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Preface

Cooperative behavior is widespread. Organisms as varied as humans, ants,
dogs, and microbes are reliant on conspecifics throughout their lives. But
understanding cooperation from an ecological and evolutionary perspective is
challenging. Cooperation is often associated with population structures that
facilitate interactions between individuals (e.g. groups). Although helpful for the
cooperators, group structure provides one of the biggest challenges in studying the
ecological and evolutionary impacts of cooperation. Nevertheless, understanding
the role of groups is vital as this is the environment in which many cooperative
behaviors are carried out. This thesis is dedicated to understanding the influences
of group structure and intergroup dynamics on the ecology of cooperative
behavior.

When considering the ecology and evolution of cooperation, it is easy to
immediately consider the expansive theory of social evolution that has been
developed over the preceding decades. This, however, is not the perspective | aim
to take here. Rather, | will attempt to clarify ecological impacts of cooperation.
Surprisingly, questions on the ecology of cooperative behavior are often neglected
compared to their evolutionary counterparts.

As an example, consider the population dynamics of cooperative breeders.
Cooperative breeders such as African wild dogs, meerkats, and Arabian babblers
live in discrete, permanent groups. A result of this is that each group is an entity
which is fairly distinct from the rest of the population. What are the implications

of this for population dynamics? This question was not explicitly considered until



the 1990s. Even then, much work simply assumes that population dynamics will
be an obvious sum of the individual group dynamics. Empirical work in the early
2000s, however, failed to support this claim. Of particular interest is whether and
how density dependence (e.g. Allee effects) scales up from the group level to the
population level. In my first chapter (Why are demographic Allee effects so rarely
seen in social species?), | develop and analyze a simple model of group-level
density dependence to consider its role in population dynamics. | find that social
structure typically acts as a buffer preventing within group dynamics from
translating into population dynamics. | show that intergroup dynamics (e.g.
dispersal, group formation, and group failure) mediate the relationship between
group and population dynamics.

My first chapter shows the importance of group dynamics to the
population as a whole, but it does not consider the mechanics of specific group
decisions and behaviors. In my second chapter (Better baboon breakups:
Collective decision theory of complex social network fissions), | zoom in to study
individual decisions within a group. In particular, I consider the efficiency of
various strategies at making the collective decision of a group fission.
Cooperative behavior in groups often implies a social network. Individuals benefit
from maintaining a strong social network. This leads to a challenge when a group
must fission and split its social network. What strategies can individuals take to
disturb their group’s social network as little as possible during a fission? | apply
collective decision theory to this question to show that democratic decisions are

required to best maintain a social network through a fission. The computational



model developed is then applied to data from baboon group fissions and supports
the claim that baboons democratically decide how to split up their groups.

As hinted at above, understanding the way in which cooperation and group
structure influences a system’s ecology is a challenging and grandiose goal. There
exist many angles from which such questions may be considered. In this thesis, |
specifically consider the role social population structures play in population
dynamics and collective decisions. Despite the clear connection between these
topics, further integration is necessary. In fact, this thesis may pose more
questions than answers. Most notably, how do individual decisions influence
group dynamics which ultimately produce population dynamics? Answering this
question would truly provide a synthesis of the two chapters provided here. But
there are many other exciting future directions to be considered. For example,
how does the population dynamics of social structures feedback into the evolution
of cooperation? Is group size heterogeneity necessary for the buffering nature of
group structure? How can democratic decision making evolve? These are all
questions | feel important to consider moving forward from what has been written

here.



Theory of Social Group Dynamics

Abstract

by

BRIAN LERCH

Group structure plays a vital role in understanding the ecology of
cooperative behavior. Not only do groups provide the stage for cooperative
behaviors to occur, but they also mediate the way in which these behaviors scale
up to influence populations. In particular, intergroup dynamics are known to
provide the means by which cooperation ultimately determines population
dynamics. In this thesis, I consider intergroup dynamics from two perspectives.
First, at the level of the population, I show that minimal intergroup interactions
are sufficient to buffer the population against density dependence occurring at the
group level. Second, I consider how individual decisions and various within group
strategies can affect the efficiency of group fissions (a specific, important
intergroup interaction). This thesis thus provides two perspectives on analyzing

the importance and role of group structure in social species.



Why are demographic Allee effects so rarely seen in social animals?

Brian A Lerch, Ben C Nolting, and Karen C Abbott

Keywords: component Allee effect, cooperative breeding, demographic Allee effect,

group Allee effect, group size, Lycaon pictus
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Abstract

1. Allee effects in group-living species are common, but little is known about the
way in which Allee effects at the group-level scale up to influence population
dynamics. Most notably, it remains unclear whether component Allee effects
within groups (where some component of fitness in small groups decreases with
decreasing group size) will translate into a population-level demographic Allee
effect (where per capita fitness in small populations decreases with decreasing
overall population size).

2. The African wild dog (Lycaon pictus) is an obligate cooperative breeder that
lives in packs and has a multitude of group-level component Allee effects. With
the African wild dog as a case study, we use models to determine the effect that
group structure has on the population dynamics of social animals and,
specifically, whether Allee effects operating at the group level lead to a
demographic Allee effect at the population level.

3. We developed a suite of models to analyze the population dynamics of group-
living species, as well as comparable “packless” models lacking group structure.
By comparing these models we can identify how Allee effects within groups
influence population-level dynamics.

4, Our results show that group structure buffers populations against a demographic
Allee effect, because mechanisms affecting birth and mortality are more strongly
influenced by group size than population size. We find that interactions between
groups is vital in determining the relationship between density-dependence
within groups and density-dependence at the population level.

5. Since sufficiently large groups provide protection against positive density

dependence, even at low overall population sizes, our results have conservation
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implications for group-living species, as they suggest group size is a necessary
population feature to consider in efforts to manage population size. Furthermore,
we provide novel insight regarding the role that dispersal and pack size variation

plays in the buffering nature of social structure in groups subject to Allee effects.
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Introduction

The Allee effect, in which the average fitness of individuals in a small population
decreases with decreasing population size (Allee, 1931), is considered a driving force
behind the population dynamics of many species. Allee effects are of ecological concern
because they can doom small populations to extinction (Courchamp et al., 1999a;
Stephens & Sutherland, 1999). Allee effects at the population level are broken into two
categories: component and demographic (Box 1.1). A population-level component Allee
effect is the reduction of any single aspect of an individual’s fitness at low population
sizes. Population-level component Allee effects can arise from the inability to find mates
in small populations and beneficial conspecific interactions such as external fertilization
and environmental conditioning (Courchamp et al., 1999a; Rinella et al., 2012). A
population-level demographic Allee effect is the reduction in individuals’ average total
fitness at low population sizes. If this is detrimental enough to cause a negative
population growth rate, it is called a “strong Allee effect” (Berec et al., 2007; the type we
explore in this paper). A strong demographic Allee effect results in a heightened
extinction risk below a population’s Allee threshold — the population size below which
the per capita population growth rate becomes negative (Courchamp et al., 1999a;
Stephens & Sutherland, 1999; Berec et al., 2007). Importantly, population-level
component Allee effects do not necessarily result in a population-level demographic
Allee effect (Stephens et al., 1999). For example, decreased fecundity at low population
sizes (a population-level component Allee effect) may be masked by decreased
intraspecific competition, resulting in no net reduction in the growth of small populations

and thus no population-level demographic Allee effect.

Group-living animals have long served as textbook examples for illustrating

component Allee effects (Courchamp et al., 1999a; Stephens et al., 1999; Courchamp &
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MacDonald, 2001). However, recent work has questioned the logic of framing Allee
effects as purely population-level phenomena (Bateman et al., 2012; Angulo et al., 2013).
Angulo et al. (2017) defined group-level component and group-level demographic Allee
effects to make explicit the level at which an Allee effect occurs. These group-level
effects are largely analogous to the population-level effects, with group size rather than
population size as the driving variable (Box 1.1). However, to complete the analogy, we
must take care in how we measure the fitness, and its components, of individuals within a
group. First, groups (unlike many populations) are not approximately closed: dispersal is
common and vital in many group-living species. Thus, defining group-level demographic
Allee effects through group growth rate may be problematic, as a group could produce
many surviving offspring (fitness is high within the group) that disperse, causing the
group to shrink (Bateman et al., 2013). Clearly, this should not be considered a group-
level demographic Allee effect. To avoid this problem, we define the group-level
demographic Allee effect in terms of the group’s reproductive success (Box 1.1) rather
than the group’s growth rate. We define a group-level demographic Allee effect,
therefore, as a reduction in the average fitness of individuals in a group at low group
sizes. Defining group-level Allee effects through average fitness of individuals within a
group ensures that the definitions are consistent even if there is high reproductive skew
within the group. It follows that a group-level component Allee effect is the reduction in
a single aspect of average individual fitness at low group sizes (Box 1.1). Examples of
group-level component Allee effects include beneficial social behaviors dependent upon
group size, such as cooperative breeding, cooperative hunting, cooperative defense, etc.
These definitions are broadly consistent with Angulo et al.’s (2017) definitions, but are
more narrowly defined here to ensure that the effects are well-defined in open groups

with non-breeding members.
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While population-level demographic Allee effects are possible in group-living
animals (supported by models (Courchamp et al., 2000) and seen in Arabian babblers
(Turdoides squamiceps; Keynan & Ridley, 2016)), they appear to be rare. Most empirical
studies have failed to detect population-level demographic Allee effects, including in
social meerkats (Suricata suricatta; Bateman et al., 2011; Bateman et al., 2012) and other
group-living species (Frank and Brickman, 2000; Gregory et al., 2010; Angulo et al.,
2017). It is unclear whether this lack of evidence is surprising, or whether instead we
ought not to expect population-level demographic Allee effects to result from group-level
behaviors (Courchamp et al., 1999a; Stephens et al., 1999; Berec et al., 2007). The
distinction between group-level and population-level component Allee effects is needed

to resolve this issue (Bateman et al., 2012).

The African wild dog (Lycaon pictus), a well-studied species for Allee effects, is
an obligate social carnivore that breeds, rears young, and hunts in packs varying in size
from 2 to 30 individuals (e.g. Creel et al., 2004; Buettner et al., 2007; Somers et al.,
2008). It is also a declining, endangered species with a badly fragmented habitat
(IUCN/SSC, 2007; Woodroffe & Sillero-Zubiri, 2012; Tensen et al., 2016). There are
numerous group-level component Allee effects affecting the African wild dog. For
example, as pack size decreases, reproductive and hunting success decline while pup and
yearling mortality increase (Malcolm & Marten, 1982; Creel & Creel, 1995; Courchamp
& MacDonald, 2001). Due to the extent of preexisting research on their demography and

the species’ many Allee effects, we will use the African wild dog as a case study.

