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AGE AND EARLY LIFE ADVERSITY IN THE WILD BABOON GUT
MICROBIOME

Abstract

by

Mauna R. Dasari

Mammalian gut microbiomes are highly individualized, dynamic microbial com-
munities. They serve essential functions for their hosts by breaking down com-
plex carbohydrates, producing vitamins, training the immune system, and resist-
ing pathogens. These communities also change substantially throughout life in
response to host environment, diet, and sociality. Age and early life experiences
have also been shown to influence the composition of the gut microbiome in cross-
sectional studies. These changes are proposed to be important markers of indi-
vidual development and senescence. However, to date, scientific understanding of
host-microbe dynamics is hampered by the fact that most microbiome research is
cross-sectional. Without fine-grained longitudinal data on microbiome composition
across the host’s life, we do not know how gut microbiomes change in individuals
over time, what factors drive variation in gut microbiome development and aging, or
whether these changes serve as markers of maturational milestones or mortality
risk.

To address this gap, my PhD research leverages long-term, longitudinal data
from a wild population of baboons (Papio cynocephalus) monitored by the Am-
boseli Baboon Research Project (ABRP) in Kenya. My dissertation objective was

to characterize how the gut microbiome changes in response to early life experi-
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ences and age across the lifespan, understand what host and environmental fac-
tors predict these changes, and determine whether microbial changes are linked to
host maturation and survival. To accomplish this objective, | combine the ABRP’s
50 years of demographic, environmental, social, and genetic data with a corre-
sponding gut microbiome data set consisting of over 17,000 16S gut microbial
profiles collected from 601 known individually-known, wild baboons over a 14-
year period. Using a subset of these data, | have shown that the gut microbiome
changes predictably with age and found that individuals who were socially low-
ranked exhibit faster rates of microbial aging relative to high-ranked peers. Next, |
found that individuals who aged faster attain certain maturational milestones ear-
lier. Last, | discovered that specific types of early life adversity are correlated with
changes in microbial composition or decreased stability late in life. Together, my
research improves our understanding of how the gut microbiome adapts to and

influences its mammalian host’s life course.
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2.1

2.2

2.3

2.4

2.5

FIGURES

Longitudinal fecal samples collected for (A) female and (B) male ba-
boons in the Amboseli ecosystem. Host age at the time of sample
collection is indicated on the x-axis and individual baboons are rep-
resented on the y-axis. Each point represents a fecal sample col-
lected from an individual baboon. The fill color of each point reflects
the subject’s sexual maturation state, with lighter colors reflecting
samples collected prior to menarche for females and prior to tes-
ticular enlargement for males (for more information on how these
milestones are measured, see Table Plot A contains 8,245
samples from 234 individual females. Plot B contains 5,231 sam-
ples from 197 individual males. . . . . ... ... ... ... .....

The proportion of microbiome features that were significantly pre-
dicted by host age, where age was modeled as (A) a linear term,
or (B) a quadratic term in a linear mixed model (significance is FDR
corrected using the Benjamini-Hochberg procedure with a thresh-
old of 0.05). All features were modeled using Gaussian error dis-
tributions, except the features labeled 'binomial ASVs’, which were
modeled using a binomial error distribution (see Section2.5). . . . .
Linear associations between mean-centered age and community
metrics or the 50 taxa whose abundances exhibited the strongest
effect sizes. Plot shows the 50 largest linear estimates for taxa that
had significant associations with age. Points are colored by cate-
gory of feature, and category of feature is also indicated in paren-
theses, where D is for diversity metrics, C for position, P for phylum,
F for family, G for genus, and ASV for ASV. Features that also had a
significant quadratic age term are indicatedbya ™. . ... .. .. ..
A microbiome clock of aging in wild baboons. Plots show predicted
microbiome age in years (agen) from a Gaussian process regres-
sion model, relative to each baboon’s true, chronological age in
years (age;) at the time of sample collection. (A) Shows a linear
fit for all subjects in the model, and (B) shows separate linear fits for
each sex. On each plot, the dashed lines indicate a 1-to-1 relation-
ship between agecandagen. . . . . . . . ...
Microbiome features that changed the Gaussian process regres-
sion’s R? predicting host age by more than half a percent when
removed fromthemodel. . . ... ... ... ... ..........
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2.6

2.7

Plots illustrating the measurement of (A) sample specific microbiome
age acceleration and (B) pace of microbiome aging in individual
baboons. (A) Age acceleration is calculated for each microbiome
sample as the difference between age,, and age.. Samples with
positive values of age acceleration (e.g. the red sample) have older
predicted microbiome age estimates than their true chronological
age and would be considered microbially old-for-age. Samples with
negative values of age acceleration (e.g. the blue sample) are mi-
crobially young-for-age. (B) Pace of microbiome aging reflects lon-
gitudinal change in microbiome age acceleration in individuals, con-
trolling for chronological age and environmental variables known to
explain variation in gut microbiome composition in Amboseli (Bjork
et al.; Ren et al., [2015]; [Tung et al., 2015). Specifically, microbiome
pace of aging for a given individual was calculated as the individ-
ual’'s random slope, controlling for the subject’s chronological age
on the day of sample collection, season on the day of sample col-
lection, average maximum temperature the month prior to sample
collection, and total rainfall the month prior to sample collection, with
random intercepts for the hydrological year of sample collection and
the social group membership on the day of sample collection. High
values of microbiome pace of aging above the population median
reflect individuals who have steep slopes and therefore fast paces
of microbiome aging. . . . . . . ...
Pace of microbiome aging in female and male baboons. Plots A and
B depict the pace of microbiome aging in the 20 best-sampled (A)
females and (B) males (average number of samples for the 20 best-
sampled females = 105 samples; range = 87-135 samples; average
number of samples for the 20 best-sampled males = 89 samples;
range = 61-135 samples). The plots in C and D are histograms
depicting the distribution of pace of microbiome aging for (C) all fe-
males (N = 225) and (D) males (N = 187) across the life course.
Pace of aging was more variable in females as compared to males
(standard deviation in lifetime slope for females = 0.12; standard
deviation in lifetime slope for = 0.07). Grey dotted line indicates the
median slope of the population pictured. . . . . . .. ... ... ...
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2.8

2.9

Rank predicts lifetime microbial aging in both sexes. Plots with yel-
low points (on the left; A,C) show microbial metrics of aging in fe-
males and plots with blue points (on the right; B,D) show microbial
metrics of aging in males. Corrected age acceleration was corrected
represents the residuals of the relationship between age m and
age ¢ . For side by side comparison, both sexes are shown here
with proportional rank values, which are derived from ordinal rank
assessments. High ranked individuals are ranked closer to 1 and
low ranked individuals are ranked closer to 0. However, males were
modeled using ordinal rank values, as reflected by the * in the model
outputdepicted. . . . . . ... .

Microbiome age acceleration predicts the timing of adult rank at-
tainment in both sexes. The plot in (A) shows the probability of rank
attainment as a function of age in females and (B) shows the same
relationships for males. The red and blue lines represent animals
whose age acceleration was above (red) or below (blue) the median
for subjects in this analysis. Grey dotted lines indicate the median
age of the milestone occurring in the population (Charpentier et al.,
2008). . . .

2.10 Pace of aging predicts the timing of menarche in female baboons

3.1

and natal dispersal in males. The plot in (A) probability of menarche
as a function of age for females, while (B) shows the probability of
natal dispersal as a function of age in males. The orange and green
lines represent animals whose pace of microbiome aging was above
(orange) or below (green) the median for subjects in this analysis.
Grey dotted lines indicate the median age of the milestone occurring
in the population (Charpentier et al.,2008). . .. ... ... .....

Longitudinal fecal samples collected for (A) 7,321 samples from 234
female baboons and (B) 4,977 samples from 197 male baboons in
the Amboseli ecosystem. Host age at the time of sample collection
is indicated on the x-axis and individual baboons are represented on
the y-axis. Each point represents a fecal sample collected from an
individual baboon. The fill color of each point reflects the cumulative
early life adversity an individual experienced: dark blue for animals
that experienced no adversity, light blue for those that experienced
1 source, orange for those that experienced 2 sources, and red for
those that experienced 3 or more sources. . . . . . . . .. ... ...
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AA1

A2

A3

A4

Change in the variance explained (R?) in microbiome Bray-Curtis
dissimilarities as a function of host age and the type of early ad-
versities hosts experienced. The three panels show the effects of
(A) cumulative adversity; (B) the presence of a competing sibling,
and (C) low maternal rank. Colors represent host sex (yellow rep-
resents females and blue represents males). Point shape indicates
whether the relationship was significant after adjusting for multiple
tests using the Benjamini-Hochberg procedure. Other types of early

life adversity are visualized in Figure[B.1] . .. ... ... ... ...

Each panel shows the 30 microbiome ASVs that were most strongly
associated with each individual source of early life adversity. The x-
axis shows the model estimate for one of the six sources of adver-
sity, and the y-axis shows the microbiome ASV in question. ASVs
were modeled using a binomial error distribution. Taxa with an *

indicate an ASV found in the top 30 of one of more other adversities.

Families represented in the top 30 ASVs predicted a type of early life
adversity. Each bar represents the family level designation of the 15
highest and lowest ASVs, and the height of the bar represents the
relative estimate contribution. Bars with numbers on them indicate

multiple ASVs from that family. . . . .. ... ... ... .......

Coefficient of variation (CV) in microbiome Bray-Curtis dissimilar-
ities across the lifespan for individual baboons who experienced
early life drought and large group sizes at birth. Panels A-C show
the relationship between early life drought (x-axis) and Bray-Curits
CV (y-axis). Panels D-F show the relationship between large group

size at birth (x-axis) and Bray-Curits CV (y-axis). . . ... ... ...

Relationship between all community metrics and age. Metrics that
were significantly predicted by age are indicated with a * after their

Taxa with the highest quadratic associations with age. Plot shows
the size of the quadratic estimate for taxa that had significant asso-

(771

ciations with age. Points are colored by category of feature. . . . . . [102]

Relationship between the top 50 features modeled with a Gaussian

error distributionandage. . . . ... ... ... ... ... ... ..

Approach for optimizing the alpha parameter in elastic net regres-
sions. For different values of alpha (x-axis), | calculated the mean
absolute error in predicted host age (blue; left-hand y-axis), and ad-
justed R? for the relationship between true and predicted age (red;

right-hand y-axis). All other parameters were held constant. . . . . .
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A5

A6

A7

B.1

Variance in residuals across lifespans in the Gaussian process re-
gression prior to correction. Plots show chronological age relative to
the residuals of the age, produced by a Gaussian process regres-
sion with a radial basis function kernel. Females are in yellow, and
males are in blue. (A) shows a scatter plot of age; and the residuals
of agem. As a host gets older, the spread of the residuals gets wider.
(B) shows the distributions of the residuals at different age subsets.
The distribution flattens around 12.5 in females and 10 in males. (C)
shows the coefficient of variation of the residuals is especially high
at the around 12.5in femalesand 10inmales. . .. ... ... ...

Microbiome clocks of aging from an ensemble of machine learning
algorithms. Plots show predicted host ages (agen) relative to the
host’s true, chronological age (age.) at the time of sample collection.
Points are colored by sex with yellow indicating a female sample
and blue indicating a male sample. Grey dashed line indicates a
1-to-1 relationship between age. and agen. Plot A is the output
from an elastic net regression and plot B is the output of a Random
Forest regression. Plots C and D show the estimates from Gaussian
process regression, but the kernel input for model in plot D was
customized to account for heteroskedasticity inthe data. . . . . . ..

Correlating the results from the linear mixed model analysis of fea-
tures and the leave-one-out version of the machine learning algo-
rithm. X-axis shows the difference in R? from the algorithm without
missing features to algorithms with selected missing features. Y-axis
shows the linear coefficient for age produced when age is regressed
on the feature of interest. Points represent all non-ASV features.

Change in microbial variation (R?) between age classes in quantity
and type of early life adversity in both sexes. Colors indicate the
sex subset in the model, with yellow representing females and blue
representing males. Point shape indicates whether the relationship
was significant after adjusting for multiple tests using the Benjamini-
Hochberg procedure. Cumulative adversity, competing sibling, and
low maternal rank are visualized in Figure[3.2, . ... ... ... ..
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CHAPTER 1

INTRODUCTION

The mammalian gut microbiome is the most plastic organ in a vertebrate host.
It consists of a dense, complex microbial community, where microbes interact with
each other and with their host to accomplish a number of essential functions. From
a host perspective, these functions include breaking down complex carbohydrates,
producing vitamins and amino acids, training the immune system, and resisting
pathogens (Clayton et al., 2018 [Foster et al., 2017; |[Hooper and Gordon, 2001).
As the host ages and develops, these functions vary in their importance (e.g. much
of the active immune system preparation happens when the host is first being
exposed to pathogens and becomes more passive as the host and their immune
system develop). As such, the gut microbiome has been proposed to adapt with
the host and be reflective of the host’s needs (Foster et al., 2017).

To date, several studies have shown that the gut microbiome changes consid-
erably with age and developmental stage. For example, in humans, gut microbial
diversity and stability rise after birth through weaning as the microbiome is assem-
bled and the host’s diet shifts to solid foods (Bergstrom et al., [2014}; Backhed et al.,
2005|; Cong et al., 2016; [Koenig et al., 2011 Yassour et al., 2016). During adult-
hood and old age, dynamic patterns are variable across people and populations,
but several studies find age-related changes in diversity and taxonomic abun-
dances (Biagi et al., [2016|;, (Claesson et al., [2011}; Mueller et al., 2006; Odamaki
et al., [2016; |Yatsunenko et al., [2012). Specifically, |[Yatsunenko et al.| (2012) found

that children attain their adult gut microbial stability and composition by the age of
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three, irrespective of geography, but adults have significantly different phylogenetic
compositions based on their geographic population. While in this study alpha di-
versity appears to plateau in adulthood, other studies have found that diversity may
increase in the elderly compared to younger adults (Odamaki et al., 2016). Sim-
ilarly, if we examine specific taxonomic changes with age we have mixed results:
Claesson et al.| (2011) found Bacteroidetes increase with greater chronological
ages, while Bian et al.| (2017) and Biagi et al. (2010) find the opposite or no trend.
Importantly, these age- and development- related changes in the gut microbiome
have been observed not just in humans, but across a range of host taxa (Smith
et al., 2017; Tarpy et al., |2015|;, Xiang et al., [2020}; Xu and Zhang, [2021}, |Zhang
et al., 2018).

A major challenge in studying the relationship between the gut microbiome
and host development and aging is the plasticity of the gut microbiome: microbial
communities may change in response to host aging as well as in response to an
aging host’s diet, environment, and social interactions. As a host reaches higher
chronological ages, their body ages biologically due to the breakdown of their tis-
sues, organs, and immune system (Bosco and Noti, 2021). The degradation of
these physiological processes may impact the constraints governing gut micro-
biome dynamics —the gut microbiome is, after all, "an ecosystem on a leash”
(Foster et al., [2017) —and explain the relationship between the gut microbiome
and age-related diseases such as atherosclerosis, type 2 diabetes, and various
metabolic or neurodegenerative disorders (Vaiserman et al., 2017). Age-related
changes to behavior will also strongly impact the signature of aging on the gut.
Host diet in particular has been shown to influence the gut both over long and short
term intervals — e.g. vegetarians have compositionally divergent microbiomes from
those who partake in more omnivorous diets, but even lifelong vegetarians rapidly

adapt if given a meat-based diet (Amato et al., 2015; [David et al., [2014b). Diet



is also related to development-related changes, including the switch from milk to
adult foods in mammals (Gopalakrishna and Hand, 2020; |Lundgren, 2019). Aside
from diet, aspects of host environment and lifestyle greatly impact the types of
microbes a host may encounter (Bennett et al., 2016; Bierlich et al., 2017; David
et al., 2014a; |Grieneisen et al., 2019; |Hernandez-Peéerez et al., 2021; |Rothschild
et al., 2018} Song et al., 2013). Specifically, the move to residential care facilities
and cohabitation with other elderly individuals has been shown to not only change
the gut microbiome, but also increase the antibiotic uptake and thereby the inci-
dence of gut dysbiosis (Araos et al., |2018; Haran et al., |2018; Jeffery et al., 2016;
Le Bastard et al.,[2020; Roghmann et al., 2017). Relatedly, social interactions and
genetics greatly influence what microbes hosts are exposed to and similar cause
some level of compositional convergence outside of the other aspects discussed
here (Grieneisen et al., [2017; Moeller et al., 2016; Orkin et al., 2019j; Trosvik et al.,
2018;|Tung et al., [2015).

The gut microbiome is not only impacted at near-daily scales by our diet, en-
vironment, and lifestyle but also highly individualized based on a host’s early life
experiences and genetics. Early life experiences in particular may cause priority
effects in a developing host's community: one well identified example of this is
in human birth style, where infants born by caesarean section (C-section) have
different gut microbiomes compared to infants delivered vaginally (Fukami, 2015;
Martin et al., 2016, Reyman et al., 2019). Further, these communities have been
shown to be difficult to alter even with concerted seeding efforts (Wilson et al.,
2021). Gut microbial taxa have also been shown to be highly heritable, so vertical
transmission between parent and offspring will also impact gut microbial historical
contingencies (Grieneisen et al., [2021). The confluence of priority effects, his-
torical contingencies, and daily dispersal dynamics combined with high levels of

functional redundancy means that relying on cross-sectional data hinders our un-



derstanding of how host environments and behaviors contribute to inter-host differ-
ences in the gut microbiome. Birth-to-death longitudinal data, in combination with
accompanying data on demographics, diet, and sociality, would allow us to trace
microbiome trajectories across complete lifespans and connect these trajectories
to markers of development and survival.

However, longitudinal data on gut microbiome dynamics are rare. Nearly all
such research is conducted in human subjects and tends to focus on the first few
years of life, from birth to a few years old, when samples are easiest to collect,
and diet and environment are much more stable (Bergstrom et al., |2014; | Backhed
et al., [2015|;, \Cong et al., 2016; |Galazzo et al., 2020; |[Koenig et al., 2011}, 'Yassour
et al., 2016). While some research on adult human subjects exists, the research
thus far is made up of small sample sizes (typically fewer than 30 subjects) with
few samples per subject (typically less than 10) and limited to short periods of time
(typically less than 1 year) (David et al., [2014b; [Faith et al., |2013). Johnson et al.
(2019), for example, is one of the best longitudinal studies to date; this study pro-
filed the diet and gut microbiomes of 34 adults daily over a 17-day period and found
that, despite diet choice ranging widely, gut microbiome macro and micro nutrient
profiles did not change significantly over the study period - the taxonomic compo-
sition of the gut microbiome was highly individualized. Prospective data collection,
in which researchers follow a cohort over time and measure health outcomes may
be better suited to capture these microbial dynamics.

Prospective, longitudinal, population-based approaches that can connect mi-
crobiome composition and dynamics to health from natural populations can pro-
vide useful models of understanding the evolutionary drivers of the gut micro-
biome. |Ren et al.| (2017), for example, studied a wild population of red squir-
rels over a two-year period and found that environmental factors exerted a much

stronger influence on the gut microbiome than host factors like age and sex did.



Rojas and Link to external site (2021) found that across a wild population of spot-
ted hyenas, functional aspects of the gut microbiome are highly consistent despite
high variability in taxonomic composition over time.

Thus, in order to explore the relationship between gut microbial composition
and host behavior, aging, and development, | leveraged 13,476 gut microbiome
compositional profiles collected from 479 known-age wild baboons (Papio cyno-
cephalus) over 14 years. This birth-to-death longitudinal data was collected from a
wild population of baboons monitored by the Amboseli Baboon Research Project
(ABRP) and represents part of a dataset consisting of over 17,000 gut micro-
bial profiles (Grieneisen et al., 2021). Accompanying these profiles is a wealth
of information on the baboon hosts: the ABRP has been collecting continuous,
individual-based data on numerous aspects of this population, including demo-
graphic, environmental, social, and genetic information since 1971 (Alberts and
Altmann, 2012). This data on baboon life histories, behavior, and environments
is key to correlating microbiome changes over time with aging and developmental
outcomes.

Moreover, the Amboseli population is model system for many different aspects
of human evolution. Like humans, baboons are omnivorous, terrestrial primates
who evolved in the savannahs of East Africa (Melnick and Pearl, [1987). Due to
these similarities, baboons and humans may have experienced shared selection
pressures over the course of their evolution. Baboons experience well-defined
life history stages that mirror human developmental stages, including an extended
juvenile period prior to sexual maturation and predictable age-related changes in
behavior and physiology in adulthood (Alberts and Altmann, [1995; Altmann et al.,
2010; [Charpentier et al., [2008; Onyango et al., 2013). Further, prior research
in Amboseli has revealed several social and environmental conditions that affect

these patterns of aging, including social dominance rank, early life adversity, and



the strength of supportive social bonds in adulthood (Alberts and Altmann, [1995|;
Altmann et al., 2010; Bronikowski et al., 2011 |Charpentier et al., 2008; |Lea et al.,
2015; [Tung et al., 2016). The Amboseli population is also a leading model in
understanding the effects of early life adversity on aspects of host health, aging,
and fitness (Anderson et al., 2021 Lea et al., 2015; Rosenbaum et al., |2020; [Tung
et al., 2016; Weibel et al., 2020; Zipple et al., 2019).

The goal of my dissertation is to characterize the relationship between primate
hosts and their gut microbiomes across the host life course. To accomplish this
objective, | used data from the Amboseli population to identify changes in response
to early life experiences and age across the life course, understand what host and
environmental factors predict these changes, and determine whether microbial
changes are linked to host maturation and survival. Below, | summarize the goal
and major findings of each chapter.

While initially proposed as separate chapters, Chapter 2 is an unusually ex-
tensive journal article, in preparation for submission to eLife. In this Chapter, |
determined if the gut microbiome changes predictably with age. To do this, | cre-
ated a "microbiome aging clock” by comparing a suite of machine learning ap-
proaches: an elastic net regression, a random forests regression, and a Gaus-
sian process regression to predict host age based on over 9,500 microbiome
features. Due to the nested nature of our microbial data, the random forest re-
gression under-performed. The elastic net regression and Gaussian process re-
gression performed similarly at first, but the Gaussian process regression included
much more flexible parameters and resulted in the best performance overall after
optimization. Using this Gaussian process regression based microbiome aging
clock, | tested the behavioral predictors of metrics of microbial aging derived from
the microbiome aging clock, and tested the developmental consequences of inter-

individual differences in microbial aging metrics. Specifically, | developed the mi-



crobial age acceleration and pace of microbial aging metrics and tested if different
aspects of the host’s environment and behavior impact their rate of aging. | found
that animals who were low-ranked exhibit faster rates of microbial aging relative
to high-ranked peers. Next, | examined if inter-individual differences in aging had
consequences on host development and found that animals who age faster do at-
tain certain maturational milestones earlier. In sum, Chapter 2 demonstrates that
the gut microbiome is a useful, noninvasive biomarker of host aging.

In Chapter 3, | investigated whether harsh early life experiences have long
term impacts on the gut microbiome. Building on prior research investigating the
impacts of early life adversity on fitness in the Amboseli population [Tung et al.
(2016), | found that there were compositional differences in animals that experi-
enced specific types of early life adversities as compared to those who did not
experience any early life adversity. These differences were primarily discernable
in adulthood or later in life, but not during the juvenile period. Similarly, | calcu-
lated microbial stability and found that specific types of early life adversity were
correlated decreased stability only after the juvenile period or over lifespan.

Altogether, my dissertation provides unprecedented insight into the link be-
tween microbiome dynamics and host health. My dissertation data contributes
the largest longitudinal data set on vertebrate gut microbiome dynamics to date,
spanning multiple life history stages for hundreds of individuals. In addition, my
research contributes one of the first prospective, longitudinal, population studies
to link microbiome data to health and fitness outcomes. This contribution will be
significant because it will provide foundational knowledge for understanding what
features define healthy microbiomes as well as how these features predict biode-
mographic markers of host health, including the timing of development, fertility,

and survival.



CHAPTER 2

EVALUATING THE MAMMALIAN GUT MICROBIOME AS A MARKER OF
BIOLOGICAL AGING

2.1 Abstracl]

Vertebrate gut microbiomes are highly individualized, dynamic communities
that change substantially throughout life and help the host adapt to its develop-
mental stage. These age-related changes may serve as meaningful markers of
host development and senescence, but the degree to which they do remains un-
known. To fill this gap, we created a “microbiome aging clock” using a unique
longitudinal data set spanning 13,563 16S rRNA gut microbial profiles from 479
individual baboons in the Amboseli ecosystem, Kenya over 14 years. The result-
ing clock predicted host chronological age with an R? of 0.488 and a median age
prediction error of only 2 years, with males exhibiting faster microbiome aging than
females. Using the results of our clock, we calculated sample-specific microbiome
age acceleration and longitudinal pace of aging. We then used these metrics to
identify potential social and environmental drivers of microbiome aging processes.
We found striking effects of host social rank: in both males and females, low so-
cial rank was linked to low microbiome age acceleration (i.e. microbiota that were
young for their host’s chronological age). Further, in females only, low social rank

across life was linked to a fast pace of gut microbiome aging. Microbiome age ac-

This chapter is formatted for submission to the journal eLife. | am the lead author, and my
coauthors include Roche K, Jansen D, Anderson J, Gilbert J, Barreiro L, Altimann J, Alberts SC,
Blekhman R, Mukherjee S, Tung J, and Archie EA.
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celeration also predicted age of first rank attainment in both sexes. Together, our
results suggest powerful connections between host social status and microbiome

aging processes.

2.2 Introduction

For most species, physical and cognitive declines with age are inevitable. These
changes define biological aging, a phenomenon caused by changes in cellular,
tissue-, and organ-level function, which in turn lead to rising disease and mortal-
ity risk with age (Komanduri et al., 2019} Lopez-Otin et al., 2013). The pattern
and pace of biological aging are different in each individual: an individual’'s age in
years, sometimes called their "chronological age”, often does not reflect the timing
and pace of physical changes with age (Belsky et al., [2015; Gems and Partridge,
2013; |Hayward et al., 2015, Nakamura and Miyao, 2007). Understanding what
factors drive these individual differences in biological aging is essential to learn
why some individuals age faster than others and may point towards therapies that
prolong healthy life.

One under-appreciated marker of biological aging may lie in the composition
and dynamics of the mammalian gut microbiome (Ghosh et al., 2020}, Heintz and
Mair, 2014). In humans and other mammals, gut microbiomes are diverse, dy-
namic ecosystems that help their hosts digest food, enhance the immune sys-
tem, resist pathogens, and generate essential vitamins and amino acids (Clay-
ton et al., 2018; Foster et al., 2017). Gut microbiomes are also sensitive to host
physiology, environments, and behaviors, and many components of these traits
change with age, including immunity, diet, hygiene practices, and social relation-
ships (Bengmark, [1998; Claesson et al., 2011}; Gerber, 2014} Palmer et al., 2007;

Reese et al., 2020). As such, the gut microbiome has considerable potential to



reflect a wide range of age-related dynamics for their host. In support, the gut
microbiome often exhibits predictable changes with age. For example, in humans,
gut microbial diversity and stability rise after birth through weaning as the micro-
biome is assembled and the host’s diet shifts to solid foods (Bergstrom et al., [ 2014;
Backhed et al., 2005|;|Cong et al., 2016|; Koenig et al., [2011}; Yassour et al., 2016).
During adulthood and old age, dynamic patterns are variable across people and
populations, but several studies find age-related changes in diversity and taxo-
nomic abundances (Biagi et al., [2016; |Claesson et al., [2011; [Mueller et al., 2006;
Odamaki et al., 2016; Yatsunenko et al., 2012). Recent research conducted in
chimpanzees indicates that metrics of the gut microbiome vary significantly with
age but, in contrast to results from human studies, diversity was highest when
animals were young and lower as animals aged (Reese et al., 2020).

Further, some age-related changes in the gut microbiome predict developmen-
tal trajectories and survival. In humans, undernourished children exhibit develop-
mentally immature gut microbial communities that, when transplanted into mice,
lead to impaired growth and altered bone morphology (Blanton et al., 2016;|Gehrig
et al., 2019} Smith et al., [2013; |[Subramanian et al., 2014). Experiments in short-
lived animal models such as flies, mice, and Killifish find that the gut microbiome
mediates longevity (Clark et al., [2015; |Langille et al., |2014; Smith et al., 2017
Tian et al., [2017). Despite these compelling results, we lack longitudinal data that
trace microbiome aging trajectories across complete lifespans and connect these
trajectories to known drivers of biological aging (e.g. social status and resource
limitation) as well as markers of development and survival.

Here, we fill this gap using 13,476 gut microbiome compositional profiles, col-
lected from 479 known-age, wild baboons (Papio cynocephalus) over 14 years
(Figure [2.1). Our subjects are members of the well-studied baboon population in
the Amboseli ecosystem, Kenya (Alberts and Altmann, 2012). Since 1971, the Am-

10



Individual Baboon ID

Female Sample Distribution

Male Sample Distribution

=] oo

Individual Baboon ID

o ©

0 5 10 15 20 25
Age in Years

25

Age in Years

Figure 2.1. Longitudinal fecal samples collected for (A) female and (B)
male baboons in the Amboseli ecosystem. Host age at the time of
sample collection is indicated on the x-axis and individual baboons are
represented on the y-axis. Each point represents a fecal sample
collected from an individual baboon. The fill color of each point reflects
the subject’s sexual maturation state, with lighter colors reflecting
samples collected prior to menarche for females and prior to testicular
enlargement for males (for more information on how these milestones are
measured, see Table [A.8] Plot A contains 8,245 samples from 234
individual females. Plot B contains 5,231 samples from 197 individual

males.
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boseli Baboon Research Project has collected continuous, individual-based data
on baboon life histories, behavior, and environments that are correlated with micro-
biome changes and predict health and mortality (Alberts et al., 2014; Archie et al.,
2014albj; |Grieneisen et al., 2017; Ren et al., 2015}; |[Tung et al, [2015). Baboons
are a useful comparative system because they experience well-defined life history
stages that mirror human developmental stages, including an extended juvenile
period prior to sexual maturation and predictable age-related changes in behav-
ior and physiology in adulthood (Alberts and Altmann, 1995} Altmann et al., 2010;
Charpentier et al., 2008; Onyango et al.,[2013). Further, prior research in Amboseli
has revealed several social and environmental conditions that affect these patterns
of aging, including social dominance rank, early life adversity, and the strength of
supportive social bonds in adulthood (Alberts and Altmann| 1995; Altmann et al.,
2010;; Bronikowski et al., 2011} |Charpentier et al., 2008; Gesquiere et al., 2011
Lea et al., [2015; Tung et al., 2016).

To identify age-related changes in the gut microbiome, we adopt methods from
epigeneticists who use machine learning to build DNA methylation-based predic-
tors of chronological age, also known as “epigenetic clocks” (Anderson et al., 2021},
Binder et al., 2018; Chen et al., 2016a; Horvath, 2013;|Marioni et al., 2015). When
applied to longitudinal microbiome data, the result is a "microbiome aging clock”
that may reveal young- or old-for-age microbiomes and individual pace of micro-
biome aging phenomena that may be driven by environmental and social condi-
tions and can be linked to maturational milestones, health, and survival. To date,
three microbiome clocks have been built for humans that predict sample-specific
age with median error of 6 to 11 years (Cuesta-Zuluaga et al., 2019 |Galkin et al.,
2020; Huang et al., 2020). However, none of these studies have used longitudinal
sampling to measure the pace of microbiome aging, test the social and environ-

mental drivers of microbiome aging, or link interindividual variation in the pattern
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and pace of microbiome aging to individual health and survival.

Our objectives were to integrate diverse microbiome features to build a micro-
biome aging clock and, ultimately, test whether the clock could serve as a marker
of biological aging. We began by identifying which microbiome features change
the most with host age. We then compared the performance of several machine
learning algorithms for our microbiome aging clock, ultimately settling on a Gaus-
sian process regression approach. We then evaluated the clock’s performance for
male and female baboons, tested which microbiome features were most important
to its age predictions, and identified which microbiome features were most strongly
correlated with host age. We next used the predicted microbiome ages from the
microbiome aging clock (agen) to test whether the baboons’ social and environ-
mental conditions predict two metrics of microbiome aging: (1) *microbiome age
acceleration” (i.e. the difference between age,, and chronological age in a given
sample) and (2) individual *pace of microbiome aging* (the slope of microbiome
age acceleration across an animal’s life, accounting for dominant population-level
drivers of microbiome change). We hypothesized that harsh conditions (e.g. low
rank, high adversity, social isolation) would be linked to gut microbial immaturity in
early life and age acceleration in adulthood. To test our hypothesis, we used so-
cial/environmental predictors of aging focused on four variables with known links
to health, reproduction and/or and survival in the Amboseli baboon population:
low social dominance rank, the dry season, social isolation, and early life adver-
sity (Archie et al., 2014a,b; (Gesquiere et al., [2011}; Lea et al., 2015, 2018}, [Tung
et al., |2016). Alternatively, the gut microbiome’s high level of inter-individual vari-
ation in taxonomic composition may make it difficult to identify consistent drivers
of microbiome aging across the population. Finally, we test whether baboons with
young-for-age gut microbiomes or slow paces of gut microbial development mature

later and live longer compared to animals with old-for-age microbiomes. Establish-
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ing whether the gut microbiome can serve as a noninvasive biomarker of biological
aging will contribute to a comprehensive picture of the evolutionary role of the gut

microbiome in an aging mammalian host.

2.3 Results

2.3.1 Many microbial features are predicted by host age.

We began by identifying age-related changes in microbiome taxonomic and
community features. To do this, we characterized microbiome taxonomic compo-
sition using 16S rRNA gene sequencing-based gut microbiome profiles generated
from 13,476 fecal samples, collected from 479 known-age individual baboons over
14 years (Figure [2.1] (Grieneisen et al.,[2021)). The subjects included 215 males
(5,231 samples, 26 mean samples per individual) and 264 females (8,245 sam-
ples, 35 mean samples per individual) whose ages ranged from 7 months to 26.5
years (Figure [2.9).

Our analyses focused on 9,575 microbiome features from these samples (Ta-
ble [A.1). These features included: (i) five metrics of alpha diversity; (i) the top
10 principle components of microbiome compositional variation (which collectively
explained 57% of the variation in microbiome community composition); (iii) cen-
tered log ratio transformed abundances of each microbial phyla (n = 30), family
(n = 290), genus (n = 747) and individual ASVs (n = 8,493). For each feature,
we tested whether it was predicted by host age, modeled using both linear and
quadratic terms, while controlling for covariates known to explain variation in mi-
crobiome composition in our population as fixed effects, including: the season in
which the sample was collected (wet or dry), the average maximum temperature
for the month prior to sample collection, and the average rainfall total for the month

prior to sample collection. Further, the social group the baboon belonged to on the
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day the sample was collected, the identity of the baboon the sample was collected
from, and the hydrological year (hydrological years are shifted to begin with the on-
set of the rains in November and conclude at the end of the dry season in October)
at time of collection were modeled as random effects. Features present in at least
25% of samples were modeled using a Gaussian error distribution (1,619 features,
including all the features in the alpha diversity, composition, phylum, family, genus
categories as well as 537 ASVs). The remaining 7,956 ASVs present in less than
25% of samples were modeled using a binomial error distribution.

We found that 757 of the 1619 features modeled with a Gaussian error distribu-
tion exhibited significant linear or quadratic relationships with age (Figure[2.2; FDR
threshold = 0.05). For all feature types except alpha diversity, a larger proportion of
features exhibited significant linear relationships with age compared to quadratic
relationships with age (Figure [2.2). In terms of community features, every alpha
diversity metric except richness changed significantly with age and exhibited a
convex shape. (Figure [2.3] Figure [A.1). Seven of the ten principal components
(PCs) of microbiome composition also changed significantly with age, with four of
the seven PCs exhibiting a solely linear relationship with age. Specifically, PC1
and PC2, which together represent 30.8% of the variation in the data, exhibited a
negative linear relationship with age (Figure [A.1). PC4 exhibited the only positive
linear relationship with age. Principal components five and six exhibited a concave
relationship with age, and principal component eight showed a convex relationship

with age.
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Figure 2.2. The proportion of microbiome features that were significantly
predicted by host age, where age was modeled as (A) a linear term, or
(B) a quadratic term in a linear mixed model (significance is FDR
corrected using the Benjamini-Hochberg procedure with a threshold of
0.05). All features were modeled using Gaussian error distributions,
except the features labeled 'binomial ASVs’, which were modeled using a
binomial error distribution (see Section 2.5).

As animals aged, only three microbial phyla exhibited significantly higher abun-
dances with age: Kiritimatiellaeota and Chlamydiae increased linearly and Fir-
micutes increased in a concave relationship with age (Table [A.2). In contrast, 20
phyla decreased significantly with age, with Cyanobacteria, Elusimicrobia, Epsilon-

bacteraeota exhibiting the strongest convex relationships with age and Actinobac-
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teria exhibiting the strongest negative linear relationship with age (Table [A.2).
Similarly, of the 139 families with significant associations with age, 30.2% (42 of
139) showed some positive relationship with age the families: Clostridiaceae, Pep-
tostreptococcaceae, and Enterobacteriaceae and many other families in the order
Clostridiales exhibited concave relationships with age, but Campylobacteraceae,
Elusimicrobiaceae, and an uncharacterized family within order Gastranaerophi-
lales exhibited convex relationships with age (Table[A.2). 36.8% of the 315 signifi-
cant genera (116 of 315) had a positive relationship with age, with uncharacterized
genera in Clostridiaceae and Enterobacteriaceae and genus Romboutsia exhibit-
ing concave relationships and uncharacterized genera in Firmicutes, uncharac-
terized genus in Peptostreptococcaceae, and genus Ruminococcaceae UCG-011
showing the strongest positive linear relationships with age (Table [A.2). Con-
versely, Camplylobacter, Elusimicrobium , and an uncharacterized genus within
order Gastranaerophilales all exhibited convex relationships with age and Pre-
votella, Catenibacterium, and uncharacterized genus in family Veillonellaceae, all

declined linearly in abundance with age (Table [A.2).
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Figure 2.3. Linear associations between mean-centered age and
community metrics or the 50 taxa whose abundances exhibited the
strongest effect sizes. Plot shows the 50 largest linear estimates for taxa
that had significant associations with age. Points are colored by category
of feature, and category of feature is also indicated in parentheses, where
D is for diversity metrics, C for position, P for phylum, F for family, G for
genus, and ASV for ASV. Features that also had a significant quadratic
age term are indicated by a *.
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2.3.2 A Gaussian process model-based microbiome clock accurately predicts

chronological age in wild baboons.

We next turned our attention to building our microbiome aging clock. In devel-
oping the clock, we compared the performance of elastic net, random forests, and
Gaussian process (GP) regression approaches and found that the most accurate
predictor of age was produced by a GP model with a kernel customized to account
for heteroscedasticity (Figure [2.4] Figure [A.6} Table [A.4} see Appendix for
details). This GP model predicted chronological age (age.), with an adjusted R?
of 0.488 and a median error of 1.96 years across all individuals and samples (Fig-
ure 2.4, Table [2.1). As has been observed in previous aging clocks (Anderson
et al., 2021}, |Galkin et al., [2020; Horvath, 2013), microbial age estimates (agen)
were compressed relative to the 1:1 line, leading the model to systematically over-

predict the ages of young individuals and under-predict the ages of old individuals

(Figure [2.4).
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Figure 2.4. A microbiome clock of aging in wild baboons. Plots show
predicted microbiome age in years (agen) from a Gaussian process
regression model, relative to each baboon’s true, chronological age in
years (age.) at the time of sample collection. (A) Shows a linear fit for all
subjects in the model, and (B) shows separate linear fits for each sex. On
each plot, the dashed lines indicate a 1-to-1 relationship between age.
and agen,.



TABLE 2.1

A COMPARISON OF GAUSSIAN PROCESS REGRESSION MODELS
USING MICROBIOME COMPOSITION TO PREDICT BABOON AGE
FOR ALL BABOONS, FEMALES ONLY, AND MALES ONLY.

Subset Sample Size R? Pearson’s R Median Error
(years)

All Animals 13476 0.488 0.698 1.962

Females Only 8245 0.489 0.699 2.15

Males Only 5231 0.5 0.707 1.706

NOTE: Model accuracy was determined by regressing the sample’s age. against agen, and
determining the correlation coefficient R?, Pearson’s correlation coefficient, and median error, or
the median absolute difference between age. and agen, (Horvath, |[2013).

When we subset our age,, estimates by sex, we found that the microbiome
aging clock was slightly more accurate for males than females (Figure 2.4B, Table
2.1). In support, we found that the adjusted R? for the correlation between age
and agen, for males was 0.50, with a median error, or median absolute difference
between age. and agen, of 1.71 years, as compared to an adjusted R? of 0.489
and median error of 2.15 years for female baboons (Table 2.1). Male baboons
exhibit faster gut microbial aging than females (Figure [2.4B, chronological age by
sex interaction: 3 = 0.18, p <0.001, Table 2.2). Specifically, across the lifespan,
males show a 1.4 fold-higher rate of change in agen, as a function of age. com-
pared to females (relationship between age. and age,, in males only: g = 0.63, p
<0.001; relationship between age; and agen, in females only: g = 0.45, p <0.001;
Table [A.5). Interestingly, this effect is only present after maturity: when we subset

the model results to samples collected prior to the median age sexual maturity
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(age 5.4 years for testicular enlargement in males and age 4.5 years for menar-
che in females (Onyango et al., 2013) there was no significant interaction effect
between sex and age (age. by sex interaction prior to median age of maturity: 5 =
-0.09, p = 0.203; age. by sex interaction after median age of maturity: 5 = 0.15, p
<0.001; Table [2.2). After maturity, males had a 1.4 fold-higher rate of change than
females (relationship between age. and agen, in males only: 5 = 0.53, p <0.001;
relationship between age. and age, in females only: 5 = 0.38, p <0.001; Table
A.9).

Overall, the microbiome clock was moderately successful in predicting baboon
age compared to other markers of aging in the Amboseli baboons. agen, per-
formed favorably compared to female early- or late-aged body mass index (BMI),
male late-aged BMI, blood cell composition by flow cytometry, and differential white
blood cell counts from blood smears (Table 2.3, (Anderson et al.,[2021)). However,
the microbiome clock was less accurate than dentine exposure (males, females re-
spectively: adjusted R? = 0.73, 0.85; median error = 1.11 years, 1.12 years; Table
and a recent epigenetic clock (males, females respectively: adjusted R? =
0.74, 0.60; median error = 0.85 years, 1.62 years; Table (Anderson et al.,
2021).

2.3.3 Phyla Firmicutes and Bacteroidetes are important for accurate age predic-

tions.

We hypothesized that including or removing microbial features that were age
predictive would correlate with overall model performance. To test this hypothe-
sis, we first took a leave-one-out approach: we removed a taxon and its related
features, transformed the remaining features as if the feature was not part of the
dataset, ran the Gaussian process regression, and assessed model performance

as before. For example, if we removed phylum Actinobacteria, we removed the
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TABLE 2.2

LINEAR MIXED MODEL RESULTS ILLUSTRATING AGE BY SEX
INTERACTIONS IN AGEy

Timeframe n samples Predictor Estimate SE p-value
Prior Maturity 4362 Intercept 2.829 0.176 <0.001
Prior Maturity 4362 Chronological Age 0.710 0.056 <0.001
Prior Maturity 4362 Sex 0.257 0.229 0.263
Prior Maturity 4362 Age*Sex Interaction -0.087 0.068 0.203
Post Maturity 9114 Intercept 5.131 0.073 <0.001
Post Maturity 9114 Chronological Age  0.378 0.006 <0.001
Post Maturity 9114 Sex -0.879 0.160 <0.001
Post Maturity 9114 Age*Sex Interaction 0.154 0.017 <0.001
Lifespan 13476 Intercept 4.201 0.050 <0.001
Lifespan 13476 Chronological Age  0.449 0.005 <0.001
Lifespan 13476 Sex -0.970 0.083 <0.001
Lifespan 13476 Age*Sex Interaction 0.182 0.010 <0.001

NOTE: Data were subset to three timeframes: prior to maturity, post maturity, and over the
entire lifespan. In each of those subsets, age,, was our response variable, as predicted by the
variables in the predictor column.
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TABLE 2.3

TABLE COMPARING THE MICROBIOME AGING MODEL IN THIS
PAPER TO OTHER METRICS OF AGING IN THE AMBOSELI BABOON

POPULATION.
Measure Sex n samples individuals Adjusted R2 Median Error
Adult BMI Females 154 154 0.3 3.25
Adult BMI Males 139 139 0.21 1.18
Blood Smear Females 56 56 0.04 2
Blood Smear Males 77 77 0.04 2
Dentine Exposure Females 204 34 0.85 1.12
Dentine Exposure  Males 234 39 0.73 1.11
Epigenetic Clock  Females 142 126 0.6 1.62
Epigenetic Clock  Males 135 121 0.74 0.85
Flow Cytometry Females 26 26 0 4.27
Flow Cytometry Males 35 35 0.24 2.66
Immature BMI Females 154 154 0.33 2.3
Immature BMI Males 139 139 0.81 1.43
Microbiome Clock Females 8245 234 0.49 2.15
Microbiome Clock Males 5231 197 0.5 1.71
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family, genera, and ASVs that mapped to that phylum and ran the model.

Of the 1081 non-ASV features tested in this analysis, nine features changed
the Gaussian process regression’s R? by more than half a percent when removed
from the model (Figure [2.5). Specifically, the removal of the phylum Firmicutes
represented the largest drop in R?, reducing it from 47.8% to 42.4%. The removal
of phylum Bacteroidetes was the next most important feature for model perfor-
mance, reducing performance to 45.3%. Within Firmicutes, the removal of families
Veillonellaceae and Ruminococcaceae hurt model perfomance by nearly 1% and
1.5%, respectively. In Bacteroidetes, the removal of family Prevotellaceae, and
specifically an uncharacterized genus within Prevotellaceae, hurt model perfor-
mance by 1.3% and 0.6% respectively. For results from all 1081 non ASV taxa,

see Table A6

None 7

Bacteria>Actinobacteria 4

Bacteria>Bacteroidetes 4

Bacteria>Epsilonbacteraeota -

Bacteria>Firmicutes -

Bacteria>Proteobacteria -

Bacteria>Bacteroidetes>Bacteroidales>Prevotellaceae -

Bacteria>Firmicutes>Clostridiales>Ruminococcaceae 4

Bacteria>Firmicutes>Selenomonadales>Veillonellaceae 4

Bacteria>Bacteroidetes>Bacteroidales>Prevotellaceae>NA 1

Bacteria>Firmicutes>Clostridiales>Ruminococcaceae>Ruminococcaceae UCG-014 4

0.02 0.04
Absolute Difference in R?

o
=
<]

Figure 2.5. Microbiome features that changed the Gaussian process
regression’s R? predicting host age by more than half a percent when
removed from the model.

25



If we compare the two methods of analyzing feature importance, there’s little
correlation between the difference in R? and the linear estimate obtained from the
linear mixed model regressing age on the feature of interest (Pearson’s correlation:
0.06, Figure [A.7). This suggests that while the individual features may appear to
change significantly with age, there may be interactions between features that can

be assessed using more holistic methods like machine learning algorithms.

