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Abstract

Primates tend to be long-lived for their size with humans being the longest lived of all primates.
There are compelling reasons to understand the underlying age-related processes that shape human
lifespan. But the very fact of our long lifespan that makes it so compelling, also makes it
especially difficult to study. Thus, in studies of aging, researchers have turned to non-human
primate models, including chimpanzees, baboons, and rhesus macaques. More recently, the
common marmoset, Callithrix jacchus, has been recognized as a particularly valuable model in
studies of aging, given its small size, ease of housing in captivity, and relatively short lifespan.
However, little is known about the physiological changes that occur as marmosets age. To begin to
fill in this gap, we utilized high sensitivity metabolomics to define the longitudinal biochemical
changes associated with age in the common marmoset. We measured 2104 metabolites from blood
plasma at three separate time points over a 17-month period, and we completed both a cross-
sectional and longitudinal analysis of the metabolome. We discovered hundreds of metabolites
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associated with age and body weight in both male and female animals. Our longitudinal analysis
identified age-associated metabolic pathways that were not found in our cross-sectional analysis.
Pathways enriched for age-associated metabolites included tryptophan, nucleotide, and xenobiotic
metabolism, suggesting these biochemical pathways might play an important role in the basic
mechanisms of aging in primates. Moreover, we found that many metabolic pathways associated
with age were sex specific. Our work illustrates the power of longitudinal approaches, even in a
short time frame, to discover novel biochemical changes that occur with age.
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1. Introduction

Many studies have attempted to determine biomarkers of age and age-related survivorship of
individuals (reviewed in Johnson 2006; Mather et al. 2011). However, most have been
unsuccessful. There are numerous factors that might account for our relative lack of success
in finding biomarkers of aging, one of which is that most studies have looked at cross-
sectional, rather than longitudinal, data. Cross-sectional studies compare changes that occur
among all individuals as they age, but fail to track changes within individuals. There are
molecular changes that occur throughout an individual's life that may have profound effects
on aging and age-related disease, yet are not revealed by traditional cross-sectional aging
studies. The most meaningful biomarkers might be those whose long-term trajectories,
rather than their static values at one time point, predict pathology or death. To identify these
biomarkers, we need to turn to longitudinal data analysis. In fact, many longitudinal studies
in humans have identified genetic and environmental correlates of longevity (e.g. Colditz
and Hankinson 2005; Ferrucci 2008). However, these studies take many decades to
complete, and at considerable expense. With this in mind, we turned to the common
marmoset, Callithrix jacchus, in which we could use longitudinal approaches to search for
systems biology predictors of healthspan and lifespan.

The marmoset, a small, relatively short-lived non-human primate, offers us a powerful,
translational model to understand the causes and correlates of aging. Though most studies
have utilized large primates, such as the rhesus macaque, recent studies have pointed to the
common marmoset, Callithrix jacchus, as an ideal non-human primate model of aging
(Fischer and Austad 2011; Tardif et al. 2011). Marmosets have age-associated pathologies
also seen in humans, and they have a relatively short lifespan (average 8-12 years and
maximum 16.5-21.5) compared to other well-studied primates (Tardif et al. 2011; Nishijima
et al. 2012).

We believe that by studying the biochemical changes that occur throughout the life of the
marmoset, we may be able to better detect specific, accurate biomarkers of aging. One way
to do this is through the use of high-resolution metabolomics (Jones et al. 2012), the study of
small molecules in an organism. This can provide us with a snapshot of metabolic changes
that occur over time. Cross-sectional approaches in non-human primates have been
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completed to identify metabolites correlated with age (Muehlenbein et al. 2003; Kuehnel et
al. 2012). However, longitudinal studies of metabolites in primates have been confined to
earlier developmental stages (Higley et al. 1992; Beckstrom et al. 2012). Research in model
organisms show that the analysis of metabolites has the potential to identify metabolic
pathways that might be implicated in aging (Fuchs et al. 2010; Houtkooper et al. 2011;
Hoffman et al. 2014).

