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Abstract

In most organisms, dietary restriction (DR) increases lifespan. However, several studies
have found that genotypes within the same species vary widely in how they respond to DR.
To explore the mechanisms underlying this variation, we exposed 178 inbred Drosophila
melanogasterlines to a DR or ad libitum (AL) diet, and measured a panel of 105 metabolites
under both diets. Twenty four out of 105 metabolites were associated with the magnitude of
the lifespan response. These included proteinogenic amino acids and metabolites involved
in a-ketoglutarate (a-KG)/glutamine metabolism. We confirm the role of a-KG/glutamine
synthesis pathways in the DR response through genetic manipulations. We used covariance
network analysis to investigate diet-dependent interactions between metabolites, identifying
the essential amino acids threonine and arginine as “hub” metabolites in the DR response.
Finally, we employ a novel metabolic and genetic bipartite network analysis to reveal multi-
ple genes that influence DR lifespan response, some of which have not previously been
implicated in DR regulation. One of these is CCHaZ2R, a gene that encodes a neuropeptide
receptor that influences satiety response and insulin signaling. Across the lines, variation in
an intronic single nucleotide variant of CCHaZ2R correlated with variation in levels of five
metabolites, all of which in turn were correlated with DR lifespan response. Inhibition of
adult CCHaZ2R expression extended DR lifespan of flies, confirming the role of CCHa2R in
lifespan response. These results provide support for the power of combined genomic and
metabolomic analysis to identify key pathways underlying variation in this complex quantita-
tive trait.
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Author summary

Dietary restriction extends lifespan across most organisms in which it has been tested.
However, several studies have now demonstrated that this effect can vary dramatically
across different genotypes within a population. Within a population, dietary restriction
might be beneficial for some, yet detrimental for others. Here, we measure the metabo-
lome of 178 genetically characterized fly strains on fully fed and restricted diets. The fly
strains vary widely in their lifespan response to dietary restriction. We then use informa-
tion about each strain’s genome and metabolome (a measure of small molecules circulat-
ing in flies) to pinpoint cellular pathways that govern this variation in response. We
identify a novel pathway involving the gene CCHa2R, which encodes a neuropeptide
receptor that has not previously been implicated in dietary restriction or age-related sig-
naling pathways. This study demonstrates the power of leveraging systems biology and
network biology methods to understand how and why different individuals vary in their
response to health and lifespan-extending interventions.

Introduction

No two individuals age in exactly the same way [1, 2]. Variation in aging, as with all complex
traits, is determined by contributions from variation in genes, the environment, and the inter-
action between the two. Similarly, an individual’s response to interventions that slow aging is
likely to be equally as complex.

Among these interventions, dietary restriction (DR) has been shown to extend lifespan in
almost all model organisms in which it has been tested [3]. However, despite this high level of
conservation across species [4], several studies suggest that the DR response might be far from
universal. For example, Harper et al. [5] found no effect of DR on mean longevity in grand-oft-
spring of wild-caught mice. Additionally, results from studies in three different species reveal
extensive within-species variation in the DR response [6-10]. Liao et al. [6] showed that fewer
than half of 41 recombinant inbred mouse strains on DR showed a lifespan increase. Several
years later, a study of 166 single-gene deletion yeast strains found variation in the DR response,
ranging from a 79% reduction to a 103% increase in lifespan [7]. In 2017, Stanley et al. [9] mea-
sured lifespan for 80 recombinant inbred Drosophila melanogaster lines on control and DR
diets and found highly significant diet-by-genotype interaction for median life span. Most
recently, Wilson et al. [10] showed that of 161 naturally-derived inbred lines of D. melanoga-
ster, 71% showed a DR-mediated lifespan extension, while the rest showed either a non-signifi-
cant lifespan response or reduced lifespan under DR ([10], Fig 1A and S1A Fig). In light of this
considerable variation, to fully understand the factors that determine the response to DR, we
need to understand not only the mechanisms underlying DR itself, but also the mechanisms
that influence variation in the DR response within a population.

To better understand why some individuals respond to DR while others do not, we employ
a systems biology approach, focusing on the influence of two distinct biological domains—the
genome and the metabolome. Given that DR dramatically changes the metabolic state of an
organism, metabolomic profiling has become an invaluable tool for investigating the mecha-
nisms underlying DR and aging [11-13]. The metabolome, which includes all low-molecular
weight molecules within a biological system, plays a crucial role in the biology of aging [14].
Examples include the role of specific amino acids like tryptophan or methionine in DR [15,
16], of polyamines in age-related decline in circadian periodicity [17], and of a-ketoglutarate
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Fig 1. Variation in DR-mediated lifespan extension across the DGRP. (A) Variation in DR-AL lifespan measured across 161 DGRP lines plotted in ascending
order. Each point represents a fly line. Statistical significance was determined using 5% FDR adjusted P value from Student’s t-tests. Error bars represent 95%
confidence interval from t-test. (B) Relationship between change in lifespan and relative change in lifespan (rLS). The two lifespan traits are significantly correlated.

https://doi.org/10.1371/journal.pgen.1008835.9001

(0-KG) and its derivatives in TOR signaling and epigenetic regulation [18, 19]. High-through-
put, high-resolution metabolomic profiling methods allow us to capture a snapshot of the cir-
culating products and intermediates of cellular metabolism within a tissue or organism. This
ability has proven invaluable for understanding the mechanisms underlying complex traits for
many reasons. First, although feedback mechanisms likely exist between all domains within a
biological system, the metabolome is generally thought to be downstream of transcriptional
and translational regulation. Second, the metabolome is highly influenced by, and therefore
integrates information from, both the genome and environment [11, 20]. As a result, the meta-
bolome may explain a greater proportion of phenotypic variation within a population than
genomic, transcriptomic, or proteomic profiling alone. This is critical, as many genome-wide
studies of complex traits explain only a fraction of the phenotypic variation [21]. Third, metab-
olites are involved in all biological processes within the cell, and as such, metabolomic studies
can help bridge the gap between genotype and phenotype [20, 22] [23-26]. As researchers
learn more about the intricacies of the various cellular mechanisms that govern aging, systems
biology approaches such as these are essential for revealing mechanisms that underlie these
complex phenotypes.

Our group previously showed that DR slows age-related changes in the metabolome and
dramatically alters metabolic network structure in a single, wildtype strain of Drosophila [11].
However, this work did not consider the extent to which the response to DR varies among
genotypes. Here, we explore the metabolic signatures from different fly strains that vary widely
in their response to DR by profiling the metabolome in 178 inbred fly lines from the Drosoph-
ila Genetic Reference Panel (DGRP), a set of inbred, fully sequenced strains of Drosophila
derived from a wild population [27, 28]. The DGRP has been successfully used to profile and
genetically map complex quantitative traits including longevity [29], oxidative stress resistance
[30], microbiota composition [31], and many others [32].

Here, building on a prior analysis of lifespan measurements collected by Wilson et al. [10],
we extend this with metabolomic profiling of flies from the same experiment. Taken together,
this is the largest Drosophila study we know of to leverage both the metabolome and genome
of a large number of genotypes of the same species to study lifespan response to DR. Specifi-
cally, we show that i) DR dramatically remodels the metabolome in consistent ways across 178
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different genotypes; ii) several individual metabolites correlate with lifespan response, includ-
ing amino acids and metabolites involved in 0-KG/glutamine metabolism; iii) differential net-
work analysis reveals that metabolite network structure varies with diet and reveals ‘hub’
metabolites that gain or lose multiple network connections in a diet-specific manner; iv) net-
work analysis of genome-wide association tests reveals candidate gene-to-metabolite-to-phe-
notype pathways that might underlie the DR response; and v) down-regulation of three of the
genes identified from this analysis alters lifespan response, including a neuronal effect of
CCHaZ2R, a gene that encodes a neuropeptide receptor thought to be involved in nutrient sens-
ing and satiety response.

Results
Diet specific changes in the metabolome

Targeted metabolomic profiling was performed on 178 DGRP lines for each diet condition.
The flies used for metabolomics were collected from the same cohort of flies used for lifespan
measurements. The lifespan measurements across the DGRP on AL and DR were first pre-
sented and discussed in Wilson et al. [10], while the metabolomic data are novel to this study.

After quality filtering (see Methods), 105 metabolites were included in downstream statisti-
cal analysis. With this dataset, our goal was to identify biologically meaningful relationships
that might exist between diet, lifespan response, the genome, and the metabolome.

To begin, we summarize the effect of DR on the metabolome across the DGRP lines using
principal component analysis (PCA). The first principle component (PC) explained 69% of the
variation across the entire metabolome, and cleanly separated samples by diet, revealing that
DR has an extremely strong effect on the fly metabolome (S2A Fig).

To determine which metabolites were affected by diet, difference in mean abundance (DR-
AL) was calculated for each metabolite across all the lines. Since this calculation was performed
on log-normalized and scaled data (see Methods), we interpret the resulting difference as a rel-
ative change in abundance (i.e., log(DR)-log(AL) = log(DR/AL)). As determined from paired
t-tests, almost all measured metabolites showed a highly significant response to diet (S2B Fig,
Table A in S1 Table). These results are consistent with previous studies demonstrating a sub-
stantial remodeling of the fly metabolome under DR [11].

The effect of DR on lifespan in the DGRP

There is considerable variation in lifespan response as a result of DR across the DGRP (S1A
Fig, [10]). As expected, we also observed a wide range of variation across the DGRP in the dif-
ference in lifespan between diets (DR-AL) (Fig 1A). Change in mean lifespan varied among
lines from 18 days shorter to 27 days longer in response to DR. Of the 161 DGRP lines that
have lifespan measurements, 114 lines (70.8%) lived longer, 30 lines (18.6%) did not show any
significant change in lifespan, and 17 (10.5% lines) lived shorter as a result of DR (Fig 1A,
[10]).

The primary goal of this study is to investigate the lifespan response to DR across the
DGRP. The difference between DR and AL lifespan is one measure of this response. However,
this difference value is correlated with AL lifespan (S1C Fig), which means that any significant
associations that we find with the difference in lifespans might actually be due to a relationship
with AL lifespan. To remove potentially confounding effects of AL lifespan on the DR
response, we derive another lifespan response trait that we call the relative change in lifespan
(rLS; see Methods). rLS is highly correlated with the difference in lifespans (Fig 1B), but not
with AL lifespan (S1D Fig). For the remainder of this study, we will use rLS as our primary life-
span response phenotype.
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Metabolites are significantly correlated with lifespan response

To determine which metabolites are correlated with lifespan traits (mean lifespan and rLS), we
used a simple linear regression to model lifespan phenotypes as a function of each metabolite
measured under either diet:

Lifespan trait = o + - metabolite,; + € (1)

or

Lifespan trait = o 4 3 - metabolite,, + € (2)

Looking first for metabolites associated with mean lifespan, we found that 10 metabolites
measured under DR were correlated with mean DR lifespan (with a false discovery rate (FDR)
=0.01) (Fig 2A, Table B in S1 Table). Notably, no metabolites measured under AL were found
to be correlated with mean AL lifespan (Fig 2A; Table C in S1 Table), though 8 metabolites
measured under AL were correlated with DR lifespan (Table C in S1 Table).

