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Environmental factors are a crucial determinant of an animal’s fitness. The effects of
environment on fitness are often mediated by behavioral mechanisms as well as mechanisms
that are ‘under the skin,” such as growth and physiology. In my dissertation work, | study how two
environmental factors — dominance rank and early-life conditions — are associated with growth
and physiology. My colleagues and | test these links in a population of wild baboons studied by
the Amboseli Baboon Research Project. The Amboseli Baboons Research Project has been
collecting behavioral and demographic data on the Amboseli baboons for over 50 years, fecal
hormone data for over 20 years, and blood samples collected via brief anaesthetizations for
nearly 10 years. We complemented these remarkable datasets with cross-sectional data of
female baboon body size.

In Chapter 1, we address two gaps in our understand of female dominance rank: (1) do
higher-ranking females experience fewer stressors than lower-ranking females, and (2) how
should we best quantify female dominance rank? Using fecal glucocorticoid concentrations as a
proxy for the intensity and/or frequency of stressors that a baboon experiences, we find that,
indeed, higher-ranking females do experience fewer stressors than lower-ranking females.
Surprisingly, we also find that the best way to understand this effect is by categorizing females
into two groups: alpha females, who are the highest-ranking female in the group, and everyone
else.

In Chapter 2, we then focus on differences in the competitive landscapes assumed by two
common measures of dominance rank, ordinal and proportional ranks. We complement

theoretical work with re-analysis of 20 prior Amboseli baboon studies to show that for males,



ordinal rank (i.e., number of individual ranking above the focal animal) was always a better
predictor of traits than proportional rank, whereas for females, some traits were better predicted
by ordinal rank, and some were better predicted by proportional rank (i.e., proportion of the
group that a focal animal dominates). Our results suggest that males compete for density-
dependent resources, whereas females compete for a mix of density-dependent and density-
independent resources. In addition, our study demonstrates a new way to learn about the nature
of within-group competition.

In Chapter 3, we present two new methods to use with body size data collected via
parallel-laser photogrammetry. One of these methods was developed by colleagues here at Duke
University, and the other method was developed by colleagues at George Washington University.
These methods automate part of the hand-measurement process — measuring the distance
between the lasers — and effectively saves time while increasing accuracy and precision of the
final body size measurement. Our two methods have different strengths and weaknesses, and we
anticipate that researchers will gravitate toward one or the other depending on their dataset,
with the ultimate goal of increasing the use, ease, and accuracy of parallel-laser photogrammetry
in studies of behavioral ecology.

In Chapters 4, we use the method developed in Chapter 3 to test whether early-life
adversity stunts body size in female baboons. While this effect has been found in humans and
some nonhuman animals, data on inter-individual differences in body size are extremely rare in
wild primates. Using a dataset of over 2,000 images of 127 female baboons, we present the first
cross-sectional growth curve of wild female baboons from juvenescence throughout adulthood.
We then test whether females exposed to three main sources of early-life adversity - drought,

maternal loss, or a cumulative measure of adversity —are smaller for their age in juvenescence or
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adulthood. We find that early-life drought predicts smaller limb length but not smaller torso
length; our other measures of early-life adversity do not predict differences in body size. Our
results suggest that baboons grow plastically in response to energetic early-life stress, but that
this plasticity seems limited to limb growth, not torso growth.

Finally, in Chapter 5, we test a component of the biological embedding hypothesis, which
predicts that early-life adversity is associated with elevated baseline inflammation as well as
heightened acute inflammation in adulthood. To our knowledge, these predictions have only
been tested in humans. Using serum samples collected from 89 baboons via brief
anaesthetization, we measured several biomarkers of baseline and acute inflammation: c-
reactive protein, soluble urokinase plasminogen activator receptor, interleukin 6, interleukin 1-
beta, and tumor necrosis factor alpha. We test two measures of early-life adversity: maternal loss
and a cumulative measure that incorporates 5 different potential sources of adversity. In contrast
to the predictions of the biological embedding hypothesis, we find that baboons who
experienced early-life adversity have a mix of comparable or lower levels of baseline and acute
inflammation compared to baboons who experience no adversity. Prior tests of the biological
embedding hypothesis were performed in humans who generally had access to more calories,
less active lifestyles, and lower pathogen burden than wild baboons. Our results highlight the
varied effects that early-life adversity can have on an organism’s development depending on the

broader environment in which that organism lives.
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Outsidein

The field of behavioral ecology is based on the notion that an animal’s environment is
crucial to the study of its behavior and evolution —in other words, that an animal’s ‘outside’
matters when you want to study their ‘insides.” Indeed, environmental factors such as social
group size, temperature, toxin exposure, and food availability affect animal mechanisms across
levels of biological organization, from behavior to gene expression, and across animal taxa. The
interactions of animals with their environment means that to study nearly any aspect of animal
behavior, we must take their environment into account. Further, by placing animal behavior in
the context of ecology, we can test rich and complex questions about the ecology, evolution, and
mechanisms of animal behavior — which, to me, are the most fascinating questions a biologist can

ask.

Baboons as a study system

To test hypotheses about how the outside gets in, my collaborators and | study a
population of wild baboons living in the Amboseli basin in southern Kenya. These baboons have
been observed for over 50 years by the Amboseli Baboon Research Project, which was started by
Stuart and Jeanne Altmann and is currently directed by Jeanne Altmann, Susan Alberts, Elizabeth
Archie, and Jenny Tung. The long-term nature of this project, combined with its detailed data
collection led by Serah Sayialel, Raphael Mututua, Kinyua Warutere, and Long’ida Siodi, has
resulted in a remarkable life-course dataset on baboon behavior, physiology, early-life conditions,

social status, and demography.



The Amboseli baboons are an excellent system to test hypotheses about how the outside
gets in. First, the large scale and long-term nature of the dataset has enabled us to test
hypotheses about behavioral ecology that are difficult to test with smaller or short-term studies.
For example, in Chapters 1 and 2, we assess whether different ways of measuring dominance
rank results in different associations with traits of interest (e.g., glucocorticoids). To do such
work, we need datasets that are large enough to disentangle the tight correlations among these
different ways of measuring dominance rank.

Second, the Amboseli baboons experience extremes in both physical and social
environments, enabling us to ask questions about how energetic and psychosocial conditions
affect behavior and physiology. The Amboseli basin is a semi-arid savannah with limited food and
water availability in the dry season from June through October, and particularly limited food
availability during periodic year-long droughts (Alberts et al., 2005; Altmann, 1998; Gesquiere et
al., 2008). The energetic constraints of limited rainfall are marked. During years with less rainfall,
baboons spend more time feeding, possibly at the cost of less social and resting time
(Bronikowski & Altmann, 1996). In turn, during drought years, females are 24% less likely to
conceive compared to years with typical rainfall (Lea et al., 2015).

While the entire study population experiences the same physical environment, at any
given time the social environment that each baboon experiences may be different from that of
their neighbor. Baboons live in multi-male multi-female groups of approximately 20-100
individuals, and social groups of different sizes experience different amounts within-group and
between-group competition (Markham et al., 2015). Within each social group, males and females
form sex-specific linear dominance hierarchies, and higher dominance rank is associated with

fitness-related benefits for both males and females (Alberts et al., 2003; Altmann & Alberts, 2003;
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Altmann et al., 1988; Post et al., 1980; Silk et al., 2003). Female baboons remain in their natal
group (or fission/fusion byproducts thereof) their entire lives, resulting in strong matrilineal ties
among females; females without mothers or sisters tend to be lower-ranking, demonstrating the
importance of these bonds (Lea et al., 2014). In addition, both male and female baboons with
stronger social bonds, to kin or nonkin, live longer (Archie, Tung, et al., 2014; Campos et al.,
2020). In short, Amboseli baboons live varied social lives in a marginal environment, facilitating
research on the effects of physical and social environments.

Third, baboons and humans have close evolutionary ties and social structures, such that
findings from baboon research are often relevant to human physiology and health. For example,
just as baboon hierarchies are associated with fitness-related outcomes, humans at the bottom
of the hierarchy in the United States — those with low socioeconomic status — have dramatically
shorter lifespans than those at the top (Chetty et al., 2016). In addition to these parallels, baboon
societies also lack many potential confounds of human studies, such as unequal access to
healthcare and risky health behaviors (e.g., smoking). Testing the effects of environmental factors
on behavior and physiology can be challenging in humans because those potential confounds
may be mediating effects of environmental factors on a phenotype of interest, or alternatively,
risk-taking behavior and poor health may be two independent outcomes of the same
environmental factor. In effect, wild baboons are an excellent model system to learn more about

human health and evolution.

Social status, physiology, and competitive regimes
The inherent inequality of social hierarchies means that there is often a fitness benefit to

living at the top (Dewsbury, 1982; Snyder-Mackler et al., 2020). In Chapter 1, my colleagues and |



ask whether higher dominance rank in female baboons comes with the benefit of exposure to
fewer stressors. In vertebrates, glucocorticoid secretion occurs in response to energetic and
psychosocial stressors that trigger the hypothalamic-pituitary-adrenal (HPA) axis. Measuring
glucocorticoid concentrations can therefore shed light on the stressors associated with different
social and environmental variables, including dominance rank. Using 14,172 fecal samples from
237 wild female baboons, we test the hypothesis that high-ranking females experience fewer
psychosocial and/or energetic stressors than lower-ranking females. We predicted that high-
ranking females would have lower fecal glucocorticoid (fGC) concentrations than low-ranking
females. Because dominance rank can be measured in multiple ways, we compare 5 different
measures of rank as predictors of f{GC concentrations: ordinal rank; proportional rank; Elo rating;
and two approaches to categorical ranking (alpha vs non-alpha and high-middle-low). Our
hypothesis was supported, but it was also too simplistic. We found that alpha females exhibited
lower fGCs than other females, and that this alpha vs non-alpha difference was a better predictor
of fGCs than all other rank measures we tested. Our findings shed new light on the association
between dominance rank and the stress response, the competitive landscape of female baboons
as compared to males, and the assumptions inherent in a researcher's choice of rank metric.
Although this is my only dissertation chapter focusing on alpha females, | look forward to
continuing my research on these unexpectedly unusual study subjects.

In Chapter 3, in close collaboration with Matthew Zipple, we do a deep dive into the
theoretical and ecological assumptions of two of the most common ways that researchers
measure dominance rank: ordinal and proportional rank. Studies of dominance rank often
employ one of these dominance rank metrics without examining the assumptions each metric

makes about its underlying competitive processes. Here, we compare the ability of ordinal rank
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and proportional rank to predict 20 traits in a wild baboon population in Amboseli, Kenya. We
propose that ordinal rank best predicts traits when competition is density-dependent, whereas
proportional rank best predicts traits when competition is density-independent. We found that
for 75% of traits (15/20), one rank metric performed better than the other. Strikingly, all male
traits were best predicted by ordinal rank, whereas roughly half of female traits were better
predicted by proportional rank and the other half were better predicted by ordinal rank. Hence,
male and female traits are shaped by different competitive processes: males are largely driven by
density-dependent resource access (e.g., access to estrous females), whereas females are shaped
by both density-independent (e.g., distributed food resources) and density-dependent resource
access. This method of comparing how different rank metrics predict traits can be used to

distinguish between different competitive processes operating in animal societies.

Earlylife adversity, body size, and inflammation

Early-life adversity can have dramatic, long-term, and wide-ranging effects in many
species, including baboons and humans (e.g., blue-footed boobies: Ancona & Drummond, 2013;
humans: Brown et al., 2009; humans: Elo & Preston, 1992; humans: Galobardes et al., 2008;
humans: Hayward et al., 2013; rhesus macaques: Lewis et al., 2000; water pythons: Madsen &
Shine, 2000; banded mongoose: Marshall et al., 2017; baboons: Patterson et al., 2021; baboons:
Tung et al., 2016). A recent study in Amboseli baboons demonstrated that females who grew up
with several sources of adversity — such as maternal death, low social integration, and drought
conditions —and survived to adulthood then died approximately 10 years younger than their

‘silver spoon’ peers with no adversity (Tung, Archie et al 2016). This study raises the questions:



What's killing these baboons at the biological level? And how has evolution shaped baboons’
response to early-life adversity?

One potential mediator of the effect of early-life adversity on adult lifespan is body size.
To test this hypothesis, | used parallel-laser photogrammetry to measure body size, and | then
examined the relationship between early life environments and body size among adult and
adolescent female baboons in Amboseli. In the process of collecting the body size dataset, | co-
developed an automated computational procedure that performs part of the measurement
process, which saves time and achieves better accuracy in the final body size measurements. |
describe this method in Chapter 3. In Chapter 4, my colleagues and | then test the hypothesis that
early-life adversity slows or stunts growth. Specifically, using cross-sectional body size data
collected via parallel-laser photogrammetry of 127 female baboons, we present the first dataset
showing the relationship between age and body size for wild baboons from juvenescence
throughout adulthood, and one of the first studies investigating predictors of inter-individual
body size in a wild primate. Our data suggest that female baboons continue to grow for several
years after reaching sexual maturity, and they also continue to grow after having their first
offspring. When testing for effects of early-life adversity on later-life body size, we found that
early-life energetic stress — more drought months and less cumulative rainfall — predicted shorter
leg length and, to a lesser extent, shorter forearm length, but there was no effect of drought or
rainfall on torso length. In addition, we found no effect of two measures of social and/or
energetic early-life stress on any body size measure. Taken together, our results suggest that limb
length is more plastic than torso length, and that baboons have evolved to reduce growth in
response to intense energetic stressors, but not to psychosocial and/or less intense energetic

stressors.



In Chapter 5, we test a component of the biological embedding hypothesis, which posits
that early-life adversity causes a ‘proinflammatory phenotype’ in adulthood, characterized by
both baseline inflammation and heightened acute inflammation (Miller et al., 2011). Using blood
samples collected from 89 male and female baboons during annual anaesthetization procedures,
we measure biomarkers of inflammation (c-reactive protein, soluble urokinase plasminogen
activator receptor, interleukin 6, interleukin 1-beta, and tumor necrosis factor alpha) at baseline
and in response to lipopolysaccharide, which induces an acute inflammatory response. In
contrast to the predictions of the biological embedding hypothesis, we found that baboons who
experienced early-life adversity show either comparable or lower levels of inflammation
biomarkers at baseline and during acute inflammation. We hypothesize that our results are in the
opposite direction from the predictions of the biological embedding hypothesis because of stark
differences in food availability, disease burden, and lifestyle between wild baboons and the
humans studied in prior tests of the biological embedding hypothesis. We suspect that these
environmental and demographic differences exert different effects on immune development and
on long-term ability to mount an immune response. Together, Chapters 4 and 5 provide evidence

that baboons have evolved to develop plastically in response to early-life conditions.
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1.1 Introduction

Glucocorticoids (GCs) perform many physiological roles, including acting as one of the
primary hormones of the vertebrate stress response. The stress response is characterized by
activation of the sympathetic nervous system and hypothalamic-pituitary-adrenal (HPA) axis
(Reeder & Kramer, 2005) and helps restore the organism to homeostasis after a physical or social
challenge (Creel et al., 2013; Sapolsky, 2002; Selye, 1936). A responsive HPA axis is essential, and
facilitates survival and reproduction. On the other hand, studies of laboratory animals and
humans provide some evidence that long-term or chronic stressors can be associated with poor
health outcomes or increased mortality (Adler & Rehkopf, 2008; Bartolomucci, 2007; Baum et al.,
1999; Campos et al., In review; but see Dowd et al., 2009; Feinstein, 1993; Kristenson et al., 2004;
O'leary, 1990; Peuler et al., 2012; Pitman et al., 1988). Further, in wild female baboons (Papio
cynocephalyghe subject of this study), higher lifetime fecal GC concentrations were associated
with shorter lifespan (Campos et al., In review).

Dominance rank (i.e., social status) is often linked either directly or indirectly to GC levels
because social status can affect the type and intensity of stressors an individual experiences
(Sapolsky, 2004; Sapolsky, 2005). The relationship between dominance rank and GC

concentrations has been examined in fish, birds, and mammals (Beehner & Bergman, 2017; Creel
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et al., 2013). Several factors have been shown to affect the relationship between rank and GC
levels, including sex, breeding structure, coping mechanisms in subordinates, and the acquisition
and maintenance of dominance rank (Abbott et al., 2003; Creel, 2001; Creel et al., 2013;
Goymann & Wingfield, 2004; Sapolsky, 2004; Sapolsky, 2005). For example, in several
cooperatively breeding species such as male and female African wild dogs (Lycaon pictusand
female dwarf mongoose (Helogale parvulain which the dominant individuals perform the vast
majority of breeding, GC concentrations are higher in dominant than in subordinate group
members, likely due to the high social and reproductive costs of breeding and maintaining
dominance (Creel, 2001; Creel et al., 2013; Creel et al., 1996). In addition, in several species and
sexes with linear dominance hierarchies that acquire and maintain dominance via aggressive
interactions, such as female ring-tailed lemurs (Lemur cattd male chimpanzees (Pan
troglodytes, and male savannah baboons, the energetic demands of maintaining high social
status may contribute to elevated fecal or urinary GC levels in the alpha (i.e. top-ranked)
individuals or several of the highest-ranking individuals (Cavigelli, 1999; Gesquiere, Learn, et al.,
2011; Muller & Wrangham, 2004).

In addition to variation across taxa, differences are common among studies of the same
species, both within and between each sex. For example, one study of a captive pack of wolves
(Canis lupusn Nova Scotia reported that the lowest-ranking female in a group showed the
highest urinary GC concentrations (MclLeod et al., 1996), while another study of three wild wolf
packs in Yellowstone reported higher fecal GC concentrations in alpha than in subordinate
females (Sands & Creel, 2004). Among wild baboons (genus Papig the subject of this study),
results vary both across studies and by sex. Whereas male baboons generally exhibit a robust

positive association between rank and GC levels in feces or serum (lower-ranking males have
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higher GCs), this relationship is context-dependent in some studies and absent in others
(reviewed in Beehner & Bergman, 2017). Studies of female baboons have also produced
inconsistent results: two studies have found that lower-ranking females have higher fecal GCs,
while four studies have found no statistically significant relationship between rank and fecal or
serum GCs (reviewed in Beehner & Bergman, 2017).

Some differences among studies of the same species may be explained by differences in
how dominance rank is measured. For instance, individuals may be grouped into categories of
rank (e.g., high-middle-low) which can mask heterogeneities associated with different rank
positions (Figure 1). If dominance rank is enumerated rather than categorized, it may be
measured in a variety of ways. The simplest enumeration is ordinal dominance rank, which orders
individuals from 1 to n based on their ability to win dyadic interactions (n = number of individuals
in the hierarchy; Figure 1). Another common measure is proportional dominance rank (usually
referred to as ‘standardized’ or ‘relative’ ranks; e.g., Carter et al., 2014; Fedigan et al., 2008;
Roberts & Cords, 2013), which is calculated as the proportion of individuals in the group that the
focal dominates (Figure 1). Cardinal rank measures, such as Elo rating or David’s score, are also
common (Figure 1; Albers & De Vries, 2001; David, 1987). Cardinal measures do not assume
equal distance in dominance between adjacently-ranked individuals. Instead, scores are
calculated based on the number of wins and losses between each dyad, with the result that some

adjacently-ranked individuals may have very close scores, and some may have disparate scores.
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Figurel. Visualization of the diffences between five different rank metrics as a function of group size.
Darker shading represents higher rank and thus greater competitive advantage. Boxes with an inner white
rectangle identify the position of individuals ranked 3rd in every group. Wstfigal rank posits that

being ranked 3rd confers the same competitive advantage regardless of group size. Using proportional
rank posits that being ranked 3rd in a group of 9 (proportional rank = 0.75) represents a functionally
higher rank than being raekl 3 in a group of 5 (proportional rank = 0.5). Categorical ranks-hidydie-

low and alpha status) posit that individuals within rank categories have the same competitive advantage.
Highmiddle-low places individuals of rank 3 with midetenked individals in a group of 5, and with high
ranked individuals in a group of 9; alpha status places individuals of rank 3 in the sarapm@icategory
regardless of group size. Elo rating assumes that the differences in competitive advantage between
adjacentlyordered individuals are not necessarily equal. Here, we give two examples (out of infinite
possibilities) of Elo ratings in groups of 5 and 9.

Behavioral studies almost never provide a strong conceptual justification for their choice
of rank metric (but see Archie, Altmann, et al., 2014; Schino & Lasio, 2019). However, we propose
that each rank metric makes different assumptions about rank-related levels of dyadic resource
competition across different group sizes (Figure 1). Ordinal rank assumes a queuing system for

monopolizable resources, such that being ranked 3 confers the same resource access regardless
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of group size. The underlying assumption is that the group’s resource base stays (relatively)
constant as group size increases. In other words, average per capita resource competition is
greater in larger groups, with the burden of this competition disproportionately borne by lower
ranking individuals. In contrast, proportional rank assumes that average per capita resource
competition stays (relatively) constant across group sizes, even though the burden of competition
is still disproportionately borne by lower-ranking individuals. In other words, proportional rank
assumes a system in which resource access scales with group size, such that being ranked 3™ in a
group of 5 confers the same resource access as being ranked 5™ in a group of 9; in both cases the
focal individual is in the 50 rank percentile for their group. Importantly, ordinal and proportional
rank metrics will produce identical results in statistical analysis if only one social group is studied
and no change in group size occurs during the study. However, these two metrics may produce
different results if group size fluctuates or the study includes multiple, different-sized groups.
Cardinal rank metrics, such as Elo rating, assume that resource competition depends on the
power differentials within the group, such that the outcome of resource competition between
any pair of individuals will depend on their power differential, not just their rank ordering. Finally,
a categorical rank system (e.g., alpha status or not, high-middle-low) assumes that competition or
resource access within rank categories will be the same.

Here, we examine the relationship between dominance rank and fecal glucocorticoid
concentrations (fGC) in adult female savannah baboons. We do so by testing the ability of five
rank metrics — ordinal dominance rank, proportional dominance rank, Elo rating, and two
categorical dominance rankings: alpha vs non-alpha and high-middle-low — to predict fGC (an
integrated measure of GC secretion; see Methods). To our knowledge, this is the first study to

systematically examine which dominance rank metric best predicts fGC concentrations (but see
12



Archie, Altmann, et al., 2014; Schino & Lasio, 2019 for similar techniques to model other
outcomes in baboons and mandrills, respectively). This study also represents the largest dataset
ever used to analyze predictors of GC concentrations in any wild animal population, using 14,172
fecal samples from 237 females in 15 social groups and spanning 18 years.

Female savannah baboons exhibit linear dominance hierarchies, and high dominance
rank carries several fitness-related benefits. High-ranking female baboons have consistent
advantages over low-ranking females in one or more of the following traits in different study
populations: increased offspring survival, offspring with earlier age at sexual maturity, shorter
inter-birth intervals, fewer interruptions while feeding, and/or longer lifespans (Altmann &
Alberts, 2003; Altmann et al., 1988; Cheney et al., 2006; Post et al., 1980; Silk et al., 2003; Silk et
al., 2010). We hypothesize that high-ranking females have less exposure to energetic and/or
psychosocial stressors, and hence less frequent HPA axis activation, than low-ranking females,
leading to the prediction that higher-ranking females will have lower fGC concentrations than
lower-ranking females. In line with Emlen and Oring’s (1977) socioecological model, we suspect
that females primarily compete with other females for food, and that as the size of a baboon
group increases, the resource base (food) available to that group also increases (Isbell, 1991). If
this increase in resource base is roughly proportional to the increase in group size, we predict
that proportional rank will be a better predictor of fGC in our models than ordinal rank, Elo rating,
or categorical ranks. The results will increase our understanding of how rank-related competition

can predict HPA axis activation in female primates.
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1.2 Methods
1.2.1 Study subjects

Subjects were 237 wild adult (i.e., post-menarche) female savannah baboons living in the
Amboseli basin of southern Kenya between January 2001 and July 2018. Data on individual
baboon life histories and behavior have been collected by members of the Amboseli Baboon
Research Project since 1971; fecal sample collection to measure steroid hormones began in 2000.
All subjects were identified visually based on individual characteristics and habituated to the
presence of observers. Each social group was observed approximately three times per week
during five-hour observation periods. Behavioral and demographic data and fecal samples were
collected primarily by three of the co-authors (RSM, SNS, JKW), who have been collecting data on
this population for between 22 and 36 years. For every fecal sample collected, we were able to
assign the subject’s age, group size, reproductive status, and social group on the day of collection
and her dominance rank during the month of collection; these variables are described in more
detail below.

The Amboseli baboon population is composed primarily of yellow baboons (P.
cynocephaluyswith some admixture from nearby anubis baboon populations (P. anubis(Alberts
& Altmann, 2001; Charpentier et al., 2012; Tung et al., 2008). Studies of yellow-anubis baboon
hybrids in captivity and in the wild have revealed no evidence of hybrid inviability, reduced
fertility among hybrids, or ecological barriers to gene flow, and only limited evidence of hybrid
dysgenesis (Ackermann et al., 2006; Tung et al., 2008; Wango et al., 2017). To confirm that hybrid
status was not associated with our phenotype of interest, we examined admixture levels as part

of our analysis (see Modeling and analysis: Additional models).
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Over the course of the 18-year study period, the subjects lived in 15 distinct social groups
of different sizes. These 15 groups represent the products of permanent group fission and fusion
events from 2 original study groups, on which observations began in 1971 and 1980. We
excluded samples collected during fission and fusion periods because foraging and sleeping group
size changed over the course of hours or days, making it difficult to accurately assess the
experienced group size and dominance rank.

All data collection procedures adhered to the regulations of the Institutional Animal Care

and Use Committee of Duke, Princeton, and Notre Dame Universities, and to the laws of Kenya.

1.2.2 Measuring fecal glucocorticoid metabolites

Fresh fecal samples (N = 14,172) were collected opportunistically from the 237 subjects.
The mean number of fecal samples per subject + SD was 60 + 56, with a range of 1 to 279. Fecal
samples were processed and stored using methods described by Khan et al. (2002) and Lynch et
al. (2003). Fecal glucocorticoid metabolite concentrations represent an integrated measure of
glucocorticoid release over several hours or days (Goymann, 2005; Harper & Austad, 2000; Palme
et al., 1996). Freeze-dried samples were assayed for fecal glucocorticoid metabolite (fGC)
concentrations using a radioimmunoassay technique validated for use with baboon feces
(Gesquiere, Onyango, et al., 2011; Khan et al., 2002; Lynch et al., 2003; see
amboselibaboons.nd.edu for full protocol). Hormone values are expressed as ng/g of dried feces.
For analysis, fGC data were log-transformed (base 10) to obtain a normal distribution. Each fecal
sample was used as a single data point in statistical models. Mean + SD of fGC concentrations was

77.16 + 39.40 ng/g dried feces; values ranged from 7.51-758.17 ng/g dried feces.
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1.2.3 Measuring dominance rank

Ordinal dominance rank. Ordinal ranks were assigned monthly for each adult female

using observations of wins and losses in dyadic agonistic interactions between adult female study
subjects (i.e., post-menarche). A female dominance matrix was created for each month based on
these win/loss outcomes, and female rank orderings were then assigned by minimizing entries
below the diagonal (Hausfater, 1974). Female ordinal ranks were updated for each month of the
study in each social group following this procedure. Females were added to the female matrix the
month during which they matured and were removed from the matrix the month after they died.
Ordinal ranks represent the ordered list of this matrix; top-ranked females are assigned an ordinal
rank of 1, the second-ranked female is rank 2, and so on (Figure 1). Ordinal rank assignment has
been extensively described in previous papers (e.g., Hausfater et al., 1982; Onyango et al., 2008).
The mean + SD for ordinal dominance rank in this study was 9.01 + 6.12 with a range of 1-31.

Proportional dominance rank. Proportional ranks were calculated as p

at the first day of each month. This produces a range from O (lowest-

ranking) to 1 (highest-ranking) for each group-month and represents the proportion of adult
females that the focal female dominates. An adult female with an ordinal rank of 3 in a group of 5
adult females and an adult female with an ordinal rank of 5 in a group of 9 adult females will both
have a proportional rank of 0.5 (Figure 1). The mean + SD for proportional rank was 0.52 + 0.31
with a range of 0-1. As noted above, ordinal and proportional rank metrics will produce identical
results in statistical analysis if only one social group is studied and no change in group size occurs

during the study.

16



Elo rating. Elo ratings were calculated from dyadic interactions among adult females
using the EloRatingackage in R version 3.3.3 (Neumann & Kulik, 2019). Females who matured
into the hierarchy (upon reaching menarche) were entered just below their mother or, if the
mother was dead, just above older sisters, following nepotistic rank inheritance and youngest
ascendency observed in female baboons (Lea et al., 2014). Each month’s Elo rating is then
calculated using the prior month’s score as a starting point. To select K, we first produced Elo
rating rank orders from a range of K values (10 to 1000, increasing by 5), and calculated the
correlation between these orders and the corresponding group-month’s ordinal ranks (see
Ordinal dominance rank above). We chose K = 35 because it produced the highest correlation
between the Elo rating rank order and ordinal ranks (r = 0.98, p = <2.2x101%).

After assembling each female’s Elo rating for each month, we then standardized each
group-month’s scores to a range from 0 (lowest-ranking in the group) to 1 (highest-ranking in the
group). As a result, proportional rank and Elo rating both had the same range, but proportional
rank indicates the proportion of individuals dominated with equal distance between individuals,
whereas Elo ratings do not assume equal distance between individuals. Instead, the difference in
Elo rating between two individuals reflects the probability of the higher-ranked individual winning
an interaction. The mean + SD for Elo rating was 0.48 + 0.29 with a range of 0-1.

Categorical dominance ranks. We created two categorical rank metrics: alpha vs non-

alpha and high-middle-low. The alpha metric was created by binning individuals as alpha (ordinal
rank = 1; n = 19 females, 1201 fecal samples) or not (ordinal rank > 1). Similar binning methods
have been used to analyze the relationship between dominance rank and glucocorticoid
concentrations in many species and both sexes, including male baboons, female ring-tailed

lemurs, and male and female wolves (Cavigelli et al., 2003; Gesquiere, Learn, et al., 2011; Sands &
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Creel, 2004). For the high-middle-low metric, we created three rank categories that were equally
sized within each group by partitioning proportional ranks that were greater than 0.66 (high),
between 0.66 and 0.34 (middle), and less than 0.34 (low). This approach is similar to methods
used previously in analysis of dominance rank and GC concentrations in female primates (e.g.,
Charpentier et al., 2018; Maestripieri et al., 2008; Setchell et al., 2008; Weingrill et al., 2004).
Both categorical dominance ranks were coded as categorical variables in analysis instead of as

continuous variables.

1.2.4 Covariates: Measuring group size, age, reproductive status, season, and storage time

Several other factors are known to associate with fGC concentrations in Amboseli
baboons: group size (Markham et al., 2015), age (Altmann et al., 2010), reproductive status
(Gesquiere et al., 2008), and season (Gesquiere et al., 2008; Gesquiere, Onyango, et al., 2011).
These factors, as well as fecal sample storage time, were included in our models as covariates
(see 1.2.5 Modeling and data analysis).

Group size. We used the number of adult females as our measure of group size. The
number of adult females in study groups ranged from 4-31 individuals over the course of the
study (mean £ SD = 17.54 + 6.02, Figure 21). Group size was coded as a continuous variable and z-
transformed in analysis (see Assessing correlations among variables & model assumptions).

Age. Date of birth was known to within a few days for 226 (95.4%) of the adult female
subjects of this study. For the remaining 11 females (4.6%), age was known to within 6 months.
The mean age *+ SD of the study subject at the time of fecal sample collection was 10.69 + 4.52

years with a range of 3.80 - 26.34 years. Age was coded as a continuous variable.
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Reproductive status. Ovarian cycles occur over the course of approximately 32 days in

baboons, and include highly visible sexual swellings during the follicular phase (Dixson, 1983;
Gesquiere et al., 2007; Gillman, 1942; Wildt et al., 1977). The visible indicators of reproductive
status, in addition to behavioral observations of live-born infants, allowed us to designate each
female’s reproductive status (cycling, pregnant, or postpartum amenorrhea [PPA]) at the time
that each fecal sample was collected. Samples collected within the first week of PPA were
excluded from analysis because they reflect the shift in f{GC concentrations from pregnancy to
PPA (Altmann et al., 2004; Nguyen et al., 2008). Reproductive status was coded as a categorical
variable (cycling, pregnant, or PPA).

Season. The Amboseli basin experiences two seasons: a “dry” season from June through
October with virtually no rain, and a “wet” season characterized by unpredictable and variable
rainfall from November to May (Gesquiere et al., 2008; Gesquiere, Onyango, et al., 2011). Season
was coded as a categorical variable (dry, wet).

Storage time. We included two storage variables to account for variation in storage time
of fecal samples. Within 1-3 weeks after collection, fecal samples were freeze-dried and then

stored as fecal powder at -20 C. We refer to this time period as storage time as fecal powder.

Samples were then extracted into methanol, and stored again at -20 C until they there assayed.

We refer to this time period as storage time in methanol. Due to variance in shipping and

laboratory schedules, fecal samples experienced variance in these two storage time variables.
The mean time + SD that samples were stored as fecal powder was 0.55 + 0.26 years, with a
range from 0.14 — 1.81 years. The mean time * SD that samples were stored in methanol was
0.49 + 0.46 years, with a range from 0.01 — 3.51 years. Storage times as fecal powder and in

methanol were coded as continuous variables.
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1.2.5 Modeling and data analysis

Main models. We built eight general linear mixed models to test the association between
rank and fGC concentrations (gImmTMBpackage in R version 3.3.3; Brooks et al., 2017; Table 1).
All models were fitted using maximum likelihood estimation. We treated the fGC concentrations
from each of the 14,172 fecal samples as the response variable in all models (fGCs were log
transformed with base 10). The eight models differed in the rank metrics we used, which were
coded as fixed effect predictors (Table 1). For ease of reference, we refer to these eight models
as the Null model (no rank metric), the ordinal rank (Ord) model, the proportional rank (Prop)
model, the Elo rating (Elo) model, the alpha (Alpha) model, the high-middle-low (Hi-Mid-Low)
model, the alpha + ordinal (Alpha+0Ord) model, and the alpha + proportional (Alpha+Prop) model.
All models except the Null model test versions of the general prediction that low-ranking females
have higher fGC concentrations than high-ranking females. Table 1 describes the formulas and
hypothesized competitive regimes underlying each model.

To compare the ability of different rank metrics and modeling methods to predict f{GC
concentrations, we calculated the AIC value for each model. Though these models are not nested
(prohibiting model averaging), the datasets used in each model were identical, enabling this
information theoretic approach (Anderson & Burnham, 2002; Harrison et al., 2018; Johnson &
Omland, 2004). Following standard practice, we used DAIC = 2 as a threshold for assigning
preference for one model versus another, with a preference for lower AIC scores. We report
model output as the predicted percent change in fGCs associated with a one-unit change in the
predictor variable. We report 95% confidence intervals, calculated as estimate © 1.96*SE. These

intervals were then converted to percent change using the formula (10™™2-1)*100.
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Based on prior studies of predictors of f{GC concentrations in females in this population,
all models included four additional fixed effects, all assessed on the day of fecal sample
collection, that are known to explain variation in female Amboseli baboon fGCs: age (continuous;
Altmann et al.,, 2010), reproductive status (cycling, pregnant, PPA; Gesquiere et al., 2008), season
(wet, dry; Gesquiere et al., 2008; Gesquiere, Onyango, et al., 2011), and group size (number of
adult females; Markham et al., 2015). Group size (z-transformed; see Assessing correlations
among variables & model assumptions) was included as both a linear and quadratic term
following Markham et al (2015), who showed a quadratic relationship between group size and
fGC concentrations in adult female savannah baboons. The two storage time variables, in years,
were also included as fixed effects. Individual identity was included as a random effect in all
models, with random intercept and random slope of age to account for the possibility of different
rates of biological aging across the study subjects, as seen in humans and non-human animals,
including Amboseli baboons (e.g., Ahadi et al., 2020; Altmann et al., 2010; Anderson et al., 2021).
To account for year-to-year variability in the environment, a categorical random effect of year
(specifically, the ‘hydrological year’ in which the sample was collected) was included in the
models with a random intercept. The hydrological year in Amboseli begins 1 November each year
(with the start of the rainy season) and ends the following 31 October). Finally, group identity was
included as categorical random effect with random intercept (Table 1). None of the random

effects were nested.
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Tablel. Descriptions of the eight models tested.

Model designation Relationships tested Hypothesis tested by model
Null (Null) fGC -other fixed effects* + Used toassess which rank models
random effects** performed better than a model without
rank.
Ordinal rank (Ord) fGC ~ ordinal ether fixed Average per capita resource competition
effects + random effects increases as group size increases and

increases linearly with each step down in
the ordinal rank hierarchy.

Proportional rank fGC ~ proportional ether fixed Average per capita resource competition

(Prop) effects + random effects relatively constant across group sizes anc
increases linearly with each step down in
the proportional rank hierarchy.

Elo rating (Elo) fGC ~ elo #ther fixed effects + Average per capita resource competition

random effects not necessarily a function of group size ai

is higher in loweranking individuals. The
relationship between competition and ran
is not necessarily linear because it depen
upon power differentials between
adjacentlyranked dyads.

Alpha (Alpha) fGC ~ alpha/not ether fixed Average per capita resource competition
effects + random effects discontinuously lower for the highest
ranking female in each group.
High middle low (Hi  fGC ~ high/mid/low ®ther Average per capita resource competition
Mid-Low) fixed effects + random effects relatively constant across group size, but

highest in lowranking females and lowest
in highranking females.
Alpha + ordinal rank fGC ~ alpha/not + ordinal + Average per capita resource competition
(Alpha+Ord) other fixed effects + random  discontinuously low for the highesanking
effects female in each group, but nealpha
females still compete with each other as i
the ordinal rank model.
Alpha + proportional fGC ~ alpha/not + proportional Average per capita resource competition
rank (Alpha+Prop) +other fixed effects + random discontinuously low for the highesanking
effects female in each group, but nealpha
females still compete with each other as i
the proportional rank model.

* otherfixed effects = age (continuous), reproductive status (cycling, pregnant, PPA), season (wet, dry),
group size (number of adult femalestransformed), group siZestorage time as fecal powder
(continuous), storage time in methan@ontinuous)

** random effects = individual ID (categorical) with random slope of age, social group with random
intercept (categorical), hydrological year with random intercept (categorical)
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Additional models. We also re-ran all models using a dataset that included each

individual’s genetic hybrid score as a continuous fixed effect (hybrid scores exist for only 192 of
the 237 study subjects). Across all models, the fixed effect of hybrid score showed a 95%
confidence interval that was highly overlapping with zero (Table 14). In addition, Alpha models
with and without hybrid score were within 2 AIC units of each other (AIC with hybrid score = -
9167.07, AIC without hybrid score =-9167.96, DAIC = -0.89). All other predictors showed
comparable estimates and confidence intervals to the main models. Therefore, to retain a larger

sample size, we excluded hybrid score in our main analysis.

1.2.6 Assessing correlations among variables & model assumptions

Because the lowest ordinal ranks (those with the highest numerical values) only occur in
the largest groups, ordinal dominance rank was correlated with the number of adult females in
the group. Variance inflation factors (VIFs) were calculated using the farawaypackage in R
version 3.3.3 to assess collinearity between rank and group size (Faraway, 2016). VIFs for group
size and group size? in all 8 main models were greater than 27. Because of this inflated variance,
group size was z-transformed. VIF scores for group size and group size? were <1.31 and <1.29,
respectively, after transformation for all models. No other fixed effects showed inflated VIFs in
the models used for this analysis; VIFs of all other predictors in all models were < 1.43.

To check assumptions of normality and homogeneity, we visually inspected quantile-
quantile plots and plots of residuals against fitted values. No violations of model assumptions
were detected in any case.