Metabolomic studies have rarely been used in the analysis of natural aging in non-human
primates, with previous studies focusing on biomarkers of specific diseases, rather than the
effects of natural aging (e.g. Patterson et al. 2011; Liu et al. 2013). Moreover, metabolomic
studies that do look at metabolites associated with age in the marmoset have relied on cross-
sectional analyses (Kuehnel et al. 2012; Roede et al. 2013), which as described earlier, may
be missing important changes within individuals. This leaves a potentially important gap in
our understanding of how individual metabolites and metabolic pathways change over the
life of an animal.

We take advantage of the marmoset's short lifespan to gain insight into the longitudinal
changes in the metabolome, and use this system as a potential model for human aging
metabolomics. While the common marmoset has been proposed as a new non-human
primate model of aging, very little is known about how its biochemical makeup changes
with age. Here, we present the first longitudinal study of age related changes in the
metabolome of a large colony of marmosets.

2. Methods

2.1 Marmosets and sample collection

Marmosets were housed at the New England Primate Research Center and were maintained
as described in Soltow et al. (2013). Briefly, most marmosets were pair housed in cages and
fed commercial marmoset chow that was supplemented with various fruits, vegetables,
seeds, and mealworms. Animals were given water ad libitum, and water was changed daily.
Animal cages were cleaned three times a week. All rooms containing animals were
temperature and humidity controlled, and the animals were given various life enrichments
including toys, food treats, and music.

Blood plasma samples were collected at three different time points over a 17-month period
(June 2012, October 2012, and November 2013) during routine physical exams of the
animals under sedation with 0.2mL of ketamine as described in Roede et al. (2013).
Previous reproductive history of the animals was unknown; however, no females pregnant at
the time of sampling were included in the population. This 17-month period represents at
least 12% of the mean lifespan in this species (Tardif et al. 2011).

2.2 Metabolomic analysis

Metabolites were analyzed by high-resolution mass spectrometry (MS; LTQ-Velos Orbitrap,
Thermo Fisher) coupled to liquid chromatography (LC) using a reverse-phase C18 column
(Soltow et al. 2013). Briefly, 50 pL of plasma was added to 100 uL of acetonitrile along
with a 2.5 pL aliquot containing stable isotope standards. Samples were mixed, incubated at
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4° C for 30 min, and centrifuged to remove protein. Supernatants were analyzed in triplicate
by LC-MS (Soltow et al. 2013; Go et al. 2014). Data were extracted using apLCMS (Yu et
al. 2009) with xMSanalyzer (Uppal et al. 2013) as m/z features, where an m/z feature is
defined by m/z (mass-to-charge ratio), retention time, and ion intensity (Johnson et al. 2010).

2.3 Data analysis

Data analyses were carried out using the statistics package R, version 3.0.2 (R Core Team
2013) unless otherwise stated. For each time point, the data structure originally consisted of
over 20,000 metabolites measured for each individual. As a first quality control step, all
metabolites were normalized using a log transformation. We then measured the repeatability
of technical replicates for each metabolite, measured as the signal-to-noise ratio (SNR,

z; /a;), where £, is the mean intensity of metabolite i across all samples, and ¢, is the mean
of the standard deviation of technical replicates within each biological replicate for
metabolite i, averaged across all biological replicates. Following Hoffman et al. (2014), only
those metabolites with SNR = 15 were kept for further analysis. These quality control
measures were executed separately for each time point.

Next, to ensure we combined the same metabolites across the three different time points, we
used the R package xMSanalyzer (Uppal et al., 2013). This program identifies the same
metabolite from different datasets by analyzing both the mass to charge (m/z) ratio and
column retention time. Metabolites were considered identical across the time points if they
had m/z ratios within 10 ppm of each other and their retention times varied by less than 10
seconds.

We first wanted to discover specific metabolites that were associated with age and body
weight within each time point individually (i.e., cross-sectional analysis). We ran a linear
model with body weight and age as fixed effects predicting metabolite intensity. The sexes
were analyzed separately. Metabolites were considered significantly associated with either
factor if they passed a false discovery rate (FDR) of a = 0.1 (Benjamini and Hochberg
1995).