2.3.4 Lower ranked animals have young-for-age microbiomes.

While the microbiome clock produced an accurate agen, for the population as a
whole, there was considerable variation in age,, estimates across samples (Figure
2.4), suggesting that some subjects had microbiomes that were young- or old-for
age. To test whether these deviations were correlated with known predictors of
health, reproduction, or mortality risk in Amboseli, we calculated two metrics of
aging derived from the microbiome aging clock: the microbiome age acceleration
of individual samples, defined as the difference between each sample’s agen, and
age. (Figure 2.6/A), and the pace of microbiome aging, which reflects longitudinal
increase or decrease in individual microbiome age, controlling for chronological
age (to account for model compression), and the dominant population-level drivers
of microbiome composition in the Amboseli population, such as season, weather,

and social group membership (Figure [2.6B) (Ren et al.,2015};[Tung et al., 2015).
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Figure 2.6. Plots illustrating the measurement of (A) sample specific
microbiome age acceleration and (B) pace of microbiome aging in
individual baboons. (A) Age acceleration is calculated for each
microbiome sample as the difference between age,, and age.. Samples
with positive values of age acceleration (e.g. the red sample) have older
predicted microbiome age estimates than their true chronological age
and would be considered microbially old-for-age. Samples with negative
values of age acceleration (e.g. the blue sample) are microbially
young-for-age. (B) Pace of microbiome aging reflects longitudinal change
in microbiome age acceleration in individuals, controlling for
chronological age and environmental variables known to explain variation
in gut microbiome composition in Amboseli (Bjork et al.; Ren et al., [2015;
Tung et al., [2015). Specifically, microbiome pace of aging for a given
individual was calculated as the individual’s random slope, controlling for
the subject’s chronological age on the day of sample collection, season
on the day of sample collection, average maximum temperature the
month prior to sample collection, and total rainfall the month prior to
sample collection, with random intercepts for the hydrological year of
sample collection and the social group membership on the day of sample
collection. High values of microbiome pace of aging above the population
median reflect individuals who have steep slopes and therefore fast
paces of microbiome aging.
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Figure 2.7. Pace of microbiome aging in female and male baboons. Plots
A and B depict the pace of microbiome aging in the 20 best-sampled (A)
females and (B) males (average number of samples for the 20
best-sampled females = 105 samples; range = 87-135 samples; average
number of samples for the 20 best-sampled males = 89 samples; range =
61-135 samples). The plots in C and D are histograms depicting the
distribution of pace of microbiome aging for (C) all females (N = 225) and
(D) males (N = 187) across the life course. Pace of aging was more
variable in females as compared to males (standard deviation in lifetime
slope for females = 0.12; standard deviation in lifetime slope for = 0.07).
Grey dotted line indicates the median slope of the population pictured.
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Individual baboons varied considerably in microbiome age acceleration and
pace of microbiome aging. For instance, in mixed effects models, individual identity
explained 50% to 25% of the variance in age acceleration for females and males
respectively over the course of their lives (Table [A.19). Further, some individuals’
microbiomes exhibited faster or slower age acceleration, becoming progressively
older- or younger-for age over the course of their life, indicating variation in the
pace of microbiome aging (Figure [2.7A-B). Consistent with the observed com-
pression in our GP model's age estimates, the mean pace of aging was 0.549 for
females and 0.675 for males, indicating that females gain approximately half of a
"microbiome-year”, and males gain two thirds of a "microbiome-year” per 1-year
increase in chronological age. The variation in pace of aging was wider in females
than males (standard deviation in females: 0.122; males: 0.073; Figure [2.7C-D).

We first investigated the effects of social status (i.e., dominance rank) on mi-
crobiome aging. In baboon societies, individuals are ranked in strict, linear, sex-
specific hierarchies, and in females, these hierarchies are nepotistic with few op-
portunities for social mobility (Melnick and Pearl, [1987). Low-ranking females have
low priority of access to food resources and exhibit later maturation and slower
reproduction than high-ranking females (Altmann and Alberts, [2005; Charpentier
et al., [2008; Gesquiere et al., 2018). We therefore expected that low social status
in females would be linked to (i) high age acceleration (i.e. old-for-age gut mi-
crobiomes), (ii) slow pace of aging prior to maturity and (iii) fast pace of aging in
adulthood (in all analyses, the signs of coefficients are adjusted such that positive
coefficients always indicate higher values in high-ranking animals/lower values in
low-ranking animals). However, across the life course, we found that low-ranking
females exhibited low microbial age acceleration (i.e. young-for-age microbiomes;
S =1.745, p <0.001; Table and Figure [2.8A) and a fast pace of gut microbial
aging compared to high-ranking females (3 = - 0.181, p <0.001; Table [2.4], Figure
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[2.8C). These effects may be a consequence of different effects of rank on pace of
aging before and after maturity; consistent with the idea that low-ranking females
mature more slowly than high-ranking females, females with lower maternal rank
at birth were microbially young for age and have a slower pace of microbial aging
prior to the median age of menarche compared to females with higher maternal
rank (age acceleration: 5 = 0.422, p = 0.035, Table [A.12]; pace of aging: 5 = 0.088,
p = 0.005, Table [A.14). After the median age of menarche, however, average pro-
portional rank is no longer a significant predictor of age acceleration or pace of
aging (age acceleration: 5 = 0.383, p = 0.256, Table [A.15], pace of aging: § = -
0.033, p = 0.070, Table [A.17).
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TABLE 2.4

SIGNIFICANT SOCIO-ENVIRONMENTAL PREDICTORS OF LIFETIME MICROBIOME
METRICS OF AGING.

Sex Microbial Metric Fixed Effect Estimate p-value Interpretation
Females  Age Acceleration Chronological Age -0.55 <<0.001 Al model estimates are compressed com-
pared to chronological age
Females  Age Acceleration Season -0.18 0.021 Samples taken from the dry season are
microbially old-for-age
Females  Age Acceleration Proportional rank 1.745 <<0.001 Lower ranked females are microbially
young for age.
Females  Pace of Aging Average proportional rank  -0.181 <<0.001 Lower ranked females have a faster pace
of aging than higher ranked females.
Males Age Acceleration Chronological age -0.404 <<0.001 Al model estimates are compressed com-
pared to chronological age
Males Age Acceleration Ordinal rank 0.033 <<0.001  Lower ranked males are microbially young
for age.
Males Age Acceleration Early adversity: Born dur-  -0.451 0.021 Males born during a drought are micro-
ing a drought bially young for age
Males Age Acceleration Early adversity: Large 0.471 0.033 Males born into a group with many individ-
group size at birth uals are microbially old for age
Males Age Acceleration Early adversity: Low ma- -0.395 0.006 Males with a socially isolated mother are

ternal social connected-
ness

microbially young for age




¢t

NOTE: Social and environmental factors predicting microbiome age acceleration and pace of aging in females and males across the life course.
For females, age acceleration was calculated using 6,743 samples from 192 animals and pace of aging was calculated using 188 females. For
males, age acceleration was calculated using 4,355 samples from 168 animals and pace of aging was calculated using 161 males. There were no

significant predictors of males pace of aging model. Model results reflect the best-supported model for each sex and aging using an information
theoretic approach. In males, rank coefficients were multiplied by -1 for easier interpretation. Full models are shown in Tables[A.18][A.19] and[A.20]




In contrast to female rank, male rank is determined by strength and fighting
ability. Thus, rank changes considerably with age: males achieve their highest rank
in young adulthood and their rank declines in middle and old age (Alberts et al.,
2003). High-ranking males experience high energetic costs of mating effort and
have altered immune responses compared to low-ranking males (Anderson et al.,
2021}, Gesquiere et al., [2011). Consistent with these energetic costs, we found
that low rank in males was associated with lower age acceleration, both across
the lifespan and after maturity (lifespan: 5 = 0.033, p <0.001, Table Figure
[2.8B; after median age of maturity: 5 = 0.044, p <0.001, Table [A.15). However,
rank did not explain variation in age-acceleration prior to maturity: low maternal
rank was not associated with gut microbial immaturity in males. This indicates that
the energetic costs associated with high rank also result in higher age acceleration.
There were also no effects of average rank on pace of microbiome aging in males
over lifespan or prior to maturity (see Tables and [A.20), and a very small
effect of rank post maturity (5 = - 0.003, p = 0.050, Table [A.17] Figure [2.8D). As
rank changes considerably with age in males, these results were unsurprising: age
acceleration is the more flexible measure that can account for rank changes, while
pace of aging averages over much of that variation in rank.

We next tested the effect of adverse events in early life, or early life adversity,
on microbiome aging. Prior research in Amboseli has identified six sources of
adversity (Table whose cumulative effects, and sometimes individual effects,
lead to high mortality and lower fitness in adulthood (Lea et al., [2015; [Tung et al.,
2016;/Zipple et al.,[2019). These six sources included maternal loss prior to age 4,
experiencing drought in the first year of life, being born into an especially large so-
cial group, the presence of an especially close-in-age competing younger sibling,
and having a low-ranking or socially isolated mother (Table [2.5). We also tested

the effect these sources may have in summation as "cumulative early life adver-
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Figure 2.8. Rank predicts lifetime microbial aging in both sexes. Plots
with yellow points (on the left; A,C) show microbial metrics of aging in
females and plots with blue points (on the right; B,D) show microbial
metrics of aging in males. Corrected age acceleration was corrected
represents the residuals of the relationship between age m and age c .
For side by side comparison, both sexes are shown here with proportional
rank values, which are derived from ordinal rank assessments. High
ranked individuals are ranked closer to 1 and low ranked individuals are
ranked closer to 0. However, males were modeled using ordinal rank
values, as reflected by the * in the model output depicted.
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TABLE 2.5

DESCRIPTION OF SOURCES OF EARLY LIFE ADVERSITY IN THE

AMBOSELI POPULATION

Early life experience

Description of experience

Maternal loss

Born during a drought

Large group size at

birth

Competing sibling

Low maternal rank

Low maternal
connectedness

social

Individual’s mother died before the individual reached age 4. While infants
are weaned prior to age 2, mothers teach their offspring how to forage and
provide social connections.

During the individual’s first year of life, rainfall did not exceed 200 mm.
Droughts are associated with nutrient scarcity.

Individual was born into a group in the population’s highest quartile of group
size. Larger groups may be associated with increased resource limitations.

Individual had a younger sibling born with an age gap of less than 1.5
years. A competing sibling may cause the mother to avert resources away
from the focal animal towards their new, more vulnerable sibling.

Individual’s mother had a social rank in the population’s lowest quartile of
female social rank. Maternal rank also dictates preferred resource avail-
ability and social connections.

Individual’s born to a mother with a social connectedness rating in the pop-
ulation’s lowest quartile of female social connectedness. Offspring social
networks are largely based on their mother’s network.

sity.” We expected that (increased) instances of early life adversity would be linked

to low age acceleration and slow pace of aging prior to maturity, but fast pace of

aging in adulthood.

Contrary to these predictions, cumulative early life adversity was never an im-

portant predictor of microbiome aging in females. However, we did find that specific

sources of early life adversity were linked to gut microbial immaturity in the juvenile

period. Prior to sexual maturity, females who experienced maternal loss and low

maternal rank exhibited young-for-age gut microbiota (maternal loss: 5 = - 0.360,

p = 0.049; low maternal rank: g = 0.422, p = 0.035 Table |[A.12). However, we

found no effects of sources of early life adversity on gut microbial age acceleration
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or pace of aging in adulthood for females (Tables[A.15]and Table[A.17).

In males, the impacts of early life adversity were more complex and spanned
the entire life course. Cumulative early life adversity was only an important predic-
tor of pace of aging: prior to maturity, males showed a faster pace of aging with
increasing cumulative adversity (6 = 0.013, p = 0.036, Table [A.14), but after ma-
turity, males with higher cumulative adversity exhibited slower microbiome aging.
(8 =-0.022, p = 0.014, Table [A.17). With respect to specific sources of early life
adversity, the most pervasive effects were linked to experiencing drought in early
life. Across lifespan, drought was linked to young-for-age microbiota across the
lifespan (5 = - 0.451, p = 0.021, Table and fast pace of aging prior to sexual
maturity (8 = 0.040, p = 0.018, Table[A.14). Low maternal social isolation at birth
was the next most pervasive source of early life adversity. Like drought, low mater-
nal social connection was linked to microbiome ages that were 5 months younger
for age across lifespan (5 = - 0.395, p = 0.006, Table [A.20), with the strongest
effects in adulthood (8 = - 0.599, p = 0.009, Table [A.15). Other sources of early
life adversity were less consistent. High group size at the time of birth resulted in
males that were 5.4 months older for age across the entire life course than those
born in smaller groups (5 = 0.471, p = 0.033, Table[A.20). The last important but
inconsistent source of early life adversity was the birth of a competing sibling; in
males, this source of adversity resulted in a slower pace of aging, but this was only
perceivable in adulthood (3 = - 0.050, p = 0.012, Table [A.17).

Next we tested the effects of season. The Amboseli ecosystem is a semi-arid
savannah with highly seasonal rainfall. The dry season lasts 5 months and is
linked to nutritional hardship; hence we predicted that samples in the dry season
would be associated with accelerated aging (we could not test effects of season on
pace of aging because all same-aged animals experience the same number of dry

seasons). In support, we found that, for females, but not males, samples collected
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in the dry season exhibited small, but significant evidence for age acceleration
such that samples from females were 2 months younger for age if they were
collected in the dry season as compared to the wet season (5 = - -0.180, p =
0.021, [2.4). This effect was driven by samples collected during adulthood; we
observed no significant effects of season on age acceleration in prior to maturity
(prior to median age of maturity: 3 = - 0.112, p = 0.440, Table [A.12} post median
age of maturity: 5 = - 0.223, p = 0.015, Table [A.15). Season did not significantly
predict microbiome age acceleration in males.

Lastly, for adult females only, we tested whether social isolation leads to age
acceleration and fast pace of aging. Social connectedness data for males was not
included, as males are more transient, immigrating between groups in order to at-
tain higher ranks, and thus form fewer strong social bonds. Indeed, prior research
in Amboseli finds that social isolation is linked to short lifespans in adult females
(Archie et al., 2014b). In contrast with our hypothesis, social connectedness was
not an important predictor of female age acceleration or pace of aging (age accel-

eration: § = - 0.057, p = 0.297, Table [A.15] pace of aging: 3 = - 0.009, p = 0.108,
Table[A.17).

2.3.5 Microbiome age acceleration predicted age of first rank attainment in both

Sexes.

We next tested whether variation in microbiome age acceleration and pace of
aging predicted the timing of maturational milestones and longevity. For females,
these milestones included the age at which females attained their first adult rank,
menarche, and the age at which they gave birth to their first live offspring. For
males, these milestones included the age at which males attained testicular en-
largement, dispersal from their natal social group, and attained their adult rank. We

also tested if age acceleration and pace of aging predicted juvenile survival to age

37



4 in both sexes and adult survival in females. We hypothesized that animals that
were microbially old for age or exhibited a faster pace of aging would reach matu-
rational milestones earlier and exhibit shorter adult lifespans than those that were
young for age or exhibiting a slower pace of aging. For many subjects, we had
multiple microbiome observations both before and after maturational milestones

(Tables [A.10] and [A.11), which allowed us to test whether patterns of microbiome

aging prior to the milestone versus microbiome aging across the lifespan (includ-
ing samples after the milestone) was more predictive of maturational timing. We
expected that samples collected before the milestone would be more predictive of
maturational timing than those collected from across the entire lifespan.

Microbial metrics of aging predicted some developmental milestones, but did
not predict juvenile or adult survival. Specifically, age acceleration predicted the
timing of rank attainment in both sexes such that individuals with young-for-age
microbiomes attained their adult rank sooner than those with old-for-age micro-
biomes (females: 3 = 0.370, hazard ratio = 1.447, p = 0.024, Figure [2.9A, Table
2.6 males: 5 = 0.406, hazard ratio = 1.501, p = 0.025, Figure [2.9B, Table [2.6).
While age acceleration was not predictive of any other milestones, pace of aging
predicted the timing of menarche and male dispersal. Specifically, females who
exhibited a faster pace of aging reached sexual maturation sooner than females
with slow pace of aging (Figure 2.10A, 5 = 4.475, hazard ratio = 87.808, p = 0.045,
Table [A.21)), but males who exhibited a slower pace of aging dispersed from their
natal group later than males with a faster pace of aging (Figure[2.10B, /5 = -4.038,
hazard ratio = 0.018, p = 0.037, Table [A.31). While the female results support our
hypothesis that animals exhibiting a faster pace of aging will develop sooner than
those who exhibit a slower pace of aging, the males show the opposite: animals
that exhibit a slower pace of aging will disperse from their natal group sooner. Re-

sults for other developmental milestones and survival are available as Appendix
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Figure 2.9. Microbiome age acceleration predicts the timing of adult rank
attainment in both sexes. The plot in (A) shows the probability of rank
attainment as a function of age in females and (B) shows the same
relationships for males. The red and blue lines represent animals whose
age acceleration was above (red) or below (blue) the median for subjects
in this analysis. Grey dotted lines indicate the median age of the
milestone occurring in the population (Charpentier et al., [2008).
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Figure 2.10. Pace of aging predicts the timing of menarche in female
baboons and natal dispersal in males. The plot in (A) probability of
menarche as a function of age for females, while (B) shows the
probability of natal dispersal as a function of age in males. The orange
and green lines represent animals whose pace of microbiome aging was
above (orange) or below (green) the median for subjects in this analysis.
Grey dotted lines indicate the median age of the milestone occurring in
the population (Charpentier et al., 2008).
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TABLE 2.6

PREDICTING AGE AT RANK ATTAINMENT PRIOR TO MILESTONE

Sex Predictor Coefficient Hazard 95% CI p-value Interpretation
Ratio
Females  Age acceleration av- 0.37 1.447 1.049 - 1.996 0.024 Animals who are old for age will attain the
eraged prior to mile- milestone sooner.
stone
Females  Pace of aging prior to -2.516 0.081 0.001 - 9.816 0.304
milestone
Females Mean chronological -0.381 0.683 0.468 - 0.997 0.048 Animals with a higher mean chronological
age of samples age will attain the milestone later.
Females  Mother in same group -0.297 0.743 0.435 - 1.268 0.276
during  approximate
timing of milestone
Females  Average number of 0.115 1.122 0.955-1.319 0.162 Animals with a higher number of maternal
maternal sisters in sisters in group will attain the milestone
group prior to mile- sooner.
stone
Females Low maternal rank at -1.329 0.265 0.143 - 0.489 0 Animals born to mothers with lower ranks
birth will attain the milestone later.
Females  Average number of 0.055 1.056 1.015-1.1 0.008 Animals in groups with more adult females
adult females in group will attain the milestone sooner.
prior to milestone
Females  Average rainfall prior 0 1 0.996 - 1.004 0.981

to milestone
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TABLE 2.6 CONTINUED FROM PREVIOUS PAGE

Sex Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Females  Hybridization score -0.673 0.51 0.199 - 1.31 0.162
Males Age acceleration av- 0.406 1.501 1.051 - 2.142 0.025 Animals that are microbially old for age will
eraged prior to mile- attain the milestone sooner.
stone
Males Pace of aging prior to -3.527 0.029 0-2527 0.121
milestone
Males Mean chronological -0.052 0.95 0.822 - 1.097 0.484
age of samples
Males Mother in same group -0.168 0.846 0.467 - 1.53 0.579

during  approximate
timing of milestone

Males Average number of -0.29 0.748 0.592 - 0.945 0.015 Animals with a higher number of maternal
maternal sisters in sisters in group will attain the milestone
group prior to mile- later.
stone

Males Low maternal rank at -0.866 0.421 0.219 - 0.807 0.009 Animals born to lower ranking mothers will
birth attain the milestone later.

Males Average number of ex- 0.162 1.176 0.971 -1.425 0.097

cess cycling females
in group prior to mile-
stone

Males Average rainfall prior -0.002 0.998 0.99 - 1.007 0.7
to milestone
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TABLE 2.6 CONTINUED FROM PREVIOUS PAGE

Sex Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Males Hybridization score 2.057 7.82 2.953 - 20.71 0 Animals with higher hybrid scores (more

anubis) will attain the milestone sooner.

NOTE: Cox proportional hazards model results showing the predictors of rank attainment in females and males prior to the milestone. For
female rank attainment, data from 2,346 samples representing 147 individuals total were used. Complete data was available for 94 females: 25
were censored and data was incomplete in 28 other cases. For male rank attainment, data from 3,918 samples representing 121 individuals total
were used. Complete data was available for 78 males: 0 were censored and data was incomplete in 43 other cases.



2.4 Discussion

Our results reveal profound effects of aging in the gut microbiome of wild ba-
boons. This study represents the first longitudinal microbiome aging clock in any
species. Further, this is the first study to test the social and environmental fac-
tors that predict aging within the gut microbiome, and its consequences for host
development and survival. We found that gut microbiome taxonomic features ex-
hibit a clock-like association with age. Our estimates of microbial aging were also
consistent with well-known patterns of sex-specific senescence in humans and
other primates (Lemaitre et al., 2020). Specifically, males exhibited a faster rate of
microbial aging than females after maturity.

As the first longitudinal microbiome aging clock in any species, our results con-
trast with some of the findings from other microbiome aging clocks based on cross-
sectional human data. After evaluating a suite of machine learning algorithms, we
focused on the Gaussian process regression as the best performing clock, as it
had an R? of 0.488 and median error of just 1.96 years for a population aged 6
months to 27 years. |Galkin et al. (2020) used a similar methodology and com-
pared 4 different types of machine learning algorithms before moving forward with
a deep neural network. Using this deep neural network on a publically-available
cohort of 1,165 humans aged 18-90 years, they had a considerably lower R? value
(0.21) but comparable median error (10.6 years in cross-validation) considering
the difference in scale between the groups. While our work solely consister of
gut microbiome profiles from one population of wild baboons, [Huang et al.| (2020)
used random forests on a large cross-sectional human cohort aged 18-90 years
and spanning at least four geographically distinct populations years to compare
how different body site microbiomes could be used to predict age. They found that
the oral and skin microbiomes resulted in stronger age predictions than the gut

microbiome but that there were sex-specific differences in the gut microbiome that
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were not discernable in the mouth or skin microbiomes. Lastly, (Cuesta-Zuluaga
et al.[|(2019) examined the differences in microbiome diversity using a random for-
est regression model across four large cohorts of human adults and found that
there were sex-specific differences in alpha diversity - females exhibited a slightly
higher relative microbiome age than men. This is in direct contrast with our finding
that males age faster than females, but our result is also confirmed by other bio-
logical markers of aging (Lemaitre et al., 2020). These studies are all important
proofs of concept for microbiome aging clock. However, our use of longitudinal
sampling on a wild baboon populations allows us to not only measure population
level differences in microbiome aging, but also test the social and environmental
drivers of microbiome aging and link inter-individual variation in the pattern and
pace of microbiome aging to individual health and survival.

Our gut microbiome aging clock performed well, compared to other markers
of aging commonly used in the Amboseli baboons. Further, as a metric of aging,
gut microbial profiles are the least invasive and most easily replicated measure of
assessing biological aging (Anderson et al., 2021). Fecal samples can be collected
without interfering with the animals directly. In comparison, the other markers of
aging require animals to be sedated and measured in a labor-intensive manner —
for example, calculating BMI requires sedation, measurements, and weights to be
taken and can thus only be calculated infrequently.

In addition to creating an accurate clock estimating microbial aging, we also
showed that the microbiome age acceleration and pace of aging were predicted by
an individual's social and environmental conditions, especially social dominance
rank. Across lifespan, low-ranking animals were microbially young for age. As
dominance rank can have direct impacts on the nutritional resources available to
an animal, this may corroborate that low-ranking animals are nutritional limited

as compared to higher ranked animals. This is consistent with results from stud-
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ies showing that undernourished children exhibited young for age microbiomes
relative to healthier peers (Subramanian et al., [2014). Further, when these un-
dernourished microbiomes were transplanted into mice, mouse development was
hindered: the affected mice exhibited decreased bone density and reduced weight
gain relative to those given microbiomes from healthy children. Similarly, our re-
sults showed that females born to low-ranking mothers exhibited a slower pace
of aging prior to maturity. Females essentially inherit their rank from their moth-
ers, so we might have expected that they remain slow after maturity as well. In
contrast, low-ranking females exhibited a faster pace of aging after maturity and
across lifespan, suggesting that their gut microbiomes are trying to catch up after
a slow development period. Low-ranking males were also young for age and ex-
hibited a faster pace of aging after maturity, suggesting that low-ranking males are
likely to be undernourished or otherwise unable to physiologically compete with
high-ranking males.

Similar to the effects of rank in females, sources of early life adversity related
to nutritional limitation were also linked to patterns of gut microbial aging in males.
For example, males born during a drought were microbially young for age. As male
offspring may be associated with increased energetic costs, mothers pregnant with
sons during drought years may not be able to provide the nutritional resources
required by a male infant (Gesquiere et al., |2018). Similarly, males born during
a drought year experience a faster pace of aging prior to maturity and a slower
pace of aging after maturity, which may be an attempt to “catch up” to their peers
developmentally.

In evaluating the usefulness of microbial aging as a predictor of developmental
milestones, we found that metrics of microbial aging were predictive of a few spe-
cific developmental milestones. The type of metric important for each milestone

also varied: milestones related to social standing, such as rank attainment, were
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predicted by age acceleration, and milestones related to physiological develop-
ment, such as menarche or dispersal, were predicted by pace of aging and not
age acceleration. This is likely due to the temporal difference between these met-
rics: age acceleration represents a smaller time scale and thus milestones related
to social standing and physical ability may be more impacted by age acceleration.
Pace of aging represents longer term trajectories, so milestones that require longer
periods of physiological build up may be better represented by it. Specifically, ani-
mals that had a faster pace of aging attained menarche sooner than animals with
slower paces of aging. Importantly, this result is consistent with results from epi-
genetic clocks in human studies — girls who had higher epigenetic values of age
acceleration (old for age) reached puberty earlier than those who were epigenti-
cally young for age (Binder et al., 2018). In males, while testicular enlargement is
considered the point at which a male is physically able to produce offspring, their
reproductive potential is often not realized until after a male undergoes a growth
spurt and is able to physically compete for reproductive females. Thus, rank attain-
ment is the age at which a male is considered an adult and begins rapidly climbing
the dominance hierarchy (Alberts and Altmann, [1995). This suggests that to attain
their first rank, males must be around their physiological peak, but animals that
are young for age are developmentally behind their peers. This idea is echoed if
we examine the predictors of pace of aging after sexual maturity. These predictors
include sources of early life adversity that could be associated with nutrient limita-
tion — birth in a drought year and a competing sibling — that would play a role in a
slower developmental trajectory.
Together, our results highlight the usefulness of the gut microbiome as a biomarker

predictive of age. These findings lend important support to the hypothesis that the
gut microbiome could serve as a noninvasive biomarker of host aging (Bana and

Cabreiro|, [2019), with potentially important consequences for the development of
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microbiome therapies (Shetty et al., [2017). By leveraging microbial, social, envi-
ronmental, and life history data on individual hosts followed from birth to death, we
have been able to demonstrate that gut microbial aging is an amalgam of an in-
dividual’s life history predictive of developmental milestones. Together, our results
bolster microbiome clock studies that follow human populations (Cuesta-Zuluaga
et al., 2019} Galkin et al., 2020; Huang et al., |2020). These results also reinforce
that the primate gut microbiome is highly individualized, but predicted by seasonal
variation and age group (Bjork et al.; Reese et al., [2020). Lastly, we were able
to show that the gut microbiome was a predictive biomarker of host aging at the
taxonomic level, despite the fact that the gut microbiome is incredibly diverse and
exhibits a high level of functional redundancy. A further investigation into the func-
tional properties of the gut microbiome and what pathways change over the course
of aging could reveal additional nuance regarding the timing of development. In-
vestigating the influence of the gut microbiome on measures of health that occur
multiple times over life, such as the incidence of illness or the rate of wound heal-
ing, may also provide insight on the mechanistic role of the gut microbiome in host

health and physical functioning.

2.5 Methods

2.5.1 Study population and subjects

Study subjects were 479 wild baboons (215 males and 264 females) living in
the Amboseli ecosystem in Kenya between April 2000 to September 2013. The
population is primarily composed of yellow baboons (Papio cynocephalus) with
some admixture from nearby anubis baboon (Papio anubis) populations. Prior
research in our population finds no link between host hybrid ancestry and micro-

biome composition (Grieneisen et al., |2019). The baboons are monitored as part
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of a long-term monitoring project conducted by the Amboseli Baboon Research
Project (ABRP) (Alberts and Altmann,, 2012). Since 1971, the ABRP has been
collecting continuous observations of the baboons’ demography, behavior, and en-
vironment. The baboons are individually identified by expert observers who visit
and collect data on each social group 3 to 4 times per week (the subjects lived
in up to 12 different social groups over the study period). During each monitoring
visit, the observers conduct group censuses and record all demographic events,
including births, maturation events, and deaths, allowing us to calculate age at

maturity and lifespan with precision.

2.5.2 Sample collection, DNA extraction, and 16S data generation

The 13,476 gut microbiome compositional profiles in this analysis represent
a subset of 17,277 profiles, which were previously published in Grieneisen et al.
(2021). Specifically, this subset of 13,476 fecal samples encompassed samples
from individuals where age was known with the greatest precision, where birth-
dates were known with just a few days of error. Each baboon had on average 33
samples collected across 6 years of their life (Figure[2.1]; range = 3 to 135 samples
per baboon; median days between samples = 44 days).

Samples were collected within 15 minutes of defecation, homogenized, and
preserved in 95% ethanol. Samples were freeze-dried and sifted to remove plant
matter prior to long term storage at -80C (Khan et al., 2002; |Lynch et al., 2003).
DNA from 0.05 g of fecal powder was manually extracted using the MoBio (Cat-
alog No. 12955-12) and QIAGEN (Catalog No. 12955-4) PowerSoil HTP kits for
96-well plates using a modified version of the MoBio PowerSoil-HTP kit. Briefly, we
increased the amount of PowerBead solution to 950 nL/well to increase the hydra-
tion of the freeze-dried samples, and incubated the plates at 60C for 10 minutes

after the addition of PowerBead solution and lysis buffer C1.
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Following DNA extraction, a 390 bp region of the V4 region of the 16S rRNA
gene was amplified and libraries prepared following standard protocols from the
Earth Microbiome Project (Gilbert et al., 2014). Libraries were sequenced on the
lllumina HiSeq 2500 using the Rapid Run mode (2 lanes per run). Sequences
were single indexed on the forward primer and 12 bp Golay barcoded. The re-
sulting sequencing reads were processed following a DADAZ2 pipeline (Callahan
et al., 2016). After quality filtering with DADA2, we imposed an additional set of
quality filters, such that samples were removed for low DNA extraction concentra-
tions (<4 times the plate’s blank DNA extraction concentration), low read counts
(<1000 reads), and amplicon sequence variants were removed if they only ap-
peared in one sample. See Grieneisen et al.| (2021) for details. This pipeline
produced 17,167 samples and 10,720 amplicon sequence variants, which we fur-
ther limited to 13,476 samples based on the animal’s birth status. We filtered out
singleton ASVs one further time to produce the 8,492 amplicon sequence variants
in our data set. The number of sequencing reads per sample ranged from 1,017
to 427,454 with a median of 51,839 reads. ASVs were assigned to microbial taxa
using the IdTaxa(...) function in the DECIPHER package, against the Silva ref-
erence database SILVA_SSU r132 _March2018.RData (Quast et al., 2013}, Wright
et al., 2012).

2.5.3 Identifying microbiome features that contribute to age predictions and that

change with age.

To identify microbiome features that change with host age, we ran linear mixed
models on 9,575 microbiome features (Table [A.). Linear mixed models were run
using the R package Imer4, with p-value estimates from ImerTest. These features
included: (i) five metrics of alpha diversity; (ii) the top 10 principle components of

microbiome compositional variation; (iii) center log ratio transformed abundances
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of each microbial phyla (n = 30), family (n = 290), genus (n = 747) and individual
ASVs (n = 8493). Alpha diversity metrics were calculated using the R package
vegan and principle components of microbiome compositional variation were cal-
culated using the R package labdsv (Dixon, 2003; Roberts| [2019).

For each feature, we modeled chronological age using both linear and quadratic
terms. In order to make our quadratic terms more easily interpretable, we centered
our age estimates on zero by subtracting the mean of age from each age value. We
also included season (wet or dry) and z-scored rainfall and temperature as fixed
effects as well as individual identity, social group at time of collection, hydrological
year, and the DNA extraction/PCR plate identity as random effects. All commu-
nity features (i.e. alpha diversity and principal components), all taxa, and ASVs
present in 25% or more of samples (537 ASVs) were modeled using a Gaussian
error distribution. Features present in less than 25% of samples (7,956 ASVs)
were modeled as present/absent in a given sample with a binomial error distri-
butions. For both types of models, we extracted the coefficient, standard error,
and p-value for the age term, then corrected for multiple tests using a Benjamini-

Hochberg procedure.

2.5.4 Building the gut microbiome aging clock

We created a microbiome aging clock by fitting Gaussian process (GP) regres-
sion model (with a kernel customized to account for heteroskedasticity) to predict
each baboon’s chronological age at the time of sample collection using our 9,575
microbiome compositional and taxonomic features (Table[A.1). The GP regression
model with heteroskedasticity correction was the best-performing of four super-
vised machine learning approaches we considered (elastic net, random forests,
and Gaussian process regression with and without the heteroskedasticity kernel;

See Appendix Section[A.1.2]for a comparison of other algorithms).
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Gaussian process regressions were conducted in Python 3 using scikit-learn
(Pedregosa et al., 2011; [Van Rossum and Drake, 2009). As a nonparametric,
Bayesian approach that infers a probability distribution over all the potential func-
tions that fit the data, the Gaussian process regression does not assume a lin-
ear relationship between chronological age and predicted age (Rasmussen and
Williams), 2005). For the prior distribution in the Gaussian process regression, we
used a radial basis function as our kernel and set the scale parameter to the mean
Euclidean distance of the dataset, as calculated in vegan (Dixon, 2003). Because
initial, exploratory models exhibited heteroskedasticity (Figure [A.5), we multiplied
the variance in the training data by the radial basis function, which distributed the
higher variance in later life more evenly across lifespan.

To calculate a microbial age estimate for every sample, and estimate gener-
alization error, we used nested five-fold cross validation. To calculate a microbial
age estimate for every sample and estimate generalization error, in each of the five
model runs, 80% of the data was used to train the model, and the remaining 20%
of the dataset as the test data. Because host identity can have a strong effect on
microbiome composition, we distributed samples from each host across the five
test/training data sets by randomly assigning each sample a test set without re-
placement. For each model run, 4 of the test datasets were treated altogether as
training data and the 5th set was the validation test set. We then took the estimates
from all 5 model runs and estimated global model accuracy on the aggregated es-
timates.

We assessed the accuracy of our microbiome clock by regressing each sam-
ple’s chronological age (age.) against the model’s predicted microbial age (agem)
and determining the R? correlation coefficient and Pearson’s correlation between
age. and agen,. We also calculated the median error of the model fit as the median

absolute difference between age. and agen, across all samples (Horvath, 2013).
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To test how each microbiome feature contributed to the accuracy of the micro-
biome clock, we took a leave-one-out approach: for each of the features above
the ASV level in turn, we removed the feature, centered and log ratio transformed
the remaining features, re-ran the Gaussian process regression, and assessed
the new model’s R?, Pearson’s R correlation coefficient, and median error. For
each of the resulting models, we assessed feature importance by comparing the

leave-one-out model’s R? to the model with all features included.

2.5.5 Calculating microbiome age acceleration and pace of aging

To characterize patterns of microbiome aging from our microbiome aging clock,
we calculated two metrics of aging: sample-specific microbiome age acceleration
and baboon-specific pace of aging. Microbiome age acceleration was calculated
as the difference between a sample’s age,, and age.. Higher values of age accel-
eration indicate old-for-age microbiomes, as age,, > age, and lower values (which
are often negative) indicate a young-for-age microbiome, where age. ¢, agen.

Pace of aging was estimated as each individual baboon’s random slope from
a linear mixed effects model of agen,, predicted by the sample-specific age, and
known environmental drivers of microbiome composition: the average maximum
temperature during the month of collection, total rainfall during the collection month,
and the season (wet or dry) during sample collection (Grieneisen et al., 2019 Mau-
rice et al., 2015). Social group at the time of collection and hydrological year were
also included as random effects (Grieneisen et al., 2017} [Tung et al., [2015). For
descriptions of all predictors, see Table [A.7] Pace of aging was calculated sep-
arately for males and females by subsetting the age, estimates by sex prior to
running the linear mixed effects model. In order to reduce noise in the random
slope terms, we only calculated pace of aging in baboons that had three or more

samples available for the timeframe of interest.
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2.5.6 Testing sources of variation in microbiome age acceleration and pace of
aging

Many social and environmental factors have been shown to predict fertility and
survival in the Amboseli baboons (Altmann and Alberts, 2005; Altmann et al., 2010;
Archie et al., 2014b; |Gesquiere et al., 2018, ' Tung et al., [2016). In order to test if
these factors also predict patterns of microbiome aging, we used a linear mixed
modeling approach to test predictors of sample-specific microbiome age accel-
eration and pace of aging over different phases of life, separately for males and
females. The phases of life were: (i) the juvenile period (prior to 4.5 years of age
for females, which is the median age of menarche; prior to 5.4 years of age, which
is the median age of testicular enlargement in males; (Charpentier et al., 2008;
Onyango et al., 2013), (ii) adulthood (post sexual maturity) and (iii) across the full
lifespan. See Table [A.9] for the number of subjects and samples included in each
analysis; these samples vary somewhat across analyses depending on whether
the subject’s samples spanned the life stage of interest and having complete data
on predictor variables (described below and in Table [A.7).

Our models varied slightly based on the microbial aging metric and timeframe
of interest. For models of age acceleration, the response variable was the sample-
specific measure of agen, - age.. All models included the following fixed effects: (i)
individual chronological age at the time of sample collection, to correct for model
compression; (ii) the average maximum temperature during the 30 days before
the sample was collected, (iii) total rainfall during the 30 days before the sample
was collected, and (iv) the season (wet or dry) during sample collection. Every
model also included measures of early life adversity the individual experienced
prior to 4 years of age as fixed effects. These could be present as either the (v)
cumulative early life adversity an animal experienced or the individual six sources

of adversity: (vi) loss of mother before age 4, (vii) a sibling born within 1.5 years
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of focal individual, (iix) presence of drought in early life, (ix) high group size, (x)
maternal social isolation, (xi) and low maternal rank) (Tung et al., 2016). Random
effects included individual identity, the social group the individual lived in at the time
of collection, and hydrological year. The effects of social dominance rank were
modeled differently for each life stage. Prior to maturity, we modeled rank effects
as a 0/1 indicating whether the mother was in the bottom quartile of ordinal ranks
(variable xi above). For models testing age acceleration later in adulthood or over
the entire lifespan, we used sex-specific measures of social rank: for males this
was ordinal rank, and for females this was proportional rank (Levy et al., [2020). To
make model interpretation more intuitive (high rank corresponds to higher values),
we multiplied the coefficients for ordinal rank and low maternal rank by -1. In
all female age acceleration models, the number of adult females in the group at
collection was included as female-specific measure of resource competition, and in
female adulthood models we also included dyadic social connectedness to other
females as a measure of female social bond strength (Charpentier et al., [2008;
Tung et al,2016). For full descriptions of all predictors, see Table [A.7]

Pace of aging models included followed the same structure as the age acceler-
ation models with certain predictors averaged over the time period being modeled.
Environmental and social drivers of microbiome composition (variable i-iv above
and the random effects other than individual identity) were not included as these
drivers are regressed out during the calculation of the metric itself. Thus, pace
of aging models only included measures of early life adversity the individual ex-
perienced prior to 4 years of age as fixed effects (v-xi) (Tung et al., 2016). As
in the age acceleration models, the effects of social dominance rank were mod-
eled differently for each life stage. Prior to maturity, we modeled rank effects as
a 0/1 indicating whether the mother was in the bottom quartile of ordinal ranks.

For models testing age acceleration later in adulthood or over the entire lifespan,

55



we averaged the sex-specific measures of social rank (ordinal rank in males and
proportional rank in females) over the time period of interest (Levy et al., 2020).
To make model interpretation more intuitive (high rank corresponds to higher val-
ues), we multiplied the coefficients for ordinal rank and low maternal rank by -1.
In all female pace of aging models, the average number of adult females in the
group over the time period of interest was included as female-specific measure of
resource competition, and in female adulthood models we also included average
dyadic social connectedness to other females as a measure of female social bond
strength (Charpentier et al., 2008; Tung et al., 2016). For full descriptions of all
predictors, see Table [A.7]

2.5.7 Testing whether microbiome age acceleration and pace of aging predict

baboon maturation and survival

We used Cox proportional hazards models to test whether microbiome age
acceleration and pace of aging predicted the age at which females and males
attained maturational milestones and the age at death for juveniles and adult fe-
males. We were only able to measure adult survival in females because males
disperse between social groups, often repeatedly across adulthood; hence, when
males disappear from our population, we cannot determine if they dispersed or
died. For females, the maturational milestones of interest were the age at adult
rank attainment (median age 2.24 in Amboseli), age at menarche (median age
4.51 in Amboseli), and the age at which she produced her first live offspring (me-
dian age 5.82 in Amboseli). For males, these milestones were the age of testicular
enlargement (median age 5.38 in Amboseli), the age of dispersal from natal group
(median age 7.47 in Amboseli), and the age at which he first out-ranked an adult
male baboon in the dominance hierarchy (i.e. adult rank attainment; median age

7.38 in Amboseli) (Charpentier et al., |2008; Onyango et al., 2013). See full de-
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scriptions of each milestone in Appendix Table [A.8 In order to be included in
these analyses, animals must have reached the milestone after the onset of sam-
pling (April 2000) and had at least three samples available in the timeframe of
interest. The number of subjects and censored data points in each analysis is
presented in Tables and SA.11]

Our models varied based on the event of interest and timeframe of interest.
All models included (i) age acceleration averaged over the timeframe, (ii) pace of
aging calculated for the timeframe, and (iii) mean chronological age of the samples
to correct for inter-individual differences in sampling.

All milestone models also included important variables tested in (Charpentier
et al. (2008): (iv) maternal presence at the time of the milestone, (v) the number of
maternal sisters in group averaged over the timeframe, (vi) rainfall averaged over
the timeframe, and (vii) whether the animal’s mother was low ranked (was in the
lowest quartile for female ordinal rank). For female-specific milestones, we also
included (ix) the average number of adult females in the group averaged over the
timeframe, and for male-specific milestones we included the number of excess cy-
cling females in the group averaged over the timeframe, or the difference between
the number of cycling females and the number of mature males within an animal’s
social group. Last, we included (x) the animal’s hybrid score, or an estimation the
proportion of an individual’s genetic ancestry attributable to anubis or yellow ba-
boon ancestry (Tung et al., | 2008). Hybrid score is only available for a subset of the
individuals within this dataset, so we included this variable in an analogous set of
models in order to protect our sample sizes (Table [A.10).

All juvenile survival models included variables (i-iii) from above, as well as mea-
sures of early life adversity the individual experienced prior to 4 years of age.
These could be present as either the (xi) cumulative early life adversity an animal

experienced or the individual six sources of adversity: (xii) loss of mother before
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age 4, (xiii) a sibling born within 1.5 years of focal individual, (xiv) presence of
drought in early life, (xv) high group size, (xvi) maternal social isolation, (xvii) and
low maternal rank) (Tung et al., [2016). Additionally, we ran three versions of this
analysis - two subset to each sex, and one version that included both sexes. In the
both sexes juvenile survival model, we included (xix) sex as a predictor.

Adult survival was only assessed in females as males often disperse outside of
the study population. Like juvenile survival models, adult female survival models
included variables (i-iii), and measures of early life adversity (xi-xvii). Last, we
included (xx) average lifetime dyadic social connectedness to adult females, (xxi)
average lifetime dyadic social connectedness to adult males, and (xxii) average
lifetime proportional rank. Full descriptions of all predictors are available in Table

A7
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CHAPTER 3

EARLY LIFE ADVERSITY LEAVES A LONG-TERM IMPACT ON THE BABOON
GUT MICROBIOME.

3.1 Abstrac(

In both free-living and host associated communities, events early in the forma-
tion of the community can have consequences for subsequent community assem-
bly and dynamics. For instance, in the human gut microbiome, a handful of studies
show that malnutrition or birth style (vaginal vs caesarean) influence microbiome
composition. However, few studies have been able to test whether events that oc-
cur in early life influence variation in the gut microbiome across the life span using
prospective, longitudinal data. To fill this gap, we evaluated whether the gut micro-
biome changes in response to adverse early life experiences, and whether these
changes occurred at the time of the adversity or appeared later in life. We did
S0 using a unique longitudinal data set spanning 12,298 16S rRNA gut microbial
profiles from 431 individual baboons in the Amboseli ecosystem, Kenya over 14
years. We found that the gut microbiome changed in response to specific types of
adversity, and that these changes were detectable primarily later in life. Further,
we found that one measure of gut microbiome stability was also impacted by cer-
tain types of early life adversity. Specifically, experiencing a drought or high group

size in early life were correlated decreased stability only after the juvenile period or

'l am the lead author, and my coauthors include Jansen D, Gilbert J, Barreiro L, Altmann J,
Alberts SC, Blekhman R, Tung J, and Archie EA.
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over lifespan. Together, our results demonstrate that there are long-term impacts
of early life adversity on the baboon gut microbiome, representing a first step to-
wards understanding whether these effects have consequences for host health

and physical functioning.

3.2 Introduction

Harsh conditions in early life have important, long-term effects on an individ-
ual’s behavior, cognition, physiology, and fitness (Lindstrom, |{1999;|Snyder-Mackler
et al., 2020). For instance in humans, early life adversity is associated with a
range of health outcomes, including higher risk of psychiatric disorders, heart dis-
ease, cancer, stroke (Dube et al., [2003]; Famularo et al., [1992; Felitti et al., [1998;
Kessler et al., 2010). However, to date much less is known about the mechanisms
linking early life events to health and survival. The dominant hypotheses include
evolutionary explanations, such as those proposed by developmental constraints
or predictive adaptive response models (Gluckman et al., [2005; [Lindstrom, |1999;
Monaghan, |2008), to more proximate mechanisms such as those encompassed by
the biological embedding hypothesis (Hertzman, [1999]; Miller et al., 2011). These
models link early life events to multiple aspects of individual development, physi-
ology, inflammation and immune function, hypothalamic-pituitary-adrenal axis re-
sponses, and patterns of DNA methylation. However, few models have considered
the role played by the gut microbiome. In this paper, we develop and test this
concept.