Empirical studies have consistently failed to detect a population-level
demographic Allee effect in any population of African wild dog (Somers et al., 2008;
Woodroffe, 2011; Angulo et al., 2013), possibly due to masking by competition in large

groups (Bateman et al., 2011). However, Angulo et al. (2013) suggest intergroup
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dynamics maintain healthy sized packs at low population sizes. Consequently, a
population-level demographic Allee effect is not present despite group-level (component
and demographic) Allee effects. Further, they suggest group size variation may be a key
aspect mediating the relationship between group dynamics and population dynamics. In
general, it is clear that group structure plays a vital role in shaping the population

dynamics of social species (Bateman et al., 2012).

In this study, we examine the effect of group formation, failure, and intergroup
dispersal (i.e. group structure) on the dynamics of the population as a whole. Although
empirical work has been conducted (Bateman et al., 2011; Bateman et al., 2012; Bateman
etal., 2013; Angulo et al., 2013; Keynan & Ridley, 2016), there exists no theoretical
framework for how Allee effects at the group level affect population dynamics. It is
therefore somewhat unclear whether and how population-level demographic Allee effects
may arise in populations with group structure and group-level component Allee
effects. Clarifying the link between within-group interactions and population dynamics is
the central goal of this study. Using a suite of mathematical models, we find that group
structure is often sufficient to buffer the population from population-level demographic
Allee effects, as pack size becomes decoupled from population size at all population
sizes. This prevents group-level Allee effects from scaling up to the population level, as
proposed by Bateman et al. (2011) and Angulo et al. (2013). Furthermore, we find that
this result is extremely robust to the presence or absence of variability in pack sizes, and
to assumptions about age structure, sex structure, and how packs form and fail. This
suggests that the protective effect of group structure may be quite general across group-
living species and that the lack of empirical evidence for population-level demographic

Allee effects in social species is unsurprising.
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Methods

Case Study

African wild dogs reproduce once per year (Malcolm & Marten, 1982; Creel &
Creel, 2002), with only one dominant, breeding pair per pack and breeding ability
suppressed in all other adults (Creel & Creel, 2002; Rasmussen et al., 2008; Somers et al.,
2008). Although pack sizes vary, pack size is not correlated with population size
(Woodroffe, 2011; Angulo et al., 2013). Group-level component Allee effects arise at
several life stages. More pups are born and survive their first year in larger packs (Creel
& Creel, 2002; Creel et al., 2004; McNutt & Silk, 2008; Woodroffe, 2011), because pups
receive more protection and food with more adult helpers (Malcolm & Marten, 1982;
Creel & Creel, 2002; Buettner et al., 2007; McNutt & Silk, 2008; Angulo et al., 2013).
Yearlings also receive greater protection from larger packs, although they are not always
given priority feeding at kills (Malcolm & Marten, 1982). As a result, yearling survival
decreases in both small packs (due to loss of protection; a group-level component Allee
effect) and in large packs (due to increased competition within the group). There are
conflicting results about whether adult survival is density dependent (Somers et al., 2008;

Woodroffe, 2011; Anuglo et al., 2013; Creel & Creel, 2015).

Yearlings typically disperse among packs before adulthood (McNutt, 1996; Creel
& Creel, 2002). New packs typically form when two opposite-sex cohorts of dispersing
yearlings fuse together into a pack (McNutt, 1996; Courchamp et al., 2000; Somers et al.,

2008).

General approach
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We use the terminology of the African wild dog (e.g. pack, yearling, pup)
throughout the explanation of our models, but we believe our models to be general in
their description of group-living populations (although they may require different

parameter values or functional forms to be applied to other systems).

We formulated population-level models in pairs, where each model with pack
structure was paired with a comparable model without pack structure (a “packless”
model). We built three pairs of pack and packless models with varying levels of
complexity: models lacking age and sex structure (“unstructured™), models with age
structure, and models with both age and sex structure. Sex structure did not meaningfully
extend our models” conclusions, so the age- and sex-structured model pair can be found
in Appendix 1A. Studying multiple model pairs at different levels of complexity balances
a desire for realism with a desire to isolate the effect of groups. Age and sex structure can
affect population dynamics (Boukal & Berec, 2002), so models that omit these factors
may provide limited insight into real world dynamics. However, we wish to ensure that
any effects we attribute to group structure are truly due to groups, and unstructured
models provide a straightforward way to assess this. We use the comparison between the
age-structured pack model and the age-structured packless model as a baseline, then
check whether our conclusions change when the models are simpler (unstructured) or

more complex (age- and sex-structured).

In most pack models, pack structure is implicit: we write density dependence as a
function of the average number of dogs per pack without modeling the individual packs
themselves. To assess the importance of this simplifying assumption, we also built an
age-structured model in which we explicitly tracked juveniles, yearlings, and adults in

each individual pack.
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This series of models (pack models with implicit pack structure and varying
complexity, analogous packless models, and one model with explicit pack structure) are
given in Table 1.1 and explained below. We model dynamics in discrete time with a time
step of one year. All pack models have group-level component Allee effects in pup and
yearling mortality rates. Packless models were built with comparable population-level
component Allee effects. We iterated all models for 250 time steps using parameter
values from Appendix 1B and a range of ten logarithmically spaced initial population
sizes from 20 to 3000 and initial pack sizes 2 to 30 adults per pack (steps of 4). The initial
number of packs in the implicit pack models was calculated as the population size
divided by the number of adults per pack (and rounded to the nearest integer). The first
four time points were dropped from our analyses to prevent initial-conditions from

dominating our results.

To determine whether the populations displayed a population-level demographic
Allee effect, the realized per capita population growth rate was plotted against the
population size in each time step. A population-level demographic Allee effect is present

if no small population sizes exhibit positive population growth.

Models

Age-structured models:

At the start of year t, the total number of juvenile pups (age 0) in the population
is Ji, the total number of yearlings (age 1) is Y, and the total number of mature adults
(ages >2) is M. In models with pack structure, there are p; packs during t and thus an

average of A; = M/ p; adults per pack.
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In our models, R; is the number of reproductive units in the population and C; is
the number of caregivers in the pack (pack models) or population (packless models).
Caregivers are adult members of the pack or population, as these are the individuals
known to contribute to group hunting, defense, and rearing of young (Malcolm & Marten,
1982; Creel & Creel, 2002; Buettner et al., 2007; McNutt & Silk, 2008; Angulo et al.,
2013). Ry and C; are functions of the other state variables. The form of these functions,
and the state variables they depend on, are different for models with differing social and
age structure, thus we can use equations 1-6 to build both pack and packless models. In
models with pack structure, we use the number of packs as the number of reproductive
units (Rt = py), representing cooperative breeders with one breeding pair per pack. Care of
juvenile pups and yearlings is provided by all adults in the pack, so in implicit pack
models the number of caregivers is equal to the average number of adults per pack (C;=
Ap). In packless models, as we intend to illuminate the differences between Allee effects
at the group and population levels, all adults may reproduce and provide care, so R = C;=
M. The packless models are not based on any particular population, and are rather a
theoretical construct providing a basis of comparison to help discover the fundamental

differences between Allee effects at the group and population levels.

The birth rate in our models increases with number of caregivers. Reproducing
adults give birth to juveniles at per capita rate,

TCt

f(Cy) =
(C) L+Cy 1)

The maximum birth rate is r. When there are C; = L caregivers, reproducers achieve half
this maximum (Fig. 1 A). Because f(Cy) is a per capita rate, the population-level

reproductive rate is f(C)R..

By the end of their first year, a fraction d;(C;) of the pups die, where

20



dCl

d;(Cy) = e?)
t

+ g
(2)

Density-dependent deaths decrease with the number of caregivers from a maximum of d

to a minimum of 0 with an inflection point at V c1/3 caregivers (Fig. 1 B). uy is the
density-independent juvenile death rate. We do not consider cases where d + u; > 1 to
ensure juvenile mortality never exceeds 100%. The total juvenile population at the start

of year t+1 is thus,
Jip1 = f(COR (1 = dy(Ch)) (3)

Accounting for the risks to yearlings of living in both under- and oversized

groups, the fraction of individuals that die as yearlings is,
dy(Ct> = [Cy(ct — 8)2 + 64} + Hy (48.)

with

Co Ct SS
cy =
c3 Cp>s

: (4b)

where uy is the density-independent death rate and the polynomial in square brackets in
(4a) is a piecewise quadratic function with a minimum death rate of c4 at C; = s caregivers
(Fig. 1 C). We always take the minimum of (4a) and 1 to ensure the death rate does not
exceed 1. If ¢, > c3, having fewer than s caregivers is more detrimental than having
greater than s. Year t+1 yearlings are the previous year’s juveniles who have survived

another year,

Yt—l—l - Jt(]- - dY(Ct)) (5)
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Finally, the population of mature adults in t+1 consists of surviving adults and
remaining yearlings from the previous year’s population. With a density-independent
death rate of um (see Appendix 1D for results with density dependence in adults), the

mature adults at the start of t+1 are given by,

M1 = (Mg + Y)(1 = pr)
. ©6)

We model new pack formation by allowing yearlings to form new packs. We
assume that pack formation rates scale linearly with the number of dispersing yearlings
(i.e., with more dispersers, opposite-sex cohorts are more likely to encounter each other
and initiate a new pack). Using the parameter k to describe how pack formation is
triggered, we assume that 1 new pack will form when the number of yearlings in the
population rounds to k (that is, round[Y:] = k), and that n new packs will form when
round[Y:] = nk. To ensure an integer number of packs our pack models add round[Y:/ k]
packs after year t. Packs fail at a higher frequency if there are too few adults per pack.
Using the parameter j to control pack failure we remove round[j/ A¢ packs after t. This
means that 1 pack is lost if the average number of adults per pack rounds to j (round[A: ]=
J), and no packs are lost as long as A: > 2j. In years with high pack failure, there is an
increase in juvenile and yearling mortality due to the group-level component Allee effects
(see equations 2 and 4). This can be interpreted as the effects of pack failure being
distributed across all packs in the population (another assumption that we will relax when
we model packs explicitly), since death and pack failure occur simultaneously in our
models. The number of packs at the start of year t+1 is then,

Y .
Pe+1 = p¢ + round l?f} — round [Ait:|

(7)
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However, we assume that the landscape can hold at most k, packs, and that there is

always at least 1 pack when the population size is greater than 0.

Unstructured models:

In our models with neither age nor sex structure, the we assume the equations

simplify to,

Nip1 = (Ny + f(C)R)(1 = dy (Cy)) (8)

where N is the total population size (= J: + Y + My). Our use of the hump-shaped
function dv(Cy) (Fig. 1 C), with density-independent death parameter x in place of uy
(Appendix 1B), allows us to consider detrimental effects of both small and large packs on
survival. The number of reproductive units, Ry, is again pin the pack model and is now N;
in the packless model. The number of caregivers is N/ p: in the pack model and N in the
packless model. In the unstructured pack model,

jpt‘|

N
DPe4+1 = p¢ + round {?t] — round [Ft

(9)

where we constrain p; to remain between 1 and ky as above.

