaiey et al. (2007), Bennett et al. (2014),
Bentzinger et al. (2008), Bernardes de Jesus
et al. (2012)

53.8

WDR72

Bennett et al. (2014), Bernardes de Jesus
et al. (2012)

94.8, 96.8

MCTP2, NR2F2-AS1

Anselmi et al. (2009), Bennett et al. (2014)

2.1

NTH L1, TSC2

Bernardes de Jesus et al. (2012)

19.0–26.6 (19.9,
24.0, 26.5), 27.9

GSG1L, IQCK, PRKCB

Anselmi et al. (2009), Anson et al. (2003),
Bennett et al. (2014)

50.3, 50.7, 57.9

KIFC3, PAPD5, SNX20

Baret et al. (1994), Beekman et al. (2013),
Bentzinger et al. (2008)

78.5

WWOX

Bennett et al. (2014), Bentzinger et al. (2008)

9.8–11.5 (10.1,10.8)

GAS7, LOC101928325

Anson et al. (2003), Bennett et al. (2014)

36.7–55.5 (41.7,
44.9, 47.1, 47.9,

FUJ45513, TAC4,
TRIM25, WNT3

Al-Regaiey et al. (2007), Artandi et al. (2002),
Bennett et al. (2014)

55.0)

PRKCA, SLC38A10

Baret et al. (1994), Bennett et al. (2014)

64.5, 70.0, 79.3

CNDP1, LOC400655,
ZNF516

Artandi et al. (2002), Bennett et al. (2014),
Bentzinger et al. (2008), Bernardes de Jesus
et al. (2011)

70.2–74.1 (70.9,
71.0, 71.3, 72.2, 74.1)

Bernardes de Jesus et al. (2012)
(Continued)
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TABLE 1.3 (Continued)
Significant and Suggestive Loci Identified in Genome-Wide Human Mapping Studies
Region or marker
location (Mb)

Gene(s)

References

5.9,6.7–17.5 (17.2),
18.5

MYO9B, NDUFA11,
PGPEP1

Al-Regaiey et al. (2007), Bennett et al. (2014)

35.3–46.6 (38.3, 45.2,
45.4),

APOE, CEACAM16,

Al-Regaiey et al. (2007), Anisimov et al.
(2011), Bartke et al. (2001), Bennett et al.
(2014)

49.1–53.5

AC016582.2

Bentzinger et al. (2008), Bernardes de Jesus
et al. (2012)

0.6–4.1 (0.9, 3.4), 4.4

ANGPT4, C20orfl94

Anson et al. (2003), Bennett et al. (2014)

59.9, 60.2

CDH4

Bernardes de Jesus et al. (2012)

22.9

NCAM2

Bernardes de Jesus et al. (2012)

47.6

LSS

Anselmi et al. (2009)

22

37.6, 47.5, 51.1

SHANK3, SSTR3,
TBC1D22A

Bernardes de Jesus et al. (2012)

X

141.1, 142.2

Chromosome
19

20

21

Anselmi et al. (2009), Beekman et al. (2013)

When available, marker names were used to standardize all genomic locations to human genome assembly GRCh37.p13. Genes listed
are located within 10 kb of a marker location. Bold, significant GWA (α < 0.05); normal, suggestive GWA (α < 1.00); italic, marker does
not reach suggestive GWA (α = 1.00) but is located within 2 Mb of a marker identified in an independent study. The data in this table
were compiled from the following studies: (1) Beekman et al. (2013), (2) Boyden and Kunkel (2010), (3) Deelen et al. (2011), (4) Edwards
et al. (2011), (5) Edwards et al. (2013), (6) Kerber et al. (2012), (7) Kuningas et al. (2011), (8) Lunetta et al. (2007), (9) Malovini et al.
(2011), (10) Nebel et al. (2011), (11) Newman et al. (2010), (12) Puca et al. (2001), (13) Reed et al. (2004), (14) Sebastiani et al. (2012),
(15) Sebastiani et al. (2013), (16) Walter et al. (2011), and (17) Yashin et al. (2010).

more than two million polymorphisms were
examined in a meta-analysis of four prospective
cohort studies combining 1836 individuals that
survived beyond 90 and a control group of 1955
individuals. Despite the large sample size, no
loci reached genome-wide significance for association with longevity, though MINPP1, an inositol phosphatase involved in cell proliferation,
approached significance. This example illustrates
a common challenge in longevity mapping studies. In 17 human mapping studies, many loci
throughout the genome have been found to be
associated with variation in lifespan; however,
few loci reach genome-wide statistical significance when corrected for multiple testing and
little overlap is found between studies (Table
1.3 and see also Chapter 9 by de Magalhães and
Tacutu). The notable exception is APOE, which

has been identified by five independent longevity mapping studies (Beekman et al., 2013;
Deelen et al., 2011; Nebel et al., 2011; Sebastiani
et al., 2012, 2013). APOE is located on chromosome 19 and encodes an apolipoprotein that is
a major component of very low density lipoproteins (VLDLs), which are responsible for removing excess blood cholesterol. Allelic variants in
APOE are associated with Alzheimer’s disease,
atherosclerosis, and other age-associated pathologies (Seripa et al., 2011; Smith, 2000). While not
yet identified in genome-wide mapping studies,
numerous targeted studies have found significant association between FOXO3A and human
longevity (Anselmi et al., 2009; Flachsbart et al.,
2009; Li et al., 2009; Pawlikowska et al., 2009;
Soerensen et al., 2010; Willcox et al., 2008; Zeng
et al., 2010). FOXO3A encodes a forkhead family
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FIGURE 1.1 Lifespan for 32 inbred strains. Inbred mouse strains show a wide range of variability in lifespan. Bars represent mean lifespan. Error bars represent standard error. Gray bars indicate founder strains for the Collaborative Cross
(CC) and Diversity Outbred (DO) mice (NOD.B10Sn-H2b/J is closely related to NOD/ShiLtJ). Source: The data in this figure
were compiled from Yuan et al. (2007, 2009).

transcription factor that has been linked to oxidative stress resistance and tumorigenesis. The
FOXO3A homologs in C. elegans (daf-16) and
D. melanogaster (dFOXO) mediate many of the
beneficial effects of reduced IIS with respect
to longevity and age-associated pathology
(Kenyon, 2010).
Mapping Longevity Genes in Mouse
Populations
Like humans, mice have been employed as
a model in studies to map genetic loci associated with variation in lifespan. While most
mouse populations are maintained as inbred
strains, a survey of 32 inbred strains found substantial variation in median lifespan among
different inbred strains ranging from 251 days
for AKR/J to 964 days for WSB/EiJ (Figure
1.1) (Yuan et al., 2009). This inherent variation can be exploited by crossing strains with
different lifespans and performing linkage

analysis. To date, 10 such studies have been
completed using crosses between seven classical inbred strains: BALB/c (BALB), C3H/
HeJ (C3H), C57BL/6J (B or B6), DBA/2J (D or
D2), LP/J (LP), NZW/LacJ (NZW), and ST/bJ
(ST); three wild-derived inbred strains: CAST/
Ei (CAST), MOLD/Rk (MOLD), and POHN/
DehJ (POHN); and two strains developed by
crossing classical inbred strains and selecting
for sleep response to ethanol: inbred long sleep
(ILS/IbgTejJ or ILS) and inbred short sleep
(ISS/IbgTejJ or ISS) (Markel et al., 1995). CAST,
MOLD, and POHN are particularly important,
as they were inbred from wild-caught mice
without domestication and provide a large
fraction of the genetic diversity found among
strains used to generate crosses for mapping
studies. CAST and MOLD originate from
the subspecies Mus musculus castaneus and
Mus musculus molossinus, respectively, which
diverged from the subspecies of most classical
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inbred strains, Mus m. musculus, approximately
half a million years ago.
One approach to gene mapping in mice is to
generate recombinant inbred (RI) strain panels
by crossing two or more strains and inbreeding
subsequent generations to produce novel but
related sets of inbred strains. Four studies have
measured lifespan and mapped associated loci
using either the BXD RI strain panel (de Haan
et al., 1998; Gelman et al., 1988; Lang et al.,
2010) or the ILSXISS RI strain panel (Rikke
et al., 2010).
A second approach is to genotype and measure lifespan of non-inbred offspring generated by crossing two or more inbred strains.
Lifespan has twice been measured in the
UM-HET3 four-way cross (BALB × B6) × (C3H
× D2) (Jackson et al., 2002; Miller et al., 1998)
and once in two four-way crosses that each

include a wild-derived strain (ST × B6) × (CAST
× D2) and (LP × MOLD) × (NZW × BALB)
(Klebanov et al., 2001). An early study by Yunis
et al. (1984) and a more recent study by Yuan
et al. (2013) identified longevity-associated
loci in the (B6 × D2) × B6 and (POHN × B6) ×
POHN backcross populations, respectively.
A final study mapped loci associated with lifespan in a backcross between short-lived SAMP1
mice and long-lived B10.BR–H2k/SgSnSlc (B10.
BR), a congenic strain related to C57BL/10 that
shares the histocompatibility 2 (H2) locus with
SAMP1, removing the influence of H2 on lifespan (Guo et al., 2000). Combined, these studies have identified more than 60 suggestive or
significantly longevity-associated loci located
throughout the mouse genome (Table 1.4). As
is the case in humans, few loci are identified
in more than one study. Six genomic regions

TABLE 1.4 Significant and Suggestive Loci Identified in Genome-Wide Mouse Mapping Studies
Chromosome

Region or marker location (Mb)

Gene(s)

Reference

1

13.3

Ncoa2

Anisimov et al. (2011)

31.5–34.5 (33.8)

Zfp451

Artandi et al. (2002)

120.0, 121.9–133.7 (126.5)

Gm101, Nckap5, Sctr

Anderson and Weindruch (2010),
Artandi et al. (2002)

147.0–185.5 (148.8, 161.2, 167.8,
171.9,174.6)

Cd48, Fmn2, Gml0521,
Lmx1a, Prdx6

Anderson and Weindruch (2010),
Anisimov et al. (2011), Baret et al.
(1994)

2

Artandi et al. (2002)

61.4–69.9 (65.4)
102.8, 108.3

Cd44

Anderson and Weindruch (2010),
Anselmi et al. (2009)

122.1

B2m

Anderson and Weindruch (2010)

4

17.4–151.1(22.5,63.8,80.5)

Pappa, Pou3f2

Anselmi et al. (2009), Baret et al.
(1994), Bartke et al. (2001)

5

25.0

Prkag2

Anisimov et al. (2011)

44.4

Anisimov et al. (2011)

64.6, 65.4–86.6 (79.5)

Anisimov et al. (2011),
Artandi et al. (2002)
(Continued)
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Significant and Suggestive Loci Identified in Genome-Wide Mouse Mapping Studies
Chromosome

Region or marker location (Mb)

Gene(s)

Reference

6

55.2

Faml88b

Anisimov et al. (2011)

71.8–83.5 (77.6), 84.4–101.2

6030492EllRJk, Ctnna2, Foxp1

Artandi et al. (2002)

113.3–121.9 (113.3)

Camk1

Artandi et al. (2002)

3.5–6.9 (3.5)

Gm7789, Vstm1,
Zscan4c

Artandi et al. (2002)

25.9, 26.8

Cyp2a5, Cyp2b10

Anderson and Weindruch (2010)

49.1–87.9 (58.5, 65.7, 84.6),

Gm10624, Gm19831,
Hbb-y, Hbb-bh1,

Artandi et al. (2002), Austad and
Kristan (2003), Bae et al. (2008)

89.3–107.3 (96.9, 103.9)

Hbb-bh2,Tenm4, Zfand6

14.7–25.7 (14.7, 23.3)