Conditional and marginal R? were calculated for the Alpha model using the performance

package in R version 3.3.3 (Ludecke et al., 2020).
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1.3 Results
1.3.1 Comparison of rank metrics: Alpha status was best predictor of f{GCs

To test which rank metric provided the best prediction of fGC concentrations, we
compared AIC scores for models that used different rank metrics. The Alpha model had the
lowest AIC value and thus was the most preferred model (Table 2). The Alpha+Prop and
Alpha+0rd models were the only other models within 2 AIC units of the Alpha model, indicating
that they performed similarly to the Alpha model, though the Alpha+Ord model was at the 2-unit
threshold (Table 2). These three models were also the only ones with AIC scores > 2 units smaller
than the Null model, indicating that they substantially improved model fit relative to a model
without dominance rank (Table 2). The Alpha model explained 25.9% of the variation in fGC
concentrations (conditional R? = 25.9%, marginal R? = 9.9%). See Table 15 for R? values of all
models.

The Prop model was preferred over the Null model, but it was within 2 AIC units of the
Null. The Elo, Ord, and Hi-Mid-Low models performed worse than the Null model, indicating that
adding either of these ranking methods worsened the ability of the model to predict fGC
concentrations, although the Elo and Ord models performed only slightly worse than the Null
model (Table 2). When comparing the three enumerated rank measures, the Prop model
outperformed the Ord model (DAIC = 2.7) and neared the 2-unit threshold against the Elo model

(DAIC = 1.9), but the Elo model was comparable in performance to Ord (DAIC = 0.8, Table 2).
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Table2. AIC results for the 8 statistical mode®rdered by AIC score from most to least preferred model,
along withDAICs calculated relative to the Alpha and Null models; models < 2 AIC units smaller than the
Nullmodel have a light grey background; the Null model and models that performed worse than the Null
have a dark gray background; seablel for model information.

Model AIC DAIC to Alpha DAIC to Null
Alpha -9736.07 0.00 -8.68
Alpha+Prop -9734.68 1.39 -7.29
Alpha+Ord -9734.07 2.00 -6.68
Prop -9728.76 7.30 -1.38
Null -9727.39 8.68 0.00
Elo -9726.90 9.16 0.48
Ord -9726.09 9.97 1.29
Hi-Mid-Low -9724.64 11.43 2.75

1.3.2 The relationship between rank and fGC.: Higher fGCs in lenaking femalebaboons

In support of our prediction, lower dominance rank predicted higher fGC concentrations
in all models that outperformed the null model (DAIC > 2 relative to the Null, which included the
Alpha, Alpha+Prop, and Alpha+Ord model; Table 3, Figure 2). The rank coefficients from the Alpha
model indicated that alpha females were predicted to have fGC concentrations 8.2% lower than
all other adult females in their group (95% Cl = 3.2 - 13.4%; Table 3, Figure 2). The rank
coefficients for the Alpha+Prop model indicated that controlling for the alpha effect, f{GC
concentrations were predicted to increase by 1.9% from the highest-ranking to the lowest-
ranking female in each group, regardless of group size (coefficient = -1.9%, 95% Cl =-6.5 - 2.9%,
Table 3, Figure 2). Similarly, the rank coefficients for the Alpha+0Ord model indicated that,
controlling for the alpha effect, each step down in ordinal rank predicted a 0.002% increase in
fGC concentration (95% Cl =-0.3 - 0.3%, Table 3, Figure 2). Notably, both the proportional rank
effect in the Alpha+Prop model and the ordinal rank effect in the Alpha+Ord model have
confidence intervals that highly overlap with O (Table 3, Figure 2). The Prop model performed

marginally better than the Null model, and the limit of the 95% confidence interval was very close
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to 0. In the Prop model, the lowest-ranking individual in a group was predicted to have fGC
concentrations 4.2% higher than the highest-ranking individual in a group (coefficient = -4.2, 95%
Cl=-8.4-0.27%, Table 3, Figure 2). We interpret these results as a weak effect of proportional
rank on fGC concentration. See Table 16 for results of the Null, Elo, Ordinal, and Hi-Mid-Low

models.

Table3. Converted estimatés 95% confidence intervals, and interpretatfofor the 4 models that
performed better than the Null modefee S4 for model results of the other 4 models.

Model & Predictof Estimate® Lower 95% Upper 95% Interpretation
Alpha

Intercept 44.85 40.76 49.35 fGC>0

Rank: Alpha vs Not 8.18 3.20 13.40 non-alpha > alpha

Age 1.17 0.86 1.48 old > young

Repro: C vs PPA 0.16 -1.49 1.84 -

Repro: C vsP 22.15 19.94 24.41 pregnant > cycling

Season: Wet vs Dry 9.81 8.31 11.32 dry > wet

Group Size 0.88 -1.11 2.91 -

Group Sizé 0.99 -0.03 2.02 small & large > mid

Storage Time: Powder 23.25 18.02 28.72 more time > less

Storage Time: Methanol 12.86 10.36 15.43 more time > less
Alpha+Prop

Intercept 45.57 41.09 50.54 fGC>0

Rank: Alpha vs Not 7.44 2.19 12.96 non-alpha > alpha

Proportional rank -1.89 -6.46 2.90 -

Age 1.17 0.86 1.49 old > young

Repro: C vs PPA 0.16 -1.49 1.84 -

Repro: Cvs P 22.16 19.94 24.41 pregnant > cycling

Season: Wet vs Dry 9.80 8.30 11.32 dry > wet

Group Size 0.96 -1.04 2.99 -

Group Sizé 0.98 -0.04 2.01 small & large > mid

Storage Time: Powder 23.20 17.97 28.67 more time > less

Storage Time: Methanol 12.86 10.35 15.42 more time > less
Alpha+Ord

Intercept 44.84 40.73 49.37 fGC>0

Rank: Alpha vs Not 8.17 3.02 13.58 non-alpha > alpha

Ordinal rank 0.002 -0.25 0.25 -

Age 1.17 0.86 1.48 old > young
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Repro: C vs PPA
Repro: Cvs P
Season: Wet vs Dry
Group Size

Group Size

Storage Time: Powder

0.16
22.15
9.81
0.88
0.99
23.25

Storage Time: Methanol 12.86

Prop
Intercept
Proportional rank
Age
Repro: C vs PPA
Repro: Cvs P
Season: Wet vs Dry
Group Size
Group Sizé
Storage Time: Powder

49.60
-4.16
1.13
0.19
22.18
9.77
1.19
0.86
23.11

Storage Time: Methanol 12.78

-1.49
19.94
8.31
-1.19
-0.03
18.01
10.36

45.57
-8.38
0.83
-1.46
19.96
8.27
-0.80
-0.15
17.88
10.28

1.84
24.41
11.32
2.99
2.02
28.72
15.43

53.99
0.27
1.43
1.87
24.44
11.29
3.23
1.88
28.58
15.34

pregnant > cycling
dry > wet

small & large > mid
more time > less
more time > less

fGC >0

low > high

old > young
pregnant > cycling
dry > wet

small & large > mid
more time > less
more time > less

a For all categorical variables, the first category listed was the base level.

b TheEstimate and 95% confidence interval columns have been antilogged, subtracted by 1, and then
multiplied by 100 to indicate the percent change in f{GC associated with an increase of one unit of the
predictor variable. For example, 1.17 for age implies &%.Iincrease in f{GC for every year a female
baboon ages, andl.16 for proportional rank implies a 4.16% decrease in fGC from proportional rank of

0 to 1. The intercepts were antilogged only.

¢ Repro = reproductive status; C = cycling; PPA=garsim anenorrhea; P = pregnant
d Group size is the number of adult femaledransformed to avoid variance inflation.
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Model Rank Predictor

Alpha Alpha | | =
g |
Alpha+Prop Proportional rank 1 ' @
Alpha 1 1 B
: |
Alpha+Ord Ordinal rank 4 -IQ-
Alpha 1 1 @
1
Prop Proportional rank 1 @
1
Elo Elo rating 1 o &
1
Ordinal rank 1
1
Hi-Mid 4 B
Hi-Mid-Low ) !
Hi-Low ’ &
0 5 10

Rank Estimate Converted to % Change in fGC

Figure2. Comparison of rank estimates across the seven models that contained rank. Estimates (points)
and 95% confidence intervals (lines\e been converted to percent change in fGC to facilitate
comparison by antilogging, subtracting by 1, and then multiplying by 100. All estimates and confidence
intervals are also arranged so that positive values indicate higher f{GC concentration indokieg
individuals (i.e., values for proportional rank and Elo rating were multiplied)oyfach model is indicated

by a unique color. Models are ordered by AIC value, with the most preferred model, Alpha, at the top.
Models that were within 2 AIC unitsnaller than the Null model are shown with a light grey background,
and models that had AIC scores larger than the Null model are showed in with a dark grey background.
The ordinal rank coefficients appear small because awniechange in ordinal rank imuch smaller than

a oneunit change in all other predictors.

1.3.3 The effects of age, reproductive status, season, group size, and storage time

Consistent with previously published results, f{GC concentrations were higher in smaller
and larger groups than medium-sized groups (Markham et al., 2015). fGC concentrations were
also higher in older individuals, during the dry season than during the wet season, and during
pregnancy compared to cycling and PPA (Altmann et al., 2010; Gesquiere et al., 2008; Gesquiere,
Onyango, et al., 2011) (Table 3). Both storage time variables were strong predictors of fGC, with
fGC concentration predicted to increase by approximately 23.3% for every year a fecal sample
was stored as fecal powder between sample collection and methanol extraction and 12.9% for
every year a fecal sample was stored in methanol between extraction and assay (fecal powder:

95% Cl = 18.0 — 28.7%; methanol: 95% Cl = 10.4 — 15.4 in Alpha model, Table 3). All of these
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estimates were very similar for all models. Coefficients and standard deviations for random
effects are reported in Table 17. Variance in fGC concentrations explained by each fixed effect

predictor of the Alpha model are reported in Table 18.

1.4 Discussion
1.4.1 Summary of results

In general, higher dominance rank was associated with lower fGC concentrations in
female Amboseli baboons. This effect was best predicted by a model in which alpha females were
treated as a separate category from all other females; all models that treated alpha females as a
separate category, including the Alpha, Alpha+Prop, and Alpha+Ord models, were preferred over
the Null model. In the Alpha model, which showed the lowest AIC score, alpha females were
predicted to have fGC concentrations 8.2% lower than all other females. These results are
broadly consistent with our original hypothesis that low-ranking females have more frequent HPA
activation than high-ranking females, but our original hypothesis also failed to fully capture the
nuances of the competitive landscape for female baboons in our population. A more accurate
model is that alpha females experience substantial reductions in fGC levels compared to non-
alpha females — indicating less HPA axis activation — while proportional rank has very modest
linear effects on log(fGC) levels for all other females in the hierarchy, with higher fGC levels in
lower-ranking individuals.

In addition to our findings about dominance rank, we also found that storage time both
as fecal powder and in methanol can have a substantial effect on GC concentrations. Our results

are only observational, however, and we encourage future researchers to perform more long-
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term tests (>1 year) of storage effects on fecal hormone concentrations (e.g., Hunt & Wasser,

2003; Shutt et al., 2012).

1.4.2 Alpha status as a predictor of f{GC concentration

We found that alpha females experience substantially lower fGCs than other females in
the hierarchy. These findings suggest a discontinuity in the stressors experienced by alpha
females compared to non-alpha females. We were surprised to observe this pattern: differences
in fGCs between alpha and non-alpha individuals are most commonly observed in cooperatively-
breeding species, or in other contexts in which resources are discontinuously distributed so that
alpha individuals benefit disproportionately (e.g., alpha males often have priority of access to
mating with estrus females).

Why might alpha females have disproportionately lower fGC concentrations than other
females? We propose two possible explanations. First, in the Amboseli baboon population, alpha
females maintain their rank longer than non-alpha females: alpha females rarely lose rank to their
mature daughters as they age, while this type of rank loss with age is typical for lower-ranking
females (Combes & Altmann, 2001). Importantly, changes in dominance rank have been
associated with increases in f{GC concentrations in female chacma baboons, particular for low-
ranking females (Engh et al., 2006). Hence, alpha females might have lower fGCs because they
experience fewer rank changes than non-alpha females, thus evading the stressors associated
with rank shifts. Second, females may receive aggressive acts primarily from females that rank
directly above them, similar to Archie et al’s (2014) hypothesis. If so, then alpha females are in a

particularly privileged position by having no females ranked above them.
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Whereas the alpha vs non-alpha rank metric produced the three most preferred models
(Alpha, Alpha+Prop, Alpha+Ord models), the other categorical rank metric, Hi-Mid-Low, produced
a model that fared worse than the Null model. This result highlights the importance of thinking
carefully before categorizing a continuous variable. The alpha vs non-alpha model tests the
specific hypothesis that competition is different for alpha versus non-alpha individuals, but the
high-middle-low predictor is essentially a simplified version of testing a linear, quadratic, or
piecewise proportional rank effect; creating these categories may simply add noise to a
continuous effect. Though studies commonly categorize ranks, our study along with Gesquiere et
al. (2011) support the idea that in group-living species without clear reproductive roles,
dominance rank is best treated by enumerating ranks and/or differentiating alphas from non-

alphas.

1.4.3 Proportional rank and ordinal rank

The better performance of the proportional rank model (Prop) than the ordinal rank
model (Ord) is similar to the pattern documented by Archie et al (2014), who reported that injury
risk in female Amboseli baboons was better predicted by proportional rank than by ordinal rank.
Further, in spite of the observation — reported here and in previous work (Markham et al., 2015)
—that average fGC concentrations are lowest in mid-sized social groups, our findings from the
Prop and Alpha+Prop models suggest that, with the exception of the alpha females, the percent
change in fGC concentration between high- and low-ranking females in a group may remain
somewhat constant across group sizes.

The better performance of proportional than ordinal rank in predicting fGC

concentrations is particularly salient because proportional and ordinal rank metrics make
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different assumptions about the resource-driven competitive regimes acting within a group. As
noted above, an ordinal rank metric assumes that the average per capita resource competition
increases as group size increases (i.e., the group’s resource base stays constant as group size
increases), and that this increase in competition is disproportionately experienced by low-ranking
females. In such a scenario, the number of individuals that are ranked above the focal individual
is the most relevant factor that determines their access to resources. In contrast, a proportional
rank metric — which was preferred over the ordinal metric in our study —assumes that average
per-capita resource competition stays relatively constant with group size (i.e., the resource base
is larger in larger groups). In this scenario, the lowest-ranking female in a given group is still the
most disadvantaged individual with respect to competition, but the lowest-ranking female in a
large group does not experience disproportionately more competitive exclusion than the lowest-

ranking female in a small group.

1.4.4 Differences amang studies of female baboons

Six prior studies investigated the relationship between female rank and GC
concentrations (either feces or serum) in baboons, including two studies of the Amboseli
population (Amboseli [Papio cynocephalus]: Beehner, Nguyen, et al., 2006; Sapolsky et al., 1997)
(chacma baboons [Papio ursinus]: Crockford et al., 2008; Seyfarth et al., 2012; Weingrill et al.,
2004; Wittig et al., 2008) (Table 19). Of these six, only two, both in chacma baboons, revealed a
statistically significant relationship between dominance rank and fGC concentrations. In both
cases, high-ranking females had lower fGC concentrations than low-ranking females, as in our
study: one study showed a simple linear relationship between rank and fGC concentrations, while

the other showed that high-ranking chacma females experienced more rapid decreases in fGC
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concentrations after a period of male rank instability (Seyfarth et al., 2012; Wittig et al., 2008).
One of these studies measured rank proportionally (Seyfarth et al 2012), and the other measured
rank ordinally (Wittig et al 2008). The other four studies showed no statistically significant
association between female baboon rank and GC concentrations.

Our results shed some light on possible sources of difference between these studies of
rank and GC concentrations in female baboons. First, the studies differed in the rank metric they
used. Three of these six studies used the ordinal rank metric, one used the proportional rank
metric, one used the high-middle-low categorical rank metric, and in one study the rank metric
was not stated but was likely ordinal or proportional (Table 19). No studies tested an alpha-or-not
rank metric. Most of these studies only included one study group and/or spanned a short time
period — conditions under which proportional and ordinal rank will be highly correlated. However,
Beehner et al’s (2006) study in Amboseli used ordinal rank measures for females in five social
groups over five and a half years, raising the possibility that a main effect of proportional
dominance rank was missed in that analysis. In a re-analysis of samples from that publication, we
did not find a statistically significant effect of alpha status or proportional rank on fGC
concentrations, though this could be due to relatively low statistical power in this dataset (paipha =
0.569, Pproportional = 0.205, N=1,209 samples from 67 pregnant females, see Re-analysis of Beehner
et al (2006).

Second, the method of analysis may be important (e.g., computing a correlation vs.
running mixed effects models). All previous studies of female baboons included other variables
likely to be associated with GCs, either via multivariate regressions, mixed effects regressions, or
ANCOVA analyses (Table 19). Two main methodology differences occurred across studies: (1)

some studies included random effects such as individual identity and some did not, and (2) some
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studies calculated mean GC concentrations over standard time periods as the unit of analysis
(e.g., a monthly measure of GC) while other studies used each sample as a data point. Whereas
differences in the model types used for analysis are unlikely to account for differences between
studies (i.e., regression vs. ANCOVA), the use of fixed effects and the data processing techniques
may contribute to difference between studies. For example, if we remove the random effect of
individual from the Ord model, ordinal rank predicts a 0.20% increase in fGC for every step down
in rank, with a confidence interval that no longer overlaps with zero (95%Cl = 0.07% - 0.32%).

Third, temporal or spatial variation may occur in demographic or environmental variables
that affect GC secretion. Indeed, the six studies spanned two baboon species, three baboon
populations, and different habitats, durations, demographic contexts, and time periods. Within-
group competition may vary across populations, groups, years, and seasons; when within-group
competition is high, we would expect a stronger relationship between dominance rank and fGC
levels. Therefore, demographic or environmental factors are likely sources of differences among
these studies.

Finally, all of the studies employed sample sizes that were at least an order of magnitude
smaller than ours, indicating that effects of dominance rank on GCs in female baboons may be
small and noisy enough to require a large dataset for detection (Table 19). To examine the
statistical power of previous studies while assuming the same effect size as our study, we
performed a power analysis by randomly sub-sampling our dataset 10,000 times, each time
selecting the same number of study subjects and fecal samples as two prior studies in Table 19
(532 fecal samples from 22 females: Wittig et al 2008; 260 fecal samples from 10 females:
Weingrill et al 2004; see Power analysis). We ran each sub-sample in the Prop model and

calculated the proportion of replicates that yielded statistically significant p-values of
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proportional rank (p ¢ 0.05). (We did not replicate this analysis with the Alpha model because
these models would have relied on extremely small sample sizes of alpha females.) In these
replications based on samples sizes from Wittig et al (2008) and Weingrill et al (2004), 9.6% and
12.7% and of sub-samples produced a statistically significant effect of proportional rank,

respectively (Figure 3 and Power analysis).
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Figure3. The distribution of proportional rankalues resulting from reunning the Prop model with
subsampled datasets that replicate sample sizes of two prior studies. The red lingésdica 0.05Top:
simulation of sample size in Wittig et al (2008), in which 9.6% of replicates ©&dp; bottom:

simulation of sample size in Weingrill et al (2004), in which 12.7% of replicatestha@ P For more
information about this analysiseePower analysis

1.4.5 Comparison with male baboons

Our results for female baboons contrast with findings from male baboons. In several
studies, high-ranking males experienced higher fecal or serum GC concentrations than middle- or
low-ranking males, especially during periods of rank instability. (Bergman et al., 2005; Cheney et
al., 2015; Gesquiere, Learn, et al., 2011; Sapolsky, 1983). Male baboons in Amboseli show two

distinct rank-related patterns of fGC concentrations: elevated fGC concentrations for the alpha
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male, but relatively low concentrations for the second-ranking (beta) male and a progressive
increase in fGC concentrations between the beta male and lower-ranking males (Gesquiere,
Learn, et al., 2011). Gesquiere et al. (2011) also demonstrated that alpha males spent more time
engaged in energetically costly activities — maintaining dominance rank and mate guarding — than
beta males, which may explain the higher fGC concentrations for alpha males compared to other
high-ranking and mid-ranking males. The authors also hypothesized that lower ranking males are
exposed to higher rates of aggression and have more limited access to food than higher ranking
males, which would explain higher fGC concentrations in low-ranking males.

Our models indicated that alpha females experienced lower, not higher, fGC
concentrations than other females in the hierarchy. The finding of discontinuously lower fGC
concentrations in alpha females compared to non-alpha females suggests that high-ranking
females do not experience the types of energetic costs that males seem to incur by maintaining
high dominance rank; instead, these alpha females may experience reduced energetic or
psychosocial stressors than their group-mates by being at the top. Similar to findings in males, we
also observed a weak continuous effect in the non-alpha individuals, with low-ranking individuals
having higher fGC concentrations (proportional rank in females, ordinal rank in males).

Hierarchies determined by nepotism or queuing are hypothesized to have weaker
relationships between rank and GC concentrations than hierarchies determined by physical
contests (Creel et al., 2013; Goymann & Wingfield, 2004; Sapolsky, 2005). In line with this
hypothesis, our effect size for Amboseli female baboons was smaller than the effect size seen in
Amboseli males. Our Alpha model predicted a 8.2% difference between alpha and non-alpha
females, whereas findings from males predicted a 10.7% difference between the alpha and non-

alpha males. In the continuous rank measures — proportional rank in females, ordinal rank in
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males — there was also a difference in magnitude. The Prop model predicted a 4.2% increase in
fGC concentrations from the highest- to lowest-ranking individual in a group. In males, there was
a predicted 0.995% increase in for every 1-unit increase in ordinal rank (Gesquiere, Learn, et al.,
2011), which is equivalent to a 9.3% increase from rank 2 to rank 11 (mean monthly adult male
group size during this study period = 11.1). The difference in effect sizes between males and
females suggests that dominance rank is more closely associated with changes in fGC secretion in
males, who must fight for high rank, than in females, who inherit rank from their mothers (Lea et

al., 2014).

1.4.6 Social factors contributing to rank effects

We hypothesize that both psychosocial stressors and the level of resource equity are
influential in mediating the relationship between rank and fGC concentrations in female baboons.
In the case of psychosocial stressors, low-ranking females in Amboseli receive higher rates of
aggression and lower rates of grooming than high-ranking females (Akinyi et al., 2013). These
patterns are typical across many primate species (Schino, 2001; Seyfarth, 1977). Allogrooming is
thought to relieve stress or tension (Boccia et al., 1989; Terry, 1970), with evidence in baboons
that (1) females who receive grooming from or give grooming to a relatively small number of core
associates have both lower fGC concentrations and show a smaller increase in fGC concentrations
during male rank instability compared to females who groom with a larger number of associates,
and (2) cycling females who receive more grooming than they give show lower fGC
concentrations than females who give more than they receive (Crockford et al., 2008; Wittig et

al., 2008).
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In addition, several lines of evidence indicate that resource acquisition is not evenly
distributed across female baboons of different dominance ranks, in Amboseli and elsewhere. In
Amboseli, low-ranking females experienced more feeding interruptions than high-ranking
females (Post et al., 1980). Further, low-ranking female Amboseli baboons had longer inter-birth
intervals, offspring with later sexual maturation, and slower-growing offspring than high-ranking
females, suggesting rank-related differences in resource access (Altmann & Alberts, 2003, 2005).
Unequal energetic resource access as a function of dominance rank is a ubiquitous finding across
group-living animals; evidence of this pattern, such as rank-related differences in reproductive
rate, has been observed in other baboon populations, in other primate species, and in other
mammal species (e.g., baboons [Papio ursinus, Papio anubis]: Barton et al., 1996; Barton &
Whiten, 1993; Cheney et al., 2006); (other primates [Macaca fuscata, Macaca fascicularis,
Cercopithecus aethiops]: Iwamoto, 1974, Saito, 1996; van Noordwijk & van Schaik, 1999;
Whitten, 1983); (other mammals [Suricata suricatta, Crocuta croclitenglish et al., 2014;
Holekamp et al., 1996); (for review see: Clutton-Brock & Huchard, 2013); (but see Majolo et al.,
2012). Thus, we hypothesize that for female baboons, low rank is associated with (1) increased
psychosocial stressors due to increased aggression rates and lack of coping mechanisms and (2)

increased energetic stressors due to decreased resource access.

1.4.7 Future directions

Advances in the study of hormone metabolites and other compounds in wild animal
excreta have allowed tremendous progress in our ability to ‘get under the skin” of wild animals
using noninvasive research techniques (e.g., Higham et al., 2015; Lafferty et al., 2015; Podlesak et

al., 2005; Romero, 2002; Thompson et al., 2009; Wasser et al., 2010). These techniques have
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allowed us to measure components of the stress response, diet, energetic balance, and immune
function, all in the context of an organism’s life history and environment. The resulting findings
have provided insight into species differences and sex differences in behavior and physiology that
would not have been possible through observational research or laboratory-based experimental
work alone. As fecal and urine sample collections from wild animals continue to grow, these
insights will only expand as we gain not only statistical power, but also the longitudinal data
needed to test important ecological, conservation, and evolutionary hypotheses about
interactions between organisms and their environments (e.g., Badescu et al., 2017; Dantzer et al.,,
2016; Melissa Emery Thompson et al., 2016a). We also see important opportunities for cross-
study comparative work, involving collaborations across multiple laboratories and syntheses
across literature from diverse taxa (e.g., Beehner et al., 2009; Coe et al., 1992; Creel, 2001). In
addition, we look forward to research that investigates to what degree, under which conditions,
and in which taxa we can measure associations between physiology and fitness (Beehner &
Bergman, 2017; Bonier et al., 2009; Creel et al., 2013).

With respect to studies of dominance rank, our study highlights the importance of
choosing the best rank metric to measure a trait of interest. Only a handful of studies to date
have described or examined the assumptions underlying their choice of rank metric. We see
value in taking a new approach, in which researchers attempt to match their choice of rank
metric to their study system by drawing on behavioral-ecological theory or empirical evidence.
This could be achieved by testing more than one rank metric when testing hypotheses about the
competitive environments acting in a given population. In addition, we are interested in testing
the strength of the association between female baboon dominance rank and GC levels across

different environmental, physiological, and social conditions, similar to work done in other study
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systems (e.g., Foerster et al., 2011; Rubenstein, 2007; Thompson et al., 2010). Doing so will help
reveal when individuals experience the most intense within-group competition. We hypothesize
that the relationship between dominance rank and fGC levels will be strongest during periods of
greater within-group competition. In addition, the nature of the competition may determine
which dominance rank metric best models the relationship between rank and fGCs. For example,
a period of low food availability may affect all group members relatively equally, and this period
of increased within-group competition may be best modeled using proportional rank as opposed
to alpha status. We also see a gap in our understanding of the ‘shape’ of rank-associated
phenotypes; we tend to model continuous rank metrics linearly or occasionally quadratically, but
competitive environments that can become saturated could produce data that are best fit to a
piecewise function or log-linear curve. Thus, further investigation into the competitive
environment, via model comparison or looking directly at resource availability and competition, is

needed.
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2.1Introduction

In group-living animals, individuals can often be linearly ranked according to their priority
of access to resources or their ability to win conflicts (e.g., insects (Ewing, 1972; Huber, 1802),
crustaceans (Bovbjerg, 1953; Correa et al., 2003), fish (Newman, 1956; Oliveira & Almada, 1996),
birds (Piper, 1997; Schjelderup-Ebbe, 1922) and mammals (Clutton-Brock et al., 1984; Holekamp
& Smale, 1991)). The resulting dominance hierarchies are associated with a wide range of traits,
including physiology (Creel, 2001; Sapolsky, 1993), immunity and disease risk (Habig et al., 2018;
Snyder-Mackler et al., 2016), behavior (Majolo et al., 2012; Schino, 2001), reproductive success
(Clutton-Brock et al., 1984; Majolo et al., 2012), longevity (Ekman, 1990; Majolo et al., 2012), and

offspring survival (Majolo et al., 2012; Pusey et al., 1997; Silk et al., 2003). The causes and
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consequences of dominance rank are therefore integral to our understanding of the evolution of
animal behaviors and life-history strategies.

When studying these causes and consequences, particularly in societies with linear
hierarchies, researchers commonly use any one of several ordinal or cardinal rank metrics.
Ordinal rank metrics designate each individual's order in the dominance hierarchy, either by using
the simple integer order (1 through n, hereafter called ‘ordinal rank’) or by scaling the integer
order by group size (producing ‘proportional’ rank, also referred to as ‘relative’ or ‘standardized’
rank; e.g. (Archie, Altmann, et al., 2014; Benavides et al., 2012; Harcourt & Stewart, 1987;
Huchard et al., 2010; Kerhoas et al., 2014; Langergraber et al., 2017; Packer et al., 2000;
Thompson & Cords, 2018)). Cardinal rank metrics employ a range of possible approaches that
allow researchers to estimate not only an ordinal ranking, but also the magnitude of power
differences between adjacently ranked individuals (Albers & De Vries, 2001; David, 1987;
Newman, 1956).

Often, researchers choose one of these dominance rank metrics without stating the
assumptions that the metric makes about the nature of rank-based competition (but see Archie,
Altmann, et al., 2014; Harcourt & Stewart, 1987; Huchard et al., 2010; Kerhoas et al., 2014;
Langergraber et al., 2013; Langergraber et al., 2017; Levy, Gesquiere, MclLean, Franz, Warutere,
Sayialel, Mututua, Wango, Oudu, & Altmann, 2020; Rakhovskaya, 2013). The choice of a given
rank metric is important because studies sometimes find differences in the ability of different
rank metrics to predict rank-related traits, even in the same population. For example, Archie et
al. (2014) demonstrated that proportional rank, but not ordinal rank, predicted risk of injury in
female baboons in the Amboseli ecosystem in Kenya. In the same population, proportional rank

was also a better predictor of females' fecal glucocorticoid concentrations than ordinal rank
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(Levy, Gesquiere, McLean, Franz, Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann, 2020).
These studies highlight the need to understand the contexts in which one rank metric predicts a
trait better than another.

Here, we examine the ability of two different rank metrics to predict 20 sex- and age-
class-specific traits in the Amboseli baboon population (Table 20). To keep the scope of our
analysis reasonable, we focus on two ordinal rank metrics rather than cardinal metrics, but we
discuss potential extensions to cardinal metrics in the Discussion section. Specifically, we
compare ordinal rank (an integer-order system, commonly referred to as just ‘ordinal rank’) with
the metric most commonly known as ‘relative’ or ‘standardized’ rank, but which we refer to as
‘proportional’ rank because this term describes more precisely the nature of the metric. We had
two goals. First, we explicitly identify the assumptions each metric makes about the underlying
competitive landscapes that shape rank-related traits. In doing so, we identify theoretical
scenarios in which we expect either ordinal or proportional rank to be a better measure of
competitive interactions and, therefore, a better predictor of rank-related traits. Second, we
identify which rank metric (ordinal or proportional) best predicts a wide range of rank-related
traits in wild baboons, with the aim of better understanding density-dependent versus density-

independent patterns of resource distribution and access in a complex animal society.

2.1.1 Assumptions of ordinal rank and proportional rank

As described above, an individual's ordinal rank reflects the order in which an individual

appears in a linear dominance hierarchy (i.e. ranks 1, 2, 3 ... n, where nis the total number of
individuals in the hierarchy; Figure 4)(Bernstein, 1981; Richards, 1974; Schjelderup-Ebbe, 1922).

By contrast, proportional rank accounts for the number of individuals being ranked (i.e. it
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accounts for hierarchy size) by measuring the proportion of other individuals in a hierarchy that
an individual outranks (Figure 4)(Archie, Altmann, et al., 2014; Benavides et al., 2012; Harcourt &
Stewart, 1987; Huchard et al., 2010; Kerhoas et al., 2014; Langergraber et al., 2017; Packer et al.,
2000; Thompson & Cords, 2018). For example, an individual with proportional rank 0.75 outranks
75% of other individuals in its hierarchy. When the number of individuals in the hierarchy does
not vary in a given dataset, ordinal and proportional ranks are perfectly correlated. However, if
the study contains multiple social groups with different hierarchy sizes, or if hierarchy size varies
over time, then ordinal and proportional ranks are no longer interchangeable (see Identifying

changes in the relationship between ordinal and proportional ranks over time; Figure 22; Figure

23).
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Figure4: Differences between proportional aratdinalrank in two differently sized hierarchies. Ranks
with darker shading have a competitive advantage over those with lighter shatlrgfifthranking
individual in each hierarchy is demarcateidh a white border. Under an ordinal rank framework, being
ranked fifth confers the same competitive advantages independent of hierarchy size. Under a
proportional rank framework, being rankdith is more advantageous in a hierarchy of 9 (proportional
rank = 0.5) than in a hierarchy of 5 (proportional rank = 0). Adapted frometey(2020)
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As a theoretical example of a situation in which ordinal and proportional ranks are not
interchangeable, consider a hierarchy that contains five males. Those males will have ordinal
ranks 1-5 and proportional ranks 1, 0.75, 0.5, 0.25 and O (Figure 4, n=5). If, over time, four more
males join the group and are ranked at the bottom of the hierarchy, the ordinal ranks of the
original five males will remain the same, but their proportional ranks in the larger hierarchy will
be 1, 0.875, 0.75, 0.625 and 0.5 (Figure 4, n=9; Figure 23). In this situation, a researcher who
uses ordinal rank would conclude that the fifth-ranking male in the hierarchy remained in a
constant competitive position throughout the entire study period, whereas a researcher who
uses proportional rank would conclude that the fifth-ranking male transitioned from a rank of O
to 0.5, a major change in dominance rank. Which researcher is correct? The answer depends on
the nature of the competitive interactions for which dominance rank serves as a proxy.

The relationship between hierarchy size and resource availability is integral to the
assumptions underlying the use of ordinal versus proportional rank metrics (Figure 5, Table 22).
Using ordinal rank assumes that the resource base over which individuals compete will not
increase as group size increases (Figure 5, orange lines). The result will be more intense
competition, on average, in larger groups and a worse outcome for the lowest-ranking individuals
in larger compared with smaller groups. In this scenario, the most salient dominance measure for
a focal individual is how many individuals are ranked above that individual. For example, in non-
synchronous, non-seasonal breeders such as baboons, no more than one or two females are
likely to be in estrous on any given day, even in groups with many females (other females may be
pregnant, lactating or in a non-estrous phase of their cycle). As group size increases, the daily
availability of estrous females increases more slowly than either the number of adult females or

the number of adult males in the group (Figure 5a). The result is a decline in males' average per
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capita access to estrous females as male hierarchy size increases (Figure 5b). If the male
dominance hierarchy functions like a queue in which males wait for mating opportunities, a
male's mating opportunities will not depend on the number of other males in his hierarchy per se
but instead upon the number of males that are ranked above him (Altmann, 1962)(Table 22,
competition for mates). In other words, the fifth-ranking male in a hierarchy of 5 will have the
same mating access as the fifth-ranking male in a hierarchy of 9. When average per capita
resource access is density-dependent, we expect ordinal rank to be a better measure of
competition and a better predictor of traits determined by that competition compared with

proportional rank.
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Figure5: (A) The theoretical and empirical relationships between male hierarchy sizgsfand resource
availability (yaxis) using the example e§trousfemale baboons, a resource over which male baboons
compete for mating success. & brange line shows a theoretical scenario in which the numbesbus
females in the group (total resource base) is constant as the number of males in the hierarchy increases;
in this case, male mating success (the resulting measured trait) wouldebeeted byordinalrank. The

purple line shows a scenario in which the numbeesifousfemales increases in proportion to the

number of males in the hierarchy; in this case, male mating success would be predicted by proportional
rank. The slope of the ange line is 0 and the interceptris, which designates the quantity of resources
available in a hierarchy size of 1 male£rQ.2estrousfemales in this figure). This valué, determines

the slope of the purple line; i.e. for proportional rank to femtly predict mating success, resource
availability must increase lnt, the quantity available to the first male, as each male is added to the
hierarchy. The empirical relationship between male hierarchy size and the numbstrofisfemales
(Amboseli laboon data; black points) is positive, but the slope is closer to the orange line than the purple
line. Thus, we expeardinalrank to best predict mating success. (B) Similar to (A), but the number of
estrousfemales is plotted per capita (i.e. per adaitle in the hierarchy). The orange curve illustrates the
case in which the resource stays constant across different hierarchy sizes; thus, average per capita
resource access declines as hierarchy size increases. The purple line illustrates the cadethrewhi
resource base increases proportionately with hierarchy size; thus, average per capita resource access is
fixed. The black points represent the same empirical data as in (A). Note that the framework above
assumes that any given individual's abilitynbaintain control of a resource is independent of group size.

By contrast, when average per capita resource availability is density-independent, such
that a larger hierarchy has a proportionately larger resource base, we expect proportional rank to
be a better measure of competition and a better predictor of traits determined by that

competition compared with ordinal rank (Figure 5, purple lines). This situation might occur, for
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instance, in competition for food if a hierarchy grows from five to nine individuals and its home
range nearly doubles in size (with nearly twice the amount of food). Unlike our mate competition
example, the third-ranking individual in the hierarchy of 5 has approximately equal access to food
as the fifth-ranking individual in the group of 9. In this scenario, the most salient dominance
measure for a focal individual is the proportion of individuals that it outranks. The individual
ranked 5 of 9 is outranked by four individuals, and the individual ranked 3 of 5 is outranked by
only two individuals, but both are dominated by 50% of their group mates, and the greater
resource base of the larger group means that these two individuals experience approximately the
same resource access (Figure 5, purple lines; Table 22, competition for food).

Density-dependent competition occurs when average per capita resource access
depends on hierarchy size (i.e. when resources do not increase proportionately with increases in
hierarchy size), while density-independent competition occurs when average per capita resource
access is independent of hierarchy size (because resources increase proportionately with
hierarchy size). We therefore predict that some rank-related traits will be better predicted by
ordinal rank and others will be better predicted by proportional rank. Furthermore, this
difference in predictive power should reflect the underlying competitive processes that shape the
resulting traits—specifically, the relationship between hierarchy size and resource base. We
assess this prediction by examining 20 traits measured as part of a long-term longitudinal study of
a wild baboon population, in which both sexes form linear dominance hierarchies. We make two
specific predictions about when we expect ordinal versus proportional rank to best predict a
given set of traits. First, because the average per capita number of estrous females in a group
does not increase proportionately with male hierarchy size, we predict that male traits associated

with mate competition should be better predicted by ordinal rank than by proportional rank
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(Figure 5)(Alberts et al., 2003). Second, we predict that female traits should be better predicted
by proportional rank than by ordinal rank. We make this prediction because home range size (and
thus access to food) increases roughly in proportion with group size (Isbell, 1991), and because
socioecological models predict that food competition is the most salient form of intra-sex
competition for females (Emlen & Oring, 1977), although other factors are also important (e.g.,
Sterck et al., 1997).

To date, only a handful of studies have tested the ability of different rank metrics to
predict traits of interest (Archie, Altmann, et al., 2014; Funkhouser et al., 2018; Johnson et al,,
1991; Levy, Gesquiere, MclLean, Franz, Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann,
2020; Rakhovskaya, 2013; Roberts & Cords, 2013). Several other studies have used simulated or
empirical data to assess whether different rank metrics produce different hierarchies, given the
same data (e.g., Balasubramaniam et al., 2013; Bang et al., 2010; De Vries et al., 2006; Douglas et
al., 2017, Foerster et al., 2016). By comparing differences in the ability of ordinal and proportional
rank metrics to predict 20 traits in a population of wild baboons, we perform the most extensive
comparison to date of the ability of different rank metrics to predict traits. Our findings reveal a
new way to understand competition acting in a gregarious animal society and facilitate the
generation of new hypotheses about the way that competition shapes a diverse range of traits in

social species.

2.2 Methods
2.2.1 Study population

The Amboseli Baboon Research Project is a long-term study of a natural population of

savannah baboons located in Kenya's Amboseli basin. Data collection began in 1971 and
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continues today (Alberts & Altmann, 2012). The population consists primarily of yellow baboons
(Papio cynocephalughat experience some naturally occurring admixture with olive baboons (P.
anubig(Alberts & Altmann, 2001; Tung et al., 2008; Wall et al., 2016). The number of social
groups under observation at any given time has ranged from 1 to 6, varying as a result of
logistical considerations or group fissions and fusions. All individuals in study groups are visually
recognized based on morphological and facial features. Near-daily demographic, environmental
and behavioral data have been collected throughout the study, and paternity data (beginning
around 1995) and endocrinological data (beginning around 2000) have been collected for part of
the study.