In humans and other mammals, gut microbiomes are diverse, dynamic ecosys-
tems that help their hosts digest food, enhance their immune system, resist pathogens,
and generate essential vitamins and amino acids (Clayton et al., 2018} Foster

et al., 2017). In humans, changes in the gut microbiome have been correlated
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with a number of health problems ranging from inflammatory bowel disease and
hypertension to diabetes and different types of cancers (Chassaing et al., 2017
Manor et al., 2020; Mottawea et al., 2016; Zackular et al., 2014). Despite its impor-
tance in host physical functioning and health, gut microbiomes are also sensitive to
host physiology, environments, behaviors, and early life experiences (Bengmark,
1998; Gerber, 2014; Palmer et al., [2007). The best studied type of early life expe-
rience impacting the human gut microbiome is that of birth style: infants born by
caesarean section have a gut microbiome more similar to the mother’s skin micro-
biome, as compared to infants delivered vaginally (Dominguez-Bello et al., 2010).
This effect may persist for a period of time after birth, resulting in adverse health
outcomes in childhood (Backhed et al., 2015 |Cong et al., [2016; Mueller et al.,
2015;|Reyman et al., |2019; Sevelsted et al., 2015). Beyond birth style, other types
of early life experiences, including acute malnutrition, stress, maternal separation,
and other forms of microbial disruption, have also been shown to exhibit marked
changes in gut microbiome composition across a diverse range of host taxa (Bil-
liet et al., 2017; Cowan et al., [2019; Kirschman et al., 2020; Knutie et al., 2017;
Rhoades et al., [2019]; |Subramanian et al., 2014; Videvall et al., 2020; Wilkinson
et al., |2020; Xiang et al., 2020). Together, these provide strong evidence that the
gut microbiome may play key roles in mediating early life effects on health out-
comes. However, research linking early life events to gut microbiome composition
across the life course — from the juvenile period through old age — is very rare.
Most studies have only followed individuals for a few weeks to a few years (Blan-
ton et al., 2016; Rhoades et al., 2019; Videvall et al., 2020); hence no studies have
tested for early life effects as they occur or how these effects persist in the gut.
Here, we fill this gap using 12,298 gut microbiome compositional profiles, col-
lected from 431 known-age, wild baboons (Papio cynocephalus) over 14 years.

Our subjects are members of a well-studied wild baboon population located in the

61



Amboseli ecosystem, Kenya and have been studied by the Amboseli Baboon Re-
search Project (ABRP) since 1971 (Alberts and Altmann, 2012). In the last 50
years, the ABRP has collected continuous, individual-based data on baboon life
histories, behavior, and environments, many of which can be correlated with mi-
crobiome changes or used to predict health and mortality (Alberts et al., |2014;
Archie et al., 2014alb|;|Grieneisen et al., 2017; Ren et al., [2015; Tung et al., [2015).
Baboons are a useful model system for humans because they experience well-
defined life history stages that mirror human developmental stages, including an
extended juvenile period prior to sexual maturation and predictable age-related
changes in behavior and physiology in adulthood (Alberts and Altmann, [1995; Alt-
mann et al., [2010; Charpentier et al., 2008; Onyango et al., 2013).

Prior research in the Amboseli baboons has shown that adverse events in early
life can have profound effects on the rest of these animals’ lives. [Tung et al.| (2016)
identified six sources of adversity whose cumulative effects led to profound effects
on lifespan; females who experienced three or more sources of adversity had me-
dian lifespans that were 10 years shorter than females who experienced none of
the six sources. The six sources of adversity included maternal loss, maternal
social isolation, low maternal social status, early life drought, high group density,
and the presence of a competing sibling who diverted maternal attention, with the
strongest effects linked to maternal loss and maternal social isolation. In addition
to impacting the individual’s lifespan, further research has showed that mothers
who experienced early life adversity themselves have offspring with significantly
reduced survival (Zipple et al., 2019). In addition to more specific health and sur-
vival outcomes, the Amboseli population has been used to test whether harsh
conditions in early life lead to changes in developmental or reproductive trajecto-
ries (Lea et al., 2015; Welbel et al., |2020). Recent work has also examined the

mechanistic relationship between early life experiences and an animal’s fithess
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trajectory: cumulative adversity was not predictive of variation in epigenetic aging,
but specific sources of adversity were important predictors of variation in microbial
aging (Anderson et al., 2021; |Dasari et al.).

Building on this prior research, our objective was to characterize the long-term
impacts of early life adversity on the baboon gut microbiome. We hypothesized
that the experience of early life adversity — especially adversities that have the
strongest effects on adult survival — would be linked to consistent differences in
microbiome composition and stability across hosts. Alternatively, because gut mi-
crobiomes are highly sensitive to a host’s current environment, microbiomes may
be resilient to adversity, such that adverse events in early life may have few de-
tectable, long-term consequences for gut microbial composition (Allison and Mar-
tiny, |2008; |Relman, 2012). Indeed, a host’s current environment and behavior is
often a strong predictor of gut microbial composition, although the relative effects
of early life events are largely unknown. To test this hypothesis, we investigated
whether early life experiences, including the six individual sources and their cu-
mulative effects, were linked to predictable differences in gut microbial community
composition, abundances of individual microbes, and microbiome community sta-
bility, both in early life as the adversity is occurring, and in adulthood. Establishing
how the gut microbiome is impacted by early life adversity will contribute to a com-
prehensive picture of the evolutionary role of the gut microbiome in a mammalian
host. Understanding how early adversity gets "under the skin” is key to developing

interventions that can mitigate long-term health consequences.
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3.3 Methods

3.3.1 Study population and subjects

Study subjects were 431 wild baboons (264 females and 215 males) living in
the Amboseli ecosystem in Kenya between April 2000 to September 2013. The
population is primarily composed of yellow baboons (Papio cynocephalus) with
some admixture from nearby anubis baboon (Papio anubis) populations, although
research in this population finds no link between host hybrid ancestry and micro-
biome composition (Grieneisen et al., 2019). The baboons studied have been part
of a long-term monitoring project conducted by the Amboseli Baboon Research
Project (ABRP) (Alberts and Altmann, [2012). The subjects lived in up to 12 differ-
ent social groups over the study period. These social groups were derived from
two original study groups that underwent natural processes of group fission/fusion
since the onset of monitoring in 1971. Hence, continuous observations of the ba-
boons’ demography, genetics, behavior, and environment are available for nearly
50 years. The baboons are individually identified by expert observers who visit and
collect data on each social group 3 to 4 times per week. During each monitoring
visit, the observers conduct group censuses and record all demographic events,

including births, maturation events, and deaths.

3.3.2 Defining the sources of early life adversity

The metrics for early life adversity follow the same definitions as in [Tung et al.
(2016). Specifically, we tested six different types of adversity that could be linked
to either early life nutritional limitation or psychosocial stress: (1) drought in the
first year of life, which may lead to low food availability; (2) high social density,
measured by large group size at time of birth, which may lead to competition for

resources among group members; (3) low maternal dominance rank, which is
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associated with lower access to resources; (4) maternal social isolation, which
is associated with decreased social support; (5) maternal death before age of 4
years, which removes maternal social and nutritional support; and (6) the birth of
a competing sibling within 1.5 years of the focal animal’s birth, which could divert
maternal attention. Each source of adversity was treated as a binary variable that
indicated whether an individual either experienced the adversity or not (in most
cases, experiencing the adversity was defined as being in the worst quartile of
the variable in question). Cumulative adversity was thus the sum total of these

binarized sources.

3.3.3 Sample collection, DNA extraction, and 16S data generation

The 12,298 gut microbiome compositional profiles in this analysis represent
a subset of 17,277 profiles, which were previously published in Grieneisen et al.
(2021). Specifically, this subset of 12,298 fecal samples encompassed samples
from 431 individuals where age was known with just a few days of error, and where
we had complete data on all six metrics of early life adversity. Each baboon had
on average 28 samples collected across 5 years of their life (Figure [3.1} range
= 1 to 135 samples per baboon; median days between samples = 45 days). The
subjects included 234 females (7,321 samples, mean of 31 samples per individual)
and 197 males (4,977 samples, mean of 24 samples per individual) whose ages
ranged from 7 months to 26.5 years old (Figure [3.1).

Following DNA extraction, a 390 bp region of the V4 region of the 16S rRNA
gene was amplified and libraries prepared following standard protocols from the
Earth Microbiome Project (Gilbert et al., 2014). Libraries were sequenced on the
lllumina HiSeq 2500 using the Rapid Run mode (2 lanes per run). Sequences
were single indexed on the forward primer and 12 bp Golay barcoded. The re-

sulting sequencing reads were processed following a DADA2 pipeline (Callahan

65



A Female Sample Distribution B Male Sample Distribution

0 sources of adversity

1 source of adversity

Individual Baboon ID
Individual Baboon ID

2 sources of adversity

3 or more sources
ate an of adversity

e an® ® @00
5 Gl

@O OeEEDGINe0S D WD 04D O SIS o o @OO®O CEEG@D COM®

0 5 10 15 20 25 0 5 10 15 20 25
Age in Years Age in Years
Number of Adverse Conditions ¢ 0 1 2 o 3ormore

Figure 3.1. Longitudinal fecal samples collected for (A) 7,321 samples
from 234 female baboons and (B) 4,977 samples from 197 male baboons
in the Amboseli ecosystem. Host age at the time of sample collection is
indicated on the x-axis and individual baboons are represented on the
y-axis. Each point represents a fecal sample collected from an individual
baboon. The fill color of each point reflects the cumulative early life
adversity an individual experienced: dark blue for animals that
experienced no adversity, light blue for those that experienced 1 source,
orange for those that experienced 2 sources, and red for those that
experienced 3 or more sources.
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et al., 2016). After quality filtering with DADA2, we imposed an additional set of
quality filters, such that samples were removed for low DNA extraction concentra-
tions (<4 times the plate’s blank DNA extraction concentration), low read counts
(<1000 reads), and amplicon sequence variants were removed if they only ap-
peared in one sample. See Grieneisen et al.| (2021) for details. This pipeline
produced 17,167 samples and 10,720 amplicon sequence variants. We filtered
singleton ASVs one additional time to produce the 8,492 amplicon sequence vari-
ants in our data set. Last, we filtered our samples based on the animal’s birth
and early adversity status, resulting in a final count of 12,298 samples. The
number of sequencing reads per sample ranged from 1,017 to 427,454 with a
median of 51,840 reads. ASVs were assigned to microbial taxa using the Id-
Taxa(...) function in the DECIPHER package, against the Silva reference database

SILVA_SSU r132_March2018.RData (Quast et al., [2013];|Wright et al., [2012).

3.3.4 Identifying adversity-related differences in microbial composition using PER-

MANOVA

To test whether early life experience explains significant variance in microbiome
community composition, we performed PERMANOVA (Permutational Multivariate
Analysis of Variance) on a matrix of Bray-Curtis dissimilarities between all sam-
ples. Specifically, we tested whether Bray-Curtis dissimilarities were predicted by
either (a) the presence or absence of individual sources of adversity ("type” of ad-
versity) or (b) cumulative adversity (the total number of adversities an individual
experienced; hereafter, "quantity” of adversity). For each PERMANQOVA, we also
controlled for covariates known to explain technical and biological variation in mi-
crobiome composition (Grieneisen et al., 2017; Kartzinel et al., 2019; [Tung et al.,
2015; Wang and LeCao, 2020). These variables included the (i) DNA extraction

plate, (ii) the season in which the sample was collected (wet or dry), (iii) the hy-
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drological year (hydrological years are shifted to begin with the onset of the rains
in November and conclude at the end of the dry season in October) at time of
collection, (iv) the sex of the individual, (v) the age of the individual at collection,
(vi) the social group the baboon belonged to on the day the sample was collected,
and (vii) the identity of the baboon from which the sample was collected. Because
PERMANOVA tests for variance sequentially, the order in which these covariates
were added to the model was important. Specifically, early life experiences is cor-
related individual identity and thus needed to be evaluated prior to the addition of
variables vii. Thus, we included variables i-vi first, which allows us to control for
variables related to both population level drivers (i-iii) and host-specific variation in
the microbiome (iv-vi), followed by either the types or quantity of adversity (a or b)
and ending with host identity (vii). In the case of the type of adversity models, we
randomized the order of the adversities.

As sex is an important predictor of microbial variation, we ran models for fe-
males and males separately. Age is another important predictor of microbial varia-
tion and to identify how early adversity may manifest later in life we further binned
the data into discrete four-year age categories (eg. 0 to 4 years, 4 to 7 years, etc)
and tested the effect of diversity within those categories. At advanced ages, we
had considerably fewer samples available and thus binned all available samples
after a specific age: over 19 for females and over 13 for males. Sample sizes are

available for each model in Table B.1l

3.3.5 Understanding the contribution of early life adversity to the presence or

abundance of microbiome features.

We next used linear mixed models to test whether the experience of adver-
sity was linked to changes in community composition or differential abundance of

9,575 microbiome features. These features were (i) five metrics of alpha diversity;
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(i) the top 10 principle components of microbiome compositional variation (which
collectively explained 57% of the variation in microbiome community composition);
(iii) centered log ratio transformed abundances of each microbial phyla (n = 30),
family (n = 290), genus (n = 747) and individual ASVs (n = 8,493; described in
Table [A-1). Alpha diversity metrics were calculated using the R package vegan
and principle components of microbiome compositional variation were calculated
using the R package labdsv (Dixon| 2003, [Roberts, [2019). For each feature, we
tested whether it was predicted by either the types or quantity of early life adversity
while controlling for covariates known to explain variation in microbiome composi-
tion in our population as fixed effects, including: the season in which the sample
was collected (wet or dry), the average maximum temperature for the month prior
to sample collection, the average rainfall total for the month prior to sample col-
lection, and the host’s age. Further, the social group the baboon belonged to
on the day the sample was collected, the identity of the baboon the sample was
collected from, and the hydrological year at time of collection were modeled as
random effects. Features present in at least 25% of samples were modeled using
a Gaussian error distribution (1,619 features, including all the features in the alpha
diversity, composition, phylum, family, genus categories as well as 592 ASVs). The
remaining 7,573 ASVs present in less than 25% of samples were modeled using a
binomial error distribution. For both types of models, we extracted the coefficient,
standard error, and p-value for the age term, then corrected for multiple tests using

a Benjamini-Hochberg procedure.

3.3.6 Testing the predictors of microbiome community stability

In order to test how early life adversity impacts the stability of the gut mi-
crobiome, we calculated stability as the coefficient of variation of an individual’'s

between-sample Bray-Curtis dissimilarities for three time periods: the juvenile pe-
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riod (prior to age 4), adulthood, and across the lifespan. To reduce noise in esti-
mates of coefficients of variation, individuals had to have 10 or more samples per
time period to be included in this analysis. We specifically tested whether adversity
predicted stability using a linear modeling approach. Coefficient of variation for the
time period of interest was our response variable, and fixed effects included either
(a) the presence or absence of individual sources of adversity (“type” of adversity)
or (b) cumulative adversity (the total number of adversities an individual experi-
enced; hereafter, “quantity” of adversity). We also included (i) mean age of the
individual’s samples, (ii) total number of samples in the time period, and (iii) sex as
additional fixed effects because coefficient of variation is sensitive to changes in
sample size and our sample sizes are positively correlated with age and sex (due

to sex-based differences in dispersal).

3.4 Results

3.4.1 Presence of a competing sibling and low maternal rank predict microbiome

composition.

Our PERMANOVA analyses identified two types of adversity that had small but
significant effects on microbiome composition across all samples. The presence
of a competing sibling and low maternal rank respectively explained 0.018% (F
= 2.26, adjusted p = 0.032, Table and 0.02% (F = 2.48, adjusted p = 0.016,
Table [3.1) of the variation in microbial composition.

Because sex predicted microbiome variation in our initial analyses (F = 1.77, R?
= 0.014%, p = 0.043, Table [B.2)), we also investigated sex-specific responses to
early life adversity by running separate PERMANQOVAs for each sex. For females,
the presence of a competing sibling contributed a small but significant amount

of variation (F = 2.12, R? = 0.029%, adjusted p = 0.045, Table [3.1). For males,
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the presence of a competing sibling and low maternal rank were linked to signif-
icant differences in gut microbiome composition (competing sibling: F = 3.01, R?
= 0.06%, adjusted p = 0.006; low maternal rank: F = 3.18, R? = 0.063%, adjusted
p = 0.005; Table [3.1). In contrast to these individual sources of adversity, the
quantity of adversity experienced was never a significant predictor of variation in
microbiome composition (Table [B.2).

Because we expected that the effects of early life adversity might be strongest
during the juvenile period and weaken with age, we also ran our models on 4-year
age windows. Contrary to our expectation that the effects of early life adversity
would be strongest in early life, we found that for the sources of adversity linked
to microbiome changes—competing sibling, low maternal rank, and cumulative
adversity—their effects grew stronger with host age. Specifically, the presence of a
competing sibling becomes a significant predictor of microbiome composition from
ages 7-10 and after age 19 ((7-10]: F = 2.50, R? = 0.10%, adjusted p = 0.032; (19-
30]: F = 2.12, R? = 0.8%, adjusted p = 0.032; Table B.2] Figure[3.2). Low maternal
rank predicted of microbiome composition in all animals between ages 13 and
16 (F = 2.51, R? = 0.28%, adjusted p = 0.016, Table [B.2}, Figure [3.2). Similarly,
in females the presence of a competing sibling explained microbiome composition
between ages 10 and 13, and after age 19 ((10-13]: F =2.01, R? = 0.17%, adjusted
p = 0.045; (19-30]: F = 2.11, R? = 0.8%, adjusted p = 0.045; Table . Low
maternal rank had the strongest effects on microbiome composition between the
ages of 13 and 16 (F = 2.41, R? = 0.34%, adjusted p = 0.005, Table [B.2). In
males, the presence of a competing sibling and low maternal rank were significant
contributors to variation in gut microbiome similarity after age 7 (competing sibling:
F =2.68, R? = 0.25%, adjusted p = 0.012; low maternal rank: F = 2.90, R? = 0.28%,
adjusted p = 0.005; Table B.2).
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Figure 3.2. Change in the variance explained (R?) in microbiome
Bray-Curtis dissimilarities as a function of host age and the type of early
adversities hosts experienced. The three panels show the effects of (A)

cumulative adversity; (B) the presence of a competing sibling, and (C)
low maternal rank. Colors represent host sex (yellow represents females
and blue represents males). Point shape indicates whether the
relationship was significant after adjusting for multiple tests using the
Benjamini-Hochberg procedure. Other types of early life adversity are

visualized in Figure B.1]
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TABLE 3.1

STATISTICALLY SIGNIFICANT EFFECTS FROM PERMANOVA ANALYSES TESTING
THE RELATIONSHIP BETWEEN INDIVIDUAL SOURCES OF ADVERSITY AND
MICROBIOME BRAY-CURTIS DISSIMILARITIES.

Age Class Sex Variable F R2 P-value Adjusted P-value
Lifespan (0,30) Both Social group at time of collection 2.72206 0.0024  0.001 0.0016
Lifespan (0,30) Both Presence of a competing sibling 2.26006 1.8e-4 0.012 0.032
Lifespan (0,30) Both Lowest quartile maternal rank 2.48335 2e-4 0.003 0.016
Lifespan (0,30) Both Individual identity 1.30551 0.0443  0.001 0.00133
Lifespan (0,30) Females DNA extraction plate 1.0937  0.02988 0.001 0.008
Lifespan (0,30) Females Social group at time of collection 2.7547  0.00408 0.001 0.0032
Lifespan (0,30) Females Chronological age at time of collection 2.9581 4e-4 0.003 0.024
Lifespan (0,30) Females Presence of a competing sibling 2.1245 2.9e4 0.015 0.04533
Lifespan (0,30) Females Individual identity 1.2872  0.03881 0.001 0.008
Lifespan (0,30) Males Social group at time of collection 1.3131 0.00287 0.003 0.014
Lifespan (0,30) Males Presence of a competing sibling 3.0798 6.1e-4 0.001 0.006
Lifespan (0,30) Males Lowest quartile maternal rank 3.1773  6.3e-4 0.002 0.005
Lifespan (0,30) Males Individual identity 1.2697 0.0479  0.001 0.006

(0-4]

Both Social group at time of collection 1.53496 0.00554 0.001 0.0016
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TABLE 3.1 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Variable F R? P-value Adjusted P-value
(0-4] Both Individual identity 1.09717 0.13145 0.001 0.00133
(4-7] Both Social group at time of collection 1.86332 0.0054  0.001 0.0016
4-7] Both Individual identity 1.11627 0.07796 0.001 0.00133
(7-10] Both Presence of a competing sibling 2.50344 0.00105 0.007 0.032
(7 -10] Both Individual identity 1.14019 0.08112 0.001 0.00133
(10-13] Both Individual identity 1.17083 0.06443 0.001 0.00133
(13-16] Both Social group at time of collection 1.59682 0.0201 0.001 0.0016
(13-16] Both Lowest quartile maternal rank 2.50746 0.00287 0.004 0.016
(13-16] Both Individual identity 1.20037 0.07142 0.001 0.00133
(16 - 19] Both Social group at time of collection 1.46647 0.03082 0.001 0.0016
(19 - 30] Both Presence of a competing sibling 2.11659 0.00801 0.009 0.032
(0-4] Females Individual identity 1.06065 0.12104 0.025 0.03333
(4-7] Females DNA extraction plate 1.06513 0.10998 0.01 0.04
(4-7] Females Social group at time of collection 1.47334 0.00833 0.002 0.0032
4-7] Females Individual identity 1.09239 0.07463 0.004 0.008
(7-10] Females Social group at time of collection 1.24832 0.01022 0.017 0.02267
(7-10] Females Individual identity 1.13082 0.06734 0.003 0.008
(10-13] Females Social group at time of collection 1.39466 0.01172 0.002 0.0032
(10-13] Females Presence of a competing sibling 2.01097 0.00169 0.017 0.04533
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TABLE 3.1 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Variable F R? P-value Adjusted P-value
(10-13] Females Individual identity 1.10753 0.05584 0.023 0.03333
(13-16] Females Social group at time of collection 1.67931 0.02642 0.001 0.0032
(13-16] Females Lowest quartile maternal rank 2.40841 0.00344 0.005 0.04
(13-16] Females Individual identity 1.22317 0.06123 0.002 0.008

(16 - 19] Females Social group at time of collection 1.54391 0.03465 0.002 0.0032
(19 - 30] Females Presence of a competing sibling 2.11659 0.00803 0.013 0.04533
(0 - 4] Males DNA extraction plate 1.06735 0.14816 0.008 0.048
(0 - 4] Males Social group at time of collection 1.33913 0.00925 0.006 0.014
(0 - 4] Males Individual identity 1.09922 0.13057 0.004 0.008
(4-7] Males Social group at time of collection 1.32461 0.00712 0.007 0.014
(4-7] Males Individual identity 1.11845 0.07338 0.002 0.006
(7-10] Males Presence of a competing sibling 2.68396 0.00257 0.004 0.012
(7-10] Males Lowest quartile maternal rank 2.90441 0.00278 0.001 0.005
(7-10] Males Individual identity 1.10492 0.08156 0.019 0.0285

NOTE: PERMANQOVAs testing the effects of individual types of adversity on Bray-Curtis dissimilarities. PERMANOVAs were run on lifespan
and age class subsets of the data. Only significant variables across these models are shown. In addition to the variables below, models also
included plate, season, hydrological year, sex (if both sex model), individual identity, chronological age, and social group. Models were run for 999
permutations, and p-values were corrected for multiple tests using the Benjamini-Hochberg procedure. Full results available in Appendix Table B.2]



3.4.2 The presence of many microbial features was predicted by type or quantity

of adversity.

We next tested whether individual community metrics and taxa were predicted
by either the type or quantity of adversity an animal experienced using a linear
mixed modeling approach. We found that of the 1619 features modeled with a
Gaussian distribution (i.e. those present in at least 25% of samples), none of
the microbial feature counts were predicted by the type or quantity of adversity
represented in the model after correcting for multiple tests. However, 21% of ASVs
(1,683 of 7,956 ASVs) tested with a binomial error distribution were predicted by
cumulative adversity (Table B.3). To check if there were commonalities between
ASVs, we aggregated them at higher taxonomic levels. At the phyla level, there
were 23 phyla significantly predicted by cumulative adversity: 37.9% of these ASVs
(638 of 1,683 ASVs) belonged to Firmicutes, followed by 14.3% (240 ASVs) in
Proteobacteria and 13.6% (229 ASVs) in Bacteroidetes. Each of the six sources of
adversity were also predictive of between 600-700 ASVs each (though with some
overlap between adversities, Figure [3.3). When we examine the 30 taxa with the
greatest absolute estimates for each adversity (Figure[3.4] Table[B.4), we find there
are 22 families that are predicted by multiple adversities. Of these, the families
Lachnospiraceae and Prevotellaceae each represent 18.5% of shared ASVs (30 of
162 shared ASVs each). Of these, 18 of the 30 ASVs in Prevotellaceae decreased
with early adversity, while 16 of the 30 ASVs in Lachnospiraceae decreased with

early adversity.
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strongly associated with each individual source of early life adversity. The

x-axis shows the model estimate for one of the six sources of adversity,

and the y-axis shows the microbiome ASV in question. ASVs were

modeled using a binomial error distribution. Taxa with an * indicate an

ASV found in the top 30 of one of more other adversities.
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Figure 3.4. Families represented in the top 30 ASVs predicted a type of
early life adversity. Each bar represents the family level designation of the
15 highest and lowest ASVs, and the height of the bar represents the
relative estimate contribution. Bars with numbers on them indicate
multiple ASVs from that family.
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3.4.3 Drought and high social group size are linked to low microbiome stability

across the lifespan

For these analyses, we tested whether the coefficient of variation (CV) in an
individual’'s between-sample Bray-Curtis dissimilarities was predicted by the type
or quantity of adversity at three time periods: early in life (prior to age four), in
adulthood (after age four), and across the lifespan. Similar to the age class analy-
sis, the effects of adversity were only evident later in life (Table [B.5). Specifically,
in early life, neither quantity nor type of adversity predicted stability, but experienc-
ing a drought in early life was predictive of decreased stability in adulthood (5 =
0.083, p <0.001, Figure [3.5 Table [3.2). Additionally, experiencing a drought or
high group densities in early life was linked to increased coefficients of variation,
and thus decreased stability over life (drought: 5 = 0.012, p = 0.005; high group
size: § = 0.019, p = 0.005; Figure 3.5, Table [3.2). Across all three time periods,
average sampling age and total samples available were correlated with a reduc-
tion in CV and thus an increase in stability (Table[3.2). Sex was not predictive of a
change in CV (Table B.5).
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Figure 3.5. Coefficient of variation (CV) in microbiome Bray-Curtis

dissimilarities across the lifespan for individual baboons who experienced

early life drought and large group sizes at birth. Panels A-C show the
relationship between early life drought (x-axis) and Bray-Curits CV
(y-axis). Panels D-F show the relationship between large group size at
birth (x-axis) and Bray-Curits CV (y-axis).

Discussion

Our study represents the first longitudinal, birth to death, test of the effects of

early life adversity on gut microbiome. We found that specific types of adversity,
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TABLE 3.2

SIGNIFICANT LINEAR PREDICTORS OF THE COEFFICIENT OF
VARIATION IN BRAY-CURTIS MICROBIOME DISSIMILARITY FOR
INDIVIDUAL BABOONS

Time period Model Variable Estimate SE P-value
Version

Juvenile Quantity  Mean chronological age 0.13526 0.03007 1e-5

Juvenile Quantity =~ Number of samples -0.00192 4.7e-4 7e-5

Juvenile Type Mean chronological age 0.12943 0.03116 5e-5

Juvenile Type Number of samples -0.00164 5e-4 0.00122

Adult Quantity = Mean chronological age -0.01219 0.00277 2e-5

Adult Quantity = Number of samples -0.00231 3.3e-4 0

Adult Type Experienced a drought in  0.08363 0.02359 4.7e-4
early life

Adult Type Mean chronological age -0.0127 0.00277 1e-5

Adult Type Number of samples -0.00196 3.4e-4 0

Lifespan Quantity = Mean chronological age -0.00195 5.5e-4 5.2e-4

Lifespan Quantity ~ Number of samples -0.00115 7e-5 0

Lifespan Type Experienced a drought in  0.01226 0.00504 0.01572
early life

Lifespan Type Experienced high group 0.01898 0.00562 8.5e-4
size in early life

Lifespan Type Mean chronological age -0.00189 5.5e-4 6.5e-4

Lifespan Type Number of samples -0.00107 8e-5 0

NOTE: Significant linear predictors of "stability” in Bray-Curtis dissimilarity. Stability is defined
as the coefficient of variation in Bray-Curtis dissimilarity across an individual’'s samples, was calcu-
lated across three time periods of interest. We then tested if type or quantity of early life adversity
impacted CV using linear models. Full results available in Table [B.5]
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but not the overall number of sources of adversity, have small but important im-
pacts on microbiome composition and stability. Interestingly, the types of early life
adversity that were important to composition were not significant predictors of mi-
crobiome stability, or vice versa. Specifically, the presence of a competing sibling
or having a low-ranking mother significantly changed the composition of the mi-
crobiome, especially after the juvenile period has passed. In contrast, a decrease
in microbiome stability was correlated with experiencing a drought or high density
group in early life. The lack of overlap in type of adversity between composition
and stability may be related to individual vs. population effects: the presence of
a competing sibling and low maternal rank are individual level adversities that will
not change over life, while drought and high group size are adversities related
to cyclical social and environmental changes. These results therefore provide in-
direct support for the developmental constraints hypothesis, as the animals that
experienced poor environmental conditions early in life show decreased microbial
stability later in life. These results are in congruence with the existing literature:
while [Tung et al. (2016) found profound effects on lifespan based on quantity of
adversity, Zipple et al. (2019) found that loss of the mother prior to age 4 and the
presence of a competing sibling were both related to lower individual survival, as
well as lowered survival in the affected individual’s offspring. Additionally,|Lea et al.
(2015) found support for the developmental constraints hypothesis where females
born into a low-quality environment had lower fertility during drought than females
who had been born into a high-quality environment. Thus our hypothesis that ad-
versities that have the strongest effects on survival would be linked to differences
in microbiome composition and stability was partially supported.

Further, our hypothesis stated that early life adversity would have marked and
consistent effects on microbiome composition and stability. Indeed, the presence

of a competing sibling and low maternal rank were both important to microbiome
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composition, while drought or high group size in early life were important to sta-
bility in both adulthood and across the entire life course, but not detectable in the
juvenile period. Our alternative hypothesis was that gut microbiomes that experi-
ence a disturbance such as early life adversity may temporarily be altered by that
disturbance but exhibit resilience such that the community returns to its original
composition (Allison and Martiny, 2008). Our results show that the microbiome
appears to resist change early on, but may be influenced by other physiological
consequences of adversity that only impact the microbiome later in life. However,
our sample sizes for the oldest age classes are small (Table [B.1), and further
analyses should be done to ensure that these results are not an artifact of low
sample size. One approach would be to subsample our data down to smaller
sample sizes, implementing sliding age window subsets, or, given more time and
resources, focused sample collection on older individuals. However, there may
also be an interaction between survival and specific types of early life adversity
such that animals that experience them may have lower overall survival. Careful,
controlled experiments in similar model systems of early life adversity would thus
complement the current research.

When we examined what taxa were predicted by the type and/or quantity of
early life adversity, we found that all definitions of adversity were predictive of
the presence or absence of many ASVs. Some of the ASVs with the largest ef-
fect sizes belonged to the families Lachnospiraceae and Prevotellaceae. Lach-
nospiraceae is one of the main producers of short-chain fatty acids in the gut
microbiome and has been implicated in early life neural development in humans
(Oliphant et al., 2021}, |Vacca et al., 2020). Similarly, Prevotellaceae is important in
the breakdown of complex carbohydrates and the production of short-chain fatty
acids, and reductions in Prevotellaceae have also been implicated in the progres-

sion of Parkinson’s disease. While in some forms of adversity we see either of

83



these families solely increase or decrease, in other forms of adversity we see cer-
tain taxa within these families both increasing and decreasing. As we only have
taxonomic resolution and not functional resolution, in order to better understand
the impacts of early life adversity on the gut future research should include shot-
gun or metagenomic sequencing that can uncover what functions are being up or
down regulated in individuals experiencing early life adversity.

Together, our results show that there are marked, long-term effects of early life
adversity on both the composition and stability of the gut microbiome. By lever-
aging microbial, social, and environmental data on individual hosts followed from
birth to death, we have been able to demonstrate that the gut microbiome war-
rants further investigation as a mechanism for the biological embedding of early
life adversity. Together, our results bolster microbial studies that follow human pop-
ulations during the first years of life or shorter lived animal populations (Billiet et al.,
2017; Blanton et al., 2016; Backhed et al., |2015]; [Kirschman et al., 2020; Knutie
et al., 2017 Reyman et al.,|2019; Subramanian et al., 2014; Wilkinson et al., 2020).
Lastly, we were able to show that the gut microbiome was a predictive biomarker
of early adversity at the taxonomic level, despite the fact that the gut microbiome
is incredibly diverse and exhibits a high level of functional redundancy. A further
investigation into the functional properties of the gut microbiome and what path-
ways change based on the types and quantity of early life adversity may help in
the development of microbiome therapies for the mitigation of long-term health

consequences.
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CHAPTER 4

CONCLUSION

For my dissertation, | leveraged an unprecedented gut microbiome dataset
consisting of over 17,000 gut microbial profiles collected from a wild population
of baboons (Papio cynocephalus) monitored by the Amboseli Baboon Research
Project to characterize the relationship between the gut microbiome and host age
(Chapter 2) and development (Chapter 3). Overall, my dissertation provides new
evidence that the gut microbiome is an amalgam of an individual’s life history and
thus predictive of developmental milestones. Specifically, | created a microbiome
aging clock and demonstrated that microbiome aging predicts the age at which
baboons attain developmental milestones. Further, | showed that gut microbiome
composition and stability are altered in response to specific types of early life ad-
versity, but that these effects primarily manifest later in life. Together, my results
illustrate that host behavior and experiences strongly impact the gut microbiome

with consequences on host developmental trajectories and potentially fitness.

4.1 The gut microbiome changes predictably with age

For most species, physical and cognitive declines with age are inevitable. These
changes define biological aging, a phenomenon caused by changes in cellular,
tissue-, and organ-level function, which in turn lead to rising disease and mortality
risk with age (Komanduri et al., 2019; Lopez-Otin et al., 2013). An understudied
aspect of aging is the that of the gut microbiome: these host-associated ecologi-

cal communities have considerable potential to reflect a wide range of age-related
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dynamics for their host. Specifically, while the gut microbiome’s composition is,
in part, controlled by its host and dependent on host health, successional theory
from community ecology predicts that communities will have their own dynamics
that emerge from species interactions; hence, as ecological communities develop
and age, they should pass through predictable compositional stages such as in-
crease in diversity or compositional stability (Christian et al., [2015; Connell and
Slatyer, |[1977; Costello et al., [2012; Dini-Andreote et al., 2015; Fierer et al., 2010).
Thus, as hosts develop, senesce, and exhibit changing physical function with age,
| expected that their gut microbiomes would correspondingly exhibit changes with
age.

To identify age-related changes in the gut microbiome, | adopted methods from
epigeneticists who use machine learning algorithms to build DNA methylation-
based predictors of chronological age, also known as “epigenetic clocks” (Ander-
son et al., 2021} Binder et al., 2018; Chen et al., 2016b; Horvath, 2013; Marioni
et al., [2015). | built a series of clocks based on algorithms popular in both the
epigenetic and microbiome literature and evaluated their fit not only compared to
the animal’s actual chronological age, but also compared to one another. While
all algorithms were consistent in the direction of results and effects, the Gaussian
process regression included much more flexible parameters and resulted in the
best performance overall after optimization. This is a novel application of this algo-
rithm to both big data and microbiome data, as this type of regression is known to
slow considerably with increased feature quantity. Each algorithm confirmed that
gut microbiome taxonomic features exhibit a clock-like association with age and
that our estimates of microbial aging were consistent with well-known patterns of
sex-specific senescence in humans and other primates (Lemaitre et al., 2020). In-
terestingly, females not only lived longer lives, but also exhibited a slower rate of

microbial aging than males after maturity. As discussed in Lemaitre et al.| (2020),
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this may be attributed to the interaction between local environments and sex-
specific costs of sexual selection - e.g. from the time of maturity until their death,
male-male competition is shaped by density-dependent resource access to cy-
cling females while female competition is largely shaped by densisty-independent
resource access to food (Levy et al., 2020). This is supported by the impact of
season on the rate of female microbial aging: females are microbially young-for-
age during the wet season, when food is more diverse and plentiful. However, this
does not diminish the relevance of the gut microbiome as a biomarker as aging,
and instead reinforces the idea that these host-associated ecological communities
reflect a wide range of individual-specific, age-related changes in their host.

Community compositional change over time was characterized by the impor-
tance of several key taxa. Specifically, when we removed the phylum Firmicutes
from our machine learning model, our ability to predict age dropped significantly.
This is in congruence with the findings by (Claesson et al.| (2011), where the rela-
tive abundance of Firmicutes dropped by nearly 10% between the healthy young
adults and the elderly subjects. Further, the removal of phylum Bacteroidetes, Pro-
teobacteria, or Actinobacteria from our model had similar comparisons between
the healthy human adults and elderly subjects (Claesson et al., [2011).

This research has several interesting future directions. First, | observed het-
eroskedasticity in the relationship between host age and microbiome age. Specif-
ically, as hosts aged variation in microbial age estimates increased. Initially, | hy-
pothesized that an increase in chronological age is often associated with the break-
down of physiological processes (e.g. aging), and thus the increase in microbial
variation with increased age may be due to a breakdown of processes governing
gut microbial composition or stability. However, this change also corresponds with
decreasing sample sizes at very old age. This warrants further investigation: is

this heteroskedasticity due to biological phenomena, or statistical artifact? This
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question could be investigated in a few ways. The most obvious solution would be
to increase collections for animals that are extremely old, but this is likely less than
feasible since wild animals that make it to higher chronological ages disappear for
a myriad of reasons. Confirmation of these results in a well-characterized captive
animal model of aging may be another solution. Using the data we already have
available, looking for non-linear relationships between host age and microbiome
stability may also result in a more flexible and biologically accurate model of host
aging.

Second, this microbiome aging clock is based on taxonomic data. Given that
the gut microbiome is known to exhibit high levels of functional redundancies, |
had to leverage this unprecedented dataset in order to find a distinct signature
of aging. However, reliance on taxonomic designations in microbes that transfer
genes horizontally make this research especially difficult to compare to microbiome
aging studies in other organisms. The use of shotgun metagenomics and other
functional assays will be an important next step in not only understanding how
host biological functioning changes with age, but also how baboon biological aging
compares to biological aging in other organisms.

Third, creating microbiome aging clocks for other species or microbiome aging
clocks including data from multiple species may be a useful step forward in under-
standing aging across primates, or even other mammals. Projects that aid in the
collaboration between field-based primate study camps such as the Primate Mi-
crobiome Project (https://www.primatemicrobiome.org/) have protocols for se-
quencing based on the Earth Microbiome Project (Gilbert et al., [2014) and are a
good step towards developing a systematic understanding of variation in the ag-
ing microbiome across all primates. Grouping primates based on life history and
demographic similarities may confirm that specific pressures on sexual selection

impact primate aging uniquely.
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4.2 The gut microbiome is a useful biomarker of host biological aging

Understanding that the gut microbiome changes with age is important, but do
these changes predict important developmental milestones for hosts? My thesis
provides a first answer to this question. To do this, | applied my microbiome aging
clock to understand (1) which individuals have young- or old-for-age microbiomes,
or faster or slower paces of aging relative to the population, and (2) whether this
variation predicts the timing of maturation or death. With respect to the first ques-
tion, the most pervasive effect was that of rank: | found that animals who were
low-ranked exhibit faster rates of microbial aging relative to high-ranked peers. As
rank is closely tied to access to resources (Levy et al., 2020), this result provides
further support that increase access to resources is associated with changes to
health or fitness outcomes (Herd et al., 2018).

With respect to the second question, | found that animals who were microbially
old for age attained adult rank earlier and females experiencing faster paces of ag-
ing attained menarche earlier. These effects were apparent for models examining
microbial metrics of aging across lifespan as well as prior to the milestone of inter-
est, implying that the gut microbiome may indeed play a role in preparing the host
for their next developmental stage. In congruence with the result that low-ranked
animals exhibit faster rates of aging, | speculate that low-ranked animals develop
faster in order to compensate for the energetic consequences of being low-ranked
(e.g. low rates of nutrient acquisition could be related to longer inter-birth intervals)
(Gesquiere et al., 2018).

Across life, there are well-known points of developmental transition, such as the
weaning and the shift to solid foods or the process of puberty. Transitions outside
of these periods are less well-studied due to inter-individual variation in aging and
development, but, due to the gut’s role in host physical functioning, the gut micro-

biome may provide one mechanism in which we can detect these periods. While
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we tested microbial metrics over life and prior to the milestone of interest, a future
line of research may include understanding the gut’s role in preparing the host for
their next developmental stage. One way to test this would be through testing for
inflection points that might indicate a change in the rate of microbiome aging. This
could be examined using piecewise regressions to estimate the age at which the
slope of the microbial aging metric might change in an individual. With more se-
quencing resources, it might also be valuable to expand the work in Chapter 2 by
examining how microbial functional changes with age would be an important next
step. First and foremost, are there functional changes with age outside of wean-
ing? For example, is there an increased incidence of anti- or pro-inflammatory
pathways with age (Sanada et al., 2018; Wang et al., |2020)? As age-related wear
in dentition reduces hosts’ abilities to mechanically break down tough foods, do
microbiomes become more efficient at breaking down diverse nutrients, or rely
on other microbe-microbe mechanisms to ensure communities remain function-
ing? While many unanswered questions remain, my findings in Chapter 2 demon-
strate that, even at the taxonomic level, the gut microbiome is a useful, noninvasive

biomarker of host aging.

4.3 Early life adversity leaves a lasting impact on the microbiome

In Chapter 3, | turned my attention to whether there are long-term impacts of
early life adversity on the baboon gut microbiome. In both free-living and host as-
sociated communities, events early in the formation of the community have conse-
qguences for subsequent community assembly and dynamics (Ghosh et al., [ 2014;
Lennon and Jones, 2011} Livermore and Jones, 2015} Macpherson et al., 2017
Smith et al., 2013} Voreades et al., 2014). For instance, in the human gut micro-

biome, a handful of studies show that malnutrition or birth style (vaginal vs cae-
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sarean) influence microbiome composition (Backhed et al. 2005; Cong et al. 2016;
Dominguez-Bello et al. 2010). However, few studies have been able to compre-
hensively test whether events that occur in early life influence variation in the gut
microbiome across the life span using longitudinal data. | hypothesized that early
life adversity would be linked to consistent differences in microbiome composition
and stability across hosts. To test this hypothesis, | tested whether early life experi-
ences, including the six individual sources and their cumulative effects, were linked
to predictable differences in gut microbial community composition, abundances of
individual microbes, and microbiome community stability, both in early life as the
adversity is occurring, and in adulthood.

Using types of early life adversity explored in [Tung et al.| (2016), | found that
there were compositional differences in animals that experienced specific types of
early life adversities as compared to those who did not experience any early life
adversity. Specifically, the presence of a competing sibling or having a low-ranking
mother significantly changed the composition of the microbiome, especially after
the juvenile period has passed. The presence of both of these adversities was
most important later in life. The birth of a competing sibling indicates a shorter
interbirth interval and thus a short period of reliance on the mother’s milk, which
may impact the animal’s long term development negatively. Similarly, a low-ranked
mother may have fewer resources to share with her offspring, causing limitations
on a developing infant that are only apparent after maturity. Similarly, | calculated
microbial stability and found that specific types of early life adversity were cor-
related decreased stability only after the juvenile period or over lifespan. There,
high group size or the presence of a drought in early life decreased gut microbial
stability in adulthood. Together, these results may provide indirect support for the
developmental constraints hypothesis, where animals that experienced poor envi-

ronmental conditions early in life may have health consequences later in life (Lea
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et al., 2015).

This work could be carried forward in a number of ways. First and simplest,
is smoothing out the age class analysis by using sliding windows instead of dis-
crete time blocks. While my results show that there are some impacts of early life
adversity later in life, these effects appear and disappear between the age class
windows, causing concern that they might be artifacts, despite a number of quality
controls and conservative reporting. Like Chapter 2 and 3, this work would be com-
plemented by additional metagenomic or shotgun sequencing and data from other
wild animal models or experimental studies. Specifically, there were a number
of important ASVs that were shared between adversities and it may be fruitful to
further investigate the functional aspects that are shared between the adversities.
This is especially important as the adversities studied in the Amboseli population
likely cause both nutritional and psychosocial limitations, and an understanding of
the functional changes associated with each adversity may help tease apart their
specific impacts on the host. Studies in other model systems with well-defined
types of early life adversities will also complement our understanding of the func-
tional impact of adverse events on not only the microbiome but also host health

over lifespan.

4.4 Concluding remarks

In sum, my research provides the first prospective, longitudinal study of gut
microbiome dynamics and their links to aging and developmental outcomes in any
wild vertebrate. By determining factors that impact the composition and stability
of the gut microbiome, my results not only contribute to the field of evolutionary
biology by testing the correlation between microbiome composition and markers

of Darwinian fitness, but also reveal what constitutes a healthy microbiome across
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life. This in turn can be used to inform microbiome interventions that aim to improve

host health.
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APPENDIX A

CHAPTER 2 SUPPLEMENTARY MATERIALS

Following the typical structure of a Supplementary File, this appendix includes
text describing supplementary methods and results, followed by supplementary

figures, then supplementary tables.

A.1  Supplementary methods and results

A.1.1 Estimating the impact of chronological age on microbial features using a

linear mixed modelling approach.

Features modeled with a Gaussian error distribution.

A total of 1619 features were examined using a Gaussian error distribution, but
179 of the models failed to converge or had other fit problems. Here, we show
the results for the remaining 1440 features. Of those 1440 features, 757 of the
1619 features modeled with a Gaussian distribution exhibited significant linear or
quadratic relationships with age after correcting for multiple tests via Benjamini-
Hochberg procedure (Figure shows the linear coefficient for the 50 taxa with
the strongest relationships as well as 11 significant community metrics, Figure [A.2]
shows the quadratic coefficient; FDR threshold = 0.05). A subset of successfully
completed models are included in Table [A.2] with the entire table available in the

Supplementary Excel Sheet.

Features modeled with a binomial error distribution.
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A total of 7,956 features were examined using a binomial error distribution, but
1,166 of the models failed to converge or had other fit problems. Here, we show
the results for the remaining 6,790 features. Of those 6,790 features, 3381 of the
features exhibited significant linear relationship with age, 2,506 had a significant
quadratic relationship with age after correcting for multiple tests via Benjamini-
Hochberg procedure (FDR threshold = 0.05). A subset of successfully completed
models are included in Table [A.3] with the entire table available in Supplementary

Excel.

A.1.2 Creating and assessing age-predictive machine learning models: Introduc-

tion to the Approaches

We tested three supervised machine learning algorithms in the process of cre-
ating our microbiome aging clock: elastic net regression, random forest regres-
sion, and Gaussian process regression (Breiman, 2001; Rasmussen and Williams,
2005; Zou and Hastie, 2005). Below we summarize the strengths and weaknesses
of each machine learning algorithm.