Modeling packs explicitly:

All pack models above include the simplifying assumption that the dynamics of
the whole population are insensitive to variability among packs in their sizes. That is, we

modeled reproduction and caregiving within each pack as a function of the average pack
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size without keeping track of the sizes of individual packs. In our final model, we relax
this assumption. Within-pack dynamics are equivalent to the implicit-pack model with
age structure, except that we use the individual pack sizes in place of average pack sizes
(Table 1.1). We simulate the model with the same range of initial population and average
pack sizes as before, but rather than initiate all packs at the exact same size, we draw
initial pack sizes in this model from a normal distribution with variance 4 around the

average.

Each year, the surviving yearlings in each pack form a dispersing cohort. When
the total number of dispersing yearlings is low (Y < the pack formation parameter k), no
new packs form. Instead, each dispersing cohort of yearlings is randomly assigned to
another pack. If the conditions are met for pack formation (Y > k), some cohorts become
a new pack instead of joining existing packs. As in implicit pack models, we add Y+ /k

packs when the conditions for pack formation are met. We allow up to k, packs.

As the number of adults in a pack decreases, pack reproductive success decreases
and it becomes more likely to fail (defined as having fewer than 1 adult). Pack failure in
the explicit pack model is thus contained to individual packs and has no effect on the rest
of the population. This contrasts with the implicit pack models, where a pack failure
implicitly increases the size of the remaining packs. The explicit pack model is more
realistic for African wild dogs, so by considering both models, we can evaluate the
implicit pack models’ simplifying assumptions. Considering both models also allows us
to assess the generality of our conclusions for other group-living species, which may have

different modes of group formation and failure (see also Sensitivity analysis).

Parameter values
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We drew on the results of many different studies to choose reasonable values for
all parameters in the age-structured implicit pack model (Appendix 1B). Whenever
possible, for consistency, parameter values were based on the African wild dog
population in Selous Game Reserve, Tanzania (for a detailed account of this population,

see Creel et al. (2004)).

Parameter values for all other models were chosen to make these models as
comparable as possible to the age-structured implicit pack model. To illustrate why this is
necessary, consider the maximum per capita birth rate, r: in pack models (R: = py), this is
the maximum litter size per pack whereas in the packless models (R; = M), it is a number
per adult. Clearly, r should be adjusted to a lower value in the packless models to give
comparable levels of overall population growth. In the same way, each parameter with
units relating to the units of R; or C; must be rescaled to accommodate the addition or

subtraction of pack or age structure.

The procedure for determining appropriate parameter adjustments in the packless
models starts with a function for a group-level component of fitness (e.g. 3" row of Table
1.1) and replaces group size on the x-axis with population size (e.g. 1% row of Table 1.1).
Then, to determine the appropriate scaling of this new x-axis, we equated a pack size of 0
with a population size of 0, and the equilibrium pack size with the equilibrium population
size observed in our age-structured pack model (13.25 adults per pack and 927.5 total
adults). In the unstructured models, parameters were adjusted based on the equilibrium
pack composition ratios observed in the age-structured pack model (24% juvenile pups,
18% yearlings, 58% adults; see results). All adjusted parameter values are shown in

Appendix 1B.
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Sensitivity analysis

To understand the range of situations for which we expect our qualitative
conclusions to hold, we assessed the sensitivity of our models to three types of changes:
different pack formation rules, different adult mortality functions, and changes to the

parameter values.

First, we explored a large number of parameter combinations (Appendix 1B) and
rechecked our results to test their generality. Sensitivity analysis for the unstructured
models involved three values of each of the ten parameters (the 2 values shown in square
brackets in Appendix 1B and their midpoint, for a total of 31°=59,049 parameter
combinations). Analysis for the age-structured models involved 2 values for each of
fourteen parameters (the 2 values shown in square brackets in Appendix 1B, for 214 =
32,768 parameter combinations). These ranges are broad enough to capture a wide range

of possibilities that may occur in nature.

For every parameter combination, we recorded the smallest pack and population
size that achieved a positive growth rate from the pack models, and the smallest
population size with a positive growth rate from the packless models. Pack models do not
exhibit a population-level demographic Allee effect if positive growth occurs at small
population sizes. To better understand the role of the pack formation and failure
parameters (k and j, respectively), we determined what combinations of k and j resulted in
group structure buffering against a population-level demographic Allee effect, using

values of 1 to 30 for each parameter.

To understand the role dispersal and pack formation play in our models, we
considered an alternative pack number equation (7), replacing Y/ k with Y:/ (p: k) and

adjusting the value of k accordingly (Appendix 1C). In this formulation, pack formation
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is a function of the number of yearlings per pack (i.e. dispersing cohort size) rather than
the total number of yearlings (related to the number of dispersing cohorts). Because this
model is less prone to add new groups, analyzing it provides a means of sensitivity

analysis of our pack formation function.

In the explicit pack model, we considered a version that distributed yearlings
evenly amongst packs rather than keeping (different-sized) cohorts intact when assigning
yearlings to new packs. Even distribution of yearlings homogenizes pack sizes.
Comparing this model to the original explicit pack model allowed us to test the general
importance of pack size variability. Lastly, we studied the sensitivity of our results to
changes in the pack failure rule in the explicit pack model by allowing packs with fewer
than j adults to attempt to fuse with another pack. Analyzing this model tests whether
increasing connectedness between groups also increases the buffering nature of groups.

Specific results from these models can be found in Appendix 1C.

Finally, we modified the adult number equation (6) to include both positive and
negative density dependence in adult mortality to determine whether or not this change
qualitatively affects our results (Appendix 1D). We also assessed the influence of
demographic stochasticity on our model using lognormally distributed perturbations
(Appendix 1E). All analyses were conducted using Mathematica (Wolfram Research,

Inc., 2016).

Results

Effect of packs on population persistence

We iterated implicit pack and packless models through time using a range of

parameters to determine which parameter values result in indefinite persistence. We
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found longer persistence in the pack model at any given parameter set (not shown), as
well as persistence under a wider range of parameters when packs are present (Table 1.2).
These conclusions held across all model pairs, with weaker protective effects from packs

in models without age structure (Table 1.2).

We evaluated the presence of population-level demographic Allee effects directly
by examining the realized per capita population growth rates in the simulations. The
packless models display a strong population-level demographic Allee effect — that is, no
observed positive population growth rates when population sizes were below the Allee
threshold of approximately 950 adults (black curve, column I, Fig. 2; always negative at
small population sizes). In contrast, the pack models lack a population-level demographic
Allee effect, showing a positive per capita population growth rate in some years when
population sizes were very low (red dots at small population sizes, column I, Fig. 2;
positive population growth is possible in small populations). This suggests that pack
structure prevents the group-level component Allee effects in our pack models from
translating into a population-level demographic Allee effect. However, the implicit and
explicit pack models do display a group-level demographic Allee effect (which we
measure using per capita population growth rate as a proxy in the implicit pack models,
since individual packs are not modeled), with a group Allee threshold of around 8 adults
per pack (average pack size at which per capita population growth rate becomes negative,
column I1, Fig. 2) in models with age structure. These results hold for all pairs of models
(and their variations; Appendices A; C-E), as well as the explicit pack model, meaning
that neither age structure nor the rules of pack formation and failure qualitatively affected
the buffering nature of groups. The similarity between our implicit and explicit pack

models suggests that our models with implicit pack structure reliably capture the
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protective effect of pack structure. Additional sensitivity analysis revealed that these

results are robust across the range of parameters considered (Table 1.2).

These results raised the question of whether a population-level demographic
Allee effect can ever arise from group-level component Allee effects. To answer this, we
explored the effect of the pack failure parameter (j) and pack formation parameter (k) in
our implicit pack models more broadly and found that a demographic Allee effect can
result at low values of both j and k (Fig. 3). That is, when packs are either extremely
robust against failure (small j) or form quite easily (small k), intergroup dynamics are no

longer sufficient to protect against a population-level demographic Allee effect.

The ability of Allee effects to exist at the group level but not the population level
can be understood by plotting average pack size against population size. Column Il in
Fig. 2 shows a lack of correlation between pack size and population size in the pack
models; rather, a specific average pack size tends to be favored across population sizes.
The result is that healthy, stable average pack sizes can exist even in small populations.
Such conditions will allow the population to grow even with relatively few individuals,

preventing a population-level demographic Allee effect.

We also found that if dispersal is a function of the number of yearlings per pack,
this can lead to a rescue effect from which the population can recover even if its average
pack size drops below the group Allee threshold (Appendix 1C). This occurs in the
modified model but not the primary model, as groups form more slowly when dispersal is
a function of the number of yearlings per pack. The result is the number of failing groups
is more likely to overwhelm the number of forming groups, bringing the average group

size in the population back above the group Allee threshold.
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Characteristics of packs

Our models tend toward a pack size of 13.25 adults per pack with the parameters
given in Appendix 1B. The pack size that maximizes growth in our model was just over
10 adults per pack. Further, our modeled packs have the age ratios of 24% pups, 18%
yearlings, and 58% adults, again with the parameters from Appendix 1B. Although not
central to our study question, we use these results as a way of assessing realism in our

models’ predictions.

Discussion

Our results show that a wide range of rules for group dynamics create more
viable populations in social species by preventing group-level component Allee effects
from translating into a population-level demographic Allee effect in most parameter
combinations we explored. This occurs due to the independence of group size and
population size that arises from dispersal and group failure allowing groups to approach
the same size regardless of the population. Because per capita population growth is
dependent upon average pack size, but not population size, the lack of correlation
between average pack size and population size that arises in our models prevents the
group-level component Allee effects from resulting in a population-level demographic
Allee effect (Bateman et al., 2011; Angulo et al., 2013). That is, healthy-sized packs in a
small population still result in positive population growth and thus no population-level
demographic Allee effect. However, because group size and population size need not
decouple, mechanisms that lead to a positive correlation between group size and
population size would interfere with the buffering nature of group dynamics. Such a

relationship between group structure and population dynamics is important for sustaining

30



small populations with healthy pack sizes, providing a plausible explanation for the
unexpected recovery of the African wild dog population in Northern Kenya which
persisted at very low numbers for a decade before expanding into a large population

(Woodroffe, 2011).

Through our suite of models, we show that the way in which groups mediate the
interaction between group Allee effects and population-level phenomena does not depend
on age structure, sex structure, or pack size heterogeneity. Due to the robustness of our
results to drastic changes in model structure and parameter values (Table 1.2; Appendices

A; C-E), we believe them to be general to a wide range of social animals.