4930518F22Rik, Dlgap2,
Golga7

(93.5, 99.0)

7

8

36.0

Anson et al. (2003), Artandi et al.
(2002)
Anisimov et al. (2011)

102.4–115.8 (108.8)

Zfhx3

Artandi et al. (2002)

9

91.4

Zic1, Zic4

Anselmi et al. (2009)

10

48.7

11

Austad and Kristan (2003)

67.0

Reep3

Anselmi et al. (2009)

102.9–116.1 (110.5), 119.7

Grip1

Anson et al. (2003),
Artandi et al. (2002)

6.2–26.8 (8.3,19.7,17.9,19.6),

Etaal, Slit3

Al-Regaiey et al. (2007),
Artandi et al. (2002)

35.7–39.1 (35.7)
45.9–59.1 (55.8)

Artandi et al. (2002)

12

105.1, 113.3

lgh-7, lgh-8

Anderson and Weindruch
(2010), Anselmi et al. (2009)

14

46.4

Bmp4, Gm15217

Anisimov et al. (2011)

16

5.7
20.2, 29.1–37.5 (32.3)

Anselmi et al. (2009), 7
5830438M01Rik, Rnf168,
Yeats2

59.8–70.1 (64.6)

Anisimov et al. (2011),
Artandi et al. (2002)
Artandi et al. (2002)

17

13.7–39.5 (34.5), 42.7, 50.1

18

53.2

19

32.0, 39.7

Asah2, Cyp2c69

Austad and Kristan (2003),
Bae et al. (2008)

47.2, 53.9

Calhm1, Pdcd4, Bbip1

Anisimov et al. (2011), 7

45.4–58.6 (51.7)

2900011F02Rik, Hs6st2

Artandi et al. (2002)

122.3–155.6 (130.4)

9530062E16Rik, Diap2

Artandi et al. (2002)

X

Btnl6, Gpr111, Rftn1

Anisimov et al. (2011), 10
Austad and Kristan (2003)

When available, marker names were used to standardize all genomic locations to human genome assembly GRCm38. Genes listed are located
within 10 kb of a marker location. Bold, significant GWA (α<0.05); normal, suggestive GWA (α<1.00). The data in this table were compiled
from the following studies: (1) de Haan et al. (1998), (2) Gelman et al. (1988), (3) Guo et al. (2000), (4) Jackson et al. (2002), (5) Klebanov et al.
(2001), (6) Lang et al. (2010), (7) Miller et al. (1998), (8) Rikke et al. (2010), (9) Yuan et al. (2013), and (10) Yunis et al. (1984).
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FIGURE 1.2

Concordance of human and mouse longevity gene mapping studies. Eight of ten human longevity GWA
peaks (black arrows) fall within mouse longevity QTL regions (gray areas). Mouse genome is shown with significant and
suggestive mouse longevity QTL regions from multiple studies with suggestive human GWA peaks identified in a metaanalysis of multiple human studies by Newman et al. (2010) mapped to the mouse genome. Source: This figure is adapted
from Yuan et al. (2011) and represents data from de Haan et al. (1998), Gelman et al. (1988), Klebanov et al. (2001), Lang et al. (2010),
Miller et al. (1998), Miller et al. (2002), Newman et al. (2010), Rikke et al. (2010), and Yunis et al. (1984).

located on chromosomes 1, 2, 7, 8, 11, and 16
were identified by at least two studies. In nine
cases—on chromosomes 1, 2, 5, 7, 10, 16, 17, and
19—markers with suggestive association with
lifespan were identified by at least two studies
within the same 10 Mb region. These regions
represent the strongest candidates for further
investigation. Two regions on chromosome 1
(120.0–136.3 Mb and 147.0–185.5 Mb) and one
region on chromosome 11 (5.2–28.9 Mb) are of
particular interest, as they contain markers that
reached genome-wide statistical significance in
two independent studies (Table 1.4).

mouse genomic regions result from orthologous genes, Yuan et al. (2011) integrated mouse
and human data by projecting the identified
human loci onto the mouse genetic map. Out of
10 human GWAS regions, eight mapped within
10 Mb of a mouse quantitative trait loci (QTL)
peak (Figure 1.2). The probability of this occurring by chance is very low (P = 0.0025) (Yuan
et al., 2011), strongly suggesting that the mechanisms responsible for variation in longevity
within mouse and human populations is evolutionarily conserved and validating the mouse
as a model for human aging.

Mouse–Human Concordance
Based on the assumption that the longevity loci identified in corresponding human and

Age-Associated Gene Expression Studies
Instead of measuring the response of agerelated processes to changes in gene activity,
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the impact of age on gene expression can be
used to identify potential longevity factors.
Comparing expression studies has the potential to provide insight into general mechanisms
of aging that cross tissue and species boundaries. Microarray studies comparing young and
old in flies (Landis et al., 2004; Pletcher et al.,
2002; Zou et al., 2000), mice (Weindruch et al.,
2001), and monkeys (Kayo et al., 2001) all found
an increase in expression of oxidative stress
response genes with age, which is in agreement
with an observed increase in expression of oxidative stress response genes in young individuals from long-lived C. elegans strains (McElwee
et al., 2003; Murphy et al., 2003). Age-associated
gene expression changes between C. elegans and
D. melanogaster were directly compared in a
single study that identified a conserved expression program involving mitochondrial metabolism and DNA repair, among others (McCarroll
et al., 2004). In 2009, a meta-analysis of 27
microarray datasets examining different tissues
in humans, mice, and rats revealed a common
age-associated gene expression signature (de
Magalhaes et al., 2009). This signature included
an age-associated increase in expression of
genes to immunity and inflammation, as well
as lysosome-associated genes, and a decrease in
expression of genes involved in mitochondrial
function, cell cycle, senescence, and apoptosis. Further studies of this type will be of interest, particularly involving comparison of gene
expression patterns between invertebrates and
mammals. For a more detailed discussion of
specific microarray aging studies and associated technical challenges, readers can refer to
Chapter 8 or numerous reviews (Becker, 2002;
Golden et al., 2006; Han et al., 2004; Hudson
et al., 2005; Melov and Hubbard, 2004; Nair
et al., 2003; Werner, 2007).
Examining age-associated changes in gene
expression is also a useful and relatively noninvasive approach to study aging in humans.
The first study to examine age-dependent
changes in human gene expression on a

genome-scale used microarrays to examine
peripheral blood leukocyte transcripts and
identified 295 genes with robust differential expression with age (Harries et al., 2011).
Similar studies are now being performed in the
Framingham Heart Study and other cohorts
that are part of the Cohorts for Heart and Aging
Research in Genomic Epidemiology (CHARGE)
consortium. Human gene expression studies can be used for two purposes downstream.
The first is to identify specific diagnostic transcripts that are useful biomarkers of the biological age of the individual (discussed further in
“Aging Biomarkers” section). Biomarkers are
not necessarily causal players in the aging process, but simply consistent correlates with the
health state of the individual. The second purpose is to identify candidate genes that play a
causal role in the aging process. A disadvantage
in human gene expression studies is the limited
availability of different tissue types. The question arises as to whether gene expression in
leukocytes accurately represents what happens
in the whole organism. Mice and other animal
models can be used to measure gene expression in different tissues in order to identify both
genes associated with tissue-specific aging and
genes with common age-associated expression
patterns across tissues.
After GWA studies and human expression studies identify candidate genes, the next
step is to validate the capability of each gene
to impact aging, characterize their role in the
aging process, and determine why the specific casual allele leads to variation in lifespan.
For genes that are consistently identified in
multiple studies, such as APOE and FOXO3A,
direct follow-up in a mammalian system may
be appropriate. Indeed, APOE is under intense
scrutiny, particularly in the area of cardiovascular research and cholesterol metabolism. The
creation of a genome-wide knockout mouse
strain collection and novel gene-editing technologies (e.g., zinc fingers, TALENs, CRISPR)
for fast introduction of different variants allow
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for rapid progression from gene identification
to characterization. In the next tier, where the
number of candidate genes makes direct characterization in mammalian models cost-prohibitive, the use of RNAi feeding libraries in
C. elegans allows for rapid screening of a large
numbers of candidate genes for direct effects
on lifespan. This approach has the advantage of
narrowing candidate genes to those that likely
have an evolutionarily conserved role in aging
at the cost of discarding genes with a humanor mammal-specific role in aging. In the same
vein, this method is not suitable for all mammalian candidates, as roughly half of human and
mouse genes do not have clear worm orthologs.

NON-GENETIC SOURCES
OF COMPLEXITY
Tissue-Specific Aging
One important aspect of aging is the differences between tissues. In human populations,
mortality or morbidity can result from pathology in virtually every organ system, though
genetic and environmental factors can increase
risk for tissue-specific diseases. This suggests
that different tissues generally age at similar
rates on average within the human population,
but that individuals may experience differential
aging across tissues caused by genotype-specific effects and different environmental exposures. In C. elegans, studies of tissue-specific
aging have concluded that muscle cell function tends to gradually decline beginning
around the transition to the post-reproductive
life stage, while neurons largely retain function in old animals (Herndon et al., 2002). The
decline in muscle function is accompanied
by decreased pharyngeal pumping, resulting
in reduced food consumption (Huang et al.,
2004; Kenyon et al., 1993; Smith et al., 2008a)
and autofluorescent age pigment accumulation throughout the body (Gerstbrein et al.,
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2005; Klass, 1977). Characterizing these differences, understanding the underlying molecular
mechanisms, and determining how these mechanisms result in age-related disease will be
important in developing effective treatments.
Tissue-Specific Age-Related DNA
Methylation
One source of differential aging among tissues appears to be epigenetics. Recent studies
in rats (Thompson et al., 2010), mice (Maegawa
et al., 2010), and humans (Day et al., 2013) have
identified tissue-specific patterns of age-related
DNA methylation. In mammals, DNA methylation occurs mostly within the context of CpG
dinucleotides. Clusters of CpG dinucleotides—
CpG islands—are often located near the 5ʹ end
of genes. Methylation of CpG islands is associated with a closed chromatin structure and
transcriptional silencing of the gene. All three
studies show that aging leads to epigenetic dysregulation, with different sites showing either
hypermethylation or hypomethylation. This
process is common across tissues for certain loci
and tissue-specific for others. Centenarians display delayed age-related methylation changes
and can even pass the preservation of methy
lation states on to their offspring in a manner
independent of genotype (Gentilini et al., 2013).
How the observed dysregulation of methylation patterns impacts gene expression, activity
in aging-relevant pathways, or progression of
specific age-related diseases has yet to be determined. Which loci are controlling differences in
age-related methylation and how variation in
these loci can lead to differences in age-related
phenotypes is also unknown.
While tissue-specific DNA methylation patterns are useful in studying tissue-specific
aging, identifying common age-associated
hypomethylation and hypermethylation patterns between tissues has applications in human
research and clinical practice, where blood
DNA methylation measurements are easy to
obtain relative to other tissues, such as brain.
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One study identified methylation modules
with strong age-dependent correlation between
blood and brain (Horvath et al., 2012). A similar analysis of gene expression revealed only
a weak correlation between tissues, suggesting that measurements of DNA methylation,
and not gene expression, may be a useful surrogate marker for brain aging. Horvath (2013)
extended this idea to develop a multi-tissue
DNA methylation age predictor. Using DNA
methylation data for 8000 samples from 51
healthy tissue types, Horvath (2013) selected
353 CpG sites (193 with age-dependent hypermethylation and 160 with age-dependent
hypomethylation) that function as a DNA methylation “clock” and demonstrate the ability to
predict DNA methylation age across many tissue types. While this method of predicting age
worked well in many tissues, including heterogeneous tissues (e.g., whole blood), DNA
methylation patterns in specific tissue types
were not well correlated. For example, the DNA
methylation state for breast tissue appeared
accelerated relative to the chronological age
of the sample donor, while the DNA methylation age of sperm was significantly lower
than the donor age. Stem cell populations,
including both embryonic stem (ES) cells and
induced pluripotent stem cells derived from
non-pluripotent tissues, had a DNA methylation age near zero. In contrast, cancer cells from
multiple cancer types displayed an accelerated
DNA methylation aging profile. Interestingly,
the DNA methylation age did not appear older
than the chronological age in tissue samples
from individuals with progeria, suggesting
that these diseases may not generally represent
a state of accelerated aging. A second study
used a similar method to build a predictive
model with 71 CpG sites selected from methylation data for whole blood taken from 599 individuals (Hannum et al., 2013). The majority of
these CpG sites were located near genes with
known links to aging or age-associated disease. As in the first study, this predictive model

