
ABSTRACT

UNSELT, DESIREÉ MICHELLE BREANNA. The Genetic Architecture of Lifespan in Drosophila
melanogaster. (Under the direction of Trudy F. C. Mackay).

Human life expectancy has steadily increased since the early 1900s. This raises concerns about how

population aging and the corresponding social and health problems will be addressed. To begin under-

standing the genetic mechanisms underlying human longevity, approaches frequently used were linkage

mapping, and more recently, genome wide association (GWA) mapping, to identify polymorphisms

affecting extreme longevity and diseases and disorders associated with aging. However, these associated

variants typically account for very little of the population variance in longevity and age-related diseases.

Lifespan is known to vary in natural populations due to the segregation of multiple genetic factors and to

exposure to different environmental conditions. Further, many pathways associated with lifespan, such

as the insulin-like signaling pathway, are evolutionarily conserved between humans and model organ-

isms. Drosophila melanogaster is a powerful model for assessing naturally occurring genetic variation in

lifespan because of the ability to perform genomic analyses on a large scale while effectively monitoring

genetic backgrounds and controlling environmental conditions. The D. melanogaster Genetic Reference

Panel (DGRP), a population of inbred, sequenced lines, facilitates mapping the effects of natural genetic

variation on phenotypically variable traits, including lifespan.

In Chapter 2, we functionally assessed the effect of candidate genes identified in the 25°C DGRP GWA

analysis on lifespan. We assessed 29 candidate genes expression through whole organism and tissue-

specific RNAi-mediated suppression using the GAL4-UAS system. None of these genes have been

previously associated with Drosophila lifespan. These results indicate that many of the genes impli-

cated by the DGRP GWA analysis may be true positives; confirm the sex-specific genetic architecture

of Drosophila lifespan; and most importantly, show that variants affecting transcription can cause in-

creases in lifespan. We identified significant effects of environment on lifespan making our conclusions

context-specific. These results also identify genes displaying micro-environmental plasticity that is also

temperature- and sex-specific.



In Chapter 3, we performed an Extreme Quantitative Trait Loci (X-QTL) analysis to identify variants

associated with extended lifespan using a DGRP-derived advanced intercross population (AIP). Mapping

naturally occurring variants can identify novel genes whose effects on lifespan were not identified from

analysis of induced mutations. We provided further evidence for genes identified in the 25°C DGRP

GWA. We also identified variants that were not previously detected in the DGRP. With the AIP, we were

able to evaluate the effect of private and low frequency DGRP alleles that we previously did not have

the power to detect. While the results provided candidate, causal variants affecting natural variation in

lifespan, some of these variants were in computationally predicted genes and others were in genes not

previously associated with lifespan. We further examined protein-protein interaction (PPI) networks

and Gene Ontology (GO) Biological Pathway Enrichment and identified various biological processes in

females and males, including aging, neurotransmitter secretion, immune response, sexual reproduction,

metabolism, and mRNA splicing. However, these results do not indicate where in the body of the fly

these biological processes are enriched.

Finally, to define the genetic variants identified in Chapter 3 in a biologically relevant context, we

performed a systems genetic analysis in Chapter 4. We assessed genes associated with aging in three

tissues. We identified transcripts that changed with age that were tissue- and sex-specific. Through

Weighted Gene Co-expression Network Analysis (WGCNA), we clustered transcripts into modules and

further associated these modules with biological processes. We revealed that tissues have shared and

distinct signatures of various biological processes. Additionally, results from the X-QTL analysis and

system genetics analysis had few genes in common. Overall, these results indicate that the genetic

architecture contributing to aging and lifespan is tissue- and sex-specific and provides the foundation

for future temporal and spatial studies in systems genetics.
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Chapter 1

Introduction

In 1900, the human life expectancy was approximately 47 years, and by 2016, it had increased to 78.5

years in the United States [1]. This number is predicted to increase at a steady rate and is likely to

reach 83 years by 2050[2]. Some scientists even predict that the average lifespan will reach 100 years

by 2065[3], which may not be the limit on human longevity. A recent study on super-centenarians,

or individuals over the age of 110, has suggested no natural limit on lifespan [4]. All these predictions

raise concerns about how population aging and the corresponding social and health problems will be

addressed. To begin understanding the genetic mechanisms underlying human longevity, approaches

frequently used were linkage mapping, and more recently, genome wide association (GWA) mapping,

to identify polymorphisms affecting extreme longevity [5–9] and diseases and disorders associated with

aging, such as Alzheimer •s disease[10], diabetes[11–14], coronary heart disease [15], and others [16]. However,

these associated variants typically account for very little of the population variance in longevity and

age-related diseases. Interestingly, the mechanisms causing variation in aging and extreme longevity

continue to be controversial. Several theories were developed in the 1950s and 1970s to try and explain

the evolution of aging. Subsequently, these theories and our current understanding of genetics and

genomics direct aging research today.

1.1 Theories of Aging

The foundation of many theories of aging is evolution. Evolution by natural selection is a concept coined

by Charles Darwin in 1859. Evolution is the change in heritable traits over generations. The process that

facilitates evolution is natural selection, or the differential survival and reproduction of individuals due

to differences found in various phenotypes. [17] While the following theories are not all of the theories

of aging, the ones provided use evolution to describe the aging process, continue to in�uence our
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understanding of aging, and are still widely debated.

Mutation Accumulation Theory (MAT) The �rst modern theory of aging, Mutation Accumulation

Theory (MAT), was developed by Peter Medawar in 1952 [18]. This theory focuses on mammalian lifespan

and suggests that species-speci�c lifespan is determined by sexual maturity. A species age of sexual

maturity decently correlates with lifespan [19], and in the wild, almost all animals die before they reach

old age, demonstrating that there is no need for selection pressure on traits that would maintain viability

beyond an age when most animals would be dead due to predators, disease, or other external factors.

MAT states that over evolutionary time, there is a constant generation of deleterious mutations that

are only expressed beyond a certain age. This suggests that aging is the result of an accumulation of

adverse mutations. Thus, if these mutations could be removed, longevity could be extended. To be more

speci�c, MAT describes deleterious mutations that accumulate in maintenance genes, such as genes

involved in cell division and replacement. These deleterious mutations would only show their effect

long after sexual maturity. This is different from genes involved in growth and development, which are

vital earlier in life to provide the foundation for reproductive success. [18]

Evolution is de�ned by natural selection, and natural selection favors the removal of deleterious genes,

but if the force of natural selection weakens with age and mutations are constantly generated, then

a mutation-selection balance results, which is de�ned in haploid populations by q = � / s, where q is

the allele frequency of the allele with reduced �tness, � is the mutation rate, and s is the selection

disadvantage[20]. Mutations that negatively affect an organism prior to sexual maturity would severely

limit the organism's ability to reproduce and will be strongly selected against, so the frequency of

these alleles will be low. However, if the same mutation caused negative effects that only appeared well

after sexual maturity, then it would have little effect on the animal's ability to reproduce and will be

maintained at higher frequency in the population since they are not effectively removed by natural

selection. This leads to an accumulation of these late-acting mutations, which causes the functional

decline and damage we associate with aging.
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Furthermore, MAT describes programmed aging, also known as innate biological aging [21]. While

Medawar is considered the father of modern gerontology, there are some caveats to his theory. For

starters, it assumes that aging has minimal effect on �tness. However, aging affects traits, such as

strength, speed, and agility, long before organisms are deemed `old,' demonstrating that aging can

affect �tness of younger organisms. Next, it cannot explain why several organisms display instances

of death following copulation. These instances of death following copulation indicate that there is a

programmed `death' mechanism controlled by reproduction rather than biological age. Furthermore,

Medawar assumes some genetic diseases only occur late in life, but this implies the existence of a gene

that is only needed at a later age and that it is only expressed then. His theory does not elaborate on why

this gene would exist and what kind of biological program exists to activate the expression of this gene

later in life. Finally, with technological advancements, genomic analyses identi�ed several conserved

aging genes in Saccharomyces cerevisiae, Caenorhabditis elegans, Drosophila melanogaster , and Mus

musculus, which indicates that the causes of aging cannot be random mutations. [22]

Antagonistic Pleiotropy Theory (APT) Many observations in nature have illustrated that senescence

contributes substantially to death rate [23]. These observations brought doubt on MAT. In 1957, George C.

Williams proposed the Antagonistic Pleiotropy Theory (APT) as a modi�cation to Medawar's theory.

Pleiotropy was coined by Ludwig Plate in 1910 and refers to one gene affecting two or more seemingly

unrelated phenotypes [24]. For antagonistic pleiotropy, Williams utilized the concept of pleiotropy to

suggest that genes can have a bene�t early in life but be detrimental later on [25]. These genes have an

overall net bene�cial effect allowing them to be positively selected. As an example, high testosterone

levels are vital for increased reproduction, but can increase the risk of prostate cancer later in life [26]. Thus,

the conclusion of this theory is that genetic trade-offs cause aging and that they are context-dependent.

Currently, antagonistic pleiotropy prevails as the predominant theory of aging. However, this is not

because it has been validated. Some aging genes have been identi�ed, which have �tness bene�ts, but

others seem to have no bene�t at all [27–29]. Furthermore, breeding experiments where fruit �ies were

selected for extended lifespan hoped to illustrate that the �ies would have reduced fertility. However,
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the �ies were bred to live more than twice as long as the original population, but also laid more eggs [30],

demonstrating a scenario where there is not a trade-off between extended lifespan and reproduction.

Disposable Soma Theory (DST) In 1977, Thomas Kirkwood proposed a slightly different aging theory,

a non-programmed theory of aging, called the Disposable Soma Theory (DST). His idea emphasizes

optimizing the allocation of energy resources for metabolism, reproduction, and cellular repair and

maintenance. Because food intake is limited, compromises must be made to meet the needs of each

biological process. A major compromise throughout an organism's lifespan is for repair and maintenance

processes, which ultimately lead to the deterioration we see with age. For example, an organism that

invests more of its energy in preventing accumulation of damage to its proteins, cells, and organs will

have a slower rate of aging but will also have fewer resources available for growth and reproduction.

Interestingly, mathematical models of DST illustrate that the optimal resource allocation for repair and

maintenance, which maximizes �tness, is always below the resource allocation necessary to prevent

aging.[31–33]

Further examination of this theory suggests that time, rather than energy, is the limiting resource. This

is because there is an optimal time for every species to reproduce and ensure offspring success. This

optimal time governs the amount of energy that can be devoted to growth and development prior to

reproduction, indicating that developmental and gestational rates are targets of evolution. The need to

have shorter developmental and gestational times due to characteristics of an organism's ecological

niche restricts the amount of energy dedicated to repairing cellular damage, resulting in an increase

of cellular damage overall and subsequently, a decrease in lifespan relative to organisms with longer

developmental and gestational times. [34]

Experimental results revolving around caloric restriction (CR) argue against DST. By extending this

theory, a prediction can be made that if there was a food shortage, the compromise for allocating

resources would be exacerbated, causing a reduction in lifespan. CR experiments actually provide

opposing results. Lifespan extension is observed in several model systems subjected to CR. However,
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these organisms also have fewer offspring, so DST cannot be completely ruled out. [35–37]

Free-Radical Theory of Aging (FRT) Denham Harman �rst established the concept of the Free-Radical

Theory of Aging (FRT), previously known as the Oxidative Stress Theory, in 1956 and then extended

the concept in 1972 to implicate mitochondria as contributors to the production of reactive oxygen

species (ROS). ROS are generated mainly in the mitochondria. Several studies have associated increased

ROS, overall decreased mitochondrial function, and an accumulation of oxidative damage to aging.

FRT suggests that ROS produced during aerobic respiration accumulate with increasing age and cause

oxidative damage to macromolecules, including nucleic acids, proteins, lipids, and mitochondrial DNA,

and that this damage is linked to aging and death. [38–41]

Experiments aiming to support FRT have demonstrated mixed results. Some model organisms, such as

S. cerevisiaeand D. melanogaster, show evidence that reducing oxidative damage extends lifespan. In C.

elegans, blocking the production of superoxide dismutase increases lifespan. However, in M. musculus ,

only 1 of 18 genetic alterations that block antioxidant defenses reduces lifespan. This alteration is a

deletion of SOD-1.[42–44]

While this theory is still widely debated, it has been modi�ed and extended to explain various mech-

anisms contributing to aging. Speci�cally, some of the concepts developed from FRT are the Mito-

chondrial Theory of Aging [45], superseded by the Mitochondrial Free-Radical Theory of Aging [46], the

Epigenetic Oxidative Redox Shift (EORS) Theory of Aging [47], the Metabolic Stability Theory of Aging [48],

and Mitohormesis [49]. Furthermore, it has been demonstrated that CR not only increases lifespan in

organisms but can also increase oxidative stress [50]. These theories clearly indicate a small fraction of

how complex the mechanisms behind aging and lifespan are.
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1.2 Aging and Lifespan Across Model Systems

Aging and lifespan varies in natural populations due to the segregation of multiple genetic factors as

well as exposure to different environmental conditions [51]. To assess the effects of environment on

aging and lifespan, several experimental conditions have been evaluated, including caloric restriction

(CR) and resistance to starvation [51–54], resistance to heat and desiccation [55–58], response to oxidative

stress, and other environmental stressors [59], reproduction [60–64], sensory perception [65, 66], and immune

response[67, 68].

Furthermore, with the technological advancements and profound knowledge in genetics and genomics

today, it is impossible to discuss environmental impacts on lifespan without hypothesizing and validating

the possible genetic factors contributing to the variation we observe in lifespan. Many genes affecting

aging are •public •, or shared across evolutionary lineages [63]. Therefore, genetic analyses of short-lived

organisms, such as S. cerevisiae, C. elegans, D. melanogaster, and M. musculus have provided signi�cant

insights regarding mechanisms of aging that may be applicable to humans.

Following are summaries of some but not all aging and lifespan research conducted in model systems.