Our predictions about pack demography are consistent with naturally observed
values. A pack size of 13.25 adults falls well within the range (2-30 adults) described by
Creel et al. (2004), McNutt & Silk (2008), Angulo et al. (2013), and others. The pack size
that maximizes group growth rate in our models (approximately 10) corresponds closely
to the 10.25 adults per pack optimum found by Angulo et al. (2013). Additionally, our
models predict packs to be 24% pups, with the census coming at the end of the pups’ first
year. Creel et al. (2004) observed packs with 33% pups at their emergence from the den
(Creel et al., 2004; McNutt & Silk, 2008); pup mortality thereafter could explain our
somewhat lower estimate. Our models’ ability to predict realistic pack sizes and
compositions (neither of which was considered in our choice of model equations or
parameter values) demonstrates their consistency with known biology, and supports our

use of these models to predict novel phenomena.

Variation in group size has been considered important for maintaining the lack of
correlation between group dynamics and population dynamics that allows group structure
to act as a buffer against detrimental dynamics at the population level (Bateman et al.,

2011; Angulo et al., 2013). Interestingly, even in our implicit pack models that lack
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between-pack size variation, group dynamics create a strong buffer. In this way, we show
just how fundamental the buffering nature of groups may be. Group size variation could
lead to the rescue of populations whose average group size has dropped below the group
Allee threshold (Appendix 1C), because when small groups fail, average group sizes rise;
however, this is not a general requirement to prevent group Allee effects from scaling up
to a demographic Allee effect. The key is not failure of small packs, but failure of some

packs such that average group size can grow.

Dispersal between groups has been considered important for how group
dynamics scale to population dynamics (Courchamp et al., 1999b; Bateman et al., 2011;
Bateman et al., 2012; Bateman et al., 2013). Dispersal provides a way for group size to be
maintained independent of population size. The movement of dispersing individuals
throughout the population between generations can allow large groups to persist in small
populations. Interestingly, the Arabian babbler is an example where dispersal was found
to be insufficient to buffer group level Allee effects from becoming a demographic Allee
effect (Keynan & Ridley 2016). This system has a much lower transfer of individuals
among groups, implying that decreasing intergroup connectivity weakens the buffering
nature of group structure. This conclusion is consistent with our implicit pack models
producing a demographic Allee effect at very low values of the pack failure parameter (j),
as small j indicates low transfer of individuals between groups. As an extreme example,
the packless model is particularly prone to population extinction and population-level
demographic Allee effects. Conversely, low pack formation parameter (k) also produces
a population-level demographic Allee effect. This shows that low group fidelity and a
propensity to form new groups can lead to a population-level demographic Allee effect,

as it will create a population of many small groups that cannot reproduce successfully.
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Such insight requires a theoretical approach to uncover and could help explain the

evolution of dispersal rates in social species.

In addition to Allee effects, demographic stochasticity can make small groups
prone to extinction. Our implicit pack models assume that when the average pack size is
small, the frequency of pack extinction increases. Although we cited this as a
manifestation of a group-level demographic Allee effect, demographic stochasticity could
add to this pattern of pack failure (Lande, 1998; Dennis, 2002; Appendix 1E). In general,
however, we do not include stochasticity in our models and consider only average pack
size. This has drawbacks, as we are interested in instances where averages may not fully
capture population dynamics (when packs are small making variability and noise
increasingly important). In this way, the simplicity of our implicit pack models may
cloud their interpretation with respect to fundamental biological mechanisms.
Nevertheless, they capture phenomena seen empirically (Somers et al., 2008; Bateman et
al., 2011; Woodroffe, 2011; Angulo et al., 2013; Angulo et al. 2017) and produced in our
explicit pack model that includes both stochastic effects and variability in pack size. The
way in which we can build such a simple model that still captures the protective effect of

packs justifies that it contains the important aspects of the system.

In summary, our results indicate that many social species seemingly prone to a
demographic Allee effect have protection against such population-level phenomena.
While many of our specific modeling choices were motivated by African wild dog
populations, our results are also consistent with past findings on Arabian babbler and
meerkat populations. Our conclusions are relevant not only for these species, but also any
social species with Allee effects at the group level, intergroup interactions, and a lack of
correlation between group size and population size. Future research analyzing the

strength of intergroup interactions required to prevent group Allee effects from
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translating into a demographic Allee effect would help determine more completely the
species to which our results apply. The robustness of our core results to changes in
population structure, the way pack failure is modeled, the representation of packs as
implicit or explicit, and parameter values together suggest broad generality. Our results
therefore have the potential to demystify the widespread failure to find population-level
demographic Allee effects in group-living species prone to component Allee effects
(Gregory et al., 2010; Angulo et al., 2017), and also to better the understanding of the
population dynamics of a wide range of social species. Further, our results suggest that
populations of social species with group level Allee effects may respond best to
management efforts that promote healthy group sizes, perhaps with less emphasis on the

size of the population as a whole.
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Box 1.1. Glossary of terms for Allee effects in social species. For consistency, we use the
terminology put forth by Angulo et al. (2017); however, we have made some alterations
for conceptual clarity (see second introduction paragraph). The rightmost column
displays an example graph to illustrate the various Allee effects and relevant thresholds.
Our use of fecundity on the y-axes of some graphs is merely an example of a fitness

component.

Population-
level

component
Allee effect

One aspect of an individual’s
fitness (e.g. survival,
fecundity) is reduced at low

population sizes.

Commonly referred to simply
as a “component Allee effect”
in the literature (Stephens &
Sutherland, 1999); “population-
level” emphasizes that the
driving variable is population
size.

Fecundity

Population Size

Population-
level
Demographic
Allee effect

A reduction in an individual’s
overall fitness at low

population sizes.

Possible but not inevitable
outcome of population-level
component Allee effects.
Results in reduced population
growth rate (in a closed
population) and heightened
extinction risk at low
population sizes.

Per Capita
Population Growth Rate,

>

Population Sith
# Allee Threshold

—— Demographic Alls: efiect
Tradtional densky dependencs

Group-level
component
Allee effect

One aspect of average fitness
of individuals within a group
(e.g. survival, fecundity) is
reduced at low group sizes.

Analogous to a population-level
component Allee effect, except
with group size rather than
population size as the driving
variable. This level of Allee
effect adds clarity, since the
level of component Allee
effects is not usually specified
in the literature.

Fecundity

)

Group Size

Group-level
demographic
Allee effect

A reduction in the average
fitness of individuals within a
group at low group sizes.

Possible but not inevitable
outcome of group-level
component Allee effects. Can
lead to reduced growth rate of
the group and heightened risk
of group failure at low group
sizes.

Group Reproductive

Success

)

Group Size
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Table 1.1. Summary of variables and models.

VARIABLES USED IN MODELS

Variable Meaning When used

Ni total population size (sum over packs”) Unstructured models

Ji total juveniles (sum over packs”) Age structured models

Yi total yearlings (sum over packs”) Age structured models

M total mature adults (sum over packs”) Age structured models

pt number of packs Pack models, when
packs modeled
implicitly

A = Md/pt, mature adults per pack Pack models, when
packs modeled
implicitly

Jit juveniles in pack i Pack model, when packs
modeled explicitly

Yit yearlings in pack i Pack model, when packs
modeled explicitly

Mi. mature adults in pack i Pack model, when packs

modeled explicitly

“when packs are present; in packless models, these are simply the number of individuals (summed over age/sex as
noted) in the population.

MODEL EQUATIONS

Model Pack model Packless model
characteristics
No population structure
Reproducers Rt = pt Rt = N;
Caregivers Ci= Ni/pt Ci=N;
Equations ( N, ) (N: )2 N
Nygg =[N, + ——— 1— -t _ — g — rIN
o ‘LN AT e (Nt Iy NtNt) (1
o Je B <
w1thc,_{m ilms withcy—{CQ N; <s
: . ’ c3 Ny>s

P
N. i
T ] - ruu.nd[

7 = pe + round N,
1 p<l
Pis1 = [kp vk
¢ otherwise
Age structure
Reproducers Rt = pt Rt = M
Caregivers Ci= A - Ci= M
[ rd
Yo = Jell — c(Ae — 5) —ca —py) Y1 =J(1—c,(M; —5)? —c
with ¢y = {Ez jtj_:s with ¢, = {62 M; < s
3 &> F Y c3 My >s

M1 = ﬁNI: + Y::l(]. —j..l-_'.d'}
7 = py + round %] —ruu:ld[i-]

Ay
1 p<l
Pi+1 = kp i'-"'l - kp

¢’ otherwise

M1 = (Mg + Yo)(1 = pr)

Age structure, packs modeled explicitly
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Reproducers 1 M, >1
R+ = ot
0 otherwise
Caregivers Cit = Mit
Equations J 0 M;; <1
it+1 = rM; ¢ lcy
. LM ( - cliMft - “J) Mg 2 1

Yigrr = Jis(1—cy(Miy — 5)* — cq — piy)

with ¢, = ¢ Miy<s
v Cc3 Z\/ji,t > S

Y,
M; 41 = <]W'1L,t + 't> (1 — par)
Pt+1

see text for description of pack formation/failure

n/a
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Table 1.2. Summary of sensitivity analyses comparing implicit pack and packless model
pairs. For each model, we report the percentage of parameter combinations, across all
combinations used in the sensitivity analyses (see text): (i) that resulted in population
growth at some time step in the simulation (after an initial four time points) and (ii) for
which the pack model had a lower minimum population size capable of positive
population growth, compared to its corresponding packless model.

(1) % with population | (ii) % with smallest
growth growing population
size
Model type Pack Packless Pack models
models models
Unstructured | 65.4 % 57.1% 81.2 %
Age- 74.1% 29.0 % 99.4 %
structured
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Figure 1.1. Density dependence in (A) birth rate (equation (1)), (B) pup survival (1 — the
first term in equation (2)), and (C) yearling survival (1 — the bracketed term in equation
(4)). The top x-axes show or adult population size, corresponding to density dependence
in the packless models. The bottom x-axes are pack size, corresponding to density
dependence in the pack models. (B) and (C) show the component Allee effects in our
models. All functions were plotted using the parameter values in Appendix 1B.
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Figure 1.2. Model results with rows showing: (i) the unstructured models, (ii) the age-
structured models, (iii) the age and sex-structured models, and (iv) the explicit pack
model. Column (I) shows per capita population growth rate in a single time step versus
the number of adults in the population. All points are from models with packs, with
positive growth rates colored red and negative growth rates colored light purple. Scatter
in these points is due to differences not fully captured by the variate on the x-axis (e.g. in
column (1), different mean pack sizes at the same total population size). The black line in
column (1) shows the same relationship from the corresponding packless models; because
population size fully determines growth rate in the packless models, there is no scatter in
these points. These lines are never positive at small population sizes, showing the strong
demographic Allee effect from packless models. Contrasting the packless models, the
presence of positive growth rates at small population size (red points on the left of the
figures in (1)) in the pack models show the lack of a demographic Allee effect: small
populations do not necessarily shrink in our pack models. The column (I1) shows the per
capita population growth rate (population growth is analyzed in the explicit pack models
simply for easier comparison with the implicit pack models) versus the average number
of adults per pack for pack models, revealing the group-level demographic Allee effect
(per capita population growth rate decreases when the average pack size is small). The
column (I11) plots average pack size versus population size during the course of the
simulations, with points within each trajectory shifting from green (initial) to red (final)
over time. This shows the lack of correlation between pack size and population size, and
a strong trend toward a single pack size, appearing as a horizontal red stripe, across many
population sizes.
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Figure 1.3. j-k space and the occurrence of population-level demographic Allee effects.
Red regions indicate that levels of group formation and failure are insufficient to buffer a
population from population-level demographic Allee effects. Blue regions indicate the
absence of a population-level demographic Allee effect.
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Better baboon breakups: Collective decision theory of complex social