was capable of accurately predicting age-based
methylation data from either whole blood or
one of several other tissue types (breast, kidney
lung, or skin). In addition, Hannum et al. (2013)
used the top age-associated methylation markers to identify 303 QTL. This work highlights
the potential for DNA methylation as a diagnostic tool for aging studies and clinical practice,
and represents a novel tool for identifying novel
aging factors.
Telomere Shortening and Telomerase
Telomeres are the DNA–protein complex at
the end of chromosomes that protect against
genome instability and chromosomal fusion.
A small portion of the telomere is lost at each
cell division until a critical threshold is reached,
at which point a cell undergoes senescence or
apoptosis. For this reason, telomere shortening
has long been of interest as a potential cause of
aging, placing a replicative limit on the number of divisions each cell can perform. Telomere
length is easily measured in blood, making
it of interest as a biomarker of aging. A metaanalysis of human studies reporting telomere
length by Mather et al. (2011) was inconclusive;
telomere length did not clearly predict lifespan
better that chronological age and therefore may
not reflect a basic process underlying aging at
the population level; however, available studies were limited by both the number of participants and methodology. This conclusion is not
surprising, since no single measurement may
be able to sufficiently capture the complexity of
the aging process to be useful as a biomarker.
Telomere length may instead be a useful component of a panel of biomarkers (see detailed
discussion of aging biomarkers later in this
chapter). The majority of human telomere studies only report telomere length in leukocytes,
and it remains unclear whether leukocyte telomere length is a good proxy measurement of
general aging, or even telomere length in other
cell types in the same individual. Indeed, telomeres are inherently linked to cell division,
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which may imply that telomere length contributes to aging in rapidly dividing tissue types
but not in largely post-mitotic tissues.
Telomeres are clearly important for agerelated processes in specific cell types and disease processes. Telomeres can be maintained
and even extended by the enzyme telomerase,
the expression of which is repressed in most
human somatic cell lineages. The majority
of advanced cancers reverse this repression,
expressing telomerase as a means to bypass the
cell division limit placed by shortening telomeres. Inhibition of telomerase is one strategy
under investigation as a treatment for cancer
(reviewed by Shay and Wright, 2011). Cellular
proliferation is critical to the adaptive immune
system. Loss of telomeres occurs during various stages of T-cell differentiation and telomerase expression is sufficient to rescue senescence
in cultured CD8 T cells (Weng, 2012). Telomere
length has also been linked to immune cell
senescence, particularly T cells, in autoimmune
disease (reviewed in Hohensinner et al., 2011).
In contrast to humans, mice express telomerase in the majority of their somatic tissues
and have long telomeres (50–70 kb) relative to
humans (~10 kb). As a result of these long telomeres, mice lacking the Terc gene (mTerc−/−),
which encodes the RNA component of telomerase that acts as the template for extending
telomeres, appear phenotypically wild type in
the first generation, with subsequent generations displaying reduced telomere length and
lifespan, reaching a critical threshold and losing
viability in the third to sixth generations (Blasco
et al., 1997; Rudolph et al., 1999). Given the role
of telomerase in cancer, it is not surprising that
transgenic overexpression of the telomerase
reverse-transcriptase, Tert, decreases lifespan and
increases cancer incidence in mice (Artandi et al.,
2002; Canela et al., 2004; Gonzalez-Suarez et al.,
2001, 2002); however, when Tert is overexpressed
in middle-aged (1-year-old) or old (2-year-old)
mice, or in cancer-resistant Sp53/Sp16/SARF
mice, lifespan is increased in the absence of
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increased cancer incidence (Bernardes de Jesus
et al., 2012; Tomas-Loba et al., 2008). Treating
mice with the telomerase activator TA-65
improves health in aged mice without increasing either cancer or lifespan (Bernardes de Jesus
et al., 2011). Taken together, these studies suggest
that the normal level of telomerase expression in
mice limits cancer incidence, but similarly limits
potential lifespan. How this translates into aging
in humans, where telomeres are shorter, telomerase activity is lower, and lifespans are longer
is unclear, but telomere length and telomerase
remain a topic of interest in aging research.
Tissue-Specific Responses of Aging
Pathways
Studies performed over the past few years
make it clear that changes in activity through
two of the central aging pathways—IIS and TOR
signaling—have dramatically different effects in
different tissues in mice. Knocking out Rptor, a
component of TOR complex 1 (TORC1), in adipose tissue causes increased leanness and resistance to diet-induced obesity accompanied by
improved glucose tolerance and insulin sensitivity (Polak et al., 2008). In contrast, knocking out
Rptor in skeletal muscle leads to muscular dystrophy associated with reduced mitochondrial biogenesis and muscle oxidative capacity (Bentzinger
et al., 2008). These kinds of differences are also
found for ER stress and autophagy where variation leads to different outcomes depending on
the tissue. Fat-specific insulin receptor knockout
(FIRKO) mice live approximately 18% longer than
wild–type and are protected against obesity and
related glucose intolerance (Bluher et al., 2003). In
contrast, pancreatic β cell insulin receptor knockout (βIRKO) results in an insulin secretion defect
resembling type 2 diabetes (Kulkarni et al., 1999),
while muscle-specific insulin receptor knockout
(MIRKO) recapitulates some features of diabetes
(increased fat mass, serum triglycerides, and free
fatty acids) but are normal with respect to others
(blood glucose, insulin, and glucose tolerance)
(Bruning et al., 1998).
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Many of the processes that we know play a
primary role in aging are core regulators of cellular growth and metabolism in response to
environmental queues. These examples highlight
several important challenges both in developing
a comprehensive understanding of the role that
known aging genes play in the aging process and
in translating basic aging discoveries into clinical
applications. An intervention that increases lifespan may provide an overall benefit while driving
disease processes in specific tissues. Conversely,
a beneficial impact on aging in one tissue may
be masked by a detrimental impact on another
when an intervention is applied to the whole
organism resulting in a net increase in mortality. Factors with this type of outcome would
not expect to be identified in the type of genetic
screens or gene mapping studies described
above. Clinical treatment may require altering
the intervention agent or delivery method to specifically target a subset of tissue or developing a
combined therapy with a second intervention to
counteract the negative impacts of the first.

Gene–Environment Interaction
This chapter so far has discussed organismintrinsic factors contributing to aging. Extrinsic
factors, and the interaction between extrinsic
and intrinsic factors, must also be considered
when developing a complete model of organismal aging. Extrinsic factors that impact aging
include any aspect of the environment that an
organism interacts with: diet, weather, temperature, microflora, other members of the same species, chemical stressors such as external reactive
oxygen and nitrogen species, etc. Aging research
has led to the discovery of numerous genetic,
pharmacological, and environmental interventions that increase lifespan in one or more model
systems in the laboratory; however, interventions
capable of extending lifespan in the laboratory
setting may turn out to be sensitive to context.
Understanding how the interaction between an
organism’s genetic—and epigenetic—identity

interacts with its environment will be important
to understanding how longevity intervention
studies in the lab will translate into clinical application in human populations.
Genetic Response to DR
Several methods of environmental manipulation are known to impact lifespan. DR, typically
defined as a reduction in dietary intake without
malnutrition, is the most studied environmental
intervention capable of increasing lifespan. DR
is commonly put forward as the most consistent
means of increasing longevity; indeed reducing
dietary intake has been shown to extend lifespan
in most organisms where it has been attempted,
including yeast, worms, fruit flies, mice, spiders,
rats, dogs, and hamsters (Kennedy et al., 2007;
Masoro, 2005; Weindruch and Walford, 1988).
The complete picture is more complicated. The
outcome of DR depends on a range of factors
including degree of restriction, the specific composition of both baseline and restricted diets,
feeding schedule, age at onset, and the genetic
identity of the subject population.
A large body of research is directed at understanding the biological processes underlying the beneficial effects of DR. A number of
genetic pathways have been proposed as mediators of DR. The evidence is most consistent for
TOR signaling, a highly conserved nutrientresponsive signaling pathway that regulates
many cell growth and proliferation processes
(see Chapter 2). Lifespan extension by DR and
reduced TOR signaling are non-additive in
yeast, worms, and flies. DR both reduces activity
though the TOR signaling pathway and induces
TOR-mediated changes to metabolism and protein homeostasis. Together, the accumulating
invertebrate evidence places DR and TOR signaling into at least partially overlapping pathways.
In mice, reducing TOR signaling through genetic
manipulation of multiple factors increases lifespan (Lamming et al., 2012; Selman et al., 2009;
Wu et al., 2013). In multiple studies using inbred
and outbred populations rapamycin increases
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lifespan, reduces cancer incidence, and improves
tissue-specific decline with age (Anisimov et al.,
2011; Harrison et al., 2009; Miller et al., 2011; Neff
et al., 2013; Wilkinson et al., 2012; Zhang et al.,
2014). Despite similar outcomes in mice, a direct
link between DR and TOR signaling has yet to
be established in a mammalian system. One
goal of identifying the genes responsible for the
beneficial response to DR is the development of
DR mimetics, pharmacological agents capable
of reproducing the beneficial outcomes without
altering diet. Rapamycin and other pharmacological inhibitors of TOR signaling (termed “rapalogs”) are being pursued in basic aging research
as well as clinical trials for multiple age-related
diseases. Understanding the molecular impacts
of TOR signaling and the development of rapalogs are highly active areas of current investigation in aging science (Johnson et al., 2013;
Kaeberlein, 2013; Lamming et al., 2013).
The second pathway that has been studies extensively with respect to interaction with
DR is IIS. In the majority of studies in C. elegans and Drosophila, epistasis analysis appears
to place DR into a pathway that is genetically distinct from IIS (Giannakou et al., 2008;
Houthoofd et al., 2003; Kaeberlein et al., 2006;
Lakowski and Hekimi, 1998; Lee et al., 2006);
however, other studies do report interaction
under specific forms of DR or genetic interventions (Clancy et al., 2002; Greer et al., 2007;
Iser and Wolkow, 2007). In mice, lifespan of the
long-lived growth hormone receptor knockout
(GHRKO) mice, which have reduced levels of
insulin and IGF-1, is not further increased by
DR (Al-Regaiey et al., 2007; Bonkowski et al.,
2006). In contrast, DR is capable of increasing
lifespan of mice with pituitary mutations that
cause a defect secretion of several hormones
including growth factor (Bartke et al., 2001).
The combined evidence indicates that DR is
not solely dependent on reduced IIS to impact
lifespan, but that the two pathways interact,
perhaps by influencing overlapping sets of
downstream factors or through compensatory
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feedback mechanisms. The genetic targets of
DR have been the topic of many recent reviews
(Anderson and Weindruch, 2010; Fontana et al.,
2010; Kennedy et al., 2007; Schleit et al., 2012;
Swindell, 2012; Xiang and He, 2011).
A central question in DR research is whether
the positive effects observed in genetically
homogeneous laboratory populations will be
widely realized if DR is applied to a genetically
diverse population, such as humans. Several
studies suggest that the genetic makeup of an
individual can profoundly change the impact
of DR on lifespan and healthspan in laboratory
models. Dozens of DR experiments have been
carried out in mice using a variety of strain
backgrounds (reviewed in depth by Swindell,
2012). While lifespan extension is observed in
most cases, there are numerous examples—most
studies using DBA/2 male mice for instance—
where DR appears to have no effect or even
shortens lifespan. Two studies have examined
the impact of DR on lifespan in ILSXISS mice,
a set of RI strains derived from eight inbred
founder strains selected for variation in sensitivity to ethanol sedation (Williams et al., 2004).
In both studies dietary-restricted mice were
fed a diet with 40% fewer calories than strainmatched ad libitum mice (Liao et al., 2010;
Rikke et al., 2010). The results are striking:
roughly half of the strains showed no significant
change in lifespan, 5–25% displayed increased
lifespan, and 20–25% displayed decreased lifespan in response to DR. In yeast, a screen of 166
single-gene deletion strains found a similar variability in response to dietary restriction ranging
from a 79% decrease to a 103% increase in mean
replicative lifespan (Schleit et al., 2013). A metaanalysis of reported mouse dietary restriction
longevity studies found that dietary restriction
may be more beneficial in outbred populations
than inbred strains (Swindell, 2012), suggesting that inbreeding depression may limit the
effectiveness of DR. Confounding this possibility, DR failed to increase lifespan in male wildderived mice (grand-offspring of wild-caught
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mice) which were never inbred (Harper et al.,
2006). DR appeared to cause an increase in
early-life mortality and a decrease in late-life
mortality in this population however, resulting
in a significant increase in maximum lifespan
despite the lack of mean lifespan extension. A
study examining the impact of DR by bacterial
deprivation in nematodes found a similar degree
of lifespan extension in the standard laboratory
strain of C. elegans (N2), five wild-derived strains
of C. elegans, and one strain of the closely related
nematode species, Caenorhabditis remanei (Sutphin
and Kaeberlein, 2008), although a second strain
of C. remanei displayed the same increased earlylife mortality and decreased late-life mortality
observed in mice by Harper et al. (2006). Taken
together, these studies point to a strong genotypedependence in the individual response to DR and
promote further investigation of DR in genetically
heterogeneous populations.
DR: Quantity, Composition, and Timing
Each DR study uses a defined change in diet,
usually a specific percent reduction in food, but
what range of interventions does DR encompass? An earlier term—caloric restriction—
reflected the idea that net caloric intake was the
primary factor causing increased longevity and
other health benefits. From this perspective, DR
can be seen as a shift on a dietary dose–response
curve and the genotype-dependent dietary
response can be interpreted as some individuals being closer than others to the optimal dietary intake with respect to longevity when fed
ad libitum due to genetically defined traits such
as metabolic rate or appetite. In individuals for
which ad libitum is near optimum, a typical DR
regimen may result in under-nutrition and thus
be detrimental to longevity. Even this view represents a simplified model of DR that does not
take into account the myriad of components that
make up a diet even in the most basic organism.
The current conception of DR includes a range
of dietary changes from quantity to composition to temporal consumption patterns, and the