We then looked at metabolite associations with weight change. For those animals that had
data from the first and last time points, we calculated the change in weight over the 17-
month period. We then ran a linear model looking at associations of weight change and
metabolite values in the first time point. Thus we were determining if metabolite values
were correlated with future weight changes.

To determine if the changes observed across ages within a time point continued across time
and individuals as well as to discover novel metabolites associated with aging in the
marmoset, we sought metabolites with significant longitudinal changes in intensity across all
individuals. The sexes were again analyzed separately. Our longitudinal analysis was carried
out by implementing a random effects model in the nime package (Pinherio et al. 2012),
with age and weight as fixed effects and individual as a random effect. Thus, we wanted to
determine if the correlations between metabolite intensity and age and body weight in our
cross-sectional analysis were recapitulated across time within individuals in our longitudinal
analysis. The linear mixed effects approach enables us to include all individuals, including

Exp Gerontol. Author manuscript; available in PMC 2017 April 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hoffman et al. Page 5

those for which we have only a single time point (Bernal-Rusiel et al. 2013). We were also
interested in discovering if specific metabolites were associated with age or body weight in
one statistical approach but not the other. This would also give us insight into whether a
cross-sectional or longitudinal approach is more sensitive to changes in metabolite
concentration with age. There are batch effects in the data such that the mean metabolite
concentration across all samples can vary between time points, and we were interested in the
relative metabolite intensity among individuals. Accordingly, for this longitudinal analysis,
we centered all metabolites within a marmoset to a mean of zero. We again used an FDR
with a = 0.1 to correct for multiple comparisons.

For those metabolites that were discovered to be associated either with age or weight in the
cross sectional or longitudinal analysis, we looked for specific metabolic pathways that were
overrepresented using the pathway enrichment program mummichog (Li et al. 2013).
Mummichog annotates m/z features and determines specific metabolic pathway enrichment
using the MetaCyc database (Caspi et al. 2014). In particular, we set mummichog to query
the “human_mfn” reference metabolic pathway, as humans are the most closely related
organism to the marmoset for which metabolite profiles and pathways have been well
defined. For this analysis, we considered pathways significantly enriched for a factor if the
mummichog-adjusted P value was less than 0.05. The adjusted P-value is calculated from
resampling the reference input file using a gamma distribution which penalizes pathways
with fewer reference hits, thus giving more significance to larger pathways.

3. Results

Our final dataset consisted of information from 230 individual marmosets across a period of
17-months. Of the 230 animals, 77 were sampled twice, and 84 were sampled three times
(Figure 1). The animals ranged in age from 1-17 years with an average age of 6.3 years. Age
distributions in each time point are shown in Figure 1. Females were slightly but not
significantly larger than males on average across all time points combined, (407.4 g (+/-
62.8 SD) and 403.6 g (+/- 49.3 SD), respectively). Age and weight means and ranges for
each time point individually are shown in Table 1. We also found significant differences in
weight changes over the 17 months between young and old animals. In both sexes, young
animals (those under 4 years at the first time point) lost weight on average, while old
animals (those over 10 years at the first time point) gained weight on average. The
distributions of weight changes over the course of the experiment were significantly
different between old and young monkeys (t-test: P<0.01 for both sexes).

Our final metabolomics dataset consisted of 2104 metabolites that were present in all three
time points analyzed. Of these metabolites, we were able to putatively annotate 250 (11.9%)
using the program mummichog.

We analyzed our data in two steps. First, we ran a cross-sectional analysis of each time point
individually to identify metabolites associated with age and body weight among individuals
within a time-specific cohort. We were able to discover hundreds of metabolites that
increased (up to 46% of metabolites analyzed) or decreased (up to 21% of metabolites

Exp Gerontol. Author manuscript; available in PMC 2017 April 01.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hoffman et al. Page 6

analyzed) with age, as well as dozen of metabolites that were positively correlated with body
mass (Table 1). Relatively few metabolites were negatively correlated with body weight.