Our research is approved by the Institutional Animal Care and Use Committees (IACUC) at
Duke University, the University of Notre Dame and Princeton University. We adhere to all the
laws and guidelines of Kenya and to the Guidelines for the Treatment of Animals in Behavioral
Research and Teaching established by the Animal Behavior Society ("Guidelines for the treatment

of animals in behavioural research and teaching," 2012).

2.2.2 Calculation of dominance rank

We routinely calculate both ordinal ranks and proportional ranks for males and females
on a monthly basis. Only adult ranks are considered in this analysis. For traits measured in
immature individuals, maternal dominance rank is used as the predictor variable.

Dominance ranks are determined by assigning wins and losses in dyadic agonistic
interactions between same-sex individuals. Data on agonistic interactions are collected ad libitum
during daily data collection, typically while the observer is simultaneously carrying out random-

order focal animal sampling (Altmann, 1974). This sampling procedure ensures that observers

52



continually move to new locations within the social group and observe focal individuals on a
regular rotating basis. An individual is considered to win an agonistic interaction if they displace
another individual, or if they give only aggressive or neutral gestures while their opponent gives
only submissive gestures. All agonistic outcomes are entered into sex-specific dominance
matrices (i.e. adult males are ranked separately from adult females). Individuals are placed in
order of descending, sex-specific rank so as to minimize the number of entries that fall below the
diagonals of the matrices (Alberts et al., 2003; Hausfater et al., 1982).

Ordinal ranks are produced by numbering individuals according to the order in which
they occur in the monthly matrix (1, 2, 3 ... N, where n = hierarchy size), with 1 being the highest-
ranking male or female in the hierarchy and n being the lowest. Proportional ranks are computed
as 11 (ordinalrank 1)/(hierarchysizd 1)) to produce ranks that fall in the range of [0,1] for every
hierarchy, with 1 being the highest-ranking male or female in the hierarchy and 0 being the

lowest.

2.2.3 Reanalysis of preious studies

We aimed to test whether 20 different sex- and age-class-specific traits were better
predicted by ordinal rank or proportional rank in the Amboseli baboon population. We first
identified previous publications from the Amboseli Baboon Research Project that reported
statistically significant effects of rank on various traits. For a complete list of re-analyses
performed, see Table 20.

Our methods of re-analysis followed three steps:

1. We replicated as closely as possible the dataset used to produce the original

analyses. In the case of datasets stored on the Dryad Digital Repository
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(datadryad.org), these datasets could be matched exactly (Table 20). If the
original dataset was not deposited on Dryad, we re-extracted the dataset as well
as we could from the Amboseli Baboon Research Project's long-term, relational
database. However, the datasets we extracted were sometimes slightly different
from those originally analyzed because the database changes slightly over time
as corrections are made. In all cases, we produced qualitatively close matches to
the originally reported dataset in terms of sample sizes and summary statistics.
We replicated as closely as possible the statistical calculations presented in the
original analysis (Table 23). All re-analyses were carried out in R (Team, 2018),
even though some original analyses were carried out in SPSS, JMP or SAS. To
maintain consistency across all analyses reported here, all linear models, general
linear models and mixed-effects models were built using the function gimmTMB
(Brooks et al., 2017). All survival models were built using the function coxph
(Therneau & Lumley, 2015). In some cases, differences between the original
study and our replication, either because of software differences or dataset
differences, caused our replicated models to be slightly different from the
original models. However, our re-analyses were qualitatively consistent with the
original analyses.

For each of the models described in step 2, we built two additional alternative
models: (i) a model that replaced the rank term used in the original model with
the alternative rank metric (proportional rank if ordinal rank was originally used
and vice versa). (ii) A null model that removed the rank term from the model. We

then extracted AIC values from all three models to determine which model, if
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any, best fitted the data. We interpreted an AIC difference of >2 to mean that
one model was preferred over another, with preference for the model with a
lower AIC score. This 2-unit cut-off is standard practice and approximates a p-

value of 0.05 (Burnham & Anderson, 2002; Murtaugh, 2014).

2.3 Results
2.3.1 Rank metrics differ in their ability to predict traits

Nineteen of the 20 traits were better predicted by one or both rank metrics than by the
null model (AAICeererea-nun < —2); for one trait (adult female fecal glucocorticoids), AAIC between
the preferred metric and the null model was -1.4 (Table 20)(Levy, Gesquiere, MclLean, Franz,
Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann, 2020). For 15 of the 20 traits (75%), we
found that one of the two rank metrics—ordinal or proportional—performed substantially better
than the other in predicting a given trait (| AAIC| > 2; Figure 6; Table 20). In addition, in 7 of these
15 models, only one of the two rank metrics performed better than the null model. This means
that for 35% of traits (7 of 20), a relationship between rank and a trait of interest would have
been undetected if researchers had chosen the alternative rank metric. For example, male fecal
glucocorticoid concentrations were predicted by ordinal rank (AAICogina-nar = —3.6), but not by

proportional rank (AAICssportionai-nui = 0.2)
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2.3.2 All male traits are better predicted by ordinal rank

Whether proportional or ordinal rank was a better predictor of a trait depended on the
sex of the study individuals, supporting our predictions that male and female baboons experience
different competitive regimes. Of the seven male traits that were better predicted by one rank
metric than the other, all 7 (100%) were best predicted by ordinal rank (male versus chance, p =
0.02, two-tailed binomial test). By contrast, of the seven female traits that were better predicted
by one rank metric than the other, 4 (57%) were best predicted by proportional rank, and 3 (43%)
were best predicted by ordinal rank (male versus female, p = 0.07, Fisher's exact test; female
versus chance, p = 1.00, two-tailed binomial test). In two of the three cases where traits could be
directly compared between adult males and females (fecal glucocorticoid concentrations and
monthly injury risk), male traits were better predicted by ordinal rank, whereas female traits were
better predicted by proportional rank. Additionally, the two traits with the largest AIC difference
between rank metrics were the percentage of consortships obtained by males and male fecal
testosterone; both of these traits were best predicted by ordinal rank (AAIC = 27 and 25,

respectively; Table 20).

2.3.3 All traits related to social and/or mating partners are best predicted by ordinal rank
A second pattern that emerged from these results is that competition for social and
mating partners in both sexes was better predicted by ordinal rank than by proportional rank.
Specifically, ordinal rank was a better predictor for all three traits that can be interpreted in terms
of access to social and mating partners—male percentage of consortships obtained, female social

connectedness to males and female frequency of received grooming from males or females.
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2.4 Discussion

Ordinal and proportional rank metrics make different assumptions about competitive
regimes in animal societies. When average per capita resource access is density-dependent,
ordinal rank should predict competition-related traits. By contrast, when average per capita
resource access is density-independent, proportional rank should predict competition-related
traits. In reality, competition within animal social groups, which experience dynamic, ongoing
changes in group size and resources, will rarely be purely density-dependent or density-
independent. Instead, most competition will reflect a mixture of these two regimes. This point is
illustrated in Figure 5 for one resource important to males (number of estrous females); neither
density-dependence nor density-independence perfectly describes the relationship between
group size and resource availability. Nonetheless, in many contexts, one or the other competitive
regime will predominate. In support, we have shown that proportional and ordinal rank metrics
differ in how well they predict 75% (15/20) of rank-related traits examined in the Amboseli
baboon population. Strikingly, in 35% of examined traits (7/20), only one of the two rank metrics
was predictive of the trait, meaning that researchers could have failed to identify a rank-related
effect if they considered only a single metric. In addition, our data indicate that male and female
traits are often shaped by different competitive regimes. Below, we discuss these sex differences

in more detail.

2.4.1 Sex differences in competitive regimes in baboons

Males’ competitive environments appear to be frequently shaped by density-dependent
resource access, as evidenced by the strong and consistent performance of the ordinal rank

metric in predicting many male phenotypes. This finding supports our first prediction that traits
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shaped by competition for estrous females should be better modelled with ordinal rank. Indeed,
of the 20 traits we measured, male mate guarding success (i.e. percentage of consortships
obtained) and fecal testosterone concentrations are most directly associated with male
competition for mates (Alberts et al., 2006; Gesquiere, Learn, et al., 2011), and these two traits
had the greatest difference in AIC favouring ordinal rank (AAIC for the percentage of consortships
= 27; MAIC for fecal testosterone = 25). Several other male traits are indirectly associated with
mate competition and were also better predicted by ordinal rank, including age at testicular
enlargement, male fecal glucocorticoid concentration and male monthly injury risk (Archie et al.,
2012; Charpentier et al., 2008; Gesquiere, Learn, et al., 2011). The ability of male baboons to
obtain consortships with females approximates a queuing system (Alberts et al., 2003), such that
a highly salient variable that affects a male's mating success is the number of males that rank
higher than him. This type of competitive environment is consistent with our understanding of
the contexts in which ordinal rank will be a better predictor of resource availability than
proportional rank (see ‘Assumptions of ordinal rank and proportional rank’ above; Figure 5).

In partial support of our second prediction, we found that female competitive
environments are often shaped by density-independent competition: in over half the female
traits in which one of the two rank metrics performed better, proportional rank received stronger
support than ordinal rank. Although we do not have a direct measure of food competition, three
of the traits that were better predicted by proportional rank are likely to be associated with food
competition, namely adult female fecal glucocorticoid concentrations (which can indicate food
stress (Levy, Gesquiere, Mclean, Franz, Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann,
2020)), monthly injury risk among adult females (which is indicative of conflict over resources

(Archie, Altmann, et al., 2014)) and the duration of post-partum amenorrhea (which is tightly
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linked to energy balance; Gesquiere et al., 2018). However, four female traits were predicted
equally well by both rank metrics, and three were better predicted by ordinal rank (frequency of
received grooming, social connectedness to adult males and prenatal fecal estrogen). Thus, only
some female traits reflect density-independent competitive processes; other female traits are
likely to be shaped by density-dependent competition, or are the result of both density-
dependent and density-independent competition, perhaps indicating that females are competing
for resources other than food.

Related to this point, our results suggest that, for both sexes, average per capita access
to social and mating partners decreases as hierarchy size increases; that is, competition for social
and mating partners may be best understood as a density-dependent process. In addition to the
male traits already discussed, both of the female traits that can be interpreted in terms of access
to social partners were better described by ordinal rank (frequency of received grooming and
social connectedness to adult males). This observation highlights the potential for our approach
to help generate new hypotheses and predictions that can be tested to understand the key
factors (e.g. access to food and mates) that shape within-group competition. For example, we
hypothesize that traits related to social interactions often reflect female competition for social
partners, and that ‘prime’ social partners are a limiting resource in a social group, such that the

number of prime social partners does not increase in proportion with group size.

2.4.2 Implications and potstial extensions of our study

Because proportional and ordinal ranks reflect different assumptions about the
competitive processes influencing social animals, the methods we use here can be applied in

other social systems to inform researchers' understanding of the competitive processes operating
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in their study species. A researcher who compares proportional and ordinal rank models and
finds that ordinal rank is a much stronger predictor of a trait (e.g. male access to females; Figure
5, Figure 6, Table 22) can conclude that average per capita access to the resource declines as
hierarchy size increases, and that competition for that resource is primarily a density-dependent
process. By contrast, a finding that proportional rank better explains a trait (e.g. post-partum
amenorrhea duration in females; Figure 6) allows a researcher to conclude that the trait is
shaped primarily by density-independent competitive processes, such that per capita access to
resources are relatively constant across hierarchy sizes. These methods and logic can also be
applied to other rank metrics, such as cardinal ranks or coding individuals as alpha or non-alpha.
Each metric assumes a different underlying competitive process—for example, coding individuals
as alpha (highest-ranking) or non-alpha assumes that the alpha individual experiences a different
level of resource competition than all others in the hierarchy, who in turn experience comparable
resource competition with each other. Models that use each metric can then be compared via an
AIC score similarly to the present study.

Our study is the first systematic comparison of the ability of different dominance rank
metrics to predict numerous traits in the same population. Proportional and ordinal ranks have
rarely been explicitly compared; to our knowledge, only five studies, all in primate species, have
previously compared the predictive ability of these two rank metrics. Two studies found that
proportional rank better predicted the phenotypes in question than did ordinal rank: male
consortship rates in rhesus macaques (Rakhovskaya, 2013) and rates of injury among female
baboons (Archie, Altmann, et al., 2014). A third study, in female baboons, found that proportional
rank better predicted fecal glucocorticoid concentrations than did ordinal rank, but whether a

female had alpha status or not was an even better predictor than proportional rank (Levy,
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Gesquiere, Mclean, Franz, Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann, 2020).
Similarly, a fourth study reported that a ‘high versus low’ categorical measure of rank better
predicted female feeding time in rhesus macaques than did proportional or ordinal rank, with
high-ranking females spending more time feeding than low-ranking females (Johnson et al.,,
1991). A fifth study found that neither proportional nor ordinal rank was a statistically significant
predictor of the probability of conception in female blue monkeys (Roberts & Cords, 2013). In
addition, several method-based studies have tested whether rank orders differ depending on
which metric is used to calculate dominance rank, but these have not used empirical data to
compare how rank metrics perform in predicting traits (e.g., Balasubramaniam et al., 2013; Bang
et al., 2010; De Vries et al., 2006; Douglas et al., 2017; Foerster et al., 2016; but see Funkhouser
et al., 2018).

Our results also point to the value of long-term, individual-based research (Clutton-Brock
& Sheldon, 2010). Without many years of data or data from multiple social groups, we would
have been unable to detect differences in the explanatory power of proportional versus ordinal
rank metrics. Through the comparison of these two metrics, we are able to gain a deeper
understanding of the sex-specific competitive environments shaping different traits in our study
population. We see the previously unappreciated differences in proportional and ordinal rank
metrics not as a weakness of research that has already been performed, but as a new tool that
can be employed in the study of diverse systems.

Our findings also have implications for meta-analyses and comparative studies of rank-
related effects (e.g., Habig & Archie, 2015; Majolo et al., 2012; Schino, 2001). It is paramount
that, before including studies that employ different measures of rank, a meta-analyst considers

whether rank metrics presented across multiple studies are equivalent. For example, studies that
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report effects of rank for ‘high’- versus ‘low’-ranking individuals create category thresholds based
on either proportional or ordinal ranks, depending on whether ‘high’ and ‘low’ refers to social
position relative to the whole population (ordinal rank) or to each social group individually
(proportional rank). Furthermore, if a study is reporting on only a single social group over a short
time period, then hierarchy size is likely to be constant and therefore ordinal and proportional
ranks would be equivalent. However, if a study is reporting on multiple study groups or even a
single study group over a long time period, then rank metrics may no longer be interchangeable.
We therefore recommend that meta-analysts assembling datasets from multiple studies should
(i) carefully consider the underlying assumptions that link rank metrics to competitive landscapes
in order to determine which rank metric is most appropriate, and (ii) include only studies with
equivalent rank metrics in a given meta-analysis, converting between rank metrics when possible
and necessary. When following these recommendations is impracticable, meta-analysts should
acknowledge the limitations of drawing inferences from studies with non-equivalent rank
metrics.

Finally, our theoretical framework and analyses only consider two ordered metrics of
social rank; we do not consider cardinal rank metrics, such as Elo rating or David's score, which do
not assume equal distance in the hierarchy between consecutively ranked individuals (Albers &
De Vries, 2001; David, 1987; Neumann et al., 2011). While a detailed examination of the latent
assumptions in these metrics and a comparison of their ability to predict rank-related phenotypes
are beyond the scope of this paper, our results may also have implications for the selection of
cardinal rank metrics. For example, a researcher that employs Elo ratings as their measure of
dominance rank must decide whether to use an animal's raw Elo rating or a standardized Elo

rating (i.e. scale between 0 and 1); the standardized score accounts for differences in group size
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or differences in the within-group range of Elo rating (see Foerster et al., 2016 for discussion).
Future work should seek to determine how the choice of standardized versus absolute cardinal
rank metrics fits into the theoretical framework we outline here (e.g. how cardinal ranks map on
to Figure 5).

We hope that our findings encourage other researchers working on long-term studies to
perform similar analyses comparing the predictive power of proportional and ordinal rank
metrics. We also encourage researchers to consider and explicitly state the latent assumptions
that are made by using any particular rank metric and to consider if their traits of study are more

likely to be explained by one rank metric versus another.
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3.1 Introduction

Body size measurements of wild animals are frequently used to study effects of social,
environmental, and anthropogenic factors on growth and health (e.g., Altmann & Alberts, 2005;
Berger, 2012; Gardner et al., 2011; Lourie et al., 2014; Swenson et al., 2007; Tarugara et al.,
2019). One common non-invasive method to collect these data is parallel-laser photogrammetry.
This method involves projecting parallel lasers of known physical distance (inter-beam distance)
onto the study animal, thereby creating a scale when the animal is photographed (Figure 7).
Parallel-laser photogrammetry is a reliable and efficient method to determine the body size of
living wild animals, whose measurement would otherwise require capture or anesthetization. In
contrast to other photogrammetry techniques, parallel-laser photogrammetry does not require
information on the distance between the camera and the study subject, a requirement that slows
data collection and can be challenging to obtain and record. Parallel-laser photogrammetry was
first used to measure body sizes of killer whales (Orcinus orca, Durban & Parsons, 2006) and

Alpine ibex (Capra ibex, Bergeron, 2007). The method has since become more widely-used across
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taxa, particularly among large animals such as whales (Durban et al., 2017; Webster et al., 2010;
Wong & Auger-Méthé, 2018), cartilaginous fishes (Deakos, 2010; Jeffreys et al., 2013; Rohner et
al., 2011), horses (Weisgerber et al., 2015), elephants (Wijeyamohan et al., 2012), and primates
(Barrickman et al., 2015; Galbany et al., 2017; Lu et al., 2016; Rothman et al., 2008; Wright et al.,
2019, 2020).

Despite its utility, parallel-laser photogrammetry requires substantial manual effort to
measure images on the computer. For each collected image, the position of each laser spot on
the image must be measured to produce an inter-laser distance in pixels (Figure 7). By dividing
the inter-beam distance in centimeters by the inter-laser distance, a scale is calculated for the
image in centimeters per pixel. The researcher must also locate and measure the distance
between the landmarks on the body in pixels (inter-landmark distance). The inter-landmark
distance is multiplied by the scale to produce a body size estimate in centimeters (Figure 7).
Some researchers take each measurement twice, which doubles measurement time (e.g., Lu et
al., 2016). To our knowledge, only one software package, AragoJ, is designed to reduce the
burden of parallel-laser photogrammetry (Aleixo et al., 2020). Aragol streamlines the processing
pipeline because it allows researchers to calculate the image scale, manually measure images,
access image metadata, and perform data organizing and cleaning within a single software
package. However, the manual effort of measuring inter-laser distances remains a barrier to
increasing the through-put of image measurements.

Even with a more streamlined workflow, greater automation of the measurement
process would increase precision of the final estimates of body size produced using parallel-laser
photogrammetry. While researchers must grapple with multiple sources of measurement

uncertainty in parallel-laser photogrammetry methods (e.g. parallax, pixel density, apparatus
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properties, picture quality, lens distortion, improper alignment; see Bergeron, 2007; Durban &
Parsons, 2006; Galbany et al., 2016), one unavoidable source of measurement uncertainty is
human error. One observer measuring the same image twice will produce two different values
(resulting in within-observer error), as will two observers measuring the same image (resulting in
between-observer error). Two techniques to automate this process are image processing and
machine learning. Image processing methods allow detailed analysis of image characteristics,
such as color, brightness, object shape, and object size. These analytical tools have become highly
accessible with the development of user-friendly interfaces such as ImageJ (Schneider et al.,
2012), but are often more customizable in coding platforms such as the Scikit-image (i.e.,
skimage) Python package (van der Walt et al., 2014). Machine learning can also automate
laborious image-analysis tasks and may identify new patterns not detected by humans (e.g.,
Clapham et al., 2020; Vaid et al., 2020). Given the customizability and power of image processing
and machine learning, these technologies are useful tools to apply to parallel-laser
photogrammetry analyses.

Here we present and compare two different methods to automate the process of
measuring the inter-laser distance in a parallel-laser photogrammetry image. Below, we describe
the two automated methods and assess their precision and whether they introduce systematic
error. We then compare their performance on novel datasets, test whether they reduce human
error, and discuss their applicability to new projects. We show that both methods reduce manual
effort and return measurements equivalent to manual image measurements and to each other,

indicating high precision without sacrificing accuracy.
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Figure7: Terminology and calculations fostimating body size of study animal using paradsker
photogrammetry. Note that the image datasets used to validate the ImageJ and skimage methods have 3
laser spots. @ated withBioRender.com

3.2 Workflow for the Skimage and ImageJ methods

The skimage approach was developed at The George Washington University to measure
images taken for a longitudinal study of mountain gorillas (Gorilla beringei beringgh Bwindi
Impenetrable National Park, Uganda (2015-present, the Bwindi Gorilla Project, managed by Max
Planck Institute for Evolutionary Anthropology). The ImageJdnethod was created at Duke
University to measure images taken of savannah baboons (Papio cynocephalli; Amboseli
National Park, Kenya during a short-term field study (2017-2019).

The skimagemethod is a hybrid method that uses machine learning to first identify and
isolate pixel areas (or ‘masks’) that contain primate subjects within photographs, and then
processes these masks using the scikit-image (hereafter skimage package in Python (van der
Walt et al., 2014) to identify green laser spots based on RGB ratios, color intensity, size and

circularity (Figure 8). The skimagemethod requires familiarity with coding in Python and high
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computing power to implement machine learning (though it can be used without machine
learning pre-processing; see Table 24), but once implemented it runs with minimal intervention.
The ImageJdnethod uses the image processing software ImageJ (Schneider et al., 2012) to crop
photos and identify green laser spots based on color and brightness (Figure 9). The ImageJ
method is easily implemented without specific programming knowledge but requires the

researcher to manually crop approximately 50% of the images.
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Automated steps

Original image

Animal mask detected by
convolution neural network; all
pixels that are not assigned as
part of the primate are
removed.

Refine mask using
image processing steps to remove
all green pixels in the background.

Automatically iterate previous 3
steps, relaxing color criteria each
time, until no new photos are
succesfully proceessed.
Maximum 9 interations.

!

No

Are all
the laser spots
»| identified and in
the correct
orientation?

Isolate laser spots by grouping
green pixels in the mask into
separate objects. Filter and order
the objects based on color, shape
and size.

Find center of the top three
candidate laser spots, weighted on
brightness of each pixel. Check
orientation is correct.

Yes

Final output (A) Excel file with
inter-laser distance measurements
(B) Image file containing masks,
green pixels, and final three dots
(C) HTML table with
measurements and an image of
the three laser spots.

Figure8: Flowchartof automatedsteps used to process images using skenagemethod. After running
the script, manual adjustments can be made to some parameters to improve performance on
unsuccessful images. For the annotated script, see GitHub link under Data accessibility. Anyhatages
are not successful after these adjustments must be haresured. Created with Lucidchart.
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Automated steps
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Auto-threshold the image. Bright
enough will remain; those not bright
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Manual steps
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A

Hand-crop images to
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and intermediate space

Move to new folder
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# of
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Extract the coordinates of the
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Sort out images
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number of laser
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Final output (A) Number of spots
identified in each image (B) Coordinates
of each spot (C) Image file of the
processed image

Figure9: Flowchart of automated and manual steps used to process images usihgagenethod. For
the annotated script, se&itHub link under Data accessibiligny images that are not successful after
reprocessing must be hardeasured Created with Lucidchart.
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3.3 Validating methods

3.3.1AssessingskimageyY R LYl 3SW YSiK2RaQ adz00Saa NIGS
The skimagemethod successfully identified the laser spots in 99.0% (100/101) of gorilla

images. The skimagemethod’s computing time is approximately 2 minutes per image (Appendix:

Table 25). The Imagednethod successfully identified the laser spots in 91.4% (1937/2119) of

baboon images. It's computing time is approximately 2-3 seconds per image, with an additional 5

seconds per image of manual effort if the image is manually cropped (Table 25). The validation

datasets used below are comprised of 100 images of each species in which the laser spots were

successfully identified.

3.3.2Comparing skimage and ImageJ methods to manual image measurements

To assess precision in inter-laser distance measurement, we compared measurements
generated using each automated method to measurements collected manually. For the skimage
validation we used a dataset of 100 gorilla images; 74 images were in lateral view and 26 images
were in dorsal view. The dataset included images of gorillas of both sexes (64 male and 36
female) and all age classes (15 infants [0-3.5 yrs], 11 juveniles [3.5-6 yrs], 12 sub-adults [6-8 yrs],
10 blackbacks [males 8-12 yrs], 16 adult females [>8 yrs] and 35 silverbacks [males >12 yrs]).
Images were taken using a Nikon D800 DSLR camera (36.3 megapixel, 4.88 u pixel size) with an
AF-S Nikkor 85 mm f/1.4G lens or a Canon EOQS 5D Mark Il DSLR (22.3 megapixel, 6.25
W pixel size) with a Canon EF 17-35mm f/2.8L USM lens. All manual measurements were collected
by the same author (JLR). For the ImageJsalidation we used a dataset of 100 successful baboon
images; all images were in lateral view. The dataset included images of baboons of both sexes (71
females, 29 males) and all age classes (13 infants and juveniles [0-2.5 yrs], 8 subadult males [5-7

yrs], 10 adult males [>7 yrs], and 69 adult females [>4 yrs]). Images were taken using an Olympus
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OM-D EM-5 Mark Il mirrorless camera (15.9 megapixel, 3.75u pixel size) with an M. Zuiko 12-100
mm f/4 IS Pro Digital lens. All manual measurements were collected by the same observer (E.
Malone). All images were taken from a distance of approximately 5-15m from the study subjects
(gorillas, 7-12m; baboons 5-15m) in line with other parallel-laser photogrammetry studies (e.g.,
Rothman et al. 2008; Galbany et al. 2016). These distances between camera and subject are
within the technical and practical range for using parallel-laser photogrammetry. This research
was approved by the IACUC at Duke University and adhered to all the laws and regulation
governing research in Kenya and Uganda.

The laser spot orientations of the gorilla and baboon image datasets were different: the
gorilla images had three laser spots in a triangular orientation (Figure 8), and the baboon images
had two or three in a horizontal line (Figure 9). For our analysis of the gorilla images, we only
used the horizontal inter-laser distance, which was either 2cm (19 images), 4cm (76 images), or
4.5cm (5 images). For baboon images, inter-laser distance was 2cm for images with two laser
spots (8 images) or 4cm for images with three laser spots (92 images; the maximum inter-laser
distance). Both methods can be adjusted to measure datasets with more or fewer than three
laser spots, as well as datasets where the laser spots are in different orientations (see code on
GitHub).

For each image, we compared either the skimagemethod (in the case of gorilla photos)
or the ImageJdnethod (in the case of baboon photos) to the manual method by calculating the
pixel difference and percent difference. The pixel difference was calculated by subtracting the
automated method'’s inter-laser distance from the manual method’s inter-laser distance. The
percent difference was calculated by dividing the pixel difference by the manual inter-laser

distance and multiplying by 100; thus, the percent difference represents the pixel difference as a
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percent of the manually-measured inter-laser distance. When comparing automated methods to
each other, pixel difference was calculated by subtracting ImageJrom skimageand percent
difference was calculated by dividing the pixel difference by the mean of the two automated
measures. The percent difference controls for the fact that images were taken at different
resolutions and distances, resulting in different centimeter-to-pixel conversions for each image.
The pixel difference is not affected by inter-beam distance (in centimeters), whereas for the same
pixel difference, the percent difference will be higher when the inter-beam distance is smaller.
The pixel difference and the percent difference are both measures of precision, i.e., of how close
the automated measures of inter-laser distance are to the manual measures. We present our
results here as the mean percent or pixel difference + standard deviation (SD). Means close to
zero indicate that the automated methods lack systematic bias. In combination with low SDs,
means close to zero indicate high precision of the automated methods. Although we cannot
directly test accuracy because the true inter-laser distance is unknown, convergence between
methods would suggest high accuracy. For the absolute values of the means and SDs, see Table
26.

Both the skimageand Image hutomated methods produced inter-laser distances that
were highly consistent with the manual measures, indicating high precision and no evidence of
systematic bias. For the skimagemethod applied to the gorilla images, the mean percent
difference between the automated and manual inter-laser distances was -0.004% + 0.710% and
the mean pixel difference was 0.004 + 0.913 pixels (Table 4 row 1; Figure 4 bottom row, light blue
lines). For the ImageJdnethod applied to the baboon images, the mean percent difference
between the automated and manual inter-laser distances was 0.008% + 0.903%, and the mean

pixel difference was -0.041 + 0.784 pixels (Table 1 row 4; Figure 10 top row, dark blue
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lines). When using the ImageJdnethod on the baboon images, 44/100 images had to be hand-

cropped (Figure 9).

Table4: Comparison of the two methods to each other and to manual measurements. More specifically,
percent differences [and pel differences] among intdaser distancemeasured manually vs. tHenageJ
method, manually vs. thekimagemethod and via themageJmethod vs. theskimagemethod on both

study animal datasets; diff = difference.

Species Comparison Mean SD of Range of
% diff % diff % diff
[pixel diff] [pixel diff] [pixel diff]
1 Gorilla Skimage vs. -0.004 0.710 -1.58, 4.34
Manual [0.004] [0.913] [-2.88, 3.33]
2 Gorilla ImageJ vs. 0.075 1.180 -4.92,5.56
Manual [0.193] [1.98] [-5.39, 10.6]
3 Gorilla Skimage vs. 0.089 0.998 -3.33,5.53
Image) [0.208] [1.67] [-3.77, 10.2]
4 Baboon ImageJ vs. 0.008 0.903 -3.98, 4.94
Manual [-0.041] [0.784] [-3.18, 2.15]
5 Baboon Skimage vs. -0.063 0.904 -3.64, 3.28
Manual [-0.064] [0.929] [-3.12, 2.08]
6 Baboon ImagelJ vs. 0.050 0.897 -2.43, 6.36
Skimage [-0.006] [0.671] [-2.26, 2.72]
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FigurelQ: Distribution of percent differences (left column) and pixel differences (right column) when
comparing intedaser distanceacross methods. Intelaser distances wermeasured manually vs. using
the skimagemethod (light blue lines), manually vs. using theagednethod (dark blue lines) and using
the skimagemethod vs using thedmageJdnethod (yellow lines) for images of baboons (top row) and
gorillas (bottom row). Peaks close to zero indicaggligiblesystematic bias, andarrowerpeaks indicate
higherprecision

3.3.3Testing Skimage and ImageJ methods with novel datasets

To test how adaptable our automated methods were to new datasets, we next used the
skimagemethod to measure the validation images of baboons and the ImageJnethod to
measure the validation images of gorillas. Both methods required alterations to optimize

performance on this new set of images.
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Skimagemethod on baboon images: To adapt the skimagemethod to work on baboon

images, we altered the orientation check (Figure 8). The gorilla images have three laser spots
oriented in a right-angle triangle and the baboon images have two or three laser spots oriented in
a straight line. After changing the orientation check, the skimagemethod identified the correct
number of laser spots in 98/100 baboon images. The method produced inter-laser distances
highly consistent with manual image measurements (mean percent difference = -0.063% +
0.904%; mean pixel difference = -0.064 + 0.929 pixels; Table 1, row 5; Figure 4 top row, light blue
lines).

ImageJdnethod on gorilla images: The biggest challenge with this new set of images was

that the ImageJdnethod relies on isolating green pixels, and the background of most gorilla
images is predominantly green. A smaller automated crop (Figure 9, Auto-crop) was able to
circumvent this issue for only 17/100 images. The most success was achieved by hand-cropping
all images to include only the three laser spots and intermediate space. Without any other
changes to the ImageXode, this method retrieved the correct number of laser spots for 88/100
images. As with the skimagecomparison, these measurements were highly consistent with
manual image inter-laser distances (mean percent difference = 0.075% + 1.18%; mean pixel
difference = 0.193 + 1.98 pixels; Table 4, row 2; Figure 10 bottom row, dark blue lines).

Skimagers. ImageJFinally, we compare the inter-laser distances produced by the two

automated methods to each other. The means and SDs of these two automated methods
compared to each other were highly consistent with the means and SDs of each automated
method relative to manual measures (Table 4, rows 3 & 6). However, the automated vs.
automated comparison yielded more percent differences and pixel differences close to 0 than the

automated vs. manual comparisons (Figure 10, yellow lines compared to light and dark blue
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lines). We interpret this to mean that for most images, both automated methods are more

precise and more accurately identify the central point of the laser spot than human observers.

3.4 Measuring uncertainty

Uncertainty (i.e., variation) in parallel-laser photogrammetry measurements is inherent,
and automating some steps may reduce uncertainty. One source of uncertainty is human error:
when we measure the inter-laser distance or the inter-landmark distance, in pixels (Figure 7)
twice on the same image, we rarely record the exact same measurement both times. Variation in
these measurements will affect the body size estimate, in centimeters. Here, we calculate how
much the uncertainty in the body size estimate is reduced when adopting an automated method.
Our calculations reflect within-observer human error, but our findings can be extrapolated to
between-observer human error (see Discussion).

The effect of human error on the uncertainty of the body size estimate can be quantified
using the Propagation of Uncertainty Equation. For terms that are multiplied and/or divided (see

calculation in Figure 7) the Propagation of Uncertainty Equation is:

Y Y Y ,

where Uis a measure of uncertainty such as standard deviation (Bevington & Robinson,
2002, pp. 39-41; de Forest Palmer, 1912, pp. 95-104). This equation informs us that both
components — variation in the inter-laser distance and variation in the inter-landmark distance —
equally affect the variation in our body size estimate. If the variation in one of these components

is much larger than the other, it will be the main source of variation in the body size estimate.
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To estimate how much variation in our body size estimate is due to within-observer
human error, we first calculated two components of variance from 100 images of adult female
baboons with inter-laser distances of 4 cm:

1. Variance in manual inter-laser distance (inter-laser): For each of the 100 images,
the inter-laser distance was measured, in pixels, two times by the same observer
(E. Malone). The difference between the two measurements was divided by the
mean of the two measurements and multiplied by 100 to calculate a within-
observer percent difference.

2. Variance in inter-landmark distance (inter-landmark): Inter-landmark distance
was measured, in pixels, for three different body size measures — shoulder-rump
(n=67 images), leg (n=71), and forearm (n=68) — these were measured two times
for each image by the same author (EJL). We did not measure all three body size
estimates in every image. The difference between the two measurements was
divided by the mean of the two measurements and multiplied by 100 to calculate
a within-observer percent difference.

Note that this is different from the percent difference calculated above; see Validating
Methods. We then calculated the mean, standard deviation, and range of those within-observer
percent differences (Table 5, Figure 11). Finally, we used the standard deviations of those within-

observer percent differences in the Equation for Uncertainty Propagation:

YO YO YO
This calculates a standard deviation of the final body size estimates of 1.07%, 1.06%, and
1.76% for baboon shoulder-rump, leg, and forearm lengths, respectively. This means that final
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body size estimates in centimeters will have standard deviations of 1-2% that are derived solely
from within-observer human error in manually measuring inter-laser distances and inter-
landmark distances.

The automated method generates inter-laser distances with no statistical uncertainty
because it always returns the same inter-laser distance for a particular image. Therefore, the
automated methods both produce "Y'O TL The standard deviation in the three
baboon body size estimates shoulder-rump, leg, and forearm estimates in centimeters is reduced
to 0.60%, 0.59%, and 1.52%, respectively. These values are equal to only the component of
uncertainty associated with manually measuring inter-landmark distances. Note that the
decrease in uncertainty is smaller for the forearm measurement than the shoulder-rump and leg
measurements. This is because variance in the inter-landmark distance of the forearm was largest
(due to it being a smaller measurement and/or having more difficult landmarks to pinpoint), so it
consumed a larger proportion of the uncertainty relative to the shoulder-rump and leg variances.

In other words, using the automated inter-laser distance instead of the manual inter-
laser distance approximately halves the uncertainty in the baboon shoulder-rump and leg
estimates that is due to within-observer human error, thereby increasing the precision of these
body size estimates. Because the automated and manual inter-laser distance measurements
were highly consistent with each other (see Validating methods), our increases in precision do
not sacrifice accuracy. Further, in studies in which multiple observers perform manual
measurements (e.g., Galbany et al., 2016; Lu et al., 2016), an automated method would further

reduce variation in the body size estimates that is due to between-observer human error.
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Tableb: Sample size, mean, SD and range of withiaerver differences, in pixels, for the two
components of withirobserver variance that were calculated to estimate propagateceuntainty. The
manual body size variance was measured for three baboon body parts (shoutdpy leg, forearm).

Component of #images Mean within- SD of within Range of within
variance observer % observer % observer %
difference difference difference
Inter-laser 100 -0.042 0.885 -4.113, 2.578
Inter-landmark: 67 0.016 0.595 -1.345, 2.317
shoulder-rump
Inter-landmark: leg 71 -0.022 0.585 -2.793, 1.418
Inter-landmark: 68 0.137 1.523 -4.438, 4.238
forearm
1.00 1
Component of variance
Inter-laser
0.75 = Inter-landmark: Shoulder-rump
~ Inter-landmark: Leg
%‘ Inter-landmark: Forearm
c 0.50 -
[}
o
0.25
0.00- —

-2.5
Within-Observer Percent Difference

Figurell: Distributions of withirobserverpercent differences for the two components of variation
(manual measures of intdaser distance and intdandmark distance) that we calculated to estimate
uncertainty propagation from human error in baboon images. Rengpvariation in intedaser distance
by using the automated methods approximately halves the variation in the bodgstineatethat is due
to within-observer human error (see Measuring Uncertainty). Because the automated method produces
very similar measements to the manual method (see Validating Methods), substituting the automated
for the manual method increases precision without sacrificing accuracy
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3.5 Discussion
3.5.1Summary of results

The manual effort needed to collect and process parallel-laser photogrammetry images is
a barrier to its uptake. The two automated methods presented here save time and increase
precision without compromising the accuracy of the measurements. The automated methods
allow high-throughput image calibration, with little to no manual intervention. They yield inter-
laser distances that are nearly identical to manual measurements on two datasets, indicating a
lack of systematic error and high precision (Table 4, Figure 10). Measurements from the two
automated methods were highly consistent with each other, suggesting they are more accurate
in their identification of the central point of the laser spot than human observers. Automated
methods provide a more efficient way to increase accuracy compared to repeated manual
measures. Finally, the automated methods increase measurement precision because they
effectively remove uncertainty due to human error introduced while manually measuring the

inter-laser distance.

3.5.2Extending uncertainty estimates

Switching to an automated laser measurement reduced uncertainty in the final body size
measurement due to within-observer error by approximately 0.5% SD. Within-observer error
(typically calculated as % coefficient of variation [CV], which is comparable in magnitude to our
within-observer percent difference measure) ranges from 0.5% to 2% in many previous studies
(Breuer et al., 2007; Galbany et al., 2016; Lu et al., 2016; Wright et al., 2019). Additionally,
automated methods will reduce uncertainty due to between-observer error which tends to be
larger than within-observer error (between-observer error range: 0.5% to 5%; (Barrickman et al.,

2015; Berghédnel et al., 2015; Breuer et al., 2007; Galbany et al., 2016; Lu et al., 2016; Wright et
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al., 2019). Switching to an automated inter-laser distance measurement will reduce uncertainty
due to between-observer error to the same proportion as for within-observer error, assuming the
ratio of the two components of variation — inter-laser distance and inter-landmark distance —is
similar for within-observer error and between-observer error. However, we expect that greater
level of uncertainty in between-observer error comes from the inter-landmark measurement, in
which case the reduction in uncertainty when using these methods would be smaller than for
within-observer error. Additionally, using an automated inter-laser measurement would help
reduce uncertainty due to other sources of human error, including between-image measurement
error of the same animal, and differences between direct measurements and parallel-laser
photogrammetry measurements of an animal (Galbany et al., 2016). In effect, by decreasing
measurement uncertainty due to human error, our methods increase the researcher’s ability to

measure real differences in body size between individuals and within individuals over time.

3.5.3Choosing the best method for your research

Although the two automated methods produce similar results, they take different
approaches. Depending on dataset size, field environment, and coding ability, one of these
methods will be more suitable than the other. We discuss the main advantages and
disadvantages of each method to highlight conditions under which they may be most suitable.