range of biological processes underlying the
response appears to vary according to the specific form of DR employed.
In C. elegans, multiple forms of DR are commonly used (Greer and Brunet, 2009; Mair
et al., 2009). Most methods involve reducing
the amount of bacterial food provided to the
worms, but differ in the amount of bacteria
provided. Other variables include whether the
growth environment is liquid or solid agarbased, whether the food is alive or killed, and
whether the amount of food is constant or varied (akin to feeding/fasting cycles in mammals)
(Greer and Brunet, 2009). Under some conditions an extreme form of DR called bacterial
deprivation, referring to the complete removal
of the food during adulthood, results in optimal
lifespan extension (Kaeberlein et al., 2006; Lee
et al., 2006). Shifting a population to DR can
result in early mortality in a fraction of individuals depending on whether the shift is gradual
and the age at onset, and these factors can also
vary from study to study. In the case of bacterial deprivation, similar median lifespan extension can be achieved for DR initiated between
day 4 and day 14 and similar maximal lifespan
extension can be achieved for DR initiated as
late as day 24 (Smith et al., 2008a), while starting DR earlier than day 4 often results in early
mortality in a subset of worms. A common
genetic model of DR in worms is loss of function mutations in the eat-2 gene, which results
in defective pharyngeal pumping rate and thus
reduced bacterial food consumption (Lakowski
and Hekimi, 1998). An additional layer complicating the impact of DR on lifespan in C. elegans
is food sensing. Smith et al. (2008a) found that
the ability to detect food in the local environment was sufficient to partially suppress the
increased lifespan from bacterial deprivation.
In yeast, DR typically refers to reducing the
media glucose concentration from 2% to 0.5%
or lower (Lin et al., 2000), with optimal lifespan extension for the yeast ORF deletion collection strain background achieved at about 0.05%

I. BASIC MECHANISMS OF AGING: MODELS AND SYSTEMS

Non-Genetic Sources of Complexity

glucose (Kaeberlein et al., 2004; Lin et al., 2000).
Less common forms of DR include restricting amino acids (Jiang et al., 2000) or replacing media glucose with a non-fermentable
carbon source such as glycerol, ethanol, or
raffinose (Delaney et al., 2011; Kirchman and
Botta, 2007). Deletion of HXK2, which encodes
a hexokinase responsible for converting glucose
into glucose-6-phosphate prior to entry into the
glycolytic pathway, extends replicative lifespan
(Lin et al., 2000) and has been used as a genetic
model of DR (Walsh et al., 1983), though it
remains unclear whether this is attributable to
reduced cellular hexokinase activity (Rodriguez
et al., 2001; Walsh et al., 1991).
Drosophila has been used extensively to
explore non-genetic manipulations that extend
lifespan and the Drosophila aging community
has perhaps done the most to characterize
the impact of dietary composition on lifespan. Flies are typically fed ad libitum on a
glucose–yeast or cornmeal–yeast–sugar mixture in agar and DR is accomplished by diluting one or more of the component ingredients
(Bass et al., 2007; Chapman and Partridge, 1996;
Good and Tatar, 2001). A standard DR experiment will examine multiple dilutions of the
selected dietary component, rather than only
comparing two nutrition points, thus examining the impact of the intervention under scrutiny across an entire dietary dose–response.
One study mapped the impact on longevity and
other metabolic parameters of diets with a range
of different yeast and glucose concentrations,
finding that a diet with a balance of yeast and
sugar results in optimal lifespan while a highyeast diet improves fecundity (Skorupa et al.,
2008). Like worms, food sensing can modulate
fly longevity independent of food consumption (Libert and Pletcher, 2007). Solon-Biet et al.
(2014) recently performed a similar study in
mice, measuring lifespan for C57BL/6 fed 25
diets containing different ratios of carbohydrate,
protein, and fat, as well as different energy densities. In this study, lifespan was primarily found
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to be dependent on the ratio of protein to carbohydrate, with maximal longevity and health
achieved when the majority of protein calories
were replaced with carbohydrate, and largely
independent of dietary fat content. The lowprotein diet and increased longevity were also
correlated with reduced mTOR and increased
mitochondrial activity in the liver, which in turn
were correlated with a low circulating branch
chain amino acid to glucose ratio.
The most common method for DR in mice is
to restrict access to food based on the consumption observed in ad libitum fed controls, with
typical restriction levels ranging from 60% to 70%
of ad libitum. An alternative method is to not
limit quantity, but instead restrict the time that
animals have access to food (intermittent feeding). Providing access to food only every other
day has been shown to increase lifespan in both
rats (Goodrick et al., 1982, 1983a,b) and mice
(Goodrick et al., 1990). In mice, the extension only
occurred when started in young adult mice and
the degree of extension was greater in C57BL/6J
and C57BL/6J × A/J F1 hybrid mice than in A/J
mice (Goodrick et al., 1990). Intermittent feeding also reduced serum glucose and insulin and
increased neuronal stress resistance in mice,
despite a similar net caloric intake to continuously ad libitum fed mice (Anson et al., 2003).
Simply restricting the dietary methionine is
also sufficient to increase lifespan in both mice
and rats (Miller et al., 2005; Orentreich et al.,
1993). A similar outcome results from restricting tryptophan in rats (Ooka et al., 1988; Segall
and Timiras, 1976; Timiras et al., 1984), although
these results may simply point to an overabundance of methionine and tryptophan in the laboratory diet. Indeed, Masoro et al. (1989) found
that methionine restriction did not contribute
to the lifespan extension resulting from a 40%
decrease in overall food intake in rats, suggesting that specific dietary components may impact
phenotypes via distinct biological processes.
While the baseline diet is typically standardized within an institution, and even between
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institutions when a common supplier and product are used, published studies use a range of
diets that vary in the source and quantity of fat,
protein, carbohydrate, and supplemental vitamins. A number of mouse studies highlight the
interaction between genotype and dietary composition based on these differences. In 22 studies
examining the impact of DR on C57BL/6 mice,
the observed change in median lifespan ranges
from a 32.8% decrease to a 26.8% increase
(Swindell, 2012). C57BL/6 mice are susceptible
to atherosclerosis and obesity and, at least in
some instances, the failure of DR to extend lifespan may result from a lower fat content in the
chow (Cheney et al., 1980; Harrison and Archer,
1987; Swindell, 2012; Turturro et al., 1999). Wildderived mice are smaller but eat more as a percentage of body weight than inbred laboratory
strains, suggesting a faster metabolism that may
account for the less favorable response to DR
(Austad and Kristan, 2003).
Different forms of DR interact with different genetic pathways. As mentioned in the
discussion of IIS, bacterial deprivation is capable of increasing lifespan independently from
the insulin receptor, daf-2, or the FOXO family
transcription factor, daf-16, placing it in a pathway parallel to IIS. sDR, a form of DR where
worms are maintained on solid agar-plates in
the presence of diluted bacteria, requires daf16 to increase lifespan, indicating that it acts, at
least in part, through IIS. The precise molecular
mechanisms through which DR acts to extend
lifespan in yeast are not yet known; however, it
is commonly thought that DR manipulates these
mechanisms, at least in part, by influencing several partially redundant nutrient-responsive
signaling kinases, including TOR, cyclic AMPdependent protein kinase (PKA), and Sch9.
Mutants with reduced activity for any of these
kinases have long replicative lifespans that cannot be further extended by DR (Fabrizio et al.,
2004; Kaeberlein et al., 2005b; Lin et al., 2000).
Yeast PKA is an essential complex consisting
of three catalytic subunits and regulated by two