Metabolite enrichment analysis using mummichog pointed to many metabolic pathways
associated with age within the individual time points. Among metabolites that increased
with age, we found significant enrichment for purine and pyrimidine metabolism in both
sexes (Table 2). In contrast, we did not find any pathways that were clearly enriched for
metabolites that decreased with age (Table 3).

We then looked at the associations with metabolite values and changes in weight. Our
regression analysis found no metabolites in females that in the first time point (June 2012)
were associated with future change in body weight. However, in males we discovered 127
metabolites that were correlated with future changes in weight. The majority of these
metabolites were found to be associated with a future increase in weight (115), yet as with
the metabolites associated with body weight before, we did not find enrichment for any
metabolic pathways.

After carrying out the cross-sectional analysis, we used the random effects model for
longitudinal data analysis, with the goal of identifying those metabolites whose trajectory
changed consistently with age and/or body weight within individuals throughout the
population. Unlike our cross-sectional analysis, in females, we were able to find many
metabolites both positively correlated (Table 1, Figure 2a) and negatively correlated (Table
1, Figure 2b) with body weight. We found many fewer metabolites either positively or
negatively associated with body weight in males (Table 1). In neither sex did we identify
enrichment in any specific metabolic pathways for body weight.

In our longitudinal analysis we identified hundreds of specific metabolites that both
increased (Table 1, Figure 3a and 3b) and decreased with age (Table 1, Figure 3c and 3d)
across individuals. Our mummichog pathway analysis was then able to determine 27 specific
metabolic pathways that were significantly associated with age-related change in at least one
sex (Table 2 and 3). Numbers of actual metabolites found in each metabolic pathway are
shown in Tables S1 and S2. Over 30% (10) of the metabolic pathways associated with age in
our longitudinal analysis were shared between the sexes. Moreover, ten metabolic pathways
associated with age in the longitudinal analysis were not discovered in any of the cross-
sectional analyses. Several of the metabolic pathways found to be associated with age are
associated with tryptophan and tyrosine, nucleotide, and xenobiotic metabolism. The
changes seen in tryptophan and tyrosine metabolism metabolic pathway are shown in Figure
4,

4. Discussion

Here, we have presented the largest longitudinal metabolomics study to date, and we show
the power longitudinal studies have to identify metabolites associated with age that are not
found in cross sectional analyses. Cross sectional studies provide great insight into how
metabolites are associated with age; however, our findings suggest that longitudinal studies,
even over relatively short periods of time, may better identify metabolic correlates of aging.
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We were able to discover hundreds of metabolites significantly associated with age in the
marmoset, and our 17-month longitudinal analysis was able to cover between twelve and
eighteen percent of the average lifespan of the marmoset (depending on reported population
averages). This is comparable to nine to fourteen years of human lifespan, yet previous
longitudinal metabolomics studies in humans have covered a maximum of seven years
(YYousri et al. 2014),. The results of this study show the power of the common marmoset to
discover new potential biomarkers of aging in a much shorter time frame than studies on
humans (and other non-human primates).

We have shown that many metabolic pathways associated with age in the animals are only
found in one sex. While many studies have looked at sex differences in metabolomic
profiles and age (e.g. Slupsky et al. 2007; Psihogios et al. 2008), few have attempted to
determine how metabolomic profiles change with age between the sexes (e.g. Lawton et al.
2008; Yu et al. 2012). Our results suggest future metabolomics and aging studies should
look at the sexes independently as the metabolic causes and consequences of aging may be
sex specific, similar to results previously shown in human metabolomic profiles (Yu et al.
2012). Moreover, the sex-specific trajectories observed here point to the possibility that sex-
specific metabolomic analysis might point to mechanisms that underlie sex-differences in
aging and aging-related disease.

Among metabolites whose concentrations increased or decreased significantly with age, we
found substantial enrichment for tryptophan and tyrosine metabolism, nucleotide
metabolism, and xenobiotic metabolism. Here we discuss each of these metabolic pathways
in turn.