The Imagednethod is user friendly and easy to implement without specific coding
knowledge. Therefore, it is ideal for smaller or shorter-term datasets, especially those for which
the time costs of setting up and refining the skimagemethod may outweigh the time saved
processing the images. In addition, the Imagednethod parameters (e.g., crop size, laser color)

can be tested and adjusted easily within the Imageduser interface and then copied into the
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underlying code; in contrast, the skimagemethod requires changes to the code to adapt the
parameters. Finally, the Imagednethod works equally well with different numbers of laser spots,
or lasers spots in different orientations; the orientation check of the skimagemethods relies on
three laser spots and would need to be adapted for devices with fewer laser spots, or devices in
which the laser spots are not in a right triangle or straight line.

On the other hand, the skimagemethod has a very high success rate without manual
intervention; the Imagednethod, requires hand-cropping of approximately half (for baboon
images) or nearly all (for gorilla images) of the images before processing successfully. Second, the
skimagemethod was more successful at identifying the laser spots on a novel dataset; the
skimagemethod identified the laser spots for 98/100 of the baboon images, while the ImageJ
method only identified the laser spots for 88/100 gorilla images, even after hand-cropping. Third,
the skimagemethod is highly customizable, able to accommodate a wide variety of image
processing tasks. While Imagekas many image processing functions, its user interface makes it
more difficult to access some of the less-used functions. Ultimately, the skimagemethod is ideal
for larger or longer-term datasets and images with green backgrounds — situations in which the
benefit of a more customized and hands-off method outweighs the costs of set-up time and time
to gain specific technical knowledge.

Machine learning represents a highly versatile and promising future direction for parallel-
laser photogrammetry. For example, processing machine learning masked images with the
Imagednethod increased the success rate of the Imagednethod before hand-cropping by 43%
(increase from 74/200 to 96/200; measurements not shown). Another advantage to machine
learning is that the algorithm can be coded to focus on aspects that are difficult to describe with

image processing. For example, a machine learning algorithm could be trained to identify the
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pattern of reptile scales or a complex plumage pattern, allowing the researcher to reliably detect
their study subject in images. In addition, we see promise in using machine learning to automate
the inter-landmark distance measurements. Several studies have already published machine
learning networks that track body landmarks across frames of videos, suggesting that this goal
may soon be within reach (Martinez, 2019; Mathis et al., 2018; Sanakoyeu et al., 2020).. The next
step in this process will be to adapt this technology to identify landmarks on singular images. This
could then be integrated with our automated methods for measuring the inter-laser distance to

fully automate the photogrammetry measurement process.

3.5.4Best practices

We recommend several best practices for researchers implementing either of these
methods in their study system. First, precision of the inter-laser distance will always be improved
when the physical distance between the laser beams (inter-beam distance) is larger. In our
dataset, the percent difference between manual and automated image measurements tended to
be higher when the inter-beam distance was smaller (Table 27). Second, when testing and
optimizing either automated method, we recommend using a set of approximately 100 trial
images, all taken with the same image resolution. Third, when setting up an automated method
with this set of trial images, we recommend using percent difference instead of or in addition to
raw pixel difference to assess how well the method works. This is because the trial images will be
taken from different distances, and one pixel will convert to a different physical size depending
on that distance. And finally, each new use of either of these methods will require validation. We
recommend testing the automated method against manually-measured images in a similar

fashion to the analyses presented here.
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3.5.5Conclusion

Interest in using parallel laser photogrammetry to measure the body size of wild animals
has increased dramatically in the past decade. The method offers great potential for expanding
our understanding of growth and body size differences within and between wild animal species
and populations; this understanding, in turn, will inform conservation practices as well as
evolutionary and ecological theory. However, parallel laser photogrammetry is highly labor-
intensive and researchers face challenges associated with the accuracy and precision of body size
measurements. To achieve its full potential, parallel laser photogrammetry must be refined in
efficiency, precision, and accuracy. The two methods presented here are a significant step
forward in increasing efficiency and precision to provide high-throughput calibration which is
accurate and precise, and we encourage future researchers to apply these methods to their study

systems.
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4.1 Introduction
4.1.1 Effects of earlife adversity on body size across species

During development, all organisms must allocate their energetic input toward the body’s
many growing systems, such as neurodevelopment, organ development, immune development,
and skeletal growth. When energy is limited, organisms cannot allocate adequate resources to all
systems, and instead must either develop plastically or die. In effect, during early life (i.e., before
sexual maturity), adverse environments alter phenotypes by forcing organisms to make
developmental trade-offs.

Across taxa, adverse early-life environments, such as famine, drought, or social neglect,
can cause wide-ranging and long-term effects (e.g., blue-footed boobies: Ancona & Drummond,
2013; humans: Brown et al., 2009; humans: Elo & Preston, 1992; humans: Galobardes et al.,
2008; humans: Hayward et al., 2013; rhesus macaques: Lewis et al., 2000; water pythons:
Madsen & Shine, 2000; banded mongoose: Marshall et al., 2017; baboons: Patterson et al., 2021;
baboons: Tung et al., 2016). One such effect is growth: the energetic and/or psychosocial stress
of early-life adversity can alter growth patterns and reduce body size. For example, in a

longitudinal study of the 1958 British birth cohort, children who grew up in larger families or
89
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more crowded homes were shorter than those from smaller families or more spacious homes,
both in childhood and adulthood (Li et al., 2007). In another study, children raised in Ukrainian
institutions —a source of intense psychosocial stress, but not a major source of energetic stress —
had stunted growth and low body mass compared to children raised with their families (Dobrova-
Krol et al., 2008). Likewise, children growing up in homes with domestic abuse often show
stunted growth, possibly due to psychosocial stress and/or malnutrition as an indirect effect of
domestic abuse (Yount et al., 2011).

In several studies of wild and captive mammals, poor early-life environments have also
been associated with slower growth and smaller adult body size (wild bighorn sheep: Festa-
Bianchet et al., 2000; wild roe deer: Pettorelli et al., 2002; captive squirrel monkeys: Pucciarelli et
al., 2000). For example, wild roe deer born during a time of high population density weighed
approximately 15% less as adults than deer born during a time of low population density
(Pettorelli et al., 2002). Smaller body size, in turn, is associated with decreased survival and
reproductive success in many species (e.g., Lepidoptera: Clutton-Brock, 1988; southern flying
squirrels: Fokidis et al., 2007; bighorn sheep and roe deer: Gaillard et al., 2000; willow tits:
Thessing & Ekman, 1994). Positive selection for larger body size within species has been found
across diverse animal taxa, suggesting that, in general, being larger confers fitness benefits
(Kingsolver & Pfennig, 2004).

Though relatively well-studied in humans and ungulates, body size and growth patterns
of other taxa — especially wild non-human primates — are scarce. To our knowledge, geladas,
mandrills, chimpanzees, and gorillas are the only wild primate species for whom we know growth
trajectories from infancy or juvenescence throughout adulthood (Altmann & Alberts, 2005;

Galbany et al,, 2017; Lu et al., 2016; Pusey et al., 2005; Setchell et al., 2001). Further, only a
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handful of studies have assessed the predictors of inter-individual differences in body size or
body mass of wild primates (Altmann & Alberts, 2005; Berghanel et al., 2015; Johnson, 2003;
Pusey et al., 2005; Setchell et al., 2001; Melissa Emery Thompson et al., 2016b; Wright et al.,
2019, 2020). These studies suggest that this field of study has exciting findings in store. Juvenile
Assamese macaques who played more grew less (Berghanel et al., 2015). In apes, higher social
dominance rank was associated with larger body mass and body size in female chimpanzees and
male gorillas, respectively, but there was no relationship between size and dominance rank in
male chimpanzees or female gorillas (Pusey et al., 2005; Wright et al., 2019, 2020).

We stand to gain three main benefits by better understanding primate growth patterns
and their determinants. First, primates have slower growth rates, metabolic rates, and life
histories than other mammalian taxa, making them a particularly interesting taxon in the study of
growth and suggesting that growth, body size, and their predictors in mammals may not be
generalizable to primates (Charnov & Berrigan, 1993; Pontzer et al., 2014). Second, our own close
evolutionary ties to primates — including baboons, the species studied here — mean that both
overlapping and contrasting findings in humans versus non-human primates can inform our
understanding of human development, health, and disease (Leigh, 2001). Finally, a better
understanding of the factors affecting primate growth and life history will serve as additional
information in the effort to study and combat the urgent population declines and extinction

threats facing the majority of primate species (Chapman & Peres, 2021; Estrada et al., 2017).

4.1.2Effects of earlylife adversity on body size in wild baboons

In this study, we present the first description, cross-sectional or otherwise, of wild female

baboon body size from juvenescence throughout adulthood. We then we test the hypothesis that
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early-life adversity causes stunted growth, due to energetic and/or psychosocial stress. If so,
baboons who experienced more early-life adversity will be smaller than those who experienced
no adversity. Alternatively, we may find no evidence of plastic growth if baboons under energetic
or psychosocial constraints compensate by limiting energy allocation to other aspects of
development, such as immune function or neurodevelopment.

Body size is heritable across animal taxa (Milner et al., 2000; Mousseau & Roff, 1987;
Visscher et al., 2008). Many of our study subjects were related, indicating that similarities in body
sizes may be in part due to shared genes. To account for genetic effects on body size, and to
obtain the first estimate of heritability of body size in a wild primate, we test our hypotheses
using the ‘animal model,” a mixed-effects linear model that estimates both environmental and
genetic sources of variance and covariance in body size (see Methods; Kruuk, 2004).

The baboons we studied live in a semi-arid savannah with limited food availability in the
dry season from June through October, and particularly limited food availability during drought
periods, when mortality rates increase across many species (Alberts et al., 2005; Altmann, 1998;
Gesquiere et al., 2008; Okello et al., 2016). Baboons may be especially sensitive to energetic
constraints in early life: in a meticulous study of six female infants followed during the weaning
period (30-70 weeks), higher energy intake was strongly associated with later-life reproductive
success and survival (Altmann, 1991). In addition, early-life factors are known to affect baboon
body size during the growth period: in a prior study of this population, infant and juvenile
baboons whose mothers had higher social dominance rank or who were not their mother’s first
offspring were larger for their age (Altmann & Alberts, 2005). Interestingly, male and female

baboons in this study remained small- or large-for-age across the juvenile period, with no
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compensatory growth detected in the age ranges studied (Altmann & Alberts, 2005; Hector &
Nakagawa, 2012).

We test three main sources of adversity as putative predictors of later-life body size: one
that is strongly tied to energetic stress, and two that are likely associated with both energetic and
psychosocial stress. First, we test early-life rainfall and drought, a proxy for food availability and
thus energetic stress. In addition to food availability being an obvious putative predictor of body
size, two prior studies suggest that baboon growth is sensitive to food availability. A small subset
of juvenile female baboons who grew up feeding on human garbage were not only much heavier
than their wild-feeding peers, but also had greater body length (Altmann et al., 1993). Further, in
this baboon population, drought during the first year of a female’s life reduces her fertility during
later-life drought compared to females who grew up during periods of higher rainfall, suggesting
that early-life rainfall causes long-lasting effects (Lea et al., 2015). We assess total rainfall as well
as the number of drought months each study subject experienced, both in the first year of life
and the first four years of life.

Second, we test whether maternal loss prior to adulthood affects body size later in life. In
many mammals and in most primates, the mother continues to provide social support, social
learning, and defense against predators after the weaning period (van Noordwijk, 2012). As a
result, maternal loss is a strong predictor of shortened adult lifespan in mammals, in primates,
and in this baboon population specifically (Andres et al., 2013; Foster et al., 2012; Stanton et al.,
2020; Tung et al., 2016; Zipple et al., 2021). For example, wild chimpanzees whose mothers died
after weaning had shorter lifespans than those whose mothers were still alive, and this effect was
stronger for males, who are the philopatric sex (Stanton et al., 2020). Wild chimpanzees whose

recently mothers died recently also had higher cortisol levels — a proxy for energetic and/or
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psychosocial stress —than those whose mothers had died several years prior, indicating that
maternal loss is an acute stressor (Girard-Buttoz et al., 2021).

Finally, we investigate a broader, cumulative measure of early-life adversity that includes
both rainfall and maternal loss, as well as additional aspects of an infant’s physical and social
environment. Cumulative measures of early-life adversity, such as the Adverse Childhood
Experiences metric of stressful or traumatic experiences (Felitti et al., 1998), are commonly used
in the human literature because they capture a broad range of factors and provide a continuous
and powerful measure of early-life conditions. For example, in this baboon population, females
who experienced three or more early-life adversity sources had adult lifespans approximately half
as long as females with no adversity (Tung, Archie et al., 2016). This cumulative measure

incorporates both energetic and psychosocial adverse events.

4.2 Methods
4.2.1Study species, study population, and subjects

Baboons live in multi-male, multi-female groups ranging from approximately 20-100
individuals (Markham et al., 2015). Female baboons remain in their natal group (or fission/fusion
byproducts thereof) their entire lives, resulting in strong matrilineal ties among females. The
median age at which females reach sexual maturity in the study population is 4.5 years, and
median age at first live birth is 6.0 years (Onyango et al., 2013). Females almost always give birth
to one infant at a time, with an average inter-birth interval of 21 months (for infants that survive
to 1 year of age; (Gesquiere et al., 2018)). Baboon infants are weaned at approximately 16
months of age, at which point infants are nutritionally independent but still dependent on their

mothers for protection, social support, and social learning (Altmann, 1998). The median lifespan
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for a female baboon who survives past age 4 in the study population is 18.5 years, with a
maximum known age of 27.7 years (Tung, Archie et al., 2016).

Study subjects were 127 wild female savannah baboons in the Amboseli basin in
southern Kenya, living in 6 different social groups at the time of data collection (July-December
2019). The study population consists of wild yellow baboons (Papio cynocephaluwith historic
and recent admixture with anubis baboons (Papio anubisAlberts & Altmann, 2001; Tung et al.,
2008; Wall et al., 2016). The study subjects have been studied since birth by the Amboseli
Baboon Research Project. Experienced observers (R. Mututua, S. Sayialel, K. Warutere, L. Siodi)
recognize each study subject by sight, and they collected detailed behavioral, demographic, and
developmental data from each subject during observation periods several times a week. The
mean and median ages of our study subjects were 9.9 and 8.7 years, respectively with a range
from 3.3 to 22.6 years. 110 out of the 127 females in our dataset had reached sexual maturity,
and 89 out of 127 had given birth to their first life offspring. Our study subjects thus represent a
mix of adolescent, young adult, and older adult females

In Amboseli, baboon diets change seasonally and depend on rainfall. During the dry
season from June to October, there is no rain and baboons feed mainly on grass corms and tree
gum (Alberts et al., 2005; Altmann, 1998). During the wet season from November to May,
periodic rains enable a more variable diet that includes fruits, flowers, Acacia seeds, newly
emerged leaves, and insects (Alberts et al., 2005; Altmann, 1998). Although abundant year-
round, grass corms require more energy and processing time relative to other foods; as a result,
they are a fallback food eaten when other options are not available (Alberts et al., 2005; Altmann,

2009).
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4.2.2Measuring earlylife adversity

Rainfall and drought. To measure early-life rainfall and drought, we created four

variables: (1) cumulative rainfall in the first year of life, (2) cumulative rainfall in the first 4 years
of life, (3) proportion of days preceded by 30 days of drought (< 50 mm rainfall) during the first
year of life; (4) proportion of days preceded by 30 days of drought (< 50 mm rainfall) during the
first 4 years (1441 days) of life. We define a drought day as a day in which less than 50 mm of rain
had fallen in the 30 days prior to that day, following the drought cutoff used by Bronikowski &
Altmann (1996) and Beehner et al. (2006). For each study subject, we thus have a possible
maximum of 365 drought days for the 1-year measure and 1441 drought days for the 4-year
measure. We express these two variables as a proportion (i.e., number of drought days divided
by 365 for the 1-year measure by 1441 for the 4-year measure). We use a proportion because 8
females were younger than 4 years old at the time that data were collected; for these females,
we calculated the number of drought days from birth until the mean age at which her data were
collected. Because these 8 females did not have as many possible days to experience drought, we
instead report the proportion of drought days to take these shortened periods into account.

Maternal loss. Maternal loss was measured as a binary variable indicating whether the
subject’s mother died before the subject reached 4 years of age. Of the 8 study subjects who
were younger than 4 years at the time that body size data were collected from them, none
experienced maternal loss during the period between body size data collection and 4 years of
age.

Cumulative early-life adversity score. The cumulative early-life adversity (ELA) score was

calculated based on six factors identified by Tung, Archie et al (2016) as predictors of adult

mortality in female Amboseli baboons. These factors are: (1) maternal loss before age 4 years; (2)
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close-in-age younger sibling (<1.5y, lowest quartile of inter-birth interval); (3) high group density
(adult group size > 35 at birth, highest quartile); (4) low maternal rank (ordinal rank > 11 at study
subject’s birth, lowest quartile); (5) low maternal social connectedness (lowest quartile in the first
two years); and (6) born during a drought year (< 200 mm rain during first year of life). We used
these data to create a cumulative early-life adversity score (cumulative score), which was the
total number of adverse events (range = 0-6). Because very few individuals had scores greater

than three, we grouped all individuals with three more adversities into a single category.

4.2.3Measuring body size via paralkkhser phdaogrammetry

To measure baboon body size we use parallel-laser photogrammetry, a non-invasive
technique that enables repeated measures of body parts, such as the limbs, torso, or tail. Parallel-
laser photogrammetry has been used to measure body size in many species, including pilot
whales, geladas, and gorillas (Galbany et al., 2016; Lu et al., 2016; Wong & Auger-Méthé, 2018;
Wright et al., 2019, 2020). For this analysis, we analyze three body size measures: shoulder-rump
length following (Lu et al., 2016), leg length, and forearm length. Our full dataset included 127

females and over 2200 photographs.

4.2.3.1 Camera and paralléhser setup

All images were taken using an Olympus OM-D EM-5 Mark Il mirrorless camera (15.9
megapixel, 3.75u pixel size) with an M. Zuiko 12-100 mm f/4 IS Pro Digital lens. The lens was fully
extended to 100mm during data collection.

To collect body size data, laser beams of a known distance (Figure 12) were projected
onto a study subject. When that subject was photographed, we used the known distance

between the laser spots in the image to create a scale from pixels to centimeters (Figure 13). We
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then digitally measured distances between reliable body landmarks visible in the image: shoulder

to rump, wrist to elbow, heel to knee, and knee to rump (Figure 13).

precision

lateral 2
displacement

beamsplitters

green laser
module

Figurel2. Diagram of the paralldaser housing unit we used to collect body size data.
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Calculating body size in centimeters using inter-laser distance
and body size estimate in pixels:

inter-beam distance ~ shoulder-rump

. . or
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. . forearm

distance (pixels) (pixels)

Figurel3. Overview of parallelaser photogrammetry methad

Top: Schematic of image capture and measurement. Parallel laser beams of knowresntedistance,
described irFigurel2, were projected onto the study subject while the subject was photographed. Using
ImageJ, we then measured the shouldamp length (orange), leg length (pink), forearm length (red), and
inter-laser distance (green) in pixels. Bottom: We used this equation to calculate body size in centimeters
using the intefbeam distance (in centimets) between the outemost laser beams, the intdaser

distance (in pixels) between the two outarost laser spots projecting onto the study subject, and the

body measurement (shouldeump, leg, or forearm, in pixels). Adapted from Richardson, Levy et al

(2022) Created in BioRender.
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To project parallel laser beams onto the study subjects, we created a housing unit that
projects a green laser module (Apinex catalog # AGLM2, <5mW) through two 2cm lateral
displacement beamsplitters (Edmond Optics catalog # 47189; Figure 12). The two beamsplitters
were stacked in the housing such that the beam from the laser module was split into 3 beames,
each approximately 2cm apart, with the farthest two beams approximately 4cm apart (Figure 12).
This equipment was housed in an aluminum case with plastic front and back. The three laser
beams exited the case through 3mm-thick precision windows (Thorlabs, catalog # WG10530-A).
The laser module was powered by two AA batteries mounted to the outside of the case.

The two beamsplitters produced nearly parallel beams, but we were able to measure
slight deviation from parallel. To assess and correct for this deviation, we created a conversion
from pixel distance to a true 4 cm distance, both of which vary by distance from camera to the
object photographed. To do this, we took pictures of the laser beams projecting onto a flat
surface with markings of a true 4 cm distance, and in those images we measured the number of
pixels between the two outer-most beams and across the true 4 cm distance. We collected these
two measurements repeatedly from images taken 2-20m from the flat surface. Changing our
distance to the flat surface allowed us to determine the relationship between the distance from
the camera to the flat surface and the distance between the laser spots on the surface. Using
these data, we created an equation to convert each image’s inter-laser distance in pixels to 4 cm
in pixels: (4 cm in pixels) = -0.99 + 0.99*(inter-laser distance in pixels). We then used the outcome
of this equation to convert body length measurements from pixels to centimeters (Figure 13). To
assess the accuracy of the parallel-laser method, we also carried out a validation with inanimate
objects; results from this validation demonstrate that the parallel-laser apparatus is highly

accurate (see Inanimate object validation, Table 28, and Table 29).
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4.2.3.2 Collecting and rating images of baboons

Images were taken from 5-15m from the study subjects, between July and December
2019. Nearly all images were taken by AL; those not taken by AL were taken by EJL. Most images
were taken of subjects whose identities were known by the photographer at the time the image
was taken. In cases in which the identity of the focal baboon was not known while
photographing, identities were confirmed soon after with help from ILS, J.K. Warutere, or R.S.
Mututua by looking at the images captured of that individual. Images in which the identity of the
study subject was uncertain were excluded from the dataset. To avoid pseudoreplication,
measurements of the same body part were only included if the study subject moved (e.g., took at
least one step) between images. See Protocol for taking photogrammetry images for more
information about the image-taking protocol.

After all images were collected, EJL assessed the images (n=14,701) for quality using a
standard rating system for each of the three body parts measured: shoulder-rump, leg, and
forearm (Figure 13). We assessed images for quality before measuring them, and only measured
images of sufficiently high quality, based on criteria that are described in detail in Exclusion
criteria. This assessment was based on how accurate a measurement would be given the image
quality (e.g., blurry, too far) and the position of the study subject (e.g., parallax, body part

obscured by another baboon).

4.2.3.3Measuring images
Images of sufficiently high quality were then measured manually by EJL using Imagel
(Schneider et al., 2012). By having only one person measure images, we eliminating between-

observer error, which tends to be larger than within-observer error (Barrickman et al., 2015;
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Berghéanel et al., 2015; Breuer et al., 2007; Galbany et al., 2016; Lu et al., 2016; Wright et al.,
2019).

Landmarks were chosen based on baboon skeletal morphology in an attempt to measure
skeletal size alone instead of skeletal size along with muscle and fat. Details of the measurement
process are in Protocol for measuring photogrammetry images and Guiding principles for
measuring baboon images; Figure 13 shows a diagram of the measurements taken in ImageJ.
Briefly, for shoulder-rump measurements, images were first rotated so that the study subject’s
spine was parallel to the top of the computer screen. A rectangle was then drawn around the
subject, with one side extending to the outer-most point of the ischial callosity and the other side
to the bony point of the shoulder, slightly inward from the edge of the fur. The width of this
rectangle was used as the shoulder-rump length (Figure 13, orange). Leg measurements were
taken by first drawing a line from the outer-most curve of the heel to the inside of the knee.
Using the exact same location for the knee landmark, a second line was drawn from there up to
the top-most point of the ischial callosity (Figure 13, pink). These two lengths were then added
together. Forearm measurements were taken by drawing a line from the elbow to the indent just
below the protrusion at the wrist marking the end of the ulna (Figure 13, red). All measurements
for all body parts were taken twice and averaged. We increased the independence of
measurements by only collecting one measurement per day.

To measure the inter-laser distance, we used an automated system that identifies laser
spots via brightness and color (Richardson et al., 2022). Of the 2207 images, 2010 were measured
by RR using this automated system. The remaining 197 did not yield the correct inter-laser
distance output using this automated method; for those images the inter-laser distances was

measured by hand in Imagel, by EM.
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After collecting the inter-laser distance and body size measurements in pixels, we
converted the body size measurements to centimeters. First, we converted each inter-laser
distance in pixels to 4 cm in pixels (see 4.2.3.1 Camera and parallel-laser set-up) to account for
the laser beams being slightly deviant from parallel. We then obtained body size measurements

in centimeters by using the following standard equation (Figure 13):
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4.2.3.4Dataset and variability

The rating and measuring process yielded 2207 images for which at least one body part
was measured: 1082 of these 2207 images yielded shoulder-rump measures for 121 baboons,
1417 of these 2207 images yielded leg measures for 124 baboons, and 1515 of these 2207
images yielded forearm measures for 125 baboons with forearm measurements (Table 6).
Cumulative ELA score was not available for several study subjects, so the datasets used to test
effects of cumulative ELA score on body size were slightly smaller (Table 6).

The parallel-laser photogrammetry process has several steps that can introduce
variability into the final body size measurement (Galbany et al., 2016; Richardson et al., 2022).
Some of the most common sources of variability are parallax, body position, and lack of
repeatability when identifying landmarks, both in the same image and across images. We
assessed two types of variability in our datasets: (1) within-image difference and % difference,
which capture the repeatability of the observer measuring the same image twice, and (2) within-
subject SE and % CV, which capture the repeatability of measurements across images of the same

study subject.
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Sampling density was relatively high, with a mean of 9-12 images per study subject across
body parts. The mean time span over which images were taken was approximately 2 months
(range 0-6 months). The mean difference between the two measurements taken on the same
image was approximately 0.2-0.3cm. Because the forearm measurement is shorter than the
shoulder-rump and leg measurements, the within-image percent difference was much higher for
this measurement than for the others, even though the absolute within-image difference was
similar: within-image percent difference was approximately 0.45% for shoulder-rump and leg
datasets and 1.35% for the forearm dataset. These estimates are similar to prior studies using
parallel-laser photogrammetry to measure body size in wild primates, which report within-image
percent differences of 0.5% - 2.0% (Breuer et al., 2007; Galbany et al., 2016; Lu et al., 2016;
Wright et al., 2019). Within-subject SE was twice as high for the shoulder-rump dataset (0.5) than
for the leg and forearm datasets (0.28, 0.27), indicating that the shoulder-rump measure was
slightly less repeatable across images of the same baboon. Within-subject percent CV was lowest
for the leg dataset at 0.66%, and higher for shoulder-rump and forearm datasets at 1.1% - 1.2%.
The percent CV is higher for the forearm measurement than for the leg measurement because
baboon forearms are approximately half as long as baboon legs. These values are on the low end
of variability in prior studies, which report within-subject percent CVs of 1.0% - 5.0% (Galbany et

al., 2016; Lu et al., 2016; Wright et al., 2020). See Table 6 for full information.
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Table6. Descriptive information about the datasets

Body part | # # Mean # Age Within- Within- Within- | Within-

subjects 1 | images images/subject | span image image % subject | subject
(years)? | difference difference? SE % CV>
(cm)3

Dataset used to assess shape of cross-sectional growth curve

Shoulder-

rump 121 1082 8.9 0.16 0.20 0.44 0.50 1.10

Leg 124 1417 11.4 0.17 0.17 0.40 0.28 0.66

Forearm 125 1515 12.1 0.17 0.30 1.32 0.27 1.17

Dataset used to assess effects of rainfall, drought, and maternal loss

Shoulder-

rump 121 1082 8.9 0.16 0.20 0.44 0.50 1.10

Leg 123 1416 11.5 0.17 0.17 0.40 0.28 0.66

Forearm 124 1513 12.2 0.18 0.30 1.32 0.27 1.17

Dataset used to assess effects of ELA score

Shoulder-

rump 117 1055 9.0 0.16 0.19 0.43 0.49 1.09

Leg 119 1389 11.7 0.17 0.17 0.40 0.27 0.63

Forearm 120 1475 12.3 0.17 0.31 1.33 0.27 1.18

LEarly-life data were missing for several study subjects, so the dataset for the cross-sectional
growth curve analysis (top) is slightly larger than the dataset for the rainfall, drought, and
maternal loss analyses (middle) and the cumulative ELA score analysis (bottom).

2 Age span: Each study subject’s images were taken over a time span of 0-6 months; here, we
calculate the mean of that time span across study subjects

3Within-image difference: First, we calculate the difference between measurement 1 and
measurement 2 of the same image. We then take the mean across all images in the dataset.
4Within-image % difference: First, we calculate the difference between measurement 1 and
measurement 2 of the same image, divided by the mean of the 2 measurements, times 100. We
then take the mean across all images in the dataset.

>Within-subject % CV: First we calculated the SD of all photos of the same study subject divided
by the mean of all photos of that same subject, times 100. We then took the mean across study
subjects. Note that images were taken over a time span of 0-6 months.

4.2.4Assessing the shape of crassctional growth

Growth curves can be modeled in a number of different ways. To determine the best-
fitting cross-sectional growth curve model for shoulder-rump, leg, and forearm lengths of female
baboons, we assessed model fit of three different models of body size as a function of age. First,
we used a piecewise linear-linear model with one knot, which assumes that animals grow linearly
until they abruptly stop growing; a version of this model (with two knots instead of one) was used
to assess growth in wild chimpanzees (Pusey et al., 2005). Second, we used a quadratic threshold
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model that assumes a quadratic growth trajectory before the knot and has a slope of 0 after the
knot. This quadratic threshold model has been used to assess growth curves for gelada monkeys
(Lu et al 2016). The quadratic threshold model approximates Gompertz and von Bertalanffy
logistic growth models, which represent the traditional approaches to modeling growth, but the
quadratic threshold model more amenable to a mixed-effects modeling approach than these
logistic models. Finally, we used a quadratic log-log model. We reasoned that log-transforming
both age (x-axis) and body size (y-axis) would be the best approach to detecting logistic growth,
the growth process that is assumed by both the Gompertz and von Bertalanffy growth equations.
In addition, the quadratic log-log model allows for intuitive interpretation of model results.

For all three models, the outcome variable was body size, the fixed effect was age, and
the random effect was individual identity. For the two piecewise models, the location of the knot
was optimized by running each model with the range of possible knot locations (intervals of 0.1
years) and identifying the knot location that produced the model with the lowest AIC score. This
model-optimizing process was repeated three times, once for each body measurement
(shoulder-rump, leg, forearm). For the quadratic log-log model, in addition to a log(age)
predictor, there was also a log(age?) predictor. All models were run as linear mixed-effects
models using the glmmTMB package in R version 4.1.1 (Magnusson et al., 2017; Team, 2013).
More information about this process and the results from the optimized models are in Results
from testing fit of linear piecewise, quadratic threshold, and quadratic log-log models and Figure
19.

Each model included a random effect of individual baboon, because the unit of analysis
was a single image’s measurements and we had repeated measures for most study subjects. The

leg length models also included a predictor of leg rating, as ratings with a score of 1 (leg slightly
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bent) tended to be shorter than ratings with a score of 2 (leg straight). We also tested whether a
predictor of shoulder-rump rating improved models of shoulder-rump length, but it did not (DAIC
=12.0), likely because lower ratings represent more noise in the measurement as opposed to a
bias toward longer or shorter lengths. See Results from testing fit of linear piecewise, quadratic
threshold, and quadratic log-log models for details on the outcomes for these three types of
model fit.

We found that of the three methods of fitting body size, the quadratic log-log model was

the best based on R? values (Table 7). As a result, we used the quadratic log-log model for all

further analyses of the relationship between early-life adversity and body size.

Using the quadratic log-log model described above, we modeled cross-sectional growth
curves for our three body measures. To estimate when female shoulder-rump, leg, and forearm
lengths were at a maximum (i.e., approximating when growth ceases), we used the coefficients
from the model outcomes to calculate the age at which our three models had a slope of O (i.e.,
the apex in our quadratic equations). In addition to formally modeling cross-sectional growth
using the quadratic log-log model (Figure 14 main plots), we also produced visualizations of the
growth pattern using a lowess curve by using the loessplotting function’s automatic local

weighting setting in ggplotZs geom_smoothoption (Figure 3 insets; Wickham, 2009).
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Table7. Identifying the best model of crossectional growth curves in female baboons
Values are the Routputs for models of each body part (shouldemp, leg, forearm) modeled in three
different ways.

Piecewise linear- Piecewise quadratic | Quadratic
linear threshold log-log
Marginal R21 Shoulder-rump | 0.429 0.522 0.548
Leg 0.232 0.420 0.454
Forearm 0.307 0.285 0.328
Conditional R?? Shoulder-rump | 0.781 0.783 0.795
Leg 0.853 0.871 0.879
Forearm 0.660 0.669 0.680

IMarginal R? represents variation explained by the fixed effects only (age for shoulder-rump and
forearm models, age and leg rating for leg models)

2Conditional R? represents variation explained by fixed effects (age for shoulder-rump and
forearm models, age and leg rating for leg models) and random effects (individual identity)

4.2 .5Testing environmental and genetic predictors of body size

We ran a series of statistical models using the quadratic log-log model equation to assess
whether early-life environment affects adult female body size. Each model had one of three
outcome measures: shoulder-rump length, leg length, or forearm length. Each model included
three fixed effects: one early-life environment predictor, log(age), and log(age)?. Most models
included an additional predictor of maternal rank at the study subject’s birth, but we did not
include maternal rank in the three models that also contained cumulative ELA score because low
maternal rank is also a component of cumulative ELA score. Maternal rank was included in the
rest of the models because a prior study in the same population found that the infants and
juveniles of higher-ranking mothers were larger for their age compared to the infants and
juveniles of lower-ranking mothers (Altmann & Alberts, 2005). Because two common measures of
dominance rank — ordinal and proportional — differ in their ability to predict phenotypes, we
assessed model fit with each measure using a representative model (Leg ~ 4 years drought), and
the model with maternal proportional rank was preferred (DAIC = 6.6). The leg length models also
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included a predictor of leg rating, as ratings with a score of 1 (leg slightly bent) tended to be
shorter than ratings with a score of 2 (leg straight).

We tested six different early-life environment predictors, each used separately in our
models: (1) cumulative rainfall in first year of life and (2) first 4 years of life, (3) number of
drought months in first year of life and (4) first 4 years of life, (5) maternal loss, and (6)
cumulative early-life adversity (ELA) score. In total, we ran 18 models: we tested each of the six
early-life environment predictors on its own in models of the three body size measurements.

To account for genetic effects on body size, we ran all 18 models as ‘animal models,’
which account for relatedness among study subjects. These animal models were run in R version
4.1.1 using ASReml-R software version 4, a statistical software package that uses residual
maximum likelihood to fit general linear mixed models (Butler et al., 2009). We did not have a full
pedigree due to paternity uncertainties for 24% (30/127) of our study subjects. However, our
dataset contained 31 unique mothers of 54 study subjects (i.e., mother and daughter were both
in the dataset), and 88/127 study subjects had at least one maternal half- or full sister in the
dataset. An inverse pedigree matrix was included as a random effect, which estimates additive
genetic effects and controls for the potential confound of relatedness in our estimate of our fixed
effects. We also included a random effect of maternal identity to estimate combined
environmental and genetic maternal effects and to control for the fact that sharing a maternal
environment may result in more similar body size (Wilson et al., 2010). Finally, we included
individual as a random effect to account for the fact that most study subjects were represented
by multiple images in the dataset. This random effect estimates between-individual variance not
explained by other random effects (Wilson et al., 2010). For a representative model (Leg ~ 4 years

drought), we also ran versions that did not include the pedigree, did not include the maternal
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identity, and did not include both to assess model fit with and without relatedness information.
The model with both pedigree and maternal identity was preferred (DAIC =3.3-19.1).

ASReml-R iteratively maximizes likelihood in a step-wise fashion, and we ran 400
iterations of each model. For two models (Leg ~ 1 year rain and Leg ~ Maternal loss), the model
output warned of a convergence error. In these two cases, increasing the number of iterations to

1,000,000 did not change model outputs or the warning, so we report the model outputs here.

4.3 Results
4.3.1Crosssectional growth curves

Based on our quadratic log-log models of cross-sectional growth, female shoulder-rump
length was at its maximum by 14.2 years of age and leg and forearm lengths were at their
maximum by 11.8 and 12.3 years of age, respectively (Figure 14). At those maximum body sizes,
our models indicate that shoulder-rump length was 47.9 cm, leg length was 43.9 cm, and forearm
length was 23.8 cm (Figure 14). In the absence of longitudinal data beyond 6 years of age
(Altmann & Alberts, 2005), this provides our best estimate of when wild female baboons stop
growing.

These results align with our visual assessment of the lowess curves (Figure 14 insets,
Figure 26). The lowess plots show a linear and steep positive slope through 8 years of age,
followed by an abrupt change to a weakly positive slope (shoulder-rump) or a mix of weakly
positive and weakly negative slopes (leg and forearm). As baboons exhibit determinant growth,
we interpret the later-life curves of the lowess plots as indicative of small sample size, cohort

effects, and/or selection bias for larger females. In the lowess plots, full body sizes are
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approximately 47.2 — 47.8 cm for shoulder-rump, 43.3 —44.4 cm for leg, and 23.3 — 24.1 cm for
forearm length (Figure 14 insets, Figure 26).

Using the predicted maximum body size from the log-log quadratic model as a proxy for
the average body size of fully-grown female baboons, and using the model equation to calculate
predicted body size at a given age, we can estimate what percent of growth was achieved by the
time females reached two important life history milestones: sexual maturity and age at first live
birth (median ages of 4.7 and 6.3 years, respectively for our study subjects, Figure 14 teal and
yellow vertical lines). Upon reaching sexual maturity, females were approximately 87% of their
full shoulder-rump length and 90% of their full leg and forearm length. Upon first live birth,
females were approximately 93% of their full shoulder-rump length and 95% of their full leg and
forearm length (Figure 14).

Our quadratic log-log models show a decline in body size in old age, especially for the two
limb measurements (Figure 14). We suspect this is due to the fact that we modelled our data
using a quadratic log-log equation, which must decline after its peak; the lowess plots of the
same data do not show a sustained decrease in body size in older age (Figure 14, insets).

For cross-sectional growth plots of each body part representing the within-individual

error in the dataset, see Figure 25.
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4.3.2Earlylife adversty and body size: Drought and rainfall predict limb length

Drought. The number of drought days in the first 4 years of life, but not in the first year of
life alone, predicted both leg length and forearm length (leg: p = 0.003; forearm: p = 0.005; Table
8). Each additional day of drought in the first 4 years of life predicted leg and forearm lengths
0.015% and 0.017% shorter, respectively. Put another way, a female who experienced drought
days in 82.3% of her first four years, which corresponds to 1SD above the mean of 78.7% is
predicted to have legs and forearms that are 0.83% and 0.90% shorter, respectively, than if she
had experienced the mean proportion of drought days. For our study subjects, the proportion of
drought days experienced in the first four years of life ranged from 69.1% to 88.2%, indicating a
4.4% difference in leg length and 4.8% difference in forearm length from the most- to least-
affected female. There was no effect of drought in the first year or in the first 4 years of life on
shoulder-rump length (1 year p = 0.84, 4 year p = 0.95, Table 30), nor was there an effect of
drought during the first year of life on leg or forearm length (leg: p = 0.37; forearm: p = 0.71;
Table 30).

Rainfall. Cumulative rainfall in the first 4 years of life, but not in the first year of life alone,
predicted one measure of body size, leg length (Table 30). Cumulative rainfall did not predict
shoulder-rump length or forearm length (Table 30). For leg length, each additional millimeter of
rain in the first 4 years of life predicted a 0.005% increase in leg length in juvenescence and
adulthood (p = 0.032, Table 30). A female who experienced cumulative rainfall that was 1 SD (214
mm) below the mean of 1368 mm rain in the first 4 years of life is predicted to have legs 1.1%
shorter. For our study subjects, the amount of rainfall experienced in the first 4 years of life
ranged from 1072 to 1818 mm, indicating a 3.7% difference in leg length between the most- and

least-affected female.
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Cumulative early-life adversity and maternal loss. Neither early-life adversity score nor

maternal death predicted later-life shoulder-rump, leg, or forearm lengths (p-values > 0.33, Table

30).