upstream sensing pathways, one involving RAS
and the other a G protein-coupled receptor system. Two genes, GPA2 and GPR1, encode subunits of the G protein-coupled receptor. Mutants
lacking either GPA2 or GPR1 are replicatively
long-lived relative to wild-type and are commonly used as models of reduced PKA activity
(Lin et al., 2000). The third kinase, Sch9, shows
sequence homology to Akt kinase, a component
of IIS (Burgering and Coffer, 1995; Paradis and
Ruvkun, 1998), but also functions as a ribosomal S6 kinase, a substrate of TOR and regulator of translation in multicellular eukaryotes
(Powers, 2007; Urban et al., 2007). While yeast
does not possess a formal IIS pathway, Sch9
may fulfill an equivalent role in both Akt and
S6 kinases in multicellular eukaryotes.
Environmental Temperature
A primary determinant of invertebrate lifespan is temperature. Culture temperature can
dramatically impact lifespan in worms (Klass,
1977; Lakowski and Hekimi, 1996; Leiser et al.,
2011; Sutphin et al., 2012; Van Voorhies and Ward,
1999), flies (Helfand and Rogina, 2003; Loeb and
Northrop, 1917; Miquel et al., 1976), and chronologically aging yeast (MacLean et al., 2001). In
worms there are clear differential interactions
between genotype and environmental temperature. Knockdown of the gene encoding the
hypoxia inducible factor, hif-1, increases lifespan
at 25°C but not at 15°C or 20°C, while stabilization
of HIF-1 protein by knocking down the E3 ligase
VHL-1 increases lifespan at all three temperatures, but to a much greater extent at 15°C (Leiser
et al., 2011) (discussed further below). Conversely,
maintaining adult worms on plates containing
up to 20 mM caffeine increases lifespan at both
15°C and 20°C, but not 25°C (Sutphin et al., 2012).
Different genetic programs therefore have variable impact on longevity depending on environmental temperature. In a recent study, Xiao et al.
(2013) propose that the temperature-responsive
transient receptor potential ion channel, TRPA1, may mediate the effects of temperature on
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lifespan in C. elegans in a DAF-16-dependent manner. If true, additional mechanisms must also be
at work, since daf-16 knockout strains still exhibit
longer lifespan at cooler temperatures. Additional
work is needed to fully model the link between
temperature and lifespan in C. elegans.
Whether the temperature-responsive processes that strongly influence aging in poikilothermic invertebrate species will have clear
analogs in homeothermic vertebrate species
remains to be determined, and the few mammalian studies that have directly examined the
impact of temperature on longevity do not provide a clear answer. Rats maintained at 34°C
lived significantly longer than rats maintained
at 28°C; however, the high temperature also
caused a reduction in food consumption, and
simply restricting food to the same degree at
28°C resulted in an even greater increase in longevity (Kibler and Johnson, 1966). Conversely,
rats maintained at 6°C (Heroux and Campbell,
1960) or 9°C (Johnson et al., 1963; Kibler and
Johnson, 1961; Kibler et al., 1963) throughout
adult life have substantially decreased lifespan, with the caveat that these experiments
were not carried out under specific-pathogenfree (SPF) conditions. Immersing rats in 23°C
water to reduce body temperature for 4 h/day,
5 days/week under SPF conditions caused a
non-significant trend toward increased lifespan, and also resulted in a 44% increase in food
consumption and a reduced incidence of cancer
offset by a higher incidence of myocardial fibrosis (Holloszy and Smith, 1986). Maintaining
mice at 10°C throughout life had no effect on
lifespan relative to control mice maintained at
22°C (Vaanholt et al., 2009). Mice subjected to
DR have reduced core body temperature, and
this has been proposed as one possible contributing factor to increased longevity. Conti et al.
(2006) generated a transgenic mouse with core
body temperature reduced by 0.3–0.5°C by elevating hypothalamic temperature—which acts
as a central thermostat—via overexpression of
uncoupling protein 2 in hypocretin neurons.
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These mice consumed a similar quantity of
food as wild-type littermates, but displayed
increased energy efficiency and 12–20% longer
lifespans. Additional research is needed to
determine whether animals that actively maintain body temperature will respond similarly to
environmental changes in temperature as invertebrate models. The answer will likely involve
a mix of responses that are both shared (e.g.,
the activation of heat-shock proteins and other
temperature–stress response machinery) and
unshared (e.g., temperature-dependent changes
in the rate of catalytic process in poikilotherms).
Environmental Oxygen and the Hypoxic
Response
Environmental oxygen has been linked to
aging in several contexts. In C. elegans, transient
(24 h) or continuous maintenance of adult animals in an environment with 0.5% or 1.0% oxygen extends lifespan (Honda et al., 1993; Mehta
et al., 2009), while hyperoxia leads to decreasing lifespan with increasing oxygen concentration (Honda et al., 1993; Honda and Matsuo,
1992). The hypoxic response is an evolutionarily
conserved pathway that regulates the cellular
response to changes in environmental oxygen
concentration. A key mediator of this pathway
is HIF-1, the hypoxia inducible transcription
factors. When oxygen is abundant, the catalytic
subunit of HIF-1, HIF-1α, is hydroxylated by
a prolyl hydroxylase. The von Hippel-Lindau
tumor suppressor, VHL1, an E3 ubiquitin ligase,
recognizes and ubiquitinates the hydroxylated
HIF-1α, targeting it for proteasomal degradation.
Under hypoxic conditions, hydroxylation does
not occur and HIF-1 is stabilized and carries out
an expression program that includes metabolic,
stress response, and growth factors. In C. elegans, stabilization of HIF-1 by deletion or RNAi
knockdown of vhl-1, overexpression of wildtype HIF-1, or expression of a non-degradable
allele of HIF-1 all robustly increase lifespan
(Leiser et al., 2011; Mehta et al., 2009). Lifespan
extension from reduced vhl-1 expression appears
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to be dependent on hif-1 (Mehta et al., 2009) and
independent of both DR (Mehta et al., 2009;
Muller et al., 2009) and the Foxo-family transcription factor DAF-16 (Mehta et al., 2009). As
noted above, deletion or knockdown of hif-1
increases lifespan in a temperature-dependent
manner. At 25°C, but not at 15°C or 20°C, deletion of hif-1 imparts an increase in lifespan that
appears to be independent of DR and dependent on the Foxo family transcription factor,
DAF-16 (Leiser et al., 2011; Zhang et al., 2009).
Notably, a different study found these interactions reversed, with RNAi knockdown of hif-1
increasing lifespan in a DR-dependent, DAF-16independent manner (Chen et al., 2009). These
differences remain unresolved, but may arise
from differences in experimental design, including the use of a deletion mutant versus RNAi
knockdown to reduce hif-1 expression, different
daf-16 knockout strains, or different forms of DR
(see earlier discussion of experimental differences between worm longevity screens).
In Drosophila, numerous studies examining the longevity impact of hypoxia or hyperoxia all result in reduced lifespan (Baret et al.,
1994; Mockett et al., 1999; Philpott et al., 1974;
Rascon and Harrison, 2010; Vigne and Frelin,
2006), with one exception where a small but
significant increase in maximum lifespan was
observed when fruit flies were maintained
under mildly hypoxic conditions (10% oxygen) during adulthood, although the effect was
eliminated when flies were also raised under
hypoxia (Rascon and Harrison, 2010). In the
housefly, Musca domestica, Sohal et al. (1993)
observed a shortening of lifespan when flies
were housed in 100% oxygen during adulthood, while exposing the flies to the 100%
oxygen for 4 days, then returning them to air
resulted in an increase in lifespan. The latter
may represent a hormetic outcome, with the
exposure to increased oxygen causing activation of oxidative response elements in the fly
cells, which remained active when the fly was
returned to non-stressful conditions.

Mice raised under standard conditions (21%
oxygen) and transferred to a hypoxic environment (11% oxygen) starting at 21 months of age
displayed substantially reduced survival and
increased pulmonary hypertension relative to
mice maintained at 21% oxygen (Debonneuil
et al., 2006). Treatment with the steroid dehydroepiandrosterone (DHEA), which was shown to
improve hypoxic pulmonary hypertension in rats
(Bonnet et al., 2003; Hampl et al., 2003), reduced
survival of mice under normoxic conditions but
largely prevented the decrease in survival resulting from hypoxia (Debonneuil et al., 2006).
Cellular- and tissue-level processes related to
oxygen consumption and availability are also
central to aging. Efficient utilization of oxygen
during oxidative phosphorylation in the mitochondria and the production and response to
reactive oxygen species are central to the free
radical and mitochondrial free radical theories
of aging, which propose that a primary cause of
aging is the accumulation of oxidatively damaged proteins, lipids, and DNA over time. In
cancer, tumor formation often results in local
hypoxia due to disorganized vascular structure limiting oxygen supply to cancerous tissue.
As a result, many tumors have active hypoxic
response elements that promote tumor survival
in the hypoxic environment, as well as genes
and pathways that promote angiogenesis and
vascularization. The hypoxic response pathway
is also thought to interact with other pathways
with a central role in longevity determination,
including TOR signaling and sirtuins, and will
remain a subject of interest in aging research
going forward. For more detail on the role of
oxygen in aging processes, we refer interested
readers to a recent review by Pitt et al. (2014).
Other Environmental Factors
That Influence Aging
The molecular response of organisms to a
variety of environmental stressors can be leveraged to extend lifespan. Heat-shock—the shortterm exposure to high temperature—increases
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lifespan in worms (Cypser and Johnson, 2002;
Lithgow et al., 1995; Olsen et al., 2006), flies
(Hercus et al., 2003; Le Bourg et al., 2004),
chronologically aging yeast (Harris et al., 2001),
and replicatively aging yeast (Shama et al.,
1998) through hormetic activation of heat-shock
factors. A similar outcome can be achieved by
short-term exposure to cold, oxidative stress,
hypergravity, or radiation (Cypser and Johnson,
2002; Le Bourg, 2007; Le Bourg and Minois,
1997; Vaiserman et al., 2003).
Flies generally have a strong inverse correlation between reproduction and longevity.
Strains bred for longevity by selecting offspring
from late-life reproduction show reduced egg
laying early in life relative to ancestral strains
(Luckinbill et al., 1984; Rose, 1984). Preventing
mating can also double female lifespan (Smith,
1958) though, in D. melanogaster, seminal factors
have been implicated in shortening female lifespan as opposed to some intrinsic cost associated
with reproduction (Ueyama and Fuyama, 2003).

EMERGING TOOLS FOR
STUDYING AGING AS A
COMPLEX GENETIC TRAIT
The maturing field of genomics and its derivatives—epigenomics, transcriptomics, proteomics, metabolomics—in combination with
genome-scale lifespan screens and gene mapping techniques allow us to begin to glimpse
in detail the changes associated with complex
phenotypes such as aging at the level of a whole
organism (see Chapter 8). As these fields continue to advance, new tools are being developed
to help assemble the vast amounts of information generated into a form amenable to identification of novel genes and key regulatory
junctions in the network of factors that integrate
to determine longevity and the processes underlying age-associated disease. Leveraging these
tools will inform future studies and pinpoint
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targets for clinical intervention. The following
sections outline emerging tools that are allowing
us to encompass the range of factors that contribute to age-associated phenotypes and define
their interaction.