While it would be interesting to decouple the effects of the environment versus the effects of genetics

on aging and lifespan, the trait is complex. Therefore, to gain insight into the mechanisms involved in

longevity, it is the interactions between genes and environments that we will be examining.

1.2.1 Escherichia coli

E. coli produces two apparently identical cells when it divides. Because of this, it was believed that

unicellular organisms that reproduce symmetrically do not age since they do not give rise to a "parent"

cell and an offspring cell, where the offspring experiences a juvenile developmental phase prior to

dividing. Eric Stewart et al. challenged this idea with an experiment where they analyzed repeated

cycles of reproduction in E. coli using automated time-lapse microscopy [69]. They followed the cell
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divisions in 94 colonies, which were grown from a single �uorescently labeled E. coli cell. As these

bacteria divide, each progeny inherits an old and a new pole. The new pole, which contains slightly

different components, is created during the division. The poles look similar but are physiologically

asymmetrical. In the next division, one cell again inherits the old pole and a new pole, while the other

inherits, a not-so-old pole and a new pole ( Figure 1.1 )[69]. Overall, a lineage of the pole statuses for

35,049 cells was determined at each division. Furthermore, cells that inherited old poles displayed

decreased growth rates, decreased reproduction rates, and increased death rates compared to cells that

inherited new poles. These results illustrated for the �rst time in E. coli that an age marked by divisions

could be determined for each pole and for each cell. [69]

1.2.2 Saccharomyces cerevisiae

In S. cerevisiae, or baker•s yeast, the function of individual cells gradually declines with time, and each

yeast cell has a �nite lifespan. The lifespan of yeast can be measured two different ways, as the number of

cell divisions completed by the mother cell, known as replicative lifespan, or by the survival of individual

cells in a non-dividing, stationary phase, known as chronological lifespan. Replicative aging resembles

mitotic tissue aging in higher organisms, such as what is observed in aging skin cells. [41, 70–72] Phenotypic

characteristics of replicative aging include increased time between yeast budding, increased yeast cell

size, and yeast bud scars.[41] The median replicative lifespan of many wild-type laboratory strains is

between 18 to 26 days. Conversely, chronological aging shares similarities with post-mitotic tissue aging,

such as what is observed in neurons. [41, 70–72] Chronological aging is de�ned by resistance to oxidative

stress and mitochondrial function. Median chronological lifespan varies substantially from one week to

several weeks depending on the strain. [41]

Interestingly, yeast experience reproduction by asymmetric division, which is a prerequisite for aging.

The cells give rise to a mother cell and an offspring cell at each division. These offspring cells go through

a juvenile phase of growth, or differentiation, before it then divides. At each cell division, the mother

cell becomes older until it reaches its lifespan and dies. These mother cells display several phenotypic
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Figure 1.1 Adapted from Stewart et al. (2005). During cell division, two new poles are formed, one in each of
the progeny cells (new poles, shown in blue). The other ends of those cells were formed during a previous
division (old poles, shown in red). (A) The number of divisions since each pole was formed is indicated by
the number inside the pole. Using the number of divisions since the older pole of each cell was formed, it is
possible to assign an age in divisions to that cell, as indicated. Similarly, cells that consecutively divided as a
new pole are assigned a new pole age, based on the current, consecutive divisions as a new pole cell. (B) Time-
lapse images of growing cells corresponding to the stages in (A). False color has been added to identify the
poles.[69]
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changes, including cellular enlargement, decreased progress through the cell cycle, changes in nuclei

morphology, including an enlarged nucleolus, and bud scars from each cellular division ( Figure1.2 ).[73]

Figure 1.2 Adapted from Guarente & Kenyon (2000). Ageing in budding yeast. Shown is the asymmetric bud-
ding of a virgin mother cell, that is, one that arose from a bud in the previous cell division. The cell division
depicted gives rise to a mother cell and a daughter that arose from the bud. By following the mother-cell pedi-
gree microscopically over many generations, changes in phenotype are observed, including cell enlargement
and sterility. This process leads to a loss of division potential after about 20 divisions yielding a senescent
mother cell that has a blebby, wrinkled appearance. [22]

S. cerevisiaecan exist as haploid or diploid cells, and there are mating types in this organism. Haploid

cell mating-type, a or � , is determined by a locus termed MAT for mating type, and the cells typically

express either a or � genes. It has been observed that aging mother cells begin to express both a and

� mating-type genes, which is due to the loss of silencing of Homothallic Mating Left ( HML � ) and

Homothallic Mating Right ( HMRa) loci. When HML � and HMRa are not silenced, the simultaneous
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gene expression for both mating types causes sterility. [73] These observations implicate genes involved

in chromatin silencing as crucial regulators of aging. [22]

Yeast has a complex of several silencer proteins (SIR2, SIR3, and SIR4), called Silent Information Regulator

(SIR) proteins, involved in heterochromatin silencing. [74, 75] The effects of silencing on aging was �rst

identi�ed through a mutation in SIR4-42, which causes the SIR2/ 3/ 4 complex to relocate away from the

telomeres, the HML locus, and the HMR locus to areas of the genome that contain highly repetitive rDNA.

This relocalization increases silencing of rDNA and reduces rDNA recombination. rDNA recombination

is responsible for the accumulation of extrachromosomal ribosomal DNA circles (ERCs). Mutants of

the SIR4-42gene were stress resistant, had fewer ERCs, and displayed extended replicative lifespan. [76]

Deeper examination of this complex suggests that mutations in SIR2mediate silencing of rDNA without

the need of other SIR proteins [77, 78]. Furthermore, the amount of SIR2 at rDNA regions correlated with

lifespan; yeast with SIR2deletions had decreased lifespans compared to the wild-type, and yeast with an

extra copy of SIR2had increased lifespans compared to wild-type [79]. SIR2demonstrates the importance

of genome silencing. Experiments in other model systems have discovered similar results - with age,

mechanisms for genome silencing are not as ef�cient [80, 81].

A vital indicator of replicative lifespan is the accumulation of ERCs in the nucleus of mother cells [41].

When homologous recombination is repressed because of silenced chromatin in tandem rDNA repeats,

accumulation of ERCs is inhibited. Under normal conditions, these ERCs are generated after cell divisions

in the mother cell lineage, possibly causing aging. It is unclear, however, how ERCs are detrimental to

mother cells so aging due to ERCs is widely debated. Some researchers have shown that early generation

of ERCs decreases lifespan, and deletion of FOB1, a protein that blocks rDNA replication, reduces the

number of ERCs formed and increases lifespan. [82–84] However, other researchers have found instances

where decreased lifespan was not associated with increased levels of ERCs, such as in sgs1mutants

where DNA helicase is defective, or with other DNA circles, such as the TRP1 ARS1plasmid [83, 85].

These con�icting results are only the beginning of how complicated the genetic and environmental

mechanisms - and their interactions - behind aging and lifespan are.
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An organism's metabolism is another explored possible contributor to aging. SIR2 proteins are conserved

from bacteria to humans, and research has demonstrated that SIR2 proteins have NAD-dependent

histone deacetylase activity [86], implicating SIR2 involvement in metabolic processes. Caloric restriction

(CR) refers to a diet where calories are limited by 30-40% [36]. CR extends lifespan in rodents, fruit �ies,

worms, and yeast. The mechanism by which CR extends lifespan is still unclear. One hypothesis is

that it decreases metabolic rates, which slows down the production of reactive oxygen species that

accelerate aging.[87] However, this has yet to be functionally validated. To invoke CR in yeast, glucose

concentrations are decreased from the standard 2% to 0.5% in the growth media or various components

in the cyclic AMP-dependent protein kinase A (PKA) pathway are mutated. [22, 41] Both experimental

designs cause a signi�cant increase in lifespan. Replicative aging is typically studied using reduced

glucose conditions, and aging is associated with the transition in metabolism from glycolysis to the

glyoxylate pathway, or gluconeogenesis, and energy storage. As glucose concentration is reduced, the

transition from glycolysis to gluconeogenesis is delayed. [22, 41]

Several genetic mutants with increased stability at rDNA loci under severe CR have extreme increases in

lifespan compared to the wild-type. The CR media contained a glucose concentration of 0.05%. However,

yeast cells with the same mutations, but maintained with a CR glucose concentration of 0.5% had no

change in lifespan. [41, 86, 88, 89] Furthermore, when CR is accompanied with mutations speci�cally in

SIR2or NPT1, a gene involved in NAD synthesis, lifespan extension is eliminated. This suggests that

SIR2and NAD are necessary components of the mechanism by which CR increases lifespan. [90]

Chronological aging is measured by growing non-dividing yeast cells to capacity, or cells with maximum

cell density, and then maintaining them. These cells are metabolically active. Once all glucose is utilized

from the media, metabolism transitions from fermentation to respiration, known as diauxic shift.

Survival is determined by the yeast cells ability to initiate the cell cycle and form colonies. Chronological

aging has been evaluated under CR by growing the initial culture on 0.5% glucose media. These cells

had extended lifespan. [41]

Another evolutionarily conserved pathway in many different species from yeast to humans is the Target
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of Rapamycin (TOR) pathway ( Figure 1.3 ), which regulates cell growth and metabolism. In studies using

the yeast ORF deletion collection, replicative and chronological lifespan was determined for hundreds of

single-gene deletion mutants. For both types, TOR1increased lifespan in comparison to the wild-type. [41]

TOR kinase is a nutrient sensor. Inhibiting TOR activates nuclear localization of transcription factors,

Msn2 and Msn4, which regulate genes involved in stress response, including Pnc1. Furthermore, CR or

treatment with rapamycin, a drug primarily characterized as an immune suppressor, results in TOR

relocating to the cytosol away from rDNA regions. This increases rDNA stability, increases mitochondrial

gene expression, induces ATP generation through respiration, and increases chronological lifespan. [41]

Rapamycin inhibits TOR Complex 1 (TORC1) activity. TORC1 is activated by insulin and other growth

factors through phosphatidyl 3-OH kinase and AKT and is repressed through AMP-activated protein

kinase (AMPK).[41]

Figure 1.3 Adapted from Wolf (2010). The TORC1 signaling network. TOR complex 1 (TORC1) activity is pro-
moted both by growth factors through Akt and directly by nutrient availability. Activation of AMP kinase re-
duces TORC1 signaling, as does dietary restriction. Downstream targets of TORC1 that have been implicated in
longevity control include autophagy, mRNA translation, and mitochondrial metabolism. [41]
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Serine-threonine kinase (Sch9), a downstream target of TOR, has also been examined. Deleting SCH9,

which is a homolog of the mammalian AKT, increases lifespan. SCH9mutants have increased resis-

tance to oxidative and thermal stress. [41, 42] Overall, decreasing proper TOR-signaling through genetic

manipulation or pharmacological interventions has increased respiration, increased mitochondrial

gene expression, and increased lifespan. Furthermore, several experiments have shown that inhibiting

TOR-signaling has improved cancer, diabetes, cardiac disease, and neurodegeneration outcomes in

model systems. [41]

As it pertains to aging and lifespan, the insulin / insulin-like growth factor 1 (IGF-1)-like signaling (IIS)

pathway is the most well understood, evolutionarily conserved pathway. Currently, insulin / IGF-1-like

receptors have not been identi�ed in yeast. However, Ras2 (G protein), Cyr1 (adenylate cyclase), and PKA

(protein kinase A) are involved in the nutrient-sensing pathway that mediates lifespan extension. RAS2

is the yeast homolog to the mammalian proto-oncogene Ras, which is a major target in the IIS pathway.

RAS2null mutations increase chronological age and induce stress resistance, however, overexpression

of RAS2increases replicative lifespan. RAS1mutations also increase replicative lifespan. CYR1is a

downstream target of RAS2, and mutations in CYR1increase chronological lifespan. Other mutations

decreasing PKA activity increase replicative lifespan as well. While this is not a 1-to-1 comparison to

mammals, there is still clear shared mechanisms used for nutrient-sensing. [41, 42]

1.2.3 Caenorhabditis elegans

C. elegansis a small roundworm (1-1.5 mm long) that lives in the soil and feeds on bacteria. These worms

can reproduce either through self-fertilization or by mating with males, which are formed through

meiotic non-disjunction of the sex chromosome. The organism contains 959 somatic cells and the

lineage of each cell has been documented and characterized. The median lifespan of C. elegansis 2-3

weeks.[41]

C. eleganslifespan is determined by the lack of movement when stimulated. Experiments have identi�ed
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which tissues are speci�cally involved in aging and determined that neuronal cells maintain function

throughout lifespan. Muscle cells, however, slowly decline in function as worms transition into their

post-reproductive period. Accompanied with this decline in muscle cell function is a decrease in food

consumption. Worms progressively move less and less and eventually stop moving completely. It is at

this point when their lifespan is determined. [41]

Assessing lifespan in wild strains of C. elegansbegan in 1993. It was observed that hermaphrodites from

various wild-derived strains had similar lifespans. However, males did not. Some strains had males that

lived longer than hermaphrodites while others had males with shorter lifespans. [91] Different isolates of

the hermaphrodite N2 strain have signi�cantly different lifespans, ranging from 16 to 23 days at 20 °C on

Nematode Growth Medium agar with E. coli OP50 food source. [41, 92] Since lifespan is strain-speci�c,

effects of mutations are directly compared to the parental lines. [93]

Temperature signi�cantly impacts lifespan. Assessing the effects of temperature on lifespan in C. elegans

identi�ed a 2-week difference in lifespan in organisms cultured at 16 °C (23 days) versus 25°C (9 days)[94].

Could this be due to varying growth rates in the extreme temperature? Wong et al. provided evidence

supporting mutants defective in clock, clk, genes being unable to modify their growth rate with changes

in temperature. Wild-type nematodes have the capacity to decrease or increase their developmental

rates in response to changes in temperature. However, clk mutants cultured at high (25 °C) or low

(15°C) temperatures and then shifted to 20 °C were unable to shift their developmental rates ef�ciently,

indicating that clk genes are necessary to respond to changes in temperature. [95]

The most well studied pathway to mediate lifespan in C. elegansis the insulin / IGF-1-like signaling

(IIS) pathway ( Figure 1.4 )[22]. Modi�cations to this pathway can double or triple lifespan in nematodes.