4.3.3Marginal effectof maternal dominance rank on latelife limb length

In all five models that tested whether maternal dominance rank predicted forearm
length, maternal dominance rank showed a consistent effect on forearm length that did not
reach statistical significance. In these models, the daughter of the highest-ranking mother was
predicted to have forearms 2.7-2.9% longer than the daughter of the lowest-ranking mother
(range of p-values for all forearm models = 0.063-0.095, Table 8, Table 30). Leg length showed a
similar but weaker pattern, such that the daughter of the highest-ranking mother was predicted
to have legs 1.7-2.2% longer than the daughter of the lowest-ranking mother (range of p-values
for all leg models = 0.11-0.23, Table 8, Table 30). There was no effect of maternal dominance
rank on leg length (range of p-values for all leg models = 0.11-0.23, Table 8, Table 30) or on
shoulder-rump length (p-values for all shoulder-rump models > 0.7, Table 30), though the
coefficients of maternal rank in the leg length models were consistent with findings for forearm

length, suggesting extremely weak evidence of an effect of maternal rank on leg length.
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Table8. Fixed effect®f the models thatestedwhether the number of droughdaysa female baboon
experien@d in her first 4 years of life predictérrleg and forearm lengths adulthood

Body
Part

Leg

Forearm

Predictor

Intercept

log(Age)
log(Age?)

Leg Bent A
Straight

Maternal
Proportional
Rank?

Drought
Months in 4
Years

Intercept

log(Age)
log(Age?)

Maternal
Proportional
Rank?

Drought
Months in 4
Years

eCoefficient
1

24.741

1.806
0.889

1.017

1.019

0.770

13.891

1.818
0.889

1.027

0.751

eSE1l

1.088

1.056
1.013

1.001

1.013

1.093

1.103

1.065
1.014

1.015

1.107

P-Value

<2.22E-16

<2.22E-16
<2.22E-16

<2.22E-16

0.163

0.003

<2.22E-16

<2.22E-16
1.11E-16

0.083

0.005

Interpretation

At birth, baboons are predicted to
have a leg length of 24.7 cm

Leg length is strongly predicted by
age

Images in which the leg was straight
have leg lengths 1.7% larger than
images in which the leg was slightly
bent

No effect of maternal rank on leg
length

A 1% change predicts a decrease of
0.23% and each additional day of
drought predicts a decrease of
0.015%.

At birth, baboons are predicted to
have a forearm length of 13.9 cm

Forearm length is strongly predicted
by age

Trending: The daughter of the
highest-ranking mother is predicted
to have forearms that are 2.7%
longer than the daughter of the
lowest-ranking mother

A 1% change predicts a decrease of
0.25% and each additional day of
drought predicts a decrease of
0.018%.

1Every one-unit increase in the predictors is associated with a percent change equivalent to the
value in these columns. For example, 1 extra month of drought predicts a shoulder-rump length
99.9% as long, which is equivalent to a decrease in shoulder-rump length of 0.1%.

2 Maternal proportional rank at study subject's birth

4.3.4Body size is highly heritable

Additive genetic variance explained a large proportion of total variance in all three

measures of body size in our data set, indicating substantial narrow sense heritability of body size

in female baboons. Estimates varied slightly across models and body parts. Shoulder-rump
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heritability was approximately 58%, leg length heritability was 56-65%, and forearm length
heritability was 36-41% (Table 9, Table 31). Maternal effects also explained a relatively large
proportion of variance in limb size, with variance between mothers accounting for 14-22% and
13-17% of variance in leg and forearm length, respectively. In contrast, variance between
mothers explained almost no variance in shoulder-rump length. The random effect of individual
identity, which measures between-individual variation, explains almost no variance in any body
size measures, suggesting that most between-individual variation in body size has been captured
by the fixed effects, additive genetic effects, and maternal effects. Finally, residual variance
accounted for 42% of the total variance in shoulder-rump length, 46-47% of the total variance in
forearm length, and only 19-22% of the total variance in leg length. We suspect that these
residual variance results reflect the fact that the shoulder-rump and forearm measures were
noisier than the leg measure. See Table 9 for the random effects from three representative

models and Table 31 for the random effects of all 18 models.
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Table9. Ran@m effectsof the three models that assessed whether the number of drought months a
female baboon experienced in her first 4 years of life predisteoulderrump, leg, and forearm lengths
Proportion of

Body Part Random Effect Coefficient ; Interpretation
Variance
Additive Addmwggenencyanance|nthe
. 1.27E-03 0.58 population explains 58% of total
Genetic Effect L
variation in shoulder-rump length
Variance between mothers explains
Maternal Effect  7.56E-10 3.44E-07 0.000034% of total variation in shoulder-
length
Shoulder rump eng_ o _ i
rum ID (Between- Between-individual variance explains
P Individual 3.95E-10 1.80E-07 0.000018% of total variation in shoulder-
Variation) rump length
42% of variation in shoulder-rump
Res.ldual 9.99E-04 0.42 length is .un.exp|a|.n.ed; some of thlsi|s
Variance due to within-individual, between-image
variation
Additive AddNNggeneUcyanancelnthe
. 1.11E-03 0.56 population explains 56% of total
Genetic Effect e
variation in leg length
B ; o
Maternal Effect  4.43E-04 0.22 Variance bgtvyeerj mothers explains 22%
of total variation in leg length
ID (Between- o ) )
Leg individual 1 81E-06 9.16E-04 Between—lndlwdual.va?rlar'\ce explains
. 0.092% of total variation in leg length
Variation)
22% of variation in leg length is
Regdual 4.99E-04 0.22 uhexmgmgq;muchofth5|§dueto
Variance within-individual, between-image
variation
Additive AddNNggeneUcyanancelnthe
. 1.27E-03 0.36 population explains 36% of total
Genetic Effect o
variation in forearm length
1 H 0,
Maternal Effect  6.22E-04 017 Variance bgtvyeeh mothers explains 17%
of total variation in forearm length
Forearm ID (Between- Variation between individuals explains
Individual 1.71E-10 4.77E-08 0.0000048% of total variation in forearm
Variation) length
47% of variation in forearm length is
Regdual 1 69E-03 0.47 uhegm§m§q;muchofth5|§dueto
Variance within-individual, between-image
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4.4 Discussion
4.4.1Summary of findings

Using cross-sectional body size data of wild female baboons, we found that limb length of
female Amboseli baboons was stunted by early-life adversities that are closely tied to food
abundance. Shorter limbs were associated with drought conditions in the first 4 years of life, as
well as with low cumulative rainfall in the first 4 years of life, with a predicted 3 — 5% increase in
limb length from the most-affected and least-affected females. In contrast to our findings of the
effects of drought and rainfall, female body size was not predicted by the two measures of early-
life adversity that represented a combination of energetic and psychosocial stressors (cumulative
early-life adversity score and maternal loss).

Our findings are best interpreted in the context of the evolution of developmental
plasticity: females reduce growth during early-life energetic stress, likely in order to allocate their
limited energy to biological systems more crucial for short-term survival and/or long-term fitness.
A key follow-up question to our study is whether female baboons with limbs that are 3-5%
shorter have lower fitness. The effects of drought on limb length in our study are of similar
magnitude to a study of British children in the 1930s, in which girls whose families were above
the median food expenditure (top 50" percentile) had approximately 3.4% longer legs and 2.4%
longer trunks than girls whose families were below the median for food expenditure (data
extracted from Gunnell et al., 1998 using WebPlotDigitizer). In a later study of over one million
Norwegian women born throughout the 1900s, those who were 3% shorter than the ‘optimal’
height (the height associated with lowest mortality) were 1 to 3% more likely to die at any given

time, even after controlling for body mass index, age, and cohort effects (Engeland et al., 2003).
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In a more drastic example, in a population of cliff swallows exposed to extreme cold, the only
morphometric difference noted between those that survived and those that died was that the tail
lengths of survivors were 2% longer than the tail lengths of those that died (Brown & Brown,
1998).

Analysis and visualization of our cross-sectional growth data from juvenescence
throughout adulthood also revealed shoulder-rump growth seeming to cease approximately 2
years later than limb length. In addition, these cross-sectional growth curves revealed that
females continue to grow for several years past the start of their reproductive careers, suggesting
that females must either allocate energy to both reproductive effort and growth simultaneously
or face a trade-off between these two energy-intensive processes (M. E. Thompson et al., 2016;
Whitten & Turner, 2009).

In addition, maternal rank was weakly associated with forearm length, such that females
with higher-ranking mothers may have had longer forearms, after accounting for age, than
females with lower-ranking mothers, although this effect did not reach statistical significance
(Table 3). In spite of the lack of statistical significance, this finding aligns with two prior studies of
infant and juvenile wild baboons, which found that higher maternal was associated with larger
body mass-for-age (Altmann & Alberts, 2005; Johnson, 2003). However, skeletal growth
(measured here) likely responds differently to environmental conditions than body mass; skeletal
growth ceases in adulthood, whereas body mass may fluctuate depending on early-life and adult-
stage environmental conditions. Finally, our analysis yielded the first estimates in a wild primate
population of body size heritability and of the extent to which body size is explained by maternal

effects.
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4.4.2 Energetic vs psychosocial adversity

Our result that energetic stress in early life — poor food availability due to limited rainfall
—is associated with reduced limb size in juvenescence and adulthood was particularly evident
when measured over a longer period of time encompassing infancy and juvenescence (first 4
years of life) as opposed to infancy along (first year of life). In contrast, we found no evidence
that early-life adversity metrics that reflect both energetic and psychosocial stress — cumulative
early-life adversity score and maternal loss — are associated with body size later in life.

While we were unable to capture a measure of early-life psychosocial stress that was not
conflated with energetic stress, we feel confident that one of our measures of early-life adversity,
maternal loss, reflects acute and long-lasting psychosocial stress. First, maternal loss, which was
tested on its own and was also included in the cumulative score metric, is likely a strong, acute,
and long-lasting source of psychosocial stress for young female baboons (Stanton et al., 2020;
Zipple et al., 2021). Maternal loss massively disrupts a female’s social network, and poor social
connectedness is associated with increased mortality in baboons and many other social species
(Archie, Tung, et al., 2014; Hawkley & Capitanio, 2015; Snyder-Mackler et al., 2020; Tung et al,,
2016). At the same time, maternal loss — especially at younger ages — is likely associated with
increased energetic stress, as mothers may help their daughters obtain more food or expend less
energy, for example by buffering them from other group members who may try to interrupt

feeding and/or engage in agonistic encounters (van Noordwijk, 2012).

4.4.3 Limbs versus torso growth
We found evidence of plasticity in limb growth, but not in torso growth, in line with prior
literature of humans suggesting that limb length tends to be more stunted than torso length in

the face of early-life adversity (Billewicz et al., 1983; Gunnell et al., 1998; Wadsworth et al.,
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2002). For example, a longitudinal study of British men born in 1946 found that a handful of
early-life factors, such as not being breastfed, and having limited energy intake, were associated
with adult leg length, whereas fewer of these factors were associated with torso length, and to a
smaller degree (Wadsworth et al., 2002). Shorter leg length, but not shorter overall height, has
also been associated with higher incidence of cardiovascular disease and type Il diabetes (Gunnell
et al., 2003; Lawlor et al., 2004; Smith et al., 2001; Weitzman et al., 2010). We suspect that the
relationship between leg length and disease is due to the confounding variable of early-life
adversity, which affects both phenotypes. Many authors of these studies hypothesize that they
see greater plasticity in leg length than torso length because in humans, proportionally more leg
growth than torso growth occurs before puberty, when early-life effects are more likely to be
studied. We do not have a sufficient dataset to test for this mechanism in baboons. However,
there is another explanation; plasticity may be limited for torso length because the torso contains
nearly all the body’s organs, whose development and function are likely more crucial to short-
and long-term fitness than limb length.

Prior work studying predictors of body size in primates reveals some evidence of greater
plasticity in limb length than in torso length. For example, Japanese macaques living on a small
island had shorter limbs relative to their body size than those living on larger islands in Japan,
possibly because the population on the smallisland is near its carrying capacity and has limited
food availability (Buck et al., 2018). However, another study of captive cebus monkeys raised with
varying levels of food restriction showed no difference between limb versus torso growth of
calorie-restricted or protein-restricted versus calorie-unrestricted individuals (Fleagle et al.,
1975). A large body of research has tested Allen’s rule, which posits that animals in colder

climates have adapted to grow smaller appendages (e.g., limbs, tail, ears) relative to full body size
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to reduce heat loss (Allen, 1877). For example, a comparative study of six macaque species
demonstrated that those living in colder climates had shorter limbs relative to total body size
(Weinstein, 2011). Support for Allen’s rule provides additional evidence that animals may have

evolved to exhibit more plasticity in limb growth than in torso growth.

4.4.4 Heritability and maternal effects

We estimated additive genetic effects (i.e., narrow-sense heritability) and maternal
effects of body size; to our knowledge, this study is the first to do so in a wild primate population.
We found heritability of approximately 40% for forearm length and 60% for shoulder-rump and
leg length. These values are within the range reported for heritability of morphological traits in
other non-human animals (Hallgrimsson et al., 2002; Visscher et al., 2008). The degree of
variance explained by maternal effects varied across body parts, with 13-22% of variation in limb
length yet almost not variation in shoulder-rump length being explained by maternal effects. This
difference aligns with our finding that there is more plasticity in limb length than in torso length;
different maternal environments may cause greater differences in limb length than in torso
length. While our estimates of heritability and maternal effects are within the expected range, we
interpret these values with caution because we did not have a full pedigree due to missing
paternities in 30 out of 127 study subjects (see Methods: Testing environmental and genetic

predictors of body size).

4.4.5 Developmental plasticity in body size
These results offer a view of the trade-offs that female baboons make when developing

under energetic and psychosocial limitations. Our findings suggest that female baboons evolved
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to respond plastically to early-life energetic constraints by reducing body size, but that
psychosocial constraints to not invoke plasticity in body size.

However, we are not certain whether, all else being equal, the magnitude of effects we
observed pose a cost to female fitness: does a female have reduced reproductive success or
survival if her limbs are slightly shorter compared to if they are slightly longer? While we cannot
answer this question yet, we can think through what each direction — yes or no —would tell us
about the evolution of developmental plasticity in female baboons.

If having slightly shorter limbs does predict relatively female fitness, our findings suggest
that females reduce their growth when faced with adverse environments, likely in order to
reallocate limited resources to other functions that would be more costly to under-develop in the

long-term. In effect, this interpretation means that female baboons evolved to grow plastically

depending on whether the environment is optimal, challenging, or somewhere in b&wmeen

other hand, if slightly shorter limbs do not predict relatively low female fitness, our results

suggest that female baboons evolved to prioritize growth during their development, likely at the

expense of some other facet(s) of development (e.g., immune function, neurodevelopment). The

measurable effect of early-life adversity on body size also means that female baboons evolved to

grow plastically, but only to an extent that does not impose later-life fitness costs.

4.4.6 Limitations

Two main aspects of our study limit the conclusions that we can draw from our findings.
First, our data are cross-sectional; repeated measures of the same female were collected over
the span of 1-6 months, which is not enough time to measure within-individual growth rates.

Instead, we focus on body size-for-age. The cross-sectional nature of our study, combined with
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the fact that we only collected data during one 6-month period (July-December 2019) also means
that we cannot distinguish cohort effects that are associated with early-life adversity factors we
measured (e.g, rainfall and drought) from cohort effects that may be associated with population-
level factors we did not measure (e.g., change in habitat quality).

Second, we measured three components of skeletal body size, but other components of
body size may also be affected by early-life adversity. We did not measure body mass which, in
conjunction with body size (i.e., body mass index or body condition) may be more important for
female baboon survival and reproduction than body size alone (Gesquiere et al., 2018; Guinet et

al., 1998).

4.4.7 Future directions

Several avenues of future work will resolve lingering uncertainties of our study and build
on our work to better understand developmental plasticity of body size in wild primates. First,
collecting longitudinal growth curves of baboons will increase our ability to study predictors of
inter-individual differences in body size, to test for compensatory growth, to identify when
growth stops, and to ask whether those baboons experience a trade-off between growth and
early-life conditions, sexual maturity, or reproduction. Further, we see potential in comparative
work that assess differences across wild primates and mammals in the extent to which similar
early-life adversities predict differences in growth trajectories.

Second, future work investigating sensitive periods and catch-up growth (i.e.,
compensatory growth) may explain why we observed effects of drought and low rainfall on limb
length when these variables were measured across the first 4 years of a life, but not during the

first 1 year of life. We suspect that females who experienced drought conditions in year 1 had
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opportunities to ‘catch up’ if the next several years were more favorable; if we had measured
female body size at 1 year of age, we may have observed an effect of drought or rainfall. In
contrast, our 4-year metrics of drought and low rainfall measure intense and/or prolonged early-
life adversity, when females may not have had energetic opportunities for catch-up growth.

Third, expanding this study to males may highlight interesting sex differences. We
suspect that plastic growth would be less likely to evolve in male baboons because larger body
size is likely more crucial for male lifetime reproductive success than it is for females. And finally,
further work studying whether the magnitude of effects we found are consequential for female
baboon foraging efficiency, dominance rank, energy expenditure, and ultimately fitness will help
us resolve how female baboons allocate limited resources to growth and all other developing

systems during early-life adversity.
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5.1 Introduction
5.1.1Longterm effects of earlylife adversity

Experiencing early-life physical or social adversity (i.e., harsh environments before sexual
maturity) is associated with poor later-life health and decreased adult lifespan in many animals,
including humans (Brown et al., 2009; Elo & Preston, 1992; Fay et al., 2018; Galobardes et al,,
2008; Hayward et al., 2013; Lewis et al., 2000; Tung et al., 2016). For example, American Indian
children of Northern Plains tribes who were subjected to boarding school —a source of physical
and psychological abuse — have poorer physical health as adults compared to those who did not
attend boarding school (Running Bear, Beals, et al., 2018; Running Bear, Croy, et al., 2018).
Similarly, the Adverse Childhood Experiences Study (ACES) finds that childhood trauma is
associated with auto-immune disease, self-reported disability, heart disease, cancer, and
premature death in adulthood (Brown et al., 2009; Dube et al., 2009; Felitti et al., 1998; Rose et
al., 2014). These effects of childhood trauma and abuse are mirrored in nonhuman animals. In a
population of wild bighorn sheep, for example, females who experience high precipitation in

utero, high population density at birth, or high temperatures during their first year of life went on
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to have reduced survival and reproductive success in adulthood (Pigeon et al., 2017; Pigeon et al.,

2021).

5.1.2Earlylife adversity, inflammation & the biological embedding hypothesis

How does early-life adversity get ‘under the skin’ to affect later-life fitness? One of the
leading hypotheses, termed the biological embedding hypothesis, posits that people develop a
‘proinflammatory phenotype’ in response to early-life adversity, characterized by both baseline
inflammation as well as a heightened acute inflammatory response, which is mediated by
epigenetic modifications, hypothalamic-pituitary-adrenal (HPA) axis dysregulation, and
macrophage overactivity (Miller et al., 2011). The biological embedding hypothesis was first
developed to explain how socioecological gradients get ‘under the skin’ to affect behavior,
physiology, health, and lifespan (Cohen et al., 2012; Hertzman, 1999, 2012; Hertzman & Wiens,
1996; Miller et al., 2011); one component of this hypothesis focuses specifically on the
embedding of early-life adversity via inflammation.

Inflammation via innate immunity is the immune system’s first response to wounds and
infections, which represents a likely mediator of the health and mortality effects of early-life
adversity. The inflammatory response involves both positive cascades and inhibitory feedback of
cytokines and other proteins, and most of these biomarkers perform many roles in this process.
The ability to properly calibrate the immune system’s inflammatory response is crucial. The
inflammatory response is needed to fight off pathogens and repair tissue, but over-investment in
inflammation wastes energy and can cause long-term tissue and organ damage (Furman et al,,
2019; Nathan, 2002). For example, mice deficient in Toll-like receptor 4, a protein that recognizes

gram-negative bacteria and helps kickstart the inflammatory process to remove them, were more
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susceptible to infection by Trypanosoma cruzihe bacteria responsible for Chagas disease
(Qliveira et al., 2010). Yet too much inflammation also has a cost: septic shock is caused not only
by the spread of a bacterial infection, but also by an unchecked, over-responsive inflammatory
response that can ultimately cause organ failure and death (Cecconi et al., 2018).

Predictions of the biological embedding hypothesis are well-studied and moderately
supported in studies of humans. In support of these predictions, people who grew up with early-
life adversity (e.g., low socioeconomic status and exposure to violence, maltreatment, and abuse)
have high levels of inflammation-related biomarkers such as interleukin 6 (IL-6), c-reactive
protein (CRP), and soluble urokinase plasminogen activator receptor (SuPAR) in adolescence orin
adulthood — all signs of chronic inflammation (Carroll et al., 2011; Danese et al., 2007; Hartwell et
al., 2013; Rasmussen et al., 2020; Rasmussen et al., 2019; Taylor et al., 2006). Chronic
inflammation, in turn, is associated with poor health outcomes (Furman et al., 2019; Jenny et al,,
2007; Kuo et al., 2006; Ridker et al., 2003). Similarly, adults who experienced more early-life
adversity exhibit higher inflammation-related biomarkers when challenged by an acute stressor
or acute immune challenge — evidence of a heightened inflammatory response — compared to
those who did not experience adversity (Carpenter et al., 2010; Gouin et al., 2012; Miller & Chen,
2010; Miller et al., 2009; Pace et al., 2006). Likewise, several experimental studies of captive
animals have also tested the link between early-life adversity and immune function. Some of
these studies report altered immune function and levels of inflammation as a result of early-life
energetic or psychosocial adversity, though there are far fewer studies and the results do not
show a clear pattern (Lewis et al., 2000; Nettle et al., 2017).

Tests of the biological embedding hypothesis in humans make a strong case that extreme

stress in early life — the factor measured in most of these studies — affects later-life inflammation.
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However, most studies addressing the biological embedding hypothesis are of Westernized
human populations, which are relatively pathogen-free, have relatively high rates of
noncommunicable diseases such as hypertension, and whose daily lives look very little like that of
our closest evolutionary relatives (Gurven & Lieberman, 2020; McDade, 2012). In effect, findings

may not be generalizable to non-Westernized societies, or to studies of wild nonhuman animals.

5.1.3Study aims

In this study, we test predictions of the biological embedding hypothesis in a well-studied
population of wild baboons in the Amboseli ecosystem in Kenya (Alberts & Altmann, 2012).
Importantly, this population experiences several natural forms of socio-environmental adversity
potentially relevant to biological embedding. We focus here on maternal loss and the experience
of cumulative early-life adversity score because these two metrics of early-life adversity are
associated with reduced adult survival, reduced intergenerational survival, lower social
integration, and higher glucocorticoid levels in Amboseli baboons and in several other primate
species (Girard-Buttoz et al., 2021; Rosenbaum et al., 2020; Stanton et al., 2020; Tung et al.,
2016; Zipple et al., 2021; Zipple et al., 2019). We also control for several adult sociodemographic
factors that likely also influence inflammation, including age, social dominance rank, and female
reproductive state (Anderson et al., 2021; Anderson et al., 2022; Archie et al., 2012; Brodin &
Davis, 2017; Gesquiere et al., 2020; Habig & Archie, 2015; Levy, Gesquiere, McLean, Franz,
Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann, 2020; Snyder-Mackler et al., 2016).
Studies of humans and nonhuman primate suggest that higher levels of inflammation may be
predicted by older age for both males and females, high social dominance rank in males and low

dominance rank in females, and pregnancy relative to non-pregnancy for females (Burwick et al.,

129



2021; Franceschi & Campisi, 2014; Hové et al., 2020; Lea et al., 2018; Snyder-Mackler et al.,
2016).

To test biological embedding, we measure concentrations of five biomarkers of
inflammation in the blood: c-reactive protein (CRP), interleukin 6 (IL-6), interleukin 1-beta (IL-1b),
tumor necrosis factor alpha (TNFa), and soluble urokinase plasminogen activator receptor
(suPAR). We assess both baseline and acute inflammation by measuring concentrations of these
biomarkers at baseline and in response to a powerful in vitro acute immune challenge
(lipopolysaccharide; Black, 2002; Brinkworth & Valizadegan, 2021). We predict that at both
baseline and in response to an acute immune challenge, we will observe higher concentrations of
inflammation-related biomarkers in serum samples from baboons who experienced more early-
life adversity. By studying how early-life adversity gets ‘under the skin” in natural populations of
long-lived non-human mammals, we can gain a better understand of the ways in which responses

to early-life adversity have been shaped by evolution.

5.2 Methods
5.2.1Study population & subjects

Our study subjects included 89 members of the baboon population studied by the
Amboseli Baboon Research Project in Kenya (Alberts & Altmann, 2012; N = 36 males, 53 females).
This population consists of yellow baboons (Papio cynocephalpsith historic and recent
admixture with anubis baboons (P. anubis(Alberts & Altmann, 2001; Tung et al., 2008; Vilgalys et
al., in review; Wall et al., 2016). All study subjects were monitored since birth by the Amboseli

Baboon Research Project. Experienced observers (R. Mututua, S. Sayialel, K. Warutere, I.L. Siodi)
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recognize each study subject by sight and collect detailed behavioral, demographic, and
developmental data from each study subject during near-daily observations from birth until
death or departure from the study population. Amboseli is a semi-arid savannah with limited food
and water availability in the dry season from June through October, and particularly limited food
availability during periodic droughts, defined here as less than 200 mm of annual rainfall (Alberts

et al., 2005; Altmann, 1998; Gesquiere et al., 2008).

5.2.2 Measuring arly-life adversity:cumulativeadversity score and maternal loss

To quantify the early-life experiences of each subject, we focused on five common
sources of adversity with known links to mortality (Tung et al., 2016; Zipple et al., 2019): (1) being
born during a drought (<200 mm rainfall during first year of life); (2) experiencing low maternal
dominance rank (measured as ordinal dominance rank > 11 at study subject’s birth; this
corresponds to the lowest quartile for social status, with larger ordinal rank values corresponding
to lower status); (3) experiencing high social group density (adult group size > 35 at birth, highest
quartile); (4) experiencing the birth of a close-in-age younger sibling (< 1.5 years, lowest quartile
of inter-birth interval); and (5) experiencing maternal loss before the focal individual reached 4
years of age. Each adversity condition was binarized to identify individuals in the worst condition
or quartile for each particular source of adversity. Cases of experienced adversity were then
summed to calculate a single cumulative early-life adversity score (hereafter ‘cumulative ELA
score’) for each study subject. Because only one individual had a cumulative ELA score greater
than 3, we collapsed that individual into the group of study subjects with 3 adverse early
experiences (sensu Tung et al., 2016; Weibel et al., 2020). The number of subjects experiencing

different levels of cumulative adversity are shown in Figure 15, left panel.
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Prior research in Amboseli and other primate species indicates that one of these sources
of adversity—early maternal loss—has especially powerful effects on adult health and mortality
risk (Tung et al., 2016; Zipple et al., 2021; Zipple et al., 2019). Hence, we also explored the effects

of this source of adversity on inflammation independently (Figure 15, right panel).
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Figurelb. Distributions of cumulative earfe adversity (ELA) ste (left) and maternal los¢right) for the
full dataset of 89 baboons.

5.2.3 Measuring sociademographic sources of adversity in adulthood: Individuade,
dominance rank, and reproductive status

Long-term data in Amboseli allowed us to model the influence of several adult-stage
sociodemographic factors in our analysis that are associated with immune function and
physiology in baboons and many other animals (Anderson et al., 2021; Anderson et al., 2022;
Archie et al., 2012; Brodin & Davis, 2017; Gesquiere et al., 2020; Habig & Archie, 2015; Levy,
Gesquiere, MclLean, Franz, Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann, 2020; Snyder-
Mackler et al., 2016).

Age was known to within several days for every study subject because all study subjects
had been observed since birth. Within each social group, males and females form sex-specific

linear dominance hierarchies. We assigned a dominance rank for each study subject based on
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observations of wins and losses in dyadic agonistic interactions among adults of the same sex and
social group. Male and female dominance matrices were created for each month based on these
win/loss outcomes, and male and female rank orders were assigned by minimizing entries below
the diagonal in an N x N matrix of individuals; sexes were ranked separately (Hausfater, 1975).
These rank orders comprised the monthly ordinal ranks, where 1 is the highest-ranking adult
male or female in the group, then 2, and so on. Using these ordinal ranks, we also calculated
proportional rank, or the proportion of the adult males or females that a focal animal dominates.
Proportional rank was calculated as 1-[(ordinal rank — 1)/(# individuals in hierarchy — 1)], where 1
is the highest-ranking male or female in the hierarchy, and 0 is the lowest-ranking (Levy,
Gesquiere, MclLean, Franz, Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann, 2020; Levy,
Zipple, et al., 2020). We expected that ordinal rank would be a better fit in male phenotypes,
while either ordinal or proportional rank may be better for female phenotypes, based on prior
findings in this baboon population that ordinal rank is always the preferred metric for male traits,
whereas some female traits are better predicted by ordinal rank and some are better predicted
by proportional rank (Levy, Zipple et al., 2020). In addition, prior work on this population suggests
sex differences in immune-related gene expression (Anderson et al., 2022; Lea et al., 2018).
Routine monitoring of female reproductive status in this population allowed us to

retrospectively assign each female subject to one of three mutually exclusive reproductive states:

pregnant, lactating, or cycling (Gesquiere et al., 2018). Most females in our sample were cycling
(n=38 of 53); 4 subjects were lactating and 11 were pregnant. The 4 lactating females were
sampled 53 — 61 weeks after birth, at which point infants tend to spend only 5% of daytime on
the nipple (Altmann, 1998). We combined cycling and lactating females in the same reproductive

category (‘not pregnant') after running t-tests that showed that inflammation-related biomarker
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concentrations were comparable between cycling and lactating females. Nearly all of the 11
pregnant females were sampled in the first half of pregnancy (mean = 46.3 days + 27.65SD, range
=8 -98 days); 90% of gestation times in this baboon populations are between 168 and 187 days

(Gesquiere et al., 2018).

5.2.4Blood sample collection andh vitro immune assay

Our measures of inflammation relied on sampling blood from baboons in the wild. All 89
study subjects were adults; females and males in Amboseli reach sexual maturity at a median age
of 4.5 years and 6.0 years, respectively (Onyango et al., 2013). The mean age of study subjects at
the time that blood samples were collected was 9.1 years + 4.8 SD for females and 8.2 years + 2.4
SD for males (females: range = 4.2 — 25.3; males: range = 5.6 — 15.6; Table 10). Blood samples
were collected using a minimally invasive darting procedure (Altmann et al., 1996) between 2013
— 2019, excluding the year 2014. In brief, subjects were anaesthetized via a blow gun delivering a
Telazol-loaded dart. Anaesthetized subjects were then moved away from their social group and
all samples were collected within approximately 45 minutes. Subjects were then placed in a
holding cage while they recovered from the anesthetic and were returned to their social groups
within 2-4 hours.

To measure inflammatory responses at baseline and in the context of immune challenge,
we leveraged an in vitro assay called TruCulture (Myriad RBM), which incubates whole blood with
an immune stimulant of the researcher’s choice, allowing us to measure cellular responses to an
immune challenge. For each subject, 1 mL blood samples were collected into two TruCulture
tubes (Myriad RBM): one that contained 2 mL of cell culture media (hereafter ‘Null samples’), and

one that contained 2 mL of media spiked with 0.1 ug/mL lipopolysaccharide (E. coli 0111:B4;
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hereafter ‘LPS samples’) (Lea et al., 2018). LPS is a component of the membranes of Gram-
negative bacteria; exposure to LPS induces an acute inflammatory response across many animal
taxa, including mammals (Black, 2002; Brinkworth & Valizadegan, 2021; Lea et al., 2018).
TruCulture tubes were incubated at 37°C for 10 hours before isolating the supernatant, which
contained serum and cell culture media. This supernatant was stored at -20°C in Kenya and then

at -80°C in the United States until analysis. All samples were assayed from 2020 — 2021.

5.2.5 Measuring inflammatory biomarkers

To assess inflammation, we measured five biomarkers in serum from baboons monitored
from birth through adulthood: c-reactive protein (CRP), interleukin 6 (IL-6), interleukin 1-beta (IL-
1b), tumor necrosis factor alpha (TNFa), and soluble urokinase plasminogen activator receptor
(suPAR). CRP and IL-6 are canonical biomarkers of disease and disease risk in the biomedical
literature, and they are consistently elevated in people who experienced early-life adversity (see
(Baumeister et al., 2016) for review). Both CRP and IL-6 have many pro- and anti-inflammatory
roles. For example, IL-6 stimulates the production of acute phase proteins, such as CRP, in the
liver, and inhibits release of pro-inflammatory cytokines such as IL-1b and TNFa. Some of CRP’s
functions include stimulating secretion of IL-1b and TNFa as well as anti-inflammatory cytokines
(Del Giudice & Gangestad, 2018). IL-1b and TNFa, which are less commonly studied in the
context of early-life adversity, have strong pro-inflammatory functions (Del Giudice & Gangestad,
2018). Produced by macrophages, they perform functions associated with acute inflammation:
inducing fever, promoting swelling, and increasing blood glucose levels, and they stimulate the
production of IL-6 (Del Giudice & Gangestad, 2018; Vasanthi et al., 2007). Finally, suPAR is the

soluble form of UPAR, which resides on the outer membrane of many cell types, including
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macrophages. UPAR and suPAR have many functions, including helping to recruit and transport
immune cells to aid in the inflammation process (Thung et al., 2009). suPAR is currently studied
as a risk factor of a range of pathologies, including cardiovascular disease, asthma, and
rheumatoid arthritis (Desmedt et al., 2017). suPAR is less-studied in the context of early adversity,
but two recent studies demonstrate elevated suPAR in humans with more early-life adversity
(Rasmussen et al., 2020; Rasmussen et al., 2019). We interpret higher levels of these biomarkers
as indicative of greater energetic investment in inflammation and, more broadly, in immune
function, possibly at the energetic expense of other biological functions such as foraging, mating,
or parental care (Del Giudice & Gangestad, 2018).

While our subjects included 89 adult wild baboons (36 males, 53 females), logistical
challenges prevented us from measuring all biomarkers in all samples, so sample sizes vary
somewhat across biomarker assays (Table 10). Briefly, CRP was measured in the Null samples of
all study subjects; CRP was not measured in LPS samples because CRP is produced in the liver, so
we did not expect to see a difference in CRP concentration between Null and LPS-stimulated
samples. In one sample, CRP concentration was 10.2 SD above the mean, so this sample was
removed during analysis (outlier concentration = 35580 pg/ml). suPAR was measured in the Null
and LPS samples of all study subjects. Finally, the three cytokines (IL-6, IL-1b, and TNFa were
measured in the Null and LPS samples of the 70 study subjects who were darted in 2013 or 2015-
2018, but not in 2019.

For validation and to measure inter-assay coefficients of variation, we created two pools
of combined samples. One was created with 29 Null samples (hereafter ‘Null pool’), and a second
was created with 25 LPS samples (hereafter ‘LPS pool’). Pools were aliquoted and frozen at -80°C

until use.
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Tablel10. Sample sizes, age ranges, and concentrations for each biomarker; F=fematesleh|=

Sample Mean Mean
Biomarker | ~. 1p Age SD concentration | SD (pg/ml) | Range (pg/ml)

size age

(pg/ml)

F=53 F=9.1 F=4.8
CRP Null |\ > Mog.2 Moo 4 5431.093 2947.2 196.2 — 15555.0
SUPAR 106.0 425 32.4-2295
Null
iEEAR F=38 F=9.3 F=5.3 180.0 104.8 16.1-556.8
IL-6 LPS M=32 M=8.2 M=2.4 1477.4 1337.2 20.4—7514.0
IL.-1b LPS 228.4 356.6 1.5-2474.8
TNFa LPS 151.2 189.8 2.3-1058.2

! Sample size was not the same for each biomarker because (1) we were unable to measure
SUPAR, IL-6, IL-1b, and TNFa in samples collected in 2019, and (2) there was one outlier in the
CRP dataset that we excluded from analysis (see Measuring inflammatory biomarkers).

5.2.5.1Measuringbaseline CRP

Concentrations of CRP in Null samples (hereafter ‘baseline CRP concentrations’) were
measured via enzyme-linked immunosorbent assay (ELISA) with monkey CRP kits (Life
Diagnostics, West Chester, PA, USA; catalog #CRP-3). Most samples were diluted 500-fold, though
4 samples were less diluted (10, 50, 100, 200-fold) and 2 samples were more diluted (1000, 5000-
fold) to obtain optical densities within the range of the standard curve. Assays were run according
to the manufacturer’s instructions, with the exception of shaking plates at 300 rpm instead of
150 rpm because of equipment limitations.

All samples were run in duplicate. The coefficient of variation (CVs) of duplicates were all
< 18.2%; all but 3 samples had CVs < 12%. Inter-assay CVs for the two pools were 6.1% across 6
plates (LPS pool) and 7.1% across 7 plates (Null pool). Within-assay CV was 5.1% (6 replicates,
Null pool). The mean CRP concentration in the 88 samples measured was 5431.093 pg/ml +

2947.2 SD (range = 196.2 — 15555.0 pg/ml).
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5.2.5.2 Measuringhaseline suUPAR and acute SUPAR response to LPS stimulation

Concentrations of suPAR in Null and LPS samples were measured via ELISA with human
SUPAR kits (BioVendor, Brno, Czech Republic; Catalog #RD191408200R), as the antibodies in
these kits were better-matched than antibodies of a monkey ELISA kit (see Additional information
about suPAR assays). suPAR assays were performed according to the manufacturer’s instructions
with the exception of the wash buffer application (see Additional information about suPAR
assays).

Samples were diluted 2-3.5 fold to obtain optical densities within the range of the
standard curve. All samples were first run at a 2 fold dilution, and samples that had to be re-run
(due to high CV) were run at 3-3.5 fold dilution. Because the recommended range is 3-fold
dilution or more, we assessed linearity with Null and LPS pools to ensure that 2-fold dilutions
were accurate (Table 32).

All samples were assayed in duplicate. CVs of duplicates were < 14.2%, with the
exception of one sample with a CV of 18.0%. Inter-assay CV for LPS and Null pools were 5.4% and
6.7%, respectively, across 7 plates. We were unable to test within-assay CV with repeated wells of
the same sample due to sample scarcity; however, the mean CV within sample duplicates was
3.6% for Null samples and 3.8% for LPS samples, indicating low within-assay variation. The mean
sUPAR concentration in the 70 samples measured was 106.0 pg/ml + 42.5 SD for Null samples
(range = 32.4 —229.5 pg/ml) and 180.0 pg/ml + 104.8 SD for LPS samples (range = 16.1 — 556.8
pg/ml).

We used suPAR concentrations in Null samples for analyses of baseline inflammation
(hereafter ‘baseline sUPAR’). To assess acute inflammation, we created an ‘acute suPAR response’

variable representing log,-foldchange between Null and LPS by calculating log,(LPS suPAR) -
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loga(Null suPAR). Acute suPAR response was greater than 0, indicating that suPAR increased in

response to LPS stimulation (t = 8.10, p = 1.29 x 101! in two-sided t-test, Figure 27).

5.2.5.3 Measuringacute cytokine response to LPS stimulation

Concentrations of IL-6, IL-1b and TNFa were measured using a non-human primate
Luminex kit (ThermoFisher Procarta Plex custom panel). Samples were run undiluted in duplicate.
We also measured interferon gamma (IFNy) using this kit, but we excluded these data from
analysis because the large majority of both Null and LPS samples were below the lowest standard
concentration for IFNy (53/70 Null; 53/70 LPS). For all three of the other cytokines, the large
majority of Null samples and some LPS samples had at least one duplicate below the lowest
standard concentration (IL-1b: 61/70 Null, 2/70 LPS; I1L-6: 61/70 Null, 1/70 LPS; TNFa: 63/70 Null,
4/70 LPS). In instances in which a sample was below the lowest standard concentration for one or
both of its two replicates, we imputed that concentration as the lowest standard concentration
divided by two, which may artificially reduce variance in our measure. This value changed across
biomarkers and across plates due to the nature of multiplex assays. Sample concentrations were
then acquired by averaging the two duplicate concentrations, either of which may have been
imputed.