network fissions

Brian A Lerch, Karen C Abbott, and Susan C Alberts

Abstract

Many social groups are made up of a complex social network in which
each individual has a unique and non-overlapping set of others with which they
tend to associate. Frequently groups that have grown too large must decide how to
fission in order to release themselves from competition. Complex social networks
make fissions much harder as both a multidimensional optimization problem and
a collective decision. This is because it is advantageous for each individual to
remain with their closest allies post fission, but doing so for every individual is
clearly impossible. Here, we develop computational algorithms for group fissions
in a network theoretic framework. We analyze three algorithms (democracy,
community, and despotism) that fall on a spectrum between a democratic
collective decision to a dictatorial decision. We parameterize our social networks
with data from baboons (Papio cynocephalus) and compare our algorithms with
actual baboon fission events. We find that democratic decisions are much better at
splitting the group while disturbing the network structure as little as possible.
Even with high information skew amongst individuals, allowing a single

individual to dictate fission does not appear capable of maintaining the social
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network. Finally, we find evidence that actual baboon fissions are most similar to

democratic algorithms.

Introduction

Across social species, an individual’s social position is crucial for its
ability to successfully reproduce. This is obvious in species in which a single,
dominant individual monopolizes reproduction, but equally true in species with
many reproductive individuals (Cameron et al 2009; Stanton & Mann 2012;
Lehmann et al 2015; Cheney et al 2016). Thus, there is strong reason to believe
individuals gain fitness benefits from attempting to maintain their social network
position. However, even in cooperative species, intragroup competition can be
strong (Barton et al 1996; Majer et al 2018; Sheppard et al 2018), so groups must
occasionally fission to release themselves from competition when they become
too large (Malik 1985; Dittus 1988; Dunbar 1992; Henzi et al 1997). Deciding
how to fission presents a challenge, as each individual has a unique set of social
bonds that it would benefit from maintaining through the fission. However, it is
impossible for every individual to accomplish this. What strategies can groups
take to achieve this complicated collective decision of splitting up a social
network? How can individuals attempt to retain their social ties, even when
networks are complex?

Primates provide excellent case studies for understanding group fissions

from a network perspective. A critical reason for this is that many primate fissions
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are permanent (Cords & Rowell 1986; Okamoto & Matsumura 2001; Van Horn et
al 2007; in contrast to a fission-fusion society), so the decision of which post-
fission group to join will influence an individual for the duration of its life.
Primate fissions are also well studied. In particular, it is often considered that
fissions in matrilineal societies (such as baboons) will be characterized by an
attempt to remain with matrilineal kin (Chepko-Sade & Oliver 1979; Dittus 1988;
Holekamp et al 1993; Archie et al 2005; Widdig 2006). However, there are many
examples in fissions of matrilineal societies wherein individual decisions appear
not to be driven by matrilineal kinship (Chepko-Sade & Oliver 1979; Armitage
1987; Widdig 2006; VVan Horn 2007). Decisions of how to fission may be
influenced by individuals trying to improve their rank (abandon-your-superior
hypothesis; Ron et al 1994), but again other fissions do not follow this pattern
(Van Horn 2007). Thus, at the level of which bonds to maintain and which to
break during a fission, there is much individual variation. However, at the level of
the whole network, do group fissions follow a common pattern? We believe that
taking a global view of the social network is a simple and powerful means of
understanding the way in which a fission proceeds. This is the first study to our
knowledge to apply a global network theoretic approach to understand the
collective decision of permanent fissions.

Network theoretic approaches have become a vital part of studying animal
sociality (Krause et al 2009), and group fissions have been viewed through this
lens. Network theoretic models have sought to understand how nutritional needs

can interact with sociality to lead to both permanent fissions and fission-fusion
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societies (Sueur & Maine 2014). Relatedly, empirical studies have shown fission-
fusion societies are shaped by resource availability (Sundaresan et al 2007; Sueur
et al 2014). Network approaches have also been extended to understand how
grooming relationships in primates influence group cohesion and ultimately
whether a fission will be necessary (Sueur et al 2011). Still, such work tends to
focus on the benefits of a fission-fusion society as well as the reasons for fission.
Here, we intend to ask a different, albeit related, question: how does the fission
proceed?

As mentioned above, group fissions are, by definition, a collective
decision. As such, collective decision theory provides a means by which to
understand fission dynamics. Much of collective decision theory focuses heavily
on animal movement and considers democratic versus despotic decisions as well
as information asymmetry (Conradt & Roper 2003; Conradt & Roper 2005;
Couzin et al 2005; Miller et al 2013; Strandburg-Peshkin et al 2015). Once again,
syntheses of fissions with collective decision theory have focused heavily on
fission-fusion societies. For example, various authors discuss the ways in which
groups may temporarily fission, so individuals in a given group may have options
without abandoning their group (Kerth et al 2006; Sueur et al 2011; Merkle et al
2015). But, because group fissions in fission-fusion societies are not permanent,
individuals suffer less from separating from their allies. Further, permanent
fissions are less likely the result of an immediate response to the spatial
distribution of resources, which drives many temporary fission events

(Sundaresan et al 2007; Sueur et al 2014). This means that existing theory on
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fission-fusion dynamics cannot readily inform an understanding of permanent
fissions. As such, we will extend a collective decision approach specifically to
understanding permanent fissions.

Here, we provide a novel synthesis of network approaches with collective
decision theory to understand possible outcomes of permanent fissions resulting
from different collective decision strategies. We consider the question of why
fissions occur (which has been addressed elsewhere) to be outside the scope of
this study. We find that democratic decision making is necessary to disturb social
networks as little as possible during a fission. We apply our model to observed
savannah baboon (Papio cynocephalus) fissions and find evidence that fissions

proceed democratically.

Methods

Case Study: Amboseli Baboons

Baboon groups are subject to strong intragroup competition and must split
when they have become too large (Dunbar 1992; Henzi et al 1997). Since its
inception 1971, the Amboseli Baboon Research Project has observed and
recorded data for seven events during which one group split into two daughter
groups. We used grooming data from two years prior to the start of the fission
event to parameterize social networks for each of these seven baboon groups. To

do so, we tallied the number of grooming events between all pairs of individuals
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in the group. We then normalized the number of grooming events to be between 0
and 1, removing bonds from pairs that had groomed less than ten times as these
were less reliable measures of a bond between individuals. The resulting value
was used as the bond strength (edge weight) between individuals on the network.
Our ultimate goal is to understand differences in fission strategies that
collectively decide how to split up a group with a complex social network. To
ensure that we are using realistic social networks, we will apply various strategies
to the actual pre-fission baboon networks described above. We have developed
five hypothetical algorithms for fission strategies (figure 2.1). Note that the first

four algorithms are stochastic, as described below.

Random Algorithm

We first developed the random algorithm as a null expectation for how
fissions would proceed if they were random with respect to global network
structure. The random algorithm assigns each individual from the pre-fission
group into daughter group 1 or daughter group 2 randomly and with equal
probability. Any individuals in the same daughter group who were bonded before

the fission retain their original bond strength; all other bonds are severed.

Democracy Algorithm
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For the purposes of this study, a democratic decision is one in which each
individual influences the outcome of the fission. The democracy algorithm treats
the fission as a collective decision wherein each individual in the group controls
which daughter group they will join. First, two individuals are randomly selected
from the pre-fission group and assigned as the first members of daughter group 1
and daughter group 2. Then, individuals that have yet to be assigned a daughter
group are successively and randomly selected from the pre-fission group and
assigned to the daughter group in which they have the highest average bond
strength to individuals already in that group. If a selected individual has no bonds
with any individual in either daughter group, they are not yet assigned a group
and returned to the pool of individuals needing assignment. Since our networks
are connected, these individuals will eventually have connections to members of
one or both daughter groups, so this procedure will assign every individual a

daughter group for each simulated fission.

Despotism Algorithm

To contrast with a democratic decision, we developed the despotism
algorithm, which allows the individual with the greatest sum of bond weights (the
despot; also, the individual with the most information about the network structure)
to dictate the fission. Bond strengths used for the despotism algorithm were log-
transformed prior to normalization, as this produced daughter groups of more

realistic size. First, individuals of distance one from the despot (i.e. those with
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direct social bonds to the despot) were selected and their bond strengths to the
despot were used as the probability they joined the despot’s daughter group
(daughter group 1). Bonds between the despot and individuals not selected to join
daughter group 1 were then severed. Next, all individuals from the revised
network (with some removed bonds) of distance 2 from the despot were
considered. The probability that these individuals were selected to join daughter
group 1 was taken to be the product of bond strengths between the individual in
question and the despot. Again, individuals not selected to join the despot’s group
had their bonds to individuals in daughter group 1 removed. This procedure
continued until the network was no longer connected. At that point, all individuals

not chosen for daughter group 1 were assigned to daughter group 2.

Community Algorithm

We next developed the community algorithm, which is intermediate
between democracy and despotism on the collective decision making spectrum.
First, we detected network communities using Mathematica’s centrality-based
community detection method. This method uses bonds with high betweenness
centrality to find tightly-bonded regions (communities) in the network. We then
assigned entire, intact communities to daughter groups in a procedure analogous
to the democracy algorithm. That is, first we selected two communities at random;
then we successively and randomly assigned the remaining communities to the

daughter group with the highest average number of bonds per individual for all
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bonded pairs between the two communities. Although this is still a collective
decision rather than a despotic one, it greatly reduces the number of independent

entities involved in making the decision relative to the democracy algorithm.

Sparsest Cut

The sparsity of a fission is a measure of how little it disturbs the original
network, with respect to the strength and number of bonds broken. It is quantified
as the sum of bond weights broken divided by the number of individuals in the
smallest resulting post-fission group. Then, the “sparsest cut” is the fission with
minimum sparsity. This fission is characterized by breaking few bonds while
producing approximately equally-sized daughter groups, both desirable
characteristics. We use the sparsest cut as another basis of comparison (along with

the random algorithm) for our collective decision algorithms.