High-Throughput Lifespan Assays
in Yeast and Worms
Saccharomyces cerevisiae and C. elegans are the
primary models used in genome-scale reverse
genetic screens to directly identify genes capable of influencing lifespan, due mainly to the
combination of relatively short lifespans, ease
of manipulation in the laboratory setting, and
the ability to systematically target individual
genes in a high-throughput manner. With the
exception of yeast chronological lifespan, the
experimental techniques for determining lifespan are labor-intensive and not yet amenable to
high-throughput execution. Studies published
in the past few years establish the first proof-ofprinciple demonstrations for methods and technology capable of true high-throughput analysis
of worm lifespan and yeast replicative lifespan.
Two studies were published in 2013 for automated, high-throughput life analysis systems
in C. elegans. WormFarm employs an integrated
microfluidic platform to maintain worms in liquid culture in 30–50 worm groups using a customized transparent eight-chamber chip (Xian
et al., 2013). The microfluidics chip is designed
to contain adult animals while refreshing the
bacterial food supply and automatically removing larvae, which can be collected for further
analysis. Photographs and video taken periodically throughout the experiment allow for
automated collection of phenotypic data. In
addition to lifespan, the transparent WormFarm
chips allow automated age-dependent characterization of body size and shape, motility,
development rate, and brood size, as well as
quantification of fluorescent markers when
combined with fluorescence microscopy. After
initial setup, the prototype WormFarm was
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capable of determining lifespan for approximately 320 worms per chip without manual
intervention. Xian et al. (2013) demonstrated
the
experiment-to-experiment
consistency
and agreement with published data when
WormFarm is applied to a variety of common survival assays, including comparison of
mutant strains, treatment with RNAi-expressing
bacteria, stress response, and changes in media
composition. In the strains and under the conditions examined, WormFarm produced similar
survival data to manual measurement on solid
nematode growth media (NGM)-agar plates,
though the worms cultured in WormFarm
tended to be physically smaller.
The second system is an automated solid
NGM plate-based platform called the C. elegans
Lifespan Machine (Stroustrup et al., 2013). In
the Lifespan Machine worms are cultured on
solid NGM-agar plates that are maintained on
a series of modified flatbed scanners. Scanners
capture periodic images of worms on each plate
which are processed in a custom software package to identify worms and assess viability based
on movement over time. Stroustrup et al. (2013)
demonstrate the capability of the Lifespan
Machine to generate reproducible survival data
that are in agreement with published studies
when applied to mutant strains, worms treated
with RNAi-expressing bacteria, and stress
response. In addition to survival, the Lifespan
Machine is capable of characterizing body size,
body shape, and motility. The throughput of this
system is approximately 560 worms per scanner.
Both WormFarm and the Lifespan Machine
demonstrate the potential for high-throughput,
automated analysis of worm lifespan, and both
provide a platform for measuring lifespan, body
dimensions, and motility with little manual
labor after initial setup. The primary advantage to the Lifespan Machine over WormFarm
is the ability to culture worms on NGM-agar,
allowing direct comparison with the majority of
published worm studies. WormFarm also necessarily excludes strains that are intolerant of

liquid culture. Despite this limitation, WormFarm
offers a greater range of automated phenotyping, including quantification of brood size and
development, monitoring of fluorescent markers, and collection of larva for further analysis.
WormFarm also provides precise control over
the entire environment experienced by the worm,
including temporal control over media composition, bacterial food concentration, and temperature. The ability to wash away larvae also
alleviates the need to use chemical or genetic
means to prevent reproduction, thus removing
a possible confounding factor. Both systems are,
in principle, scalable to any desired size. The current conception of the Lifespan Machine is more
limited in this regard, as it requires the plates to
be left in place throughout analysis, thus necessitating a new scanner for each set of approximately 560 worms to be run in parallel; however,
this should be remediable in future versions by
using smaller and/or mobile optics. A common
challenge between the two systems is the storage
and analysis of large quantities of imaging data.
Aside from the development of more efficient
analysis or advances in storage and processing
technology, there is not a clear direction for escaping this problem. Comparing the automated survival analysis data, the Lifespan Machine appears
to produce much smoother survival curves than
WormFarm. This may result partially from more
closely spaced time points, but is likely also a
result of the Lifespan Machine providing a more
precise determination of individual time of death.
In yeast, Lindstrom and Gottschling (2009)
constructed a genetic platform called the
Mother Enrichment Program (MEP) to selectively enrich yeast colonies for replicatively
aged mother cells. In this system, Cre-lox
recombination is used to specifically disrupt
two essential genes, UBC9 and CDC20, in newly
formed daughter cells, thus preventing cell
division in the daughter cells without altering replicative capacity of the mother. In MEP
cultures, daughter cells are produced but do
not continue dividing, resulting in a decaying
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population growth and an enrichment for replicatively aged mother cells over time relative to
non-MEP cultures. This enrichment allows for
single-step affinity purification of much older
cell populations for biochemical and geneexpression studies than earlier size-separation
techniques. In addition to applications in
young-versus-old comparisons, the MEP has
been proposed as a high-throughput method
to measure replicative lifespan. The viability
of MEP cultures is determined specifically by
the replicative lifespan of the mother cells. The
use of a plate reader system, such as that used
to measure chronological lifespan (Murakami
et al., 2008) can allow rapid, high-throughput
measurement of replicative lifespan for strains
carrying the MEP biological machinery in liquid media. Since the MEP requires multiple
genetic modifications, this technique will not
likely be useful for large-scale genetic screens.
There is promise for the application of MEP to
replicative lifespan drug screening, where current labor-intensive methods for measuring replicative lifespan limit the number of drugs that
can be easily tested, and where further genetic
manipulation of the strains is not necessary.
In 2012, two very similar microfluidics
devices for automated measurement of replicative lifespan were published (Lee et al., 2012;
Zhang et al., 2012) and detailed protocols were
published more recently by one of the groups
(Huberts et al., 2013a,b). In both devices, microfluidics chambers are designed with pensile columns to trap mother cells based on size against
a glass slide. Flowing media through the chamber renews nutrients and flushes away newly
divided daughter cells. A dissection scope with
an automated stage combined with time-lapse
microscopy is used to monitor cells and count
divisions. Both studies demonstrate the capability to automatically measure replicative lifespan
and reproduce published results while simultaneously monitoring numerous other phenotypes over the course of the replicative life of
each cell, including cell morphology, number
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of bud scars, individual cell division times, and
replicative age-dependent changes in fluorescent marker expression. Each chip was capable
of measuring replicative lifespan for approximately 1000 cells/chip in 2–3 days. As with
the worm concepts, these microfluidics-based
systems are scalable, but require a dedicated
microscope, which may lead to space and cost
limitations. In a third concept, Xie et al. (2012)
use a similar strategy to Lee et al. (2012) and
Zhang et al. (2012) except that instead of relying strictly on the geometry of the microfluidics chamber to retain mother cells, the mother
cells are chemically modified by adding a SulfoNHS-LC-biotin surface marker and treating the
glass in the microfluidics chamber with biotinylated-BSA. Yeast cells divide asymmetrically,
so daughter cells do not inherit the chemically
modified surface from the mothers, allowing
mother cells to be preferentially retained in the
chamber when media are flowed through the
chamber. While this system is capable of automated phenotyping of individual cells, the
reported median replicative lifespan for wildtype cells in the BY4741 strain background is in
the high 10s, which is short relative to the typical reported values in the mid-20s (Kaeberlein
et al., 2005a), including the replicative lifespans
reported by Lee et al. (2012) and Zhang et al.
(2012), suggesting that the chemical modification may be shortening replicative lifespan.
These recently presented platforms demonstrate that automated survival analysis is possible in both yeast and worm. These systems
are only being touted as moderate-throughput,
primarily because the platforms require a large
amount of physical space and the experimental
setup still takes a fair amount of manual labor to
prepare plates and culture animals. The final survival analysis is also computationally intensive
and still requires some human input. Despite
current limitations, the primary challenge of
automated lifespan determination has been met
and the remaining technical problems should be
solvable in subsequent design iterations.
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The application of high-throughput lifespan analysis has the potential to bring invertebrate aging studies to a new level of detail.
On a first order, the expansion of genome-scale
longevity screens with relatively large population sizes and full survival curves will allow a
more complete picture of the range of genetic
factors involved in aging and a more detailed
understanding of their impact on survival.
Expanding these screens to compare different
genetic backgrounds and environmental conditions combined with network analyses will
progress our understanding of how pathways
involved in aging interact. Combining highthroughput lifespan analysis with the everdecreasing cost of genome sequencing will
allow unbiased screening of mutagenized populations to identify novel mutations capable of
influencing lifespan. The simultaneous measurement of healthspan markers (e.g., motility
in worms) and fluorescent expression markers will provide additional detail about how
age-dependent changes in gene expression are
influencing lifespan and age-associated decline.

Genome-Scale Mouse Knockout
Collection
Inspired by the complete sequencing of the
mouse genome in 2002 and motivated by the
potential power of readily available knockout
mouse strains for any desired gene as a genetic
tool for studying virtually any aspect of mammalian biology, the IKMC (www.knockoutmouse.
org) formed in 2007 and set out to generate single-gene knockout mouse lines in the C57BL/6
background for each of the approximately 21,000
genes in the mouse genome. The IKMC consists of an international collaboration between
four programs: The Knockout Mouse Project
(KOMP; www.komp.org), European Conditional
Mouse Mutagenesis Program (EUCOMM; www.
eucomm.org), North American Conditional
Mouse Mutagenesis Project (NorCOMM; www.
norcomm.org), and Texas A&M Institute for

Genomic Medicine (TIGM; www.tigm.org).
The first phase of the project, generating singlegene ES cell knockout lines for every gene in the
mouse genome, is nearly complete. All ES cell
lines and any currently recovered mice are available to the broader research community.
The second phase, a collaborative effort
under the auspices of the International Mouse
Phenotyping Consortium (IMPC; www.mousephenotype.org), aims to use the ES cell lines
to generate and broadly phenotype knockout
mice for each gene. The IMPC consists of 17
research institutions and five national funding
programs. The goal is to extensively characterize each knockout mouse using a standardized
set of physiological, behavioral, molecular,
and biochemical assays and make the resulting dataset publicly available, thus providing a
genome-scale resource for comparative genetics
in the mouse.
The prospect of determining lifespan for
every knockout mouse strain is both financially and logistically impractical and is not
part of the current IMPC phenotyping pipeline. Regardless, the IKMC and IMPC efforts
will provide an invaluable resource to the
aging research community. A broadly accessible
genome-wide knockout collection removes the
first time-consuming hurdle to any knockout
mouse aging study: generating a knockout line.
The availability of a large array of standardized
phenotype data will allow researchers to make
preliminary decisions about which genes to
pursue based on non-longevity age-associated
traits, either starting from a preliminary set of
candidate genes or in de novo analyses generated directly from IMPC phenotype data.

Collaborative Cross and Diversity
Outbred Mice
The advent of relatively inexpensive genome
sequencing and high-density marker arrays
now allow for human GWAS to map genetic
loci at a hitherto unprecedented precision.
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A critical characteristic of human populations
that allows for this high-resolution mapping
is the high degree of genetic diversity among
individuals. This diversity is balanced by a
lack of control in other potential confounding areas such as environment and population
structure. Traditional model systems provide
this control at the cost of genetic diversity. The
collaborative cross (CC) and diversity outbred
(DO) mouse populations are a recently developed pair of complementary tools designed to
capture the advantages of both approaches—
high genetic diversity to allow high-precision
mapping while retaining control over environmental and population factors—within a single
model system (Figure 1.3).
The CC and DO mice were bred from the
same eight inbred founder strains, including
five classical strains: A/J (AJ), C57BL/6J (B6),
129S1/SvImJ (129), NOD/ShiLtJ (NOD), and
NZO/HlLtJ (NZO); and three wild-derived
strains representing different M. musculus subspecies: CAST/EiJ (CAST), PWK/PhJ (PWK),
and WSB/EiJ (WSB) (Churchill et al., 2012;
Svenson et al., 2012). More than 36,000,000 SNPs
are present in the founder strains, with approximately 75% of the genetic variation resulting
from the inclusion of the three wild-derived
strains (Keane et al., 2011; Yalcin et al., 2011).
The CC lines are generated using a twophase funnel breeding strategy, starting with
three rounds of outbreeding to combine the
eight found genomes followed by repeated
sibling mating to eventually produce a series
of inbred lines with a uniformly distributed
genetic contribution from the parental genomes
(Figure 1.3A) (Collaborative Cross, 2012). Each
CC line is developed independently, meaning that recombination events are not shared
among strains, a problem that has confounded
association mapping studies using other RI
strain panels (Manenti et al., 2009). At present,
47 CC lines are available that are inbred to less
than 10% heterozygosity for distribution, one of
which was considered complete with less than
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2% heterozygosity (UNC Systems Genetics,
2014). When complete, the CC panel will
include an estimated 100–200 inbred lines.
The DO population was seeded using 144
partially inbred CC lines (Chesler et al., 2008)
and is maintained by a random breeding
strategy designed to minimize genetic drift
and allele frequency selection (Figure 1.3B)
(Churchill et al., 2012; Rockman and Kruglyak,
2008). The DO mice are currently in the 16th
generation (G16). Each G16 individual is estimated to have approximately 500 informative
recombination events per animal (Svenson
et al., 2012) providing mapping resolution well
below 1 Mb, an order-of-magnitude improvement over classical genetic crosses which
typically produce resolution in the 10–50 Mb
range. Mapping in the DO mice also has advantages over using inbred strain panels or classical crosses in both degree and distribution
of genetic variation (Rockman and Kruglyak,
2008). The DO random breeding strategy also
avoids problems with confounding linkage
disequilibrium resulting from historical points
of common ancestry common among strains
in other RI panels (Collaborative Cross, 2012;
Petkov et al., 2005). Each locus in a DO mouse
has 36 possible diplotypes resulting from the
eight founder haplotypes. The Mouse Universal
Genotyping Array (MUGA), a high-density
SNP array containing 7854 pairs of allelespecific probes with an average spacing of
325 kb was used in genotyping the initial generations of the DO mice in order to capture the
small haplotype blocks produced by repeated
outbreeding (Collaborative Cross, 2012; Wang
et al., 2012). By G8, even MUGA was missing an estimated 20% of recombination events.
MegaMUGA, a recently developed array containing 77,800 SNPs with an average spacing
of 33 kb is now being employed to capture the
increasingly fragmented diplotype structure in
the latest DO generations. Another heterozygous stock derived from CC strains (HS-CC)
is available that uses circular mating to control
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FIGURE 1.3 CC and DO mice. CC and DO mice were derived from eight inbred mouse strains (129 = 129S1/SvImJ,