We next identified metabolites that were correlated with rLS. Out of a total of 105 measured
metabolites, 24 were associated with rLS after FDR correction (Fig 2B, Table B and Cin S1
Table). Thirteen metabolites are associated with rLS under both conditions (top right quadrant
in Fig 2B), while 10 were only significant when measured under AL (bottom right quadrant in
Fig 2B), and only threonine was significant under DR (top left quadrant in Fig 2B).

Next, we asked if the change in metabolite abundance was predictive of lifespan response.
To do this, we modeled rLS as a function of change in metabolite level (Amz; = mzpg ;—mza ;
for metabolite 7). Of 105 metabolites, the change in abundance of 4 metabolites—2-phosphoe-
nolpyrivic acid (PEP), 2-phosphoglyceric acid, threonine, and arginine—was associated with
rLS (Fig 2C, Table D in S1 Table).

Diet-dependent changes in metabolite networks

Having identified metabolites associated with lifespan and its response to DR across genotypes,
we wanted to investigate the relationship between these metabolites and the broader metabo-
lome measured here, and more specifically, to determine how those relationships change
between diets. To capture this, we measured covariance among all metabolites and performed
differential network analysis to investigate interactions between metabolites across diets (Fig
3A). We grouped interactions into three categories: 1) metabolite-metabolite interactions that
are significantly greater (as measured by correlation coefficient p; see Methods) under AL than
DR (red edges in Fig 3A; Fig 3B); 2) interactions that are significantly greater under DR than
AL (blue edges in Fig 3A; Fig 3C); and 3) interactions that are strongly significant under both
conditions (yellow edges in Fig 3A; Fig 3D). We focus solely on positive correlations because
there were no significant negative correlations between metabolites in the network.

Some metabolites gain or lose many interactions under one diet in comparison with the
other. Of these, the most striking example is arginine, which gains 14 edges under AL (Fig 3E
and right asterisk in Fig 3A). Such metabolites may represent ‘hubs’ in the metabolome net-
work. Hubs are also found under DR conditions, with threonine gaining seven edges (Fig 3F
and left asterisk in Fig 3A). Three features of this metabolome network stand out to us. First,
the two hub metabolites threonine and arginine are among the top hits for Amzs associated
with rLS (Fig 2C). Second, many of the edges that these hub metabolites gain or lose across
diets are shared with other amino acids (Fig 3A). Last, this network includes many of the
essential amino acids, most of which are all correlated to one another under both AL and DR
(boxed metabolites in Fig 3A). The essential amino acids in Drosophila include arginine and
the nine essential amino acids in humans [33].
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Manipulation of a-KG pathways alters lifespan response to DR

Our analysis of metabolites associated with the lifespan response to DR identified both o-KG
and glutamine (Fig 2), which form a sub-network within the overall metabolome network (Fig
3A and 3D). Given our finding, and previous studies implicating ¢-KG in DR and TOR signal-
ing [18], we used RNA interference (RNAi) to knock down genes in the o-KG/glutamine path-
way to explore its possible role in the effect of DR on lifespan. Specifically, we manipulated the
expression of glutamate dehydrogenase (GDH), which catalyzes the reversible conversion
between oKG and glutamate, and glutamine synthetase 1/2 (GS1, GS2), which catalyze the
conversion of glutamate to glutamine (S3A Fig). For these experiments we used the inducible
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https://doi.org/10.1371/journal.pgen.1008835.9003

GAL4-GeneSwitch (GAL4-gs) drivers to knock down each gene in different parts of the fly
upon induction with the compound RU486 [34].

We exposed inducible RNAI fly strains to AL and DR diets and recorded lifespan. To test
for a change in lifespan response as a result of RNAi, we tested for a significant RNAi-x-diet
interaction term in a Cox Proportional Hazards model (see Methods). Knockdown of gs2 in
the whole fly most strongly affected the lifespan response as compared to knockdown of gsI
and gdh, with knockdown flies living longer on the AL diet (S3B-S3D Fig). A greater extension
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of AL lifespan was seen with neuron-specific knockdown of GS2, but less so in fat body or gut-
specific RNAi (S3E-S3G Fig). This suggests that GS2 is part of a diet-specific lifespan pathway
active in neurons.

Gene-metabolite-phenotype network analysis for lifespan response

While we found that fully 23% of measured metabolites were associated with rLS, we per-
formed a gene-level genome-wide association study (GWAS) on the rLS trait and only one
gene, an uncharacterized coding gene CG6231, was associated with rLS. In light of this, we
decided to leverage the metabolite-lifespan associations identified here, creating a bipartite
network of genes and metabolites that would allow us to look for genes that might impact life-
span indirectly through their impact on the metabolome. To do this, we first performed multi-
ple individual gene-level GWAS using metabolite levels as quantitative traits. Specifically, we
selected metabolites that were associated with rLS. This included 23 AL metabolites and 14 DR
metabolites (Fig 2B). The gene-level GWAS resulted in significance scores for each gene-
metabolite pair. Briefly, gene scores were assigned by taking the minimum P value from all var-
iants associated with a gene after adjustment via at least 10,000 rounds of permutation testing.
A detailed explanation of this calculation is included in the Methods. Significant gene-metabo-
lite relationships were used to build a network connecting genes, metabolites, and the lifespan
response phenotype. The resulting multi-omic network for AL metabolites is visualized in Fig
4 and the network for DR metabolites in S4 Fig. All genes that appear in the DR network also
appear in the AL network, so we display the AL network in the main figures. The purpose of
this network is to diagram molecular paths that might regulate lifespan extension, starting
from the gene level (teal nodes) to the metabolite level (yellow nodes), and that ultimately
influence lifespan response to diet as quantified by rLS (center grey node). The degree, or
number of edges, of each gene node is represented by its size in the figure. A complete list of
significant AL and DR network edges and scores is provided in Table E in S1 Table.

Across both the AL and DR network, the gene with the most significant gene-level score
was VpsI5 which is associated with AL levels of 2-phosphoglyceric acid and PEP (Table E in S1
Table). Vps15 encodes a serine/threonine protein kinase that is part of the PI3-Kinase (PI3K)
complex [35]. We can also examine gene node degree as an indicator of the gene’s role in the
signaling network. It is important to note that the degree of a gene node can be interpreted to
mean that a gene affects all metabolites its connected to independently, or that a gene more
directly affects the level of one metabolite whose level in turn is correlated with other metabo-
lites. In the latter case, some edges may represent indirect gene-metabolite relationships. For
example, CCHa2R, which has a degree of 5 in the AL network (Fig 4), could independently
associate with five metabolites. However, it may instead affect the abundance of one metabolite
more directly than the others. In both the AL and DR networks, the gene with the largest
degree value is CCHa2R (Fig 4, S4 Fig). CCHaZ2R encodes the protein CCHamide-2 receptor
(CCHa2-R), a neuropeptide receptor thought to be expressed in the brain and gut of fruit flies,
and is proposed to be involved in appetite regulation and insulin signaling [36, 37]. Thus, our
network analysis identified genes that might be involved in regulating lifespan response to DR,
including Ddc, SelT, jeb, Nuak1l, z, and several uncharacterized coding genes (Fig 4, S4 Fig,
Table E in S1 Table).

CCHaZ2R and SelT are involved in the lifespan response to DR

To test the ability of our multi-omic network analysis to identify genes involved in the DR
response, we used inducible RNAi to measure the effects of gene knockdown on AL and DR
lifespans. We focused on the genes CCHa2R and selT. The single nucleotide polymorphism
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Fig 4. Multi-omic network for lifespan response. Gene-metabolite-phenotype network was constructed from linear modeling and
GWAS results from AL metabolites that were correlated with lifespan response as measured by rLS. Gene nodes are colored in teal,
metabolite nodes are colored in yellow. Gene node size is directly proportional to node degree, while metabolite node size is held
constant. An edge exists between a metabolite and lifespan response if the metabolite was significantly correlated with rLS at FDR cutoff
of o.= 0.01. An edge exists between a gene and metabolite and/or lifespan response if it the gene had a score of <1E-4.5.

https://doi.org/10.1371/journal.pgen.1008835.9004

(SNP) 2R_1939249_SNP identified from metabolite GWAS is a C/T variant in an intron of
CCHaZ2R. This SNP was associated with differential abundance of five rLS-associated metabo-
lites under AL (Fig 5A). As an example, the relationship between iso-leucine, rLS, and
CCHaZ2R SNP are shown in Fig 5B-5D. Knocking down CCHaZ2R using a whole-body driver
resulted in an increased mean lifespan under DR, but a slightly decreased mean lifespan under
AL, although this effect was not statistically significant under a Cox Proportional Hazards
model framework (Fig 5E). Given this trend, we then used a neuronal specific driver to knock
down CCHaZ2R, which showed a much greater effect of increasing lifespan under DR, but not
AL (Fig 5F).

Manipulation of SelT also resulted in changes to diet-specific lifespans (S5 Fig). SelT
encodes selenoprotein T. Selenoproteins are a family of thioredoxin-disulfide reductases that
plays a role in defending against cellular oxidative damage by controlling the redox balance of
the cell [38]. We found that whole-body SelT knockdown increased lifespan on AL while
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Fig 5. CCHaZ2r is associated with change in metabolite levels and modulates lifespan response to DR. (A) Diagram of one of the candidate gene pathways identified
from metabolite-gene-network analysis, CCHaZ2r, and its relationship with iso-leucine and lifespan response. (B-D) Iso-leucine and its relationship with CCHa2r SNP
2R_1939249_SNP and residual lifespan. (E-F) Survival of RNAi (+RU486) versus control (-RU486) flies of CCHa2r RNAI in whole-body (D; da-gal4-gs driver) and
neurons (E; elav-gal4-gs driver). Vertical lines represent mean lifespan. All lifespan experiments were conducted with 150-200 flies per condition. P values from B and
C are from plink linear GWAS model. P value from D is from a linear regression as summarized in Fig 2. Statistical model in E and F is a Cox Proportional Hazards
model fitting survival as a function of diet, RNAi, and the interaction between diet and RNAi. Hazard ratios (HR) and P values are specific to the interaction term.

https://doi.org/10.1371/journal.pgen.1008835.g005

having no effect on lifespan under DR (S5 Fig). Taken together, these results support our net-
work analysis as a map of gene-to-metabolite-to-phenotype pathways that underlie natural
variation in the DR response and also highlight the fact that DR response can be influenced
through a change in AL lifespan, DR lifespan, or both.