Key mutations that helped decipher genes affecting lifespan were daf-2 (dauer formation 2), daf-16

(dauer formation 16), daf-18 (dauer formation 18), and age-1, a phosphatidylinositol-3 kinase (PI3K).

All of these genes are various components of a conserved pathway, the phosphatidylinositol-3-OH

kinase (PI(3)K)/ 3-phosphoinositide-dependent kinase-1 (PDK1) / Akt signal transduction pathway. daf-2

activates this pathway, and mutations in daf-2 lead to worms who are highly active longer as well as
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live twice as long when compared to the wild-type. daf-2 has extensive homology to genes coding for

IGF-1 receptors [22, 41]. Mutations in age-1, which encodes a PI(3)K, also extends lifespan [96]. However,

additional mutations in daf-18, a negative regulator in the pathway, eliminated lifespan extension of

daf-2 or age-1mutations [97]. Each of these components lead to DAF-16, which is required for extended

lifespan, suggesting that this pathway exists to restrict expression of daf-16 and to restrict lifespan. Thus,

mutations in the IIS pathway increase lifespan through activation of daf-16. daf-16 is the C. elegans

FOXO transcription factor homologue, which regulates several defensive activities, including stress

response, antimicrobial activity, and detoxi�cation of xenobiotics and free radicals. Mutants in the IIS

pathway have demonstrated resistance to various stresses, including heat shock, ultraviolet (UV) light,

hydrogen peroxide (H 2 O2) and paraquat. [22, 41, 42, 57, 98, 99]

Figure 1.4 Adapted from Guarente & Kenyon (2000). Regulation of C. elegansageing by an elaborate endocrine
system. a, The IIS pathway that regulates ageing in C. elegans. b, c An elaborate endocrine system involving at
least four hormones seems to regulate the life span of C. elegans.[22]

Interestingly, studies emphasizing the importance of tissue-speci�c regulation of lifespan demonstrated

that manipulating daf-2 in a subset of cells was effective in increasing lifespan. Furthermore, experiments

restoring daf-2 or age-1 in neuronal tissue of whole-body mutants with daf-2 or age-1 mutations,

respectively, restored wild-type lifespan in these mutants, indicating that IIS is critically important to

the regulation of aging in neuronal tissue. [41, 100]
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Modifying the food source impacts C. eleganslifespan. DR, which generalizes restriction to include

nutrients other than calorie intake since lifespan extension can be observed by modifying various

nutrients, is implemented in C. elegansby reducing the concentration of bacteria available, such as from

1010 to 108 cells/ ml. This results in a 60% increase in lifespan. [94] Another way to simulate DR is through

a chemically de�ned or semi-de�ned axenic, or no bacteria, media. This results in a 50-80% increase in

lifespan with various phenotypes associated with DR, including smaller size, delayed sexual maturity,

and reduced fecundity - de�ned by smaller brood size but extended length of fertility. Furthermore, C.

eleganscultured with killed bacteria as a food source instead of live E. coli, have increased lifespan by 2

to 4 days, and adult C. elegansunder bacterial deprivation have increased median lifespan ranging 32 to

38 days. These results are consistent for wild-derived hermaphrodites and N2 hermaphrodites. [41]

Another way to implement DR is through eat mutations, which cause worms to have defective pharyngeal

pumping. These mutations reduce feeding rates and extend lifespan by 50%. Double mutations of eat

and clk suggest that the genes affect the same pathway since there is no additive extension of lifespan.

However, eat-2 mutants do not require DAF-16. Furthermore, eat-2, daf-2 double mutants live even

longer than single mutants of daf-2 suggesting that these genes impact aging and lifespan through

different pathways. [41, 101]

The IIS pathway also regulates whether or not C. elegansenters the dauer diapause state, which is

an alternative larval state that arrests growth and development while the organism is under harsh

conditions, such as extreme DR or temperatures. A dauer state can be maintained for months. In this

state, the organism is encased in a dauer-speci�c cuticle, which is resistant to dehydration, and it

has intestinal granules which store food. One way to induce the dauer state is absence of food. Once

food is replenished, normal development continues, and the lifespan is equivalent to those cultured

with food. [102] Dauer formation is speci�c to worms prior to sexual maturation. Once an organism has

reached sexual maturation, it cannot become a dauer. Phenotypes of dauers include reduced metabolic

rates[103, 104], elevated levels of superoxide dismutase (SOD) and resistance to oxidative stress [105, 106],

and elevated levels of heat shock proteins [107]. They also have an increased lifespan ranging 3 to 6
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months. [41, 108]

Beyond the IIS pathway, another system of interest is the clk gene system, which affects the rate of

development and behavior. clk-1 is a gene involved in ubiquinone biosynthesis [40]. Mutations in clk

genes slow down many biological rates, including cell division, feeding, and defecation [22]. Results from

these experiments suggest that worms live longer because their metabolism is reduced, leading to

reduced rates of oxidative damage [40].

A damaging aspect of metabolism is the production of reactive oxygen species (ROS). In C. elegans,

exposure to various concentrations of oxygen has been examined. High concentrations of oxygen

shorten lifespan, whereas low concentrations extend lifespan. Additionally, if a strain has lower levels

of SOD, which catalyzes superoxide into oxygen and hydrogen peroxide, it was more sensitive to the

effects of oxygen, indicating that oxidative damage accelerates aging and that various oxygen levels can

contribute to lifespan phenotypes. The same is true for mutations of sod-3, one of the Mn-SODs . [22, 109]

Furthermore, mutations in ctl-1 , a cytosolic catalase, which is another enzyme that protects against

oxidative damage, shortens lifespan due to observed increases in oxidative damage. [22]

Examining how oxidative damage contributes to lifespan, raises another question: does the ef�ciency of

DNA repair mechanisms contribute to lifespan? Hartman et al. determined that there is no correlation

between lifespan and the sensitivity to three different DNA-damaging agents: UV radiation, 
 -radiation,

and methyl methane sulfonate, in recombinant inbred strains, indicating that DNA repair is not a

limiting factor in determining natural genetic variation in C. eleganslifespan. The lifespans of these

strains ranged from 13 to 30 days. [110] Furthermore, examining mutations in ced genes, which alter

programmed cell death, do not affect lifespan. This suggests that programmed cell death, or apoptosis,

is biologically different from senescence, aging, and lifespan [111].

The lifespan of C. elegansis plastic and is regulated by two tissues: the sensory system, which monitors

environmental conditions, and the reproductive system. Both systems affect lifespan by in�uencing

the IIS pathway. Environmental signals, including food or pheromones, cause production of a DAF-2
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ligand from sensory neurons, which activates the IIS pathway. Disruption of chemosensory neurons or

of sensory signal transduction extends lifespan. These modi�cations partially require DAF-16. [22]

In germ-line signaling, ablation of the germ-line gonad extends lifespan by 60%. These lifespan extension

observations require either DAF-12 or DAF-16. Currently, it is unknown whether DAF-12 and DAF-16 are

in the same pathway or work in parallel for germ-line signaling. It is also unclear which non-reproductive

cells are involved. Interestingly, ablation of the germ-line gonad or sensory neuron disruption results in

nuclear localization of DAF-16, although the nuclear localization patterns are different. [41] For somatic

gonad signaling, DAF-2, but not DAF-16 is required. Sensory neurons are also required for somatic

gonad signaling. [22]

The previous experiments identi�ed how gonad signaling impacts lifespan, but other researchers were

interested in how reproduction in�uences lifespan. Does sterility in�uence lifespan? Mating? Number of

offspring? [112] The DAF-2 receptor not only regulates lifespan, but it also regulates fertility and movement.

Some daf-2 mutants have low fertility but continue to lay eggs late in life. [113] To assess the effects of

sterility, sterile males were created through fer-15 mutations, which cause defective sperm, or fem

mutations, which cause oocytes instead of sperm to be produced. Both types of mutants had similar

lifespans as the wild type [114–116]. Additionally, ablation of gonad and germ cells in these mutants did not

affect lifespan [116]. These results suggest that offspring do not necessarily affect lifespan in C. elegans.

However, a separate sterile mutation, spe-26, results in an extension of lifespan, but it is inconclusive

if the extension is directly associated with sperm defects [117]. In regard to mating, evidence supports

decreased lifespan of males who mate or attempt to mate. If males are cultured without the opportunity

to mate, their lifespan increases. [117] However, this is not true with hermaphrodites [92]. Hermaphrodite

mating with males reduces lifespan by almost 50%. This lifespan reduction is speci�c to the act of

copulating. Similar results were observed with fertile and sterile males. [61]

C. eleganshas 4 SIR2homologue genes, sir-2.1, sir-2.2, sir-2.3, and sir-2.4. Duplication of the sir-2.1

locus, which is most similar to SIR2, extends lifespan. However, a sir-2.1 null mutation has no effect on

lifespan. The lack of an effect is not surprising since one of the major mechanisms of SIR2-dependent
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replicative lifespan regulation, ERC accumulation, has not been identi�ed in other species. The role

that sir-2.1 plays in DR-mediated lifespan extension remains unclear. [41]

Finally, there is communication between the TOR pathway and the IIS pathway in C. elegans. TOR

is involved in regulating autophagy, and decreased activity of TOR and S6 kinase leads to increased

lifespan. [42] RNAi knockdown of TOR ( let-363) or raptor ( daf-15) increases lifespan. Additionally, knock-

down of TOR signaling causes a variety of protective phenotypes associated with aging, such as increased

fat storage and dauer formation, both of which are similar to longevity responses of the IIS pathway. It

has also been determined that knockdown of TOR causes lifespan extension independently of daf-16.[41]

1.2.4 Drosophila melanogaster

One of the major bene�ts of studying aging and lifespan in Drosophila is that sex-speci�c effects

can be examined. The lifespan of Drosophila ranges from 20 to 40 days depending on the strain [42].

Environmental factors such as food type and intake, temperature, and reproductive status can modify

lifespan. Dietary restriction (DR) of either sugar or yeast in Drosophila media can extend lifespan,

however, lower concentrations of yeast extend lifespan more than lower concentrations of sugar. Yeast

can also be replaced with amino acids and have similar effects on lifespan extension. In response to

DR, female lifespan extension is typically larger in magnitude than it is for males, and the optimal

amount of restriction to reach maximum lifespan extension is different for each sex. [41, 42] Drosophila

lifespan can also be modulated by changing the temperature at which they are reared and maintained.

Compared to �ies at standard temperatures (25 °C), low temperatures (18 °C) increase lifespan, whereas

high temperatures (28 °C) decrease lifespan. When comparing the impact of reproduction, lifespan is

extended in virgin females who never mate and reproduce. However, in a mixed population female

lifespan is decreased. This is because these females are allowed to mate and have ample food, causing

an increase in egg production and increased sexual activity. [41]

Research focusing on Drosophila insulin / IGF-1-like (IIS) pathway and its effect on longevity was not
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explored until 2001. The �rst lifespan extending mutations were in the insulin-like receptor ( InR) gene

and chico, an ortholog of the insulin receptor substrate ( IRS) gene found in mammals. InR mutations

had a female, sex-speci�c increase in lifespan by 85%. Several other researchers have discovered similar

results: most dramatic lifespan extension mutations are observed in females but not in males. The chico

mutation increases median lifespan up to 48% in females (heterozygous and homozygous) and 50% in

heterozygous males. [41] Phenotypic characteristics of long-lived InR mutants and homozygous chico

mutants are smaller size, increased body fat, and reduced or absent fertility. These characteristics are

similar to long-lived growth hormone (GH)-resistant and GH-de�cient mutant mice. Heterozygous

chico mutants have normal body size and fecundity. [41]

Mutations in the IIS pathway impacting the fork-head transcription factor dFOXO, which is similar

to mammalian FOXO and DAF-16 in C. elegans, can extend lifespan in Drosophila .[41] Exploring the

tissue-speci�c role of dFOXO, Hwangbo et al. determined that dFOXO overexpression in cerebral fat

body, the fruit �y equivalent for liver and adipose tissue, extended lifespan in both sexes by approx-

imately 56% [118]. Similarly, overexpression of dPTEN (Phosphatase and Tensin Homolog Deleted on

Chromosome Ten), the Drosophila ortholog to the mammalian PTEN, in the cerebral fat body causes

a 20% lifespan extension. dPTEN functions as an antagonist to IIS through dephosphorylation of the

phosphatidylinositol products of PI3K. [41, 118]

There are seven Drosophila insulin-like peptide genes ( dilps ) associated with the IIS pathway. Deleting

three of the seven genes (dilp2 , dilp3 , dilp5 ) in neuroendocrine cells in the brain extends lifespan. These

�ies had elevated circulating glucose, increased carbohydrate and lipid stores, and increased oxidative

stress resistance.[41] Furthermore, ablation of the germ-line reduces expression of some of the dilps

genes in neuroendocrine cells, increasing lifespan. This suggests that germ-line reproductive tissue aids

in modulating IIS and aging, similar to what has been observed in C. elegans.[42]

Drosophila have 5 SIR2homologue genes with dSir2 the most similar. Genetic manipulations of dSir2

have been mixed. One study where a dSir2 mutation did not decrease lifespan was similar to results

found in C. elegans. Another study, using a P element excision strain, evaluated a dSir2 null mutant
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and observed decreased lifespan, similar to S. cerevisiaeresults, and overexpression of dSir2 increased

lifespan. [41] Furthermore, if you mutate dRpd3, a deacetylase, then lifespan extension is observed in

males and females as well as levels of dSir2 are increased. These �ndings are similar to what is observed

in �ies on DR. Interestingly, decreased expression of dSir2 prevents extension of lifespan by DR. These

�ndings suggest an association between NAD-dependent deacetylase and longevity. Resveratrol, an

activator of Sirtuins, also extends lifespan in Drosophila , which has been reported in yeast and worms

as well, suggesting another conserved pathway involved in aging and lifespan.