Elastic net regression is a regression algorithm that produces a linear model.
It improves upon the predictions from simple linear regressions by incorporating
coefficient penalties from the L1 regularization (LASSO regression) and L2 reg-
ularization (ridge regression) (Zou and Hastie, 2005). Elastic net regression is
infrequently used in microbiome studies, but has produced promising results in
epigenetic aging clocks due to its flexibility in choosing which features to keep and
which to remove (Anderson et al., 2021} |Binder et al., 2018 Chen et al., 20164}
Horvath, 2013; [Marioni et al., 2015). However, elastic net regressions produce
linear relationships between the input chronological age and the predicted age,
which may not accurately affect the true relationship between chronological age

and the microbiome.
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Random forest is an ensemble learning method that creates a number of paral-
lel decision trees, each producing its own prediction (Breiman|, 2001). The predic-
tion is then averaged among all trees to create the final estimate. A key advantage
of random forest over elastic net regression is that it does not assume a linear re-
lationship between the predicted estimate and the input chronological age, but the
model may be biased by correlated features. Random forest is commonly used in
microbiome research, including other microbiome clocks (Bosch et al., 2017;/Chen
et al., |2019; Metcalf et al., 2016; |Saulnier et al., [2011}; [Subramanian et al., 2014},
Thaiss et al., 2016).

Gaussian process regression is a nonparametric, Bayesian approach that in-
fers a probability distribution over all the potential functions that fit the data (Ras-
mussen and Williams), |2005). Like random forests, Gaussian process regressions
do not assume a linear relationship between chronological age and predicted age,
but has the additional advantage of kernel customization. As such, Gaussian pro-
cess regressions may be able to better handle heteroskedasticity in the data (an
issue in our clock; see below). As an increase in chronological age is often asso-
ciated with the breakdown of physiological processes (e.g. aging), heteroskedas-
ticity in microbial age estimates may indicate a breakdown of the host’s processes

that regulate the gut microbiome.

A.1.3 Creating and assessing age-predictive machine learning models: Methods

and optimization of machine learning algorithms

Prior to running each algorithm, all features were center log ratio transformed
within sample. We then chose a ratio of training to test dataset. To do this, | first
compared the model fit of different ratios of training to test sets. These included
the following training:test splits: 50:50, 60:40, 75:25, 80:20, and 90:10. In order

to balance model performance and the risk of overfitting, we chose an 80:20 data
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split.

In order to calculate a microbial age estimate for every sample and estimate
generalization error, we used a nested cross-validation framework. Each of the al-
gorithms chosen has its own internal cross-validation where a subset of the train-
ing data is held apart and used to internally validate the model. We added an
additional, external layer of cross-validation with our 80:20 training:test data split.
We classified samples into five different test sets where individual was as evenly
represented as possible in all training and test sets. As the number of samples
varied between individuals, we randomly assigned each sample a test set without
replacement if an individual’s sample count was less than five, or with replacement
if an individual’'s sample count was greater than five. For each model run, four of
the test datasets were treated altogether as training data and the fifth set was the
validation test set.

Elastic net regressions were run in R using function cv.gimnet() from package
glmnet (Friedman et al., 2010). The two main parameters for this model are A,
which is the penalty from the LASSO regression that penalizes extra predictors by
shrinking coefficients to zero, and «, the parameter that balances between mini-
mizing between the residual sum of squares and minimizing the magnitude of the
coefficients. cv.glmnet() automatically fits 100 values of A by default and names
the \ that produces the minimum cross-validated error "lambda.min”. We used
lambda.min as our value of A. For «, we manually ran the model with 200 values
of alpha (from 0 to 1 in increasing increments of 0.005) and picked a value of al-
pha that would minimize the mean absolute error and maximize the adjusted R2
(Figure [A.4).

Random forest regressions were conducted in Python 3 using scikit-learn (Pe-
dregosa et al., [2011}; [Van Rossum and Drake, 2009). The main parameter here

was the number of decision trees being used, and defaults to 100. Too many trees
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could result in overfitting so in order to minimize overfitting and optimize R?, we
ran a series of Random forest regressions with different numbers of trees: we
increased the number of trees in increments of 50, stopping at 400 because of
minimal changes in R? relative to 200 trees.

Gaussian process regressions were also conducted in Python 3 using scikit-
learn (Pedregosa et al., 2011; [Van Rossum and Drake, 2009). In both the non-
heteroskedastic-kernel model and heteroskedastic-kernel model, the main param-
eters we use to modify the kernel function include the scale and bounds. These
parameters moderate the level of overfitting in the algorithm: the scale parameter
specifies a starting point for which the algorithm optimizes within the confines of
the bounds parameters. As with the parameters for the other models, we incre-
mentally changed both the scale parameter within a wide range of bounds and
checked the output model’s R? and median error. Ultimately, we kept a wide range
of bounds (1 to 100) and set the scale parameter to the median euclidian distance
of the dataset as calculated in R using function vegdist() from R package vegan
(Dixon|, [2003).

Due to the heteroskedasticity exhibited by the models above (Figure [A.5), we
modified the Gaussian process regression’s kernel function further to account for
the variance within the dataset. Specifically, we multiplied the variance in the train-
ing data by the radial basis function, which distributed the higher variance in later

life more evenly across lifespan.

A.1.4 Creating and assessing age-predictive machine learning models: Compar-

ison of machine learning algorithms

To assess model accuracy, we used the predicted age estimates from all 5 runs
of the nested cross-validation procedure to assess model fit and accuracy. As in

Horvath| (2013), we regressed the sample’s chronological age (age.) against the
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model’s predicted microbial age (agen) and determining the (1) R? correlation co-
efficient between age. and age,, with either a linear fit, (2) Pearson’s correlation
coefficient, and (3) the median error, or the median absolute difference between
age. and agen, (Table and Figure [A.6). Across algorithms, we observed that
males always aged faster than females, which is consistent with well-known pat-
terns of sex-specific senescence in humans and other primates (Lemaitre et al.,
2020). The Gaussian Process Regression with the heteroskedastic kernel was the
best model for every metric assessed - it maximized R? and Pearson’s R to 0.488
and 0.698 (respectively) while minimizing median error. It also was the only model

with which we were able to alleviate any heteroskedasticity.

A.2 Supplementary Figures and Tables
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TABLE A.1

A SUB-SET OF THE 9,575 MICROBIOME FEATURES USED IN

ANALYSES.
Feature Feature Category = ASV DNA Sequence
ASV Richness Alpha Diversity NA
ASV Shannon’s H Alpha Diversity NA
ASV Simpson’s Diversity Alpha Diversity NA
Hill Number (g=1) Alpha Diversity NA
Hill Number (g=2) Alpha Diversity NA
Compositional PC1 Composition NA
Compositional PC2 Composition NA
Compositional PC3 Composition NA
Compositional PC4 Composition NA
Compositional PC5 Composition NA
Archaea > Euryarchaeota Phylum NA
Archaea > Euryarchaeota > Halobacteriales > Family NA
Halococcaceae
Archaea > Euryarchaeota > Halobacteriales > Genus NA
Halococcaceae > Halalkalicoccus
ASV 1 ASV Full ASV Sequence

NOTE: A total of 9,575 features were used to characterize the gut microbiome. To be included,
features must have been present in three or more samples. Features were grouped into the fol-
lowing categories: ASVs (n = 8493), genus (747), family (290), phyla (30), compositional principal
components (10), and alpha diversity (5). For ASVs, the Feature column corresponds to their "ASV
ID”, which is a short identifier. The "ASV DNA Sequence” column is the ASV’s specific sequence.
Table is truncated due to length constraints; see supplementary excel file.
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Figure A.1. Relationship between all community metrics and age. Metrics
that were significantly predicted by age are indicated with a * after their

label.
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Figure A.2. Taxa with the highest quadratic associations with age. Plot
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associations with age. Points are colored by category of feature.
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TABLE A.2

RESULTS FROM A SERIES OF LINEAR MIXED MODELS TESTING
WHETHER HOST AGE PREDICTS MICROBIOME FEATURES
MODELED USING A GAUSSIAN ERROR DISTRIBUTION.

Feature Feature Variable Coefficient SE Adjusted
Category Type P-value

ASV Richness Alpha Diver- Linear -0.00097 6.00E-04 0.20404
sity

ASV Richness Alpha Diver- Quadratic 0.00011 6.00E-04 0.17916
sity

ASV Shannon’s H Alpha Diver- Linear -0.0016 0.00049 0.00397
sity

ASV Shannon’s H Alpha Diver- Quadratic 0.00022 0.00049 0.00085
sity

Compositional PC1 Composition  Linear -0.00807 0.00146 0

Compositional PC1 Composition  Quadratic -3.00E-05 0.00146 0.89176

Compositional PC2 Composition  Linear -0.00481 0.00122 0.00039

Compositional PC2 ~ Composition  Quadratic -6.00E-05 0.00122 0.73072

Archaea > Eur- Phylum Linear -0.0148 0.0092 0.20711

yarchaeota

Archaea > Eur- Phylum Quadratic 0.00184 0.0092 0.06623

yarchaeota

Archaea > Thau- Phylum Linear -0.00407 0.00105 0.00051

marchaeota

Archaea > Thau- Phylum Quadratic 0.00027 0.00105 0.12038

marchaeota

NOTE: Model results from a series of linear mixed models testing the whether age is predictive
of microbial features. Features included here were only those that were present in 25% or more
of samples that could be assessed using a Gaussian error distribution. Table is truncated due to
length constraints; see supplementary excel file.
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TABLE A.3

RESULTS FROM A SERIES OF LINEAR MIXED MODELS TESTING
WHETHER HOST AGE PREDICTS THE PRESENCE OF MICROBIOME
FEATURES MODELED USING A BINOMIAL ERROR DISTRIBUTION.

ASVID Related Genus Variable Coefficient SE Adjusted P-value
Type

ASV 10699 Bacteria > Tenericutes > Mollicutes RF39 > NA > NA Linear -94395.12 34.38 0

ASV 10699 Bacteria > Tenericutes > Mollicutes RF39 > NA > NA  Quadratic -8741.02 10.82 0

ASV 21757 Bacteria > Proteobacteria > Sphingomonadales > Linear -74684.56 55529.35 0.30959
Sphingomonadaceae > Qipengyuania

ASV 21757 Bacteria > Proteobacteria > Sphingomonadales > Quadratic -7474.96 5553.64 0.37038
Sphingomonadaceae > Qipengyuania

ASV 4720 Bacteria > Bacteroidetes > NA > NA > NA Linear -37456.51 0.13 0

ASV 4720 Bacteria > Bacteroidetes > NA > NA > NA Quadratic -5756.86 0.13 0

NOTE: Model results from a series of linear mixed models testing the whether age is predictive of microbial features. Features included here
were only those that were present in under 25% of samples and could be assessed using a binomial error distribution. Table is truncated due to
length constraints; see supplementary excel file.
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Figure A.5. Variance in residuals across lifespans in the Gaussian
process regression prior to correction. Plots show chronological age
relative to the residuals of the age,, produced by a Gaussian process

regression with a radial basis function kernel. Females are in yellow, and
males are in blue. (A) shows a scatter plot of age. and the residuals of
agenm. As a host gets older, the spread of the residuals gets wider. (B)
shows the distributions of the residuals at different age subsets. The
distribution flattens around 12.5 in females and 10 in males. (C) shows
the coefficient of variation of the residuals is especially high at the around
12.5 in females and 10 in males.
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TABLE A4

SUMMARY METRICS FOR EACH MACHINE LEARNING ALGORITHM:
ELASTIC NET REGRESSION, RANDOM FOREST, AND GAUSSIAN

PROCESS REGRESSION

Algorithm Subset Adjusted Pearson’s Median
R? R Error
Elastic Net Regression All 0.417 0.645 2.195
Elastic Net Regression Females 0.414 0.644 2.386
Elastic Net Regression Males 0.457 0.676 1.931
Random Forests Regression All 0.291 0.539 2.533
Random Forest Regression Females 0.272 0.522 2.832
Random Forest Regression Males 0.338 0.581 2.14
Gaussian Process Regression All 0.433 0.658 2.001
Gaussian Process Regression Females 0.428 0.655 2.214
Gaussian Process Regression Males 0.457 0.676 1.724
Gaussian Process Regression All 0.488 0.698 1.962
with heteroskedastic kernel
Gaussian Process Regression Females 0.489 0.699 2.15
with heteroskedastic kernel
Gaussian Process Regression Males 0.5 0.707 1.706

with heteroskedastic kernel
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Figure A.6. Microbiome clocks of aging from an ensemble of machine
learning algorithms. Plots show predicted host ages (agen) relative to the
host’s true, chronological age (age.) at the time of sample collection.
Points are colored by sex with yellow indicating a female sample and blue
indicating a male sample. Grey dashed line indicates a 1-to-1 relationship
between age; and age,. Plot A is the output from an elastic net
regression and plot B is the output of a Random Forest regression. Plots
C and D show the estimates from Gaussian process regression, but the
kernel input for model in plot D was customized to account for
heteroskedasticity in the data.
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TABLE A.5

RESULTS FROM LINEAR MIXED MODELS SUBSET TO EACH SEX
AND TESTING FOR SEX-SPECIFIC DIFFERENCES IN AGEy

Sex Subset Predictor n samples Estimate SE p-value
Females Prior Maturity Intercept 1980 2.829 0.180 <0.001
Females Prior Maturity Chronological Age 1980 0.710 0.057 <0.001
Females Post Maturity Intercept 6265 5.131 0.075 <0.001
Females Post Maturity Chronological Age 6265 0.378 0.006 <0.001
Females Lifespan Intercept 8245 4.201 0.051 <0.001
Females Lifespan Chronological Age 8245 0.449 0.005 <0.001
Males Prior Maturity Intercept 2382 3.086 0.144 <0.001
Males Prior Maturity Chronological Age 2382 0.623 0.039 <0.001
Males Post Maturity Intercept 2849 4.251 0.073 <0.001
Males Post Maturity Chronological Age 2849 0.533 0.006 <0.001
Males Lifespan Intercept 5231 3.231 0.064 <0.001
Males Lifespan Chronological Age 5231 0.631 0.009 <o0.001

NOTE: Data were subset to three timeframes — prior to maturity, post maturity, and over the
entire lifespan. In each of those subsets, age,, was our response variable, as predicted by the
variables in the predictor column.
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Figure A.7. Correlating the results from the linear mixed model analysis
of features and the leave-one-out version of the machine learning
algorithm. X-axis shows the difference in R? from the algorithm without
missing features to algorithms with selected missing features. Y-axis
shows the linear coefficient for age produced when age is regressed on
the feature of interest. Points represent all non-ASV features.
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TABLE A.6

SELECTED RESULTS FROM GAUSSIAN PROCESS REGRESSION
LEAVE ONE OUT ANALYSIS

Missing Feature Feature R2 Pearson’s R Median Error Difference in R?
Type (years)

None All 0.47774 0.69133 1.98586 -0

Bacteria > Firmicutes Phylum 0.42357 0.65099 2.10845 -0.0542

Bacteria > Bacteroidetes Phylum 0.45318 0.67334 2.03185 -0.0246

Bacteria > Firmicutes > Clostridiales > Ruminococ- Family 0.46355 0.68099 2.03044 -0.0142

caceae

Bacteria > Epsilonbacteraeota Phylum 0.46386 0.68122 2.03770 -0.0139

Bacteria > Bacteroidetes > Bacteroidales > Pre- Family 0.46470 0.68183 1.98056 -0.013

votellaceae

Bacteria > Proteobacteria Phylum 0.46855 0.68465 1.99950 -0.0092

Bacteria > Firmicutes > Selenomonadales > Veil- Family 0.46888 0.68489 1.98232 -0.0089

lonellaceae

Bacteria > Actinobacteria Phylum 0.47147 0.68678 2.00864 -0.0063

Bacteria > Bacteroidetes > Bacteroidales > Pre- Genus 0.47185 0.68706 1.99841 -0.0059

votellaceae > NA

NOTE: Microbiome features important to machine learning model. All 1080 non-ASV features were tested in this analysis. Table is truncated

due to length constraints; see supplementary excel file.
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TABLE A.7

DESCRIPTION OF PREDICTOR VARIABLES FOR LINEAR MIXED MODELS AND
COX PROPORTIONAL HAZARDS MODELS

Variable Type of effect Description of effect Justification of effect Relevant
microbial
metric

Individual ID random Identity of the host. Individual idosynchrasies have been Age acceler-

shown to be an important contributor to  ation only
a host’s gut microbiome.

Hydrological year random Seasons in Amboseli consist of a short, Amboseli is a highly variable seasonal Age acceler-
intense wet season starting in November environment and resource availability ation only
and an prolonged dry season. Hydrolog- varies dramatically from hydrological
ical year thus ranges from November to  year to hydrological year.

October.

Social group at random Host’s social group on the date of col- Increased sociality and cohabitation Age acceler-

time of collection lection. Census data regarding group have been shown to be important deter- ation only

membership are recorded for each study
group several times a week. Census
data include all births, deaths, immigra-
tions and emigrations, and allow us to
know group membership and size with
considerable accuracy.

minants of the gut microbiome.
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TABLE A.7 CONTINUED FROM PREVIOUS PAGE

Variable

Type of effect

Description of effect

Justification of effect

Relevant
microbial
metric

Chronological age

Average maximum
temperature during
sampling month

Total rainfall during
sampling month

Season (wet)

Loss of mother be-
fore age 4

fixed

fixed

fixed

fixed

fixed

Host’s chronological age. The age of
most individuals (all females and 67% of
males in this dataset) is known through
direct observation as the baboons are
followed from birth.

An average of the maximum tempera-
ture for the month of collection. ABRP
collects the daily minimum and maxi-
mum temperature using a min/max ther-
mometer located in its research camp.

Total rainfall during the month of collec-
tion. ABRP collects daily rainfall using a
rain gauge located in its research camp.

Whether the collection month was part
of the wet or dry season based on hy-
drological patterns in Amboseli.

Source of early life adversity: whether an
animal’s mother died prior to the animal
turning 4. While baboons are weaned
and nutritionally independent by the age
of 1.5 years, they remain socially depen-
dent on their mothers much longer.

Included due to machine learning algo-
rithm’s performance at higher chrono-
logical ages: as chronological age in-
creased, microbial age estimates were
consistently lower (compressed relative
to chronological age).

Average temperatures may impact the
types of forage available which may al-
ter gut microbiome composition.

Total rainfall may impact the types of for-
age available which may alter gut micro-
biome composition.

Amboseli is a highly variable seasonal
environment and resource availability
varies dramatically between the wet and
dry season.

Mothers provide the primary source for
both nutrition until weaned and social-
ity after weaning, both of which may im-
pact the gut microbiome depending on
the age of loss.

Age acceler-
ation only

Age acceler-
ation only

Age acceler-
ation only

Age acceler-
ation only

Both
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TABLE A.7 CONTINUED FROM PREVIOUS PAGE

Variable

Type of effect

Description of effect

Justification of effect

Relevant
microbial
metric

Sibling born within
1.5 years of focal
individual

Born during a
drought year
Highest  quartile

group size at time
of birth

fixed

fixed

fixed

Source of early life adversity: whether an
animal’s mother had another infant be-
fore the animal turned 1.5 years of age,
which represents the lowest quartile of
surviving interbirth intervals in this popu-
lation.

Source of early life adversity: whether
the animal was born in a drought year.
ABRP defines drought years as those
with less than 200 mm of rainfall (approx-
imately the bottom 15% of years).

Source of early life adversity: whether
the animal was born into a group in the
highest quartile. This corresponds to
groups with 38 or more adult animals
present. Census data regarding group
membership are recorded for each study
group several times a week. Census
data include all births, deaths, immigra-
tions and emigrations, and allow us to
know group membership and size with
considerable accuracy.

Mothers provide the primary source of
nutrition for infants until weaning, which
occurs approximately at 1.5 years of
age. However, a competing sibling may
cause the mother to avert resources
away from the focal animal towards their
new, more vulnerable sibling.

Drought limits the amount of preferred
foods available in the environment. Ani-
mals born during a drought year maybe
impacted by low nutritional availability to
their mother both while pregnant and lac-
tating.

High group size at birth may impact nu-
tritional resource availability.

Both

Both

Both
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TABLE A.7 CONTINUED FROM PREVIOUS PAGE

Variable

Type of effect

Description of effect

Justification of effect

Relevant
microbial
metric

Low maternal so-
cial connectedness
at birth

Low maternal rank
at birth

fixed

fixed

Source of early life adversity: whether
the animal was born to a mother in the
lowest quartile of social connectedness.
Maternal social connectedness is mea-
sured as the frequency with which the
subjecta€™s mother was a grooming
partner with other adult female popula-
tions in her social group, relative to all
other adult females in the population that
year. This value is then normalized rel-
ative to these rates for all other females
alive in the population during that same
year, as well as standardized and ad-
justed for observer effort.

Source of early life adversity: Whether
an animal was born to a mother with the
lower quartile rank. Low dominance rank
is defined as a social status in the bottom
quartile of all ranks. Dominance ranks
measured on a monthly basis, using the
dyadic aggressive interactions recorded
over the previous month. These records
are then compiled into a pairwise inter-
action matrix and arranged in such a way
that rank is a parsimonious measure of
wins and losses between low and high
ranked animals.

Social isolation is linked to lower sur-
vival in adult females and lower offspring
survival (Silk et al. 2003; Archie et al.
2014). Additionally, animals born to so-
cially isolated mothers may not interact
with other group members as often.

Animals born to low ranked mothers may
experience increased competition for re-
sources. Females additionally inherit
their mother’s rank, so this effect will per-
sist and impact her own offspring.

Both

Both
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TABLE A.7 CONTINUED FROM PREVIOUS PAGE

Variable

Type of effect

Description of effect

Justification of effect

Relevant
microbial
metric

Cumulative
life adversity

early

Rank (ordinal for
males, proportional
for females)

Number of adult fe-
males in group at
time of collection

fixed

fixed

fixed

The sum of the described adverse early
life events that happened to an animal.
These include

Social dominance rank is measured as
each animal’s ordinal rank in the domi-
nance hierarchy. Dominance ranks mea-
sured on a monthly basis, using the
dyadic aggressive interactions recorded
over the previous month. These records
are then compiled into a pairwise inter-
action matrix and arranged in such a way
that rank is a parsimonious measure of
wins and losses between low and high
ranked animals. In cases were rank im-
pacts access to density dependent re-
sources, ordinal rank can be scaled by
group size to produce proportional rank.

The count of adult females present in the
group at the time of collection.

Increased early life adversity may have
an additive effect on the health and fit-
ness of an individual animal.

Social dominance rank impacts access
to other animals and resources.

A measure of group density for density
dependent resources.

Both

Both

Both
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TABLE A.7 CONTINUED FROM PREVIOUS PAGE

Variable

Type of effect

Description of effect

Justification of effect

Relevant
microbial
metric

Dyadic social con-
nectedness in fe-
males

Number of mater-
nal sisters in group

Hybridization score

fixed

fixed

fixed

A measure of the strength of an an-
imal's top 3 female bonds. This is
assessed based on grooming interac-
tions. Grooming is the most common
form of physical contact in baboons and
is correlated with microbiome composi-
tion. Grooming interactions are recorded
through representative interaction sam-
pling, where observers move through the
group at random, recording all observed
instances of grooming.

The number of maternal half-sisters
in an animal’s social group. Census
data regarding group membership are
recorded for each study group several
times a week. Census data include all
births, deaths, immigrations and emigra-
tions, and allow us to know group mem-
bership and size with considerable accu-
racy.

A measure estimating the proportion
of an individual's genetic ancestry at-
tributable to Anubis (closer to 1) or yel-
low (closer to 0) baboon ancestry based
on genotypes at 14 microsatellite loci.

Animals that are more socially con-
nected may interact with other animals
more.

The number of maternal half-sisters in
a group indicate an animal’s social net-
work and potentially the mother’s experi-
ence successfully raising offspring.

Animals with increased Anubis ancestry
are more likely to mature at earlier ages.

Both

Both

Both
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TABLE A.7 CONTINUED FROM PREVIOUS PAGE

Variable Type of effect Description of effect Justification of effect Relevant
microbial
metric

Number of excess fixed The difference between the number of A direct estimate of the intensity of sex- Both

cycling females in
group

cycling females and the number of ma-
ture males within an animal's social
group. Census data regarding group
membership are recorded for each study
group several times a week. Census
data include all births, deaths, immigra-
tions and emigrations, and allow us to
know group membership and size with
considerable accuracy. Sexual maturity
in males is characterized by fully en-
larged testicles. Sexual maturity in fe-
males occurs at menarche. Reproduc-
tive state is observable in yellow ba-
boons by the state of a female’s sexual
skin, and is assessed during each day’s
census.

ual competition a male will encounter as
an adult. An important predictor of male
maturation.
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TABLE A.8

DESCRIPTION OF DEVELOPMENTAL MILESTONES

Milestone

Sex

Description of event

Description of censored animals

Age of first rank at-
tainment

Age of menarche

Age of first live birth

Age of testicular
enlargement

M

The age at which an individual consistently be-
gan to outrank at least one other adult of the
same sex in agonistic interactions. Animals were
excluded if their rank date was not known to be
accurate within a few days.

Menarche is assessed by near daily visual in-
spection of the sexual skin for evidence of the
first sexual swelling. Animals were excluded if
they died prior to maturation or their maturity
date was not known to be accurate within a few
days.

Age at which a female had her first live offspring.
Animals were excluded if they died prior to suc-
cessfully giving birth.

Testicular enlargement is assessed by system-
atic visual inspection of the scrotal sac each
month, starting from when a male has reached
four until his testes are enlarged. During this
time, the scrotum will shift from appearing like
a concave flap of skin to rapidly enlarging un-
til completely convex and pendulous at puberty.
Animals were excluded if they died prior to mat-
uration or if their maturity date was not known to
be accurate within a few days.

Animals that matured prior to the assessment of
juvenile female ranks (started in ~1998) or that
did not attain their first rank by Jan 2021 were
censored.

Animals that did not mature by Jan 2021, dis-
persed, or were part of a group dropped from
observation were censored.

Animals that did not give birth by Jan 2021, dis-
persed, or were part of a group dropped from
observation were censored.

Animals that did not mature by Jan 2021, dis-
persed, or were part of a group dropped from
observation were censored.
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TABLE A.8 CONTINUED FROM PREVIOUS PAGE

Milestone

Sex

Description of event

Description of censored animals

Age of dispersal
from natal group

Age of adult rank
attainment

Juvenile survival

Adult survival

M

M

Both

The age at which an individual leaves their natal
group, without returning, permanently. Animals
were exluded if they died prior to maturation or if
their dispersal could not be confirmed with high
confidence.

The age at which an individual consistently be-
gan to outrank at least one other adult of the
same sex in agonistic interactions. Animals were
excluded if they died prior to maturation or if their
rank date was not known to be accurate within a
few days.

Assessing whether an animal died prior to age 4.

Assessing adult female longevity. Animals that
died prior to age 4 were excluded from this anal-
ysis.

Animals that did not disperse by Jan 2021, dis-
persed, or were part of a group dropped from
observation were censored.

Animals that did not attain their adult rank by Jan
2021, dispersed, or were part of a group dropped
from observation were censored.

Animals that did not die by the age of 4, dis-
persed, or were part of a group dropped from
observation were censored.

Adult animals that did not die by Jan 2021, dis-
persed, or were part of a group dropped from
observation were censored.




TABLE A.9

SAMPLE SIZES FOR SOCIO-ENVIRONMENTAL PREDICTORS OF
MICROBIAL AGING

Metric Timeframe Male Samples Males Female Samples Females
Age Acceleration  Juvenile 2347 169 1912 178
Age Acceleration  Adult 2204 99 4543 132
Age Acceleration Lifespan 4355 168 6743 192
Pace of Aging Juvenile 2362 161 1956 161
Pace of Aging Adult 2839 110 6235 140
Pace of Aging Lifespan 4881 161 7197 188

122
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SAMPLE SIZES FOR DEVELOPMENTAL MILESTONES

TABLE A.10

Milestone Subset Hybrid n Samples n Individuals Missing  Censored Events

Score Data

Included
Female Rank Attainment Prior Y 2346 147 28 25 94
Female Rank Attainment Prior N 2346 147 20 27 100
Female Rank Attainment Lifespan Y 4270 147 28 25 94
Female Rank Attainment Lifespan N 4270 147 20 27 100
Menarche Prior Y 2961 139 0 0 139
Menarche Prior N 2961 139 0 0 139
Menarche Lifespan Y 5707 155 16 0 139
Menarche Lifespan N 5707 155 7 0 148
First Live Birth Prior Y 4371 164 41 0 123
First Live Birth Prior N 4371 164 33 0 131
First Live Birth Lifespan Y 6053 164 41 0 123
First Live Birth Lifespan N 6053 164 33 0 131
Testicular Enlargement Prior Y 4419 142 20 0 122
Testicular Enlargement Prior N 4419 142 16 0 126
Testicular Enlargement Lifespan Y 4436 153 31 0 122




TABLE A.10 CONTINUED FROM PREVIOUS PAGE

Vel

Milestone Subset Hybrid n Samples n Individuals Missing Censored Events
Score Data
Included
Testicular Enlargement Lifespan N 4436 153 27 0 126
Dispersal Prior Y 4442 148 37 0 111
Dispersal Prior N 4442 148 35 0 113
Dispersal Lifespan Y 4455 157 46 0 111
Dispersal Lifespan N 4455 157 44 0 113
Male Rank Attainment Prior Y 3918 121 43 0 78
Male Rank Attainment Prior N 3918 121 41 0 80
Male Rank Attainment Lifespan Y 3937 121 43 0 78
Male Rank Attainment Lifespan N 3937 121 41 0 80
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TABLE A.11

SAMPLE SIZES FOR JUVENILE AND ADULT SURVIVAL MODELS

Timeframe Subset n Samples n Individuals Missing Data Censored Events
Juvenile All Animals 3039 310 19 267 24
Juvenile Males 1417 151 9 132 10
Juvenile Females 1622 159 10 135 14
Adult Female Lifespan with Hybrid Score 8127 211 49 84 78
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SOCIO-ENVIRONMENTAL PREDICTORS OF AGE ACCELERATION PRIOR TO

TABLE A.12

MATURITY
Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Intercept 2.682 1.267 0.034
Females Individual sources Chronological age -0.236 0.061 0 All model estimates are
compressed compared to
chronological age
Females Individual sources Average maximum temperature 0.007 0.038 0.864
during sampling month
Females Individual sources Total rainfall during sampling month  0.001 0.002 0.589
Females Individual sources Season (wet) -0.112 0.145 0.44
Females Individual sources Loss of mother before age 4 -0.36 0.182 0.05 Females that lose their
mother are microbially
young for age prior to
maturity.
Females Individual sources Sibling born within 1.5 years of focal 0.209 0.186 0.264
individual
Females Individual sources Born during a drought year 0.187 0.22 0.397
Females Individual sources Highest quartile group size at time 0.424 0.244 0.085
of birth
Females Individual sources Low maternal social connected- -0.182 0.178 0.309

ness at birth
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TABLE A.12 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Low maternal rank at birth* 0.422 0.199 0.035 Females born to lower
ranked mothers are mi-
crobially young for age
prior to maturity.
Females Individual sources Number of adult females in group at  0.002 0.016 0.893
time of collection
Females = Cumulative adversity Intercept 2.59 1.27 0.042
Females  Cumulative adversity Chronological age -0.255 0.061 0 All model estimates are
compressed compared to
chronological age
Females  Cumulative adversity Average maximum temperature 0.01 0.038 0.794
during sampling month
Females = Cumulative adversity Total rainfall during sampling month  0.001 0.002 0.653
Females  Cumulative adversity Season (wet) -0.117 0.145 0.42
Females = Cumulative adversity Cumulative adversity -0.116 0.086 0.181
Females = Cumulative adversity Number of adult females in group at  0.01 0.016 0.532
time of collection
Males Individual sources Intercept 4117 1.071 0
Males Individual sources Chronological age -0.366 0.042 0 All model estimates are
compressed compared to
chronological age
Males Individual sources Average maximum temperature -0.029 0.033 0.372
during sampling month
Males Individual sources Total rainfall during sampling month  0.001 0.001 0.303
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TABLE A.12 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Males Individual sources Season (wet) -0.011 0.128 0.932
Males Individual sources Loss of mother before age 4 0.104 0.159 0.515
Males Individual sources Sibling born within 1.5 years of focal 0.004 0.159 0.979
individual
Males Individual sources Born during a drought year -0.378 0.188 0.045 Males born during a
drought are microbially
young for age prior to
maturity.
Males Individual sources Highest quartile group size at time 0.278 0.207 0.181
of birth
Males Individual sources Low maternal social connected- -0.263 0.157 0.096
ness at birth
Males Individual sources Low maternal rank at birth* 0.13 0.162 0.425
Males Individual sources Number of adult females in group at  NA NA NA
time of collection
Males Cumulative adversity Intercept 4.044 1.071 0
Males Cumulative adversity Chronological age -0.355 0.042 0 All model estimates are
compressed compared to
chronological age
Males Cumulative adversity Average maximum temperature -0.029 0.033 0.372
during sampling month
Males Cumulative adversity Total rainfall during sampling month  0.001 0.001 0.338
Males Cumulative adversity Season (wet) -0.006 0.128 0.96
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TABLE A.12 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Males Cumulative adversity Cumulative adversity -0.048 0.071 0.497
Males Cumulative adversity Number of adult females in group at  NA NA NA

time of collection

NOTE: This table shows the fixed effects of four different linear mixed models where age acceleration was the response variable. Data was
subset to only samples taken prior to the median age of maturation and to either males or females. A * indicates that this variable’s coefficient
was multiplied by -1 in order to make the direction of the effect more easily interpretable - positive coefficients always indicate higher values in
high-ranking animals/lower values in low-ranking animals. Type of adversity indicates whether the model included the all the individual sources of
adversity vs. only including cumulative adversity.



TABLE A.13

RANDOM EFFECTS FOR AGE ACCELERATION MODELS PRIOR TO

MATURITY

Sex Type of ad- Random effect Variance SD n
versity

Females Individual Individual ID 0.428 0.655 178
Sources

Females Individual Hydrological year 0.213 0.462 14
Sources

Females Individual Social group at time of collec- 0.051 0.226 12
Sources tion

Females Cumulative Individual ID 0.471 0.686 178
adversity

Females Cumulative Hydrological year 0.225 0.474 14
adversity

Females Cumulative Social group at time of collec- 0.059 0.242 12
adversity tion

Males Individual Individual 1D 0.26 0.51 169
Sources

Males Individual Hydrological year 0.102 0.32 14
Sources

Males Individual Social group at time of collec- 0.05 0.224 12
Sources tion

Males Cumulative Individual 1D 0.273 0.522 169
adversity

Males Cumulative Hydrological year 0.097 0.312 14
adversity

Males Cumulative Social group at time of collec- 0.055 0.234 12
adversity tion

130



TABLE A.14

SOCIO-ENVIRONMENTAL PREDICTORS OF PACE OF AGING PRIOR TO MATURITY

LEL

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Intercept 0.778 0.042 0
Females Individual sources Loss of mother before age 4 -0.041 0.029 0.168
Females Individual sources Sibling born within 1.5 years of focal 0.049 0.031 0.121
individual
Females Individual sources Born during a drought year 0.046 0.032 0.156
Females Individual sources Highest quartile group size at time 0.049 0.034 0.154
of birth
Females Individual sources Low maternal social connected- -0.014 0.029 0.62

ness at birth

Females Individual sources Low maternal rank at birth* 0.088 0.031 0.005 Females born to a lower
ranked mother have a
slower pace of aging prior

to maturity.
Females Individual sources Average number of adult females in  -0.002 0.002 0.41
group at time of collection
Females  Cumulative adversity Intercept 0.781 0.04 0
Females  Cumulative adversity Cumulative adversity -0.011 0.013 0.391
Females  Cumulative adversity Average number of adult females in  -0.001 0.002 0.508

group at time of collection
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TABLE A.14 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Males Individual sources Intercept 0.623 0.01 0
Males Individual sources Loss of mother before age 4 0.028 0.016 0.091
Males Individual sources Sibling born within 1.5 years of focal  0.002 0.016 0.9
individual
Males Individual sources Born during a drought year 0.04 0.017 0.018 Males born during a
drought have a faster
pace of aging prior to
maturity.
Males Individual sources Highest quartile group size at time -0.008 0.017 0.65
of birth
Males Individual sources Low maternal social connected- 0.016 0.014 0.276
ness at birth
Males Individual sources Low maternal rank at birth* -0.008 0.015 0.601
Males Individual sources Average number of adult females in  NA NA NA
group at time of collection
Males Cumulative adversity Intercept 0.624 0.01 0
Males Cumulative adversity Cumulative adversity 0.013 0.006 0.036 Males with higher cumu-
lative early life adversity
have a faster pace of ag-
ing prior to maturity.
Males Cumulative adversity Average number of adult females in  NA NA NA

group at time of collection




ect

NOTE: This table shows the fixed effects of four different linear models where pace of aging was the response variable. Data was subset to only
samples taken prior to the median age of maturation and to either males or females. A * indicates that this variable’s coefficient was multiplied by -1
in order to make the direction of the effect more easily interpretable - positive coefficients always indicate higher values in high-ranking animals/lower
values in low-ranking animals. Type of adversity indicates whether the model included the all the individual sources of adversity vs. only including

cumulative adversity.
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TABLE A.15

SOCIO-ENVIRONMENTAL PREDICTORS OF AGE ACCELERATION POST

MATURITY
Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Intercept 2.682 1.267 0.034
Females Individual sources Chronological age -0.236 0.061 0 All model estimates are
compressed compared to
chronological age
Females Individual sources Average maximum temperature 0.007 0.038 0.864
during sampling month
Females Individual sources Total rainfall during sampling month  0.001 0.002 0.589
Females Individual sources Season (wet) -0.112 0.145 0.44
Females Individual sources Loss of mother before age 4 -0.36 0.182 0.05 Females that lose their
mother are microbially
young for age prior to
maturity.
Females Individual sources Sibling born within 1.5 years of focal 0.209 0.186 0.264
individual
Females Individual sources Born during a drought year 0.187 0.22 0.397
Females Individual sources Highest quartile group size at time 0.424 0.244 0.085
of birth
Females Individual sources Low maternal social connected- -0.182 0.178 0.309

ness at birth
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TABLE A.15 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Low maternal rank at birth* 0.422 0.199 0.035 Females born to lower
ranked mothers are mi-
crobially young for age
prior to maturity.
Females Individual sources Number of adult females in group at  0.002 0.016 0.893
time of collection
Females = Cumulative adversity Intercept 2.59 1.27 0.042
Females  Cumulative adversity Chronological age -0.255 0.061 0 All model estimates are
compressed compared to
chronological age
Females  Cumulative adversity Average maximum temperature 0.01 0.038 0.794
during sampling month
Females = Cumulative adversity Total rainfall during sampling month  0.001 0.002 0.653
Females  Cumulative adversity Season (wet) -0.117 0.145 0.42
Females = Cumulative adversity Cumulative adversity -0.116 0.086 0.181
Females = Cumulative adversity Number of adult females in group at  0.01 0.016 0.532
time of collection
Males Individual sources Intercept 4117 1.071 0
Males Individual sources Chronological age -0.366 0.042 0 All model estimates are
compressed compared to
chronological age
Males Individual sources Average maximum temperature -0.029 0.033 0.372
during sampling month
Males Individual sources Total rainfall during sampling month  0.001 0.001 0.303
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TABLE A.15 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Males Individual sources Season (wet) -0.011 0.128 0.932
Males Individual sources Loss of mother before age 4 0.104 0.159 0.515
Males Individual sources Sibling born within 1.5 years of focal 0.004 0.159 0.979
individual
Males Individual sources Born during a drought year -0.378 0.188 0.045 Males born during a
drought are microbially
young for age prior to
maturity.
Males Individual sources Highest quartile group size at time 0.278 0.207 0.181
of birth
Males Individual sources Low maternal social connected- -0.263 0.157 0.096
ness at birth
Males Individual sources Low maternal rank at birth* 0.13 0.162 0.425
Males Individual sources Number of adult females in group at  NA NA NA
time of collection
Males Cumulative adversity Intercept 4.044 1.071 0
Males Cumulative adversity Chronological age -0.355 0.042 0 All model estimates are
compressed compared to
chronological age
Males Cumulative adversity Average maximum temperature -0.029 0.033 0.372
during sampling month
Males Cumulative adversity Total rainfall during sampling month  0.001 0.001 0.338
Males Cumulative adversity Season (wet) -0.006 0.128 0.96
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TABLE A.15 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Males Cumulative adversity Cumulative adversity -0.048 0.071 0.497
Males Cumulative adversity Number of adult females in group at  NA NA NA

time of collection

NOTE: This table shows the fixed effects of four different linear mixed models where age acceleration was the response variable. Data was
subset to only samples taken post the median age of maturation and to either males or females. A * indicates that this variable’s coefficient
was multiplied by -1 in order to make the direction of the effect more easily interpretable - positive coefficients always indicate higher values in
high-ranking animals/lower values in low-ranking animals. Type of adversity indicates whether the model included the all the individual sources of
adversity vs. only including cumulative adversity.



RANDOM EFFECTS FOR POST MATURITY AGE ACCELERATION

TABLE A.16

MODELS

Sex Type of ad- Random effect Variance SD n
versity

Females Individual Individual 1D 0.515 0.718 132
Sources

Females Individual Hydrological year 0.13 0.36 14
Sources

Females Individual Social group at time of collec- 0.039 0.197 8
Sources tion

Females Cumulative Individual ID 0.497 0.705 132
adversity

Females Cumulative Hydrological year 0.128 0.358 14
adversity

Females Cumulative Social group at time of collec- 0.052 0.227 8
adversity tion

Males Individual Individual 1D 0.352 0.593 99
Sources

Males Individual Hydrological year 0.056 0.237 14
Sources

Males Individual Social group at time of collec- 0.075 0.274 7
Sources tion

Males Cumulative Individual 1D 0.384 0.62 99
adversity

Males Cumulative Hydrological year 0.057 0.238 14
adversity

Males Cumulative Social group at time of collec- 0.085 0.291 7
adversity tion

NOTE: This table shows the random effects of four different linear mixed models where age
acceleration was the response variable. Data was subset to only samples taken post the median
age of maturation and to either males or females. Type of adversity indicates whether the model

included the all the individual sources of adversity vs. only including cumulative adversity.
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SOCIO-ENVIRONMENTAL PREDICTORS OF PACE OF AGING POST MATURITY

TABLE A.17

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Intercept 0.437 0.02 0
Females Individual sources Loss of mother before age 4 0.014 0.009 0.108
Females Individual sources Sibling born within 1.5 years of focal -0.005 0.009 0.568
individual
Females Individual sources Born during a drought year 0 0.011 0.969
Females Individual sources Highest quartile group size at time -0.004 0.01 0.697
of birth
Females Individual sources Low maternal social connected- 0 0.008 0.97
ness at birth
Females Individual sources Low maternal rank at birth* 0.003 0.009 0.759
Females Individual sources Average rank (ordinal for males*, -0.033 0.018 0.07 Lower ranked animals
proportional for females) have a faster pace of
aging after maturity.
Females Individual sources Average number of adult females in  -0.001 0.001 0.377
group at time of collection
Females Individual sources Average dyadic social connected- -0.009 0.006 0.108
ness in females
Females  Cumulative adversity intercept 0.44 0.02 0
Females  Cumulative adversity Cumulative adversity 0.001 0.004 0.853
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TABLE A.17 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females = Cumulative adversity Average rank (ordinal for males*, -0.032 0.017 0.057 Lower ranked animals
proportional for females) have a faster pace of
aging after maturity.
Females  Cumulative adversity Average number of adult females in  -0.001 0.001 0.195
group at time of collection
Females = Cumulative adversity Average dyadic social connected- -0.009 0.006 0.109
ness in females
Males Individual sources Intercept 0.619 0.02 0
Males Individual sources Loss of mother before age 4 -0.02 0.018 0.254
Males Individual sources Sibling born within 1.5 years of focal -0.05 0.02 0.012 Males with a competing
individual sibling have a slower pace
of aging after maturity.
Males Individual sources Born during a drought year -0.066 0.03 0.031 Males born during a
drought have a slower
pace of aging after
maturity.
Males Individual sources Highest quartile group size at time -0.056 0.032 0.082
of birth
Males Individual sources Low maternal social connected- 0.007 0.019 0.731
ness at birth
Males Individual sources Low maternal rank at birth* 0.017 0.018 0.344
Males Individual sources Average rank (ordinal for males*, -0.003 0.001 0.05 Lower ranked males have

proportional for females)

a faster pace of aging af-
ter maturity.
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TABLE A.17 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Males Individual sources Average number of adult femalesin  NA NA NA
group at time of collection
Males Individual sources Average dyadic social connected- NA NA NA
ness in females
Males Cumulative adversity intercept 0.626 0.017 0
Males Cumulative adversity Cumulative adversity -0.022 0.009 0.014 Males with higher cumu-
lative adversity have a
slower pace of aging after
maturity.
Males Cumulative adversity Average rank (ordinal for males*, -0.002 0.001 0.071 Lower ranked animals
proportional for females) have a faster pace of
aging after maturity.
Males Cumulative adversity Average number of adult females in  NA NA NA

group at time of collection

Males Cumulative adversity Average dyadic social connected- NA NA NA
ness in females

NOTE: The fixed effects of four different linear models where pace of aging was the response variable, with data subset to samples post median
age of maturation in either males or females. A * indicates that this variable’s coefficient was multiplied by -1 in order to make the direction of the
effect more easily interpretable: positive coefficients always indicate higher values in high-ranking animals/lower values in low-ranking animals. Type
of adversity indicates whether the model included the all the individual sources of adversity vs. only including cumulative adversity.
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SOCIO-ENVIRONMENTAL PREDICTORS OF AGE ACCELERATION OVER LIFESPAN

TABLE A.18

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Intercept 3.39 0.7 0
Females Individual sources Chronological age 0.449 0.012 0.001 All model estimates are
compressed compared to
chronological age
Females Individual sources Average maximum temperature -0.004 0.021 0.857
during sampling month
Females Individual sources Total rainfall during sampling month  0.001 0.001 0.282
Females Individual sources Season (wet) -0.18 0.078 0.021 Female samples from the
wet season are young for
age over life.
Females Individual sources Loss of mother before age 4 -0.036 0.16 0.823
Females Individual sources Sibling born within 1.5 years of focal 0.265 0.166 0.113
individual
Females Individual sources Born during a drought year -0.183 0.189 0.333
Females Individual sources Highest quartile group size at time 0.062 0.217 0.776
of birth
Females Individual sources Low maternal social connected- -0.116 0.148 0.436
ness at birth
Females Individual sources Low maternal rank at birth* -0.16 0.171 0.35
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TABLE A.18 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Rank (ordinal for males*, propor- 1.745 0.206 0.001 Low ranked females are
tional for females) microbially young for age
over life.
Females Individual sources Number of adult females in group at  -0.007 0.009 0.415
time of collection
Females = Cumulative adversity Intercept 3.388 0.703 0
Females = Cumulative adversity Chronological age 0.449 0.011 0.001 All model estimates are
compressed compared to
chronological age
Females  Cumulative adversity Average maximum temperature -0.004 0.021 0.846
during sampling month
Females  Cumulative adversity Total rainfall during sampling month  0.001 0.001 0.287
Females  Cumulative adversity Season (wet) -0.178 0.078 0.022 Female samples from the
wet season are young for
age over life.
Females = Cumulative adversity Cumulative adversity 0.011 0.074 0.885
Females  Cumulative adversity Rank (ordinal for males*, propor- 1.723 0.199 0.001 Low ranked females are
tional for females) microbially young for age
over life.
Females  Cumulative adversity Number of adult females in group at  -0.006 0.01 0.506
time of collection
Males Individual sources Intercept 3.811 0.814 0
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TABLE A.18 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Males Individual sources Chronological age 0.596 0.02 0.001 All model estimates are
compressed compared to
chronological age
Males Individual sources Average maximum temperature 0.001 0.024 0.957
during sampling month
Males Individual sources Total rainfall during sampling month  0.002 0.001 0.088
Males Individual sources Season (wet) -0.103 0.091 0.259
Males Individual sources Loss of mother before age 4 0.092 0.137 0.502
Males Individual sources Sibling born within 1.5 years of focal -0.032 0.142 0.823
individual
Males Individual sources Born during a drought year -0.451 0.193 0.021 Males born during a
drought are microbially
young for age over life.
Males Individual sources Highest quartile group size at time 0.471 0.22 0.033 Males born into high den-
of birth sity groups are microbially
old for age over life.
Males Individual sources Low maternal social connected- -0.395 0.143 0.006 Males born to socially iso-
ness at birth lated mothers are micro-
bially young for age over
life.
Males Individual sources Low maternal rank at birth* 0.102 0.144 0.477
Males Individual sources Rank (ordinal for males*, propor- 0.033 0.009 0 Low ranked males are mi-

tional for females)

crobially young for age
over life.
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TABLE A.18 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation

Males Cumulative adversity Intercept 3.589 0.812 0

Males Cumulative adversity Chronological age 0.612 0.019 0.001 All model estimates are
compressed compared to
chronological age

Males Cumulative adversity Average maximum temperature 0.002 0.024 0.948

during sampling month

Males Cumulative adversity Total rainfall during sampling month  0.002 0.001 0.085

Males Cumulative adversity Season (wet) -0.103 0.091 0.259

Males Cumulative adversity Cumulative adversity -0.062 0.065 0.345

Males Cumulative adversity Rank (ordinal for males*, propor- 0.027 0.008 0.001 Low ranked males are mi-

tional for females)

crobially young for age
over life.