AJ = A/J, B6 = C57BL/6J, CAST = CAST/EiJ, NOD = NOD/ShiLtJ, NZO = NZO/HlLtJ, PWK = PWK/PhJ, WSB = WSB/EiJ).
(A) Derivation of the CC inbred mouse strains. Each CC strain is derived from a CC funnel, each with a random starting position
for each founder strain (a single example funnel is shown), followed by inbreeding by brother–sister mating until less than 2%
heterozygosity remains. (B) DO mice were derived by selecting and crossing 144 partially inbred CC strains and maintained by
random crossing. DO mouse has a unique genome with patchwork contributions from the eight founder strains. (C) Design of
the ongoing aging study using DO mice. 1200 DO mice were assigned to either the longitudinal or cross-sectional study. The primary endpoint for longitudinal mice is lifespan, with vaginal patency measured initially and blood draws at 6-month intervals.
Cross-sectional mice are assigned an age group. Each group is subject to phenotyping at the assigned age and then sacrificed for
tissue collection. A partial list of planned phenotypes to be measured is provided.
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genetic drift at the cost of map expansion
(Iancu et al., 2010).
The large number of recombination events
per individual, the ability to identify the originating parental strain for each haplotype, and
the wide phenotypic variation make the DO
mice a powerful platform for genetic mapping.
The large number of possible diplotypes does
make calculating LOD scores for QTL analysis
computationally challenging. While a classic
intercross can be analyzed by regression analysis with three free parameters (corresponding to the three possible diplotypes), applying
the same strategy to the 36-diplotype structure
of the DO genome results in computational
instability and results in reduced power to
detect a QTL.
A simplified approach has been developed
that regresses on an estimated dosage from
each of the eight parental haplotypes. This
approach assumes a combined phenotypic
effect that is intermediate between the parental strains, thus neglecting more complex allelic
interactions, but has proven successful in practice (Churchill et al., 2012; Logan et al., 2013;
Svenson et al., 2012). Selection of sample size
to achieve a reasonable power to detect QTL
in DO mice is influenced by a large number of
variables including population structure, variation in allele frequency, measurement variation, effect size, and background genetic effects.
While this complexity makes a generalized rule
for sample size difficult, Churchill et al. (2012)
suggest a minimum of 200 mice for QTL with
allele frequency and effect size similar to most
intercross studies and up to 800 mice to detect
QTL resulting from recessive alleles originating
from a single founder strains.
Publicly available analysis tools have been
developed to make gene mapping accessible.
R/qtl, an R package that provides an extensive set of statistical tools for QTL mapping
in experimental crosses, is publicly available
(Broman et al., 2003; R/qtl, 2013), along with a
published guidebook (Broman and Sen, 2009)
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and J/qtl, a Java-based graphical user interface
(J/qtl, 2013). DOQTL, a new R package providing analysis tools for linkage and association
mapping specifically in the DO mice and other
multiparent advanced generation intercross
(MAGIC) populations, is now available for
beta-testing (DOQTL, 2013).
As a first-order indication of the phenotypic variation to expect from the CC and DO
populations, the eight founder strains represent the range of variation in longevity and a
range of age-associated phenotypes (Figure 1.4)
(Svenson et al., 2007). Median lifespan for these
strains ranges from 14 months for female NZO
mice to 32 months for male WSB mice, while
circulating IGF-1 levels at 6 months of age,
which correlate with longevity, vary more than
twofold from 201 ng/mL for male WSB mice to
449 ng/mL for female NZO mice (Figure 1.4)
(Yuan et al., 2009). DO mice show wide-ranging
variation across all measured phenotypes. In
addition to looking at population effects to
identify novel genes contributing to a particular phenotype, individual outliers in one or
multiple related phenotypes of interest provide
interesting case studies to look at combinatorial
effects of alleles resulting in extreme phenotypic presentation. Alleles or combinations of
alleles predicted to contribute to extreme phenotypes can then be validated using selected
CC lines or knockout strains from the IKMC
collection.
The DO mice have already been used to map
numerous parameters with known importance
in aging including plasma cholesterol, plasma
triglycerides, body weight, and body composition (Churchill et al., 2012; Svenson et al.,
2012). An early study looking at plasma cholesterol provides an illustrative example of the
power of DO mice for genetic mapping studies.
The change in plasma cholesterol from 7 to 18
weeks of age was measured for a population of
91 G4 and G5 DO mice. A significant QTL was
identified on chromosome 3 with a 2 Mb 2-LOD
support interval containing only 11 genes
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FIGURE 1.4

Age-related phenotypes for CC and
DO founder strains. The founder strains for the CC and
DO mice display a high strain-to-strain variation in lifespan, body weight (16 weeks old), % body fat (16 weeks
old), fasted circulating glucose (8 weeks old), and circulating IGF-1 (26 weeks old). Abbreviations: 129 = 129S1/
SvImJ, AJ = A/J, B6 = C57BL/6J, CAST = CAST/EiJ, NOD
= NOD/ShiLtJ, NOD.B10 = NOD.B10Sn-H2b/J, NZO =
NZO/HlLtJ, PWD = PWD/PhJ, PWK = PWK/PhJ, WSB =
WSB/EiJ. *PWK/PhJ was replaced with the closely related
strain PWD/PhJ in this study; NOD/ShiLtJ was replaced
with NOD.B10Sn-H2b/J, a congenic strain in the NOD/
ShiLtJ background with the H2b locus from C57BL/10SnJ,
which confers resistance to diabetes. Source: The data in
this figure were compiled from the following studies: Leduc et al.
(2010), Lenarcic et al. (2012), and Yuan et al. (2009).

(Svenson et al., 2012). An examination of allele
effects revealed that haplotypes from 129, WSB,
and NZO in this region are associated with
decreased plasma cholesterol with age. Of more
than 32,000 SNPs within the support interval,
only seven fit the allele effect pattern, five of

which are located upstream of the Foxo1 gene.
The ability to rapidly move from a significant
QTL to one or a few strong candidate genes is
one of the primary advantages that DO mice
provide over traditional crosses.
The Jackson Laboratory Nathan Shock Center
of Excellence in the Basic Biology of Aging is
currently conducting a large collaborative aging
study that will examine age-dependent changes
in hundreds of phenotypes across the physiological, behavioral, and molecular spectrum—including longevity—in DO mice. The study consists
of both a longitudinal and cross-sectional cohort.
The longitudinal cohort will be used to examine maximum survival as the primary endpoint,
with blood and urine samples collected periodically throughout life. The cross-sectional study
consists of cohorts to be sacrificed at 6-month
intervals through 18 months of age. Each cohort
is subject to a diverse phenotyping pipeline prior
to being sacrificed, with more than 15 tissues collected for analysis. While the Jackson Laboratory
is leading the study and hosting the mice, investigators from a number of institutions will be
involved in the phenotyping and analysis effort.
When complete, this study will provide one of
the richest sets of phenotypic data available to
date within a single aging study.
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Expression QTLs
The advent of increasingly accessible and
comparatively inexpensive technology for
genome-scale analysis of the molecular state
of an organism, tissue, or cell type of interest has opened the door to study systems-level
changes in an organism as they occur with
age or in response to an intervention. Classical
approaches tend to focus on specific molecules
or pathways and have unquestioned value in
understanding key factors contributing to longevity and age-associated disease and illuminating the mechanistic detail of the molecular
processes linking these factors to phenotype.
Viewed as a system, aging can be studied as a
time-dependent change in the different classes
of molecules within an organism (epigenetic,
RNA, protein, metabolites, etc.). Determining
the state of each class and developing models
describing the interaction within and between
classes and the response to external stimuli will
lead to a more comprehensive understanding
of the overall dynamics of age-specific disease
processes that occur within each tissue type.
The two approaches are inherently complementary, with systems biology identifying new lines
of inquiry and placing the mechanistic detail
of each pathway in the broader context of the
aging organism, while classic molecular biology
will fill in the mechanistic detail of the dynamics observed through genome-scale observation.
Emerging high-throughput technologies are
allowing investigators to look at each class of
molecule with ever greater resolution. These
technologies include high-throughput sequencing with de novo assembly for individual genotyping, microarrays or RNA-seq for mRNA,
ncRNA, or miRNA expression, chromatin
immunoprecipitation combined with microarrays (ChIP-chip) or high-throughput sequencing
(ChIP-seq) for examination of histone modification, bisulfide sequencing for DNA methylation, and mass spectrometry (MS) for protein or
metabolite quantification. A menu of techniques
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available to examine interactions between molecules, such as fluorescence in situ hybridization
(FISH) for DNA–DNA and RNA–RNA, yeast
two-hybrid (Y2H) for protein–protein, and yeast
one-hybrid (Y1H) for DNA–protein interactions,
is also rapidly expanding as recently outlined in
numerous reviews (Furey, 2012; Hou et al., 2012;
Konig et al., 2011; Stynen et al., 2012). The application of systems-level techniques to aging is
covered in detail in Chapter 8.
The combination of genome-scale expression analysis with gene mapping allows for
the identification of expression QTLs (eQTLs),
loci associated with variation in expression of
one or more transcripts in a genetically diverse
population. Identifying eQTLs in the context of
expression changes with age or in response to a
longevity intervention allows not only the identification of the direct expression changes responsible for the effects on aging, but also candidate
loci for interacting partners involved in controlling the expression changes. With appropriate
analysis, eQTLs are also a potentially powerful tool to narrow candidate genes identified in
GWA studies, particularly when expression data
are available in multiple tissues (reviewed by
Montgomery and Dermitzakis, 2011).
A few studies have used eQTLs to address
questions in aging research. In a recent study,
Wang et al. (2013) used eQTLs in yeast to identify gene expression patterns that resulted from
epistatic interactions between different loci. The
epistatic interaction map revealed that expression of a cluster of genes involved in oxidative
phosphorylation was decreased in response to
glucose, while expression of ribosomal proteins
was enhanced. Silencing genes were found to
be co-regulated with known aging-linked genes
when yeasts were grown in the presence of
ethanol. Using an RI panel in worms, Vinuela
et al. (2010) found increased variation in gene
expression with age and a decreased number
of significant eQTL in aging worms relative
to developing worms. In a more recent study,
they found that regulatory loci display a higher
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degree of heritability in developing worms than
in aging worms, and suggest that genetic control of gene expression becomes more polygenic
with age (Vinuela et al., 2012). Wheeler et al.
(2009) identified eQTL representing 101 genes
significantly associated with age-associated
gene expression changes in human kidneys.
They used these 101 genes as candidates for
association with glomerular filtration rate as a
functional measure of kidney aging, and found
a single gene with significant association, the
matrix metalloproteinase 20 (MMP20). A study
looking at sex- and age-interacting eQTL in
human whole blood identified a significant
age-associated change in the choline transporter-like gene SLC44A4, which has been previously associated with type 1 diabetes, vitiligo,
age at menopause, leukocyte telomere length,
and multiple sclerosis (Yao et al., 2014).
The use of eQTL analysis is growing across
the spectrum of biological research and we
anticipate an increasing number of studies in
aging science. In principle, similar techniques
can be applied to other genome-scale technologies to identify QTL associated with protein
levels, metabolite abundance, or patterns of
epigenetic modification.