Reducing dTOR activity increases dFOXO activity, demonstrating a connection between metabolism

and longevity. Decreased TOR pathway activity through genetic mutations or by rapamycin extends

lifespan in Drosophila , which has been observed in yeast and worms. [42] Target of Rapamycin complex 1

(TORC1) modulates longevity. Similar to mammals, dTsc1and dTsc2negatively regulate TORC1 in �ies,

and overexpression of either gene increases lifespan. Furthermore, inhibiting TOR signaling improves

function in �y models of age-related disease. TOR mutants have demonstrated protection against

declines in heart function and protection against insulin resistance. [41]

A heterozygous methuselah mutant extends lifespan by approximately 35% [119], indicating that the gene

functions to restrict lifespan. However, homozygous methuselah mutants are larval lethal, suggesting that

the gene is necessary during development. Furthermore, Methuselah mutants are resistant to various

stresses, including starvation, high temperature, paraquat, and a free-radical generator. Methuselah

encodes a putative G-protein-coupled seven-transmembrane-domain receptor. G-protein-coupled

receptors function in many signaling pathways. However, because methuselah has no close homologues

with known function, it is dif�cult to determine in which pathway it is involved. [22]

1.2.5 Mus musculus

Mus musculus is the most cost-effective mammalian species used in the laboratory with an average

lifespan between 24 to 30 months depending on the strain. There are several different strains available,
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including strains developed speci�cally to model human diseases. Most strains experience age-related

phenotypes, such as cataracts, neurological and muscular de�ciencies, and development of an enlarged

heart. There are also degenerative conditions observed in the brain, heart, and kidneys. However,

cognitive de�ciencies are rarely the cause of death. Frequently, various types of carcinomas cause death

in mice. [41]

Some of the common mouse strains are C57BL / 6, DBA, C3H, AKR, and 129. The C57BL/ 6 mouse strain's

mean lifespan is between 27 to 30 months. This strain's most common cause of death is lymphosarcoma.

The DBA mouse strain's mean lifespan is between 20 to 24 months. This strain experiences calci�c heart

lesions that progress with age, affecting approximately 90% of the animals. The C3H mouse strain's

mean lifespan is approximately 27 months. The common cause of death is a malignant hepatoma. A

short-lived strain, AKR, has a mean lifespan at approximately 6.6 months with most dead around 8.2

months due to thymic origin lymphoma. Finally, the relatively long-lived strain, 129, has a mean lifespan

of approximately 28 months and is typically used to initiate genetic alterations. [41]

Caloric Restriction (CR) in mice has been studied in various forms, including CR beginning at young

age, CR beginning at middle age, every other day (EOD) feeding (or intermittent fasting), methionine

restriction (MR), and "CR mimetics," or compounds that mimic the effect of CR while eating normally,

such as resveratrol, a polyphenolic compound found in red wine. [41] Resveratrol, which activates sirtuin

genes, has been demonstrated to extend lifespan in several model organisms, including S. cerevisiae, C.

elegans, and Drosophila .[41]

As examples of the impact of CR on lifespan, CR in C57BL / 6 mice increases mean lifespan by 4 months

for males and 6.6 months in females, as well as CR has reduced tumor incidence and increased lifespan in

C57BL/ 6 x C3H hybrid mice. [41] CR functions by reducing circulating insulin and IGF-1 levels. Mammals

only produce three ligands from the insulin / IGF-1 family, insulin, IGF-1, and IGF-2. Each has its own

receptor. Insulin regulates carbohydrate and lipid metabolism. IGF-1 controls growth through cell

proliferation and apoptosis and is regulated by GH. GH has no known homologues in worms or insects. [41]

One of the main, consistent effects of CR across species is reduced insulin levels and enhanced insulin
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sensitivity. In mice, CR induces changes in the release of growth hormone (GH) and in hepatic sensitivity

to GH stimulation, which reduces IGF-1 levels. [41] Mice that are on CR have extended lifespan and are

stress resistant, similar to long-lived mouse mutants [120, 121].

Mutations in GH and IIS genes in�uence lifespan in mice, and the IIS pathway has demonstrated

conservation from yeast to mammals ( Figure 1.5 )[42]. The FOXO family of fork-head transcription

factors are targets of the IIS pathway. They have roles in energy metabolism, cell cycle arrest, apoptosis,

and stress resistance. Reduced GH signaling and IGF-1 signaling increases lifespan and healthspan. By

inactivating the GH receptor, longevity can be increased 20-50% in both sexes and in multiple genetic

backgrounds. Conversely, complete inactivation of IGF-1 signaling is lethal. However, partial inactivation

of IGF-1 signaling has sex-speci�c increases in lifespan only in females. Partial IGF-1 resistance has little

effect on growth, no effect on fertility, and increased resistance to paraquat toxicity. Hyperinsulinemia

and insulin resistance are associated with increased risk of age-related diseases, such as cardiovascular

disease, type 2 diabetes, and cancer. Unfortunately, few studies have investigated the role of insulin

signaling in regard to mammalian longevity since deletion of all insulin or insulin receptors is fatal. [41, 42]

Other mouse strains valuable for understanding aging and lifespan are the Ames and Snell dwarf mice.

Mutations that inhibit the development of the pituitary gland cause dwar�sm and extend lifespan.

Dwarf mice also have elevated levels of Cu / Zn-SOD and decreased levels of reactive oxygen species, con-

sistent with the conclusion that they have extended lifespan due to reduced metabolism and oxidative

damage.[41, 122] Ames and Snell dwarfs display endocrine de�ciencies due to developmental inhibition

of pituitary function. These mice lack cell types that produce GH, prolactin, and thyroid stimulating

hormone. Ames dwarf mice are defective in a gene that encodes for Prophet of Pit-1 (PROP1). This

gene is required for expression of Pit-1 and for pituitary development [123]. Phenotypically, these mice

are small, but they have extended lifespans, up to 60%. However, it is unclear in what tissues these

de�ciencies are causing enhanced longevity. Ames dwarf mice that exhibit de�ciencies in GH, prolactin,

and thyrotropin live longer than their wild-type siblings. Alternatively, mice overexpressing GH are

short-lived and exhibit various symptoms of accelerated aging [124, 125]. The importance of GH and IGF-1
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Figure 1.5 Adapted from Fontana, Partridge, & Longo 2010. A model for the conserved nutrient signaling path-
ways that regulate longevity in various organisms and mammals. [42]

for development, growth, and reproduction early in life while leading to increased risks for age-related

diseases provides evidence for one of the theories of aging, antagonistic pleiotropy, which is the selection

of bene�cial genes for increased reproductive �tness, despite these genes having a detrimental effect

after reproductive age. [41]

When investigating mammalian factors involved in metabolic reprogramming, one candidate is the

transcriptional co-activator PGC-1 � (Peroxisome Proliferator Activated Receptor Gamma Co-activator 1

Alpha). PGC-1� regulates genes involved in mitochondrial metabolism as well as is a co-activator of the

peroxisome proliferator activated receptor (PPAR) nuclear receptor family of transcription factors, which

assist in balancing carbohydrate and fat metabolism. PPARs are vital for glucose and lipid homeostasis.

Speci�cally, in the liver, 19% of transcriptional changes induced by CR depend on PPAR � . PGC-1� has

also been associated with regulating SIRT1 NAD-dependent deacetylase, and alterations of PGC-1 �

temporally regulate mitochondrial function. Currently, non-mammalian homologues for PGC-1 � have

not been identi�ed. [41]
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Mammals have 7 sirtuin genes, SIRT1through SIRT7. SIRT1is the most similar in sequence to SIR2in S.

cerevisiae. Homozygous SIRT1knockout mice tend to be lethal. However, the few mice that do survive

are sterile, and these mice do not display metabolic changes characteristic of CR, such as reduced

blood glucose, triglycerides, and insulin-like growth factors, and are hypermetabolic. Unfortunately,

signi�cant effects on lifespan are not observed in SIRT1knockouts. [41]

Overexpression of SIR2in yeast and worms extends lifespan. Transgenic mice with an extra copy of

SIRT1exist, but, the effect on lifespan has not been documented. Regardless, these transgenic mice

exhibit some of the metabolic phenotypes, such as glucose tolerance, seen in mice on CR hinting at the

possibility of extended lifespan. A common age-related disease is Type 2 Diabetes, which is characterized

by decreased glucose tolerance and insulin resistance. [41]

SIRT1overexpression promotes cell survival, speci�cally in organs of interest that display age-related

diseases, such as the heart and nervous system. Overexpression of SIRT1in the heart delays cardiomy-

ocyte hypertrophy, �brosis, and myocyte apoptosis. During stresses, such as heart failure or exposure to

paraquat, SIRT1is up-regulated causing oxidative damage. Each tissue likely has an optimal range of

SIRT1activity that is necessary for survival. Studies illustrated that low and moderate overexpressed

levels of SIRT1are bene�cial for mice, but high levels actually cause worse outcomes when compared to

wild-type mice. One outcome of particular interest is increased oxidative damage, which has previously

been shown in model systems to decrease lifespan. [41]

Mammalian target of rapamycin (mTOR) signaling is involved in regulating translation, growth, and

responses to nutritional signals. Inhibition of the mTOR pathway with rapamycin or deleting ribosomal

S6 protein kinase 1 (S6K1) increases lifespan, similar to results observed in C. elegansand Drosophila .

Ames dwarf mice also exhibit reduced mTOR signaling and extended lifespan. Deleting S6K1 also

reduced incidences of age-related phenotypes, such as bone, immune, and motor dysfunction and

insulin resistance. [42] Mice treated with rapamycin show resistance to cancer, neurodegeneration, and

cardiac disease.[41]
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A mutation in the gene encoding the protein p66 shc extends lifespan by approximately 30% [120]. p66shc is

involved in oxidative stress response. Apoptosis can be activated in normal cells following treatment with

H2O2, paraquat and UV light. Cells derived from mutant mice lacking p66 shc are resistant to apoptosis.

Similar results are observed in whole mice. However, it is not clear why these mutants are long-lived. It

is possible that the loss of cells from stress-induced apoptosis increasing aging. It is also possible that

p66shc mutants have reduced amounts of oxidative damage overall. [22]

1.2.6 Summary

Lifespan varies in natural populations due to the segregation of multiple genetic factors as well as expo-

sure to different environmental conditions [51]. Many genes affecting aging are •public •, or shared across

evolutionary lineages [63]. Therefore, genetic analyses of short-lived organisms, such as S. cerevisiae, C.

elegans, D. melanogaster, and M. musculus have provided signi�cant insights regarding mechanisms of

aging that may be applicable to humans. One well-characterized genetic mechanism affecting aging

and lifespan is the insulin / insulin-like signaling (IIS) pathway, which is involved in the regulation of

metabolism in C. elegans[126–128], D. melanogaster[118, 129–131], and M. musculus [122, 132–134]. In all three

organisms, the increase in lifespan was associated with decreased insulin signaling. Other genetic

factors affecting aging include detoxi�cation of reactive oxygen species [135–140], reproduction [60–64], chro-

matin silencing [141], telomere integrity [142], DNA repair and replication [143–146], mitochondrial [147, 148]

and membrane function [149], resistance to heat, starvation, and other environmental stressors [55–59],

caloric restriction [51–54], sensory perception [65, 66], and immune response [67, 68]. While there has been

research on the genetic basis of longevity, it is clear that we do not have the whole picture of what genetic

and environmental factors contribute to extended lifespan. However, with technological advancements,

including Next-Generation Sequencing (NGS), we can start to elucidate the multifactorial interactions,

including the effects of the genome and transcriptome on this complex trait.

The majority of studies on the genetic basis of aging and lifespan in model systems have relied on

mutations and overexpression or RNAi knockdown of candidate genes. However, we do not know
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to what extent segregating polymorphisms in these genes affect natural variation in lifespan. With

technological advancements, quantitative trait loci (QTLs) associated with lifespan in D. melanogaster

have been mapped in linkage mapping populations [150–155] as well as by association mapping [156, 157].

Although the linkage studies lacked the power to resolve QTLs to individual genes and the association

studies were at the level of candidate genes implicated by de�ciency mapping [158], it is clear from these

studies that mapping naturally occurring variants can identify novel genes whose effects on lifespan

were not identi�ed from analysis of induced mutations and that these may affect normal variation in

lifespan.

In Chapter 2, we explore the effects of natural variants on lifespan. We functionally assessed candidate

genes identi�ed in a Genome Wide Association (GWA) analysis in the Drosophila melanogaster Genetic

Reference Panel (DGRP) at 25°C. We assessed 29 candidate genes by reducing their expression through

whole organism and tissue-speci�c RNAi-mediated suppression using the GAL4-UAS system. We iden-

ti�ed effects of genotype by sex interaction (GSI) and genotype by environment interaction (GEI) on

lifespan and discussed how interpretations will be context-dependent, whether it is sex-, temperature-

or tissue-speci�c. Further, we discuss the presence of micro-environmental plasticity in many of the

genes evaluated. We also raised concerns about the ef�ciency of genomic tools, such as RNAi, in different

environments. Future research exploring environmental impacts will need to con�rm that their genomic

tools work in all environmental contexts.

In Chapter 3, we continued exploring naturally occurring variants affecting lifespan by performing

extreme QTL (X-QTL) analysis. In particular, we were interested in identifying private and low frequency

alleles that could not be examined in the DGRP GWA analysis. We constructed an outbred advanced

intercross population (AIP) from a subset of 37 DGRP lines. We were able to con�rm genes identi�ed in

the 25°C DGRP GWA and identify variants that were not previously detected in the DGRP. The results

revealed candidate, novel variants affecting natural variation in lifespan.