NOTE: This table shows the fixed effects of four different linear models where age acceleration was the response variable. A * indicates that
this variable’s coefficient was multiplied by -1 in order to make the direction of the effect more easily interpretable - positive coefficients always
indicate higher values in high-ranking animals/lower values in low-ranking animals. Type of adversity indicates whether the model included the all
the individual sources of adversity vs. only including cumulative adversity.



RANDOM EFFECTS FOR AGE ACCELERATION MODELS OVER

TABLE A.19

LIFESPAN

Sex Type of ad- Random effect Variance SD n
versity

Females Individual Individual 1D 0.504 0.71 192
Sources

Females Individual Hydrological year 0.101 0.318 14
Sources

Females Individual Social group at time of collec- 0.009 0.096 8
Sources tion

Females Cumulative Individual ID 0.489 0.699 192
adversity

Females Cumulative Hydrological year 0.1 0.316 14
adversity

Females Cumulative Social group at time of collec- 0.026 0.16 8
adversity tion

Males Individual Individual 1D 0.25 0.5 168
Sources

Males Individual Hydrological year 0.091 0.301 14
Sources

Males Individual Social group at time of collec- 0.089 0.298 7
Sources tion

Males Cumulative Individual ID 0.273 0.522 168
adversity

Males Cumulative Hydrological year 0.081 0.284 14
adversity

Males Cumulative Social group at time of collec- 0.1 0.316 7
adversity tion

NOTE: This table shows the random effects of four different linear mixed models where age
acceleration was the response variable. Data was subset to only samples taken post the median
age of maturation and to either males or females. Type of adversity indicates whether the model
included the all the individual sources of adversity vs. only including cumulative adversity.
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TABLE A.20

SOCIO-ENVIRONMENTAL PREDICTORS OF PACE OF AGING OVER LIFESPAN

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females Individual sources Intercept 0.667 0.043 0
Females Individual sources Loss of mother before age 4 0.036 0.022 0.1
Females Individual sources Sibling born within 1.5 years of focal -0.01 0.023 0.682
individual
Females Individual sources Born during a drought year -0.012 0.024 0.614
Females Individual sources Highest quartile group size at time 0.008 0.026 0.743
of birth
Females Individual sources Low maternal social connected- -0.005 0.021 0.813
ness at birth
Females Individual sources Low maternal rank at birth* 0.015 0.023 0.529
Females Individual sources Average rank (ordinal for males*, -0.181 0.044 0 Lower ranked females
proportional for females) have a faster pace of
aging than higher ranked
females.
Females Individual sources Average number of adult females in  -0.001 0.002 0.706
group at time of collection
Females  Cumulative adversity Intercept 0.664 0.042 0
Females  Cumulative adversity Cumulative adversity 0.004 0.01 0.69
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TABLE A.20 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation
Females = Cumulative adversity Average rank (ordinal for males*, -0.172 0.042 0 Lower ranked females
proportional for females) have a faster pace of
aging than higher ranked
females.
Females = Cumulative adversity Average number of adult females in  -0.001 0.002 0.547
group at time of collection
Males Individual sources Intercept 0.681 0.014 0
Males Individual sources Loss of mother before age 4 -0.007 0.014 0.628
Males Individual sources Sibling born within 1.5 years of focal -0.023 0.015 0.126
individual
Males Individual sources Born during a drought year 0.02 0.016 0.198
Males Individual sources Highest quartile group size at time -0.016 0.019 0.418
of birth
Males Individual sources Low maternal social connected- -0.002 0.013 0.891
ness at birth
Males Individual sources Low maternal rank at birth* -0.001 0.013 0.955
Males Individual sources Average rank (ordinal for males*, 0 0.001 0.766
proportional for females)
Males Individual sources Average number of adult femalesin  NA NA NA
group at time of collection
Males Cumulative adversity Intercept 0.677 0.012 0
Males Cumulative adversity Cumulative adversity -0.002 0.006 0.714




4

TABLE A.20 CONTINUED FROM PREVIOUS PAGE

Sex Type of adversity Variable Estimate SE p-value Interpretation

Males Cumulative adversity Average rank (ordinal for males*, 0 0.001 0.589
proportional for females)

Males Cumulative adversity Average number of adult femalesin  NA NA NA
group at time of collection

NOTE: This table shows the fixed effects of four different linear models where pace of aging was the response variable. A * indicates that
this variable’s coefficient was multiplied by -1 in order to make the direction of the effect more easily interpretable - positive coefficients always
indicate higher values in high-ranking animals/lower values in low-ranking animals. Type of adversity indicates whether the model included the all
the individual sources of adversity vs. only including cumulative adversity.
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TABLE A.21

PREDICTING AGE AT RANK ATTAINMENT IN FEMALES, WITH HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- 0.37 1.447 1.049 - 1.996 0.024 Animals who look old for
aged prior to milestone age will attain the mile-
stone sooner.
Prior Pace of aging prior to -2.516 0.081 0.001 -9.816 0.304
milestone
Prior Mean chronological age -0.381 0.683 0.468 - 0.997 0.048 Animals with a higher
of samples mean chronological age
will attain the milestone
later.
Prior Mother in same group -0.297 0.743 0.435 - 1.268 0.276
during approximate timing
of milestone
Prior Average number of ma- 0.115 1.122 0.955-1.319 0.162 Animals with a higher
ternal sisters in group number of maternal sis-
prior to milestone ters in group will attain the
milestone sooner.
Prior Low maternal rank at birth  -1.329 0.265 0.143 - 0.489 0 Animals born to mothers

with lower ranks will attain
the milestone later.
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TABLE A.21 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Average number of adult 0.055 1.056 1.015-1.1 0.008 Animals in groups with
females in group prior to more adult females will at-
milestone tain the milestone sooner.
Prior Average rainfall prior to 0 1 0.996 - 1.004 0.981
milestone
Prior Hybridization score -0.673 0.51 0.199 - 1.31 0.162
Lifespan Lifetime age acceleration  0.335 1.398 1.035 - 1.887 0.029 Animals who look old for
age will attain the mile-
stone sooner.
Lifespan Lifetime pace of aging -0.728 0.483 0.053 - 4.409 0.519
Lifespan Mean chronological age -0.27 0.764 0.659 - 0.885 0 Animals with a higher
of samples mean chronological age
will attain the milestone
later.
Lifespan Mother in same group -0.146 0.864 0.501 - 1.489 0.598
during approximate timing
of milestone
Lifespan Average number of ma- 0.098 1.103 0.938 - 1.297 0.236
ternal sisters in group
over life
Lifespan Low maternal rank at birth  -1.436 0.238 0.127 - 0.446 0 Animals born to mothers

with lower ranks will attain
the milestone later.
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TABLE A.21 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Average number of adult 0.032 1.032 0.99-1.077 0.141
females in group over life
Lifespan Average rainfall over life -0.002 0.998 0.993 - 1.003 0.351
Lifespan Hybridization score -0.708 0.492 0.181-1.338 0.165

NOTE: Cox proportional model results showing the predictors of rank attainment in females, including hybrid score as a predictor. Predictors
were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.22

PREDICTING AGE AT RANK ATTAINMENT IN FEMALES, WITHOUT HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- -0.011 0.989 0.74 - 1.323 0.942
aged prior to milestone
Prior Pace of aging prior to 4.582 97.695 1.272 0.039 Animals with a faster pace
milestone 7501.289 of aging will attain the
milestone sooner.
Prior Mean chronological age -0.086 0.918 0.681 - 1.237 0.573
of samples
Prior Mother in same group -0.32 0.726 0.477-1.104 0.134
during approximate timing
of milestone
Prior Average number of ma- 0.131 1.14 0.997 - 1.303 0.056
ternal sisters in group
prior to milestone
Prior Low maternal rank at birth  -0.319 0.727 0.458 - 1.154 0.176
Prior Average number of adult 0.024 1.024 0.991 - 1.058 0.149
females in group prior to
milestone
Prior Average rainfall prior to -0.001 0.999 0.996 - 1.002 0.581
milestone
Lifespan Lifetime age acceleration  0.204 1.226 0.929 - 1.619 0.149
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TABLE A.22 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Lifetime pace of aging -0.744 0.475 0.052 - 4.318 0.509
Lifespan Mean chronological age -0.246 0.782 0.677 - 0.902 0.001 Animals with a higher
of samples mean chronological age
will attain the milestone
later.
Lifespan Mother in same group -0.077 0.925 0.549 - 1.56 0.771
during approximate timing
of milestone
Lifespan Average number of ma- 0.086 1.089 0.927 - 1.28 0.299
ternal sisters in group
over life
Lifespan Low maternal rank at birth  -1.422 0.241 0.133 - 0.437 0 Animals born to mothers
with lower ranks will attain
the milestone later.
Lifespan Average number of adult 0.02 1.02 0.984 - 1.057 0.274
females in group over life
Lifespan Average rainfall over life -0.001 0.999 0.994 - 1.004 0.673

NOTE: Cox proportional model results showing the predictors of rank attainment in females, not including hybrid score as a predictor. Predictors

were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.23

PREDICTING AGE AT MENARCHE, WITH HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- -0.009 0.991 0.742 - 1.323 0.95
aged prior to milestone
Prior Pace of aging prior to 4.475 87.808 1.11 - 6948.926 0.045 Animals with a faster pace
milestone of aging will attain the
milestone sooner.
Prior Mean chronological age -0.057 0.945 0.703 - 1.269 0.706
of samples
Prior Mother in same group -0.328 0.72 0.474 - 1.095 0.125
during approximate timing
of milestone
Prior Average number of ma- 0.148 1.16 1.011-1.33 0.034 Animals with a higher
ternal sisters in group number of maternal sis-
prior to milestone ters in group will attain the
milestone sooner.
Prior Low maternal rank at birth  -0.343 0.71 0.445-1.131 0.149
Prior Average number of adult 0.022 1.022 0.989 - 1.056 0.195
females in group prior to
milestone
Prior Average rainfall prior to -0.001 0.999 0.996 - 1.002 0.589

milestone
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TABLE A.23 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Hybridization score 0.482 1.62 0.748 - 3.505 0.221
Lifespan Lifetime age acceleration 0.24 1.271 0.982 - 1.644 0.069
Lifespan Lifetime pace of aging -0.806 0.447 0.083-2.4 0.347
Lifespan Mean chronological age -0.061 0.941 0.84 - 1.054 0.294
of samples
Lifespan Mother in same group -0.378 0.685 0.448 - 1.048 0.082
during approximate timing
of milestone
Lifespan Average number of ma- 0.126 1.134 0.987 - 1.303 0.076
ternal sisters in group
over life
Lifespan Low maternal rank at birth  -0.253 0.777 0.497 -1.214 0.268
Lifespan Average number of adult 0.022 1.022 0.988 - 1.057 0.209
females in group over life
Lifespan Average rainfall over life -0.003 0.997 0.993 - 1.002 0.214
Lifespan Hybridization score 0.423 1.527 0.703 - 3.314 0.285

NOTE: Cox proportional model results showing the predictors of menarche in females, including hybrid score as a predictor. Predictors were
averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.24

PREDICTING AGE AT MENARCHE, WITHOUT HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- -0.011 0.989 0.74 - 1.323 0.942
aged prior to milestone
Prior Pace of aging prior to 4.582 97.695 1.272 0.039 Animals with a faster pace
milestone 7501.289 of aging will attain the
milestone sooner.
Prior Mean chronological age -0.086 0.918 0.681 - 1.237 0.573
of samples
Prior Mother in same group -0.32 0.726 0.477-1.104 0.134
during approximate timing
of milestone
Prior Average number of ma- 0.131 1.14 0.997 - 1.303 0.056
ternal sisters in group
prior to milestone
Prior Low maternal rank at birth  -0.319 0.727 0.458 - 1.154 0.176
Prior Average number of adult 0.024 1.024 0.991 - 1.058 0.149
females in group prior to
milestone
Prior Average rainfall prior to -0.001 0.999 0.996 - 1.002 0.581
milestone
Lifespan Lifetime age acceleration  0.189 1.208 0.947 - 1.54 0.128
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TABLE A.24 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Lifetime pace of aging -0.934 0.393 0.077 - 2.016 0.263
Lifespan Mean chronological age -0.084 0.92 0.825 - 1.025 0.13
of samples
Lifespan Mother in same group -0.33 0.719 0.479 -1.08 0.112
during approximate timing
of milestone
Lifespan Average number of ma- 0.115 1.122 0.983-1.28 0.088 Animals with more mater-
ternal sisters in group nal half-sisters will attain
over life this milestone sooner.
Lifespan Low maternal rank at birth  -0.249 0.78 0.515-1.181 0.241
Lifespan Average number of adult 0.016 1.016 0.985 - 1.049 0.313
females in group over life
Lifespan Average rainfall over life -0.002 0.998 0.994 - 1.002 0.397

NOTE: Cox proportional model results showing the predictors of menarche in females, not including hybrid score as a predictor. Predictors

were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.25

PREDICTING AGE AT FIRST LIVE BIRTH, WITH HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio

Prior Age acceleration aver- 0.115 1.122 0.841 - 1.497 0.434
aged prior to milestone

Prior Pace of aging prior to -0.182 0.834 0.084 - 8.244 0.876
milestone

Prior Mean chronological age -0.227 0.797 0.614 - 1.036 0.09
of samples

Prior Mother in same group -0.112 0.894 0.604 - 1.324 0.576
during approximate timing
of milestone

Prior Average number of ma- 0.07 1.073 0.915-1.258 0.388

ternal sisters in group
prior to milestone

Prior Low maternal rank at birth  -0.15 0.861 0.536 - 1.383 0.536

Prior Average number of adult -0.007 0.993 0.959 - 1.027 0.679
females in group prior to
milestone

Prior Average rainfall prior to -0.007 0.993 0.988 - 0.998 0.005 Animals that experience
milestone higher rainfall prior to the

milestone will attain the
milestone later.
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TABLE A.25 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Hybridization score 0.949 2.584 1.143 - 5.841 0.023 Animals with a higher hy-
brid score (more anubis)
will attain the milestone
sooner.
Lifespan Lifetime age acceleration  0.023 1.024 0.786 - 1.334 0.862
Lifespan Lifetime pace of aging -1.679 0.187 0.032 - 1.095 0.063
Lifespan Mean chronological age -0.089 0.915 0.802 - 1.045 0.19
of samples
Lifespan Mother in same group -0.099 0.906 0.604 - 1.358 0.632
during approximate timing
of milestone
Lifespan Average number of ma- 0.057 1.058 0.904 - 1.24 0.482
ternal sisters in group
over life
Lifespan Low maternal rank at birth  -0.169 0.845 0.522 - 1.366 0.492
Lifespan Average number of adult -0.008 0.992 0.957 - 1.028 0.646
females in group over life
Lifespan Average rainfall over life -0.007 0.993 0.988 - 0.999 0.011 Animals that experience
higher rainfall over life will
attain the milestone later.
Lifespan Hybridization score 0.994 2.701 1.187 - 6.148 0.018 Animals with a higher hy-

brid score (more anubis)
will attain the milestone
sooner.
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NOTE: Cox proportional model results showing the predictors of first live birth in females, including hybrid score as a predictor. Predictors were
averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.



TABLE A.26

PREDICTING AGE AT FIRST LIVE BIRTH, WITHOUT HYBRID SCORE

29l

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- 0.068 1.07 0.822 - 1.393 0.614
aged prior to milestone
Prior Pace of aging prior to -0.255 0.775 0.088 - 6.801 0.818
milestone
Prior Mean chronological age -0.317 0.728 0.571 - 0.928 0.01 Animals with a higher
of samples mean chronological age
will attain the milestone
later.
Prior Mother in same group -0.074 0.928 0.635 - 1.357 0.701
during approximate timing
of milestone
Prior Average number of ma- 0.05 1.051 0.905 - 1.221 0.516
ternal sisters in group
prior to milestone
Prior Low maternal rank at birth  -0.185 0.831 0.53 - 1.304 0.421
Prior Average number of adult -0.003 0.997 0.965 - 1.029 0.841
females in group prior to
milestone
Prior Average rainfall prior to -0.007 0.993 0.989 - 0.998 0.008 Animals that experience

milestone

increased rainfall will at-
tain the milestone later.
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TABLE A.26 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Lifetime age acceleration  -0.006 0.994 0.774 - 1.275 0.961
Lifespan Lifetime pace of aging -1.713 0.18 0.034 - 0.961 0.045 Animals with a faster pace
of aging will attain the
milestone later.
Lifespan Mean chronological age -0.13 0.878 0.774 - 0.996 0.043 Animals with a higher
of samples mean chronological age
will attain the milestone
later.
Lifespan Mother in same group -0.071 0.931 0.628 - 1.38 0.723
during approximate timing
of milestone
Lifespan Average number of ma- 0.043 1.044 0.897 -1.214 0.581
ternal sisters in group
over life
Lifespan Low maternal rankat birth  -0.179 0.836 0.532-1.316 0.44
Lifespan Average number of adult -0.006 0.994 0.962 - 1.028 0.726
females in group over life
Lifespan Average rainfall over life -0.005 0.995 0.99 - 1 0.035 Animals that experience

increased rainfall will at-
tain the milestone later.

NOTE: Cox proportional model results showing the predictors of first live birth in females, not including hybrid score as a predictor. Predictors

were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.27

PREDICTING AGE AT TESTICULAR ENLARGEMENT, WITH HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- 0.163 1.177 0.896 - 1.548 0.242
aged prior to milestone
Prior Pace of aging prior to -1.101 0.333 0.02 - 5.584 0.444
milestone
Prior Mean chronological age 0.152 1.165 1.019 - 1.331 0.025 Animals with a higher
of samples mean chronological age
will attain the milestone
sooner.
Prior Mother in same group 0.091 1.096 0.711 - 1.688 0.679
during approximate timing
of milestone
Prior Average number of ma- -0.205 0.814 0.668 - 0.993 0.043 Animals with a higher
ternal sisters in group number of maternal sis-
prior to milestone ters in group will attain the
milestone later.
Prior Low maternal rank at birth  0.124 1.132 0.711 -1.802 0.603
Prior Average number of ex- 0.135 1.145 1.003 - 1.307 0.046 Animals in groups with

cess cycling females in
group prior to milestone

excess cycling females
will attain the milestone
sooner.
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TABLE A.27 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Average rainfall prior to 0.002 1.002 0.998 - 1.006 0.411
milestone
Prior Hybridization score 0.779 2.179 1.032-4.6 0.041 Animals with a higher hy-
brid score (more anubis)
will attain the milestone
sooner.
Lifespan Lifetime age acceleration  0.171 1.187 0.901 - 1.564 0.223
Lifespan Lifetime pace of aging -1.056 0.348 0.027 - 4.433 0.416
Lifespan Mean chronological age 0.147 1.158 1.013-1.325 0.032 Animals with a higher
of samples mean chronological age
will attain the milestone
sooner.
Lifespan Mother in same group 0.093 1.097 0.713-1.689 0.674
during approximate timing
of milestone
Lifespan Average number of ma- -0.208 0.812 0.665 - 0.991 0.041 Animals with a higher
ternal sisters in group number of maternal sis-
over life ters in group will attain the
milestone later.
Lifespan Low maternal rank at birth  0.125 1.134 0.712 - 1.805 0.597
Lifespan Average number of ex- 0.134 1.143 1.003 - 1.304 0.045 Animals in groups with

cess cycling females in
group over life

excess cycling females
will attain the milestone
sooner.
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TABLE A.27 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Average rainfall over life 0.002 1.002 0.998 - 1.006 0.384
Lifespan Hybridization score 0.786 2.195 1.041 - 4.627 0.039 Animals with a higher hy-

brid score (more anubis)
will attain the milestone
sooner.

NOTE: Cox proportional model results showing the predictors of testicular enlargement in males, including hybrid score as a predictor. Predictors
were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.28

PREDICTING AGE AT TESTICULAR ENLARGEMENT, WITHOUT HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- 0.105 1.111 0.888 - 1.391 0.358
aged prior to milestone
Prior Pace of aging prior to -1.262 0.283 0.017 -4.701 0.379
milestone
Prior Mean chronological age 0.196 1.216 1.071 - 1.381 0.003 Animals with a higher
of samples mean chronological age
will attain the milestone
sooner.
Prior Mother in same group 0.134 1.143 0.75-1.743 0.534
during approximate timing
of milestone
Prior Average number of ma- -0.148 0.863 0.717 - 1.037 0.116
ternal sisters in group
prior to milestone
Prior Low maternal rank at birth  0.021 1.021 0.646 - 1.614 0.929
Prior Average number of ex- 0.103 1.109 0.975 - 1.261 0.115
cess cycling females in
group prior to milestone
Prior Average rainfall prior to 0.002 1.002 0.998 - 1.006 0.402

milestone
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TABLE A.28 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Lifetime age acceleration  0.106 1.112 0.888 - 1.392 0.356
Lifespan Lifetime pace of aging -1.155 0.315 0.025 - 3.976 0.372
Lifespan Mean chronological age 0.195 1.215 1.069 - 1.38 0.003
of samples
Lifespan Mother in same group 0.135 1.145 0.752 - 1.744 0.528
during approximate timing
of milestone
Lifespan Average number of ma- -0.149 0.862 0.716 - 1.037 0.114
ternal sisters in group
over life
Lifespan Low maternal rank at birth  0.02 1.02 0.646 - 1.613 0.931
Lifespan Average number of ex- 0.103 1.109 0.975-1.26 0.115

cess cycling females in
group over life

Lifespan Average rainfall over life 0.002 1.002 0.998 - 1.006 0.392

NOTE: Cox proportional model results showing the predictors of testicular enlargement in males, not including hybrid score as a predictor.
Predictors were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.29

PREDICTING AGE AT NATAL DISPERSAL IN MALES, WITH HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- 0.072 1.074 0.794 - 1.453 0.642
aged prior to milestone
Prior Pace of aging prior to -4.038 0.018 0-0.776 0.037 Animals with a faster pace
milestone of aging will attain the
milestone later.
Prior Mean chronological age -0.017 0.983 0.873-1.107 0.779
of samples
Prior Mother in same group 0.448 1.565 0.959 - 2.554 0.073
during approximate timing
of milestone
Prior Average number of ma- 0.01 1.01 0.834 - 1.224 0.916
ternal sisters in group
prior to milestone
Prior Low maternal rank at birth  -0.383 0.682 0.414-1.123 0.133
Prior Average number of ex- 0.163 1.177 1.021 - 1.357 0.024 Animals in groups with
cess cycling females in more reproductively avail-
group prior to milestone able females will attain
the milestone sooner.
Prior Average rainfall prior to -0.002 0.998 0.994 - 1.003 0.481

milestone
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TABLE A.29 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Hybridization score 1.115 3.05 1.352 - 6.881 0.007 Animals with a higher hy-
brid score (more anubis)
will attain the milestone
sooner.
Lifespan Lifetime age acceleration  0.058 1.06 0.784 - 1.434 0.704
Lifespan Lifetime pace of aging -3.6 0.027 0.001 - 0.823 0.038 Animals with a faster pace
of aging will attain the
milestone later.
Lifespan Mean chronological age -0.013 0.987 0.875-1.114 0.833
of samples
Lifespan Mother in same group 0.463 1.588 0.968 - 2.605 0.067
during approximate timing
of milestone
Lifespan Average number of ma- 0.006 1.006 0.83-1.22 0.95
ternal sisters in group
over life
Lifespan Low maternal rank at birth  -0.396 0.673 0.41-1.107 0.119
Lifespan Average number of ex- 0.166 1.18 1.024 - 1.361 0.022 Animals in groups with
cess cycling females in more reproductively avail-
group over life able females will attain
the milestone sooner.
Lifespan Average rainfall over life -0.002 0.998 0.994 - 1.003 0.474
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TABLE A.29 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Hybridization score 1.129 3.092 1.367 - 6.997 0.007 Animals with a higher hy-

brid score (more anubis)
will attain the milestone
sooner.

NOTE: Cox proportional model results showing the predictors of natal dispersal in males, including hybrid score as a predictor. Predictors were
averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.30

PREDICTING AGE AT NATAL DISPERSAL IN MALES, WITHOUT HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio

Prior Age acceleration aver- 0.03 1.03 0.771-1.376 0.842
aged prior to milestone

Prior Pace of aging prior to -3.047 0.048 0.001 - 1.856 0.103
milestone

Prior Mean chronological age 0.006 1.006 0.892-1.134 0.927
of samples

Prior Mother in same group 0.495 1.64 1.015-2.65 0.043 Animals in groups with
during approximate timing their mother present
of milestone will attain the milestone

sooner.

Prior Average number of ma- 0.058 1.06 0.878 -1.279 0.546
ternal sisters in group
prior to milestone

Prior Low maternal rank at birth  -0.42 0.657 0.402 - 1.072 0.093

Prior Average number of ex- 0.137 1.147 1-1.315 0.049 Animals in groups with
cess cycling females in more reproductive fe-
group prior to milestone males will attain the

milestone sooner.
Prior Average rainfall prior to -0.001 0.999 0.995 - 1.004 0.709

milestone
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TABLE A.30 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Lifetime age acceleration  0.021 1.022 0.765 - 1.365 0.885
Lifespan Lifetime pace of aging -2.681 0.068 0.003 - 1.814 0.109
Lifespan Mean chronological age 0.01 1.01 0.895-1.14 0.869
of samples
Lifespan Mother in same group 0.506 1.659 1.022 - 2.693 0.041 Animals in groups with
during approximate timing their mother present
of milestone will attain the milestone
sooner.
Lifespan Average number of ma- 0.055 1.056 0.874 - 1.276 0.571
ternal sisters in group
over life
Lifespan Low maternal rank at birth  -0.429 0.651 0.399 - 1.062 0.086
Lifespan Average number of ex- 0.139 1.149 1.002 - 1.318 0.047 Animals in groups with
cess cycling females in more reproductive fe-
group over life males will attain the
milestone sooner.
Lifespan Average rainfall over life -0.001 0.999 0.995 - 1.004 0.707

NOTE: Cox proportional model results showing the predictors of natal dispersal in males, not including hybrid score as a predictor. Predictors

were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.31

PREDICTING AGE AT FIRST RANK ATTAINMENT IN MALES, WITH HYBRID SCORE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- 0.406 1.501 1.051 - 2.142 0.025 Animals that are micro-
aged prior to milestone bially old for age will attain
the milestone sooner.
Prior Pace of aging prior to -3.527 0.029 0-2527 0.121
milestone

Prior Mean chronological age -0.052 0.95 0.822 - 1.097 0.484

of samples

Prior Mother in same group -0.168 0.846 0.467 - 1.53 0.579

during approximate timing
of milestone
Prior Average number of ma- -0.29 0.748 0.592 - 0.945 0.015 Animals with a higher
ternal sisters in group number of maternal sis-
prior to milestone ters in group will attain the
milestone later.

Prior Low maternal rank at birth  -0.866 0.421 0.219 - 0.807 0.009 Animals born to lower
ranking mothers will attain
the milestone later.

Prior Average number of ex- 0.162 1.176 0.971-1.425 0.097

cess cycling females in
group prior to milestone
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TABLE A.31 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Average rainfall prior to -0.002 0.998 0.99 - 1.007 0.7
milestone

Prior Hybridization score 2.057 7.82 2.953 - 20.71 0 Animals with higher hy-
brid scores (more anubis)
will attain the milestone
sooner.

Lifespan Lifetime age acceleration  0.448 1.565 1.086 - 2.256 0.016 Animals that are micro-
bially old for age will attain
the milestone sooner.

Lifespan Lifetime pace of aging -3.162 0.042 0.001 -1.939 0.105

Lifespan Mean chronological age -0.064 0.938 0.812-1.083 0.383

of samples
Lifespan Mother in same group -0.17 0.844 0.469 - 1.52 0.571
during approximate timing
of milestone
Lifespan Average number of ma- -0.286 0.751 0.595 - 0.947 0.015 Animals with a higher
ternal sisters in group number of maternal sis-
over life ters in group will attain the
milestone later.

Lifespan Low maternal rank at birth  -0.927 0.396 0.206 - 0.761 0.005 Animals born to lower
ranking mothers will attain
the milestone later.

Lifespan Average number of ex- 0.168 1.183 0.977 - 1.432 0.085

cess cycling females in
group over life
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TABLE A.31 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Lifespan Average rainfall over life -0.001 0.999 0.991 - 1.008 0.852
Lifespan Hybridization score 2.119 8.324 3.125-22.175 0 Animals with higher hy-

brid scores (more anubis)
will attain the milestone
sooner.

NOTE: Cox proportional model results showing the predictors of rank attainment in males, including hybrid score as a predictor. Predictors were
averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.32

PREDICTING AGE AT FIRST RANK ATTAINMENT IN MALES, WITHOUT HYBRID

SCORE
Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Age acceleration aver- 0.186 1.2 0.918 - 1.579 0.18
aged prior to milestone
Prior Pace of aging prior to -2.05 0.129 0.002 - 7.213 0.319
milestone
Prior Mean chronological age 0.062 1.06 0.928 - 1.221 0.374
of samples
Prior Mother in same group 0.044 1.04 0.616-1.772 0.872
during approximate timing
of milestone
Prior Average number of ma- -0.14 0.87 0.703-1.075 0.197
ternal sisters in group
prior to milestone
Prior Low maternal rank at birth  -0.828 0.437 0.222 - 0.861 0.017 Animals born to lower
ranking mothers will attain
the milestone later.
Prior Average number of ex- 0.086 1.09 0.91-1.305 0.349

cess cycling females in
group prior to milestone
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TABLE A.32 CONTINUED FROM PREVIOUS PAGE

Timeframe  Predictor Coefficient Hazard 95% ClI p-value Interpretation
Ratio
Prior Average rainfall prior to 0 1 0.993 - 1.007 0.992
milestone
Lifespan Lifetime age acceleration  0.191 1.21 0.925 - 1.584 0.165
Lifespan Lifetime pace of aging -1.721 0.179 0.006 - 5.33 0.32
Lifespan Mean chronological age 0.061 1.063 0.93-1.215 0.369
of samples
Lifespan Mother in same group 0.047 1.048 0.617-1.78 0.862
during approximate timing
of milestone
Lifespan Average number of ma- -0.137 0.872 0.706 - 1.078 0.205
ternal sisters in group
over life
Lifespan Low maternal rank at birth  -0.846 0.429 0.217 -0.848 0.015 Animals born to lower

ranking mothers will attain
the milestone later.

Lifespan Average number of ex- 0.088 1.092 0.913 - 1.307 0.336
cess cycling females in
group over life

Lifespan Average rainfall over life 0 1 0.994 - 1.007 0.937

NOTE: Cox proportional model results showing the predictors of rank attainment in males, not including hybrid score as a predictor. Predictors
were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.33

PREDICTING JUVENILE SURVIVAL WITH SOURCES OF EARLY LIFE ADVERSITY

Subset Predictor Coefficient Hazard 95% CI p-value Interpretation
Ratio
All Animals Age acceleration prior 0.371 1.449 0.92 - 2.282 0.109
age 4
All Animals Pace of aging prior age 4  0.382 1.465 0.079 - 27.01 0.797
All Animals Mean chronological age -2.747 0.064 0.027 - 0.155 0 Animals with a higher
of samples mean chronological age
will die later.
All Animals Loss of mother before age  0.157 1.17 0.405 - 3.382 0.771
4
All Animals Sibiling born within 1.5 -0.201 0.818 0.289 - 2.313 0.705
years of focal individual
All Animals Born during a drought 0.044 1.045 0.349 - 3.135 0.937
year
All Animals Highest quartile group -0.996 0.369 0.084 - 1.625 0.188
size at time of birth
All Animals Low maternal social con- 0.625 1.869 0.715-4.89 0.202
nectedness at birth
All Animals Low maternal rank at birth  -0.671 0.511 0.144 - 1.818 0.3
All Animals Sex =M -0.553 0.575 0.239 - 1.387 0.218
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TABLE A.33 CONTINUED FROM PREVIOUS PAGE

Subset Predictor Coefficient Hazard 95% CI p-value Interpretation
Ratio
Females Age acceleration prior 0.421 1.523 0.791 - 2.935 0.208
Only age 4
Females Pace of aging prior age 4 -0.145 0.865 0.033 - 22.728 0.931
Only
Females Mean chronological age -3.77 0.023 0.005-0.115 0 Animals with a higher
Only of samples mean chronological age
will die later.
Females Loss of mother before age  0.291 1.338 0.36 - 4.965 0.664
Only 4
Females Sibiling born within 1.5 -0.501 0.606 0.15-2.449 0.482
Only years of focal individual
Females Born during a drought -1.187 0.305 0.038 - 2.479 0.267
Only year
Females Highest quartile group -1.914 0.147 0.012-1.874 0.14
Only size at time of birth
Females Low maternal social con- 0.844 2.325 0.596 - 9.076 0.225
Only nectedness at birth
Females Low maternal rank at birth  -2.147 0.117 0.008 - 1.647 0.112
Only
Males Only Age acceleration prior 0.359 1.432 0.519 - 3.952 0.488
age 4
Males Only Pace of aging priorage 4 -1.95 0.142 0-91.128 0.554
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TABLE A.33 CONTINUED FROM PREVIOUS PAGE

Subset Predictor Coefficient Hazard 95% CI p-value Interpretation
Ratio
Males Only Mean chronological age -2.265 0.104 0.028 - 0.383 0.001 Animals with a higher
of samples mean chronological age
will die later.
Males Only Loss of mother before age  0.084 1.088 0.117-10.101 0.941
4
Males Only Sibiling born within 1.5 -0.075 0.928 0.174 - 4.956 0.93
years of focal individual
Males Only Born during a drought 0.941 2.563 0.487-13.478  0.266
year
Males Only Highest quartile group -0.589 0.555 0.066 - 4.648 0.587
size at time of birth
Males Only Low maternal social con- 0.348 1.417 0.317-6.323 0.648
nectedness at birth
Males Only Low maternal rank at birth  0.326 1.386 0.298 - 6.456 0.678

NOTE: Cox proportional model results showing the predictors of juvenile survival, including individual sources of adversity as predictors. Pre-

dictors were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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PREDICTING JUVENILE SURVIVAL WITH CUMULATIVE ADVERSITY

TABLE A.34

Subset Predictor Coefficient Hazard 95% CI p-value Interpretation
Ratio
All Animals Age acceleration prior 0.302 1.352 0.896 - 2.04 0.151
age 4
All Animals Pace of aging prior age 4 0.881 2.413 0.146 - 39.911 0.538
All Animals Mean chronological age -2.602 0.074 0.032-0.173 0 Animals with a higher
of samples mean chronological age
will die later.
All Animals Cumulative number of ad- -0.148 0.863 0.601 -1.239 0.424
verse events in early life
All Animals Sex =M -0.467 0.627 0.268 - 1.464 0.28
Females Age acceleration prior 0.163 1.177 0.685 - 2.023 0.556
Only age 4
Females Pace of aging priorage 4 1.319 3.738 0.199 - 70.048 0.378
Only
Females Mean chronological age -3.233 0.039 0.01 - 0.157 0 Animals with a higher
Only of samples mean chronological age
will die later.
Females Cumulative number of ad- -0.454 0.635 0.372-1.085 0.097

Only

verse events in early life




€8l

TABLE A.34 CONTINUED FROM PREVIOUS PAGE

Subset Predictor Coefficient Hazard 95% CI p-value Interpretation
Ratio
Males Only Age acceleration prior 0.256 1.291 0.512 - 3.259 0.588
age 4
Males Only Pace of aging prior age 4 -1.371 0.254 0-129.428 0.666
Males Only Mean chronological age -2.355 0.095 0.027 - 0.329 0 Animals with a higher
of samples mean chronological age
will die later.
Males Only Cumulative number of ad- 0.222 1.248 0.696 - 2.238 0.457

verse events in early life

NOTE: Cox proportional model results showing the predictors of juvenile survival, not including individual sources of adversity as predictors.

Predictors were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.35

PREDICTING ADULT FEMALE SURVIVAL WITH SOURCES OF EARLY LIFE

ADVERSITY
Predictor Coefficient  Hazard 95% CI p-value Interpretation
Ratio
Lifetime age acceleration -0.025 0.975 0.717 - 1.326 0.873
Lifetime pace of aging 0.505 1.658 0.152-18.039  0.678
Mean chronological age of samples -0.1 0.905 0.836 - 0.98 0.014 Animals with a higher mean
chronological age will die later.
Loss of mother before age 4 1.086 2.963 1.646 - 5.331 0 Adult females that lose their
mother prior to age 4 die sooner.
Sibiling born within 1.5 years of focal indi- -0.144 0.865 0.446 - 1.68 0.67
vidual
Born during a drought year -0.029 0.972 0.478 - 1.973 0.936
Highest quartile group size at time of birth  0.367 1.444 0.617 - 3.376 0.397
Low maternal social connectedness at 0.076 1.079 0.627 - 1.859 0.783
birth
Low maternal rank at birth 0.709 2.033 1.082 - 3.818 0.027
Average social connectedness to other 0.239 1.271 0.757 -2.132 0.365
adult females over life
Average social connectedness to adult -0.241 0.786 0.528 - 1.169 0.234

males over life
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TABLE A.35 CONTINUED FROM PREVIOUS PAGE

Predictor Coefficient  Hazard 95% CI p-value Interpretation
Ratio
Average proportional rank over life 0.751 2.119 0.548 - 8.201 0.277

NOTE: Cox proportional model results showing the predictors of adult female survival, including individual sources of adversity as predictors.
Predictors were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.
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TABLE A.36

PREDICTING ADULT FEMALE SURVIVAL WITH CUMULATIVE ADVERSITY

Predictor Coefficient  Hazard 95% CI p-value Interpretation
Ratio

Lifetime age acceleration -0.092 0.912 0.668 - 1.245 0.562

Lifetime pace of aging 1.249 3.489 0.356 - 34.209 0.283

Mean chronological age of samples -0.078 0.925 0.86 - 0.995 0.037 Animals with a higher mean
chronological age will die later.

Cumulative number of adverse events in  0.345 1.412 1.063 - 1.876 0.017 Adult females with higher cu-

early life mulative early life adversity die
sooner.

Average social connectedness to other 0.15 1.162 0.712 - 1.894 0.548

adult females over life

Average social connectedness to adult -0.19 0.827 0.564 - 1.212 0.33

males over life

Average proportional rank over life 0.545 1.724 0.475 - 6.252 0.407

NOTE: Cox proportional model results showing the predictors of adult female survival, including cumulative adversity as a predictor. Predictors

were averaged over the timeframe of interest: either prior to the population average age of the milestone or over the lifespan.



APPENDIX B

CHAPTER 3 SUPPLEMENTARY MATERIALS

TABLE B.1

SAMPLE SIZES FOR ALL CHAPTER 3 MODELS

Age Category Sex Individuals Samples
(0,30) All 431 12298
(0,30) Females 234 7321
(0,30) Males 197 4977
(0-4] All 375 2999
(0-4] Females 195 1587
(0-4] Males 180 1412
(4-7] All 276 3753
(4-7] Females 144 1914
(4-7] Males 132 1839
(7-10] All 179 2350
(7-10] Females 92 1326
(7-10] Males 87 1024
(10-13] All 102 1679
(10-13] Females 72 1168
(10-13] Males 30 511

187



TABLE B.1 CONTINUED FROM PREVIOUS PAGE

Age Category Sex Individuals Samples
(13-16] Al 62 844
(13-16] Females 48 679
(13-16] Males 14 165
(16-19] Al 31 417
(16-19] Females 27 392
(16-19] Males 4 25
(19-27] All 19 256
(19-27] Females 18 255
(19-27] Males 1 1

NOTE: Sample sizes for all models. Linear models only used data from all individuals across

life course, and other subsets were specific to PERMANOVA analyses.

188
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PERMANOVAS TESTING THE EFFECTS OF INDIVIDUAL TYPES OF ADVERSITY
ON BRAY-CURTIS DISSIMILARITIES.