Analysis of Resulting Post-fission Groups

The random, democracy, despotism, and community algorithms can each
produce variable results even when applied to the same starting network, due to
stochasticity in the order that individuals are selected for daughter group
assignment and/or stochasticity in the assignment process itself. Therefore, we
applied the four stochastic algorithms 100 times to each of the seven baboon

social networks, simulating 100 fission events in each network for each algorithm.
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Various tests were carried out to determine the extent to which the algorithms
disturbed the social network in each simulated fission event. In particular, we
recorded for each simulation the percent of bonds broken, the average weight of
broken bonds, the average weight of maintained bonds, the average betweenness
centrality (see glossary, Table 2.1) of broken bonds, the average betweenness
centrality of maintained bonds, and the sparsity of the fission. To characterize the
nature of the groups, we also recorded the clustering coefficient, diameter, and
density of each pre- and post-fission groups (Table 2.1).

Finally, we compared the simulated fissions to the actual observed fission
event in each social network. To do so, we calculated the average percentage of
bonds that each algorithm correctly assigned as either broken or maintained. All

analyses were performed using Wolfram Mathematica.

Results

A complete summary of results can be found in tables 2 and 3.

Bonds broken during fission

All other algorithms disturb the networks less than random, as measured
by percent of bonds broken and mean weight of broken bonds. Across groups, a
lower percentage of bonds were broken in the democracy and community

algorithms than the despotism algorithm (figure 2.2). In addition to breaking
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fewer bonds, both the democracy and community algorithms have a tendency to
break weaker bonds than the despotism algorithm. The community algorithm
even appears to outperform the democracy algorithm by breaking weaker bonds
on average (figure 2.3). None of the algorithms differed in the weights of
maintained bonds. The democracy and community collective decision algorithms
disturbed the networks similarly to their sparsest cut.

In addition to breaking weak bonds, the algorithms tended to break bonds
with high betweenness centrality. Although true for all of the algorithms (except
for random), the democracy and community algorithms produce a much greater
difference in the centrality of broken and maintained bonds than does the
despotism algorithm. Here, the algorithms often differ from the actual fissions.
Only three out of seven observed fissions were such that broken bonds had a
markedly higher centrality that maintained bonds. A complete summary of these

metrics can be found in table 2.2.

Post-fission network properties

All algorithms except for random increased the groups’ density and
clustering coefficient. The predicted post-fission groups tended to have
approximately equal clustering coefficients for each algorithm, even despotism.
Post-fission groups from the democracy and community algorithms also tended to
have approximately equal densities. Notably, the despotism algorithm tended to

produce one post-fission group with very high density and one post-fission group
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with density equal to or lower than that of the pre-fission group. Actual fissions
increased the density of groups at a level comparable to the democracy and
community algorithms. Actual fissions increased the clustering coefficient of the
groups at a level comparable to all of the algorithms except for random. The
random algorithm tended to decrease both the density and clustering coefficient of

the groups. A complete summary of these metrics can be found in table 2.3.

Are any of the algorithms correct?

Although correctly predicting network metrics is valuable, this is very
different than accurately assigning membership to the post-fission groups. In each
fission except for Hook’s, all algorithms outperformed random with respect to
predicting the observed fission. Excluding Hook’s fission, despotism was the
second least accurate algorithm in each group except for Viola’s. In some of the
remaining five fissions, the community algorithm outperforms the democracy

algorithm, however these appear equal in others (figure 2.4).

Discussion

In summary, we find that more democratic decisions (both the democracy
and community algorithms) outperform other means of splitting the social
network. That is, more democratic decisions break fewer and weaker bonds.
Given the importance of the social network for baboons, we should then expect

that actual fissions appear to be democratic. Indeed, we find evidence that in most
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cases the democracy and community algorithms more accurately predict actual
fissions than other means of splitting the network.

The network theoretic approach that we have taken here highlights the
complexity of group fissions. First, a fission is a high-dimensional, discrete
optimization. Each individual in the group has a different and often conflicting
view of the fission from others. As such, it is interesting to ask how such a
collective decision occurs from the basis of an individual’s behavior. This is the
second major source of complexity: a fission is a complex collective decision.
Individuals need to coordinate and cooperate in their actions to form post-fission
groups that still have strong social bonds. In our case study, we showed that they
are most often able to do so. Notably, we believe this to be the first study of how
permanent fissions of social networks unfold from a collective decision
perspective.

Collective decision theory often considers asymmetric information
between individuals. Democratic decisions have been shown to typically
outperform despotic decisions, even when the despot is the most experienced
group member (Conradt and Roper 2003). In our study, information asymmetry
can be thought of as a knowledge of the topology of the social network. If
individuals with the most social bonds have the best information on network
topology, then the despot has more information than most members of the group.
Still, the despotism algorithm does much worse than either the democracy or

community algorithms, aligning with Conradt and Roper’s (2003) result.
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Our results make clear that both the democracy and community algorithms
best predict how real baboon fissions proceed. There even appears to be a weak
trend of the community algorithm performing the best at predicting actual fission
events (figure 2.4). Perhaps the community algorithm is a way to simplify the
collective decision. That is, it collapses the network into 5-10 vertices
representing the group’s communities. These few communities then split up the
social network as opposed to the 30-50 individuals. Anecdotal evidence supports
the idea that the community algorithm may be the closest to actual fission events
in baboons as well. Ron (1996) observed that group fissions were preceded by
increased subgrouping. That is, individuals first collapsed themselves into
subgroups before completing the fission. Van Horn et al (2007) hypothesized that
their inability to explain the dynamics of one fission was due to a subset of
individuals with shared interests joining forces. These examples provide support
that our community algorithm mirrors the way baboon fissions proceed in nature.
Of course, it may also be the case that baboons are using a combination of
strategies (i.e., democracy with the despot having unequal power in the fission).

An interesting result that can be seen from figures 2 and 3 is that the
baboons consistently break more bonds than either the democracy or community
algorithms and consistently break stronger bonds. We believe this is the first
study equipped to test the efficiency of group fissions (defined here as the ability
to fission the group while disturbing the social network as little as possible). Our
results indicate that baboon fissions are not nearly as efficient as they could be.

We believe there are three, non-mutually exclusive possibilities for why this is the
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case: 1) the baboons are unable to be as efficient as the algorithms, 2) the baboons
are not trying to maintain their social network, or 3) there is “another network”
that the baboons are using to inform the fission.

The first possibility is that the baboons simply cannot split their social
network as well as our computational algorithms. As we point out above, it is an
extremely complicated collective decision to fission a complex social network.
Supporting this possibility is the observation that actual baboon fission events can
take many months to complete. Further, baboons are limited in their
communication, which could exacerbate the challenge of deciding and
coordinating the fission. Finally, individuals may make mistakes and ultimately
end up in post-fission groups with which they are not as bonded, while our
democratic algorithms do not include such sources of error. If these factors play a
large role in group fissions, perhaps baboons are unable to reach the higher
efficiency obtained by the algorithms.

A second possibility is that the baboons are not attempting to maintain
their social network (that is, our definition of efficiency is flawed). Although this
would certainly explain why baboons are more disruptive to the social network
than our algorithms, there are reasons to believe this is unlikely. First, social
bonds have been shown to predict lifetime reproductive success (Cameron et al
2009; Stanton & Mann 2012; Lehmann et al 2015; Cheney et al 2016), so it seems
likely that selection would lead to fission strategies that maintain social networks.
Unfortunately, it is often not possible to compare the success of our algorithms

with other strategies that have been proposed. Here, we report the percent of
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bonds that our algorithms successfully predict as either broken or maintained.
Such information simply does not exist from most studies (see e.g. Van Horn et al
2007). As such, despite the discordance in efficiency from our algorithms and
actual fissions, we believe this study provides evidence that baboon fissions can
be viewed as a democratic collective decision.

Of course, this is not to say that previous hypotheses for fission strategies
are entirely inaccurate. The final possibility is that there is other information that
should be included in a social network. For example, many authors (Chepko-Sade
& Oliver 1979; Dittus 1988; Holekamp et al 1993; Archie et al 2005; Widdig
2006) claim there is evidence that fissions often follow a pattern of remaining
with matrilineal kin. It is possible that by increasing edge weights based on
relatedness, we would have better predicted baboon fission events, but there is
limited support for the extent to which relatedness matters (VVan Horn et al 2007).
We believe this to be a more likely possibility than baboons simply not caring
about maintaining their social network.

From a theoretical perspective, we find that democratic decisions are
better at maintaining complex social bond structure through a group fission than
despotic decisions, despite information asymmetry which favors the despot.
Methodologically, our study provides a unification of network theoretic
approaches with collective decision theory to analyze permanent group fissions.
Our results demonstrate the promise of continuing to use network theory to better
understand collective decisions. More concretely, we take advantage of multiple

baboon group fissions that have been observed in the wild to show that animals
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with complex social bond structure also consider their social network during a
fission. Furthermore, we find support for baboon fissions proceeding
democratically. Previously, only baboon movement has been shown to be

democratic (Strandberg-Peshkin et al 2015).
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Table 2.1. Glossary of network theoretic terms used here.

the number of vertices in the
smallest resulting post-fission

group.

Term Definition Purpose
Betweenness | The sum of weights of shortest A measure of how
centrality paths between any two individuals | much one bond is in
that passes through a given edge. the middle of the
network.
Clustering The number of closed triplets A measure of the
coefficient divided by the total number of strength of
triplets. cliquishness in a
network.
Density The number of bonds divided by A measure of how
the total possible number of bonds. | well connected a
network is.
Diameter The longest of all shortest paths A measure of how
between any two individuals. tightly connected a
network is.
Sparsity The sum of bond weights broken to | A measure of how

evenly a fission
occurred while
minimizing broken
bonds.

71




Table 2.2. Summary of bond metrics from the actual fissions (bold next to group
name) and the algorithms for each group. % broken: percentage of bonds broken
during fission. Mean broken and maintained: average weight of broken and
maintained bonds during fission. Broken and maintained bw: average centrality of
broken and maintained bonds during fission. Broken, maintained, total correct:
percent of bonds correctly broken or maintained by the algorithms.