Finally, in Chapter 4, to de�ne the genetic variants identi�ed in Chapter 3 in a biologically relevant

context and to further establish causality, we performed a systems genetic analysis. We discovered genes
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that changed with age that were tissue- and sex-speci�c. We also revealed that tissues have shared and

distinct signatures of various biological processes associated with aging. This highlights the importance

of examining complex traits not only separately by sex, but also by tissue. Future research involving gene

expression analyses will need to develop experimental designs that balance the number of replicates,

time points, and tissues. Careful consideration will allow researchers to more de�nitively identify genetic

mechanisms contributing to lifespan. Moreover, as NGS becomes more cost-effective, researchers can

move away from pooled samples and explore variation at the individual level (i.e. sequencing samples

containing one organism, one tissue, or one cell).

28



Chapter 2

Functional Validation of Candidate Lifespan

Genes Using RNA Interference

This chapter contains results currently in prep for publication.

Title: Context-Dependent Genetic Architecture of Drosophila Lifespan

Authors: Wen Huang 1,2, Terry Campbell 1,Mary Anna Carbone 1, W. Elizabeth Jones1,3, Desiree Unselt 1,

Robert R. H. Anholt 1,4, Trudy F. C. Mackay 1,4

1Program in Genetics, W. M. Keck Center for Behavioral Biology and Department of Biological Sciences,

North Carolina State University, Raleigh, NC 27695

2Current Address: Department of Animal Science, Michigan State University, East Lansing, MI 48842

3Current address: Department of Biological Sciences, University of Nevada Las Vegas, Las Vegas, NC

89154

4Current address: Center for Human Genetics and Department of Genetics and Biochemistry, Clemson

University, 114 Gregor Mendel Circle, Greenwood, SC 29646

Author contributions: R.R.H.A and T.F.C.M. designed research; T.C., M.A.C., W.E.J., and D.U. performed

research; W.H., T.C., D.U., and T.F.C.M. analyzed data; and T.F.C.M. wrote the paper.

29



2.1 Introduction

In 1900, the human life expectancy was approximately 47 years, and by 2016, it had increased to 78.5 years

in the United States [1]. This number is predicted to increase at a steady rate and is likely to reach 83 years

by 2050[2]. Some scientists even predict that the average lifespan will reach 100 years by 2065 [3], which

may not be the limit on human longevity. A recent study on super-centenarians, or individuals over the

age of 110, has suggested no natural limit on lifespan [4]. All these predictions raise concerns about how

population aging and the corresponding social and health problems will be addressed. To understand

the genetic mechanisms underlying human longevity, approaches frequently used have been linkage

mapping, and more recently, genome wide association (GWA) mapping, to identify polymorphisms

affecting extreme longevity [5–9] and diseases and disorders associated with aging, such as Alzheimer's

disease[10], diabetes[11–14], coronary heart disease [15], and others [16]. However, these associated variants

typically account for very little of the population variance in longevity and age-related diseases.

Lifespan varies in natural populations due to the segregation of multiple genetic factors as well as

exposure to different environmental conditions [51]. Many genes affecting aging are `public,' or shared

across evolutionary lineages [63]. Therefore, genetic analyses of short-lived organisms, such as Saccha-

romyces cerevisiae, Caenorhabditis elegans, Drosophila melanogaster , and Mus musculus have pro-

vided signi�cant insights regarding mechanisms of aging that may be applicable to humans. One

well-characterized genetic mechanism affecting aging and lifespan is the insulin / insulin-like growth

factor (IGF)-1 signaling (IIS) pathway, which is involved in the regulation of metabolism in C. ele-

gans[126–128], D. melanogaster[118, 129–131], and M. musculus [122, 132–134]. In all three organisms, the ob-

served increase in lifespan was associated with decreased insulin signaling. Furthermore, several exper-

imental conditions have been evaluated to assess the effects of the environment on genes regulating

lifespan, including caloric restriction (CR) and resistance to starvation [51–54], resistance to heat and

desiccation [55–58], response to oxidative stress and other environmental stressors [59], reproduction [60–64],

sensory perception [66, 100], and immune response [67, 68].
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Drosophila is a powerful model system for studying the genetics of lifespan because it is relatively

short-lived, genetic backgrounds and environmental conditions can be controlled, and both naturally

occurring variants as well as mutations can be utilized to identify candidate genes. The research interests

of the Mackay lab focus on identifying candidate genes and variants associated with naturally occurring

variation for complex traits. However, in Drosophila , identifying these genes and variants requires

complete DNA sequences since linkage disequilibrium (LD) declines rapidly with physical distance. Our

laboratory developed the D. melanogaster Genetic Reference Panel (DGRP) to facilitate GWA mapping

of complex traits [159]. The DGRP consists of 205 sequenced inbred lines derived by 20 generations of full

sib inbreeding from isofemale lines collected from the Raleigh Farmers Market. Genetic variation within

each line is minimal, but genetic variation among the lines is maintained and is representative of the

natural variation of the population from which they were derived. Freeze 2.0 sequences for 205 DGRP

lines are published, and 4,853,802 single nucleotide polymorphisms (SNPs) and 1,296,080 non-SNP

variants have been identi�ed [160]. The lines are available to the community and all measured phenotypes

are maintained as a public resource on the DGRP website [159]. The lines are genetically variable for

all phenotypes measured to date, including lifespan, and phenotypic variation far exceeds what has

been observed among common Drosophila laboratory strains [159, 160]. The DGRP lines are inbred, which

enables rearing nearly genetically identical individuals in large numbers, thereby increasing the power

to reduce statistical noise due to environmental variation. Furthermore, inbreeding has increased the

genetic variance for quantitative traits to at least double that of the outbred population from which it

was derived [161], which also increases power for GWA mapping.

With this valuable resource, our lab has explored several questions regarding the genetic basis of natural

variation of lifespan, including 1) what genes contain naturally occurring variants affecting lifespan; 2)

what extent are these the same as those identi�ed from induced mutations; 3) what is the magnitude of

genotype by sex interaction (GSI) and genotype by environment interaction (GEI); 4) what genes and

variants are associated with GSI and GEI; 5) what extent are GSI and GEI due to sex- and environment-

speci�c allelic effects, and to antagonistic pleiotropic effects across sexes and environments; and 6)

what extent are genes and variants associated with variation in lifespan shared in different populations?
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(a) (b)

Figure 2.1 a) DGRP lifespan means at three thermal temperatures. Lifespan line means are separated by tem-
perature. Blue, gray, and red colors indicate 18 °C, 25°C, and 28°C, respectively. b) DGRP line reaction norms
displaying genetic and environmental variances, separated by sex and temperature. Red and blue colors indi-
cate females and males, respectively. Changes in rank order are represented by the crossing of reaction norms
across temperatures. Note: Figures are from in prep publication.

To answer these questions, our lab quanti�ed the lifespan of mated �ies for 186 DGRP lines reared

under three thermal temperatures (18 °C, 25°C, and 28°C; cornmeal-agar-molasses medium; 12h:12h

light:dark cycle) since these temperatures have previously been shown to affect lifespan [153] (Figure

2.1a). In total, 70,209 lifespan measurements were obtained while controlling for adult density in each

vial by placing three males and three females per line and temperature in a vial. The experimental design,

which contains 24 replicates for each genotype and environment, allows for exploration of the effects of

genetic variation, sex, environment, and their interactions on phenotypic variation. The distribution

of line means ranges from 1 – 188 days, with �ies reared at the lower temperature (18 °C) living twice

as long, and �ies reared at the higher temperature (28 °C) displaying over 50% reduction in lifespan.

These results were obtained by comparing the extreme temperatures (18 °C, 28°C) to �ies reared at

standard temperature (25 °C). We also found evidence of variation in the magnitude of sex dimorphism

(the difference in lifespan between males and females) among the lines; a highly sex-speci�c genetic

architecture of lifespan is consistent with results of previous studies in D. melanogaster[150–153].

Our lab then calculated variances for the DGRP lifespan observations. Total phenotypic variance was
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estimated as � P
2 = � G

2 + � E
2, where � G

2 is the genotypic variance and � E
2 is the environmental

variance. The broad sense heritability (H 2), which is the proportion of variation in the phenotype

that is attributable to genetic variation, was estimated as H 2 = � G
2 / � P

2. H2 ranged from 0.36 – 0.42.

Furthermore, genetic and environmental variances were increased at 18 °C and decreased at 28°C when

compared to 25 °C (Figure 2.1b ). We observed that there is genetic variation for plasticity of lifespan,

given that the non-zero slope for each reaction norm differed among the 186 DGRP lines, separately

for each sex, across the three thermal environments. Additionally, almost all of the reaction norms

displayed changes in rank order, an indicator of GEI. This indicates that the DGRP lines differ in their

plastic response to the three thermal environments. Our lab also calculated within-line variability, or

micro-environmental variance, in the 186 DGRP lines. These results provide the opportunity to examine

unmeasured environmental variation and the inherent variability of each genotype, which may be

under genetic control. Using the Brown-Forsythe and Levene's tests for variance heterogeneity, the

DGRP lines displayed differences in within-line variances for all sex and temperature combinations ( P-

values < 0.0001). After determining heterogeneity existed, we computed the DGRP micro-environmental

variances of lifespan. We observed sex dimorphism for within-line variation in lifespan at 18 °C and 28°C

and found that micro-environmental variance displays plasticity across temperature, similar to the

lifespan results. Also, similar to the lifespan results, we observed changes in rank order, or crossing of

reaction norms, for the micro-environmental variances. H 2 of micro-environmental variance ranged

from 0.66 – 0.74.

Next, our lab performed GWA analyses on the lifespan line means of DGRP mated �ies reared at three

temperatures (18 °C, 25°C, and 28°C) using the ž2.5 million variants with minor allele frequencies >

0.05 and adjusted for effects of Wolbachia infection, major polymorphic inversions, and polygenic

relatedness[160]. At a nominal P < 10-5, over 900 variants affecting over 500 genes were associated with

variation in lifespan. Many of these genes are computationally predicted with little or no functional infor-

mation. The GWA analyses performed in the DGRP enable examination of theories of aging, speci�cally,

the Antagonistic Pleiotropy Theory, which describes a �tness trade-off of a gene or allele. Under this

theory, a gene or allele displaying antagonistic pleiotropy increases �tness early in life but is detrimental
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later in life: the early-life bene�t outweighs the late-life cost. An extension of antagonist pleiotropy can

be applied to an allele with opposite effects under different contexts (i.e. sex or temperature). When

examining variants which were signi�cantly different between males and females (i.e. the difference

between males and females for lifespan), our lab identi�ed 92 variants ( P-value < 10-5) in any thermal

environment that had opposite effects in males and females, which is consistent with the changes in

rank order previously discussed.

Additionally, our lab performed an extreme QTL (X-QTL) GWA analysis for lifespan in three thermal

environments (18 °C, 25°C, 28°C) using an Advanced Intercross Population (AIP) derived from 40 DGRP

lines [162, 163]. To perform the X-QTL analysis, three replicate populations of 2,000 �ies / sex were reared,

10% were randomly selected at week one, and then, the rest were aged until the top 10% remained. The

remaining �ies were collected, and pooled samples or random, young �ies or long-lived �ies, separated

by sex, were sequenced, and signi�cant allele frequency differences were determined by comparing the

random, young samples to the long-lived samples. We identi�ed 431 (145), 614 (352), 248 (310) variants

for female (male) lifespan at 18 °C, 25°C, and 28°C. These results enabled investigation into whether

genetic effects replicate across sex and thermal environment. Only 18 variants were identi�ed in more

than one experiment with 10 having similar effects in differing environments and 8 having opposite

effects. The minimal overlap provides further evidence for signi�cant GSI and GEI, which was observed

in the DGRP. Comparing the AIP results, for GSI, 255 variants ( P-value < 10-7) were associated with

differences between males and females with 113 variants that were sex-speci�c (i.e. only signi�cant

for one sex) and 4 variants that were signi�cant in both sexes and had opposite effects. For GEI, 1,619

variants ( P-value < 10-7) were associated with differences between all pairs of temperatures for both

sexes with 581 variants that were signi�cant at only one temperature and 6 variants that had opposite

effects between paired temperatures. Moreover, examination of variants within the same gene across

environmental contexts provide instances of genes having opposite effects. We identi�ed 49 genes

with different variants having opposite effects in the same sex and thermal environment, 29 genes

with variants having opposite effects in the same sex in different thermal environments, 18 genes with

opposite effects in males and females in the same thermal environment, and 34 genes with opposite
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effects in males and females in different thermal environments. These results provide evidence for

lifespan genes that exhibit context-dependent allelic effects (i.e. sex, temperature).

Finally, when comparing the results from the DGRP and AIP GWA analyses, we identi�ed 87 genes

and no variants that were in common. Further, the genes were signi�cant under different contexts

(i.e. sex and/ or temperature). Several explanations for this occurrence include the low power of the

DGRP GWA analyses, the changes in LD between the DGRP and AIP which can cause identi�cation of

different variants in the same genes, and variants having non-additive effects (i.e. dominance, epistasis)

on lifespan. These explanations are not mutually exclusive.

The adaptive signi�cance of lifespan plasticity is embedded in Darwinian �tness, or reproductive

success[164]. Fitness encompasses successful survival and successful reproduction. These two compo-

nents are interconnected. Because of this, an organism may adapt to prioritize survival over reproduction

under harsh conditions and then may allocate resources to reproduction once environmental con-

ditions have become more favorable. Plasticity is a proposed mechanism for adaptation, and plastic

genotypes provide the foundation for optimal phenotypes to arise depending on the environment.

`Optimal' in this context refers to phenotypes that contribute to reproductive success. Under changing

environments, it is important for organisms to have the ability to adapt to ensure reproductive suc-

cess, which includes surviving to reproductive age and reproducing in an advantageous environment.