Our results suggest that in the marmoset there is significant enrichment across time points
for changes in tryptophan and tyrosine metabolism with age (Figure 4). Previous studies
have implicated tryptophan metabolism in aging in a variety of model organisms (reviewed
in van der Goot and Nollen 2013), especially in its breakdown to kynurenine (e.g. Coburn
and Gems 2013). Tyrosine and tryptophan metabolism can involve the production of
monoamine neurotransmitters, which have recently been associated with aging in flies
(Hoffman et al. 2014). Both tryptophan and tyrosine metabolism have been associated with
inflammation in elderly human subjects (Capuron et al. 2011). Our results combined with
previous research suggest there is the potential that changes in tryptophan metabolism may
be a conserved metabolic pathway that is associated the age and longevity across distantly
related organisms. Future studies are needed to determine if the age-related changes that we
see in the tryptophan metabolic pathway affect patterns of aging, or rather are a secondary
consequence of aging.

We also found evidence that pathways associated with xenobiotic metabolism are enriched
for metabolites that increase with age. Xenobiotic metabolism involves the breakdown of
foreign metabolites that are taken in from the environment. The ability to break down
xenobiotics may decrease in older individuals, leading to a buildup of these metabolites.
Previous research in mice has shown that longer-lived strains exhibit increased expression of
genes linked to xenobiotic metabolism (Amador-Noguez et al. 2007; Steinbaugh et al.
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2012). These results, combined with our own, suggest that xenobiotic metabolism might be
an important factor associated with aging.

We also found strong evidence that the concentration of metabolites associated with
nucleotide metabolite, especially purine metabolism, increased with age. The majority of
metabolites associated with purine metabolism were found to be increased with age, and it is
conserved across both sexes and multiple time points (Table 2). While DNA damage is often
cited as a potential causative agent of aging and longevity (e.g. Gensler and Bernstein 1981;
Schumacher et al. 2008; Hoeijmakers 2009), few aging studies have shown changes in the
metabolites that make up nucleotide metabolism pathways. Previous metabolomic work in
yeast has shown that decreases in nucleotide concentrations are significantly associated with
extended longevity (Yoshida et al. 2010), and nucleotide metabolism has been shown to
influence tumor growth (Aird and Zhang 2015). These results in other species, coupled with
our significant changes in nucleotide metabolism in the marmoset suggest changes in
nucleotide metabolism may have a significant impact on the aging phenotype. Future studies
are needed to determine the specific effects nucleotides have on natural aging and longevity
within different organisms.

While not the focus of this study, we were able to discover dozens of metabolites in both
sexes that were significantly associated with body weight longitudinally. Interestingly, while
we failed to find many metabolites that decline with increases in body weight in our cross
sectional analysis, we found over 100 metabolites in the longitudinal study. This again
points to the power of longitudinal studies, even over a relatively short time frame, to detect
potential biomarkers of phenotypes of interest. We were also able to discover that some
metabolites appear to be associated with future changes in body weight, but in males only.
Previous work has shown the metabolome to be associated with changes in body weight;
however the sexes were analyzed together in this analysis (Wahl et al. 2015).

Although we were able to discover many metabolites associated with body weight and
change in body weight (both positively and negatively), we were not able to discern any
specific pathways in either sex that were significantly enriched for these metabolites. This
suggests that while metabolomic profiles are associated with body weight, these associations
might occur throughout the metabolome, rather than focused on specific pathways.
Interestingly, metabolites were more likely to be associated with body weight in females, but
more likely to be associated with changes in body weight in males. This suggests there may
be sex differences not only in metabolite correlates with body weight, but also in how
metabolites respond to changes in weight. Our results are consistent with previous work
showing sex-specificity of metabolite-body weight associations (Szymanska et al. 2012).
Future studies are necessary to more fully understand the effects of body size on
metabolomic profiles as an animal ages.