% mean mean sparsity broken maintained broken | maintained total
broken broken maintained bw bw correct correct correct
Dotty a4 0.11 0.20 0.44 0.30 0.19
Despotism 40 0.14 0.17 0.53 0.26 0.24 43 63 54
Community 14 0.08 0.18 011 0.34 0.23 23 92 61
Democracy 18 0.10 0.18 0.16 0.30 0.23 24 87 60
Random 51 0.16 0.16 0.75 0.24 0.24 2 50 51
Sparsest Cut 25 0.09 0.19 0.21 0.30 0.22 35 82 62
Hook ® 0.21 0.37 0.97 0.89 0.47
Despotism 32 0.22 0.27 0.43 0.87 0.74 34 72 43
Community 15 0.13 0.27 0.12 113 0.73 16 88 33
Democracy 18 0.20 0.27 0.21 0.96 0.74 9 8 34
Random 50 0.24 0.26 0.72 0.81 0.79 50 52 50
Sparsest Cut 20 0.16 0.28 0.19 0.97 0.74 24 93 41
Linda 8 0.29 0.33 0.31 0.76 0.83
Despotism 32 0.29 0.35 0.35 0.84 0.80 32 67 59
Community 17 0.17 0.36 011 131 0.72 24 86 71
Democracy 9 0.27 0.33 0.19 1.01 0.76 5 84 70
Random 49 0.32 0.32 0.59 0.80 0.81 50 51 52
Sparsest Cut 23 0.20 0.36 017 0.95 0.77 35 81 70
Lodge zB 0.41 0.30 0.35 3.22 3.87
Despotism 9 0.26 0.33 0.09 3.87 363 13 91 75
Community 3 0.20 0.33 0.02 8.87 3.50 6 %8 80
Democracy 4 0.26 0.33 0.04 6.65 3.56 2 % 76
Random 51 0.33 0.31 0.65 3.59 3.60 8 48 49
Sparsest Cut 5 0.20 0.33 0.04 767 3.43 11 97 79
Nyayo 36 0.16 0.16 0.33 0.45 0.61
Despotism 36 0.14 0.17 0.29 0.58 0.55 34 64 53
Community 19 0.11 0.17 0.12 0.69 0.52 23 83 62
Democracy 20 0.13 0.17 0.15 0.62 0.54 2 81 60
Random 50 0.16 0.16 0.45 0.55 0.55 49 49 49
Sparsest Cut 22 0.10 0.17 0.12 0.77 0.50 23 79 59
Viola i 0.37 0.37 0.38 1.48 121
Despotism 31 0.35 0.37 0.33 137 127 33 70 57
Community 14 0.23 0.38 0.10 1.96 121 15 87 62
Democracy 15 031 0.37 0.3 1.63 1.25 4 85 61
Random 51 0.37 0.37 0.56 1.31 1.29 51 49 50
Sparsest Cut 13 0.23 0.38 0.10 202 119 17 88 63
Vogue 36 0.23 0.24 0.53 0.68 0.68
Despotism 34 0.23 0.24 0.52 071 0.66 38 68 57
Community 15 0.14 0.26 0.16 0.96 0.62 17 86 62
Democracy 7 0.19 0.26 0.20 0.86 0.64 5 82 58
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Table 2.3. Summary of connectedness metrics from the fissions. Bold group
names give pre-fission metrics, with post-fission information listed for the two
groups in the two columns underneath. Red “Obs” are the metrics for how the
fission actually proceeded. n: group size. % correct: percent of pairs correctly
placed together by the algorithms.

n bonds per Clustering Coeff Diameter Density % Correct
individ
Dotty 5|0 lls 0!3 260 0.11
Obs 17 43 109 115 0.35 0.4 5 4 0.23 0.17
Despotism 21 29 193 77 0.37 0.2 4 oo 0.23 0.08 53
Community 39 11 194 105 0.32 0.22 4 3 0.13 0.17 81
Democracy 38 12 186 114 0.31 0.23 4 3 0.13 0.23 76
Random 25 25 69 61 0.26 0.28 oo oo 0.1 0.11 50
Sparsest 27 23 214 120 0.35 0.23 4 5 0.16 0.16 65
Cut
Hook 36 74 0.1 144 0.09
Obs 17 22 34 9 0.21 0 oo oo 0.18 0.13
Despotism 15 21 72 37 0.16 0.08 5 oo 0.21 0.09 57
Community 27 9 72 48 0.12 0.1 5.97 4.28 0.12 0.28 76
Democracy 25 11 66 50 0.11 0.09 5.87 4.76 0.12 0.3 67
Random 19 17 26 20 0.09 0.1 oo oo 0.09 0.1 50
Sparsest 19 17 59 71 0.12 0.08 5 7 0.16 0.15 64
Cut
Linda 37 92 0.2 139 0.11
Obs 20 19 23 34 0.13 0.43 5 oo 0.14 0.15
Despotism 21 16 89 31 0.24 0.13 5 oo 0.18 0.07 49
Community 27 10 92 60 0.24 0.04 6 4 0.13 0.23 60
Democracy 25 13 82 65 0.25 0.20 5.8 4.8 0.14 0.26 57
Random 19 18 28 22 0.18 0.17 oo oo 0.11 0.11 47
Sparsest 19 18 105 51 0.27 0.00 5 oo 0.22 0.11 54
Cut
Lodge 36 38 0.09 296 0.06
Obs 30 16 18 11 0.19 0 oo 4 0.08 0.22
Despotism 5 32 33 36 0 0.12 2 oo 0.5 0.07 84
Community 26 10 36 37 0.04 0.13 12 5 0.09 0.28 67
Democracy 26 10 36 35 0.04 0.13 12 5 0.08 0.33 65
Random 18 18 13 10 0.07 0.03 oo oo 0.06 0.06 50
Sparsest 18 18 39 35 0.19 0.00 oo 7 0.12 0.12 62
Cut
Nyayo 44 75 0.11 110 0.09
Obs 28 15 22 22 0.12 0.23 oo L 0.1 0.17
Despotism 16 28 62 44 0.09 0.12 5 oo 0.19 0.09 53
Community 29 15 68 57 0.13 0.15 5 5 0.12 0.2 56
Democracy 30 14 65 50 0.13 0.13 6 5 0.12 0.21 58
Random 22 22 24 20 0.10 0.10 oo oo 0.09 0.09 48
Sparsest 23 21 71 57 0.17 0.12 6 6 0.14 0.15 53
Cut
Viola 33 59 0.18 135 0.1
Obs 17 19 10 13 0.18 0.26 oo oo 0.1 0.12
Despotism 14 19 45 39 0.09 0.26 5 oo 0.19 0.11 50
Community 21 12 55 49 0.19 0.21 7 6 0.14 0.29 51
Democracy 23 10 55 43 0.20 0.16 7 5 0.13 0.31 56
Random 17 16 21 14 0.17 0.14 oo oo 0.1 0.1 47
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Sparsest 17 16 53 56 0.07 0.38 6 8 0.15 0.2 46
Cut
Vogue 34 75 0.15 177 0.11
Obs 18 9 40 24 0.2 0 4 oo 0.2 0.19
Despotism 13 21 60 42 0.22 0.15 4 oo 0.23 0.1 53
Community 23 11 72 55 0.20 0.17 6 5 0.14 0.23 67
Democracy 24 11 70 52 0.16 0.11 5.7 49 0.14 0.26 69
Random 18 16 27 21 0.14 0.12 oo oo 0.1 0.11 50
Sparsest 18 16 64 69 0.20 0.18 5 6 0.18 0.18 49
Cut
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Figure 2.1. Walkthrough of the group fission algorithms on simplified, example

networks.
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Figure 2.2. Box plots showing the percent of bonds broken from the various
algorithms across groups. Boxes are clustered by algorithm, with different colors
indicating the seven different baboon social groups. Solid lines going across the
plot are the actual percent of bonds broken observed from the fissions in nature.
The democracy and community algorithms break the lowest percentage of bonds,
while the random algorithm breaks the highest percentage.
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Figure 2.3. Box plots showing the relative difference in average weight of broken
bonds for the various algorithms from the observed weights of broken bonds
across groups. Thus, values below 0 (the black line) indicate the algorithm broke
weaker bonds on average than was observed and values above 0 indicate the
algorithm broke stronger bonds on average than was observed. The community
algorithm breaks the weakest bonds on average, followed by democracy, then
despotism.
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Figure 2.4. Box plots showing the percent of bonds accurately assigned as either
broken or maintained for the various groups across algorithms.
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Appendix 1A: Sex-structured model

Sex structure can have important consequences in populations, so we built this
into an alternate version of our implicit pack model. In models with sex structure, we
introduce additional state variables so that J: = Jmt + Jtt, Yi= Yt + Yit, and My = Mp +
M+ with subscripts m and f referring to males and females, respectively. Births and
deaths from equation (3) are split as Jm: = mJ; and Js; = (1-m)J: where m is the proportion
of males at birth (we use 0.56; Creel & Creel, 2002; McNutt & Silk, 2008; Somers et al.,
2008; Woodroffe, 2011). We do not model differences in male and female survivorship
(in accordance with Woodroffe (2011)), so the sex-structured yearling model is the same
except for maintaining the sex of juveniles who aged: Ymt+1 = It (1-dv (Cy)) and Yie1 = iy
(1-dy (Cy)). Dimorphic male and female survivorship could be added to apply this model
to another system. Again, the sex-structured model maintains the sex of surviving
individuals: Mmt+1 = (Mmt+ Ym)(1-um) and M1 = (Mse+ Y1) (1-um). In the models with
sex structure, we use females as the reproductive population. In the sex-structured pack
model, if the average number of mature females per pack is <1, only packs with adult

females can reproduce. This means using R; = My, instead of R; = p; when Ms; < p..

Unsurprisingly, given the similarity of the models, the results from our sex-

structured model align very closely with the age-structured model (Fig. 1A.1).

80



Table 1A.1. Equations from the sex-structured model.

MODEL EQUATIONS

Model Pack model Packless model

characteristics

Age and sex structure

Reproducers R lm Myi/pe > 1 Rt = M

' Mg, otherwise
Caregivers Ci=A Ci = Mi = M + Myg
- 7 T dc M
Equatlons - mﬁmm(pﬁ;\d!:‘) (1 — m — p_,) Jota1 = erJr I\t/lt My, (1 B - f;/[? B lU)

rA i de
Jras1=(1—m)p— ;‘ min(p;, My,) (1 - +1A3 B HJ)
t

forg=om, f:
Yaues1 = Jgull — A — 8)2 —eq — piy)
with ¢, = {02 Ae=s
ca Ag>s

“Jsl.‘—l = gt + Yg,s}{l — liar)
r=m+ rou.nd[%] — round [Als]
<l

1
Pt =k Py
P otherwise

rM; dey
J =(1-m — M. 1-
ra = ( )L+Mz f"( o +M?
for g =m, f:
Yyuur = Jgu(1 = ¢y(My = 5)° = ca = py)

. o M;<s
with ¢, =

cg M;>s
Mg 1= (Mg + Yy)(1 — par)

- /u)
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Figure 1A.1. The sex-structured models. Graphs and parameter values are the same as in
figure 1.2, with (a) the per capita population growth rate vs the population size (with
black line from packless model), (b) the per capita population growth rate vs the average
pack size, and (c) the average pack size vs the population size.
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Appendix 1B: Summary of parameter values

Parameters, their values, and the references on which the values were based. In many
cases these parameters were extrapolated from more basic demographic data in the cited
sources. For all parameters except for those marked with “*,” data were from Selous
Game Reserve. References were used to obtain parameter values for the age-structured
pack models (third column). These estimates were then adjusted to get comparable values
for other the models (see text). The top value shown is the value used to obtain our main
results; square brackets show the smallest and largest value used in the sensitivity
analyses. Abbreviations: DD = density dependent, DI = density independent, individ =
individual, IP = inflection point.