Fluctuations in environment can threaten an individuals survival; lifespan plasticity enables organisms

to shift energy utilization from reproduction to maintaining homeostasis and somatic function under

unexpected environmental changes. This enables individuals to endure unfavorable conditions until

the conditions have returned to favorable. Therefore, there is a �tness advantage to being able to adapt

under harsh environmental conditions where the energy investments focus on survival until optimal

conditions return. Once conditions are bene�cial, energy investments can return to ensuring successful

reproduction.

One example of the plastic adaptive nature of lifespan can be observed in Drosophila . Flies derived from

high-latitude populations compared to �ies derived from low-latitude populations display different
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abilities to enter reproductive diapause, or reproductive arrest. Reproductive diapause is bene�cial

at low latitudes which can experience temporary, unfavorable environmental changes, including low

temperatures and shorter photoperiods. Conversely, reproductive diapause is hardly observed in pop-

ulations where the environment is more favorable and constant. There is a trade-off observed when

these populations are tested under alternative conditions. High-latitude populations that are able to

enter the reproductive diapause state display higher �tness than low-latitude populations with low or

no ability to enter the reproductive diapause state under conditions where the �ies are temporarily

exposed to low temperatures or starvation stress. Under non-stressful conditions, the reverse is true:

low-latitude populations outperform high-latitude populations. [164]

These temperatures are relevant to life history because they are representative of the environments

Drosophila may interact with throughout life. It has been previously shown that long-lived �y strains

display increased resistance to thermal stress [119, 137, 153], however, Drosophila have a limit in their ability

to cope to thermal stress. At 30 °C, males are sterile[165] and the overall fertility range, which is largely

dependent on males, is 12 °C to 30°C[166]. Because of this, we chose the stress temperatures 18°C and

28°C to evaluate our candidate genes using RNAi.

From the lifespan GWA analyses, our lab associated 1,326 genes in the AIP and 348 genes in the DGRP.

These are candidate genes for functional validation to further establish causality. Furthermore, the

results from the quantitative genetics analyses and GWA analyses suggest that environmental contexts

affect lifespan and that lifespan is highly plastic, given the pervasive GSI and GEI we observed. Because

of this, we have chosen to functionally validate candidate genes under different contexts (i.e. three

thermal temperatures, separately for each sex). The advantage of the Drosophila system is that we

can easily and cost-effectively functionally assess genes by manipulating gene expression using RNA

Interference (RNAi).

RNAi is a common method used to reduce gene expression in Drosophila . One mechanism of RNAi

includes transcription of a hairpin dsRNA, which induces endogenous pathways for RNA degradation

in an organism that includes activating the RNA-induced silencer complex (RISC) [167]. An advantage
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of using RNAi is that it provides the opportunity to control temporal and spatial gene knockdown [168].

There are several transgenic stock libraries readily available in Drosophila , such as the Vienna Drosophila

Resource Center (VDRC), the Transgenic RNAi Project (TRiP), and the Bloomington Drosophila Stock

Center (BDSC)[169–171]. Here, we used lines from the VDRC. The VDRC provides transgene constructs for

two types of libraries, labeled as GD and KK. GD lines were the �rst lines created, and the GD library

contains over 10,000 genes that represent over 80% of protein coding genes in Drosophila .

Each construct contains a gene-speci�c inverted repeat downstream of a upstream activating sequence

(UAS) promoter. Since these constructs were created using P-element-mediated transposition, they are

integrated randomly into the genome, impacting the innate transcription levels of a gene. Soon after

the establishment of the GD lines, the KK lines were developed for almost 10,000 genes. These lines

were derived using the phiC31-mediated site-speci�c integration, which provides the same insertion

location for all constructs at the attP landing site on Chromosome 2, mitigating gene expression concerns

identi�ed from the GD lines. To activate expression of the VDRC constructs, the UAS transgene is crossed

with an enhancer GAL4driver line. GAL4is a yeast transcription factor which binds to the UAS promoter,

inducing expression of the inverted repeat [169]. This inverted repeat forms a hairpin dsRNA that induces

RISC to form siRNA. Subsequently, the siRNA will bind to the target gene causing a knockdown in

expression.

Here, we assessed the effect of RNAi on lifespan and gene expression of 29 candidate genes by reducing

their expression through whole organism or neuronal-speci�c (i.e. in neurons throughout the nervous

system) RNAi-mediated suppression using the GAL4-UASsystem. The results provide further support

for the context-dependent effects observed in the DGRP GWA lifespan study.
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2.2 Materials and Methods

2.2.1 Drosophila stocks

We used 20 KKUAS-RNAi lines ( bru-3 , CG11828, CG13921, CG42750, CG5028, CG9265, Cht2, Cka, Doa,

E23, Eip75B, Ino80, olf413, NepYr, PGRP-LA, PGRP-LC, Rdl, SKIP, Trim9 , tou)[169], their respective co-

isogenic control stock, y,w1118;P{attP, y+ ,w3} (VIE-260B, Vienna stock 60100), and a weak ubiquitous

GAL4driver ( Ubi156-GAL4)[172] or neuronal-speci�c driver, elav (w1118; P{attP,y+t7.7, w+mC}). We also

used 9 GD lines (beat-VII , CG5790, CG7367, CG8785, Cls, ed, osp, Snoo, Tom40)[169] and their respective

co-isogenic control stock, w1118 (Vienna stock 60000). Genes annotated to be expressed solely in the

head were bru-3, CG42750, Eip75B, olf413, Rdl, SKIP,and Trim9 .[169] All of these lines were chosen

from candidate genes identi�ed in the 25 °C DGRP GWA lifespan experiment. All stocks were routinely

maintained at 25 °C on cornmeal-molasses-agar medium (cornmeal, 65 g / L; molasses, 45 ml/ L; yeast,

13 g/ L) under a 12:12 hour light:dark cycle.

2.2.2 Lifespan Assay

Lifespan at three temperatures Most of the variants identi�ed to be associated with lifespan are

in non-coding regions of candidate genes and are likely regulatory. We used RNAi to assess whether

reducing gene expression for candidate genes affected lifespan, and whether these effects were sex-

and temperature-speci�c. We performed lifespan assays in each of three thermal environments: 18 °C,

25°C, and 28°C for 15 KK UAS-RNAi lines ( bru-3 , CG11828, CG13921, CG42750, CG9265, Cht2, Cka, Doa,

E23, Eip75B, olf413, PGRP-LA, PGRP-LC, Rdl, tou)[169]. We crossed virgin females from the UAS-RNAi

lines to Ubi156-GAL4 males. The controls for these crosses were F 1 offspring from crosses of VIE-260B

virgin females to Ubi156-GAL4 males. To minimize larval density effects, all experimental �ies were

produced for each genotype by allowing 6 males and 6 females to mate and lay eggs for one day for 25 °C

and 28°C and three days for 18 °C. All vials contained 10 ml culture medium. Offspring from these vials
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were collected at 1-3 days post-eclosion for lifespan assays.

Lifespan was assessed for each RNAi line in each temperature using 48 replicate vials per line and

temperature containing 5 ml culture medium. We placed three 1-3 day old males and three 1-3 day

old females in each replicate vial, for a total of 144 �ies / sex/ line / temperature. We transferred the �ies

without anesthesia to new vials containing 5 ml of fresh food and recorded deaths every 1-3 days, until

all �ies were dead.

Lifespan assessed at only at 25°C We performed lifespan assays at 25°C for 3 KK UAS-RNAi lines

(CG5028, Ino80, NepYr) and 9 GD lines ( beat-VII , CG5790, CG7367, CG8785, Cls, ed, osp, Snoo, Tom40)[169].

We crossed virgin females from the UAS-RNAi lines to Ubi156-GAL4 males. The controls for the GD

line crosses were F1 offspring from crosses of w1118 virgin females to Ubi156-GAL4 males. Remaining

protocol was exactly as described above for lifespan at three temperatures.

GD lines are P-element based transgenes with random insertion sites. Insertions are mapped to chro-

mosome, but the speci�c location is not documented. [169] Because of this, GD lines were eliminated

from functional validation at 18 °C and 28°C. KK lines CG5028and Ino80 were eliminated from further

experiments due to predicted off targets. KK line NepYr was removed due to stock contamination. KK

lines share the same insertion site on Chromosome 2 using � C31 integration.

Neuronal-speci�c lifespan at 25°C We performed lifespan assays at 25°C for 4 KK UAS-RNAi lines

(bru-3 , Eip75B, SKIP, Trim9 )[169]. We crossed virgin females from the UAS-RNAi lines to elav-GAL4males.

The controls for these crosses were F 1 offspring from crosses of VIE-260B virgin females to elav-GAL4

males. Remaining protocol was exactly as described above for lifespan at three temperatures.
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2.2.3 Functional Assessment of Candidate Genes

Three temperature Analysis of Variances (ANOVAs) We tested whether 15 candidate genes implicated

from the GWA analyses affected lifespan when gene expression was knocked down using RNAi [169]. We

partitioned variation in lifespan using the mixed model factorial ANOVA:

Y = � + G + S+ T + G� S+ G� T + S� T + G� S� T + Rep(G� T) + S� Rep(G� T) + � , where G is the main

effect of genotype (RNAi or control, �xed), S is the main effect of sex (�xed), T is the main effect of

temperature (�xed) and Repis replicate (random). We also performed reduced analyses by sex ( Y = � +

G + T + G� T + Rep(G� T) + � ) and temperature ( Y = � + G + S+ G� S+ S� Rep(G)+ � ). Analyses were

completed using SAS® University Edition [173]. Visualizations were created using R (Version 3.5.1) [174]

and R Studio (1.1.456)[175].

25°C only ANOVAs We tested whether 12 candidate genes implicated from the GWA analyses affected

lifespan when gene expression was knocked down using RNAi [169]. We partitioned variation in lifespan

using the mixed model factorial ANOVA:

Y = � + G + S+ G� S+ Rep(G)+ S� Rep(G)+ � , where G is the main effect of genotype (RNAi or control,

�xed), S is the main effect of sex (�xed), and Repis replicate (random). We also performed reduced

analyses by sex (Y = � + G + Rep(G)+ � ). Analyses were similar as described above.

Neuronal-speci�c ANOVAs We tested whether 4 candidate genes implicated from the GWA analyses

affected lifespan when gene expression was knocked down using RNAi [169]. We partitioned variation in

lifespan using the mixed model factorial ANOVA:

Y = � + G + S+ G� S+ Rep(G)+ S� Rep(G)+ � , where G is the main effect of genotype (RNAi or control,

�xed), S is the main effect of sex (�xed), and Repis replicate (random). We also performed reduced

analyses by sex (Y = � + G + Rep(G)+ � ). Analyses were similar as described above.
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Brown-Forsythe and Levene's tests We evaluated the extent in which RNAi knockdown of gene expres-

sion affected within-line micro-environmental variance of lifespan. We tested whether RNAi affected

heterogeneity of within-line variance, separately for males and females, using the Brown-Forsythe and

Levene's tests. Both the Brown-Forsythe test and the Levene's test are statistical tests that assess the

equality of group variances, given that ANOVAs are performed with the assumption that samples are

from distributions with equal variance (homogeneity of variance). The Brown-Forsythe and Levene's

test use the median or mean, respectively. Both tests use a transformation of the response variable as zij

= |yij – ȳj |, where yij is the i th individual of the j th line, and ȳj is the median or the mean of the j th line

for the Brown-Forsythe and Levene's test, respectively. Analyses were performed using SAS ® University

Edition [173].

Micro-environmental plasticity We assessed the extent to which environmental variance (i.e., varia-

tion within lines, or micro-environmental plasticity) was under genetic control. We pooled individual

lifespan data from replicate vials 1-24 as “Replicate 1” and vials 25-48 as “Replicate 2” within each

genotype, sex, and environment for the purpose of estimating quantitative genetic parameters for

micro-environmental plasticity. We estimated the between-replicate and within-replicate variances of

lifespan for Replicate 1 and Replicate 2 separately for each line, sex, and environment by �tting the linear

model: Y = � + Rep(G)+ � , where Y is the phenotypic value of the trait, � is the overall mean, Rep(G)is

the replicate, and � is the error. Our estimates of the within line variance, � E
2, include both the between

and within replicate vial variances; both components of variance re�ect the micro-environmental

plasticity. Analyses were completed using SAS ® University Edition [173].

We used ln(� E) as our metric of micro-environmental variation. ln( � E) is correlated with ln( � E
2) and

has previously been used to measure residual variance [176–178]. We partitioned variation in ln( � E) among

lines, temperatures, and sexes using cross-classi�ed mixed effect factorial ANOVAs and their reduced

models exactly as described above for lifespan, except that there were no terms including Rep. Analyses

were completed using SAS® University Edition [173].
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2.2.4 Gene Expression Assessment of Candidate Genes

Assessing gene expression informs the data by providing evidence of how well the RNAi lines worked.

RT-PCR assesses the presence of mRNA, however, it does not provide information on protein levels of the

RNAi. With the ability to quantify the ef�ciency of the RNAi, we can con�rm or provide documentation

of the degree of knockdown. This is important since there is previous documentation of RNAi constructs

having varying degrees of knockdown, including a report that over 90% of lines displaying residual gene

expression of at least 25%[179].

To assess the effectiveness of RNAi, RNA expression levels were evaluated either ubiquitously or in

the head, depending on previous annotations of gene expression. Genes annotated to be expressed

throughout the body were CG9265, Cka, Doa, and E23. Genes annotated to be expressed solely in the

head were bru-3 , CG42750, Eip75B, olf413, Rdl, SKIP, and Trim9 .[169]

UAS-RNAi lines We used 11 KK UAS-RNAi lines ( bru-3 , CG42750, CG9265, Cka, Doa, Eip75B, E23,

olf413, Rdl, SKIP, Trim9 )[169], their respective co-isogenic control stock, y,w1118;P{attP, y+ ,w3} (VIE-260B,

Vienna stock 60100), and a weak ubiquitous GAL4driver ( Ubi156-GAL4) or neuronal-speci�c driver, elav

(w1118; P{attP,y+t7.7, w+mC})[172]. All stocks were routinely maintained at 25 °C on cornmeal-molasses-agar

medium (cornmeal, 65 g / L; molasses, 45 ml/ L; yeast, 13 g/ L) under a 12:12 hour light:dark cycle.