Discussion

Diet restriction is regarded as the most robust form of lifespan extension known, and has been
consistently demonstrated to increase longevity in almost all model organisms in which it has
been studied [3]. However, in almost all of these studies, researchers have used a single strain
chosen from a handful of common lab-adapted strains, limiting our ability to gain insight into
variation in response to DR in a diverse population. Here, we have leveraged the power of the
genetic variation found within the DGRP, together with systems biology methods, to measure
and explain genetic variation in the DR response. This work brings three key approaches to
bear on the study of DR response, including natural genetic variation, metabolome profiling,
and network modeling. By combining all three of these, an approach never used before in the

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1008835 July 9, 2020

10/22


https://doi.org/10.1371/journal.pgen.1008835.g005
https://doi.org/10.1371/journal.pgen.1008835

PLOS GENETICS

Genetic and metabolomic variation of diet restriction and lifespan in flies

context of DR, we are able to generate novel genetic and biochemical hypotheses about DR.
We then validate these findings experimentally using inducible RNAi.

This work adds to a growing body of evidence for genetic variation in the DR response,
including similar studies conducted in mice [6], yeast [7], and a different fly genetic reference
panel derived from recombinant inbred strains [9]. While these previous studies underscore
the importance of genetic variation in shaping the DR response, our work focuses in particular
not on single-gene knock-out strains or genotypes derived from recombinant inbred strains,
but rather on the natural genetic variation derived from a single wild population [28]. The
translational path from Drosophila to humans is a long one, but these results do underscore
the possibility that the effect of interventions designed to decrease or delay the onset of age-
related decline in human populations could have diverse outcomes from one person to the
next, depending on individual genetic makeup and environment history [6-9]. The lifespan
results we present in this study were also analyzed by Wilson et al [10]. We note that Wilson
et al. found multiple candidate variants that affect diet-dependent longevity, while we identify
one that met our significance cutoff (Fig 4 and S4 Fig). This is not surprising, given that these
two studies fit two different response variables to different covariates. Wilson et al. used a lin-
ear model predicting mean lifespan with an interaction term between genotype and diet for
their GWAS, while we use relative lifespan as the outcome for our GWAS.

While it is relatively straightforward to measure genetic variation for complex traits, identi-
fying the individual genes that contribute to this variation has proven to be far more challeng-
ing [21]. To fill this gap, researchers have turned to the metabolome. This has helped not only
to define genetic variation, but also to suggest mechanisms that underlie this variation [23-
26]. Previous studies have found that DR leads to dramatic shifts in metabolism in diverse
organisms [39] and that it attenuates metabolic signatures of aging [11, 40, 41]. Metabolomic
profiling has become a popular tool for investigating mechanisms underlying DR within single
genotypes across a wide array of species, including worms [41, 42], flies [11, 43], mice [40, 44],
non-human primates [45], and humans [46, 47]. Many of these studies pointed to changes in
fatty acid metabolism as a result of DR [40, 44, 47]. This is consistent with the finding from
Liao et al. that across 41 mouse strains, the ones with the least reduction in fat under DR were
more likely to show lifespan extension on DR [48]. Our study, which is the first that we know
of to use metabolome profiling to investigate lifespan response to DR across genotypes, identi-
fied 25 metabolites that were correlated with lifespan response either through their baseline
abundance or change in abundance across the two diets (Fig 2B and 2C). We did not profile
enough lipid metabolism-related metabolites to be able to test whether or not fat maintenance
might be an influential component underlying the DR response. However, one of the genes
our bipartite network analysis identified was jeb (jelly belly), which encodes a low-density lipo-
protein proposed to be involved in neuronal PI3K signaling during nutrient restriction in flies
[49]. Jelly belly may regulate lifespan response through a mechanism involving the metabolite
hypoxanthine (Fig 4). In addition, many of the 25 metabolites associated with lifespan
response in our study were related to amino acid metabolism, which we have previously
shown to be a significant pathway modified under DR in flies [11].

As we note above, the metabolome can act as a statistical link between genotype and pheno-
type [25, 26]. Here we advance this approach in two important respects. First, we use a novel
differential network analysis to contrast AL and DR metabolite networks in a manner that
allows straightforward comparison between the two diet conditions (Fig 3), providing the criti-
cal and necessary context needed to interpret the interactions that we see under DR. This net-
work captures a snapshot of metabolic relationships that might explain how flies translate
nutritional environment to lifespan. For example, others have shown that restricting essential
amino acids, methionine in particular, is necessary and sufficient to extend lifespan in flies
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[50]. Our differential network links methionine and other essential amino acids to metabolites
that correlate with lifespan response, diagramming metabolic paths that might explain the rela-
tionship between methionine, other amino acids, and the DR response (Figs 3 and 4 and S4
Fig). Second, while previous studies have typically focused on single molecular domains such
as genetics or metabolomics [51-54], here we create a bipartite network that links specific
genes to metabolites, and specific metabolites to the DR response, allowing us to identify new
candidate genes and pathways that we begin to explore here. We use molecular genetic meth-
ods to confirm that indeed, many of the genes we identified influence lifespan response under
dietary modification, including CCHa2R and SelT. We also identify other genes that have been
identified by previous independent studies of Drosophila longevity. One of these genes, Ddc,
encodes dopa decarboxylase, which has been suggested to influence natural variation in Dro-
sophila longevity via a neuronal mechanism [55], adding further credence to the validity of our
network approach. Other genes that will be of particular interest to pursue in future studies
include jeb, as previously discussed, and Vps15, a PI3-Kinase regulator involved in autophagy.

In addition, our RNAi results suggest a role for neuronal perception of nutrient availability
in lifespan response to DR. In Drosophila, neuronal signaling regulates physiological response
to environmental nutrients, including gustatory and metabolic perception of amino acids and
sugars [56-58], receipt of signals about nutrient availability from peripheral organs such as the
gut [59], and feeding restraint [60]. We present evidence for a neuron-specific mechanism
involving glutamine/o.-KG signaling that influences lifespan under AL. GS2 RNAI, but not
GS1, extended the lifespan of flies on AL (S3 Fig). In Drosophila, GS1 localizes primarily to the
mitochondria while GS2 localizes to the cytosol [61]. In light of this, we postulate that cytosolic
glutamine and perhaps glutamatergic signaling in neurons play a role in the DR response. This
idea is supported by recent findings identifying a set of glutamatergic interneurons that signal
Drosophila larvae to overcome amino acid limitation and pupate [62]. Furthermore, support
for the suggestion that regulation of o-KG levels partially explains the lifespan response we
observed is provided by work in Caenorhabditis elegans showing diet-dependent regulation of
mTOR signaling by o-KG [18]. This evidence suggests the existence of interactions between
glutamine/o-KG signaling and mTOR that ultimately influence lifespan response to DR.

We also found that knocking down expression of neuronal CCHa2R resulted in longer life-
span under DR (Fig 5). To our knowledge, this is the first study to implicate CCHa2R in an
aging/DR-related signaling mechanism. We hypothesize that CCHaZ2R is associated with life-
span due to its influence on metabolism, an idea supported by previous studies in Drosophila.
CCHa2-R is a G-protein coupled receptor that exclusively binds the neuropeptide CCHa2 and
is thought to be involved in nutrient sensing and satiety response [36]. CCHa2 is mainly
expressed in the fat body and at low levels in the gut and central nervous system (CNS), while
its receptor CCHa2-R is highly enriched in the CNS, particularly in Drosophila insulin-like
peptide (Dilp) producing cells that control the secretion of neuropeptide F and SIFamide in
the brain [36]. In fly larvae, CCHa2 signaling appears to mediate the secretion of Dilp2 and
Dilp5 [36] and signaling between peripheral organs and the brain [37]. Given the important
role of Dilps both in nutrient signaling and aging [63], this novel connection between
CCHa2-R and the effect of DR on aging is not surprising. In addition, the closest human
homolog of CCHa2-R is bombesin receptor subtype 3 [64]. Mammalian bombesin-like pep-
tides are widely distributed in the central nervous system and gastrointestinal tract, mirroring
the distribution of CCHa2 peptide in Drosophila [36], and are thought to mediate signaling
between the gut and brain, regulating processes such as smooth-muscle contraction, metabo-
lism, and behavior [65]. The striking similarities between Drosophila CCHa2 signaling and
mammalian bombesin signaling suggest that the processes are conserved to some extent.
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Studying the genetic basis of natural trait variation complements existing mutational lab
studies, offering critical additional insight into the biology of DR. Like other GWAS of lifespan
in the DGRP [29, 66], we sought out to identify natural genetic variation affecting phenotypic
variation. Interestingly, the genes and pathways identified by our work along with Durham
et al. [66] and Ivanov et al. [29] largely differ in comparison to the canonical lifespan-associ-
ated genes and pathways identified by mutational studies. Although the reasons for this are
unclear, these differences further emphasize the importance of systems approaches such as
ours for developing a more complete picture of how genetics and environment impact healthy

aging.

Limitations of study

Readers should keep two caveats in mind in evaluating the results presented here. First, DGRP
metabolite profiles were measured from whole fly bodies. However, different tissues of the fly,
including the head, thorax, and abdomen, show different metabolome profiles under AL and
DR [11]. Given the large number of lines measured here, tissue-specific profiling across the
DGRP was outside the scope of the present study. In light of our understanding that neuronal
perception of nutrients plays an important role in aging, future studies focused on head or
brain specific metabolomics would be of great interest (e.g.[67]).

Second, flies were diet restricted by decreasing the percentage of yeast extract in their food.
This diet has been used previously to demonstrate the effects of DR in flies [68-70]. There are
many different methods of implementing DR that have been published in the Drosophila com-
munity, [50, 71, 72], and no single diet is considered standard, raising challenges in comparing
results across studies. Furthermore, some have argued that different fly strains might have dif-
ferent optimal DR food levels, and that a decrease in fecundity must coincide with increased
lifespan in order for the response to truly be considered DR [73]. Future work in this area
should include genetic variation for survival and fecundity, should explore different types of
DR, and finally should consider whether genotypes differ in how they respond to DR because
they vary in their optimal diet concentration.

Concluding remarks

Our work represents the first effort to understand the role of naturally occurring variation in
the DR response and the mechanisms that underlie this variation. Studies such as this are criti-
cal to the future of health and aging research, as the most common age-related diseases are
genetically and phenotypically heterogeneous, and, as a result, likely require treatments tai-
lored to environment and genotype. As such, it is imperative to explore mechanisms of aging
and disease not only in single, traditional laboratory strains, but also in the context of geneti-
cally heterogeneous animal models.