TABLE B.2

Age Class Sex Model Variable F R2 P-value Adjusted
Version P-value

Lifespan Both Quantity ~ DNA extraction plate 1.065 0.017 0.006 0.048

(0,30)

Lifespan Both Quantity  Season at the time of collection 1.427 0 0.114 0.456

(0,30)

Lifespan Both Quantity  Hydrological year at the time of collec- 1.06 0.001 0.237 0.605

(0,30) tion

Lifespan Both Quantity  Social group at time of collection 2.722 0.002 0.001 0.002

(0,30)

Lifespan Both Quantity  Sex 1.773 0 0.043 0.149

(0,30)

Lifespan Both Quantity  Chronological age at time of collection 2.118 0 0.012 0.096

(0,30)

Lifespan Both Quantity  Total quantity of adversity experienced 1.211 0 0.218 0.359

(0,30)

Lifespan Both Quantity  Individual identity 1.311 0.045 0.001 0.001

(0,30)

Lifespan Both Type DNA extraction plate 1.065 0.017 0.013 0.072

(0,30)
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value

Lifespan Both Type Season at the time of collection 1.427 0 0.121 0.484

(0,30)

Lifespan Both Type Hydrological year at the time of collec- 1.06 0.001 0.247 0.588

(0,30) tion

Lifespan Both Type Social group at time of collection 2.722 0.002 0.001 0.002

(0,30)

Lifespan Both Type Sex 1.773 0 0.042 0.147

(0,30)

Lifespan Both Type Chronological age at time of collection 2.118 0 0.014 0.112

(0,30)

Lifespan Both Type Loss of mother prior to age 4 1.168 0 0.206 0.516

(0,30)

Lifespan Both Type Presence of a competing sibling 2.26 0 0.012 0.032

(0,30)

Lifespan Both Type Drought in early life 1.602 0 0.057 0.456

(0,30)

Lifespan Both Type Highest quartile group size 0.967 0 0.422 0.744

(0,30)

Lifespan Both Type Lowest quartile maternal social con- 1.587 0 0.061 0.181

(0,30) nectedness

Lifespan Both Type Lowest quartile maternal rank 2.483 0 0.003 0.016

(0,30)
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R2 P-value Adjusted
Version P-value

Lifespan Both Type Individual identity 1.306 0.044 0.001 0.001

(0,30)

Lifespan Females Quantity = DNA extraction plate 1.094 0.03 0.001 0.008

(0,30)

Lifespan Females Quantity = Season at the time of collection 1.635 0 0.053 0.212

(0,30)

Lifespan Females Quantity = Hydrological year at the time of collec- 1.08 0.002 0.21 0.56

(0,30) tion

Lifespan Females Quantity  Social group at time of collection 2.755 0.004 0.001 0.002

(0,30)

Lifespan Females Quantity = Chronological age at time of collection 2.958 0 0.001 0.008

(0,30)

Lifespan Females Quantity  Total quantity of adversity experienced 1.002 0 0.423 0.677

(0,30)

Lifespan Females Quantity Individual identity 1.296 0.04 0.001 0.004

(0,30)

Lifespan Females  Type DNA extraction plate 1.094 0.03 0.001 0.008

(0,30)

Lifespan Females  Type Season at the time of collection 1.635 0 0.054 0.216

(0,30)

Lifespan Females  Type Hydrological year at the time of collec- 1.08 0.002 0.231 0.616

(0,30)

tion
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value

Lifespan Females  Type Social group at time of collection 2.755 0.004 0.001 0.003

(0,30)

Lifespan Females  Type Chronological age at time of collection  2.958 0 0.003 0.024

(0,30)

Lifespan Females  Type Loss of mother prior to age 4 1.415 0 0.107 0.523

(0,30)

Lifespan Females  Type Presence of a competing sibling 2.124 0 0.015 0.045

(0,30)

Lifespan Females  Type Drought in early life 1.44 0 0.125 0.726

(0,30)

Lifespan Females  Type Highest quartile group size 1.123 0 0.304 0.426

(0,30)

Lifespan Females  Type Lowest quartile maternal social con- 2.079 0 0.016 0.128

(0,30) nectedness

Lifespan Females  Type Lowest quartile maternal rank 1.318 0 0.158 0.546

(0,30)

Lifespan Females  Type Individual identity 1.287 0.039 0.001 0.008

(0,30)

Lifespan Males Quantity  DNA extraction plate 0.99 0.04 0.675 0.675

(0,30)

Lifespan Males Quantity ~ Season at the time of collection 0.617 0 0.911 0.911

(0,30)
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value

Lifespan Males Quantity  Hydrological year at the time of collec- 1.193 0.003 0.049 0.147

(0,30) tion

Lifespan Males Quantity  Social group at time of collection 1.313 0.003 0.005 0.018

(0,30)

Lifespan Males Quantity ~ Chronological age at time of collection  1.59 0 0.071 0.426

(0,30)

Lifespan Males Quantity  Total quantity of adversity experienced 1.075 0 0.312 0.547

(0,30)

Lifespan Males Quantity  Individual identity 1.288 0.05 0.001 0.003

(0,30)

Lifespan Males Type DNA extraction plate 0.99 0.04 0.667 0.667

(0,30)

Lifespan Males Type Season at the time of collection 0.617 0 0.922 0.922

(0,30)

Lifespan Males Type Hydrological year at the time of collec- 1.192 0.003 0.04 0.12

(0,30) tion

Lifespan Males Type Social group at time of collection 1.313 0.003 0.003 0.014

(0,30)

Lifespan Males Type Chronological age at time of collection  1.59 0 0.066 0.396

(0,30)

Lifespan Males Type Loss of mother prior to age 4 1.386 0 0.131 0.262

(0,30)
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value

Lifespan Males Type Presence of a competing sibling 3.08 0.001 0.001 0.006

(0,30)

Lifespan Males Type Drought in early life 1.055 0 0.353 0.706

(0,30)

Lifespan Males Type Highest quartile group size 0.98 0 0.466 0.713

(0,30)

Lifespan Males Type Lowest quartile maternal social con- 1.233 0 0.198 0.604

(0,30) nectedness

Lifespan Males Type Lowest quartile maternal rank 3.177 0.001 0.002 0.005

(0,30)

Lifespan Males Type Individual identity 1.27 0.048 0.001 0.006

(0,30)

(0-4] Both Quantity =~ DNA extraction plate 1.03 0.069 0.151 0.179

(0-4] Both Quantity =~ Season at the time of collection 0.894 0 0.525 0.7

(0-4] Both Quantity  Hydrological year at the time of collec- 1.004 0.004 0.468 0.605

tion

(0-4] Both Quantity  Social group at time of collection 1.535 0.006 0.001 0.002

(0-4] Both Quantity  Sex 2.047 0.001 0.018 0.126

(0-4] Both Quantity  Chronological age at time of collection  1.309 0 0.179 0.544

(0-4] Both Quantity  Total quantity of adversity experienced 1.327 0 0.156 0.359

(0-4] Both Quantity  Individual identity 1.094 0.133 0.001 0.001
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(0-4] Both Type DNA extraction plate 1.03 0.069 0.116 0.155
(0-4] Both Type Season at the time of collection 0.894 0 0.53 0.707
(0-4] Both Type Hydrological year at the time of collec- 1.004 0.004 0.466 0.588
tion
(0-4] Both Type Social group at time of collection 1.535 0.006 0.001 0.002
(0-4] Both Type Sex 2.047 0.001 0.017 0.119
(0-4] Both Type Chronological age at time of collection  1.309 0 0.153 0.504
(0-4] Both Type Loss of mother prior to age 4 1.142 0 0.258 0.516
(0-4] Both Type Presence of a competing sibling 0.756 0 0.74 0.74
(0-4] Both Type Drought in early life 0.607 0 0.92 0.92
(0-4] Both Type Highest quartile group size 0.696 0 0.825 0.825
(0-4] Both Type Lowest quartile maternal social con- 1.594 0.001 0.067 0.181
nectedness
(0-4] Both Type Lowest quartile maternal rank 1.031 0 0.388 0.443
(0-4] Both Type Individual identity 1.097 0.131 0.001 0.001
4-7] Both Quantity =~ DNA extraction plate 1.009 0.054 0.332 0.332
4-7] Both Quantity ~ Season at the time of collection 0.982 0 0.447 0.7
4-7] Both Quantity  Hydrological year at the time of collec- 1.01 0.003 0.429 0.605
tion
4-7] Both Quantity  Social group at time of collection 1.863 0.005 0.001 0.002
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
4-7] Both Quantity  Sex 1.107 0 0.311 0.435
4-7] Both Quantity ~ Chronological age at time of collection  0.661 0 0.886 0.886
(4-7] Both Quantity  Total quantity of adversity experienced  0.682 0 0.849 0.849
4-7] Both Quantity  Individual identity 1.117 0.079 0.001 0.001
4-7] Both Type DNA extraction plate 1.009 0.054 0.376 0.376
(4-7] Both Type Season at the time of collection 0.982 0 0.452 0.707
4-7] Both Type Hydrological year at the time of collec- 1.01 0.003 0.432 0.588
tion
(4-7] Both Type Social group at time of collection 1.863 0.005 0.001 0.002
(4-7] Both Type Sex 1.107 0 0.3 0.42
(4-7] Both Type Chronological age at time of collection  0.661 0 0.864 0.864
(4-7] Both Type Loss of mother prior to age 4 0.619 0 0.934 0.934
(4-7] Both Type Presence of a competing sibling 1.256 0 0.17 0.272
4-7] Both Type Drought in early life 0.917 0 0.482 0.851
(4-7] Both Type Highest quartile group size 1.255 0 0.172 0.647
4-7] Both Type Lowest quartile maternal social con- 1.054 0 0.352 0.563
nectedness
4-7] Both Type Lowest quartile maternal rank 1.349 0 0.15 0.3
4-7] Both Type Individual identity 1.116 0.078 0.001 0.001
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(7-10] Both Quantity =~ DNA extraction plate 1.055 0.087 0.025 0.076
(7-10] Both Quantity  Season at the time of collection 0.682 0 0.818 0.935
(7-10] Both Quantity  Hydrological year at the time of collec- 1.138 0.006 0.1 0.605
tion
(7-10] Both Quantity  Social group at time of collection 1.17 0.005 0.074 0.085
(7-10] Both Quantity Sex 1.414 0.001 0.128 0.224
(7-10] Both Quantity ~ Chronological age at time of collection 0.918 0 0.509 0.679
(7-10] Both Quantity  Total quantity of adversity experienced 1.125 0 0.269 0.359
(7-10] Both Quantity  Individual identity 1.147 0.084 0.001 0.001
(7-10] Both Type DNA extraction plate 1.055 0.087 0.033 0.072
(7-10] Both Type Season at the time of collection 0.682 0 0.828 0.946
(7-10] Both Type Hydrological year at the time of collec- 1.138 0.006 0.117 0.588
tion
(7-10] Both Type Social group at time of collection 1.17 0.005 0.076 0.087
(7-10] Both Type Sex 1.414 0.001 0.131 0.229
(7-10] Both Type Chronological age at time of collection 0.918 0 0.522 0.696
(7-10] Both Type Loss of mother prior to age 4 0.675 0 0.86 0.934
(7-10] Both Type Presence of a competing sibling 2.503 0.001 0.007 0.032
(7-10] Both Type Drought in early life 0.857 0 0.593 0.851
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(7-10] Both Type Highest quartile group size 1.246 0.001 0.185 0.647
(7-10] Both Type Lowest quartile maternal social con- 1.157 0 0.25 0.5
nectedness
(7 -10] Both Type Lowest quartile maternal rank 1.579 0.001 0.079 0.211
(7-10] Both Type Individual identity 1.14 0.081 0.001 0.001
(10-13] Both Quantity =~ DNA extraction plate 1.055 0.124 0.029 0.076
(10-13] Both Quantity =~ Season at the time of collection 0.591 0 0.947 0.947
(10-13] Both Quantity ~ Hydrological year at the time of collec- 0.977 0.007 0.549 0.605
tion
(10-13] Both Quantity  Social group at time of collection 1.2 0.008 0.043 0.057
(10-13] Both Quantity  Sex 0.894 0.001 0.543 0.543
(10-13] Both Quantity  Chronological age at time of collection 1.139 0.001 0.279 0.558
(10-13] Both Quantity  Total quantity of adversity experienced 1.42 0.001 0.103 0.359
(10-13] Both Quantity  Individual identity 1.174 0.068 0.001 0.001
(10-13] Both Type DNA extraction plate 1.055 0.124 0.036 0.072
(10-13] Both Type Season at the time of collection 0.591 0 0.949 0.949
(10-13] Both Type Hydrological year at the time of collec- 0.977 0.007 0.555 0.588
tion
(10-13] Both Type Social group at time of collection 1.2 0.008 0.047 0.063
(10-13] Both Type Sex 0.894 0.001 0.545 0.545
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(10-13] Both Type Chronological age at time of collection  1.139 0.001 0.298 0.596
(10-13] Both Type Loss of mother prior to age 4 1.984 0.001 0.02 0.16
(10-13] Both Type Presence of a competing sibling 1.635 0.001 0.043 0.086
(10-13] Both Type Drought in early life 1.313 0.001 0.152 0.608
(10-13] Both Type Highest quartile group size 0.871 0.001 0.576 0.758
(10-13] Both Type Lowest quartile maternal social con- 0.967 0.001 0.434 0.579
nectedness
(10-13] Both Type Lowest quartile maternal rank 0.828 0 0.63 0.63
(10-13] Both Type Individual identity 1.171 0.064 0.001 0.001
(13-16] Both Quantity =~ DNA extraction plate 1.059 0.233 0.038 0.076
(13-16] Both Quantity ~ Season at the time of collection 1.781 0.002 0.029 0.232
(13-16] Both Quantity  Hydrological year at the time of collec- 1.059 0.016 0.271 0.605
tion

(13 -16] Both Quantity  Social group at time of collection 1.597 0.02 0.001 0.002
(13-16] Both Quantity  Sex 1.611 0.002 0.064 0.149
(13 -16] Both Quantity  Chronological age at time of collection  0.95 0.001 0.485 0.679
(13 -16] Both Quantity  Total quantity of adversity experienced  0.751 0.001 0.738 0.843
(13 -16] Both Quantity  Individual identity 1.196 0.078 0.001 0.001
(13- 16] Both Type DNA extraction plate 1.059 0.233 0.033 0.072
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(13 -16] Both Type Season at the time of collection 1.781 0.002 0.041 0.328
(13 -16] Both Type Hydrological year at the time of collec- 1.059 0.016 0.263 0.588
tion
(13-16] Both Type Social group at time of collection 1.597 0.02 0.001 0.002
(13- 16] Both Type Sex 1.611 0.002 0.077 0.18
(13-16] Both Type Chronological age at time of collection  0.95 0.001 0.464 0.696
(13-16] Both Type Loss of mother prior to age 4 0.659 0.001 0.879 0.934
(13 -16] Both Type Presence of a competing sibling 0.781 0.001 0.737 0.74
(13-16] Both Type Drought in early life 0.829 0.001 0.638 0.851
(13-16] Both Type Highest quartile group size 0.975 0.001 0.425 0.744
(13-16] Both Type Lowest quartile maternal social con- 0.724 0.001 0.79 0.816
nectedness
(13 -16] Both Type Lowest quartile maternal rank 2.507 0.003 0.004 0.016
(13- 16] Both Type Individual identity 1.2 0.071 0.001 0.001
(16 - 19] Both Quantity =~ DNA extraction plate 1.044 0.402 0.157 0.179
(16 - 19] Both Quantity  Season at the time of collection 1.121 0.003 0.296 0.602
(16 - 19] Both Quantity  Hydrological year at the time of collec- 0.967 0.023 0.605 0.605
tion
(16 - 19] Both Quantity ~ Social group at time of collection 1.466 0.031 0.001 0.002
(16 - 19] Both Quantity  Sex 0.941 0.002 0.521 0.543
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(16 - 19] Both Quantity  Chronological age at time of collection  0.72 0.002 0.802 0.886
(16 - 19] Both Quantity  Total quantity of adversity experienced 1.226 0.003 0.197 0.359
(16 - 19] Both Quantity  Individual identity 1.053 0.052 0.251 0.287
(16 - 19] Both Type DNA extraction plate 1.044 0.402 0.148 0.169
(16 - 19] Both Type Season at the time of collection 1.121 0.003 0.299 0.6
(16 - 19] Both Type Hydrological year at the time of collec- 0.967 0.023 0.588 0.588
tion
(16 - 19] Both Type Social group at time of collection 1.466 0.031 0.001 0.002
(16 - 19] Both Type Sex 0.941 0.002 0.489 0.545
(16 - 19] Both Type Chronological age at time of collection  0.72 0.002 0.8 0.864
(16 - 19] Both Type Loss of mother prior to age 4 0.658 0.002 0.863 0.934
(16 - 19] Both Type Presence of a competing sibling 0.809 0.002 0.691 0.74
(16 - 19] Both Type Drought in early life 0.986 0.002 0.441 0.851
(16 - 19] Both Type Highest quartile group size 0.827 0.002 0.65 0.758
(16 - 19] Both Type Lowest quartile maternal social con- 1.551 0.004 0.068 0.181
nectedness
(16 - 19] Both Type Lowest quartile maternal rank 1.14 0.003 0.304 0.405
(16 - 19] Both Type Individual identity 1.086 0.041 0.174 0.199
(19 - 30] Both Quantity ~ DNA extraction plate 1.059 0.521 0.141 0.179
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(19 - 30] Both Quantity  Season at the time of collection 1.11 0.004 0.301 0.602
(19 - 30] Both Quantity  Hydrological year at the time of collec- 0.993 0.03 0.501 0.605
tion
(19 - 30] Both Quantity  Social group at time of collection 1.241 0.023 0.088 0.088
(19 - 30] Both Quantity ~ Chronological age at time of collection 1.238 0.005 0.204 0.544
(19 - 30] Both Quantity  Total quantity of adversity experienced 1.181 0.004 0.248 0.359
(19 - 30] Both Quantity  Individual identity 0.992 0.038 0.516 0.516
(19 - 30] Both Type DNA extraction plate 1.059 0.521 0.096 0.154
(19 - 30] Both Type Season at the time of collection 1.11 0.004 0.3 0.6
(19 - 30] Both Type Hydrological year at the time of collec- 0.993 0.03 0.523 0.588
tion
(19 - 30] Both Type Social group at time of collection 1.241 0.023 0.087 0.087
(19 - 30] Both Type Chronological age at time of collection  1.238 0.005 0.189 0.504
(19 - 30] Both Type Loss of mother prior to age 4 1.26 0.005 0.185 0.516
(19 - 30] Both Type Presence of a competing sibling 2117 0.008 0.009 0.032
(19 - 30] Both Type Drought in early life 0.749 0.003 0.746 0.853
(19 - 30] Both Type Lowest quartile maternal social con- 0.717 0.003 0.816 0.816
nectedness
(19 - 30] Both Type Lowest quartile maternal rank 1.147 0.004 0.256 0.405
(19 - 30] Both Type Individual identity 0.851 0.019 0.859 0.859
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(0-4] Females Quantity = DNA extraction plate 1.024 0.13 0.211 0.231
(0-4] Females Quantity = Season at the time of collection 0.764 0 0.75 0.75
(0-4] Females  Quantity  Hydrological year at the time of collec- 0.933 0.008 0.71 0.728
tion
(0-4] Females Quantity  Social group at time of collection 1.168 0.007 0.075 0.085
(0-4] Females Quantity = Chronological age at time of collection 0.978 0.001 0.421 0.674
(0-4] Females Quantity  Total quantity of adversity experienced 1.411 0.001 0.116 0.494
(0-4] Females Quantity Individual identity 1.063 0.125 0.033 0.044
(0-4] Females  Type DNA extraction plate 1.024 0.13 0.188 0.227
(0-4] Females  Type Season at the time of collection 0.764 0 0.726 0.726
(0-4] Females  Type Hydrological year at the time of collec- 0.933 0.008 0.748 0.757
tion

(0-4] Females  Type Social group at time of collection 1.168 0.007 0.094 0.094
(0-4] Females  Type Chronological age at time of collection  0.978 0.001 0.436 0.698
(0-4] Females  Type Loss of mother prior to age 4 1.07 0.001 0.325 0.523
(0-4] Females  Type Presence of a competing sibling 0.993 0.001 0.441 0.588
(0-4] Females  Type Drought in early life 1.085 0.001 0.333 0.726
(0-4] Females  Type Highest quartile group size 1.177 0.001 0.242 0.424
(0-4] Females Type Lowest quartile maternal social con- 1.698 0.001 0.051 0.204

nectedness
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Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(0-4] Females  Type Lowest quartile maternal rank 1.057 0.001 0.369 0.546
(0-4] Females Type Individual identity 1.061 0.121 0.025 0.033
(4-7] Females  Quantity = DNA extraction plate 1.065 0.11 0.012 0.048
4-7] Females Quantity = Season at the time of collection 2.057 0.001 0.009 0.072
4-7] Females Quantity = Hydrological year at the time of collec- 1.183 0.007 0.045 0.36
tion
4-7] Females Quantity = Social group at time of collection 1.473 0.008 0.001 0.002
4-7] Females Quantity = Chronological age at time of collection  0.638 0 0.923 0.923
4-7] Females Quantity  Total quantity of adversity experienced 0.759 0 0.742 0.742
4-7] Females Quantity Individual identity 1.092 0.077 0.006 0.012
(4-7] Females  Type DNA extraction plate 1.065 0.11 0.01 0.04
(4-7] Females  Type Season at the time of collection 2.057 0.001 0.017 0.136
(4-7] Females  Type Hydrological year at the time of collec- 1.183 0.007 0.045 0.36
tion

4-7] Females  Type Social group at time of collection 1.473 0.008 0.002 0.003
4-7] Females  Type Chronological age at time of collection  0.638 0 0.896 0.896

(
(
(4-7] Females  Type Loss of mother prior to age 4 1.166 0.001 0.226 0.523
(4-7] Females  Type Presence of a competing sibling 1.08 0.001 0.337 0.539
(

4-7] Females  Type Drought in early life 1.034 0.001 0.359 0.726
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(4-7] Females  Type Highest quartile group size 1.296 0.001 0.147 0.359
(4-7] Females  Type Lowest quartile maternal social con- 0.663 0 0.868 0.868
nectedness
(4-7] Females  Type Lowest quartile maternal rank 0.947 0 0.478 0.546
(4-7] Females  Type Individual identity 1.092 0.075 0.004 0.008
(7-10] Females Quantity = DNA extraction plate 1.023 0.149 0.197 0.231
(7 -10] Females Quantity = Season at the time of collection 1.009 0.001 0.382 0.509
(7-10] Females Quantity = Hydrological year at the time of collec- 0.92 0.006 0.728 0.728
tion
(7-10] Females Quantity  Social group at time of collection 1.248 0.01 0.019 0.025
(7-10] Females Quantity = Chronological age at time of collection  1.265 0.001 0.202 0.504
(7-10] Females Quantity  Total quantity of adversity experienced 1.398 0.001 0.138 0.494
(7-10] Females  Quantity  Individual identity 1.131 0.072 0.002 0.005
(7-10] Females  Type DNA extraction plate 1.023 0.149 0.219 0.227
(7-10] Females  Type Season at the time of collection 1.009 0.001 0.396 0.528
(7-10] Females  Type Hydrological year at the time of collec- 0.92 0.006 0.757 0.757
tion
(7-10] Females  Type Social group at time of collection 1.248 0.01 0.017 0.023
(7-10] Females  Type Chronological age at time of collection  1.265 0.001 0.168 0.434
(7-10] Females  Type Loss of mother prior to age 4 1.089 0.001 0.327 0.523
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(7-10] Females  Type Presence of a competing sibling 1.513 0.001 0.08 0.16
(7-10] Females  Type Drought in early life 0.823 0.001 0.658 0.869
(7-10] Females  Type Highest quartile group size 1.546 0.001 0.074 0.359
(7-10] Females  Type Lowest quartile maternal social con- 1.107 0.001 0.289 0.771
nectedness
(7-10] Females  Type Lowest quartile maternal rank 1.01 0.001 0.401 0.546
(7-10] Females  Type Individual identity 1.131 0.067 0.003 0.008
(10-13] Females Quantity = DNA extraction plate 1.055 0.176 0.042 0.112
(10-13] Females Quantity = Season at the time of collection 0.807 0.001 0.677 0.75
(10-13] Females Quantity = Hydrological year at the time of collec- 1.089 0.012 0.182 0.56
tion
(10-13] Females Quantity = Social group at time of collection 1.395 0.012 0.002 0.003
(10-13] Females Quantity = Chronological age at time of collection  1.205 0.001 0.252 0.504
(10-13] Females Quantity  Total quantity of adversity experienced 0.797 0.001 0.672 0.742
(10-13] Females Quantity Individual identity 1.109 0.061 0.017 0.027
(10-13] Females  Type DNA extraction plate 1.055 0.176 0.041 0.109
(10-13] Females  Type Season at the time of collection 0.807 0.001 0.667 0.726
(10-13] Females  Type Hydrological year at the time of collec- 1.089 0.012 0.19 0.616
tion
(10-13] Females  Type Social group at time of collection 1.395 0.012 0.002 0.003
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(10-13] Females  Type Chronological age at time of collection  1.205 0.001 0.217 0.434
(10-13] Females  Type Loss of mother prior to age 4 0.958 0.001 0.446 0.595
(10-13] Females  Type Presence of a competing sibling 2.011 0.002 0.017 0.045
(10-13] Females  Type Drought in early life 0.978 0.001 0.454 0.726
(10-13] Females  Type Highest quartile group size 1.016 0.001 0.378 0.441
(10-13] Females  Type Lowest quartile maternal social con- 0.668 0.001 0.853 0.868
nectedness
(10-13] Females  Type Lowest quartile maternal rank 0.828 0.001 0.641 0.641
(10-13] Females  Type Individual identity 1.108 0.056 0.023 0.033
(13-16] Females Quantity = DNA extraction plate 1.029 0.275 0.209 0.231
(13-16] Females Quantity = Season at the time of collection 1.439 0.002 0.114 0.304
(13-16] Females Quantity = Hydrological year at the time of collec- 0.961 0.018 0.609 0.728
tion
(13 -16] Females Quantity  Social group at time of collection 1.679 0.026 0.001 0.002
(13 -16] Females Quantity = Chronological age at time of collection 0.872 0.001 0.59 0.787
(13 -16] Females Quantity  Total quantity of adversity experienced 0.788 0.001 0.683 0.742
(13 -16] Females  Quantity  Individual identity 1.215 0.07 0.001 0.004
(13- 16] Females  Type DNA extraction plate 1.029 0.275 0.198 0.227
(13- 16] Females Type Season at the time of collection 1.439 0.002 0.112 0.299
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(13 -16] Females  Type Hydrological year at the time of collec- 0.961 0.018 0.621 0.757
tion
(13-16] Females  Type Social group at time of collection 1.679 0.026 0.001 0.003
(13-16] Females Type Chronological age at time of collection  0.872 0.001 0.56 0.747
(13 -16] Females  Type Loss of mother prior to age 4 0.775 0.001 0.725 0.725
(13-16] Females  Type Presence of a competing sibling 0.685 0.001 0.846 0.846
(13-16] Females  Type Drought in early life 0.605 0.001 0.924 0.924
(13 -16] Females  Type Highest quartile group size 1.308 0.002 0.154 0.359
(13-16] Females  Type Lowest quartile maternal social con- 0.804 0.001 0.688 0.868
nectedness
(13-16] Females  Type Lowest quartile maternal rank 2.408 0.003 0.005 0.04
(13- 16] Females Type Individual identity 1.223 0.061 0.002 0.008
(16 - 19] Females Quantity = DNA extraction plate 1.031 0.411 0.231 0.231
(16 - 19] Females Quantity  Season at the time of collection 1.17 0.003 0.242 0.469
(16 - 19] Females Quantity = Hydrological year at the time of collec- 0.963 0.024 0.611 0.728
tion
(16 - 19] Females Quantity = Social group at time of collection 1.544 0.035 0.001 0.002
(16 - 19] Females Quantity = Chronological age at time of collection 0.689 0.002 0.838 0.923
(16 - 19] Females Quantity  Total quantity of adversity experienced 1.192 0.003 0.221 0.494
(16 - 19] Females Quantity Individual identity 1.03 0.044 0.344 0.393
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TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(16 - 19] Females  Type DNA extraction plate 1.031 0.411 0.227 0.227
(16 - 19] Females  Type Season at the time of collection 1.17 0.003 0.265 0.475
(16 -19] Females  Type Hydrological year at the time of collec- 0.963 0.024 0.596 0.757
tion
(16 - 19] Females  Type Social group at time of collection 1.544 0.035 0.002 0.003
(16 - 19] Females  Type Chronological age at time of collection  0.689 0.002 0.843 0.896
(16 - 19] Females  Type Loss of mother prior to age 4 0.774 0.002 0.698 0.725
(16 - 19] Females  Type Presence of a competing sibling 0.811 0.002 0.652 0.745
(16 -19] Females  Type Drought in early life 0.972 0.002 0.446 0.726
(16 - 19] Females  Type Highest quartile group size 0.891 0.002 0.548 0.548
(16 - 19] Females  Type Lowest quartile maternal social con- 1.014 0.003 0.41 0.82
nectedness
(16 - 19] Females  Type Lowest quartile maternal rank 0.968 0.002 0.45 0.546
(16 - 19] Females  Type Individual identity 1.106 0.033 0.149 0.17
(19 - 30] Females Quantity = DNA extraction plate 1.063 0.52 0.11 0.22
(19 - 30] Females Quantity = Season at the time of collection 1.11 0.004 0.293 0.469
(19 - 30] Females  Quantity  Hydrological year at the time of collec- 0.993 0.03 0.514 0.728
tion
(19 - 30] Females Quantity = Social group at time of collection 1.241 0.024 0.085 0.085
(19 - 30] Females Quantity = Chronological age at time of collection 1.238 0.005 0.188 0.504




Ole

TABLE B.2 CONTINUED FROM PREVIOUS PAGE

Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(19 - 30] Females Quantity  Total quantity of adversity experienced 1.181 0.004 0.247 0.494
(19 - 30] Females Quantity Individual identity 0.992 0.038 0.509 0.509
(19 - 30] Females  Type DNA extraction plate 1.063 0.52 0.11 0.22
(19 - 30] Females  Type Season at the time of collection 1.11 0.004 0.297 0.475
(19 - 30] Females  Type Hydrological year at the time of collec- 0.993 0.03 0.482 0.757
tion
(19 - 30] Females  Type Social group at time of collection 1.241 0.024 0.09 0.094
(19 - 30] Females  Type Chronological age at time of collection 1.238 0.005 0.2 0.434
(19 - 30] Females  Type Loss of mother prior to age 4 1.26 0.005 0.212 0.523
(19 - 30] Females  Type Presence of a competing sibling 2117 0.008 0.013 0.045
(19 - 30] Females  Type Drought in early life 0.749 0.003 0.76 0.869
(19 - 30] Females  Type Lowest quartile maternal social con- 0.717 0.003 0.807 0.868
nectedness
(19 - 30] Females  Type Lowest quartile maternal rank 1.147 0.004 0.279 0.546
(19 - 30] Females  Type Individual identity 0.851 0.019 0.866 0.866
(0-4] Males Quantity =~ DNA extraction plate 1.067 0.148 0.016 0.075
(0-4] Males Quantity ~ Season at the time of collection 1.16 0.001 0.253 0.506
(0-4] Males Quantity  Hydrological year at the time of collec- 1.226 0.011 0.023 0.138
tion
(0-4] Males Quantity  Social group at time of collection 1.339 0.009 0.009 0.018
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Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(0-4] Males Quantity  Chronological age at time of collection 1.157 0.001 0.23 0.46
(0-4] Males Quantity  Total quantity of adversity experienced 1.03 0.001 0.352 0.547
(0-4] Males Quantity  Individual identity 1.095 0.134 0.004 0.006
(0-4] Males Type DNA extraction plate 1.067 0.148 0.008 0.048
(0-4] Males Type Season at the time of collection 1.16 0.001 0.269 0.538
(0-4] Males Type Hydrological year at the time of collec- 1.226 0.011 0.017 0.102
tion
(0-4] Males Type Social group at time of collection 1.339 0.009 0.006 0.014
(0-4] Males Type Chronological age at time of collection 1.157 0.001 0.263 0.526
(0-4] Males Type Loss of mother prior to age 4 1.372 0.001 0.105 0.262
(0-4] Males Type Presence of a competing sibling 0.962 0.001 0.442 0.442
(0-4] Males Type Drought in early life 0.631 0 0.895 0.895
(0-4] Males Type Highest quartile group size 0.773 0.001 0.713 0.713
(0-4] Males Type Lowest quartile maternal social con- 1.124 0.001 0.287 0.604
nectedness
(0-4] Males Type Lowest quartile maternal rank 0.897 0.001 0.552 0.552
(0-4] Males Type Individual identity 1.099 0.131 0.004 0.008
4-7] Males Quantity =~ DNA extraction plate 1.017 0.11 0.243 0.292
(

4-7] Males Quantity ~ Season at the time of collection 0.769 0 0.732 0.911
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Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
4-7] Males Quantity  Hydrological year at the time of collec- 1.05 0.007 0.317 0.476
tion
4-7] Males Quantity  Social group at time of collection 1.325 0.007 0.008 0.018
4-7] Males Quantity  Chronological age at time of collection 0.579 0 0.957 0.994
4-7] Males Quantity  Total quantity of adversity experienced 0.809 0 0.657 0.788
4-7] Males Quantity  Individual identity 1.118 0.076 0.001 0.003
(4-7] Males Type DNA extraction plate 1.017 0.11 0.256 0.307
(4-7] Males Type Season at the time of collection 0.769 0 0.744 0.922
(4-7] Males Type Hydrological year at the time of collec- 1.05 0.007 0.256 0.463
tion
4-7] Males Type Social group at time of collection 1.325 0.007 0.007 0.014
(4-7] Males Type Chronological age at time of collection  0.579 0 0.953 0.996
(4-7] Males Type Loss of mother prior to age 4 0.683 0 0.845 0.994
(4-7] Males Type Presence of a competing sibling 1.448 0.001 0.11 0.22
(4-7] Males Type Drought in early life 0.658 0 0.874 0.895
(4-7] Males Type Highest quartile group size 0.879 0 0.578 0.713
(4-7] Males Type Lowest quartile maternal social con- 1.095 0.001 0.302 0.604
nectedness
(4-7] Males Type Lowest quartile maternal rank 1.625 0.001 0.059 0.098
(4-7] Males Type Individual identity 1.118 0.073 0.002 0.006
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Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(7-10] Males Quantity =~ DNA extraction plate 1.036 0.176 0.123 0.246
(7-10] Males Quantity ~ Season at the time of collection 1.213 0.001 0.218 0.506
(7-10] Males Quantity  Hydrological year at the time of collec- 1.052 0.012 0.301 0.476
tion
(7-10] Males Quantity  Social group at time of collection 1.066 0.01 0.258 0.31
(7-10] Males Quantity ~ Chronological age at time of collection 1.262 0.001 0.187 0.46
(7-10] Males Quantity  Total quantity of adversity experienced 1.038 0.001 0.365 0.547
(7-10] Males Quantity  Individual identity 1.147 0.09 0.003 0.006
(7-10] Males Type DNA extraction plate 1.036 0.176 0.121 0.242
(7-10] Males Type Season at the time of collection 1.213 0.001 0.228 0.538
(7-10] Males Type Hydrological year at the time of collec- 1.052 0.012 0.321 0.463
tion

(7-10] Males Type Social group at time of collection 1.066 0.01 0.241 0.289
(7-10] Males Type Chronological age at time of collection  1.262 0.001 0.177 0.526
(7-10] Males Type Loss of mother prior to age 4 1.668 0.002 0.048 0.262
(7-10] Males Type Presence of a competing sibling 2.684 0.003 0.004 0.012
(7-10] Males Type Drought in early life 1.205 0.001 0.234 0.706
(7-10] Males Type Highest quartile group size 0.799 0.001 0.68 0.713
(7-10] Males Type Lowest quartile maternal social con- 0.759 0.001 0.742 0.89

nectedness
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Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(7-10] Males Type Lowest quartile maternal rank 2.904 0.003 0.001 0.005
(7-10] Males Type Individual identity 1.105 0.082 0.019 0.028
(10-13] Males Quantity  DNA extraction plate 1.073 0.343 0.025 0.075
(10-13] Males Quantity ~ Season at the time of collection 0.716 0.001 0.809 0.911
(10-13] Males Quantity  Hydrological year at the time of collec- 0.718 0.01 0.987 0.987
tion
(10-13] Males Quantity  Social group at time of collection 1.186 0.025 0.062 0.093
(10-13] Males Quantity ~ Chronological age at time of collection 0.474 0.001 0.994 0.994
(10-13] Males Quantity  Total quantity of adversity experienced 1.085 0.002 0.312 0.547
(10-13] Males Quantity  Individual identity 1.031 0.047 0.325 0.39
(10-13] Males Type DNA extraction plate 1.073 0.343 0.039 0.117
(10-13] Males Type Season at the time of collection 0.716 0.001 0.81 0.922
(10-13] Males Type Hydrological year at the time of collec- 0.718 0.01 0.994 0.994
tion

(10-13] Males Type Social group at time of collection 1.186 0.025 0.062 0.093
(10-13] Males Type Chronological age at time of collection  0.474 0.001 0.996 0.996
(10-13] Males Type Loss of mother prior to age 4 1.172 0.002 0.271 0.407
(10-13] Males Type Presence of a competing sibling 1.204 0.002 0.211 0.316
(10-13] Males Type Highest quartile group size 1.092 0.002 0.349 0.713
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Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(10-13] Males Type Lowest quartile maternal social con- 0.601 0.001 0.939 0.939
nectedness
(10-13] Males Type Lowest quartile maternal rank 1.378 0.003 0.142 0.178
(10-13] Males Type Individual identity 1.019 0.039 0.41 0.492
(13 - 30] Males Quantity =~ DNA extraction plate 1.057 0.584 0.216 0.292
(13 -30] Males Quantity ~ Season at the time of collection 1.236 0.006 0.239 0.506
(13 - 30] Males Quantity ~ Hydrological year at the time of collec- 1.035 0.032 0.401 0.481
tion
(13 -30] Males Quantity  Social group at time of collection 1.025 0.042 0.404 0.404
(13 -30] Males Quantity  Chronological age at time of collection  0.608 0.003 0.898 0.994
(13 -30] Males Quantity  Total quantity of adversity experienced 0.43 0.002 0.995 0.995
(13 -30] Males Quantity  Individual identity 0.953 0.024 0.59 0.59
(13 -30] Males Type DNA extraction plate 1.057 0.584 0.187 0.28
(13 -30] Males Type Season at the time of collection 1.236 0.006 0.223 0.538
(13 -30] Males Type Hydrological year at the time of collec- 1.035 0.032 0.386 0.463
tion
(13 - 30] Males Type Social group at time of collection 1.025 0.042 0.415 0.415
(13 - 30] Males Type Chronological age at time of collection  0.608 0.003 0.877 0.996
(13 - 30] Males Type Loss of mother prior to age 4 0.43 0.002 0.994 0.994
(13 - 30] Males Type Presence of a competing sibling 0.996 0.005 0.425 0.442
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Age Class Sex Model Variable F R? P-value Adjusted
Version P-value
(13 -30] Males Type Lowest quartile maternal social con- 1.013 0.005 0.407 0.61
nectedness
(13 - 30] Males Type Individual identity 0.919 0.014 0.597 0.597

NOTE: PERMANQOVAs testing the effects of individual types of adversity on Bray-Curtis dissimilarities. PERMANOVAs were run on lifespan and
age class subsets of the data. In addition to the variables below, models also included plate, season, hydrological year, sex (if both sex model),
individual identity, chronological age, and social group. Models were run for 999 permutations, and p-values were corrected for multiple tests using
the Benjamini-Hochberg procedure.



A Loss of Mother B Drought

0.0100 0.0100
0.0075 0.0075
T 0.0050 4 T 0.0050 4
0.0025 0.0025
f ——'_/. e
L4 o females
0.0000 0.0000
T T T T T T T T T T T T T T - males
> A QS %l o 2 o D A QS 2 o ) o
1 O N N N N A Xt N N N N W
Qéé ® A N > & R Qz\é ¥ A & ° & R
Age Class Age Class
C High Group Size D Low Maternal Social Connectedness
0.0100 0.0100
sig
® FALSE
A TRUE
0.0075 0.0075
T 0.0050 4 T 0.0050 4
0.0025 0.0025
\/‘// /
L]
L[]
0.0000 0.0000
> A QS 2 o & D A QS 2 o ) o
& O N N N N Xt s) N N N N W
‘Qé}oK w A & o & Qz\é ¥ A® & 2 & S
Age Class Age Class

Figure B.1. Change in microbial variation (R?) between age classes in
quantity and type of early life adversity in both sexes. Colors indicate the
sex subset in the model, with yellow representing females and blue
representing males. Point shape indicates whether the relationship was
significant after adjusting for multiple tests using the Benjamini-Hochberg
procedure. Cumulative adversity, competing sibling, and low maternal
rank are visualized in Figure [3.2]
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TABLE B.3

SELECTED FEATURES MODELED PREDICTED BY CUMULATIVE

ADVERSITY AND MODELED WITH A BINOMIAL ERROR

DISTRIBUTION
Feature Related Genus Coefficient SE Adjusted P-
value
ASV 5372 Bacteria > Firmicutes > Clostridiales -92.148 1057.583 1
> Ruminococcaceae > Faecalibac-
terium
ASV 8009 Bacteria > Firmicutes > Clostridiales -92.148 1057.583 1
> Ruminococcaceae > Faecalibac-
terium
ASV 4770 Bacteria > Firmicutes > Clostridiales -89.671 613864.701 1
> Clostridiaceae 1 > NA
ASV 5911 Bacteria > Bacteroidetes > Bac- -77.371 65.296 0.657
teroidales > Prevotellaceae > Pre-
votella 7
ASV 4859 Bacteria > Firmicutes > Clostridiales -76.621 1726.285 1
> Lachnospiraceae > NA
ASV 14361 NA > NA > NA > NA > NA -75.353 0.004 0
ASV 16179 Bacteria > Firmicutes > Clostridiales -71.623 457711.66 1
> Ruminococcaceae > [Eubacterium]
coprostanoligenes group
ASV 4226 Bacteria > Firmicutes > Clostridiales -69.608 591678.242 1

> Clostridiales vadinBB60 group > NA

NOTE: A total of 7,956 features were examined using a binomial error distribution, but 944 of
the models failed to converge or had other fit problems. Here, we show the selected results for
the remaining 7,012 features. Of those 7,012 features, 1,683 of the features exhibited significant
relationships with cumulative adversity after correcting for multiple tests via Benjamini-Hochberg
procedure (FDR threshold = 0.05). Table is truncated due to length constraints; see supplementary

excel file.
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TABLE B.4

22 FAMILIES REPRESENTED IN THE TOP 30 ASVS PREDICTED A TYPE OF EARLY

LIFE ADVERSITY

Type of Adversity

Families with positive estimates

Families with negative estimates

Drought in early life

High group density

Loss of mother before age
4

Low Maternal Rank

Low Maternal Social Con-
nectedness

Actinomycetaceae, Nocardioidaceae, Prevotel-
laceae (3), Rhodobacteraceae, Ruminococcaceae,
Sporolactobacillaceae, Uncharacterized Family (7)

Acidaminococcaceae, Lachnospiraceae (4), Lac-
tobacillaceae, Prevotellaceae, Rhizobiaceae, Ru-
minococcaceae (2), Uncharacterized Family (5)

Acidaminococcaceae, Chitinophagaceae, Family
XI_2ll, Lachnospiraceae (4), Prevotellaceae, Rhi-
zobiaceae, Ruminococcaceae (3), Sporolactobacil-
laceae, Uncharacterized Family, Veillonellaceae

Bifidobacteriaceae, Burkholderiaceae, Chitinopha-
gaceae, Lachnospiraceae, Nocardioidaceae, Pre-
votellaceae (5), Ruminococcaceae, Uncharacter-
ized Family (4)

Anaerolineaceae, Lachnospiraceae (2),
Methanobacteriaceae, Nostocaceae, Prevotel-
laceae, Rikenellaceae, Ruminococcaceae (3),

Sphingomonadaceae, Uncharacterized Family (4)

Beijerinckiaceae, Blastocatellaceae, Chitinopha-
gaceae, Clostridiaceae 1, Lachnospiraceae (2),
Moraxellaceae, Nocardioidaceae, Peptococcaceae,
Prevotellaceae (3), Uncharacterized Family (3)

Acetobacteraceae, Bifidobacteriaceae, Burkholde-
riaceae, Chloroflexaceae, Clostridiaceae 1, Desul-
fovibrionaceae, Lachnospiraceae (2), Moraxel-
laceae, Nocardioidaceae, Prevotellaceae (3), Ru-
minococcaceae, Uncharacterized Family

Lachnospiraceae, Longimicrobiaceae, Nocar-
dioidaceae, Prevotellaceae (4), Pseudomon-
adaceae, Ruminococcaceae (2), Uncharacterized
Family (5)

Acetobacteraceae, Actinomycetaceae, Chitinopha-
gaceae, Family Xl_2, Lachnospiraceae (5), Ni-
trosococcaceae, Prevotellaceae (2), Sphingomon-
adaceae, Uncharacterized Family (2)

Chloroflexaceae, Cyanobiaceae, Lachnospiraceae
(2), Micromonosporaceae, Moraxellaceae, Prevotel-
laceae (4), Ruminococcaceae, Uncharacterized
Family (3), Veillonellaceae
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TABLE B.4 CONTINUED FROM PREVIOUS PAGE

Type of Adversity Families with positive estimates

Families with negative estimates

Presence of competing Acidaminococcaceae, Actinomycetaceae, Clostridi-

sibling aceae 1, Erysipelotrichaceae, Family Xl 2l (2),
Lachnospiraceae (3), Methanobacteriaceae, Nosto-
caceae, Prevotellaceae, Rhizobiaceae, Uncharac-
terized Family (2)

Bacillaceae, Beijerinckiaceae, Burkholderiaceae,
Chthoniobacteraceae, Lachnospiraceae (4), Mi-
crobacteriaceae, Peptostreptococcaceae, Prevotel-
laceae (2), Uncharacterized Family (3)

NOTE: The 22 families represented in the top 30 ASVs predicted a type of early life adversity. These families had the the largest absolute

estimates for each type of adversity. Families with more than one ASV include the number of ASVs represented in parentheses.



TABLE B.5

LINEAR PREDICTORS OF STABILITY IN BRAY-CURTIS

DISSIMILARITY
Time Model Variable Estimate SE P-value
period Version
Juvenile Quantity Intercept 0.13609 0.08894 0.12747

Juvenile Quantity Total quantity of ad- -3.2e-4 0.01351 0.98126
versity experienced

Juvenile Quantity Mean chronological 0.13526 0.03007 1e-5

age

Juvenile Quantity Number of samples  -0.00192  4.7e-4 7e-5

Juvenile Quantity Sex, male 0.00437 0.0238 0.85452

Juvenile Type Intercept 0.14666 0.09237 0.11384

Juvenile Type Lost mother prior to -0.01614  0.03051 0.59727
age 4

Juvenile Type Competing  sibling -0.03238  0.03014 0.28392
born within 1.5 years

Juvenile Type Experienced a -0.02718  0.03435 0.42969
drought in early life

Juvenile Type Experienced high 0.05136 0.03678 0.16404
group size in early
life

Juvenile Type Had a socially iso- -0.01411 0.02816 0.61694
lated mother

Juvenile Type Had a low ranked 0.03072 0.02996 0.30633
mother

Juvenile Type Mean chronological 0.12943 0.03116 5e-5
age

Juvenile Type Number of samples -0.00164  5e-4 0.00122
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TABLE B.5 CONTINUED FROM PREVIOUS PAGE

Time Model Variable Estimate SE P-value

period Version

Juvenile Type Sex, male 0.00126 0.02382 0.95796

Adult Quantity Intercept 0.54029 0.02913 0

Adult Quantity Total quantity of ad- 0.00936 0.00914 0.30629
versity experienced

Adult Quantity Mean chronological -0.01219  0.00277 2e-5
age

Adult Quantity Number of samples  -0.00231 3.3e-4 0

Adult Quantity Sex, male -0.02739  0.01691 0.10655

Adult Type Intercept 0.52767 0.02866 0

Adult Type Lost mother prior to -0.025 0.01964 0.20437
age 4

Adult Type Competing  sibling -0.0121 0.02049 0.55538
born within 1.5 years

Adult Type Experienced a 0.08363 0.02359 4.7e-4
drought in early life

Adult Type Experienced high 0.02838 0.02579 0.27219
group size in early
life

Adult Type Had a socially iso- 6.5e-4 0.01903 0.97284
lated mother

Adult Type Had a low ranked 0.0132 0.01979 0.5054
mother

Adult Type Mean chronological -0.0127 0.00277 1e-5
age

Adult Type Number of samples -0.00196  3.4e-4 0

Adult Type Sex, male -0.02467  0.01664 0.13947

Lifespan Quantity Intercept 0.3476 0.00576 0
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TABLE B.5 CONTINUED FROM PREVIOUS PAGE

Time Model Variable Estimate SE P-value

period Version

Lifespan Quantity Total quantity of ad- 0.00247 0.00203 0.22514
versity experienced

Lifespan Quantity Mean chronological -0.00195  5.5e-4 5.2e-4
age

Lifespan Quantity Number of samples -0.00115  7e-5 0

Lifespan Quantity Sex, male 5.6e-4 0.00371 0.87923

Lifespan Type Intercept 0.34342 0.00561 0

Lifespan Type Lost mother prior to -0.00782  0.00431 0.0706
age 4

Lifespan Type Competing  sibling 7.6e-4 0.00439 0.86315
born within 1.5 years

Lifespan Type Experienced a 0.01226 0.00504 0.01572
drought in early life

Lifespan Type Experienced high 0.01898 0.00562 8.5e-4
group size in early
life

Lifespan Type Had a socially iso- -0.00114  0.00415 0.78318
lated mother

Lifespan Type Had a low ranked 0.00117 0.00433 0.78761
mother

Lifespan Type Mean chronological -0.00189  5.5e-4 6.5e-4
age

Lifespan Type Number of samples  -0.00107  8e-5 0

Lifespan Type Sex, male 0.0012 0.00361 0.73959

NOTE: Stability, or the coefficient of variation in Bray-Curtis dissimilarity across an individual’s
samples, was calculated across three time periods of interest. We then tested if type or quantity of
early life adversity impacted CV using linear models.

223



BIBLIOGRAPHY

S. C. Alberts and J. Altmann. The Amboseli Baboon Research Project: Themes of
continuity and change. In P. Kappeler and W. DP, editors, Long-term field studies
of primates, pages 261-288. Springer Verlag, 2012. ISBN 978-3-642-22513-0.

S. C. Alberts and J. Altmann. Preparation and activation: determinants of age at
reproductive maturity in male baboons. Behavioral Ecology and Sociobiology,
36(6):397-406, 1995. doi: 10.1007/BF00177335. URL http://dx.doi.org/10.
1007/BF00177335. ISBN: 1432-0762.

S. C. Alberts, H. E. Watts, and J. Altmann. Queuing and queue-jumping: long-term
patterns of reproductive skew in male savannah baboons, Papio cynocephalus.
Animal Behaviour, 65(4):821-840, 2003. doi: 10.1006/anbe.2003.2106. ISBN:
00033472.

S. C. Alberts, E. A. Archie, L. R. Gesquiere, J. Altmann, J. W. Vaupel, and K. Chris-
tensen. The Male-Female Health-Survival Paradox: A Comparative Perspec-
tive on Sex Differences in Aging and Mortality. In Advances in Biodemography:
Cross-Species Comparisons of Social Environments and Social Behaviors, and
their Effects on Health and Longevity, pages 339-363. The National Academies
Press, Washington D.C., 2014.

S. D. Allison and J. B. H. Martiny. Resistance, resilience, and redundancy in mi-
crobial communities. Proceedings of the National Academy of Sciences of the
United States of America, 105(Suppl 1):11512—11519, 2008. doi: 10.1073/pnas.
0801925105. URL http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2556421/.
Publisher: National Academy of Sciences ISBN: 0027-8424 1091-6490.

J. Altmann and S. C. Alberts. Growth rates in a wild primate popula-
tion: ecological influences and maternal effects. Behavioral Ecology and
Sociobiology, 57(5):490-501, Mar. 2005. ISSN 0340-5443, 1432-0762.
doi: 10.1007/s00265-004-0870-x. URL http://link.springer.com/10.1007/
s00265-004-0870-x.