Primer design Primers for each gene were designed using the NCBI tool Primer-BLAST following

the BitesizeBio Guidelines [180]. Product size ranged from 109 bases to 171 bases (Table 2.1). To avoid

ampli�cation of contaminating genomic DNA, primers were designed to span an exon-exon junction.

Because 18S rRNA is ubiquitously expressed at a constant rate throughout most tissues, we chose the

18S small ribosomal subunit, RpS18(CG8900), as our reference gene[181].
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Table 2.1 RT-PCR primers: Reference gene,RpS18.

Name Primer Sequence Product Size

bru-3
Forward ACATCCGCTGCACTTGACTAT

109
Reverse GGGAAAGGCAACTCCTGGAA

CG42750
Forward ACTTCAGTAGGTTCCTCTGGC

171
Reverse CGGTTGCAAATCCAGTTGGG

CG9265
Forward TGATGAGGCTTTGAGGCTGG

124
Reverse GGGTACCCATCTGGCATTCA

Cka
Forward GCCCCAGCGTTCGTCTTAAT

171
Reverse TGGTCCTACGCTATATCCTTTCAC

Doa
Forward CGATCCCAACTGGATGCCTA

150
Reverse CTTTGCTGTAAAGGTCGAGAGT

E23
Forward TTCGTTCGATCTGTCCGTGT

130
Reverse CCGAGTTGTGGCCGATTATTG

Eip75B
Forward ACGATGAACTTTGCGAGCAG

167
Reverse GAAGAATCCATCGGCATCTTCGT

olf413
Forward GCAATTACCCTGGGTGGACT

140
Reverse TGCTCGATACCAAGCGAGTG
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Table 2.1 continued

Name Primer Sequence Product Size

Rdl
Forward TAAATGGAACGAAGGCCCCA

126
Reverse AAACGCGAATAGTTGCCTGTG

SKIP
Forward CTCAACGATCCCAACTCGCT

145
Reverse TCGAGGGCGGTGTTGAGTAT

Trim9
Forward CGAGTGACCAACACGGACAT

154
Reverse TTGGTGTCATGGGTGCTCTC

RpS18
Forward CTGAGAAACGGCTACCACATC

171
Reverse ACCAGACTTGCCCTCCAAT

RT-PCR Total RNA for 10 �ies / sex/ temperature / replicate were extracted with Trizol using the Quick-

RNATM MiniPrep Kit (Zymo Research) and then eluted into 50 � l (females) and 40 � l (males) of water.

We assessed two biological replicates per sample. The concentration and contamination pro�le was

quanti�ed with 2 � l of each sample using NanoDrop. cDNA for 20 � l reactions (1 � g RNA template in

15 � l + 5 � l master mix) was created using iScript TM cDNA Synthesis Kit (Bio-Rad Laboratories, Inc.).

Quality testing for cDNA with genomic DNA contamination was conducted for 20 � l reactions (2 � l

DNA template + 18 � l master mix) through PCR using Apex TM Taq (Genesee Scienti�c) for 30 cycles and

gel electrophoresis (2% agarose gel, 30 minute run). RT-PCR for two 384 well plates was conducted using

Maxima SYBR Green (Thermo Fisher Scienti�c TM ) for 10 � l reactions (2 � l cDNA + 8 � l master mix) for

40 cycles with RpS18(CG8900) as our reference gene[181] and two technical replicates for each sample.

With the quanti�cation cycle, or Cq , values provided by RT-PCR, we calculated the Cq mean, Cq standard

deviation, and Cq Coef�cient of Variation (CV, Cq standard deviation divided by Cq mean) for each

gene/ sex/ temperature. A lower Cq indicates higher initial expression of the gene of interest. Then, we

calculated � Cq , or Cqg e ne � Cq28S, mean � Cq , standard deviation � Cq , and � Cq CV.
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RT-PCR ANOVAs To quantify the magnitude of knockdown relative to the respective controls, we

partitioned variation in � Cq using the mixed model factorial ANOVA:

Y = � + G + S + T + G� S + G� T + S� T + G� S� T + BioRep(G� S� T) + TechRep(BioRep)+ � , where

G is the main effect of genotype (RNAi or control, �xed), S is the main effect of sex (�xed), T is the

main effect of temperature (�xed), BioRep is biological replicate (random), and TechRepis technical

replicate (random). We also performed reduced analyses by sex ( Y = � + G + T + G� T + BioRep(G� T) +

TechRep(BioRep)+ � ), temperature ( Y = � + G + S+ G� S+ BioRep(G� S)+ TechRep(BioRep)+ � ), and sex

by temperature ( Y = � + G + BioRep(G)+ TechRep(BioRep)+ � ). Analyses were completed using SAS®

University Edition [173]. Visualizations were created using R (Version 3.5.1) [174] and R Studio (1.1.456)[175].

2.3 Results

2.3.1 Functional Assessment of Candidate Genes

RNAi lifespan at three temperatures RNAi experiments were performed to knock down expression of

15 candidate genes implicated by the 25 °C DGRP GWA analysis. These RNAi knockdowns were created

using gene constructs in the KK background (VIE-260B). KK lines share the same insertion site on

Chromosome 2 using � C31 integration [169]. We evaluated lifespan for each of the 15 RNAi lines at 18 °C,

25°C, and 28°C. Control lifespan means range from 40 days (52 days) for females (males) at 28 °C to 135

days (140 days) for females (males) at 18°C (Figure 2.2 , Table 2.3).

For 18°C females, nine genes (bru-3 , CG11828, CG42750, CG9265, Cht2, Cka, E23, olf413, PGRP-LC) had

decreased lifespan compared to the control. One gene ( Eip75B) had increased lifespan compared to the

control. Five genes were not signi�cant ( CG13921, Doa, PGRP-LA, Rdl, tou, Table 2.2). For 18°C males, 8

genes (bru-3 , CG11828, CG42750, Cht2, Cka, E23, PGRP-LC, tou) had decreased lifespan compared to

the control. Two genes ( Doa, Eip75B) had increased lifespan compared to the control. Five genes were

not signi�cant ( CG13921, CG9265, olf413, PGRP-LA, Rdl, Table 2.2). Between sexes, there is an overlap
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of 7 (70%) decreased genes, 1 (50%) increased gene, and 3 (43%) insigni�cant genes.

For 25°C females, one gene (CG42750) had decreased lifespan compared to the control. Five genes

(Cht2, E23, olf413, PGRP-LA, Rdl) had increased lifespan compared to the control. Nine genes were

not signi�cant ( bru-3 , CG11828, CG13921, CG9265, Cka, Doa, Eip75B, PGRP-LC, tou, Table 2.2). For

25°C males, zero genes had decreased lifespan compared to the control. Seven genes ( CG13921, Cht2,

E23, Eip75B, PGRP-LA, Rdl, tou) had increased lifespan compared to the control. Eight genes were not

signi�cant ( bru-3 , CG11828, CG42750, CG9265, Cka, Doa, olf413, PGRP-LC, Table 2.2). Between sexes,

there is an overlap of 0 decreased genes, 4 (50%) increased genes, and 6 (55%) insigni�cant genes.

For 28°C females, two genes (olf413, PGRP-LC) had decreased lifespan compared to the control. Four

genes (CG11828, Cka, Eip75B, Rdl) had increased lifespan compared to the control. Nine genes were

not signi�cant ( bru-3 , CG13921, CG42750, CG9265, Cht2, Doa, E23, PGRP-LA, tou, Table 2.2). For 28°C

males, ten genes (CG11828, CG9265, Cht2, Cka, Doa, E23, olf413, PGRP-LA, PGRP-LC, tou) had decreased

lifespan compared to the control. Zero genes increased compared to the control. Five genes were not

signi�cant ( bru-3 , CG13921, CG42750, Eip75B, Rdl, Table 2.2). Between sexes, there is an overlap of 2

(20%) decreased genes, 0 increased genes, and 3 (27%) insigni�cant genes.

We used ANOVA to partition the variation in lifespan between the main effects of genotype (RNAi,

Control), thermal environments (18 °C, 25°C, 28°C), and sex (female, male), and the two-and three-

way interactions ( Table A.1, Figure 2.2 ). All candidate genes tested had signi�cant effects on lifespan

in at least one sex and environment; all except CG13921had signi�cant temperature by genotype

interactions; 13 of the candidate genes had signi�cant sex by genotype interactions; and for eight of

the candidate genes, the magnitude of the difference between the sexes between the control and RNAi

genotype was different at different temperatures (i.e., the temperature by sex by genotype interaction

was signi�cant) ( Table A.1). Among the genes with signi�cant genotype by temperature interactions, six

had environment-speci�c effects while eight had opposite effects in at least two environments. Only

two of the genes with genotype by sex effects had opposite effects in males and females; the others

had sex-speci�c effects. The signi�cant effects of RNAi knock down of gene expression at 25 °C lead to

46



increased lifespan relative to the co-isogenic control in all but one instance, suggesting that reduction

in gene expression is not unconditionally deleterious at this temperature. In contrast, RNAi mostly led

to decreased lifespan at 18°C and 28°C, with a few exceptions ( Doa males and Eip75B males and females

at 18°C;CG11828, Cka, Eip75B and Rdl females at 28°C) (Table A.1, Figure 2.2 ).

Nine candidate genes ( bru-3, CG11828, CG13921, Cht-2, Doa, Eip75B, PGRP-LA, PGRP-LC, Rdl) were

implicated in the DGRP GWA and Carnes et al. studies[182]; eight (bru-3, CG42750, Doa, E23, Eip75B,

olf413, Rdl, tou ) were identi�ed across several DGRP GWA lifespan analyses; and two ( CG9265, Cka)

were identi�ed only in the 25 °C analysis of the lifespan difference between males and females in the

DGRP.

Table 2.2 Three temperature RNAi ANOVAs. Signi�cance: P > 0.05 (gray), 0.01< P < 0.05 (green), 0.001< P <
0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red).
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Figure 2.2 RNAi knockdown results for a) control mean lifespan, b) 18°C deviation from control, c) 25°C deviation from control, and d) 28°C
deviation from control. Gray (White) indicates female (male). P value signi�cance: 0.01 < P < 0.05 (green), 0.001< P < 0.01 (yellow), 0.0001 <
P < 0.001 (orange), and < 0.001 (red).
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Table 2.3 Three Temperature RNAi Summary Statistics: Temperature ( °C), Overall Mean (Days, combined
sexes), Mean (Days), Deviation from Control (Days, gene mean - control mean), and Proportion (gene mean
divided by control mean).

Gene Temperature Overall Mean Sex Mean Deviation Proportion

bru-3

18 121.44
Female 124.5 -10.94 0.92

Male 118.17 -22.69 0.84

25 53.43
Female 53.57 -2.29 0.96

Male 53.3 0.49 1.01

28 45.32
Female 41.38 0.56 1.01

Male 49.53 -2.57 0.95

CG11828

18 121.98
Female 118.86 -16.58 0.88

Male 125.4 -15.46 0.89

25 56.05
Female 58.5 2.65 1.05

Male 53.26 0.45 1.01

28 45.96
Female 44.94 4.12 1.1

Male 46.98 -5.12 0.9

CG13921

18 135.47
Female 133.2 -2.23 0.98

Male 137.93 -2.93 0.98

25 57.21
Female 52.94 -2.91 0.95

Male 61.73 8.91 1.17

28 44.62
Female 37.37 -3.44 0.92

Male 51.68 -0.42 0.99
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Table 2.3 continued

Gene Temperature Overall Mean Sex Mean Deviation Proportion

CG42750

18 120.57
Female 115.02 -20.41 0.85

Male 126.23 -14.63 0.9

25 51.8
Female 48.44 -7.41 0.87

Male 55.28 2.47 1.05

28 46.77
Female 40.77 -0.05 1

Male 53.52 1.43 1.03

CG9265

18 129.04
Female 125.15 -10.28 0.92

Male 133.04 -7.83 0.94

25 56.73
Female 61.02 5.16 1.09

Male 52.26 -0.55 0.99

28 41.83
Female 42.57 1.75 1.04

Male 41.03 -11.06 0.79

Cht2

18 121.57
Female 115.95 -19.48 0.86

Male 127.03 -13.84 0.9

25 63.03
Female 65.29 9.43 1.17

Male 60.64 7.83 1.15

28 39.75
Female 36.92 -3.9 0.9

Male 42.73 -9.36 0.82
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Table 2.3 continued

Gene Temperature Overall Mean Sex Mean Deviation Proportion

Cka

18 125.39
Female 123.69 -11.75 0.91

Male 127.15 -13.72 0.9

25 57.64
Female 58.99 3.14 1.06

Male 56.17 3.36 1.06

28 45.13
Female 47.9 7.09 1.17

Male 42.25 -9.84 0.81

Control

18 138.18
Female 135.43 0 1

Male 140.86 0 1

25 54.38
Female 55.86 0 1

Male 52.81 0 1

28 46.58
Female 40.82 0 1

Male 52.1 0 1

Doa

18 150.77
Female 140.08 4.64 1.03

Male 161.17 20.3 1.14

25 60.38
Female 61.66 5.81 1.1

Male 58.91 6.1 1.12

28 39.39
Female 39.56 -1.26 0.97

Male 39.21 -12.89 0.75
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Table 2.3 continued