Because so many Null samples fell below the lowest standard concentration, we did not
analyze Null cytokine concentrations directly. We did, however, use Null concentrations to
measure the log,-foldchange response to LPS stimulation, using paired LPS and Null samples from
the same blood draw, to calculate LPS Responses for each cytokine (log(LPS) — log,(Null)). These
three acute cytokine response variables (IL-6, IL-1b and TNFa) were positively correlated with

each other (Figure 16), so we created an overall ‘acute cytokine response’ variable by first
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calculating the z-scores for each of the three LPS Response variables (IL-6, IL.-1b, and TNFa) and
then calculating the mean of those three z-scores for each study subject.
Inter-assay CV for LPS pools were 8.9%, 10.8%, and 19.1% for IL-6, IL-1b, and TNFa,
respectively, across 7 plates. Almost all Null pool concentrations were below the lowest standard.
Samples were run in duplicate, and the mean CVs within LPS sample duplicates were

14.7%, 17.0%, and 15.2% for IL-6, IL-1b, and TNFa, respectively.
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5.2.6Statistical analysis

We created a series of linear models and generalized linear mixed effects models to test

the prediction that early-life adversity is associated with higher levels of inflammation-related
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biomarkers in adulthood. In each model, the response variable was one of the inflammation-
related biomarkers in Null samples (i.e., baseline CRP and baseline suPAR) or change in
inflammation-related biomarkers when stimulated by in vitroincubation with LPS compared to
paired Null samples (i.e., the acute suPAR response and acute cytokine response, which was an
index of acute response for three different cytokine). Baseline suPAR concentration was logs-
transformed; acute suPAR response and acute cytokine response were expressed as log, fold
change comparing paired LPS and Null samples (i.e., log,(LPS) — logz(Null). All outcome measures
were z-scored to standardize interpretation, such that a one-unit change in predictors reflect a
change in 1 standard deviation of the inflammation variable. Males and females were modeled
separately so that we could include female reproductive state for models of females, and so we
could tailor our measure of dominance rank to sex.

In all models, our fixed effect of interest was one of the two early-life adversity metrics:
cumulative early-life adversity score (cumulative ELA score) and maternal loss. We ran cumulative
ELA score models and maternal loss models separately to avoid collinearity from the inclusion of
maternal loss in the cumulative ELA score. In addition to these sources of early adversity, our
models also included several sociodemographic variables in adulthood as fixed effects, both to
control for likely sources of variance in biomarkers of inflammation and to study their relationship
with biomarkers of inflammation. These additional predictors were age, dominance rank, and
female reproductive state (pregnant, non-pregnant; for models of females only). For each
biomarker outcome measure, we used AIC comparisons to test whether collection year improved
the model when included as a random effect. For the CRP models, collection year did not
improve model fit, so we did not include it an ran those models using the Im function in R version

4.1.1. For the suPAR and cytokine models, collection year did improve model fit, so we included it
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as a random effect in these models and ran them with the gimmTMBfunction in R version 4.1.1.
There were no other random effects in our models.

For the analyses of acute cytokine response, both male and female models showed weak
effects of cumulative ELA score in the same direction, so we ran an additional posthocmodel
combining both sexes for increased statistical power. We use a traditional p-value of 0.05 as the
cut-off for statistical significance, but we also interpret findings with 0.05 > p > 0.1 as weak
evidence of an effect, following (Muff et al., 2021). Because we ran 16 different statistical tests,
increasing our chance of type one error (i.e., finding an effect when there is none), we interpret

these instances of weak evidence with caution.

5.3 Results

Below, we first describe how our measures of baseline inflammation (CRP and suPAR
concentrations in Null samples) are predicted by early-life adversity. We then perform the same
description for the outcome measures of acute inflammation (acute suPAR response and acute
cytokine response). Finally, we report the results of the additional sociodemographic predictors
that were included in our models. Throughout this section, we report the coefficients and p-
values for both statistically significant and trending effects (p < 0.1); see Table 33 for all other

model results.

5.3.1Early adversity & baseline inflammation: Results foaselineCRP and suPAR
Baseline CRP. Contrary to our prediction, in female baboons, higher cumulative ELA score
and the experience of maternal loss were both linked to lower baseline CRP concentrations.

(cumulative ELA score model: beta =-0.372, p = 0.010, Table 11; maternal loss model: beta = -
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0.629, p = 0.043, Table 33; Figure 17, top panels). For every additional early-life adverse event,
baseline CRP concentrations in females were predicted to be 0.4 SD lower (Figure 17, top left
panel). Maternal loss, when modeled individually, predicted 0.6 SD lower baseline CRP
concentrations in females, compared to no maternal loss (Figure 17, top right panel). In males,
there was very weak evidence that lower baseline CRP concentrations were predicted by higher
cumulative ELA scores (beta =-0.269, p = 0.102), but not by maternal loss.

Baseline suPAR. In females, lower baseline suPAR concentrations was associated with
maternal loss (beta = -0.703, p = 0.016; Figure 17, bottom right panel; Table 12), but not with
cumulative ELA score (Figure 17, bottom left panel). In males, baseline suPAR was not predicted

by either cumulative ELA score or maternal loss (Table 33).
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Tablell Results fothe model using cumulative ELA score to preb&selineCRP concentration in
females.

Predictor Beta’ SE p-value | Interpretation

Intercept 1.421 0.527 0.010
Higher score predicts lower
baseline CRP
Weak evidence: Higher social
status predicts lower Null CRP
Reproductive state: 0989 | 0.328 0.004 Pregnancy predicts lower Null
not Pregnant A Pregnant CRP
Age -0.029 | 0.028 0.313 No effect
1 Qutcomes are in units of standard deviation (SD), such that a value of 1 indicates an increase in
1 SD of the index value for every one-unit increase in the predictor.

Cumulative ELA score -0.372 0.139 0.010

Proportional rank -1.022 | 0.589 0.089

Tablel2. Results fothe model using maternal loss to predisaselinesuPAR concentration in females.

Predictor Beta' SE p-value | Interpretation

Intercept 0.173 0.508 0.734

Maternal loss 0703 | 0291 | 0016 | Maternalloss predicts lower
baseline suPAR

Proportional rank 0.633 0.506 0.211 No effect

Reproductive state: No effect

not Pregnant A Pregnant 0.089 0.299 0.766

Age Older age predicts lower

-0.054 0.024 0.024 baseline suPAR
1 Outcomes are in units of SD, such that a value of 1 indicates an increase in 1 SD of the index
value for every one-unit increase in the predictor.

5.3.2Early adversity & acute inflammatory response: Results dmute SUPAR and cytokine
response to LPS stimulation

Acute suPAR response was not predicted by cumulative ELA score or by maternal loss for

female or male baboons (Table 33).

Acute cytokine response. Because our three acute cytokine response variables (IL-6, IL-1b

and TNFa) were positively correlated, we created an overall ‘acute cytokine response’ variable by
first calculating the z-scores for each of the acute cytokine response variables (IL-6, IL-1b, and
TNFa) and then calculating the mean of those three z-scores for each study subject (see

Methods). Acute cytokine response was not predicted by maternal loss for female or male
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baboons, but there was weak evidence that lower acute cytokine response was predicted by
higher cumulative ELA score for both females and males (females: beta = -0.286, p = 0.078;
males: beta =-0.257, p = 0.073; Table 33). Because the direction of cumulative ELA score
estimates for the acute cytokine response agreed in females and males, and because the results
for both sexes suggested that our sample was power limited, we ran a post-hoc model combining
both sexes to test whether acute cytokine response was predicted by cumulative ELA score. Here,
we removed female reproductive state as a predictor and used ordinal rank as the metric of
dominance rank for both sexes. In this combined model, a lower acute cytokine response was
again predicted by higher cumulative ELA score, such that every additional early-life adverse
event was associated with 0.3 SD lower value, reflecting a smaller change between LPS-induced
versus baseline concentrations of cytokines in baboons who experienced more early-life adverse

events (beta =-0.284, p = 0.015, Figure 18, Table 13).
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Tablel3. Results for a model using cumulative ELA score to praclité cytokine response in males and
femalestogether.

Predictor Beta? SE p-val Interpretation

Intercept 0.695 0.405 0.086

Age 0.053 0.027 0.049 OIder. age predicts lower acute
cytokine response
Higher cumulative ELA score

Cumulative ELA score -0.284 0.117 0.015 | predicts lower acute cytokine
response

Ordinal rank 0.001 0.016 0.963 No effect

Sex: FAM 0.354 0.250 0.156 | No effect

IQutcomes are in units of SD, such that a value of 1 indicates an increase in 1 SD of the index
value for every one-unit increase in the predictor.

5.3.3Sociodemographic traits and inflammation: Results for all biomarkers

For females and males, we measured the extent to which sociodemographic traits (age,

dominance rank, and female reproductive state) predict our measures of baseline inflammation
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(CRP and suPAR in Null samples) and acute inflammation (suPAR and acute cytokine responses to
LPS). We assessed these relationships both in cumulative ELA models and in maternal loss

models.

Females

Female age. Baseline suPAR concentrations were negatively associated with age, such
that older females had lower concentrations (cumulative ELA score model: beta =-0.054, p =
0.034, Figure 19; maternal loss model: beta =-0.054, p = 0.024, Table 12). There was also weak
evidence that lower acute cytokine response was negatively predicted by age in the cumulative
ELA model, though this effect did not reach statistical significance (beta = -0.055, p = 0.068,
Figure 28) and was not statistically significant in the maternal loss model (Table 33). Neither
Baseline CRP nor acute suPAR response were predicted by female age (Table 33).

Female dominance rank. We found no statistically significant effects of female

dominance rank on any measure of immune response. Specifically, baseline CRP was not
predicted by female dominance rank in the maternal loss model, and neither baseline suPAR,
acute suPAR response, nor acute cytokine response were predicted by female dominance rank in
either the cumulative ELA model or the maternal loss model (Table 33). We did find weak
evidence of a statistically non-significant relationship between female social status and baseline
CRP in the cumulative ELA model, such that the highest-ranking female in a group was predicted
to have baseline CRP concentrations 1.0 SD lower than the lowest-ranking female in a group
(beta=-1.022, p = 0.089, Figure 19, Table 11).

Female reproductive state. Baseline CRP was lower in pregnant females than in

nonpregnant females (cumulative ELA score model: beta = -0.989, p = 0.004, Figure 19, Table 11;
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maternal loss model: beta =-1.032, p = 0.004). Baseline suPAR, acute suPAR response, and acute

cytokine response were not predicted by female reproductive state (Table 33).
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Males

Male age. Baseline CRP concentrations were higher in older males (cumulative ELA score
model: beta = 0.235, p = 0.001, Figure 20; maternal loss model: beta = 0.222, p = 0.002; Table
33). Neither baseline suPAR, acute suPAR response, nor acute cytokine response were predicted
by male age (Table 33).

Male dominance rank. Neither baseline CRP, baseline suPAR, nor acute cytokine response

were predicted by dominance rank (Table 33). In models of these three inflammation biomarkers,
ordinal rank either outperformed or performed comparably to proportional rank, in line with
prior work on male baboons (Levy, Zipple et al 2020; see Discussion). In contrast, acute suPAR
response was predicted by dominance rank, but only when using proportional rank (cumulative
ELA score model: beta = 3.105, p = 0.002; maternal loss model: beta = 2.914, p = 0.002); rank was
not statistically significant when using ordinal rank (p = 0.228 in cumulative ELA score and
maternal loss models, Figure 29). In the model with proportional rank, higher status (proportional

rank closer to 1) predicted greater acute suPAR response (Figure 20, Table 33).

Females & males

In the model of acute cytokine response that included both sexes, we found
somewhat weak evidence for an effect of age, such that older baboons had lower LPS response
than younger baboons (beta = -0.053, p = 0.049, Table 13). There was no effect of sex or ordinal

rank (Table 13).
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5.4 Discussion

Wild baboons who experienced more early-life adversity had either comparable or lower
levels of baseline and acute inflammation relative to baboons with less early-life adversity. We
observed the strongest evidence of early-life effects when measuring baseline inflammation in
females; three out of the four models testing baseline inflammation in females showed a
statistically significant effect of early-life adversity, such that females with a higher cumulative

ELA score or females with maternal loss had lower levels of baseline CRP and suPAR
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concentrations. We saw less evidence in males, with only one of four models of baseline
inflammation revealing weak evidence of an effect in the same direction as for females, such that
higher cumulative ELA score predicted lower baseline CRP concentrations. In our models of acute
inflammation, one of the four models for both females and males showed weak evidence of an
effect, again in the same direction, such that higher cumulative ELA score predicted lower acute
cytokine response; this effect was statistically significant in a model with both sexes.

Our results do not support the biological embedding hypothesis’s prediction that early-
life adversity causes a ‘proinflammatory phenotype’ (Miller et al., 2011). Importantly, prior tests
of the biological embedding hypothesis have been assessed with humans from Westernized,
educated, industrialized, rich, and democratic societies (WEIRD; Henrich et al., 2010).
Inflammation requires substantial energetic input, so compromised inflammation in an energy-
limited environment may result in lower levels of inflammation, whereas compromised
inflammation in an energy-rich environment may result in higher levels of inflammation. More
broadly, we hypothesize that our findings in wild baboons do not align with the proinflammatory
phenotype prediction because the dramatic differences in diet, activity level, and disease risk
between the wild baboons studied here and humans in WEIRD societies likely exert divergent
long-term effects on the developmental constraints imposed by early-life adversity. Such
divergent effects may cause blunting of the inflammatory process in some populations (e.g., wild
baboons) and un-checked inflammation in others (e.g., humans in WEIRD societies). Our results
suggest that the biological embedding hypothesis may need to be refined to include wild animal

populations as well as humans in non-WEIRD societies.
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5.4.1Evolution of developmental plasticity

Developmental plasticity is a central theme in studies of early-life effects. Early-life
adversity limits energetic and/or psychosocial input during development, such that organisms are
left with too limited an input to satisfy all biological systems (e.g., growth, neurodevelopment,
social development, immune development). These organisms thus face a choice: attempt to
proceed with ‘business as usual’ and die when resources will not support that approach, or
develop plastically by reducing input to some or all systems, potentially favoring some over
others. For populations that evolved under variable environmental conditions, natural selection
would be expected to favor the latter option. We hypothesize this is the case for the Amboseli
baboons as well; we propose that baboons have evolved to develop plastically in response to
early-life adversity, incurring potentially long-lasting costs for the benefit of surviving long enough
to reproduce. This ‘developmental constraints’ model is common in long-lived organism, and
support for this model has been found in female Amboseli baboons: females were less fertile
during a year-long drought if they were also born during a drought, whereas females born during
a period with more rainfall showed less of a reduction in fertility during this energy-limited time
(Lea et al., 2015).

A well-functioning inflammatory response is crucial in parasite-rich environments like
Amboseli; at any given time, Amboseli baboons are likely to be infected with at least one species
of helminth parasite and may also be exposed to ectoparasites and infectious diseases (Akinyi et
al., 2019; Habig et al., 2019). This raises the question: does investing less in inflammation, at
baseline or during an acute immune response, cause lower fitness? We do not know whether the
statistically significant effects we observed here — of lower levels of inflammation-related

biomarkers in baboons who experienced more early-life adversity — reflect a biologically
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meaningful cost to adult survival. In addition, we also observed many statistically non-significant
results, suggesting that some biomarkers are not associated with early-life adversity or that the
associations are relatively noisy or weak, perhaps because the immune response is too crucial to
long-term survival to be affected by early-life adversity. Though difficult to test, a key remaining
question is whether lower inflammation-related activity in adulthood is an adaptive response to
early-life adversity. Answering this question in baboons and many other species and broadening
this question to include additional phenotypes (e.g., growth, social development), will be crucial
to our understanding of the evolution of developmental plasticity in the face of early-life

adversity.

5.4.2Inflammation depends on enviroment: Evolutionary mismatch &essons from WEIRD
versus NoRWEIRD societies

A common assumption in many studies of biological embedding —and more broadly, in
human health —is that higher levels of inflammation-related biomarkers reflect poor health and
higher mortality risk (McDade, 2012). Indeed, many studies of humans from WEIRD societies lend
support to this notion by reporting robust associations between higher chronic inflammation and
increased incidence of diseases of aging and all-cause mortality (Furman et al., 2019; Jenny et al.,
2007; Kuo et al., 2006; Ridker et al., 2003). Likewise, chimpanzees in laboratories and zoos have
much higher rates of obesity and poor cardiovascular health compared to wild chimpanzees (Cole
et al,, 2020; Videan et al., 2007). However, this assumption is based on human and nonhuman
animal populations with relatively sedentary lifestyles, high caloric intake, and low disease
burden. In humans from non-WEIRD societies, activity levels, inflammation levels, and incidence
of cardiovascular disease are lower than in humans from WEIRD societies (Kaplan et al., 2017;
Pontzer et al., 2018; Sayre et al., 2019). For example, in a study of people living in a non-
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industrialized and high disease risk region of Ecuador, baseline CRP concentrations were lower
than concentrations of people in the US, whereas CRP concentrations were elevated when blood
samples were collected during periods of self-reported infection (Mcdade et al., 2012),
highlighting differences in CRP levels across human populations as well as the importance of
inflammation for fighting infections. As McDade (2012) notes, research on human inflammation is
split between those focusing on the effects of baseline inflammation (i.e., ‘chronic inflammation’)
on diseases of aging in WEIRD societies, and those focusing on the relationship between acute
disease and acute inflammation in non-WEIRD societies. This work demonstrates that the
inflammatory system performs differently with a lifestyle that is more sedentary, more energy-
rich, and at a lower pathogen risk compared to the contrary. Comparisons of humans from
WEIRD and non-WEIRD societies lend support to the evolutionary mismatch hypothesis, which
posits that rapid change in the environment and diet experienced by many human societies has
outpaced human evolution, leading increased risk of chronic diseases such as diabetes and
hypertension (Eaton et al., 1988; Gluckman et al., 2011; Lea et al., 2020; Manus, 2018).

In this context, we see two main ways that early-life adversity may be associated with
less inflammation in wild baboons and more inflammation in humans in WEIRD societies. First,
human studies that test the biological embedding hypothesis tend to measure adversities that
are largely psychosocial (e.g., abuse, household dysfunction). Psychosocial early-life adversities
may exert different effects on immune development than energetic early-life stressors: energetic
stressors in early life may affect immune development by blunting inflammation in the long-term,
whereas psychosocial stressors in early life may affect immune development by causing a
proinflammatory phenotype. It seems likely that epigenetic modifications would mediate this

developmental effect. Second, even if all early-life stressors exhibited the same effect on immune
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development, the energetic conditions and pathogen burden both during and after early life may
affect how those developmental effects manifest in the long-term. Under energetic constraints,
perhaps individuals cannot afford to mount large inflammatory responses, leading to a blunted
response; and perhaps without energetic constraints, inflammation is activated. This mechanism
also assumes that early-life adversity affects long-term energy intake or energy use. For example,
perhaps baboons who experienced early-life adversity are less effective foragers or experience
more energetic demands — and thus have less energy to allocate to immune function — compared
to baboons who did not experience early-life adversity.

We see value in future work that assesses these ideas in diverse ways, such as studying
physiology of wild animals in less energetically-constrained environments, identifying effects of
adversities that are mostly energetic versus mostly psychosocial, and studying physiology of
humans in societies whose lifestyles are intermediate or shifting with respect to activity level,
energy intake, and pathogen burden (e.g., Lea et al., 2020; Urlacher et al., 2021). For example,
recent work demonstrates that Turkana people living pastoralist, subsistence lifestyles have far
lower levels of cardiometabolic disease relative to Turkana people who live in urban areas in

Kenya, providing strong support for the evolutionary mismatch hypothesis (Lea et al., 2020).

5.4.3Variability in resultsacross biomarkers: Storage stability and varied functions in
promoting and controlling inflammation

We found variability in the extent to which early-life adversity and adult
sociodemographic traits predicted each of our inflammation variables. For example, we found
weak or moderate evidence that baseline CRP was associated with the majority of predictors we
tested, whereas acute suPAR response was only predicted by male proportional rank. One
possible reason for this variability is that some biomarkers were more robust to freeze-thaw
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cycles endured during travel and laboratory work. In support of this, CRP seemed to be the most
stable of all our biomarkers — it was our only measure of inflammation for which the inclusion of
collection year (2013-2019) in our statistical models did not improve model fit —and thus may
have been a less noisy measure of inflammation.

A second possible reason for variability in our results is that each biomarker of
inflammation performs many different functions in the body, both at baseline and during acute
inflammation. Notably, the two most common biomarkers used in tests of the biological
embedding hypothesis — CRP and IL-6 — exhibit both pro- and anti-inflammatory effects (Del
Giudice & Gangestad, 2018). In contrast, IL-1b and TNFa exhibit mostly pro-inflammatory effects,
yet each biomarker still performs many functions (Del Giudice & Gangestad, 2018). Such ‘multi-
purpose’ biomarkers of inflammation are the norm, as are studies finding that different
biomarkers response differently to the same stimulus (e.g., Nettle et al., 2017). The functional
diversity of inflammation-related biomarkers is reflected in the correlations among our
biomarkers, which are all positive but with some high and some low correlation coefficients

(Figure 16, Figure 27).

5.4.4Adult sociodemographic predictors of inflammation biomarkers: Adult age, dominance
rank, and reproductive status

Older females had lower baseline suPAR and acute cytokine response than younger
females, albeit weakly. In contrast, older males had higher levels of baseline CRP, consistent with
the ‘inflammaging’ hypothesis that inflammation increases with age (Franceschi & Campisi,
2014). These sex differences may be best interpreted in the context of life history. Male baboons
appear to have evolved a ‘life fast die young’ life history pattern, in which they compete to
achieve high dominance rank —and thus high reproductive success —during their young adult
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years, at the cost of rapid aging due to the energetic and psychosocial costs incurred as a
dominant male (Anderson et al., 2021; Gesquiere, Learn, et al., 2011). In contrast, for female
baboons, reproductive rate is relatively constant, and females who live the longest have the
highest fitness (MclLean et al., 2019). If greater investment in inflammation causes long-term
damage, perhaps those females with lower levels of inflammation are the ones who live the
longest. Or, perhaps as females age, they divert energy from inflammatory processes to other
systems, such as reproduction.

Females and males also showed somewhat contrasting results for dominance rank. In
females, dominance rank predicted none of the biomarkers, with the exception of a possible
association with baseline CRP, although evidence for this association was weak. This weak
evidence was such that higher female dominance rank was associated with lower baseline CRP
concentrations. Though we are cautious to over-interpret this effect, this relationship makes
sense in the context of stress-induced inflammation, as higher-ranking female baboons may also
experience fewer or less intense stressors (Fagundes et al., 2013; Levy, Gesquiere, MclLean, Franz,
Warutere, Sayialel, Mututua, Wango, Oudu, & Altmann, 2020) (though acute stress can also
cause immune suppression, e.g., (Chin et al., 2013)). In contrast, higher-ranking male baboons
showed higher acute suPAR response, in line with prior work in this population showing that
higher-ranking males had higher expression of inflammation-related genes (Lea et al., 2018). In
addition, prior work demonstrates that high-ranking male baboons show accelerated epigenetic
aging (Anderson et al., 2021), and our analyses found a positive association between male age
and investment in inflammation. Surprisingly, the rank-suPAR relationship in males was only
statistically significant when using proportional rank (i.e., proportion of the hierarchy that a male

dominates), as opposed to ordinal rank (i.e., number of males ahead of him in the hierarchy). In a
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prior re-analysis of rank-related traits in this baboon population, all male traits were better
predicted by ordinal rank than by proportional rank, reflecting male competition for density-
dependent resources (Levy, Zipple, et al., 2020). If this finding is biologically real, it invites a new
look at male hierarchies, suggesting that the investment required or available for inflammation
reflects the proportion of the hierarchy a male dominates.

Finally, we found that pregnant females had lower levels of baseline CRP than cycling and
lactating females. A prior study of Tsimane women, whose pathogen burden may be somewhat
similar to that experienced by our study subjects, showed the opposite pattern: higher CRP in
pregnancy, particularly during the first two trimesters (Hové et al., 2020). Importantly, female
baboons in our study were not sampled during the second half of pregnancy or during the first
year of lactation. It would be interesting to obtain estimates of immune function during lactation
versus pregnancy, as lactation is more energetically costly, so we may expect the lowest levels of

inflammation-related biomarkers during lactation.

5.4 5Limitations

Our study had several important limitations. First, we have a relatively small sample size;
prior studies that test the biological embedding hypothesis in humans tend to be approximately
an order of magnitude larger than ours when assessing baseline inflammation, and slightly larger
than ours when assessing acute inflammation (but see Pace et al., 2006). Small sample size limits
our statistical power and increases the chance of type two error, i.e., finding no effect of early-life
adversity on inflammation when in fact there is one. In addition, the large number of models we

ran increases our change of type one error, i.e., finding an effect when there is not one.
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Second, it is possible that study subjects had a recent history of infection or injury at the
time they were anaesthetized for serum sample collection. We suspect an unknown injury or
infection would add noise to our results, but it is also possible that it could bias our results.
However, unknown infections or injuries are possible: baboons are not anaesthetized for sample
collection if they have any visible wounds or pathologies, but approximately 75% of baboons who
are anaesthetized have at least one slightly or moderately enlarged lymph node, indicating that
Amboseli baboons are frequently engaging in mild to moderate immune activity (approximately
20% and 55% of baboons have at least one node that is slightly and moderately enlarged,
respectively; no baboons had nodes that were severely enlarged). Finally, our LPS Response
variables are based on inflammation that was simulated in a test tube. This means that the
observed change in inflammation-related biomarkers happened solely via the macrophages and
other immune cells that were circulating in the blood. While this means that we were unable to
study the body’s systemic response to LPS, it also means that we were able to focus on
inflammation that is more specific to macrophage activity, which is the focus of the biological
embedding hypothesis (Miller et al., 2011). Studies of systemic response to LPS are growing in
frequency in birds and rodents, and the results from this work will help us understand differences

between LPS response in vivoand in vitro,
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In Chapter 1, we found evidence that alpha female baboons experience fewer and/or less
intense stressors than other adult females. To our knowledge, the only prior study that
differentiated alpha versus non-alpha female baboons was also in the Amboseli baboon
population; all prior studies either categorized ranks into broad groups (e.g., high vs low) or
assumed a continuous hierarchy, such that the difference in resource-holding potential between
ranks 1 and 2 was the same as the difference in resource-holding potential between ranks 2 and
3. The prior study in Amboseli baboons showed that while mothers eventually cede their
dominance rank to their daughters in older age, alpha females do not; as a result, their tenures as
alphas are particularly long (Combes & Altmann, 2001). Our findings, along with Combes &
Altmann’s (2001), suggest that we have been overlooking the possibility that alpha female
baboons occupy a unique social niche. While it is well understood that alpha females occupy a
unique position in cooperatively breeding mammals such as meerkats, wild dogs, and wolves
(Creel, 2001; Creel et al., 2013; Creel et al., 1996), ours is the first evidence, to our knowledge, of
alpha female uniqueness in a plural-breeding multi-female, multi-male society in which males are
the dominant sex. Future work on the nature and extent of alpha female uniqueness in baboons
and other primate species will further our understanding of female competition.

In Chapter 2, we identified and tested theoretical differences between the competitive
landscapes that are assumed by two common metrics of dominance rank — ordinal rank and
proportional rank. By re-analyzing prior studies of Amboseli baboons, we demonstrated that male

competition is largely driven by density-dependent resources, such as access to estrous females,
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whereas females seem to compete for a mix of density-dependent and density-independent
resources. This work, similar to Chapter 1, leaves us curious about what females primarily
compete for, and the extent to which female competition depends on ecological and social
factors such as food availability and male rank stability. Taken together, Chapters 2 and 3 reveal

the benefits of thinking carefully about measurements and using data in creative ways.

Earlylife adversity, developmental plasticity, and evolutionary frameworks

Chapters 4 and 5 tested whether early-life adversity is associated with stunted body size
in female baboons and increased inflammation in female and male baboons. In Chapter 4, we
found that female baboons who experienced energetic early-life adversity had shorter limbs than
those who did not experience early-life adversity, whereas our measures of early-life adversity
that comprised both energetic and psychosocial stressors did not predict body size. In Chapter 5,
we found that, contrary to findings in humans showing a positive relationship between early
adversity and inflammation, baboons who experienced early-life adversity had lower levels of
some inflammation biomarkers and comparable levels of others relative to baboons who did not
experience early-life adversity.

Taken together, these two studies suggest that wild baboons have evolved to develop
plastically in response to early-life adversity. We suspect that both traits measured — smaller body
size and lower levels of inflammation biomarkers — are associated with a compromised state in
adulthood, reflecting developmental constraints incurred by early-life adversity. Our findings
highlight the importance of studying natural animal populations as well as humans from non-

WEIRD societies to better understand how early-life conditions affect immune development.
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There are many fascinating avenues for future work. First, we are curious whether
smaller body size or lower biomarkers of inflammation reflect a compromised state in wild
baboons; testing this hypothesis will greatly increase our understanding of the evolution of
developmental plasticity in wild primates. Second, future work testing for trade-offs between
plasticity in body size versus inflammation, as well as additional biological systems (e.g., adaptive
immunity, neurodevelopment, social development, organ development), will help untangle how
baboons allocate their resources in the face of early-life adversity (see McDade et al., 2008;
Urlacher et al., 2018 for similar work in human populations). Third, assessing effects of different
types of adversity will help us understand whether energetic stress and psychosocial stress
exhibit different long-term effects. And finally, our understanding of evolution and of human
health will benefit from more research that reframes determinants of health to encompass wild
nonhuman primates, humans from non-WEIRD societies, captive nonhuman primates, and

humans from WEIRD societies.

Bringing it together

My dissertation work focused on two types of environmental conditions that are salient
to Amboseli baboons: early-life environment and adult dominance rank. Research on social
determinants of human health has long recognized the links between early-life environment,
adult environment, and adult outcomes such as health and mortality. For example, the vast
majority of studies testing the biological embedding hypothesis in humans include adult-stage
traits such as socioeconomic status and body mass index because these factors may (1) be
directly affected by early-life adversity and/or (2) mediate effects of early-life adversity on

behavior and health. Applying this life-course approach to studies of animals can add more
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complexity to our understanding of how the ‘outside’ gets ‘in.” For example, recent work
demonstrates that, like in humans, many nonhuman animals inherit ‘wealth’ such as territories,
tools, or social status, causing a positive feedback loop of success for those born with a silver
spoon in their mouths (Smith et al., 2022). Recent work on Amboseli baboons demonstrates that
some forms of ‘wealth’ or ‘poverty’ are inherited, and some are not: females inherit their
mothers’ dominance rank, but a broad measure of early-life adversity (i.e., cumulative early-life
adversity score) does not predict adult dominance rank (Lange et al., In prep; Lea et al., 2014). A
fascinating avenue of future work will be testing why some early-life circumstances are passed on
to adulthood and some are not, as well as the physiological consequences of such correlations.
Finally, another common theme of our work has been testing existing frameworks in new systems
— investigating alpha status in females instead of males and testing the biological embedding in
wild baboons instead of humans. Doing so has allowed us to learn more about the assumptions
and limitations of existing frameworks, as well as their strengths, and we see promise in

continuing this approach going forward.
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Figure21l. Histogram of adult female group sizes for the 15 distinct social groups represented in this
study.

Each social group was either one of the two original studypgpor was a group that descended from
one of those original study groups as a result of permanent group fissions or fusions. Group sizes are

counted on the day of fecal sample collection, so that each fecal sample contributes one point to this data
set.
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Tablel4. Converted estimatésand 95% confidence intervals for the 8 models using the dataset that
included hybrid score (0 = pure yellow baboon, 1 = pure Anubis baboon).

Model & Predictof Estimat¢  Lower 95%  Upper 95%
Alpha (AIC =9167.07)
Intercept 45.23 40.96 49.95
Hybrid Score -3.91 -10.78 3.48
Rank: Alpha vs Not 7.44 2.34 12.79
Age 1.30 0.95 1.64
Repro: C vs PPA 0.07 -1.63 1.80
Repro: C vsP 22.09 19.80 24.43
Season: Wet vs Dry 9.31 7.78 10.87
Group Size 0.93 -1.11 3.01
Group Sizé 1.02 -0.01 2.06
Storage Time: Powder 21.50 15.96 27.30
Storage Time: Methanol  12.60 10.07 15.19
Alpha+Prop (AIC 9166.81)
Intercept 46.55 41.79 51.86
Hybrid Score -3.89 -10.74 3.47
Rank: Alpha vs Not 6.15 0.80 11.79
Proportional rank -3.35 811 1.67
Age 1.30 0.96 1.64
Repro: C vs PPA 0.07 -1.63 1.80
Repro: Cvs P 22.09 19.80 24.43
Season: Wet vs Dry 9.31 7.77 10.86
Group Size 1.05 -0.98 3.13
Group Sizé 1.00 -0.03 2.04
Storage Time: Powder 21.41 15.87 27.21
Storage Time: Methanol 12.59 10.06 15.18
Alpha+Ord (AIC9165.20)
Intercept 45.13 40.84 49.88
Hybrid Score -3.87 -10.74 3.52
Rank: Alpha vs Not 7.18 1.92 12.71
Ordinal rank 0.05 -0.21 0.31
Age 1.30 0.95 1.64
Repro: C vs PPA 0.07 -1.63 1.80
Repro: Cvs P 22.09 19.80 24.43
Season: Wet vs Dry 9.31 7.78 10.87
Group Size 0.81 -1.31 2.98
Group Sizé 1.02 -0.01 2.06
Storage Time: Powder 21.47 15.93 27.27
Storage Time: Methanol  12.60 10.07 15.19

Prop (AIC =9163.66)
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Repro: C vs PPA
Repro: Cvs P
Season: Wet vs Dry
Group Size**

Group Sizé

Storage Time: Powder

Storage Time: Methanol
Null (AIC =9160.70)

Intercept

Hybrid Score

Age

Repro: C vs PPA
Repro: Cvs P
Season: Wet vs Dry
Group Size

Group Sizé

Storage Time: Powder

Storage Time: Methanol
Ord (AIC =9159.87)

Intercept

Hybrid Score
Ordinal rank

Age

Repro: C vs PPA
Repro: Cvs P
Season: Wet vs Dry

50.02
-4.05
-5.29
1.26
0.10
22.12
9.27
1.26
0.90
21.34
12.53

49.74
-4.18
-4.26
1.24
0.07
22.12
9.26
1.18
0.88
21.47
12.51

48.73
-4.15
1.24
0.11
22.13
9.28
1.10
0.90
21.47
12.53

48.08
-4.01
0.14
1.25
0.11
22.13
9.28
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45.80
-10.90
-9.70
0.92
-1.60
19.83
7.74
-0.77
-0.12
15.80
10.01

45.53
-11.03
9.17
0.91
-1.63
19.83
7.72
-0.86
-0.14
15.93
9.98

44.75
-11.06
0.90
-1.59
19.84
7.74
-0.95
-0.12
15.93
10.00

44.00
-10.91
-0.11
0.91
-1.59
19.83
7.74

54.63
3.33
-0.67
1.59
1.83
24.45
10.83
3.33
1.93
27.14
15.12

54.33
3.20
0.91
1.58
1.79
24.45
10.81
3.25
1.91
27.27
15.09

53.07
3.30
1.58
1.84
24.46
10.83
3.19
1.94
27.27
15.12

52.53
3.42
0.39
1.58
1.83
24.46
10.83



Group Size 0.75 -1.38 2.93

Group Sizé 0.91 -0.11 1.94
Storage Time: Powder 21.40 15.86 27.20
Storage Time: Methanol  12.53 10.01 15.12
Hi-Mid-Low (AIC =9159.17)

Intercept 48.09 44.08 52.46
Hybrid Score -3.99 -10.88 3.43
Rank: High vs Mid 1.17 -1.60 4.02
Rank: High vs Low 255 -0.62 5.82
Age 1.25 0.92 1.59
Repro: C vs PPA 0.11 -1.59 1.84
Repro: Cvs P 22.14 19.85 24.48
Season: Wet vs Dry 9.28 7.75 10.84
Group Size 1.23 -0.82 3.31
Group Sizé 0.90 -0.13 1.93
Storage Time: Powder 21.39 15.85 27.19
Storage Time: Methanol  12.53 10.00 15.12

@ For all categorical variables, the first category listed was the base level.

b The Estimate and 95% confidence interval columns have been antilogged, subtracted by 1, and
then multiplied by 100 to indicate thpercent change in f{GC associated with an increase of
one unit of the predictor variable. For example, 1.30 for age implies a 1.30% increase in fGC
for every year a female baboon ages, aB®9 for proportional rank implies a 5.29% decrease
in fGC from poportional rank of 0 to 1. The intercepts were antilogged only.

¢ Repro = reproductive status; C = cycling; PPA=erstim amenorrhea; P = pregnant

4 Group size is the number of adult femalegransformed to avoid variance inflation.
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Tablel5. R values for all models.

Model Conditional R2 Marginal R 2
Alpha 25.9 9.9
Alpha+Prop 25.9 10.0
Alpha+Ord 25.9 9.9

Prop 25.6 9.7

Null 25.7 9.6

Elo 25.6 9.7

Ord 25.6 9.7
Hi-Mid-Low 25.6 9.7

@ Conditional Ris an estimate of the variance explained by the whole model. Margiriald®
estimate of the variance explained by the fixed effects ¢Nigkagawa & Schielzeth, 2013)
Values have been multiplied by 100 to represent percent variance explained.
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Tablel6. Converted estimatés 95% confidence intervals, and interpretations for the Null model and the
two models that performed worse than the Null model; models are ordered by AIC value.

Model & Predictof Estimate Lower 95% Upper 95% Interpretation
Null
Intercept 48.63 44.80 52.80 fGC >0
Age 1.11 0.80 1.42 old > young
Repro: C vs PPA 0.20 -1.45 1.88 -
Repro: C vsP 22.18 19.96 24.44 pregnant > cycling
Season: Wet vs Dry 9.77 8.27 11.29 dry > wet
Group Sizé 1.05 -0.95 3.10 -
Group Sizé 0.87 -0.14 1.88 small & large > mid
Storage Time: Powder 2321 17.98 28.68 more time > less
Storage Time: Methanol 12.78 10.28 15.34 more time > less
Elo
Intercept 49.34 45.31 53.71 fGC>0
Elo rating -3.08 777 1.85 low > high
Age 1.12 0.81 1.42 old > young
Repro: C vs PPA 0.16 -1.49 1.84 -
Repro: Cvs P 22.17 19.96 24.43 pregnant > cycling
Season: Wet vs Dry 9.76 8.26 11.28 dry > wet
Group Size 1.13 -0.87 3.18 -
Group Sizé 0.85 -0.16 1.87 small & large > mid
Storage Time: Powder 2321 17.98 28.68 more time > less
Storage Time: Methanol 12.77 10.26 15.33 more time > less
Ord
Intercept 48.14 44.20 52.44 fGC>0
Ordinal rank 0.10 -0.14 0.34 -
Age 1.12 0.81 1.43 old >young
Repro: C vs PPA 0.20 -1.46 1.88 -
Repro: Cvs P 22.18 19.97 24.44 pregnant > cycling
Season: Wet vs Dry 9.77 8.27 11.29 dry > wet
Group Size 0.80 -1.28 2.93 -
Group Sizé 0.87 -0.14 1.89 small & large >mid
Storage Time: Powder 23.16 17.93 28.63 more time > less time
Storage Time: Methanol 12.78 10.28 15.35 more time > less time
Hi-Mid-Low
Intercept 48.18 44.30 52.40 fGC>0
Rank: High vs Mid 0.89 -1.76 3.61 -
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Rank: High vs Low 1.73 -1.27 4.82 -

Age 1.12 0.82 1.43 old > young

Repro: C vs PPA 0.20 -1.45 1.88 -

Repro: Cvs P 22.19 19.97 24.45 pregnant > cycling
Season: Wet vs Dry 9.77 8.28 11.29 dry > wet

Group Size 1.14 -0.87 3.18 -

Group Sizé 0.86 -0.14 1.88 small & large > mid
Storage Time: Powder 23.16 17.93 28.63 more time > less
Storage Time: Methanol 12.78 10.28 15.34 more time > less

a Forall categorical variables, the first category listed was the base level.

b The Estimate and 95% confidence interval columns have been antilogged, subtracted by 1, and then
multiplied by 100 to indicate the percent change in fGC associated with an ircvéase unit of the
predictor variable. For example, 1.12 for age implies a 1.12% increase in fGC for every year a female
baboon ages, aneB.08 for Elo rating implies a 3.08% decrease in fGC from proportional rank of 0 to 1.
The intercepts were antiloggieonly.