J. Altmann, L. Gesquiere, J. Galbany, P. O. Onyango, and S. C. Alberts. Life
history context of reproductive aging in a wild primate model. Annals of
the New York Academy of Sciences, 1204:127-138, 2010. doi: 10.1111/
j-1749-6632.2010.05531.x. URL http://www.ncbi.nlm.nih.gov/pmc/articles/
PMC3399114/. ISBN: 0077-8923 1749-6632.

224


http://dx.doi.org/10.1007/BF00177335
http://dx.doi.org/10.1007/BF00177335
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2556421/
http://link.springer.com/10.1007/s00265-004-0870-x
http://link.springer.com/10.1007/s00265-004-0870-x
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3399114/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3399114/

K. R. Amato, C. J. Yeoman, G. Cerda, C. A. Schmitt, J. D. Cramer, M. E. B.
Miller, A. Gomez, T. R. Turner, B. A. Wilson, R. M. Stumpf, K. E. Nelson,
B. A. White, R. Knight, and S. R. Leigh. Variable responses of human and
non-human primate gut microbiomes to a Western diet. Microbiome, 3(1):53,
Nov. 2015. ISSN 2049-2618. doi: 10.1186/s40168-015-0120-7. URL https:
//doi.org/10.1186/s40168-015-0120-7.

J. A. Anderson, R. A. Johnston, A. J. Lea, F. A. Campos, T. N. Voyles, M. Y. Akinyi,
S. C. Alberts, E. A. Archie, and J. Tung. High social status males experience ac-
celerated epigenetic aging in wild baboons. eLife, 10:e66128, Apr. 2021. ISSN
2050-084X. doi: 10.7554/eLife.66128. URL https://doi.org/10.7554/eLife.
66128. Publisher: eLife Sciences Publications, Ltd.

R. Araos, N. Andreatos, J. Ugalde, S. Mitchell, E. Mylonakis, and E. M. C. D’Agata.
Fecal Microbiome Among Nursing Home Residents with Advanced Dementia
and Clostridium difficile. Digestive Diseases and Sciences, 63(6):1525-1531,
June 2018. ISSN 1573-2568. doi: 10.1007/s10620-018-5030-7. URL https:
//doi.org/10.1007/s10620-018-5030-7.

E. A. Archie, J. Altmann, and S. C. Alberts. Costs of reproduction in a long-lived
female primate: injury risk and wound healing. Behavioral Ecology and Socio-
biology, 68(7):1183—1193, 2014a. doi: 10.1007/s00265-014-1729-4. URL http:
//www.ncbi.nlm.nih.gov/pmc/articles/PMC4097819/. ISBN: 0340-5443.

E. A. Archie, J. Tung, M. Clark, J. Altmann, and S. C. Alberts. Social affili-
ation matters: both same-sex and opposite-sex relationships predict survival
in wild female baboons. Proc. R. Soc. B, 281(1793):20141261, Oct. 2014b.
ISSN 0962-8452, 1471-2954. doi: 10.1098/rspb.2014.1261. URL http://rspb.
royalsocietypublishing.org/content/281/1793/20141261.

B. Bana and F. Cabreiro. The Microbiome and Aging. Annual Review of Genetics,
53(1):null, 2019. doi: 10.1146/annurev-genet-112618-043650. URL https://doi.
org/10.1146/annurev-genet-112618-043650.

D. W. Belsky, A. Caspi, R. Houts, H. J. Cohen, D. L. Corcoran, A. Danese,
H. Harrington, S. Israel, M. E. Levine, J. D. Schaefer, K. Sugden, B. Williams,
A. |. Yashin, R. Poulton, and T. E. Moffitt. Quantification of biological aging in
young adults. Proceedings of the National Academy of Sciences of the United
States of America, 112(30):E4104—4110, July 2015. ISSN 1091-6490. doi:
10.1073/pnas.1506264112.

S. Bengmark. Ecological control of the gastrointestinal tract. The role of probiotic
flora. Gut, 42(1):2—-7, Jan. 1998. ISSN 0017-5749. URL https://www.ncbi.
nlm.nih.gov/pmc/articles/PMC1726957/.

G. Bennett, M. Malone, M. L. Sauther, F. P. Cuozzo, B. White, K. E. Nelson, R. M.
Stumpf, R. Knight, S. R. Leigh, and K. R. Amato. Host age, social group, and

225


https://doi.org/10.1186/s40168-015-0120-7
https://doi.org/10.1186/s40168-015-0120-7
https://doi.org/10.7554/eLife.66128
https://doi.org/10.7554/eLife.66128
https://doi.org/10.1007/s10620-018-5030-7
https://doi.org/10.1007/s10620-018-5030-7
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4097819/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4097819/
http://rspb.royalsocietypublishing.org/content/281/1793/20141261
http://rspb.royalsocietypublishing.org/content/281/1793/20141261
https://doi.org/10.1146/annurev-genet-112618-043650
https://doi.org/10.1146/annurev-genet-112618-043650
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1726957/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC1726957/

habitat type influence the gut microbiota of wild ring-tailed lemurs (Lemur catta).
American Journal of Primatology, 78(8):883-892, 2016. doi: 10.1002/ajp.22555.
URL http://dx.doi.org/10.1002/ajp.22555. ISBN: 1098-2345.

A. Bergstrom, T. H. Skov, M. I. Bahl, H. M. Roager, L. B. Christensen, K. T. Ejler-
skov, C. Mglgaard, K. F. Michaelsen, and T. R. Licht. Establishment of Intestinal
Microbiota during Early Life: a Longitudinal, Explorative Study of a Large Cohort
of Danish Infants. Applied and Environmental Microbiology, 80(9):2889—2900,
2014. doi: 10.1128/aem.00342-14. URL http://aem.asm.org/content/80/9/
2889.abstractl

E. Biagi, L. Nylund, M. Candela, R. Ostan, L. Bucci, E. Pini, J. Nikkila, D. Monti,
R. Satokari, C. Franceschi, P. Brigidi, and W. Vos. Through ageing, and beyond:
gut microbiota and inflammatory status in seniors and centenarians. PLoS One,
5, 2010. doi: 10.1371/journal.pone.0010667. URL http://dx.doi.org/10.1371/
journal.pone.0010667.

E. Biagi, C. Franceschi, S. Rampelli, M. Severgnini, R. Ostan, S. Turroni, C. Con-
solandi, S. Quercia, M. Scurti, D. Monti, M. Capri, P. Brigidi, and M. Can-
dela. Gut Microbiota and Extreme Longevity. Current Biology, 26(11):1480—
1485, 2016. doi: http://dx.doi.org/10.1016/j.cub.2016.04.016. URL http: //wuw.
sciencedirect.com/science/article/pii/S0960982216303384. ISBN: 0960-
9822.

G. Bian, G. B. Gloor, A. Gong, C. Jia, W. Zhang, J. Hu, H. Zhang, Y. Zhang,
Z. Zhou, J. Zhang, J. P. Burton, G. Reid, Y. Xiao, Q. Zeng, K. Yang, and J. Li.
The Gut Microbiota of Healthy Aged Chinese Is Similar to That of the Healthy
Young. mSphere, 2(5):e00327—-17, 2017. doi: 10.1128/mSphere.00327-17.
URL https://journals.asm.org/doi/10.1128/mSphere.00327-17. Publisher:
American Society for Microbiology.

K. C. Bierlich, C. Miller, E. DeForce, A. S. Friedlaender, D. W. Johnston, and A. Ap-
prill. Temporal and Regional Variability in the Skin Microbiome of Humpback
Whales along the Western Antarctic Peninsula. Applied and Environmental
Microbiology, 84(5):e02574—17, 2017. ISSN 0099-2240. doi: 10.1128/AEM.
02574-17. URL http://aem.asm.org/lookup/doi/10.1128/AEM. 02574-17.

A. Billiet, I. Meeus, F. Van Nieuwerburgh, D. Deforce, F. Wackers, and G. Smagghe.
Colony contact contributes to the diversity of gut bacteria in bumblebees (Bom-
bus terrestris). Insect Science, 24(2):270-277, 2017. doi: 10.1111/1744-7917.
12284. URL http://dx.doi.org/10.1111/1744-7917.12284. ISBN: 1744-7917.

A. M. Binder, C. Corvalan, V. Mericq, A. Pereira, J. L. Santos, S. Horvath,
J. Shepherd, and K. B. Michels. Faster ticking rate of the epigenetic clock is
associated with faster pubertal development in girls. Epigenetics, 13(1):85—
94, Jan. 2018. ISSN 1559-2294. doi: 10.1080/15592294.2017.1414127. URL
https://doi.org/10.1080/15592294.2017.1414127.

226


http://dx.doi.org/10.1002/ajp.22555
http://aem.asm.org/content/80/9/2889.abstract
http://aem.asm.org/content/80/9/2889.abstract
http://dx.doi.org/10.1371/journal.pone.0010667
http://dx.doi.org/10.1371/journal.pone.0010667
http://www.sciencedirect.com/science/article/pii/S0960982216303384
http://www.sciencedirect.com/science/article/pii/S0960982216303384
https://journals.asm.org/doi/10.1128/mSphere.00327-17
http://aem.asm.org/lookup/doi/10.1128/AEM.02574-17
http://dx.doi.org/10.1111/1744-7917.12284
https://doi.org/10.1080/15592294.2017.1414127

J. R. Bjork, M. R. Dasari, L. E. Grieneisen, T. J. Gould, J.-C. Grenier, V. Yotova,
N. Gottel, D. Jansen, K. Roche, S. Mukherjee, L. R. Gesquiere, J. B. Gordon,
N. H. Learn, T. L. Wango, R. S. Mututua, J. K. Warutere, L. Siodi, L. B. Barreiro,
S. C. Alberts, J. A. Gilbert, J. Tung, R. Blekhman, and E. A. Archie. Synchrony
and idiosyncrasy in the gut microbiome of wild primates.

L. V. Blanton, M. R. Charbonneau, T. Salih, M. J. Barratt, S. Venkatesh, O. llka-
veya, S. Subramanian, M. J. Manary, |. Trehan, J. M. Jorgensen, Y.-m. Fan,
B. Henrissat, S. A. Leyn, D. A. Rodionov, A. L. Osterman, K. M. Maleta,
C. B. Newgard, P. Ashorn, K. G. Dewey, and J. |. Gordon. Gut bacteria that
prevent growth impairments transmitted by microbiota from malnourished chil-
dren. Science, 351(6275), 2016. doi: DOI:10.1126/science.aad3311. URL
http://science.sciencemag.org/content/351/6275/aad3311.abstract.

A. A. T. M. Bosch, W. A. A. de Steenhuijsen Piters, M. A. van Houten, M. L.
J. N. Chu, G. Biesbroek, J. Kool, P. Pernet, P-K. C. M. de Groot, M. J. C.
Eijkemans, B. J. F. Keijser, E. A. M. Sanders, and D. Bogaert. Maturation
of the Infant Respiratory Microbiota, Environmental Drivers, and Health Con-
sequences. A Prospective Cohort Study. American Journal of Respiratory
and Critical Care Medicine, 196(12):1582—-1590, 2017. ISSN 1535-4970. doi:
10.1164 /rccm.201703-05540C.

N. Bosco and M. Noti. The aging gut microbiome and its impact on host
immunity. Genes & Immunity, pages 1-15, Apr. 2021. ISSN 1476-5470.
doi: 10.1038/s41435-021-00126-8. URL https://www.nature.com/articles/
s41435-021-00126-8. Bandiera_abtest: a Cg_type: Nature Research Jour-
nals Primary_atype: Reviews Publisher: Nature Publishing Group Sub-
ject_term: Chronic inflammation;Mucosal immunology Subject_term_id: chronic-
inflammation;mucosal-immunology.

L. Breiman. Random Forests. Machine Learning, 45(1):5-32, 2001. doi: 10.1023/
A:1010933404324. URL http://dx.doi.org/10.1023/A:1010933404324. ISBN:
1573-0565.

A. M. Bronikowski, J. Altmann, D. K. Brockman, M. Cords, L. M. Fedigan, A. Pusey,
T. Stoinski, W. F. Morris, K. B. Strier, and S. C. Alberts. Aging in the Natural
World: Comparative Data Reveal Similar Mortality Patterns Across Primates.
Science, 331(6022):1325-1328, 2011. doi: 10.1126/science.1201571.

F. Backhed, R. E. Ley, J. L. Sonnenburg, D. A. Peterson, and J. |. Gordon.
Host-bacterial mutualism in the human intestine. Science, 307(5717):1915—
1920, 2005. doi: 10.1126/science.1104816. URL http://www.ncbi.nlm.nih.gov/
pubmed/15790844. ISBN: 1095-9203 (Electronic) 0036-8075 (Linking).

F. Backhed, J. Roswall, Y. Peng, Q. Feng, H. Jia, P. Kovatcheva-Datchary, Y. Li,
Y. Xia, H. Xie, H. Zhong, M. Khan, J. Zhang, J. Li, L. Xiao, J. Al-Aama, D. Zhang,

227


http://science.sciencemag.org/content/351/6275/aad3311.abstract
https://www.nature.com/articles/s41435-021-00126-8
https://www.nature.com/articles/s41435-021-00126-8
http://dx.doi.org/10.1023/A:1010933404324
http://www.ncbi.nlm.nih.gov/pubmed/15790844
http://www.ncbi.nlm.nih.gov/pubmed/15790844

Y. Lee, D. Kotowska, C. Colding, V. Tremaroli, Y. Yin, S. Bergman, X. Xu, L. Mad-
sen, K. Kristiansen, J. Dahlgren, and J. Wang. Dynamics and Stabilization of the
Human Gut Microbiome during the First Year of Life. Cell Host & Microbe, 17(5):
690—703, 2015. doi: http://dx.doi.org/10.1016/j.chom.2015.04.004. URL http:
//www.sciencedirect.com/science/article/pii/S1931312815001626. ISBN:
1931-3128.

B. J. Callahan, P. J. McMurdie, M. J. Rosen, A. W. Han, A. J. A. Johnson, and S. P.
Holmes. DADA2: High-resolution sample inference from Illlumina amplicon data.
Nat Meth, 13(7):581-583, 2016. doi: http://dx.doi.org/10.1038 /nmeth.3869.
URL http://dx.doi.org/10.1038/nmeth.3869. Publisher: Nature Publishing
Group, a division of Macmillan Publishers Limited. All Rights Reserved. ISBN:
1548-7091.

M. J. E. Charpentier, J. Tung, J. Altmann, and S. C. Alberts. Age at maturity in
wild baboons: genetic, environmental and demographic influences. Molecular
Ecology, 17(8):2026—2040, 2008. ISSN 1365-294X. doi: 10.1111/j.1365-294X.
2008.03724.x. URL https://onlinelibrary.wiley.com/doi/abs/10.1111/35.
1365-294X.2008.03724 . .

B. Chassaing, S. M. Raja, J. D. Lewis, S. Srinivasan, and A. T. Gewirtz.
Colonic Microbiota Encroachment Correlates With Dysglycemia in Humans.
Cellular and Molecular Gastroenterology and Hepatology, 4(2):205-221, Sept.
2017. ISSN 2352-345X. doi: 10.1016/j.jcmgh.2017.04.001. URL https://www.
sciencedirect.com/science/article/pii/S2352345X17300759.

B. H. Chen, R. E. Marioni, E. Colicino, M. J. Peters, C. K. Ward-Caviness, P.-
C. Tsai, N. S. Roetker, A. C. Just, E. W. Demerath, W. Guan, J. Bressler,
M. Fornage, S. Studenski, A. R. Vandiver, A. Z. Moore, T. Tanaka, D. P. Kiel,
L. Liang, P. Vokonas, J. Schwartz, K. L. Lunetta, J. M. Murabito, S. Bandinelli,
D. G. Hernandez, D. Melzer, M. Nalls, L. C. Pilling, T. R. Price, A. B. Sin-
gleton, C. Gieger, R. Holle, A. Kretschmer, F. Kronenberg, S. Kunze, J. Lin-
seisen, C. Meisinger, W. Rathmann, M. Waldenberger, P. M. Visscher, S. Shah,
N. R. Wray, A. F. McRae, O. H. Franco, A. Hofman, A. G. Uitterlinden, D. Ab-
sher, T. Assimes, M. E. Levine, A. T. Lu, P S. Tsao, L. Hou, J. E. Man-
son, C. L. Carty, A. Z. LaCroix, A. P. Reiner, T. D. Spector, A. P. Feinberg,
D. Levy, A. Baccarelli, J. van Meurs, J. T. Bell, A. Peters, |. J. Deary, J. S.
Pankow, L. Ferrucci, and S. Horvath. DNA methylation-based measures of bi-
ological age: meta-analysis predicting time to death. Aging (Albany NY), 8(9):
1844—-1859, Sept. 2016a. ISSN 1945-4589. doi: 10.18632/aging.101020. URL
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5076441/.

J. Chen, Y. Toyomasu, Y. Hayashi, D. R. Linden, J. H. Szurszewski, H. Nelson,
G. Farrugia, P. C. Kashyap, N. Chia, and T. Ordog. Altered gut microbiota in
female mice with persistent low body weights following removal of post-weaning
chronic dietary restriction. Genome Medicine, 8(1):103, 2016b. ISSN 1756-
994X. doi: 10.1186/s13073-016-0357-1.

228


http://www.sciencedirect.com/science/article/pii/S1931312815001626
http://www.sciencedirect.com/science/article/pii/S1931312815001626
http://dx.doi.org/10.1038/nmeth.3869
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1365-294X.2008.03724.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1365-294X.2008.03724.x
https://www.sciencedirect.com/science/article/pii/S2352345X17300759
https://www.sciencedirect.com/science/article/pii/S2352345X17300759
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5076441/

Y. Chen, Z. Li, K. D. Tye, H. Luo, X. Tang, Y. Liao, D. Wang, J. Zhou, P. Yang,
Y. Li, Y. Su, and X. Xiao. Probiotic Supplementation During Human Pregnancy
Affects the Gut Microbiota and Immune Status. Frontiers in Cellular and Infection
Microbiology, 9:254, 2019. ISSN 2235-2988. doi: 10.3389/fcimb.2019.00254.

N. Christian, B. Whitaker, and K. Clay. Microbiomes: unifying animal and plant
systems through the lens of community ecology theory. Frontiers in Micro-
biology, 6(869), 2015. doi: 10.3389/fmicb.2015.00869. URL http://journal.
frontiersin.org/article/10.3389/fmicb.2015.00869. ISBN: 1664-302X.

M. J. Claesson, S. Cusack, O. O’Sullivan, R. Greene-Diniz, H. de Weerd, E. Flan-
nery, J. R. Marchesi, D. Falush, T. Dinan, G. Fitzgerald, C. Stanton, D. van
Sinderen, M. O’Connor, N. Harnedy, K. O’Connor, C. Henry, D. O’Mahony,
A. P. Fitzgerald, F. Shanahan, C. Twomey, C. Hill, R. P. Ross, and P. W.
O’'Toole. Composition, variability, and temporal stability of the intestinal mi-
crobiota of the elderly. Proceedings of the National Academy of Sciences,
108(Supplement 1):4586—4591, 2011. doi: 10.1073/pnas.1000097107. URL
http://www.pnas.org/content/108/Supplement_1/4586.abstract.

R. Clark, A. Salazar, R. Yamada, S. Fitz-Gibbon, M. Morselli, J. Alcaraz, A. Rana,
M. Rera, M. Pellegrini, W. Ja, and D. Walker. Distinct Shifts in Microbiota
Composition during Drosophila Aging Impair Intestinal Function and Drive Mor-
tality. Cell Reports, 12(10):1656—1667, Sept. 2015. ISSN 2211-1247. doi:
10.1016/j.celrep.2015.08.004. URL http://www.sciencedirect.com/science/
article/pii/S2211124715008608.

J. B. Clayton, A. Gomez, K. Amato, D. Knights, D. A. Travis, R. Blekhman,
R. Knight, S. Leigh, R. Stumpf, T. Wolf, K. E. Glander, F. Ca-
bana, and T. J. Johnson. The gut microbiome of nonhuman pri-
mates: Lessons in ecology and evolution.  American Journal of Pri-
matology, 80(6):e22867, 2018. ISSN 1098-2345. doi:  10.1002/ajp.
22867. URL https://onlinelibrary.wiley.com/doi/abs/10.1002/ajp.22867.
_eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/ajp.22867.

X. Cong, W. Xu, S. Janton, W. A. Henderson, A. Matson, J. M. McGrath, K. Maas,
and J. Graf. Gut Microbiome Developmental Patterns in Early Life of Preterm
Infants: Impacts of Feeding and Gender. PLoS One, 11(4):e0152751, 2016.
doi: 10.1371/journal.pone.0152751. URL http://www.ncbi.nlm.nih.gov/pmc/
articles/PMC4844123/. Publisher: Public Library of Science Place: San Fran-
cisco, CA USA ISBN: 1932-6203.

J. H. Connell and R. O. Slatyer. Mechanisms of Succession in Natural Com-
munities and Their Role in Community Stability and Organization. The Amer-
ican Naturalist, 111(982):1119-1144, Nov. 1977. ISSN 0003-0147, 1537-5328.
doi: 10.1086/283241. URL https://www. journals.uchicago.edu/doi/10.1086/
283241.

229


http://journal.frontiersin.org/article/10.3389/fmicb.2015.00869
http://journal.frontiersin.org/article/10.3389/fmicb.2015.00869
http://www.pnas.org/content/108/Supplement_1/4586.abstract
http://www.sciencedirect.com/science/article/pii/S2211124715008608
http://www.sciencedirect.com/science/article/pii/S2211124715008608
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajp.22867
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4844123/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4844123/
https://www.journals.uchicago.edu/doi/10.1086/283241
https://www.journals.uchicago.edu/doi/10.1086/283241

E. K. Costello, K. Stagaman, L. Dethlefsen, B. J. Bohannan, and D. A. Relman.
The application of ecological theory toward an understanding of the human mi-
crobiome. Science, 336(6086):1255-1262, 2012. doi: 10.1126/science.1224203.
URL http://www.ncbi.nlm.nih.gov/pubmed/22674335. Edition: 2012 Jun 6
ISBN: 1095-9203 (Electronic) 0036-8075 (Linking).

C. S. M. Cowan, A. A. Stylianakis, and R. Richardson. Early-life stress, micro-
biota, and brain development: probiotics reverse the effects of maternal separa-
tion on neural circuits underpinning fear expression and extinction in infant rats.
Developmental Cognitive Neuroscience, 37:100627, June 2019. ISSN 1878-
9293. doi: 10.1016/j.dcn.2019.100627. URL https://www.sciencedirect.com/
science/article/pii/S1878929318303037.

J.d. |. Cuesta-Zuluaga, S. T. Kelley, Y. Chen, J. S. Escobar, N. T. Mueller, R. E. Ley,
D. McDonald, S. Huang, A. D. Swafford, R. Knight, and V. G. Thackray. Age- and
Sex-Dependent Patterns of Gut Microbial Diversity in Human Adults. mSystems,
4(4), Aug. 2019. ISSN 2379-5077. doi: 10.1128 /mSystems.00261-19. URL https:
//msystems.asm.org/content/4/4/e00261-19. Publisher: American Society for
Microbiology Journals Section: Research Article.

M. R. Dasari, K. Roche, J. A. Anderson, D. Jansen, J. A. Gilbert, L. B. Barreiro,
J. Altmann, S. C. Alberts, R. Blekhman, S. Mukherjee, J. Tung, and E. A. Archie.
The mammalian gut microbiome is a marker of biological aging in wild baboons.

L. A. David, A. C. Materna, J. Friedman, M. I. Campos-Baptista, M. C. Black-
burn, A. Perrotta, S. E. Erdman, and E. J. Aim. Host lifestyle affects hu-
man microbiota on daily timescales. Genome Biology, 15(7):R89, 2014a. doi:
10.1186/gb-2014-15-7-r89. URL http://www.ncbi.nlm.nih.gov/pmc/articles/
PMC4405912/. Publisher: BioMed Central Place: London ISBN: 1465-6906 1465-
6914.

L. A. David, C. F. Maurice, R. N. Carmody, D. B. Gootenberg, J. E. Button, B. E.
Wolfe, A. V. Ling, A. S. Devlin, Y. Varma, M. A. Fischbach, S. B. Biddinger, R. J.
Dutton, and P. J. Turnbaugh. Diet rapidly and reproducibly alters the human
gut microbiome. Nature, 505, 2014b. doi: 10.1038/nature12820. URL http:
//dx.doi.org/10.1038/nature12820.

F. Dini-Andreote, J. C. Stegen, J. D. van Elsas, and J. F. Salles. Disentangling
mechanisms that mediate the balance between stochastic and deterministic
processes in microbial succession. Proceedings of the National Academy of
Sciences, 112(11):E1326-E1332, 2015. doi: 10.1073/pnas.1414261112. URL
http://www.pnas.org/content/112/11/E1326.abstract.

P. Dixon. VEGAN, a package of R functions for community ecology. Journal of Veg-
etation Science, 14(6):927-930, 2003. doi: 10.1111/j.1654-1103.2003.th02228.x.
URL http://dx.doi.org/10.1111/3j.1654-1103.2003.tb02228.%. Publisher:
Blackwell Publishing Ltd ISBN: 1654-1103.

230


http://www.ncbi.nlm.nih.gov/pubmed/22674335
https://www.sciencedirect.com/science/article/pii/S1878929318303037
https://www.sciencedirect.com/science/article/pii/S1878929318303037
https://msystems.asm.org/content/4/4/e00261-19
https://msystems.asm.org/content/4/4/e00261-19
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4405912/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4405912/
http://dx.doi.org/10.1038/nature12820
http://dx.doi.org/10.1038/nature12820
http://www.pnas.org/content/112/11/E1326.abstract
http://dx.doi.org/10.1111/j.1654-1103.2003.tb02228.x

M. G. Dominguez-Bello, E. K. Costello, M. Contreras, M. Magris, G. Hidalgo,
N. Fierer, and R. Knight. Delivery mode shapes the acquisition and structure
of the initial microbiota across multiple body habitats in newborns. Proceed-
ings of the National Academy of Sciences, 107(26):11971-11975, 2010. doi:
10.1073/pnas.1002601107. URL http://www.pnas.org/content/107/26/11971.
abstract.

S. R. Dube, V. J. Felitti, M. Dong, W. H. Giles, and R. F. Anda. The im-
pact of adverse childhood experiences on health problems: evidence from
four birth cohorts dating back to 1900. Preventive Medicine, 37(3):268-277,
Sept. 2003. ISSN 0091-7435. doi: 10.1016/S0091-7435(03)00123-3. URL
https://www.sciencedirect.com/science/article/pii/S0091743503001233.

J. J. Faith, J. L. Guruge, M. Charbonneau, S. Subramanian, H. Seedorf, A. L.
Goodman, J. C. Clemente, R. Knight, A. C. Heath, R. L. Leibel, M. Rosenbaum,
and J. I. Gordon. The long-term stability of the human gut microbiota. Sci-
ence, 341(6141):1237439, 2013. doi: 10.1126/science.1237439. URL http://
www.ncbi.nlm.nih.gov/pubmed/23828941. ISBN: 1095-9203 (Electronic) 0036-
8075 (Linking).

R. Famularo, R. Kinscherff, and T. Fenton. Psychiatric diagnoses of maltreated
children: preliminary findings. Journal of the American Academy of Child and
Adolescent Psychiatry, 31(5):863—-867, Sept. 1992. ISSN 0890-8567. doi: 10.
1097,/00004583-199209000-00013.

V. J. Felitti, R. F. Anda, D. Nordenberg, D. F. Williamson, A. M. Spitz, V. Edwards,
M. P. Koss, and J. S. Marks. Relationship of childhood abuse and household
dysfunction to many of the leading causes of death in adults. The Adverse Child-
hood Experiences (ACE) Study. American Journal of Preventive Medicine, 14
(4):245-258, May 1998. ISSN 0749-3797. doi: 10.1016/s0749-3797(98)00017-8.

N. Fierer, D. Nemergut, R. Knight, and J. M. Craine. @ Changes through
time: integrating microorganisms into the study of succession. Research
in Microbiology, 161(8):635-642, Oct. 2010. doi: 10.1016/J.RESMIC.
2010.06.002. URL https://www.sciencedirect.com/science/article/pii/
S09232508100013857via%3Dihub. Publisher: Elsevier Masson.

K. R. Foster, J. Schluter, K. Z. Coyte, and S. Rakoff-Nahoum. The evolution of the
host microbiome as an ecosystem on a leash. Nature, 548(7665):43-51, 2017.
doi: 10.1038/nature23292. URL http://dx.doi.org/10.1038/nature23292.
Publisher: Macmillan Publishers Limited, part of Springer Nature. All rights re-
served. ISBN: 0028-0836.

J. Friedman, T. Hastie, and R. Tibshirani. Regularization Paths for Generalized Lin-
ear Models via Coordinate Descent. Journal of statistical software, 33(1):1-22,
2010. ISSN 1548-7660. URL https://www.ncbi.nlm.nih.gov/pmc/articles/
PMC2929880/.

231


http://www.pnas.org/content/107/26/11971.abstract
http://www.pnas.org/content/107/26/11971.abstract
https://www.sciencedirect.com/science/article/pii/S0091743503001233
http://www.ncbi.nlm.nih.gov/pubmed/23828941
http://www.ncbi.nlm.nih.gov/pubmed/23828941
https://www.sciencedirect.com/science/article/pii/S0923250810001385?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S0923250810001385?via%3Dihub
http://dx.doi.org/10.1038/nature23292
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2929880/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2929880/

T. Fukami. Historical Contingency in Community Assembly: Integrating Niches,
Species Pools, and Priority Effects. Annual Review of Ecology, Evolution,
and Systematics, 46(1):1-23, Dec. 2015. ISSN 1543-592X. doi: 10.1146/
annurev-ecolsys-110411-160340. URL https://www-annualreviews-org.proxy.
library.nd.edu/doi/10.1146/annurev-ecolsys-110411-160340.

G. Galazzo, N. van Best, L. Bervoets, |. O. Dapaah, P. H. Savelkoul, M. W. Hornef,
S. Lau, E. Hamelmann, J. Penders, E. K. Hutton, K. Morrison, A. C. Holloway,
H. McDonald, E. M. Ratcliffe, J. C. Stearns, J. D. Schertzer, M. G. Surette,
L. Thabane, and M. Mommers. Development of the Microbiota and Associa-
tions With Birth Mode, Diet, and Atopic Disorders in a Longitudinal Analysis of
Stool Samples, Collected From Infancy Through Early Childhood. Gastroen-
terology, Jan. 2020. ISSN 0016-5085. doi: 10.1053/j.gastro.2020.01.024. URL
http://www.sciencedirect.com/science/article/pii/S001650852030113X.

F. Galkin, P. Mamoshina, A. Aliper, E. Putin, V. Moskalev, V. N. Gladyshev, and
A. Zhavoronkov. Human Gut Microbiome Aging Clock Based on Taxonomic
Profiling and Deep Learning. iScience, 23(6):101199, June 2020. ISSN 2589-
0042. doi: 10.1016/j.isci.2020.101199. URL http://www.sciencedirect.com/
science/article/pii/S2589004220303849.

J. L. Gehrig, S. Venkatesh, H.-W. Chang, M. C. Hibberd, V. L. Kung, J. Cheng,
R. Y. Chen, S. Subramanian, C. A. Cowardin, M. F. Meier, D. O’'Donnell, M. Tal-
cott, L. D. Spears, C. F. Semenkovich, B. Henrissat, R. J. Giannone, R. L.
Hettich, O. llkayeva, M. Muehlbauer, C. B. Newgard, C. Sawyer, R. D. Head,
D. A. Rodionov, A. A. Arzamasov, S. A. Leyn, A. L. Osterman, M. |. Hos-
sain, M. Islam, N. Choudhury, S. A. Sarker, S. Huq, I. Mahmud, I. Mostafa,
M. Mahfuz, M. J. Barratt, T. Ahmed, and J. |. Gordon. Effects of microbiota-
directed foods in gnotobiotic animals and undernourished children.  Sci-
ence, 365(6449), July 2019. ISSN 0036-8075, 1095-9203. doi: 10.1126/
science.aaud732. URL https://science-sciencemag-org.proxy.library.nd.
edu/content/365/6449/eaaud732. Publisher: American Association for the Ad-
vancement of Science Section: Research Article.

D. Gems and L. Partridge. Genetics of Longevity in Model Organisms: De-
bates and Paradigm Shifts. Annual Review of Physiology, 75(1):621-644, 2013.
doi: 10.1146/annurev-physiol-030212-183712. URL https://doi.org/10.1146/
annurev-physiol-030212-183712.  _eprint: https://doi.org/10.1146/annurev-
physiol-030212-183712.

G. K. Gerber. The dynamic microbiome. FEBS Letters, 588(22):4131-4139,
2014. doi: 10.1016/j.febslet.2014.02.037. URL http://dx.doi.org/10.1016/j.
febslet.2014.02.037. ISBN: 1873-3468.

L. R. Gesquiere, N. H. Learn, M. C. Simao, P. O. Onyango, S. C. Alberts, and J. Alt-
mann. Life at the top: rank and stress in wild male baboons. Science, 333(6040):

232


https://www-annualreviews-org.proxy.library.nd.edu/doi/10.1146/annurev-ecolsys-110411-160340
https://www-annualreviews-org.proxy.library.nd.edu/doi/10.1146/annurev-ecolsys-110411-160340
http://www.sciencedirect.com/science/article/pii/S001650852030113X
http://www.sciencedirect.com/science/article/pii/S2589004220303849
http://www.sciencedirect.com/science/article/pii/S2589004220303849
https://science-sciencemag-org.proxy.library.nd.edu/content/365/6449/eaau4732
https://science-sciencemag-org.proxy.library.nd.edu/content/365/6449/eaau4732
https://doi.org/10.1146/annurev-physiol-030212-183712
https://doi.org/10.1146/annurev-physiol-030212-183712
http://dx.doi.org/10.1016/j.febslet.2014.02.037
http://dx.doi.org/10.1016/j.febslet.2014.02.037

357-360, 2011. doi: 10.1126/science.1207120. URL http://www.ncbi.nlm.nih.
gov/pubmed/21764751. ISBN: 1095-9203 (Electronic) 0036-8075 (Linking).

L. R. Gesquiere, J. Altmann, E. A. Archie, and S. C. Alberts. Interbirth intervals
in wild baboons: Environmental predictors and hormonal correlates. American
Journal of Physical Anthropology, 166(1):107—126, May 2018. ISSN 00029483.
doi: 10.1002/ajpa.23407. URL http://doi.wiley.com/10.1002/ajpa.23407.

T. S. Ghosh, S. S. Gupta, T. Bhattacharya, D. Yadav, A. Barik, A. Chowdhury,
B. Das, S. S. Mande, and G. B. Nair. Gut microbiomes of Indian children of
varying nutritional status. PLoS One, 9(4):€95547, 2014. doi: 10.1371/journal.
pone.0095547. URL http://www.ncbi.nlm.nih.gov/pubmed/24763225. |ISBN:
1932-6203 (Electronic) 1932-6203 (Linking).

T. S. Ghosh, M. Das, I. B. Jeffery, and P. W. O'Toole. Adjusting for age improves
identification of gut microbiome alterations in multiple diseases. eLife, 9, 2020.
ISSN 2050-084X. doi: 10.7554/eLife.50240. URL https://www.ncbi.nlm.nih.
gov/pmc/articles/PMC7065848/.

J. A. Gilbert, J. K. Jansson, and R. Knight. The Earth Microbiome project:
successes and aspirations. BMC Biology, 12(1):69, Aug. 2014. ISSN
1741-7007. doi: 10.1186/s12915-014-0069-1. URL https://doi.org/10.1186/
$12915-014-0069-1.

P. D. Gluckman, M. A. Hanson, and H. G. Spencer. Predictive adaptive responses
and human evolution. Trends in Ecology & Evolution, 20(10):527-533, Oct.
2005. ISSN 0169-5347. doi: 10.1016/j.tree.2005.08.001.

K. P. Gopalakrishna and T. W. Hand. Influence of Maternal Milk on the Neonatal In-
testinal Microbiome. Nutrients, 12(3):823, Mar. 2020. doi: 10.3390/nu12030823.
URL https://www.mdpi.com/2072-6643/12/3/823. Number: 3 Publisher: Mul-
tidisciplinary Digital Publishing Institute.

L. E. Grieneisen, J. Livermore, S. Alberts, J. Tung, and E. A. Archie. Group Living
and Male Dispersal Predict the Core Gut Microbiome in Wild Baboons. Integr
Comp Biol, 57(4):770-785, 2017. doi: 10.1093/icb/icx046. URL http://dx.doi.
org/10.1093/icb/icx046. ISBN: 1540-7063.

L. E. Grieneisen, M. J. E. Charpentier, S. C. Alberts, R. Blekhman, G. Bradburd,
J. Tung, and E. A. Archie. Genes, geology and germs: gut microbiota across a
primate hybrid zone are explained by site soil properties, not host species. Pro-
ceedings of the Royal Society B: Biological Sciences, 286(1901):20190431, Apr.
2019. doi: 10.1098/rspb.2019.0431. URL https://royalsocietypublishing.
org/doi/10.1098/rspb.2019.0431. Publisher: Royal Society.

L. E. Grieneisen, M. Dasari, T. J. Gould, J. R. Bjérk, J.-C. Grenier, V. Yotova,
D. Jansen, N. Gottel, J. B. Gordon, N. H. Learn, L. R. Gesquiere, T. L. Wango,

233


http://www.ncbi.nlm.nih.gov/pubmed/21764751
http://www.ncbi.nlm.nih.gov/pubmed/21764751
http://doi.wiley.com/10.1002/ajpa.23407
http://www.ncbi.nlm.nih.gov/pubmed/24763225
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7065848/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7065848/
https://doi.org/10.1186/s12915-014-0069-1
https://doi.org/10.1186/s12915-014-0069-1
https://www.mdpi.com/2072-6643/12/3/823
http://dx.doi.org/10.1093/icb/icx046
http://dx.doi.org/10.1093/icb/icx046
https://royalsocietypublishing.org/doi/10.1098/rspb.2019.0431
https://royalsocietypublishing.org/doi/10.1098/rspb.2019.0431

R. S. Mututua, J. K. Warutere, L. Siodi, J. A. Gilbert, L. B. Barreiro, S. C. Al-
berts, J. Tung, E. A. Archie, and R. Blekhman. Gut microbiome heritability is
nearly universal but environmentally contingent. Science, 373(6551):181-186,
July 2021. ISSN 0036-8075, 1095-9203. doi: 10.1126/science.aba5483. URL
https://science.sciencemag.org/content/373/6551/181. Publisher: Ameri-
can Association for the Advancement of Science Section: Research Article.

J. P. Haran, V. Bucci, P. Dutta, D. Ward, and B. McCormick. The nursing home
elder microbiome stability and associations with age, frailty, nutrition and phys-
ical location. Journal of Medical Microbiology, 67(1):40-51, Jan. 2018. ISSN
0022-2615. doi: 10.1099/jmm.0.000640. URL https://www.ncbi.nlm.nih.gov/
pmc/articles/PMC5884962/.

A. D. Hayward, J. Moorad, C. E. Regan, C. Berenos, J. G. Pilkington, J. M.
Pemberton, and D. H. Nussey. Asynchrony of senescence among pheno-
typic traits in a wild mammal population. Experimental Gerontology, 71:56—
68, Nov. 2015. ISSN 0531-5565. doi: 10.1016/j.exger.2015.08.003. URL
http://www.sciencedirect.com/science/article/pii/S05631556515300267.

C. Heintz and W. Mair. You Are What You Host: Microbiome Modulation of the
Aging Process. Cell, 156(3):408—411, 2014. doi: http://dx.doi.org/10.1016/].
cell.2014.01.025. URL http://www.sciencedirect.com/science/article/pii/
S0092867414000774. ISBN: 0092-8674.

P. Herd, A. Palloni, F. Rey, and J. B. Dowd. Social and population health science
approaches to understand the human microbiome. Nature Human Behaviour,
page 1, Oct. 2018. ISSN 2397-3374. doi: 10.1038/s41562-018-0452-y. URL
https://www.nature.com/articles/s41562-018-0452-y.

A. Hernandez-Pérez, J. A. Zamora-Briseno, K. Soderhéll, and I. Soderhéll. Gut
microbiome alterations in the crustacean Pacifastacus leniusculus exposed to
environmental concentrations of antibiotics and effects on susceptibility to bac-
teria challenges. Developmental & Comparative Immunology, page 104181,
June 2021. ISSN 0145-305X. doi: 10.1016/j.dci.2021.104181. URL https:
//www.sciencedirect.com/science/article/pii/S0145305X21001890.

C. Hertzman. The biological embedding of early experience and its effects on
health in adulthood. Annals of the New York Academy of Sciences, 896:85-95,
1999. ISSN 0077-8923. doi: 10.1111/j.1749-6632.1999.tb08107.x.

L. V. Hooper and J. I. Gordon. Commensal Host-Bacterial Relationships in the
Gut. Science, 292(5519):1115-1118, May 2001. ISSN 0036-8075, 1095-
9203. doi: 10.1126/science.1058709. URL https://science.sciencemag.org/
content/292/5519/1115. Publisher: American Association for the Advancement
of Science Section: Special Viewpoints.

S. Horvath. DNA methylation age of human tissues and cell types. Genome
Biology, 14(10):R115, 2013. ISSN 1474-760X. doi: 10.1186/gb-2013-14-10-r115.

234


https://science.sciencemag.org/content/373/6551/181
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5884962/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5884962/
http://www.sciencedirect.com/science/article/pii/S0531556515300267
http://www.sciencedirect.com/science/article/pii/S0092867414000774
http://www.sciencedirect.com/science/article/pii/S0092867414000774
https://www.nature.com/articles/s41562-018-0452-y
https://www.sciencedirect.com/science/article/pii/S0145305X21001890
https://www.sciencedirect.com/science/article/pii/S0145305X21001890
https://science.sciencemag.org/content/292/5519/1115
https://science.sciencemag.org/content/292/5519/1115

S. Huang, N. Haiminen, A.-P. Carrieri, R. Hu, L. Jiang, L. Parida, B. Russell,
C. Allaband, A. Zarrinpar, Y. Vazquez-Baeza, P. Belda-Ferre, H. Zhou, H.-C.
Kim, A. D. Swafford, R. Knight, and Z. Z. Xu. Human Skin, Oral, and Gut
Microbiomes Predict Chronological Age. mSystems, 5(1), Feb. 2020. ISSN
2379-5077. doi: 10.1128 /mSystems.00630-19. URL https://msystems.asm.org/
content/5/1/e00630-19.

I. B. Jeffery, D. B. Lynch, and P. W. O'Toole. Composition and temporal stabil-
ity of the gut microbiota in older persons. The ISME Journal, 10(1):170-182,
Jan. 2016. ISSN 1751-7370. doi: 10.1038/ismej.2015.88. URL https://www.
nature.com/articles/ismej201588. Bandiera_abtest: a Cc_license_type: cc.y
Cg_type: Nature Research Journals Number: 1 Primary_atype: Research Pub-
lisher: Nature Publishing Group Subject_term: Microbial ecology;Public health
Subject_term_id: microbial-ecology;public-health.

A. J. Johnson, P. Vangay, G. A. Al-Ghalith, B. M. Hillmann, T. L. Ward, R. R.
Shields-Cutler, A. D. Kim, A. K. Shmagel, A. N. Syed, J. Walter, R. Menon,
K. Koecher, and D. Knights. Daily Sampling Reveals Personalized Diet-
Microbiome Associations in Humans. Cell Host & Microbe, 25(6):789-802.€5,
June 2019. ISSN 1931-3128. doi: 10.1016/j.chom.2019.05.005. URL https://
www.cell.com/cell-host-microbe/abstract/S1931-3128(19)30250-1. Pub-
lisher: Elsevier.

T. R. Kartzinel, J. C. Hsing, P. M. Musili, B. R. P. Brown, and R. M. Pringle. Co-
variation of diet and gut microbiome in African megafauna. Proceedings of the
National Academy of Sciences, Oct. 2019. ISSN 0027-8424, 1091-6490. doi:
10.1073/pnas.1905666116. URL https://www.pnas.org/content/early/2019/
10/29/1905666116.

R. C. Kessler, K. A. McLaughlin, J. G. Green, M. J. Gruber, N. A. Sampson,
A. M. Zaslavsky, S. Aguilar-Gaxiola, A. O. Alhamzawi, J. Alonso, M. Anger-
meyer, C. Benjet, E. Bromet, S. Chatterji, G. de Girolamo, K. Demyttenaere,
J. Fayyad, S. Florescu, G. Gal, O. Gureje, J. M. Haro, C.-y. Hu, E. G. Karam,
N. Kawakami, S. Lee, J.-P. Lépine, J. Ormel, J. Posada-Villa, R. Sagar, A. Tsang,
T. B. Ustilin, S. Vassilev, M. C. Viana, and D. R. Williams. Childhood adver-
sities and adult psychopathology in the WHO World Mental Health Surveys.
The British Journal of Psychiatry, 197(5):378-385, Nov. 2010. ISSN 0007-
1250. doi: 10.1192/bjp.bp.110.080499. URL https://www.ncbi.nlm.nih.gov/
pmc/articles/PMC2966503/.

M. Z. Khan, J. Altmann, S. S. Isani, and J. Yu. A matter of time: evaluat-
ing the storage of fecal samples for steroid analysis. General and Compar-
ative Endocrinology, 128(1):57-64, Aug. 2002. ISSN 0016-6480. doi: 10.
1016/S0016-6480(02)00063-1. URL http://www.sciencedirect.com/science/
article/pii/S0016648002000631.

235


https://msystems.asm.org/content/5/1/e00630-19
https://msystems.asm.org/content/5/1/e00630-19
https://www.nature.com/articles/ismej201588
https://www.nature.com/articles/ismej201588
https://www.cell.com/cell-host-microbe/abstract/S1931-3128(19)30250-1
https://www.cell.com/cell-host-microbe/abstract/S1931-3128(19)30250-1
https://www.pnas.org/content/early/2019/10/29/1905666116
https://www.pnas.org/content/early/2019/10/29/1905666116
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2966503/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2966503/
http://www.sciencedirect.com/science/article/pii/S0016648002000631
http://www.sciencedirect.com/science/article/pii/S0016648002000631

L. J. Kirschman, A. Khadjinova, K. Ireland, and K. C. Milligan-Myhre. Early life dis-
ruption of the microbiota affects organ development and cytokine gene expres-
sion in threespine stickleback. Integrative and Comparative Biology, 2020. doi:
10.1093/icb/icaal36. URL https://academic.oup.com/icb/advance-article/
doi/10.1093/icb/icaal36/5911110.

S. A. Knutie, L. A. Shea, M. Kupselaitis, C. L. Wilkinson, K. D. Kohl, and J. R.
Rohr. Early-Life Diet Affects Host Microbiota and Later-Life Defenses Against
Parasites in Frogs. Integrative and Comparative Biology, 57(4):732—-742, Oct.
2017. ISSN 1540-7063. doi: 10.1093/icb/icx028. URL https://academic.oup.
com/icb/article/57/4/732/3896234. Publisher: Oxford Academic.