Although the results of this study represent the largest metabolomic longitudinal analysis to
date, the time period investigated is overall quite short. As described above the three time
points only represent about 15% or so of the average lifespan of the animal, yet by looking
at metabolites across time points we were able to discover many metabolic pathways that
might have been missed in a cross-sectional analysis. Eleven metabolic pathways were
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found to be enriched solely in the longitudinal analysis, and 28 pathways were found in only
one individual time point. This suggests that if we had only sampled the animals as one
point, there are many metabolic pathways associated with age that we would have missed.

While we were able to analyze thousands of metabolites and find hundreds that significantly
change with age and body weight across the sexes, there were several limitations to this
study. First, metabolomic profiles are known to change on a daily basis and even cyclically
within the day (Queiroz 1974). However, we were not able to draw marmoset blood samples
on the same day let alone the same time of day. These daily changes could explain, in part,
the large variances seen in metabolite concentrations even within animals of the same age,
which might have limited our ability to detect metabolites that change with age. Second,
blood samples were drawn while the primates were anesthetized with ketamine, which could
potentially disrupt normal metabolomic profiles. While the effects of ketamine on blood
metabolomics are unknown, previous research in macaques has shown that ketamine does
not change blood hormones levels and has less pronounced effects than other forms of
anesthesia (Zaidi et al. 1982). Both of these factors are expected to add noise to the data;
however, it does suggest that those patterns we see in the data are reliable correlations,
making these results all the more impressive.

The nature of this dataset points to two additional caveats to these findings. First, the
parameters we used to combine metabolites across time points were conservative (especially
the retention time). Each time point had over 10,000 metabolites left after quality control,
but only 2104 could be conservatively said to be the same across all three time points, which
suggests that we might have discarded information on some metabolites that were actually
present in the data from all three time points. Our study was also limited by the lack of
metabolite annotation matches available. Very little is known about specific marmoset
metabolites, so we used the human metabolome as the reference. However, mummichog was
only able to annotate a small proportion of the metabolites used in this study (~12%). While
some of these undefined metabolites might have simply been adducts of metabolites that we
did identify, others might have been novel, unknown chemicals.

5. Conclusion

Here we have presented the first large-scale longitudinal metabolomics study in a non-
human primate, and we were able to discover many metabolic pathways that show
consistent changes with age. We believe longitudinal studies are underutilized as a method
for determining changes in metabolites and metabolic pathways that are involved in the
aging process, and future metabolomics studies should try to incorporate multiple
measurements of the same individuals. The marmosets in this colony will continue to be
followed, and as the animals age and die, we hope to identify long-term changes in
metabolomic profiles that are predictive of risk of morbidity and mortality.
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Refer to Web version on PubMed Central for supplementary material.
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Highlights
Longitudinal studies give insights into aging not seen in cross sectional analyses
The common marmoset provides an ideal model to study aging metabolomics
The metabolome is highly associated with age of an individual

Tryptophan, nucleotide, and xenobiotic metabolism are associated with age
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Figure 1. Plot of all ages of each individual maramoset

Age (Years)

Marmosets are ranked by age. Each point represents a blood sample that was taken from an
individual marmoset. The y-axis values represents a single marmoset while the x-axis values
represents the age at which it was sampled. Animals were sampled either 1, 2, or 3 times.

Females are in red on the left; males on the right in blue.
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Figure 2. Plot of individual metabolites that change with body weight
a) metabolite increasing with body weight. b) metabolite decreasing with body weight. Each

line represents an individual marmoset. Data are only shown for female animals.
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Figure 3. Plot of individual metabolites associated with age

a) female increase with age. b) male increase with age. c) female decrease with age. d) male
decrease with age. Each line represents an individual marmoset.
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metabolic pathway but not found in our dataset are colored yellow. Bold names indicate
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Table 2
Pathways associated with an increase with age

Page 19

Metabolic pathways enriched for individual time points and the longitudinal analysis. Values reported are
adjusted p-values from the metabolic pathway enrichment program mummichog. Pathways were considered
significant if their adjusted p-values were less than 0.05. Tables of actual metabolites detected increasing with
age and in the entire annotated metabolome shown in Table S1.