Materials and methods
Drosophila DR and lifespan

Methods for lifespan experiments were originally described in Wilson et al. [10]. Briefly,
DGRP lines were obtained from the Bloomington Drosophila Stock Center. All flies were
maintained on standard stock food (1.55% live yeast, 7.5% sugar, 8.5% cornmeal, 0.46% agar,
85% water). Flies were kept on a 12-hour light/dark cycle at 25°C and approximately 65%
humidity throughout the experiment. In preparation for lifespan measurements, approxi-
mately 15 female flies and 3 male flies were put in each bottle of stock food. Approximately 6
bottles were set up per strain. Five days after setting up stocks, adults were discarded, leaving
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behind larvae that would be used for lifespan studies. Fourteen days after set-up when the
experimental flies were estimated to be 2-3 days old, mated female flies were sorted into
approximately 8 vials of either high yeast extract food (AL; 5% yeast extract, 5% sugar, 8.5%
cornmeal, 0.46% agar, 85% water) or low yeast extract food (DR; same as previous, but with
0.5% yeast extract), with 25 flies per vial, targeting a total of 200 flies per strain*diet combina-
tion. Flies were transferred to fresh vials every other day. Recording of fly deaths commenced
8 days after flies started the new diet. All fly lifespan values presented here represent mean age-
at-death measured in days from beginning the experimental diet.

Three flies per line and diet were frozen 5 days after beginning the experimental diet and
shipped to the University of Washington in Seattle, WA for metabolomic profiling. We chose
to sample at 5 days to try and capture early metabolomic indicators of DR response. Published
studies from our group and others have shown metabolomic and other phenotypic differences
in response to DR as early as 2-10 days after beginning the experimental diet [11, 43, 74].

RNAIi experiments

RNAI experiments were performed utilizing the Gal-UAS system [34]. Briefly, temporal
knockdown of target genes was carried out using the ubiquitous drug-inducible GeneSwitch
driver Act5C-GS-Gal4 and tissue specific knockdown was performed using the pan-neuronal
driver elav-GS-Gal4, the fat body driver S106-GS-Gal4, or the gut-specific driver 5966-
GS-Gal4. Following development, flies were sorted onto AL or DR foods that contained
200uM RU486 to allow activation of the GeneSwitch system. Flies were maintained under
these conditions throughout life.

Metabolomics sample preparation

Fly samples were prepared following previously described procedure [75-77] and is detailed in
our Supplementary Methods (SI Text). Briefly, samples were thawed at room temperature,
homogenized in 10:1 PBS:Water, methanol containing known concentrations of 6C13-glucose
and 2C13-glutamate was added, samples were vortexed and stored at -20°C for 20 min. After-
wards, samples were sonicated in an ice bath, centrifuged at 20,600 g and supernatant was
recovered and dried. At the end, dried supernatant was reconstituted in a buffer containing
known concentrations of 2C13-Tyrosine and 1C13-Lactate. A sample quality control (QC-S)
was made by pooling small volumes of randomly chosen 30 prepared and reconstituted fly
samples and this QC was used to monitor the data reproducibility.

Liquid Chromatography-Mass Spectrometry (LC-MS)

Each sample was injected twice, 15 uL and 5 pL for analysis in negative and positive ionization
modes, respectively. Both chromatographic separations were performed in HILIC mode on
two parallel identical amide-based analytical columns. While one column was performing the
separation, the other column was getting reconditioned and ready for the next injection. After
the chromatographic separation, MS ionization and data acquisition were performed using an
AB Sciex QTrap 5500 mass spectrometer (AB Sciex, Toronto, ON, Canada) equipped with an
electrospray ionization (ESI) source and operating in multiple-reaction-monitoring (MRM)
mode. We monitored 122 and 84 MRM transitions in negative and positive mode, respectively
(206 MRM transitions total corresponding to 202 metabolites and 4 stable isotope-labeled
internal standards). Additional details regarding LC-MS data acquisition, processing, and QC
monitoring are included in the Supplementary Methods (S1 Text).
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Statistical analysis

All analyses described below were carried out using the open source software package R [78].
A false discovery rate of o = 0.01 using the Benjamini-Hochberg-Yekutieli procedure [79] was
used for all multiple comparisons unless otherwise stated. The metabolome data can be found
in S1 Dataset, and the data used to make all the figures in this study can be found in S2 Dataset.
A detailed description of these data are included in S1 Text.

Calculating relative change in lifespan. To monitor the effect of DR on lifespan, we use
the relative change in lifespan (rLS) which was calculated by taking the residuals of a simple
linear least squares regression of DR lifespan against AL lifespan (S1B Fig). The purpose of cal-
culating rLS was to create a phenotype similar to the absolute different between DR and AL
lifespan, but removes the potentially confounding effects of AL lifespans driving the lifespan
response (Fig 1B and S1C and S1D Fig).

Data normalization. All metabolites were log-transformed to approximate a Gaussian
distribution. Metabolites with >5% missing measurements were excluded from the analysis.
Remaining missing data were imputed using the “impute” R package [80]. The final metabolo-
mics dataset was comprised of 356 samples (178 fly lines x 2 diet conditions) with 105 individ-
ual metabolite features for each sample. Metabolite data were then mean-centered and unit-
scaled within samples to normalize for variation in analyte amount (due to variation in fly
weight/size) loaded onto the mass spectrometer. Flies were handled in different experimental
batches and these experimental batches were found to have a statistically significant effect on
many metabolite levels, but not on lifespan. To correct for the batch effect, we regressed out
the effect of batch using a linear model. Depending on the type of analysis, we implemented 2
different types of batch correction: 1) correcting for batch within samples of the same diet, or
2) across all samples regardless of diet. The type of batch correction is indicated in the methods
sections below.

Multivariate and univariate analysis. Principle component analysis (PCA) is a form of
unsupervised multivariate analysis that partitions out independent variance components
across a dataset of multiple, potentially correlated, variables. PCA was performed on all sam-
ples using the “prcomp” function in base R to observe how well the metabolome can separate
samples by diet.

Differential analysis was performed on individual metabolites to determine which metabo-
lites increase or decrease in response to diet. Batch correction was performed across all sam-
ples together regardless of diet for both differential analysis and PCA.

We used a multiple regression model to test for the effects of metabolite abundance on life-
span phenotypes. Genotype-wide mean body mass was used as a covariate in all models. Batch
correction was performed on samples within diet for this analysis.

Analysis of RNAI lifespan experiments. We used a multivariate Cox Proportional Haz-
ards regression to model survival as a function of diet (AL or DR), treatment (control or
RNAIj), and the interaction between diet and treatment. A significant interaction term sug-
gested that the gene targeted by that RNAI treatment influences lifespan response to DR.

One of the assumptions of a Cox Proportional Hazards model is that the ratio of the hazards
for individuals in different conditions remains constant over time, which can be evaluated by
examining whether or not curves from different treatments cross over one another in a sur-
vival plot. While this assumption holds for most of our survival experiments, we acknowledge
that for some of our survival experiments, that assumption does not hold (for example, Fig
5E), making some of the test results harder to interpret. However, we decided to apply the Cox
model to all of our survival experiments regardless for consistency and interpretability.
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Network analysis and genome-wide association. For differential network analysis, we
calculated Spearman’s p correlation matrices for all metabolites within each diet separately and
used these to build unweighted differential metabolite networks. Batch correction was per-
formed on samples within diet for this analysis.

To test the difference between the correlation structures under the two diets, we first calcu-
lated the difference in the two Spearman’s p correlation matrices (differential correlation
matrix). We then tested whether the differential correlation of each pair of metabolites is sig-
nificant by using parametric tests for Spearman’s p correlations, wherein we used the limiting
normal distribution of the differential correlation for large sample sizes. More specifically, to
improve normal approximations, we considered the scaled Spearman’s p for a single diet with
n samples, i.e., p*sqrt((n-2)/(1-pA2)). With independent samples, the difference in the scaled
correlations between the two diets is approximately normal with mean = 0 and variance = 2.
This asymptotic distribution was used to obtain P values for each pair of differential correla-
tions. The resulting P values were adjusted for multiple testing.

Genotype variant calls for the DGRP are publicly available online (http://dgrp2.gnets.ncsu.
edu/). Genome-wide association tests were performed in PLINK v.1.07 [81] using an additive
linear model fitting phenotype (metabolite levels or lifespan response) as a function of variant,
including Wolbachia pipientis infection status and major inversions as covariates. Variants
with a minor allele frequency > 0.05 were included in the analysis. To correct for the observa-
tion that genes with a greater number of variants are expected by chance to have lower mini-
mum P values, we calculated a gene-specific “gene score”. Gene scores for each gene were
calculated by initially taking the minimum P value from all the variants associated with a par-
ticular gene, including variants located within or 1,000 bp upstream or downstream of that
gene. Following this, 1,000,000 permutations of this analysis for the top genes were imple-
mented taking the minimum P value per gene from of those permutations. Top genes were
first identified if they had a preliminary minimum P < 10~ from an initial 10,000 permuta-
tions of all genes. Permutations were conducted by randomizing the genotype designation
among all samples. The final gene score was then calculated by dividing the number of permu-
tations where the observed minimum P value was equal to or lower than the empirical mini-
mum P value by the total number of permutations. In effect, we are asking if the minimum P
value within a gene is even smaller than one would expect, given the number of variants found
within that gene. A gene was then included in the network if it had a final gene score < 10™*,
All networks were visualized using Cytoscape [82].

Supporting information

S1 Fig. DGRP lifespan on AL and DR replotted from Wilson et al, 2020. (A) Mean lifespan
of 161 DGRP lines on AL (5% yeast extract) or DR (0.5% yeast extract) diets. Least squares lin-
ear regression of DR lifespan (B) and change in lifespan (DR-AL; C) and rLS (D) as a function
of AL lifespan.

(PDF)

S2 Fig. Diet restriction dramatically remodels the metabolome. (A) PCA of all samples
using metabolite profiles colored by diet. Ellipses are drawn with confidence level of 90%. (B)
Volcano plot of significance of the difference between metabolite abundance with DR reveals
that almost all metabolites are highly significantly changed with DR. Each point on the plot
represents a single metabolite result from a pairwise Student’s t-test.

(PDF)
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S3 Fig. Diet-dependent survival of GDH, GS1, and GS2 RNAi flies. (A) The a-KG/gluta-
mine pathway was manipulated by inhibiting transcript levels of gs1/2 and gdh. (B-G) Survival
of RNAi (+RU486) versus control (-RU486) flies of GS2, GS1, and GDH RNAi in whole-body
(act5c-gal4-gs driver; B-D), GS2 RNAI in brain (elaV-gal4-gs driver; E), GS2 RNAi in fat body
(S106-gal4-gs; F), and GS2 RNAi in gut (5966-gal4-gs; G) on AL and DR. Vertical lines indi-
cate mean survival. Statistical model is a Cox Proportional Hazards model fitting survival as a
function of diet, RNAi, and the interaction between diet and RNAi. Hazard ratios (HR) and P
values are specific to the interaction term.