J. E. Koenig, A. Spor, N. Scalfone, A. D. Fricker, J. Stombaugh, R. Knight, L. T.
Angenent, and R. E. Ley. Succession of microbial consortia in the developing
infant gut microbiome. Proceedings of the National Academy of Sciences, 108
(Supplement 1):4578-4585, 2011. doi: 10.1073/pnas.1000081107. URL http:
//www.pnas.org/content/108/Supplement_1/4578.abstract.

M. Komanduri, S. Gondalia, A. Scholey, and C. Stough. The microbiome and
cognitive aging: a review of mechanisms. Psychopharmacology, May 2019.
ISSN 1432-2072. doi: 10.1007/s00213-019-05231-1. URL https://doi.org/10.
1007/s00213-019-05231-1.

M. G. I. Langille, C. J. Meehan, J. E. Koenig, A. S. Dhanani, R. A. Rose, S. E.
Howlett, and R. G. Beiko. Microbial shifts in the aging mouse gut. Microbiome,
2(1):1-12, 2014. doi: 10.1186/s40168-014-0050-9. URL http://dx.doi.org/10.
1186/s40168-014-0050-9. ISBN: 2049-2618.

Q. Le Bastard, G. Chapelet, G. Birgand, B. M. Hillmann, F. Javaudin, N. Hay-
atgheib, C. Bourigault, P. Bemer, L. De Decker, E. Batard, D. Lepelletier,
and E. Montassier. Gut microbiome signatures of nursing home residents
carrying Enterobacteria producing extended-spectrum beta-lactamases. An-
timicrobial Resistance & Infection Control, 9(1):107, July 2020. ISSN 2047-
2994. doi: 10.1186/s13756-020-00773-y. URL https://doi.org/10.1186/
s13756-020-00773-y.

A. J. Lea, J. Altmann, S. C. Alberts, and J. Tung. Developmental Constraints in
a Wild Primate. The American Naturalist, 185(6):809-821, 2015. doi: 10.1086/
681016. URL https://doi.org/10.1086/681016. Publisher: The University of
Chicago Press ISBN: 0003-0147.

A. J. Lea, M. Y. Akinyi, R. Nyakundi, P. Mareri, F. Nyundo, T. Kariuki, S. C. Al-
berts, E. A. Archie, and J. Tung. Dominance rank-associated gene expres-
sion is widespread, sex-specific, and a precursor to high social status in wild
male baboons. Proceedings of the National Academy of Sciences of the
United States of America, 115(52):E12163—-E12171, Dec. 2018. ISSN 0027-
8424. doi: 10.1073/pnas.1811967115. URL https://www.ncbi.nlm.nih.gov/
pmc/articles/PMC6310778/.

236


https://academic.oup.com/icb/advance-article/doi/10.1093/icb/icaa136/5911110
https://academic.oup.com/icb/advance-article/doi/10.1093/icb/icaa136/5911110
https://academic.oup.com/icb/article/57/4/732/3896234
https://academic.oup.com/icb/article/57/4/732/3896234
http://www.pnas.org/content/108/Supplement_1/4578.abstract
http://www.pnas.org/content/108/Supplement_1/4578.abstract
https://doi.org/10.1007/s00213-019-05231-1
https://doi.org/10.1007/s00213-019-05231-1
http://dx.doi.org/10.1186/s40168-014-0050-9
http://dx.doi.org/10.1186/s40168-014-0050-9
https://doi.org/10.1186/s13756-020-00773-y
https://doi.org/10.1186/s13756-020-00773-y
https://doi.org/10.1086/681016
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6310778/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6310778/

J.-F. Lemaitre, V. Ronget, M. Tidiere, D. Allainé, V. Berger, A. Cohas, F. Colchero,
D. A. Conde, M. Garratt, A. Liker, G. A. B. Marais, A. Scheuerlein, T. Székely,
and J.-M. Gaillard. Sex differences in adult lifespan and aging rates of mor-
tality across wild mammals. Proceedings of the National Academy of Sci-
ences, 117(15):8546—-8553, Apr. 2020. ISSN 0027-8424, 1091-6490. doi:
10.1073/pnas.1911999117. URL https://www.pnas.org/content/117/15/8546.
ISBN: 9781911999119 Publisher: National Academy of Sciences Section: Bio-
logical Sciences.

J. T. Lennon and S. E. Jones. Microbial seed banks: the ecological and
evolutionary implications of dormancy. Nature Reviews Microbiology, 9:119,
2011. doi: 10.1038/nrmicro2504https: //www.nature.com/articles/nrmicro2504#
supplementary-information. URL http://dx.doi.org/10.1038/nrmicro2504.
Publisher: Nature Publishing Group, a division of Macmillan Publishers Limited.
All Rights Reserved.

E. J. Levy, M. N. Zipple, E. McLean, F. A. Campos, M. Dasari, A. S. Fogel, M. Franz,
L. R. Gesquiere, J. B. Gordon, L. Grieneisen, B. Habig, D. J. Jansen, N. H.
Learn, C. J. Weibel, J. Altmann, S. C. Alberts, and E. A. Archie. A comparison
of dominance rank metrics reveals multiple competitive landscapes in an animal
society. Proceedings of the Royal Society B: Biological Sciences, 287(1934),
Sept. 2020. ISSN 0962-8452. doi: 10.1098/rspb.2020.1013. URL https://www.
ncbi.nlm.nih.gov/pmc/articles/PMC7542799/.

J. Lindstrom. Early development and fithess in birds and mammals. Trends in
Ecology & Evolution, 14(9):343—-348, Sept. 1999. ISSN 0169-5347. doi: 10.
1016/S0169-5347(99)01639-0. URL http://www.sciencedirect.com/science/
article/pii/S0169534799016390.

J. A. Livermore and S. E. Jones. Local—global overlap in diversity informs mech-
anisms of bacterial biogeography. The ISME Journal, 9(11):2413-2422, Nov.
2015. ISSN 1751-7362, 1751-7370. doi: 10.1038/ismej.2015.51. URL http:
//www.nature.com/articles/ismej201551.

S. N. Lundgren. Influences of Maternal Diet and the Human Milk Microbiome
on the Developing Infant Gut Microbiome. Ph.D., Dartmouth College, United
States — New Hampshire, 2019. URL https://search.proquest.com/docview/
2226215684 /abstract/191303D695E444CPQ/ 1.

J. W. Lynch, M. Z. Khan, J. Altmann, M. N. Njahira, and N. Rubenstein. Con-
centrations of four fecal steroids in wild baboons: short-term storage con-
ditions and consequences for data interpretation. General and Compara-
tive Endocrinology, 132(2):264—271, June 2003. ISSN 0016-6480. doi: 10.
1016/50016-6480(03)00093-5. URL http://www.sciencedirect.com/science/
article/pii/S0016648003000935.

237


https://www.pnas.org/content/117/15/8546
http://dx.doi.org/10.1038/nrmicro2504
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7542799/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7542799/
http://www.sciencedirect.com/science/article/pii/S0169534799016390
http://www.sciencedirect.com/science/article/pii/S0169534799016390
http://www.nature.com/articles/ismej201551
http://www.nature.com/articles/ismej201551
https://search.proquest.com/docview/2226215684/abstract/191303D695E444CPQ/1
https://search.proquest.com/docview/2226215684/abstract/191303D695E444CPQ/1
http://www.sciencedirect.com/science/article/pii/S0016648003000935
http://www.sciencedirect.com/science/article/pii/S0016648003000935

C. Lopez-Otin, M. A. Blasco, L. Partridge, M. Serrano, and G. Kroemer. The
Hallmarks of Aging. Cell, 153(6):1194—-1217, June 2013. ISSN 0092-8674.
doi: 10.1016/j.cell.2013.05.039. URL http://www.sciencedirect.com/science/
article/pii/S0092867413006454.

A. J. Macpherson, M. G. de Aguero, and S. C. Ganal-Vonarburg. How nutrition and
the maternal microbiota shape the neonatal immune system. Nat Rev Immunol,
advance on, 2017. doi: 10.1038/nri.2017.58. URL http://dx.doi.org/10.1038/
nri.2017.58. Publisher: Nature Publishing Group, a division of Macmillan Pub-
lishers Limited. All Rights Reserved. ISBN: 1474-1741.

O. Manor, C. L. Dai, S. A. Kornilov, B. Smith, N. D. Price, J. C. Lovejoy, S. M.
Gibbons, and A. T. Magis. Health and disease markers correlate with gut mi-
crobiome composition across thousands of people. Nature Communications, 11
(1):5206, Oct. 2020. ISSN 2041-1723. doi: 10.1038/s41467-020-18871-1. URL
https://www.nature.com/articles/s41467-020-18871-1.  Bandiera_abtest:
a Cc.license type: ccby Cg.type: Nature Research Journals Num-
ber: 1 Primary atype: Research Publisher: Nature Publishing Group
Subject_term: Metagenomics;Systems biology;Translational research Sub-
ject_term_id: metagenomics;systems-biology;translational-research.

R. E. Marioni, S. Shah, A. F. McRae, B. H. Chen, E. Colicino, S. E. Harris, J. Gib-
son, A. K. Henders, P. Redmond, S. R. Cox, A. Pattie, J. Corley, L. Murphy,
N. G. Martin, G. W. Montgomery, A. P. Feinberg, M. D. Fallin, M. L. Multhaup,
A. E. Jaffe, R. Joehanes, J. Schwartz, A. C. Just, K. L. Lunetta, J. M. Murabito,
J. M. Starr, S. Horvath, A. A. Baccarelli, D. Levy, P. M. Visscher, N. R. Wray,
and I. J. Deary. DNA methylation age of blood predicts all-cause mortality in
later life. Genome Biology, 16(1):25, Jan. 2015. ISSN 1465-6906. doi: 10.1186/
$13059-015-0584-6. URL https://doi.org/10.1186/s13059-015-0584-6.

R. Martin, H. Makino, A. Cetinyurek Yavuz, K. Ben-Amor, M. Roelofs, E. Ishikawa,
H. Kubota, S. Swinkels, T. Sakai, K. Qishi, A. Kushiro, and J. Knol. Early-Life
Events, Including Mode of Delivery and Type of Feeding, Siblings and Gender,
Shape the Developing Gut Microbiota. PLoS ONE, 11(6), June 2016. ISSN
1932-6203. doi: 10.1371/journal.pone.0158498. URL https://www.ncbi.nlm.
nih.gov/pmc/articles/PMC4928817/.

C. F. Maurice, S. Cl Knowles, J. Ladau, K. S. Pollard, A. Fenton, A. B. Peder-
sen, and P. J. Turnbaugh. Marked seasonal variation in the wild mouse gut
microbiota. ISME J, 9(11):2423-2434, 2015. doi: 10.1038/isme;j.2015.53. URL
http://dx.doi.org/10.1038/ismej.2015.53. Publisher: International Society
for Microbial Ecology ISBN: 1751-7362.

D. J. Melnick and M. C. Pearl. Cercopithecines in multimale groups: genetic diver-
sity and population structure. In Primate Societies. University of Chicago Press,
Chicago, 1987. ISBN 0-226-76716-7.

238


http://www.sciencedirect.com/science/article/pii/S0092867413006454
http://www.sciencedirect.com/science/article/pii/S0092867413006454
http://dx.doi.org/10.1038/nri.2017.58
http://dx.doi.org/10.1038/nri.2017.58
https://www.nature.com/articles/s41467-020-18871-1
https://doi.org/10.1186/s13059-015-0584-6
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4928817/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4928817/
http://dx.doi.org/10.1038/ismej.2015.53

J. L. Metcalf, Z. Z. Xu, S. Weiss, S. Lax, W. V. Treuren, E. R. Hyde, S. J. Song,
A. Amir, P. Larsen, N. Sangwan, D. Haarmann, G. C. Humphrey, G. Ack-
ermann, L. R. Thompson, C. Lauber, A. Bibat, C. Nicholas, M. J. Gebert,
J. F. Petrosino, S. C. Reed, J. A. Gilbert, A. M. Lynne, S. R. Bucheli, D. O.
Carter, and R. Knight. Microbial community assembly and metabolic func-
tion during mammalian corpse decomposition. Science, 351(6269):158—-162,
Jan. 2016. ISSN 0036-8075, 1095-9203. doi: 10.1126/science.aad2646. URL
https://science.sciencemag.org/content/351/6269/158.

G. E. Miller, E. Chen, and K. J. Parker. Psychological stress in childhood and sus-
ceptibility to the chronic diseases of aging: moving toward a model of behavioral
and biological mechanisms. Psychological Bulletin, 137(6):959-997, Nov. 2011.
ISSN 1939-1455. doi: 10.1037/a0024768.

A. H. Moeller, S. Foerster, M. L. Wilson, A. E. Pusey, B. H. Hahn, and H. Ochman.
Social behavior shapes the chimpanzee pan-microbiome. Science Advances,
2(1), 2016. URL http://advances.sciencemag.org/content/2/1/e1500997.
abstract.

P. Monaghan. Early growth conditions, phenotypic development and environmental
change. Philosophical Transactions of the Royal Society B: Biological Sciences,
363(1497):1635-1645, 2008. doi: 10.1098/rstb.2007.0011.

W. Mottawea, C.-K. Chiang, M. Mihlbauer, A. E. Starr, J. Butcher, T. Abujamel,
S. A. Deeke, A. Brandel, H. Zhou, S. Shokralla, M. Hajibabaei, R. Single-
ton, E. I. Benchimol, C. Jobin, D. R. Mack, D. Figeys, and A. Stintzi. Al-
tered intestinal microbiota—host mitochondria crosstalk in new onset Crohn’s dis-
ease. Nature Communications, 7(1):13419, Nov. 2016. ISSN 2041-1723. doi:
10.1038 /ncomms13419. URL https://www.nature.com/articles/ncomms13419.
Bandiera_abtest: a Cc_license_type: cc_by Cg_type: Nature Research Journals
Number: 1 Primary_atype: Research Publisher: Nature Publishing Group Sub-
ject term: Chronic inflammation;Crohn’s disease;Microbiome;Systems analy-
sis Subject_term_id: chronic-inflammation;crohns-disease;microbiome;systems-
analysis.

N. T. Mueller, R. Whyatt, L. Hoepner, S. Oberfield, M. G. Dominguez-
Bello, E. M. Widen, A. Hassoun, F. Perera, and A. Rundle. Prena-
tal exposure to antibiotics, cesarean section and risk of childhood obe-
sity.  International Journal of Obesity, 39(4):665-670, Apr. 2015. ISSN
1476-5497.  doi: 10.1038/ijo.2014.180. = URL https://www.nature.com/
articles/i1j02014180. Bandiera_abtest: a Cg_type: Nature Research Jour-
nals Number: 4 Primary_atype: Research Publisher: Nature Publish-
ing Group Subject_term: Antibiotics;Epidemiology;Obesity;Risk factors;Surgery
Subject_term_id: antibiotics;epidemiology;obesity;risk-factors;surgery.

S. Mueller, K. Saunier, C. Hanisch, E. Norin, L. Alm, T. Midtvedt, A. Cresci,
S. Silvi, C. Orpianesi, M. C. Verdenelli, T. Clavel, C. Koebnick, H.-J. F. Zunft,

239


https://science.sciencemag.org/content/351/6269/158
http://advances.sciencemag.org/content/2/1/e1500997.abstract
http://advances.sciencemag.org/content/2/1/e1500997.abstract
https://www.nature.com/articles/ncomms13419
https://www.nature.com/articles/ijo2014180
https://www.nature.com/articles/ijo2014180

J. Doré, and M. Blaut. Differences in Fecal Microbiota in Different European
Study Populations in Relation to Age, Gender, and Country: a Cross-Sectional
Study. Applied and Environmental Microbiology, 72(2):1027—1033, 2006. doi:
10.1128/AEM.72.2.1027-1033.2006. URL http://www.ncbi.nlm.nih.gov/pmc/
articles/PMC1392899/. Publisher: American Society for Microbiology ISBN:
0099-2240 1098-5336.

E. Nakamura and K. Miyao. A method for identifying biomarkers of aging and
constructing an index of biological age in humans. The Journals of Gerontology.
Series A, Biological Sciences and Medical Sciences, 62(10):1096—1105, Oct.
2007. ISSN 1079-5006. doi: 10.1093/gerona/62.10.1096.

T. Odamaki, K. Kato, H. Sugahara, N. Hashikura, S. Takahashi, J.-z. Xiao, F. Abe,
and R. Osawa. Age-related changes in gut microbiota composition from new-
born to centenarian: a cross-sectional study. BMC Microbiology, 16(1):1—
12, 2016. doi: 10.1186/s12866-016-0708-5. URL http://dx.doi.org/10.1186/
$12866-016-0708-5. ISBN: 1471-2180.

K. Oliphant, M. Ali, M. D’Souza, P. D. Hughes, D. Sulakhe, A. Z. Wang, B. Xie,
R. Yeasin, M. M. Msall, B. Andrews, and E. C. Claud. Bacteroidota and Lach-
nospiraceae Integration Into the Gut Microbiome at Key Time Points in Early
Life are Critical for Neurodevelopment. preprint, In Review, July 2021. URL
https://www.researchsquare.com/article/rs-668952/v1.

P. O. Onyango, L. R. Gesquiere, J. Altmann, and S. C. Alberts. Puberty and
dispersal in a wild primate population. Hormones and Behavior, 64(2):240—
249, 2013. ISSN 0018506X. doi: 10.1016/j.yhbeh.2013.02.014. URL http:
//www.sciencedirect.com/science/article/pii/S0018506X13000494. arXiv:
NIHMS 150003 ISBN: 1095-6867 (Electronic) 0018-506X (Linking).

J. D. Orkin, S. E. Webb, and A. D. Melin. Small to modest impact of social
group on the gut microbiome of wild Costa Rican capuchins in a seasonal for-
est. American Journal of Primatology, 0(0):e22985, 2019. ISSN 1098-2345.
doi: 10.1002/ajp.22985. URL https://onlinelibrary.wiley.com/doi/abs/10.
1002/ajp.22985.

C. Palmer, E. M. Bik, D. B. DiGiulio, D. A. Relman, and P. O. Brown. Development
of the Human Infant Intestinal Microbiota. PLOS Biology, 5(7):e177, June 2007.
ISSN 1545-7885. doi: 10.1371/journal.pbio.0050177. URL http://journals.
plos.org/plosbiology/article?id=10.1371/journal.pbio.0050177.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blon-
del, P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Courna-
peau, M. Brucher, M. Perrot, and E. Duchesnay. Scikit-learn: Machine Learning
in Python. Journal of Machine Learning Research, 12(85):2825-2830, 2011.
URL http://jmlr.org/papers/v12/pedregosalla.html.

240


http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1392899/
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC1392899/
http://dx.doi.org/10.1186/s12866-016-0708-5
http://dx.doi.org/10.1186/s12866-016-0708-5
https://www.researchsquare.com/article/rs-668952/v1
http://www.sciencedirect.com/science/article/pii/S0018506X13000494
http://www.sciencedirect.com/science/article/pii/S0018506X13000494
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajp.22985
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajp.22985
http://journals.plos.org/plosbiology/article?id=10.1371/journal.pbio.0050177
http://journals.plos.org/plosbiology/article?id=10.1371/journal.pbio.0050177
http://jmlr.org/papers/v12/pedregosa11a.html

C. Quast, E. Pruesse, P. Yilmaz, J. Gerken, T. Schweer, P. Yarza, J. Peplies, and
F. O. Gléckner. The SILVA ribosomal RNA gene database project: improved
data processing and web-based tools. Nucleic Acids Research, 41(Database
issue):D590-D596, Jan. 2013. ISSN 0305-1048. doi: 10.1093/nar/gks1219. URL
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3531112/.

C. E. Rasmussen and C. K. I. Williams. Gaussian Processes for Machine Learning
(Adaptive Computation and Machine Learning). The MIT Press, 2005. ISBN
978-0-262-18253-9.

A. T. Reese, S. R. Phillips, L. A. Owens, E. M. Venable, K. E. Langergraber,
Z. P. Machanda, J. C. Mitani, M. N. Muller, D. P. Watts, R. W. Wrangham,
T. L. Goldberg, M. Emery Thompson, and R. N. Carmody. Age Patterning in
Wild Chimpanzee Gut Microbiota Diversity Reveals Differences from Humans
in Early Life. Current Biology, Nov. 2020. ISSN 0960-9822. doi: 10.1016/j.
cub.2020.10.075. URL http://www.sciencedirect.com/science/article/pii/
©0960982220316523.

D. A. Relman. The human microbiome: ecosystem resilience and health. Nutrition
Reviews, 70(suppl_1):S2-S9, 2012. doi: 10.1111/§.1753-4887.2012.00489.x. URL
http://dx.doi.org/10.1111/3j.1753-4887.2012.00489.x. ISBN: 0029-6643.

T. Ren, L. E. Grieneisen, S. C. Alberts, E. A. Archie, and M. Wu. Development, diet
and dynamism: longitudinal and cross-sectional predictors of gut microbial com-
munities in wild baboons. Environmental Microbiology, pages 1312—1325, 2015.
doi: 10.1111/1462-2920.12852. URL http://dx.doi.org/10.1111/1462-2920.
12852. ISBN: 1462-2920.

T. Ren, S. Boutin, M. M. Humphries, B. Dantzer, J. C. Gorrell, D. W. Coltman,
A. G. McAdam, and M. Wu. Seasonal, spatial, and maternal effects on gut
microbiome in wild red squirrels. Microbiome, 5(1):163, 2017. doi: 10.1186/
s40168-017-0382-3. URL https://doi.org/10.1186/s40168-017-0382-3. ISBN:
2049-2618.

M. Reyman, M. A. van Houten, D. van Baarle, A. A. T. M. Bosch, W. H.
Man, M. L. J. N. Chu, K. Arp, R. L. Watson, E. A. M. Sanders, S. Fuentes,
and D. Bogaert. Impact of delivery mode-associated gut microbiota dy-
namics on health in the first year of life. Nature Communications, 10(1):
4997, Nov. 2019. ISSN 2041-1723. doi: 10.1038/s41467-019-13014-7. URL
https://www.nature.com/articles/s41467-019-13014-7. Bandiera abtest: a
Cc_license_type: cc_by Cg_type: Nature Research Journals Number: 1 Pri-
mary_atype: Research Publisher: Nature Publishing Group Subject_term: In-
fectious diseases;Microbiome;Paediatric research Subject term_id: infectious-
diseases;microbiome;paediatric-research.

N. Rhoades, T. Barr, S. Hendrickson, K. Prongay, A. Haertel, L. Gill, L. Garzel,
K. Whiteson, M. Slifka, and I. Messaoudi. Maturation of the infant rhesus

241


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3531112/
http://www.sciencedirect.com/science/article/pii/S0960982220316523
http://www.sciencedirect.com/science/article/pii/S0960982220316523
http://dx.doi.org/10.1111/j.1753-4887.2012.00489.x
http://dx.doi.org/10.1111/1462-2920.12852
http://dx.doi.org/10.1111/1462-2920.12852
https://doi.org/10.1186/s40168-017-0382-3
https://www.nature.com/articles/s41467-019-13014-7

macaque gut microbiome and its role in the development of diarrheal disease.
Genome Biology, 20(1):173, Aug. 2019. ISSN 1474-760X. doi: 10.1186/
s13059-019-1789-x. URL https://doi.org/10.1186/s13059-019-1789-x.

D. W. Roberts. labdsv: Ordination and Multivariate Analysis for Ecology, 2019.
URL https://CRAN.R-project.org/package=labdsv.

M.-C. Roghmann, A. D. Lydecker, L. Hittle, R. T. DeBoy, R. G. Nowak, J. K.
Johnson, and E. F. Mongodin. Comparison of the Microbiota of Older Adults
Living in Nursing Homes and the Community. mSphere, 2(5):€00210-17,
2017. doi: 10.1128/mSphere.00210-17. URL https://journals.asm.org/doi/
10.1128/mSphere.00210-17. Publisher: American Society for Microbiology.

C. A. Rojas and t. I. w. 0. i. a. n. w. Link to external site. Socioecological Predic-
tors of Microbiome Variation in Wild Populations of African Mammals. Ph.D.,
Michigan State University, United States — Michigan, 2021. URL https://www.
proquest.com/docview/2544066725/abstract/65D24438F05A4C3CPQ/1. ISBN:
9798505586075.

S. Rosenbaum, S. Zeng, F. A. Campos, L. R. Gesquiere, J. Altmann, S. C.
Alberts, F. Li, and E. A. Archie. Social bonds do not mediate the relation-
ship between early adversity and adult glucocorticoids in wild baboons. Pro-
ceedings of the National Academy of Sciences, 117(33):20052—20062, Aug.
2020. ISSN 0027-8424, 1091-6490. doi: 10.1073/pnas.2004524117. URL
https://www.pnas.org/content/117/33/20052. Publisher: National Academy
of Sciences Section: Biological Sciences.

D. Rothschild, O. Weissbrod, E. Barkan, A. Kurilshikov, T. Korem, D. Zeevi, P. |.
Costea, A. Godneva, I. N. Kalka, N. Bar, S. Shilo, D. Lador, A. V. Vila, N. Zmora,
M. Pevsner-Fischer, D. Israeli, N. Kosower, G. Malka, B. C. Wolf, T. Avnit-Sagi,
M. Lotan-Pompan, A. Weinberger, Z. Halpern, S. Carmi, J. Fu, C. Wijmenga,
A. Zhernakova, E. Elinav, and E. Segal. Environment dominates over host
genetics in shaping human gut microbiota. Nature, 555(7695):210-215, Mar.
2018. ISSN 1476-4687. doi: 10.1038/nature25973. URL http://www.nature.
com/articles/nature25973. Bandiera_abtest: a Cg_type: Nature Research
Journals Number: 7695 Primary_atype: Research Publisher: Nature Publish-
ing Group Subject_term: Genetic association study;Genetics;Microbial genetics
Subject_term_id: genetic-association-study;genetics;microbial-genetics.

F. Sanada, Y. Taniyama, J. Muratsu, R. Otsu, H. Shimizu, H. Rakugi, and R. Mor-
ishita. Source of Chronic Inflammation in Aging. Frontiers in Cardiovascular
Medicine, 5:12, Feb. 2018. ISSN 2297-055X. doi: 10.3389/fcvm.2018.00012.
URL https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5850851/.

D. M. Saulnier, K. Riehle, T.-A. Mistretta, M.-A. Diaz, D. Mandal, S. Raza,
E. M. Weidler, X. Qin, C. Coarfa, A. Milosavljevic, J. F. Petrosino, S. High-
lander, R. Gibbs, S. V. Lynch, R. J. Shulman, and J. Versalovic. Gastroin-

242


https://doi.org/10.1186/s13059-019-1789-x
https://CRAN.R-project.org/package=labdsv
https://journals.asm.org/doi/10.1128/mSphere.00210-17
https://journals.asm.org/doi/10.1128/mSphere.00210-17
https://www.proquest.com/docview/2544066725/abstract/65D24438F05A4C3CPQ/1
https://www.proquest.com/docview/2544066725/abstract/65D24438F05A4C3CPQ/1
https://www.pnas.org/content/117/33/20052
http://www.nature.com/articles/nature25973
http://www.nature.com/articles/nature25973
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5850851/

testinal microbiome signatures of pediatric patients with irritable bowel syn-
drome. Gastroenterology, 141(5):1782—1791, Nov. 2011. ISSN 1528-0012. doi:
10.1053/j.gastro.2011.06.072.

A. Sevelsted, J. Stokholm, K. Bennelykke, and H. Bisgaard. Cesarean Section and
Chronic Immune Disorders. Pediatrics, 135(1):€92—e98, Jan. 2015. ISSN 0031-
4005, 1098-4275. doi: 10.1542/peds.2014-0596. URL https://pediatrics.
aappublications.org/content/135/1/e92. Publisher: American Academy of
Pediatrics Section: Article.

S. A. Shetty, F. Hugenholtz, L. Lahti, H. Smidt, and W. M. de Vos. Intestinal
microbiome landscaping: insight in community assemblage and implications
for microbial modulation strategies. FEMS Microbiology Reviews, 41(2):182—
199, Mar. 2017. ISSN 0168-6445. doi: 10.1093/femsre/fuw045. URL https:
//academic.oup.com/femsre/article/41/2/182/2979411. Publisher: Oxford
Academic.

M. I. Smith, T. Yatsunenko, M. J. Manary, |. Trehan, R. Mkakosya, J. Cheng, A. L.
Kau, S. S. Rich, P. Concannon, J. C. Mychaleckyj, J. Liu, E. Houpt, J. V. Li,
E. Holmes, J. Nicholson, D. Knights, L. K. Ursell, R. Knight, and J. I. Gordon. Gut
Microbiomes of Malawian Twin Pairs Discordant for Kwashiorkor. Science, 339
(6119):548-554, Feb. 2013. ISSN 0036-8075, 1095-9203. doi: 10.1126/science.
1229000. URL http://science.sciencemag.org/content/339/6119/548.

P. Smith, D. Willemsen, M. Popkes, F. Metge, E. Gandiwa, M. Reichard, and D. R.
Valenzano. Regulation of life span by the gut microbiota in the short-lived African
turquoise Killifish. eLife, 6:e27014, Aug. 2017. ISSN 2050-084X. doi: 10.7554/
eLife.27014. URL https://doi.org/10.7554/eLife.27014.

N. Snyder-Mackler, J. R. Burger, L. Gaydosh, D. W. Belsky, G. A. Noppert, F. A.
Campos, A. Bartolomucci, Y. C. Yang, A. E. Aiello, A. O'Rand, K. M. Harris, C. A.
Shively, S. C. Alberts, and J. Tung. Social determinants of health and survival in
humans and other animals. Science, 368(6493), May 2020. ISSN 0036-8075,
1095-9203. doi: 10.1126/science.aax9553. URL https://science.sciencemag.
org/content/368/6493/eaax9553. Publisher: American Association for the Ad-
vancement of Science Section: Review.

S. J. Song, C. Lauber, E. K. Costello, C. A. Lozupone, G. Humphrey, D. Berg-
Lyons, J. G. Caporaso, D. Knights, J. C. Clemente, S. Nakielny, J. |. Gordon,
N. Fierer, and R. Knight. Cohabiting family members share microbiota with one
another and with their dogs. Elife, 2, 2013. URL http://elifesciences.org/
content/2/e00458. abstract.

S. Subramanian, S. Huq, T. Yatsunenko, R. Haque, M. Mahfuz, M. A. Alam,
A. Benezra, J. DeStefano, M. F. Meier, B. D. Muegge, M. J. Barratt, L. G.
VanArendonk, Q. Zhang, M. A. Province, W. A. Petri Jr, T. Ahmed, and J. I.
Gordon. Persistent gut microbiota immaturity in malnourished Bangladeshi

243


https://pediatrics.aappublications.org/content/135/1/e92
https://pediatrics.aappublications.org/content/135/1/e92
https://academic.oup.com/femsre/article/41/2/182/2979411
https://academic.oup.com/femsre/article/41/2/182/2979411
http://science.sciencemag.org/content/339/6119/548
https://doi.org/10.7554/eLife.27014
https://science.sciencemag.org/content/368/6493/eaax9553
https://science.sciencemag.org/content/368/6493/eaax9553
http://elifesciences.org/content/2/e00458.abstract
http://elifesciences.org/content/2/e00458.abstract

children. Nature, 510(7505):417-421, June 2014. ISSN 1476-4687. doi:
10.1038 /nature13421. URL https://www.nature.com/articles/nature13421.

D. R. Tarpy, H. R. Mattila, and I. L. G. Newton. Development of the Honey Bee Gut
Microbiome throughout the Queen-Rearing Process. Applied and Environmental
Microbiology, 81(9):3182-3191, May 2015. doi: 10.1128/AEM.00307-15. URL
https://journals.asm.org/doi/10.1128/AEM.00307-15. Publisher: American
Society for Microbiology.

C. A. Thaiss, S. ltav, D. Rothschild, M. T. Meijer, M. Levy, C. Moresi, L. Dohnalova,
S. Braverman, S. Rozin, S. Malitsky, M. Dori-Bachash, Y. Kuperman, I. Biton,
A. Gertler, A. Harmelin, H. Shapiro, Z. Halpern, A. Aharoni, E. Segal, and
E. Elinav. Persistent microbiome alterations modulate the rate of post-dieting
weight regain. Nature, 540(7634):544-551, Dec. 2016. ISSN 1476-4687. doi:
10.1038 /nature20796. URL http://www.nature.com/articles/nature20796.

X. Tian, A. Seluanov, and V. Gorbunova. Molecular mechanisms determining lifes-
pan in short- and long-lived species. Trends in endocrinology and metabolism:
TEM, 28(10):722—734, Oct. 2017. ISSN 1043-2760. doi: 10.1016/j.tem.2017.07.
004. URL https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5679293/.

P. Trosvik, E. K. Rueness, E. J. de Muinck, A. Moges, and A. Mekonnen. Ecological
plasticity in the gastrointestinal microbiomes of Ethiopian Chlorocebus monkeys.
Scientific Reports, 8(1):20, 2018. doi: 10.1038/s41598-017-18435-2. URL https:
//doi.org/10.1038/s41598-017-18435-2. ISBN: 2045-2322.

J. Tung, M. J. E. Charpentier, D. A. Garfield, J. Altmann, and S. C. Al-
berts.  Genetic evidence reveals temporal change in hybridization pat-
terns in a wild baboon population. Molecular Ecology, 17(8):1998-2011,
2008. ISSN 1365-294X. doi: https://doi.org/10.1111/j.1365-294X.2008.03723.
x. URL http://onlinelibrary.wiley.com/doi/abs/10.1111/j.1365-294X.
2008.03723.x. _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1111/j.1365-
294X.2008.03723.x.

J. Tung, L. B. Barreiro, M. B. Burns, J. C. Grenier, J. Lynch, L. E. Grieneisen,
J. Altmann, S. C. Alberts, R. Blekhman, and E. A. Archie. Social networks
predict gut microbiome composition in wild baboons. Elife, 4, 2015. doi:
10.7554 /eLife.05224. URL http://www.ncbi.nlm.nih.gov/pubmed/25774601.
ISBN: 2050-084X (Electronic) 2050-084X (Linking).

J. Tung, E. A. Archie, J. Altmann, and S. C. Alberts. = Cumulative early
life adversity predicts longevity in wild baboons. Nature Communications,
7:11181, 2016. doi: 10.1038/ncomms11181http://www.nature.com/articles/
ncomms11181#supplementary-information. URL http://dx.doi.org/10.1038/
ncomms11181. Publisher: The Author(s).

244


https://www.nature.com/articles/nature13421
https://journals.asm.org/doi/10.1128/AEM.00307-15
http://www.nature.com/articles/nature20796
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5679293/
https://doi.org/10.1038/s41598-017-18435-2
https://doi.org/10.1038/s41598-017-18435-2
http://onlinelibrary.wiley.com/doi/abs/10.1111/j.1365-294X.2008.03723.x
http://onlinelibrary.wiley.com/doi/abs/10.1111/j.1365-294X.2008.03723.x
http://www.ncbi.nlm.nih.gov/pubmed/25774601
http://dx.doi.org/10.1038/ncomms11181
http://dx.doi.org/10.1038/ncomms11181

M. Vacca, G. Celano, F. M. Calabrese, P. Portincasa, M. Gobbetti, and M. De Ange-
lis. The Controversial Role of Human Gut Lachnospiraceae. Microorganisms, 8
(4):573, Apr. 2020. ISSN 2076-2607. doi: 10.3390/microorganisms8040573. URL
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7232163/.

A. M. Vaiserman, A. K. Koliada, and F. Marotta. Gut microbiota: A player in aging
and a target for anti-aging intervention. Ageing Research Reviews, 35:36—45,
May 2017. ISSN 1568-1637. doi: 10.1016/j.arr.2017.01.001. URL https://wuw.
sciencedirect.com/science/article/pii/S15668163716302653.

G. Van Rossum and F. L. Drake. Python 3 Reference Manual, 2009. URL https:
//docs.python.org/3/reference/.

E. Videvall, S. J. Song, H. M. Bensch, M. Strandh, A. Engelbrecht, N. Serfontein,
O. Hellgren, A. Olivier, S. Cloete, R. Knight, and C. K. Cornwallis. Early-life
gut dysbiosis linked to juvenile mortality in ostriches. Microbiome, 8(1):147,
Oct. 2020. ISSN 2049-2618. doi: 10.1186/s40168-020-00925-7. URL https:
//doi.org/10.1186/s40168-020-00925-7.

N. Voreades, A. Kozil, and T. Weir. Diet and the development of the hu-
man intestinal microbiome. Frontiers in Microbiology, 5, 2014.  doi:
10.3389/fmicb.2014.00494. URL http://www.frontiersin.org/Journal/
Abstract.aspx?s=406&name=evolutionary_and_genomic_microbiology&ART_
D0I=10.3389/fmicb.2014.00494. ISBN: 1664-302X.

J. Wang, W.-D. Chen, and Y.-D. Wang. The Relationship Between Gut Microbiota
and Inflammatory Diseases: The Role of Macrophages. Frontiers in Microbi-
ology, 11:1065, 2020. ISSN 1664-302X. doi: 10.3389/fmich.2020.01065. URL
https://www.frontiersin.org/article/10.3389/fmicb.2020.01065.

Y. Wang and K.-A. LéCao. Managing batch effects in microbiome data. Briefings
in Bioinformatics, 21(6):1954—1970, Dec. 2020. ISSN 1477-4054. doi: 10.1093/
bib/bbz105.

C. J. Weibel, J. Tung, S. C. Alberts, and E. A. Archie. Accelerated reproduction
is not an adaptive response to early-life adversity in wild baboons. Proceedings
of the National Academy of Sciences, 117(40):24909-24919, Oct. 2020. ISSN
0027-8424, 1091-6490. doi: 10.1073/pnas.2004018117. URL https://www.pnas.
org/content/117/40/24909. Publisher: National Academy of Sciences Section:
Biological Sciences.

N. Wilkinson, R. J. Hughes, Y. S. Bajagai, W. J. Aspden, T. T. Hao Van, R. J.
Moore, and D. Stanley. Reduced environmental bacterial load during early
development and gut colonisation has detrimental health consequences in
Japanese quail. Heliyon, 6(1):e03213, Jan. 2020. ISSN 2405-8440. doi:
10.1016/j.heliyon.2020.e03213. URL http://www.sciencedirect.com/science/
article/pii/S240584402030058X.

245


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7232163/
https://www.sciencedirect.com/science/article/pii/S1568163716302653
https://www.sciencedirect.com/science/article/pii/S1568163716302653
https://docs.python.org/3/reference/
https://docs.python.org/3/reference/
https://doi.org/10.1186/s40168-020-00925-7
https://doi.org/10.1186/s40168-020-00925-7
http://www.frontiersin.org/Journal/Abstract.aspx?s=406&name=evolutionary_and_genomic_microbiology&ART_DOI=10.3389/fmicb.2014.00494
http://www.frontiersin.org/Journal/Abstract.aspx?s=406&name=evolutionary_and_genomic_microbiology&ART_DOI=10.3389/fmicb.2014.00494
http://www.frontiersin.org/Journal/Abstract.aspx?s=406&name=evolutionary_and_genomic_microbiology&ART_DOI=10.3389/fmicb.2014.00494
https://www.frontiersin.org/article/10.3389/fmicb.2020.01065
https://www.pnas.org/content/117/40/24909
https://www.pnas.org/content/117/40/24909
http://www.sciencedirect.com/science/article/pii/S240584402030058X
http://www.sciencedirect.com/science/article/pii/S240584402030058X

B. C. Wilson, E. M. Butler, C. P. Grigg, J. G. B. Derraik, V. Chiavaroli, N. Walker,
S. Thampi, C. Creagh, A. J. Reynolds, T. Vatanen, J. M. O’Sullivan, and
W. S. Cutfield. Oral administration of maternal vaginal microbes at birth to
restore gut microbiome development in infants born by caesarean section:
A pilot randomised placebo-controlled trial. EBioMedicine, 69:103443, July
2021. ISSN 2352-3964. doi: 10.1016/j.ebiom.2021.103443. URL https://www.
sciencedirect.com/science/article/pii/S235239642100236X.

E. S. Wright, L. S. Yilmaz, and D. R. Noguera. DECIPHER, a search-based
approach to chimera identification for 16S rRNA sequences. Applied and En-
vironmental Microbiology, 78(3):717—725, Feb. 2012. ISSN 1098-5336. doi:
10.1128/AEM.06516-11.

Q. Xiang, X. Wu, Y. Pan, L. Wang, C. Cui, Y. Guo, L. Zhu, J. Peng, and
H. Wei. Early-Life Intervention Using Fecal Microbiota Combined with Pro-
biotics Promotes Gut Microbiota Maturation, Regulates Immune System De-
velopment, and Alleviates Weaning Stress in Piglets. International Journal of
Molecular Sciences, 21(2):503, Jan. 2020. doi: 10.3390/ijms21020503. URL
https://www.mdpi.com/1422-0067/21/2/503.

X. Xu and Z. Zhang. Sex- and age-specific variation of gut microbiota in Brandt’s
voles. Peerd, 9:e11434, June 2021. ISSN 2167-8359. doi: 10.7717/peerj.11434.
URL https://peerj.com/articles/11434. Publisher: Peerd Inc.

M. Yassour, T. Vatanen, H. Siljander, A.-M. Hamalainen, T. Harkénen, S. J.
Ryhanen, E. A. Franzosa, H. Vlamakis, C. Huttenhower, D. Gevers, E. S.
Lander, M. Knip, and R. J. Xavier. Natural history of the infant gut micro-
biome and impact of antibiotic treatment on bacterial strain diversity and sta-
bility. Science Translational Medicine, 8(343):343ra81-343ra81, 2016. doi:
10.1126 /scitranslmed.aad0917.

T. Yatsunenko, F. E. Rey, M. J. Manary, |. Trehan, M. G. Dominguez-Bello, M. Con-
treras, M. Magris, G. Hidalgo, R. N. Baldassano, A. P. Anokhin, A. C. Heath,
B. Warner, J. Reeder, J. Kuczynski, J. G. Caporaso, C. A. Lozupone, C. Lauber,
J. C. Clemente, D. Knights, R. Knight, and J. . Gordon. Human gut microbiome
viewed across age and geography. Nature, 486(7402):222-227, 2012. doi:
10.1038 /nature11053. URL http://www.ncbi.nlm.nih.gov/pubmed/22699611.
ISBN: 1476-4687 (Electronic) 0028-0836 (Linking).

J. P. Zackular, M. A. M. Rogers, M. T. Ruffin, and P. D. Schloss. The Human
Gut Microbiome as a Screening Tool for Colorectal Cancer. Cancer Prevention
Research, 7(11):1112—1121, Nov. 2014.

W. Zhang, W. Liu, R. Hou, L. Zhang, S. Schmitz-Esser, H. Sun, J. Xie, Y. Zhang,
C. Wang, L. Li, B. Yue, H. Huang, H. Wang, F. Shen, and Z. Zhang. Age-
associated microbiome shows the giant panda lives on hemicelluloses, not on
cellulose. The ISME Journal, 12(5):1319-1328, May 2018. ISSN 1751-7362,

246


https://www.sciencedirect.com/science/article/pii/S235239642100236X
https://www.sciencedirect.com/science/article/pii/S235239642100236X
https://www.mdpi.com/1422-0067/21/2/503
https://peerj.com/articles/11434
http://www.ncbi.nlm.nih.gov/pubmed/22699611

1751-7370. doi: 10.1038/s41396-018-0051-y. URL http://www.nature.com/
articles/s41396-018-0051-y.

M. N. Zipple, E. A. Archie, J. Tung, J. Altmann, and S. C. Alberts. Intergenerational
effects of early adversity on survival in wild baboons. eLife, 8:€47433, Sept.
2019. ISSN 2050-084X. doi: 10.7554/eLife.47433. URL https://doi.org/10.
7554/eLife.47433. Publisher: eLife Sciences Publications, Ltd.

H. Zou and T. Hastie. Regularization and Variable Selection via the Elastic Net.
Journal of the Royal Statistical Society. Series B (Statistical Methodology), 67
(2):301-320, 2005. ISSN 1369-7412. URL https://www.jstor.org/stable/
3647580. Publisher: [Royal Statistical Society, Wiley].

This document was prepared & typeset with pdflATEX, and formatted with
NDdiss2¢ classfile (v3.2017.2[2017/05/09])

247


http://www.nature.com/articles/s41396-018-0051-y
http://www.nature.com/articles/s41396-018-0051-y
https://doi.org/10.7554/eLife.47433
https://doi.org/10.7554/eLife.47433
https://www.jstor.org/stable/3647580
https://www.jstor.org/stable/3647580

	Abstract
	Contents
	Figures
	Tables
	Acknowledgments
	Chapter 1: Introduction
	Chapter 2: Evaluating the mammalian gut microbiome as a marker of biological aging
	2.1 Abstract
	2.2 Introduction
	2.3 Results
	2.3.1 Many microbial features are predicted by host age. 
	2.3.2 A Gaussian process model-based microbiome clock accurately predicts chronological age in wild baboons.
	2.3.3 Phyla Firmicutes and Bacteroidetes are important for accurate age predictions.
	2.3.4 Lower ranked animals have young-for-age microbiomes.
	2.3.5 Microbiome age acceleration predicted age of first rank attainment in both sexes.

	2.4 Discussion
	2.5 Methods
	2.5.1 Study population and subjects
	2.5.2 Sample collection, DNA extraction, and 16S data generation
	2.5.3 Identifying microbiome features that contribute to age predictions and that change with age.
	2.5.4 Building the gut microbiome aging clock
	2.5.5 Calculating microbiome age acceleration and pace of aging
	2.5.6 Testing sources of variation in microbiome age acceleration and pace of aging
	2.5.7 Testing whether microbiome age acceleration and pace of aging predict baboon maturation and survival


	Chapter 3: Early life adversity leaves a long-term impact on the baboon gut microbiome.
	3.1 Abstract
	3.2 Introduction
	3.3 Methods
	3.3.1 Study population and subjects
	3.3.2 Defining the sources of early life adversity
	3.3.3 Sample collection, DNA extraction, and 16S data generation
	3.3.4 Identifying adversity-related differences in microbial composition using PERMANOVA
	3.3.5 Understanding the contribution of early life adversity to the presence or abundance of microbiome features. 
	3.3.6 Testing the predictors of microbiome community stability

	3.4 Results
	3.4.1 Presence of a competing sibling and low maternal rank predict microbiome composition.
	3.4.2 The presence of many microbial features was predicted by type or quantity of adversity.
	3.4.3 Drought and high social group size are linked to low microbiome stability across the lifespan

	3.5 Discussion

	Chapter 4: Conclusion
	4.1 The gut microbiome changes predictably with age
	4.2 The gut microbiome is a useful biomarker of host biological aging
	4.3 Early life adversity leaves a lasting impact on the microbiome
	4.4 Concluding remarks

	Appendix A: Chapter 2 supplementary materials
	A.1 Supplementary methods and results
	A.1.1 Estimating the impact of chronological age on microbial features using a linear mixed modelling approach.
	A.1.2 Creating and assessing age-predictive machine learning models: Introduction to the Approaches
	A.1.3 Creating and assessing age-predictive machine learning models: Methods and optimization of machine learning algorithms
	A.1.4 Creating and assessing age-predictive machine learning models: Comparison of machine learning algorithms

	A.2 Supplementary Figures and Tables

	Appendix B: Chapter 3 supplementary materials
	Bibliography