¢ Repro = reproductive status; C = cycling; PPA=garsim amenorrhea; P = pregnant

d Groupsize is the number of adult femalestransformed to avoid variance inflation.

172



Tablel7. Variance and SD for random effects of the 8 models (not antilogged).

Random Effect Variance SD
Alpha
Individual identity 4.33E03 6.58E02
--Slope by age 2.13E05 4.61E03
Social group 2.33E04 1.53E02
Hydrological year 3.79E03 6.16E02
Residual 2.84E02 1.69E01
Alpha+Prop
Individual identity 4.32E03 6.57E02
--Slope by age 2.09E05 4.57E03
Social group 2.38E04 1.54E02
Hydrological year 3.78E03 6.15E02
Residual 2.84E02 1.69E01
Alpha+Ord
Individual identity 4.33E03 6.58E02
--Slope by age 2.13E05 4.61E03
Social group 2.33E04 1.53E02
Hydrological year 3.79E03 6.16E02
Residual 2.84E02 1.69E01
Prop
Individual identity 4.31E03 6.56E02
--Slope by age 1.90E05 4.35E03
Social group 2.35E04 1.53E02
Hydrological year 3.76E03 6.13E02
Residual 2.85E02 1.69E01
Null
Individual identity 4.32E03 6.57E02
--Slope by age 1.94E05 4.40E03
Social group 2.21E04 1.49E02
Hydrological year 3.79E03 6.16E02
Residual 2.85E02 1.69E01
Elo
Individual identity 4.29E03 6.55E02
--Slope by age 1.90E05 4.36E03
Social group 2.25E04 1.50E02
Hydrological year 3.75E03 6.12E02
Residual 2.85E02 1.69E01
Ord
Individual identity 4.32E03 6.57E02
--Slope by age 1.93E05 4.40E03
Social group 2.28E04 1.51E02
Hydrological year 3.78E03 6.14E02
Residual 2.85E02 1.69E01
Hi-Mid-Low
Individual identity 4.30E03 6.55E02
--Slope by age 1.91E05 4.37E03
Social group 2.30E04 1.52E02
Hydrological year 3.77E03 6.14E02
Residual 2.85E02 1.69E01
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Tablel8. Percent variance in fGC concentrations explained by each fixed effect predictor in the Alpha
model.

Predictor missing Conditional R® Marginal R® % Variance explained
Full Alpha model 25.9 9.9 --

Rank: Alpha or Not 25.7 9.6 0.3

Age 29.0 8.2 1.7

Reproductive status 22.3 6.7 3.2

Season 23.3 9.0 0.9

Group Size 26.3 10.0 -0.1

Timestored as fecal powder | 27.5 8.1 1.8

Time stored in methanol 23.0 8.0 1.9

@ We dropped each of the six fixed effects from the Alpha model, one at a time. ‘Full Alpha model’
indicates the variance explained by the original Alpha model, whereas each following row
indicates the variance explained by the Alpha model without that predictor.

b Conditional R? is an estimate of the variance explained by the whole model. Marginal R? is an
estimate of the variance explained by the fixed effects only (Nakagawa & Schielzeth, 2013).

¢ Values are converted to percent (by multiplying the value by 100). Variance explained by
predictor was calculated by subtracting the marginal R? of the reduced model from the
marginal R? of the full Alpha model. Values are converted to percent (by multiplying the value
by 100)

4 |n the model without age, we also removed the random slope of age

¢ Group size was z-transformed
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Tablel9. Prior studies of association between dominance rank and glucocorticoid concentrations in
female baboons.

Citation Species; RankGC findings Rank metric Sample size Study duration
Location (g = groups; (y=years;
f = females; m=months)
S =
samples;
medium)
Seyfarth et Chacma; Main effect: Proportional g=1; f=45; 7y
al (2012) Moremi, higher rank Ss=99%,
Botswana predicted lower feces
fGC
Wittig et al Chacma; Interaction: high Ordinal g=1; f=22; 7m
(2008) Moremi, rank predicted s=532;
Botswana faster decrease in feces
fGC after stressor
compared to low
rank
Weingrillet ~ Chacma; De ns Categorical g=1; f=10; 1.6y
al (2004) Hoop, South (high, medium, s=260;
Africa low) feces
Crockfordet Chacma; ns Not stated,; g=1; f=18; 9m
al (2008) Moremi, likely Ordinal or s=558;
Botswana Proportional feces
Sapolsky et Yellow ns Ordinal g=3; =32 2y
al (1997) Anubis 36; s=32
hybrid; 36; serum
Amboseli,
Kenya
Beehner et Yellow ns Ordinal g=5; f=75; 5.5y
al (2006) Anubis s=1388;
hybrid; feces
Amboseli,
Kenya

* The authors measured GC concentrations in fecal samples collected weekly, but calculated a
yearly GC mean for each female and used that mean in analysis. They report 99 female-years
and thus 99 means.

Power analysis

Because our study had such a large sample size compared to past studies, we ran a

power analysis to ask, given our effect size, what sample size would be required to find a



statistically significant (p ¢ 0.05) effect of dominance rank. We randomly sampled data from our
dataset to replicate sample sizes from two prior studies of rank and fGC concentrations in female
baboons (Weingrill et al., 2004; Wittig et al., 2008). We selected these two studies because
ordinal rank and proportional rank measures would likely be nearly equivalent due to being
relatively short studies with one social group, thus reducing the effect of choice of rank metric on
model outcome.

For each of the two simulations, we randomly selected the same number of study
subjects as the prior studies. We then randomly sampled fGC values from fecal samples collected
from those study subjects to obtain the ‘final’ sample size (260 fecal samples from 10 females:
Weingrill et al., 2004; 532 fecal samples from 22 females: Wittig et al., 2008). Females were only
included in the analysis if they had at least the average number of fecal samples per subject in
our dataset (e.g., with a simulated dataset of 260 samples from 10 females, 10 females were
selected from a pool of females who had more than 26 fecal samples).

For each random subset of our dataset we ran a general linear mixed model using
glmmTMB (glImmTMBpackage in R) that was identical to the Prop model except for one change:
to reduce model convergence errors that were likely to result from smaller samples, we removed
the random slope of age and only included the random intercept of individual baboon. We
repeated the entire process of randomly sampling from the dataset and running the model
10,000 times for each of the two simulations. We calculated the proportion of replicates that
yielded statistically significant p-values for proportional rank in the Prop model (p ¢ 0.05). Those

proportions are plotted in Figure 3.
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Re-analysis of Beehner el (2006)

Using a multiple regression, Beehner et al (2006) tested whether log(fGC) was predicted
by ordinal rank, age, group size (humber of adult females, linear term), and parity. They found a
statistically significant effect of group size, but not of ordinal rank, age, or parity. The dataset
included data from five different social groups. As a result, we identified this study as one in
which ordinal and proportional ranks may yield different results. Further, the samples used for
analysis in Beehner et al (2006) are included in the sample used here, facilitating re-analysis.

To test whether model results were different when using proportional rank, we restricted
our dataset to match their criteria based on reproductive state and sample dates. We retrieved
1,209 fGC samples from 67 females out of the original 1,388 samples from 75 females, and we
calculated a weekly fGC mean for each female as in Beehner et al (2006). We then ran a multiple
regression model comparable to the original study. As in the original study, we observed a
statistically significant effect of group size (p = 0.0003), such that f{GC concentrations were lower
in larger groups. Ordinal rank, age, and parity were not statistically significant predictors of
l0g(fGC) (Pordinal rank = 0.953, Page = 0.217, Pparity = 0.583).

When substituting ordinal rank for alpha, we found no statistically significant effect of
alpha status (p = 0.569). There were 7 alpha females in this analysis. When substituting ordinal
rank for proportional rank, we found no statistically significant effect of proportional rank (p =

0.205).
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Dataset used for analysis

Table20: Trait descriptionsDAICs, and study information for the 20 traitsaralyzed in the present study.

- g Study # AlC AlC pk! L/ p [pk! L/
Trait? CR)ggLnE:¥eIgtentlf|ed Duration | Social ':‘/Ilg d:ull Ordinal | Proportional Eﬂrggﬂe‘j Ordinalvs. Preferred | Ref*
(years) Groups Model | Model Proportional | vs. Nulf
Adult male traits
Percent of Higherranking males (Alberts
consortships | obtain more 12 7 -21610 | -21768 | -21741 Ordinal 27 158 et al.,
obtained consortships 2006)
Fecal Higherranking males Egel_sg:rlr?
have higher 9 5 -416 -443.1 | -418.2 Ordinal 24.9 27.1 ’
testosterone testosterone levels etal.,
2011y
Wound Higherranking males (Archie
healin have faster rates of 28 11 3646 3630 3638 Ordinal 8 16 etal.,
9 wound healing 2012)
Injury incidence is
Monthl related to a quadratic (Archie
niur riysk rank term, with males | 28 11 3539.6 | 3534.2 | 3540.9 Ordinal 6.7 5.4 etal.,
Jury ranked 36 having the 2012)
highest rates of injury
Males with higher
Age at ranking mothers (Charper
testicular achieve testicular 22 9 1044.4 | 1042.1 | 1045.2 Ordinal 31 2.3 tier et al.,
enlargement | enlargement at 2008)
younger ages
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Higherranking males

(Gesquie

Fecal have lower re. Learn
glucocorticoid| glucocorticoid levels |9 5 -1223.4 | -1227 -1223.2 Ordinal 3.8 3.6 et,al
levels (except for the alpha .
2011y
male)
Immature maleraits
Subadult sons of
Fecal higherranking mothers (Onyang
glucocorticoid| "9 9 4 5 1418 |137.4 |1376 Neither 0.2 4.4 oetal,
have lower
levels o 2008)
glucocorticoid levels
Juvenile males with (Altmann
Bodysize | Mgherranking mothers) 2 535 |-69.4 |-62.2 Ordinal 7.2 15.9 &
have larger body size Alberts,
for their age 2005)
Adult female traits
(esque
amenorrhea P 36 13 5559.8 | 5542.4 | 5533.9 Proportional | 8.5 25.9 re et al.,
. post-partum
duration 2018y
amenorrhea
Inter-birth Higherranking females (Gesquie
interval have shorter intesbirth | 36 13 5912.6 | 5899.1 | 5897.8 Neither 1.3 14.8 re et al.,
duration intervals 2018y
Higherranking (Archie,
Monthly (proportional) females | 12 4746 | 4742.7 | 47357 Proportional | 7.1 10.3 Altmann,
injury risk have alower risk of etal.,
injury 2014y
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Prenatal fecal

Higherranking females

(Nguyen

estrogen have higher prenatal |1.4 5 -36.4 -42.2 -38 Ordinal 4.2 5.8 et al.,
levels estrogen levels 2012)
(Levy,
Gesquier|
€,
McLean,
Higherranking females Franz,
Fecal :
glucocorticoid| (Proportional) have =, ; 12 9727.4 | -9726.1 | -9728.8 Proportional | 3.0 1.4 Warutere
levels lower glucocorticoid , Sayialel
levels Mututua,
Wango,
Oudu, &
Altmann,
2020
Age at Ir:;nmk?nlgesmvt\;lttrr]]e?lsgher (Charper
) 26 9 129.2 126.6 127.3 Neither 0.7 2.6 tier et al.,
menarche achieve menarche at 2008)
younger ages
. Higherranking females .
Relative | Ve higher rates of | 16 6 399 |359 |37.1 Neither 1.2 4.0 (Silk et
infant survival | . : al., 2003)
infant survival
Sexual Higherranking females (Fitzpatri
swelling have longer sexual 15 5 699.5 697.2 697.1 Neither 0.1 24 ck etal.,
length swellings 2014y
Social Higherranking females '(I"?Jrr?glzt
connectednes| are more socially 16 8 4131.6 | 4098.5 | 4101.9 Ordinal 3.3 33.1 al '
s to males connected to males 2014)
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Frequency of

Higherrankingfemales

(AKinyi et

received receive more aroomin 2 494.1 476.0 478.4 Ordinal 2.3 18.1 al.,
grooming g 9 2013y
Immature female traits

No statistically (Nguyen
Initiation rate | significant effectof |, , 216.6 |2175 |214.1 Proportional | 3.4 25 etal.,
by infants maternal rank on infant

o 2012)

initiation rate
Infant male and female traits

Infants of higher (Nguyen
Time off ranking females tendeq , 651 |-71.9 |-687 Ordinal 3.2 6.8 etal.,
nipple to spend more time on 2012)

the nipple

2 For traits measured in immature individuals, rank was measured as maternal rank
b Ordinal rank unless otherwise noted

¢ “Neither” if | AAICordinal-proportional | <2

4 These columns were calculated prior to rounding the model AIC values

A Indicates that dataset is publicly available on Dryad
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Identifying changes in the relationship between ordinal and proportional ranks over
time

Methods

In long-term studies, hierarchy size varies over time and across social groups. This
variation should simultaneously weaken the relationship between ordinal and proportional rank
and increase our ability to measure different competitive processes in social groups. To test the
prediction that the relationship between ordinal and proportional ranks weakens as studies
progress, we measured the correlation between monthly ordinal and proportional ranks in the
Amboseli Baboon Research Project dataset over increasingly longer periods of time.

Specifically, for each social group we have studied (N = 17 groups), we calculated the R?
values from linear models that predicted proportional rank as a function of ordinal rank using
increasingly larger datasets. The decision of which metric to use as the predictor variable, in this
case ordinal rank, and which as the response variable, in this case proportional rank, was random
and had no effect on the results of these analyses. We began by calculating this correlation using
only rank data from the first month that a group was under observation (R? necessarily = 1). We
then repeated this R? calculation iteratively, each time drawing on ever-larger datasets, by adding
data in 12-month increments (i.e. 13 total months, 25 total months, 37 total months, etc.), until
we reached the last available dataset of ranks for a group (see Table 21 an example dataset). This
method allowed us to track the strength of the predictive relationship between ordinal and
proportional ranks as the study progressed.

These analyses included a total of 17 social groups that have been studied over the last
40+ years (thin black lines in Figure 22). We also repeated the same approach, combining data
from all social groups into a single analysis (thick grey lines in Figure 22), allowing us to

qualitatively compare patterns of change in the relationship between ordinal and proportional
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ranks both within social groups and across the study population. Note that at the start of the
project, only a single social group was followed (Alto’s group). As a result, the grey line starts at
an R?value of 1. If multiple study groups with different group sizes had been followed at the

beginning of the study, the R? value at the beginning of the project would have been < 1.
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Table21: Example dominance ranks from seven individuals across three months and how these data
would be used to calculate R2 values via a linear model for predicting proportional rank froral sedik.

To calculate the relationship betwe@mdinaland proportional ranks across the 3 months in the table
(January, February, and March 2016), every row in this dataset would be used in a linear model in which
proportional rank is the response variatandordinalrank is the predictor variable. Individual identity did

not factor into the model or calculation of R2, so the switch in rank order between individuals C, D, and E
from February to March 2016 is irrelevant. What does, however, reduce R2 &litlition of individual G

to the group in February 2016, and the loss of individual G from the group in March 2016.

Individual Identity | Year-Month Ordinal Rank Proportional Rank
A Jan2016 1 1

B Jan2016 2 0.8

C Jan2016 3 0.6

D Jan2016 4 0.4

E Jan2016 5 0.2

F Jan2016 6 0

A Feb2016 1 1

B Feb2016 2 0.8333
D Feb2016 3 0.6667
C Feb2016 4 0.5

E Feb2016 5 0.3333
F Feb2016 6 0.1667
G Feb2016 7 0

A Mar-2016 1 1

B Mar-2016 2 0.8

D Mar-2016 3 0.6

C Mar-2016 4 0.4

E Mar-2016 5 0.2

F Mar-2016 6 0
Results

As predicted, the correlation between ordinal and proportional ranks both within and
across study groups decreased as the length of study increased (Figure 22). This is because the
size of adult female and male hierarchies changed over time. Variation in hierarchy size, in turn,
decouples our density-independent rank metric (proportional) from our density-dependent rank

metric (ordinal). This decline in R? as the length of study increased was seen in each group
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individually and across all study groups when all data were combined (i.e., across the study
population).

The decline in R? over time was apparent in both male and female ranks, although the
decline occurred more quickly and less linearly in the male rank data than in the female rank
data. This sex difference, which we did not predict, prompted us to form two post-hoc
predictions to explain it. (1) Baboon groups contained fewer adult males than females; hence
hierarchy sizes are smaller for males than for females. The addition of one individual to a small
hierarchy changes all members’ proportional ranks more than the addition of one individual to a
large hierarchy (Figure 23). Thus, if we assume that different-sized groups have comparable rates
of maturation, death, and dispersal, the relationship between ordinal and proportional ranks
would be weaker in smaller hierarchies than larger hierarchies. (2) Changes in male hierarchy size
were more common than changes in female hierarchy size due to frequent male dispersal, and all
changes in hierarchy size reduce the relationship between ordinal and proportional ranks.
Together, we would expect these two sex differences —in average hierarchy size and in the
frequency of changes in hierarchy size — to lead to differences in the relationship between ordinal
and proportional rank between males and females (Figure 23).

We performed post-hoc analyses and confirmed both of our predictions. Of the 1,637
group-months for which we had rank data for both males and females, adult males outnumbered
adult females in only 14 months (<1% of group-months; mean # of females - mean # of males +
SD =7.4 + 0.1, p<0.0001 in one-sample, two-tailed t-test). Additionally, on average, the number of
adult males in a social group changed more from one month to the next as compared to the
number of adult females (mean absolute change in # adult males per month + SD = 0.59 + 0.02,

mean in adult females + SD = 0.25 + 0.01 , p<0.0001 in two-sample, two-tailed t-test).
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Figure22: The relationship betweeardinalrank and proportional ranks weakens as the period of observation
increases in both females and males.

Black points and lines indicate changes in R2 for every social group over time, and the grey points and lines
indicate changes across all social gro(ifgs across the study population) using pooled data from all individuals in

all social groups. At each point, R2 was calculated from the cumulative dataset (e.g. the grey point at 13 months
includes data from all 13 months across all individuals in elibgroups). The grey line extends farther than any
black line because the black lines represent individual social groups, which are not permanent due to fissions and
fusions, whereas the grey line represents the full dataset.
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Additional figures and taltes
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Figure23: The relationship betweeordinalrank and proportional ranks is weakened when hierarchy size changes.
We simulated groups that included varying numbers of adults (rar#f@ 2nd assignedrdinaland proportional
ranks to each individuabf one rank period (one month). We then added varying numbers of individuals to the
group, and again assigneddinaland proportional ranks to each individual for a second ranking period. We then
calculated the Rvalue from a model that predicted propdaonal rank as a function afrdinalrank, including all
ranks from both ranking periods. The relationship betweedinaland proportional ranks is less robust to greater
changes in hierarchy size and less robust to changes in smaller starting hierdrbkisguation described in the
introduction, in which four males join an existing group of five males, is marked with an asterisk.
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Table22: Theoretical distribution of resources under densitgependent and densitdependent
competition for two grougsizes to demonstrate theoretical differences between ordinal and proportional
ranks.

Density-Independent Competition Density-Dependent Competition
Competition for Food Competition for Mates
Group Size = 5 [GOUPp Size =91  Group Size=5 [Group Size =9
Ord. Food Ord. Mates
Rank Obtained Rank  Obtained
[Prop. [Prop.
Rank] Rank]
1 1 1 1 1
oo ° [1.00] 3 [1.00] 1 [1.00]
2 2.75 2 1
[0.88] [0.88]
2 3 2 3 1
0.75] 2° 075 2°  [0.75] 1 [0.75]
4 2.25 4 0
[0.63] [0.63]
3 5 3 5 0
os0] 29  ps0; %% (050 1 [0.50]
6 1.75 6 0
[0.38] [0.38]
4 7 4 7 0
025 ° o251 ° (025 0 [0.25]
8 1.25 8 0
[0.13] [0.13]
5 9 5 9 0
0o0] L0 oo 0 (000 0 [0.00]

Per Capita =2 [[lPerCapita=21] Per Capita=0% [[PerCapifa=0.333

* The middle-ranking individual in each group is bolded for comparison. Under density-
independent competition, access to resources is determined by proportional rank. The middle-
ranking animal obtains 2 units of food regardless of ordinal rank or hierarchy size. Under
density-dependent selection, access to resources is determined by ordinal rank. The middle-
ranking animal obtains 1 mate when its ordinal rank is 3 but 0 mates when its ordinal rank is 5.

A Under density-independent competition, per capita resource access remains constant as
hierarchy size increases. Under density-dependent competition, per capita resource access
declines as hierarchy size increases.

189



Table23: Trait descriptions and model equations for the 20 traitearalyzed in the preserstudy.

Trait”

Model used in analysis

Percent of
consortships
obtained (M)

Percent consortships obtained ~ Rank

Fecal testosterone

(M)

Log(Testosterone) ~ Rank + Alpha Status + Hierarchy Stability + Se:
+ Temperature + Age + (1|ID)

Woundhealing (M)

Wound Healing Time ~ Rank + Type of Wound + Adult Group Size +
Change in Data Recording

Monthly injury risk
(M)

Number of Injuries ~ Rartk (1|ID)

Age at testicular
enlargement (M)

Age at Testicular Enlargement ~ Hybrid Score + #xdess Females +
Maternal Rank + (1|Group ID)

Fecal
glucocorticoid

Log(Fecal Glucocorticoid) ~ Rank + Alpha Status + Hierarchy Stabili
Age + Season + Temperature + (1[ID)

levels (M)

Fecal Fecal Glucocorticoid ~ Maternal
glucocorticoid OrdinalRank

levels (IM)

Body size (IM) Body Sizefor-Age (calculated using Lowess) ~ Rank

Postpartum PPA Duration ~ Primiparous/Multiparous + Maternal Age + Group Si
amenorrhea + RainFall + Habitat + Sex of Offspring + (1| Maternal ID) + (1|Group

duration (F)

ID) + (1]Year)

Inter-birth interval
duration (F)

IBI Duration ~ Primiparous/Multiparous + Maternal Age + Group Size
Rain Fall + Habitat + Sex of Offspring + (1| Maternal ID)14Group ID)
+ (1|Year)

Monthly injury risk
(F)

Injured or Not ~ Rank + Age + Reproductive State + Group Fission
Status + (1]ID) + (1|Year)

Prenatal fecal
estrogen levels (F)

Fecal Estrogen ~ Rank

Fecal
glucocorticoid
levels (F)

Log(FecalGlucocorticoid) ~ Rank + Age + Season + Reproductive St
+ Adult Female Group Size + Adult Female Group 5#z&torage Time
as Fecal Powder + Storage Time in Methanol + (1|ID) + (1|Group ID)
(1|Hydroyear)

Age at menarche

Age at Menarche ~ # ®flature Maternal Sisters + Hybrid Score + # of

() Mature Females + (1|Group ID)

Relative infant Relative Infant Survival ~ Maternal Rank

survival (F)

Sexual swelling Sexual Swelling Length ~ Cycles Since Resumption + Days Since Lz

length (F) Major Rain + cles Since Resumption*Days Since Last Major Rank
Rank + (1|ID)

Social Social Connectedness to Males ~ Age + Group Size + Maternal Pres

connectedness to  + # of Maternal Sisters + # of Daughters + Social Connectedness to

males (F) Females + Rank §1]ID)

Frequency of
received grooming

(F)

Frequency of Grooming ~ Age + Rank + (1|Group ID)

Initiation rate by
infants (IF)

Initiation Rate ~ Infant Sex + Maternal Parity + Maternal Rank
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Time off nipple Prop Time Off Nipple ~ Maternal Rank
(1B)

* M = trait measured in adult males; F = trait measured in adult females; B = trait measured in
both males and females, no differentiation by sex; | = trait measured in immature individuals,
rank measured as maternal rank
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Simagemethod without machine learning

As noted in the ‘Schematics and Workflow for the skimageand ImageMethods’, the
skimagemethod can also be performed without the pre-processing step of machine learning to
mask the gorilla.

Here we compare the results of the skimagemethod with machine learning (as
presented in the manuscript, Table 24: row 1) to the skimagemethod using only image
processing steps on the full image, not using the machine learning masks, W& { A WithodtS
machine learning’ (Table 24: row 2). This was performed on the original 100 gorilla image dataset.
The image processing takes longer without the machine learning pre-processing step. The
skimagewithout machine learning method returned measurements for 100% of images;
however, in one image the laser spots were mis-identified (not included in the table). Using
skimage with and without machine learning produces very similar results on the gorilla dataset
(Table 24). Thus, using the skimagemethod without machine learning may be more suitable for
researchers without access to the processing power needed to run the machine learning step, or
who are unfamiliar with machine-learning algorithms. However, the image processing code was
developed for use with photos of dark animals against green backgrounds. Thus, for researchers
who are using images that are distinctly different in color or animal species, implementing the
machine learning step on their photographs will almost certainly yield better-quality masking

than image processing approaches based on color alone.
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Table24: Percent differences [pixel differences] among inl@ser distances measured manually V& t
skimagemethod with machine learning and manually vs. #iémagewithout machine learning method
on the gorilla dataset; diff = difference.

Method Successful Mean SD Range of %
images % diff % diff diff
[pixel diff]  [pixel diff]  [pixel diff]
skimagewith 100 -0.004 0.710 -1.58,4.34
machine learning [0.004] [0.913] [-2.88, 3.33]
skimagewithout 99 0.011 0.679 -1.60, 3.73
machine learning [0.037] [0.904] [-2.84, 3.57]

Table25: Computing timesecondgequired forskimage skimagewithout machine learning, antinageJ
methods to process 100 images.

Forlmagedmages that need to be hanttopped, this takes approximately 5 additional seconds per
image of manual effort. Note the gorilla images have a longer processing time becaydwtre more

pixels per image.

Computing time for ~ skimage skimagewithout ImageJ
100 images (minutes) machine learning

Baboon images 107 71 3.25
Gorilla images 204 190 5.25

Table26: Absolute percent differences [and absolute pixel differences] among-iaser distances
measured manually vs. tHsmagednethod, manually vs. thekimagemethod and via thémageJdmethod
vs. theskimagemethod on both study animal datasets; diff = difface.

Species Comparison Mean SD of
|% diff| |% diff|
[|pixel diff|] [|pixel diff|]
Gorilla Skimage vs. Manual 0.483 0.518
[0.668] [0.619]
Gorilla ImageJ vs. Manual 0.693 0.954
[1.07] [1.68]
Gorilla Skimage vs. Imagel 0.538 0.843
[0.817] [1.47]
Baboon ImageJ vs. Manual 0.515 0.740
[0.560] [0.547]
Baboon Skimage vs. Manual 0.595 0.681
[0.694] [0.617]
Baboon ImageJ vs. Skimage 0.414 0.796
[0.424] [0.518]
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Table27: Percent differences [pixel differences] as a functioimntdr-laser distance in centimeters; data
are from rows 1 and 4 of table 1, split by inrtaser distance in centimeters, diff = difference.

Species Comparison Inter-laser # Mean SD of Range of
distance (cm) Images % diff % diff % diff
[pixel diff] [pixel diff]  [pixel diff]
Gorilla  Skimage vs. 2 19 0.153 1.23 -1.48,4.34
Manual [0.187] [1.20] [-1.63, 3.33]
Gorilla  Skimage vs. 4 76 -0.034 0.523 -1.58, 1.11
Manual [-0.034] [0.853] [-2.88, 2.14]
Gorilla  Skimage vs. 45 5 -0.169 0.628 -1.03, 0.582
Manual [-0.119] [0.517] [-0.628, 0.437]
Baboon Imagel vs. 2 8 1.20 1.78 -0.519, 4.94
Manual [0.555] [0.776] [-0.226, 2.15]
Baboon ImageJ vs. 4 92 -0.096 0.712 -3.98, 1.54
Manual [-0.093] [0.767] [-3.18, 2.11]
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Inanimate object validation

To assess the accuracy of the parallel-laser method, we carried out a validation by
comparing measurements of inanimate objects obtained via parallel-laser photogrammetry to
measurements of those same objects obtained by hand using a measuring tape. We
photographed inanimate objects with defined endpoints to increase the accuracy and precision
of the hand measurement, so that the hand measurement approaches the ‘true’ measurement.
Images of several objects (garage door window, fence posts, piece of paper) were taken from 5,
10, and 15 meters. We measured 1 image from each distance and performed 1-3 measurements
on each image. Inter-laser distance was obtained via the automated method (see 4.2.3.3
Measuring images below), except for 1 image (piece of paper from 15m) for which the
automated method did not work and was therefore measured manually. We calculated the
absolute difference between manual and parallel-laser measurements. We also calculated the
percent difference by dividing the absolute difference by the manual measurement and
multiplying by 100.

Results from this validation demonstrate that the parallel-laser apparatus is highly
accurate (Table S1, Table S2). Parallel-laser measurements tended to be within 0.2cm of the
manual measurements (mean =-0.1cm; SD = 0.2). The percent difference ranged from -2.7 to
0.4% (mean =-0.6; SD = 0.8) and depended on the size of the object measured —it was larger for
smaller objects than for larger objects. These findings indicate that every measurement taken via
parallel-laser photogrammetry has a similar absolute error regardless of the size of the object
being measured. Parallel-laser measurements were highly consistent across 5, 10, and 15m

distances.
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Table28. Finegrained esults ofparalletlaservalidation using inanimate objectsesults are calculated for
each of the three distances from which objects were photographed

Object | Measurement Distance | Manual ParalleHaser Differencé % Differencé
(m) (cm) (cm)
Width of post 5 3.83 0.2 2.7
between 10 8.6 8.83 -0.2 -2.6
windows 15 8.83 0.2 26
Width of inside 5 34.49 0.2 06
frame of one 10 343 34.33 0.0 -0.1
window panel® 15 34,61 03 -0.9
Door
Width of outside > 36.45 0.0 01
frame of one 10 36.4 36.25 0.1 0.4
window panel 15 36.56 0.2 0.4
5 78.43 -0.2 -0.3
Width of two 10 782 78.41 0.2 03
window panels?
15 78.06 0.1 0.2
5 13.71 -0.1 -0.8
Width of one 10 13.6 13.66 0.1 0.4
plank
15 13.68 -0.1 -0.6
5 28.28 -0.2 -0.7
Fence | Vidthoftwo 10 28.1 28.15 0.0 0.2
planks
15 28.17 -0.1 -0.3
5 57.10 -0.4 -0.7
Width of four 10 56.7 56.70 0.0 0.0
planks
15 56.73 0.0 -0.1
5 21.66 0.1 0.3
Height 10 21.6 21.61 0.0 0.0
15 21.60 0.0 0.0
Paper
5 27.99 -0.1 -0.3
Width 10 27.9 27.86 0.0 0.1
15 27.84 0.1 0.2
Grand means -0.1 -0.5

! Difference = Manual measurement — Parallel laser measurement
29% Difference = Difference/Manual*100
3Manual measurements were challenging; may be less accurate than other measurements.
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Table29. Results of validation using inanimate objects, averaged across distance from pasaliel
apparatus to object (5, 10, 15m)

Mean Mean o ParalleHaser
Object | Measurement paralleHaser | Differencé 0
manual (cm) Difference S
(cm)
Width of post
between 8.6 8.83 -0.2 -2.7 0.0
windows
Width of
inside frame
of one 34.3 34.48 -0.2 -0.5 0.1
window
Door panel*
Width of
outside frame 36.4 36.42 0.0 0.1 0.2
of one
window panel
Width of two
window 78.2 78.30 -0.1 -0.1 0.2
panels*
Width of one 13.6 13.68 0.1 0.6 0.0
plank
Fence | ‘Widthoftwo 28.1 28.20 0.1 0.4 0.1
planks
Width of four 56.7 56.84 0.1 0.3 0.2
planks
Height 21.6 21.62 0.0 -0.1 0.0
Paper
Width 27.9 27.90 0.0 0.0 0.1
Mean ofmeans -0.1 -0.5 0.1

! Difference calculated as Manual measurement — Parallel laser measurement
2% Difference calculated as Difference/Manual*100
3 SD of the three parallel-laser measurements collected for that particular object.
4Manual measurements were challenging; may be less accurate than other measurements.

Results from testing fit of linear piecewise, quadratic threshold, agdadratic loglog

models

To assess how to model cross-sectional growth, we tested our body size data with three

types of models: a piece-wise linear model, a quadratic threshold model, and a quadratic log-log

model. The quadratic log-log model explained the most variation in body size for all three body

parts, so we used that model for all future analysis.
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To test these three models against each other, we first had to optimize the knot location
for the two piecewise models (piecewise linear-linear and quadratic threshold). To do this
optimization, we ran each model iteratively, each time changing the knot location by 0.1 years
from the minimum to the maximum age range of the study subjects in the dataset. We extracted
the AIC score for each of these models and chose the knot location that yielded the model with
the lowest AIC score. For example, to assess the optimal knot location for the piecewise linear-
linear model in predicting forearm length, we ran the piecewise linear-linear model with the
forearm dataset — first with the knot at 3.3 years, then at 3.4 years, then 3.5, etc. We then found
that the AIC value was lowest for the model in which the knot location was at 5.5 years. The fit of
this model (i.e., R? values in Table 7) was then compared to the model fit of the quadratic
threshold model (for which the optimal knot location was assessed using the same method) and
the quadratic log-log model.

Here, we report the optimal knot locations for the piecewise linear-linear and quadratic
threshold models and visualize these models in Figure S1. For the shoulder-rump measurement,
the optimal knot locations were 6.4 years for model 1 (piecewise linear-linear) and 7.9 years for
model 2 (quadratic threshold). For the leg measurement, the optimal knot locations were 5.8
years for model 1 and 5.0 years for model 2. For the forearm measurement, the optimal knot
locations were 5.5 years for model 1 and 4.7 years for model 2. We suspect that these models,
especially those of leg and forearm length, are poor fits to the data because body size seems to
continue to increase after these knots. In addition, for model 2 in the leg and forearm datasets,
the quadratic component was a ‘U’ shaped curve instead of the expected ‘N’ direction (Figure

S1).
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Figure24. Visualizations of the model results from the lindizaear piecewise models (left side) and

guadratic threshold models (right side) for shoulgtamp (top row), leg (middle row), and forearm length
(bottom row).

Datapoints represet a single image, and the black lines are the model output.
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Table30. Results from the 18 models run to assess effects of diéglgnvironment on body size (6 predictors of edifg environment assessed for 3 body
Size measures).