(PDF)

S4 Fig. Multi-omic network for lifespan response for DR metabolites. Gene-metabolite-
phenotype network was constructed from linear modeling and GWAS results from DR metab-
olites that were correlated with lifespan response as measured by rLS. Gene nodes are colored
in teal, metabolite nodes are colored in yellow. Gene node size is directly proportional to node
degree, while metabolite node size is held constant. An edge exists between a metabolite and
lifespan response if the metabolite was significantly correlated with rLS at a 1% FDR level of
significance. Grey labels are metabolites correlated with rLS with no significant gene associa-
tions. An edge exists between a gene and metabolite and/or lifespan response if it the gene had
a score of <1E-4.5.

(PDF)

S5 Fig. Diet-dependent survival of RN A fly strains. Survival of inducible RNAi (+RU486)
versus control (-RU486) flies of selT RNAI. Vertical lines indicate mean survival. Statistical
model is a Cox Proportional Hazards model fitting survival as a function of diet, RNAi, and
the interaction between diet and RNAi. Hazard ratios (HR) and P values are specific to the

interaction term.
(PDF)

S1 Table. All supplemental tables.
(XLSX)

S1 Dataset. Normalized metabolome data (within-diet and across-diet normalized data
both included).
(XLSX)

$2 Dataset. Numerical data and summary statistics used to make main and supplementary
figures.
(XLSX)

S§1 Text. Supplementary Methods, summary statistics, and explanation of numerical data
for figures.
(PDF)

Acknowledgments

This work was in part facilitated through the use of advanced computational, storage, and net-
working infrastructure provided by the Hyak supercomputer system and funded by the STF at
the University of Washington.

Author Contributions

Conceptualization: Rachel B. Brem, Pankaj Kapahi, Daniel Promislow.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1008835 July 9, 2020 17/22


http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1008835.s003
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1008835.s004
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1008835.s005
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1008835.s006
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1008835.s007
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1008835.s008
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1008835.s009
https://doi.org/10.1371/journal.pgen.1008835

PLOS GENETICS

Genetic and metabolomic variation of diet restriction and lifespan in flies

Data curation: Danijel Djukovic.
Formal analysis: Kelly Jin.
Funding acquisition: Ali Shojaie, Pankaj Kapahi, Daniel Promislow.

Investigation: Kelly Jin, Kenneth A. Wilson, Jennifer N. Beck, Christopher S. Nelson, George
W. Brownridge, III, Danijel Djukovic, Shiqing Yu.

Methodology: Kelly Jin, Kenneth A. Wilson, Jennifer N. Beck, Christopher S. Nelson, George
W. Brownridge, III, Benjamin R. Harrison, Danijel Djukovic, Daniel Raftery, Rachel B.
Brem, Shiging Yu, Mathias Drton, Ali Shojaie, Pankaj Kapahi, Daniel Promislow.

Project administration: Pankaj Kapahi, Daniel Promislow.
Software: Shiqing Yu, Mathias Drton, Ali Shojaie.
Supervision: Pankaj Kapahi, Daniel Promislow.

Validation: Kenneth A. Wilson, Jennifer N. Beck, Christopher S. Nelson, George W. Brown-
ridge, III, Danijel Djukovic, Shiging Yu.

Visualization: Kelly Jin.
Writing - original draft: Kelly Jin.

Writing - review & editing: Kelly Jin, Kenneth A. Wilson, Jennifer N. Beck, Christopher S.
Nelson, George W. Brownridge, III, Benjamin R. Harrison, Danijel Djukovic, Daniel Raf-
tery, Rachel B. Brem, Shiqing Yu, Mathias Drton, Ali Shojaie, Pankaj Kapahi, Daniel
Promislow.

References

1. Kirkwood TB, Feder M, Finch CE, Franceschi C, Globerson A, Klingenberg CP, et al. What accounts for
the wide variation in life span of genetically identical organisms reared in a constant environment?
Mech Ageing Dev. 2005; 126(3):439—43. https://doi.org/10.1016/j.mad.2004.09.008 PMID: 15664632.

2. ReaSL,WuD, CypserJR, Vaupel JW, Johnson TE. A stress-sensitive reporter predicts longevity in iso-
genic populations of Caenorhabditis elegans. Nat Genet. 2005; 37(8):894-8. https://doi.org/10.1038/
ng1608 PMID: 16041374; PubMed Central PMCID: PMC1479894.

3. Fontanal, Partridge L. Promoting health and longevity through diet: from model organisms to humans.
Cell. 2015; 161(1):106—18. https://doi.org/10.1016/j.cell.2015.02.020 PMID: 25815989; PubMed Cen-
tral PMCID: PMC4547605.

4. Nakagawa S, Lagisz M, Hector KL, Spencer HG. Comparative and meta-analytic insights into life exten-
sion via dietary restriction. Aging Cell. 2012; 11(3):401-9. https://doi.org/10.1111/j.1474-9726.2012.
00798.x PMID: 22268691.

5. HarperJM, Leathers CW, Austad SN. Does caloric restriction extend life in wild mice? Aging Cell. 2006;
5(6):441-9. https://doi.org/10.1111/j.1474-9726.2006.00236.x PMID: 17054664; PubMed Central
PMCID: PMC2923404.

6. LiaoCY, Rikke BA, Johnson TE, Diaz V, Nelson JF. Genetic variation in the murine lifespan response
to dietary restriction: from life extension to life shortening. Aging Cell. 2010; 9(1):92-5. https://doi.org/
10.1111/j.1474-9726.2009.00533.x PMID: 19878144; PubMed Central PMCID: PMC3476836.

7. SchleitJ, Johnson SC, Bennett CF, Simko M, Trongtham N, Castanza A, et al. Molecular mechanisms
underlying genotype-dependent responses to dietary restriction. Aging Cell. 2013; 12(6):1050-61.
https://doi.org/10.1111/acel.12130 PMID: 23837470; PubMed Central PMCID: PMC3838465.

8. Dick KB, Ross CR, Yampolsky LY. Genetic variation of dietary restriction and the effects of nutrient-free
water and amino acid supplements on lifespan and fecundity of Drosophila. Genet Res (Camb). 2011;
93(4):265-73. Epub 2011/07/18. https://doi.org/10.1017/S001667231100019X PMID: 21767463.

9. Stanley PD, Ng'omaE, O’'Day S, King EG. Genetic Dissection of Nutrition-Induced Plasticity in Insulin/
Insulin-Like Growth Factor Signaling and Median Life Span in a. Genetics. 2017; 206(2):587—-602.
https://doi.org/10.1534/genetics.116.197780 PMID: 28592498; PubMed Central PMCID:
PMC5499174.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1008835 July 9, 2020 18/22


https://doi.org/10.1016/j.mad.2004.09.008
http://www.ncbi.nlm.nih.gov/pubmed/15664632
https://doi.org/10.1038/ng1608
https://doi.org/10.1038/ng1608
http://www.ncbi.nlm.nih.gov/pubmed/16041374
https://doi.org/10.1016/j.cell.2015.02.020
http://www.ncbi.nlm.nih.gov/pubmed/25815989
https://doi.org/10.1111/j.1474-9726.2012.00798.x
https://doi.org/10.1111/j.1474-9726.2012.00798.x
http://www.ncbi.nlm.nih.gov/pubmed/22268691
https://doi.org/10.1111/j.1474-9726.2006.00236.x
http://www.ncbi.nlm.nih.gov/pubmed/17054664
https://doi.org/10.1111/j.1474-9726.2009.00533.x
https://doi.org/10.1111/j.1474-9726.2009.00533.x
http://www.ncbi.nlm.nih.gov/pubmed/19878144
https://doi.org/10.1111/acel.12130
http://www.ncbi.nlm.nih.gov/pubmed/23837470
https://doi.org/10.1017/S001667231100019X
http://www.ncbi.nlm.nih.gov/pubmed/21767463
https://doi.org/10.1534/genetics.116.197780
http://www.ncbi.nlm.nih.gov/pubmed/28592498
https://doi.org/10.1371/journal.pgen.1008835

PLOS GENETICS

Genetic and metabolomic variation of diet restriction and lifespan in flies

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

Wilson KA, Beck JN, Nelson CS, Hilsabeck TA, Promislow D, Brem RB, Kapahi P. GWAS for lifespan
and decline in climbing ability in flies upon dietary restriction reveal decima as a mediator of insulin-like
peptide production. Curr Biol. 2020; in press.

Laye MJ, Tran V, Jones DP, Kapahi P, Promislow DE. The effects of age and dietary restriction on the
tissue-specific metabolome of Drosophila. Aging Cell. 2015; 14(5):797-808. https://doi.org/10.1111/
acel.12358 PMID: 26085309; PubMed Central PMCID: PMC4568967.

Davies SK, Bundy JG, Leroi AM. Metabolic Youth in Middle Age: Predicting Aging in Caenorhabditis
elegans Using Metabolomics. Journal of Proteome Research. 2015; 14(11):4603-9. https://doi.org/10.
1021/acs.jproteome.5b00442 WOS:000364435100015. PMID: 26381038

Tomas-Loba A, de Jesus BB, Mato JM, Blasco MA. A metabolic signature predicts biological age in
mice. Aging Cell. 2013; 12(1):93—-101. https://doi.org/10.1111/acel.12025 WOS:000313745100012.
PMID: 23107558

Lopez-Otin C, Galluzzi L, Freije JM, Madeo F, Kroemer G. Metabolic Control of Longevity. Cell. 2016;
166(4):802—21. https://doi.org/10.1016/j.cell.2016.07.031 PMID: 27518560.

Ables GP, Brown-Borg HM, Buffenstein R, Church CD, Elshorbagy AK, Gladyshev VN, et al. The first
international mini-symposium on methionine restriction and lifespan. Front Genet. 2014; 5:122. https:/
doi.org/10.3389/fgene.2014.00122 PMID: 24847356; PubMed Central PMCID: PMC4023024.

Zimmerman JA, Malloy V, Krajcik R, Orentreich N. Nutritional control of aging. Experimental Gerontol-
ogy. 2003; 38(1-2):47-52. https://doi.org/10.1016/s0531-5565(02)00149-3 WOS:000181155100007.
PMID: 12543260

Zwighaft Z, Aviram R, Shalev M, Rousso-Noori L, Kraut-Cohen J, Golik M, et al. Circadian Clock Control
by Polyamine Levels through a Mechanism that Declines with Age. Cell Metab. 2015; 22(5):874-85.
https://doi.org/10.1016/j.cmet.2015.09.011 PMID: 26456331.

Chin RM, Fu X, Pai MY, Vergnes L, Hwang H, Deng G, et al. The metabolite alpha-ketoglutarate
extends lifespan by inhibiting ATP synthase and TOR. Nature. 2014; 510(7505):397—401. https://doi.
org/10.1038/nature 13264 PMID: 24828042; PubMed Central PMCID: PMC4263271.