Gene Temperature Overall Mean Sex Mean Deviation Proportion

E23

18 121.15
Female 120 -15.43 0.89

Male 122.27 -18.59 0.87

25 66.44
Female 67.38 11.53 1.21

Male 65.5 12.69 1.24

28 44.9
Female 43.91 3.1 1.08

Male 45.91 -6.19 0.88

Eip75B

18 156.18
Female 158.58 23.15 1.17

Male 153.78 12.91 1.09

25 59.09
Female 56.85 1 1.02

Male 61.28 8.47 1.16

28 48.68
Female 47.59 6.77 1.17

Male 49.98 -2.12 0.96

olf413

18 121.26
Female 114.6 -20.83 0.85

Male 128.51 -12.35 0.91

25 60.76
Female 62.98 7.13 1.13

Male 58.37 5.56 1.11

28 31.5
Female 32.61 -8.2 0.8

Male 30.13 -21.97 0.58
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Table 2.3 continued

Gene Temperature Overall Mean Sex Mean Deviation Proportion

PGRP-LA

18 133.54
Female 128.76 -6.68 0.95

Male 138.72 -2.14 0.98

25 65.08
Female 65.66 9.81 1.18

Male 64.48 11.67 1.22

28 41.91
Female 43.02 2.2 1.05

Male 40.73 -11.37 0.78

PGRP-LC

18 122.37
Female 116.03 -19.4 0.86

Male 128.84 -12.03 0.91

25 53.8
Female 51.22 -4.64 0.92

Male 56.41 3.6 1.07

28 31.74
Female 32.3 -8.52 0.79

Male 31.16 -20.94 0.6

Rdl

18 137.4
Female 139.29 3.86 1.03

Male 135.51 -5.36 0.96

25 67.27
Female 65.14 9.28 1.17

Male 69.68 16.87 1.32

28 50.5
Female 47.77 6.96 1.17

Male 53.16 1.07 1.02
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Table 2.3 continued

Gene Temperature Overall Mean Sex Mean Deviation Proportion

tou

18 128.36
Female 129.76 -5.68 0.96

Male 126.79 -14.08 0.9

25 55.83
Female 51.47 -4.38 0.92

Male 60.15 7.34 1.14

28 41.54
Female 38.25 -2.57 0.94

Male 44.94 -7.15 0.86

RNAi lifespan assessed at only at 25°C RNAi experiments were performed to knock down expression

of 12 candidate genes implicated by the 25 °C DGRP GWA analysis. These differ from those reported

at three temperatures. Most of these RNAi knockdowns – except CG5028, Ino80, and NepYr, which are

created in the KK background – were created using gene constructs in the GD background ( w1118). KK

lines share the same insertion site on Chromosome 2 using � C31 integration. GD lines are P-element

based transgenes with random insertion sites. Insertions are mapped to chromosome, but the speci�c

location is not documented. [169] Because of this, GD lines were eliminated from functional validation at

18°C and 28°C. Further, KK lines CG5028and Ino80 were eliminated from further experiments due to

predicted off targets. KK line NepYr was removed due to stock contamination.

Control lifespan means range from 39 days (46 days) for Tom40 Control females (GD Control males) to

56 days (54 days) for KK Control females (Tom40 GD Control males) (Figure 2.3 , Table 2.5). Tom40 was

assessed separately from other experiments. Hence, there is a separate GD Control .

For females, three genes (CG5790, Cls, Tom40) had decreased lifespan compared to the control. Four

genes (beat-VII , CG5028, ed, Ino80) had increased lifespan compared to the control. Five genes were not

signi�cant ( CG7367, CG8785, NepYr osp, Snoo). (Table 2.4) For males, one gene (Tom40) had decreased

lifespan compared to the control. Eight genes ( beat-VII , CG5028, CG5790, CG8785, Cls, Ino80, NepYr,
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osp) had increased lifespan compared to the control. Three genes were not signi�cant ( CG7367, ed,

Snoo). (Table 2.4) Between sexes, there is an overlap of 1 (33%) decreased gene, 3 (33%) increased genes,

and 2 (33%) insigni�cant genes.

We used ANOVA to partition the variation in lifespan between the main effects of genotype (RNAi,

Control), sex (female, male), and the two-way interactions ( Table A.6, Figure 2.3 ). Ten candidate genes

tested had signi�cant effects on lifespan in at least one sex; and 5 of the candidate genes had signi�cant

sex by genotype interactions ( Table A.6). Two of the genes with genotype by sex effects had opposite

effects in males and females; the others had sex-speci�c effects. The signi�cant effects of RNAi knock

down of gene expression at 25 °C lead to increased lifespan relative to the co-isogenic control in nine

instances (75%), suggesting that reduction in gene expression is not completely deleterious ( Table A.6,

Figure 2.3 ). Eight candidate genes ( beat-VII , CG5028, CG5790, CG8785, Cls, Ino80, NepYr, osp) were

implicated in the DGRP GWA and Carnes et al. studies[182].

Table 2.4 Remaining 25°C RNAi ANOVAs. Signi�cance: P > 0.05 (gray), 0.01< P < 0.05 (green), 0.001< P < 0.01
(yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red).
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Figure 2.3 Remaining RNAi knockdown results for a) control mean lifespan and b) 25°C deviation from control. Gray (White) indicates
female (male). P value signi�cance: 0.01 < P < 0.05 (green), 0.001< P < 0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red). Note:
Tom40 has separate GD Control.
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Table 2.5 Remaining 25 °C RNAi Summary Statistics: Temperature ( °C), Overall Mean (Days, combined sexes),
Mean (Days), Deviation from Control (Days, gene mean - control mean), and Proportion (gene mean divided
by control mean).

Gene Temperature Overall Mean Sex Mean Deviation Proportion

beat-VII 25 54.31
Female 52.14 5.38 1.12

Male 56.48 10.00 1.22

CG5028 25 60.45
Female 62.29 6.51 1.12

Male 58.61 6.26 1.12

CG5790 25 42.11
Female 29.86 -16.90 0.64

Male 54.36 7.88 1.17

CG7367 25 48.37
Female 48.11 1.35 1.03

Male 48.63 2.16 1.05

CG8785 25 55.84
Female 50.29 3.53 1.08

Male 61.39 14.91 1.32

Control (GD) 25 46.62
Female 46.76 0 1

Male 46.48 0 1

Control (KK) 25 54.07
Female 55.78 0 1

Male 52.36 0 1

Control (Tom40) 25 46.61
Female 39.25 0 1

Male 53.97 0 1

Cls 25 49.71
Female 37.26 -9.50 0.80

Male 62.17 15.69 1.34

ed 25 53.22
Female 53.92 7.16 1.15

Male 52.51 6.03 1.13
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Table 2.5 continued

Gene Temperature Overall Mean Sex Mean Deviation Proportion

Ino80 25 62.33
Female 63.82 8.03 1.14

Male 60.85 8.49 1.16

NepYr 25 63.78
Female 59.72 3.94 1.07

Male 67.83 15.47 1.30

osp 25 52.25
Female 43.30 -3.46 0.93

Male 61.20 14.72 1.32

Snoo 25 47.00
Female 43.61 -3.15 0.93

Male 50.39 3.91 1.08

Tom40 25 6.45
Female 6.86 -32.39 0.17

Male 6.04 -47.93 0.11

Neuronal-speci�c RNAi lifespan at 25°C Neuronal-speci�c RNAi experiments were performed to

knock down expression of 4 candidate genes in all neurons that were implicated by the 25 °C DGRP GWA

analysis. Control lifespan means range from 56 days in females to 68 days in males ( Figure 2.4 , Table

2.7).

For females, one gene (Trim9 ) had decreased lifespan compared to the control. Zero genes had increased

lifespan compared to the control. Three genes were not signi�cant ( bru-3 , Eip75B, SKIP). (Table 2.6)

For males, three genes (bru-3 , Eip75B, SKIP) had decreased lifespan compared to the control. Zero

genes had increased lifespan compared to the control. One genes was not signi�cant ( Trim9 ). (Table

2.6) Between sexes, there is no overlap.

We used ANOVA to partition the variation in lifespan between the main effects of genotype (RNAi,

Control), sex (female, male), and the two-way interactions ( Table A.4, Figure 2.4 ). All candidate genes

tested had signi�cant effects on lifespan in at least one sex, and 3 of the candidate genes had signi�cant
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sex by genotype interactions ( Table A.4). Each of the genes with genotype by sex effects had sex-speci�c

effects. The signi�cant effects of RNAi knock down of neuronal-speci�c gene expression lead to sex-

speci�c decreased lifespan relative to the co-isogenic control in all instances. ( Table A.4, Figure 2.4 ).

Two candidate genes ( bru-3, Eip75B) were implicated in the DGRP GWA and Carnes et al. studies[182].

Table 2.6 Neuronal-speci�c RNAi ANOVAs. Signi�cance: P > 0.05 (gray), 0.01< P < 0.05 (green), 0.001< P <
0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red).
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Table 2.7 Neuronal-speci�c RNAi Summary Statistics: Temperature ( °C), Overall Mean (Days, combined sexes),
Mean (Days), Deviation from Control (Days, gene mean - control mean), and Proportion (gene mean divided
by control mean).

Gene Temperature Overall Mean Sex Mean Deviation Proportion

bru-3 25 56.65
Female 55.1 -0.52 0.99

Male 58.20 -9.94 0.85

KK Control 25 61.88
Female 55.62 0 1

Male 68.13 0 1

Eip75B 25 57.94
Female 56.07 0.44 1.00

Male 59.81 -8.33 0.88

SKIP 25 55.93
Female 56.39 0.76 1.01

Male 55.47 -12.66 0.81

Trim9 25 58.31
Female 51.51 -4.11 0.93

Male 65.11 -3.03 0.96
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Figure 2.4 Neuronal-speci�c RNAi knockdown results for a) control mean lifespan and b) Neuronal-speci�c RNAi deviation from control.
Gray (White) indicates female (male). Signi�cance: 0.01 < P < 0.05 (green), 0.001< P < 0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001
(red).
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Micro-environmental plasticity at three temperatures We assessed equality of variances. Our goal

was to identify whether or not variances are heterogeneous. Heterogeneous variances are indicators

that the phenotypic variability, or micro-environmental plasticity, is under genetic control. This can be

inferred from our experiments since the RNAi knock downs are genetically identical [183].

We evaluated how RNAi knockdown of gene expression affected within-genotype micro-environmental

variance of lifespan. For females at 18 °C, 11 genes (bru-3 , CG11828, CG13921, CG42750, Cht2, Doa,

E23, Eip75B, olf413, PGRP-LC, tou; 73%) displayed micro-environmental variances. For males, 1 gene

(Eip75B; 6.6%) displayed micro-environmental variance. For females at 25 °C, 6 genes (CG13921, Cht2,

E23, olf413, PGRP-LA, Rdl; 40%) displayed micro-environmental variances. For males, 7 genes ( Cht2,

Cka, E23, olf413, PGRP-LA, Rdl, tou; 47%) displayed micro-environmental variances. For females at

28°C, 4 genes (CG13921, Eip75B, olf413, Rdl; 27%) displayed micro-environmental variances. For males,

6 genes (CG9265, E23, olf413, PGRP-LA, PGRP-LC, Rdl; 40%) displayed micro-environmental variances.

(Table 2.8, Figure 2.6 , Table A.1)

A total of 12 of the candidate genes exhibited differences in within-genotype variance compared to

the control in at least one sex and temperature, based on Levene and Brown-Forsythe tests of variance

heterogeneity ( Table 2.8, Figure 2.6 ). In addition, we performed mixed model ANOVAs to evaluate the

extent in which sex- and temperature-speci�c effects contribute to within-line variability for lifespan,

parameterized as ln � e , between the RNAi lines and their co-isogenic controls. We observed extensive

context-dependent effects ( Table A.1).

Micro-environmental plasticity for genes assessed at 25°C For females, 6 genes (CG5790, CG8785,

Cls, Ino80, NepYr, Tom40; 50%) displayed micro-environmental variances. For males, 8 genes ( beat-VII ,

CG8785, Cls, ed, Ino80, osp, Snoo, Tom40; 67%) displayed micro-environmental variances. ( Table 2.9,

(Figure 2.7 , Table A.4)

A total of 9 of the candidate genes exhibited differences in within-genotype variance compared to

the control in at least one sex, based on Levene and Brown-Forsythe tests of variance heterogeneity
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Table 2.8 Three temperature Levene's and Brown-Forsythe tests. Signi�cance: P > 0.05 (gray), 0.01< P < 0.05
(green), 0.001< P < 0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red).

(Table 2.9, Figure 2.7 ). In addition, we performed mixed model ANOVAs to evaluate the extent in which

sex-speci�c effects contribute to within-line variability for lifespan, parameterized as ln � e , between

the RNAi lines and their co-isogenic controls. We observed extensive context-dependent effects ( Table

A.4).

Table 2.9 Levene's Brown-Forsythe tests for genes at 25 °C. Signi�cance: P > 0.05 (gray), 0.01< P < 0.05 (green),
0.001< P < 0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red).

Micro-environmental plasticity for neuronal-speci�c genes For females, 1 gene (SKIP; 25%) dis-

played micro-environmental variance. For males, none of the genes displayed micro-environmental

variances. (Table 2.10, Figure 2.5 , Table A.6)

Only one of the candidate gene ( SKIP) exhibited differences in within-genotype variance compared to

the control in females, based on Levene and Brown-Forsythe tests of variance heterogeneity ( Table 2.9,

Figure 2.7 ). We also performed mixed model ANOVAs to evaluate the extent in which sex-speci�c effects

contribute to within-line variability for lifespan, or ln � e , between the RNAi lines and their co-isogenic
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controls. We again observed extensive context-dependent effects ( Table A.4).

Table 2.10 Neuronal-speci�c Levene's and Brown-Forsythe tests. Signi�cance: P > 0.05 (gray), 0.01< P < 0.05
(green), 0.001< P < 0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red).

Figure 2.5 Micro-environmental variance for neuronal-speci�c genes. Signi�cance: 0.01 < P < 0.05 (green),
0.001< P < 0.01 (yellow), 0.0001 < P < 0.001 (orange), and < 0.001 (red).
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