EarlyLife Adversity Score
Body Part Predictor Coefficient SE gCoefficient 1 eSEl P-Value Interpretation
Intercept 3072 0.059 51589 1061 <229E-16 At birth, baboons are predicted to have a shoulder-
rump length of 21.6 cm
log(Age) 0.609 0.056 1.839 1.058 <2.22E-16 . .
;:(r)#rl)der— log(Age)? 0116 0.013 0.890 1013 <227E16 Shoulder-rump length is strongly predicted by age
Early-Life . .
Adversity -0.001 0.003 0.999 1.003 0.734 No effect of early-life adversity score on shoulder-
rump length
Score
Intercept 5992 0063 19.919 1.065 <222E-16 At birth, baboons are predicted to have a leg
length of 19.7 cm
log(Age) 0.629 0.061 1.875 1.063 <2.22E-16 . .
log(Age?) 0.127 0.014 0.881 1.014 <2061 eglenethisstrongly predicted by age
Leg Leg Bent —-> Images in which the leg Was stra|.ght hfave leg
Straight 0.017 0.001 1.017 1.001 <2.22E-16 lengths 1.7% larger than images in which the leg
g was slightly bent
Early-Life
Adversity -0.003 0.004 0.997 1.004 0.398 No effect of early-life adversity score on leg length
Score
Intercept 5440 0074 11.490 1077 <222E-16 At birth, baboons are predicted to have a forearm
length of 11.3 cm
log(Age) 0.580 0.071 1.785 1.073 3.33E-16 Forearm length is strongly predicted by age
Forearm log(Age)? 0.115 0.016 0.891 1.016 8.91E-13 & gV P v a8
Early-Life ) :
Adversity 0.001 0.004 1001 1004 0.896 |I\;cr)]getf;:ect of early-life adversity score on forearm
Score

Maternal Death

Body Part Predictor Coefficient SE gCoefficient 1 eSEl P-Value Interpretation

At birth, baboons are predicted to have a shoulder-

choulqer.  IMtercent 3.075 0.058 21.640 1.060 220816 ot b o
Rump log(Age) 0.608 0.053 1836 1.055 <2.22E-16 . .
Shoulder-rump length is strongly predicted b
log(Age)? 0116 0.012 0.890 1.012 <2.22E-16 oulder-rump fength Is strongly precicted by age

202



Maternal

No effect of maternal rank on shoulder-rump

Proportional -0.001 0.012 0.999 1.012 0.917
length
Rank?
Maternal 0.007 0.007 1.007 1.008 0333 No effect of maternal death on shoulder-rump
Death length
Intercept 2.999 0.061 20.070 1.063 <222E16  Atbirth, baboons are predicted to have a leg
length of 20.1 cm
log(Age) 0.608 0.057 1.837 1.059 < 2.22E-16 . .
Leg length is st | dicted b
log(Age)? 20.122 0013 0.885 1.013 <2.22E-16 €8 1eNBth 15 strongly predicted by age
Images in which the leg was straight have leg
Leg Bent --> . ) .
. 0.017 0.001 1.017 1.001 <2.22E-16 lengths 1.7% larger than images in which the leg
Straight )
Leg was slightly bent
Very weak pattern: The daughter of the highest-
Maternal ranking mother is predicted to have legs that are
Proportional  0.021 0.014 1.021 1.014 0.140 8 P g
2.1% longer than the daughter of the lowest-
Rank .
ranking mother
g/leaatﬁ:nal -0.002 0.008 0.998 1.008 0.837 No effect of maternal death on leg length
Intercept 5418 0.072 11.278 1074 <227E-16 At birth, baboons are predicted to have a forearm
length of 11.2 cm
log(Age) 0.588 0.066 1.801 1.069 <2.22E-16 Forearm length is strongly predicted by age
log(Age)? 0.117 0.015 0.890 1.015 8.66E-15 & gy p yag
e A e
Proportional  0.027 0.016 1.027 1.016 0.088 's predi v
Rank 2.7% longer than the daughter of the lowest-
ranking mother
Maternal
Death 0.007 0.009 1.007 1.009 0.476 No effect of maternal death on forearm length
Rainfall 1 Year
Body Part Predictor Coefficient SE gCoefficient1 gSEl P-Value Interpretation
Intercept 3092 0.066 29 017 1.069 <229E-16 At birth, baboons are predicted to have a shoulder-
Shoulder- rump length of 22.0 cm
Rump log(Age) 0.598 0.057 1.819 1.058 <2.22E-16 ) )
log(Age)? 0114 0.013 0.892 1013 <220E16 Shoulder-rump length is strongly predicted by age
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Maternal

No effect of maternal rank on shoulder-rump

Proportional -0.001 0.012 0.999 1.012 0.953
length
Rank
Rainfall in 1 .
Vear -1.72E-05 3.00E-05  0.99998 1.00003 0.567 No effect of rainfall on shoulder-rump length
Intercept 3.002 0.066 20.124 1.068 <222616  Atbirth, baboons are predicted to have a leg
length of 20.1 cm
log(Age) 0.606 0.058 1.832 1.060 < 2.22E-16 . .
log(Age)? 20.122 0013 0.885 1.013 <222616  -eglengthis strongly predicted by age
Leg Bent —> Images in which the leg was straight have leg
g . 0.017 0.001 1.017 1.001 <2.22E-16 lengths 1.7% larger than images in which the leg
Straight )
Leg was slightly bent
Very weak pattern: The daughter of the highest-
Maternal ranking mother is predicted to have legs that are
Proportional  0.020 0.014 1.021 1.014 0.142 8 P g
2.1% longer than the daughter of the lowest-
Rank .
ranking mother
Rainfall in 1 .
Vear -2.86E-06 3.15E-05  0.999997 1.00003 0.927 No effect of rainfall on leg length
Intercept 5 449 0.078 11.571 1081 <227E-16 At birth, baboons are predicted to have a forearm
length of 11.6 cm
log(Age) 0.574 0.068 1.775 1071 <2.22E-16 Forearm length is strongly predicted by age
log(Age)? 0.114 0.015 0.892 1.016 1.64E-13 & gy p yag
Forearm  Maternal Iother & preciceed to have forearme thatare
Proportional  0.027 0.016 1.027 1.016 0.085 's predi v
Rank 2.7% longer than the daughter of the lowest-
ranking mother
Rainfall in 1 .
Vear -3.44E-05 3.58E-05 0.99997 1.00004 0.336 No effect of rainfall on forearm length
Rainfall 4 Years
Body Part Predictor Coefficient SE gCoefficient1 gSEl P-Value Interpretation
Intercept 3106 0.079 9 342 1.082 <229E-16 At birth, baboons are predicted to have a shoulder-
Shoulder- rump length of 22.3 cm
Rump log(Age) 0.598 0.056 1.818 1.058 <2.22E-16 ) )
log(Age)? 0114 0.012 0.892 1oL <2 20616 Shoulder-rump length is strongly predicted by age
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Maternal

No effect of maternal rank on shoulder-rump

Proportional -4.69E-05 0.012 1.000 1.012 0.997
length
Rank
Rainfall in 4 .
Vears -1.33E-05 2.16E-05  0.999987 1.00002 0.537 No effect of rainfall on shoulder-rump length
Intercept 2.886 0.081 17.920 1.085 <222616  Atbirth, baboons are predicted to have a leg
length of 17.9 cm
log(Age) 0.632 0.059 1.882 1.061 < 2.22E-16 . )
log(Age)? 20.125 0013 0.882 1.013 <222616  -eglengthis strongly predicted by age
Images in which the leg was straight have leg
Leg Bent --> . ) .
Straight 0.017 0.001 1.017 1.001 <2.22E-16 lengths 1.7% larger than images in which the leg
Leg g was slightly bent
Very weak pattern: The daughter of the highest-
Maternal ranking mother is predicted to have legs that are
Proportional  0.018 0.014 1.018 1.014 0.182 8 P g
1.8% longer than the daughter of the lowest-
Rank .
ranking mother
. ) Every additional millimeter of rain in the first 4
Rainfall in 4 o ) . .
4.95E-05 2.32E-05  1.00005 1.00002 0.032 years of life is predicted to increase later-life leg
Years
length by 0.005%
Intercept 5 359 0.096 10.584 1,100 <227E-16 At birth, baboons are predicted to have a forearm
length of 10.6 cm
log(Age) 0.609 0.069 1.839 1072 <2.22E-16 Forearm length is strongly predicted by age
log(Age)? 0.121 0.015 0.886 1.016 5 11E-15 8 gy p ¥ ag
D e e e i
Proportional 0.026 0.016 1.027 1.016 0.095 P
2.7% longer than the daughter of the lowest-
Rank .
ranking mother
Rainfall in 4 .
Vears 2.46E-05 2.66E-05  1.00002 1.00003 0.355 No effect of rainfall on forearm length
DroughtDaysl1 Year
Body Part Predictor Coefficient SE gCoefficient1 gSEl P-Value Interpretation
At birth, bab dicted to h houlder-
Shoulder-  Intercept 3.073 0.058 21.604 1.060 <2.22E-16 Irih, baooons are predicted to have a shoulder
RUM rump length of 21.6 cm
P log(Age) 0.611 0.061 1.843 1.063 <2.22E-16 Shoulder-rump length is strongly predicted by age
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log(Age)? -0.117 0.014 0.890 1.014 <2.22E-16
Maternal
Proportional 0.001 0.012 0.999 1012 0.966 No effect of maternal rank on shoulder-rump
length
Rank
Drought Days
in 1 Year -0.002 0.039 0.998 1.040 0.952 No effect of drought on shoulder-rump length
Intercept 3.005 0.061 20.183 1.063 <222616  Atbirth, baboons are predicted to have a leg
length of 20.2 cm
log(Age) 0.627 0.062 1.872 1.064 <2.22E-16 4 .
log(Age)? 0.126 0.014 0.882 1.014 <222E16  -eglenethisstrongly predicted by age
Images in which the leg was straight have leg
Leg Bent --> . . .
) 0.017 0.001 1.017 1.001 <2.22E-16 lengths 1.7% larger than images in which the leg
Leg Straight )
was slightly bent
Maternal
Proportional 0.021 0.014 1.021 1.014 0.127 No effect of maternal rank on leg length
Rank
Drought Days
in 1 Year -0.041 0.042 0.960 1.042 0.327 No effect of drought on leg length
Intercept 5 419 0.072 11234 1074 <227E-16 At birth, baboons are predicted to have a forearm
length of 11.2 cm
log(Age) 0.602 0.072 1.825 1075 111E-16 Forearm length is strongly predicted by age
log(Age)? -0.120 0.016 0.887 1.016 1.59E-13 8 gy p yag
e i
Proportional 0.028 0.016 1.028 1.016 0.080 P
Rank 2.8% longer than the daughter of the lowest-
ranking mother
D ht D
mr‘;uygear M 0017 0.047 0.983 1.048 0.712 No effect of drought on forearm length
DroughtDays4 Yeas
Body Part Predictor Coefficient SE gCoefficient 1 eSE! P-Value Interpretation
At birth icted to h houlder-
Intercept 3.084 0.078 21.837 1.081 <2.22E-16 birth, baboons are predicted to have a shoulder
Shoulder- rump length of 21.5 cm
Rump log(Age) 0.612 0.054 1.844 1.056 < 2.22E-16 . .
Shoulder- length is st | dicted b
log(Age)? 0.117 0.012 0.890 1.012 <2.22E-16 oulgerrump length 15 strongly predicted by age
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Maternal

No effect of maternal rank on shoulder-rump

Proportional -0.001 0.012 0.999 1.012 0.960
length
Rank
Drought Days
in 1 Year -0.017 0.084 0.983 1.087 0.840 No effect of drought on shoulder-rump length
Intercept 3.208 0.085 24.741 1.088 <222616  Atbirth, baboons are predicted to have a leg
length of 24.7 cm
log(Age) 0.591 0.055 1.806 1.056 <2.22E-16 ) i
Leg length is st | dicted b
log(Age)? 0.117 0013 0.889 1.013 <2.22E-16 €8 1eNBth 15 strongly predicted by age
Images in which the leg was straight have leg
Leg Bent --> . ) .
Straight 0.017 0.001 1.017 1.001 <2.22E-16 lengths 1.7% larger than images in which the leg
g was slightly bent
Leg
Maternal
Proportional 0.018 0.013 1.019 1.013 0.163 No effect of maternal rank on leg length
Rank
A 1% increase in proportion of drought days
1 1 0/«
Prought Days 0.262 0.089 0.770 1093 0.003 precﬁcts a decrease in leg Iengt.h of 0.23%; eagh
in 4 Years additional day of drought predicts a decrease in leg
length of 0.015%
Intercept 5 631 0.098 13.891 1103 <227E-16 At birth, baboons are predicted to have a forearm
length of 13.9 cm
log(Age) 0.598 0.063 1818 1.065 <2.22E-16 Forearm length is strongly predicted by age
log(Age)? -0.118 0.014 0.889 1.014 1.11E-16 8 gy p ¥ ag
Trending: The daughter of the highest-ranking
Maternal mother is predicted to have forearms that are
Forearm Proportional 0.026 0.015 1.027 1.015 0.083 P
2.7% longer than the daughter of the lowest-
Rank .
ranking mother
A 1% increase in proportion of drought days
H 1 0/ -
Drought Days 0.286 0.102 0.751 1107 0.005 predicts a decrease in leg length of 0.25%; each

in1Year

additional day of drought predicts a decrease in leg
length of 0.018%

LEvery one-unit increase in the predictors is associated with a percent change equivalent to the value in these columns. E.g., 1 extra month of
drought predicts a shoulder-rump length 99.9% as long, which is equivalent to a decrease in shoulder-rump length of 0.1%.
2Maternal proportional rank at study subject's birth
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Table31. Random effects from all8 models run to assess effects of edifly environment on body size

(6 predictors of earhjife environment assessed for 3 body size measures)

Total variance is the sum of all random effect coefficients for a particular model, and proportion of

vaiaence for each random effect’s coefficient divided

EarlyLife Adversity Score
Body Random Effect Coefficient SE T°t"f" PI’OpO!’tIOh
Part Variance of Variance
Additive Genetic Effect 1.27E-03 1.93E-04 0.58
Shoulder Maternal Effect 5.33E-10 NA 2.42E-07
rump ID (Between-Individual 2.20E-03
Variation) 2.11E-10 NA 9.58E-08
Residual Variance 9.29E-04 4.23E-05 0.42
Additive Genetic Effect 1.33E-03 2.66E-04 0.63
Maternal Effect 3.44E-04 2.22E-04 0.16
Leg ID (Between-Individual 2.10E-03
Variation) 2.91E-07 2.65E-06 1.38E-04
Residual Variance 4.30E-04 1.69E-05 0.20
Additive Genetic Effect 1.48E-03 3.25E-04 0.40
Maternal Effect 5.17E-04 2.87E-04 0.14
Forearm ID (Between-Individual 3.69E-03
Variation) 1.32E-10 NA 3.58E-08
Residual Variance 1.69E-03 6.42E-05 0.46
Maternal Death
Body Random Effect Coefficient SE Totgl Proportlon
Part Variance of Variance
Additive Genetic Effect 1.27E-03 1.93E-04 0.58
Shoulder Maternal Effect 5.33E-10 NA 2.42E-07
rump ID (.Be’-cween—lndividual 2.20E-03
Variation) 2.11E-10 NA 9.58E-08
Residual Variance 9.29E-04 4.23E-05 0.42
Additive Genetic Effect 1.33E-03 2.66E-04 0.63
Maternal Effect 3.44E-04 2.22E-04 0.16
Leg ID (Between-Individual 2.10E-03
Variation) 2.91E-07 2.65E-06 1.38E-04
Residual Variance 4.30E-04 1.69E-05 0.20
Additive Genetic Effect 1.48E-03 3.25E-04 0.40
Maternal Effect 5.17E-04 2.87E-04 0.14
Forearm ID (Between-Individual 3.69E-03
Variation) 1.32E-10 NA 3.58E-08
Residual Variance 1.69E-03 6.42E-05 0.46
Rainfall 1 Year
Body Random Effect Coefficient SE T‘“‘f"' Propo_rtlon
Part Variance of Variance
Additive Genetic Effect 1.27E-03 1.94E-04 0.58
shoulder Maternal Effect 3.98E-10 NA 1.81E-07
rump ID (.Be'-tween—lndividual 2.20E-03
Variation) 5.02E-11 NA 2.28E-08
Residual Variance 9.29E-04 4.24E-05 0.42
Additive Genetic Effect 1.33E-03 2.64E-04 0.63
'€ “Naternal Effect 3.47E-04 220800 »10E03 0.17
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ID (Between-Individual

Variation) 3.63E-07 2.69E-06 1.72E-04
Residual Variance 4.30E-04 1.69E-05 0.20
Additive Genetic Effect 1.50E-03 3.29E-04 0.41
Maternal Effect 4.76E-04 2.82E-04 0.13
Forearm ID (Between-Individual 3.67E-03
Variation) 1.05E-10 NA 2.86E-08
Residual Variance 1.69E-03 6.42E-05 0.46
Rainfall 4 Years
Body Random Effect Coefficient SE T‘”"?" Propo_ruon
Part Variance of Variance
Additive Genetic Effect 1.27E-03 1.93E-04 0.58
Shoulder Maternal Effect 5.86E-10 NA 2.66E-07
_rump ID (Between-Individual 2.20E-03
Variation) 1.19E-10 NA 5.41E-08
Residual Variance 9.29E-04 4.23E-05 0.42
Additive Genetic Effect 1.33E-03 2.64E-04 0.65
Maternal Effect 2.93E-04 2.09E-04 0.14
Leg ID (Between-Individual 2.06E-03
Variation) 1.73E-06 4.54E-06 8.40E-04
Residual Variance 4.29E-04 1.69E-05 0.21
Additive Genetic Effect 1.53E-03 3.33E-04 0.41
Maternal Effect 4.65E-04 2.82E-04 0.13
Forearm ID (Between-Individual 3.68E-03
Variation) 8.25E-10 NA 2.24E-07
Residual Variance 1.69E-03 6.41E-05 0.46
DroughtDaysl Year
Body Random Effect Coefficient SE TOt:.il Propo_ruon
Part Variance of Variance
_Srrzjonf'pder Additive Genetic Effect 1.28E-03 1.95E-04 0.58
Maternal Effi .35E-1 NA 2.42E-07
IDa(tBeetvjeenjﬁzividual SRR 2.21E-03 °
L 1.38E-10 NA 6.26E-08
Variation)
Residual Variance 9.29E-04 4.23E-05 0.42
Leg Additive Genetic Effect 1.32E-03 2.63E-04 0.63
Maternal Effect 3.50E-04 2.18E-04 0.17
D (Between-Individual 8.00E-07 326606 21003 3.81E-04
Variation)
Residual Variance 4.29E-04 1.69E-05 0.20
Forearm  Additive Genetic Effect 1.51E-03 3.30E-04 0.41
Maternal Effect 4.95E-04 2.86E-04 0.13
ID (.Be’.cween—lndlwdual 9.66E-10 NA 3.69E-03 5 62E-07
Variation)
Residual Variance 1.69E-03 6.41E-05 0.46
DroughtDays4 Years
Body Random Effect Coefficient SE TOtZ.il Proportlon
Part Variance of Variance
Shoulder - )
rump Additive Genetic Effect 1.28E-03 1.94E-04 5 21E-03 0.58
Maternal Effect 5.68E-10 NA 2.57E-07
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ID (Between-Individual

e 1.34E-10 NA 6.07E-08
Variation)
Residual Variance 9.29E-04 4.23E-05 0.42
Leg Additive Genetic Effect 1.29E-03 2.54E-04 0.66
Maternal Effect 2.45E-04 1.93E-04 0.12
D {Between-individal 2.28E-06 52106 0007 116603
Variation)
Residual Variance 4.30E-04 1.69E-05 0.22
Forearm  Additive Genetic Effect 1.38E-03 3.08E-04 0.39
Maternal Effect 4.76E-04 2.72E-04 0.13
ID (.Be’.cween—lnd|V|dua| 1.71E-10 NA 3.54E-03 4.83E-08
Variation)
Residual Variance 1.69E-03 6.41E-05 0.48

1 Some components have NA for the standard error because the component coefficients were
too close to zero for the model to accurately calculate error.
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Protocol for taking photogrammetry images

Project goal

Anna Lee will be collecting photogrammetry images of Amboseli baboons from July-December
2019. In the short-term, these data will be used to test hypotheses about the associations
between body size and early-life and adult environment. Anna will focus primarily on
photographing adult female baboons. If we decide that she is collecting data at a fast enough
rate, she will shift her focus to juvenile males and females. Anna will aim to collect an average of
8 photos per day (or more) that are ideal for measuring shoulder-rump length.

Document goal

This document will serve as a reference for Anna while she is in the field. In addition, Anna will be
able to give feedback about processes listed here that either don’t work well or that she prefers
to do differently. This feedback will help to make this document helpful for any future
photogrammetry data collectors, and it will help inform researchers working with the data on
how the data were collected and processed.

Setting up

We have provided the following pieces of equipment for this project:
1. Olympus EM5 camera with 12-100mm lens

Two SD cards (32GB and 64GB)

Two lens covers

Three camera batteries with two chargers

Two lasers (one in the main unit, one in the spare)

Two lateral beam-splitters (‘original,” which was used in 2018, and ‘10/new,” which was

purchased in 2019 and is nearly parallel)

7. Two laser housing units: The primary unit fits two beam-splitters, and the backup unit fits
one beam-splitter

8. Rechargeable AAA batteries and two chargers

9. Rechargeable AA batteries and one AA battery pack

10. Distance meter

11. Spare screws, cloths, epoxy, etc for cleaning and repairs

12. Camera harness
Almost all pieces have a backup. If the camera stops working (gods help us!), you can use
Susan’s old Nikon, which is stored by her tent. There are many spare laser unit parts,
though we do not have a spare beam-splitter. If one or both beam-splitters break, notify
Emily immediately and we will troubleshoot.

o vk wN

The camera should be on the following settings:

1. Aperture mode (A on the left-most wheel)

2. Auto white balance (which can be changed by turning the right wheel closer to the back
of the camera)
ISO 500 (which can be changed by turning the right wheel closer to the lens)
At dawn and dusk, you can increase the ISO to make sure that the shutter speed is fast
enough to avoid blurry photos. Shutter speed should always be faster than 100%™ of a
second.

4. The green focus box should be aligned with where the lasers project onto a baboon from
5-15m.
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Before starting the field day, make sure that you have charged camera batteries and plenty of
spare AAA batteries. Keep some cleaning supplies (brush, cloth) in the pelican case as well.

Taking photos in the field

Who to take photos of

You have a list of all adult females, which indicates specific females that are high priority. At the
beginning of the day, make note of which females from the group you need data from. This list
will inform the focal follows that you perform. Before the observers start collecting their data for
the day, it is helpful to ask them to point out any high priority individuals that you do not think
you can independently identify.

Focal follows

Over the field day, you should perform focal follows on known individuals. Focal follows should
last 15-30 minutes, though this is very flexible depending on the behavior of your focal. If your
focal animal is nervous about you or the lasers, back away and refrain from using the lasers
around her. If she becomes more comfortable after a few minutes you can continue, or you can
try returning to her later in the day.

‘Ad lib” data

As you perform focal follows, you should also feel free to take opportunistic photos of other
baboons, so long as you can identify them. Taking extra photos is a great way to get more data
and have something to do if your focal is chowing down on corms for a long time.

IDing Photos
Every single photo that you take should be identified by taking a photo of the name of the

baboon. We have found that this is the fastest way to mark who’s who. Even if you’re doing a
focal follow for 30 minutes, you should still take multiple photos of that baboon’s name during
your focal. You may end up taking photos of other individuals during that focal, and having the
tags regularly in your photo reel will make your life a lot easier when you sort photos. If you take
photos of an unknown baboon, ask a senior observer to identify it on the way back from the field.
Try your best to avoid asking for IDs back at camp, as the observers have a lot of other work to
do.

Marking ideal body position

When you take photos, you’ll easily be able to tell if (1) you're perpendicular to the baboon
you're photographing, and (2) the baboon’s torso is twisted. It can be extremely difficult to
identify these two traits from the 2D picture you take! To make sure we use the best photos for
our dataset, you should mark images in which you are perpendicular to the baboon and the
baboon’s torso is not twisted. We suggest that you do this by taking a vertical image (of anything)
directly after a photo that meets these two criteria. Note that the other criteria for ideal images
(e.g., arms perpendicular to spine) do not have to be met, as these are easily identified after the
image is taken.

Organizing photos

After you return from the field, get your batteries charging and plug in the SD card. If you tagged
your photos well, it should be easy to sort all your photos into folders for each baboon. This daily
transfer should be done onto the daily backup drive.
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Storing photos

Make sure that all data are stored in at least two places. To that end, you have two backup drives:
one for daily backups, and one for weekly backups. Both drives should be organized such that
there is one folder for each individual, and every photo of that individual (whether great or
terrible) is in that folder. Every week, copy the daily drive to the weekly drive. Upon doing so, you
can also format/clear the SD card.

Transferring photos

To make sure | (Emily) can get a head-start on all these photos, you will also transfer all ideal and
nearly-ideal photos to a Dropbox folder weekly. These photos should be >=3.5 out of 5 on the
rating system.

While performing this transfer or while performing the daily backup, you should also update the
excel file that lists the number of ideal photos per baboon. For this tally, restrict it to photos that
are >=3.5 out of 5 on the rating system. This file will help inform who your focal animals should
be going forward.

At the end of each month, it can be helpful to revisit all photos taken to double check the number
of ideal photos going forward and to make sure the excel file is up to date.
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Exclusion criteria

Exclusion criteria are different depending on the body measure being taken. An ‘X’
indicates that the criterion in a particular row is part of the exclusion criteria for that body part.

Images that were not excluded from shoulder-rump measurements were given shoulder-
rump ratings of 3.5, 4, 4.5, or 5, with higher ratings reflecting better image quality and body
position. We also assessed whether a more exclusive dataset — of shoulder-rump ratings of 4 and
higher — reduced error in the analysis. With the larger more inclusive dataset, we detected more
variance, but a lower proportion of that variance was residual variance compared to the more
exclusive dataset, so we use this more inclusive dataset in our analysis.

Images that were not excluded from leg measurements were given leg ratings of 1 or 2,
with 1 indicating that the leg was slightly bent, and 2 indicating that the leg was straight. Images
that were not excluded from forearm measurements were measured; there was no rating system
for the forearm measurement.
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Exclusion criteria Shoulder-rump | Leg Forearm

The subject is very blurry. Slight blurriness is ok if you | X (3.5) X X

feel confident in your ability to identify the

landmarks and lasers.

The lasers points are impossible to identify. Before X X X

ditching it, try adjusting the color balance in

Lightroom. If you still can’t see the lasers, you can’t

measure it.

The laser points are partially occluded by grass or X X X

other objects in front of the subject or if the laser

points are projecting onto a baboon that is not being

measured.

Parallax; the subject’s spine is not perpendicular to X OKif not OKif not

the camera. severe severe

The subject is walking; limbs are bent, torso often X (3.5 if torso not X (1ifleg X

twisted twisted and limbs nearly
perpendicular) straight)

Leg facing the camera is bent more than 45 degrees | OK if femur is X

and/or heel is lifted off the ground, indicating a perpendicular to

flexed ankle spine

The subject has an extremely large sexual swelling, X (if can’t see back | Xif can’t

such that you can’t be confident that you wouldn’t edge of callosity) see top of

be able to see the back callosity if the swelling were callosity

absent, and/or that you can’t see the top of the

callosity for the femur landmark.

Arm facing the camera is bent (e.g., subject is putting | X (3.5 if shoulder is oK if

food in her mouth). in proper position) landmarks

visible

You can see both ischial callosities or the far side of X OK if not

the paracollosal skin. An exception is if you can see a severe

tiny bit of the far ischial callosity above the closer

callosity — this happens sometimes if the subject is

relatively close to you, because the camera is angled

down onto the subject.

The subject’s limbs are not perpendicular to ground. | X (3.5 if not OK'if not

This is especially important for the limbs facing the severe) severe

camera, but can also be affected by torso twisting

due to the other two limbs being angled.

The subject has a noticeably curved or hunched X

spine (sometimes seen when baboon is looking very

far down). If the subject’s spine always looks like

that, then it’s ok (e.g., Eva).

Twisted torso: The subject’s head is rotated to look X

laterally, such that you can see both eyes (if turned
toward you) or no eyes (if turned away from you).
Looking laterally can cause the torso to twist. You
can also identify twisted torsos if you see both
callosities and both shoulders.
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Protocol for measuring photogrammetry images

This document details instructions to take 4 body size measurements: shoulder-rump, femur,
lower leg (fibula/tibia), and forearm (radius/ulna). The shoulder-rump measurement also
produces a torso height measure. The femur and lower leg measurements will be added together
for a leg length measure.

Sophia Li and Emily Levy created the first version of this document in 2017; Levy continues to
update it.

Document structure:
T Image set-up & laser distance measurement
Body size measurements
0 Instructions
0 Figures
0 Examples
A Shoulder-rump
Lower Leg
Femur
Forearm

> > >

ImageJ seup & laser distance measurement
1. Openimage in Imagel by drag an image file into the ImageJ box.
2. Afew useful shortcuts:
a. To measure, press m
b. Tozoom in, press command+; to zoom out, press command-
c. To scroll sideways (if you're using a mouse instead of a trackpad), press space bar
while scrolling.
3. Setthe measures you want Imagel to make when you press M.
a. Analyze A Set measurements A Check Centroid, Bounding Rectangle, and
Display Label.
b. You should only have to do this once — when you re-open Imagel in the future it
will remember your selections.
4. Straighten image
a. Using line tool, draw a line along the spine. Measure (m)
b. Intop bar, go to Image A Transform A Rotate. Enter the angle. Once you click
ok, the spine should look like it’s horizontal.
c. Tothink about what angle to set as the spine, imagine you’re creating the top
line to measure this baboon’s torso. You want to take most of the spine into
account, but if the shoulders stick up a lot you don’t want to include those.
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Text tool (double-click to configure)

Angle (degrees): -8.423
Grid Lines: 1

Interpolation:  Bilinear

Fill with Background Color
Preview

Cancel

5. Measure centroid of laser points using oval selection tool

Note: We have automated this process, so it’s not necessary to do this unless the
automated method did not work. For the automated method, see the Image)
documents here:

github.com/ejlevy/Photogrammetry Coding InterLaser Distance

Select the Oval tool. Draw a circle around one laser.

For most photos, there won’t be a really well-defined circle. To help, to go Image
A Adjust A Brightness/Contrast. With your laserbeam encircled, press Auto.
This will adjust the brightness and contrast of the image to accentuate the green
of the lasers.

With this coloration, draw a circle or oval around each laser and measure (m).
You can Reset the colors and then press Auto again a few times throughout if you
want to make sure you’re on the mark.

The centroid values (X,Y) are what you will use in analysis (NOT BX, BY). The
centroid is just calculating the center of the oval you draw.
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lasers are already well-defined, this step
won’t help much.

..- & 3 = -..-' g . .
After adjusting brightness/contrast while After adjusting brightness/contrast while
selection encircles right laser beam. selection encircles left laser beam.
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Body size measurements
Instructions
1. Measure shoulder-rump length
a. Readjust Brightness/Contrast if necessary by pressing Reset on
Brightness/Contrast panel.
b. Use rectangle selection tool to draw a rectangle with length from shoulder to
rump.
c. Shoulder is the outer-most point of the shoulder, not including fur.

i. This measurement can be tricky, especially when the edge of the
shoulder blurs into the neck. In that case, you can usually see a
difference in the plane of the photo, as the shoulder should be closer to
you than the neck (Figures 1, red arrow).

ii. Looking at a few different photos taken in close succession of the one
you’re measuring can help.

d. Rump is the posterior-most point of the ischial callosity (Figure 1, blue arrow).
e. Pressm

2. Measure lower leg and femur
a. Use the line tool to draw a line from the end of the tarsus to the ‘knee-pit’.

i. Forthe tarsus point, identify the outer-most point on the back of the
heel. Think of the back of the heel as a semi-circle, and choose the point
at which the curvature from the heel ends (Figure 2, blue arrow).

ii. Forthe knee-pit, imagine drawing a line parallel to the shin. For where to
stop, imagine two straight lines, one from the ankle to the knee, and a
second from the knee to the callosities. Your point should go where
those two lines intersect, and should be where the fur still exists. In
other words, do not go as posterior as possible looking for a skin
boundary (Figure 2, red arrow).

b. Pressm
c. Dragthe heel landmark up to the top of the callosity. Keep the knee-pit point
exactly where it was.

i. The callosity point should go to the top and posterior-most point of the
callosity, not where you see color change (Figure 3).

d. Pressm
3. Measure forearm
a. Use the line tool to draw a line from the elbow to the wrist. Only use the arm
closer to the camera.

i. The elbow is usually occluded by a tuft of fur. The joint itself is usually
above and anterior to the longest fur in this tuft (Figures 4 and 5).

ii. The wrist landmark will be just below the pad (Figure 5).

b. Pressm
4. Copy measurements to excel file
a. Select all measurement and copy into excel.
b. Label each row with the corresponding measurement

i. Angle=1, left laser=2, right laser=3, shoulder-rump=4, lower leg=5,

femur=6, forearm=7
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Figures
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Figure 1. Baboon skeleton highlighting shoulder (red arrow) and callosity (blue arrow) for
shoulder-rump measure.
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Figure 2. Baboon skeleton highlighting knee (red arrow) and heel (blue arrow) for lower leg
length measure.
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Figure 3. Correct placement of callosity landmark for femur measurement (red arrow).
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Figure 4. Baboon skeleton highlighting elbow (red arrow) and wrist (blue arrow) landmarks for
forearm measurement.
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Figure 5. Elbow (red arrw) and
Arm straight. Right: Arm bent.

rist (

blue arr

ow) landmarks for forearm m
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Examples

SHOULDER-RUMP
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Left: The female has a small sexual swelling between the callosities. Instead of measuring t
swelling, we stop the measurement at the end of the callosity.
Right: A much larger swelling is a little easier to identify muedisure around.
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LOWER LEG
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FOREARM
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Guiding principles for measuring baboon images

Starting out
1. Identify the images you need to measure, and sort them by study subject.
2. For a particular baboon you’re going to measure:
a. Quickly flip through photos of her. This helps you get a sense of how fluffy she is,
where her landmarks are, etc.
b. InImagel, open the photos you'll be measuring of a particular baboon. These will
be photos that have a rating for at least one body part.
c. Asyou measure, it can be helpful to flip back to the folder of photos and look at
photos taken in the same series as the one you’re measuring.
d. Copy data into your excel file.
3. Repeat with next baboon!

A few helpful notes:

1. Be detail-oriented. Are you looking at both callosities, or just one? Is the heel behind
grass or can you see enough to measure it?

a. Try notto perform measurements for more than 2 hours at a time. My eyes start
to cross and my judgement gets worse after 1.5-2 hours.

2. Trust yourself! You did an intense training process, and you’re going to develop a weird,
inexplicable spidey-sense for where baboon skeletons are under their fur. (Susan calls
this ‘expert inference’.) Use your spidey-sense!

a. Ifyou feel like you’ve lost your spidey-sense, refer to the reference manual.

3. Email Emily with any questions you have. A smaller amount of good data is far better

than a lot of messy data.

A few things to not do...
1. If you can’t see the lasers, don’t measure them
2. Ifyou can’t see a landmark, don’t measure it. It's worth looking closely, though.
3. Ifyou don’t think the baboon in the photo looks like the baboons in all the other photos
in that folder, email Emily. ID mistakes can happen.
a. Some common traits that may notify you of a difference: Size, torso/body shape,
tail shape, bald vs furry belly, fur length/fluffiness

231



I LILWSYRAE 9Y { dzLJLJX/SKVISIPIIS NNE Y I G S NA
Additional information about sUPAR assays

To measure suPAR concentrations in baboon serum, we first tried using a monkey uPAR
ELISA kit made by Invitrogen/ThermoFisher (catalog #EP19RB). Concentrations derived from
these kits were consistently below the detection limit, either because of the reduced sensitivity of
this kit or because its antibodies were not well-matched to baboons. Because we were measuring
biomarkers in serum, which does not contain cells, we expect that uPAR and suPAR kits will both
measure suPAR (the soluble form of uPAR, which is membrane-bound); both suPAR and uPAR
ELISA kits target the same protein sequence.

Samples were diluted 2-3.5 fold to obtain optical densities within the range of the
standard curve. All samples were first run at a 2 fold dilution, and samples that had to be re-run
(due to high CV) were run at 3-3.5 fold dilution. Because the recommended range is 3-fold
dilution or more, we assessed linearity with Null and LPS pools to ensure that 2-fold dilutions
were accurate (see Supplement). Samples diluted 1, 2, 3, 6, and 12-fold all showed comparable
recovery (within 20%), regardless of whether recovery was compared to the 1-fold or 2-fold
dilution, with the exception of the LPS pool at 3-fold dilution (69-75% recovery compared to 1-
fold or 2-fold dilution; Table 32). However, the Null 3-fold dilution produced results close to
100%, and there were no other anomalies, so we account for the LPS 3-fold results as human
error while creating the sample or loading the plate (Table 32).

When running the ELISAs for suPAR, our wash protocol deviated from the manufacturer’s
instructions. Because we did not have a multi-pipettor that accommodated the suggested 350 ul

of wash buffer solution, we instead added 300 ul of wash buffer per well instead of 350 ul and
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repeated the wash step 4 times instead of 3 times. Because we were doing this wash step by
hand, which takes longer than a machine, we alternated buffer application in each of those 4
washes from left to right and from right to left so the wells did not sit in wash buffer for an
extended amount of time, and so all wells experienced approximately the same amount of time

in the wash buffer.

Table32. Linearity test of SUPAR assay when diluting samplesfbld.

Sample  Dilution Corrected % Recovery % Recovery
concentration calculated from 1 calculated from 2
fold dilution fold dilution
LPS pool 1 111.3 100.0 108.0
2 103.0 92.6 100
3 76.8 69.1 74.6
6 110.3 99.2 107.1
12 104.9 94.3 101.8
Null pool 1 81.7 100.0 89.4
91.4 111.9 100.0
89.0 109.0 97.4
93.0 113.9 101.8
12 87.3 106.9 95.5

Results for all statistical models

Table33. Fixed effects for all models run for this study.

BaselineCRP

Predictor Coefficient SE t-value p-value
Cumulative ELA Score in Females

Intercept 1.421 0.527 2.699 0.01
Age -0.029 0.028 -1.019 0.313
Cumulative ELA Score -0.372 0.139 -2.67 0.01
Proportional Rank -1.022 0.589 -1.735 0.089
Reproductive state: Not Pregnant A Pregnant -0.989 0.328 -3.013 0.004
Maternal Loss in Females

Intercept 0.849 0.447 1.898 0.064
Age -0.024 0.029 -0.821 0.416
Maternal Loss -0.629 0.303 -2.076 0.043
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Proportional Rank -0.654 0.577 -1.133 0.263

Reproductive state: Not Pregnant A Pregnant -1.032 0.336 -3.068 0.004
Cumulative ELA Score in Males

Intercept -1.498 0.682 -2.198 0.036
Age 0.235 0.066 3.575 0.001
Cumulative ELA Score -0.269 0.159 -1.685 0.102
Ordinal Rank -0.006 0.027 -0.224 0.825
Maternal Loss in Males

Intercept -1.717 0.69 -2.489 0.018
Age 0.222 0.067 3.3 0.002
Maternal Loss -0.392 0.425 -0.923 0.363
Ordinal Rank -0.006 0.028 -0.233 0.817
Predictor Coefficient SE z-score  p-value
Cumulative ELA Score in Females

Intercept 0.388 0.607 0.638 0.523
Age -0.054 0.025 -2.116 0.034
Cumulative ELA Score -0.206 0.138 -1.493 0.135
Proportional Rank 0.404 0.543 0.744 0.457
Reproductive state: Not Pregnant A Pregnant 0.029 0.313 0.094 0.925
Maternal Loss in Females

Intercept 0.173 0.508 0.34 0.734
Age -0.054 0.024 -2.263 0.024
Maternal Loss -0.703 0.291 -2.417 0.016
Proportional Rank 0.633 0.506 1.25 0.211
Reproductive state: Not Pregnant A Pregnant 0.089 0.299 0.298 0.766
Cumulative ELA Score in Males

Intercept -0.919 0.803 -1.145 0.252
Age 0.012 0.078 0.156 0.876
Cumulative ELA Score 0.235 0.17 1.379 0.168
Ordinal Rank 0.039 0.034 1.146 0.252
Maternal Loss in Males

Intercept -0.762 0.827 -0.922 0.356
Age 0.036 0.08 0.448 0.654
Maternal Loss 0.243 0.441 0.551 0.581
Ordinal Rank 0.041 0.036 1.132 0.258
Predictor Coefficient SE z-score  p-value
Cumulative ELA Score in Females

Intercept 0.021 0.736 0.028 0.978
Age 0.017 0.036 0.479 0.632
Cumulative ELA Score -0.198 0.189 -1.047 0.295
Proportional Rank 0.162 0.798 0.203 0.839
Reproductive state: Not Pregnant A Pregnant -0.302 0.425 -0.711 0.477
Maternal Loss in Females

Intercept -0.529 0.618 -0.856 0.392
Age 0.029 0.035 0.824 0.41
Maternal Loss 0.286 0.409 0.699 0.484
Proportional Rank 0.366 0.768 0.476 0.634
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Reproductive state: Not Pregnant A Pregnant
Cumulative ELA Score in Males
Intercept

Age

Cumulative ELA Score
Proportional Rank

Maternal Loss in Males
Intercept

Age

Maternal Loss

Proportional Rank

-0.319

-1.547
-0.068
-0.007
3.105

-1.443
-0.061
-0.251
2.914

0.43

0.651
0.067
0.173
1.021

0.661
0.067
0.382
0.944

Acute cytokine response

Coefficient SE

Predictor

Cumulative ELA Score in Females

Intercept 0.654
Age -0.055
Cumulative ELA Score -0.286
Proportional Rank 0.211
Reproductive state: Not Pregnant A Pregnant 0.3
Maternal Loss in Females

Intercept 0.088
Age -0.046
Maternal Loss -0.141
Proportional Rank 0.482
Reproductive state: Not Pregnant A Pregnant 0.329
Cumulative ELA Score in Males

Intercept 0.958
Age -0.062
Cumulative ELA Score -0.257
Ordinal Rank -0.012
Maternal Loss in Males

Intercept 0.723
Age -0.087
Maternal Loss 0.287
Ordinal Rank -0.014
Cumulative ELA Score in Females and Males Together
Intercept 0.695
Age -0.053
Cumulative ELA Score -0.284
Ordinal Rank 0.001
Sex: Female A Male 0.354
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0.581
0.03

0.162
0.619
0.363

0.498
0.031
0.358
0.623
0.379

0.693
0.062
0.144
0.027

0.708
0.064
0.371
0.029

0.405
0.027
0.117
0.016
0.25

-0.742 0.458
-2.376 0.018
-1.025 0.305
-0.039 0.969
3.042 0.002
-2.184 0.029
-0.914 0.361
-0.657 0.511
3.087 0.002
z-score  p-value
1.126 0.26
-1.826 0.068
-1.764 0.078
0.342 0.733
0.826 0.409
0.176 0.86
-1.487 0.137
-0.394 0.693
0.774 0.439
0.867 0.386
1.383 0.167
-0.992 0.321
-1.79 0.073
-0.432 0.666
1.022 0.307
-1.359 0.174
0.773 0.439
-0.503 0.615
1.718 0.086
-1.972 0.049
-2.423 0.015
0.046 0.963
1.418 0.156



Additional figures
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Figure27. Density plot of the acute suPAR response data TN)=Acute suPAR response is legld
change in sUPAR concentration between-sf#8ulated samples and Null samples.
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Figure28. Residual plat of baseline CRBs a function oproportional dominance rank female baboons.
Residuals were generated by running a model identical to the cumulative ELA score model presented in
the text, with the exclusion gfroportional rank Baseline CRP concentration wascored beforghe
modelwasrun. We saw weak evidence that higheanking females (proportional rank closer to 1) had

lower baseline CRP concentratioResiduals are used for visualization purposes only. Values in the top

right of each panel represent theyalue for the predictor in the representative model. Predicted lines

and 95% confidence intervals are ggplot’s I|inear
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Figure29. Residual plot oacute sUPAR responss a function ofmale ordinal rank

Residuals were generated by running a model identical tartaée cumulative ELA score model

presented in the text, with the exclusion ofale ordinal rankAcute suPAR response wascored before

the modelwasrun. Although ligherranking males (proportional rank closer to 1, ordinal rank closer to 1)
hadhigher acutesuPAR responsghen measuring dominance using proportional rank (Fi@®ethis

effect was not statistically significant when using ordinal rank (shown heéad)es in the top right of

each panel represent the-yalue for the predictor in the represerttae model. Predicted lines and 95%
confidence intervals are ggplot’”s |inear model
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Figure30. Correlation plot among our four outcome measuoésnflammationbefore they were scored
for analysis.

The bottom left cells are pairwise scatterplots for the four variablém cells along the diagonal plot
histograms for each of the four variables. The top right cells are the pairwise correlation coefficients.
Asterisks indicate statistical significance; one, two, and three asterisks indivalags of < 0.05, < 0.01,
and0.001, respectivelyAlthough the baseline CRP analyses included serum samples from 2019, the
analysis of the other three outcome measures did not, so this figure excludes the baseline CRP
concentrations from 2019 samples. Baseline CRP and baseline atéPR concentrations in Null
samples. Acute suPAR response is log2(LPS sulgR{baseline suPAR). Acute cytokine response is the
mean of the zscores of log twofold change (log2(LP®)g2(baseline) for the three cytokines-@LIL-1b,
TNFR). All oncentrations were measured in pg/ml.
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