Mishur RJ, Khan M, Munkacsy E, Sharma L, Bokov A, Beam H, et al. Mitochondrial metabolites extend
lifespan. Aging Cell. 2016; 15(2):336—48. https://doi.org/10.1111/acel.12439 PMID: 26729005; PubMed
Central PMCID: PMC4783347.

Hoffman JM, Soltow QA, Li S, Sidik A, Jones DP, Promislow DE. Effects of age, sex, and genotype on
high-sensitivity metabolomic profiles in the fruit fly, Drosophila melanogaster. Aging Cell. 2014; 13
(4):596—-604. https://doi.org/10.1111/acel. 12215 PMID: 24636523; PubMed Central PMCID:
PMC4116462.

Manolio TA, Collins FS, Cox NJ, Goldstein DB, Hindorff LA, Hunter DJ, et al. Finding the missing herita-
bility of complex diseases. Nature. 2009; 461(7265):747-53. https://doi.org/10.1038/nature08494
PMID: 19812666; PubMed Central PMCID: PMC2831613.

Field KJ, Lake JA. Environmental metabolomics links genotype to phenotype and predicts genotype
abundance in wild plant populations. Physiol Plant. 2011; 142(4):352—60. https://doi.org/10.1111/j.
1399-3054.2011.01480.x PMID: 21496032.

Chan EK, Rowe HC, Hansen BG, Kliebenstein DJ. The complex genetic architecture of the metabo-
lome. PLoS Genet. 2010; 6(11):e1001198. Epub 2010/11/04. https://doi.org/10.1371/journal.pgen.
1001198 PMID: 21079692; PubMed Central PMCID: PMC2973833.

Suhre K, Shin SY, Petersen AK, Mohney RP, Meredith D, Wagele B, et al. Human metabolic individual-
ity in biomedical and pharmaceutical research. Nature. 2011; 477(7362):54—60. Epub 2011/08/31.
https://doi.org/10.1038/nature10354 PMID: 21886157; PubMed Central PMCID: PMC3832838.

Gieger C, Geistlinger L, Altmaier E, Hrabé de Angelis M, Kronenberg F, Meitinger T, et al. Genetics
meets metabolomics: a genome-wide association study of metabolite profiles in human serum. PLoS
Genet. 2008; 4(11):€1000282. Epub 2008/11/28. https://doi.org/10.1371/journal.pgen.1000282 PMID:
19043545; PubMed Central PMCID: PMC2581785.

llig T, Gieger C, Zhai G, Rémisch-Margl W, Wang-Sattler R, Prehn C, et al. A genome-wide perspective
of genetic variation in human metabolism. Nat Genet. 2010; 42(2):137—41. Epub 2009/12/27. https://
doi.org/10.1038/ng.507 PMID: 20037589; PubMed Central PMCID: PMC3773904.

Mackay TF, Richards S, Stone EA, Barbadilla A, Ayroles JF, Zhu D, et al. The Drosophila melanogaster
Genetic Reference Panel. Nature. 2012; 482(7384):173-8. https://doi.org/10.1038/nature 10811 PMID:
22318601; PubMed Central PMCID: PMC3683990.

Huang W, Massouras A, Inoue Y, Peiffer J, Ramia M, Tarone AM, et al. Natural variation in genome
architecture among 205 Drosophila melanogaster Genetic Reference Panel lines. Genome Res. 2014;
24(7):1193-208. https://doi.org/10.1101/gr.171546.113 PMID: 24714809; PubMed Central PMCID:
PMC4079974.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1008835 July 9, 2020 19/22


https://doi.org/10.1111/acel.12358
https://doi.org/10.1111/acel.12358
http://www.ncbi.nlm.nih.gov/pubmed/26085309
https://doi.org/10.1021/acs.jproteome.5b00442
https://doi.org/10.1021/acs.jproteome.5b00442
http://www.ncbi.nlm.nih.gov/pubmed/26381038
https://doi.org/10.1111/acel.12025
http://www.ncbi.nlm.nih.gov/pubmed/23107558
https://doi.org/10.1016/j.cell.2016.07.031
http://www.ncbi.nlm.nih.gov/pubmed/27518560
https://doi.org/10.3389/fgene.2014.00122
https://doi.org/10.3389/fgene.2014.00122
http://www.ncbi.nlm.nih.gov/pubmed/24847356
https://doi.org/10.1016/s0531-5565(02)00149-3
http://www.ncbi.nlm.nih.gov/pubmed/12543260
https://doi.org/10.1016/j.cmet.2015.09.011
http://www.ncbi.nlm.nih.gov/pubmed/26456331
https://doi.org/10.1038/nature13264
https://doi.org/10.1038/nature13264
http://www.ncbi.nlm.nih.gov/pubmed/24828042
https://doi.org/10.1111/acel.12439
http://www.ncbi.nlm.nih.gov/pubmed/26729005
https://doi.org/10.1111/acel.12215
http://www.ncbi.nlm.nih.gov/pubmed/24636523
https://doi.org/10.1038/nature08494
http://www.ncbi.nlm.nih.gov/pubmed/19812666
https://doi.org/10.1111/j.1399-3054.2011.01480.x
https://doi.org/10.1111/j.1399-3054.2011.01480.x
http://www.ncbi.nlm.nih.gov/pubmed/21496032
https://doi.org/10.1371/journal.pgen.1001198
https://doi.org/10.1371/journal.pgen.1001198
http://www.ncbi.nlm.nih.gov/pubmed/21079692
https://doi.org/10.1038/nature10354
http://www.ncbi.nlm.nih.gov/pubmed/21886157
https://doi.org/10.1371/journal.pgen.1000282
http://www.ncbi.nlm.nih.gov/pubmed/19043545
https://doi.org/10.1038/ng.507
https://doi.org/10.1038/ng.507
http://www.ncbi.nlm.nih.gov/pubmed/20037589
https://doi.org/10.1038/nature10811
http://www.ncbi.nlm.nih.gov/pubmed/22318601
https://doi.org/10.1101/gr.171546.113
http://www.ncbi.nlm.nih.gov/pubmed/24714809
https://doi.org/10.1371/journal.pgen.1008835

PLOS GENETICS

Genetic and metabolomic variation of diet restriction and lifespan in flies

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

Ivanov DK, Escott-Price V, Ziehm M, Magwire MM, Mackay TF, Partridge L, et al. Longevity GWAS
Using the Drosophila Genetic Reference Panel. J Gerontol A Biol Sci Med Sci. 2015; 70(12):1470-8.
https://doi.org/10.1093/gerona/glv047 PMID: 25922346; PubMed Central PMCID: PMC4631106.

Weber AL, Khan GF, Magwire MM, Tabor CL, Mackay TF, Anholt RR. Genome-wide association analy-
sis of oxidative stress resistance in Drosophila melanogaster. PLoS One. 2012; 7(4):e34745. https://
doi.org/10.1371/journal.pone.0034745 PMID: 22496853; PubMed Central PMCID: PMC3319608.

Dobson AJ, Chaston JM, Newell PD, Donahue L, Hermann SL, Sannino DR, et al. Host genetic determi-
nants of microbiota-dependent nutrition revealed by genome-wide analysis of Drosophila melanogaster.
Nat Commun. 2015; 6:6312. https://doi.org/10.1038/ncomms7312 PMID: 25692519; PubMed Central
PMCID: PMC4333721.

Mackay TFC, Huang W. Charting the genotype-phenotype map: lessons from the Drosophila melano-
gaster Genetic Reference Panel. Wiley Interdisciplinary Reviews-Developmental Biology. 2018; 7(1).
https://doi.org/10.1002/wdev.289 WOS:000419120900001. PMID: 28834395

Sang JH, King RC. Nutritional Requirements of Axenically Cultured Drosophila melanogaster Adults.
Journal of Experimental Biology1961. p. 793-809.

Osterwalder T, Yoon KS, White BH, Keshishian H. A conditional tissue-specific transgene expression
system using inducible GAL4. Proc Natl Acad Sci U S A. 2001; 98(22):12596—601. https://doi.org/10.
10783/pnas.221303298 PMID: 11675495; PubMed Central PMCID: PMC60099.

Stack JH, Herman PK, Schu PV, Emr SD. A membrane-associated complex containing the Vps15 pro-
tein kinase and the Vps34 PI 3-kinase is essential for protein sorting to the yeast lysosome-like vacuole.
EMBO J. 1993; 12(5):2195-204. PMID: 8387919; PubMed Central PMCID: PMC413440.

Sano H, Nakamura A, Texada MJ, Truman JW, Ishimoto H, Kamikouchi A, et al. The Nutrient-Respon-
sive Hormone CCHamide-2 Controls Growth by Regulating Insulin-like Peptides in the Brain of Dro-
sophila melanogaster. PLoS Genet. 2015; 11(5):e1005209. https://doi.org/10.1371/journal.pgen.
1005209 PMID: 26020940; PubMed Central PMCID: PMC4447355.

Ren GR, Hauser F, Rewitz KF, Kondo S, Engelbrecht AF, Didriksen AK, et al. CCHamide-2 Is an Orexi-
genic Brain-Gut Peptide in Drosophila. PLoS One. 2015; 10(7):e0133017. https://doi.org/10.1371/
journal.pone.0133017 PMID: 26168160; PubMed Central PMCID: PMC4500396.

Stadtman TC. Selenocysteine. Annu Rev Biochem. 1996; 65:83—100. https://doi.org/10.1146/annurev.
bi.65.070196.000503 PMID: 8811175.

Soultoukis GA, Partridge L. Dietary Protein, Metabolism, and Aging. Annual Review of Biochemistry,
Vol 85. 2016; 85:5-34. https://doi.org/10.1146/annurev-biochem-060815-014422
WOS:000379324700003. PMID: 27145842

De Guzman JM, Ku G, Fahey R, Youm YH, Kass |, Ingram DK, et al. Chronic caloric restriction partially
protects against age-related alteration in serum metabolome. Age (Dordr). 2013; 35(4):1091-104.
Epub 2012/06/04. https://doi.org/10.1007/s11357-012-9430-x PMID: 22661299; PubMed Central
PMCID: PMC3705111.

Pontoizeau C, Mouchiroud L, Molin L, Mergoud-Dit-Lamarche A, Dalliere N, Toulhoat P, et al. Metabolo-
mics analysis uncovers that dietary restriction buffers metabolic changes associated with aging in Cae-
norhabditis elegans. J Proteome Res. 2014; 13(6):2910-9. Epub 2014/05/22. https://doi.org/10.1021/
pr5000686 PMID: 24819046; PubMed Central PMCID: PMC4059273.

Mouchiroud L, Molin L, Kasturi P, Triba MN, Dumas ME, Wilson MC, et al. Pyruvate imbalance medi-
ates metabolic reprogramming and mimics lifespan extension by dietary restriction in Caenorhabditis
elegans. Aging Cell. 2011; 10(1):39-54. Epub 2010/11/15. https://doi.org/10.1111/j.1474-9726.2010.
00640.x PMID: 21040400.