Par | Description Value inage- | Pack model’s Value in Value in Value in
a- structured value based on: | age- unstructu | unstructur
met pack models structured red pack ed
er packless model packless
model model
r | Maximum # pups 15 Creel et al. 1.13 15 pups/ 0.655
born per pups/pack | 2004 pups/adul pack pups/
reproducing unit [10, 20] t [10,20] | individ
[0.755, [0.437,
1.509] 0.873]
L | Pack size (pack 8.9 Creel et al. 630 18.9 1086
models) or adults/pack | 2004 adults individs | individs
population size [5, 15] [354, /pack [690,
(pack-less models) 1062] [12, 26] 1494]
that produces r/2
pups
d | Maximum pup 0.6 Buettner et 0.6 - -
mortality fraction [0.5,0.65] | al.2007; [0.5,
due to DD causes Creel et al. 0.65]
2004
c1 | Setsinflection point | 75 (IPat5 | Fuller etal. 3.675x10° - -
in pup DD adults/pack | 1992; Creel 3(IP at
mortality curve ) et al. 2004 350
[IP at3, 8] adults)
[IP at
210, 560]
3 | Pup mortality 0.22* Woodroffe & 0.22 - -
fraction due to DI [0.15,0.3] | Ginsberg [0.15,
causes 1999; 0.3]
Buettner et
al. 2007,
Woodroffe et
al. 2007
c2 | Controls steepness 9.6x10°* | Resultsinall 2x10° | 2.54x10° | 1.26x10°
of yearling DD (adults/pac | yearlings adults 3 6
mortality fraction k)2 dying if no [1.7x10°%, | (individs | individ?
with suboptimal [8x103, | adults 2.3x10%] | /pack)? | [9.9x10
pack sizes 1.1x10?] | present [2x1073, 8
3x10°%] | 1.5x10€]
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c3 | Controls steepness 2.4x103* | Results in 5x10°7 5.4x10* | 7.6x10®
of yearling DD (adults/pac | total adults? | (individs | individ-
mortality fraction k)2 mortality at [4.2x107, | [pack)? | [7x10%,
with above-optimal [2x1073, pack sizes 5.8x107] | [6x10*%, | 8.4x10F]
pack sizes (must be 7x1079] nearing 30 6x10]
<C) (Malcolm &

Marten 1982)

Cs | Minimum DD 0.1 Woodroffe & 0.1 0.1 0.1
yearling mortality [0.075, Ginsberg [0.075, [0.075, [0.075,
fraction 0.125] 1999; Creel 0.125] 0.125] 0.125]

et al. 2004

s | Pack size (pack 10 Creel & 700 20 1207
models) or adults/pack | Creel 1995; adults individs | individs
population size [5, 15] Creel et al. [350, /pack [905,
(packless models) 2004; 1050] [15, 25] 1509]
that minimizes Angulo et al.
yearling mortality 2013

vy | Yearling mortality 0.14 Creel et al. 0.14 - -
fraction due to DI [0.1,0.2] | 2004 with [0.1,0.2]
causes Woodroffe et

al. 2007

um | Adult mortality 0.23* Ginsberg et 0.23 - -
fraction due to DI [0.12,0.32] | al. 1995; [0.12,
causes Woodroffe & 0.32]

Ginsberg
1999;
Woodroffe et
al. 2007

& | DI mortality for - Weighted - 0.165 0.165
unstructured average of uy, [0.125, [0.125,
models yI Ny 0.175] 0.175]

ko | Maximum number 120 packs | arbitrary for - 120 -
of packs in the [80, 160] | our packs
population hypothetical [60,

landscape 180]
# yearlings that 10 - 20 -

k | resultsin 1 new yearlings/p individs
pack forming ack Based on /pack

[2, 8] stable [6, 18]
populations

j | # adults per pack 8.9 described in - 18.9 -
that results in 1 adults/pack | Creel et al. individs
pack failing [5, 15] 2004 /pack

[12, 26]
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Appendix 1C: Model sensitivity to dispersal function

The first modification we made to intergroup interactions was making pack
formation a function of the number of yearlings per pack by replacing Y: with (Y¢/ py) in
the second term of equation (7). Now, k has the interpretation of the number of yearlings
per pack that results in one new pack forming. We used k = 4 primarily (again based on
stable populations described in Creel et al. (2004)) and tested values from 2 through 10.
Overall, our results hold in this model. There is no population-level demographic Allee
effect, there is a group-level demographic Allee effect, and pack size is strongly
decoupled from population size (Fig. 1C.1). However, in this model, it is not possible to
create a population-level demographic Allee effect by reducing k (contrast with Fig. 3 in
the main text). Here, pack formation halts when packs become too small (because Y+/ p:
is then small). This explains why packs are a stronger buffer in this model. This also
shows that when intergroup dynamics are more responsive to pack size than population

size, social populations have greater protection.

In the implicit pack models with pack formation as a function of the number of
yearlings per pack, social structure provides additional buffering against population
extinction. When the age-structured pack and packless models start below their respective
group and demographic Allee thresholds, only the packless model inevitably goes extinct.
The dynamic nature of pack formation and failure prevents pack failures below the group
Allee threshold from generating a positive feedback to cause population failure. When
some packs fail, the average pack size can recover due to a reduction in the number of
packs even if the population is declining (Fig. 1C.2). Thus, social structure can lead to a

“rescue effect” when average pack size drops below the group Allee threshold.

Despite the ability of packs to support the population, this rescue effect does have

its limits. It is possible for the pack model to be far enough below its group Allee
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threshold that packs are unable to buffer against extinction. We found that packs are
unable to save the population from extinction once the average pack size in the
population becomes approximately two-thirds of the group level Allee threshold pack
size (not shown). This will occur for certain initial conditions when pack formation and
failure rates are not adjusted quickly enough to bring average pack size into a viable

range prior to extinction.

We also added multiple dispersal/pack formation forms to our explicit pack
model. First, we built a version in which each pack received an equal number of yearlings

each year. Again, our results were not qualitatively affected (Fig. 1C.3).

Finally, we allowed packs in the explicit pack model to fuse upon dropping
below a threshold size in our explicit pack model. In this version of the model, if the
pack in territory i drops below j adults, all adults from i disperse into territory i-1,
whether or not that territory is occupied by a pack. Because the indexing is arbitrary (not
assumed to contain any geographic or other information) this is similar to allowing the
adults from pack i to move to a randomly chosen territory and join any pack that is
present there. Dispersing adults move at most once per time step, regardless of whether
their new pack exceeds j adults. Yearlings disperse separately, as described above, and
we assume that juvenile pups from failed packs will die, due to the high risk associated
with dispersal (Courchamp et al. 2000; Somers et al. 2008). In this model, packs are an
extremely strong buffer against population-level demographic Allee effects (Fig. 1C.4).
This is unsurprising, as packs now include an extremely strong mechanism against
becoming too small, regardless of their size or the population size. This approach
highlights that strong intergroup dynamics lead to groups providing populations with a

cushion against population-level demographic effects.
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1 500 1000 1500

Figure 1C.1. The implicit pack model with pack formation as the number of yearlings
per pack. Graphs and parameter values are the same as in figure 1.2 except where noted
in the text, with (a) the per capita population growth rate vs the population size, (b) the
per capita population growth rate vs the average pack size, and (c) the average pack size
vs the population size. Making pack formation a function of the number of yearlings per
pack also had no qualitative effect on the explicit pack model.
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Figure 1C.2. Example time series, showing (a) the age-structured implicit pack model
with pack formation as a function of the number of yearlings per pack and (b) the age-
structured packless model, with initial conditions of 6.25 adults per pack and 900 adults,
respectively. The initial conditions are below the pack model’s group Allee threshold (at
8 adults/pack) and the packless model’s traditional Allee threshold (at 950 adults), in
order to highlight the differences in the population level consequences between group
Allee effects and demographic Allee effects. Small average pack size in the model creates
a negative feedback loop with packs failing (the bottom, red line), resulting in an increase
in the average pack size and a recovery of the population. In the packless model, small
population sizes further lower the per capita population growth rate, which creates a
positive feedback loop from which the population cannot recover — a strong demographic
Allee effect.
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Figure 1C.3. The explicit pack model with homogeneous yearling dispersal. Graphs and
parameter values are the same as in figure 1.2, with (a) the per capita population growth
rate vs the population size, (b) the per capita population growth rate vs the average pack
size, and (c) the average pack size vs the population size.
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Figure 1C.4. The explicit pack model with adult dispersal/pack fusion. Graphs and
parameter values are the same as in figure 1.2, with (a) the per capita population growth
rate vs the population size, (b) the per capita population growth rate vs the average pack
size, and (c) the average pack size vs the population size.

90



Appendix 1D: Adult density dependence in the age-structured implicit pack model

As there is debate about whether adult mortality is density dependent (Somers et

al 2008; Woodroffe 2011; Anuglo et al. 2013; Creel & Creel 2015), we explored a

component Allee effect in adult mortality with

dmcn
CTl+At2

M1 =M+ YA —

— Um)

or

M1 = (M + Y)(1 = cp(Ar — 5)* = )
Furthermore, we modeled negative density dependence in adult mortality using

dmCn
Cn+ACZ

My = (M + Y)(

— Um)

or

My = My +Y) (1 — cpAr — tm)-

In general, we found that the group-level component Allee effects do not scale to a

population-level demographic Allee effect regardless of density-dependent adult

(B1)

(B2)

(D3)

(D4)

mortality (Fig. 1D.1), unless positive density dependence in adult mortality is extremely

strong (i.e., approximately twice as strong as used for Fig. 1D.1). Although this is

certainly of theoretical interest, we know of no evidence that suggests this is the case in

any population that our model captures.
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Figure 1D.1. Plots of per capita population growth rate vs population size with adult
mortality following (a) equation (D1) with ¢, = 6.75 and dn = 0.6, (b) equation (D2) with
Cm = 0.0025 and pm = 0.28, (c¢) equation (D3) with dm = 0.9 and ¢, = 350, and (d) equation
(D4) with pm = 0.33 and ¢, = 0.01. All other parameters are as in Appendix 1A.
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Appendix 1E: Demographic stochasticity in the age-structured implicit pack

model

We added demographic stochasticity to our age-structured implicit pack
model by multiplying each of equations (3), (5), and (7) by a value drawn from a
lognormal distribution (i.e. by multiplying equation (x) by exp[&(t)], &(t) ~ i.i.d.
Normal(0, 5)). We found our results were not qualitatively affected by this change

(figure 1E.1).
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plicit pack model with demographic stochasticity.
These graphs were produced with ¢ = 0.1; however, our results are insensitive to
values of 6 up to 0.5. Graphs and other parameter values are the same as in figure
1.2, with (a) the per capita population growth rate vs the population size, (b) the
per capita population growth rate vs the average pack size, and (c) the average
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