Aging Biomarkers
The range of individual lifespans experienced within a given population, even those
with very little genetic variation, suggests that
age-related decline is highly variable. The conceptual difference between chronological age—
the time an individual has been alive—and
biological age—a measure of the degree of ageassociated decline that an individual has experienced—has led to a wide-ranging search for
aging biomarkers, non-longevity phenotypes
indicative of the biological age of an individual
(Kirkwood, 1998). Biological age is a measure of
individual deviation from the chronological age
with respect to mortality and is therefore necessarily a function of chronological age. The two

should be indistinguishable when averaged
across individuals within a population. An
ideal biomarker should be able to predict individual age-specific mortality and age-associated
pathology more accurately than chronological
age alone and be measurable without impacting
either outcome (Butler et al., 2004).
Despite a large effort to identify useful biomarkers of aging in both animal models and in
humans (Johnson, 2006), no single biomarker
has emerged as a clear indicator of biological
age (Sprott, 2010). This is likely a reflection of
the complexity of aging and the number and
range of processes that ultimately contribute to
mortality. Instead of using a single phenotype,
combining a panel of biomarkers in a statistical
model to predict biological age has the potential to appropriately account for the complex
nature of the aging process. This approach has
two aspects: selecting an appropriate panel
of biomarkers and developing a prediction
model. Using a range of biomarker selection
strategies, several studies have used prediction strategies based on multiple linear regression (Bae et al., 2008; Hollingsworth et al., 1965;
Kroll and Saxtrup, 2000; Takeda et al., 1982),
principal component analysis (Hofecker et al.,
1980; Nakamura and Miyao, 2007; Nakamura
et al., 1988), or the use of biomarkers to calculate deviation from chronological age (Klemera
and Doubal, 2006). Recently, Levine (2013) compared these methods using a common set of
human biomarkers from the National Health
and Nutrition Examination Survey (NHANES
III), a study population consisting of 9389 individuals ranging in age from 30 to 75 years,
1843 of whom were deceased. The biomarkers
included 21 physiological and blood measurements selected based on availability within
the selected dataset, lack of inter-dependence,
previously identified role in aging or use as
aging biomarkers, and strength of correlation with chronological age. The method proposed by Klemera and Doubal (2006), which
uses a set of regression algorithms to predict
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individual deviation from chronological age,
outperformed all of the other methods and
chronological age alone in predicting mortality, particularly when combined with principal
component analysis to select variables.
The selection of appropriate biomarkers is
a separate challenge. One problem is that the
relevant biomarkers may depend on the specific genetic background and age range of the
population examined. Blood cholesterol may
be an informative marker when considering a
population genetically susceptible to cardiac
disease and consuming a Western diet but not
to a population without the genetic susceptibility consuming a Mediterranean diet. Similarly,
measures of frailty are likely to be strong predictors of mortality in the elderly but carry little or no information in young to middle-aged
adults. Different biomarker panels may also
be of use in predicting tissue-specific disease.
Such panels will also be useful in determining whether aging interventions are generally
improving health and lowering predicted mortality, or whether they are improving ageassociated degradation in a specific subset of
tissues and even causing differential effects in
different tissues.
The identification of biomarkers is a clear
application for transcriptomics, proteomics,
metabolomics, and epigenomics. Analysis of
unguided surveys of the RNA, protein, and
metabolite abundance across a range of ages, as
well as epigenetic changes, will provide a basis
of unbiased selection of strongly age-correlated
biomarkers from thousands of potential candidates. The first few studies presenting this type
of approach have been published in the past
few years. Harries et al. (2011) used microarrays to look for human age-associated changes
in transcript levels using peripheral blood leukocyte samples from the Invecchiare in Chianti
(InCHIANTI) study population. They identified a six-gene set (LRRN3, CD27, GRAP, CCR6,
VAMP5, and CD248) for which expression was
an accurate predictor of whether an individual
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was either younger than 65 years old or greater
than 75 years of age. They recently validated
this set by selecting individuals from the
Exeter-10000 study who appeared biologically
at least 8.5 years younger than their chronological-age-based expression for five of the six
markers (Holly et al., 2013). Compared to the
general population, these biologically young
individuals performed better on several other
parameters associated with aging, including reduced IL-6 levels, improved muscle
strength, reduced blood urea nitrogen levels,
and increased blood albumin levels. Another
recent study established a metabolic biomarker panel in human fasting serum samples
from 6055 individuals in the United Kingdom
(Menni et al., 2013). The panel consisted of 22
metabolites, the majority of which were fatty or
amino acids. Different metabolites also correlated with different age-associated traits, but in
all cases the correlation was improved by considering a linear regression model including all
22 metabolites, and a substantial improvement
in correlation was observed for DHEAS, HDL
cholesterol, and total cholesterol.
Three studies have used metabolomics to
identify biomarker panels with predictive
power for biological age in mice (Calvani et al.,
2013; Houtkooper et al., 2011; Tomas-Loba
et al., 2013). Houtkooper et al. (2011) extensively characterized the metabolic status of
3-month-old and 22-month-old C57BL/6N
mice, including metabolomics in blood, liver,
and muscle. The authors identified ten blood
metabolites and 20 muscle metabolites that
were able to separate the age groups with 100%
accuracy. The blood metabolite panel consisted
of amino acids, acylcarnitines, and erythrocyte fatty acids, while the muscle panel was
dominated by metabolites involved in polyunsaturated fatty acids and linolenic and linoleic
acid metabolism, though glucose metabolism
was also represented. The results in liver were
less clear, with a 25-metabolite panel grouping
mice by age with 93% accuracy and including

I. BASIC MECHANISMS OF AGING: MODELS AND SYSTEMS

42

1. Longevity as a Complex Genetic Trait

components involved in glucose metabolism,
phospholipid metabolism, and redox homeostasis. Calvani et al. (2013) identified 13 urine
metabolites and 11 feces metabolites, each capable of 100% accurate discrimination between
3- and 16-month-old BALB/c mice using principal component analysis. Both of these studies provide a proof-of-principle that metabolite
panels can be used to differentiate age groups
in mice. The blood, urine, and feces are particularly attractive as samples that can be easily
collected in a relatively non-invasive manner.
Extrapolation of these results is limited by the
use of inbred strains. It is unclear whether the
metabolites identified will be useful in differentiating groups of aged mice in other inbred
strains or in genetically diverse populations.
Another recent study sought to develop a
more general mouse metabolic signature by
performing blood serum metabolomics on
117 mice from a range of inbred backgrounds
with ages ranging from 2 months to 30 months
(Tomas-Loba et al., 2013). The authors selected
48 metabolites including phospholipids, fatty
acids, and organic acids, to develop a predictive
model using projection to latent structure. Mice
expressing different levels of telomerase were
used to validate the model. The model predicted
that short-lived telomerase knockout (TERT−/−)
mice were biologically older as compared to
chronologically age-matched wild-type mice. In
contrast, long-lived mice over-expressing TERT
and several tumor suppressor genes to counteract the carcinogenic effects of extra TERT (Sp53/
Sp16/SARF/TgTERT) had a biologically younger
metabolic signature compared to chronologically age-matched controls. Additional validation will be necessary to know if these metabolic
biomarker panels will be generally useful as biomarkers of aging in mice.
Since all three studies were conducted in
inbred lines, a next step in developing a truly
generalized mouse metabolic biomarker panel
would be to examine an outbred population
with a high degree of genetic diversity, such as

the DO mice. Measuring metabolites from multiple age points will also allow selection of subpanels that are useful for prediction across the
age-spectrum or within specific age ranges.
The identification of meaningful biomarkers of aging has been a goal of the aging
research community for a long time. Recent
advances in high-throughput and unbiased
detection of RNA, protein, metabolite, and
epigenetic changes holds promise for making truly diagnostic panels of aging biomarkers a reality. While a few studies have started
to develop these panels using microarrays and
metabolomics, the development of this type of
approach has only just begun and the field is
wide open to the application of RNA-seq, proteomics, and novel modeling techniques. In the
past few years, the application of metabolomics
techniques to biomarker discovery appears to
have taken the greatest strides.
Several next steps are apparent in this line
of inquiry. First, different MS techniques can
be used to identify different classes of metabolite. A comparison of different techniques to
identify the classes that are most informative
for aging and age-associated disease would
help focus future efforts. Importantly, in order
for a molecule or panel of molecules to qualify
as a biomarker of biological aging, they must
go beyond simply predicting chronological age; they must give a quantitative prediction of mortality or morbidity. Generalization
of current techniques and cross-validation of
identified metabolite panels using genetically
heterogeneous mouse populations will allow
for more general application of the biomarkers for use in other application, such as initial
testing of aging interventions without having to
carry out a complete longevity study.

CONCLUSIONS
Aging is a complex process that integrates
input from a wide range of organism-intrinsic
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and extrinsic sources to produce an agedependent increase in mortality and functional
decline in virtually every tissue and organ system. In this chapter we have reviewed past and
ongoing efforts to encompass the range of factors
involved in aging and how they interact to influence longevity and other age-associated phenotypes. We further discussed the potential for
emerging tools and technologies to contribute to
our understanding and develop a more comprehensive picture of the broader aging process.
Many of the emerging tools have synergistic properties, and the prospects for combining multiple techniques to pursue novel
directions of inquiry are particularly exciting.
The DO, CC, and IKMC mice provide a powerful platform for cross-validation. Discoveries
made in the isogenic background of the IKMC
can be verified in the genetically heterogeneous DO mice to determine whether observations are strain-specific or can be expected to
be more broadly applicable across genotypes.
Conversely, identification of genes through DO
mapping studies can be confirmed and taken
toward a more focused genetic analysis using
the available knockout mouse lines. These
tools also allow rapid translation from novel
discoveries made in invertebrate systems. The
advent of high-throughput systems for measuring lifespan in yeast and worms will allow for
large, internally consistent datasets for use in
building interaction networks. The combination
of the high-precision mapping capability using
DO mice with “-omics” technologies will allow
a much more detailed picture to be built of
how genetic regulation impacts age-dependent
changes in the various molecular species within
cells, as we are beginning to see with eQTLs.
As aging science—and biological science
generally—continues to move into the realm
of systems-level analysis and the generation of
big data, the technological problems of comprehensive measurement of the myriad factors
contributing to complex traits will give way
to challenges of data storage, analysis, and
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interpretation. The techniques developed in the
past few years and those emerging today place
us on that threshold, and we look forward to
the innovation of the coming years.
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