Avanesov AS, Ma S, Pierce KA, Yim SH, Lee BC, Clish CB, et al. Age- and diet-associated metabolome
remodeling characterizes the aging process driven by damage accumulation. Elife. 2014; 3:e02077.
Epub 2014/04/29. https://doi.org/10.7554/eLife.02077 PMID: 24843015; PubMed Central PMCID:
PMC4003482.

Jové M, Naudi A, Ramirez-Nufiez O, Portero-Otin M, Selman C, Withers DJ, et al. Caloric restriction
reveals a metabolomic and lipidomic signature in liver of male mice. Aging Cell. 2014; 13(5):828-37.
Epub 2014/07/23. https://doi.org/10.1111/acel.12241 PMID: 25052291; PubMed Central PMCID:
PMC4331741.

Rezzi S, Martin FP, Shanmuganayagam D, Colman RJ, Nicholson JK, Weindruch R. Metabolic shifts
due to long-term caloric restriction revealed in nonhuman primates. Exp Gerontol. 2009; 44(5):356—62.
Epub 2009/03/03. https://doi.org/10.1016/j.exger.2009.02.008 PMID: 19264119; PubMed Central
PMCID: PMC2822382.

Jablonski KL, Klawitter J, Chonchol M, Bassett CJ, Racine ML, Seals DR. Effect of dietary sodium
restriction on human urinary metabolomic profiles. Clin J Am Soc Nephrol. 2015; 10(7):1227-34. Epub

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1008835 July 9, 2020 20/22


https://doi.org/10.1093/gerona/glv047
http://www.ncbi.nlm.nih.gov/pubmed/25922346
https://doi.org/10.1371/journal.pone.0034745
https://doi.org/10.1371/journal.pone.0034745
http://www.ncbi.nlm.nih.gov/pubmed/22496853
https://doi.org/10.1038/ncomms7312
http://www.ncbi.nlm.nih.gov/pubmed/25692519
https://doi.org/10.1002/wdev.289
http://www.ncbi.nlm.nih.gov/pubmed/28834395
https://doi.org/10.1073/pnas.221303298
https://doi.org/10.1073/pnas.221303298
http://www.ncbi.nlm.nih.gov/pubmed/11675495
http://www.ncbi.nlm.nih.gov/pubmed/8387919
https://doi.org/10.1371/journal.pgen.1005209
https://doi.org/10.1371/journal.pgen.1005209
http://www.ncbi.nlm.nih.gov/pubmed/26020940
https://doi.org/10.1371/journal.pone.0133017
https://doi.org/10.1371/journal.pone.0133017
http://www.ncbi.nlm.nih.gov/pubmed/26168160
https://doi.org/10.1146/annurev.bi.65.070196.000503
https://doi.org/10.1146/annurev.bi.65.070196.000503
http://www.ncbi.nlm.nih.gov/pubmed/8811175
https://doi.org/10.1146/annurev-biochem-060815-014422
http://www.ncbi.nlm.nih.gov/pubmed/27145842
https://doi.org/10.1007/s11357-012-9430-x
http://www.ncbi.nlm.nih.gov/pubmed/22661299
https://doi.org/10.1021/pr5000686
https://doi.org/10.1021/pr5000686
http://www.ncbi.nlm.nih.gov/pubmed/24819046
https://doi.org/10.1111/j.1474-9726.2010.00640.x
https://doi.org/10.1111/j.1474-9726.2010.00640.x
http://www.ncbi.nlm.nih.gov/pubmed/21040400
https://doi.org/10.7554/eLife.02077
http://www.ncbi.nlm.nih.gov/pubmed/24843015
https://doi.org/10.1111/acel.12241
http://www.ncbi.nlm.nih.gov/pubmed/25052291
https://doi.org/10.1016/j.exger.2009.02.008
http://www.ncbi.nlm.nih.gov/pubmed/19264119
https://doi.org/10.1371/journal.pgen.1008835

PLOS GENETICS

Genetic and metabolomic variation of diet restriction and lifespan in flies

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

2015/04/21. https://doi.org/10.2215/CJN.11531114 PMID: 25901092; PubMed Central PMCID:
PMC4491302.

Collet TH, Sonoyama T, Henning E, Keogh JM, Ingram B, Kelway S, et al. A Metabolomic Signature of
Acute Caloric Restriction. J Clin Endocrinol Metab. 2017; 102(12):4486-95. https://doi.org/10.1210/jc.
2017-01020 PMID: 29029202; PubMed Central PMCID: PMC5718701.

Liao CY, Rikke BA, Johnson TE, Gelfond JA, Diaz V, Nelson JF. Fat maintenance is a predictor of the
murine lifespan response to dietary restriction. Aging Cell. 2011; 10(4):629-39. https://doi.org/10.1111/
j.1474-9726.2011.00702.x PMID: 21388497; PubMed Central PMCID: PMC3685291.

Cheng LY, Bailey AP, Leevers SJ, Ragan TJ, Driscoll PC, Gould AP. Anaplastic lymphoma kinase
spares organ growth during nutrient restriction in Drosophila. Cell. 2011; 146(3):435-47. https://doi.org/
10.1016/j.cell.2011.06.040 PMID: 21816278.

Grandison RC, Piper MD, Partridge L. Amino-acid imbalance explains extension of lifespan by dietary
restriction in Drosophila. Nature. 2009; 462(7276):1061—4. https://doi.org/10.1038/nature08619 PMID:
19956092; PubMed Central PMCID: PMC2798000.

Lorenz DR, Cantor CR, Collins JJ. A network biology approach to aging in yeast. Proc Natl Acad Sci U
S A. 2009; 106(4):1145-50. Epub 2009/01/21. https://doi.org/10.1073/pnas.0812551106 PMID:
19164565; PubMed Central PMCID: PMC2629491.

Wuttke D, Connor R, Vora C, Craig T, Li Y, Wood S, et al. Dissecting the gene network of dietary restric-
tion to identify evolutionarily conserved pathways and new functional genes. PLoS Genet. 2012; 8(8):
e€1002834. Epub 2012/08/09. https://doi.org/10.1371/journal.pgen.1002834 PMID: 22912585; PubMed
Central PMCID: PMC3415404.

Ghosh S, Wanders D, Stone KP, Van NT, Cortez CC, Gettys TW. A systems biology analysis of the
unique and overlapping transcriptional responses to caloric restriction and dietary methionine restriction
in rats. FASEB J. 2014; 28(6):2577—-90. Epub 2014/02/26. https://doi.org/10.1096/fj.14-249458 PMID:
24571921; PubMed Central PMCID: PMC4021438.

Hou L, Wang D, Chen D, Liu Y, Zhang Y, Cheng H, et al. A Systems Approach to Reverse Engineer
Lifespan Extension by Dietary Restriction. Cell Metab. 2016; 23(3):529—40. https://doi.org/10.1016/.
cmet.2016.02.002 PMID: 26959186; PubMed Central PMCID: PMC5110149.

De Luca M, Roshina NV, Geiger-Thornsberry GL, Lyman RF, Pasyukova EG, Mackay TF. Dopa decar-
boxylase (Ddc) affects variation in Drosophila longevity. Nat Genet. 2003; 34(4):429-33. https://doi.org/
10.1038/ng1218 PMID: 12881721.

Bjordal M, Arquier N, Kniazeff J, Pin JP, Leopold P. Sensing of amino acids in a dopaminergic circuitry
promotes rejection of an incomplete diet in Drosophila. Cell. 2014; 156(3):510-21. https://doi.org/10.
1016/j.cell.2013.12.024 PMID: 24485457.

Linford NJ, Ro J, Chung BY, Pletcher SD. Gustatory and metabolic perception of nutrient stress in Dro-
sophila. Proc Natl Acad Sci U S A. 2015; 112(8):2587-92. https://doi.org/10.1073/pnas.1401501112
PMID: 25675472; PubMed Central PMCID: PMC4345594.

Ro J, Pak G, Malec PA, Lyu Y, Allison DB, Kennedy RT, et al. Serotonin signaling mediates protein val-
uation and aging. Elife. 2016; 5. https://doi.org/10.7554/eLife.16843 PMID: 27572262; PubMed Central
PMCID: PMC5005037.

Dus M, Lai JS, Gunapala KM, Min S, Tayler TD, Hergarden AC, et al. Nutrient Sensor in the Brain
Directs the Action of the Brain-Gut Axis in Drosophila. Neuron. 2015; 87(1):139-51. https://doi.org/10.
1016/j.neuron.2015.05.032 PMID: 26074004; PubMed Central PMCID: PMC4697866.

Pool AH, Kvello P, Mann K, Cheung SK, Gordon MD, Wang L, et al. Four GABAergic interneurons
impose feeding restraint in Drosophila. Neuron. 2014; 83(1):164—77. https://doi.org/10.1016/j.neuron.
2014.05.006 PMID: 24991960; PubMed Central PMCID: PMC4092013.

Caggese C, Barsanti P, Viggiano L, Bozzetti MP, Caizzi R. Genetic, Molecular and Developmental
Analysis of the Glutamine-Synthetase Isozymes of Drosophila melanogaster. Genetica. 1994; 94(2—
3):275-81. https://doi.org/10.1007/BF01443441 WOS:A1994QH20800020. PMID: 7896146

Jayakumar S, Richhariya S, Reddy OV, Texada MJ, Hasan G. Drosophila larval to pupal switch under
nutrient stress requires IP3R/Ca(2+) signalling in glutamatergic interneurons. Elife. 2016; 5. https://doi.
org/10.7554/eLife. 17495 PMID: 27494275; PubMed Central PMCID: PMC4993588.

Post S, Karashchuk G, Wade JD, Sajid W, De Meyts P, Tatar M. Insulin-Like Peptides DILP2 and
DILPS5 Differentially Stimulate Cell Signaling and Glycogen Phosphorylase to Regulate Longevity. Front
Endocrinol (Lausanne). 2018; 9:245. Epub 2018/05/28. https://doi.org/10.3389/fendo.2018.00245
PMID: 29892262; PubMed Central PMCID: PMC5985746.