Pathway

Increase with age

June 2012

October 2012 November 2013 Longitudinal

Females

Males

Females Males Females Males Females Males

3-Chloroacrylic acid degradation

Androgen and estrogen biosynthesis and metabolism
Arginine and Proline Metabolism

Ascorbate (Vitamin C) and Aldarate Metabolism
Aspartate and asparagine metabolism

Beta-Alanine metabolism

C21-steroid hormone biosynthesis and metabolism
Caffeine metabolism

Carnitine shuttle

D4&E4-neuroprostanes formation

Drug metabolism - cytochrome P450

Fatty acid activation

Fructose and mannose metabolism

Glycolysis and Gluconeogenesis
Glycerophospholipid metabolism

Glycosphingolipid metabolism

Histidine metabolism

Hyaluronan Metabolism

Linoleate metabolism

Methionine and cysteine metabolism

N-Glycan biosynthesis

Pentose phosphate pathway

Phosphatidylinositol phosphate metabolism

Phytanic acid peroxisomal oxidation

Porphyrin metabolism

Purine metabolism 0.0240
Pyrimidine metabolism

Squalene and cholesterol biosynthesis 0.0041
TCA cycle 0.0191
Tryptophan metabolism

Tyrosine metabolism

Vitamin B3 (nicotinate and nicotinamide) metabolism

Vitamin B9 (folate) metabolism

0.0033

0.0093

0.0451

0.0086

0.0451

0.0035

0.0163
0.0046
0.0263

0.0040

0.0163

0.0023  0.0049 0.0301
0.0016

0.0018

0.0291
0.0089  0.0048
0.0183

0.0162  0.0421
0.0053
0.0301
0.0282
0.0035
0.0049

0.0300
0.0098
0.0042
0.0063
0.0248
0.0145

0.0029 0.0057  0.0035
0.0135  0.0029  0.0012 0.0030  0.0005
0.0183  0.0084
0.0475 0.0209

0.0079

0.0242

0.0131
0.0021 0.0025

0.0204
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Increase with age

Pathway June 2012 October 2012 November 2013 Longitudinal

Females Males Females Males Females Males Females Males

Vitamin E metabolism 0.0020
Xenobiotics metabolism 0.0320 0.0034  0.0476
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Table 3
Pathways associated with a decrease with age

Metabolic pathways enriched for individual time points and the longitudinal analysis. Values reported are
adjusted p-values from the metabolic pathway enrichment program mummichog. Pathways were considered
significant if their adjusted p-values were less than 0.05. Tables of actual metabolites detected increasing with
age and in the entire annotated metabolome shown in Table S2.

Decrease with age

Pathway June 2012 October 2012 November 2013 Longitudinal

Females Males Females Males Females Males Females Males

Biopterin metabolism 0.0014  0.0025
Chondroitin sulfate degradation 0.0025
Dynorphin metabolism 0.0004 0.0014  0.0025
Fatty acid activation 0.0218

Glycerophospholipid metabolism 0.0319

Glycine, serine, alanine and threonine metabolism 0.0131 0.0118
Glycosphingolipid biosynthesis - ganglioseries 0.0112 0.0192
Heparan sulfate degradation 0.0025
Histidine metabolism 0.0235

Leukotriene metabolism 0.0035 0.0122
Methionine and cysteine metabolism 0.0215
Prostaglandin formation from arachidonate 0.0123

Prpdstaglandin formation from dihomo gama-linoleic 0.0025  0.0042

aci

Purine metabolism 0.0118
Pyrimidine metabolism 0.0072

Sialic acid metabolism 0.0389
Starch and Sucrose Metabolism 0.0394 0.0126
TCA cycle 0.0093  0.0389
Tryptophan metabolism 0.0111  0.0032 0.0036  0.0287
Tyrosine metabolism 0.0332 0.0218  0.0287
Valine, leucine and isoleucine degradation 0.0160

Vitamin A (retinol) metabolism 0.0319

Vitamin E metabolism 0.0046 0.0389
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