Hu'Y, Flockhart I, Vinayagam A, Bergwitz C, Berger B, Perrimon N, et al. An integrative approach to
ortholog prediction for disease-focused and other functional studies. BMC Bioinformatics. 2011;
12:357. Epub 2011/08/31. https://doi.org/10.1186/1471-2105-12-357 PMID: 21880147; PubMed Cen-
tral PMCID: PMC3179972.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1008835 July 9, 2020 21/22


https://doi.org/10.2215/CJN.11531114
http://www.ncbi.nlm.nih.gov/pubmed/25901092
https://doi.org/10.1210/jc.2017-01020
https://doi.org/10.1210/jc.2017-01020
http://www.ncbi.nlm.nih.gov/pubmed/29029202
https://doi.org/10.1111/j.1474-9726.2011.00702.x
https://doi.org/10.1111/j.1474-9726.2011.00702.x
http://www.ncbi.nlm.nih.gov/pubmed/21388497
https://doi.org/10.1016/j.cell.2011.06.040
https://doi.org/10.1016/j.cell.2011.06.040
http://www.ncbi.nlm.nih.gov/pubmed/21816278
https://doi.org/10.1038/nature08619
http://www.ncbi.nlm.nih.gov/pubmed/19956092
https://doi.org/10.1073/pnas.0812551106
http://www.ncbi.nlm.nih.gov/pubmed/19164565
https://doi.org/10.1371/journal.pgen.1002834
http://www.ncbi.nlm.nih.gov/pubmed/22912585
https://doi.org/10.1096/fj.14-249458
http://www.ncbi.nlm.nih.gov/pubmed/24571921
https://doi.org/10.1016/j.cmet.2016.02.002
https://doi.org/10.1016/j.cmet.2016.02.002
http://www.ncbi.nlm.nih.gov/pubmed/26959186
https://doi.org/10.1038/ng1218
https://doi.org/10.1038/ng1218
http://www.ncbi.nlm.nih.gov/pubmed/12881721
https://doi.org/10.1016/j.cell.2013.12.024
https://doi.org/10.1016/j.cell.2013.12.024
http://www.ncbi.nlm.nih.gov/pubmed/24485457
https://doi.org/10.1073/pnas.1401501112
http://www.ncbi.nlm.nih.gov/pubmed/25675472
https://doi.org/10.7554/eLife.16843
http://www.ncbi.nlm.nih.gov/pubmed/27572262
https://doi.org/10.1016/j.neuron.2015.05.032
https://doi.org/10.1016/j.neuron.2015.05.032
http://www.ncbi.nlm.nih.gov/pubmed/26074004
https://doi.org/10.1016/j.neuron.2014.05.006
https://doi.org/10.1016/j.neuron.2014.05.006
http://www.ncbi.nlm.nih.gov/pubmed/24991960
https://doi.org/10.1007/BF01443441
http://www.ncbi.nlm.nih.gov/pubmed/7896146
https://doi.org/10.7554/eLife.17495
https://doi.org/10.7554/eLife.17495
http://www.ncbi.nlm.nih.gov/pubmed/27494275
https://doi.org/10.3389/fendo.2018.00245
http://www.ncbi.nlm.nih.gov/pubmed/29892262
https://doi.org/10.1186/1471-2105-12-357
http://www.ncbi.nlm.nih.gov/pubmed/21880147
https://doi.org/10.1371/journal.pgen.1008835

PLOS GENETICS

Genetic and metabolomic variation of diet restriction and lifespan in flies

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

Ramos-Alvarez |, Martin-Duce A, Moreno-Villegas Z, Sanz R, Aparicio C, Portal-Nunez S, et al. Bombe-
sin receptor subtype-3 (BRS-3), a novel candidate as therapeutic molecular target in obesity and diabe-
tes. Molecular and Cellular Endocrinology. 2013; 367(1-2):109-15. https://doi.org/10.1016/j.mce.2012.
12.025 WOS:000315611600012. PMID: 23291341

Durham MF, Magwire MM, Stone EA, Leips J. Genome-wide analysis in Drosophila reveals age-spe-
cific effects of SNPs on fitness traits. Nat Commun. 2014; 5:4338. Epub 2014/07/08. https://doi.org/10.
1038/ncomms5338 PMID: 25000897.

Harvanek ZM, Lyu Y, Gendron CM, Johnson JC, Kondo S, Promislow DEL, et al. Perceptive costs of
reproduction drive ageing and physiology in male Drosophila. Nat Ecol Evol. 2017; 1(6):152. hitps://doi.
0rg/10.1038/s41559-017-0152 PMID: 28812624; PubMed Central PMCID: PMC5657004.

Katewa SD, Akagi K, Bose N, Rakshit K, Camarella T, Zheng X, et al. Peripheral Circadian Clocks Medi-
ate Dietary Restriction-Dependent Changes in Lifespan and Fat Metabolism in Drosophila. Cell Metab.
2016; 23(1):143-54. https://doi.org/10.1016/j.cmet.2015.10.014 PMID: 26626459; PubMed Central
PMCID: PMC4715572.

Nelson CS, Beck JN, Wilson KA, Pilcher ER, Kapahi P, Brem RB. Cross-phenotype association tests
uncover genes mediating nutrient response in Drosophila. BMC Genomics. 2016; 17(1):867. https://doi.
org/10.1186/s12864-016-3137-9 PMID: 27809764; PubMed Central PMCID: PMC5095962.

Zid BM, Rogers AN, Katewa SD, Vargas MA, Kolipinski MC, Lu TA, et al. 4E-BP extends lifespan upon
dietary restriction by enhancing mitochondrial activity in Drosophila. Cell. 2009; 139(1):149-60. https:/
doi.org/10.1016/j.cell.2009.07.034 PMID: 19804760; PubMed Central PMCID: PMC2759400.

Chapman T, Partridge L. Female fitness in Drosophila melanogaster: An interaction between the effect
of nutrition and of encounter rate with males. Proceedings of the Royal Society B-Biological Sciences.
1996; 263(1371):755-9. https://doi.org/10.1098/rspb.1996.0113 WOS:A1996UW13400013. PMID:
8763795

Kapahi P, Zid BM, Harper T, Koslover D, Sapin V, Benzer S. Regulation of lifespan in Drosophila by
modulation of genes in the TOR signaling pathway. Current Biology. 2004; 14(10):885-90. https://doi.
org/10.1016/j.cub.2004.03.059 WOS:000221681600025. PMID: 15186745

Partridge L, Piper MD, Mair W. Dietary restriction in Drosophila. Mech Ageing Dev. 2005; 126(9):938—
50. https://doi.org/10.1016/j.mad.2005.03.023 PMID: 15935441.

Lang S, Hilsabeck TA, Wilson KA, Sharma A, Bose N, Brackman DJ, et al. A conserved role of the insu-
lin-like signaling pathway in diet-dependent uric acid pathologies in Drosophila melanogaster. PLoS
Genet. 2019; 15(8):€1008318. Epub 2019/08/15. https://doi.org/10.1371/journal.pgen.1008318 PMID:
31415568; PubMed Central PMCID: PMC6695094.

Sperber H, Mathieu J, Wang Y, Ferreccio A, Hesson J, Xu Z, et al. The metabolome regulates the epi-
genetic landscape during naive-to-primed human embryonic stem cell transition. Nat Cell Biol. 2015; 17
(12):1523-35. https://doi.org/10.1038/ncb3264 PMID: 26571212; PubMed Central PMCID:
PMC4662931.

Du J, Rountree A, Cleghorn WM, Contreras L, Lindsay KJ, Sadilek M, et al. Phototransduction Influ-
ences Metabolic Flux and Nucleotide Metabolism in Mouse Retina. J Biol Chem. 2016; 291(9):4698—
710. https://doi.org/10.1074/jbc.M115.698985 PMID: 26677218; PubMed Central PMCID:
PMC4813492.

Chiao YA, Kolwicz SC, Basisty N, Gagnidze A, Zhang J, Gu H, et al. Rapamycin transiently induces
mitochondrial remodeling to reprogram energy metabolism in old hearts. Aging (Albany NY). 2016; 8
(2):314-27. https://doi.org/10.18632/aging.100881 PMID: 26872208; PubMed Central PMCID:
PMC4789585.

R Core Team. R: A language and environment for statistical computing. In: Computing RF{S, editor.
Vienna, Austria2014.

Benjamini Y, Hochberg Y. Controlling the False Discovery Rate—a Practical and Powerful Approach to
Multiple Testing. Journal of the Royal Statistical Society Series B-Methodological. 1995; 57(1):289—
300. WOS:A1995QE45300017.

Hastie T, Tibshirani R, Narasimhan B, Chu G. impute: impute: Imputation for microarray data.: R pack-
age version 1.56.0.; 2018.

Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MA, Bender D, et al. PLINK: a tool set for whole-
genome association and population-based linkage analyses. Am J Hum Genet. 2007; 81(3):559-75.
https://doi.org/10.1086/519795 PMID: 17701901; PubMed Central PMCID: PMC1950838.

Gao J, Tarcea VG, Karnovsky A, Mirel BR, Weymouth TE, Beecher CW, et al. Metscape: a Cytoscape
plug-in for visualizing and interpreting metabolomic data in the context of human metabolic networks.
Bioinformatics. 2010; 26(7):971-3. https://doi.org/10.1093/bioinformatics/btq048 PMID: 20139469;
PubMed Central PMCID: PMC2844990.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1008835 July 9, 2020 22/22


https://doi.org/10.1016/j.mce.2012.12.025
https://doi.org/10.1016/j.mce.2012.12.025
http://www.ncbi.nlm.nih.gov/pubmed/23291341
https://doi.org/10.1038/ncomms5338
https://doi.org/10.1038/ncomms5338
http://www.ncbi.nlm.nih.gov/pubmed/25000897
https://doi.org/10.1038/s41559-017-0152
https://doi.org/10.1038/s41559-017-0152
http://www.ncbi.nlm.nih.gov/pubmed/28812624
https://doi.org/10.1016/j.cmet.2015.10.014
http://www.ncbi.nlm.nih.gov/pubmed/26626459
https://doi.org/10.1186/s12864-016-3137-9
https://doi.org/10.1186/s12864-016-3137-9
http://www.ncbi.nlm.nih.gov/pubmed/27809764
https://doi.org/10.1016/j.cell.2009.07.034
https://doi.org/10.1016/j.cell.2009.07.034
http://www.ncbi.nlm.nih.gov/pubmed/19804760
https://doi.org/10.1098/rspb.1996.0113
http://www.ncbi.nlm.nih.gov/pubmed/8763795
https://doi.org/10.1016/j.cub.2004.03.059
https://doi.org/10.1016/j.cub.2004.03.059
http://www.ncbi.nlm.nih.gov/pubmed/15186745
https://doi.org/10.1016/j.mad.2005.03.023
http://www.ncbi.nlm.nih.gov/pubmed/15935441
https://doi.org/10.1371/journal.pgen.1008318
http://www.ncbi.nlm.nih.gov/pubmed/31415568
https://doi.org/10.1038/ncb3264
http://www.ncbi.nlm.nih.gov/pubmed/26571212
https://doi.org/10.1074/jbc.M115.698985
http://www.ncbi.nlm.nih.gov/pubmed/26677218
https://doi.org/10.18632/aging.100881
http://www.ncbi.nlm.nih.gov/pubmed/26872208
https://doi.org/10.1086/519795
http://www.ncbi.nlm.nih.gov/pubmed/17701901
https://doi.org/10.1093/bioinformatics/btq048
http://www.ncbi.nlm.nih.gov/pubmed/20139469
https://doi.org/10.1371/journal.pgen.1008835

